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Abstract

Diffusion Tensor Imaging (DTI) is a medical imaging method that measures tissue

structure. This is valuable when applied to the central nervous system (CNS) be-

cause it can provide structural information about white matter tracts. DTI of the

spinal cord has been suggested as the next great leap in clinical diagnostics for spinal

cord injury and disease because it may provide a measurable correlate of the phys-

ical structure of the cord with the associated functional deficit. Collecting precise

structural information from the site of injury could be used to improve diagnostics

and guide treatments. While these are the long term goals of DTI research, there are

currently fundamental questions with regards to image resolution and motion-related

artifacts in spinal cord which have not been thoroughly addressed. DTI is a sensitive

imaging method which requires multiple mathematical calculations and approxima-

tions to complete. The limitations of the method compound with the limitations of

imaging the spinal cord leading to the query: How reliable is DTI in the spinal cord?

It is the goal of this study to begin to address these concerns.

First, the effect of spinal cord motion on tissue discrimination was examined by

comparing DTI results obtained in the presence and absence of a correctional mea-

sure for cardiac-induced motion called ’cardiac gating’. Tissue discriminability was

found to be greatest in the cervical cord. Second, DTI results were subjected to two
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classification algorithms and compared with known anatomy to assess tissue discrim-

ination accuracy as well as the types of associated errors. The proportion of errors in

tissue classification was very high, presenting itself in all subjects. This result indi-

cated that the DTI values associated with particular tissues were not unique to only

those tissues. Finally, a theoretical model was implemented to assess the degree to

which image resolution specifically affected the tissue classification accuracy obtained

in the above experiments, as opposed to other errors such as MRI ghosting, blurring

or distortions. It was found that DTI provides a systematically biased representation

of spinal cord tissues. To overcome this limitation, future studies should concentrate

efforts on increasing image resolution.
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Chapter 1

Introduction

1.1 Overview

is an MRI method that measures the diffusion of water in 3D space. Given that

the diffusion of water in tissue depends on tissue microstructure, DTI is capable of

indirectly characterizing tissue structure. Furthermore, because different tissues have

different structures, DTI values can, in principal, distinguish between them. In this

study, the relevant tissues are those found in the spinal cord (SC): white matter

(WM) and grey matter (GM) as well as cerebrospinal fluid (CSF). WM is made up of

myelinated neuron axons which are primarily tubular in structure, while GM is made

up of spherical cell bodies. This means that water diffusion in WM will be primarily

anisotropic (restricted in 2 out of three orthogonal directions, and unrestricted in the

third - lengthwise along the axon tracks) and diffusion in GM will be more isotropic

(equal in all directions).

DTI evolved from Diffusion Weighted Imaging (DWI), a simpler imaging method
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that operates on the same fundamental principals as DTI. Importantly, a major dis-

tinction between the two is that DWI provides scalar maps of diffusivity while DTI

combines a collection of DWI information to reconstruct 3D representations of the

imaged tissue (See Figure 2.2) . These 3D representations can then be interpolated

to create anatomical maps that may be used to analyze tissue integrity. This inter-

polative process is called tractography and it is the most popular candidate for future

clinical applications of DTI [16, 23, 53, 77, 11]. Currently, DWI is regularly used as

a diagnostic tool for stroke patients as it is the best means for identifying the site

of infarct in stroke soon after the onset of symptoms [49, 4]. Given the prolificness

of DWI as a diagnostic tool, it is hoped that DTI might also someday be applicable

in the clinical setting for effective diagnosis of SC injury [62, 24, 23, 20], diagnosis

of WM degeneration or damage [65], supplementing of functional MRI studies by

providing connectivity information [32, 33, 30, 44], assessment of Alzheimer’s disease

[60] as well as diagnosis of schizophrenia and other neuropsychiatric disorders [41, 45].

DTI has already been used extensively to look at structural information in the CNS

and there now exist numerous resources based on DTI research describing in vivo

WM structures [17, 73, 75], as well as pilot studies for potential clinical applications

such as the assessment of trauma [62, 24] in the central nervous system and guiding

surgical procedures [16, 53] in the brain.

Spinal Cord DTI literature has grown as imaging techniques developed for the

brain are adapted to the cord [15, 50, 67]. However, the transition from the brain to

the SC is not seamless because the SC is a hostile imaging environment for a number of

reasons. Firstly the close proximity of many different tissue types (WM & GM, bone

and CSF) with different magnetic susceptibilities means the image is prone to local

2



gradients which lead to field inhomogeneities that cause blurring artifacts. Secondly,

heartbeat-driven pulsatile motion, which is maximal in the cervical spinal cord (CSC),

may cause phase errors which could lead to “ghosting” artifacts. Finally, the small

physical cross section of the cord leads to issues of resolution caused by the mixing

of tissue signals within voxels, a phenomenon called Partial Volume Effects (PVEs).

While PVEs are an unavoidable limitation of imaging, the small cross section of the

cord exacerbates the negative implications. Methods specific to DTI in the SC have

been developed which address these challenges [75, 15, 7, 43, 50, 72]. In particular,

the application of parallel imaging techniques was hugely successful in improving the

quality of DTI images [13, 70]. From this, medical applications of DTI in the SC for

the assessment of SC injury in humans [20, 23, 24, 62] and rat models, where scans

can be performed at much higher resolution [61], have begun to emerge and show

great promise.

Currently there remain a few lingering questions regarding the dependability of

DTI in the SC. Studies designed to examine optimal DTI indices [22] and improve

contrast [21] as well as distinguish WM tracts [31] have acknowledged problems with

accuracy and dependability of DTI in the SC. Though there is no doubt that substan-

tial information is obtained from DTI scans of the SC, questions surrounding these

limitations remain largely unaddressed. This is especially important in the SC where

numerous confounding effects plague the imaging protocol. Though many corrective

measures have been developed over the years to compensate for these problems [52,

p. 49-67] there remains the question of how to quantify errors associated with DTI

in the SC. The degree of uncertainty of these measures is essential for understanding

the limitations and resolution of DTI results.
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1.2 Overview of DTI

DTI measures the average microstructure of tissue, meaning that tissues with different

organized substructures will be discernible with DTI measurements. For the purposes

of this study we will restrict our discussion to three tissue types: WM, GM and CSF

which have columnar, spherical and fluid substructures. These structures are based

on the associated cellular structures of WM and GM (see Figure 1.1) and the fluid

structure of CSF. The structure of the WM is based on the high proportion of axons

in the tissue which give the tissue an average columnar structure. The GM structure

is based on the high proportion of cell bodies which are, on average, spherical in

shape.

Voxel sizes for DTI scans are generally on the order of millimetres, therefore the

DTI measurements will be for the average tissue structure in that voxel. If there is

variability in the amount of structured tissue, this will be reflected in the magnitude

of the signal. This resolution limitation is illustrated in Figure 1.3. The resolution

of the MRI is limited by the amount of tissue required to get a reliable signal from

each voxel. Therefore it is not possible to image single neurons because they cannot

produce enough signal to be measured.

DTI uses a combination of linear measurements to reconstruct a 3D representation

of water diffusivity which means that acquiring DTI is a multistep process. Because

of the nature of the mathematical representation of diffusivity, it is necessary to

measure the diffusion in at least 6 different directions (in practice, more directions are

often used). The more directions that are used the more accurate the estimate of the

diffusion profile. However, there is a trade-off with respect to the duration of the scan

and the associated errors with keeping a subject in the scanner for extended periods
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of time. These errors are primarily due to motion. A 2D qualitative illustration of

the image acquisition in DTI is illustrated in Figure 1.2.

axon

cell body

cylinder

sphere

Figure 1.1: An illustration of the general structure of a neuron (top) and the model
for diffusion (bottom). In reality, the axon projection can be much longer
relative to the cell body and it is not bound to a straight cylindrical shape.
However, in the context of nerve bundles, where a large population of
neuron axons run parallel to each other, the average structure can be
approximated with a sphere and cylinder model. Diffusion is assumed
to follow the structure of the model. These different diffusion profiles
produce different DTI signals.
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Figure 1.2: A qualitative 2D illustration of the multistep acquisition of diffusion in-
formation. A sequence of gradients (drawn as black arrows) with known
directions are applied and each gives a scalar value for diffusion in that
direction (represented as the distance between the red lines). These dif-
fusion constants are combined to approximate the diffusion in that region
and from that the structure of the underlying tissue can be estimated
(blue oval). The more gradient directions that are used, the more accu-
rate the estimation. The data is at risk for corruption during the multistep
acquisition if the individual measurements are not aligned to each other
or are individually corrupted.

1.3 Origins of the MR Signal

The nature of DTI cannot be thoroughly understood outside of the broader theory of

MRI. The nature of the DTI signal is based in the MRI concept of finding measurable

signal differences correlated with different tissues. All MR signals used for imaging

originate from the protons of water protons and all associated signals are interpreted in

this context. The behaviour of the water protons in a magnetic field will depend on the

environment in which they exist. For example, protons in fat will behave differently

than protons in bone and protons in GM will behave differently the protons in WM.

This is the central tenet of MRI contrast mechanisms. Contrast is the measure of the

differentiability of the signals from different tissues. The ability of an MRI protocol

to discriminate relevant tissue types (as determined by the task) is a measure of its

utility.

There are a number of terms basic to MRI which will be referred to liberally
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Figure 1.3: The resolution of a DTI signal is not strong enough to detect single neu-

ron axons. Therefore it can only be used to detect bundles of coherently

oriented neuron axons. The emitted signal will represent the average

tissue structure in that voxel. Four examples of combinations of axon

orientations are illustrated and the impact these will have on the diffu-

sion representation measured by the scanner. A) illustrates a voxel nerve

bundles running coherently along the z-axis. The resulting diffusion rep-

resentation is ellipsoidal with the primary diffusion direction along the

z-axis. B) illustrates a voxel which contains a lower proportion of struc-

tured tissue. The resulting diffusion profile is 1/3 the magnitude of that

measured in A). C) illustrates axon bundles which run perpendicular to

each other. The resulting representation is planar (coin-shaped) in the

yz-plane. D) illustrates axon bundles which run down the three major

axes perpendicular to each other. The resulting diffusion representation

is spherical (represents isotropic diffusion) because no single direction is

dominant.
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throughout the text that should be defined. An understanding of fundamental MRI

theory is advantageous, though not critical to follow the experiments described in this

document. For a thorough review of MRI theory please refer to either of the following

MRI texts [9, 51]. Throughout this section the MRI signal will be referred to as

coming from protons and water, these terms are used interchangeably, but explicitly,

the MRI signal comes from the hydrogen protons attached to water molecules.

The first basic principal of MRI that must be defined is the magnetization of the

subject. A magnetization is induced in the body of the subject by a static magnetic

field which runs parallel to the bore of the magnet. This field is always on and

is a constant for a given scanner. For example, the Queen’s University research-

dedicated scanner is a 3 Tesla (T) scanner and the clinical scanner at the Kingston

General Hospital is a 1.5 T scanner. The magnetization is necessary to elicit the signal

from the body that is used to generate the images. An MRI scanner cannot detect

signal from a body that is not magnetized. The scanner will use a combination

of magnetic gradients and radio-frequency (Rf) pulses to draw a signal from the

magnetized tissues. Because of the variable nature of tissues in the body, the signals

they emit will be different. Therefore they can be distinguished in the images.

Different MR protocols use different combinations of magnetic field gradients to

measure different contrast mechanisms. There exist many different MR protocols

specializing in the distinction of different tissues the four most common categories

are: T1 weighted, T2 weighted, proton density (PD) weighted and diffusion weighted

(DW). All contrasts are elicited with a radio frequency (Rf) pulse which causes the

tissues to release a signal as they relax back to their steady state. The proton sig-

nal decays according to two processes which are independent of one another. The
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transverse and longitudinal magnetizations (Mt and Ml respectively). Ml is parallel

to the external magnetic field (B0), while Mt is perpendicular to B0. After an Rf

pulse is applied the magnetization is ‘tilted’ into the xy plane and from this position

the Ml will grow along z-axis while the Mt shrinks in the xy-plane. The Mt will

rotate at the precession rate which is set by the Larmor frequency 1.1 where ω is the

rate of precession, γ is the gyromagnetic ratio and B is the strength of the magnetic

field. After the full recovery from excitation the proton will continue to precess at

the Larmor frequency.

ω = −γB (1.1)

The recovery of Ml is captured by T1 weighting, also known as spin-lattice or

longitudinal relaxation time. In this case, the timing of the signal detection is based on

the amount of time required for the protons to fully recover to their steady state after

being excited by an Rf pulse. The term T1 refers to a time constant which is tissue

specific - equation 1.2, where MeqL is the equilibrium longitudinal magnetization,

Ml(0) is the starting magnetization and t is the time. The T1 is related to the

amount of time the proton population requires to distribute the energy imparted by

the Rf pulse to the surrounding environment (the lattice). The term “lattice” refers

to discretization of the space which performs quantized energy exchanges with the

excited proton. Hence, the lattice structure determines the T1 time constant and

explains why different tissues have different weighting factors (different relaxation

times).

Ml(t) = MeqL − (MeqL −Ml(0))e−t/T1 (1.2)

Similarity, the T2 time constant is also tissue specific, but instead of describing

the energy absorption rate of the lattice, it indirectly describes the mobility of the
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protons in the tissues. The T2 time constant refers to decay according to the equation

1.3, where Mt(t) is the magnitude of Mt at time t, MeqT is the equilibrium longitudinal

magnetization, Mt(0) is the starting magnetization and t is the time. T2 weighting

is also known as spin-spin relaxation and is related to the decay of the Mt. The loss

rate of Mt is dependent on the structural properties of the surrounding molecules. If

they move freely the next magnetic interactions from surrounding magnetic fields is

zero, making T2 longer. Therefore CSF will be bright in T2. Mt is a net vector which

defines the coherence of the spins in the xy-plane. The decay of Mt is caused by the

dephasing of these spins. The spins are rendered coherent by the Rf pulse and they

lose coherence as time passes. If a 180◦ refocussing Rf pulse is applied the direction

of the spins will be reversed and they will move back into phase though decay due to

unpredictable-local-transient magnetic fields (often referred to as random spin-spin

interactions) will not be recoverable. However, coherence that is lost due to constant

local field variations can be recovered. This second, weaker signal peak is referred to

as an ‘echo’.

Mt(t) = MeqT −Mt(0)e−t/T2 (1.3)

PD weighting is accomplished by minimizing the dependency on T1 and T2 weight-

ing so the signal is dependent rather on the density of signal emitting protons (i.e.

regions richer in water). Body fluids are approximately 95% PD whereas tissues

have between 60-85 % PDs [51, p.28]. Therefore body fluids will be brightest in PD

weighted scans.

Diffusion weighting is added to a T2 weighted scan by the inclusion of two diffusion

sensitizing gradients which make the signal also dependent on the diffusion capacity of

the tissue in the direction parallel to the diffusion sensitizing gradient. This concept
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will be revisited and explained in the following section (Overview of DTI).

Diffusion gradients are applied and will induce signals which are dependent on the

spatial location of the tissue. This is called ‘spatial encoding’ and it allows the scanner

to map the signal from a particular volume back to the correct position in space in

the image. Therefore the signal from a single ‘pixel’ in an MRI image is actually the

signal from a small volume of tissue; and is instead referred to as a ‘voxel’.

The time to repeat an entire pulse sequence on a tissue slice is called the repetition

time (TR) and is set by the scanner operator. The time between signal echos or the

time between the excitatory Rf pulse and the echo, is called the echo time (TE).

These terms are fundamental to MRI pulse sequences.

1.4 Origins of the DTI Signal

DTI scans make use of a fundamental physical phenomenon called ‘Brownian Motion’

to establish mean tissue structure. Brownian motion is the random motion of particles

which have a non-zero thermal energy. That is to say, all molecules and particles will

move (on their own) if they have some thermal energy. In our case, we will restrict

our description to water because water is the source of the MR signal [10, 19]. This

motion is completely random and is proportional to the temperature of the sample.

The higher the temperature, the faster and farther the motion. The human body is

36.6 ◦C (309.75 ◦K), therefore all water molecules in the human body are undergoing

Brownian motion which is proportional to that temperature. This process can be

mathematically quantified in equations 1.4 and 1.5 where D is the diffusion constant,

kb is the Boltzmann constant, T is the temperature and bl is the drag coefficient

(which would be a measure of the diffusion restriction). This information can be used
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to calculate the mean particle displacement (σ) over time t.

D =
kBT

bl
(1.4)

σ =
√

2Dt (1.5)

Because the motion of individual particles is completely random, it is only mean-

ingful to think about the behaviour of the population of water molecules. DTI mea-

surements are made assuming Gaussian diffusion and this is intuitive if one thinks of

the diffusion of a population of free water molecules all starting at the same place. A

2D example is illustrated in Figure 1.4. In the human body, the conditions are not

as ideal as they are for free water diffusion because cellular environments are very

cluttered. However, the free-water description has proven to be accurate enough for

the results to be useful. If water is unrestricted, the population of water molecules

will diffuse equally in all directions - this is called isotropic diffusion. However if

there are barriers present the diffusion will be restricted by the barriers - this is called

anisotropic diffusion. The term anisotropic refers to an anisotropic measurement that

is one which is directionally dependent. A series of 2D examples of restricted and

unrestricted diffusion are illustrated in Figure 1.5. The DTI protocol is sensitive to

the diffusivity of water and since the diffusivity of water in the body is dependent on

the structure of its environment, DTI can be used to infer the tissue structure in the

body. These measurements are particularly useful in the context of cellular barriers

in the body. For the purposes of this document we will restrict our discussion to the

WM structures. A neuron axon is tubular, which means water diffusion is essentially

unrestricted along the length of the axon and restricted across it. An average neuron

is illustrated in Figure 1.1. The neuron axon can be approximated by a cylinder [26].

It is important to remember that the voxel resolution of MRI scans is generally on
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the order of a millimetre therefore the DTI measurements will be for the average tissue

structure in that voxel. The structure of a single neuron cannot be measured, DTI can

only detect anisotropy in a voxel that contains a significant amount of anisotropically

diffusing water. DTI is sensitive to tissue structure in that it will give a mathematical

value for the average signal extracted from a tissue sample. If there is variability in

the amount of structured tissue, this will be reflected in the magnitude of the signal.

The resolution of the MRI is limited by the amount of tissue required to get a reliable

signal from each voxel. Therefore it is not possible to image single neurons, there

just isn’t enough water to get a signal. Therefore a voxel from a DTI scan is always

a measure of the average tissue structure in each voxel. This resolution limitation is

illustrated in Figure 1.3.

DTI uses a combination of linear measurements to reconstruct a 3D representa-

tion of water diffusivity. Therefore it is important to remember that acquiring DTI

is a multistep process. Because of the nature of the mathematical representation of

the diffusivity, it is necessary to measure the diffusion in at least 6 different direc-

tions. But in practice, usually more directions are used. Six directions are needed

to solve for the 6 unknowns in the diffusion tensor which is a symmetric 3 x 3 ma-

trix. This can qualitatively be thought of as solving for the 6 unknowns required to

define 3D diffusion as approximated by an ellipsoid - the diffusion constants along

the 3 orthogonal spatial dimensions (also called the eigenvalues) and the rotational

position of the coordinate system. The implication of this is that DTI measurements

in 3 orthogonal directions is not enough to define water diffusion, therefore the 6+

measurements are made in non-orthogonal directions. The more directions that are

used the more accurate the measurement is. However, there is a trade-off with respect
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to the duration of the scan and the associated errors with keeping a subject in the

scanner for extended periods of time. These errors are primarily due to motion. A

2D qualitative illustration of the image acquisition in DTI is illustrated in Figure 1.2.

t  < t < t t = tt = t

A)

B)

C)

0 f0 f

Figure 1.4: A qualitative illustration of the diffusion process in 2D over three time
points. Row A) illustrates the diffusion of particles across a 2D surface
during a random diffusion process which was approximated with a random
walk. As time passes the particles diffuse. The paths of individual parti-
cles cannot be predicted, however the population behaviour can. Row B)

illustrates the histograms for the position data in A) along the horizon-
tal axis. The width of the histogram increases and the maximal height
decreases with time as particles diffuse away from the origin. Row C)

shows what the theoretical model of the observed data would look like.
The Gaussian distribution approximates the histogram data well and is
therefore used in DTI as the model to measure rates of diffusion.
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A) B) C) D)

Figure 1.5: A qualitative illustration of the diffusion process in 2D in the presence
and absence of bounding surfaces. A) Isotropic diffusion occurs when
there are no boundaries and the diffusion is equal in all directions. B)

Partial bounding changes the distribution. The probability distribution
is built up at the boundary because the diffusing particles are bounce
off the wall and this leads to build up of particles in this region. C) A
double bound surface keep particles within a positional range so there is
no opportunity for the function to trail off. D) The same double bound
surface as in C) will have unrestricted diffusion in the direction parallel
to the walls. This distribution is the same as that for isotropic diffusion
in A). The key difference in this case is that the distribution is dependent
on the axis over which it is observed. This illustrates the importance of
collecting diffusion information from different directions to reconstruct a
3D diffusion profile.

1.5 DTI Math and Methods

The DTI protocol uses diffusion sensitizing gradients to measure a signal which is

proportional to the diffusivity of the water molecules. When the static magnetic field

is applied the precession of the water protons will be proportional to the strength

of the field. The slice selecting gradient is applied at the same time as the Rf pulse

and then the first diffusion sensitizing gradient is applied and the molecule procession

becomes proportional to the strength of the gradient at that point in space. Then

after a certain amount of time, the inverse gradient is applied for the same amount

of time as the first gradient. In theory, this second gradient should re-phase all the
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water protons and the phase coherence should be what it was before the first gradient

was applied. This would be the case if there was no diffusion. In the presence

of diffusion the phase coherence cannot be completely restored because the spatial

locations of the protons are continuously changing due to Brownian motion. Therefore

the final phase coherence will be less than it was before the first gradient was applied.

This dual gradient application encodes the diffusivity along a single linear direction

parallel to the diffusion gradient. Phase coherence in the presence of diffusion after

the consecutive application of diffusion weighting gradients is illustrated in Figure 1.7.

Where there is more diffusion the signal is lower, when the diffusion is restricted, the

signal is higher. Therefore diffusion is proportional to the attenuation of the signal.

In practice, it is not practical to use two bipolar gradients to measure diffusivity.

This is because during the diffusion the signal experiences a considerable amount of

spin-spin interactions which cause T2* decay. T2* refers to the signal loss due to the

presence of random field fluctuations as well as constant local field inhomogeneities.

To avoid this, the two gradients are made identical (unipolar) and a 180◦ refocusing

RF pulse is applied between them. This restores the signal lost due to constant field

inhomogeneities. And the scan becomes a T2 weighted spin-echo sequence. This the

most common implementation of a DTI protocol. The prevalence of T2 weighting in

diffusion weighted scans is called T2-shine through. The pulse sequence for biopolar

and unipolar spin echo sequence are illustrated in Figure 1.6. For a comprehensive

review of DTI pulse sequences please refer to [52] or [36].

For best results, the T2 weighting should be minimized and the the diffusion

weighting should be maximized. The signal output by the scanner is a scalar at each

voxel for each image acquisition that scalar signal must be dominated by input from
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Figure 1.6: Two diffusion weighted pulse sequences. A) A biopolar pulse sequence
involves the application of two opposing gradients. The first gradient is
applied to spatially encode the locations of the protons along that single
direction. The second gradient is the negative of the first. It restores
phase coherence to the protons (Illustrated in Figure 1.7). This method
is susceptible to T2* decay which causes signal loss. B) A unipolar pulse
sequence involves the repeated application of the same gradient. The
first gradient is applied, then a 180◦ RF pulse is applied to reverse the
phases of the protons. Then the same gradient is applied to restore phase
coherence. This method is favoured because it reduces some of the signal
loss observed in A). Rather, this sequence’s signal experiences T2 decay
only.

C)

A) S0

B)

G1

D)
S

G2

S < S0
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Figure 1.7: An illustration of the effect of diffusion on phase coherence during the

consecutive application of diffusion sensitizing gradients. A) Initially, a

static magnetic field puts all the protons in phase. The net signal is

maximal at S0. B) The first DW gradient (G1) is applied along the

horizontal axis. The position of each proton is encoded in the phase

(directions of blue arrows). C). The gradient G1 is turned off and diffusion

takes place. For illustrative purposes, this process is shown as colour

coded pairs of protons whose positions have been switched. D) The

second DW gradient (G2) is applied which is the inverse of G1. Had there

been no diffusion this gradient would have restored the total coherence

observed in A). However because of the diffusion the signal cannot be

completely restored and the final signal S is smaller than S0. The signal

attenuation between S0 and S is what is measured by the DTI protocol.

This figure was adapted from [52, p. 20]
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the scan to go on so long as to allow for overwhelming T2 weighting.

To understand how the DTI signal is calculated it is necessary to review the

mathematical approximations used to calculate the signal. Phasing of the signal

occurs according to the equation 1.6. Where φ is the phase, γ is the gyromagnetic

ratio and x is the position. The signal from the population is related to b and D by

the equation 1.7, where b is the diffusion weighting constant. Detailed derivations of

these equations as well as the assumptions they are based on can be found in [63] and

[52, p. 19-32].

φ(x) = eiγGδx (1.6)

S = S0e
−γ2G2δ2(∆−δ/3)D

S = S0e
−bD (1.7)

As previously stated, signal attenuation is used to measure the diffusion. The

greater the signal loss, the greater the diffusion. Solving for D in equation 1.7 can

be easily accomplished by taking the natural logarithm (ln) of the equation, making

D linearly solvable. An exemplary plot of the ln(S) vs. b-value can be found in

Figure 1.8. The diffusion constant for one particular gradient direction is calculated

as the slope of the line. This is the signal attenuation from the maximum value of

ln(S0). In theory, only two points corresponding to two different b-values are needed

to estimate the diffusion. However, the more measurements at different b-values that

are done, the more accurate the diffusion estimation will be. This analysis is done

for every applied gradient and the combined information of the 6+ scans is used to

reconstruct the tensor.

DTI is a particular approach to measuring water diffusivity using a rank 2, 3x3
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Figure 1.8: The scalar diffusion constant D is estimated by the signal attenuation
at different diffusion weightings (b-value) in a single gradient direction.
The greater the b-value, the greater the diffusion weighting. Each red
point is a measure of the amount of signal measured at a particular b-
value. The signal loss is exponential so taking the natural logarithm of
the signal (ln(S)) linearizes the data making the estimation of D more
straight forward (the slop of the line). The D illustrated here is only one
step in the multistep acquisition. At least 5 more measurements like this
would be needed for the reconstruction of the diffusion tensor. Typically
only two points are use to estimate this line, however multiple measures
can improve the estimation of D.
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tensor. The tensor description was adopted because it allows for a coordinate free

3D representation of the diffusivity in a given voxel, this is ideal for situations where

the directions of the primary axes are unknown. A comprehensive explanation on

tensor theory is beyond the scope of this text however a list of useful resources can

be found in the references [74, 3-13]. There have been proposals for alternative

representations [74, 177-187], but the current tensor model remains by far the most

prolifically used. The primary eigenvector of the diffusion tensor correspond to the

direction of maximum signal attenuation and the is therefore (generally) parallel to

the the nerve fibres.

The following is a detailed mathematical description of how the scan information

is used to reconstruct a tensor (Equation 1.8). Each voxel has a corresponding tensor

and each tensor is made up from the information of 6+ scans including a scan which

is not diffusion weighted (i.e. b = 0) which is used as the second point on the ln(s)

vs. b-value plot. The D is solved for by taking the inverse of the b-matrix. The

(x y z) subscripts refer to the component projections along the scanner frame of

reference. Each gradient direction has an associated b-matrix. An illustration of all

the information for a tensor can be found in Figure 1.9. Some of these signals are

very attenuated (sharp slope) while other are less attenuated (shallow slope). The

larger D values correspond to directions of high diffusion and are generally correlated

with nerve fibres parallel to that direction.
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where:

D = [Dxx, Dyy, Dzz, 2Dxy, 2Dxz, 2Dyz]

b = [bx, by, bz,
�

bxby,
�

bxbz,
�

bybz]

(1.9)

1.6 Scanning Procedures

The optimal DTI protocol is one which takes into account the tissue constitution

of the area being scanned as well as the objective of the scan. In regions prone to

susceptibility errors it is important (when possible) to keep data readout duration

short to avoid errors which accumulate over time [7]. Single-Shot Echo Planar Imag-

ing (SS EPI) should be used to avoid signal phase shifts (an error which results in

image ‘ghosting’). To keep the scan as short as possible it is useful to use a Parallel

Imaging technique such as Sensitivity Encoding (SENSE) a technique that will not

reduce spatial resolution, but will, however, decrease the SNR. When using parallel

imaging with a typical acceleration factor of 2, the time to capture an image is halved.

Therefore, a 512x512 image, that would typically require 512 information gatherings,

requires only 256. This allows distortions to be minimized without sacrificing res-

olution [59]. Using parallel imaging requires hardware (coils which are attached to
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Figure 1.9: The scalar diffusion constant D has been estimated for six gradient di-
rections. The different slopes represent different signal attenuations and
accordingly, a different amount of diffusion along that particular direc-
tion. The slope of D1 is shallow and therefore represents highly restricted
diffusion. The steep slope of D6 represents a direction of high diffusion.
The information obtained from these diffusion constants and their associ-
ated directions is used to calculate a 3D representation of the diffusivity
(the diffusion tensor).
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the subject during scanning) as well as channels (which are in the scanner) to read

the simultaneous signals emitted from different regions of the tissue slice being im-

aged. The Queen’s University research scanner has available head, neck and chest

coils which allow for SENSE parallel imaging in those regions of the body.

1.7 DTI Errors

The DTI method has several fundamental restrictions, some of which have yet to

be successfully addressed; though research into these problems remains very active.

These errors relate to image resolution, SNR (Signal to Noise Ratio) and motion.

Firstly, the voxel size is limited by the SNR which must be large enough to overcome

background noise to be measured by the scanner. This puts a lower limit on the

voxel volume that can be used for any MRI scan. The voxel size is related to the

image resolution and therefore this lower limit also has implications for image res-

olution. Additionally, because each scan can only gives information on the average

tissue structure in a voxel, there is a limit to the size of the anatomy which can be

reliably visualized using this method. This is especially relevant when nerve fibres

intersect within a voxel. There are two possible ways for the fibres to do this and

these two situations cannot be distinguished by a DTI scan because the information

for either is the same - Figure 1.10 illustrates these two cases. This degeneracy is fun-

damentally caused by the PVEs described in Figure 1.3 and is known as the Kiss vs.

Cross problem. When examining connectivity in a neural structure this information

discrepancy can have very resounding implications. Active research into this issue

has indicated that the answer may be increasing the rank of the tensor representation

[74, 177-187], using more sophisticated non-tensor representations [52, p.85-91] [69]
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or perhaps relying more on a priori knowledge [28]. As of yet, a clear solution has

not been found.

A) B)

Figure 1.10: The kiss/cross problem. Fibres in A) cross over each other. While fibres
in B) ’kiss’. Because DTI measures the average diffusivity in a voxel a
DTI measurement cannot distinguish between these two cases.

Another reoccurring concern in DTI is the issue of motion. Because the scans are

long and require multiple re-scans of the same tissue for a single reconstruction, the

protocol is very sensitive to noise. If there is motion within or between individual

scans, results may be affected [3]. Motion which occurs during each scan manifests

as blurring or ghosting [6]. Bulk motion between scans will result in scans which are

misaligned with each other which will decrease the accuracy of the tensor representa-

tions of diffusion. These are called co-registration errors. There exist co-registration

tools to realign the images [52, p.49-5] [9, p. 461-463], the majority of these pro-

grams rely on interpolation and smoothing techniques developed for the brain. This

is disadvantageous in that the data may lose some resolution and SNR.

Motion in the CSC has been examined before and has been determined to be

physiologically measurable using dynamic MRI [78, 25, 12, 57, 58] as well as having a

measurable effect on DTI values [37, 64]. However, there remains debate as to whether
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the effect of motion on the DTI values is significant. It is generally acknowledged that

motion will take away from the SNR and accordingly, there have been studies which

reported such negative effects due to motion [15, 38, 31].

Pulsatile motion in the brain and neck due to blood flow during scans can cause

severe ghosting. This ghosting can be partially addressed with flow compensation

gradients which are employed during scanning [9, p. 331-333]. Also, the acquisition

can be gated to the heart-beat to compensate for motion, but this can be complicated

if the subject suffers from any form of arrhythmia [9, p. 443]. Ghosted images can be

removed and discarded from tensor analysis if measurements were taken in enough

directions, however this requires manual sorting of the images by hand, which is very

time consuming and prone to bias by the sorter.

1.7.1 Scalar Indices

The MD is the mean diffusivity which defines the average of the three eigenvalues of

the diffusion tensor. Therefore as any of the eigenvalues increases so will the measured

MD (Equation 1.10). This measure does not distinguish between the eigenvalues and

as such can exhibit degeneracy when trying to distinguish anisotropic and isotropic

tissues. The lADC is a measure of the deviance of the primary eigenvalue (which is

assumed to be along the length of the axon and consequently along the length of the

nerve bundle. Therefore isotropic regions will have low lADC, but anisotropic regions

will have greater lADC values (Equation 1.11). For the purposes of our discussion

here we can assume that the secondary and tertiary eigenvalues are approximately

the same (λ2 = λ3) and therefore we can refer to either as the transverse eigenvalue

or λ⊥ while the primary eigenvalue will be referred to as λ�. The lADC index is a
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measure of the difference between λ� and the mean, therefore, the greater the λ�/λ⊥

ratio, the higher the lADC is. When the λ� = λ⊥ the lADC will be zero. The FA

is a fractional value between 0 and 1 that describes the degree of anisotropy of the

measured tissue (Equation 1.12). Zero indicate isotropic diffusion while an FA value

of 1 indicates that diffusion only occurs along one axis. When λ� = λ⊥ the FA is zero

(because the diffusion is isotropic). When λ� and λ⊥ are very different the FA value

is near one. The surface defined by the FA equation is non-planar and has its highest

gradient near the unity line (λ� = λ⊥). The gradient decreases with distance from

this line. This means that anisotropy measurements near the unity line will have the

highest gradient, while those more distal from the unity line will exhibit a much lower

rate of change.

MD =
λ1 + λ2 + λ3

3

=
λ� + 2λ⊥

3

= λ (1.10)

lADC = λ� − λ (1.11)

FA =

�
3

2

(λ1 − λ)2 + (λ2 − λ)2 + (λ3 − λ)2

λ2
1 + λ2

2 + λ2
3

=

�
3

2

(λ� − λ)2 + 2(λ⊥ − λ)2

λ2
� + 2λ2

⊥
(1.12)

A novel scalar index was used to resolve the dependancy of FA and MD observed

in the CSC (see Figure 3.5 and B.4 ). The chosen index was FAxMD and was simply
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the product of the two. The FAxMD index, like the FA index, is zero when λ� =

λ⊥. However, unlike FA, FAxMD is not capped at 1. It is not a fractional measure

of anisotropy. Rather it is a linear measure of the deviance from the line λ� = λ⊥.

The greater the difference in magnitude between λ� and λ⊥ the higher the FAxMD.

Unlike FA, FAxMD is not capped at 1 and is not a fractional measure of anisotropy.

The MD term introduces a dependence on the magnitude of the eigenvalues. This

helps to clarify the meaning of the FA vs. MD space. Points in the upper left corner

correspond to anisotropic tensors with small eigenvalues, and values in the lower

right corner correspond to isotropic tensors with large eigenvalues. The relationship

between size and isotropy appears to be linear and therefore can be collapsed to a

single dimension (FAxMD).

MDxFA = λ

�
3

2

(λ1 − λ)2 + (λ2 − λ)2 + (λ3 − λ)2

λ2
1 + λ2

2 + λ2
3

= λ

�
3

2

(λ� − λ)2 + 2(λ⊥ − λ)2

λ2
� + 2λ2

⊥
(1.13)

1.8 MR Image Segmentation and Classification

Pattern classification is a sprawling field of research unto itself and a subset of this

field is MR image segmentation/classification [56, 5]. MR image segmentation and

classification has many resounding implications for anatomy research and clinical di-

agnostics [56, 71]. However, image segmentation faces several challenges, the most

notable being noise, intensity inhomogeneity and PVEs [5]. Noise in the MR data

confuses any classification algorithm. Furthermore, non-homogenous or non-gaussian

noise can be especially difficult or intractable to disentangle from the ‘pure’ image
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data. This puts a hard theoretical upper bound in the specificity of the classifica-

tion. Secondly, intensity inhomogeneity across an image makes classification of tissues

based on their intensity impossible without first applying a whitening procedure to

even out the intensities. However, these whitening procedures are also susceptible

to errors. Alternatively, or supplementary to a whitening procedure, a probability

map can be applied to data that facilitates the classification based on spatial loca-

tion [76, 56, 48]. These models introduce considerable a priori knowledge and are

therefore, by definition, prone to bias. This is desirable as long as they are being bi-

ased correctly. Lastly, PVEs make hard segmentation of pixels difficult because they

contain information from multiple classes. This issue can be addressed by using over-

lapping membership classification schemes rather than high threshold classification

[56].

Segmentation of DTI images is an extension of MR image segmentation. Studies

examining the characteristics of the scalar indices in manually chosen regions of in-

terest (ROIs) [35], automated scalar index classification [71, 48, 47, 46], classification

based on WM tract morphology [39, 1] and classification schemes which incorporated

a priori anatomical knowledge via probability maps [76, 27] can be found populat-

ing the literature of medical, neuroscience and computer science journals. The data

collected from DTI scans is multi-dimentional as opposed to a scalar (single number)

value which complicates segmentation procedures. Therefore classification algorithms

are most often run on scalar maps of DTI data [27, 35, 46]. The issue of tissue classi-

fication is complicated by the inherent variability of scalar values across WM tracts

[14]. However, findings also indicate that the variability of scalar values in the same

region across subjects is tightly constrained making comparison of particular WM
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tracts across subjects viable. The availability of three dimensional data allows for

the possibility of doing classification on three dimensional structures rather than a

flat image [1, 39]. In this case classification is done to identify WM structures rather

than tissue types.

Classification is a costly step during analysis because there is no standardized

image classification method. Therefore most software must be written or adapted in

house, which is both costly in terms of the time and effort required. However, having

a standardized classification scheme would be beneficial to normalize the results from

multiple studies making them more easily comparable. Classification by hand is both

time-consuming and will vary slightly according to the sorter; meaning the results

are prone to immeasurable biases. The goal is to automate the classification process

so that it can be done quickly, accurately and consistently.

The most basic type of scalar classification is that of threshold classification. In

this scheme, values below a threshold are classified as one type, and values above that

threshold are classified as another. There can be multiple thresholds to accommodate

multiple classes. These types of classifiers have been used extensively to segment DTI

data [13, 14, 46, 47, 75]. These classifiers assume little to no overlap between classes

across the threshold - this is known as a high-threshold classifier, which is one that

assumes no noise. Alternatively, the threshold can be used to ‘mask out’ unwanted

data or ‘mask in’ desired data. For example, any data above threshold A may be

discarded as ‘definitely’ noise or any data below threshold B is kept as ‘definitely’

data. The thresholds for this kind of classifier can be heuristically defined by an

expert or calculated using a method such as ROC analysis.
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1.9 Scope of Study

The approach of the current study was a conservative one. We focused on the informa-

tion carried by four different DTI scalar indices, where scalar indices are simplified

interpretations of DTI data. These indices are ubiquitously used to interpret DTI

results. First, the effect of motion on the scalar indices was examined using ROC

analysis and then quantified using an ANOVA (ANalysis Of VAriance) F-test. Sec-

ond, the effective image representation (derived from scalar indices) was examined

using two different high-threshold scalar classification algorithms tailored to the in-

formation collected in the first part of the experiment. These algorithms were run on

the image data to examine how faithfully they captured known anatomy as well as

the type of errors made by a scalar classifier. Lastly, a theoretical model of classifica-

tions of histological images was built to determine the efficacy of a classifier on ideal

information. This theoretical classifier was run on ‘perfect’ images that were neither

ghosted nor blurred, rather the only limitation was resolution. The purpose of the

theoretical classifier was to determine whether particular misclassification errors in

the second part of the experiment were due to ghosting/blurring effects or due to

resolution effects.
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Chapter 2

Methods

2.1 Participant Information

Eleven healthy volunteers (six female, five male) were imaged in the Queen’s research-

dedicated scanner. The mean participant age was 22.6 years (range: 19 - 24) and the

mean participant weight was 64.38 kg (range: 55 - 82). All participants submitted

written consent prior to the study and all completed a questionnaire to establish their

eligibility. Non of the volunteers had any history of spinal injury or illness. The data

from 2 male participants was discarded due to corruptions during data collection that

lead to ghosting in the CSC and extremely low SNR in the LSC. Therefore data from

9 participants was used for analysis. All experimental procedures were reviewed and

approved by the Human Research Ethics Board at Queen’s University.
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2.2 MRI Protocol

The cervical and lumbar cords of the volunteers were imaged with participants lying

supine in a 3 Tesla whole-body Siemens Magnetom Trio MRI scanner. First a 3-

plane fast Gradient Echo (GRE) localizers followed by a coronal HASTE (Half-Fourier

acquisition single-shot turbo-spin echo) were acquired to provide a position reference

for the subsequent DTI scans. In the case of gross subject motion, the localizers and

DTI scans were re-done.

Data were acquired using diffusion-weighted spin-echo Echo Planar Imaging (SE-

EPI) with TR ≥ 1900 ms, TE = 85 ms, flip angle = 90◦, gradient strength of 40

mT/m, a ramp rate of 200 T/m/s and SENSE parallel imaging with an acceleration

factor of 2. Nine or Ten interleaved slices were acquired in 12 diffusion directions

with a b-value of 700 s/mm2 and one with a b-value of zero (130 images in total

per DW acquisition). Twenty averages were done for each whole DW acquisition

set and averaged together prior to analysis (a total of 2600 of images of the SC per

acquisition). Each image was constructed using the signal from a 3 mm thick axial

slices with 1.6 x 1.6 mm2 in-plane resolution with a large field-of-view (819 cm2). The

peripheral pulse was recorded throughout using a peripheral pulse oximeter whose

infrared sensor was attached to the right index finger [9, p. 448]. Four acquisitions in

total were performed on each participant; two for each section of the cord (cervical

and lumbar). The first acquisition was set to repeat at an even timing interval set by

an external trigger (ungated or UG) and the second was set to start at the systole

peak as measured by the peripheral pulse oximeter (gated or G). In all cases ten slices

were acquired except for the cardiac gated scan in the cervical cord, where nine slices

were acquired. Raw DTI signal attenuation values were acquired by the scanner. The

34



DTI values in the cervical and lumbar cord were acquired from consistent positions

in the spinal cords of all the participants relative to anatomical markers (C6 in the

cervical cord, T12 in the lumbar cord) - See Figure 2.1. The anatomical markers were

chosen to coincide with the cervical and lumbrosacral enlargements to maximize the

cross-sectional area. The cervical enlargement has also been identified as a site of

greatest cord motion due to CSF pulsations (driven by the heart beat). Therefore,

this site was also chosen to maximize the effects of motion.

The DTI protocol is a lengthy acquisition process. Multiple measurements in nu-

merous directions (in this case 12) plus one non-DW image are required to reconstruct

the tensor information (Figure 2.2) and therefore the acquisition took place over a

protracted timescale. Each volume acquisition (set of 9 or 10 slices) was acquired

within the TR (1900 ms for ungated acquisitions, ≥ 1900 ms for the gated acquisi-

tions), the volume was acquired 13 times and this 13 step process was repeated 20

times (20 averages). Therefore each acquisition has a theoretical minimum of 8.2

minutes. In practice, the scan times were between 9-13 minutes. During the ungated

acquisition the volume was imaged at equally spaced time intervals (the TR). During

the cardiac gated acquisitions the start of the acquisition was triggered by systole of

the peripheral pulse but the minimum separation was set at 1900 ms. Therefore each

slice was acquired at approximately consistent phases in the cardiac cycle (Figure 2.3).

2.3 Analysis

The original DTI images had an in-plane resolutions of 126 x 126. Linear regression

analysis of all the diffusion weighted and non-diffusion weighted images was done to

obtain raw tensor data for all voxels giving tensor fields for each slice (Equations 1.7
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Figure 2.1: Two volumes were imaged at the cervical and the lumbar cord. The

cervical cord was imaged about C6 and the lumbar cord was imaged

about T12. These locations were chosen to coincide with the cervical

and lumbosacral enlargements. The cervical enlargement also exhibits

the highest motion amplitude due to cardiac-related pulsations of blood

and CSF. The cervical enlargement was chosen to capture the effect of

motion and the lumbosacral enlargement was chosen because of its large

cross sectional area and low motion.
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Figure 2.2: Multiple images are required to reconstruct any DTI image. This figure

illustrates the combination of 13 volumes (1 zero weighted, 12 diffusion

weighted) to reconstruct a single DTI volume (pictured here as an MD

map, but would actually be tensor field). Each DW volume (consisting

of 10 images) is acquired with a single gradient direction taken from a

set of non-orthogonal directions. During this protocol the 13 color-coded

image sets were averages (calculated from 20 measurements) - to boost

the SNR.
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Figure 2.3: The two different acquisition types. Image acquisitions were either set to

trigger at set time intervals (ungated - top) or at the peak of systole (gated

- bottom). Because of the variability in the heart rate the acquisitions

of the ungated data were acquired indescriminantly across the cardiac

cycle. Whereas the images in the gated data were acquired at approxi-

mately the same phase of the cardiac cycle. The timeline illustrates the

different acquisition times. The ungated acquisitions are acquired at set

intervals of time (a, illustrated in green) which landed at different cardiac

phases. Whereas the gated acquisitions started at the same phase, but

were acquired at variable time intervals (illustrated in red).
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and 1.8) [52, p. 45-47]. Each tensor was a 3x3 matrix whose eigenvectors and eigen-

values corresponded to the three primary directions of diffusion.

The eigenvalue data was used to calculate the values of three scalar indices: MD,

the lADC and FA (Equations 1.10, 1.11 and 1.12 respectively) values for all window

voxels. The MD provided a measure of the average magnitude of the eigenvalues,

the lADC provided a measure of the magnitude of the difference between the longest

eigenvalue and the average of the eigenvalues (which is a measure of anisotropy) and

the FA provided a fractional value (between 0 and 1 which corresponded to purely

isotropic and purely anisotropic respectively) for the degree of anisotropy.

The FAxMD index was used to resolve the linear dependance of FA and MD

that was observed in the CSC (see Figure 3.5 and B.4 ) and yielded the highest

discriminability values in the CSC. The 2D plot was chosen because of the precedent

set by Hasan who was able to distinguish the WM, GM and CSF in the brain using

the clusters formed from these plots [35].

Using the MD maps, the images were cut down into 9x8 voxel “windows” centred

about the cord. Further alignment of each of these “windows” was done manually

so that the anatomical information was approximately aligned. The limit of the

accuracy of this part of the analysis was the classification is related to the ability of the

experimenter (the author). Exemplary “windows” - illustrated in pink, supplemented

with an anatomical overlay for clarity, are illustrated in Figure 2.4.

Once the windows were aligned, voxels - at locations consistent with anatomical

predictions, were chosen and identified as WM, GM or CSF. These pixels were always

chosen to be at the same locations. The selection of these locations was done after an

examination of voxels from a randomly selected subsample (15%) of the available data.
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Figure 2.4: To illustrate the scale of the cord in the image and the 9x8 ‘window’
manually selected for data analysis. An exemplary histological overlay
has been placed over the MRI image. The image on the left corresponds
to the C6 level of the spinal cord at the C6 vertebral level, while the
image on the right corresponds to the T12 level of the spinal cord at
the L3 vertebral level. Scaling of histological images was done using the
known resolution of the MRI (1.6 x 1.6 mm2) and measurements collected
by Ko [40]. The histological images were taken from the work done by
Tilney [68]

Voxels were chosen as “likely GM” and “likely WM” based on anatomical predictions.

Originally, the classification included the lateral, ventral and dorsal horns as well as

the central canal for GM and samples of the dorsal columns (dorsal columns), ventral

columns and lateral columns for WM. The properties of these ‘potential classifications’

were examined using lADC and FA data and a voxel combination which lead to the

least variability across slices was chosen. In the end, the classification of GM was

reduced to the ventral horns (2 voxels per slice) and the classification of the WM was

reduced to a sample of the dorsal columns (2 voxels per slice). CSF classification was

also done using 2 voxels located outside of the cord. The sampling rate for each tissue

type was kept the same to minimize bias in the data. However, because of PVEs it

is likely WM is overrepresented in the tissues. That is to say, GM samples are likely
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to be WM contaminated.

WM
GM
CSF

Figure 2.5: Pixels corresponding to the three tissue types (WM, GM and CSF) were
chosen to serve as samples of DTI values for those tissues. The locations
of the pixels were chosen to correspond with the known anatomy of the
manually aligned MD maps of the cord. The histological images were
taken from the work done by Tilney [68].

2.3.1 Calculation of Discriminability

Two populations of data can be discriminated using the established method of Re-

ceiver Operator Characteristics (ROC) [29, 54], this method was previously used by

Ellingson to measure the quality of DTI indices on tissue classification [22]. ROC

analysis is a non-parametric method that can be used to measure the discriminability

between two distributions (a value between 0.5 and 1 - chance and certainty respec-

tively) [34] as well as the best criterion for discriminating the two populations. The

method for calculating the best criterion and discriminability are summarized in Fig-

ure 2.6.

44



a a0 fa*

a
0

a*

af

P[
A>

a]

P[B>a] 1

1

0

A B

45



Figure 2.6: ROC analysis can be used to calculate different properties that relate

two distributions. In the above example two distributions, A and B,

are compared first by their distributions (top) and then with an ROC

curve (bottom). The ROC curve plots the number of occurrences of the

distributions A and B that are above criterion ‘a’. Therefore at a = a0 all

of the occurrences of A and B are above a and therefore the Probability

(P) that each distribution occurs above a (written as P[A>a] and P[B>a])

is 1. Similarly at a = af the occurrences of A and B are all less than af ,

therefore the P[A>a] and P[B>a] are both zero. The value a* corresponds

to the best criterion which is the value ‘a’ which best divides the data.

So that data less than a* is most likely to be from distribution A, and

data greater than a* is most likely to be from distribution B. The average

discriminability of the data is the area under the ROC curve (shaded in

grey) and it gives the net probability that the two distributions can be

discriminated by an ideal observer. This value will be between 0.5 (chance

- in the case that the distributions overlap perfectly) and 1 (completely

discriminable - in the case that the distributions do not overlap at all).
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2.3.2 Effects of Cardiac Gating and restricting the acquisi-

tion

The discriminability was calculated for WM-GM distributions and GM-CSF distri-

butions using FA, MD, lADC and FAxMD data. A value of 0.5 would indicate that

the clusters could not be resolved, while a value of 1 would indicate that the clusters

were completely distinct. The discriminability provided a measure of the quality of

the data in the presence and absence of cardiac gating. If gating had a positive effect

on the dicriminability of the tissues the values should, on average, increase closer to

1 (more discriminable).

The effect of cardiac gating was quantified using an ANOVA F-test which mea-

sured the change in variance of the distributions before and after gating. This analysis

was chosen under the assumption that a given index value was a sample drawn from

a Gaussian distribution about the ‘true’ index value (at the mean). And the effect of

the cardiac gating would be to narrow the standard deviation of the Gaussian making

the samples closer to the ‘true’ value. The significance was set at p ≤ 0.05 where the

p-value corresponded to the probability that the distributions had the same variance;

therefore, low p-value indicated that the distributions likely did not have the same

variance indicating that gating had a significant effect.

Furthermore, the effect of restricted acquisitions was tested by eliminating data

acquired during the higher motion phases of the cardiac cycle. This included data ac-

quired within the 340 ms after systole (the first four slices). ANOVA F-tests on these

sub-samples of the original data were run and examined for improved discriminability

before and after cardiac gating. If data from the high motion phases of the cardiac
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cycle confused the data, restricting the data to exclude these motion-corrupted im-

ages, should increase the discriminability and enhance the effects of cardiac gating

(decrease the p-value calculated by the ANOVA). This would be the mathematical

equivalent of removing more distal outliers from a sample population making the

sample population tighter about the mean.

2.3.3 Classification

Two classification methods were run on the data for each subject. The first clas-

sification scheme was based on the best criterion for discrimination of the tissues

(calculated from the ROC analysis). The best criterion between WM and GM values

and then again between GM and CSF were calculated. These gave two threshold

values which separated the data into three categories: WM, GM and CSF. This was

an sharp, high thresholded classification scheme. There was only considered to be

overlap if the scalar value equaled the threshold value. The classification plots were

therefore primarily red, blue and green (WM, GM and CSF respectively). Purples

classifications occurred when the scalar value was on the threshold between WM and

GM (red + blue).

The second classification model fit three Gaussian curves to the distributions

of the the three tissue types (WM, GM and CSF) (see Figures B.15-B.22). The

Gaussians were interpreted as being ‘probability distributions’ of the likelihood of a

particular tissue type classification. Therefore the Gaussian means represented P=1

for a given tissue type. The classification was done by measuring the magnitude of

each probability distribution at a given point and using the values of each as entries in

an RGB vector used to image that particular point where red = WM, blue = GM and
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green = CSF. This model allowed full range of all colours therefore showing “degrees

of tissue mixing” and degeneracy in the classified distributions.

After these two classification analyses were run on the data (lumbar and cervical,

gated and ungated) the results were compared. Then the ROC classifications and then

the NM classifications were examined (by eye) for consistency with known anatomy.

Specific anatomical markers (Figure 2.7) were identified and their prevalence was

calculated as their percent occurrence.

A A
B

C C

D

Figure 2.7: The percent occurrence of four general categories of tissue structure were
used as a measure of classification quality: A. ventral horns, B. anterior
columns, C. lateral columns and D. posterior columns.
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Chapter 3

Results

3.1 Discriminability of Tissues

The discriminability of WM, GM and CSF using four scalar indices (MD, FA, FAxMD

and lADC) was calculated in the presence and absence of cardiac gating. Discrim-

inabilities were calculated for adjacent distributions (WM-GM and GM-CSF) for all

the indices. The values obtained corresponded to the probability that a random sam-

ple of the image data would be correctly classified into the correct tissue category.

In the LSC, the MD and FA index provided the best discriminability between

GM and CSF, while the FA, lADC and FAxMD values appeared to provide the best

discriminability of WM and GM (Figure 3.1). Discriminability of WM-GM in the CSC

was on average higher than in the LSC. Furthermore, the FAxMD and lADC indices

provided the best dicriminability between both WM-GM and GM-CSF populations

(Figure 3.2).

The mean displacement from UG to G distributions was greater on DTI indices in

the CSC (blue arrows in Figure 3.2). This indicated that cardiac gating had a greater
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effect on the CSC than the LSC. Gating increased discriminability of the WM-GM

distributions for the MD, FAxMD and lADC indices. Discriminability was decreased

for the FA index.

3.2 Quantifying the Effect of Cardiac Gating

ANOVA F-tests were run on the G vs UG data for WM and GM to measure proba-

bility that the two distributions had the same variances. The resulting p-values were

then compared to data which excluded the highest motion periods of the cardiac cy-

cle. If image acquisition during high motion phases of the cardiac cycle corrupted

images and increased the variance of the data, removing those images should have

enhanced the effect of cardiac gating by significantly lowering the variance of the

remaining data.

In the complete data sets from the LSC, gating had a significant effect on 3/9

subjects for the MD data (Figure 3.3). When the data from high motion phases of

the cardiac cycle were excluded, gating had a significant effect on 3/9 subjects for

the lADC data. These results indicate that gating did not have a significant effect on

the distribution variances and that restricting the acquisition did not make this effect

significant. Observations of the mean displacement of the distributions (blue arrows in

Figure 3.3) showed that restricted acquisitions did not move the distributions towards

significance (the origin).

In the complete data sets from the CSC, gating had a significant effect on 8/9

subjects for the MD data and 4/9 subjects for the FA, FAxMD and lADC data

(Figure 3.4). The number of significant measurements was nearly the same for the

restricted data. These results indicate that gating did have a significant effect on
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Figure 3.1: Discriminabilities of WM-GM and GM-CSF distributions in the LSC.

Each point represents the discriminability of the the tissue distributions

for a single subject. Highly discriminable data would be located at the

top right corner of the discriminability plots (1,1) whereas indiscriminable

distributions would be at the bottom left corner of the plots (0,0). The

plots are two dimensional to capture the discriminability of the three

tissue types (WM to GM and GM to CSF). Each axis corresponds to

discriminability between two distributions (WM to GM vs GM to CSF).

The data is separated into two groups: ungated (pink dots) and gated

(purple dots). MD data had high GM-CSF resolution, but poor WM-GM

resolution. The FA data had high GM-CSF resolution and better WM-

GM resolution than the MD data. FAxMD and lADC data had mediocre

resolution for both GM-CSF and WM-GM cluster. The best average reso-

lution of the WM-GM distributions was around 0.75 for the best indices.

The implementation of gating did not resolve the two distributions for

any of the indices (it did not shift the cluster means - illustrated as blue

arrows - towards the top right corner), indicating gating did not have an

effect on the data.
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Figure 3.2: Discriminabilities of WM-GM and GM-CSF distributions in the CSC.

Each point represents the discriminability of the the tissue distributions

for a single subject. Highly discriminable data would be located at the

top right corner of the discriminability plots (1,1) whereas indiscriminable

distributions would be at the bottom left corner of the plots (0,0). The

plots are two dimensional to capture the discriminability of the three

tissue types (WM to GM and GM to CSF). Each axis corresponds to

discriminability between two distributions (WM to GM vs. GM to CSF).

The data is separated into two groups: ungated (pink dots) and gated

(purple dots). MD data had high GM-CSF resolution, and fair WM-GM

resolution. The FA data also had high GM-CSF resolution and similar

WM-GM resolution as the FA data. FAxMD and lADC data had the best

resolution for both GM-CSF and WM-GM cluster. The implementation of

gating modestly improved the discriminability of MD data distributions

(indicated by the shifts in the cluster means - illustrated by the blue

arrows).
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Figure 3.3: ANOVA F-test results for WM and GM distributions from the LSC cal-

culated from complete (pink dots) and restricted data sets (purple dots).

Each connected pair of points represents data from a single subject. The

significance threshold of p ≤ 0.05 is illustrated as grey bands. The change

in variance for both complete and restricted data sets is not generally sig-

nificant indicating two things: first that gating did not improve either

complete or restricted data sets and second that restricting the data to

low motion periods of the cardiac cycle did not enhance the effect of car-

diac gating because the cluster means (illustrated with blue arrows) did

not move towards the origin.
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Figure 3.4: ANOVA F-test results for WM and GM distributions from the CSC

calculated from complete (pink dots) and restricted data sets (purple

dots). Each connected pair of points represents data from a single subject.

The significance threshold of p ≤ 0.05 is illustrated as grey bands. The

change in variance for both complete and restricted data sets is significant

for the MD data indicating that gating had an effect on MD values. The

effect of restricting the data to low motion phases of the cardiac cycle

did not enhance the effect of cardiac gating because the cluster means

(illustrated with blue arrows) did not move towards the origin.
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the distribution variances but restricting the acquisition did not improve the number

of significant measurements. Gating had the strongest effect for the MD data (8/9

subjects). This indicated that the motion effect corrected by cardiac gating related

to the inflating of the eigenvalue magnitudes. Observations of the mean displacement

of the distributions (blue arrows in Figure 3.4) showed that restricted acquisitions

did not move the distributions towards significance (at the origin).

3.3 Mean index values and cluster shape in the FA

vs. MD space

The mean index values were calculated across subjects for each index in the CSC and

LSC. On average the values were greater in the CSC when compared to the LSC. The

results are summarized in Table 3.1 and 3.2.

Plots of FA vs. MD were constructed to discern WM-GM distributions in a 2D

space. This analysis was motivated by work done by Hasan [35]. While WM and

GM distributions were discriminable in the LSC in this space, values from the CSC

displayed linear dependence (Figure 3.5). The cluster structure was a two dimensional

gaussian who’s axes run diagonal from the FA and MD axes. This linear dependence

was resolved with the index FAxMD which was simply the product of FA and MD.
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Table 3.1: Mean scalar index values from the LSC in the presence and absence of
cardiac gating. Values are on average lower in the LSC than in the CSC.

MD (1E-3) FA FAxMD (1E-3) lADC (1E-3)

WM
lum UG 0.751 0.293 0.214 0.461
lum G 0.799 0.290 0.227 0.487

GM
lum UG 0.744 0.226 0.153 0.298
lum G 0.815 0.218 0.161 0.304

CSF
lum UG 1.999 0.067 0.133 0.231
lum G 2.064 0.065 0.123 0.211

Table 3.2: Mean scalar index values from the CSC in the presence and absence of
cardiac gating. Values are on average greater in the CSC than in the LSC.

MD (1E-3) FA FAxMD (1E-3) lADC (1E-3)

WM
cerv UG 0.968 0.385 0.366 0.871
cerv G 1.231 0.338 0.396 0.904

GM
cerv UG 0.961 0.318 0.290 0.631
cerv G 0.953 0.326 0.305 0.677

CSF
cerv UG 2.574 0.082 0.149 0.260
cerv G 2.622 0.077 0.174 0.320
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Figure 3.5: The structure of the WM, GM and CSF distributions (red, blue and

green respectively) in the FA vs. MD space. A) Lumbar data from

one typical subject. WM and GM distributions with a high degree of

overlap. Gating does not have an effect. B) Cervical data from one

typical subject. The WM and GM distributions run parallel to each other

through the 2D space showing a linear dependence between the variables

FA and MD (illustrated with dashed grey lines). Cluster segregation

appears to improves with gating.
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3.4 Classification

3.4.1 ROC Classification

Significant misclassification of CSF-contaminated WM as GM was observed in the

FA values for the LSC as well as the FA, FAxMD and lADC values of the CSC (Ex-

emplary data illustrated in Figures 3.6 - 3.9). This result indicates that a histogram

of the image data will overrepresent the occurrence of GM and underrepresent the

occurrence of WM, meaning scalar threshold classifications will be biased. Detailed

classification results can be found in Figures B.23 to B.32.

GM classification in the FAxMD and lADC values in the LSC were especially poor

(Figures 3.6 - 3.7) and were not improved by gating. The classifier was not able to

resolve GM and CSF values in the LSC using these indices. This was likely due to

increasing PVEs in the lower levels of the cord which made GM values comparable

to CSF values. Additionally, WM values also appeared to suffer from PVEs in the

LSC where they were less than those in the CSC.

Four anatomical markers, ventral horns (VH), lateral canals (LC), ventral columns

(VC) and dorsal columns (DC), were used as a measure of the quality of the images

obtained through the ROC classification. The summary of the percent occurrence of

four anatomical markers is presented in Tables 3.3 and 3.4.

Gating had the greatest effect in the CSC where the greatest separation between

classifications was observed. However, the average increase in anatomical markers

was only 3% (which corresponds to 2-3 images). Therefore, gating did not have an

effect in improving classification performance.
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Figure 3.6: Exemplary classifications of ungated LSC data (WM - red, GM - blue

and CSF- green). The first column corresponds to the original image data

for a particular index. The second and third columns of images are the

results of the ROC and Normal Model classifiers run on the original data.

The ROC classification of GM and CSF is poor for all but the MD data.
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Figure 3.7: Classification of gated LSC data (WM - red, GM - blue and CSF- green).

The first column corresponds to the original image data for a particular

index. The second and third columns of images are the results of the

ROC and Normal Model classifiers run on the original data. The ROC

classification of GM and CSF is poor for all but the MD data.
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Figure 3.8: Classification of ungated CSC data (WM - red, GM - blue and CSF-

green). The first column corresponds to the original image data for a

particular index. The second and third columns of images are the results

of the ROC and Normal Model classifiers run on the original data. The

ROC classification of CSF-contaminated WM (at the periphery of the

cord) is poor and is often misclassified as GM for the FA, FAxMD and

lADC index. The MD index does not have this problem but it is not

capture the amount of anatomical details as FAxMD and lADC (where

the ventral horns can be seen).
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Figure 3.9: Classification of gated CSC data (WM - red, GM - blue and CSF- green).

The first column corresponds to the original image data for a particular

index. The second and third columns of images are the results of the

ROC and Normal Model classifiers run on the original data. The ROC

classification of CSF-contaminated WM (at the periphery of the cord)

is poor and is often misclassified as GM for the FA, FAxMD and lADC

index.
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Table 3.3: Fractional occurrence of anatomical Markers in classification maps of the
LSC derived from the high threshold ROC classifier and the Normal Model
Classifier. The markers were identified by a single observer (the author)
and the number of observations was divided by the total number of images.

ROC Norm
Anat. Marker UG G UG G

VH 0.08 0.08 0.19 0.23
LC 0.33 0.34 0.59 0.59
VC 0.28 0.32 0.64 0.67
DC 0.36 0.37 0.72 0.70

Table 3.4: Fractional occurrence of anatomical Markers in classification maps of the
CSC derived from the high threshold ROC classifier and the Normal Model
Classifier. The markers were identified by a single observer (the author)
and the number of observations was divided by the total number of images.

ROC Norm
Anat. Marker UG G UG G

VH 0.34 0.30 0.42 0.50
LC 0.58 0.61 0.82 0.92
VC 0.29 0.34 0.70 0.74
DC 0.53 0.53 0.78 0.86

3.4.2 Normal Model Classification

The normal model classification showed more faithful reproductions of anatomy be-

cause it allowed for voxels to have soft membership to the different classes. This is rep-

resented in the higher fractional occurrence of the anatomical markers (Figures 3.10 -

3.11). This kind of classification scheme is most useful for creating probability maps

of tissue types but not for strict classification.

CSF-contaminated WM pixels were frequently misclassified as GM, especially in

the MD and FA values of the LSC. This effect was observed to a lesser extent in all

the values of the CSC. The classification of GM in the LSC was very poor for the

FAxMD and lADC values. This was because the scalar index for GM was comparable
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Figure 3.10: The Prevalence of four anatomical markers in the classification maps

of the LSC data. The markers were identified by a single observer (the

author) and the number of observations was divided by the total number

of images. The fractional representation on the Normal Model Map is

plotted against that on the ROC map. The occurrence of VH is generally

low for both classifiers. The Gaussian model performs better than the

ROC when retaining LC, VC and DC structures. The MD index was

the most successful in retaining LSC structure. Gating did not have an

effect on performance.
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Figure 3.11: The Prevalence of four anatomical markers in the classification maps of

the CSC data. The markers were identified by a single observer (the

author) and the number of observations was divided by the total number

of images. The fractional representation on the Gaussian Model Map

is plotted against that on the ROC map. The structural information

retained by the classifiers is much greater than that retained for the

LSC. The Normal Model classifier retains more structural information

than the ROC classifier. Gating generally improved the performance of

one or both of the classifiers.
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to that of CSF.

3.5 Theoretical Model of Classifiers

A theoretical model of classification based on an ideal image indicated that GM and

WM ratios in the CSC and LSC were great enough that differentiation between GM

and WM was possible (Figure 3.12). That is to say, that provided the sample pixels

were chosen correctly, the two tissues could theoretically be resolved.

A second theoretical model was constructed to analyze the effect of PVEs on

classification in the LSC (Figure 3.13) and CSC (Figure 3.14). An ideal image was

filtered through an averaging algorithm which pixilated it to a specified resolution.

The value of each pixel was compared to the ‘true’ GM or WM value. This analysis

indicated two things; first that sampling of “pure” GM voxels is not possible at the

resolution used in this study and second, that regardless of resolution, misclassification

of CSF contaminated WM as GM is always possible. Even for a high threshold

classifier, these two cases cannot be distinguished with a scalar classifier.
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Figure 3.12: Theoretical Classification of SC tissue of ideal data given the DTI reso-

lution (WM - red, GM - blue and CSF- green). The top row of images

corresponds to the original theoretical histological data which is being

classified (Taken from work done by Tinley [68]). The middle row of

images corresponds to ROC classification of the idea data. The third

row corresponds to normal classification of the theoretical data.
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Figure 3.13: Theoretical high threshold classification of LSC data as a function of

resolution. The blue and red dots correspond to values equal to ‘true’

GM and WM values respectively. Misclassification of CSF-contaminated

WM as GM occurs regardless of resolution (example indicated by green

arrow). The resolution used in this study is boxed in yellow. The

anatomical images were taken from work done by Tinley [68]
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Figure 3.14: Theoretical high threshold classification of CSC data as a function of

resolution. The blue and red dots correspond to values equal to ‘true’

GM and WM values respectively. Misclassification of CSF-contaminated

WM as GM occurs regardless of resolution (example indicated by green

arrow). The resolution used in this study is boxed in yellow. The

anatomical images were taken from work done by Tinley [68]
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Chapter 4

Discussion

4.1 ROC Analysis

The discriminability of WM-GM and GM-CSF distributions, as measured with ROC

analysis, was examined in the presence and absence of cardiac gating. This measure

indirectly provided a measure of the quality of DTI values in the LSC and CSC by

measuring the degree of contrast between WM, GM and CSF values.

Gating had an effect on the CSC but not on the LSC. This was expected since

motion has been shown to be greatest in the CSC but not so in the LSC [25]. Differ-

ent indices provided better discriminabilities at the two cord levels. This change in

optimal indices is primarily attributed to the changing PVEs in the cord that vary

according to the cross sectional area of the cord - which decreases caudally. There

is also evidence that suggests the anisotropy levels change in different WM tracts

in the brain [14] this raises the possibility that the anisotropy measures in the WM

tissues might change at different levels of the cord. This point is further supported

by cellular evidence that the average size of cell bodies increases at more caudal levels
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of the cord[66]. Additionally, Schwartz, who worked with rat models, found corre-

lations between axon morphology and DTI values [61]. This hypothesis is, however,

tentative and a more thorough analysis of the relationship between the variable cel-

lular structures of WM and GM and DTI indices is needed to draw any meaningful

conclusions.

The discriminabilities of WM-GM in the LSC was comparable for all indices except

for MD which was low. MD was a poor measure of the difference between WM

and GM in the CSC because the average of the eigenvalues (EVs) is not bound to

anisotropy (Equation 1.10). That is to say, MD will provide a measure of the average

magnitude of the eigenvectors which is not related to anisotropy. This is most relevant

when distinguishing fluids from tissues because fluids, such as CSF, will have very

high eigenvalue values due to high degree of isotropic diffusion permitted by a fluid

environment [50]. When distinguishing WM and GM tissues in the SC the MD

measure less informative for two reasons; first, the primary structural difference is

the anisotropy of the tissues, a property that is not captured by the MD index. And

second, there is a high degree of tissue mixing in the GM voxels, therefore the average

magnitude of the GM and WM eigenvalues will be comparable.

In the LSC, FA, FAxMD and lADC all provided comparable discriminations of

WM-GM however the FA index performed best when distinguishing both WM-GM

and GM-CSF. This was because it is a non-linear measure of deviation from isotropy

(Equation 1.12). That is to say, it is sensitive to small differences from isotropy

and increasingly insensitive to larger changes (diminishing return with increasing

anisotropy). This is ideal for looking at this region of the cord where PVEs are a

considerable concern. FAxMD and lADC are both linear measures of the deviation
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from isotropy and are as sensitive to large changes as they are to subtle ones. This

meant that, small deviations from isotropy (difference between WM and GM) were

only moderately captured by these indices. The decreased discriminability of GM-

CSF observed in the FAxMD and lADC indices indicates that the magnitude of the

differences between the primary EV and the mean of the EVs is comparable for CSF

and GM voxels. This is consistent with the scenario where a set of CSF EVs are

very large and approximately equal; if the mean is subtracted from the largest EV

(which is not much larger than the others) this measure will be very small relative to

the magnitude of the original EVs. However, this calculation would produce a value

that is comparable to the same value calculated for a much smaller anisotropic voxel,

whose primary EV is relatively large when compared to the transverse EVs, whose

magnitude is very small. The underlying issue, is these measures do not carry infor-

mation on relative degree of anisotropy, but rather on the magnitude of anisotropy.

This is a fair assumption when all the voxels being examined have comparable EV

magnitudes (as in the case of WM and GM), but otherwise the results can be mis-

leading (as in the case of GM and CSF). This effect, coupled with the very small cross

sectional area of the LSC would lead to general decreases in the observed magnitudes

of anisotropy measures in this region making GM-CSF harder to distinguish.

Discriminability in the CSC was best with the FAxMD and lADC indices and

the effect of gating was most pronounced in the CSC where shifts were observed

in MD, FA and FAxMD values. MD and FAxMD reflected changes that improved

WM-GM discriminability, while gating decreased FA WM-GM discriminability. The

WM distributions did not benefit from being collected across a predictable, sequential

periodic motion, meaning that an element in the FA measurement is resonating with
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periodic motion, causing the degradation of WM-GM discriminability. Analysis of

the data distributions fitted to gaussians indicated that the discrepancy arose due to

a decrease in the means, and increase in the spread of the WM clusters. The GM

clusters remained approximately the same, but the WM clusters shifted to lie over

top of them after gating (See Figures B.15 - B.21).

4.2 The Effect of Cardiac Gating

The efficacy of restricted gating was analyzed using ANOVA F-tests which measured

the change in cluster variance before and after gating. The ANOVA were run on both

full data sets and partial data sets that only included data collected after systole (when

motion is greatest). The results for the LSC and CSC are summarized in Figures 3.3

and 3.4.

The effect of cardiac gating was not pronounced in the LSC either with or without

restricted gating. Cardiac gating was observed to have an effect on MD values in

the CSC. This is consistent with the findings of Figley who found there to be little

pulsatile motion in the LSC [25] . This result indicates that the effect of motion is to

inflate eigenvalue magnitudes which has a considerable effect on the MD, but only a

moderate effect on the other indices which primarily represent anisotropy.

Restricting the analysis to the low motion phases of the cardiac cycle did not

enhance the effect of cardiac gating in any measurable way. This result suggests that

the errors incurred by motion in the CSC are not related to the magnitude of motion

during the time of image acquisition. However, it is also possible that the elimination

of the high motion phases of the cardiac cycle were not sufficient to improve the image.

The possibility that improvements may be seen with extremely restricted acquisitions
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to during the quiescent phases of the cardiac cycle (60 - 80 % through the cardiac

cycle as reported by Figley [25]), has not been fully examined.

4.3 Cluster shape in the FA vs. MD space

A linear dependency was observed between FA and MD values in the CSC (see Fig-

ure 3.5). This was prohibitive to discrimination of the tissue clusters along either

the FA or MD axis. This relationship was not readily observable in the LSC. The

issue was addressed by taking the product of the two indices giving FAxMD; this new

index provided higher tissue discriminability than either FA or MD independently in

the CSC (Figure 3.2). This index was applied to the lumbar data as well, though

it did not yield an improvement in tissue discriminability indicating a fundamental

difference in DTI values in the LSC and CSC (Figure 3.1). In the CSC, membership

to either the GM or WM class is dependent on both the average magnitudes of the

eigenvalues as well as the degree of anisotropy. Specifically, as the eigenvalue mag-

nitudes increase, the anisotropy decreases. This distribution could have been due to

differential PVEs in the sampling procedure which sampled both ‘pure’ WM voxels

as well as some which were CSF contaminated (which would pull the values to the

bottom right corner of the FA vs. MD space). Similarly, mixed sampling of the ‘pure’

GM voxels as well as GM voxels contaminated with WM could pull part of the distri-

bution towards the upper right corner of the FA vs. MD space. In the LSC this was

not observed because all the voxels are afflicted with PVEs approximately equally.
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4.4 Classification

Classification analysis was done on entire 8 x 9 images to determine how well the

distributions of the chosen points represented the whole data set. Thus, the images

provided a measure of how well tissue discriminability, run on a subset of voxels from

the original image, represented image quality.

The first model was an ROC-best criterion model. The best criterion for discrim-

ination of WM-GM and then GM-CSF were calculated and then used to construct a

high-threshold classification scheme (middle column in Figures 3.6 - 3.9). This model

does not represent degenerate data sets well because it assumes the data is nearly

noiseless - this assumption is not ideal given the inherent noise in DTI data. In this

particular case this is relevant because this model may not capture regions of tissue

mixing (PVEs). The quality of the classification maps was quantified by the relative

occurrence of recognizable anatomical landmarks, the lateral WM columns (LCs), the

central canal (CC) and the ventral horns (VHs).

The second model was a Normal model which used the cluster statistics (mean

and standard deviation) to construct a tri-modal representation of the tissue types.

Despite the percentage of non-normal distributions (mentioned at the start of the

Discussion section), the majority of the clusters could be fit to a Gaussian model and

the amount of information retention was examined. This model assumed that the

mean of each distribution represented a P=1 chance that index value corresponded to

the associated tissue and that the probability decreased with decreasing distance from

the mean in accordance with the standard deviation (for illustrations see Figures B.15

to B.22). The advantage of this approach was the representation of PVEs in the

probability maps. Each tissue probability was an entry into an RGB vector, giving
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the probability map full colour range and therefore also representing the degrees of

tissue mixing within voxels. The quality of these images was quantified by the relative

occurrence of an anatomical landmark, the VHs.

4.4.1 ROC Classification

In the LSC, the ROC model was able to moderately capture large WM structures

(LC, VC, DC). However the GM classification was, on the whole poor (Tables 3.3 -3.4

and Figures B.23 - B.27). Figure B.24 shows GM being over-represented in the tissue

regions. Figures B.25 and B.26 illustrate how GM is not easily discerned from CSF.

This indicated that the structural data carried by the best-criterion ROC classifier

was not sufficient to discern GM from noise and CSF. This issue may have been due to

decreases in GM anisotropy in the LSC as compared to the CSC, thereby decreasing

FAxMD and lADC values for GM in this region. This is consistent with the findings

of Suzuki [66] which found that cell body sizes were greater in the LSC as compared

to the CSC. This increased size may have lead to increased isotropy measures in the

LSC. The decrease in magnitude of the indices of GM made the distribution difficult

to discriminate from CSF. This led to misclassification between the GM and CSF

populations.

Generally, the CSC results showed a higher degree of WM structure discernability

compared to the LSC. The rate of GM misclassification was very high for the FA

index and to a lesser extent, the lADC index (Figures B.29 and B.31). This was

likely due to the degeneracy between FA values for GM and CSF-contaminated WM.

In most images, the ROC model was able to capture large WM structures (LCs and

CC), indicating that the discriminability of WM from the surrounding tissues is the
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best benchmark for DTI in the SC.

The strict agreement maps for the LSC (Figure B.27) indicated that the incon-

sistently labeled voxels correspond to regions of CSF-contaminated WM. The mean

ROC map in the LSC revealed an increase in recognizable WM structure and a slight

improvement in GM classification. Averaging the normal maps across index classifi-

cation maps for each subject increased the image quality in so much as the VHs were

more easily identified.

Similar to the LSC, in the CSC the strict agreement maps (Figure B.32) indi-

cated that the inconsistently labeled voxels correspond to regions of expected CSF-

contaminated WM. In some images the VHs can be identified, as can the LCs and

CC. This kind of precise structural information was not seen in the LSC results.

The mean ROC map revealed improvement in the discriminability of WM structures

and an improvement of GM classification. The LCs and CCs can be clearly seen,

though the dorsal and ventral WM columns can also be made out in some images.

These structures enclose regions consistent with the VHs. Similarly, averaging the

normal maps increased the image quality making the VHs more easily identifiable

and displaying the familiar secondary structure of the WM.

The misclassification of CSF-contaminated WM illustrated that, given the reso-

lution of the chosen protocol, the three categories chosen (WM, GM and CSF) were

not sufficient to represent the whole image data set. The proper classification of this

data will require either another classification criteria (CSF-contaminated WM), the

incorporation of a priori 2D structural information or possibly a higher dimensional

classifier [46]. The non-classification of the CSF contaminated WM by the normal

model supports the proposition of a fourth classification category. This possibility
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was not explored prior to this experiment. The incorporation of a priori knowledge

to the classifier could be accomplished by building a flexible Baysian probability map

to represent regions that are likely to be WM, GM or CSF [56, 8]; or by setting

stochastically and/or probabilistically implemented rules to pixel classifications (for

example, a WM pixel should be connected to another WM pixel or a WM pixel will

not be surrounded by CSF pixels) [42].

Comparison with ROC expectations

In the LSC, as expected from the ROC analysis, the MD index provides good tissue-

CSF discrimination and fair WM-GM discrimination. CSF regions were sometimes

misclassified as GM, however, these regions are consistent with the locations of the

tissue boundaries of inside spinal canal. The FA index provided poor tissue classifi-

cation and a large portion of the CSF-contaminated voxels were misclassified as GM.

In addition, there was more tissue classified as GM than WM for both MD and FA,

which was not consistent with known anatomy. In summary, these results suggest

there is a high degree of misclassification of WM as GM. This was likely due to WM

contamination in the chosen “pure GM” voxels (as mentioned above). The structural

data carried by the FA was less than that carried by the MD data which was not

expected following the ROC analysis (Figure 3.1). This discrepancy was likely due

to the unanticipated degeneracy between FA values for GM and CSF-contaminated

WM.

The FAxMD and lADC data in the LSC were both very poor classifiers of GM.

However, recognizable WM structures could be discerned (LCs and CC) and these

structures would trace out the expected locations of the VHs. This discrepancy was
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likely due to the unanticipated degeneracy between FA values for GM and CSF-

contaminated WM as well as CSF noise.

In the CSC, the MD classification was consistent with the expectations drawn

from ROC analysis (Figure 3.2) in that they provided good tissue-CSF discrimination

and fair WM-GM discrimination. The FA classification was worse than anticipated

because of the high degree of overlap between GM and CSF-contaminated WM.

This lead to the over-classification of GM in the images. As expected, the FAxMD

and lADC classification schemes both captured a large portion of the expected WM

structure.

The improved GM classification, as compared to the LSC, was due to the“truer”

sampling of GM voxels which helped distinguish them from CSF-contaminated WM.

Additionally, the larger cross section of the cord helped reduce the effect of PVEs at

the WM-CSF boundary, making the distinction easier.

4.4.2 Normal Model Classification

The normal model analysis of all the data in the LSC indicated a high degree of

overlap between the GM and WM distributions (as indicated by all the pink) as can

be seen in Figures B.23 - B.27. In most cases, CSF contaminated WM was either

unclassified (black) or misclassified as GM.

The normal model analysis of all the data in the CSC indicated a much stronger

discriminability of GM and WM distributions (as compared to the LSC) as can be

seen in Figures B.28 - B.32. This was expected, given the larger cross section of

the cord. In most cases, CSF contaminated WM was either unclassified (black) or

misclassified as GM.
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4.5 Assumptions

In this study we assumed that tissue discernibility was directly related to image

quality. In the absence of motion the PVEs (partial volume effects) should have

theoretically been limited only by the spatial resolution of the magnet (see third row

of Figure 3.12). In the presence of motion the information acquired would have been

affected by both PVEs, co-registration errors and phase errors. These would have

manifested as decreased tissue discriminability, errors in tractographic reconstructions

(not done in this study) and ghosting errors respectively. No tractography was done

during this study and the time scale for image acquisition as compared to the time-

varying acceleration due to cardiac motion was assumed to be negligible enough to

assume that ghosting would not be a significant source of error (significant ghosting

was rarely observed in the raw data). Furthermore, the restricted acquisition did not

provide an improvement to gating, therefore the primary source of error were assumed

to be from PVEs.

Each WM or GM voxel was assumed to be a sample of “pure” WM or GM which

is most likely not the case. Because of the resolution of the scan it was likely that

most of the voxels chosen were not “pure”. However, based on known anatomical

information and careful alignment of the images, each chosen voxel is likely to be

primarily made up of the chosen tissue.

Each volume imaged was assumed to be homogenous in two ways: 1) the ratio of

GM to WM and 2) the associated distributions of DTI values (i.e. a DTI value from a

pure WM voxel from slice one was assumed to be sampled from the same distribution

as a pure WM voxel in slice 10) in the first two parts of the study (ungated and

simple cardiac gated).
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The highest motion part of the cardiac cycle was assumed to be within the 255ms

period after peripheral pulse systole [25]. This assumption cannot be universally

correct because the heart rates of different subjects will vary greatly as will the heart

rate of individual subjects over the course of a given study. However, the goal of this

analysis was to observe the improvement (if any) when ‘known’ high motion data

was removed. The observed results were expected because motion has been found to

be negligible in the lumbar cord where no improved discernability was observed and

motion has never been proven to be significantly damaging to cardiac gated DTI in

the CSC.

The manual alignment of the tissues by a single classifier (the author) was assumed

to be accurate, however personal biases are unavoidable. In a future study this might

be minimized by having multiple classifiers working on the same images and using

the averaged classification.

The removal of the “high motion” data might have led to the under-sampling of

the WM and GM distributions, thus misrepresenting the resolution of the clusters.

Discriminability was not observed to improve according to the ROC analysis. The

limitation for this could have been the number of available samples. In any given

slice of the cord only two ‘likely to be GM’ voxels were available (from the ventral

horns). The dorsal horns and grey commissure were not included because their loca-

tion could not reliably be elucidated, indicating that their spatial positions and their

sizes were not consistent enough to be included as “reliably GM”. Additionally, the

grey commissure surrounds the central canal which contains CSF, which would lead

to unavoidable PVEs. The WM was sampled at the same rate as the GM to avoid

washing out the GM distribution. This was especially important in the lumbar cord
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where WM contamination of the GM voxels was unavoidable at the given resolution.

The under-sampling issue was dealt with by looking at the results from 9 subjects,

none of whom showed improvement during restricted acquisitions. If restricted ac-

quisitions improved the effect of cardiac gating, it would be reasonable to expect this

effect to show up in one or more subjects. The absence of this result indicates that

restricted acquisitions do not improve the quality of DTI values in the CSC.

4.6 Conclusions

According to this study, tissue classification by DTI in the spinal cord appears to

have some, albeit limited, reliability. MD does not appear to be as good a measure of

tissue information in the CSC as the LSC, while lADC and FA both provided higher

resolution imaging in the CSC but were poor benchmarks for classification in the

LSC. Measures specific to the conditions of the region being imaged are necessary

given the limits of the MRI resolution. The dependency of FA and MD make these

individual measurements poor benchmarks for tissue discriminability on their own,

however the product of the two provides good discriminability in the CSC. In the FA

vs. MD plot, the classification threshold appears to be a diagonal line drawn through

the FA-MD space. This decision threshold could easily be identified with a simple

backpropagation perceptron network using the “pure” pixels as the training set [18].

Alternatively, an exhaustive linear fitting process, designed to split the data, could

be developed. However, given the high resolution observed in the lADC results and

the success of the FAxMD index, this classification methodology was not pursued.

Gated acquisition improved image quality for MD data in the CSC, however, a

restricted acquisition did not yield improvements to WM-GM resolution. In future
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studies, this might be a step which can be forgone because the cost of implementation

would be increased scan time. For example, given a heart rate of 0.9 beats/sec (67

bmp), avoiding the trailing and leading 200 ms before and after peripheral pulse

systole, there remains only 500 ms of time during which data can be acquired (56%

of the full heartbeat). This could easily double scan time, which may not be an

acceptable trade off depending on the nature of the study.

There was no dependable way to completely disentangle GM from WM in the

lumbar cord regardless of gating. This was an expected result since the cross section

of the lumbar cord is much smaller and no chosen pixel could be assumed to be a “pure

sample”. Therefore the best classification for this region, with the given resolution,

will only ever be “mostly likely WM” and “either WM or WM and GM”. However,

tissue-CSF discrimination appears to be quite feasible.

4.7 Future Work and Considerations

Both the magnitude of the scalar indices as well as the relative means of the GM,

WM and CSF clusters were variable between subjects. Therefore, individual subject

analysis is recommended for future studies.

DTI in the LSC appears considerably less reliable than DTI in the CSC, which

was expected given the difference in cross-sectional area. This implies a limit to the

conclusions which can be drawn from DTI in the LSC at low resolutions. Theoretical

analysis of PVEs indicates that resolution of 8 x 6 (which is approximately 1 mm2 in

plane resolution) across the area of the cord are required to discriminate “pure GM”

voxels. The resolution in this study was approximately 5 x 6 across the LSC (1.6

mm2 in plane resolution). Previous work done on the effects of PVEs on DTI values
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indicates that the effect cannot be resolved with the current model of diffusion [2].

When doing spinal DTI studies, high in-plane resolution is required in the lumbar

cord since the cross section is much smaller than in the CSC. However, care must be

taken to avoid regions of high spinal curvature which will be a problem for long voxels

(3mm in this study but 5mm in many other studies). In this study 1.6 x 1.6 x 3 mm3

voxels were chosen to avoid the curvature problem as much as possible in the cervical

spinal cord. The cost of this was reduced in plane resolution which likely affected the

accuracy of the pixel classification. However, the elucidation of the observed patterns

is a testament to the robustness of the data. Finding measures of discriminability

could be valuable to tractography studies because the information could be used to

guide seed points and probability based tracktography models and exclude regions of

GM.

The issues with DTI in the SC do not appear to be motion related at this point in

time. Though it is very possible that motion has an effect in the SC, at the resolution

and timescales used in this study, the observed effect is not prohibitive for most DTI

scalar indices. The limitations imposed appear to be due to resolution (PVEs) and

susceptibility errors (inferred by process of elimination). Therefore the concentration

of immediate studies should focus on these limitations above cardiac motion with

respect to DTI imaging.
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Appendix A

DTI Scans

A.1 Scanning Procedures

Prior to running a DTI scan, a localizer scan is required to orient and guide the dif-

fusion weighted scan. HASTE (Half fourier Acquisition Single shot Turbo spin Echo)

is a protocol based on the the more general category of RARE (Rapid Acquisition

with Relaxation Enhancement) sequences which employ the use of a spin echo train

to encode multiple k-space lines which considerably reduces imaging time. This ac-

quisition samples half of k-space and uses an echo train with refocusing pulse less

than 180◦ [9]. The reason for this is that these scans cause a large degree of patient

heating therefore the energy imparted by the string of RF pulses must be minimized.

A HASTE protocol can be used to obtain anatomical information when susceptibility

artifacts and the time of the scan need to be limited. For example, HASTE scans

have been successfully used to image dynamic organs in the body which experience

unavoidable physiological motion as well as patients who exhibit unavoidable gross

motion [55]. Therefore the HASTE protocol is ideal for collecting localizer images.
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It takes up very little scan time and provides adequate anatomical information from

which more specifically targeted scans can be guided.

The optimal DTI protocol is one which takes into account the tissue constitu-

tion of the area being scanned as well as the objective of the scan. In regions prone

to susceptibility errors it is important (when possible) to keep data readout dura-

tion short. Additionally, SS EPI (Single-Shot Echo Planar Imaging) should be used

to avoid signal phase shifts during k-space sampling. The readout train should be

kept as short as possible because SS EPI is limited by the amount of signal avail-

able during the readout train. The readout duration can be kept short by partially

sampling k-space. Because echo times must be kept as low as possible it is useful

to use Parallel Imaging such as Sensitivity Encoding (SENSE). This will keep the

echo time low while not compromising the desired spatial resolution, however it will

decrease the SNR. When using parallel imaging with a typical acceleration factor of

2, the number of echos needed to capture an image are halved. Therefore, a 512x512

image, that would typically require 512 echoes, requires only 256. This allows distor-

tions to be minimized without sacrificing resolution. Using parallel imaging requires

multiple channels and coils to read the simultaneous emitted signals from multiple

k-space readings. The Queen’s University research scanner has available head, neck

and chest coils which allow for SENSE parallel imaging in those regions of the body.

Parallel imaging uses multiple channels to sample different parts of k-space simul-

taneously [59]. Those different k-space samplings reconstructed into folded images

(wrap around exists because of the FOV is greater than what is being imaged) which

can be reconstructed into a non-folded image. The acceleration factor must be kept

low because the smaller the FOV of the k-space sample for each channel, the more
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problems arise during image reconstruction.

SENSE with an acceleration factor of 2 can be used to acquire DTI data. Phased

array coils are hardware which are employed with parallel imaging to increase the

signal quality. The more receiver coils the more regions of k-space can be simulta-

neously read because the different receiver coils have different spatial sensitivity so

they provide added spatial information. In this study a phased-array spine receiver

coil and body coil were used for the lumbar acquisitions while a posterior neck coil

and anterior neck coil were used for the cervical acquisitions. Individual images re-

constructed from the block of sampled k-space will experience considerable aliasing

artifacts but the known spatial location of the k-space sample and the consistency

of these error allows for correction of these artifacts during later stages of image

reconstruction (done by the scanner software before the images are passed to the

user). The cost of using parallel imaging is lower SNR because of lower scan time and

the image “unwrapping” during reconstruction. This protocol is very useful for DTI

scans because the long readout trains can cause considerable spatial distortions. The

employment of parallel imaging allows the echo train length to be decreased linearly

with the number of receiver coils [9].

A.1.1 The Relationship between the T2 weighting and Dif-

fusion weighting

Diffusion weighting is a supplement to a T2 weighted image therefore the effects of T2

weighting cannot be detangled from the signals collected during a DTI scan. Any DTI

scan is therefore inherently T2 weighted. However, the T2 weighting will be equally

added to all diffusion weighted images and therefore will, in theory, affect all the

110



images the same. The variability is introduced by the direction dependent diffusion

constants estimated for each image. Since the scalar addition of the T2 signal is the

same for all images this will not be reflected in the eigenvalues of the tensor because

the eigenvalues measure is that of variance along the three axes of maximum variance.

Because variance is magnitude independent, the T2 weighting will not affect the DTI

values.
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Appendix B

Detailed Results

This appendix contains the detailed results for the experiments described in this

documents. Figures B.1 - B.3 detail the scalar data distributions for the LSC data.

While Figures B.4 - B.6 details these results for the CSC. Figures B.7 - B.14 detail the

the data which was analyzed with an ANOVA to determine the change in variance

before and after cardiac gating. Figures B.15 - B.22 are the Normals fit to the tissue

distributions that were used for the Normal Model Classifier. Finally, Figures B.23

- B.32 are the complete classification maps for all the images (lumbar and cervical,

gated and ungated for all scalar indices).
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Figure B.1: FA vs. MD for the lumbar cord: The ROC analyses are run on the WM-

GM (red and blue) distributions along the MD and then the lADC axes

to compare discriminability with those measures. The discriminabilities

of tissues from CSF (red+blue and green) were all near or equal to one.

A) Ungated data. The mean ROCMD = 0.567 and ROCFA = 0.754. B)

Gated data. The mean ROCMD = 0.629 and ROCFA = 0.763
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Figure B.2: Histograms of MD x FA data for the Lumbar cord. A) Ungated Data:

The average ROC discriminability for WM-GM was 0.763 and 0.781 for

tissue-CSF. B) Gated Data: The average ROC discriminability was 0.771

for WM-GM and 0.807 for tissue-CSF.
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Figure B.3: lADC Lumbar Data: The ROC analyses are run on the WM-GM (red and

blue) distributions and the Tissue-CSF (red+blue and green) distribu-

tions. A) Ungated data. The mean ROCwm−gm = 0.787 and ROCtiss−csf

= 0.819. B) Gated data.The mean ROCwm−gm = 0.786 and ROCtiss−csf

= 0.821.
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Figure B.4: FA vs. MD for the cervical cord: The ROC analyses are run on the WM-

GM (red and blue) distributions along the MD and then the lADC axes

to compare discriminability with those measures. The discriminabilities

of tissues from CSF (red+blue and green) were all near or equal to one.

A) ungated data. The mean ROCMD = 0.628 and ROCFA = 0.810. B)

gated data. The mean ROCMD = 0.715 and ROCFA = 0.653.
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Figure B.5: Histograms of MD x FA data for the Cervical cord. A) Ungated Data:

The average ROC discriminability was 0.824 for WM-GM and 0.944 for

tissue-CSF. B) Gated Data: The average ROC discriminability was 0.904

for WM-GM and 0.935 for tissue-CSF.
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Figure B.6: Histograms of lADC values for cervical data: The ROC analyses are

run on the WM-GM (red and blue) distributions and the Tissue-CSF

(red+blue and green) distributions. A) Ungated data. The mean

ROCwm−gm = 0.864 and ROCtiss−csf = 0.940. B) Gated data.The mean

ROCwm−gm = 0.884 and ROCtiss−csf = 0.944.
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Figure B.7: MD - Lumbar Gated vs. Ungated data for GM and WM (blue and red

respectively) data A) All slice information. Significance differences in the

WM data variances were not observed in any subjects (F-test, p<0.05).

Significant differences in variance were observed in subjects 2, 3 and 8

(F-test, p<0.05). B) Excluding the four slices acquired immediately after

the peripheral pulse systole (the high motion phases of the cardiac cycle).

Significant differences in the variances of the WM data were not observed

in any subjects (F-test, p<0.05). Significant differences in GM data were

calculated for subject 8 (F-test, p<0.05).
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Figure B.8: FA - Lumbar Gated vs. Ungated data for GM and WM (blue and red

respectively) data A) All slice information. Significance differences in

the WM data variances were not observed (F-test, p<0.05). Similarly,

significant differences were not observed in the GM data (F-test, p<0.05).

B) Excluding the four slices acquired immediately after the peripheral

pulse systole (the high motion phases of the cardiac cycle). Significant

differences in the variances of the WM data were not observed (F-test,

p<0.05). Significant differences in GM data was observed in subject 6

(F-test, p<0.05).
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Figure B.9: FA x MD- Lumbar Gated vs. Ungated data for GM and WM (blue and

red respectively) data A) All slice information. Significance differences in

the WM data variances were not observed (F-test, p<0.05). A significant

difference was observed in the GM data of subject 9 (F-test, p<0.05).

B) Excluding the four slices acquired immediately after the peripheral

pulse systole (the high motion phases of the cardiac cycle). Significant

differences in the variances of the WM data were not observed (F-test,

p<0.05). A significant differences in GM data was observed in subject 7

(F-test, p<0.05).
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Figure B.10: lADC- Lumbar Gated vs. Ungated data for GM and WM (blue and red

respectively) data A) All slice information. Significance differences in

the WM data variances was not observed (F-test, p<0.05). A significant

difference was observed in the GM data for subjects 9 (F-test, p<0.05).

B) Excluding the four slices acquired immediately after the peripheral

pulse systole (the high motion phases of the cardiac cycle). Significant

differences in the variances of the WM data were not observed (F-test,

p<0.05). A significant differences in GM data was observed in subject

9 (F-test, p<0.05).
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Figure B.11: MD - Cervical Gated vs. Ungated data for GM and WM (blue and red

respectively) data A) All slice information. Significance differences in

the WM data variances were observed in all subjects except subjects 2

and 4 (F-test, p<0.05). Similarly, significant differences were observed

in the GM data of 4 out of 9 subjects (subjects 1,2,8 and 9) (F-test,

p<0.05). B) Excluding the four slices acquired immediately after the

peripheral pulse systole (the high motion phases of the cardiac cycle).

Significant differences in the variances of the WM data were observed

in subjects 3, 5 and 6 (F-test, p<0.05). Significant differences in GM

data were calculated from subjects 2, 6 and 9 (F-test, p<0.05).
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Figure B.12: FA - Cervical Gated vs. Ungated data for GM and WM (blue and

red respectively) data A) All slice information. Significance differences

in the WM data variances were observed in subjects 1, 3 and 8 (F-

test, p<0.05). Similarly, significant differences were observed in the GM

data of subjects 1 and 7 (F-test, p<0.05). B) Excluding the four slices

acquired immediately after the peripheral pulse systole (the high motion

phases of the cardiac cycle). Significant differences in the variances of

the WM data were observed in subjects 3 and 8 (F-test, p<0.05). A

significant differences in GM data was observed in subject 7 (F-test,

p<0.05).
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Figure B.13: FA x MD- Cervical Gated vs. Ungated data for GM and WM (blue and

red respectively) data A) All slice information. Significance differences

in the WM data variances observed in subjects 2 and 3 (F-test, p<0.05).

Significant differences were observed in the GM data for subjects 3 and

7 (F-test, p<0.05). B) Excluding the four slices acquired immediately

after the peripheral pulse systole (the high motion phases of the cardiac

cycle). Significant differences in the variances of the WM data were not

observed (F-test, p<0.05). A significant differences in GM data was

observed in subject 7 (F-test, p<0.05).
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Figure B.14: lADC- Cervical Gated vs. Ungated data for GM and WM (blue and red

respectively) data A) All slice information. Significance differences in

the WM data variances observed in subjects 2 and 6 (F-test, p<0.05). A

significant difference was observed in the GM data for subject 7 (F-test,

p<0.05). B) Excluding the four slices acquired immediately after the

peripheral pulse systole (the high motion phases of the cardiac cycle).

A significant difference in the variances of the WM data was observed

in subject 6 (F-test, p<0.05). A significant differences in GM data was

not observed (F-test, p<0.05).
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Figure B.15: Gaussians fits to Clustered Data: MD lumbar data.
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Figure B.16: Gaussians fits to Clustered Data: FA lumbar data
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Figure B.17: Gaussians fits to Clustered Data: FAxMD lumbar data
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Figure B.18: Gaussians fits to Clustered Data: lADC lumbar data
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Figure B.19: Gaussians fits to Clustered Data: MD cervical data
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Figure B.20: Gaussians fits to Clustered Data: FA cervical data
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Figure B.21: Gaussians fits to Clustered Data: FAxMD cervical data
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Figure B.22: Gaussians fits to Clustered Data: lADC Cervical data
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Figure B.23: Ungated and Gated results for the classification of MD data collected

from the LSC (WM = red, GM = blue, CSF = green). The tissue

classifications corresponds consistently with anatomical expectations.

There appears to be good CSF-tissue discrimination and fair WM-GM

discrimination. GM misclassifications occur in regions consistent with

the tissue boundaries of the spinal canal. The Norm-UG map provided

good tissue-CSF distinction, but only fair GM-WM distinction. This

is evident by the high degree occurrence of pink instead of red. The

CSF contaminated WM is either unclassified (appears in black) or mis-

classified as GM.
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Figure B.24: Ungated and Gated results for the classification of FA data collected

from the LSC (WM = red, GM = blue, CSF = green). The tissue

classifications corresponds somewhat consistently with anatomical ex-

pectations. There a large number of GM classified pixels, which is not

an anatomically consistent result. In the Norm-UG maps regions of

tissue are easily identified as pink masses but the precise structure is

more difficult to see.
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Figure B.25: Ungated and Gated results for the classification of FAxMD data col-

lected from the LSC (WM = red, GM = blue, CSF = green). The tissue

classifications corresponds poorly with known GM structure and fairly

with known WM structure. In the Norm-UG maps regions of tissue

not are easily identified, but there pink masses which are consistent with

the known location of the cord.
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Figure B.26: Ungated and Gated results for the classification of lADC data collected

from the LSC(WM = red, GM = blue, CSF = green). The tissue

classifications corresponds poorly with known GM structure and fairly

with known WM structure. In the Norm-UG maps regions of tissue

not are easily identified, but there pink masses which are consistent with

the known location of the cord.
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Figure B.27: Summed probability maps for lumbar data. The first column shows

the pixels which have been consistently labeled by all the criteria clas-

sifiers (MD, FA, MDxFA and lADC scalar indices) as WM (red), GM

(blue), or CSF (green). The regions labeled in purple correspond to

pixels labeled as tissue (WM or GM) by all the classifiers and the white

pixels correspond to CSF contaminated tissue. The occurrence of white

pixels is consistent with regions of CSF-Contaminated WM or tissue

boundaries of the spinal canal. Averaging the ROC classification maps

damped the effect of misclassified CSF observed in the FAxMD and

lADC data. ROC-UG)
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Figure B.28: Ungated and Gated results for the classification of MD data collected

from the CSC (WM = red, GM = blue, CSF = green). The WM

structure can be seen in a large fraction of the images.
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Figure B.29: Ungated and Gated results for the classification of FA data collected

from the CSC (WM = red, GM = blue, CSF = green). There is a

high incidence of GM classifications which is not consistent with known

anatomy. In the Norm maps the regions of tissue are easily identified

as pink masses and the CSF-contaminated WM is generally unclassified

(black).
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Figure B.30: Ungated and Gated results for the classification of FAxMD data col-

lected from the CSC (WM = red, GM = blue, CSF = green). WM

structures can be observed in most of the images.
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Figure B.31: Ungated and Gated results for the classification of lADC data collected

from the CSC (WM = red, GM = blue, CSF = green). WM structures

can be observed in most of the images.
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Figure B.32: Summed probability maps for cervical data. The first column shows the

pixels which have been consistently labeled by all the criteria classifiers

(MD, FA, MDxFA and lADC scalar indices) as WM (red), GM (blue),

or CSF (green). The regions labeled in purple correspond to pixels

labeled as tissue (WM or GM) by all the classifiers and the white pixels

correspond to CSF contaminated tissue. The occurrence of white pixels

is consistent with regions of CSF-Contaminated WM.
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