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Abstract

Healthy white matter in the brain and spinal cord is composed primarily of myelinated ax-

ons and glial cells. Myelinated axons transfer information between the peripheral nervous

system and the central nervous system (CNS) as well as between centres within the CNS.

Demyelination, a hallmark of neurodegenerative autoimmune diseases such as multiple scle-

rosis (MS), can cause nerve damage and degrade signal propagation. Magnetic resonance

imaging (MRI) methods thought to assess myelin integrity and the structural integrity of

axons are improving both the diagnosis and understanding of white matter diseases such

as MS. Current methods, however, are sensitive to many different pathologies, making the

interpretation of individual MRI results difficult. For this dissertation, several quantitative

MRI methods were developed and compared, including single component T1 and T2 relax-

ometry, multicomponent T2 relaxometry, diffusion tensor imaging (DTI), and quantitative

magnetization transfer imaging (qMTI). These methods were tested on agarose gels, fixed

rat spinal cords, healthy control mice, and the cuprizone mouse model of demyelination.

Quantitative MRI measurements were correlated to ultrastructural measurements of white

matter to determine the influence myelin content and axonal structure have on different MRI

methods. Cellular distributions measured in electron micrographs of the corpus callosum

correlated strongly to several different quantitative MRI metrics. The largest Spearman cor-

relation coefficient varied depending on cellular type: longitudinal relaxation rates (RA/T1)

vs. the myelinated axon fraction (ρ = 0.90/-0.90), the qMTI-derived bound pool fraction

(f) vs. the myelin sheath fraction (ρ = 0.93), and the DTI-derived axial diffusivity (λ‖) vs.

the non-myelinated cell fraction (ρ = 0.92). Using Pearson’s correlation coefficient, f was

strongly correlated to the myelin sheath fraction (r = 0.98) with a linear equation predicting

myelin content (5.37f−0.25). Of the calculated MRI metrics, f was the strongest indicator
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of myelin content while longitudinal relaxation rates and diffusivity measurements were the

strongest indicators of changes in tissue structure. Multiparametric MRI measurements

of relaxation, diffusion, and magnetization transfer give a more complete picture of white

matter integrity.
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Chapter 1

Introduction

Demyelinating autoimmune diseases such as multiple sclerosis (MS) attack myelin in the

brain and spinal cord, causing inflammation and often damaging both myelin sheaths and

the underlying axons. When this happens, the usual flow of nerve impulses is interrupted or

distorted. MS affects more than one million people worldwide, with increasing prevalence

in Canada and the province of Manitoba within [160].

Given its ability to detect lesions prior to clinical symptoms, magnetic resonance imaging

(MRI) has played an important role in the diagnosis and management of MS. MRI has

been shown to strengthen clinical diagnoses and is a powerful tool that can both improve

our understanding of MS pathophysiology and help monitor the effects of therapies on

individual patients [207]. Despite the demonstrated efficacy of conventional MRI such as

T1-weighted and T2-weighted imaging [155], correlations between conventional MRI findings

and clinical status are weak [66]. While conventional methods can visualize some MS lesions;

often axonal degeneration, demyelination, gliosis and other diffusive white matter damage

occurs where no MR-visible lesion is present [6]. As a solution to these limitations, several

functional and quantitative MRI methods have been proposed as complementary biomarkers

for MS, including measurements of brain atrophy, magnetic resonance spectroscopy, changes

in the blood-oxygen level with functional MRI, structural changes with diffusion tensor

imaging (DTI), and indirect measurements of myelin itself with magnetization transfer

imaging (MTI) or multicomponent T2 analysis (mcT2) [66, 12]. In particular, DTI, MTI

and mcT2 show promise in understanding changes in white matter integrity associated with

MS.
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1.1. MAGNETIC RESONANCE IMAGING OF WHITE MATTER

1.1 Magnetic Resonance Imaging of White Matter

The brain can be roughly partitioned into regions of grey matter, white matter and cerebral

ventricles containing cerebrospinal fluid (CSF) [197]. Grey matter contains accumulations

of neuronal cell bodies (responsible for information processing) and neuropil while healthy

white matter is composed primarily of myelinated axons emanating from the neuronal cell

bodies and interspersed with glial cells [197].

Myelinated axons in white matter generate and propagate nerve impulses between dif-

ferent neuronal cell bodies in the brain. The corpus callosum is the largest white matter

structure in the human brain and contains ≈ 2× 108 axons in directionally coherent tracts

connecting the two cerebral hemispheres of the brain [1]. In general, an axon’s diameter is

proportional to the number of neurofilaments and the thickness of its myelin sheath [102].

In human brains, median axonal diameters range from 0.6 µm in the genu of the corpus

callosum to 1.0 µm in the splenium [1]. At 90 days of age, the mean diameter of myelinated

axons is (0.42 ± 0.03) µm in the body of the mouse corpus callosum [235]. Myelin sheaths

are a compacted membrane formed and maintained by a type of glial cell called the oligo-

dendrocyte (which individually can myelinate several axonal tracts). Oligodendrocytes are

aligned in rows between myelinated fibres in white matter, but can also be found (along with

myelin) in grey matter [217]. Trapezoidal in shape and spirally wrapped around axon fibres,

myelin sheaths help control axonal development as well as isolate segments electrically to

enable saltatory conduction between the nodes of Ranvier [102]. The myelin membrane is

characterized by a high ratio of lipids to proteins (70:30 compared with 35:65 in most other

membranes) and is approximately 40% water, whereas grey matter is 80% water [22].

MRI, as described in Chapter 2, relies on the magnetization of hydrogen nuclei, when

placed in a strong magnetic field, to create signals and images that are sensitive to different

types of tissue structure and content. The abundance of mobile water in tissue (and the

hydrogen nuclei within) is the source of MRI’s predominantly soft tissue signal. Due to

differences in water content and tissue structure, MRI methods also yield excellent contrast

between grey matter, white matter, and CSF in the brain. The signal from hydrogen nuclei

can be manipulated by a variety of pulse sequences to sensitize the image to the proton
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1.1. MAGNETIC RESONANCE IMAGING OF WHITE MATTER

density, longitudinal relaxation times (T1), and transverse (T2) relaxation times of the

magnetization (e.g. conventional proton density, T1-weighted, and T2-weighted imaging).

Quantitative MRI methods described in Chapter 3, combine several different weighted MR

images to estimate the relaxation times of the hydrogen nuclei (e.g. T1 and T2 relaxometry),

diffusivity of water in tissue (e.g. diffusion tensor imaging, DTI), and properties of water

bound in macromolecular structures such as myelin (e.g. magnetization transfer imaging,

MTI).

<D> λ
┴

FA RGBλ//

X Y Z0 1(μm2/ms) 0 1

T2
Aƒ RM0

A T2
BRA

Di�usion Tensor Imaging

Magnetization Transfer Imaging

0 100(ms)0 0.2 0 20(s-1)0 1(s-1) 0 20(μs)

0 100(ms)0 2(s)

T2T1

T1 and T2 Relaxometry

Figure 1.1: Quantitative MRI maps in the same slice of a freshly excised healthy mouse
brain. The corpus callosum is the large, dark feature in the middle of the T1 map and is
visible, with varying contrast, in all of the different quantitative MRI maps.

Each of the quantitative MRI methods described in Chapter 3 model different aspects of

the complicated motion, relaxation and exchange of magnetization in tissue. Quantitative

MRI maps taken in the same slice of a freshly excised, healthy mouse brain are shown in

Figure 1.1. Visually, we can see that different MRI metrics are sensitive to different features

in the the white matter of the corpus callosum and the surrounding grey matter.
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For example, the T1 relaxation time is sensitive to changes in the water content, tissue

lattice, and water mobility and is generally shorter in healthy white matter compared to

grey matter [173]. T2 in healthy white matter can be decomposed into a short-T2 component

attributed to water trapped between layers in the myelin sheath and an intermediate-T2

component attributed to water in the intra- and extra-cellular compartments of tissue [266].

Like T1, the single-component T2 relaxation time tends to be shorter in healthy white matter

and the myelin water fraction (MWF), derived from the relative signal amplitude of the

short-T2 component, is related to myelin content [263, 135, 138].

Using the DTI method, mean diffusivity (〈D〉) reveals changes in the extracellular space

and overall water diffusivity, while axial diffusivity (λ‖), radial diffusivity (λ⊥), and frac-

tional anisotropy (FA) reveal changes in the anisotropy of water diffusing in tissue. In

healthy white matter with directionally coherent axonal tracts such as the corpus callo-

sum, λ‖ and FA are larger and λ⊥ is smaller than the surrounding grey matter. The RGB

color map represents both the directionality and anisotropy of diffusion, with bright red

representing highly anisotropic diffusion primarily along the x-direction, green along the

y-direction, and blue along the z-direction.

Finally, quantitative MTI parameters such as the bound pool fraction (f) are closely

related to the macromolecules in myelin, yielding larger f values in healthy white matter,

while RA and TA2 are related to the rate of longitudinal relaxation and transverse relaxation

time in the liquid pool and are similar to the R1 = 1/T1 relaxation rate and the single com-

ponent T2 relaxation time already mentioned. RMA
0 represents the rate of magnetization

transfer between water bound in myelin and the surrounding liquid pool while TB2 repre-

sents the transverse relaxation time in the bound pool. Both are somewhat sensitive to

noise and fitting method [194], but RMA
0 tends to be slightly smaller and TB2 slightly larger

in healthy white matter compared to the surrounding grey matter [220]. The magnetization

transfer ratio (MTR) is related to f , but is dependent on the chosen pulse sequence and

field strength and will vary with changes in RMA
0 and RA.

Chapter 4 details the development of the quantitative MR imaging and analysis methods.

The methods were validated using a water phantom, agarose gel, fixed rat spinal cords,

healthy control mice, and the cuprizone-fed mouse model of demyelination.
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Although individual quantitative MRI methods give additional information about tissue

structure and content, they cannot measure individual tissue pathologies. Part of this is

due to limitations of resolution. A (100× 100× 100) µm3 voxel in the healthy white matter

of a mouse brain can contain hundreds of myelinated axons along with various support cells.

Also, MRI can only measure tissue structure and content indirectly via methods sensitized to

the mobility, compartmentalization, and magnetization transfer of water, among others. To

overcome some of the limitations of individual MRI methods, a multiparametric approach

combining several quantitative MRI methods could give a more complete picture of white

matter integrity.

1.2 Multiparametric MRI of a Demyelinating Model

Cuprizone is a toxic model of demyelination, causing cell death of oligodendrocytes fol-

lowed by extensive demyelination [245] with only moderate inflammation and no neuronal

loss [104]. C57BL/6 mice are fed 0.2–0.4% cuprizone (w/w) at 8 weeks of age. After 6

weeks of feeding, extensive demyelination is observed predominantly in the corpus callosum

and superior cerebellar peduncles. Chronic demyelination occurs if the cuprizone diet is

maintained for an extended period, however, if a normal diet is resumed at 6-weeks, the

brain is mostly remyelinated after 6 weeks of recovery [161]. The cuprizone mouse model,

thus, provides a good analogue for demyelinating/remyelinating diseases such as MS.

In the cuprizone mouse model of demyelination, myelin sheaths separate from the

axon and eventually disappear (Figure 1.2). Demyelination is often accompanied by sev-

eral other tissue changes, such as axonal degeneration, gliosis, edema, and increased ex-

tracellular space. Several groups have used different quantitative MRI methods for de-

tecting demyelination and assessing white matter integrity. These methods include DTI

[223, 171, 224, 240, 122, 35, 277], MTI [220, 198, 273, 248, 49, 211, 58], and multicompo-

nent T2 analysis [166, 135, 138, 157, 266, 156, 128]. Some quantitative MRI parameters,

such f or MWF, appear to be strong indicators of myelin content and myelin integrity

in white matter, while others, such as λ‖, λ⊥, or FA, give more information about the

structural integrity of white matter. Each quantitative MRI metric is sensitive to different
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Figure 1.2: Cross-section of demyelinating axons with expected changes in various MRI
parameters. Scale bar is based on mean axon diameter measurements in the healthy corpus
callosum from Table 5.3.

aspects of myelinated and demyelinated axons in white matter. Varying sensitivity to the

different compartments and diffusivity of water lead to the trends illustrated in Figure 1.2.

In order to correlate changes in quantitative MRI metrics to the underlying white mat-

ter integrity, ultrastructural features such as axonal diameter, myelin sheath thickness, and

the distribution of myelinated axons can be measured using electron microscopy. Elec-

tron microscopy yields exquisite details about white matter integrity in both control and

cuprizone-fed mice (Figure 1.3). Correlations between electron microscopy and quantitative
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MRI metrics show the relationship between measurements on the axonal scale (< 1 µm)

and changes observed on the MRI voxel scale (≈ 100 µm).

Figure 1.3: Cross-sections of individual axons in electron microscopy images of the corpus
callosum in control mice and mice fed 0.4% cuprizone for 6 weeks. Myelinated axons in
the control mouse are surrounded by a thick layer of myelin membranes. Axons in the
cuprizone-fed mice are predominantly demyelinated, with thinner myelin sheaths in the
axons that remain myelinated. Other pathological features, such as large, swollen axons
(arrow) can also be seen in the cuprizone-fed mouse.

In Chapter 5, the cuprizone mouse model was used to study how ultrastructural tissue

changes due to demyelination correlate with different MRI methods. In vivo mice were im-

aged every week from 0 to 6 weeks with conventional T2-weighted images and MTR maps,

revealing weekly changes in the corpus callosum of the cuprizone-fed mice. After 6 weeks

of 0.4% cuprizone treatment, quantitative MRI methods, including T1 and T2 relaxometry,

DTI, and quantitative MTI, were applied immediately after sacrifice. Ultrastuctural exam-

ination was performed with electron microscopy to measure changes in tissue pathology. In

addition, quantitative MRI metrics were correlated with each other to understand better

7
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the influence of varying tissue features on paired MRI metrics.

A multiparametric approach combining several quantitative MRI methods gives a more

complete picture of white matter integrity. Understanding how these metrics vary with

changes in white matter integrity can improve our understanding of demyelinating diseases

such as MS. The MRI and analysis methods developed for this dissertation can be applied

to a broad range of future studies.
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Chapter 2

Nuclear Magnetic Resonance:
Signal and Image

Magnetic resonance imaging relies on the behaviour of nuclear spins when placed in a

strong magnetic field. While a complete survey of magnetic resonance imaging won’t be

provided here, it is useful to build up a basic theoretical framework to understand better

the quantitative MRI parameters described later in this dissertation. For a more thorough

discussion of the theoretical underpinnings of MRI, several excellent books are available

[38, 150, 87, 24, 148].

2.1 Nuclear Magnetic Resonance

2.1.1 Spin-1/2 Particles

Nucleons (protons and neutrons) have an intrinsic angular momentum called spin. Specifi-

cally, nucleons are spin-1/2 particles, with two possible eigenstates along the z-axis, denoted

as |1/2〉 (spin up) and |−1/2〉 (spin down). Spin-1/2 particles are not restricted to these

two eigenstates, but can exist in a superposition of states, described by the normalized,

superposition coefficients, c1/2 and c−1/2:

|Ψ〉 = c1/2 |1/2〉+ c−1/2 |−1/2〉 (2.1)

In the nuclei of atoms, spin up nucleons pair with antiparallel spin down nucleons,

resulting in a total angular momentum (or overall spin) of I = 0 for even-Z, even-N nuclei

9



2.1. NUCLEAR MAGNETIC RESONANCE

[130]. Nuclei with unpaired protons or neutrons, however, have a non-zero I which in turn

contributes to an intrinsic magnetic moment, µ.

The hydrogen nucleus (1H) is composed of just one unpaired proton and has a total

angular momentum of I = 1
2 . The spin angular momentum can take a range of values

represented by the magnetic quantum number, m = −I, −I + 1, . . . , I − 1, I. For 1H,

there are just two possible eigenstates: m = +1
2 and m = −1

2 . In matrix representation,

this can be represented as:

∣∣∣∣+1
2

〉
=

 1

0

 (2.2)

∣∣∣∣−1
2

〉
=

 0

1

 (2.3)

where the angular momentum operator along the z-axis, Iz, is a 2x2 matrix:

Iz = 1
2

 1 0

0 −1

 (2.4)

Realizing the basis vectors are orthogonal, the expectation value of Iz in the arbitrary state

is:

〈Ψ |Iz|Ψ〉 =
∑
m

|cm|2m (2.5)

For a large number of identically prepared nuclei, the sum of the possible eigenvalues are

weighted by the normalized probabilities |cm|2.

2.1.2 Spin-1/2 Particles in a Magnetic Field

In the absence of an external magnetic field, the two eigenstates of spin-1/2 particles are of

equal energy. However, if an external magnetic field is applied, the energy levels split.

The nuclear magnetic dipole moment, µ, has a magnitude of:

µ = γh̄
√
I (I + 1) (2.6)
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In the presence of an external magnetic field, the z-component of µ has a discrete value

µz = γh̄m (2.7)

where γ is a constant of proportionality known as the gyromagnetic ratio (γ/2π = 42.58

MHz/T for 1H). The x- and y-components of µ, however, are randomly oriented. We can

define the transverse components of µ as [150]:

µx = |µxy| cosξ

µy = |µxy| sinξ (2.8)

where ξ is a random variable uniformly distributed from 0 to 2π and |µxy| is

|µxy| =
√
µ2 − µ2

z = γh̄
√
I (I + 1)−m2 (2.9)

For 1H, I = 1/2 and m = ±1/2, yielding the three components of µ:

µx = γh̄√
2cosξ

µy = γh̄√
2sinξ

µz = ±γh̄
2 (2.10)

The interaction energy of a magnetic dipole µ in a magnetic field B0 = B0ẑ is

E = −µ · B0. (2.11)

For m = ±1
2 , E becomes:

E = ±γh̄B0
2 (2.12)

This splitting of energy levels in a magnetic field is known as the Zeeman effect, and

results in two energy levels with an energy difference:
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Figure 2.1: Energy levels for
a nucleus with I = 1
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which can be visualized in an energy level diagram (Figure 2.1).

It is important to realize that we are always dealing with an ensemble of nuclei, with

a large population of nuclei in each energy level. A population difference will arise in

thermal equilibrium according to the Boltzmann probability factor [38]. For two energy

levels separated by h̄γB0, the ensemble averaged probability, |cm|2, becomes:

|cm|2 = |c± 1
2
|2 = e

± h̄γB0
2kBT

e
− h̄γB0

2kBT + e
+ h̄γB0

2kBT

(2.14)

At room temperature, h̄γB0 � kBT , and we can write:

|c± 1
2
|2 = 1

2

[
1± h̄γB0

2kBT

]
(2.15)

2.1.3 Larmor Frequency

Semiclassically, when placed in a magnetic field, 1H nuclei experience a torque which aligns

them with the direction of the magnetic field. This, in turn, results in a precessional motion

oriented around the magnetic field at a characteristic rate called the Larmor frequency, ω0,

given by,

ω0 = γB0 (2.16)
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with cyclic frequency, f0 = ω0/2π. The MRI used in our experiments has a magnetic field

B0 = 7 T which results in a Larmor frequency f0 = 300 MHz. In the time-dependent

wavefunction, the evolution of the state through time is identical to a clockwise rotation of

the state about the z-axis by an angle γB0t [38].

|Ψ(t)〉 = e−iHt/h̄ |Ψ(0)〉 = e−iγB0Izt |Ψ(0)〉 = e−iω0Izt |Ψ(0)〉 (2.17)

where H is the Hamiltonian (or energy) operator and Iz is the spin angular momentum

operator with the resultant eigenvalue m.

According to the Boltzmann distribution, a slight majority of the nuclei will precess

about the direction of B0 in the spin-up position (the lower energy state). If, however,

we briefly apply an oscillating magnetic field (also known as a radiofrequency (RF) pulse)

perpendicular to B0 at the resonant Larmor frequency (equivalent to the transition energy),

some of the lower energy nuclei will absorb the energy and flip from m = 1
2 to m = −1

2

(Figure 2.2). This absorption can occur until the populations of the two energy states

become equal. At this point, the spin system is saturated, and no further absorption

occurs.

It is worth noting that the energies associated with spin are much smaller than the

thermal energies of particles, thus the vast majority of spins will exist in a superposition of

states with random orientations (not just the two eigenstates). In fact, while the properties

of spin in individual particles are quantum in nature, magnetic resonance imaging, which

depends on a very large ensemble of spins described by the net magnetization vector, M ,

is classical in nature, and more easily described by classical mechanics [92].

In 1946, Felix Bloch and Edward Purcell independently demonstrated the application of

RF fields to nuclei suspended in a constant magnetic field [31, 196]. Their observations of

the nuclear magnetic moment via nuclear magnetic resonance earned them both the 1952

Nobel Prize in Physics.
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m = -½m = +½

RF Pulse, ω0

B0

ω0 ω0

B0

Figure 2.2: Precession of nucleus about B0 at spin m = +1
2 and m = −1

2

2.1.4 Net Magnetization Vector

The cumulative effect of all of the magnetic moments of the nuclei is the net magnetization

vector, M defined as the magnetic moment per unit volume (Figure 2.3).

M =
N∑
n=1

µn (2.18)

where N is the number of spins in the unit volume. In the presence of a static magnetic

field, the transverse components of the magnetic moments are randomly oriented (Equa-

tion (2.10)), resulting in a transverse magnetization,Mxy = 0. The longitudinal components

of the magnetic moments, however, are additive, with the number of spin-up nuclei slightly

larger than the number of spin-down nuclei. This results in a net magnetization vector

pointing along the direction of the applied magnetic field. Based on the Zeeman splitting

of eigenstates described in Equation (2.15), the difference in distribution of spin-up and

spin-down states is:

N

(
c2

+ 1
2
− c2
− 1

2

)
= N

h̄γB0
2kBT

(2.19)

For B0 = 7T and T = 300K, this amounts to a fractional population difference,

14
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N+ −N−
N

= γh̄B0
2kbT

=
(
42.58× 106Hz/T

) (
6.6× 10−34J · s

)
(7T )

2 (1.38× 10−23J/K) (300K) = 24× 10−6 (2.20)

Immediately, you can see the relatively small magnetization available to MRI (only 24 in a

million spin-1/2 nuclei contribute to the signal at 7 T) and the benefits of increasing the

magnetic field (net magnetization scales linearly with magnetic field strength).

B0 > 0
z

x

y

M

B0 = 0
z

x

y

Figure 2.3: Ensemble of spin-1/2 particles contributes to the net magnetization vector M .
In the absense of a magnetic field, M = 0. In the presence of a magnetic field, M > 0 and
points along the direction of the magnetic field.
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2.1. NUCLEAR MAGNETIC RESONANCE

2.1.5 Bloch Equation

The time-dependent nature of the magnetization vector in the presence of a magnetic field

is described by the Bloch equation [31]:

d

dt
M(t) = γM ×B − Mxx̂+Myŷ

T2
− (Mz −M0) ẑ

T1
(2.21)

where M = M0ẑ at thermal equilbirium and T1 and T2 are time constants related to

longitudinal and transverse relaxation processes respectively. In the absense of an applied

B1 magnetic field, B = B0ẑ. During the application of an RF pulse, however, B includes

a B1 magnetic field that, in turn, influences M . The application of a resonant RF pulse

and the subsequent relaxation of the magnetization vector can be described by the Bloch

equation.

2.1.6 RF Pulses

An RF field applied perpendicular to B0 at a frequency, ωrf , is described by the function,

B1(t)

B1 (t) = Be
1 (t) [cos (ωrf t+ φ) x̂− sin (ωrf t+ φ) ŷ] (2.22)

where Be
1 (t) is a function describing the pulse envelope, ωrf is the frequency of the applied

RF pulse, and φ is the initial phase angle [150]. In complex notation, this is reduced to

B1 (t) = Be
1 (t) e−i(ωrf t+φ) (2.23)

The envelope function describes the shape and duration of the RF pulse. In the rotating

frame of reference, B1 reduces to

B1rot (t) = B1 (t) eiωrf t = Be
1 (t) (2.24)

where we assume φ = 0.

Common shapes for RF pulse envelopes include rectangular, Gaussian, sinc, and Her-
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mite. A rectangular (or block) pulse can be defined as

Be
1(t) = B1

∏(
t− τp/2
τp

)
(2.25)

where τp is the pulse width. A sinc pulse can be defined as

Be
1(t) =


B1sinc [π∆f (t− τp/2)] , 0 ≤ t ≤ τp

0, t > τp

(2.26)

In particular, after a Fourier transform, sinc pulses are characterized by a rectangular pulse

in the frequency domain,

p(f) =
∏(

f − fc
∆f

)
ei2π(f−fc)τp/2 (2.27)

where ∆f is a frequency bandwidth centered on the Larmor frequency, fc. A constant

p(f) in the frequency domain becomes more important when we want to select a range of

frequency-encoded volumes for magnetic resonance imaging (as in Section 2.3.1).

2.1.7 RF Pulses and the Net Magnetization

An RF pulse applied at the Larmor frequency (ωrf = ω0), will tip the magnetization vector

toward the transverse plane. In relation to the magnetization vector, we can assume the

time we apply the RF pulse (τp) is much less than the T1 or T2 relaxation times. This

simplifies Equation (2.21) to

d

dt
M(t) = γM ×B (2.28)

In the rotating frame, this becomes:

∂Mrot

∂t
= γMrot ×Beff (2.29)

where

17
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∂Mrot

∂t
= dM

dt
− ω ×Mrot (2.30)

and

Beff = Brot + ω

γ
=
(
B0ẑ

′ +B1rot
)

+ ωrf
γ
ẑ′. (2.31)

For φ = 0,

B1rot = Be
1 (t) x̂′ (2.32)

Since ωrf = ω0 and B0 = ω0/γ, the z-components cancel, leaving us with

Beff = Be
1 (t) x̂′ (2.33)

and the equation of motion for the magnetization vector in the rotating frame becomes

∂Mrot

∂t
= γMrot ×Be

1 (t) x̂′ (2.34)

For initial conditions Mx′(0) = My′(0) = 0 and Mz′(0) = M0 this has the solution

Mrot = 0x̂′ +M0sin (α) ŷ′ +M0cos (α) ẑ′ (2.35)

Equation (2.35) describes how the magnetization vector is tipped toward the transverse

plane due to the application of an RF pulse. The tipping angle, α, is dependent on the

envelope function of the RF pulse (Be
1(t)) and the length of time (τp) it is applied,

α =
∫ τp

0
γBe

1(t)dt (2.36)

If Be
1 is constant in time (i.e. a rectangular pulse),

α = γBe
1τ (2.37)

RF pulses are often characterized by the angle α at which they tipM . Common pulses
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x’

B0

Mrot

α
y’

z’

B1

x’

Mrot y’

z’

B1

x’ Mrot

y’

z’

B1

x’

M0

y’

z’

Mrot = M0z’ (Equilibrium) 

π/2-pulse

π-pulse

M in the Rotating Frame (Mrot)

^

Figure 2.4: Net magnetization vector Mrot in the rotating frame (left) and the application
of π/2 and π RF pulses to Mrot at equilibrium (right).

include a π/2-pulse and a π-pulse (Figure 2.4). The signal detected from the relaxation of

nuclei is composed entirely of the transverse component of the magnetization (i.e. S ∝Mxy).

Thus, a π/2-pulse results in maximum signal (Mxy = M0sin(π/2) = M0) and a π pulse

results in minimum signal (Mxy = M0sin(π) = 0).

2.1.8 Relaxation

In the previous section, we saw that an RF pulse applied at the Larmor frequency will tip

the magnetization toward the transverse plane. When the pulse is turned off, the system

returns to equilibrium by a process known as relaxation. After an RF pulse, B1 returns

to zero and B = B0ẑ. In Equation (2.35), the components of the magnetization vector

immediately after an RF pulse were

M0
x = 0

M0
y = M0sin (α)

M0
z = M0cos (α) (2.38)
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We can solve Equation (2.21) using these initial conditions and the Larmor relation, ω0 =

γB0

Mx(t) = M0
y sin(ω0t)e−t/T2

My(t) = M0
y cos(ω0t)e−t/T2

Mz(t) = M0 +
(
M0
z −M0

)
e−t/T1 (2.39)

After applying a π/2-pulse, M0
y = M0 and M0

z = 0. As the system returns to equilibrium,

Mz →M0 and Mxy → 0 based on the following equations:

Mx(t) = M0sin(ω0t)e−t/T2

My(t) = M0cos(ω0t)e−t/T2

Mz(t) = M0
(
1− e−t/T1

)
(2.40)

The transverse magnetization can be defined as Mxy = Mx(t) + iMy(t). We can then

combine Mx(t) and My(t) into a single equation

Mxy(t) = M0e
iω0te−t/T2 (2.41)

In the lab frame, the trajectory of the magnetization vector is described by exponential

growth and decay mediated by the T1 and T2 time constants as well as oscillations around

the z-component at the Larmor frequency (see Figure 2.5). Multiplying Equation (2.41) by

e−iω0t demodulates the transverse magnetization to give us (in the rotating frame)

Mxy(t) = M0e
−t/T2 (2.42)

Relaxation of the magnetization vector is defined by two independent time constants:

T1 and T2. T1 and T2 relaxation are attributed to the thermal motion of molecules creating

fluctuating magnetic fields for individual nuclear spins [148]. For spin-1/2 particles, this

can include the following mechanisms:
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Figure 2.5: Trajectory of the magnetization vector in the lab frame after a π/2 RF pulse.
Mx(t) and My(t) oscillate at the Larmor frequency, ω0, and decay according to the T2
relaxation time. Mz(t) grows according to the T1 relaxation time. For clarity, T1 = 2 s,
T2 = 1 s, and ω0 = 4π rad/s (much less than the typical Larmor frequency).

1. Direct dipole-dipole coupling between nuclear spins in the same molecule creates a

varying magnetic field between two spins as the molecule tumbles (e.g. the two 1H

protons in H2O).

2. The B0 field induces currents in the electron clouds of molecules which, in turn,

generate small local magnetic fields. This leads to slightly different magnetic fields

in different types of molecules, called the chemical shift effect. Tumbling molecules

with chemical shift anisotropy lead to small fluctuations in the total field. This effect

increases in importance at higher magnetic fields.

3. The rotational motion of molecules leads to small local magnetic fields due to spin-

rotation.

Of these, dipole-dipole coupling and chemical shift anisotropy are the dominant relaxation
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mechanisms [148]. The “fat” shift is the most well-known example of the chemical shift

effect, where protons in CH2 have a resonant frequency approximately 3.35 ppm higher

than the resonant frequency of protons in H2O [150]. At 7 T (300 MHz), protons in fat will

have a resonant frequency approximately 1005 Hz higher than protons in water.

Spin-lattice (longitudinal) relaxation time, T1

Mz returns to equilibrium by a process known as spin-lattice relaxation. It involves the

return of spin populations to their Boltzman distribution values [148] via an exchange of

energy between the spin system and the surrounding thermal reservoir, known as the ‘lattice’

[38]. The decay time constant describing how Mz reaches equilibrium, T1 is known as the

spin-lattice or longitudinal relaxation time constant. After a π/2-pulse, it is characterized

by the equation:

Mz = M0(1− e−t/T1) (2.43)

Spin-spin (transverse) relaxation time, T2

Mxy returns to equilibrium by a process known as spin-spin relaxation. It involves a return

to equilibrium within the spin system itself, as spin is transferred amongst excited nuclei.

The decay time constant describing how Mxy reaches equilibrium, T2, is known as the spin-

spin or transverse relaxation time constant. After a π/2-pulse, it is characterized by the

equation:

Mxy = M0e
−t/T2 (2.44)

Relaxation in the transverse plane is sensitive to dephasing of nuclear spins caused by

local field inhomogeneities. Up until now, we assumed M was a single vector precessing at

the Larmor frequency ω0. In reality, local field inhomogeneities and chemical shift effects

lead to a magnetization composed of several vectors with different resonant frequencies.

These vectors (also known as isochromats) contribute to a total magnetization vector,M∗.

M∗ will decay in the transverse plane according to a time constant, T ∗2 , defined as
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1
T ∗2

= 1
T2

+ 1
T ′2

(2.45)

where T ′2 represents factors such as local field inhomogeneities that cause the magnetization

to dephase faster than anticipated. As we will see later, the true T2-value can still be

measured by reversing the effects of T ′2. It is important to note, however, that dephasing

due to the random motion of spins is irreversible and inherent to the true T2-value [38]. In

general, we are more interested in the true T2 since it is characterized by different tissues,

whereas T ∗2 is influenced by inconsistencies in the magnetic field.

T1 vs. T2

Although the theoretical upper limit of T2 is T2 ≤ 2T1, in most cases, T2 ≤ T1 [148]. At room

temperature, T1 is typically 0.1 to 10 seconds for protons in dielectric materials. Typical T2

values range from 10µs to 10s [38]. T1 and T2 are also a function of field strength. In the

mouse brain at B0 = 7.0 T, T1 ≈ 1500− 1750 ms and T2 ≈ 34− 41 ms [85]. The difference

between T1 and T2 in different tissue leads to variations in the signal contrast depending on

the chosen imaging parameters.

2.2 Magnetic Resonance Signal

2.2.1 Signal Detection

According to the Faraday law of induction and principles of reciprocity, a time-varying

magnetization, M(r, t), will induce a voltage in a receiver coil [150]:

V (t) ∝ − ∂

∂t

∫
object

B(r) ·M(r, t)dr (2.46)

where r is the position vector for the magnetic field of the receive coil per unit current,B(r),

and the time-varying magnetization, M(r, t), inside the coil. To accomodate later signal

processing stages, the voltage is demodulated to a lower frequency. Quadrature detection

yields a complex signal:
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S(t) = S1(t) + iS2(t) (2.47)

Assuming a homogeneous magnetic field in the receiver coil, the signal can be written

as

S(t) ∝
∫
object

Mxy(r, 0)e−iω(r)tdr (2.48)

where ω(r) is the frequency in the rotating frame (see [150] for a full derivation of this

result). By assuming the spatial density of hydrogen nuclei, ρ(r) is proportional to the

longitudinal magnetization at thermal equilibrium

ρ(r) ∝M0(r). (2.49)

the transverse magnetization after a π/2-pulse becomes

Mxy(r, 0) ∝ ρ(r) (2.50)

which gives us an expression of signal related to the spatial distribution of 1H nuclei and

their frequencies

S(t) ∝
∫
ρ(r)e−iω(r)tdr (2.51)

2.2.2 Free Induction Decay

After an α-pulse, the oscillating and decaying signal can be described as

S(t) ∝ sin(α)
∫
ρ(r)e−t/T2(r)e−iω(r)tdr. (2.52)

The detected signal is called a free induction decay (FID) and is the foundation of all

subsequent pulse sequences. After a π/2-pulse, a homogenous sample with a single resonant

frequency, ω0, will reduce to
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S(t) ∝M0e
−t/T2e−iω0t (2.53)

See Figure 2.6 for an example of an FID signal.

α

RF

Signal

e-t/T2*

t

e-iω0t

Figure 2.6: FID signal after an α-pulse. In the presence of local field inhomogeneities, the
exponential decay is approximated by the T ∗2 time constant. ω0 is small for visual clarity.

2.2.3 Gradients

In the presence of a strong homogeneous magnetic field, B0, 1H nuclei in water will precess

at the same Larmor frequency, ω0. In order to spatially localize the signal, a linearly varying

magnetic field independent of B0 is applied. For example, to B = B0ẑ we can apply a

magnetic field that varies linearly as a function of x, Gx = Gxxẑ where Gx is the gradient

of the magnetic field [208] defined as

Gx = ∂Bz
∂x

(2.54)

The total magnetic field becomes (see Figure 2.7)
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x

B0

z
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slope, G

Figure 2.7: Spatially-independent magnetic field, B = B0ẑ (left) and spatially-dependent
magnetic field, Bz(x) = (B0 +Gxx)ẑ (right).

Bz(x) = (B0 +Gxx)ẑ (2.55)

and the Larmor frequency becomes spatially dependent,

ω(x) = γBz(x) = γ(B0 +Gxx). (2.56)

Gradients that vary linearly as functions of y and z are defined as

Gy = Gyẑ

Gz = Gzẑ (2.57)

In high-field MRI, the B0 field is much stronger than the gradient strength in the z-direction,

so it is usually safe to ignore magnetic fields in the x- and y-direction produced by the

gradient coils.

Pulse Sequence Diagrams

Gradient and RF pulses can be represented in a pulse sequence diagram. For our purposes,

RF pulses will be represented as black bars, although the envelope defining them will gen-

erally not be rectangular. The effective flip angle will be subscripted by the initial phase
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angle, where x implies initial phase along the x-axis and y implies initial phase along the

y-axis. If relevant, applied gradients will be defined by their direction (Gx, Gy, and Gz

or Gread, Gphase, and Gslice). A rectangular gradient pulse produces a magnetic field with

a constant slope proportional to its height and a duration proportional to its length. If

noteworthy, the time-dependent signal will also be included.

2.2.4 Gradient Echo

A gradient echo sequence measures the T ∗2 -weighted signal of the FID. After a negative linear

gradient (−Gx) is applied for time, τ along the x-direction, the signal in Equation (2.52) is

dephased relative to the gradient strength

S(τ) ∝M0e
−τ/T ∗2

∫
eiγGxxτdx (2.58)

If immediately afterwards, a positive linear gradient (+Gx) is applied for the same amount of

time and at the same gradient strength, the signal lost due to forced dephasing is recovered

S(2τ) ∝M0e
−2τ/T ∗2

∫
ei(γGxxτ−γGxxτ)dx = M0e

−2τ/T ∗2 (2.59)

The detected signal at t = 2τ , called the gradient echo, has an amplitude weighted by the

T ∗2 time constant (see Figure 2.8).

2.2.5 Spin Echo

In order to measure the true T2-weighted signal, a spin echo sequence is employed. The

reversal of factors contributing to T ′2 was first proposed by Hahn in 1950 [89, 90]. It

involves a π/2-pulse followed by a π-pulse at t = τ . At t = 2τ , a spin echo is formed with

an amplitude weighted by the T2 time constant (see Figure 2.9).

S(2τ) ∝M0e
−2τ/T2 . (2.60)

The spin echo sequence can be understood by plotting the evolution of three isochromats
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RF t

Signal

τ τ

e-t/T2**

e-t/T2*

α

Gradient

Figure 2.8: Gradient echo pulse sequence. Gradient dephasing and rephasing is character-
ized by the T ∗∗2 time constant. Detected signal at t = 2τ has an amplitude proportional to
e−2τ/T ∗2

(M−, M0, and M+) with three different frequencies: ω− < ω0 < ω+. In a homogeneous

sample, ω− and ω+ arise from static local field inhomogeneities. After a π/2-pulse (Fig.

2.10a), the three isochromats will dephase asM+ precesses slightly faster thanM0 andM−

precesses slightly slower than M0 (Fig. 2.10b), resulting in T ∗2 decay. At t = τ , a πy-pulse

flips the isochromats into the opposite x-y plane, and the isochromats precessing away from

the M0 start precessing towards it (Fig. 2.10c), resulting in a T ∗2 -weighted growth. The

isochromats rephase at t = 2τ (also called the echo time, TE) with a signal amplitude

weighted by the T2 time constant (Fig. 2.10d).

2.2.6 Inversion Recovery

An inversion recovery sequence sensitizes the signal to the T1 component. It can be used

to eliminate signal from components with a specific T1 value (such as fat) or for measuring
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Figure 2.9: Spin echo pulse sequence. Signal dephasing and rephasing is characterized by
the T ∗2 time constant. Detected signal at t = 2τ has an amplitude proportional to e−2τ/T2
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Figure 2.10: Isochromats (M−, M0, and M+) in the ω0 rotating frame immediately after
a π/2x-pulse (a), dephased before (b) and after (c) a πy-pulse at t = τ , and rephased at
t = 2τ (d).

the T1 time constant.

In the inversion recovery pulse sequence, a π-pulse is followed by a π/2-pulse at an

inversion time TI (Figure 2.11). After a π-pulse, the longitudinal magnetization goes to

Mz′(0) = −M0 (2.61)

Prior to the π/2-pulse, the magnetization regrows as
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e-t/T2*
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Figure 2.11: Inversion recovery pulse sequence.

Mz′(t) = M0
(
1− 2e−t/T1

)
for 0 < t < TI (2.62)

The π/2-pulse at t = TI tips the magnetization into the transverse plane, creating an FID

with signal [87]

S(t) ∝
∣∣∣M0

(
1− 2e−TI/T1

)∣∣∣ e−(t−TI)/T ∗2 for t > TI . (2.63)

At TI = T1ln2, S(TI) goes to zero

S(TI = T1ln2) ∝
∣∣∣M0

(
1− 2e−T1ln2/T1

)∣∣∣ = 0 (2.64)

Thus, by varying TI , the T1 value can be determined.

2.3 Magnetic Resonance Imaging

In order to create a magnetic resonance image, we need to spatially localize the signal.

We can do this by applying a sequence of gradient magnetic fields in the orthogonal read,
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phase, and slice directions (called Gx, Gy, and Gz or Gread, Gphase, and Gslice). These three

orthogonal gradient fields are assigned the role of frequency encoding, phase encoding, and

slice selection, respectively. Although for simplicity we often use x, y, and z to describe

their direction, gradient fields are usually a combination of all three directions to selectively

excite and spatially encode a volume of space.

The application of magnetic gradient fields to spatial localization in MRI was first

outlined by Paul Lauterbur in 1973 [139]. Together with Sir Peter Mansfield, he received

the 2003 Nobel Prize in Medicine for his discoveries.

2.3.1 Slice Selection

Applying a gradient field that varies linearly in z (Gz) creates a varying Larmor frequency

along the z-direction,

ω(z) = ω0 + γGzz (2.65)

or in cyclic frequency,

f(z) = f0 + γ

2πGzz. (2.66)

Previously, we saw that the sinc pulse (Equation (2.26)) yielded a rectangular pulse in the

frequency domain (Equation (2.27)). If we define the centre of our slice as z0 and the desired

slice thickness as ∆z, the central frequency is

fc = f0 + γ

2πGzz0. (2.67)

with bandwidth

∆f = γ

2πGz∆z (2.68)

The sinc pulse (Equation (2.27)) can now be defined spatially along the z-direction
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p(z) =
∏(

z − z0
∆z

)
eiγGz(z−f0)τp/2 (2.69)

Using these equations, by increasing the bandwidth or decreasing the gradient strength, we

can increase the slice thickness; and by decreasing the bandwidth or increasing the gradient

strength, we can decrease the slice thickness (see Fig. 2.12b).

After the slice has been selected, a linear phase-shift is introduced. This can be corrected

by applying the gradient −Gz for time t = τp/2 to rewind the phase angle, φ(t) to zero (see

Fig. 2.12a)

φ(t) =


γGz (z − f0) τp/2, t = τp

γGz (z − f0) τp/2− γGz (z − f0) τp/2 = 0, t = τp + τp/2
(2.70)

A sinc pulse only yields a perfectly rectangular excitation profile if t = ∞. Truncating

the sinc pulse to t = τp results in a nonuniform excitation profile and prominant side lobes

outside the desired frequency bandwidth. This can be partially corrected by using apodizing

window functions [24]. In practice, to reduce the sidelobe amplitudes or improve RF power

efficiency, other pulse shapes such as Gaussian or Hermite might be preferable.

2.3.2 k-Space

We now want to spatially localize the signals in the x and y planes of the slice. Before we

do that, it is useful to introduce the concept of k-space.

In the rotating frame, we can define the Larmor frequency as a function of the position

vector, r

ω(r) = G · r (2.71)

where the gradient vector, G is

G = Gxx̂+Gyŷ +Gzẑ. (2.72)
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Figure 2.12: (a) Slice selection with a π/2x sinc pulse and Gz gradient field. (b) Bandwidth
and gradient strength determine the slice thickness. (c) Slice selection results in the mag-
netization being tipped into the transverse plane in a specific volume of the sample (dark
grey slice).

Note that while G describes how the gradient components affect the magnetic field along

the x̂, ŷ, and ẑ directions, the gradient fields themselves still all point in the ẑ direction.

The equation for signal (Equation (2.51)) becomes

S(t) ∝
∫
ρ(r)eiγG·rtdr (2.73)

where ρ(r) is the proton density. This has the form of a Fourier transformation. To make

this more clear, define the reciprocal space vector, k:

k = γGt

2π (2.74)
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This results in the Fourier transform pair:

S(k) ∝
∫
ρ(r)ei2πk·rdr

ρ(r) ∝
∫
S(k)e−i2πk·rdk

(2.75)

Thus, the signal S(k) detected in the time domain can be Fourier-transformed into the spa-

tial domain fucntion, ρ(r). We can acquire data in k-space by varying G and t. The center

of the k-space image contains information about gross form and tissue contrast, whereas

the edges contain information about fine details in the image [26]. In two-dimensions, ρ(r)

becomes ρ(x, y) and S(k) becomes [150]

S(kx, ky) ∝
∫ ∞
−∞

∫ ∞
−∞

ρ(x, y)e−i2π(kxx+kyy)dxdy. (2.76)

We can use a phase-encoding method to rectilinearly traverse the kx and ky components of

k-space in Equation (2.76).

2.3.3 Phase Encoding

Applying a Gy gradient pulse varies the phase of the nuclei along the y-direction of the

selected slice (Figure 2.13). If Gy is applied for time τphase, ky becomes

ky(t = τphase) = γGyτphase
2π (2.77)

To sample ky at Ny equally spaced positions, we need to apply the gradient pulse, Gy at

Ny equally incremented amplitudes. If we define the step-wise gradient amplitude, Gyn to

have Ny values ranging from −Gy to +Gy

Gyn = Gy

(
2n

Ny − 1 − 1
)

for n = 0 . . . Ny − 1 (2.78)

the Ny values of kyn become
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kyn = γGynτphase
2π = γGyτphase

2π

(
2n

Ny − 1 − 1
)

for n = 0 . . . Ny − 1 (2.79)

After each phase encoding step, the system is allowed to return to equilibrium for a time

TR (called the repetition time). The acquisition time to acquire Ny phase-encoded steps

is NyTR. Whereas previously we assumed a single signal acquisition, the repetition of a

pulse sequence introduces a dependency on the longitudinal magnetization, resulting in a

T1-weighted component influencing the signal. This can be accounted for by increasing

the TR to properly equilibrate the longitudinal magnetization or, given time constraints,

performing several dummy scans prior to acquisition to achieve a steady-state of the spin

system.

2.3.4 Frequency Encoding

After a phase encoding gradient, we can sample the signal along the x-direction using a

frequency encoding gradient, Gx. Prior to signal acquisition, −Gx is applied for t = τread/2,

rewinding kx to the position

kx0 = −γGxτread4π (2.80)

After this gradient pulse, called a readout dephaser, Gx is applied for a time τread. To

sample kx at Nx equally spaced positions, we need to acquire the signal at Nx equal time

increments. If we define the step-wise readout time, τn to have Nx values ranging from 0

to τread

τn = τread

(
n

Nx − 1

)
for n = 0 . . . Nx − 1 (2.81)

the Nx values of kxn become

kxn = γGxτn
4π + kx0 = γGxτread

4π

( 2n
Nx − 1 − 1

)
for n = 0 . . . Nx − 1 (2.82)

This has an obvious symmetry with Equation (2.79). If Gx · τread/2 = Gy · τphase and

Nx = Ny, kxn and kyn will traverse the same range of values in the kx and ky directions,
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respectively.

We can acquire all of the kxn values during a single frequency encoding gradient by simul-

taneously sampling the signal in τread/Nx increments. Thus, frequency encoding gradients

are often called read or readout gradients. By applying an incremental phase-encoding

gradient (Gy) followed by a frequency-encoding gradient (Gx) in conjunction with signal

acquisition, k-space can be traversed in a total acquisition time of NyTR.

After a slice selective gradient and RF pulse, Figure 2.13 shows how phase encoding

gradients and frequency encoding gradients can spatially localize signal in a simple 3x3

grid. After spatial encoding, each square (called a voxel) has a frequency (ω) and phase

(φ) that defines its location (top right). After acquiring the signal, S(t, φ) at Ny = 3

phase-encoding steps (φ = φ−, 0, and φ+), the resultant signal in k-space (S(kx, ky)) can

be Fourier transformed into an image space representation of the original sample (ρ(x, y)).
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Figure 2.13: Spatial encoding of signal using slice selective (Gz), phase encoding (Gy),
and frequency encoding (Gx) gradients. Assume the sample (light grey) is homogeneous
with Larmor frequency ω0. ρxy represents the proton density in each voxel. The range of
frequencies created by Gx is ω = ω0−, ω0, and ω0+. The range of phases created by Gy is
φ = φ−, 0, and φ+. A two-dimensional Fourier transform of k-space yields an image space
representation of the sample.
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The k-space formalism is a powerful tool for constructing complicated imaging schemes.

Although we only discussed a simple rectilinear trajectory, variations using radial and spiral

trajectories can also be applied.

2.3.5 Spatially Encoded Gradient Echo

Applying the spatial encoding gradients in sequence results in a spatially encoded version of

the gradient echo pulse sequence (2.2.4). Slice and read gradient pulses are fixed amplitude

pulses. The phase gradient pulse has varying amplitude, and is represented by a series of

horizontal lines on the pulse. Echo time (TE) is the time between the application of the flip

angle, α, and the peak of the echo signal. Often, a spoiler gradient with varying amplitude

is applied along the slice direction to minimize residual transverse magnetization after signal

acquisition[34]. If we assume that TR � T2, the measured signal at t = TE is [150]

S(TE) ∝M0
z

(
1− e−TR/T1

)
1− cosαe−TR/T1

sinαe−TE/T
∗
2 . (2.83)

Thus, by changing α, TE , or TR, we can influence the relative amplitude of the signal

and its T1- and T ∗2 -weighting. Specifically, TE will influence the T ∗2 -weighting of the image

while α and TR will influence the T1-weighting of the image. See Figure 2.14 for a pulse

diagram of the spatially encoded gradient echo sequence.

2.3.6 Spatially Encoded Spin Echo

To spatially encode a spin echo sequence, slice encoding gradients are applied during the

π/2-pulse and, usually, the π-pulse. A positive readout dephaser gradient placed before the

π-pulse, +Gx is applied for t = τread/2, incrementing kx to the position

kx0 = +γGxτread
4π (2.84)

The π-pulse flips the magnetization vector such that kx = −kx0 and ky = −ky. Using the

same sequence of phase-encoding gradients results in the ky coordinates being traversed in

the opposite direction, from −ky to +ky (albeit, with no real consequence on the final k-
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Figure 2.14: Gradient echo pulse sequence diagram with spatial-encoding gradients.

space image other than it being flipped in the y-direction). The measured signal at t = TE

is [150]

S(TE) ∝M0
z

(
1− 2e−(TR−TE/2)/T1 + e−TR/T1

)
e−TE/T2 . (2.85)

For TE � TR, this becomes

S(TE) ∝M0
z

(
1− e−TR/T1

)
e−TE/T2 (2.86)
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Table 2.1: Spin echo image contrast

Contrast TE TR

T1-weighted short optimal
T2-weighted optimal long
ρ-weighted short long

Thus, changing TE will influence the T2-weighting of the image while TR will influence

the T1-weighting of the image. The effects of TE and TR on image contrast are summarized

in Table 2.1. See Figure 2.15 for a pulse diagram of the spatially encoded spin echo sequence.

2.3.7 Spatially Encoded Inversion Recovery

In order to spatially encode the inversion recovery sequence (2.2.6), a spin echo inversion

recovery pulse sequence can be used. If another π-pulse is applied at t = TI + τ , a spin echo

will form at t = TI + 2τ . Signal measured at this time will have a T1-weighting influenced

by both the TI and TR values and a T2-weighting influenced by TE = 2τ . For TE � TR,

the signal at t = TI + TE becomes [150]

S(TI + TE) ∝M0
z

(
1− 2e−TI/T1 + e−TR/T1

)
e−TE/T2 (2.87)

For a single T1 component, the signal goes to zero at

TI = T1ln

( 2
1 + e−TR/T1

)
(2.88)

This property can be exploited to eliminate signal from components with a specific T1 value

(such as fat) or for measuring the T1 time constant. See Figure 2.16 for a pulse diagram of

the spatially encoded spin echo inversion recovery sequence.

2.3.8 Image Reconstruction

Fourier transformation of S(kx, ky) (Equation (2.76)) yields a representation of the image

in the image-space, ρ(x, y). The acquired k-space image is discrete, necessitating a discrete
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Figure 2.15: Spin echo pulse sequence diagram with spatial-encoding gradients.

version of the inverse Fourier transform. In one-dimension, S(kx) can be written as

S(kxn) ∝
∫ ∞
−∞

ρ(x)e−i2πkxnxdx (2.89)

where ∆kx is the step-size of kxn = n∆kx. S(kxn) becomes
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Figure 2.16: Spin echo inversion recovery pulse sequence diagram with spatial-encoding
gradients.

S[n] ∝
∫ ∞
−∞

ρ(x)e−i2πn∆kxdx. (2.90)

ρ(x) can be reconstructed using a truncated Fourier series [150]
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ρ(x) ∝ ∆kx
Nx/2−1∑
n=−Nx/2

S[n]ei2πn∆kxx for |x| < 1
∆kx

(2.91)

The step-size in image-space (corresponding to the voxel size) is

∆x = 1
Nx∆kx

. (2.92)

If we define the x-position of each pixel as xm = m∆xm, ρ(xm) becomes

ρ(xm) = ρ[m] ∝
Nx/2−1∑
m=−Nx/2

S[n]ei2πnm/Nx for −Nx/2 ≤ m ≤ N/2. (2.93)

ρ(xm) can be calculated quickly using the inverse fast Fourier transform (iFFT) algorithm

[47]. The FFT algorithm requires that both Nx and Ny equal 2n, where n is a positive

integer (i.e. N = 2, 4, 8, 16, 32, 64, 128, 256, etc.). See Figure 2.17 for MR images in both

k-space and image-space.
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Figure 2.17: 256x256 MR images of agar gels and a mouse brain in k-space, S(kx, ky) and
image-space, ρ(x, y) after an inverse fast Fourier transformation (iFFT).
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Chapter 3

Quantitative MRI Methods

In the previous chapter, we saw how individual spin-1/2 particles, when placed in a mag-

netic field, can be manipulated to create a magnetic resonance image. In building up the

framework that describes MRI, the T1 and T2 relaxation time constants were introduced.

Since both T1 and T2 are characteristic of the tissues being studied, it would be useful to

be able to measure them quantitatively. Methods for measuring T1 and T2 are discussed in

Section 3.1. In discussing the T2 time constant, we mentioned the random motion of parti-

cles that contributes to the spin-spin relaxation. With the application of gradient magnetic

fields, we can encode the translational motion of spins to measure their average random

motion. This average motion (also known as Brownian motion) leads to the characteristic

diffusion of water in different types of tissue. Methods for measuring diffusion and the diffu-

sion tensor are discussed in Section 3.2. Although hydrogen nuclei in water generally have a

T2 on the order of milliseconds, hydrogen nuclei bound in macromolecules and membranes

tend to have a relaxation time too short to be accessible using regular spin echo methods.

In order to probe this hidden bound pool, we can measure their magnetization indirectly

using magnetization transfer imaging (Section 3.3). Finally, approaches combining two or

more quantitative MRI methods are discussed in Section 3.4.

3.1 Relaxometry

The term “relaxometry”, although originally used in reference to measurements of the field

dependence of relaxation times, will be used here in reference to any measurement of relax-

ation times in MRI. Previously, we saw that simple spin-systems can be characterized by
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a T1 time constant that describes longitudinal (or spin-lattice) magnetization relaxation,

and a T2 time constant that describes transverse (or spin-spin) magnetization relaxation.

In more complex environments such as tissue, there might be several different spin-systems

in a voxel, with different T1 and T2 relaxation rates. Some of these times can be measured

directly using multi-component analysis of T1 and T2 relaxation datasets. Extremely short

T2 components tied up in fat and other macromolecules can be measured using ultrashort

spin echo methods or indirectly using magnetization transfer imaging (see Section 3.3). The

methods used in this dissertation for acquiring and analyzing T1, T2, and multi-component

T2 datasets are discussed below. Specificity to healthy tissue and tissue pathology are also

discussed.

3.1.1 Measuring T1

The T1 relaxation time is mediated by the lattice environment in which the spin system

exists. Although only the saturation recovery method was used in this dissertation to

calculate T1, it is worth reviewing the three most intuitive ways to determine T1 based on

the saturation recovery, gradient echo, and spin echo inversion recovery pulse sequences,

respectively.

1. Saturation Recovery

In the spin echo signal equation for TE << TR (Equation (2.86)), varying the repetition

time, TR, while keeping the echo time, TE , constant results in the signal varying according

to the T1 time constant. Thus, we can simplify the signal equation to

S(TR) = S0
(
1− e−TR/T1

)
. (3.1)

If we acquire several images with varying repetition times, we can fit the change in signal

to Equation (3.1), yielding a saturation recovery curve (Figure 3.1). In the normalized

equation, S0 = 1 and S(TR)→ 1 as TR →∞.

The saturation recovery method is sensitive to inaccurate π/2-pulses, although if the

error in flip angle is constant, the correct T1 can still be determined. It is also slow when
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Figure 3.1: Saturation recovery curve for S0 = 1, T1 = 1.5 s and TR values ranging from 0
to 10 s.

compared to the gradient echo method. However, it allows multiple spin echos to be ac-

quired, facilitating concurrent acquisition of the T2 relaxation time.

2. Spoiled Gradient Echo

In the spoiled gradient echo signal equation (Equation (2.83)), varying the flip angle, α while

keeping TR and TE constant results in a signal varying according to the T1 time constant.

The signal equation becomes

S(α) = S0
sinα

1− cosαe−TR/T1
(3.2)

If we acquire several images with varying flip angles, we can fit the change in signal to

Equation (3.2), yielding a spoiled gradient echo curve (Figure 3.2).

The spoiled gradient echo method requires accurate α pulses, but it can be acquired

faster than the saturation recovery method. There are several factors which influence the

accuracy of this method, including slice selection, off-resonance effects, and incomplete

spoiling due to short repetition times.
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Figure 3.2: Spoiled gradient echo curve for S0 = 1, T1 = 1.5 s, TR = 100 ms and α values
ranging from 0 to π/2 s.

3. Spin Echo Inversion Recovery

In the inversion recovery signal equation for TE << TR (Equation (2.87)), varying the

inversion time, TI while keeping TR and TE constant results in a signal varying according

to the T1 time constant. The signal equation becomes

S(TI) = S0
(
1− 2e−TI/T1 + e−TR/T1

)
. (3.3)

If we acquire several images with varying inversion times, we can fit the change in signal to

Equation (3.3), yielding an inversion recovery curve (Figure 3.3).

The inversion recovery method is considered the gold standard for measuring T1 in

spectroscopy [48], however it is slow and doesn’t allow for simultaneous T2 measurements.

There are several other methods for measuring T1 (e.g. Look and Locker [153] or

DESPOT1 [46, 52]). However, for the purposes of this dissertation, only a saturation

recovery method was used so that simultaneous T1 and T2 measurements could be made.

3.1.2 T1 in Tissue

The T1 relaxation time is related to the magnetic interaction of spins with the lattice

of surrounding molecular structures. This interaction is akin to friction, where the T1
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Figure 3.3: Inversion recovery curve for S0 = 1, T1 = 1.5 s, TR = 10 s and TI values ranging
from 0 to 5 s.

depends on both the distribution of the lattice and the molecular tumbling of the water.

Water in macromolecules is constrained by a large lattice and has limited mobility. Free

water has increased mobility but no structured lattice to transfer its energy. In both cases,

T1 times are relatively long. In soft tissue, water mobility and the surrounding lattice

of macromolecules conspire to increase the longitudinal relaxation rate (R1 = 1/T1) and

shorten the T1 relaxation time. In this context, we expect longer T1 times for tissue in which

the lattice size has decreased and the water mobility has increased (e.g. demyelinated

white matter, inflammation, or axonal loss). In contrast, we expect shorter T1 times in

healthy myelinated white matter and pathological tissue with iron deposition or increased

macrophage activity.

T1 is generally longer in grey matter than white matter. Shorter T1 times have been

attributed to the presence of myelin in healthy white matter which, in the adult human

brain, accounts for approximately one-quarter the wet mass and one-half the dry mass in

myelinated white matter [126]. At the lipid-water interfaces of myelin, there is a rapid

exchange of magnetization between the lipids in myelin and the surrounding free water

[126].

In damaged or diseased white matter, there are many factors which may increase T1

relaxation constant, including demyelination, inflammation, gliosis, edema, and axonal and
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neuronal loss [173]. There are also factors which may shorten T1, such as iron deposition

or macrophage activity [184, 23]. Thus, while lipids in myelin may play a large role in

shortening T1 times in healthy tissue, T1 in damaged tissue has less specificity.

Guilfoyle et al. conducted in vivo T1 measurements at 7 T, and found T1 = (1503± 56)

ms in the corpus callosum (white matter), T1 = (1632±52) ms in the retrosplenial granular

cortex (grey matter), and T1 = (1767± 70) ms in the hippocampus (grey matter) of 6-week

old healthy mouse brains [85].

The existence of different tissue compartments suggests that we should be able to mea-

sure multiple components of T1. However, the slow longitudinal relaxation rate relative to

the rate of diffusion and magnetization exchange between compartments makes detecting

multicomponent T1 difficult [132, 142, 230].

3.1.3 Measuring T2

We can take the spin echo pulse sequence (Figure 2.15) and apply additional π-pulses at

t = mτ for m = 3, 5, 7,... The resultant series of spin echo images at t = nτ for n = 2, 4,

6,... will be weighted by the T2 time constant. The multiple spin echo signal (Figure 3.4)

decays according to the spin echo signal equation (Equation (2.86)). For constant TR, this

becomes

S(nτ) = S0e
−nτ/T2 + C for n = 2, 4, 6, 8, . . . (3.4)

where C represents a baseline value due to the Rician noise threshold at low signal.

In 1954, Carr and Purcell extended Hahn’s spin echo pulse sequence to acquire multiple

spin echoes [39], however their measurements had low reproducibility. For an imperfect

π-pulse, some of the magnetization remains along the longitudinal axis. After a subsequent

π-pulse, a stimulated echo will form due to this stored magnetization. In the original pulse

sequence, the π/2x- and πx-pulse were both applied along the same axis. This introduces

a cumulative error due to stimulated echoes that rotates the magnetic moment vectors out

of the transverse plane [27]. As a solution, Meiboom and Gill proposed a phase-shifted

πy-pulse [163], thus recovering the magnetization with every second imperfect πy-pulse.
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See Figure 3.4 for what is now known as the Carr-Purcell Meiboom-Gill (CPMG) pulse

sequence.
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Figure 3.4: Multiple spin echo signal.

We can calculate the single component T2 decay curve (Figure 3.5) by fitting the signals

from a CPMG pulse sequence to Equation (3.4).

Additional Considerations for Measuring T2

Besides phase-shifting the π-pulse, stimulated echoes can be reduced by using composite

refocusing pulses, replacing the πy-pulse with a series of pulses, such as a π/2x− πy − π/2x

chain of block pulses [70].

Slice-selective shaped pulses and non-selective hard pulses will excite protons outside of

the slice. To suppress signal from outside the slice and reduce stimulated echos, alternating

sign and decreasing amplitude spoiler gradients that bracket each successive π-pulse can be

used [193].
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Figure 3.5: Single component T2 decay curve for T2 = 40 ms and TE values from 0 to 200
ms.

Magnetization transfer effects can also reduce the detected signal. RF pulses that are

on-resonance for the slice being imaged will be off-resonance in adjacent slices. These

off-resonance RF pulses can saturate the magnetization in macromolecular protons. This

saturated magnetization is then transfered to the on-resonance liquid pool, decreasing the

available magnetization for imaging [258]. The easiest way to reduce signal loss due to mag-

netization transfer is to limit the acquisition to a single-slice. As an aside, we can model the

behaviour of magnetization transfer to understand better the influence of macromolecular

protons (see Section 3.3).

3.1.4 Multicomponent T2 Analysis

A single component T2 decay curve is often an over-simplification in tissue. In reality,

the signal measured in a voxel of tissue might consist of several compartments with differ-

ent concentrations and T2 components. For example, in a voxel containing myelin water,

intracellular water, and extracellular water, we could represent the measured signal as

S(TE) = Sme
−TE/T2,m + Siee

−TE/T2,ie (3.5)
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Where T2,m and T2,ie are the T2 components of the myelin water and intra-/extra-cellular

water (typically similar in value) and Sm and Sie are there respective signal amplitudes.

The detected signal decay curve for T2,m = 15 ms and T2,ie = 50 ms is shown in Figure 3.6.
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Figure 3.6: Multicomponent T2 decay curve for T2,m = 15 ms and T2,ie = 50 ms. Relative
signal contributing to total detected signal was Sm = 0.3 and Sie = 0.7.

In order to extract these compartments, multicomponent analysis of the T2 decay curve

is applied. We can describe the T2-decay curve using M T2 time coefficients (T2j) with

corresponding relative amplitudes (sj). Given N spin echo measurements at echo times,

TEi, the decay curve, yi can be expressed as:

yi =
M∑
j=1

sje
−TEi/T2j . (3.6)

If we define the components of an MxN matrix, A to be

aij = e−TEi/T2j (3.7)

then Equation (3.6) can be expressed as y = As, or in matrix notation,
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

y1

y2

y3
...

yM


=



a11 a12 · · · a1N

a21 a22 · · · a2N

a31 a32 · · · a3N
...

...
...

...

aM1 aM2 · · · aMN





s1

s2

s3
...

sN


(3.8)

In order to account for the Rician noise threshold, a baseline signal value, C, needs to be

incorporated as well [113].



y1

y2

y3
...

yM


=



a11 a12 · · · a1N 1

a21 a22 · · · a2N 1

a31 a32 · · · a3N 1
...

...
...

...
...

aM1 aM2 · · · aMN 1





s1

s2
...

sN

C


(3.9)

Non-Negative Least Squares Solution

A non-negative least squares algorithm (NNLS) can be used to solve for the sj values

in (3.9) [265]. This creates a fixed number of discrete T2 amplitudes corresponding to a

minimization of the χ2
min-value of the estimated decay curve, As and detected signal, y

χ2
min =

N∑
i=1

([As]i − yi)
2

σ2
i

(3.10)

where σi is the standard deviation of the noise for each component of the detected signal.

If the differences between [As]i and yi are solely due to noise, then ([As]i − yi)
2 = σ2

i

and

χ2
min =

N∑
i=1

σ2
i

σ2
i

= N (3.11)

The non-regularized NNLS method is sufficient for the analysis of a region of interest,

where T2 components are first fitted to individual voxels and then analyzed as a distribution

of voxel values [29].
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Regularized Nonnegative Least Squares Solution

When calculating the decay curve based on the mean signal from a region of interest, it is

desirable to create a continuous T2 distribution as opposed to a few discrete T2 components.

To do this, the NNLS algorithm is regularized to create a smooth distribution. We can define

the regularized signal as

yreg = As+ µHs (3.12)

where µ is the regularization parameter that determines the broadening of the T2 distribu-

tion and H is an MxN identity matrix [113],

H =



1 0 0 · · · 0

0 1 0 · · · 0

0 0 1 · · · 0
...

...
...

...
...

0 0 0 · · · 1


(3.13)

The χ2-value for the regularized NNLS solution becomes,

χ2 =
N∑
i=1

([As+ µHs]i − yi)
2

σ2
i

. (3.14)

To smooth the T2 distribution, we can find a value for µ > 0 according to a misfit of the

χ2-value relative to the non-regularized χ2
min-value. A value for µ is typically found for

1.02χ2
min ≤ χ2 ≤ 1.025χ2

min. We can solve for µ by minimizing the error function,

Ξ =
(
χ2 − 1.025χ2

min

)2
(3.15)

The results of a non-regularized NNLS and regularized NNLS solution are shown in

Figure 3.7.
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Figure 3.7: Multicomponent T2 decay curve for T2,m = 15 ms and T2,ie = 50 ms at echo
times from 6 to 192 ms and a 6 ms echo time spacing. Relative signal contributing to
total detected signal was Sm = 0.3 and Sie = 0.7. Random Rician noise was added to the
signal, yi for a signal-to-noise ratio of 100. Non-regularized and regularized NNLS solutions
are shown to the right. T2j has M = 120 bins logarithmically spaced from 5 to 200 ms.
Regularized NNLS was performed with χ2 = 1.025χ2

min.

Noise, Echo Spacing, and Reproducibility

Noise and echo spacing can significantly affect the accuracy of multicomponent T2 (mcT2)

distributions [82, 115, 60, 29]. Based on a typical T2 acquisition with 32 echoes and TE = 10

ms, Graham et al. determined a minimum SNR of 700 is required to identify the short-T2

component associated with myelin water [82]. The influence of noise can be reduced by

the application of spatial filters, such as the anisotropic diffusion filter [113, 115] or by

calculating metrics using a histogram of non-regularized NNLS T2 distributions calculated

from individual voxels [29]. Optimal echo time spacing can also improve the SNR and

determination of the short-T2 component, with the optimal TE decreasing as the short-T2

component decreases [60].

The reproducibility of mcT2 measurements is an important consideration. Vavasour et

al. imaged 5 healthy controls 5 times over the course of a year [259]. They found significant

variability between subjects. This variability was attributed to biology and not signal noise,

suggesting that mcT2 studies might require large sample sizes and significant differences
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in biology to differentiate groups. In a similar study, Levesque et al. found moderate

reproducibility in healthy subjects, suggesting a minimum of 32 patients for longitudinal

studies [146].

Multicomponent T2 Metrics

Using a histogram of non-regularized NNLS T2 distributions or a single, regularized NNLS T2

distribution, we can estimate the number of distinct compartments in the tissue based on the

number of peaks and calculate the water fractions and geometric means of the associated T2

values. In healthy white matter, decomposition of the decay curve identifies two components

with T2 values of 10–20 ms and 50–100 ms, respectively [266]. In our example, there are two

peaks: one at T2 = 15 ms, associated with water in the myelin bilayers, and one at T2 = 50

ms, associated with water in the intracellular and extracellular water environments. Based

on the width of the distributions, we might associate the myelin water distribution with all

T2j-values ranging from T2jmin = 5 ms to T2jmax = 30 ms. Likewise, we might associate

the intra-/extratracellular water distribution with all T2j-vales range from T2jmin = 30 ms

to T2jmax = 100 ms. We can then define the water fraction as,

WF =

jmax∑
j=jmin

sj

M∑
j=1

sj

(3.16)

and the geometric mean of the T2j values as [27],

gmT2 = exp


jmax∑
j=jmin

sjlogT2j

jmax∑
j=jmin

sj

 (3.17)

The water fraction of the short-T2 distribution is often called the myelin water frac-

tion (MWF). We can call the water fraction of the intermediate-T2 distribution the intra-

/extracellular water fraction (IEWF). The geometric means of the short- and intermediate-

T2 distributions will be called T2m and T2ie respectively.
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3.1.5 T2 in Tissue

The short-T2 distribution has been linked to myelin water in a number of studies [166,

135, 138, 157, 266, 156, 128]. Three studies from the same group compared post mortem

samples of MS brains. Samples were stained with luxol fast blue (LFB), which is sensitive

to myelin, and subsequently imaged with an mcT2 sequence [166]. LFB-stained images

registered to MWF maps demonstrated strong correlation between optical density of the

LFB stain (related to myelin content) and the MWF at 1.5 T (R2 = 0.67) (0.45 − 0.92)

[135] and 7 T (R2 = 0.78 (0.56− 0.95)) [138]. In both studies, correlations included regions

of grey matter, normal appearing white matter (NAWM), and lesions.

In vivo human studies have had similar findings. The MWF in healthy human brains is

larger in white matter than grey matter, with the difference attributed primarily to myelin

content [157, 266, 156]. Likewise, white matter in healthy human spinal cords has larger

MWF values than white matter in the brain (brain MWF = 11.3% [266, 178]) that varies

based on the level (cervical MWF = (21.8 ± 2.1)%, thoracic MWF = (24.3 ± 3.6)%, and

lumbar MWF = (11.4±6.4)%) [165]. In demyelinating diseases such as MS, lesions form due

to inflammation, demyelination, and axonal damage. Reduced MWF has been observed in

both lesions and normal appearing white matter of MS patients [134, 178, 127, 250]. Also,

the presence of a long-T2 component (200 ms < T2l < 800 ms) may suggest vacuolation or

increased extracellular water in MS lesions and NAWM [137].

In a study of normal and injured rat sciatic nerves, Webb et al. found a similar cor-

relation between histological measurements of myelin content (light microscopy of 1-µm

thick cross-sections stained with toluidine blue) and the MWF [263]. While the short-T2

component was found to be a good estimate of total myelin content, it was unable to distin-

guish intact myelin from myelin debris. Short-T2 components have been found in rat spinal

cords (MWF = (32± 3)%) [129], trigeminal nerves (MWF = (19± 3)%) [55], sciatic nerves

(MWF = (28± 4)%) [263, 229, 177], and glioblastoma (glioblastoma MWF = (6.8± 6.2)%

compared to grey matter MWF ≈ 0) [57]. Short-T2 was also observed in mouse spinal cords

(MWF = (31 ± 1)%)[162], the corpus callosum of guinea pigs (MWF = (28 ± 6)%) [72],

bovine optic nerves (MWF = (32±3)%) [228], and the sciatic nerve of African clawed toads
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(MWF = (27± 7)%) [56].

We can understand the T2 value found from a monoexponential fit as a combination

of the different T2 components relative to the size of their respective water fractions. In

the case of healthy white matter, MWF is relatively large, and the mean T2 value will

be relatively small compared to the surrounding grey matter. In a T2-weighted image,

this leads to darker regions of voxels corresponding to white matter tracts. In the case

of demyelination (decreased MWF) or increased extracellular water (increased IEWF), the

mean T2 value will increase. In a T2-weighted image, this leads to bright region of voxels

corresponding to an MS lesion.

Ideally, multicomponent T2 will reveal the underlying tissue compartments. However,

magnetization exchange due to diffusional motion might limit its specificity, particularly

in short-T2 compartments that are relatively small and have relatively fast exchange. In a

compartmental study of T1 and T2 in rat brain and trigeminal nerve, Does and Gore found

three distinct T1−T2 components in the trigeminal nerve but only mono-exponential T1−T2

components in the corpus callosum where, given the myelin content, a short-T2 component

would be expected [55]. This can be attributed to relatively fast exchange between intra-

and extracellular water. In a study of different white matter regions in rat spinal cord,

Dula et al. also found differing myelin water fractions despite similar myelin content in

histology [61]. These discrepancies were attributed to smaller myelin water compartments

and larger intercompartmental water exchange, both proportional to average fiber thickness.

As intercompartmental water exchange increases, T2 components shift to shorter T2 values

and measured myelin water fractions decrease. Thus, white matter with smaller axon

diameters and thin myelin sheathes may underestimate the myelin content and T2 times

[61]. In a follow-up study, numerical simulations and in vivo measurements of the rat spinal

cord demonstrated that regional differences in exchange, mediated by differences in axon

radii and myelin sheath thicknesses, sufficiently accounted for variations in measured MWF

[93].

The influence of intercompartmental exchange on T2 is controversial. While the two

studies mentioned above determined intercompartmental exchange had a large effect in rat

spinal cord [61, 93], Kalantari et al. determined intercompartmental exchange only has a
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a small effect in human brain white matter (< 15%) [120]. Despite similarities in MWF

measurements, lower myelin content in the human corpus callosum relative to the rat spinal

cord might lead to different exchange properties and help explain their different conclusions

[93, 120]. Nevertheless, it is reasonable to hypothesize that myelin water measurements in

the mouse corpus callosum, with axon diameters and myelin thicknesses much smaller than

those found in the rat spinal cord, will be even more strongly influenced by intercompart-

mental exchange. This may also explain mono-exponential T1 − T2 components previously

observed in the rat corpus callosum [55].

3.2 Diffusion Tensor Imaging

Although hinted at in the discussion of T2, the influence of molecular self-diffusion has yet

to be addressed explicitly. We will now cover how diffusion can be measured directly with

MRI and how it can be interpreted in relation to the structure of different tissues.

3.2.1 Molecular Self-Diffusion

Molecules in a liquid undergo random motion at thermal equilibrium, called Brownian

motion. Brownian motion is responsible for molecular diffusion. Unrestricted diffusion of a

molecule can be described by its mean-squared displacement [62], which in one-dimension

is:

〈x(t1)x(t2)〉 = 2D(t2 − t1) = 2D∆ (3.18)

where the proportionality constant, D, is called the diffusion coefficient and has dimensions

of distance squared per unit time (e.g., mm2/s or µm2/ms). t1 is the initial time, t2 is

the final time, and ∆ = t2 − t1 is the diffusion time over which diffusion is measured. In

three-dimensions, the position vector is r = [x y z] and the mean-squared displacement

becomes:
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〈r(t1)r(t2)〉 = 2∆


〈x1x2〉 〈x1y2〉 〈x1z2〉

〈y1x2〉 〈y1y2〉 〈y1z2〉

〈z1x2〉 〈z1y2〉 〈z1z2〉

 = 2∆


Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz


︸ ︷︷ ︸

D

(3.19)

D is called the diffusion tensor. If diffusion is unrestricted (as in bulk water), all of the

non-diagonal terms in D go to zero, and Dxx = Dyy = Dzz. This, however, is not the case

for restricted diffusion. In biological tissues, diffusion of water molecules is affected by the

presence of macromolecules, organelles, cell membrane, and other cellular and subcellular

structures [24]. These obstacles can severely restrict the molecular displacement. By mea-

suring the diffusion coefficient in multiple directions, we can construct a diffusion tensor,

D and deduce the underlying cellular structure of the tissue.

In the case of axonal bundles, water moves more freely parallel to the axonal bundles.

Thus, in a voxel of axons pointing in primarily the same direction, we expect the diffusion

coefficient, D, to be largest in that direction. This is known as anisotropic diffusion. In a

voxel that contains non-directional cells, water is equally likely to diffuse in any direction,

thus resulting in isotropic diffusion. See Figure 3.8.

λ⊥

λ//

Anisotropic Diffusion Isotropic Diffusion

Figure 3.8: Anisotropic diffusion in axonal bundles is characterized by larger axial diffusion
(λ‖) than radial diffusion (λ⊥). Isotropic diffusion is equivalent in all directions.
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3.2.2 Bloch-Torrey Equation

Previously, the Bloch equation was solved assuming no diffusive motion Equation (2.21).

In 1956, Torrey introduced a diffusivity coefficient, D to account for the self-diffusion of

molecules at thermal equilibrium [247]:

∂

∂t
M(r, t) = γM ×B − Mxx̂+Myŷ

T2
− (Mz −M0) ẑ

T1
+D∇2M . (3.20)

If we neglect relaxation and consider just the transverse magnetization, this reduces to [247]

d

dt
M(r, t) = γM ×B +D∇2M . (3.21)

We can define the time-dependent magnetic field along the z-direction as B = r ·G(t)ẑ.

After a π/2-pulse, the equation for the transverse magnetization becomes [232],

∂

∂t
Mxy(r, t) = −iγ (r ·G)Mxy +D∇2Mxy. (3.22)

For D = 0 (no self-diffusion), this has the solution

Mxy(r, t) = Ae−iγr·
∫ t

0 G(t′)dt′ . (3.23)

If we assume that diffusion is time-dependent but spatially invariant, A → A(t) where

A(t) represents the effect of diffusion on the transverse magnetization. Substituting Equa-

tion (3.23) into Equation (3.22) yields a differential equation for A(t)

∂

∂t
A(t) = eiγr·

∫ t
0 G(t′)dt′

(
A(t)e−iγr·

∫ t
0 G(t′)dt′

)
(3.24)

Applying the natural logarithm to both sides and solving for lnA(t) gives us an equation

representing signal loss due to diffusion [87]

ln

(
A(t)
A(0)

)
= −γ2

[∫ t

0

(∫ t′

0
G(t′′)dt′′

)
·
(∫ t′

0
G(t′′)dt′′

)
dt′
]
D (3.25)

If we define the k-space vector, k(t′) to be
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k(t′) = γ

∫ t′

0
G(t′′)dt′′ (3.26)

Equation (3.25) becomes

ln

(
A(t)
A(0)

)
= −

(∫ t

0
k(t′) · k(t′)dt′

)
D. (3.27)

This is further simplified by defining the diffusion-weighting factor, b

b(t) =
∫ t

0
k(t′) · k(t′)dt′. (3.28)

If we now equate the time-dependent diffusion-weighted signal, S(t) to A(t) and the sig-

nal without diffusion-weighting, S0 to A(0), we are left with the familiar expression for a

diffusion-weighted signal,

S(t) = S0e
−b(t)D (3.29)

Based on this equation, we can see that the application of time-dependent gradient magnetic

fields (encoded in b) will influence the signal proportional to the diffusivity constant, D.

3.2.3 Pulsed Gradient Spin Echo (PGSE) Signal

Measuring diffusion with a pulsed gradient spin-echo (PGSE) was first proposed by Stejskal

and Tanner in 1965 [232]. The PGSE (or Stejskal-Tenner) sequence applies two motion-

sensitizing gradient pulses before and after the π-pulse in a spin echo sequence. S0 in

Equation (3.29) is proportional to the spatially encoded spin echo signal (Equation (2.86))

and the diffusion-weighted signal becomes:

S(TE) = M0
z

(
1− e−TR/T1

)
e−TE/T2e−b(TE)D (3.30)

Varying the diffusion-weighting factor, b while keeping TR and TE constant results in

a series of diffusion-weighted images that vary solely due to b and D. In this case, we

can treat everything preceding e−bD as a constant, so that the signal equation is, once
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again, Equation (3.29). Signal attenuation is a function of the diffusion-weighting factor,

b. Thus, as b is varied, the observed signal changes and the diffusion coefficient, D, can be

determined.

3.2.4 PGSE Sequence with Rectangular Gradients

Figure 3.9 illustrates a PGSE pulse sequence with rectangular gradient pulses equally spaced

on either side of the π-pulse. The diffusion-weighting gradients are described by their

gradient amplitudes (g), gradient pulse durations (δ), and the time interval between gradient

pulses (∆). The first gradient pulse creates a spatially dependent phase shift along the z-

direction. The second gradient pulse induces a spatially dependent phase shift on the

reversed magnetization M , refocusing the phases. For static molecules, the second gradient

will refocus the phases perfectly and there will be no change in the spin echo signal at

t = TE . For molecules undergoing Brownian motion, some of the particles will have moved

between pulses. Refocusing will be imperfect and the introduced phase difference will cause

a loss in signal.

The net phase difference caused by the pulse sequence, ∆Φ is given by:

∆Φ = γgδ(ε2 − ε1) (3.31)

where ε1 and ε2 represent random displacements due to diffusion between the first and

second gradients [244]. For individual static spins, ε1 = ε2 and ∆Φ = 0. For individual dif-

fusing spins, ε1 6= ε2 and ∆Φ 6= 0. In an ensemble of diffusing spins, the phase accumulation

is zero but the signal is attenuated due to the random phase shifts of the individual spins.

In an ensemble of spins experiencing just coherent motion (e.g. flow), there is a phase shift

but no signal attenuation.

The rectangular gradient pulses in Figure 3.9 can be described by G(t),
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Figure 3.9: Pulsed gradient spin echo pulse sequence. Phase for a simple 3x3 system of
magnetization vectors is represented by the arrows. The second gradient rephases the
magnetization vectors, yielding a diffusion-weighted spin echo signal. Signal attenuation is
proportional to the amount of diffusive motion that occurs between the two gradients.
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G(t) =



−gẑ for 0 < t < δ

0 for δ < t < ∆

+gẑ for ∆ < t < δ + ∆

0 otherwise


. (3.32)

The corresponding k-space vector, k(t), becomes

k(t) =



−gtẑ for 0 < t < δ

−gδẑ for δ < t < ∆

−g(δ + ∆− t)ẑ for ∆ < t < δ + ∆

0 otherwise


(3.33)

yielding a diffusion-weighting factor, b(TE)

b =
∫ TE

0
k(t)·k(t)dt = γ2

∫ ∆+δ

0
k2(t)dt = γ2g2

(∫ δ

0
t2dt+

∫ ∆

δ
δ2dt+

∫ ∆+δ

∆
(δ + ∆− t)2 dt

)
.

(3.34)

After simplification, b(TE) becomes

b = γ2g2δ2
(

∆− δ

3

)
. (3.35)

Alternatively, trapezoidal gradient pulses with a ramp rise time, ε will give a b-value of [15]

b = γ2g2
[
δ2
(

∆− δ

3

)
+ ε3

30 −
δε2

6

]
. (3.36)

Imaging gradients on either side of the π-pulse will also contribute to the effective b-

value. For example, the slice-selective gradient applied during the π-pulse in Figure 2.15

will increase the effective diffusion weighting by gsliceẑ. Using Equation (2.68), a slice

∆z = 1mm thick can be refocused using a ∆f = 3420Hz Hermite pulse, requiring a gradient

strength of gslice = 0.0803T/m. Applied for 500 µs on either side of the π-pulse (with δ

and ∆ both equal to 500 µs), gslice will increase the b-value by 0.038 s/mm2. In reality,

gslice will rarely be exactly along the z-direction and will vary depending on the precise
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slice desired in a subject. The acquisition software calculates effective b-values based on a

b-value defined by the user plus any imaging gradients applied for the desired slice.

3.2.5 Calculating the Apparent Diffusion Coefficient

To determine D in the z-direction, we can obtain multiple images using the PGSE pulse

sequence while varying the gradient pulse strengths in the z-direction. From equations

(3.29) and (3.28), it follows that

ln(Si) = −biD + ln(S0) (3.37)

Plotting ln(Si) versus bi yields a straight line with y-intercept ln(S0) and slope −D

(Figure 3.10). S0 is the expected signal with no gradients applied. D represents the apparent

diffusivity of the sample in the same direction as G.

0 200 400 600 800 1000 1200 1400
17.4

17.5

17.6

17.7

17.8

17.9

18

18.1

bi (s/mm2)

ln
(S
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y-intercept ln(S0)

Figure 3.10: Plot of ln(Si) vs. bi for 8 different gradient strengths.

If we are only interested in the apparent diffusivity along a specific direction, we can solve

for D by acquiring one image without any diffusion-weighting gradients (b = 0⇒ ln(S1) =

ln(S0)) and one image with diffusion-weighting gradients applied along the direction of

interest (b > 0⇒ ln(S2) = ln(S0)− bD), assuming the decay curve is monoexponential. In
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this simple scenario, D is then

D = [ln (S1)− ln (S2)]
b

(3.38)

We can extend this to calculate the mean apparent diffusivity in a voxel by acquiring one

image at b = 0 (S0) and three images at b > 0 with gradients applied in three orthogonal

directions (e.g. x, y, and z). If we calculate D in this manner along three orthogonal

directions (Dx, Dy, and Dz), we can calculate the mean apparent diffusivity in a voxel:

〈D〉 = (Dx +Dy +Dz) /3 (3.39)

Mean diffusivity has been a particularly effective measure in the early diagnosis of stroke,

where 〈D〉 is significantly lower in the region of a stroke [262]. However, it only describes the

magnitude of the apparent diffusivity with no information about its directionality. In order

to describe both the magnitude and directionality of diffusion, a tensor model is necessary

[15].

Diffusion-weighted imaging with MRI was first demonstrated by Le Bihan et al in 1986

[140]. It is important to note that diffusivity in tissue is not truly Gaussian in nature,

thus the diffusion coefficients are reported as “apparent”, where the Gaussian model is

assumed. The unrestricted diffusion in bulk water is very different from diffusion taking

place in tissue, which can be composed of multiple compartments with different diffusion

coefficients, geometries, cell membrane permeabilities, T2 relaxation rates, and extracellular

tortuosities. Models that don’t assume Gaussian diffusion are briefly discussed in Section

3.2.9.

3.2.6 Determining the Effective Diffusion Tensor

The Diffusion Tensor and b-Matrix

In 1994, Basser introduced a technique for determining the effective diffusion tensor with

MRI [15]. By obtaining diffusion-weighted images in 6 or more gradient directions, we can

construct a 3-dimensional representation of diffusion in a voxel – the apparent diffusion
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tensor,

D =


Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

 . (3.40)

The diffusion-encoding gradients can be described in a 3x3 matrix, b, constructed from b

(Equation (3.28)) and the normalized gradient directions [gx gy gz].

b = b


gx

gy

gz


[
gx gy gz

]
= b


g2
x gxgy gxgz

gygx g2
y gygz

gzgx gzgy g2
z

 =


bxx bxy bxz

byx byy byz

bzx bzy bzz

 (3.41)

If we assume diffusion is the same either way along a gradient direction, D and b are

symmetric and we can equate their off-diagonal terms:

Dxy = Dyx Dxz = Dzx Dyz = Dzy

bxy = byx bxz = bzx byz = bzy (3.42)

This reduces the diffusion tensor to 6 unknown parameters: Dxx, Dyy, Dzz, Dxy, Dxz, and

Dyz. The diffusion-weighted signal equation (Equation (3.37)) becomes,

ln(Si) = −bi : D + ln(S0) (3.43)

where bi : D is the double dot product of bi and D,

bi : D = bxxiDxx + byyiDyy + bzziDzz + 2bxyiDxy + 2bxziDxz + 2byziDyz (3.44)

Solving for the diffusion tensor and ln(S0) requires at least 7 independent measurements:

one measurement with b = 0 for ln(S0) and at least 6 measurements with b > 0 along at

least 6 independent gradient directions.
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Linear Least-Squares (LS) Fit

The linear least-squares fit of Equation (3.43) can be written as a matrix equation for N ≥ 7

diffusion-weighted experiments,



ln(S1)

ln(S2)

ln(S3)

ln(S4)

ln(S5)
...

ln(SN )


︸ ︷︷ ︸

S

= −



bxx1 byy1 bzz1 2bxy1 2bxz1 2byz1 1

bxx2 byy2 bzz2 2bxy2 2bxz2 2byz2 1

bxx3 byy3 bzz3 2bxy3 2bxz3 2byz3 1

bxx4 byy4 bzz4 2bxy4 2bxz4 2byz4 1

bxx5 byy5 bzz5 2bxy5 2bxz5 2byz5 1
...

...
...

...
...

...
...

bxxN byyN bzzN 2bxyN 2bxzN 2byzN 1


︸ ︷︷ ︸

B



Dxx

Dyy

Dzz

Dxy

Dxz

Dyz

ln(S0)


︸ ︷︷ ︸

d

(3.45)

S is the vector containing the logarithms of the measured signal intensities. d is the vector

containing the diffusion tensor components and ln(S0). If B is symmetric, we can find it’s

inverse and solve for d

d = B−1S (3.46)

If B is not symmetric, we can solve for d by first calculating the Moore-Penrose pseudoin-

verse of B, B+

B+ = [BTB]−1BT . (3.47)

The solution for d is then

d = B+S (3.48)

Weighted Linear Least-Squares (WLS) Fit

In the presence of noise, the logarithm of the signal introduces an uncertainty proportional

to 1/Si [123]. In order to account for this uncertainty, a weighted linear-least squares fit
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gives more weight to high Si values. A diagonal N ×N covariance matrix containing signal

strength and relative noise can be introduced [15],

Σ−1 =



S2
1/σ

2
1 0 · · · 0

0 S2
2/σ

2
2 · · · 0

...
... . . . ...

0 0 · · · S2
N/σ

2
N


(3.49)

where σi is the standard deviation of a noise region in each image. The solution for d is

then [15],

d =
(
BTΣ−1B

)−1 (
BTΣ−1

)
S (3.50)

Non-Linear Least-Squares (NLS) Fit

If we use the weighted linear least-squares solution for d as a starting point, we can further

refine d by applying a non-linear least-squares fit. This accounts for the fact that symmetric

noise in Si is assymetric in ln(Si). A solution for d is found by minimizing the sum of squares

difference between the measured and estimated signals,

min
N∑
i=1

(
Si − S0e

−bi:D
)2

(3.51)

Constrained Solutions for Positive Definiteness

In the presence of noise or high anisotropy, sometimes the generated diffusion tensor will

yield negative eigenvalues or a fractional anisotropy greater than 1, both of which are

physically impossible. To address this, diffusion tensors that are not positive definite can

be modified using the Cholesky decomposition to ensure physical values [125].

The diffusion tensor is positive definite if it meets the following three criteria [124]:

1. Dxx > 0

2.
(
DxxDyy −D2

xy

)
> 0
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3. det(D) > 0

If D is not positive definite, it can be made so using the Cholesky parameterization. In

order to create a positive definite matrix, the Cholesky parameterization creates an upper

triangular matrix with non-zero diagonal elements [124],

R =


R0 R3 R5

0 R1 R4

0 0 R3

 . (3.52)

Using this parameterization, Dp = RTR becomes a positive definite matrix. In order

to make D positive definite, we can search for a matrix E using the modified Cholesky

decomposition such that Dp = D+E [75]. In comparison with linear least squares fitting,

Koay et al. demonstrated that non-linear least squares fitting resulted in fewer non-positive

definite diffusion tensors [124]. In addition, constraining the diffusion tensors to be positive

definite resulted in lower mean squared errors when estimating fractional ansiotropy and

mean diffusivity [124].

Gradient Directions and Noise

In order to improve the noise performance and accuracy of diffusion tensor images, more

than 6 gradient directions can be used. There are several papers that analyze the influence

of different gradient encoding schemes on accuracy [216, 97, 17, 116]. These schemes range

from 6 directions to over 100 directions. One measure of an encoding scheme’s relative

performance is the condition number, κ = ‖B‖|B−1‖, where ‖B‖ is the matrix norm of the

B matrix. The condition number provides a bound for how much noise in the diffusion-

weighted images can propagate to noise in the diffusion tensor [17]. That is,

relative error in D
relative error in S ≤ κ (3.53)

Generally, a small condition number implies less noise propagation. In one study, the

condition number for the tetrahedral encoding scheme was 9.1479 [216]. For the tetra-

orthogonal encoding scheme (used in most of our DTI experiments), the condition number
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Table 3.1: Tetra-orthogonal gradient encoding scheme

(1,0,0) (0,1,0) (0,0,1) 1√
3(1,1,1)

1√
3(-1,-1,1)

1√
3(-1,1,-1)

1√
3(1,-1,-1)

was 1.5275.

In a Monte Carlo study comparing the noise performance of multiple gradient encoding

schemes, Jones proposed that 30 or more evenly distributed gradient encoding directions

was preferrable for robust determination of mean diffusivity, fractional anisotropy, and ten-

sor orientation [116]. For measures of just anisotropy, he deemed 20 directions sufficient.

Fiber tractography, which requires higher angular resolution, benefits from as many en-

coding directions as possible. In our case, high-resolution mouse brain images necessitated

a PGSE sequence (unlike the much faster echo-planar imaging (EPI) schemes commonly

used in human studies). Slower acquisition and multiple averages limited the number of

diffusion-weighted images that could be acquired with sufficient SNR and in a timely fash-

ion. The white matter structures studied in this paper (primarily the corpus callosum) had

a predictable geometry that didn’t vary between subjects or treatments and the same slice

was selected in each mouse. In addition, we only calculated scalar metrics of anisotropy and

didn’t require the higher angular resolution useful for fiber tractography. For all of these

reasons, a tetra-orthogonal gradient encoding scheme was chosen as a suitable compromise.

The tetra-orthogonal gradient encoding scheme consists of 7 normalized gradient direc-

tions (Table 3.1). Visually, we can see the difference between the tetra-orthogonal gradient

encoding scheme and the Jones 30 gradient encoding scheme, with 30 gradient vectors

equally distributed using Coulomb repulsion of positively charged particles on a sphere

[118] Figure 3.11.
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Tetra-orthogonal
(7 directions)

Jones 30
(30 directions)

Figure 3.11: Comparison of tetra-orthogonal and Jones 30 gradient encoding schemes.

For the tetra-orthogonal gradient encoding scheme, the signal equation becomes,



ln(S1)

ln(S2)

ln(S3)

ln(S4)

ln(S5)

ln(S6)

ln(S7)

ln(S8)



=



0 0 b1 0 0 0 1

−b2 0 0 0 0 0 1

0 −b3 0 0 0 0 1

0 0 −b4 0 0 0 1

−b5/3 −b5/3 −b5/3 −2b5/3 −2b5/3 −2b5/3 1

−b6/3 −b6/3 −b6/3 −2b6/3 2b6/3 2b6/3 1

−b7/3 −b7/3 −b7/3 2b7/3 2b7/3 −2b7/3 1

−b8/3 −b8/3 −b8/3 2b8/3 −2b8/3 2b8/3 1





Dxx

Dyy

Dzz

Dxy

Dxz

Dyz

ln(S0)



.

(3.54)

Note that the first image, S1, is acquired with no diffusion-weighting gradients, however

there is still a small b-value, b1 along the z-direction due to the imaging gradients (slice

selection and spoiling). S2 to S8 represent images encoded with high b-values (b2 to b8 >

800 s2/mm) encoded along the 7 gradient directions.
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3.2.7 Diffusion Tensor Metrics

Each voxel in the acquired image has a representative diffusion tensor. After diagonaliza-

tion, the diffusion tensor reveals information about the directionality and anisotropy of the

apparent diffusivity in the voxel element.

Eigenvalues and Eigenvectors of D

Diagonalization of D yields the eigenvalues (λ1, λ2, and λ3) and the corresponding eigen-

vectors (e1, e2, and e3). The eigenvalues are sorted so that λ1 has the largest value. D

becomes

D =


λ1 0 0

0 λ2 0

0 0 λ3

 (3.55)

Ellipsoid Representation of D

e
1

e
2

e
3

λ1

λ3 λ2

Di�usion Ellipsoid

Linear 
anisotropic

di�usion

Planar anisotropic di�usion

Isotropic di�usion

Figure 3.12: Left: Diffusion ellipsoid. Right: Ellipsoid representatations of linear
anisotropy, planar anisotropy, and spherical isotropy.

D can be represented as an ellipsoid Figure 3.12. The magnitude of the major axis is

proportional to λ1 with the minor axes proportional to λ2 and λ3. Directionality of the

ellipsoid is determined by the corresponding eigenvectors. For λ1 ≈ λ2 ≈ λ3, the ellipsoid is

spherical and diffusion is isotropic. For λ1 ≈ λ2 >> λ3, the ellipsoid is oblate and diffusion
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is planar anisotropic. For λ1 >> λ2 ≈ λ3, the ellipsoid is prolate and diffusion is linear

anisotropic.

Scalar Metrics

Scalar metrics derived from the eigenvalues of D are rotationally invariant. This inde-

pendence of coordinate system is useful for comparisons within the same subject and for

comparisons between different subjects. There are numerous detailed papers on variant

and invariant metrics derived from D [10, 11, 191, 264, 91]. Scalar metrics analyzed in this

paper include mean diffusivity, axial diffusivity, radial diffusivity, and fractional anisotropy.

Mean Diffusivity

〈D〉 = Trace(D)
3 = Dxx +Dyy +Dzz

3 = λ1 + λ2 + λ3
3 (3.56)

Mean diffusivity is the average diffusion in a voxel. 〈D〉 differentiates between cerebral-spinal

fluid (high values) and brain tissue (low values), but it fails to differentiate between different

kinds of healthy brain tissue [91]. This uniformity across normal white and grey matter in

the brain makes diseased regions with increased or decreased 〈D〉 more conspicuous [14].

Axial (λ‖) and Radial (λ⊥) Diffusivity

λ‖ = λ1 (3.57)

λ⊥ = λ2 + λ3
2 (3.58)

Axial diffusivity, λ‖ indicates the amount of diffusion running parallel to the major axis of

the ellipsoid (λ1). Radial diffusivity, λ⊥ indicates the amount of diffusion running perpen-

dicular to the major axis of the ellipsoid (λ2 and λ3). In healthy white matter with ordered

and myelinated axonal bundles, λ⊥ will be substantially smaller than λ‖ [167].
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Fractional Anisotropy (FA)

FA =
√

3
2

√
(λ1 − 〈D〉)2 + (λ2 − 〈D〉)2 + (λ3 − 〈D〉)2√

λ2
1 + λ2

2 + λ2
3

(3.59)

Fractional anisotropy (FA) is based on the standard deviation of the eigenvalues and char-

acterizes the anisotropy of the diffusion ellipsoid. FA ranges from 0 to 1 – a higher number

implies more anisotropy, with maximum anisotropy at FA = 1. While relative anisotropy

(another anisotropic metric) is linear over a wide range of diffusion anisotropy, FA is more

sensitive at low values of anisotropy and has become the most widely reported measure of

anisotropy [91, 167]. FA does not distinguish the shape of the diffusion ellipsoid, but pro-

vide useful information nonetheless. In healthy white matter with ordered and myelinated

axonal bundles, FA is high due to the directional structure of the axonal bundles. FA is

low in grey matter, where directionality is limited.

Eigenvector Colour Maps

We can represent the directionality of diffusion with an eigenvector colour map. Eigenvectors

define the orientation of the diffusion tensor, with e1 representing the direction of the major

axis. In order to visualize the direction of diffusion, we assign an (R,G,B) colour value

to the (x,y,z) components of e1, where (x,y,z) refers to the reference frame of the sample.

Furthermore, we can weight the assigned colour value with the FA value for that coordinate.

Thus,

R = abs(e1x)FA G = abs(e1y)FA B = abs(e1z)FA (3.60)

With this scheme, voxels that are predominantly red, green, or blue represent diffusion

in the x, y, or z directions, respectively. Grey or brown pixels represent isotropic regions.

The intensity of the colour becomes a measure of FA, with bright coloured regions im-

plying higher fractional anisotropy. With this method, one image can represent both the

directionality and anisotropy of diffusion in a region of tissue.
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3.2.8 DTI in Tissue

In 1990, Moseley et al. demonstrated that DWI detected cerebral ischemia in cats earlier

than T2-weighted imaging [170]. The decrease in mean diffusivity due to cerebral ischemia

was eventually attributed to water moving from extracellular compartments to intracellular

compartments (cells swelling) along with an increase in extracellular tortuosity [176]. It

is useful to describe diffusion in tissue as water diffusing in intracellular and extracellular

compartments and moving between compartments according to the permeability of the

cellular membranes [227]. This is the basis of countless diffusion simulations and often the

starting point for interpreting DTI metrics in different tissues and pathologies.

When sampled with multiple b-values, the diffusion-weighted signal can be fit to a

biexponential model (much like the T2 relaxation curve) to isolate slow and fast diffusion

components (Dslow and Dfast). Previously, Dslow ≈ 0.01× 10−3mm2s−1 has been assigned

to intracellular water and Dfast ≈ 3.9 × 10−3mm2s−1 to extracellular water [175]. These

associations, however, appear to be wrong, with intracellular diffusivity in the axoplasm

very similar to extracellular diffusivity (≈ 1.3 − 1.6 × 10−3mm2s−1) [19]. Rather, after

experimental evidence and computational models, diffusivity in tissue appears to be largely

due to the relative volume of different compartments, extracellular tortuosity (determined

by geometry), and intracellular micro-streaming [176, 18].

In general, mean diffusivity increases with increased extracellular space and tissue wa-

ter. Increased 〈D〉 has been attributed variously to edema, inflammation, axonal loss, tis-

sue necrosis, and demyelination [3]. Conversely, mean diffusivity will decrease with celullar

swelling, as in ischemia [170, 262], or increased cellularity [3]. Whether increasing or decreas-

ing diffusivity, white matter damage will generally decrease the structural coherence and

directional uniformity of axonal bundles. Thus, regardless of their trend in white matter,

changes in mean diffusivity are generally accompanied by decreased fractional anisotropy.

Fractional anisotropy has been used in numerous studies as an assessment of white

matter structural integrity and connectivity. If radial diffusivity increases or axial diffusivity

decreases, FA will decrease. FA won’t show changes when radial and axial diffusivity both

increase or decrease in equal amounts. In general, though, decreased FA has been observed
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in many different neurological disorders, including but not limited to, multiple sclerosis [98],

Alzheimer’s disease [242], schizophrenia, epilepsy, neoplasia, and hydrocephelus (see various

DTI reviews [106, 237, 3] for additional references).

Given that FA decreases when radial diffusivity increases and/or axial diffusivity de-

creases, analyzing radial and axial diffusivity might give more information about white

matter pathology. Although demyelination in the corpus callosum has been linked to in-

creased radial diffusivity [223, 171, 224, 240, 122, 35, 277], other studies have found only

marginal decreases in the anisotropy of demyelinated axonal fibres, suggesting factors such

as axonal degeneration and other physiological changes might be contributing to changes

in anisotropy [14, 171]. Rather than having a large effect on the membrane permeability,

it is likely that demyelination, along with decreasing axonal density, changes the internal

geometry of white matter tracts, thus altering the radial diffusivity by affecting the extra-

cellular tortuosity and relative volumes of the different compartments. In contrast with

radial diffusivity, decreased axial diffusivity might be a more specific marker of axonal in-

jury [240, 50, 35, 128, 36, 277], where axonal debris and cellular swelling appears to inhibit

diffusion parallel to the axonal bundles.

3.2.9 Limitations of DTI

Fiber tractography relies on the direction and magnitude of diffusion tensors to trace white

matter tracts in the brain [16, 168, 13, 117, 143, 96]. While yielding beautiful images of

white matter tracts, fiber tractography also reveals limitations in the diffusion tensor model.

In particular, voxels that contain crossing or diverging fibers are more challenging to trace

through, especially when represented by the single primary direction and magnitude of a

diffusion tensor. In these regions, a more sophisticated representation of diffusion in tissue

might be necessary.

The accuracy of DTI is inherently limited by three basic assumptions [167]:

1. Diffusion of water reflects tissue structure. In reality, diffusion is influenced by

a variety of celullar structures and membrane permeabilities. Measured diffusion will

be a function of diffusion time and represent an averaging over a voxel several orders
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of magnitude larger than individual cells and axons.

2. Diffusion-weighted signals accurately sample diffusion in a voxel. Due to

time constraints, gradient encoding will be along a limited number of gradient direc-

tions with a limited number of diffusion-weighting parameters (i.e. gradient strength,

duration, shape, and separation). In addition, there are a variety of influences that

may distort our measurements: hardware constraints; inaccurate tuning, shimming,

and RF pulse calibrations; errors specific to the pulse sequence (e.g. EPI is particularly

sensitive to eddy currents and field inhomogeneities, leading to geometric distortions);

noise and subject motion; and subvoxel variations in T1, T2, magnetization transfer

and temperature (to name a few).

3. Diffusion in a voxel is accurately represented by the diffusion tensor. In

diffusion tensor imaging, all of the diffusion-weighted signals are fit to six parameters.

Increasing the number of measurements improves the accuracy of the diffusion tensor

fit, but doesn’t increase the information. The diffusion tensor model assumes homoge-

nous tissue structure in a voxel. This, however, is not the case in most situations:

white matter contains axonal fibers as well as support cells such as oligodendrocytes

and microglia; as well, axonal fibers can cross or diverge inside individual voxels (so-

called “kissing” fibers). DTI might overestimate or underestimate actual anisotropy

at the subvoxel level.

Beyond increasing the spatial resolution, the first assumption is somewhat fixed. Diffusion

imaging can only image the random motion of water in the presence of tissue structures.

One method that can measure the underlying macromolecular structure, magnetization

transfer imaging, is discussed in Section 3.3.

The second assumption is improved by using better hardware and acquisition methods

in conjunction with more gradient-encoding directions (yielding higher angular resolution)

and varying gradient parameters (yielding higher resolution of diffusion along individual

directions). Several groups have explored the benefits of high-angular resolution diffusion

imaging (HARDI) [182, 5]. Varying the diffusion time (i.e. the gradient duration and

separation) may provide insight into different structures as short-diffusion times will reduce
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the number of barriers experienced by individual water molecules and long-diffusion times

will increase the number of barriers experienced [208, 171, 222]. More sophisticated gradient

pulse shapes such as the oscillating gradient spin echo sequence can be used to probe very

short diffusion times [208, 209, 185, 2]. Increasing the number of acquisitions will increase

the imaging time and may lead to other distortions (changes in temperature or relaxation

properties over time). In vivo imaging in particular is severely limited by how long a human

can stay in the magnet or an animal can stay under anesthetic. Subject motion also plays

a larger role as imaging time increases. Faster imaging methods and better hardware can

improve acquisition time, but may have other challenges (such as geometric distortions in

high-field EPI).

The third assumption can be addressed, in part, by analytical and numerical simulations

of diffusion in tissue which reveal the underlying structures and molecular behaviour that

might contribute to the measured signal in a voxel.

Analytical solutions exist for one dimensional systems with permeable barriers [195, 236],

two-dimensional systems with square [190] and cylindrical [255] cell geometries, and three-

dimensional cubic cell lattices [241]. Myelinated axons can be roughly approximated by

a central cylinder representing the axon surrounded by a larger cylinder representing the

myelin sheath. These cylindrical axons can be modelled in a square or hexagonal array

with different permeabilities and diffusivities assigned to the individual components (axon,

myelin sheath, and extracellular fluid) [213]. Stanisz et al. proposed a model with prolate

ellipsoids and spheres representing axons and oligodendrocytes respectively [227]. Although

limited to simple geometries, analytical solutions have the distinct advantage of speed and

a relatively small parameter space.

Numerical simulations allow more complicated geometries to be explored. Three-dimen-

sional lattices of cubic and cylindrical cells have been modelled with Monte Carlo simulations

of diffusing particles [241, 68]. More complicated geometries could be explored by intro-

ducing random variations in the spacing and size of the cylindrical axons. Alternatively,

geometries can be obtained directly from digitized histological images of myelinated and

demyelinated axons, after which Monte Carlo simulations are performed [151, 45].

The third assumption can also be addressed by more sophisticated fitting models for the
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data. Given its inherently non-Gaussian nature, diffusion in tissue might be better charac-

terized by a non-Gaussian fit. Diffusion kurtosis imaging addresses this by introducing a

shape parameter, κ that represents the deviation from a Gaussian form (called the excess

kurtosis) [111]. Spherical deconvolution [112] and multiple-tensor fitting [4] fit to multiple

fiber orientations in each voxel. More complicated (and computationally intense) fits can

be achieved using diffusion spectrum imaging or q-space imaging, where an analytical form,

such as the Gaussian distribution, is not assumed [251, 185, 8, 271].

Despite the limitations of the diffusion tensor model, it is still a powerful indicator of

white matter structural integrity. We can account for some of its limitations by using DTI

to analyze white matter tracts with axonal bundles ordered in a common direction, such as

the corpus callosum or spinal cord. It is also important to recognize what DTI metrics can

tell us about tissue pathology (overall structural integrity and directionality of fiber tracts)

and what they cannot (relative myelin content and myelin sheath integrity). Although not

reported in this dissertation, work I have done in our lab (and elsewhere) continues to look at

correlations between simulations of diffusion in white matter and actual DTI measurements.

Both the limitations and strengths of DTI motivated the search for complementary MRI

metrics in this dissertation.

3.3 Magnetization Transfer Imaging

Traditional MRI methods, such as the spin echo or gradient echo sequence, can only detect

mobile protons (liquid pool) with T2 relaxation times sufficiently long enough to allow for

some remaining signal after spatial encoding gradients are applied (i.e. T2 > 1 ms). How-

ever, less mobile protons found in macromolecules and membranes (bound pool) have a

T2 << 1 ms, making them essentially invisible to traditional methods. The RF absorption

lineshape of macromolecular spins is much broader than that of mobile spins. An appro-

priately chosen off-resonance RF pulse will selectively saturate the bound pool, which will

then transfer its magnetization via spin exchange (dipole-dipole interactions across space)

to the liquid pool (see Figure 3.13). Magnetization transfer imaging (MTI) relies on this

spin exchange to indirectly image semi-solid tissue such as myelin [100].
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Figure 3.13: Schematic of magnetization transfer (MT) from RF saturated bound pool
(∆f = 6 kHz) to liquid pool. 0 is equivalent to the Larmor frequency of the liquid pool,
ω0. Signal attentuation in the liquid pool is represented by the dashed lineshape.

3.3.1 Pulsed Magnetization Transfer Imaging

A proton density image can be acquired using a spoiled gradient echo imaging sequence

(Figure 2.8) with the the signal amplitude determined by the subject-dependent T1 and

T ∗2 relaxation times and the operator-controlled flip angle, TR, and TE (Equation (2.83)).

Minimizing the TR and reducing the flip angle, α to reduce T1-weighting, combination with

the spoiler gradients, allows us to acquired a fast proton density image, commonly known

as the Fast Low Angle Shot (FLASH) method [88].

An off-resonance RF pulse can be characterized by its offset frequency, ∆f (in Hz)

and the angular frequency it induces in the precession, ω1 (rad/s). ω1 can be determined

using its pulse envelope (Gaussian, in our case), duration (τMT ), and peak amplitude (B1).

Applying an off-resonance RF pulse prior to spoiled gradient echo sequence will result in an

image with magnetization transfer contrast (MTC) proportional to the imaging parameters

and magnetization transfer properties of the tissue (Figure 3.14).

Optimal imaging parameters (TR and α) and MT preparation pulse parameters (ω1 and
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∆f) can be determined to find the optimal contrast between white and grey matter (or some

other tissue of interest) [81]. In general, reducing TR increases the magnetization transfer

effect [81]. Optimal flip angle will be dependent on both TR and the MT preparation pulse.

∆f is usually chosen to reduce direct saturation of the liquid pool while also minimizing

the required power. Typical values for ∆f are between 1 and 6 kHz. Spoiled gradient

echo image acquisition methods are preferable to fast spin echo methods, which both re-

duce magnetization transfer because of the echo train length and introduce unwanted MT

contrast with repeated slice-selective refocusing pulses [81].

A simple metric for magnetization transfer is the magnetization transfer ratio (MTR).

In order to calculate an MTR map, two images are acquired: a proton-density image (M0)

and an RF saturated image (Msat).

MTR = M0 −Msat

M0
= 1− Msat

M0
= 1−

(
Mdir

M0
+ MMT

M0

)
(3.61)

The MTR map will include both signal loss due to direct saturation of the liquid pool

(Mdir) and true magnetization transfer (MMT ), but it can still be a good indicator of

a shrinking bound pool due to demyelination [276]. MTR is also dependent on the T1

relaxation time and is intrinsically tied to the imaging and MT pulse parameters used

during acquisition, making it more of a semi-quantitative method, but useful in a study

where the imaging parameters are held constant [100].

In order to estimate the size of the bound pool, a model describing the liquid and bound

pool in a magnetization transfer experiment is required.

3.3.2 Two-Pool Model of Magnetization Transfer

Magnetization transfer can be interpreted quantitatively using a two-pool model (Fig-

ure 3.15). At equilibrium, the liquid pool (A) has a magnetization of MA
0 and the smaller

bound pool (B) has a magnetization of MB
0 . At any time, magnetizations are either longi-

tudinal (white) or transverse/saturated (grey) in each pool. Given the broader absorption

lineshape of pool B, an off-resonance RF pulse will increase RrfB more than RrfA, saturat-
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Figure 3.14: Spoiled gradient echo sequence with MT preparation pulse defined by its
pulse envelope, duration (τMT ), amplitude, and offset frequency (∆f). A spoiler gradient
(MT Spoiler) prior to the α-pulse eliminates any residual transverse magnetization prior to
imaging.

ing pool B. After RF irradiation, the pools relax longitudinally with rates RA = 1/TA1 and

RB = 1/TB1 and also exchange magnetization with rate R [99]. Assuming time-dependent

behaviour akin to the Bloch equation, this coupled system can be represented by differential

equations for each component of the liquid pool magnetization, MA and the bound pool

magnetization, MB [37, 268, 99]:
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RA RrfA

MZ
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M0
A

RB RrfB

MZ
B

M0
B

R

Figure 3.15: Two pool model of magnetization transfer. The liquid pool (A) has a mag-
netization MA

0 normalized to unity (MA
0 = 1) and the smaller bound pool (B) has a mag-

netization MB
0 . At any time, spins are either longitudinal (white) or saturated (grey) in

each pool. Given the broader absorption lineshape of the bound pool, an off-resonance RF
pulse will primarily increase the saturation in pool B. After RF irradiation, the pools relax
longitudinally with rates RA and RB and also exchange spins with rate R.

dMA
x

dt
= −M

A
x

TA2
− 2π∆fMA

y (3.62)

dMB
x

dt
= −M

B
x

TB2
− 2π∆fMB

y (3.63)

dMA
y

dt
= −

MA
y

TA2
+ 2π∆fMA

x − ω1M
A
z (3.64)

dMB
y

dt
= −

MB
y

TB2
+ 2π∆fMB

x − ω1M
B
z (3.65)

dMA
z

dt
= RA

(
MA

0 −MA
z

)
−RMB

0 M
A
z +RMA

0 M
B
z − ω1M

A
y (3.66)

dMB
z

dt
= RB

(
MB

0 −MB
z

)
−RMA

0 M
B
z +RMB

0 M
A
z − ω1M

B
y (3.67)
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where TA2 and TB2 are the transverse relaxation times for the liquid and bound pools,

respectively.

In a steady state, Equations (3.62) to (3.67) are all equal to zero. MA,B
x becomes,

MA,B
x = −2π∆fMA,B

y TA,B2 . (3.68)

Plugging MA,B
x into MA,B

y gives:

MA,B
y = −ω1M

A,B
z TA,B2

1 +
(
2π∆fTA,B2

)2 . (3.69)

Solving for MA
z and plugging in MA

y gives,

MA
z = RAM

A
0 +RMA

0 M
B
z

RA +RMB
0 +RrfA

. (3.70)

and MB
z becomes,

MB
z = RBM

B
0 +RMB

0 M
A
z

RB +RMA
0 +RrfB

(3.71)

where

RrfA = ω2
1T

A
2

1 +
(
2π∆fTA2

)2 and RrfB = ω2
1T

B
2

1 +
(
2π∆fTB2

)2 . (3.72)

Plugging Equation (3.71) into Equation (3.70) gives an expression for MA
z /M

A
0

MA
z

MA
0

= RARB +RARM
A
0 +RARrfB +RRBM

B
0(

RA +RMB
0 +RrfA

) (
RB +RMA

0 +RrfB
)
−R2MA

0 M
B
0

(3.73)

Before proceeding any further, let’s look at some of the equations at hand. The signal

detected immediately following an RF saturation pulse is equivalent to MA
z and MA

0 is

equivalent to the signal from a proton density image without an applied RF saturation pulse.

The normalized signal intensity, MA
z /M

A
0 is equivalent to the ratio used to describe the

magnetization transfer ratio, Msat/M0 and assuming some magnetization transfer occured,

will always be ≤ 1. Assuming that the proton density in the liquid pool doesn’t change,
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MA
0 is often normalized to unity (MA

0 = 1) [99, 81]. We will, however, keep MA
0 in the

equation as per Ramani et al. to maintain dimensionality [198]. Because TB2 is very short,

the transverse coherence between the two pools is limited, and the transverse magnetization

exchange doesn’t need to be modelled explicitly [99].

The RF absorption rates of the liquid and bound pool (RrfA and RrfB) are both de-

scribed by a Lorentzian lineshape. This comes out directly from the differential equations

and, as we’ve seen from the previous Bloch equations, is a good approximation for the liq-

uid pool, where motional narrowing is prevalent [169]. The Lorentzian lineshape, however,

is inadequate when describing the broad RF absorption lineshape of the bound pool. As

an alternative, Gaussian [99] and Super-Lorentzian [169] lineshapes have been proposed as

better models for RF absorption in the bound pool. Gaussian lineshapes tend to give the

best fit for rigid systems, such as agar gels [99, 220], and Super-Lorentzian lineshapes tend

to give the best fit for partially ordered systems, such as biological tissue [169, 248]. While

numerical estimates have been used to create a flexible RF absorption lineshape [149], the

Gaussian and Super-Lorentzian lineshapes are more practical for numerical model fitting

[100].

We can define the RF absorption rate as

Rrf = ω2
1g(2π∆f) (3.74)

where g(2π∆f) is the absorption lineshape. The three lineshapes used to model the RF

absorption rate are:

Lorentzian: g(2π∆f) = T2

1− (2π∆fT2)2 (3.75)

Gaussian: g(2π∆f) =
√
π

2T2e
−(2π∆fT2)2

2 (3.76)

Super-Lorentzian: g(2π∆f) =
√

2πT2

∫ ∞
0

dθ
sinθ

|3cos2θ − 1|e
−2
[

2π∆fT2
|3cos2θ−1|

]2

(3.77)
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Figure 3.16 demonstrates the much broader Gaussian and Super-Lorentzian lineshapes at

typical T2 values for agar and brain tissue when compared to the Lorentzian lineshape at a

typical T2 value for the liquid pool.
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Figure 3.16: Full view (a), detail (b), and logarithmic scale (c) representations of the
Lorentzian (solid blue line), Super-Lorentzian (dashed red line), and Gaussian (dotted green
line) lineshapes with equal amplitudes. T2 = 50 ms and relative amplitude approaches zero
at ∆f ≈ 2 kHz for the Lorentzian lineshape, T2 = 22 µs and relative amplitude approaches
zero at ∆f ≈ 60 kHz for the Gaussian lineshape, and T2 = 7 µs and relative amplitude
approaches zero at ∆f ≈ 40 kHz for the Super-Lorentzian lineshape (values typical for agar
gel and ex vivo brain tissue).

At ∆f = 1000 Hz, almost no RF absorption occurs in the Lorentzian lineshape when
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compared to the Gaussian or Super-Lorentzian lineshapes. For ∆f ≥ 1000 Hz and TA2 ≈ 50

ms,
(
2π∆fTA2

)2
� 1 and the Lorentzian form of RrfA becomes

RrfA ≈
(

ω1
2π∆f

)2 1
TA2

(3.78)

After substituting RrfA and simplifying Equation (3.73), the normalized signal intensity

becomes,

MA
z

MA
0

= g

 RB

[
RMB

0
RA

]
+RrfB +RB +RMA

0[
RMA

0 M
B
0

RA

]
(RB +RrfB) +

(
1 +

[
ω1

2π∆f

]2 [ 1
RAT

A
2

]) (
RB +RrfB +RMA

0
)


(3.79)

where g is a scaling factor to account for small, scanner dependent differences between the

acquisition of MA
z and MA

0 , such as variations in the gain of the RF amplifier [198].

If we define the bound pool fraction as f = MB
0 /
(
MA

0 +MB
0

)
, MB

0 can be replaced

with,

MB
0 = f

1− f (3.80)

and the normalized signal intensity becomes, [198]:

MA
z

MA
0

= g

 RB

[
RMA

0 f
RA(1−f)

]
+RrfB +RB +RMA

0[
RMA

0 f
RA(1−f)

]
(RB +RrfB) +

(
1 +

[
ω1

2π∆f

]2 [ 1
RAT

A
2

]) (
RB +RrfB +RMA

0
)

(3.81)

By fitting the observed signal at various values of ∆f and ω1 to Equation (3.81), 6

unique parameters can be determined: RB, RMA
0 , f/RA (1− f), TB2 , 1/RATA2 , and g. The

fit is insensitive to RB, thus RB is fixed arbitrarily to 1 s−1 as recommended by several

groups [99, 219, 198].

Figure 3.17 shows the relative signal vs. offset frequency at different saturation ampli-

tudes. Also in Figure 3.17, if we set RMA
0 = 0, we can see the effect direct saturation of
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the liquid pool has on the relative signal. We can see how the signal loss due to both true

magnetization transfer (MMT ) and direct saturation of the liquid pool (Mdir) contributes

to the measured MTR value (see Equation (3.61)). As the offset frequency increases, Mdir

decreases and is essentially zero at ∆f = 6000 Hz.
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Figure 3.17: Two pool model of magnetization transfer. (a) Relative signal (MA
z /M

A
0 ) vs.

offset frequency (∆f = 10− 30, 000 Hz) at different saturation amplitudes (ω1 = 250, 500,
and 1000 rad/s). Curves were generated using typical qMTI parameters found in a healthy
mouse corpus callosum. (b) If we set RMA

0 = 0, we can see the effect direct saturation of
the liquid pool has on the relative signal for ω1 = 500 rad/s (dashed line). The signal loss
due to both true magnetization transfer (MMT ) and direct saturation of the liquid pool
(Mdir) contributes to the measured MTR value (see Equation (3.61)).

Modelling Pulsed Magnetization Transfer

Equation (3.81) assumes a continuous RF saturation pulse resulting in the steady state

condition. In Henkelman et al., this was accomplished with a 5 s off-resonance RF pulse

immediately followed by a π/2-pulse and signal acquisition during the free induction decay

[99]. This is impractical for magnetization transfer imaging due to time constraints and RF

heating of tissue. As a compromise, pulsed magnetization transfer imaging uses a short,

shaped (usually Gaussian) off-resonance RF pulse prior to imaging with a spoiled gradient

echo sequence.

In order to model the pulsed magnetization transfer signal, the original, time-dependent

differential equations can be solved numerically [80, 194] or by using a continuous wave ap-

proximation of the RF saturation to modify Equation (3.81) [219, 273, 198]. Sled and Pike
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approximated the effect of the MT pulse on the liquid pool as an instantaneous saturation of

the longitudinal magnetization and on the bound pool as an off-resonance rectangular pulse

[219]. Assuming that the MT pulses will be sufficiently offset to have negligible effect on the

liquid pool, Yarnykh neglected the direct saturation of the liquid pool and modeled the MT

saturation as a rectangular pulse acting solely on the bound pool [273]. Alternatively, Ra-

mani et al. calculated a continuous wave power equivalent of the short MT pulse amplitude

(ω1CWPE) that could be used to directly fit Equation (3.81). Although Sled and Pike’s so-

lution appears to model direct saturation better at ∆f < 1000 Hz [194], Ramani’s solution

appears to perform slightly better at low SNR [41], is simpler to implement, and is accurate

at the offset frequencies used in our experiments (∆f > 1000 Hz). Compared to a model

with minimum assumption, Portnoy and Stanisz concluded that all pulsed MT approxima-

tions were robust when estimating f and TB2 , while Ramani et al.’s method underestimates

RMA
0 by ≈ 15% and overestimates TA2 by ≈ 12% [194]. Both TA2 and, in particular, RM0A,

have been shown to have large variability in numerous experiments [194, 219, 198, 253].

Using Ramani’s method, ω1CWPE is defined as [198, 248, 250],

ω1CWPE = γ

√
p2θ2

p2
1T
′
Rγ

2τsat
(3.82)

where T ′R is equal to the sequence repetition time, TR, divided by the number of slices

collected per TR. p1 is the ratio of the area of a shaped pulse to the area of a rectangular

pulse of the same duration, τsat and amplitude, B1sat (also called the integral ratio). The

area of a continuous Gaussian pulse envelope is,

∫ +τsat/2

−τsat/2
Be

1sat(t)dt =
∫ +τsat/2

−τsat/2
B1sate

− t2
2σ2 dt (3.83)

where σ is defined so that the pulse is 1% of its amplitude at t = ±τsat/2. The Gaussian

pulse envelope is described and implemented by Bruker as N = 256 normalized discrete

pulses of amplitude, yi (Figure 3.18). The integral ratio is then

p1 =
B1sat

∑N
i=1 yi

τsat
N

B1satτsat
(3.84)
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where the area of the rectangular pulse is simply B1satτsat. p2 is the ratio of the square of

the shaped pulse amplitude to the square of the rectangular pulse amplitude,

p2 =
B2

1sat
∑N
i=1 y

2
i

τsat
N

B2
1satτsat

(3.85)

θ is the effective flip angle of the MT pulse. Bruker defines the MT pulse by its amplitude

(B1sat in units of µT ), the flip angle is then

θ = γB1satτsatp1 (3.86)

and

ω1CWPE = γB1sat

√
p2τsat
T ′R

. (3.87)

In our experiments, a typical MT pulse sequence would have the following parameters:

B1sat = 10 µT , τsat = 10.25 ms, T ′R = 70 ms, and p2 = 0.2987, yielding ω1CWPE =

559.5 rad/s. Replacing ω1 with ω1CWPE in Equation (3.81), we can fit for the 6 unknown

parameters that define the two-pool model of magnetization transfer.

In general, pulsed MT experiments tend to overestimate R with higher uncertainty in

comparison to continuous wave MT experiments [194]. In comparison to a numerical fit of

pulsed MT, Ramani’s method underestimated R by 15% and overestimated TA2 by 12%,

however, f and TB2 were very close to the true parameter values [194]. In addition to pulsed

saturation (PS), alternative methods for measuring quantitative MT parameters have been

proposed using either selective inversion recovery (SIR) [79, 78, 181, 58] or balanced steady-

state free precession (SSFP) [76, 77, 71]. Each method has advantages: PS and SSFP have

faster acquisition times, SIR is less sensitive to high field artifacts, and SSFP and SIR

measure R with less variability; and disadvantages: PS requires additional measurements

of T1, SSFP and SIR can’t measure TB2 and measure TA2 with high variability, and SSFP is

more sensitive to high field artifacts. A full comparison between these three MT methods

would be of interest, but is beyond the scope of this dissertation.
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Figure 3.18: Discrete, 256-element, 10.25 ms Gaussian pulse. Used to calculate the contin-
uous wave power equivalent flip angle.

Estimating RA and f

In order to calculate f , an estimate of RA is required. Starting with the coupled longi-

tudinal equations without off-resonance irradiation, Henkelman et al. solved for RA [99].

Incorporating f as per Ramani et al. [198], RA becomes,

RA = R1obs

1 +


RMA

0 f

(1− f)RA
(RB −R1obs)

(RB −R1obs) +RMA
0


(3.88)

where R1obs = 1/T1obs, the observed longitudinal relaxation rate of the liquid pool. This

necessitates a separate measurement of T1, which can be accomplished using one of the

methods outlined in Section 3.1. Having already found f/RA (1− f) in Equation (3.81),

the bound pool fraction, f can be calculated:
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f =

(
f

RA (1− f)

)
RA(

f

RA (1− f)

)
+ 1

(3.89)

3.3.3 qMTI Metrics

Longitudinal Relaxation Rates of the Liquid (RA) and Bound (RB) Pools

As with T1 measurements, RA and RB are dependent on both the magnetic field strength

and their respective lattice environments. We can expect RA to decrease as the lattice

becomes more sparse and the molecular mobility increases (as in demyelination). While

RB can’t be reliably found using the two pool model, the restricted water environment in

macromolecules suggests that RB would be lower than RA in healthy tissue. At the time

of writing, no MT method has reliably measured RB, and as such, RB is set arbitrarily to

1 s−1.

Transverse Relaxation Times of the Liquid (TA2 ) and Bound (TB2 ) Pools

As with T2 measurements, TA2 and TB2 are sensitive to dephasing of nuclear spins caused

by local field inhomogeneities.

Spins in the liquid pool will dephase faster and T2 will be smaller in restricted en-

vironments, such as water trapped in the myelin bilayers. In the two-pool model, TA2
should be comparable to the monoexponential T2 found in Section 3.1, although in the

case of multiple water compartments, TA2 may represent different weightings of the multi-

component T2 values [41]. A T2 value specific to myelin water could potentially be found

using a four-pool model of magnetization transfer, which includes separate pools for myelin

water, intra-/extracellular water, myelin macromolecules, and non-myelin macromolecules

[28, 145], however, it is somewhat unwieldy to acquire the necessary number of MT images.

TA2 will also be sensitive to intercompartmental water exchange.

TB2 is much shorter than TA2 (of the order of µs vs. ms). It defines the width of the

bound pool lineshape, and as such, will vary depending on whether a Gaussian or Super-

Lorentzian lineshape is used. It represents the time that spins trapped in macromolecules
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take to dephase and may be sensitive to changes in the macromolecular environment.

Magnetization Transfer Rate, RMA
0 and the Magnetization Transfer Ratio

The magnetization transfer rate from the bound pool to the liquid pool, RMA
0 (also called

km, kmf , or just R) defines the rate at which magnetization transfer occurs following an

MT saturation pulse. It is dependent on both the size of the liquid and bound pools and

the magnetization exchange that occurs between the two. Sometimes, the magnetization

transfer rate from the liquid to the bound pool, RMB
0 (also called k, kf , or kfm) is reported

instead. Using the definition of the bound pool fraction, it is easy to show that

RMB
0 = RMA

0
f

1− f (3.90)

The magnetization transfer ratio (MTR) is dependent on two competing rates. Larger

magnetization exchange rates (RMA
0 or RMB

0 ) will increase the MTR. Conversely, larger

longitudinal relaxation rates (RA) will allow the saturated spins to return to equilibrium

more quickly, decreasing the MTR. To show the true MT, Henkelman et al. proposed a

ratio between the two rates (RMB
0 /RA or RMA

0 /RA) [100]. Plotted against MTR, it shows

the inherent dependency of MTR on longitudinal relaxation and field strength. As field

strength increases, RMA
0 remains constant [99], but RA decreases and, as a result, MTR

increases. In a simple model [212],

MTR ∝ RT1f (3.91)

Bound Pool Fraction, f

The bound pool fraction, f (also called the BPF or fB) represents the relative size of the

bound pool to the combined bound and liquid pools.

f = MB
0

MA
0 +MB

0
(3.92)

An alternative bound pool fraction has been defined as F = MB
0 /M

A
0 (also called the pool

size ratio (PSR) or MB
0 ). F is related to f by the simple equation,

94



3.3. MAGNETIZATION TRANSFER IMAGING

F = f

1− f (3.93)

When T1 hasn’t been measured, RA can’t be determined and the apparent bound proton

fraction, f∗ is sometimes used as an approximation to f [203, 200]

f∗ = f

RA (1− f) (3.94)

3.3.4 qMTI in Tissue

Decreased MTR has been used in numerous studies as an indicator of demyelination in mul-

tiple sclerosis [83, 67, 189, 254, 206, 44]. MTR can provide lesion contrast where T1-weighted

or T2-weighted MRI fails. In patients with MS, the peak-height decreases in histograms of

whole-brain volumetric MTR values [254, 65]. In addition, changes in T2-weighted lesion

volumes and whole-brain MTR histograms might predict the clinical evolution of MS [206].

Large decreases in MTR have been associated with demyelinated lesions, whereas slightly

decreased [83] or slightly increased [59] MTR has been associated with lesions that ex-

hibit edema but not demyelination. Normal appearing white matter also exhibits slightly

decreased MTR [59]. In a longitudinal study of cuprizone-fed mice, MTR was strongly cor-

related with myelin content (R = 0.79) [276], although in another animal study, MTR was

also sensitive to inflammation [72]. While MTR can provide valuable information about

lesion evolution, care needs to be taken when interpreting MTR as solely a marker for

myelin. Vavasour et al. showed a strong correlation between water content and MTR (R

= -0.65), suggesting inflammation and edema might also alter MTR [260]. This is imme-

diately obvious when inspecting the two pool model, where the MTR is connected to both

the size of the liquid pool (MA
0 ) and the rate of longitudinal relaxation (RA). MTR also

varies significantly based on the chosen imaging parameters and field strength, necessitating

a qMTI method to effectively compare values between studies.

Metrics derived from the two-pool model give a more complete representation of the

bound/liquid pools and their magnetization transfer rates.

In general, f is lower in healthy grey matter when compared to healthy white matter
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[81, 220, 198, 273, 248, 221, 274, 58] with variations between different healthy WM regions

associated with myelin content [221]. Decreased f appears to be the most consistent qMTI

characteristic of MS lesions and is often associated with myelin loss [220, 198, 273, 248, 49,

211, 58]. f will also decrease as the liquid pool size increases or due to other changes in the

bound pool, such as axonal loss, gliosis, or increased cellularity [273]. These observations

have been confirmed by histological comparisons, where f had a strong correlation with

myelin content and axonal density in studies of postmortem MS brain [211]. Underhill et

al. also found strong correlation between f and myelin content in an in vivo rat brain study,

but they only found weak correlation with axonal density [253]. Ou et al. found f to be

specific to myelin content in the optic nerves of control and shiverer mice, but not to axonal

degeneration. Additional care needs to be taken when interpreting qMTI parameters found

in fixed tissue, as fixation has been found to increase f by ≈ 50% when compared to unfixed

tissue [212], although correlation to myelin content remains strong [212, 61].

TA2 should be approximately equivalent to the T2 value found with a monoexponen-

tial CPMG experiment. As such, it will be influenced by the same tissue characteristics

described in Section 3.1.5. We can expect TA2 to be lower in healthy WM when com-

pared to GM and higher in MS lesions, however, without much specificity to different tissue

pathologies. TB2 is slightly lower in GM and MS lesions when compared to healthy WM

[220, 273, 248, 49], however the variations are small between tissue and also dependent

on the lineshape used to model the bound pool (usually Super-Lorentzian, but sometimes

Gaussian [198, 248]).

RMA
0 can also vary depending on tissue, however it has large variability in the pulsed

saturation experiment [219, 194, 253], possibly due to sensitivity in the fitting model and

timing of the MT pulse sequence [221]. RMA
0 was found to be higher in healthy WM when

compared to GM and MS lesions [220, 221, 274, 252, 61, 58]. Conversely, in a healthy ferret,

RMA
0 was lower in WM when compared to GM [78]. RMA

0 was also slightly lower in the

spinal cord [194] and optic nerve [181] of control mice when compared to a mouse model

of dysmyelination. SIR-based experiments, which might provide a more direct measure of

the magnetization transfer rate, yield values almost half that found with pulsed saturation

experiments [78, 58].
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In summary, f appears to be the most specific qMTI metric with respect to myelin

content. While RMA
0 and TB2 may provide additional insight into tissue pathology, they

suffer from high variability and low tissue contrast, respectively.

3.4 Hybrid and Multiparametric Approaches

Using two or more quantitative MRI methods, we can find complementary information

about tissue pathology. When looking at studies that combine multiple quantitative MRI

methods, it is useful to distinguish between hybrid methods, which combine two quantitative

methods into a single pulse sequence, and multiparametric approaches, which compare two

or more quantitative MRI methods acquired using separate pulse sequences.

3.4.1 Hybrid Methods

Several hybrid methods have been proposed to better characterize different tissue compart-

ments and understand the interplay of different quantitative MRI methods.

T1 and T2

Simultaneous T1 and T2 measurements can be acquired to better distinguish T1-T2 compo-

nents in tissue [55, 53]. In particular, Does and Gore observed three distinct T1-T2 com-

partments in trigeminal nerve which could be individually eliminated using an inversion

recovery preparation [55]. Multi-exponential T1 is more readily observed using integrated

T1-T2 measurements and could be another useful indicator of myelin and intra-/extracellular

water compartments.

Magnetization Transfer in Multicomponent T2

Magnetization transfer prepared T2 components can be acquired by applying an MT sat-

uration pulse prior to a CPMG sequence [94, 228, 258]. The magnetization transfer ratio

can then be measured in both the short and long T2 compartments. In essence, this splits

the liquid pool in the two-pool model of MT into two liquid pools represented by the

short- and long-T2 compartments. As expected, the short-T2 compartment associated with
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myelin water has a significantly larger MTR than the long-T2 compartment [258]. Stanisz

et al. showed that magnetization transfer was approximately nine times larger in the short-

T2 component of bovine optic nerve, suggesting that magnetization transfer is mediated

primarily through the myelin water [228]. In another study of porcine and bovine white

matter, the MT curves of the two T2 components were nearly identical [94]. In that experi-

ment, it was suggested that exchange between the two T2 compartments was on a timescale

characteristic of the MT experiment [94]. In fact, magnetization transfer is particularly sen-

sitive to repetition time, thus short-TR imaging methods such as the spoiled gradient echo

method are recommended [81]. In order to measure the MT in different T2 compartments

adequately, MT saturation pulses might need to be interleaved in between the π-pulses of

a CPMG sequence.

Magnetization Transfer and Diffusion

Magnetization transfer prepared diffusion-weighted imaging can be used to measure the

diffusion of water saturated due to an off-resonance MT pulse [204, 9]. If myelin water is

in fact significantly more affected by magnetization transfer [228], then an MT saturated

diffusion measurement will be more significantly affected due to saturation in the myelin

water compartment. Avram et al. found significantly higher fractional anisotropy in white

matter using an MT-prepared DTI pulse sequence and proposed this was reflective of the

myelin water trapped in the myelin sheathes [9]. Although an interesting approach, corre-

lation between the short-T2 myelin water fraction and the magnetization transfer ratio are

weak [162]. Further work needs to be done to show how myelin water interacts with the

bound pool.

Diffusion in Multicomponent T2

A PGSE sequence can be combined with a CPMG sequence to acquire diffusion-weighted

multicomponent T2 measurements [256, 20, 226, 187, 7]. Differing diffusion in short- and

long-T2 compartments might give additional information about the underlying tissue struc-

ture [226]. Unlike Avram et al.’s results for MT-prepared DTI [9], two studies found larger

anisotropy in the long-T2 component associated with intra-/extracellular water in bovine

98



3.4. HYBRID AND MULTIPARAMETRIC APPROACHES

optic nerve [226] and frog sciatic nerve [187]. These results suggest that diffusion anisotropy

is mediated more by the restricted diffusion in and around fiber tracts than due to restricted

diffusion in the myelin water itself. In contrast, Beaulieu et al. found ADC and anisotropy

to be relatively constant across different T2 components [20] and Andrews et al. found

higher anisotropy in the myelin water compartment [7], making the correct interpretation

of multicomponent T2 diffusion controversial.

Low SNR is a common problem for all hybrid methods, as signal attenuation increases

when multiple quantitative methods are combined. In order to achieve sufficient signal, long

imaging times are required. In addition, unforeseen interactions between different pulses

and gradients might alter the acquired images and the resultant quantitative measurements.

Given these confounding factors and the varying results of different hybrid methods, a

multiparametric approach might yield more consistent complementary information about

tissue pathology.

3.4.2 Multiparametric Approaches

qMTI and Multicomponent T2

Comparisons of T2 measurements to qMTI metrics show conflicting results. Using a dis-

criminant function analysis, Merkler et al. demonstrated that in vivo myelin status could

be predicted using a combination of T1-weighted, T2-weighted, and MT images [164]. Mc-

Creary et al. suggested MWF reflects the time course of myelin histology more closely than

MTR when imaging demyelination and remyelination in murine spinal cord [162]. Con-

versely, Levesque et al. suggested qMTI parameters (f and TA2 ) were more sensitive to MS

recovery and less variable than MWF, reflecting quick resolution of inflammation followed

by slower partial remyelination [145].

Correlation of qMTI and T2 metrics will be different in fixed tissue, where slower inter-

compartmental exchange might increase the apparent MWF while cross-linking of macro-

molecules will shorten T1 and increase f [212]. Given the dependence of MTR on both T1

and f , fixation might have unpredictable results. For example, MTR was reduced after

fixation in a study by Schmierer et al. [212].
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Weak correlation between MWF and MTR or f [257, 249, 61, 146] might arise due

to differing sensitivities to pathological processes: MWF appears to be more sensitive to

regional variations in axonal diameter and intercompartmental exchange rates [61], while

MTR and f are influenced by macromolecules other than myelin and by inflammation,

which increase the bound and liquid pool sizes, respectively [72, 249]. Weak correlation

suggests that MWF and f are sensitive to different aspects of tissue pathology, and thus

measuring both would be beneficial. Correlation appears to increase when using a voxel-

based correlation in specific white matter tracts, where variations in the liquid pool size

and intercompartmental exchange are relatively small (R = 0.18 to 0.56) [61].

DTI and Multicomponent T2

In a study by Kolind et al., MS lesions with a long-T2 component (200 ms > LT2 >

800 ms) had strong negative correlations between myelin water content (related to MWF)

and 〈D〉, λ⊥, and λ‖ (R2 = 0.61, 0.54, and 0.60, respectively). In the same lesions, strong

positive correlations were also found between the long T2 fraction, and 〈D〉, λ⊥, and λ‖

(R2 = 0.64, 0.69, and 0.42, respectively). Both T2 metrics had weak correlations with FA

and weak correlations with all DTI metrics in lesions without a long-T2 component [127].

Previously, it had been shown that long-T2 lesions were accompanied by increased T1, T2,

and water content values and decreased MTR, suggesting greater tissue destruction and

possibly inflammation or edema [137]. Thus, increased 〈D〉, λ⊥, and λ‖ in long-T2 lesions

is not entirely unexpected [127].

In a study of healthy human brains, Mädler et al. found varying correlations when

comparing MWF and DTI metrics in GM and WM structures [159]. Correlation of MWF

and FA was moderate at 1.5 T (R2 = 0.39), but stronger at 3 T (R2 = 0.56). Correlation of

MWF and λ⊥ was stronger at both field strengths (R2 = 0.65 and R2 = 0.77, respectively).

Using a voxel-based correlation for an entire slice of the axial midbrain, correlation between

FA and MWF was stronger still (R2 = 0.75), as were voxel-base correlations in various white

matter structures (R2 = 0.78 in frontal WM, R2 = 0.81 in central WM, and R2 = 0.80

in posterior WM) [159]. Mädler concluded that, while diffusion anisotropy appears to be

correlated with the MWF, this correlation is dependendent on the tissue structure analyzed
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[159]. For example, Liu et al. found weak correlations between MWF and 〈D〉, λ⊥, λ‖, and

FA (R = -0.27, -0.35, 0.22, and 0.40, respectively) when comparing all subjects and regions

in the human corpus callosum [152].

MWF is sensitive to water trapped in the myelin bilayers (albeit, moderated by in-

tercompartmental exchange). DTI metrics are sensitive to water movement in the intra-

/extracellular water compartments and are strongly influenced by fibre organization, inde-

pendent of myelin content. Given their shared sensitivity to the liquid pool and it’s relation

to tissue structure, moderate correlation is not surprising when analyzing a broad spectrum

of tissue pathologies. However, strong correlation appears to depend on the type of tissue

pathology and tissue structures included in the analysis [159].

DTI and qMTI

Correlation between MTR and 〈D〉 varies, with some groups finding moderate correlation in

all MS lesions (R = −0.7 [42]) or only in severely damaged MS lesions (R = −0.758 [179]).

In normal appearing white matter (NAWM) of MS patients, correlations between MTR

and DTI metrics were insignificant [108, 86], however, when all white matter regions were

considered (lesions, NAWM next to lesions, and NAWM remote from lesions), there was a

strong correlation between FA and MTR (R = 0.89) and 〈D〉 and MTR (R = −0.99) [86].

Looking at the profiles of MTR and DTI metrics along the corticospinal tract in MS, Reich

et al. found tract assymetry between individual patients, between metrics, and between

patients and controls [201]. In general, 〈D〉, λ⊥, and λ‖ were increased, FA was unchanged,

and MTR was decreased in patients with MS [201]. MTR is dependent on f , longitudinal

relaxation, and exchange. Increased intercompartmental exchange, which is influenced by

both diffusion and membrane permeability, might explain the larger correlations observed

in MS lesions.

Ou et al. found moderate correlation between average values of F and λ⊥ in the corpus

callosum of control and shiverer mice (R = −0.57) but not in control and shiverer mice

separately [180]. In a study comparing injured and uninjured optic nerves in shiverer and

control mice, Ou et al. found λ⊥ and F were significantly different between shiverer and

control mice, but not between injured and uninjured nerves [181]. Conversely, λ‖ and
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relative anisotropy were significantly different between injured and uninjured nerves, but

not between shiverer and control mice. These results appear to confirm the specificity of

f and λ⊥ to myelin integrity and λ‖ to axonal integrity. It is important to note that fixed

tissue was used in both studies, which has been shown to substantially increase f and

decrease diffusivity in tissue (although anisotropy remains relatively constant post-fixation)

[239, 212].

In a study of healthy human brains, Underhill et al. found that correlation between

qMTI and DTI metrics was poor in white matter but strong between qMTI metrics (f ,

RMB
0 , and R1obs) and DTI metrics (FA, 〈D〉, and λ⊥) in grey matter (|R| = 0.59 to 0.92)

[252]. When comparing all tissues, correlation was also strong between the same qMTI

metrics and FA, λ‖, and λ⊥ (|R| = 0.48 to 0.75) [252]. In a study of the motor pyramidal

system in patients with benign MS, F and RMB
0 were significantly reduced, but TB2 and FA

were not [225]. No correlation was found between FA and any of the qMTI metrics [225].

In another study of healthy human brains, Stikov et al. found weak voxel-based correla-

tions between f and FA in all white matter regions (R = 0.12 to 0.19), but in white matter

tracts with high directional coherence, such as the corpus callosum, correlations appeared

to increase (R = 0.19 to 0.42) as did correlations across mean values in the major white

matter tracts (R = 0.65) [234]. Stikov et al. went on to estimate the axon diameter:fiber

diameter ratio (g) in directionally coherent white matter. Using a simulation of diffusion

in typical fiber caliber distributions, they found a relationship between the fiber volume

fraction (FVF) and FA, and, based on the relationship between the myelin volume fraction

(MVF) and f reported by Dula et al. [61], they calculated the g-ratio [234]:

g =
√

1− MV F

FV F
. (3.95)

Based on their tissue model, Stikov et al. conclude that FA and f covary primarily due to

variations in the fiber volume fraction. Differences arise due to variations in the directional

coherence of fibers (affecting diffusion anisotropy but not f) and myelin density (affecting

f more than it affects diffusion). In addition, both FA and f appeared to be unaffected by

variations in the fiber caliber distribution [234].
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Conclusion

Weak correlations between f and MWF and between f and diffusion anisotropy suggest

that they provide complementary information about tissue pathology. Correlations between

MWF and DTI metrics were generally stronger, suggesting more shared underlying influ-

ences, such as intercompartmental water exchange and myelin integrity. The interrelation-

ship between quantitative MRI methods and tissue pathology is the focus of the remaining

chapters of this dissertation. Chapter 4 details quantitative MRI results in agarose gels,

excised rat spinal cords, and fixed mouse brains. Chapter 5 combines a multiparametric

MRI study with electron microscopy in the cuprizone mouse model of demyelination.
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Chapter 4

Quantitative MRI of Agar, Fixed
Rat Spinal Cords, and the
Cuprizone Mouse Model of
Demyelination

During the development of the MR imaging and analysis methods, several phantoms and

tissues were imaged. Agarose gel (agar) possesses similar characteristics to tissue, including

a liquid and bound pool that can be fitted to the two-pool model of magnetization transfer

[99, 219]. Fixed rat spinal cords feature directionally coherent white matter tracts. Along-

side a water phantom, measurements were used to test the DTI methods and assess the

stability of the MRI. In addition, T1 and T2 measurements could be compared to previous

studies conducted at 7 T. When fed to C57BL/6 mice, the copper chelator cuprizone causes

cell death of oligodendrocytes and subsequent demyelination. It is a predictable model of

demyelination that has been used in numerous studies, with applications to white matter

diseases such as multiple sclerosis and schizophrenia. Cuprizone-fed C57BL/6 mice were

imaged at various stages of demyelination, both in vivo and ex vivo, culminating in a longi-

tudinal and quantitative MRI study with comparisons to electron microscopy in Chapter 5.

Methods for acquiring and analyzing multiple quantitative MRI datasets in the cuprizone

mouse model are detailed in Section 4.3.
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4.1 Agar

Agar is a useful analogue to tissue when validating the two-pool model of magnetization

transfer. Quantitative MTI measurements in 2%, 4%, and 8% (w/w) agar gels were com-

pared to previous continuous wave [99] and pulsed magnetization transfer [220] measure-

ments.

4.1.1 Sample Preparation and MRI

2%, 4%, and 8% (w/w) agar gels were prepared using agar powder (Sigma-Aldrich) and

distilled water and poured into small sample tubes [21]. After cooling, the sample tubes

were placed in a custom-built 38 mm inductively coupled quadrature RF volume coil (NRC

Institute for Biodiagnostics, Winnipeg, MB, Canada). All MR experiments were performed

on a 7 T 21 cm Bruker Avance III NMR system with a BGA12-S actively shielded gradient

system and Paravision 5.

A 1 mm thick slice was placed perpendicular to the three sample tubes with an FOV

of 4x4 cm and a 256x256 matrix size for an in-plane resolution of 156x156 µm2. A proton

density image,M0 was acquired using a Fast Low Angle Shot (FLASH) sequence [88] (TE/TR

= 6/70 ms, 10◦ flip angle). Eighteen magnetization transfer images were acquired with the

same sequence preceded by a magnetization transfer saturation pulse (Gaussian-shaped RF

pulse, 10.25 ms long) with peak RF amplitudes of 5, 10, and 20 µT and frequency offsets

at each power of 1000, 2000, 4000, 6000, 10000, and 30000 Hz. MTI datasets were acquired

with 32 averages for a total acquisition time of 3 hours. Combined T1 and T2 relaxometry

data were acquired using a series of RARE acquisitions (effective TE = 11, 33, 55, 77, and 99

ms; TR = 4895.5, 2895.5, 1395.5, 695.5, 295.5, and 95.5 ms; RARE factor = 2; 16 averages;

4h 39m acquisition time).

4.1.2 Image Analysis

Circular regions of interest were defined in the 2%, 4% and 8% agar images. A threshold

mask was created from the M0 image to remove bubbles and applied to all images prior to

fitting. A Gaussian lineshape was used to represent the bound pool lineshape, because it
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gives the best fit for rigid systems such as agar gels [99, 220]. The SNR in each image was

calculated according to Equation (4.17).

T1 maps were generated by fitting RARE images (effective TE = 11 ms; TR = 4895.5,

2895.5, 1395.5, 695.5, 295.5, and 95.5 ms) to the saturation recovery curve (see Equa-

tion (3.1) and Appendix C.3.1). Single-component T2 maps were generated by fitting RARE

images (effective TE = 11, 33, 55, 77, and 99 ms; TR = 4895.5 ms) to the spin echo decay

curve (see Equation (3.4) and Appendix C.3.2).

Magnetization transfer images were normalized to M0 and fit to the two-pool model

of magnetization transfer (Equation (3.81)) [99] with continuous wave pulse equivalent ap-

proximations (Equation (3.87)) [198] and a Gaussian absorption lineshape for the bound

pool (Equation (3.76)). For the peak RF amplitudes of 5, 10, and 20 µT, ω1CWPE =

279.7, 559.5, and 1119 rad/s (Equation (3.87)) [198]. Relevant metrics derived from the

two-pool model include the magnetization transfer rate between the free and bound pools

(RMA
0 ), longitudinal relaxation rates of the free and bound pools (RA and RB), transverse

relaxation times of the free and bound pools (TA2 and TB2 ), and the bound pool fraction

(f). RB was fixed arbitrarily to 1 s−1 as recommended by several groups [99, 219, 198].

RA was calculated using the T1 map (Equation (3.88)) [99, 198]. Using the fitted value of

f/RA (1− f) in Equation (3.81), the bound pool fraction, f was calculated using RA and

Equation (3.89).

To show goodness of fit between the two-pool model and signal, a χ2/ν map and mean

χ2/ν values were calculated as per Equation (4.18), where ν is the degrees of freedom (19

images - 6 model parameters = 13).

4.1.3 Results and Discussion

SNR was larger than 100 in most images (Table 4.1), ensuring that the influence of noise

would be minimal [41].

In all three preparations, f and RA were slightly lower than previously reported values

measured using continuous wave [99] and pulsed magnetization transfer measurements [220]
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Table 4.1: SNR measurements in qMTI images based on signal in 2%, 4%, and 8% agar
regions of interest.

Offset Frequency (kHz)
RF Power 1 2 4 6 10 30

2% Agar 5 µT 188 218 212 205 196 225
10 µT 176 205 193 193 218 212
20 µT 156 186 183 198 212 229
M0 193

4% Agar 5 µT 167 198 194 189 181 209
10 µT 143 178 172 175 198 197
20 µT 111 147 154 169 186 211
M0 179

8% Agar 5 µT 138 169 168 165 158 184
10 µT 108 144 144 148 169 173
20 µT 74 108 120 135 152 184
M0 158

Table 4.2: qMTI metrics in 2%, 4%, and 8% agar. RMB
0 and F reported in the original ref-

erences were changed to RMA
0 and f according to equations (3.90) and (3.93), respectively.

Values reported as mean (standard deviation).

Metric Reference 2% Agar 4% Agar 8% Agar

f Our results 0.0042 (0.0008) 0.0080 (0.0010) 0.0152 (0.0017)
[99] 0.0051 (0.0010) 0.0109 (0.0020) 0.0215 (0.0040)

[220] 0.0066 (0.0004) 0.0120 (0.0020) 0.0253 (0.0020)
RA (s−1) Our results 0.450 (0.006) 0.504 (0.009) 0.624 (0.009)

[99] 0.51 (0.07) 0.7 (0.1) 1.08 (0.16)
[220] 0.419 (0.02) 0.483 (0.1) 0.76 (0.04)

RMA
0 (s−1) Our results 27 (11) 26 (7) 26 (6)

[99] 176 (20) 164 (18) 177 (23)
[220] 111 (8) 109 (17) 107 (12)

TA2 (ms) Our results 157 (12) 69 (4) 32 (3)
[99] 63 (8) 32 (4) 16 (2)

[220] 56.4 (3) 33.7 (2) 16.8 (0.9)
TB2 (µs) Our results 25.6 (2.4) 24.2 (1.7) 23.2 (1.6)

[99] 12.9 (0.1) 12.9 (0.1) 12.9 (0.1)
[220] 14.3 (0.5) 14.1 (0.3) 14.1 (0.3)

T2 (ms) Our results 90.9 (6.7) 46.6 (2.1) 26.8 (2.1)
[220] 70.8 (3) 40.1 (1) 18.4 (0.5)

χ2/ν 3.3 (1.0) 4.6 (1.3) 5.0 (1.3)

108



4.1. AGAR

T2
Aƒ RM0

A T2
BRA χ2/ν

0 200(ms)0 0.025 0 50(s-1)0 0.75(s-1) 0 40(μs) 0 10
1

0.8

0.6

0.4

0.2

0

MZ
A

M0
A

101 102 103 104

O�set Frequency (Hz)

ω1 = 280, 560, 1119 (rad/s)

4%
8%

Figure 4.1: Thresholded quantitative MTI maps along with the χ2/ν map. 8% agar is on
the top, 4% on the right, and 2% on the bottom. f , RA, and TA2 differentiate different
concentrations of agar. Quantitative MT curves are shown below for a voxel in the 4% agar
(solid line/squares) and 8% agar (dashed line/triangles).

(Table 4.2). These discrepancies can be attributed to differences in acquisition and agar

preparation. However, RMA
0 was 4 to 6 times smaller and TA2 and TB2 were double the

values found by Henkelman et al. [99] and Sled and Pike [220]. The T2 value measured

independently was smaller than TA2 but larger than the T2 value reported by Sled and

Pike [220]. Larger T2 values can be attributed to stimulated echoes in the RARE sequence

contributing to an overestimation of T2. Both of the referenced studies were performed

at 1.5 T, however, T2 only decreases slightly with increasing field strength while RMA
0 is

relatively constant [100]. In addition, Ramani et al.’s pulse approximation has been shown

to underestimate RMA
0 and overestimate TA2 , but only by 12–15% [194].

Close inspection of the two-pool model equations and code didn’t reveal any discrepan-

cies, however, it was discovered that the fit doesn’t change when the ω1CWPE values are
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scaled by a constant factor, while the estimated parameters change substantially. Inspec-

tion of the ω1CWPE approximations didn’t reveal any differences from Ramani et al. [198],

and the calculated flip angle of the MT pulse (Equation (3.86)) exactly matched the one

calculated by the scanner software.

To test the assumption that the ω1CWPE values were underestimated, the two-pool

model was fit to average signal values in 8% agar MTI data while scaling the ω1CWPE values

from k = 0.5 . . . 5. Some parameters went to infinity or zero at k < 0.5 and approached a

constant at k = 5. Plots of the qMTI parameters vs. k show the effects of varying ω1CWPE

(Figure 4.2). Importantly, as ω1CWPE was scaled, the fitted curves remained unchanged.

Between k = 2 and 3, RMA
0 approached the values found previously in agar, however

other parameters were significantly smaller (f) or signficantly larger (TA2 ) than Henkelman

[99] et al. or Sled and Pike [220] (Table 4.3). RA and TB2 were relatively constant with

changing ω1CWPE . Given the offset frequencies and relative saturation strengths of an

MTI dataset, RA and TB2 parameters could potentially be determined without knowing the

actual ω1CWPE values.

Table 4.3: Comparison of qMTI parameters fit to the average signal values in 8% agar MTI
data while scaling ω1CWPE by a factor, k. At k = 1, values correspond to those determined
in Table 4.2.

k f RA (s−1) RMA
0 (s−1) TA2 (ms) TB2 (µs)

0.5 0.0654 0.605 5 8 23.4
1 0.0150 0.624 25 32 23.3

1.5 0.0066 0.627 58 71 23.2
2 0.0037 0.628 104 127 23.2

2.5 0.0023 0.629 164 199 23.2
3 0.0016 0.629 237 286 23.2

While optimal offset frequencies and saturation strengths have been studied previously

[40, 41, 147], the effects of signal noise on parameter estimates has only been addressed

briefly [41], and to our knowledge, no study has assessed the impact of inaccurate saturation

strengths. This study shows that a constant scale factor applied to ω1 can have a significant

effect on some two-pool model parameters. The effects of non-linear and random variations
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of k = 0.5 . . . 5. MT curves don’t change, but model parameters do. Specifically, f goes
from 0.07 to 0, RMA

0 goes from 0 to almost 700 s−1, and TA2 goes from 0 to almost 800 ms.
RA and TB2 are relatively constant, but precipitously drop or rise, respectively, as k goes to
0.

in ω1CWPE might merit further investigation.

Although RMA
0 , TA2 , and TB2 did not match the previously reported values, they followed

the same trends. TA2 decreased linearly as agar concentration increased and both RMA
0

and TB2 remained relatively constant. Both RMA
0 and TA2 have been shown to have large

variability in tissue [194, 221, 198, 253] while TB2 shows little contrast between different

tissues [220, 273, 248, 49]. The most consistent and relevent metric, f , increased linearly
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4.2. RAT SPINAL CORD

with agar concentration and was close to the values reported previously [99, 220].

4.2 Rat Spinal Cord

Excised spinal cord has long, directionally coherent white matter tracts. As such, it pro-

vides an excellent starting point for verifying DTI measurements. Two excised rat spinal

cords were imaged adjacent to 0.1 M phosphate-buffered saline (PBS) solution contained

in NMR glass. Measurements presented here were made with varying gradient spacing (∆)

and gradient strength (g) but a constant gradient duration (δ) and b-value. Additional

measurements were made where the the b-value was allowed to vary with either gradient

spacing or gradient strength. These measurements are not presented here, but are currently

being compared to a Monte Carlo simulation of diffusion in order to understand better the

influence DTI acquisition parameters have on measurements of diffusivity. For the purposes

of this study, the results will focus solely on the fixed b/δ and varying ∆/g measurements.

4.2.1 Methods

Sample Preparation

Two healthy adult rats were sacrificed using transcardiac perfusion. Under anesthetic, PBS

solution was injected into the left ventricle of the heart for 10 minutes, followed by 4%

paraformaldehyde (PFA) in 0.1 M PBS (pH 7.6). Spinal cords were excised and fixed

in 4% PFA for one week. Prior to imaging, spinal cords were washed in 0.1 M PBS for

48 hours to remove any excess fixative. After washing, two thoracic spinal cord sections

were wrapped together with Teflon tape along with an NMR glass containing 0.1 M PBS

solution capped on both ends with paraffin wax. Teflon tape was wrapped around both

ends of the sample to hold it firmly in a 50 mL plastic sample tube. The tube was filled

with room-temperature FOMBLIN®Perfluoropolyether Y04 grade fluid (Solvay Solexis) to

eliminate external proton signal and susceptibility artifacts and maintain moisture in the

samples. The sample holder was left at room temperature for several hours to allow the

sample temperature to equilibrate.
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4.2. RAT SPINAL CORD

MRI

The sample tube was placed in a custom-built 33 mm inductively coupled quadrature RF

volume coil (NRC Institute for Biodiagnostics, Winnipeg, MB, Canada). All MR experi-

ments were performed on a 7 T 21 cm Bruker Avance III NMR system with a BGA12-S

actively shielded gradient system and Paravision 5.

Three 1 mm thick slices, spaced 3 mm apart, were placed perpendicular to the two

spinal cords and the PBS sample. All acquisitions had an FOV of 3x3 cm and a 256x256

matrix size for an in-plane resolution of 117x117 µm2.

T1 and T2 relaxometry data were acquired using a series of RARE acquisitions (effective

TE = 11, 33, 55, 77, and 99 ms; TR = 4895.5, 2895.5, 1395.5, 695.5, 295.5, and 95.5

ms; RARE factor = 2; 4 averages; 70 minute acquisition time) before and after the DTI

experiments.

DTI data were acquired with a PGSE sequence using a 6-direction icosahedral gradient-

encoding scheme. In order to accommodate a large range of diffusion times and reduce the

effect of T2 relaxation, TE was held constant at 75 ms. TR = 1500 ms and gradient pulse

duration, δ = 4.5 ms. The low b-value was 1.23 s/mm2 and the high b-value ranged from 979

to 1002 s/mm2 dependent on gradient direction. Fat suppression was turned on to reduce

chemical shift artifacts and the readout bandwidth was relatively low (12.5 kHz) to improve

SNR. Eight different gradient separation times were logarithmically spaced between 8 and

56.5 ms (∆ = 8, 10.5, 14, 18.5, 24.5, 32.5, 42.5, and 56.5 ms). At ∆ = 8 ms, the gradient

strength was 78.3% of gmax = 450 mT/m to achieve b = 1000 s/mm2, but only 25.8% of

gmax at ∆ = 56.5 ms. The effective diffusion times are ∆ − δ/3 = 6.5, 9, 12.5, 17, 23, 31,

41, and 55 ms. Each DTI experiment was acquired with 8 averages for a total acquisition

time of 6 hours x 8 experiments = 48 hours.

Image Analysis

Using a custom-built MATLAB tool (Appendix C.1.2), all images were registered to the

low b-value image from the first experiment (∆ = 8 ms) using a rigid affine transformation

matrix determined automatically by maximizing the 2D correlation coefficient between the
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4.2. RAT SPINAL CORD

two images [192]. An anisotropic diffusion filter was subsequently applied to improve the

apparent SNR [188, 73]. The filter was applied with 3 iterations and a gradient modulus

threshold equal to three times the standard deviation of the noise in each image [115].

T1 maps were generated by fitting RARE images (effective TE = 11ms; TR = 4895.5,

2895.5, 1395.5, 695.5, 295.5, and 95.5 ms) to the saturation recovery curve (Equation (3.1)).

T2 maps were generated by fitting RARE images (effective TE = 11, 33, 55, 77, and 99 ms;

TR = 4895.5 ms) to the spin echo decay curve (Equation (3.4)). Diffusion tensors were

determined using a non-linear least squares fit and a modified Cholesky decomposition to

ensure positive definiteness [125]. After diagonalization, DTI metric maps were calculated:

fractional anisotropy (FA), mean diffusivity (〈D〉), axial diffusivity (λ‖), and radial diffusiv-

ity (λ⊥). Regions of interest were defined in the PBS sample and in the left, right, ventral,

and dorsal regions of the white matter and in the left and right regions of the grey matter of

the spinal cords in all three slices. DTI metrics in each region were plotted against diffusion

time.

One-way ANOVA was used to test whether DTI metrics in each ROI were significantly

different at different diffusion times. One-way ANOVA was also used to test whether DTI

metrics at each diffusion time were significantly different between regions of interest. Both

tests were followed by Tukey’s post-hoc test. Paired samples T-tests were used to compare

filtered and non-filtered DTI results in each region of interest.

4.2.2 Results & Discussion

Filtered and Non-Filtered Results

The anisotropic diffusion filter was used to smooth the noise in individual diffusion-weighted

images while maintaining anatomical features. It has previously been shown to improve the

noise performance in multicomponent T2 analysis [113, 107] and DTI [183]. Filtered and

non-filtered DTI metrics were significantly different in each region of interest.

114



4.2. RAT SPINAL CORD

Ta
bl
e
4.
4:

N
on

-fi
lte

re
d
vs
.
fil
te
re
d
D
T
I
m
et
ric

s
in

fix
ed

ra
t
sp
in
e
an

d
PB

S.
Va

lu
es

re
po

rt
ed

as
m
ea
n
(s
ta
nd

ar
d
er
ro
r
of

th
e
m
ea
n)

fro
m

al
l

di
ffu

sio
n
tim

es
an

d
sli
ce
s(

n
=

48
fo
rr

at
sp
in
e
R
O
Is

an
d
n
=

24
fo
rP

BS
RO

Is
).

Pe
ar
so
n
co
rr
el
at
io
n
co
effi

ci
en
t(

R
),
m
ea
n
di
ffe

re
nc
e,

an
d
pe

rc
en
t

di
ffe

re
nc
e
al
so

re
po

rt
ed
.

R
O

I:
W

M
G

M
P

B
S

M
et

ri
c

R
ef

er
en

ce
L

ef
t

R
ig

ht
V

en
tr

al
D

or
sa

l
L

ef
t

R
ig

ht

〈D
〉

N
on

-F
ilt
er
ed

0.
47

1
(0
.0
06

)
0.
47

5
(0
.0
06

)
0.
47

9
(0
.0
06

)
0.
48

2
(0
.0
05

)
0.
38

8
(0
.0
03

)
0.
39

4
(0
.0
04
)

2.
10

8
(0
.0
16

)
(µ
m

2
/m

s)
Fi
lte

re
d

0.
44

2
(0
.0
06

)
0.
44

6
(0
.0
05

)
0.
45

4
(0
.0
05

)
0.
45

4
(0
.0
05

)
0.
38

8
(0
.0
03

)
0.
39

0
(0
.0
04

)
2.
10

8
(0
.0
16

)
M
ea
n
D
iff
er
en

ce
-0
.0
30

*
-0
.0
30

*
-0
.0
25

*
-0
.0
29

*
0.
00

0
0.
00

3*
-0
.0
01

*

%
D
iff
er
en
ce

6%
6%

5%
6%

0%
1%

0%
R

0.
76

3*
0.
59

5*
0.
75

8*
-0
.0
16

0.
97

6*
0.
97

2*
1.
00

0*

λ
‖

N
on

-F
ilt
er
ed

1.
06

0
(0
.0
12

)
1.
06

0
(0
.0
14

)
1.
07

0
(0
.0
12

)
1.
06

5
(0
.0
11

)
0.
62

0
(0
.0
06

)
0.
64

2
(0
.0
05
)

2.
01

6
(0
.0
14

)
(µ
m

2
/m

s)
Fi
lte

re
d

1.
04

3
(0
.0
15

)
1.
04

1
(0
.0
12

)
1.
04

8
(0
.0
12

)
1.
04

8
(0
.0
12

)
0.
61

4
(0
.0
06

)
0.
64

4
(0
.0
06

)
2.
20

0
(0
.0
19

)
M
ea
n
D
iff
er
en

ce
-0
.0
17

-0
.0
19

*
-0
.0
23

*
-0
.0
17

-0
.0
06

*
0.
00

2
0.
18

4*

%
D
iff
er
en
ce

2%
2%

2%
2%

1%
0%

9%
R

0.
68

5*
0.
74

6*
0.
79

4*
0.
12

7
0.
94

8*
0.
94

5*
0.
97

9*

λ
⊥

N
on

-F
ilt
er
ed

0.
17

6
(0
.0
04

)
0.
18

3
(0
.0
04

)
0.
18

3
(0
.0
04

)
0.
19

1
(0
.0
05

)
0.
27

2
(0
.0
04

)
0.
26

9
(0
.0
05
)

2.
29

2
(0
.0
23

)
(µ
m

2
/m

s)
Fi
lte

re
d

0.
14

1
(0
.0
04

)
0.
14

8
(0
.0
03

)
0.
15

7
(0
.0
05

)
0.
15

7
(0
.0
05

)
0.
27

5
(0
.0
04

)
0.
26

4
(0
.0
05

)
2.
06

2
(0
.0
15

)
M
ea
n
D
iff
er
en

ce
-0
.0
36

*
-0
.0
35

*
-0
.0
27

*
-0
.0
34

*
0.
00

2*
0.
00

4*
-0
.2
31

*

%
D
iff
er
en
ce

23
%

21
%

16
%

20
%

1%
2%

11
%

R
0.
82

4*
0.
55

5*
0.
76

5*
0.
11

9
0.
98

7*
0.
99

0*
0.
98

0*

FA
N
on

-F
ilt
er
ed

0.
82

0
(0
.0
03

)
0.
81

7
(0
.0
04

)
0.
81

4
(0
.0
05

)
0.
80

9
(0
.0
05

)
0.
51

0
(0
.0
09

)
0.
54

2
(0
.0
09

)
0.
09

0
(0
.0
03

)
Fi
lte

re
d

0.
85

5
(0
.0
04

)
0.
84

8
(0
.0
04

)
0.
83

8
(0
.0
05

)
0.
83

8
(0
.0
05

)
0.
49

9
(0
.0
10

)
0.
53

2
(0
.0
10

)
0.
04

6
(0
.0
01

)
M
ea
n
D
iff
er
en

ce
0.
03

5*
0.
03

2*
0.
02

3*
0.
02

9*
-0
.0
11

*
-0
.0
10

*
-0
.0
43

*

%
D
iff
er
en
ce

4%
4%

3%
4%

2%
2%

64
%

R
0.
83

9*
0.
83

6*
0.
86

3*
0.
26

6
0.
97

9*
0.
99

1*
0.
69

5*

*
p
<

0.
05

fo
r
pa

ire
d
sa
m
pl
es

T
-t
es
t
or

Pe
ar
so
n
co
rr
el
at
io
n
co
effi

ci
en
t

115



4.2. RAT SPINAL CORD

0 2.5(μm2/ms)

0 1 X Y ZLWM VWM DWM GM PBS

ROI FA RGB

<D> λ┴λ//

Figure 4.3: DTI ROI and metric maps in rat spinal cord and PBS phantom.

PBS Phantom

Measuring anisotropy in a water phantom (or PBS, in our case) provides a good assessment

of the quality of DTI estimates. The PBS phantom had low anisotropy in all experiments.

Given the isotropic nature of diffusion in water, a perfect measurement would yield FA =

0 and λ‖ = λ⊥ for each diffusion time, regardless of differences in temperature. Limita-

tions of the method and equipment result in noise, however, yielding an average fractional

anisotropy across all experiments and slices of FA = 0.047± 0.006 . The apparent SNR in

the high b-value images of PBS ranged from 17 to 20. In other words, noise contributes

to approximately 5% of the signal intensity in each diffusion-weighted image. In a Monte

Carlo study of noise in DTI, Jones and Basser demonstrate that a large part of this appar-

ent anisotropy is probably due to RF noise [119]. At a known FA = 0.7, b = 1000 s/mm2,

and SNR = 20, the estimated FA was ≈ 0.75, or ≈ 0.05 larger than the known value [119].

Experimentally, decreased SNR has been shown to increase FA but not significantly change

〈D〉 [64]. A similar study found FA values ranging from 0.034 to 0.179 in a water phantom,
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Figure 4.4: (a) Diffusivity decreases with time in the PBS phantom. Difference between λ‖
and λ⊥ represents small anisotropy attributable to RF noise. (b) Relating the diffusivity
of PBS to temperature, we can see the change in temperature with time as the sample
temperature equilibrates to the bore temperature. The largest change is at the start, where
the measurements at 6 and 12 hours represent a temperature change of ≈ 0.2 ◦C/hour.

dependent on the number of averages and gradient encoding scheme used [158].

The diffusivity measurements decreased in each successive PBS experiment (Figure 4.4),

but the fractional anisotropy stayed relatively constant (Figure 4.5). This can be attributed

to a slow downward drift in temperature. The temperature dependence of self-diffusion in

free water can be described by the power-law equation [105]:

D = D0

[
T

TS
− 1

]γ
(4.1)

where D0 = (16.35± 0.02) µm2/s, TS = (215.05± 1.20) K and γ = 2.063 ± 0.051 are

accurate fits in the range from +5 to +55 ◦C [105]. At room temperature (20 ◦C), this

gives D = 2.023µm2/s. We can calculate the temperature of water based on its diffusivity

by solving for T:

T = TS

[(
D

D0

)
+ 1

]
(4.2)
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Figure 4.5: Fractional anisotropy vs. diffusion time in fixed rat spine and a PBS phantom.
Error bars = ± standard deviation.

Given the diffusion measurements of PBS during the experiment, we can estimate the aver-

age sample temperature during each 6-hour long DTI experiment. The sample temperature

goes from 24.3 ◦C in the first experiment to 20.0 ◦C in the final experiment, but never

reaches the bore temperature of ≈ 19 ◦C.

The bore temperature was relatively constant throughout the experiment: 18.7 ◦C before

the first DTI acquisition, 19.1 ◦C after 24 hours, and 18.6 ◦C after the last acquisition. Prior

to the first DTI acquisition, the sample had been in the system for approximately 6 hours,

and it was assumed (possibly incorrectly) the sample had gone from room temperature

(≈ 24◦C) to the bore temperature (≈ 19◦C).

Rat Spinal Cord

To account for the temperature drift observed in the PBS phantom, diffusivity measure-

ments were scaled to T = 20 ◦C using a correction factor derived from the estimated mean

diffusivity (Equation (4.1)), D(T = 20◦C) and the corresponding DPBS measured in each

experiment:

Dcorrected =
(
D(T = 20◦C)

DPBS

)
·Dexp (4.3)
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4.2. RAT SPINAL CORD

Although the temperature dependence of diffusivity in tissue is more complicated than in

free water [243] and the tissue changes over a 48 hour period are unknown, a correction was

needed and this was our best approximation.

After correcting for the temperature shift, axial diffusivity showed no significant changes

in grey and white matter with diffusion times ranging from 6.5 to 55 ms (Figure 4.6). Radial

diffusivity didn’t change significantly in white matter but did change significantly in grey

matter (ANOVA results), decreasing by 29% when comparing measurements at ∆ = 56.5 ms

to measurements at ∆ = 8 ms. Similarly, fractional anisotropy didn’t change significantly

in white matter but did change significantly in grey matter (ANOVA results), increasing by

34% when comparing measurements at ∆ = 56.5 ms to measurements at ∆ = 8 ms. One

interpretation of these results is that the barriers that restrict diffusion are further apart in

the grey matter, such that longer diffusion times allow more restricted diffusion behaviour

to be observed.

Table 4.6 compares the DTI metrics to similar measurements made in excised rat spinal

cord by Refs. [158, 63, 128]. In particular, results for the dorsal white matter were all close

to those previously acquired in fixed cervical spinal cord with similar acquisition parameters

to our own [128]. It is important to recognize that acquisition parameters such as gradient

encoding schemes and diffusion times can influence the results and could explain differences.

Resolution and SNR directly influence the calculated DTI metrics. In particular, larger

voxels will tend to average out differences in white matter tracts and may have more partial

volume effects, where several different types of tissue are included in a single voxel. This will

tend to decrease the observed anisotropy, as seen in [63]. Likewise, decreased SNR increases

the observed fractional anisotropy in water [64]. In our DTI maps calculated using filtered

diffusion-weighted images (to reduce the adverse effects of noise), FA was decreased in the

PBS phantom, increased in white matter, and stayed relatively constant in grey matter

compared to non-filtered DTI maps (Table 4.4). The anisotropic diffusion filter is explored

in more detail in Section 4.3.4. Finally, increased temperature increases the self-diffusion

of water as does the state of the tissue (in vivo diffusivity [158] > fixed ex vivo diffusivity
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4.2. RAT SPINAL CORD

Table 4.6: Mean values for temperature corrected DTI metrics: 〈D〉, λ‖, λ⊥, and FA of fixed rat spinal cord
with comparisons to Refs. [158, 63, 128]

ROI: WM GM
Metric Reference Vivo Region Left Right Ventral Dorsal Left Right

〈D〉 (µm2/ms) Our results1 Ex Thoracic 0.450 0.461 0.484 0.461 0.416 0.428
Ex Thoracic 0.409 0.412 0.435 0.456 0.367 0.364

[158]2 In Thoracic 0.77 0.80 0.85 0.82 0.75 0.75
Ex Thoracic 0.36 0.36 0.37 0.36 0.40 0.40

[63]3 In Thoracic 0.394 0.400 0.414 0.404 0.421 0.421
[128]4 Ex Cervical - - - 0.36-0.45 - -

λ‖ (µm2/ms) Our results1 Ex Thoracic 1.076 1.090 1.119 1.037 0.621 0.655
Ex Thoracic 0.978 0.978 0.993 1.011 0.599 0.626

[158]2 In Thoracic - - - - - -
Ex Thoracic - - - - - -

[63]3 In Thoracic 0.699 0.721 0.724 0.731 0.706 0.706
[128]4 Ex Cervical - - - 0.92-1.06 - -

λ⊥ (µm2/ms) Our results1 Ex Thoracic 0.137 0.146 0.166 0.173 0.313 0.314
Ex Thoracic 0.125 0.129 0.156 0.178 0.251 0.233

[158]2 In Thoracic - - - - - -
Ex Thoracic - - - - - -

[63]3 In Thoracic 0.241 0.240 0.259 0.241 0.278 0.278
[128]4 Ex Cervical - - - 0.11-0.17 - -

FA Our results1 Ex Thoracic 0.862 0.855 0.840 0.815 0.441 0.473
Ex Thoracic 0.862 0.862 0.827 0.818 0.530 0.578

[158]2 In Thoracic 0.88 0.89 0.83 0.89 0.41 0.40
Ex Thoracic 0.68 0.68 0.64 0.67 0.29 0.28

[63]3 In Thoracic 0.624 0.636 0.604 0.634 0.573 0.573
[128]4 Ex Cervical - - - 0.81-0.93 - -

1 See Section 4.2.1 for DTI method. Results given for diffusion times of 6.5 and 55 ms, respectively.
2 7 T MRI, EPI, 21.3 ms diffusion time, b = 842 s/mm2, 21 gradient directions, 20/37 ◦C ex/in vivo,
TE/TR = 40/1000 ms, FOV = 30 mm, 128x128 matrix size, 195 µm2 in-plane resolution, 2 mm slice
thickness.

3 9.4 T MRI, PGSE, 14 ms diffusion time, b = 1000 s/mm2, 6 gradient directions, 37 ◦C in vivo, TE/TR
= 31/500 ms, FOV = 38.4 mm, 128x128 matrix size, 300 µm2 in-plane resolution, 2 mm slice thickness.

4 7 T MRI, PGSE, 6.9 ms diffusion time, b = 750 s/mm2, 6 gradient directions, 20 ◦C ex vivo, TE/TR =
21.3/2000 ms, FOV = 12.8 mm, 128x128 matrix size, 100 µm2 in-plane resolution, 1 mm slice thickness.
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4.2. RAT SPINAL CORD

[158, 128]).

0 100(ms)

0 3
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T2 (before)
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T2 (after)

Figure 4.7: T1 and T2 maps before and after DTI experiments in the rat spine and PBS
phantom.

Figure 4.7 shows T1 and T2 maps collected before and after the DTI experiments, 48

hours apart. Table 4.7 summarizes the T1 and T2 values. The T1 values acquired before

and after the DTI experiments were significantly different from each other in all regions.

T2 values acquired before and after the DTI experiments were also significantly different

and had a larger percent change after 48 hours of imaging. These changes are attributable

to the temperature change and Larmor frequency drift in the MRI. Both T1 and T2 are

temperature dependent [174].

Acquiring data for Chapter 5, a series of MRI experiments were performed at approxi-

mately the same time on freshly excised ex vivo mouse brains. Linear regression suggests

a Larmor frequency shift of approximately -14 Hz/day in the Bruker 7 T magnet (see Fig-

ure 4.8). Given a readout bandwidth of 12.5 kHz and matrix size of 256x256, each voxel

has a frequency bandwidth of ≈ 49 kHz. Over the course of 48 hours, the MR image will
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4.2. RAT SPINAL CORD

shift approximately half the voxel resolution, or ≈ 60 µm, along the readout direction. In

reality, the affine transformation matrix needed to shift the last set of DTI images by at

least one pixel to properly register the images. Other effects, such as small variations in the

shimming gradients and small movement in the sample itself are likely contributors.

Because the RF attenuation to produce π/2- and π-pulses was determined automatically

at the start of the study, Larmor frequency drift will result in imperfect π-pulses, which

in turn, can lead to stimulated echoes and inaccurate T2 measurements. Although the

RARE sequence used here alleviates some of these effects by alternating the phase of the

π-pulse and applying spoiler gradients, T2 measurements are still particularly sensitive to

noise and inhomogoneites in the RF and static fields [193]. To alleviate some of these issue,

Poon et al. developed a CPMG sequence with non-slice-selective composite block pulses

surrounded by alternating sign and decreasing amplitude spoiler gradients [193]. While this

sequence was adapted in our lab as well, echo images ocasionally had substantial signal

loss, possibly due to imperfections in the gradient spoiling. Because of this, the CPMG

sequence included with Paravision 5.0 was used for all subsequent acquisitions (described

in Section 4.3.2). Improvements to the T2 data acquisition should substantially improve the

consistency of our measurements and allow for more advanced multicomponent T2 analysis.

Further development of these techniques, however, was beyond the scope of this dissertation.

Using the relaxometry dataset acquired prior to the DTI experiments, T1 time constants

(Table 4.7) ranged from (1110 ± 80) ms to (1220 ± 50) ms in white matter, (1260 ± 20)

ms to (1330 ± 50) ms in grey matter, and was (2870 ± 60) ms in the PBS phantom. These

values are lower than freshly excised rat spine measurements taken in a 9.4 T MRI at 37 ◦C

[25], where T1 was (2280 ± 230) ms in grey matter and (1970 ± 210) ms in white matter.

Conversely, they are higher than in vivo rat spine measurements taken at 2 T, where T1 was

1021 ms and 1089 ms in grey and white matter, respectively [172]. This is not surprising,

because T1 has previously been shown to decrease with temperature [174, 131], fixation

[212], and magnetic field strength [205]. The trend of higher T1 values in grey matter was

reflected in our data as well.

T2 values (Table 4.7) were similar to those found in other studies of in vivo and fixed rat
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4.2. RAT SPINAL CORD
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Figure 4.8: Larmor frequency vs. time in a series of ex vivo mouse brain experiments.
Linear regression fit has a slope of -14 Hz/day.

spinal cord measured at 7 T. Franconi et al. measured in vivo T2 values of (57.0 ± 1.6) ms

and (43.2 ± 1.0) ms in white and grey matter of rat cervical spinal cord, respectively [69].

In fixed rat cervical spinal cords analyzed with multicomponent T2 analysis, Kozlowksi et

al. found the medium T2 component values, T2,ie, was (42.72 ± 1.43) ms in dorsal white

matter, (45.75 ± 2.59) ms in lateral + ventral white matter, and (35.36 ± 1.78) ms in grey

matter [129]. At a bore temperature similar to our own (≈ 18◦C), Dula et al. found T2,ie

values ranging from (43.9 ± 3.9) ms to (60.9 ± 4.5) ms in different dorsal, ventral, and

lateral white matter regions and (48.4 ± 4.5) ms in grey matter [61]. Our values, although

they assume a single T2 component, fall within the ranges they observed.

In conclusion, T1, T2, and DTI measurements made in a PBS phantom and fixed rat spine

were consistent with those found previously. Drift in temperature and Larmor frequency

need to be considered when conducting lengthy MRI studies.
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4.2. RAT SPINAL CORD
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4.3. CUPRIZONE MOUSE MODEL OF DEMYELINATION

4.3 Cuprizone Mouse Model of Demyelination

Cuprizone is a toxic model of demyelination, causing cell death of oligodendrocytes followed

by extensive demyelination [245] with only moderate inflammation and no neuronal loss

[104]. After 6 weeks of feeding, extensive demyelination is observed predominantly in the

corpus callosum and superior cerebellar peduncles. Chronic demyelination occurs if the

cuprizone diet is maintained for an extended period, however, if a normal diet is resumed

at 6-weeks, the brain is mostly remyelinated after 6 weeks of recovery [161]. As an analogue

for demyelinating diseases such as MS, the cuprizone mouse model is useful for developing

multiparametric MRI methods capable of distinguishing healthy and diseased white matter.

Two separate sets of control and cuprizone-fed mice were imaged during and after a

6-week cuprizone treatment. The study conducted on the second set of mice is detailed in

Chapter 5. Method development and comparisons relating to both studies are detailed in

this section.

The first cuprizone study (CPZ1) consisted of eight female C57BL/6 mice. The cupri-

zone-fed group (n = 4) ate 0.4% cuprizone (w/w) mixed into milled rodent chow and pressed

into pellets and the control group (n = 4) ate regular chow (both ad libitum). After 6 weeks

of feeding, mice were perfused with 0.1 M PBS followed by 4% PFA. Heads were first fixed

for 24 hours in 4% PFA, after which all tissue external to the skull was removed. 48 hours

prior to ex vivo imaging, brains were transferred to PBS to wash out the PFA. After ex vivo

imaging, brains were transferred back into 4% PFA prior to histological preparation. The

experimental protocol was approved by the University of Manitoba Animal Care Committee

who adhere to the guidelines and principles created by the Canadian Council on Animal

Care.

The second cuprizone study (CPZ2) consisted of ten C57BL/6 mice and is detailed in

Chapter 5. After 6 weeks of cuprizone treatment and in vivo MRI, the second study differs

primarily in the circumstances of ex vivo MRI (performed on unfixed brains the same

day of sacrifice) and the method of histology (quantitative measurements with electron

microscopy).
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4.3. CUPRIZONE MOUSE MODEL OF DEMYELINATION

4.3.1 In Vivo MRI Methods

Mouse Setup

In the CPZ1 study, mice underwent weekly in vivo T2-weighted and magnetization transfer

imaging from 2–6 weeks after start of cuprizone treatment.

In the CPZ2 study, the cuprizone-fed group was imaged immediately prior to the start

of the cuprizone treatment (week-0) and every week after until 6 weeks of treatment had

been completed. Control mice were imaged the following day of each week.

Mice were anaesthetised using 5% isoflurane in O2/N2O and maintained at 1.5% isoflu-

rane in O2/N2O with a nose cone. Respiration and external skin temperature on the

abdomen were monitored during imaging using an MR-compatible small animal monitoring

and gating system (SA Instruments, Inc., Stony Brook, NY). External skin temperature

was maintained at 37◦ with a heating circulator bath (Thermo Scientific Haake, Karlsruhe,

Germany). Mouse heads were held in place with a tooth bar inside a custom-built 24 mm

diameter, 300 MHz inductively coupled quadrature RF volume coil (NRC Institute for Bio-

diagnostics, Winnipeg, MB, Canada). The entire apparatus was placed inside a Bruker

BGA12-S actively shielded gradient system with integrated shim coils (Bruker BioSpin).

All MR experiments were performed on a 7 T 21 cm Bruker Avance III NMR system with

Paravision 5.0 (Bruker BioSpin).

After mouse placement, the MRI is setup in the following order:

1. RF coil is tuned and matched to the mouse head.

2. Magnetic field inside the coil is made homogeneous by adjusting the 1st and 2nd order

gradients (shimming). After automatic shimming, a B0 fieldmap is acquired and the

shimming gradients are re-calculated using Bruker’s MapShim function.

3. The Larmor frequency, ω0 is found at peak signal strength.

4. Appropriate RF attenuation is determined for creating π/2- and π-pulses.

5. Receiver gain is adjusted dependent on pulse sequence used.
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6. After an initial pilot scan to ensure proper placement of the mouse, a series of scout

scans is performed to consistently orient the coronal slices relative to the centerline

of the brain.

7. With square coronal and sagittal scans down the centerline of the brain, the slice(s)

required for an experiment can be placed.

Figure 4.9: (a) Based on a T2-weighted sagittal image along the centerline of the brain, a
coronal slice (i) was placed 0.5 mm anterior to the anterior commissure (AC) in the rostral
region of the corpus callosum. A second slice (ii) was then placed perpendicular to the
corpus callosum (CC) and intersecting the region of the corpus callosum contained in the
first slice. This second slice was the basis of all subsequent in vivo and ex vivo image
acquisitions. This procedure allowed for very consistent slice placement in each mouse (as
evidenced by the longitudinal images) and reduced volume-averaging effects in the corpus
callosum that would skew any quantitative analysis. (b) Regions of interest include the (c)
corpus callosum, (d) external capsule, and (e) cerebral cortex.

In order to reduce volume averaging effects, coronal slices were placed in each mouse

perpendicular to the rostral region of the corpus callosum (Figure 4.9). T2-weighted images
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and MTI were acquired with the same coronal 0.75 mm thick slice with a (2.5 cm)2 field-

of-view (FOV) and 256x256 matrix size resulting in a 98x98x750 µm3 voxel resolution.

T2-Weighted Imaging

T2-weighted images were acquired using a spatially encoded CPMG sequence (imagine Fig-

ure 3.4 with different spatial encoding for each π-pulse), also known as a Rapid Acquisition

with Relaxation Enhancement (RARE) sequence [101]. In the RARE sequence, each echo

is spatially encoded with a different phase-encoding gradient strength, increasing the speed

of acquisition by the number of echoes acquired, or RARE factor, per repetition time. The

effective echo time (TE) is defined as the time elapsed until the occurence of the echo with

the least phase encoding (closest to the middle of k-space). The echoes are phase-encoded

such that the effective echo time is half the RARE factor times the echo spacing. While

some spatial blurring occurs in this technique, RARE imaging is superior to traditional

spin echo sequences for imaging tissue with relatively long T2 as it can acquire similar

signal amplitudes in a shorter amount of time [101].

Coronal T2-weighted images were acquired using a RARE sequence with effective TE

= 80 ms, TR = 1640 ms, RARE factor = 8, echo spacing 20 ms, bandwidth 20 kHz, 12

averages, and a 10 minute acquisition time.

Magnetization Transfer Imaging

Proton density and magnetization transfer contrast images were acquired using a spoiled

gradient echo sequence with low flip angle (FLASH) sequence [88]. In order to calculate

MTR maps, FLASH images (TE/TR = 6/70 ms, 10◦ flip angle, 48 averages, 2x14 minute

acquisition time) were acquired both with (Msat) and without (M0) an MT saturation

pulse (Gaussian-shaped RF pulse, 10.25 ms long). A 10 µT RF saturation amplitude with

a frequency offset of 6000 Hz was chosen to optimize the MTR, as described below.

The ideal offset frequency and amplitude for the MT saturation pulse can be found with

quantitative MTI data (from Chapter 5). We can define three criteria for the MTR:

1. Maximize tissue contrast between healthy white and grey matter.
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2. Maximize the correlation between MTR and the bound pool fraction, f .

3. Avoid direct saturation of the liquid pool.

With these criteria in mind, the percent difference and correlation with qMTI parameters

(f , T1, and RMA
0 ) were plotted for MTR maps calculated at six offset frequencies (1, 2, 4,

6, 10, and 30 kHz) and three amplitudes (5, 10, and 20 µT) ((a) and (b) in Figure 4.10).

Based on the percent difference between average MTR in white matter and grey matter,

the optimal contrast in healthy control mice is found at ∆f ≈ 6000Hz for all RF saturation

amplitudes (5, 10 and 20 µT). Although there is less contrast in the cuprizone-fed mice, it

appears to be largest for the 5 µT RF pulse at ∆f = 6000 Hz (Figure 4.10a).

Because we want MTR to represent the bound pool size, a strong correlation with f is

preferable. R2 = 0.65 at 10 µT and ∆f = 2000 Hz and is ≥ 0.6 for all ∆f from 1000 to

6000 Hz (Figure 4.10b).

The offset frequency needs to be large enough that signal loss due to direct saturation

of the liquid pool is small. Using typical qMTI parameters for a healthy mouse corpus

callosum, the two-pool model of signal from the liquid pool was plotted at 5, 10, and 20

µT against offset frequency (Figure 4.10c). Signal loss due to direct saturation of the liquid

pool was ≈ 1% at ∆f = 2340 Hz for 5 µT , 4680 Hz for 10 µT , and 9370 Hz for 20 µT .

Based on Figure 4.10, an RF amplitude of 10 µT and offset frequency, ∆f = 6000 Hz

was chosen to maximize contrast, minimize direct saturation, and strongly correlate with

the bound pool fraction.
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Figure 4.10: (a) Calculating the percent difference between average MTR in white matter
(WM) and grey matter (GM), the optimal contrast in healthy control (CTL) mice is found
at ∆f ≈ 6000Hz for all RF saturation amplitudes (5, 10 and 20 µT). Although there is
less contrast in the cuprizone-fed (CPZ) mice, it appears to be largest for the 5 µT RF
pulse at ∆f = 6000 Hz. (b) Using all white matter voxels in cuprizone-fed and control
mice, the Spearman correlation coefficient, R2 was found for MTR values at different offset
frequencies and RF amplitudes vs. f , T1, and RMA

0 (the main influences on MTR). Since
we want MTR to represent the bound pool size, a strong correlation with f is preferable.
R2 = 0.65 at 10 µT and ∆f = 2000 Hz and is ≥ 0.6 for all ∆f from 1000 to 6000 Hz. (c)
Two-pool model of signal from the liquid pool relative toM0 using typical qMTI parameters
for a healthy mouse corpus callosum. The offset frequency needs to be large enough that
signal loss due to direct saturation of the liquid pool is small. Liquid pool signal is ≈ 99%
at ∆f = 2340 Hz for 5 µT , 4680 Hz for 10 µT , and 9370 Hz for 20 µT (dashed lines).
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In vivo MRI Analysis

T2-weighted and M0 images were aligned to the accompanying Msat image using an affine

transformation matrix determined by maximizing the 2D correlation coefficient and/or mu-

tual information of the two images, with manual adjustments if needed, using a custom-built

MATLAB GUI (detailed in Appendix C.1.2). T2-weighted images were normalized to the

mean CSF signal in the third ventricle and MTR maps were calculated using the M0 and

Msat images (Equation (3.61)).

Normalized T2-Weighted and MTR Results

Comparison of normalized T2-weighted image (Figure 4.11) and MTR maps (Figure 4.12),

shows significant differences in the effect of cuprizone treatment on both the corpus callosum

and external capsule. In the CPZ2 study, both regions were significantly more hyperintense

in the T2-weighted images and had significantly lower MTR values after 6 weeks of 0.4%

cuprizone treatment. It was determined that the two studies could not be combined, despite

identical imaging parameters.

Although cuprizone was prepared identically between the two studies, CPZ1 was per-

formed in 2009 and CPZ2 was performed in 2011 with different batches of cuprizone feed.

Cuprizone is sensitive to heat, which may be produced when creating pressed pellets. Some

studies suggest using powdered chow for this reason [218]. Increased heat can decrease the

efficacy of treatment, explaining the less severe results in both studies relative to previous

experiments at 0.4%. Rodent feed with cuprizone already added is commercially available

(Harlan Laboratories), and may address some of the inconsistencies between batches of

cuprizone feed. Based on our results, caution is advised when comparing mice fed cupri-

zone from two different studies, as subtleties in preparation may influence its effect on

mice.

Recent studies have commented on the variable effects due to the cuprizone treatment

[109, 218], however, in our experience, the effect of cuprizone was remarkably homogenous

when looking at images in each study on its own. For example, see Figure B.2 for T2-

weighted images and B.4 in Appendix B for MTR maps in all 5 cuprizone-fed mice in

133



4.3. CUPRIZONE MOUSE MODEL OF DEMYELINATION

3 4 5 62Week:

Control
Cuprizone

0.5

0.4

0.3

Week

T2
w

 S
ig

na
l

CPZ1

Control
Cuprizone

CPZ2

CPZ1

CPZ2

2 3 4 5 6
Week

2 3 4 5 6

0.5

0.4

0.3

Corpus Callosum External Capsule

T2
w

 S
ig

na
l

*

*

* *

*
*

Figure 4.11: Longitudinal in vivo T2-weighted images in 0.4% cuprizone-fed mice from two
separate studies (CPZ1 and CPZ2) spanning two to six weeks of treatment. Error bars are
standard error of the mean. T2-weighted signal normalized to the CSF was significantly
different between the two studies in both the corpus callosum and external capsule (∗p <
0.05 using an independent samples T-test).

the CPZ2 study spanning all 6 weeks. Despite being well-characterized in the literature,

pathohistology is advised when assessing the efficacy of different MRI metrics.

4.3.2 Ex Vivo MRI Methods

Tissue Preparation

CPZ1 Study: After 6 weeks of feeding, mice were intracardially perfused with 0.1 M

PBS followed by 4% PFA. Heads were fixed for 24 hours in 4% PFA, after which all tissue

external to the skull was removed. 48 hours prior to ex vivo imaging, brains were transferred

to PBS to wash out the PFA. After ex vivo imaging, brains were transferred back into 4%
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Figure 4.12: Longitudinal in vivo MTR maps in 0.4% cuprizone-fed mice from two separate
studies (CPZ1 and CPZ2) spanning two to six weeks of treatment. Error bars are standard
error of the mean. MTR values were significantly different between the two studies in both
the corpus callosum and external capsule (∗p < 0.05 using an independent samples T-test).

PFA prior to histological preparation. One of the cuprizone-fed DTI acquisitions could not

be completed due to an equipment malfunction and subsequent downtime.

CPZ2 Study: Cuprizone-fed mice were sacrificed and imaged over a 5 day period

encompassing the sixth week of cuprizone treatment. Control mice were sacrificed and

imaged over a 5 day period in the following week. On each day, in vivo imaging was

performed for one mouse prior to that mouse being sacrificed. Under deep anaesthesia,

intracardial perfusion was performed with 10 mL of 0.1 M phosphate buffered saline (PBS)

for ≈ 2 minutes followed by 0.5% glutaraldehyde and 2% paraformaldehyde (PFA) for ≈ 10

minutes. This was followed by another 10 mL of 0.1 M PBS to flush out any remaining

fixative. All tissue external to the skull was removed and the mouse head was stored in

PBS for 1–2 hours prior to overnight imaging.
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In both studies, brains (in skull) were secured in a custom-built acrylic brain holder

and immersed in room temperature FOMBLIN Perfluoropolyether Y04 grade fluid (Solvay

Solexis) to maintain hydration and eliminate external proton signal and susceptibility ar-

tifacts. The sample holder was left at room temperature for several hours to allow the

sample temperature to equilibrate. During overnight imaging, ambient bore temperature

was maintained at 18◦ C. In 4.2, it was shown that sample temperature was likely higher

than 18◦ and was shown to drift ≈ 0.2 ◦C/hour between 6 and 12 hours of imaging. Al-

though this temperature change may contribute to a small error in the DTI and relaxometry

measurements, it should be consistent across samples.

Quantitative MRI Methods

All MRI datasets were acquired using the same coronal slice shown in Figure 4.9 with a

(1.25 cm)2 FOV, 0.75 mm slice thickness, and 128x128 matrix size resulting in a 98x98x750

µm3 voxel resolution. Combined T1 and T2 relaxometry data were acquired using a series

of RARE acquisitions (effective TE = 11, 33, 55, 77, and 99 ms; TR = 4895.5, 2895.5,

1395.5, 695.5, 295.5, and 95.5 ms; RARE factor = 2; 8 averages; 71 minute acquisition

time). In the CPZ2 study, an additional T2 relaxometry dataset was acquired using a

CPMG sequence with 32 slice-selective π-pulses (3.105 ms Mao-shaped pulse envelope) and

10 ms echo spacing (TE = 10, 20, 30 . . . 320 ms, TR = 2500 ms, 24 averages, 96 minute

acquisition time). MTI data were acquired using the same FLASH sequence as in vivo

with 1 M0 image and 18 Msat images acquired with peak RF amplitudes of 5, 10, and 20

µT and frequency offsets at each power of 1000, 2000, 4000, 6000, 10000, and 30000 Hz

(64 averages each, 19x9.5 minute acquisition time). DTI data were acquired with a PGSE

sequence using a 7-direction tetra-orthogonal gradient-encoding scheme. The low b-value

was 2.7 s/mm2 and the high b-value ranged from 968 to 1034 s/mm2 dependent on gradient

direction with gradient pulse duration, δ = 6 ms and gradient pulse spacing, ∆ = 14 ms

(TE/TR = 26/1500 ms, 12 averages, 307 minute acquisition time).
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MR Image Registration and Filtering

T1, T2, diffusion-weighted and magnetization transfer images were aligned to the low b-

value diffusion-weighted image using the same method applied to the in vivo images. When

registering images acquired with the same type of pulse sequence (i.e. gradient echo used

for magnetization transfer images and spin echo used for T1, T2 and diffusion tensor im-

ages), it was sufficient to only adjust the translation and rotation parameters of the affine

transformation matrix. In the case of spin echo images being registered to gradient echo

images (and vice versa), the scaling parameters of the affine transformation matrix need to

be adjusted as well. In the case of diffusion-weighted images, b-matrices associated with

each image had to be rotated to reflect rotations applied during registration to maintain

accurate orientational information [144]. Prior to calculating quantitative maps, ex vivo

images were filtered with an anisotropic diffusion filter to improve SNR [188, 73]. The filter

was applied with 5 iterations and a gradient modulus threshold equal to three times the

standard deviation of the noise in each echo [115].

Image Analysis

T1 maps were generated by fitting RARE images (effective TE = 11 ms; TR = 4895.5, 2895.5,

1395.5, 695.5, 295.5, and 95.5 ms) to the saturation recovery curve (see Equation (3.1) and

Appendix C.3.1). Single component T2 maps were generated by fitting RARE images

(effective TE = 11, 33, 55, 77, and 99 ms; TR = 4895.5 ms) and CPMG images (TE = 10,

20, . . ., 160 ms — SNR was too small after TE = 160 ms) to the spin echo decay curve

(see Equation (3.4) and Appendix C.3.2). Using the CPMG dataset, multicomponent T2

values were generated using a non-negative least squares algorithm with 120 logarithmically

spaced signal amplitudes and T2j values from 5–500 ms (see Section 3.1.4) [265]. Regularized

and non-regularized T2 maps generated using filtered T2-weighted images were visually

similar to each other. Based on this and Bjarnason et al.’s recommendation of voxel-

based, non-regularized analysis of regions of interest [29], non-regularized solutions were

used in all subsequent analysis. The distribution of signal amplitudes vs. T2j values were

visually analyzed in each region of interest to identify peaks corresponding to different
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water components. Myelin water fractions (MWF) and intra-/extracellular water fractions

(IEWF) were calculated for T2j values ranging from 5 to 20 ms and 20 to 100 ms, respectively

[129]. Geometric means were calculated for the same range of T2j values, T2,m and T2,ie.

Magnetization transfer images were normalized to M0 and fitted to the two-pool model

of magnetization transfer (Equation (3.81)) [99] with continuous wave pulse equivalent ap-

proximations (Equation (3.87)) [198] and a super-Lorentzian absorption lineshape for the

bound pool (Equation (3.77)). For the peak RF amplitudes of 5, 10, and 20 µT, ω1CWPE

= 279.7, 559.5, and 1119 rad/s (Equation (3.87)) [198]. Relevant metrics derived from the

two-pool model include the magnetization transfer rate between the free and bound pools

(RMA
0 ), longitudinal relaxation rates of the free and bound pools (RA and RB), transverse

relaxation times of the free and bound pools (TA2 and TB2 ), and the bound pool fraction

(f). RB was fixed arbitrarily to 1 s−1 as recommended by several groups [99, 219, 198].

RA was calculated using the T1 map (Equation (3.88)) [99, 198]. Using the fitted value of

f/RA (1− f) in Equation (3.81), the bound pool fraction, f can be calculated using RA

and Equation (3.89).

Diffusion tensors were determined using a non-linear least squares fit (Equation (3.51))

and a modified Cholesky decomposition to ensure positive definiteness [125]. The eigenval-

ues (λ1, λ2, λ3) and eigenvectors (e1, e2, e3) of the diagonalized diffusion tensor represent

the magnitude and directionality, respectively, of the three orthogonal diffusion directions.

Diffusion tensor metrics include mean diffusivity (〈D〉 = (λ1 + λ2 + λ3)/3), axial diffusivity

(λ‖ = λ1), radial diffusivity (λ⊥ = (λ2 + λ3)/2), and fractional anisotropy (FA) (Equa-

tion (3.59)). An RGB colour map was constructed from the x, y, and z components of

the first eigenvector e1 = (e1x, e1y, e1z) (Equation (3.60)). Red represents diffusion in the

x-direction, green in the y-direction, and blue in the z-direction, with the voxel brightness

weighted by its fractional anisotropy.

With reference to a mouse atlas [186], ROIs representing the corpus callosum (average

number of voxels, n = 40 ± 6), external capsule (n = 66 ± 10), and cerebral cortex (n =

690±60) were manually defined in theMsat image and applied to analysis of all registered in

vivo MRI methods (Figure 4.9). TheMsat image was chosen since the corpus callosum stood

out relative to the surrounding tissue throughout the progression of the cuprizone treatment.
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This was particularly important in weeks 4 through 6, when the corpus callosum in the T2-

weighted and proton density images became harder to discern. Similar ROIs for the corpus

callosum (n = 48 ± 7) external capsule (n = 74 ± 9) and cerebral cortex (n = 650 ± 90)

were defined in the DTI RGB colour maps (which also maintained excellent contrast in the

corpus callosum of the cuprizone-fed mice) and were applied to the analysis of all registered

ex vivo MRI methods.

4.3.3 Image Registration

Once an unscaled image is loaded in MATLAB, a series of manipulations can take place.

In the case of multiparametric analysis on the same slice, all of the images can be aligned

to a single image. In order to facilitate image registration, an image registration tool was

written in MATLAB to allow visualization and registration of images. In two dimensions,

transformation matrices defining translation (At), scaling (As), shearing (Ash, and rotation

(Ar), can be combined to form an affine transformation matrix (A). The translation matrix

is defined as,

At =


1 0 tx

0 1 ty

0 0 1

 (4.4)

where tx and ty define the translation along the x and y axes, respectively. The scaling

matrix is defined as,

As =


sx 0 0

0 sy 0

0 0 1

 (4.5)

where sx and sy define the scaling factors along the x and y axes, respectively. The shearing

matrix is defined as,
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Ash =


1 shy 0

shx 1 0

0 0 1

 (4.6)

where shx and shy define the shearing factors along the x and y axes, respectively. The

rotation matrix is defined as,

Ar =


cosθ sinθ 0

−sinθ cosθ 0

0 0 1

 (4.7)

where θ is the angle of rotation. Finally, the complete affine transformation matrix is defined

as

A = AtAsAshAr. (4.8)

The original position of a voxel, defined by x and y, is transformed into a new position,

defined by x′ and y′,


x′

y′

1

 = A


x

y

1

 (4.9)

The transformed voxels are subsequently combined into an aligned image using bicubic

interpolation.

To search for the optimal affine transformation parameters, fminsearchbnd was used

[54], a constrained version of fminsearch which uses the Nelder-Mead simplex search

method to search for minimal solutions to multivariable functions [133]. fminsearchbnd

performed better than fminsearch by reducing the parameter space to a reasonable set of

boundaries. A function defining the common information between the two images needs to

be defined. In the case of the image registration program detailed in Appendix C.1.2, three

different functions were tested. If we define the reference and target images as Amn and
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Bmn, respectively, the functions are:

i. Absolute Difference

The sum of the absolute difference of values in Amn and Bmn is,

d =
∑
m

∑
n

|Amn −Bmn| (4.10)

and the two images are assumed to be aligned when d is minimized.

ii. 2-D Correlation Coefficient

The 2-D correlation coefficient is defined as,

r =

∑
m

∑
n

(
Amn −A

) (
Bmn −B

)
√√√√(∑

m

∑
n

(
Amn −A

)2
)(∑

m

∑
n

(
Bmn −B

)2
) (4.11)

where A and B are the mean values of Amn and Bmn, respectively. r is larger when Amn

and Bmn are more strongly correlated. The two images are assumed to be aligned when −r

is minimized.

iii. Mutual Information

128-bin distributions of grey values were created individually for Amn and Bmn (pAi and pBi
where i = 1 . . . 128). 128 distributions from Bmn were also created corresponding to the

location of grey values in each bin of pAi, resulting in a 128x128 distribution matrix called

the joint distribution, pABij . The dispersion of the joint distribution can be described by the

Shannon entropy of the joint distribution[192],

h = −
∑
i

∑
j

pABij log
(
pABij

)
. (4.12)

It is low when there are a few sharply defined peaks and large when all values are relatively

constant. The two images are assumed to be aligned when h is minimized. The mutual

information, which is related to the Shannon entropy, is defined as,
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m =
∑
i

∑
j

pABij log

(
pABij
pAi p

B
j

)
. (4.13)

Mutual information takes into account the entropy of the individual images as well as the

joint entropy, thus avoiding some of the misregistrations that can occur with the Shannon

entropy. It can be interpreted as measuring the distance between the joint distribution pABij
and the independent distributions pAi pBj [192]. When m is low, the images are independent

of each other. When m is high, the images are dependent. The two images are assumed to

be aligned when −m is minimized.

Minimization of −r or −m was best for aligning images acquired with different imaging

parameters or methods. Minimizing d was adequate for aligning images that had similar

imaging parameters and signal intensities. In practice, the 2-D correlation coefficient was

used most frequently, as it was faster than the mutual information method and performed

as good if not better in situations where more than translation and rotation was required

(such as registration of gradient echo images acquired for MTI to spin echo images acquired

for T2-weighted, relaxometry and DTI datasets). In rare cases (usually in vivo images that

had small motion between acquisitions), affine transformation parameters had to be set

manually to properly align the images. After manual adjustments, the affine transformation

parameters could then be further refined with one of the automatic methods.

By first registering images with high SNR (e.g. first echo image of a relaxometry dataset,

M0 image in qMTI, or low b-value image in DTI), good starting parameters were found,

which subsequently helped when registering images with lower SNR (e.g. later echoes in

the echo train or RF-saturated images in the qMTI dataset). The MATLAB tool used for

image registration is described in Appendix C.1.2.

4.3.4 Noise and Filtering in Quantitative MRI

Besides motion, quantitative MRI methods are sensitive to noise. In this section, the noise

in different MR images is characterized. This is followed by the application of an anisotropic

diffusion filter to alleviate the effects of noise in fitting images to various quantitative models.

Mean values are compared in filtered and non-filtered metrics. Finally, the goodness-of-fit
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was evaluted with χ2 values for filtered and non-filtered fits.

Noise in the MRI Data

The Fourier-transform of the k-space dataset creates a complex image-space dataset. When

creating an image, the magnitude of each voxel is the the magnitude of the Fourier-

transformed complex signal, S =
√
A2 +B2. Because the components of the complex

signal (A and B) have noise following the Gaussian probability distribution,

PGaussian (x) = 1√
2πσ2

e−
(x−µ)2

2σ2 (4.14)

the magnitude, S =
√
A2 +B2 has noise following the Rician probability distribution,

PRician (x) = x

σ2 e
−(x2+µ2)/2σ2

I0

(
xµ

σ2

)
(4.15)

The variance due to noise, σ2, can be calculated using the standard deviation, σM

measured in a region outside of the sample composed of only signal noise. In order to

account for the Rician distribution at zero signal, the measured standard deviation, σM is

divided by a factor of
√

2− π/2 [84]. The variance is,

σ2 = σ2
M

(2− π/2) (4.16)

and the signal-to-noise ratio (SNR) is,

SNR = S

σ
=
√

2− π/2
(
S

σM

)
= 0.655

(
S

σM

)
(4.17)

Numerous papers have explored the effects of noise on different quantitative MRI meth-

ods. Multicomponent T2 relaxometry appears to have a large SNR requirement, ranging

from 500 [263] to 700 [82]. However, a more modest SNR of ≈ 200 − 300 in the first echo

image was used in other studies that detected myelin water components in human brains

[157, 156, 146, 29].

For accurate determination of DTI metrics, diffusion-weighted images tend to require
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an SNR > 20 [191, 116, 64]. Measuring DTI, however, is complicated by numerous factors

such as field strength, gradient encoding schemes, gradient strength, gradient spacing, and

tissue structure. When given the choice of increased SNR vs. additional gradient encoding

directions, increasing the number of gradient encoding directions is usually suggested for

robust determination of DTI metrics [216, 116]. Signal and, by extension, SNR, will vary

substantially in different diffusion-weighted images because they map out the underlying

magnitude and direction of water diffusing in the tissue.

The noise performance of quantitative MTI is also complicated by variations in the

acquisition schemes [40, 147] and fitting methods [194, 41]. Both TA2 and, in particular,

RM0A, have been shown to have large variability in numerous experiments [194, 219, 198,

253], and may be more sensitive to noise propagation. At SNR < 120, Ramani et al.’s

method appears to be more robust than Sled and Pike’s when estimating RMA
0 and TA2 ,

however TA2 is consistently overestimated [41]. SNR ranging from 40 to 100 is typical in

other qMTI studies [41].

SNR was calculated in different quantitative MRI datasets using the mean signal in the

corpus callosum and cerebral cortex (Table 4.8). All methods achieved a sufficient SNR,

with the possible exception of T2 datasets for multicomponent analysis. Even so, to improve

the effective SNR, an anisotropic diffusion filter was applied to the images prior to model

fitting.

Anisotropic Diffusion Filter

The anisotropic diffusion algorithm is a locally adaptive filter that improves SNR while still

preserving features within the image itself [188, 73]. It has previously been demonstrated to

improve quantitative analysis of multicomponent T2 [115, 107] and DTI [183] data. Prior

to calculating quantitative maps, ex vivo images were filtered with an anisotropic diffusion

filter [188, 73]. The filter was applied with 5 iterations and a gradient modulus threshold

equal to three times the standard deviation of the noise in each echo [115].

Quantitative maps were generated using both filtered and non-filtered images of the

5 control mouse from the CPZ2 study. Filtered images resulted in smoother quantitative

maps with fewer random variations due to noise. Mean values were calculated in each region
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of interest and compared using an independent samples T-test. Figure 4.13 shows T1, T2,

DTI, and qMTI fits for filtered and non-filtered signal from a single voxel in the corpus

callosum of a control mouse.
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Figure 4.13: T1, T2, DTI, and qMTI fits for filtered (circle) and non-filtered (square) signals
from a single voxel in the corpus callosum of a control mouse. Filtered and non-filtered fits
are represented as solid and dashed lines, respectively.

Comparison of mean values in quantitative maps suggests that filtering did not signifi-

cantly alter the estimated values in most regions of interest and quantitative methods. In

the DTI maps, FA was signficantly larger in the non-filtered maps, with a percent difference

of 5% in the corpus callosum and 15% in the external capsule (p < 0.05). FA has previously

been shown to be sensitive to noise and in cases of high noise or anisotropy, benefits from a

constrained non-linear least squares fit (3.2.6). Thus, larger FA in non-filtered white matter

regions is not surprising (Figure 4.14).
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The quantitative MTI maps, RMA
0 and TA2 , previously shown to be sensitive to noise,

were significantly more mottled in the non-filtered brains (Figure 4.15).

While T1 was significantly larger in the external capsule of the non-filtered map when

compared to the filtered map, the percent difference was only 1.1% (Figure 4.16). This was

reflected in the RA map as well, which is derived in part from T1.
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Figure 4.14: Comparison of DTI maps and metrics in filtered and non-filtered mouse brains.
Error bars are standard error of the mean. Fractional anisotropy was significantly higher in
the corpus callosum and external capsule of non=filtered mouse brains, but most metrics
were similar to each other. ∗p < 0.05 when comparing filtered and non-filtered mouse brains
using an independent samples T-test.

χ2 values were calculated for each voxel using the filtered and non-filtered images and

their respective quantitative models,
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Figure 4.15: Comparison of qMTI maps and metrics in filtered and non-filtered mouse
brains. Error bars are standard error of the mean. In most cases, magnetization transfer
metrics were not significantly different. RMA

0 and TA2 , previously shown to be sensitive to
noise, are significantly more mottled in the non-filtered brains. ∗p < 0.05 when comparing
filtered and non-filtered mouse brains using an independent samples T-test.

χ2 =
n∑
i=1

(
Si − SMi

)2

σ2
i

(4.18)

where n is the number of images used in the fit, Si is the signal in each image, SMi is the

signal predicted by the model, and σ2
i is standard deviation of the noise in each image,

corrected to reflect the Rician distribution. The normalized χ2 can be calculated as χ2/ν

where the degrees of freedom, ν, is the number of images minus the number of parameters
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Figure 4.16: Comparison of T1 and T2 maps and metrics in filtered and non-filtered mouse
brains. Error bars are standard error of the mean. In most cases, relaxometry metrics were
not significantly different. ∗p < 0.05 using an independent samples T-test.

used in the quantitative model. Ideally, χ2/ν = 1. χ2/ν > 1 suggests there are discrepancies

between the observed signals and the quantitative model. In the case of noisy MRI data,

χ2/ν > 1 values frequently occur, however, we can use strategies such as filtering to improve

the goodness of fit.

χ2/ν maps for filtered and non-filtered MRI in a control mouse are shown in Figure 4.17.

χ2/ν values are visibly smaller in the filtered maps, although where the corpus callosum

transitions with surrounding tissue, the χ2/ν appear to be larger. This is most evident in

the qMTI χ2/ν map, where larger χ2/ν values clearly outline the corpus callosum.
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Mean χ2/ν values were compared in the corpus callosum and cerebral cortex of 5 freshly

excised control mouse brains. In general, χ2/ν was improved when using filtered images to

generate quantitative MRI maps (Table 4.9), with significantly lower values particularly in

the cerebral cortex.

Given the the visual improvements in quantitative maps, small variations between fil-

tered and non-filtered results, and lower χ2/ν values, the anisotropic diffusion filter is a

viable solution for improving the apparent SNR and goodness-of-fit in all of the quantita-

tive MRI methods presented in this dissertation.

Filtered

Non-Filtered

0 10

0 10

T1 T2 mcT2 DTI qMTI

Figure 4.17: χ2/ν maps for filtered and non-filtered MRI in a control mouse. Maps are
scaled from 0 (black) to 10 (white).

Table 4.9: χ2/ν values for filtered and non-filtered images were compared in the
corpus callosum and cerebral cortex of 5 freshly excised control mouse brains. n
is the number of images and ν the degrees of freedom. Values reported as mean
(standard error of the mean).

χ2/ν Values
Corpus Callosum Cerebral Cortex

Method n ν Non-Filtered Filtered Non-Filtered Filtered

T1 6 4 1.43 (0.05) 0.90 (0.05)* 1.37 (0.03) 0.48 (0.03)*

T2 16 13 4.04 (0.80) 2.25 (0.73) 3.98 (0.76) 1.75 (0.43)**

mcT2 16 13 1.76 (0.30) 1.45 (0.38) 2.22 (0.37) 1.27 (0.37)
DTI 8 1 1.99 (0.36) 0.85 (0.24)** 1.69 (0.12) 0.76 (0.08)*

qMTI 19 13 1.50 (0.11) 1.22 (0.16) 1.56 (0.07) 0.71 (0.06)*

∗p < 0.001 and ∗∗p < 0.05 when comparing filtered and non-filtered χ2/ν values
using an independent samples T-test.
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4.3.5 ROI- and Voxel-Based Analysis

After registering and filtering individual MR images, quantitative models are typically fitted

to signals averaged over an entire ROI (ROI-based analysis) or fitted to signals in individual

voxels (voxel-based analysis). One advantage of voxel-based analysis is that you can generate

parameter maps to spatially represent various quantitative parameters. Mean quantitative

parameters can be calculated in different regions of interest from these parameter maps

with error equal to the standard deviation. In addition, voxel-based quantitative maps

can be correlated to understand better the interplay of different quantitative metrics. The

disadvantage, of course, is that individual voxels are inherently more noisy, possibly affecting

the quality of the quantitative fit, especially when dealing with complicated quantitative

methods such as multi-component T2 and quantitative MTI. As such, ROI-based analysis is

often reported in the literature [115], due mostly to the SNR advantages of averaged signal

values, but also likely due to computational advantages of doing a single ROI-based fit vs.

doing several thousand voxel-based fits.

Only voxel-based fits are reported in this dissertation. Mean and standard deviation in

a region of interest are calculated using the voxel-based quantitative maps. Mean values

from the same ROI in control or cuprizone-fed mice are reported as the mean ± standard

error of the mean.

4.3.6 Quantitative MRI in Fresh and Fixed Mouse Brains

T1, T2, and MTR are significantly decreased and f is significantly increased following fix-

ation of MS brain tissue [212]. This can be attributed to both the presence of formalin

and the cross-linking of macromolecules causing a shift of protons to the bound pool [212].

As well, 〈D〉, λ‖, and λ⊥ are significantly reduced in normal mouse brain [238], damaged

mouse optic nerve [239], and MS brain tissue [212] after fixation. Only part of this reduc-

tion is explained by differences in tissue temperature (18◦ C ex vivo vs. 37◦ C in vivo)

[238]. Relative measures of anisotropy such as FA are relatively unchanged after fixation

[212, 238, 239]. While T2 values can be somewhat restored by washing the tissue in PBS, T1
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Figure 4.18: Comparison of DTI maps and metrics in fixed and fresh mouse brains. Error
bars are standard error of the mean. Diffusivity measurements were significantly lower in
the corpus callosum and external capsule of fixed mouse brains, but fractional anisotropy
was not. ∗p < 0.001, ∗∗p < 0.01 when comparing fresh and fixed mouse brains using an
independent samples T-test.

and diffusivity remain significantly reduced due to irreversible changes in membrane perme-

ability and compartment size [243, 214]. Nevertheless, correlation remains strong between

myelin content and f in both fixed and unfixed MS brain tissue [212]. Likewise, despite

a significant decrease in diffusion metrics, the relative changes are directly proportional to

their in vivo counterparts in healthy mouse brains [238].

Our results reflect those found previously. Of the DTI metrics, 〈D〉, λ‖, and λ⊥ were

significantly smaller in fixed white matter, while fractional anisotropy was relatively un-

changed (Table 4.10 and Figure 4.18). In Figure 4.18, differences in contrast are most

notable in the maps of 〈D〉 and λ‖, with the white matter tract substantially clearer in the
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fixed map of 〈D〉 and in the fresh map of λ‖.
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Figure 4.19: Comparison of qMTI maps and metrics in fixed and fresh mouse brains. Error
bars are standard error of the mean. Magnetization transfer measurements were significantly
larger in the corpus callosum and external capsule of fixed mouse brains, with the exception
of TB2 , which was significantly lower. RMA

0 and TA2 , previously shown to be sensitive to
noise, are more mottled in the fixed brains. ∗p < 0.001, ∗∗p < 0.01, and ∗∗∗p < 0.05 when
comparing fresh and fixed mouse brains using an independent samples T-test.

In the qMTI maps, f , RA, and RMA
0 were significanly larger in most regions of the

fixed mouse brains, but only in the corpus callosum when comparing TA2 (Table 4.10 and

Figure 4.19). TB2 was significantly lower in all regions of the fixed mouse brains. While

maps of f and TA2 had similar contrast, RA, RMA
0 and TB2 had less discernible white matter

tracts in the fixed mouse brain.
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T1 was significantly lower in all regions of the fixed mouse brains (Table 4.10 and Fig-

ure 4.20). T2 was slightly lower in the fixed white matter, but not significantly. As has

been observed previously, washing the tissue with PBS for 48 hours prior to imaging mostly

restored the T2 [214].

Given the varying effects of fixation on different quantitative methods, MRI of freshly

excised mouse brains might be more reflective of in vivo changes in cuprizone-fed mice.

Removing the influence of fixation can also improve the comparison of multiple quantitative

metrics between control and cuprizone-fed mice. Because we are interested in how different

MRI methods correlate with each other and with tissue structure and content, measurements

in freshly excised mouse brains appear to be superior to measurements in fixed mouse

brains. Delaying the fixation may have resulted in small, dark spots in some of the electron

microscopy images in Chapter 5, although with no detriment to image analysis.
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Figure 4.20: Comparison of T1 and T2 maps and metrics in fixed and fresh mouse brains.
Error bars are standard error of the mean. T1 was significantly smaller in the fixed mouse
brains. T2 was not significantly different, but had a large variability in both fresh and fixed
mouse brains. ∗p < 0.001 using an independent samples T-test.

4.3.7 Histopathology

In the CPZ1 study, brains were removed from the skull and post-fixed overnight in 4%

PFA followed by 30% sucrose at 4 ◦C for 24–48 hours. Serial 30 µm coronal sections were

cut using a sliding microtome and collected in plates containing 0.01 M PBS. To evaluate
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demyelination, sections were stained with Luxol fast blue-periodic acid Schiff (LFB-PAS)

[278].

LFB-PAS Staining

After 6 weeks of 0.4% (w/w) cuprizone treatment, mice showed obvious demyelination in

the corpus callosum (Figure 4.21). While some of the myelin sheath remained in the corpus

callosum, myelin tracts disappeared completely in the external capsule, with profound cell

proliferation. These results mirror the in vivo MRI results, where the external capsule

changed more significantly then the corpus callosum in the longitudinal T2-weighted images

(Figure 4.11) and MTR maps (Figure 4.12) of the CPZ1 study.

LFB-PAS staining might overestimate the degree of organized myelination because lipid

debris from degraded myelin still gives a positive signal [161]. In order to quantitatively

analyze ultrastructural features in the cuprizone model, electron microscopy was utilized in

Chapter 5.

Figure 4.21: LFB-PAS at 6 weeks in a control (a) and 0.4% cuprizone-fed (b) mouse. Corpus
callosum in the control is evenly myelinated (blue) with nuclei lined up along the fibers.
In the cuprizone-fed mouse, some of the myelin sheath remains in the medial region of the
corpus callosum while in the lateral region of the corpus callosum, myelin tracts disappear
(pink) with profound cell proliferation (purple dots).
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4.3.8 Conclusion

Based on the MRI protocols and methods described in this chapter, a study combining

weekly in vivo MRI measurements (T2-weighted and magnetization transfer imaging) and

quantitative MRI measurements in freshly excised mouse brains (including T1 and T2 relax-

ometry, DTI, and qMTI) was performed on the cuprizone-fed mouse model in conjunction

with electron microscopy to quantify and correlate ultrastructural changes in the corpus cal-

losum due to demyelination. This is the CPZ2 study described in this chapter and further

explored in Chapter 5.
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Chapter 5

Quantitative MRI and
Ultrastructural Examination of the
Cuprizone Model of Demyelination

5.1 Introduction

While traditional MRI methods, such as T1- and T2-weighted imaging, have been used

extensively to monitor demyelinating lesions in MS, they are unable to distinguish inflam-

mation, demyelination and reactive glial changes in both lesions and normal appearing white

matter (NAWM) [6]. Quantitative MRI methods such as diffusion tensor imaging (DTI),

magnetization transfer imaging (MTI), and multicomponent T2 imaging (mcT2) provide

more information about tissue pathology. DTI is sensitive to changes in water mobility and

anisotropy, reflecting tissue structure, while MTI and mcT2 are sensitive to myelin content

and myelin integrity, respectively [66, 12]. A multiparametric approach combining two or

more quantitative MRI methods can give more insight into tissue pathology.

In mcT2 analysis, myelin water fractions (MWF) derived from the short T2-component

correspond to the distribution of myelin [166, 72, 263, 228, 229, 177, 129, 138] while longer

intermediate T2-components are thought to indicate inflammation [228, 229]. Multicompo-

nent T2 gives more structural information than quantitative MTI (qMTI) [200], but sensi-

tivity to water exchange and tissue geometry [200, 145] also reduces its specificity to myelin

content. mcT2 does not distinguish intact myelin from myelin debris [263, 129], requires a

relatively high SNR [177], and has larger inter-subject variability than qMTI [250].

The magnetization transfer ratio (MTR) and bound pool fraction (f) are MTI metrics
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representative of the bound pool. MTR and f both decrease with demyelination [177], but

f is a more specific marker of myelin content [211, 212, 181, 61] and is relatively insensitive

to axonal injury and variations in axonal density [181, 61]. MTR is strongly influenced by

the pulse sequence, longitudinal relaxation, and magnetization transfer rates; and is difficult

to compare between studies.

DTI metrics are sensitive to tissue structure and orientation. Previously, decreased

axial diffusivity (λ‖) has been associated with axonal damage [253, 224] and increased

radial diffusivity (λ⊥) has been associated with demyelination [177, 224, 36, 270, 240, 18].

However, there are several confounding influences which might reduce the specificity of

DTI metrics. Diffusion anisotropy decreases with fiber crossing and bending [18]. As well,

radial diffusivity is influenced by axonal damage and inflammation [36, 270] and does not

correlate strongly with myelin loss or astrogliosis [270]. Axial diffusivity does not reflect

axonal atrophy [270].

Given the varying influence tissue pathology can have on different quantitative MRI met-

rics, a multiparametric approach might be necessary to separate pathological processes. To

this end, several studies have performed pairwise comparisons of quantitative MRI methods:

mcT2 to qMTI, mcT2 to DTI, and qMTI to DTI.

Comparisons of mcT2 to qMTI show conflicting results. McCreary et al. suggested MWF

reflects the time course of demyelination more closely than MTR [162], while Levesque et al.

suggested qMTI parameters (f and the T2 value of the liquid pool, TA2 ) were more sensitive

to MS recovery and less variable than MWF, reflecting quick resolution of inflammation

followed by slower partial remyelination [146]. Poor correlation between MWF and MTR or

f [250, 61, 146] arises due to differing sensitivities to pathological processes such as regional

variations in axonal diameter, intercompartmental exchange rates [61], and inflammation

[250]. Myelin content, which has been shown to influence both methods, may play a stronger

role in cases where stronger correlation exists.

Comparisons of mcT2 to DTI metrics demonstrate slightly stronger correlations. In a

study by Kolind et al., lesions with a long-T2 component had strong negative correlations

between MWF and mean, axial, and radial diffusivity but not fractional anisotropy (FA)

and weak correlations in lesions without a long-T2 component [127]. Long-T2 lesions are
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accompanied by increased T1, T2, and water content values and decreased MTR, suggesting

greater tissue destruction and possibly inflammation or edema [136]. Madler et al. found

strong correlation between MWF and radial diffusivity and fractional anisotropy [159].

Because both mcT2 and DTI are sensitive to tissue geometry, these results are not surprising.

Since we were unable to observe a myelin water component in the mouse corpus callosum,

comparisons to relaxometry results were limited to T1 and the T2 component of intra-

/extracellular water, T2,ie.

In general, comparisons of MTI to DTI metrics yield weaker correlations, suggesting

the two methods might provide complementary information. Correlation between MTR

and mean diffusivity (〈D〉) is poor except in severely damaged MS lesions [179]. Moderate

correlation was found between f and λ⊥ in average values of white matter (combination

of control/shiverer mouse datasets) but not in control and shiverer mice separately [181].

Correlation between f and FA/λ⊥/λ‖ was poor in healthy white matter but strong between

f and FA/λ⊥ in grey matter [252]. However, correlation between f and FA appears to

increase in white matter tracts with high directional coherence, such as the corpus callosum

(CC) [234].

A few studies have used multiple MRI methods to study the cuprizone model of de-

myelination with promising results. Merkler et al. [164] acquired T1-weighted, T2-weighted,

and MT images after 6 weeks of cuprizone treatment and again following 6 weeks of re-

myelination. A combination of two or more MRI contrasts improved the ability to predict

myelinated, demyelinated, and remyelinated tissue using discriminant function analysis with

the strongest prediction strength (95%) resulting from a combination of all three contrasts

[164]. After 4 weeks of cuprizone treatment, Wu et al. [267] found hyperintense T2-weighted

signal and increased T2 relaxation times along with decreased axial diffusivity and increased

radial diffusivity, most significantly in the caudal region of the corpus callosum. After 12

weeks of cuprizone treatment, Harsan et al. [95] also found increased T2-weighted signal

and radial diffusivity in both the rostral and caudal regions of the corpus callosum, but no

significant difference in axial diffusivity compared to controls.

While there are studies that look at the cuprizone mouse model with individual [224,

270, 240, 275, 246, 276] and multiparametric [164, 267, 95, 277] MRI methods, to date, there
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are no multi-contrast (T2-weighted and MTI) weekly longitudinal studies and no multipara-

metric quantitative MRI studies (T1, mcT2, DTI and qMTI) focused on the cuprizone mouse

model. Conventional T2-weighted images of the corpus callosum become hyperintense with

continued cuprizone treatment [164, 267, 95, 275, 246] with greater changes in the caudal

regions of the corpus callosum relative to the rostral regions at 4 weeks treatment [267]

and significantly larger ventricles after 12 weeks of treatment [95]. Magnetization transfer

ratios (MTR) are significantly lower in the corpus callosum after 4 to 6 weeks of cuprizone

treatment [164, 276] with strong correlation between MTR and myelin basic protein (MBP)

immunoreactivity [276] and moderate correlation between MTR and myelination measure-

ments made with electron microscopy [164]. Several DTI studies of 0.2% cuprizone-fed

mice have found significantly lower FA and higher λ⊥ in the in vivo and ex vivo corpus

callosum [224, 240, 95, 270, 277, 261]. Significantly lower λ‖ was also observed in vivo after

4 to 6 weeks of treatment, indicative of axonal injury [222, 270, 277, 261], but not ex vivo

[224, 277].

This study characterizes the cuprizone mouse model in the rostral corpus callosum

and external capsule using weekly longitudinal measurements and multiparametric MRI

analysis, including previously unapplied multicomponent T2 and quantitative MTI analysis.

We also used the cuprizone mouse model to measure the influence of different tissue features

on various quantitative MRI metrics using ultrastructural examination after 6 weeks of

cuprizone treatment along with correlations between quantitative MRI methods.

In vivo T2-weighted and magnetization transfer images were acquired weekly in control

and cuprizone-fed mice. These are reflective of MRI methods commonly used in a clinical

setting and were chosen, in part, due to constraints on imaging time. After sacrifice, DTI,

qMTI, T1/T2 relaxometry and electron microscopy were used to analyze ex vivo tissue after

6 weeks of cuprizone delivery. Correlations between in vivo longitudinal MRI, ex vivo

quantitative MRI, and electron microscopy measurements were made, with a focus on the

rostral corpus callosum and external capsule. Using both longitudinal and multiparametric

MRI analysis, new and complementary information about tissue pathology in the cuprizone

mouse model was found.
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Table 5.1: Timeline of cuprizone treatment, in vivo MRI (in), ex vivo MRI
(ex), and electron microscopy (EM).

MRI

Week: 0 1 2 3 4 5 6 7

Control (n = 5) in* in in in in in in in/ex EM
0.4% Cuprizone (n = 5) in in in in in in in/ex** EM
∗ In vivo MRI includes T2-weighted and MTI.
∗∗ Ex vivo MRI includes T1/T2 relaxometry measurements, qMTI, and
DTI.

5.2 Methods

5.2.1 Cuprizone Mouse Model

Ten female C57BL/6 mice (University of Manitoba breeding colony) were housed in the

University of Manitoba animal facility with a 12 h dark/12 h light cycle. Cuprizone (Sigma-

Aldrich) was mixed into milled rodent chow with a final concentration of 0.4% (w/w) and

pressed into pellets. Starting at 8 weeks of age, the control group (n = 5) ate regular chow

and the cuprizone-fed group (n = 5) ate chow containing cuprizone (both ad libitum). The

experimental protocol was approved by the University of Manitoba Animal Care Committee

who adhere to the guidelines and principles created by the Canadian Council on Animal

Care.

5.2.2 MRI

In vivo imaging and analysis of the mice is described in Section 4.3.1 for the CPZ2 Study.

Tissue was prepared and ex vivo imaging and analysis was performed as described in Section

4.3.2 for the CPZ2 Study.

5.2.3 Electron Microscopy

After ex vivo imaging, mouse heads were washed in PBS to remove any excess FOMBLIN.

The top of the skull was removed and brains (in skull) were fixed in 2% glutaraldehyde and

2% PFA for at least 3 days. After fixation, brains were removed from the skull and a 1 mm
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thick slice was removed corresponding to the oblique coronal slice in Figure 4.9. From this

slice, the corpus callosum was dissected using a dissecting microscope. Elongated cubes of

corpus callosum were further fixed in phosphate buffered 4% glutaraldehyde followed by 1%

osmium tetroxide overnight, dehydrated in alcohol then acetone, and embedded in Epon

resin. Semithin sections (1 µm) were stained with toluidine blue. Ultrathin sections (90 nm)

from the corpus callosum were contrasted with uranyl acetate and lead citrate then viewed

and photographed with a JEOL 1010 transmission electron microscope equipped with dig-

ital camera. An experienced neuropathologist took representative photomicrographs. The

differences between control and cuprizone-fed mice were obvious and therefore blinding was

not possible.

In order to count the cellular features, a 2x2 µm2 grid was overlaid on two 5000x electron

microscopy images per mouse with 180 points/image (360 points/mouse). At each point,

tissue was classified as myelinated axons (A), myelin sheaths (M), non-myelinated material

(C), and extracellular space (E). The non-myelinated material included demyelinated/un-

myelinated axons, nuclei, glial processes, lipid droplets, damaged axons, and apoptotic cells,

with the last four abnormalities occuring only in cuprizone-fed mice. The fraction of A, M,

C, and E was calculated for control and cuprizone-fed mice.

On two 15000x images per mouse, the narrowest axon diameter (to compensate for

possible oblique sections) and myelin sheath thickness was manually measured in all visibly

myelinated axons. Axon diameters were split into three equal-sized bins based on the

distribution in the control mice (< 0.3µm, 0.3–0.45 µm, and > 0.45µm). The same was

done for the myelin sheath thickness (< 0.06µm, 0.06–0.075 µm, and > 0.075µm). Based on

these measurements, the number of myelinated axons per 100 µm2 was calculated. As well,

the M/A ratio (myelin sheath thickness/axon diameter) and g-ratio (axon diameter/fiber

diameter) were calculated for each mouse, where,

g = A

2M +A
= 1

2M/A+ 1 (5.1)

is inversely proportion to the M/A ratio.
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5.2.4 Statistical Analysis

For in vivo T2-weighted images and MTR maps, two-way repeated measures ANOVA was

performed with one within-subjects factor (week) and one between-subjects factor (treat-

ment) along with Mauchly’s test of sphericity. In the case of significant differences between-

subjects, independent samples T-tests were performed to test for significant weekly differ-

ences between treatments. One-way ANOVA was used to measure the significance of weekly

changes in both control and cuprizone-fed mice followed by Tukey’s post-hoc test.

For ex vivo T1, T2, DTI, qMTI, and EM measurements, independent samples T-tests

along with Levene’s test for equality of variances were performed to test differences between

control and cuprizone-fed mice.

In all in vivo and ex vivo MRI maps, Spearman’s rank correlation coefficients were

calculated using both mean values (ROI-based analysis) and individual voxel values (voxel-

based analysis) in the corpus callosum, external capsule, and cerebral cortex of control,

cuprizone-fed and combined (control+cuprizone-fed) datasets. In addition, Spearman cor-

relation coefficients were calculated between mean MRI values in the corpus callosum and

electron microscopy measurements.

The Spearman’s rank correlation coefficient finds the Pearson correlation coefficient of

the rank of the two variables, denoted as xi and yi:

ρ = Σi (xi − x) (yi − x)√
Σi (xi − x)2 (yi − y)2

(5.2)

Unlike the Pearson correlation coefficient, which uses the actual variable values, Spearman’s

rank correlation coefficient assumes a monotonic relationship between the two variables,

but doesn’t assume normality, homoscedasticity, or linearity. Because we cannot assume

the relationship between the various MRI metrics and EM measurements are linear, this is

a suitable test of correlation. In the case of f vs. the myelin sheath fraction, both values are

strongly related to the bound water content. In this case, a linear relationship was assumed

and Pearson’s correlation coefficient (r) was calculated along with the linear regression.
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5.3 Results

5.3.1 Cuprizone Diet

The cuprizone-fed miced weighed significantly less than the control mice at 3 weeks of

treatment ((16.5 ± 1.0) g vs. (21.1 ± 1.3) g) but did not change significantly over the

following three weeks (21.7% lighter at 3 weeks vs. 23.7% lighter at 6 weeks). None of the

mice showed signs of lethargy or increased mortality previously reported at 0.4% cuprizone

[103].

5.3.2 In Vivo MRI
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Figure 5.1: Normalized T2-weighted (T2w) and MTR maps from 0 to 6 weeks in a cuprizone-
fed mouse. Signal inversion in the T2-weighted image and decreased MTR is obvious in
the white matter regions (arrows). Mean ± SEM values are presented for normalized T2-
weighted signal and MTR in the corpus callosum (CC) and external capsule (EC) of control
and cuprizone-fed mice. ∗p < 0.001, ∗∗p < 0.01, ∗∗∗p < 0.05 when comparing control and
cuprizone-fed mice using an independent samples T-test.

As cuprizone treatment progressed, contrast inversion was evident in the corpus callosum

and external capsule of the cuprizone-fed mice Figure 5.1. In the normalized T2-weighted im-
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ages, two-way repeated measures ANOVA showed significant differences in signal intensity

between treatment in the corpus callosum and external capsule (p < 0.001). Independent

samples T-tests verified differences between treatment were significant starting at week 3

in the corpus callosum and week 4 in the external capsule (p < 0.001 for both). Two-way

repeated measures ANOVA also indicated significant weekly changes and significant inter-

action between week and treatment (p < 0.001 for both) in the corpus callosum (sphericity

not assumed) and external capsule (sphericity assumed). One-way ANOVA confirmed sig-

nificant week-to-week changes occurred in the cuprizone-fed corpus callosum and external

capsule (p < 0.001 for both). In the corpus callosum, Tukey’s post-hoc test confirmed sig-

nificant differences between the first 3 weeks of treatment and the last 3 weeks of treatment

(p < 0.01), with week 4 significantly larger than week 3 and weeks 4–6 significantly larger

than all of the preceding weeks. Similar results were found in the external capsule except

for week 4, which was significantly different from all weeks, both before and after (p <

0.01).

Lower MTR values were evident in the corpus callosum of the cuprizone-fed mice when

compared to control mice Figure 5.1. Two-way repeated measures ANOVA showed signif-

icant differences in MTR between treatment in the corpus callosum and external capsule

(p < 0.001). Independent samples T-tests verified differences between treatment were sig-

nificant starting at week 3 in the corpus callosum (p < 0.001) and week 4 in the external

capsule (p < 0.001). Two-way repeated measures ANOVA also indicated significant weekly

changes and significant interaction between week and treatment (p < 0.001 for both) in

the corpus callosum (sphericity not assumed) and external capsule (sphericity assumed).

One-way ANOVA confirmed significant week-to-week changes occurred in the cuprizone-fed

corpus callosum and external capsule (p < 0.001 for both). In the corpus callosum, Tukey’s

post-hoc test confirmed significant differences between the first 3 weeks of treatment and

the last 3 weeks of treatment (p < 0.01), with week 4 significantly smaller than week 3 (p

< 0.01) and significantly larger than week 5 (p < 0.05) and weeks 5–6 significantly smaller

than all of the preceding weeks. Similar results were found in the external capsule except

for weeks 4, 5 and 6, which were each significantly smaller than the preceding weeks and

significantly larger than the subsequent weeks (p < 0.01).
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Both methods were sensitive to the effects of the cuprizone treatment. Normalized

T2-weighted images and MTR maps detected changes in the corpus callosum at 3 weeks.

T2-weighted signal in the corpus callosum peaked at week 4, and decreased at weeks 5 and

6. This was in direct contrast to the normalized T2-weighted signal and MTR values in

the external capsule, which both continued to increase/decrease throughout the treatment.

The MTR values in the corpus callosum followed the external capsule more closely, peaking

one week later at week 5.

5.3.3 In Vivo T2-Weighted and MTR Correlations

Sample size was too small to test correlation significantly between mean values from ROIs

in control and cuprizone-fed mice on a weekly basis. ROI-based correlations across all weeks

in control, cuprizone-fed, and combined datasets (light grey lines in Figure 5.2) reflect their

voxel-based counterparts, with the strongest correlations in the cuprizone-fed mice and

weakest in the control mice, corresponding to the breadth of tissue pathologies experienced

throughout the cuprizone treatment. Larger correlations in the external capsule vs. the

corpus callosum in control mice reflects greater breadth of tissue characteristics in the

external capsule, possibly due in part to partial volume averaging with grey matter in the

narrower external capsule.

The progression of the cuprizone treatment can be tracked by looking at the 95% con-

fidence ellipses in the scatter plots (Figure 5.2). From 0–2 weeks in the corpus callosum

and 0–3 weeks in the external capsule, the confidence ellipses are similar to the confidence

ellipse for all control mice (solid dark grey line). After 2 or 3 weeks, the confidence ellipses

of the cuprizone-fed mice start to move away from the control mice, although the correla-

tion coefficients don’t change significantly. Correlation of the combined dataset (solid black

line) reflects the progression of the cuprizone treatment, with changes in the corpus callo-

sum preceding changes in the external capsule, reflected by increasingly negative correlation

coefficients starting at weeks 3 and 4, respectively. Weekly correlations were similar in both

the control and cuprizone-fed mice until week 6, when correlations decreased dramatically

in the cuprizone-fed mice. The in vivo normalized T2-weighted and MTR values obtained
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Figure 5.2: (a) Scatter plots of normalized T2-weighted and MTR voxel values in the corpus
callosum and external capsule. 95% confidence ellipses outline regions encompassing all
weeks for control (solid grey line) and cuprizone-fed (dashed black line) mice. In addition,
95% confidence ellipses outline regions in each week for control (not shown, but all were
similar to the solid grey line) and cuprizone-fed mice (dashed line from red (week-0) to
blue (week-6), see scale for exact colour-coding). (b) Voxel-based Spearman correlation
coefficients (r) of normalized T2-weighted and MTR voxel values from 0 to 6 weeks in
the control, cuprizone-fed, and combined datasets. Correlation stays relatively constant in
control and cuprizone-fed mice until the sixth week, when correlation dramatically decreases
in the cuprizone-fed mouse. Correlation of the combined dataset reflects the progression
of the cuprizone treatment, with changes in the corpus callosum preceding changes in the
external capsule.
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prior to perfusion are given in Table 5.2.

5.3.4 Relaxometry
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Figure 5.3: (a) Control (CTL) and (b) cuprizone-fed (CPZ) T1, T2, and water fraction
maps. The scale from black to white is given below each map. Mean ± SEM values
are presented for the corpus callosum (CC), external capsule (EC), and cerebral cortex
(CX). T1 increases with demyelination in white matter (as expected), however, T2 and T2,ie
were not significantly different and no significant myelin water component was detected.
∗p < 0.001, ∗∗p < 0.01, ∗∗∗p < 0.05 when comparing control and cuprizone-fed mice using
an independent samples T-test.
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Representative T1, T2, T2,ie, MWF, and IEWF maps for control and cuprizone-fed mice

are shown in Figure 5.3) with numerical values in Table 5.2. T1 was significantly larger in

all three regions of the cuprizone-fed mice when compared to controls.

0 10 20 30 40 50 60 70 80 90 100
0

1

2

3

4

5

6

7

8

9

0 10 20 30 40 50 60 70 80 90 100
0

5

10

15

20

25

0 10 20 30 40 50 60 70 80 90 100
0

2

4

6

8

10

12

14

16

18

0 10 20 30 40 50 60 70 80 90 100
0

5

10

15

20

25

30

Si
gn

al
 A

m
pl

itu
de

T2j (ms) T2j (ms)

T2j (ms) T2j (ms)

Si
gn

al
 A

m
pl

itu
de

Si
gn

al
 A

m
pl

itu
de

Si
gn

al
 A

m
pl

itu
de

a b

dc

Figure 5.4: Distribution of multicomponent T2 signal amplitudes. Representative control
(a, b) and cuprizone-fed (c, d) signal amplitudes vs. the T2j values in the corpus callosum
(a, c) and external capsule (b, d).

Visual analysis of the distribution of signal amplitudes vs. T2j values in the corpus

callosum and external capsule revealed a single peak corresponding to the single component

T2 fit, with no significant values corresponding to a myelin water component (Figure 5.4).

MWF was less than 0.01 in the control mice and essentially 0 in the cuprizone-fed mice.

While the IEWF appears to be significantly larger in the cuprizone-fed corpus callosum

and external capsule (equal variances not assumed), it is important to note that IEWF

values were within 0.02 of 1 for the control mice and within 0.01 of 1 for the cuprizone-

fed mice. Significance will be exaggerated by this ceiling, just as the MWF might appear

significantly different because the majority of the cuprizone-fed mice had an MWF = 0.

Because the MWF was essentially zero, only the geometric mean of the intra-/extracellular
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T2 distribution was used in any subsequent analysis. The T2 values themselves had a large

standard deviation, with mean values in the corpus callosum ranging from (37±3) to (43±4)

ms in control mice and from (31± 1) to (45± 2) ms in cuprizone-fed mice. There were no

significant differences between T2 and T2,ie in any of the regions.

5.3.5 DTI

Representative 〈D〉, λ‖, λ⊥, FA, and RGB colour maps for control and cuprizone-fed mice

are shown in Figure 5.5 with numerical values in Table 5.2. 〈D〉, λ‖, and λ⊥ were signifi-

cantly higher in both the corpus callosum and external capsule of the cuprizone-fed corpus

callosum when compared to controls. FA was significantly lower in both regions compared

to controls. There was no significant difference in any of the DTI metrics in the cerebral

cortex.

When comparing values between the corpus callosum and external capsule in the same

treatment group, 〈D〉, λ⊥, and FA were significantly different in the control group, with the

latter two metrics also significantly different in the cuprizone-fed mice. This is indicative of

sensitivity between white matter structures and not just treatment groups.

5.3.6 qMTI

Representative f , RA, RMA
0 , TA2 , and TB2 maps for control and cuprizone-fed mice are shown

in Figure 5.6. f and RA were significantly smaller in all three regions of the cuprizone-fed

mice compared to controls. RMA
0 and TA2 were significantly larger in the corpus callosum

and external capsule. TB2 was significantly smaller in just the external capsule.

When comparing values between the corpus callosum and external capsule in the same

treatment group, RMA
0 and TB2 were significantly different in both the control and cuprizone-

fed groups. TA2 was also significantly different in the cuprizone-fed group. As with the DTI

metrics, this is indicative of sensitivity between white matter structures and not just treat-

ment groups.
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5.3. RESULTS

Figure 5.7: Myelinated axons in the control mouse (A) and demyelinated axons in the
cuprizone-fed mice (B) with additional pathologies such as large, swollen axons with accu-
mulation of organelles (C), apoptotic cells (D), and macrophage infiltration (E).

5.3.7 Electron Microscopy

After 6 weeks of cuprizone treatment, the corpus callosum was almost completely demyeli-

nated. Along with demyelinated and thinly myelinated axons, there were large, swollen

axons with accumulation of organelles. Corpora callosa in the cuprizone-fed mice also fea-

tured apoptotic glial cells (probably oligodendrocytes but could not be determined with

certainty), reactive microglia with lipid debris, and macrophage infiltration (Figure 5.7).

All EM cellular distributions and measurements are summarized in Table 5.3. The dis-

tribution of cellular features in the 5000x EM images reflect the substantial changes seen in

the cuprizone-fed mice (Figure 5.8). Myelinated axon fractions and myelin sheath fractions

were both significantly smaller and non-myelinated cell fractions were significantly larger.

Although extracellular space increased slightly in the cuprizone-fed mice, its relatively small

size in both groups indicates its influence on MRI metrics should be minimal. Also it must

be noted that tissue processing for EM tends to shrink tissue and contract the extracellular
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Table 5.3: Summary of electron microscopy cellular distributions and measurements
in the corpus callosum of control and cuprizone-fed mice. Values reported as mean
(standard error of the mean).

Metric Control Cuprizone

Distribution of Cells Myelinated Axons (%) 29.8 (1.6) 6.4*,† (0.7)
Myelin Sheaths (%) 28.5 (2.1) 4.8* (0.8)

Non-Myelinated Cells (%) 41.2 (1.7) 85.1* (2.0)
Extracellular Space (%) 0.5 (0.2) 3.7 (1.4)

Myelinated Axons/100 µm2 116.1 (13.2) 19.2**,†(2.2)

Myelinated Axon Diameter Mean (µm) 0.43 (0.03) 0.59 (0.03)
< 0.3 µm (%) 29.8 (5.3) 3.1** (2.0)

0.3 - 0.45 µm (%) 33.6 (2.1) 23.1***(3.3)
> 0.45 µm (%) 36.5 (7.3) 73.8** (4.6)

Myelin Sheath Thickness Mean (µm) 0.070 (0.003) 0.057 (0.002)
< 0.06 µm (%) 32.4 (7.7) 54.8 (7.7)

0.06 - 0.075 µm (%) 33.1 (2.9) 16.6 (6.8)
> 0.075 µm (%) 34.5 (6.0) 28.6 (8.6)

Ratios g-Ratio 0.734 (0.019) 0.830** (0.014)
M/A Ratio 0.190 (0.020) 0.106** (0.010)

∗p < 0.001, ∗∗p < 0.01, and ∗∗∗p < 0.05 when comparing control and cuprizone-fed mice using an
independent samples T-test.
† equal variances not assumed

Extracellular Space 

Non-Myelinated Cells
85%

4% 6%
5%

Myelinated
Axons Myelin

Sheaths

Cuprizone-Fed
Corpus Callosum

Non-Myelinated
Cells
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30%

Extracellular Space
< 1% 

Control
Corpus Callosum

Figure 5.8: Distribution of features in control and cuprizone-fed mice.

compartment.

The mean myelinated axon diameter in the control mice (0.43 ± 0.03 µm) was very
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close to the value previously measured in the corpus callosum of 90-day old mice (0.42 ±

0.03 µm) [235]. The number of myelinated axons per 100 µm2 was significantly smaller

in the cuprizone-fed mice compared with controls (Table 5.3). The M/A ratio was also

significantly smaller in myelinated axons of cuprizone-fed mice. In a histogram of the

myelinated axon diameters, only larger axons in the cuprizone-fed mice tend to remain

myelinated (Figure 5.9). The myelin sheath thickness histogram shows that, in the axons

that remain myelinated, myelin sheath thickness tends to be thinner. Figure 5.9 and the

M/A ratios in Table 5.3 show that cuprizone treatment causes significant demyelination of

smaller myelinated axons while also thinning the myelin sheaths of larger myelinated axons.

Some thin myelin sheaths might also be attributed to the start of remyelination.

5.3.8 MRI and EM Correlations

Spearman correlation coefficients of MRI metrics vs. EM cellular distributions and mea-

surements in combined, control, and cuprizone-fed treatment groups are summarized in

Table 5.4.

The strongest correlation with the myelinated axon fraction was shared by RA and T1,

with ρ = 0.90 and ρ = −0.90, respectively. Given that RA is derived from T1, it is no

surprise that RA and T1 have a voxel-based correlation coefficient of 1.00 in the corpus

callosum. Correlations between T1 and RA with all EM measurements were the same in the

combined group. Following RA and T1, the next strongest correlations with the myelinated

axon fraction were TA2 (ρ = −0.85) and 〈D〉 (ρ = −0.83).

The strongest MRI correlate with the myelin sheath fraction was f (ρ = 0.93), followed

by λ⊥ (ρ = 0.87) and FA (ρ = 0.84). When myelinated axons and myelin sheaths are

combined into a single fiber fraction, the strongest MRI correlates were f (ρ = 0.89), 〈D〉

(ρ = −0.87), and λ‖ (ρ = −0.85). The non-myelinated cell fraction, which is closely tied

to the fiber fraction, had the same top three correlations, albeit in a different order: λ‖

(ρ = 0.92), 〈D〉 (ρ = 0.90), and f (ρ = −0.90).

The Pearson correlation coefficient, r is 0.98 (p � 0.001) when comparing f to the

myelin sheath fraction. If we set the myelin sheath fraction as the dependent variable
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Figure 5.9: Myelinated axon diameter and myelin sheath thickness histograms for control
and cuprizone-fed mice. Fraction of axon diameters and myelin thicknesses in control and
cuprizone-fed mice (insets).

and f and λ⊥ as the predictors, stepwise multiple regression also determines f is the best

predictor of the myelin fraction. λ⊥ has a tolerance of 0.061, suggesting the two predictors

are colinear. The maximum Cook’s Distance = 0.959 suggests there are no outliers that

will dramatically affect the model, although there are outliers with intermediate affects

on the coefficients in the model. Since we only have 10 dependent results (myelin sheath

fractions), the minimum ratio of 1 predictor for every 5 dependent results limits us to 2

predictor variables when using multiple regression. More dependent results would allow
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more predictor variables, possibly improving the linear regression by including more than

one MRI metric when fitting to the myelin sheath fraction.

The strongest in vivo MRI correlation was between MTR and the myelinated axon

fraction (ρ = 0.81). Given the relationship of MTR to T1 and RMA
0 (which were both most

strongly correlated to the myelinated axon fraction) as well as f , this is not a surprising

result.

λ‖ was most strongly correlated with the number of myelinated axons per 100 µm2

(ρ = −0.89) while f had the strongest correlation with the M/A ratio and fraction of axon

diameters < 0.3 µm (ρ = 0.88). The g-ratio is inversely proportional to the M/A ratio, and

as such, gives negative correlation coefficients identical to those found with the M/A ratio

(not shown). λ⊥ had the strongest correlation with the fraction of axon diameters between

0.3 and 0.45 µm (ρ = −0.78) and axon diameters > 0.45 µm (ρ = 0.85).

It is important to note that cellular distribution fractions are representative of all tissue

in the sampled images, while EM measurements (starting with myelinated axons per 100

µm2) only pertain to the myelinated axons, which in the cuprizone-fed mice, are a minority

of the cellular structures. While there were some strong correlations between these EM

measurements and the MRI metrics, they may be reflective of underlying factors and should

be interpreted with caution. This is particularly evident in the sudden shift in sign of

correlations between f and diffusivity measurements with axon diameters > 0.45 µm, akin

to the correlations with the non-myelinated cells. Similarly, correlations with smaller axon

diameter fractions, the M/A ratio, and the number of myelinated axons / 100 µm2 appear

to reflect correlations with the myelinated axon and myelin sheath fractions.

Correlations were much smaller and weaker in the separate control and cuprizone-fed

mice (due in no small part to the small number of datapoints per group). Weaker corre-

lations in the cuprizone-fed mice, such as f vs. the myelin sheath fraction (ρ = 0.1) are

reflective of a narrow range of values along both axes (see Figure 5.10).

Scatter plots in Figure 5.10 show the relationship between quantitative MRI metrics and

various EM measurements in the corpus callosum. They are ordered by EM measurement

from top to bottom and correlation strength from left to right.
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Figure 5.10: Scatter plots of quantitative MRI metrics vs. EM measurements in the corpus
callosum, sorted by correlation strength from left to right. Horizontal line represents range
of myelin sheath fractions and vertical line represents range of MRI metrics in control and
cuprizone-fed mice. Spearman correlation coefficients are reported as ρ (p).
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5.3. RESULTS

5.3.9 Quantitative MRI Correlations

Voxel-based Spearman correlations of quantitative MRI values in the corpus callosum and

external capsule of the combined dataset are summarized in Table 5.5. Given the large

number of values used for each correlation, all moderate and strong correlations have a

p � 0.001. In vivo correlations for T2-weighted signal and MTR taken prior to perfusion

are included for comparison.

In general, correlations do not vary signifantly between the two white matter regions.

Some notable exceptions are the correlations of FA vs. f and FA vs. RA, which are both 0.71

in the corpus callosum and 0.49 and 0.50, respectively, in the external capsule. Likewise,

correlations of FA vs. 〈D〉, FA vs. λ⊥ and FA vs. T1 are stronger in the corpus callosum,

while FA vs. λ‖ is weaker.

Given the relative homogoneity of correlations between the corpus callosum and external

capsule, values were combined to represent changes in white matter when comparing corre-

lations between control and cuprizone-fed mice and voxel-based and ROI-based correlations

in all mice. Increasing the number of data points was also a consideration in improving the

significance of the ROI-based correlations.

Table 5.5: Comparison of voxel-based Spearman correlation coefficients (r) in corpus callosum (upper right, ex
vivo n = 483, in vivo n = 410) and external capsule (lower left, ex vivo n = 736, in vivo n = 665) of all mice.
Correlations mentioned in the text are highlighted with grey.

Metric f RMA
0 RA TA2 TB2 〈D〉 λ‖ λ⊥ FA T1 T2 T2w MTR

f — -0.64† 0.79† -0.78† 0.31† -0.64† -0.33† -0.74† 0.71† -0.84† -0.24† — —
RMA

0 -0.65† — -0.29† 0.62† -0.57† 0.24† 0.13** 0.27† -0.25† 0.35† 0.19† — —
RA 0.83† -0.34† — -0.65† 0.11***-0.44† -0.10*** -0.62† 0.71† -1.00† -0.38† — —
TA2 -0.75† 0.56† -0.66 — -0.23† 0.60† 0.37† 0.64† -0.57† 0.68† 0.18† — —
TB2 0.15† -0.18† 0.07*** -0.06 — -0.08 -0.03 -0.12** 0.12** -0.15** -0.08 — —
〈D〉 -0.72† 0.34† -0.61† 0.65† -0.15† — 0.83† 0.89† -0.62† 0.48† -0.15** — —
λ‖ -0.31† 0.16† -0.19† 0.40† -0.14* 0.71† — 0.49† -0.12** 0.14** -0.34† — —
λ⊥ -0.76† 0.37† -0.70† 0.60† -0.12** 0.79† 0.17† — -0.89† 0.65† 0.06 — —
FA 0.49† -0.25† 0.50† -0.30† 0.01 -0.31† 0.38† -0.79† — -0.72† -0.23† — —
T1 -0.87† 0.38† -1.00† 0.69† -0.09*** 0.64† 0.22† 0.72† -0.50† — 0.37† — —
T2 -0.22† 0.09*** -0.30† 0.14* -0.06 0.02 -0.11** 0.13* -0.17† 0.29† — — —
T2w — — — — — — — — — — — — -0.82†

MTR — — — — — — — — — — — -0.83† —
†p� 0.001, ∗p < 0.001, ∗∗p < 0.01, ∗∗∗p < 0.05
|ρ| > 0.7 in bold

Voxel-based and ROI-based correlations in the white matter of all mice are compared
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Figure 5.11: Selected scatter plots for quantitative MRI metrics with 95% confidence ellipses
for combined (solid black line), control (solid grey line) and cuprizone-fed (dashed red line)
mice. Spearman correlation coefficients are reported for the combined datasets as ρ with
p� 0.001 for all four plots.

in Table 5.6. Selected voxel-based scatter plots are shown in Figure 5.11. Correlations

were similar in both, although the ROI-based correlations tended to be larger, sometimes

significantly, as in λ‖ vs. f or TB2 vs. RMA
0 . ROI-based correlations were used to correlate

in vivo and EM measurements with ex vivo MRI results. T2w and MTR were both most

strongly correlated with λ⊥. This was surprising for MTR in particular, which one might

first assume would most strongly correlate with f .

Voxel-based Spearman correlations of quantitative MRI values in white matter of control

and cuprizone-fed mice are summarized in Table 5.7. Correlations are more moderate when

looking at the treatment groups separately, and, in general, smaller in the cuprizone-fed

184



5.3. RESULTS

Table 5.6: Comparison of voxel-based (upper right, ex vivo n = 1219, in vivo n = 1074) and ROI-based
(lower left, n = 20) Spearman correlation coefficients (r) of MRI metrics in white matter (regions of
interest encompassing corpus callosum and external capsule). Correlations mentioned in the text are
highlighted with grey.

Metric f RMA
0 RA TA2 TB2 〈D〉 λ‖ λ⊥ FA T1 T2 T2w MTR

f — -0.65† 0.81† -0.77† 0.23† -0.66† -0.33† -0.66† 0.49† -0.85† -0.23† — —
RMA

0 -0.55*** — -0.31† 0.60† -0.39† 0.24† 0.17† 0.20† -0.11* 0.36† 0.18† — —
RA 0.82† -0.61** — -0.65† 0.09** -0.52† -0.15† -0.61† 0.52† -1.00† -0.33† — —
TA2 -0.75* 0.65** -0.81* — -0.16† 0.58† 0.40† 0.50† -0.30† 0.68† 0.17† — —
TB2 0.46*** -0.89† 0.47*** -0.49*** — -0.04 -0.10* 0.03 -0.10* -0.11* -0.12† — —
〈D〉 -0.74* 0.20 -0.70* 0.73* -0.06 — 0.72† 0.84† -0.49† 0.55† -0.08** — —
λ‖ -0.74* 0.45***-0.72* 0.87† -0.41 0.85† — 0.25† 0.20† 0.18† -0.20† — —
λ⊥ -0.72* 0.08 -0.65** 0.60** 0.09 0.92† 0.67** — -0.86† 0.63† 0.03 — —
FA 0.52*** 0.16 0.41 -0.32 -0.35 -0.73* -0.34 -0.90† — -0.52† -0.12† — —
T1 -0.84† 0.65** -0.99† 0.83† -0.53*** 0.70* 0.75* 0.62** -0.36 — 0.32† — —
T2 -0.28 0.29 -0.27 0.16 -0.42 -0.11 -0.03 -0.03 0.05 0.24 — — —
T2w -0.71 0.23** -0.81*** 0.69 -0.06† 0.88 0.72*** 0.89 -0.75 0.78*** -0.02 — -0.84†

MTR 0.70* -0.23 0.72† -0.67** 0.11 -0.88† -0.77* -0.90† 0.71* -0.71† 0.10 -0.89† —
†p� 0.001, ∗p < 0.001, ∗∗p < 0.01, ∗∗∗p < 0.05
|ρ| > 0.7 in bold

mice. FA is strongly correlated with λ⊥ in both groups and also with λ‖ in the cuprizone-

fed mice. In control mice, FA is moderately correlated with 〈D〉 but is essentially zero in

the cuprizone-fed mice. Correlations between f and various metrics are generally stronger

in the control mice. As was previously observed in the in vivo correlations, MTR vs. T2w

was stronger in the control mice in vivo prior to perfusion.

Table 5.7: Comparison of voxel-based Spearman correlation coefficients (r) in white matter (region
of interest encompassing corpus callosum and external capsule) between control (upper right, ex
vivo n = 592, in vivo n = 515) and cuprizone-fed (lower left, ex vivo n = 627, in vivo n = 559)
mice. Correlations mentioned in the text are highlighted with grey.

Metric f RMA
0 RA TA2 TB2 〈D〉 λ‖ λ⊥ FA T1 T2 T2w MTR

f — -0.71† 0.63† -0.51† 0.10*** 0.00 0.39† -0.27† 0.38† -0.70† -0.30† — —
RMA

0 -0.62† — -0.15† 0.47† -0.25† -0.09*** -0.11** -0.06 0.02 0.23† 0.17† — —
RA 0.40† 0.15* — -0.36† -0.01 0.10*** 0.48† -0.22† 0.36† -0.99† -0.37† — —
TA2 -0.39† 0.53† -0.13** — 0.12** 0.12** -0.06 0.15* -0.13** 0.39† 0.01 — —
TB2 0.14* -0.45† -0.22† -0.17† — 0.24† 0.01 0.27† -0.22† -0.01 -0.13**

〈D〉 0.08*** -0.12** 0.19† -0.06 0.14* — 0.52† 0.78† -0.51† -0.09*** -0.41† — —
λ‖ 0.14* 0.07 0.31† 0.11** -0.04 0.60† — -0.07 0.41† -0.49† -0.43† — —
λ⊥ -0.05 -0.18† -0.12** -0.18† 0.19† 0.44† -0.40† — -0.92† 0.24† -0.18† — —
FA 0.15* 0.14* 0.23† 0.15* -0.15* 0.01 0.77† -0.85† — -0.38† 0.00 — —
T1 -0.47† -0.09***-0.99† 0.15* 0.21† -0.19† -0.31† 0.12** -0.24† — 0.38† — —
T2 -0.18† 0.09*** -0.31† 0.21† -0.08*** -0.29† -0.27† -0.02 -0.13** 0.31† — — —
T2w — — — — — — — — — — — — -0.51†

MTR — — — — — — — — — — — -0.24* —
†p� 0.001, ∗p < 0.001, ∗∗p < 0.01, ∗∗∗p < 0.05
|ρ| > 0.7 in bold

Given that some correlations appear to differentiate control and cuprizone-fed mice,
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5.3. RESULTS

voxel-based correlation were calculated for individual control and cuprizone-fed mice and

the mean values were compared with an independent samples T-test (see Table 5.8). As

expected, results are very similar to the combined results found in Table 5.7. This approach

accounts for variations in individual mice and treats correlations between MRI measures as

another metric that could be tested against healthy and diseased results. Mean correlation

coefficients of FA vs. 〈D〉 and FA vs. λ‖ were significantly different, as were several other

mean correlations, such as T1 vs. f and RMA
0 vs RA.

186



5.3. RESULTS

Ta
bl
e
5.
8:

C
om

pa
ris

on
of

vo
xe
l-b

as
ed

Sp
ea
rm

an
co
rr
el
at
io
n
co
effi

ci
en
ts

(r
)
in

w
hi
te

m
at
te
r
(r
eg
io
n
of

in
te
re
st

en
co
m
pa

ss
in
g
co
rp
us

ca
llo

su
m

an
d
ex
te
rn
al

ca
ps
ul
e)

be
tw

ee
n
in
di
vi
du

al
co
nt
ro
l(

up
pe

r
rig

ht
,e

x
vi
vo

n
=

10
8–
13
0,

in
vi
vo

n
=

92
–1
15
)
an

d
cu
pr
iz
on

e-
fe
d
(lo

we
r
le
ft,

ex
vi
vo

n
=

10
0–
13
9,

in
vi
vo

n
=

98
–1
18
)
m
ic
e.

Va
lu
es

re
po

rt
ed

as
m
ea
n
(s
ta
nd

ar
d
er
ro
r
of

th
e
m
ea
n)
.
C
or
re
la
tio

ns
m
en
tio

ne
d
in

th
e
te
xt

ar
e
hi
gh

lig
ht
ed

w
ith

gr
ey
.

M
et
ri
c

f
R
M

A 0
R
A

T
A 2

T
B 2

〈D
〉

λ
‖

λ
⊥

FA
T

1
T

2
T

2w
M
T
R

f
—

-0
.6
8
(0
.0
5)

0.
64

(0
.0
4)

**
-0
.4
9
(0
.0
7)

0.
08

(0
.0
6)

0.
02

(0
.1
0)

0.
34

(0
.1
3)

-0
.2
3
(0
.0
4)

0.
31

(0
.0
7)

-0
.7
0
(0
.0
3)

**
-0
.3
2
(0
.1
1)

—
—

R
M

A 0
-0
.6
5
(0
.0
5)

—
-0
.1
3
(0
.0
5)

*
0.
46

(0
.0
6)

-0
.2
2
(0
.0
5)

-0
.1
1
(0
.0
5)

-0
.0
7
(0
.1
1)

-0
.1
1
(0
.0
5)

0.
07

(0
.0
7)

0.
20

(0
.0
5)

**
0.
15

(0
.0
6)

**
*

—
—

R
A

0.
36

(0
.0
7)

**
0.
21

(0
.0
4)

*
—

-0
.3
9
(0
.0
5)

**
-0
.0
5
(0
.0
7)

**
*
0.
08

(0
.1
0)

0.
46

(0
.0
9)

-0
.2
3
(0
.1
1)

0.
36

(0
.1
1)

-0
.9
95

(0
.0
02
)

-0
.4
7
(0
.1
1)

—
—

T
A 2

-0
.4
3
(0
.1
2)

0.
52

(0
.0
4)

-0
.1
3
(0
.0
5)

**
—

0.
14

(0
.0
4)

**
0.
09

(0
.0
4)

-0
.0
6
(0
.1
0)

0.
10

(0
.0
9)

-0
.1
0
(0
.1
2)

0.
42

(0
.0
4)

**
0.
09

(0
.0
8)

—
—

T
B 2

0.
13

(0
.1
1)

-0
.4
0
(0
.0
9)

-0
.2
5
(0
.0
5)

**
* -0

.1
7
(0
.0
6)

**
—

0.
22

(0
.0
6)

-0
.0
4
(0
.0
5)

0.
26

(0
.0
5)

-0
.2
4
(0
.0
3)

0.
04

(0
.0
7)

**
* -0

.0
4
(0
.0
8)

—
—

〈D
〉

0.
06

(0
.0
6)

-0
.0
9
(0
.0
5)

0.
21

(0
.0
9)

-0
.0
2
(0
.0
7)

0.
15

(0
.0
5)

—
0.
52

(0
.0
3)

0.
75

(0
.0
3)

**
-0
.4
7
(0
.0
4)

**
-0
.0
8
(0
.1
0)

-0
.2
4
(0
.0
6)

—
—

λ
‖

0.
04

(0
.1
2)

0.
13

(0
.0
9)

0.
25

(0
.1
3)

0.
16

(0
.0
5)

-0
.0
5
(0
.0
5)

0.
57

(0
.0
6)

—
-0
.1
0
(0
.0
3)

*
0.
44

(0
.0
3)

*
-0
.4
6
(0
.0
9)

-0
.3
5
(0
.1
0)

**
*

—
—

λ
⊥

0.
01

(0
.1
1)

-0
.1
9
(0
.0
9)

-0
.0
4
(0
.1
5)

-0
.1
7
(0
.1
1)

0.
21

(0
.0
7)

0.
44

(0
.0
5)

**
-0
.4
2
(0
.0
3)

*
—

-0
.9
1
(0
.0
1)

0.
24

(0
.1
0)

-0
.0
6
(0
.1
1)

—
—

FA
0.
04

(0
.1
2)

0.
18

(0
.1
0)

0.
13

(0
.1
5)

0.
17

(0
.0
9)

-0
.1
6
(0
.0
7)

-0
.0
3
(0
.1
0)

**
0.
76

(0
.0
3)

*
-0
.8
6
(0
.0
2)

—
-0
.3
6
(0
.1
1)

-0
.0
8
(0
.1
3)

—
—

T
1

-0
.4
4
(0
.0
6)

**
-0
.1
4
(0
.0
4)

**
-0
.9
94

(0
.0
02
)

0.
16

(0
.0
5)

**
0.
23

(0
.0
5)

**
* -0

.2
0
(0
.0
9)

-0
.2
4
(0
.1
3)

0.
03

(0
.1
5)

-0
.1
3
(0
.1
5)

—
0.
47

(0
.1
1)

—
—

T
2

-0
.3
1
(0
.0
6)

-0
.0
7
(0
.0
7)

**
*

-0
.5
6
(0
.0
3)

0.
19

(0
.0
6)

0.
10

(0
.1
5)

-0
.1
9
(0
.0
8)

-0
.0
7
(0
.0
9)

**
*
-0
.1
5
(0
.1
0)

0.
05

(0
.1
1)

0.
56

(0
.0
3)

—
—

—
T

2w
—

—
—

—
—

—
—

—
—

—
—

—
-0
.5
5
(0
.0
9)

M
T
R

—
—

—
—

—
—

—
—

—
—

—
-0
.4
1
(0
.1
1)

—
∗ p
<

0.
00

1,
∗∗
p
<

0.
01
,∗
∗∗
p
<

0.
05

w
he
n
co
m
pa

rin
g
co
nt
ro
la

nd
cu
pr
iz
on

e-
fe
d
m
ic
e
us
in
g
an

in
de
pe

nd
en
t
sa
m
pl
es

T
-t
es
t.

|ρ
|>

0.
7
in

bo
ld

187



5.4. DISCUSSION

5.4 Discussion

5.4.1 Effects of the Cuprizone Diet

Numerous studies have used a 0.2% cuprizone diet to model demyelination and remyelina-

tion in the mouse brain, with 0.4% cuprizone applied occasionally in older mice [30, 110].

Although this study used a 0.4% cuprizone diet, some of our measurements correspond to

studies done at 0.2%.

Differences in mouse weight were similar to other studies that fed mice a 0.2% cuprizone

diet (e.g. (19.3 ± 0.5) g vs. (23.2 ± 0.7) g in Ref. [43]). Some 0.2% cuprizone studies had

significantly larger weight differences after 6 weeks ((16.1± 2.3) g vs. (28.3± 4.3) g in Ref.

[141]).

Previous studies by our collaborators had focused on the rostral region of the corpus

callosum when assessing the role quetiapine plays in reducing cuprizone-induced demyelina-

tion [278, 269, 272], thus our focus on the same region. The efficacy of cuprizone treatment,

however, varies in different regions of the corpus callosum. In the rostral region of the cor-

pus callosum, Xie et al. observed significantly lower myelinated fiber fractions in electron

micrographs after 4 and 12 weeks of treatment, however, changes were more severe in the

middle and caudal regions [270]. At 12 weeks of 0.2% cuprizone, a timepoint commonly

associated with chronic demyelination, they reported a myelinated fiber percent of ≈ 25%,

higher than our value of 13.2%. In two separate studies, the caudal region was more affected

by 0.2% cuprizone treatment relative to rostral regions, with decreased λ‖ and increased

λ⊥ [270, 267], a larger proportion of demyelinated fibers and reduced axonal diameters

[270], prominent demyelination in LFB staining [267], and increased axonal injury and

macrophage/microglial accumulation [270, 267]. Reduced susceptibility to the cuprizone

treatment necessitated a larger cuprizone dose to achieve the same level of demyelination

observed previously in the caudal region of mice fed 0.2% cuprizone. In our experiment,

the effects of 0.4% cuprizone treatment on the rostral corpus callosum appear to have fea-

tures associated with the caudal corpus callosum after 4–6 weeks of 0.2% treatment or the

rostral corpus callosum after 12 weeks of 0.2% treatment (i.e. substantial demyelination,

increased cellularity, axonal damage, and macrophage infiltration), but not the extensive
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5.4. DISCUSSION

and irreversible tissue damage observed in the caudal corpus callosum after 12 weeks of

0.2% treatment [95, 270].

Besides regional differences, the reduced effects of our 0.4% cuprizone treatment might

be related to the chow preparation. Our mouse chow was mixed with 0.4% and pressed into

pellets. Pressing the pellets, however, can heat the cuprizone and reduce its effectiveness

[218]. In Section 4.3, we demonstrated that two groups treated with the same concentration

of cuprizone may have different responses. While cuprizone treatment can have variable

effects on mice [109, 218], the effect of cuprizone was remarkably homogenous in mice from

the same study (Figure B.2 and B.4). Subsequent ultrastructural examination enables us

to assess how cell distributions and measurements co-vary with quantitative MRI metrics

in control and cuprizone-fed mice.

5.4.2 Longitudinal MRI Measurements

Significant changes started in both the T2-weighted and MTR values of the corpus callosum

at 3 weeks of treatment. This corresponds to the start of significant demyelination observed

in LFB-PAS stained histology after 3 weeks of 0.2% cuprizone treatment [103, 202]. When

assessed with electron microscopy, the fraction of myelinated fibers starts decreasing sub-

stantially at 3 weeks of treatment and by 4–5 weeks, almost all of the axons are demyelinated

[161, 233, 218].

At 4 weeks, normalized T2-weighted signal peaked and was significantly larger in the

corpus callosum when compared to the external capsule, but MTR values did not deviate

between regions. In 0.2% cuprizone studies, this is the point of peak cellularity [103]. Sig-

nificant changes in the T2-weighted image may also suggest vasogenic edema, previously

associated with higher concentrations of cuprizone and prolonged exposure to 0.2% cupri-

zone treatment [121, 95]. In our results, inspection of toluidine blue stained sections showed

thinning of the ependymal cell membranes in the cuprizone-fed mice, possibly allowing CSF

from the lateral ventricles to infiltrate the extracellular spaces in the corpus callosum.

At 5 weeks, the T2-weighted signals were similar in the corpus callosum and external

capsule and the MTR values were at their lowest in the corpus callosum. In 0.2% cuprizone

studies, this is the point of peak demyelination [103, 161, 233]. At 6 weeks, decreasing
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T2-weighted signal and increasing MTR in the corpus callosum may signify the start of

remyelination in the cuprizone-fed mice. If cuprizone treatment is continued, remyelina-

tion only occurs briefly and at 12 weeks, the corpus callosum resembles a state of chronic

demyelination [161].

Although somewhat speculative, it appears that the T2-weighted images co-vary more

strongly with tissue cellularity and possible vasogenic edema, peaking at 4 weeks, and

MTR maps co-vary more strongly with demyelination, hitting their lowest point at 5 weeks.

Large decreases in MTR have been associated with demyelinated lesions, whereas slightly

decreased [83] or slightly increased [59] MTR has been associated with lesions that exhibit

edema but not demyelination. In a longitudinal study of cuprizone-fed mice, MTR was

strongly correlated with myelin content (r = 0.79) [276], although in another animal study,

MTR was also sensitive to inflammation [72]. Vavasour et al. showed a strong correlation

between water content and MTR (r = -0.65), suggesting inflammation and edema might

also alter MTR [260].

In a bi-weekly MRI study of the caudal corpus callosum, the T2 relaxation time was

significantly higher and MTR significantly lower after 4 weeks of 0.2% cuprizone treatment

[277]. At 6 weeks, the T2 relaxation time was even lower but the MTR appeared unchanged.

It could be they missed the peak MTR value at 5 weeks. Similar studies found significantly

increased T2-weighted signal [164] and decreased MTR [164, 276] after 6 weeks of treatment.

Weekly MRI may be necessary to accurately monitor the progression of the cuprizone

treatment. This is particularly relevant for experiments that require a specific timepoint,

such as peak cellularity or demyelination, or that wish to track the progression of potential

treatments.

Voxel-based correlations between the normalized T2-weighted and MTR values follow

the same trends observed in the individual methods. In general, correlation will be stronger

when there is a broader range of values in tissue. Greater breadth can be attributed to a

broader range of tissue pathologies, such as varying degrees of myelination in white mat-

ter when correlating combined datasets of control and cuprizone-fed mice. In the weekly

correlation measurements, this is illustrated by the sudden increase in |ρ| starting at week

3 (ρ = −0.58) and peaking at weeks 4 and 5 in the corpus callosum and external capsule
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(ρ = −0.83 and −0.89), respectively. In correlations across all weeks, |ρ| is larger in the

cuprizone-fed (ρ = −0.76 and −0.83) and combined datasets (ρ = −0.74 and −0.79) be-

cause they encompass a wide range of tissue pathologies. The control group is relatively

constant in both week-to-week correlations and all weeks combined (ρ = −0.45), suggesting

there is moderate correlation between the two MRI methods.

At 6 weeks of 0.4% cuprizone treatment, complete demyelination has occurred, cellu-

larity has started to decrease, and based on the T2-weighted images, vasogenic edema has

started to clear. At this point, the range of tissue pathologies has decreased, and with

that, the range of possible MRI measurements. Reflecting this narrowing of MRI measure-

ments, the correlation coefficient decreased in both the corpus callosum (ρ = −0.24) and

external capsule (ρ = −0.15) of the cuprizone-fed mouse. In moderately correlated MRI

measurements such as T2-weighted images and MTR maps, this is indicative of severe and

homogeneous tissue damage in white matter observed in the electron microscopy images.

In the week-6 confidence ellipse (dashed blue line in Figure 5.2), the range of T2-weighted

values decreases in both the corpus callosum and external capsule and the confidence ellipse

becomes nearly circular in the external capsule. This sudden shift is not apparent in the

individual methods, and may point to a means of determining the severity and breadth of

tissue pathology at a single time-point.

5.4.3 Quantitative MRI Measurements

Relaxometry

T1 times in the control corpus callosum fall within the expected range of values found

previously in the in vivo mouse brain at 7 T (T1 = (1503 ± 56) ms) [85] and in freshly

excised bovine white matter at 3 T (T1 = 1084 ± 45 ms) [230]. Although no T1 times

have been reported for cuprizone-fed mice, T1 increases with field strength [230] and in

damaged or diseased white matter due to a variety of factors including demyelination,

inflammation, gliosis, edema, and axonal or neuronal loss [173]. In a telliurium rat model of

demyelination, Odrobina et al. found T1 increased from (675± 22) ms in untreated sciatic

nerves to (1036±37) ms after 7 days of treatment (1.5 T at room temperature). Our results
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increased by 11% in the corpus callosum, going from (1350 ± 7) ms in the control mice to

(1496± 7) ms in the cuprizone-fed mice.

T2 measurements were hampered by large variability between subjects and the inability

to detect a myelin water component. Previously, 10 ms echo spacing was sufficient to

detect myelin water components in human brain [156]. Animal studies that found a myelin

water component have often used shorter echo spacing [263, 129, 162, 61] and spectroscopy

instead of imaging [263, 229, 177]. Gareau et al. found a myelin water component in the

corpora callosa of guinea pigs (MWF = (28± 6)%), but Does et al. only found a single T2

component in the corpus callosum of rats [55]. Although myelin water components have

been demonstrated in mouse spinal cords [162], to our knowledge, no study has shown

myelin water in the mouse corpus callosum.

In a study of different white matter regions in rat spinal cord, Dula et al. found differing

myelin water fractions despite similar myelin content in histology [61]. These discrepancies

were attributed to smaller myelin water compartments and larger intercompartmental wa-

ter exchange, both proportional to average fiber thickness. As intercompartmental water

exchange increases, T2 components shift to shorter T2 values and measured myelin water

fractions decrease. Thus, white matter with smaller axon diameters and thin myelin sheaths

may lead to underestimation of the myelin content and T2 times [61]. In a follow-up study,

numerical simulations and in vivo measurements of the rat spinal cord demonstrated that

regional differences in exchange, mediated by differences in axon radii and myelin sheath

thicknesses, sufficiently accounted for variations in measured MWF [93]. In our EM mea-

surements, the average axon diameter and myelin thickness in control mice ((0.43 ± 0.08)

µm and (0.070± 0.006) µm) was significantly smaller than those observed in the rat spinal

cord ((1.1− 4.5) µm and (0.52− 1.16) µm) [61]. It is reasonable to hypothesize that myelin

water measurements in the mouse corpus callosum, with axon diameters and myelin thick-

nesses much smaller than those found in the rat spinal cord, will be even more strongly

influenced by intercompartmental exchange. Our first echo had an SNR = 128±19, similar

to McCreary et al.’s study of mouse spinal cord [162]; however, our echo spacing was twice

as long (10 ms vs. 5 ms) and we used a less efficient slice-selective CPMG sequence. In order

to see a myelin water component in the mouse corpus callosum, we may need to increase
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the SNR, decrease the echo spacing, and use a single slice CPMG sequence [193].

The reported T2 values, calculated from the geometric mean of the T2,ie distribution,

had large variability, but were similar to previously reported in vivo values at 7 T ((37± 2)

ms and (39 ± 2) ms in healthy corpus callosum and cortex) [85] and 9.4 T (≈ 39 ms and

≈ 43 ms in control and 6-week, 0.2% cuprizone-fed corpus callosum) [277].

Diffusion Tensor Imaging

Due to lower temperature, stoppage of cellular and axon transport, changes in membrane

permeability, and fixation, ex vivo diffusivity measurements are lower than in vivo [239].

Despite this, DTI measurements in freshly excised mouse brains were still found to be

sensitive to optic nerve damage, whereas fixation decreased their sensitivity [239]. In healthy

fixed mouse brains, 〈D〉 = (0.2 − 0.4)µs/mm2, λ‖ = (0.4 − 0.6)µs/mm2, and λ⊥ = (0.1 −

0.3)µs/mm2 [180, 239, 277]. Freshly excised brains tend to have slightly larger diffusivity

measurements (≈ 0.1µm/ms2 larger in 〈D〉 and ≈ 0.05µm/ms2 larger in λ‖ and λ⊥) [239,

212]. Relative DTI measurements, such as FA, are relatively unchanged between in vivo,

freshly excised, and fixed tissue measurements [238, 239, 212]. These results coincide with

our own in Section 4.3.6.

Matching our own results, several DTI studies of 0.2% cuprizone-fed mice have found

significantly lower FA and higher λ⊥ in the in vivo and ex vivo corpus callosum [224, 240, 95,

270, 277, 261]. Unlike our results, significantly lower in vivo λ‖ is often reported after 4 and

6 weeks of 0.2% cuprizone treatment, indicative of axonal injury early in the progression

of the cuprizone diet [222, 270, 277, 261]. However, in studies of fixed ex vivo corpus

callosum, λ‖ was not significantly different [224] or slightly increased [277] after 6 weeks on

a 0.2% cuprizone diet. In their comparison of in vivo and ex vivo measurements, Zhang et

al. determined that λ⊥ was a stronger indicator of demyelination in ex vivo tissue when

compared to in vivo measurements and λ‖ was a stronger indicator of axonal damage in

vivo when compared to ex vivo measurements [277].

In our case, significantly larger 〈D〉 and λ‖ might also reflect the lingering effects of

vasogenic edema. Also, activated microglia, observed in the electron microscopy images,

can phagocytose debris and stimulate oligodendrocyte precursor cells, but also can release
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cytotoxins that further damage oligodendrocytes [202]. Cleared debris and increased extra-

cellular space would allow for increased water movement. It should be noted that the fixative

used for electron microscopy is hypertonic, reducing the size of the extracellular space in

electon micrographs. Although extracellular space was slightly larger in the cuprizone-fed

mice, it is difficult to assess its true extent based on the electron microscopy images alone.

Magnetization Transfer Imaging

Our results for quantitative MTI were as expected, with significantly lower f and RA, and

significantly higher RMA
0 and TA2 in the cuprizone-fed corpus callosum and external capsule.

Although no quantitative MTI studies have been published on the cuprizone mouse model,

Ou et al. reported estimates of RMA
0 , R1 and F in the corpus callosum and optic nerve of

fixed control and shiverer (almost completely dysmyelinated) mouse brains [180, 181]. Using

an inversion recovery method, they found values of f = 0.090 and f = 0.071 in the corpus

callosum of control and shiverer mice, respectively [180]. Quantitative MT studies have

consistently found decreased f in demyelinated rat sciatic nerve [177], shiverer mouse spine

[194], glioma [273, 253], and multiple sclerosis [220, 198, 273, 248, 49, 211, 58]. Previously,

fixation has been found to increase f by ≈ 50% when compared to unfixed tissue [212],

although correlation to myelin content remains strong [212, 61]. Our own results suggest a

more modest increase of 13% when comparing f in the corpus callosum of fresh and fixed

mouse brains (4.3.6).

Using an in vivo pulsed gradient method similar to our own, Underhill et al. found

f = 0.139, R1 = 0.95 s−1, RMA
0 = 20.9 s−1, TA2 = 33 ms, and TB2 = 11 µs in healthy

rat corpus callosum [253]. Although values for f , RA, TA2 , and TB2 were consistent with

previously reported results in healthy and demyelinated white matter, our RMA
0 value is

lower than those reported for most pulsed gradient methods. However, it is suprisingly

close to RMA
0 values determined with inversion recovery, which have been shown to be

more accurate and less variable when determining the MT rate [79, 78]. Using the inversion

recovery method, RMA
0 = 11 s−1 in human white matter [58] and RMA

0 = 15 s−1 in ferret

brain [78].

Both RMA
0 and TA2 have been shown to have large variability in tissue [194, 221, 198, 253]
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while TB2 shows little contrast between different tissues [220, 273, 248, 49]. Ramani et al.’s

pulse approximation used here has also been shown to underestimate RMA
0 and overestimate

TA2 , but only by 12–15% [194]. The most consistent and relevent metric is f , which has

been shown to correlate with myelin content in several studies [211, 61, 253].

5.4.4 Relationship Between Quantitative MRI Metrics and Electron Mi-

croscopy

Figure 5.12 shows the percent difference between cuprizone and control mice in the quan-

tative MRI and EM metrics reported in this study. After several EM metrics that describe

the large decrease in myelinated axon and myelin sheath fractions, the largest change in

MRI metrics are found in λ⊥ and f , followed by the normalized T2-weighted signal (T2w),

〈D〉, TA2 , MTR, FA, and λ‖. Judged purely on tissue contrast, the two largest metrics, λ⊥

and f would be the best choice for revealing changes in the corpus callosum of the cuprizone

model.
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Figure 5.12: Percent difference for various qMRI and EM metrics in cuprizone vs. control
mice. Black represent a negative difference and white a positive difference.
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Correlations between MRI metrics and EM measurements confirmed several previous

results.

In vivo measurements of the T2-weighted signal and MTR were strongly correlated with

the fraction of myelinated axons, but only MTR was strongly correlated with the non-

myelinated cells. This reflects previous studies showing MTR is more strongly influenced

by tissue pathologies outside the myelinated axons, such as inflammation or edema [72, 260].

Although we were unable to detect a significant myelin water fraction in the corpus

callosum, two studies of MS brain samples registered LFB-stained images to MWF maps

to demonstrate strong correlation between optical density of the LFB stain (related to

myelin content) and the MWF at 1.5 T (r2 = 0.67) (0.45− 0.92) [135] and 7 T (r2 = 0.78

(0.56 − 0.95)) [138]. In both studies, correlations included regions of grey matter, normal

appearing white matter (NAWM), and lesions. If sufficient myelin water is present in the

mouse corpus callosum, improving the accuracy and fidelity of the T2 acquisition scheme

would provide an additional metric strongly associated with myelin content and integrity.

RA and T1 were strongly correlated with the myelinated axon fraction. In soft tissue,

water mobility and the surrounding lattice of macromoleculaes co-conspire to increase the

longitudinal relaxation rate of the free pool (RA) and shorten the T1 relaxation time. In this

context, we would expect longer T1 times for tissue in which the lattice size has decreased

and the water mobility has increased (e.g. demyelinated white matter, inflammation, or

axonal loss). Strong correlation between 〈D〉 and the myelinated axon fraction suggest that

water mobility is increasing as the myelinated axon fraction decreases (contributing to the

lattice). Thus, the strong correlation with T1. In a recent study, detailed post-mortem

T1-weighted imaging of the human brain at 7T had contrast in excellent agreement with

MBP immunostaining [74].

λ⊥ and FA were strongly correlated with the myelin fraction, although not as strongly

as f . While this seems to confirm the notion that λ⊥ is sensitive to myelin [223, 171, 224,

240, 122, 35, 277], other studies have found only marginal decreases in the anisotropy of

demyelinated axonal fibres, suggesting factors such as axonal degeneration and other phys-

iological changes might be contributing to changes in anisotropy [14, 171]. Demyelination

is just one of the effects of the cuprizone treatment. Increased cellularity, axonal damage
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and loss, and edema all alter the internal geometry of white matter tracts, thus altering

the radial diffusivity by affecting the extracellular tortuosity and relative volumes of the

different compartments.

Significant increases in λ‖ indicate that axonal damage and increased cellularity are

not a major influence, even though some damaged axons and nuclei were observed in the

cuprizone-fed electron micrographs. Rather, strong correlation of λ‖ and 〈D〉 with non-

myelinated cells and myelinated axons per 100 µm2 shows that increased water mobility

along the direction of the axonal tracts is associated with the non-myelinated cell fraction

and density of myelinated axons.

f was strongly correlated with myelin content and axonal density in studies of post-

mortem MS brain (r = 0.80 and 0.72) [211]. Underhill et al. also found strong correlation

between f and myelin content in an in vivo rat brain study (r = 0.97 in white matter),

but correlations with axon content and cell count were insignificant in white matter [253].

When incorporating values across both white and grey matter, correlation were generally

stronger, with significant correlations between f , TA2 , and TB2 vs. myelin content (r = 0.99,

−0.90, and 0.84) and vs. axon content (r = 0.88, −0.89, and 0.84) [253]. Much like our in

vivo observations, this reflects a broader range of tissue pathologies being sampled. Ou et

al. found f to be specific to myelin content in the optic nerves of control and shiverer mice,

but not to axonal degeneration.

Of the measured MRI parameters, f had the strongest correlation to the myelin sheath

fraction. The linear equation describing the relationship between the myelin sheath fraction

and f is

M = (5.37± 0.38)f − (0.25± 0.03) (5.3)

with p < 0.001 for both coefficients. Figure 5.13 shows the linear fit and residuals for

the myelin sheath fraction as a function of f . Underhill et al. found a similar linear

relationship to the myelin density in white matter and grey matter of healthy rat brain,

where myelin density was determined by measuring the mean intensity of the red channel

in 5 µm thick sections stained with Luxol-Fast blue (LFB) [252]. Their linear regression fit,
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Figure 5.13: Linear fit and residuals for the myelin sheath fraction as a function of f .
Spearman (ρ) and Pearson (r) correlation coefficients are both strong.

f = 0.21M + 0.039 and its inverse, M = 4.76f − 0.186, compare favorably to our equation.

For f = 0.1, our linear fit yields M = 0.28 and theirs M = 0.29. LFB staining might

overestimate the degree of organized myelination because lipid debris from degraded myelin

still gives a positive signal [30]. In both results, f 6= 0 whenM = 0, suggesting that features

other than myelin contribute to the measured bound pool fraction. Of the evaluated MRI

methods, f is the best predictor of myelin content.

Correlations to the distribution of myelinated axon diamters and M/A ratio are less

informative, as they only take into account the myelinated axons in the cuprizone-fed mice,

and are more reflective of changes in the underlying cellular distribution.

Correlation coefficients calculated in the control and cuprizone-fed mice were mostly

small and insignificant. This is both a reflection of the limited sample size (n = 5) and

limited breadth of tissue pathology in the individual groups. To improve the power of this

analysis, future studies could incorporate several timepoints along the course of cuprizone

treatment and several different regions of interest analyzed with both electron microscopy

and MRI measurements.
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5.4.5 Relationship Between Different Quantitative MRI Metrics

Correlating different MRI metrics may provide another way to assess changes in tissue

pathology non-invasively. In particular, given its strong relationship to myelin content, the

correlation of MRI metrics to f may reveal the influence of myelin integrity on measurements

of DTI and relaxometry. While f is sensitive to the bound pool magnetization, of which

myelin is a major constituent in healthy white matter, it is also sensitive to changes in the

free pool magnetization. Increases in the size of the free pool, due to changes in the axonal

density or edema, will also cause f to decrease. This confounding influence should be kept

in mind, particularly when f is interpreted as varying only with myelin content.

In Table 5.5, voxel-based correlations between MRI metrics were compared in the cor-

pus callosum and external capsule of all mice. Although most correlations were similar,

correlations of FA vs. f and FA vs. RA or T1 were smaller in the external capsule. In Ta-

ble 5.4, f is strongly correlated to the myelin sheath fraction and RA/T1 to the myelinated

axon fraction. Decreases in correlation with FA suggest that anisotropy is more strongly

influenced by the presence of myelinated axons in the corpus callosum. Although inherently

related to each other, correlations of FA vs. 〈D〉, λ‖, and λ⊥ reveal the shift in influence of

different DTI metrics on the overall diffusion anisotropy. FA vs. 〈D〉 and λ⊥ were smaller

in the external capsule, while FA vs. λ‖ was larger. These show the shift in influence on

anisotropy, from myelinated axons in the corpus callosum to non-myelinated cells in the

external capsule.

In Table 5.6, voxel-based correlations were compared to ROI-based correlations in the

white matter of all mice. ROI-based correlations allowed us to correlate in vivo and ex

vivo MRI measurements as well as EM measurements in the corpus callosum. ROI-based

correlations of in vivo T2-weighted signal and MTR were stronger with DTI metrics than

with f , suggesting that water content, mobility and anisotropy have a stronger influence

on T2w and MTR than myelin content. Again, this reflects similar observations in the EM

measurements, where correlations were stronger with myelinated axons than with myelin

content itself.

Although ROI-based correlations tended to be larger, some obvious disadvantages of an

199



5.4. DISCUSSION

ROI-based approach are reduced number of samples (in this case, n = 20 vs. n = 1000+)

and the inherent assumption that individual voxels can be represented by the average char-

acteristics of the ROI, akin to the ecological fallacy [231]. Voxel-based analysis provides a

more accurate picture of how MRI metrics co-vary due to varying tissue pathology within

an ROI, albeit, a picture more strongly influenced by noisy measurements.

The interpretation of correlations reflecting breadth of tissue pathology seems to be

supported by previous studies. Ou et al. found moderate correlation between average

values of F and λ⊥ in the combined values from the corpora callosa of control and shiverer

mice (r = −0.57) but not in control and shiverer mice separately [180]. In a study of healthy

human brains, Underhill et al. found that correlation between qMTI and DTI metrics was

weak and insignificant in healthy white matter, but strong and significant when comparing

metrics in combined values from both grey and white matter (|r| = 0.48 to 0.75) [252]. In

a study of healthy human brains, Stikov et al. found voxel-based correlations between f

and FA increased in white matter tracts with high directional coherence, such as the corpus

callosum [234]. Based on a tissue model, Stikov et al. conclude that FA and f covary

primarily due to variations in the fiber volume fraction. Differences arise due to variations

in the directional coherence of fibers (affecting diffusion anisotropy but not f) and myelin

density (affecting f more than it affects diffusion) [234].

In Table 5.7, voxel-based correlations were compared in the white matter of control and

cuprizone-fed mice. Some of the regional differences observed in Table 5.5 are reflected here

as well. Strong correlation between FA and λ‖ in the cuprizone-fed mice reflect the reduced

influence of myelinated axons on measurements of anisotropy. Correlations between f and

various metrics are generally stronger in the control mice, where myelin is significantly more

abundant and the free water pool is smaller. Stronger correlations of f with λ‖, λ⊥, and

FA in the control mouse reflect the trend of stronger correlation in directionally coherent

tracts [179, 234] and tracts with broader ranges of tissue pathology [181, 179, 252, 234].

To test the feasibility of using voxel-based correlations as an additional test of tissue

pathology, correlations were calculated for individual control and cuprizone-fed mice (Ta-

ble 5.8). Results are very similar to the combined results found in Table 5.7. Again, FA

vs. λ⊥ was significantly higher in the cuprizone-fed mice. Significantly lower values of f
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vs. T1 in the cuprizone-fed mice may reflect the varying influence of lattice size and water

mobility on the bound pool fraction.

5.5 Conclusions

Several conclusions can be made regarding the application of longitudinal and quantitative

MRI measurements to the cuprizone-mouse model:

1. The efficacy of the cuprizone treatment is dependent on preparation and region of

interest. Using 0.4% cuprizone pressed into mouse chow pellets, changes in the rostral

corpus callosum were similar to those observed previously in 0.2% cuprizone-fed mice

after 6 weeks in the caudal corpus callosum or 12 weeks in the rostral corpus callosum.

2. In the corpus callosum, T2-weighted and MTR values peaked at 4 and 5 weeks, re-

spectively. In order to effectively track the progression of demyelination and potential

treatments, weekly MRI assessments are recommended.

3. To our knowledge, this study is the first to apply multicomponent T2 analysis and

quantitative MTI measurements to the cuprizone mouse model. In multicomponent

T2 analysis with 10 ms echo spacing and a first echo SNR ≈ 130, there was no visible

myelin water component associated with the short-T2 value. Quantitative MTI metrics

such as RMA
0 , TA2 , and in particular, f showed significant differences in the corpus

callosum and external capsule of the cuprizone-fed mice, similar to previous studies

of multiple sclerosis in humans and animal models of demyelination.

4. FA was significantly lower and 〈D〉, λ‖, and λ⊥ were significantly higher in the

cuprizone-fed mice. Besides λ‖, DTI metrics were similar to previous measurements

in the cuprizone mouse model. Significantly larger λ‖ was attributed to the higher

concentration cuprizone diet and possible vasogenic edema.

As a comparison of quantitative MRI metrics to ultrastructural measurements, the fol-

lowing conclusions can be made:

1. Cellular distributions measured in electron micrographs correlate strongly to several

different quantitative MRI metrics. Ranked by correlation strength, the top two
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correlations for each tissue type were: RA/T1 and TA2 vs. the myelinated axon fraction

(ρ = 0.90/−0.90 and −0.85), f and λ⊥ vs. the myelin sheath fraction (ρ = 0.93 and

−0.87), f and 〈D〉 vs. the myelinated axons + myelin sheath fraction (ρ = 0.89 and

−0.87), λ‖ and f/〈D〉 vs. the non-myelinated cell fraction (ρ = 0.92 and −0.90/0.90.

Correlations with measurements of myelinated axons reflected these trends.

2. Using Pearson’s correlation coefficient, f was strongly correlated to the myelin sheath

fraction (r = 0.98) with a linear equation predicting myelin content (5.368f − 0.252).

Of the calculated MRI metrics, f was the strongest indicator of myelin content while

longitudinal relaxation rates and diffusivity measurements were the strongest indica-

tors of changes in tissue structure.

3. Correlations between different MRI metrics represent underlying tissue pathologies

that influence the paired MRI metrics. In particular, variations in the correlations

between f , T1 and the DTI metrics revealed the varying influence of myelin content,

axonal density, and water mobility in the white matter of control and cuprizone-fed

mice.

4. Correlations also represent the breadth of tissue pathologies. The correlation co-

efficients of several quantitative MRI measurements were smaller after 6 weeks of

cuprizone treatment. Correlation of in vivo T2-weighted signals and MTR values

also reflected a shift in the range of tissue pathologies in the corpus callosum after 6

weeks of cuprizone treatment, where the variance of both metrics and their correlation

coefficients were significantly decreased.

In conclusion, longitudinal and multiparametric MRI analysis gives new and complemen-

tary information about tissue pathology in the cuprizone mouse model of demyelination.
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Chapter 6

Conclusions

6.1 Quantitative MRI Methods

In developing the quantitative MRI analysis methods, MATLAB scripts were written to

calculate and compare T1 and T2 relaxation, diffusion tensors, and parameters from the

two-pool model of magnetization transfer. To improve both the goodness-of-fit in individual

methods and comparisons between multiple methods, a tool was built to manually and

automatically register MR images. The anisotropic diffusion filter was used to reduce the

influence of noise on quantitative fits. Quantitative magnetization transfer imaging was

tested on agar phantoms and mouse brains. Diffusion tensor imaging was tested on a water

phantom, fixed rat spinal cords, and mouse brains. Single component T1 and T2 analysis

was tested on rat spinal cords and, along with multicomponent T2 analysis, mouse brains.

6.1.1 Image Registration and the Anisotropic Diffusion Filter

The image registration tool automatically calculated an affine transformation matrix to

match target images to a reference image. The matrix defines parameters for translation,

scaling, shearing, and rotation in two-dimensions. Optimal parameters were searched for

by minimizing functions defining the shared information between the two images. The

three functions tested were: the absolute difference, 2-D correlation coefficient, and mutual

information. Of these, the 2-D correlation coefficient gave the best compromise between

accuracy and speed. Although an assessment of accuracy based on the percent difference

works for identical MRI methods, variations in contrast between different methods makes
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this less than ideal. Instead, each target image was compared visually to the reference image

to ensure accuracy.

Improvements due to the application of the anisotropic diffusion filter were assessed for

all quantitative MRI methods in freshly excised mouse brains. The filter improved both the

goodness-of-fit and visual quality of all qMRI maps, but increased χ2/ν values were observed

at the transition between white matter and grey matter. Particularly noisy quantitative

maps, such as TA2 and RMA
0 , were markedly improved after filtration, with the the corpus

callosum more clearly defined against the surrounding grey matter. MRI metrics calculated

with filtered and non-filtered images were similar, although non-filtered FA was higher in

the corpus callosum and external capsule, reflecting previously observed increases due to

noise [119, 64]. To our knowledge, the anisotropic diffusion filter has not been applied to

quantitative MTI analysis previously, nor has there been an assessment of its efficacy across

multiple quantitative MRI measurements.

6.1.2 Quantitative MTI

In various concentrations of agar, quantitative MTI results for f and RA were similar to

previous results. Differences in RMA
0 , TA2 , and TB2 led to a brief exploration of inaccurate

estimations of MT pulse amplitude. When the MT saturation powers were scaled by a

constant, the model fit was unchanged but certain parameters changed significantly (f ,

RMA
0 , and TA2 ) while others were relatively constant (RA and TB2 ). This finding merits

future studies looking at the influence of image noise and inaccuracies in offset frequency

and saturation strength on the two-pool model of pulsed magnetization transfer.

Using quantitative MTI data from Chapter 5, the ideal offset frequency and MT pulse

amplitude was determined for acquiring an MTR map of the corpus callosum in freshly

excised mouse brain at 7 T. The three criteria used were: optimal contrast between white

and grey matter, maximum correlation between MTR and f , and minimal direct saturation

of the liquid pool. Based on 3 MT pulse amplitudes and 6 offset frequencies at each

amplitude, an amplitude of 10 µT and offset frequency of 6000 Hz was chosen for acquiring

the Msat image.
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6.1.3 DTI, T1, and T2 measurements in Fixed Rat Spinal Cord

Results from our study of fixed rat spinal cords suggest that the fractional anisotropy and

radial diffusivity in grey matter is dependent on diffusion time at ∆ < 20 ms, but not in

white matter. Corrections were needed to account for temperature drift in the water sample

over the long imaging time. Differences in T1 and T2 before and after 48 hours of imaging

were also attributed to this change in temperature as well as drift in the Larmor frequency

of the sample. Results matched DTI, T1 and T2 measurements found previously in fixed

rat spinal cord. For future studies, the shift in temperature could be corrected by allowing

samples to equilibrate to the bore temperature for a longer period of time before imaging

or by using a water bath with a feedback loop similar to in vivo imaging.

6.1.4 Comparison of Fresh and Fixed Mouse Brains

Comparison of quantitative MRI results in freshly excised and fixed mouse brains reflected

previous studies [238, 212, 239]. Significant differences were observed in DTI metrics (except

for fractional anisotropy), qMTI metrics, and T1. Given that fixation has varying influence

on different quantitative MRI metrics, studies that compare different quantitative methods

should use freshly excised or in vivo tissue.

6.2 Multiparametric MRI of the Cuprizone Mouse Model

6.2.1 Characterizing the Cuprizone Mouse Model

Based on the in vivo results for two separate studies of the cuprizone mouse model, caution

is advised when combining MRI data, even when acquired with the same diet and imaging

parameters. Subtleties in preparation and variability in the effects of the cuprizone-diet may

lead to different degrees of demyelination in the same region of the corpus callosum. Due

to different in vivo results suggesting different degrees of demyelination, only the second

cuprizone study was used when analyzing the in vivo and ex vivo MRI results in Chapter

5. When assessing the sensitivity of different MRI methods to white matter integrity,

pathohistology, as was done in these studies, is also advised.
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In Chapter 5, several new results were found in the cuprizone model of demyelination.

Using 0.4% cuprizone pressed into mouse chow pellets, changes in the rostral corpus callosum

were similar to those observed previously in 0.2% cuprizone-fed mice after 6 weeks in the

caudal corpus callosum or 12 weeks in the rostral corpus callosum. In the corpus callosum,

T2-weighted and MTR values peaked at 4 and 5 weeks, respectively, suggesting that weekly

MRI assessments might be necesssary to effectively track the progression of demyelination

and potential treatments.

To our knowledge, this study is the first to apply multicomponent T2 analysis and

quantitative MTI measurements to the cuprizone mouse model. In multicomponent T2

analysis, there was no significant myelin water component associated with the short-T2

value in either control or cuprizone-fed mice. Quantitative MTI metrics such as RMA
0 ,

TA2 , and in particular, f showed significant differences in the corpus callosum and external

capsule of the curprizone-fed mice, similar to previous studies of multiple sclerosis in humans

and animal models of demyelination. FA was significantly lower and 〈D〉, λ‖, and λ⊥ were

significantly higher in the cuprizone-fed mice. Besides λ‖, DTI metrics were similar to

previous measurements in the cuprizone mouse model. Significantly larger λ‖ was attributed

to the higher concentration cuprizone diet and possible vasogenic edema.

6.2.2 Correlations Between Quantitative MRI and Electron Microscopy

Cellular distributions measured in electron microscopy images were strongly correlated to

several different quantitative MRI metrics. f was the strongest indicator of myelin content

while longitudinal relaxation measurements (T1 and RA) and diffusivity measurements (λ‖,

λ⊥, and FA) were the strongest indicators of changes in tissue structure. Using Pearson’s

correlation coefficient, f was strongly correlated to the myelin sheath fraction (r = 0.98)

with a linear equation predicting myelin content, M = (5.368± 0.379)f − (0.252± 0.031).

Correlations between different MRI metrics might represent underlying tissue patholo-

gies that influence the paired MRI metrics. In particular, variations in the correlations

between f , T1 and the DTI metrics revealed the varying influence of myelin content, axonal

density, and water mobility in the white matter of control and cuprizone-fed mice. Cor-

relations also represent the breadth of tissue pathologies. The correlation coefficients of
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several quantitative MRI measurements were smaller after 6 weeks of cuprizone treatment.

Correlation of in vivo T2-weighted signals and MTR values also reflected a shift in the range

of tissue pathologies in the corpus callosum after 6 weeks of cuprizone treatment, where the

variance of both metrics and their correlation coefficients were significantly decreased.

In this study, longitudinal and multiparametric MRI analysis gave new and complemen-

tary information about tissue pathology in the cuprizone mouse model of demyelination.

The use of multiparametric rather than single parameter MR analysis may result in a better

understanding of white matter pathology.

6.3 Future Studies

The imaging and analysis methods developed for this dissertation have a number of potential

applications.

In vivo and longitudinal quantitative MRI in the cuprizone model are an obvious exten-

sion of Chapter 5. Quantitative MRI and ultrastructural examination at various timepoints

spanning both demyelination and remyelination would improve the power of the correla-

tions. The efficacy of anti-psychotic drugs in alleviating white matter pathology has been

tested previously by our collaborators using the cuprizone mouse model [278, 269, 272].

In vivo multiparametric MRI could be a powerful tool for assessing white matter integrity

in conjunction with potential treatments. Other models of multiple sclerosis, such as the

dysmyelinated shiverer mouse model [215, 223, 180] or the immune-mediated experimental

allergic encephalomyelitis model [59, 72, 199, 210, 33] can give additional insight into the

effects different tissue pathology have on multiparametric MRI measurements.

There are numerous diseases which affect white matter in the brain, including but not

limited to: Alzheimer’s disease, schizophrenia, epilepsy, Huntington’s disease, Parkinson’s

disease, and various types of brain tumours. Preliminary ex vivo measurements were made

in a mouse model of Alzheimer’s disease using the same quantitative MRI methods described

here. In vivo DTI and MTI measurements have also been made in our lab using mouse

models of Alzheimer’s disease.

Based on Ref. [241], a Monte Carlo simulation of diffusion in tissue has been developed
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in our lab using a two compartment square lattice with a permeable barrier representing

the myelin sheath. Measurements in fixed rat spinal cord are currently being compared

to this simulation to test the effects varying gradient strength and diffusion time have on

DTI measurements in tissue. This simulation could be extended by including magnetiza-

tion transfer effects and ultrastructural measurements of cellular distributions. Using f to

estimate the myelin volume fraction and measurements of diffusivity to estimate the density

of myelinated axons might improve comparisons between simulation and experiment.

208



Appendix A

List of Acronyms

µ nuclear magnetic dipole moment

B0 magnetic field vector

M net magnetization vector

M0 net magnetization at equilibrium

ω0 Larmor frequency

γ gyromagnetic ratio

MRI magnetic resonance imaging

FID free induction decay

RF radiofrequency

TE echo time

TR repetition time

TI inversion time

FOV field of view

RARE Rapid Acquisition with Refocused Echoes

FLASH Fast Low Angle Shot

CPMG Carr Purcell Meiboom Gill

PGSE Pulsed Gradient Spin Echo

EPI Echo-Planar Imaging

T1 longitudinal relaxation time

T2 transverse relaxation time

T2w T2-weighted image
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mcT2 multicomponent transverse relaxation time

MWI myelin water imaging

NNLS non-negative least squares

T2,m transverse relaxation time of the myelin water component

T2,ie transverse relaxation time of the intra-/extracellular water component

MWF myelin water fraction

IEWF intra-/extracellular water fraction

MT magnetization transfer

MTI magnetization transfer imaging

qMTI quantitative magnetization transfer imaging

MTC magnetization transfer contrast

MTR magnetization transfer ratio

∆f offset frequency

ω1 angular frequency induced by RF pulse

ω1CWPE continuous wave power equivalent angular frequency induced by RF pulse

f bound pool fraction

MA
0 equilibrium magnetization of the liquid pool

MB
0 equilibrium magnetization of the bound pool

R magnetization transfer rate between the bound and liquid pool

RA longitudinal relaxation rate of the liquid pool

RB longitudinal relaxation rate of the bound pool

RrfA RF absorption rate of the liquid pool

RrfB RF absorption rate of the bound pool

TA2 transverse relaxation time of the liquid pool

TB2 transverse relaxation time of the bound pool

DTI diffusion tensor imaging

D diffusion coefficient

ADC apparent diffusion coefficient

D diffusion tensor
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b diffusion-weighting factor

λ‖ axial diffusivity

λ⊥ radial diffusivity

〈D〉 mean diffusivity

FA fractional anisotropy

RGB red-green-blue

LS linear least-squares

WLS weighted linear least-squares

NLS non-linear least squares

SNR signal-to-noise ratio

A affine transformation matrix

CNS central nervous system

CSF cerebrospinal fluid

NAWM normal appearing white matter

MS multiple sclerosis

LFB Luxol fast blue

PAS periodic acid Schiff

MBP myelin basic protein

PBS phosphate-buffered saline

PFA paraformaldehyde

EM electron microscopy

A myelinated axons

M myelin sheaths

C non-myelinated cells

E extracellular space

M/A ratio myelin thickness/axon diameter ratio

CTL control mouse

CPZ cuprizone-fed mouse

CC corpus callosum
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EC external capsule

CX cerebral cortex

ROI region of interest

RBA ROI-based analysis

VBA voxel-based analysis

ANOVA analysis of variance

ρ Spearman’s correlation coefficient

r Pearson’s correlation coefficient
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Appendix B

Additional Figures

B.1 Longitudinal MRI Images
All in vivo T2-weighted images (Figures B.1 and B.2) and MTR maps (Figures B.3 and B.4)
from Chapter 5 show consistent slice selection and a healthy corpus callosum in control
mice from 0–6 weeks. Changes in the cuprizone-fed mice consistently start on the third
week of treatment in the corpus callosum and radiate outwards to the external capsule
in subsequent weeks. At 4 weeks, normalized T2-weighted signal is significantly larger in
the corpus callosum compared to the external capsule, but MTR values don’t deviate. By
week-5, the T2-weighted signals are similar. At 6 weeks, decreasing T2-weighted signal and
increasing MTR in the corpus callosum may signify remyelination in the cuprizone-fed mice.

B.2 Electron Microscopy Measurements
Example of electron microscopy cell distributions in a control (Figure B.5) cuprizone-fed
corpus callosum (Figure B.6). Cell distributions were counted on two, 5000X magnification
images per mouse with a 2x2 µm grid, yielding 360 points per mouse. Labels include
myelinated axons (A), myelin sheaths (M), non-myelinated cells (C), nuclei (N), damaged
axons (DA), glial cell processes (G), and extracellular spaces (E). Ultimately, all cells that
weren’t myelinated axons were included in the non-myelinated cell category.

Myelinated axons were measured in two, 15000x magnification images from each control
(Figure B.7) and cuprizone-fed mouse (Figure B.7). The narrow axon diameter and myelin
sheath thickness of myelinated axons were measured using ImageJ 1.40 (National Institutes
of Health). No measurements were made on non-myelinated cells, including non-myelinated
axons, thus the number of measurements is much smaller in the cuprizone-fed mice.
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Figure B.1: Weekly T2-weighted images from all 5 control mice.
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Figure B.2: Weekly T2-weighted images from all 5 cuprizone-fed mice.
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Figure B.3: Weekly MTR from all 5 control mice.
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Figure B.4: Weekly MTR from all 5 cuprizone-fed mice.
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Figure B.5: Example of electron microscopy cell distribution in a control corpus callosum.
Cell distributions were counted on two, 5000x magnification images per mouse with a 2x2
µm grid, yielding 360 points per mouse. Labels include myelinated axons (A), myelin
sheaths (M), non-myelinated cells (C), nuclei (N), and extracellular spaces (E). Ultimately,
all cells that weren’t myelinated axons were included in the non-myelinated cell category.
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Figure B.6: Example of electron microscopy cell distribution in a cuprizone-fed corpus
callosum. Cell distributions were counted on two, 5000X magnification images per mouse
with a 2x2 µm grid, yielding 360 points per mouse. Labels include myelinated axons (A),
myelin sheaths (M), non-myelinated cells (C), nuclei (N), damaged axons (DA), glial cell
processes (G), and extracellular spaces (E). Ultimately, all cells that weren’t myelinated
axons were included in the non-myelinated cell category.
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Figure B.7: Example of electron microscopy measurements of myelinated axons in a control
corpus callosum. The narrow axon diameter and myelin sheath thickness of myelinated
axons were measured on two, 15000X magnification images per mouse. Scale bar = 1 µm.
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Figure B.8: Example of electron microscopy measurements of myelinated axons in a
cuprizone-fed corpus callosum. The narrow axon diameter and myelin sheath thickness
of myelinated axons were measured on two, 15000X magnification images per mouse. No
measurements were made on non-myelinated cells, including non-myelinated axons, thus
the number of measurements is much smaller in the cuprizone-fed mice. Scale bar = 1 µm.
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Appendix C

MATLAB Programs

C.1 Image Preparation

C.1.1 Loading Images

After acquisition, Paravision reconstructs the MRI data and saves it as a scaled raw data
file named 2dseq. load_2dseq.m relies on several scripts originally written by Mike Tyszka
(Caltech, 2000) and later amended by Doug Story and Blair Cardigan Smith (University
of Winnipeg, 2006). It ensures that the dimensionality, endianness (big or little), and data
types (16-bit or 32-bit signed integers) are correct. Importantly, it removes any scaling
and offsets applied to the images by Paravision. This is absolutely essential for creating
quantitative maps from multiple acquisitions.

function [unscaled_image info] = load_2dseq(serdir, reconum)

% Load a Paravision 2dseq file
fname = 'load_2dseq';

% Loads the image information
info = load_info(serdir);

% Dimensions
if info.ndims == 2

nz = info.nims;
info.dim(3) = nz;

else
nz = info.dim(3)*info.nims;

end

% RECO location
recofile = [serdir '\pdata\' in2str(reconum) '\reco'];

% Checks for existence of Reco file
if exist(recofile) ~= 2

fprintf('RECO file does not exist')
end;

% Reads RECO file
recoinfo = textread(recofile,'%s','delimiter','\n','whitespace','');

% Check dimensions of reconstructed matrix

223



C.1. IMAGE PREPARATION

dim = extract_matrix(recoinfo, '$RECO_ft_size=');
nx = dim(1);
ny = dim(2);

% Read scaling info
slope = extract_matrix(recoinfo, '$RECO_map_slope=');
offset = extract_matrix(recoinfo, '$RECO_map_offset=');

% Check if slope and offset is the same for all slices
if (slope ~= slope(1)) || (offset ~= offset(1))

errmsg = sprintf('Slices are individually scaled');
waitfor(errordlg(errmsg));

end

% Open the file
filename = [serdir '\pdata\' int2str(reconum) '\2dseq'];
if strcmp(info.endian, 'be') == 1

fd = fopen(filename,'r','ieee−be'); % big endian
elseif strcmp(info.endian, 'le') == 1

fd = fopen(filename,'r','ieee−le'); % little endian
end
if (fd < 1)

errmsg = sprintf('%s: Could not open %s to read\n', fname, filename);
waitfor(errordlg(errmsg));
return;

end

% Read the data
d = fread(fd, info.datatype); % info.datatype = 16bit or 32bit

% Close the file
fclose(fd);

% Check if data set is complete
if (nx*ny*nz ~= length(d))
errmsg = sprintf('%s: 2dseq file is incomplete\n', fname);
waitfor(errordlg(errmsg));
return;

else
% Unscale the data
unscaled = round(d/slope(1) + offset(1));
% Reshape the data
unscaled_image = reshape(unscaled, nx, ny, nz);

end;

C.1.2 Image Registration

In order to register images for quantitative analysis, a GUI was written in MATLAB that
allowed manual and automatic registration of 2-dimensional MR images (Figures C.1 and
C.2). An affine transformation matrix is used to represent translation, scale, and shear
along the x and y directions as well as rotation. Functionality includes:

• Load Images: Loads individual images from two separate Paravision datasets.

• Affine Transformation Parameters: Defines parameters for x/y translation, scale,
and shear as well as rotation angle. Parameters are used as starting points for auto-
matic registration. Automatic registration is also bounded by a user defined value for
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each parameter. All values can be manually changed at any point with the option to
redraw the images with the new parameters or reset to the default parameters.

• Reference/Target Images: Allows the user to switch between full or cropped views
of both the reference and target images.

• Percent Difference Image: Shows the percent difference between the reference and
target image, calculated as (|reference − target|/reference) ∗ 100%. In the case of
a reference proton density image and a target magnetization transfer contrast image,
this will be equivalent to the magnetizaion transfer ratio. The percent difference can
be viewed at a specific point of interest.

• Registration: Registration can be done automatically using a bounded minimiza-
tion search (fminsearchbnd). The fminsearchbnd function was written by John
D’Erico and is available on the MATLAB File Exchange [54]. Bounds are applied to
the variables by internally transforming them with sin(x) prior to using MATLAB’s
included fminsearch algorithm. fminsearch itself is based on the Nelder-Mead sim-
plex search method [133]. It is a direct search method for finding the minimum of
an unconstrained multivariable function based on an initial guess for the variables.
The difference between the reference and target images can be measured using mutual
information, the 2D correlation coefficient, or the absolute difference.

• File: User can save or load previously registered images and parameters. Save/Load
Images saves/loads all images and parameters, Save/Load Parameters saves/loads just
the parameters, and Save/Load Aligned Image saves/loads just the aligned image.

imreg.m

An excerpt of the main registration program (imreg.m) is included below. This snippet is
taken from the section that executes upon pressing the Mutual Information button in the
Registration section of the program.

% imreg.m (EXCERPT)
% Executes upon Mutual Information button press in Registration section.
% −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

% Acquire bounds and parameters from GUI. Sets lower and upper parameter
% bounds.
bounds = handles.bounds;
initial_scale = handles.scale;
LB = initial_scale − bounds; % lower parameter bounds
UB = initial_scale + bounds; % upper parameter bounds

% Normalize reference and target images prior to image registration.
reference = handles.reference./max(max(handles.reference));
target = handles.target./max(max(handles.target));

% Sets optimization options for maximum number of function evaluations,
% iterations, and termination tolerance.
options = optimset('MaxFunEvals', 5000, 'MaxIter', 5000, 'TolX', 1e−12);
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Figure C.1: Image registration tool. Functionality includes: (a) loading individual images
from two separate raw Paravision datasets; (b) adjusting affine transformation parameters
such as translation, scale, shear, and rotation for registering the target image; (c) viewing
and cropping reference and target images; (d) viewing the percent difference between the
two images; (e) automatic image registration based on a bounded minimization search of
a function representing either the mutual information, correlation coefficient, or absolute
difference of the two images; (f) saving and loading all or part of the images and parameters
generated during image registration.
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Figure C.2: Image registration with cropped view.

% Bound Nelder−Mead simplex search for error function rescale_mi().
% Searches for optimal affine transformation parameters (reg_scale) based
% on initial_scale and lower and upper bounds. Based on the button pressed,
% the error function that is minimized can be:
% rescale_mi(): Mutual Information
% rescale_corr(): 2−D Correlation Coefficient
% rescale_abs(): Absolute Difference

reg_scale=fminsearchbnd(@(reg_scale) ...
rescale_mi(reg_scale,reference,target),initial_scale,LB,UB,options);

handles.scale = reg_scale;

% Calculates aligned target image and percent difference image based on
% reg_scale.
[handles.reference, handles.target, handles.target_aligned, ...

handles.difference] = calc_images(handles);

% Draws images in GUI
draw_images(handles);

rescale_mi.m

rescale_mi.m transforms the target image and calculates the error function for minimiza-
tion based on the mutual information between the reference and target images.
rescale_corr.m does the same by calculating the 2-D correlation coefficient between the
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two images. rescale_diff.m calculates the absolute difference between the two images.
The mutual information function, mi(), is written by Jose Delpiano and is available on the
MATLAB File Exchange [51].

function err = rescale_mi(scale, I, I_transform)

[M N]=size(I);

% Applies affine transformation based on the scaling parameters (scale)
% and calculates the mutual information between the reference image (I) and
% the aligned image (I_aligned).

tx=scale(1);
ty=scale(2);
sx=scale(3);
sy=scale(4);
shx=scale(5);
shy=scale(6);
u=scale(7);

% Creates affine transformation image from rotation, translation, scale,
% and shear parameters.
Trotation=[cos(u) sin(u) 0; −sin(u) cos(u) 0; 0 0 1;];
Ttranslation=[1 0 0; 0 1 0; tx ty 1;];
Tscale=[sx 0 0; 0 sy 0; 0 0 1;];
Tshear=[1 shy 0; shx 1 0; 0 0 1;];
T=Trotation*Ttranslation*Tscale*Tshear;
Tform=maketform('affine',T);

% Aligns target image using the affine transformation matrix.
I_aligned=imtransform(I_transform,Tform,'Xdata',[1 N],'Ydata',[1 M]);

% Find the mutual information between the reference and the aligned images.
% Mutual information (and 2−D correlation) will INCREASE as image becomes
% better aligned, thus, for minimization purposes, the negative value is
% returned in err.
err=−abs(mi(I_aligned,I));

% In rescale_corr(), the previous line is: err=−abs(corr2(I_aligned,I));
% In rescale_abs(), the previous line is: err=sum(sum(abs(I−I_aligned)));

end

calc_images.m

Calculates the aligned target image and percent difference image based on the affine trans-
formation parameters.

function [reference target target_aligned difference] = calc_images(handles)
% Calculate images using affine transformation parameters and bicubic
% interpolation.

reference_num = str2double(get(handles.image_num_reference, 'String'));
target_num = str2double(get(handles.image_num_target, 'String'));
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% Note that MATLAB loads raw image data differently than Paravision. Also,
% the original acquisition has the brain oriented upside down in order to
% reduce fat−shift into the brain. In order to display the image with the
% correct left/right and up/down orientation, it needs to be flipped and
% rotated first:
reference = fliplr(rot90(handles.reference_images(:,:,reference_num)));
target = fliplr(rot90(handles.target_images(:,:,target_num)));

[M N] = size(reference);

tx = str2double(get(handles.x_trans, 'String'));
ty = str2double(get(handles.y_trans, 'String'));
sx = str2double(get(handles.x_scale, 'String'));
sy = str2double(get(handles.y_scale, 'String'));
shx = str2double(get(handles.x_shear, 'String'));
shy = str2double(get(handles.y_shear, 'String'));
u = str2double(get(handles.rot_angle, 'String'));

% Construct affine transformation matrix
Trotation=[cos(u) sin(u) 0; −sin(u) cos(u) 0; 0 0 1;];
Ttranslation=[1 0 0; 0 1 0; tx ty 1;];
Tscale=[sx 0 0; 0 sy 0; 0 0 1;];
Tshear=[1 shy 0; shx 1 0; 0 0 1;];
T=Trotation*Ttranslation*Tscale*Tshear;
Tform=maketform('affine',T);

% Calculate transformed target image
target_aligned=imtransform(target,Tform,'bicubic','Xdata',[1 N],'Ydata',[1 M]);

% Calculate percent difference image with transformed image
for x=1:N

for y=1:M
if reference(y,x) == 0

difference(y,x) = 0;
else

difference(y,x) = ...
abs(reference(y,x)−target_aligned(y,x))/reference(y,x);

if difference(y,x) > 1
difference(y,x) = 1;

end;
if difference(y,x) < 0

difference(y,x) = 0;
end;

end;
end;

end;

C.1.3 Image Filter

After loading and registering images, a filter can be applied to smooth out noise. The
anisotropic diffusion algorithm is a locally adaptive filter that improves SNR while still
preserving features within the image itself [188, 73]. It has previously been demonstrated
to improve quantitative analysis of multicomponent T2 data [115, 107] and DTI data [183].
The anisotropic diffusion filter used in all of the analysis methods was written by Daniel
Lopes and is available on the MATLAB File Exchange [154].
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C.2 In Vivo Image Analysis

In vivo images would typically include a T2-weighted, proton density, and magnetization
transfer contrast (MTC) image. These are loaded and registered to a common reference
image using imreg.m (with the MTC image as the reference).

C.2.1 Defining Regions of Interest

In define_Nroi.m, noise regions in the registered images and MTR maps are removed using
a binary mask and several regions of interest are defined in the corpus callosum, external
capsule, cerebral cortex, ventricle and noise region for comparisons.

function roi = define_Nroi(mtr_file, t2_file, mouse, study, Nroi)
% Define in vivo regions of interest.

% Load aligned PD and MTC images
load(mtr_file);
PD = target_aligned;
MTC = reference;

% Create threshold mask
bthresh = 0.2;
bmin = 1000;
MTint = squeeze(mat2gray(MTC));
bw = im2bw(MTint, bthresh);
bw2 = imfill(bwareaopen(bw,bmin), 'holes');
[ylength, xlength] = size(PD);

% Calculate thresholded MTR (sets regions with low signal to 0)
MTR = ((PD − MTC)./PD).*bw2;

% Load aligned T2−weighted image
load(t2_file);
T2 = target_aligned;

% Define variables
T2mean = zeros(Nroi+4,1);
T2std = zeros(Nroi+4,1);
PDmean = zeros(Nroi+4,1);
PDstd = zeros(Nroi+4,1);
MTCmean = zeros(Nroi+4,1);
MTCstd = zeros(Nroi+4,1);
MTRmean = zeros(Nroi+4,1);
MTRstd = zeros(Nroi+4,1);
N = zeros(Nroi+4,1);

% Select ROI in MTC image
figure('Name', 'MTC');
imagesc(MTC); colormap(gray); colorbar; axis equal;

% Define Nroi regions of interest
for n=1:Nroi

[roi(n).bw,roi(n).xi,roi(n).yi] = roipoly;
line(roi(n).xi,roi(n).yi,'Color','r','LineWidth',1);

end;
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roi(Nroi+1).bw = logical(roi(2).bw+roi(3).bw); % external capsule (ecl + ecr)
roi(Nroi+2).bw = logical(roi(1).bw+roi(2).bw+roi(3).bw); % cc + ecl + ecr
roi(Nroi+3).bw = logical(roi(4).bw+roi(5).bw); % cerebral cortex (cxl + cxr)

% Define noise region of interest
x = [5 55 55 5 5];
y = [5 5 55 55 5];
roi(Nroi+4).bw = poly2mask(x,y,xlength,ylength);

% Creates T2−weighted image normalized to CSF signal in the ventricle
bw_ventricle = logical(roi(6).bw);
T2norm = T2./mean(T2(bw_ventricle));

% Calculate mean values based on ROIs in each image and the MTR map.
for n=1:Nroi+4

bw_temp = logical(roi(n).bw);

N(n) = sum(sum(bw_temp));
T2mean(n) = mean(T2norm(bw_temp));
T2std(n) = std(T2norm(bw_temp));
PDmean(n) = mean(PD(bw_temp));
PDstd(n) = std(PD(bw_temp));
MTCmean(n) = mean(MTC(bw_temp));
MTCstd(n) = std(MTC(bw_temp));
MTRmean(n) = mean(MTR(bw_temp));
MTRstd(n) = std(MTR(bw_temp));

end;

savefile = [mouse '_' study '_roi.mat'];
save(savefile, 'T2', 'PD', 'MTC', 'MTR', 'N', 'T2norm', 'T2mean', 'T2std', ...

'PDmean', 'PDstd', 'MTCmean', 'MTCstd', 'MTRmean', 'MTRstd', 'roi');

C.2.2 Correlating In Vivo Images

Spearman correlation coefficients were calculated for individual voxels in each ROI as well
as for mean values of each ROI. Across all weeks and for each week individually. For all
mice and for control and cuprizone-fed mice individually.

% corr_invivo.m (EXCERPT)
% Calculates Spearman correlation coefficients in control, cuprizone−fed,
% and all mice. Does so for every voxel in each ROI and for mean values in
% each ROI (_roi). Over all weeks (all/ctl/cpz) and for each week
% individually (allw/ctlw/cpzw).

correlation = 'Spearman';

for j=1:Nroi
[all{j,3},all{j,4}] = corr(all{j,1}, all{j,2}, 'type', correlation);
[ctl{j,3},ctl{j,4}] = corr(ctl{j,1}, ctl{j,2}, 'type', correlation);
[cpz{j,3},cpz{j,4}] = corr(cpz{j,1}, cpz{j,2}, 'type', correlation);

[all_roi{j,3},all_roi{j,4}] = corr(all_roi{j,1}, all_roi{j,2}, 'type', ...
correlation);

[ctl_roi{j,3},ctl_roi{j,4}] = corr(ctl_roi{j,1}, ctl_roi{j,2}, 'type', ...
correlation);
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[cpz_roi{j,3},cpz_roi{j,4}] = corr(cpz_roi{j,1}, cpz_roi{j,2}, 'type', ...
correlation);

for k=1:Nweeks
[allw{k,j,3}, allw{k,j,4}] = corr(allw{k,j,1}, allw{k,j,2}, 'type', ...

correlation);
[ctlw{k,j,3}, ctlw{k,j,4}] = corr(ctlw{k,j,1}, ctlw{k,j,2}, 'type', ...

correlation);
[cpzw{k,j,3}, cpzw{k,j,4}] = corr(cpzw{k,j,1}, cpzw{k,j,2}, 'type', ...

correlation);

[allw_roi{k,j,3}, allw_roi{k,j,4}] = corr(allw_roi{k,j,1}, ...
allw_roi{k,j,2}, 'type', correlation);

[ctlw_roi{k,j,3}, ctlw_roi{k,j,4}] = corr(ctlw_roi{k,j,1}, ...
ctlw_roi{k,j,2}, 'type', correlation);

[cpzw_roi{k,j,3}, cpzw_roi{k,j,4}] = corr(cpzw_roi{k,j,1}, ...
cpzw_roi{k,j,2}, 'type', correlation);

end;
end;

C.3 Relaxometry Maps
Images were first registered using the image registration tool. For the purposes of multipara-
metric comparisons, all ex vivo images were registered to the b=0 image of the DTI dataset.
For the RARE-T1+T2 acquisition, short-TE and varying-TR images (used for fitting the
T1 value to the saturation recovery curve) were labeled mouse_t1_1 to mouse_t1_N, where
N was the number of different TR values used. Varying-TE and long-TR (used for fitting
T2 value to the T2 decay curve) were labeled mouse_t2_1 to mouse_t2_N, where N was the
number of different echo times used. Likewise, values from the MSME-T2 acquisition (used
for multi-component T2 fitting) were labeled mouse_t2m_n.

C.3.1 T1 Relaxation Maps

T1 relaxation maps are generated by fitting the signal values in each voxel of each TR-
weighted image to the saturation recovery curve,

S = S0
(
1− e−TR/T1

)
(C.1)

with two unknown variables: T1 and S0.

Calculate T1 Maps

calc_T1map_filt.m loads the registered T1 data, filters it using the 2-D anistropic diffusion
filter, and calculates a T1 map based on the registered and filtered data using the T1fit()
function. For the sake of comparison, a non-filtered version of this function (calc_T1map.m)
does the same thing on the registered T1 dataset without filtering the individual images
(not shown here).

function [T1map,S0map,T1data,T1data_filt] = calc_T1map_filt(serdir,mouse,TR)

% Determine size and number of TR values based on first registered T1 image.
T1_file = [serdir '\' mouse '_t1_1.mat'];
load(T1_file);
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[ylength, xlength] = size(target_aligned);
nTR = length(TR);

% Initialize variables
T1data = zeros(ylength,xlength,nTR);
T1data_filt = zeros(ylength,xlength,nTR);
T1map = zeros(ylength,xlength);
S0map = zeros(ylength,xlength);

% Load nTR T1 datasets filtering.
for m=1:nTR

T1_file = [serdir '\' mouse '_t1_' num2str(m) '.mat'];
load(T1_file);
T1data(:,:,m) = target_aligned./1e5;

end;

% Calculate standard deviation of square region outside of the
% brain (estimation of noise). kappa = 3*noise is used in the anisotropic
% diffusion filter.
T1temp = T1data(:,:,1);
xn = [5 20 20 5 5];
yn = [5 5 20 20 5];
bw_noise = poly2mask(xn,yn,ylength,xlength);
noise = std(T1temp(bw_noise))/sqrt(2−pi/2);
kappa = 3*noise;

% Calculate filtered T1 dataset.
for m=1:nTR

T1temp = T1data(:,:,m);
T1data_filt(:,:,m) = anisodiff2D(T1temp, 5, 1/7, kappa, 1);

end;

% Calculate T1 map by fitting T1 and S0 to each pixel in each image.
for m=1:ylength

for n=1:xlength
T1temp = reshape(T1data_filt(m,n,:), 1, nTR);
[T1_est, ~] = T1fit(TR, T1temp);
T1map(m,n) = T1_est(1);
S0map(m,n) = T1_est(2);

end;
end;

% Save relevant data.
save([mouse '_T1map_filt.mat'], 'T1map','S0map','T1data','T1data_filt','TR');

Fitting T1 Curves

The T1 fitting function, T1fit.m, fits to signal by minimizing the sum of squares for error
(SSE) between the known signal and the predicted signal using fminsearchbnd [54].

function [estimates, model] = T1fit(TR, ydata)

% Starting point for T1 fitting: T1 ~ 1s, S0 = 25. Raw data is divided by
% 1e5 in calc_T1map.m to ensure the S0 value is < 100.
start_point = [1 25];
model = @M;
options = optimset('MaxFunEvals', 5000, 'MaxIter', 5000);
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% Define lower and upper bounds for T1 and S0 respectively.
LB = [0 0];
UB = [100 100];

% Search for optimal estimates using bounded Nelder−Mead simplex search.
estimates = fminsearchbnd(model, start_point, LB, UB, options);

% Error function of saturation curve for minimization.
function [sse, FittedCurve] = M(p)

T1 = p(1);
S0 = p(2);

FittedCurve = S0.*(ones(1,length(TR)) − exp(−TR./T1));
ErrorVector = FittedCurve − ydata;
sse = sum(ErrorVector .^ 2);

end
end

C.3.2 T2 Relaxation Maps

T2 relaxation maps are generated by fitting the signal values in each voxel of each TE-
weighted image to the T2 decay curve:

S = S0e
−TE/T2 + C (C.2)

with three unknown variables: T2, S0, and C.

Calculate T2 Maps

calc_T2map_filt.m loads the registered T2 data, filters it using the 2-D anistropic diffusion
filter, and calculates a T2 map based on the registered and filtered data using the T2fit()
function. For the sake of comparison, a non-filtered version of this function (calc_T2map.m)
does the same thing on the registered T2 dataset without filtering the individual images
(not shown here).

function [T2map,S0map,Cmap,T2data,T2data_filt]=calc_T2map_filt(serdir,mouse,TE)

% Determine size and number of TE values based on first registered T2 image.
T2_file = [serdir '\' mouse '_t2m_1.mat'];
load(T2_file);
[ylength, xlength] = size(target_aligned);
nTE = length(TE);

% Initialize variables
T2data = zeros(ylength,xlength,nTE);
T2data_filt = zeros(ylength,xlength,nTE);
T2map = zeros(ylength,xlength);
S0map = zeros(ylength,xlength);
Cmap = zeros(ylength,xlength);

% Load nTE T2 datasets filtering.
for m=1:nTE

T2_file = [serdir '\' mouse '_t2m_' num2str(m) '.mat'];
load(T2_file);
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T2data(:,:,m) = target_aligned./1e5;
end;

% Calculate standard deviation of square region outside of the
% brain (estimation of noise). kappa = 3*noise is used in the anisotropic
% diffusion filter.
T2temp = T2data(:,:,1);
xn = [5 20 20 5 5];
yn = [5 5 20 20 5];
bw_noise = poly2mask(xn,yn,ylength,xlength);
noise = std(T2temp(bw_noise))/sqrt(2−pi/2);
kappa = 3*noise;

% To improve fitting speed, a binary mask is made (bw2) based on a signal
% threshold (bthresh) with holes filled in based on a minimum pixel size
% (bmin).
bthresh = .3;
bmin = 500;
T2_int = squeeze(mat2gray(T2temp));
bw = im2bw(T2_int, bthresh);
bw2 = imfill(bwareaopen(bw,bmin), 'holes');

% Calculate filtered T2 dataset.
for m=1:nTE

T2temp = T2data(:,:,m);
T2data_filt(:,:,m) = anisodiff2D(T2temp, 5, 1/7, kappa, 1);

end;

% Calculate T2 map by fitting T2, S0 and C to each pixel in each image
% (only where binary mask, bw2 = 1).
for y=1:ylength

for x=1:xlength
if bw2(y,x)==1

T2temp = reshape(T2data_filt(y,x,:), 1, nTE);
[T2_est, ~] = T2fit(TE, T2temp);
T2map(y,x) = T2_est(1);
S0map(y,x) = T2_est(2);
Cmap(y,x) = T2_est(3);

end;
end;

end;

% Save relevant data.
save([mouse ...

'_T2m_map_filt.mat'],'T2map','S0map','Cmap','T2data','T2data_filt','TE');

Fitting T2 Curves

The T2 fitting function, T2fit.m, fits to signal by minimizing the sum of squares for er-
ror (SSE) between the known signal and the predicted signal using fminsearchbnd [54].
T2fit_w.m introduces a weighting vector, w, based on the square of the pixel signal divided
by the variance of the noise region in the corresponding T2-weighted image:

wi = S2
i /σ

2
i (C.3)

Results from T2fit.m and T2fit_w.m were subsequently compared to evaluate the efficacy
of weighting the fits.
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function [estimates, model] = T2fit(TE, ydata)

% Starting point for T2 fitting: T2 ~ 40 ms, S0 = 100, C = 0. Raw data is
% divided by 1e5 in calc_T2map.m to ensure the S0 value is < 1000.
start_point = [40 100 0];
model = @M;
options = optimset('MaxFunEvals', 50000, 'MaxIter', 50000);

% Define lower and upper bounds for T2, S0, and C respectively.
LB = [0 0 0];
UB = [100 1000 0];

% Search for optimal estimates using bounded Nelder−Mead simplex search.
estimates = fminsearchbnd(model, start_point, LB, UB, options);

% Error function of T2 decay curve for minimization.
function [sse, FittedCurve] = M(p)

T2 = p(1);
S0 = p(2);
C = p(3);

FittedCurve = S0.*exp(−TE./T2) + C;
ErrorVector = FittedCurve − ydata;
sse = sum(ErrorVector .^ 2);

end
end

function [estimates, model] = T2fit_w(TE, ydata, noise)

% Starting point for T2 fitting: T2 ~ 40 ms, S0 = 100, C = 0. Raw data is
% divided by 1e5 in calc_T2map.m to ensure the S0 value is < 1000.
start_point = [40 100 0];
model = @M;
options = optimset('MaxFunEvals', 50000, 'MaxIter', 50000);

% Define lower and upper bounds for T2, S0, and C respectively.
LB = [0 0 0];
UB = [100 1000 0];

% Calculate a weight for weighting the error function based on relative
% noise in each image.
w = ydata.^2./noise.^2;

% Search for optimal estimates using bounded Nelder−Mead simplex search.
estimates = fminsearchbnd(model, start_point, LB, UB, options); % fminsearch ...

with bounds

% Weighted error function of T2 decay curve for minimization.
function [sse, FittedCurve] = M(p)

T2 = p(1);
S0 = p(2);
C = p(3);

FittedCurve = S0.*exp(−TE./T2) + C;
ErrorVector = FittedCurve − ydata;
sse = sum(w.*ErrorVector .^ 2);

end
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end

C.3.3 Multicomponent T2 Relaxation

Multicomponent T2 relaxation describes the T2-decay curve using M T2 time coefficients
(T2j) with corresponding relative amplitudes (sj). Given N spin echo measurements at echo
times, TEi, the decay curve, yi can be expressed as:

yi =
M∑
j=1

sje
−TEi/T2j (C.4)

Nonnegative Least Squares Solution

A nonnegative least squares algorithm (NNLS) can be used to solve for the sj values in (C.4).
This creates a fixed number of discrete T2 amplitudes corresponding to a minimization of
the χ2

min-value of the estimated decay curve and experimental signal,

χ2
min = (yi − yexperimental) /σ2. (C.5)

This method is sufficient for the analysis of a region of interest, where T2 components are
first fitted to individual voxels and then analyzed as a distribution of voxels [29]. The
NNLS solution is demonstrated in calc_mcT2_maps_filt.m. For the sake of comparison, a
non-filtered version was also made (calc_mcT2_maps.m).

NNLS and regularized NNLS solutions were originally based on a series of tutorials
posted on Dr. Craig K. Jones’ website [114].

function [chi2_map, yfit_map, s_map, mwf, iewf, T2data_filt] = ...
calc_mcT2_maps_filt(serdir, mouse, TE, Nbins)

T2_file = [serdir '\' mouse '_t2m_1.mat'];
load(T2_file);
[ylength, xlength] = size(target_aligned);
nTE = length(TE);

%% Initialize variables
T2data = zeros(ylength,xlength,nTE);
T2data_filt = zeros(ylength,xlength,nTE);

mwf = zeros(ylength,xlength);
iewf = zeros(ylength,xlength);
mw_gmT2 = zeros(ylength,xlength);
iew_gmT2 = zeros(ylength,xlength);

for m=1:nTE
T2_file = [serdir '\' mouse '_t2m_' num2str(m) '.mat'];
load(T2_file);
T2data(:,:,m) = target_aligned./1e5;

end;

T2temp = T2data(:,:,1);
xn = [5 20 20 5 5];
yn = [5 5 20 20 5];
bw_noise = poly2mask(xn,yn,ylength,xlength);
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noise = std(T2temp(bw_noise))/sqrt(2−pi/2);
kappa = 3*noise;

bthresh = .3;
bmin = 500;
T2_int = squeeze(mat2gray(T2temp));
bw = im2bw(T2_int, bthresh);
bw2 = imfill(bwareaopen(bw,bmin), 'holes');

for m=1:nTE
T2temp = T2data(:,:,m);
T2data_filt(:,:,m) = anisodiff2D(T2temp, 5, 1/7, kappa, 1);

end;

y = zeros(1,nTE);

yfit_map = zeros(ylength,xlength,nTE);
chi2_map = zeros(ylength,xlength);
s_map = zeros(ylength,xlength,Nbins);

%% Create the TE and T2 vectors
t2 = logspace(log10(5), log10(500), Nbins); % t2(45) = 19.89 ms t2(83) = ...

101.89 ms
for n=1:Nbins

if t2(n) < 20
Nmwf = n;

end;
if t2(n) < 100

Niewf = n;
end;

end;

%% Create the A matrix
te = TE';
A = exp(−kron(te, 1./t2));
A = [A ones(size(A,1), 1)];

options = optimset('MaxFunEvals', 50000, 'MaxIter', 50000, 'TolX', 1e−12);

for k=1:ylength
for l=1:xlength

if bw2(k,l)==1
for m=1:nTE

y(m) = T2data_filt(k,l,m);
end;

s = lsqnonneg(A, y', options);
y_fit = A*s;
s = s./sum(s);
s = s(1:end−1);
chi2 = sum((y_fit − y_e).^2./noise.^2);

chi2_map(k,l) = chi2;
yfit_map(k,l,:) = y_fit;
s_map(k,l,:) = s;

mwf(k,l) = sum(s(1:Nmwf))/sum(s);
iewf(k,l) = sum(s(Nmwf+1:Niewf))/sum(s);
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mw_gmT2(k,l) = exp( sum(s(1:Nmwf)'.*log(t2(1:Nmwf))) / ...
sum(s(1:Nmwf)) );

iew_gmT2(k,l) = exp( ...
sum(s(Nmwf+1:Niewf)'.*log(t2(Nmwf+1:Niewf))) / ...
sum(s(Nmwf+1:Niewf)) );

end;
end;

end;

save([mouse '_mcT2_maps_filt.mat']);

Regularized Nonnegative Least Squares Solution

When calculating the decay curve based on the mean signal from a region of interest, it
is desirable to create a continuous T2 distribution as opposed to a few discrete T2 com-
ponents. To do this, the NNLS algorithm is regularized to create a smooth distribution.
A regularization parameter, µ > 0 is introduced to smooth the T2 distribution accord-
ing to a misfit of the non-regularized χ2

min value. A value for µ is typically found for
1.02χ2

min ≤ χ2 ≤ 1.025χ2
min by minimizing the function,

Ξ = χ2 + µ
M∑
j=1

s2
j (C.6)

For our purposes, this is accomplished using the nnls_reg.m function after first calcu-
lating the non-regularized NNLS χ2

min value.

function [y_calculated,chi2_misfit,mu,s_reg] = ...
nnls_reg(y,A,t2,noise_std,chi2_min,misfit)

% Determines regularized NNLS solution for the T2 spectrum.
% Searches for regularizer, mu, using fminsearch that satisfies a chi2
% misfit from the chi2_min.

% Define H matrix and initial value for mu.
H = eye(size(A,2)−1, size(A,2)−1);
H = [H zeros(size(H,1), 1)];
start_point = 0;

% Search for mu that that minimizes the difference between misfit*chi2_min
% and chi2.
model = @M;
options = optimset('MaxFunEvals', 50000, 'MaxIter', 50000);
estimates = fminsearch(model, start_point, options); % fminsearch with bounds

mu = estimates(1);
AH = [A; mu*H];

% Regularized T2 amplitudes (s_reg), calculated signal (y_calculated), and
% chi2_misfit based on mu.
s_reg = lsqnonneg(AH, [y; zeros(length(t2), 1)]);
y_calculated = A*s_reg;
chi2_misfit = sum((y_calculated − y).^2./noise_std.^2);

% Normalizes T2 amplitudes
s_reg = s_reg./sum(s_reg);
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% Error function for minimizing chi2 and misfit*chi2_min
function [sse, chi2] = M(p)

mu = p(1);

AH = [A; mu*H];
s = lsqnonneg(AH, [y; zeros(length(t2), 1)]);
y_calculated = A*s;
chi2 = sum((y_calculated − y).^2 ./ noise_std.^2);

ErrorVector = chi2 − misfit*chi2_min;
sse = sum(ErrorVector .^ 2);

end
end

C.4 Magnetization Transfer Imaging

C.4.1 Calculating Quantitative Magnetization Transfer Images

calc_qmti_filt.m calculates qMTI parameters on a series of MT contrast images and a T1
map. Filtered and non-filtered versions were made for the sake of comparison (non-filtered
version not shown).

function [qmti, MTCmap, MTCmap_filt] = calc_qmti_filt(mti_dir, mouse, nMTI)
% Calculate filtered and non−filtered parameter maps for qMTI

% Load proton density image and initialize variables
load([mti_dir '\' mouse '_qmti_pd.mat']);
MT_0 = target_aligned;

[ylength, xlength] = size(MT_0);
MTCmap = zeros(ylength, xlength, nMTI);
MTCmap_filt = zeros(ylength, xlength, nMTI);

% Filtered qMTI parameters
qmti.gM0a = zeros(ylength,xlength);
qmti.RM0a = zeros(ylength,xlength);
qmti.Rb = zeros(ylength,xlength);
qmti.fRaf = zeros(ylength,xlength); % f/Ra(1−f)
qmti.RaT2a = zeros(ylength,xlength); % 1/RaT2a
qmti.T2a = zeros(ylength,xlength);
qmti.T2b = zeros(ylength,xlength);
qmti.RA = zeros(ylength,xlength);
qmti.f = zeros(ylength,xlength);
qmti.chi2 = zeros(ylength,xlength);
qmti.Sf = zeros(ylength,xlength,nMTI);

% Calculate filtered T1 maps
TR = [4895.5 2895.5 1395.5 695.5 295.5 95.5]./1000;
[T1map, ~, ~, ~] = calc_T1map_filt(mti_dir, mouse, TR);
R1map = 1./T1map;

% Calculate standard deviation of the noise region and filtered MT0 image
xn = [5 20 20 5 5];
yn = [5 5 20 20 5];
bw_noise = poly2mask(xn,yn,ylength,xlength);
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noise = std(MT_0(bw_noise))/sqrt(2−pi/2);
kappa = 3*noise;
MT0filt = anisodiff2D(target_aligned, 5, 1/7, kappa, 1);

% Load MT contrast images and normalize to the MT0 image
for n=1:nMTI

load([mti_dir '\' mouse '_qmti_' num2str(n) '.mat']);
MTCmap(:,:,n) = target_aligned./MT_0;
MTIfilt = anisodiff2D(target_aligned, 5, 1/7, kappa, 1);
MTCmap_filt(:,:,n) = MTIfilt./MT0filt;

end;

% MT saturation pulse offsets and continuous wave equivalent saturation
% flip angles for the Gaussian RF saturation pulses (omegae), calculated in
% pulse_integral.m.
offset = [1000 2000 4000 6000 10000 30000];
omega = [279.7452336621382 559.4904673242763 1118.980934648553];
n_omega = length(omega);
n_offset = length(offset);
Rrfb_mn = zeros(n_offset,n_omega);
omega_mn = zeros(n_offset,n_omega);
offset_mn = zeros(n_offset,n_omega);

% Create binary mask for removing noise regions in image.
bthresh = .3;
bmin = 500;
MT0_int = squeeze(mat2gray(MT_0));
bw = im2bw(MT0_int, bthresh);
bw2 = imfill(bwareaopen(bw,bmin), 'holes');

% Define starting point for qMTIfit() function.
start_point = [1 25 1 0.3 50 0.00001]; % superL white matter
LB = [0 0 1 0 5 0];
UB = [1e8 100 1 1 500 0.00005];
X = 0:pi/1000:pi/2;
Rrfb = zeros(1,18);

fprintf('Computing qMTI fit in row: \n');
for y=1:ylength

fprintf(' %d\n',y);
for x=1:xlength

if bw2(y,x)==1
% Calculate qMTI parameters based for MTCpoint using qMTIfit()
MTCpoint = reshape(MTCmap_filt(y,x,:), 1, 18);
[est, ~] = qMTIfit(offset, MTCpoint, omega, start_point, LB, UB, ...

'sl');
qmti.gM0a(y,x) = est(1);
qmti.RM0a(y,x) = est(2);
qmti.Rb(y,x) = est(3);
qmti.fRaf(y,x) = est(4); % f/Ra(1−f)
qmti.RaT2a(y,x) = est(5); % 1/RaT2a
qmti.T2b(y,x) = est(6);
qmti.RA(y,x) = R1map(y,x)/(1 + ...

(qmti.RM0a(y,x)*qmti.fRaf(y,x)*(qmti.Rb(y,x) − ...
R1map(y,x)))/(qmti.Rb(y,x) − R1map(y,x) + qmti.RM0a(y,x)));

qmti.f(y,x) = qmti.fRaf(y,x)*qmti.RA(y,x)/(qmti.fRaf(y,x) + 1);
qmti.T2a(y,x) = 1/(qmti.RA(y,x)*qmti.RaT2a(y,x));

% Calculate Rrfb using super−Lorentzian lineshape.
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for m=1:n_omega
for n=1:n_offset

Rrfb_mn(n,m) = omega(m).^2.*pi .* trapz( ...
X,sin(X)*sqrt(2/pi)*qmti.T2b(y,x) .* ...
exp(−2*(2*pi.*offset(n).*qmti.T2b(y,x) ./ ...
abs(3*cos(X).^2−1)).^2 ) ./ abs(3*cos(X).^2−1) ); % ...
super−Lorentzian

omega_mn(n,m) = omega(m);
offset_mn(n,m) = offset(n);

end;
end;

Rrfb = reshape(Rrfb_mn, 1, n_omega*n_offset);
omega_fit = reshape(omega_mn, 1, n_omega*n_offset);
offset_fit = reshape(offset_mn, 1, n_omega*n_offset);

% Estimated signal and chi2 values.
qmti.Sf(y,x,:) = qmti.gM0a(y,x) .* ((qmti.Rb(y,x) .* ...

qmti.RM0a(y,x) .* qmti.fRaf(y,x) + Rrfb + qmti.Rb(y,x) + ...
qmti.RM0a(y,x)) ./ (qmti.RM0a(y,x) .* qmti.fRaf(y,x) .* ...
(qmti.Rb(y,x) + Rrfb) + (1 + (omega_fit ./ ...
(2.*pi.*offset_fit)).^2 .* qmti.RaT2a(y,x)) .* (qmti.Rb(y,x) ...
+ Rrfb + qmti.RM0a(y,x))));

qmti.chi2(y,x) = sum((squeeze(MTCmap_filt(y,x,:)) − ...
squeeze(qmti.Sf(y,x,:))).^2 ./ noise^2);

end;
end;

end;

save([mouse '_qmti_all.mat'], 'MTCmap', 'MTCmap_filt', 'qmti', 'T1map');

C.4.2 Fitting Two-Pool Model with Gaussian and Super-Lorentzian Line-
shapes

Previous studies demonstrated heterogenous white matter fits better to a Super-Lorentzian
shaped bound pool, while more homogenous phantoms, such as agar, fit better to a Gau-
ssian-shaped bound pool. qMTIfit.m lets the user select the initial values, range of expected
values, and suitable lineshape.

function [estimates, model] = qMTIfit(offset, ydata, omega, start_point, LB, ...
UB, lineshape)

% Calculates parameters for the two−pool model of quantitative MTI.

model = @M;
options = optimset('MaxFunEvals', 50000, 'MaxIter', 50000);

% Define variables
n_omega = length(omega);
n_offset = length(offset);
Rrfb_mn = zeros(n_offset,n_omega);
omega_mn = zeros(n_offset,n_omega);
offset_mn = zeros(n_offset,n_omega);
X = 0:pi/1000:pi/2;

% Search for optimal estimates using bounded Nelder−Mead simplex search.
estimates = fminsearchbnd(model, start_point, LB, UB, options);
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% Error function of two−pool qMTI signal for minimization.
function [sse, FittedCurve] = M(params)

gM0a = params(1);
RM0a = params(2);
Rb = params(3);
fRaf = params(4); % f/Ra(1−f)
RaT2a = params(5); % 1/RaT2a
T2b = params(6);

% Calculate Rrfb using super−Lorentzian lineshape.
if strcmp(lineshape, 'sl')

for m=1:n_omega
for n=1:n_offset

Rrfb_mn(n,m) = omega(m).^2.*pi .* trapz( ...
X,sin(X)*sqrt(2/pi)*T2b.*exp( ...
−2*(2*pi.*offset(n).*T2b./abs(3*cos(X).^2−1)).^2 ) ...
./ abs(3*cos(X).^2−1));

omega_mn(n,m) = omega(m);
offset_mn(n,m) = offset(n);

end;
end;

% Calculate Rrfb using Gaussian lineshape.
elseif strcmp(lineshape, 'g')

for m=1:n_omega
for n=1:n_offset

Rrfb_mn(n,m) = omega(m)^2*sqrt(pi/2)*T2b * ...
exp(−((2*pi*offset(n)*T2b)^2)/2);

omega_mn(n,m) = omega(m);
offset_mn(n,m) = offset(n);

end;
end;

end;

Rrfb_fit = reshape(Rrfb_mn, 1, n_omega*n_offset);
omega_fit = reshape(omega_mn, 1, n_omega*n_offset);
offset_fit = reshape(offset_mn, 1, n_omega*n_offset);

FittedCurve = gM0a.*((Rb.*RM0a.*fRaf + Rrfb_fit + Rb + ...
RM0a)./(RM0a.*fRaf.*(Rb + Rrfb_fit) + (1 + ...
(omega_fit./(2.*pi.*offset_fit)).^2.*RaT2a).*(Rb + Rrfb_fit + ...
RM0a)));

ErrorVector = FittedCurve − ydata;
sse = sum(ErrorVector .^ 2);

end
end

C.4.3 Calculation of the Pulse Integral

The Gaussian pulse integral is described and implemented by Bruker as a series of discrete
pulses. The pulse shape described by Paravision in a 256-element array (pY) was used to
calculate the continuous wave equivalent power pulse for the 10.25 ms Gaussian pulse used
in all of the MT contrast images (Figure 3.18).

X = −5.125:10.25/255:5.125; % 256 time steps for 10.25ms pulse.
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% pY is a 256−element array describing the discrete amplitudes of the
% Gaussian RF pulse used by Paravision (for brevity, it isn't shown here).
% pY is normalized to 100. Y is normalized to 1.
Y = pY./100;

% Calculate ratio of integral and integral squared.
integral_ratio = sum(Y.*10.25/256)/10.25;
integral_squared_ratio = sum(Y.*Y.*10.25./256)/10.25;

% Calculate continuous wave equivalent flip angles for the Gaussian pulse.
flip_angle_5 = (267.513*5*.01025*integral_ratio);
omega_5 = flip_angle_5/0.01025;
omega_cwpe_5 = omega_5*sqrt(integral_squared_ratio*10.25/70)/integral_ratio;

flip_angle_10 = (267.513*10*.01025*integral_ratio);
omega_10 = flip_angle_10/0.01025;
omega_cwpe_10 = omega_10*sqrt(integral_squared_ratio*10.25/70)/integral_ratio;

flip_angle_20 = (267.513*20*.01025*integral_ratio);
omega_20 = flip_angle_20/0.01025;
omega_cwpe_20 = omega_20*sqrt(integral_squared_ratio*10.25/70)/integral_ratio;

C.4.4 Noise Propagation

Simulated Noise

Simulated qMTI and T1 curves for both agar and mouse brain tissue with different SNR lev-
els were fitted using the two-pool qMTI model. Quadratic noise was added to the simulated
signal to emulate the Rician noise seen in MR magnitude images.

function [T1, qmti] = qmti_noise(T1val, TR, T1_SNR, offsets, omegae, N, ...
MTC_SNR, lineshape, params)

% Initialize variables
N_omega = length(omegae);
N_offset = length(offsets);
T1.N = length(TR);
qmti.N = N_omega*N_offset;
start_point = params;
LB = [0 0 1 0 5 0];
UB = [5 10000 1 100 10000 0.001];

MTCtemp = zeros(1,qmti.N);
T1temp = zeros(1,T1.N);
T1.vals = zeros(1,N);
T1.S = zeros(1,N);
qmti.gM0a = zeros(1,N);
qmti.RM0a = zeros(1,N);
qmti.Rb = zeros(1,N);
qmti.fRaf = zeros(1,N);
qmti.RaT2a = zeros(1,N);
qmti.T2b = zeros(1,N);
qmti.Robs = zeros(1,N);
qmti.RA = zeros(1,N);
qmti.f = zeros(1,N);

% Calculate simulated T1 curves.
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% T1.data is calculated using TR (experimental values)
% T1.curve is based on T1.TRfit (smooth curve)
T1.TRfit = 0:0.01:ceil(max(TR));
T1.data = ones(1,length(TR)) − exp(−TR./T1val);
T1.curve = ones(1,length(T1.TRfit)) − exp(−T1.TRfit./T1val);
T1.std = T1.data./T1_SNR;

% Calculate simulated MT curves.
% qmti.data is calculated using offsets (experimental values)
% qmti.curve is based on qmti.offsets_model (smooth curve)
qmti.offsets_model = 10:10:max(offsets);
qmti.data = MTcurve(offsets, omegae, params, lineshape);
qmti.curve = MTcurve(qmti.offsets_model, omegae, params, lineshape);
qmti.std = qmti.data./MTC_SNR;

% Calculate error using Monte Carlo simulation and N normal distributions
for n=1:N

% Add quadratic noise to simulated qMTI and T1 curves.
for m=1:qmti.N

MTCtemp(m) = sqrt((qmti.data(m) + qmti.std(m)*randn(1))^2 + ...
(qmti.std(m)*randn(1))^2);

end;
for l = 1:T1.N

T1temp(l) = sqrt((T1.data(l) + T1.std(l)*randn(1))^2 + ...
(T1.std(l)*randn(1))^2);

end;

% T1 fit to noisy simulated data.
[T1est, ~] = T1fit(TR, T1temp);
T1.vals(n) = T1est(1);
T1.S(n) = T1est(2);

% qMTI fit to noisy simulated data.
[MTest, ~] = qMTIfit(offsets, MTCtemp, omegae, start_point, LB, UB, ...

lineshape);
qmti.gM0a(n) = MTest(1);
qmti.RM0a(n) = MTest(2);
qmti.Rb(n) = MTest(3);
qmti.fRaf(n) = MTest(4);
qmti.RaT2a(n) = MTest(5);
qmti.T2b(n) = MTest(6);
qmti.Robs(n) = 1/T1.vals(n);
qmti.RA(n) = qmti.Robs(n)/(1 + (qmti.RM0a(n)*qmti.fRaf(n)*(qmti.Rb(n) − ...

qmti.Robs(n)))/(qmti.Rb(n) − qmti.Robs(n) + qmti.RM0a(n)));
qmti.f(n) = qmti.fRaf(n)*qmti.RA(n)/(qmti.fRaf(n) + 1);

end;

% Calculate mean T1 parameter values.
T1.vals_mean = mean(T1.vals);
T1.S_mean = mean(T1.S);
T1.vals_gm = geomean(T1.vals);
T1.S_gm = geomean(T1.vals);

% Calculate mean qMTI parameter values.
[qmti.gM0a_fit, qmti.gM0a_std] = normfit(qmti.gM0a);
[qmti.RM0a_fit, qmti.RM0a_std] = normfit(qmti.RM0a);
[qmti.fRaf_fit, qmti.fRaf_std] = normfit(qmti.fRaf);
[qmti.RaT2a_fit, qmti.RaT2a_std] = normfit(qmti.RaT2a);
[qmti.T2b_fit, qmti.T2b_std] = normfit(qmti.T2b);
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[qmti.RA_fit, qmti.RA_std] = normfit(qmti.RA);
[qmti.Robs_fit, qmti.Robs_std] = normfit(qmti.Robs);
[qmti.f_fit, qmti.f_std] = normfit(qmti.f);

function FittedCurve = MTcurve(offset, omega, params, lineshape)
% Calculates simulated magnetization transfer curve for the two−pool model
% for the given offset frequencies, saturation powers, qMTI parameters and
% lineshape.

% Define variables.
gM0a = params(1);
RM0a = params(2);
Rb = params(3);
fRaf = params(4); % f/Ra(1−f)
RaT2a = params(5); % 1/RaT2a
T2b = params(6);

n_omega = length(omega);
n_offset = length(offset);
Rrfb_mn = zeros(n_offset,n_omega);
omega_mn = zeros(n_offset,n_omega);
offset_mn = zeros(n_offset,n_omega);
X = 0:pi/1000:pi/2;

% Calculate Rrfb using super−Lorentzian lineshape.
if strcmp(lineshape, 'sl')

for m=1:n_omega
for n=1:n_offset

Rrfb_mn(n,m) = omega(m).^2.*pi .* trapz(X,sin(X) * ...
sqrt(2/pi)*T2b .* exp(−2*(2*pi .* offset(n) .* T2b ./ ...
abs(3*cos(X).^2−1)).^2) ./ abs(3*cos(X).^2−1)); % ...
super−Lorentzian

omega_mn(n,m) = omega(m);
offset_mn(n,m) = offset(n);

end;
end;

% Calculate Rrfb using Gaussian lineshape.
elseif strcmp(lineshape, 'g')

for m=1:n_omega
for n=1:n_offset

Rrfb_mn(n,m) = ...
omega(m)^2*sqrt(pi/2)*T2b*exp(−((2*pi*offset(n)*T2b)^2)/2); ...
% Gaussian

omega_mn(n,m) = omega(m);
offset_mn(n,m) = offset(n);

end;
end;

end;

Rrfb_fit = reshape(Rrfb_mn, n_omega*n_offset, 1);
omega_fit = reshape(omega_mn, n_omega*n_offset, 1);
offset_fit = reshape(offset_mn, n_omega*n_offset, 1);

% Simulated MT curve.
FittedCurve = gM0a.*((Rb.*RM0a.*fRaf + Rrfb_fit + Rb + ...

RM0a)./(RM0a.*fRaf.*(Rb + Rrfb_fit) + (1 + ...
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(omega_fit./(2.*pi.*offset_fit)).^2.*RaT2a).*(Rb + Rrfb_fit + RM0a)));

Calculating Experimental Agar Values

An excerpt of calc_qmti_agar.m is given below for measuring the values experimentally.
The sole differences from calc_qmti_filt.m is the creation of circular ROI masks over the
2%, 4% and 8% agar samples, thresholding to remove bubbles when fitting, and use of a
Gaussian lineshape as opposed to the super-Lorentzian lineshape used for fitting tissue.

% Excerpt from calc_qmti_agar.m
% Creation of circular ROIs and removing air bubbles based on a threshold
% value.
figure('Name', 'ROI');
h_im = imagesc(MTCmap(:,:,6), [0 2]); colormap(gray); axis off; axis equal;
e2 = imellipse(gca,[58 145 75 75]);
qmti.BW2 = createMask(e2,h_im);
e4 = imellipse(gca,[142 82 75 75]);
qmti.BW4 = createMask(e4,h_im);
e8 = imellipse(gca,[47 38 75 75]);
qmti.BW8 = createMask(e8,h_im);

%% Remove air bubbles
load([mti_dir '\agar32_qmti_1.mat'], 'reference');
MT_mean2 = mean(mean(reference(qmti.BW2)));
MT_mean4 = mean(mean(reference(qmti.BW4)));
MT_mean8 = mean(mean(reference(qmti.BW8)));

for m=1:256
for n=1:256

if qmti.BW2(m,n) == 1
if reference(m,n) < 0.93*MT_mean2

qmti.BW2(m,n) = 0;
end;

elseif qmti.BW4(m,n) == 1
if reference(m,n) < 0.93*MT_mean4

qmti.BW4(m,n) = 0;
end;

elseif qmti.BW8(m,n) == 1
if reference(m,n) < 0.93*MT_mean8

qmti.BW8(m,n) = 0;
end;

end;
end;

end;

Comparison of Experimental and Simulated Agar Values

Comparisons between experimental and simulated agar signal was conducted. Given the
relatively homogeneous nature of agar gels, it is expected that variations in the distribution
of fitted parameters will be primarily due to the contribution of noise in the fitted images.

% Comparing calculations from agar experiment to noise simulations.
close all; clear all;
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% Define variables
TR = [4895.5 2895.5 1395.5 695.5 295.5 95.5]./1000;
offsets = [1000 2000 4000 6000 10000 30000];
omegae = [279.7452336621382 559.4904673242763 1118.980934648553];
lineshape = 'g'; % g = Gaussian, sl = superLorentzian
nMTI = 18;
nTR = length(TR);
MTC_SNR = zeros(nMTI,3);
T1_SNR = zeros(3,nTR);
T1val = zeros(3,1);
params = zeros(3,6);

% Load experimental data for agar experiment with 32 averages.
load('C:\Dropbox\Matlab\qMTI\agar32_qmti_all.mat');

% Calculate estimated values for T1 and qMTI parameters based on high SNR
% agar experiment (32 averages).
T1val(1) = mean(T1map_nf(qmti.BW2));
T1val(2) = mean(T1map_nf(qmti.BW4));
T1val(3) = mean(T1map_nf(qmti.BW8));
N(1) = sum(sum(qmti.BW2));
N(2) = sum(sum(qmti.BW4));
N(3) = sum(sum(qmti.BW8));

params(1,1) = mean(qmti.gM0a(qmti.BW2));
params(1,2) = mean(qmti.RM0a(qmti.BW2));
params(1,3) = mean(qmti.Rb(qmti.BW2));
params(1,4) = mean(qmti.fRaf(qmti.BW2));
params(1,5) = mean(qmti.RaT2a(qmti.BW2));
params(1,6) = mean(qmti.T2b(qmti.BW2));

params(2,1) = mean(qmti.gM0a(qmti.BW4));
params(2,2) = mean(qmti.RM0a(qmti.BW4));
params(2,3) = mean(qmti.Rb(qmti.BW4));
params(2,4) = mean(qmti.fRaf(qmti.BW4));
params(2,5) = mean(qmti.RaT2a(qmti.BW4));
params(2,6) = mean(qmti.T2b(qmti.BW4));

params(3,1) = mean(qmti.gM0a(qmti.BW8));
params(3,2) = mean(qmti.RM0a(qmti.BW8));
params(3,3) = mean(qmti.Rb(qmti.BW8));
params(3,4) = mean(qmti.fRaf(qmti.BW8));
params(3,5) = mean(qmti.RaT2a(qmti.BW8));
params(3,6) = mean(qmti.T2b(qmti.BW8));

% Load experimental data for agar experiment with 2 averages.
load('C:\Dropbox\Matlab\qMTI\agar2_qmti_all.mat');
for m=1:6

T1temp = T1data(:,:,m);
T1_SNR(1,m) = 0.655*mean(T1temp(qmti.BW2))/qmti.noise_t1(m);
T1_SNR(2,m) = 0.655*mean(T1temp(qmti.BW4))/qmti.noise_t1(m);
T1_SNR(3,m) = 0.655*mean(T1temp(qmti.BW8))/qmti.noise_t1(m);

end;

for n=1:nMTI
MTCtemp = MTCmap(:,:,n).*MT_0;
MTC_SNR(n,1) = 0.655*mean(MTCtemp(qmti.BW2))/qmti.noise_mtc(n);
MTC_SNR(n,2) = 0.655*mean(MTCtemp(qmti.BW4))/qmti.noise_mtc(n);
MTC_SNR(n,3) = 0.655*mean(MTCtemp(qmti.BW8))/qmti.noise_mtc(n);
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end;

% Calculate simulated values for T1 and qMTI based on measured parameters
% in agar and number of fitted voxels (N).
for m=1:3

[t1M(m), qmtiM(m)] = qmti_noise(T1val(m), TR, squeeze(T1_SNR(m,:)), ...
offsets, omegae, N(m), squeeze(MTC_SNR(:,m)), lineshape, ...
squeeze(params(m,:)));

end;

% Create histograms for comparing experimental and noisy simulated values.
N_bins = 100;
gM0a_bins = 0.8:0.4/N_bins:1.2;
RM0a_bins = 0:100/N_bins:100;
fRaf_bins = 0:0.05/N_bins:0.05;
RaT2a_bins = 5:55/N_bins:60;
T2b_bins = 0:40e−6/N_bins:40e−6;
Robs_bins = 0.2:0.4/N_bins:0.6;
RA_bins = 0.2:0.4/N_bins:0.6;
f_bins = 0:0.03/N_bins:0.03;
T1_bins = 1:3/N_bins:4;

% Simulated histograms.
gM0a_hist2 = hist(qmtiM(1).gM0a, gM0a_bins);
RM0a_hist2 = hist(qmtiM(1).RM0a, RM0a_bins);
fRaf_hist2 = hist(qmtiM(1).fRaf, fRaf_bins);
RaT2a_hist2 = hist(qmtiM(1).RaT2a, RaT2a_bins);
T2b_hist2 = hist(qmtiM(1).T2b, T2b_bins);
RA_hist2 = hist(qmtiM(1).RA, RA_bins);
f_hist2 = hist(qmtiM(1).f, f_bins);
T1_hist2 = hist(t1M(1).vals, T1_bins);

% Experimental histograms.
gM0a_hist2b = hist(qmti.gM0a(qmti.BW2), gM0a_bins);
RM0a_hist2b = hist(qmti.RM0a(qmti.BW2), RM0a_bins);
fRaf_hist2b = hist(qmti.fRaf(qmti.BW2), fRaf_bins);
RaT2a_hist2b = hist(qmti.RaT2a(qmti.BW2), RaT2a_bins);
T2b_hist2b = hist(qmti.T2b(qmti.BW2), T2b_bins);
RA_hist2b = hist(qmti.RA(qmti.BW2), RA_bins);
f_hist2b = hist(qmti.f(qmti.BW2), f_bins);
T1_hist2b = hist(T1map_nf(qmti.BW2), T1_bins);

C.5 Diffusion Tensor Imaging

The DTI analysis code automates the extraction of information about the DTI method
used by Paravision (load_dti_info.m), loads and reshapes the diffusion-weighted images
(load_dwi.m), and generates DTI metrics after applying appropriate filters and auto-
matic image registration (calc_dti.m). These methods are wrapped up in the function,
analyze_dti.m shown below.

function [info, dwi, dti] = analyze_dti(serdir, mouse)
% Analyzes DTI data for mouse found in directory serdir.

if exist(serdir, 'dir') == 7
info = load_dti_info(serdir);
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dwi = load_dwi(serdir, info);
dti = calc_dti(dwi, info);

else
fprintf('Directory does not exist.')

end;

save([mouse '_dti.mat'])

C.5.1 Load DTI Information

load_dti_info.m loads information generated by Paravision relevant to generating DTI
parameters.

function info = load_dti_info(serdir)
% Loads DTI info from the method and visu_pars files.

% Load method file
methodfile = [serdir '\method'];
visufile = [serdir '\pdata\2\visu_pars'];

if exist(methodfile, 'file') == 2
% Loads the method file information into the matrix recoinfo
methodinfo = textread(methodfile,'%s','delimiter','\n','whitespace','');

% Extract general image parameters
info.fov = extract_matrix1(methodinfo, '##$PVM_Fov=');
info.dim = extract_matrix1(methodinfo, '##$PVM_Matrix=');
info.method = extract_string(methodinfo, '##$Method=');
info.dimension = extract_string(methodinfo, '##$PVM_SpatDimEnum=');
info.slices = extract_matrix1(methodinfo, '##$PVM_SPackArrNSlices=');
info.ndims = length(info.dim);

% Diffusion−weighting gradient duration, separation, direction and
% amplitude.
info.graddur = extract_matrix1(methodinfo, '##$PVM_DwGradDur=');
info.gradsep = extract_matrix1(methodinfo, '##$PVM_DwGradSep=');
info.graddir = extract_matrix2(methodinfo, '##$PVM_DwDir=');
info.gradamp = extract_matrix1(methodinfo, '##$PVM_DwGradAmp=');
% Number of diffusion−weighted directions (Ndir), diffusion−weighted
% images per experiment (Ndwi), number of experiments (Nexp), and b=0
% images (NA0).
info.Ndir = extract_double(methodinfo, '##$PVM_DwNDiffDir=');
info.Ndwi = extract_double(methodinfo, '##$PVM_DwNDiffExpEach=');
info.Nexp = extract_double(methodinfo, '##$PVM_DwNDiffExp=');
info.NA0 = extract_double(methodinfo, '##$PVM_DwAoImages=');
% B−matrix derived from diffusion−weighting and gradient directions for
% each diffusion−weighted image. Beff is the effective B−matrix after
% considering the effect of imaging gradients.
info.B = extract_matrix1(methodinfo, '##$PVM_DwBvalEach=');
info.Bmat = extract_matrix3(methodinfo, '##$PVM_DwBMat=');
info.Beff = extract_matrix1(methodinfo, '##$PVM_DwEffBval=');
% Description of diffusion−weighting gradients along the read, phase,
% and slice directions.
info.gradvec = extract_matrix2(methodinfo, '##$PVM_DwGradVec=');
info.gradread = extract_matrix1(methodinfo, '##$PVM_DwGradRead=');
info.gradphase = extract_matrix1(methodinfo, '##$PVM_DwGradPhase=');
info.gradslice = extract_matrix1(methodinfo, '##$PVM_DwGradSlice=');
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else
fprintf('Method file does not exist.\n');

end;

if exist(visufile, 'file') == 2
% Loads the visu_pars file information into the matrix recoinfo
visu_pars = textread(visufile,'%s','delimiter','\n','whitespace','');

% Extract image slope and number of images.
info.slope = extract_matrix1(visu_pars, '##$VisuCoreDataSlope=');
info.Ndti = extract_double(visu_pars, '##$VisuCoreFrameCount=');

else
fprintf('visu_pars file does not exist.\n');

end;

C.5.2 Load Diffusion-Weighted Images

load_dwi.m loads diffusion-weighted images according to the number of experiments and
slices.

function dwi = load_dwi(serdir, info)
% Loads diffusion−weighted images based on info and reshapes by experiment
% and slice.

dwi_raw = load_2dseq(serdir);

dwi = zeros(info.dim(1), info.dim(2), info.Nexp, info.slices);

for n=1:info.Nexp
for m=1:info.slices

% Reshapes dwi matrix.
% fliplr accounts for differences in how Paravision and MATLAB load
% images. rot90 accounts for prone orientation used to acquired
% images.
dwi(:,:,n,m) = fliplr(rot90(dwi_raw(:,:,m + (n−1)*info.slices)));

end;
end;

C.5.3 Calculating Diffusion Tensor Images

calc_dti.m calculates diffusion tensor maps using the previously loaded information and
diffusion-weighted images. Non-filtered and multislices methods were also created (not
shown here). Functions called inside of calc_dti.m are detailed in the following sections.

function dti = calc_dti(dwi, info, dt_fit)
% Calculate DTI parameters based on diffusion−weighted images and method.
% dwi and info should be generated previously using load_dti_info.m and
% load_dwi.m respectively.
%
% dt_fit is a string defining the type of fit to be used for determining
% the diffusion tensor: least squares 'ls', weighted least squares 'wls',
% non−linear least squares 'nls', along with constrained versions of each:
% 'cls', 'cwls', and 'cnls'.
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%% Initialize Variables
dti.lambda = zeros(info.dim(1), info.dim(2), 3);
dti.ev = zeros(info.dim(1), info.dim(2), 3, 3);
dti.Davg = zeros(info.dim(1), info.dim(2));
dti.Drad = zeros(info.dim(1), info.dim(2));
dti.Daxi = zeros(info.dim(1), info.dim(2));
dti.FA = zeros(info.dim(1), info.dim(2));
dti.RGB = zeros(info.dim(1), info.dim(2), 3);
dti.posdef = zeros(info.dim(1), info.dim(2));
dti.D = zeros(info.dim(1), info.dim(2), 3, 3);
dti.chi2 = zeros(info.dim(1), info.dim(2));

% Calculate B
B = calc_B(info.Bmat, info.Nexp);

% Filter diffusion−weighted images using anisotropic diffusion filter, then
% register.
[dti.dwi_filt, dti.dwi_noise, dti.dwi_filt_noise] = calc_dwi_filt(dwi, info, ...

15, 5);
dwi_base = dti.dwi_filt(:,:,1,:);
[dti.dwi_reg, dti.B_reg, dti.B_mat, dti.reg] = calc_dwi_reg(dwi_base, ...

dti.dwi_filt, info, B);

% Calculate thresholded binary mask.
bthresh = 0.1;
bmin = 100;
A0_int = squeeze(mat2gray(dwi(:,:,1)));
bw = im2bw(A0_int, bthresh);
bw2 = imfill(bwareaopen(bw,bmin), 'holes');

%% Calculate DTI parameters
for y=1:info.dim(1)

for x=1:info.dim(2)
if bw2(y,x)==1

S = squeeze(dti.dwi_reg(y,x,:));

% Calculate diffusion tensor based on dt_fit.
if strcmp(dt_fit, 'ls')

[dti.D(y,x,:,:), dti.S(y,x,:)] = calc_dt_ls(S,dti.B_reg);
elseif strcmp(dt_fit, 'cls')

[dti.D(y,x,:,:), dti.S(y,x,:)] = calc_dt_cls(S,dti.B_reg);
elseif strcmp(dt_fit, 'wls')

[dti.D(y,x,:,:), dti.S(y,x,:)] = ...
calc_dt_wls(S,dti.B_reg,dti.dwi_noise);

elseif strcmp(dt_fit, 'cwls')
[dti.D(y,x,:,:), dti.S(y,x,:)] = ...

calc_dt_cwls(S,dti.B_reg,dti.dwi_noise);
elseif strcmp(dt_fit, 'nls')

[dti.D(y,x,:,:), dti.S(y,x,:)] = ...
calc_dt_nls(S,dti.B_reg,dti.dwi_noise);

elseif strcmp(dt_fit, 'cnls')
[dti.D(y,x,:,:), dti.S(y,x,:)] = ...

calc_dt_cnls(S,dti.B_reg,dti.dwi_noise);
else

error('ERROR: dt_fit must be one of the following strings: ...
ls, cls, wls, cwls, nls, or cnls.')

end;

% Calculate chi2 for experimental signal, S and fitted signal,
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% dti.S
dti.chi2(y,x) = sum( (S − squeeze(dti.S(y,x,:))).^2 ./ ...

dti.dwi_noise'.^2 );

% Calculate eigenvalues, dti.lambda and sorted eigen vectors,
% dti.ev
[dti.lambda(y,x,:), idx] = sort(eig(squeeze(dti.D(y,x,:,:))), ...

'descend');
[ev, ~] = eig(squeeze(dti.D(y,x,:,:)));
for m=1:3

dti.ev(y,x,:,m) = ev(:,idx(m));
end;

% Calculate DTI parameters: mean diffusivity (Davg), axial
% diffusivity (Drad), radial diffusivity (Drad), fractional
% anisotropy (FA), and FA−weighted RGB color map (RGB).
dti.Davg(y,x) = mean(dti.lambda(y,x,:));
dti.Drad(y,x) = (dti.lambda(y,x,2) + dti.lambda(y,x,3))/2;
dti.Daxi(y,x) = dti.lambda(y,x,1);
dti.FA(y,x) = calc_FA(dti.lambda(y,x,1), dti.lambda(y,x,2), ...

dti.lambda(y,x,3), dti.Davg(y,x));
dti.RGB(y,x,1) = abs(dti.ev(y,x,1,1))*dti.FA(y,x);
dti.RGB(y,x,2) = abs(dti.ev(y,x,2,1))*dti.FA(y,x);
dti.RGB(y,x,3) = abs(dti.ev(y,x,3,1))*dti.FA(y,x);

end;
end;

end;

function B = calc_B(Bmat, Nexp)
% Calculate B.

B = zeros(Nexp,7);

for m=1:Nexp
B(m,1) = −Bmat(1,1,m);
B(m,2) = −Bmat(2,2,m);
B(m,3) = −Bmat(3,3,m);
B(m,4) = −2*Bmat(1,2,m);
B(m,5) = −2*Bmat(1,3,m);
B(m,6) = −2*Bmat(2,3,m);
B(m,7) = 1;

end;

function FA = calc_FA(e1, e2, e3, Davg)

% Calculate fractional anisotropy and its error.

A = sqrt((e1−Davg)^2 + (e2−Davg)^2 + (e3−Davg)^2);
B = sqrt(e1^2 + e2^2 + e3^2);

FA = abs(sqrt(3/2)*A/B);

C.5.4 DWI Filtering

calc_dwi_filt.m filters diffusion-weighted images using an anisotropic diffusion filter.
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function [dwi_filt, dwi_noise, dwi_filt_noise] = calc_dwi_filt(dwi, info, ...
length, iterations)

% Filters diffusion−weighted images based on region of noise and
% anisotropic diffusion filter.
% dwi = dim(1) x dim(2) x Nexp x Nslices
% info = DTI info structure loaded by load_dti_info()
% length = length of noise region
% iterations = # of iterations performed by filter

% Initialize variables
x = [5 5+length 5+length 5 5];
y = [5 5 5+length 5+length 5];
bw = poly2mask(x,y,info.dim(1),info.dim(2));
dwi_filt = zeros(size(dwi));
dwi_noise = zeros(1,info.Nexp);
dwi_filt_noise = zeros(1,info.Nexp);

% Calculate filtered diffusion−weighted images using an anisotropic
% diffusion filter.
for n=1:info.slices

for m=1:info.Nexp
dwi_temp = dwi(:,:,m,n);
dwi_noise(m) = std(dwi_temp(bw))/sqrt(2−pi/2);
kappa = 3*dwi_noise(m);
dwi_filt(:,:,m,n) = anisodiff2D(dwi_temp, iterations, 1/7, kappa, 1);
dwi_filt_temp = dwi_filt(:,:,m,n);
dwi_filt_noise(m) = std(dwi_filt_temp(bw));

end;
end;

end

C.5.5 DWI Registration

calc_dwi_reg.m automatically registers diffusion-weighted images to a b=0 image using a
Nelder-Mead simplex search with mutual information or the 2D correlation coefficient as
the error function.

function [dwi_reg, B_reg, B_mat, reg] = calc_dwi_reg(dwi_base, dwi, info, B)
% Registers diffusion−weighted images to a base image using 2D correlation
% coefficient.
% dwi = dim(1) x dim(2) x Nexp x Nslices
% info = DTI info structure loaded by load_dti_info()
% length = length of noise region
% iterations = # of iterations performed by filter

% Initialize variables
reg = zeros(3,info.Nexp, info.slices);
dwi_reg = zeros(size(dwi));
B_reg = zeros(info.Nexp,7,info.slices);
B_mat = zeros(3, 3, info.Nexp,info.slices);

R = @rescale2;
init_scale = [0 0 0];
LB = init_scale + [−1 −5 −5];
UB = init_scale + [1 5 5];
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for n=1:info.slices
B_reg(:,:,n) = B;
for m=1:info.Nexp

I = dwi_base(:,:,n);
I_transform = dwi(:,:,m,n);
R = @rescale2;

% Bound Nelder−Mead simplex search for error function rescale_mi().
% Searches for optimal affine transformation parameters (reg_scale) ...

based
% on initial_scale and lower and upper bounds.
reg_scale=fminsearchbnd(R,init_scale,LB,UB);

% Calculate transformed image.
dwi_reg(:,:,m,n) = calc_image(I_transform, reg_scale);
reg(:,m,n) = reg_scale;

% Rotate B matrix for each registered image.
u=(reg_scale(1)/360)*2*pi;
R = [cos(u) −sin(u) 0; sin(u) cos(u) 0; 0 0 1];
B_mat(:,:,m,n) = R*info.Bmat(:,:,m)*transpose(R);
B_reg(m,1,n) = −B_mat(1,1,m,n);
B_reg(m,2,n) = −B_mat(2,2,m,n);
B_reg(m,3,n) = −B_mat(3,3,m,n);
B_reg(m,4,n) = −2*B_mat(1,2,m,n);
B_reg(m,5,n) = −2*B_mat(1,3,m,n);
B_reg(m,6,n) = −2*B_mat(2,3,m,n);
B_reg(m,7,n) = 1;

end;
end;

% Error function for registration.
function [err]=rescale2(scale)
[M N]=size(I);

% Apply transformation with various scale parameters until the correlation
% between the base and the aligned image is acceptable
u=scale(1);
dx=scale(2);
dy=scale(3);

% Creates affine transformation image from rotation and translation
% parameters.
Trotation=[cos(u) sin(u) 0; −sin(u) cos(u) 0; 0 0 1;];
Ttranslation=[1 0 0; 0 1 0; dx dy 1;];
T=Trotation*Ttranslation;
Tform=maketform('affine',T);

% Aligns target image using the affine transformation matrix.
I_aligned=imtransform(I_transform,Tform,'Xdata',[1 N],'Ydata',[1 M]);

% Find the 2D correlation coefficient between the base and the aligned
% images (substitute mi for Mutual Information value).
err=−abs(corr2(I_aligned,I));
%err=−abs(mi(I_aligned,I));
end

end
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function I_aligned = calc_image(I_transform, scale)
% Calculate images using affine transformation parameters and bicubic
% interpolation.

% Initialize variables
[M N]=size(I_transform);
u=(scale(1)/360)*2*pi;
dx=scale(2);
dy=scale(3);

% Construct affine transformation matrix for rotation and translation
Trotation=[cos(u) sin(u) 0; −sin(u) cos(u) 0; 0 0 1;];
Ttranslation=[1 0 0; 0 1 0; dx dy 1;];
T=Trotation*Ttranslation;

Tform=maketform('affine',T);

I_aligned=imtransform(I_transform,Tform,'bicubic','Xdata',[1 N],'Ydata',[1 M]);

C.5.6 Diffusion Tensor Fitting: Least Squares, Weighted Least Squares,
and Non-Linear Least Squares Methods

Solutions for the diffusion tensor can be found using least-squares, weighted least-squares, or
non-linear least squares fitting methods. In the presence of noise or high anisotropy, some-
times the generated diffusion tensor will yield negative eigenvalues or fractional anisotropy
greater than 1, both of which are physically impossible. To address this, diffusion tensors
that are not positive definite are modified using the Cholesky decomposition to ensure phys-
ical values. For comparison, non-constrained methods were also developed (calc_dt_ls.m,
calc_dt_ls.m, and calc_dt_ls.m), but are not shown here. The modified Cholesky de-
composition function (mchol.m) was written by Brian Borchers and is available on the
MATLAB File Exchange [32].

function [D, Scls, posdef] = calc_dt_cls(S, B)
% Calculate diffusion tensor using least−squares fitting with constraints
% on diffusion tensor to ensure it is symmetric and positive definite
% (using Cholesky parameterization of D).

% Initialize variables.
[M,N] = size(B);
Scls = zeros(1,M);

% Calculate inverse if B is symmetric or Moore−Penrose inverse if B is
% assymmetric.
if M == N

X = inv(B);
else

X = pinv(B);
end;

% Least−squares solution for diffusion tensor.
lnS = log(S);
Dv = X*lnS;
C = [Dv(1) Dv(4) Dv(5); Dv(4) Dv(2) Dv(6); Dv(5) Dv(6) Dv(3)];

% Derive modified cholesky decomposition than reconstruct diffusion tensor
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% Check if D is positive−definite
if (Dv(1) > 0) && (Dv(1)*Dv(2) − Dv(4)^2 > 0) && (det(C) > 0)

D = C;
posdef = 1;

else
[L,D,E,pneg] = mchol(C);
D = C + E;
posdef = 0;

end;

for m=1:M
Scls(m) = exp(Dv(7))*exp(squeeze(B(m,1:6))*Dv(1:6));

end;

function [D, Scwls, posdef] = calc_dt_cwls(S, B, dwi_noise)
% Calculate diffusion tensor using weighted least−squares fitting
% with constraints on diffusion tensor to ensure it is symmetric and positive
% definite (using Cholesky parameterization of D).

% Initialize variables.
[M,N] = size(B);
Scwls = zeros(1,M);

% Calculate weighted least−squares solution for diffusion tensor.
lnS = log(S);
w = S.^2./dwi_noise'.^2;
W = diag(w);

Dv = (B'*W*B)\(B'*W)*lnS;

C = [Dv(1) Dv(4) Dv(5); Dv(4) Dv(2) Dv(6); Dv(5) Dv(6) Dv(3)];

% Derive modified cholesky decomposition than reconstruct diffusion tensor
if (Dv(1) > 0) && (Dv(1)*Dv(2) − Dv(4)^2 > 0) && (det(C) > 0) % Check if D ...

is positive−definite
D = C;
posdef = 1;

else
[L,D,E,pneg] = mchol(C);
D = C + E;
posdef = 0;

end;

for m=1:M
Scwls(m) = exp(Dv(7))*exp(squeeze(B(m,1:6))*Dv(1:6));

end;

function [D, Scnls] = calc_dt_cnls(S, B, dwi_noise)
% Calculate diffusion tensor using non−linear least−squares fitting
% with constraints on diffusion tensor to ensure it is symmetric and
% positive definite (using Cholesky parameterization of D).

% Initialize variables.
[M,N] = size(B);
Scnls = zeros(1,M);
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% Calculate weighted least−squares solution for initial value, Dstart.
lnS = log(S);
w = S.^2./dwi_noise'.^2;
W = diag(w);
Dstart = (B'*W*B)\(B'*W)*lnS;

% Search for optimal diffusion tensor estimates using Nelder−Mead simplex ...
search.

model = @Sd;
options = optimset('MaxFunEvals', 50000, 'MaxIter', 50000);
Dvals = fminsearch(model, Dstart, options);

C = [Dvals(1) Dvals(4) Dvals(5); Dvals(4) Dvals(2) Dvals(6); Dvals(5) ...
Dvals(6) Dvals(3)];

% Derive modified cholesky decomposition than reconstruct diffusion tensor
% Check if D is positive−definite
if (Dvals(1) > 0) && (Dvals(1)*Dvals(2) − Dvals(4)^2 > 0) && (det(C) > 0)

D = C;
posdef = 1;

else
[L,D,E,pneg] = mchol(C);
D = C + E;
posdef = 0;

end;

% Calculate fitted signal
for m=1:M

Scnls(m) = exp(Dvals(7))*exp(squeeze(B(m,1:6))*Dvals(1:6));
end;

% Error function for minimization search of diffusion tensor values.
function [sse, FittedCurve] = Sd(Dv)

S0 = exp(Dv(7));

for n=1:M
FittedCurve(n) = S0*exp(squeeze(B(n,1:6))*Dv(1:6));

end;

ErrorVector = FittedCurve' − S;
sse = sum(ErrorVector .^ 2);

end
end

C.6 Ex Vivo Image Analysis

Ex vivo images would typically include DTI, qMTI, T1 and T2 relaxometry datasets. These
are loaded and registered to a common reference image using imreg.m (with the b=0
diffusion-weighted image as a reference). Image registration across different quantitative
MRI methods allows for the application of common regions of interest and voxel-based
correlations within those regions of interest.
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C.6.1 Defining Regions of Interest

In define_roi_dti.m, regions of interest are defined using the RGB color map in the corpus
callosum, external capsule, cerebral cortex, and noise region for comparisons. These regions
of interest were subsequently applied to the registered qMTI and relaxometry maps.

function roi = define_roi_dti(dti_dir, mouse, Nroi)
% Define regions of interest in DTI dataset.

% Load aligned images
dti_file = [dti_dir '\' mouse '_dti.mat'];
load(dti_file);

% Define variables
FA_mean = zeros(Nroi+3,1);
FA_std = zeros(Nroi+3,1);
Davg_mean = zeros(Nroi+3,1);
Davg_std = zeros(Nroi+3,1);
Daxi_mean = zeros(Nroi+3,1);
Daxi_std = zeros(Nroi+3,1);
Drad_mean = zeros(Nroi+3,1);
Drad_std = zeros(Nroi+3,1);
N = zeros(Nroi+3,1);

% Select ROIs in RGB color map.
figure('Name', 'RGB'); imagesc(RGB); axis equal;

for n=1:Nroi
[roi(n).bw,roi(n).xi,roi(n).yi] = roipoly;
line(roi(n).xi,roi(n).yi,'Color','r','LineWidth',1);

end;

roi(Nroi+1).bw = logical(roi(2).bw+roi(3).bw); % ec
roi(Nroi+2).bw = logical(roi(1).bw+roi(2).bw+roi(3).bw); % cc + ec
roi(Nroi+3).bw = logical(roi(4).bw+roi(5).bw); % cerebral cortex

% Calculate mean DTI values in each ROI.
for n=1:Nroi+3

bw_temp = logical(roi(n).bw);

N(n) = sum(sum(bw_temp));
FA_mean(n) = mean(dti.FA(bw_temp));
FA_std(n) = std(dti.FA(bw_temp));
Davg_mean(n) = mean(dti.Davg(bw_temp));
Davg_std(n) = std(dti.Davg(bw_temp));
Daxi_mean(n) = mean(dti.Daxi(bw_temp));
Daxi_std(n) = std(dti.Daxi(bw_temp));
Drad_mean(n) = mean(dti.Drad(bw_temp));
Drad_std(n) = std(dti.Drad(bw_temp));

end;

save([mouse '_roi.mat']);
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C.6.2 Correlating Ex Vivo Images

Spearman correlation coefficients were calculated for individual voxels in each ROI as well as
for mean values of each ROI, for all mice and for control and cuprizone-fed mice individually.
ROI-based correlations included in vivo T2-weighted and MTR measurements in all regions
of interest, and electron microscopy measurements in the corpus callosum.

% corr_exvivo.m (EXCERPT)
% Calculates Spearman correlation coefficients in control, cuprizone−fed,
% and all mice. Does so for every voxel in each ROI and for mean values in
% each ROI (_roi). Filtered and non−filtered results were also compared
% (not shown).
% Nparams = number of MRI parameters (in vivo and ex vivo)
% Nem = number of electron microscope measurements

correlation = 'Spearman';

% Calculate correlation coefficients of mean MRI values in the corpus
% callosum along with corresponding electron microscopy measurements.
for k=1:Nparams+Nem

for l=1:Nparams+Nem
[all_roi_r{k,l,1},all_roi_r{k,l,2}] = corr(all_roi{1,k}, ...

all_roi{1,l}, 'type', correlation);
[ctl_roi_r{k,l,1},ctl_roi_r{k,l,2}] = corr(ctl_roi{1,k}, ...

ctl_roi{1,l}, 'type', correlation);
[cpz_roi_r{k,l,1},cpz_roi_r{k,l,2}] = corr(cpz_roi{1,k}, ...

cpz_roi{1,l}, 'type', correlation);
end;

end;

for j=1:10
for k=1:Nparams

for l=1:Nparams
% Calculate voxel−based correlation coefficients.
[all_r{j,k,l,1},all_r{j,k,l,2}] = corr(all{j,k}, all{j,l}, ...

'type', correlation);
[ctl_r{j,k,l,1},ctl_r{j,k,l,2}] = corr(ctl{j,k}, ctl{j,l}, ...

'type', correlation);
[cpz_r{j,k,l,1},cpz_r{j,k,l,2}] = corr(cpz{j,k}, cpz{j,l}, ...

'type', correlation);
end;

end;
for k=1:Nparams+2

for l=1:Nparams+2
% Calculate ROI−based correlation coefficients (includes two
% more parameters for in vivo T2w and MTR measurements).
[all_roi_r{j,k,l,1},all_roi_r{j,k,l,2}] = corr(all_roi{j,k}, ...

all_roi{j,l}, 'type', correlation);
[ctl_roi_r{j,k,l,1},ctl_roi_r{j,k,l,2}] = corr(ctl_roi{j,k}, ...

ctl_roi{j,l}, 'type', correlation);
[cpz_roi_r{j,k,l,1},cpz_roi_r{j,k,l,2}] = corr(cpz_roi{j,k}, ...

cpz_roi{j,l}, 'type', correlation);
end;

end;
end;
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