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Abstract

Diffusion imaging has become a mainstay amongst neuroimaging
methods. However, there is a paradox common to diffusion methods. While
the measured signal is generated from displacements on the order of tens
of micrometers, voxel sizes are typically 2-3 mm per side. Due to
limitations in the achievable signal to noise ratio, relatively large voxels will
likely remain standard in the field.

In turn, the resolution limits ensure that voxels at the interfaces
between tissue and cerebrospinal fluid (CSF) will inevitably contain a
mixture of both materials. This work sets out to deal with the situation of
partial volumed voxels by modelling and removing the signal due to CSF.

This was accomplished by rigorously establishing an optimal protocol
and robust fitting scheme, validating the method through iin wvivo
tractography, applying the free water elimination technique to a group of
individuals at risk for Alzheimer’s disease and, finally, comparing results to

those of the standard diffusion tensor imaging method.
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Chapter 1

Introduction

1.1 Outline

Chapter 2 addresses much of the background, which will be revisited
throughout the course of this dissertation, including an introduction to
diffusion and diffusion tensor imaging. The theory behind diffusion imaging
and the application of deterministic tractography is discussed. These tools
will later be utilized as a means to test the validity of the free water
elimination method.

This chapter also puts in place the motivation for such a technique. The
practical limitations of resolution and the consequences for diffusion
imaging are introduced. Lastly, Alzheimer’s disease is discussed from a
clinical and social perspective. This disease 1s demonstrated to be a
poignant application for such a method as the one developed here.

Chapter 3 is the first rigorous discussion of the free water elimination

diffusion imaging method. The theory as well as implementation details,



are presented in this chapter. The search for an optimal acquisition 1s
addressed through the use of Monte Carlo simulation techniques. These
same techniques are used to characterize the estimation performance.

Additionally, an example case in human brain i1s presented in this
chapter. An /n vivo model comparison between diffusion tensor imaging and
free water elimination is conducted using Bayesian Information Criteria.
Likewise, the reduction in partial volume effects is shown in the human
volunteer.

Chapter 4 provides a more thorough proof of CSF partial volume effect
reduction through the use of deterministic tractography. Here three
different white matter tracts (corpus callosum, fornix, and cingulum), of
which, two (corpus callosum and fornix) are prone to CSF PVE and one
(cingulum) is a ‘control’ are reconstructed for different DTI imaging
techniques. The techniques compared are ‘classic’ DTI, fluid attenuation
inversion recovery (FLAIR) DTI, and FWE DTI. It is known that FLAIR
directly resolves CSF PVE and, thus, results in longer tract reconstructions.
In this manner, reconstructed volume 1s used as the criteria for comparing
methods.

While FLAIR 1s unquestionably effective at CSF PVE resolution, it has

some undesirable characteristics which can be avoided through use of the
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FWE model. This chapter demonstrates that the FWE method is capable of
resolving PVE as well or better than FLAIR while providing greater SNR,
anatomical coverage, and time efficiency.

Also, this chapter further investigates the meaning of the isotropic
compartment in tissue that is distal from a CSF interface. Evidence is
provided that lends credence to the hence unsupported hypothesis that the
signal arises from the extracellular space.

Chapter 5 investigates the question of how white matter microstructure
relates to CSF biomarkers for Alzheimer’s disease. This is tested using
tractography and voxel-based analysis of both FWE and DTI metrics as
proxy for the microstructural environment.

The same set of tracts and general techniques employed in chapter 4 is
used here for tractography. The reconstructed tracts are then used to
define structure specific ROIs to evaluate the diffusion metrics in a series
of generalized linear models (GLM). Once multiple comparisons were
accounted for, there were no statistically significant results.

The voxel-based analysis was performed by using permutation testing
across a white matter mask. For the original data, as well as each

permutation, a GLM was fit and the resulting t-value recorded. This
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allowed for direct control of the family—wise error rate. For both DTI and
FWE, several of the biomarkers were correlated with diffusion measures.
The FWE f~value was generally more sensitive to diffusion differences
associated with CSF biomarker levels than DTI mean diffusivity. This was
manifest in larger clusters of significant voxels across the brain. For both
methods, the largest cluster was located in the left temporal lobe, a result
that is in line with known pathology in Alzheimer’s disease. The findings in
this study suggest that the /~value may be sensitive to the loss of axons.
Chapter 6 summarizes the contributions of this work and outlines

potential applications and developments in the future.



Chapter 2

Portions of this chapter have been published in Bramn Mapping: An
Encyclopedic Reference as the chapter entitled Diffusion Imaging Methods
(Elsevier) 2015.

Background

2.1 Diffusion Tensor Imaging

Diffusion MRI is a noninvasive imaging technique that uses the
microscopic movement of water molecules to probe tissue environments.
While voxel sizes are typically 2-3 mm per side, the signal originates from
water movements and microstructural features that are on the order of
micrometers.

Diffusion is the random motion of particles due to stochastic thermal
fluctuations (also known as Brownian motion). The Einstein equation [1]

describes diffusion in one dimension

_(ar?)
T 2At

where (Ar?) is the mean squared displacement (in mm?), D is the coefficient
of diffusion (in mm?/s) and At is the diffusion time (in s). The coefficient of
diffusion is a scalar quantity that depends on molecular size, viscosity of

the medium, and temperature. In an unstructured medium, molecular



displacements are characterized by a three—-dimensional Gaussian

probability distribution.

P(Ar,At) = ;exp <ir2>

\W 4DAt
Here we will define free water as water that is unhindered by boundaries.
Free water has a coefficient of diffusion of 3 x 10~ mm?/s at 37° C. For a
typical diffusion time of 50 ms, free water will be displaced approximately
17 ym on average.

In structured biological tissue, water does not freely diffuse. Rather,
diffusion is modulated by barriers and obstacles in the environment. Some
molecules are restricted inside cells or other closed spaces, while others
are hindered by objects that alter their paths to be more tortuous.
Additionally, barriers such as cell membranes slow the transport of water
from one compartment to another. As a result, the measured diffusion is an
apparent diffusion coefficient (ADC) that reflects the structure of the
microscopic tissue environment.

The result of these tissue microstructural barriers is often an
inequality in molecular hindrance with respect to direction. In fibrous tissue
such as white matter, water diffusion is relatively uninhibited in the

direction parallel to the fiber, while it is greatly restricted perpendicular to



the fiber. Thus, in early diffusion MRI experiments, the parallel and
perpendicular ADC was used to show anisotropy in diffusion in the brain
[2,3].

Diffusion imaging is typically carried out with a pulsed gradient spin
echo sequence utilizing a single shot echo planar imaging (EPI) readout. In
this sequence, relatively large diffusion weighting gradients are placed on
either side of the 180° refocusing pulse, Figure 2.3. The first gradient pulse
induces a linear phase dispersion in space across the sample, and the
second pulse re—-phases the magnetization. In the absence of motion, the
phases from both pulses completely cancel. However, the associated
magnetization will accumulate phase that is proportional to the net
displacement as water moves. In the case of coherent flow, this phase is
proportional to the flow velocity and is the basis for phase contrast
angiography. Conversely, diffusion causes incoherent random movements
that will lead to a dispersion in the displacements and corresponding phases.
This spread in the signal phase from diffusion causes destructive
interference and attenuation of the image signal.

The measured signal is a function of the molecular diffusion, gradient
amplitude, duration, and spacing. This attenuation due to diffusion was

characterized by Stejskal and Tanner [4]:
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Figure 2.1: Diffusion

Weighted Pulse Sequences.
Diffusion weighting can be
applied in any arbitrary
direction through
modulation of the slice
select (red), phase encoding

(green), and frequency
encoding (blue) diffusion
gradients.

where y is the gyromagnetic ratio, G 1s the
gradient amplitude, 6§ is the gradient duration,
and A

1s the temporal separation between

diffusion—encoding gradients. The collection of

these terms is referred to as the b-value and

determines the degree of diffusion weighting
with b = (yG6)? (A - g) It is important to note that

the diffusion wvalue above corresponds to
diffusion only in the direction of the applied
gradients. In order to calculate the full diffusion

tensor, a minimum of six non-collinear gradient

directions and a non—diffusion weighted acquisition are required. However,

as more independent directions are acquired, the uncertainty in DTI metrics

decreases [5].
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There are two important signal dependencies that arise from the
diffusion signal equation /7 vivo. Signal is dependent on the b-value used
for the imaging sequence, Figure 2.2. As larger b-values are used, there
1s greater attenuation and more contrast between tissues with differing

ADCs.

Figure 2.2: Signal dependence on b—value. All images have the same left-right gradient
direction applied. From left to right, the b-values are 0, 500, 1000, and 1500 s/mm?.

Second, there is a signal dependence on diffusion gradient direction
in structured tissue, Figure 2.3. This directional dependence is a reflection
of the diffusion anisotropy in tissue. As diffusion distances increase, signal
attenuation also increases. Thus, for a single tissue that allows relatively
unobstructed diffusion in one direction, but has greatly restricted diffusion
in another direction, the measured signal is highly dependent on the

diffusion direction.
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Figure 2.3: Signal dependence on gradient direction. All images have the same b-value
of 1000 s/mm? From left to right, the gradient directions are left-right, anterior-
posterior, and inferior—superior, respectively. The red arrow points out a major WM
tract called the corpus callosum. In this slice, the corpus callosum is oriented primarily
left-right and slightly anterior—-posterior, thus, there is greater diffusion (hence more
attenuation) in the left most image than there is in the right most image.

Basser et. al [6,7] proposed the diffusion tensor to better describe
the anisotropic diffusion that is seen in the parenchyma of the brain. In this
model the scalar coefficient of diffusion is replaced by a 3x3 matrix that is
related to the covariance of the diffusion displacement in three dimensions.
This matrix is symmetric (the off diagonals are equal) and positive definite,
as a negative apparent diffusivity is physically meaningless. Due to
symmetry, there are six unknown apparent diffusivities within the diffusion

tensor.
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The diffusion tensor may be 1 l
diagonalized to yield eigenvalues i y \
hy
(A1, A2, A3 with A1>A2>A3) and their

corresponding eigenvectors (g1, € o,

4

) ) ) Figure 2.4: Visualization of the diffusion
e 3). This gives the magnitude of tensor. The tensor is visualized as an

ellipsoid assumed to be aligned parallel to

ADC (eigenvalues) along specific fibrous tissue such as white matter
independent of the scanner reference

. . . . ) frame.
diffusion directions (eigenvectors).

In this way, the tensor can be visualized as an ellipsoid with the principal
axis direction given by the eigenvectors and length by the eigenvalues,
Figure 2.4. The formalism also allows for the definition of several
rotationally invariant scalar metrics, such as fractional anisotropy (FA),

mean diffusivity (MD), radial diffusivity (Dr), and axial diffusivity (Da).

Ayt A
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These metrics are commonly ascribed certain physical
interpretations. FA is thought to be indicative of general structural integrity
in white matter. Meanwhile, axial diffusivity is thought to correlate with
axonal integrity, and radial diffusivity is linked with degree of myelination.

Figure 2.5 contains example axial slices of these metrics.
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Figure 2.5: Diffusion metrics shown on an axial slice. These include different displays
of FA (a and b) and ADC metrics (c, d, and e). FA can be displayed as in greyscale (a)
with intensity determined by the magnitude of anisotropy or as a color coded image (b)
with the primary eigenvalue determining the displayed color and the brightness
determined by FA. ADCs can be displayed as the MD (c), D, (d), or D; (e). Here each
image is displayed with the same scale.

Various tissue types in the brain display characteristic properties
which can be identified in Figure 2.5. White matter (WM) is composed
largely of coherent axon bundles. This composition leads to the high FA as
seen in (a) and (b) and an axial diffusivity (d) which is generally much

greater than the radial diffusivity (e). In comparison, cerebrospinal fluid
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(CSF) and grey matter (GM) display nearly isotropic diffusivity
characterized by low FA (a, b) and little difference between axial (d) and
radial (e) diffusivities. However, these tissues vary greatly in their MD (c).
Where CSF has an MD of = 3 x 107 mm?/s, GM and WM have a very similar

MD of = 0.75 x 107 mm?/s.

2.2 Beyond the Diffusion Tensor

DTI is inextricably linked to the assumption of a Gaussian diffusion
profile, however, this assumption does not hold in all cases. Restricted
diffusion does not display Gaussian behavior as compartment size limits
diffusion distance. Likewise, the presence of multiple fiber populations in
a single voxel cannot be resolved with DTI. As diffusion weighting
increases (b > 2000 s/mm?), the departure from Gaussian behavior becomes
more evident. Consequently, different formalisms have been introduced to
more fully describe the observed diffusion signal.

With all diffusion models, it is important to consider the effects of the
acquisition. As b-value increases so does signal attenuation, yielding a
smaller SNR. The need to maintain some minimum SNR may necessitate
that larger voxels be used. Additionally, while more diffusion directions

increase the angular information, they also necessitate a greater scan time.
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Choosing a diffusion acquisition and model requires an analysis of the costs
and benefits associated with each.
2.2.1 High Angular Resolution Diffusion Imaging

High angular resolution diffusion imaging (HARDI) is a method which
treats each voxel as an ensemble of some finite number of diffusion tensors
[8]. In this way, the Gaussian assumption is maintained for any one of the
compartments, but any single voxel may contain multiple compartments.
This model makes it possible to visualize white matter pathways which
cross one another while passing through a single voxel.

Generally, HARDI can refer to a class of diffusion methods which
contain more information than the tensor model. This includes parametric
and non—-parametric models. These methods share a common acquisition
with a single b-value (= 2000-4000 s/mm?) and many (typically 60-100)
diffusion directions distributed uniformly over a sphere. The exact b—value
and number of directions are highly dependent on the chosen model.

2.2.2 Diffusion Kurtosis Imaging

Jensen and colleagues developed diffusion kurtosis imaging (DKI)

[9,10], which utilizes the DTI framework while also quantifying the

departure from Gaussian behavior. This deviation 1s measured as the
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kurtosis tensor. The link between DTI and DKI can be readily seen in the

signal equation utilized for DKI:

I (Sb)— bD+1b2DK
"s,) T 6

where K is the kurtosis tensor. Thus, DKI utilizes an additional second
order term (in b) to measure deviation from Gaussian behavior. This
definition allows for use of the typical DTI metrics with additional
rotationally invariant apparent kurtosis metrics as well. A truly Gaussian
diffusion profile results in a kurtosis value of zero.

Kurtosis provides information that is complimentary to DTI. Indeed,
white and grey matter, which have a similar mean diffusivity, have a
markedly different mean kurtosis. While kurtosis is sensitive to tissue
microstructure [11], it cannot easily be tied out to a specific biophysical
property. DTI estimates 6 parameters, while DKI fits 15 independent
parameters. DKI also requires the use of two different b-values with a
larger b-value of approximately 2000 s/mm?.
2.2.3 Q-Space Imaging — DSI, HYDI

Q-space 1maging seeks to fully quantify the diffusion displacement

distribution (diffusion propagator) without any assumption about distribution
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or tissue structure. This is accomplished by exploiting the Fourier relation

between the measured signal decay and the diffusion propagator:

E (g = fl_’s(R,A)exp(iZEq-R)dR

where E5(q) is the measured signal as a function of q for a specific diffusion
time (A), P4(R,A) is the diffusion propagator, and R is the net displacement.
Here q is related to the b-value, where q = 1/2rV(b/A). Q-space is the 3D
space consisting of the coordinates (qx,qy,q,) based on the q-value and the
orientation (x,y,z) of the diffusion gradients used. Callaghan provides an
excellent coverage of the foundation and formalism of g-space imaging
[12].

Diffusion spectrum imaging (DSI) samples from g-space on a 3D
Cartesian grid prior to using a fast Fourier transform to solve for the
diffusion propagator [13]. This scheme commonly acquires as many as 500
images. To reduce the necessary number of images, Wu and Alexander
proposed a hybrid diffusion imaging (HYDI) acquisition scheme that acquires
samples on concentric spherical shells in g-space [14]. In addition to
acquiring less samples, this scheme allows reconstructions with DSI, DTI
and various other reconstruction schemes.

Once the diffusion propagator 1s known, several quantitative

measures can be calculated including the mean displacement distance, the
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zero displacement probability (Po), and the kurtosis. However, there are
several experimental conditions which are necessary to accurately measure
these quantities. First, known as the narrow pulse approximation, the
diffusion gradient pulse width must be short so that the mean diffusion
distance during the gradient on time is small relative to the compartment
size, /. Second, A must be sufficiently long to ensure the water molecules
can probe the compartment, i.e.A > F/2D. Lastly, the signal must be
measured until it is nearly completely decayed.

Hardware limitations ensure that the requisite assumptions,
particularly the narrow pulse approximation, are not met. Consequently,
the derived g—space metrics are approximate rather than exact values. The
need to acquire many images leads to a longer acquisition time than most
other diffusion methods. Additionally, the SNR penalty that is inherent with
high b-value/q-value imaging limits the possible image resolution. Despite
these limitations, g-space imaging provides comprehensive
characterization of the diffusion displacement without the need for
distribution assumptions or & priori knowledge of microstructural
environment.

2.2.4 Model-Based Diffusion Imaging — CHARMED, NODDI, DBSI
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In contrast to g-space techniques, there exists a category of model
based techniques that makes a priori assumptions about the correspondence
between microstructure and diffusion signal. In general, these models
assign physical meanings, l.e. intra— and extra—axonal space, cellularity,
CSF contamination, or neurite density, to certain diffusion patterns or
characteristics. Three such techniques will be briefly introduced.

Assaf et al. [15] introduced the composite hindered and restricted
model of diffusion (CHARMED). This model consists of one extra—axonal
compartment and multiple intra—axonal compartments. The extra—axonal
compartment is modelled as a diffusion tensor, which is characteristic of
hindered diffusion. Each intra—axonal compartment is characterized by
restricted diffusion within a cylinder.

Neurite orientation dispersion and density imaging (NODDI) assigns
signal to intra-cellular, extra-cellular, and CSF compartments [16]. The
intra—cellular compartment i1s modeled as a distribution of highly restricted
sticks. A collection of cylindrically symmetric tensors models the
extracellular compartment. Meanwhile, the CSF compartment is treated as
having a fixed i1sotropic diffusivity.

Diffusion basis spectrum imaging (DBSI) fits a linear combination of

a variable number of isotropic and anisotropic compartments at each voxel
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[17]. The anisotropic tensors are considered representative of myelinated
and unmyelinated axons, while the isotropic tensors are hypothesized to be
indicative of cells, sub—cellular structures, and edematous water.

These models are extremely attractive as they provide meaningful
biological explanations for the observed diffusion phenomena. Typically
these techniques require a higher b-value, thus, less SNR and a longer
acquisition time than DTI, but less time and greater SNR than g-space
techniques. Improvements in gradient strength and the success of parallel
imaging has made these techniques feasible in a clinical setting.

2.2.5 Diffusion Time for Probing Restricted Diffusion

[t is believed that the axonal space is characterized by restricted
diffusion. The restriction effects are strongly dependent on diffusion time
and the size and shape of the restricting structure. Consider the simplified
case of water residing in cylindrical axon with diameter d. When the
diffusion time is very short, the majority of water molecules are uninhibited
by the wall and, thus, they may diffuse freely. As the diffusion time
increases, a greater percentage of the molecules will come in contact with
the walls and the displacement distribution will deviate from Gaussian

behavior. Higher b-values correspond to longer diffusion times, aligning
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well with the observation that non—Gaussian behavior is emphasized in high
b-value imaging.
2.2.6 Method Selection

Diffusion MR 1maging is a flourishing field which has grown in
complexity and applications since its introduction nearly three decades ago.
While DTI has become an accepted clinical procedure and other models
have displayed utility in neuroscience research, there is no consensus ‘best’
model and acquisition. Understanding the relative strengths and
weaknesses associated with each techniques is critical when evaluating

studies and deciding on protocols.

2.3 Deterministic Tractography with DTI

Relative organization of WM fibers can be visualized by modulating
FA values by a color determined by the orientation of the major eigenvector
[18], Figure 2.5b. This system decomposes the major eigenvector into
anatomical coordinates of left-right, anterior—-posterior, and inferior-
superior, corresponding to red, green, and blue, respectively. As was
previously stated, the primary eigenvector is assumed to be tangential to

the underlying WM fibers.
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The two-dimensional color mapping can be extended to three-—
dimensions through tractography algorithms. Generally, tractography
algorithms can be classified as either deterministic or probabilistic.
Deterministic methods will be addressed here. These algorithms seek to
recreate WM pathways by using the directional information in adjacent
voxels to form coherent long-range patterns. The goal is to recreate the
smooth continuous fiber pathways using the discrete voxels of DTI. From
a given starting location, a direction of propagation is chosen and a step is
taken. At this point, a new direction is determined and the process is
repeated until a stopping criteria is met. Stopping criteria are typically
anisotropy and curvature thresholds, (e.g. a tract will terminate when it
meets a region with FA less than 0.2 or a curvature greater than 45 degrees
over a length of 5 mm). Algorithms differ in the determination of the
propagation direction and the step length. Figure 2.6 displays the transition
from color map to tractography, as well as the stopping criteria.

The Fiber assignment by continuous tracking (FACT) algorithm uses
the primary eigenvector as the propagation direction. Steps are defined
from one voxel edge to another edge [19]. Other algorithms also use the

same propagation direction with variable step lengths [20,21]. In areas
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with low FA, the ambiguity of the underlying fiber direction increases, thus,

the primary eigenvector may not accurately reflect anatomy.

Figure 2.6: Representations of orientation information in DTI. A box centered on a
region containing the genu of the corpus callosum and anterior limb of the internal
capsule is expanded. A cartoon example of directional information is shown. Displayed
here is the color map as described before (a), as well as ellipsoid glyphs (b) and vector
map (c). Using the eigenvector information, the fiber trajectories may be estimated
using tractography (d). The stopping criteria are illustrated in panel d. The tract
marked 1 terminates when too great of a curvature is encountered, while tract 2
terminates upon entering an area of low anisotropy denoted by the black voxels.
Adapted from [144].
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Multiple inclusion and exclusion ROIs can be utilized to isolate
specific tracts. Inclusion ROIs require that only tracts that pass through
that region are visualized. Meanwhile, any tracts that pass through
exclusion regions are not visualized. By careful placement, tracts can be
visualized with a high degree of specificity. In practice most anatomical
tracts require some combination of inclusion and exclusion ROIs. Figure

2.7 shows an example of defining tracts with multiple ROIs.

(R1 AND R2)
AND NOT R3

R1 AND R2
AND R3

R3

R1 AND NOT
(R2 OR R3)

R1

Figure 2.7: Different ROI operations. By defining which ROIs to include or exclude,
three separate tracts are illustrated. Here “not” is used to denote an exclusion ROI.
Adapted from [144].

A major application of tractography is the segmentation of specific
pathways across multiple subjects. This allows diffusion measures such as

FA and MD to be computed and compared for the same
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anatomical/functional region across subjects. An alternative to this
approach 1s to draw ROIs on two dimensional slices. This is much more
likely to result in the inclusion of voxels from adjacent areas and the

exclusion of some desired anatomy.

2.4 Echo Planar Imaging

The diffusion weighting gradients induce a random spatially
varying phase across the image. For this reason, acquiring an image across
multiple excitations, as in conventional spin-echo and fast spin—echo
imaging, can be problematic. Phase errors between excitations would
accumulate and lead to signal voids and distortion throughout the image.

Clinical diffusion imaging is feasible thanks to echo planar imaging
(EPID). There are alternative methods to EPI such as line scan [22], single-
shot fast spin echo [23], spiral [24], radial [25], and PROPELLER [26]
acquisitions. Although these have been used in research, each carries with
it shortcomings which prevent widespread utilization. EPI remains the most
advantageous combination of short acquisition time, high temporal signal to

noise ratio, and relative insensitivity to motion.
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Single shot EPI is capable of filling all of k—space after a single
excitation. This is accomplished by producing a series of gradient echoes
using bipolar readout gradients. All the while, T; relaxation is occurring.
Each of the alternating gradient lobes is separately phase encoded so that
each leads to the acquisition of a single line of k—space. Figure 2.8 shows
an example of the k—space trajectory followed by an EPI readout.

EPI sequences have important advantages but, they also provide
constraints for the imaging process. While EPI is very rapid, the spatial
resolution 1s limited. Also, off-resonance effects from static magnetic field

inhomogeneities will lead to significant image distortions. Parallel imaging

K

N

A B
ABCD

Figure 2.8: The k-space trajectory of EPI. Gx and Gy, respectively, denote the
frequency and phase encoding gradients. The corresponding axes in K—space are given
as Kx and Ky. The letters A, B, C, and D show the correspondence between the gradient
pulses and the k—space traversal.

methods are commonly applied to reduce the amount of EPI distortion.
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Another issue with diffusion-weighted EPI sequences is the residual eddy
currents from the strong DW gradients. Commercial DW pulse sequences
often include an option for bipolar diffusion gradients with a dual-refocused
spin echo sequence [27]; however, that option significantly increases the
echo time, which reduces the measurement signal to noise ratio (SNR).
Eddy current induced distortions may be corrected using retrospective

image registration tools that can also correct for head motion.

2.5 Partial Volume Effects

An effective means of reducing the artifacts and blurring associated
with EPI imaging is to reduce the extent of k—space that is acquired. Thus,
by reducing the image resolution, some detriments may be avoided and,
most importantly, SNR is maximized. Diffusion images are inherently low
SNR due to the EPI acquisition and the diffusion induced attenuation. As a
result, diffusion studies are typically carried out with 2.5 — 3.5 mm isotropic
resolution.

At typical DTI resolution, it is common to encounter partial volume
effects (PVE). PVE occurs when a single voxel contains multiple different
tissue types. In this case, the measured signal is a weighted average of the

constituent components and does not accurately describe either tissue type.
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In diffusion imaging, the properties of CSF are markedly different
from the brain parenchyma. Additionally, the diffusion properties of CSF
are not known to provide useful insight to any pathology and, thus, are of
no research interest. However, much of the tissue adjacent to CSF is of
research interest. As can be seen in Figure 2.9, fine structures adjacent to

CSF are obfuscated due to the poor resolution.

Figure 2.9: Partial volume effects in diffusion imaging. A T1 weighted image with 1 mm
isotropic resolution, left, and a b = O diffusion weighted image with 2.5 mm isotropic
resolution. In both images, the red arrow points to the fornix as it travels between two
CSF filled regions. Although visible on the higher resolution image, this structure of
interest in Alzheimer’s disease is obscured due to PVE in the diffusion weighted image.

2.6 Fluid Attenuation Inversion Recovery (FLAIR)
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By coupling the DTI sequence with a fluid attenuation inversion
recovery preparation, deleterious PVE can be directly eliminated. The
FLAIR preparation directly reduces the signal from CSF to nearly zero. In
this way, voxels that contain some mixture of CSF and tissue will have their
signal originating almost entirely from the tissue component.

Inversion recovery employs a 180 degree pulse and then some
inversion time (TI) where magnetization is allowed to freely recover before
the pulse sequence is further played out. FLAIR is simply inversion
recovery with a TI such that the signal from CSF is nulled when the
following pulses are applied. Following the inversion pulse, longitudinal

magnetization 1s described below:

M,(t) = My(1 - 2e‘TL1)
where Mo i1s the equilibrium magnetization and Ti is the spin-—lattice
relaxation constant. Figure 2.10 shows the signal time course after an
inversion for T1 values representative of CSF, GM, and WM [28,29].
A consequence of nulling CSF signal is a reduction in the available
signal from GM and WM by approximately 44% and 25% with a typical TI of
2200 ms. As the noise will remain unchanged, the SNR is degraded by the

same factor.
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Figure 2.10: Evolution of the longitudinal magnetization after an inversion pulse. The
arrow marks the recovery time when the CSF signal is nulled. At this point the typical
diffusion sequence would begin. The available signal from white and grey matter is
reduced by the incomplete recovery from the inversion pulse.

In addition to the loss in signal, a larger recovery time before the same slice
can be excited again is required for sufficient regrowth of the longitudinal
signal. When combined with the additional time for the TI, the scan has a
significantly longer repetition time (TR) than a typical DTI sequence.

The last negative consequence of the FLAIR sequence is a reduced

number of slices which can be acquired per TR. Though slices are
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interleaved, the TI required for FLAIR limits the total number of slices
collected.

In this way, FLAIR effectively alleviates PVE, but it does so at the
cost of SNR, time efficiency, and scan coverage. Therefore, for the same
time interval, fewer diffusion directions and less anatomy can be acquired
with a lower SNR. This work aims to use modeling to remove PVE without
the negative effects imposed by the FLAIR preparation.

2.7 Alzheimer’s Disease

Alzheimer’s Disease (AD) is the most common form of irreversible
dementia, occurring in 10% of those over 65 and approximately 50% of
those over 85 [30]. The median lifespan following diagnosis is 4.2 years
for men and 5.8 years for women, both well below the average lifespan for
the Americans of the same age [31]. This neurodegenerative disorder has
several behavioral and neuropathological hallmarks. Behavioral changes
include inability to form new memories as well as visual and language
deficits [32]. Common neuropathologies include atrophy of grey and white
matter, myelin loss, deposition of B—-amyloid plaques, and neurofibullary
tangles.

There are numerous risk factors that may predispose an individual to

developing AD. Family history of AD and possession of the apolipoprotein
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E (ApoE) €4 allele are known to be the two greatest risk factors. The gene
for ApoE ¢4 increases risk for development of AD by 5 to 15 times,
depending on whether an individual possesses one or two copies [33].
Likewise, parental history of AD confers additional risk [34].

The involvement of WM in AD has been documented in postmortem
human brains as well as /7 vivo. In mice it has been seen that WM effects
are visible prior to beta amyloid deposition [35]. However, it is unknown
whether this degradation is a primary event in the development of AD or if
axonal regression is secondary to neuronal death (Wallerian degeneration).
In either case, DTI's sensitivity to microenvironment allows for detecting
group changes, even in preclinical AD.

In order to detect and characterize the onset of AD, it is necessary
to study patients before the manifestation of clinical neurological deficits.
With early imaging comes the added challenge of subtle effects. This study
aims to image individuals who have no manifestation of symptoms, but do
have some risk factor for the development of AD.

The FWE model has been used to assess microstructural changes in
individuals with mild cognitive impairment [36]. Additionally, DTI metrics
have been used in at risk individuals [37]. However, the FWE model has

not yet been utilized in asymptomatic individuals. What has been noted 1s
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that FWE corrections change the magnitude and spatial patterns of group
differences. The prior study utilized a voxel-based approach over a white
matter mask.

The macroscopic and microscopic atrophy that is characteristic of
AD makes it an intriguing application for FWE correction. The considerable
amount of tissue loss leads to greater amounts of partial volume with CSF.
The FWE model will aid in assessing the relation between atrophy and

microstructural changes in the case of anomalous diffusion measures.
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Chapter 3

The Free Water Elimination Model

Portions of this chapter have been published in the journal Neurol/mage in
September 2014 (Hoy AR, Koay CG, Kecskemeti SR, Alexander AL.
Optimization of a Free Water Elimination Two—-Compartment Model for
Diffusion Tensor Imaging. Neuroimage (2014) 103:323-33).

3.1 Abstract

Diffusion tensor imaging is used to measure the diffusion of water in
tissue. The diffusion properties carry information about the relative
organization and structure of the underlying tissue. A single diffusion
tensor is no longer appropriate in the case of a single voxel containing both
tissue and a fast diffusing component such as free water. A two—tensor free
water elimination model has been proposed to correct for the case of
volume mixing. This model was implemented in a straightforward but novel
manner. The optimal acquisition parameters were investigated through
Monte Carlo simulations and human brain imaging studies. At a signal-to—
noise ratio of 40 with 64 diffusion-weighted encoding images, most
accurate estimates of fast diffusion signal were obtained with two diffusion—
weighted shells (b-value in s/mm? x number of directions) of 500x32 and

1500x32. Using Bayesian information criteria, in vivo results show the free



35

water elimination model 1s superior to the traditional single component
diffusion tensor model in representing the measured signal. The potential
bias in fractional anisotropy induced by this two-compartment model was
more than an order of magnitude less than the error of using the single
diffusion tensor model in the presence of partial volume effects with free
water. This strategy may be useful for characterizing the diffusion of tissues
adjacent to cerebrospinal fluid (CSF) and tissues affected by edema, and

removing artifacts from blurring and ghosting of the CSF signal.

3.2 Introduction

Diffusion weighted imaging (DWI) is a non-invasive magnetic
resonance imaging (MRI) technique capable of measuring properties that
describe the molecular displacements of water in biological tissues.
Diffusion tensor imaging (DTI), an application of DWI, is used to quantify
the three—dimensional movement of water with the assumption that simple
Gaussian diffusion is a good descriptor of the water diffusion within a voxel
[38]. The most common application of DTI is brain imaging. In this
application the diffusion information is used to draw conclusions about brain
architecture and microstructure. DTI has shown a great deal of utility in

routine clinical use as well as in brain research [39].
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The relative ease or resistance to diffusion along any single direction
yields information about tissue structure and organization. Free water,
which 1s characterized by uninhibited movement, displays isotropic diffusion
and an apparent diffusion coefficient (ADC) of roughly 3 x10 °mm?/sec [40].
Meanwhile, more structured tissue such as white matter displays distinctly
anisotropic diffusion. Free water in the brain exists as cerebrospinal fluid
in the ventricles and bordering the parenchyma of the brain. Grey matter
1s characterized by a lower degree of anisotropy than white matter, as well
as more hindered diffusion than CSF. GM and WM both have an ADC of
approximately 0.8 x10°mm?/sec [41].

The Free Water Elimination (FWE) model seeks to remove the
deleterious effect of CSF partial volume effects on diffusion measurements.
While the initial description of this two-compartment diffusion model
described using multiple bA-values [42], more recent implementations
estimated the fast diffusing component using only a single bA-value
acquisition with local spatial constraints on the model [43]. However, the
inclusion of these spatial constraints was seen to modify the direction of
the eigenvectors. This approach is ill-posed without these constraints and
assumptions. The FWE model i1s solvable using multiple bA-value

measurements, yet few studies have applied these schemes for DTI [44].
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None of these implementations have undertaken a rigorous assessment of
the accuracy of the FWE fitting. Likewise, a determination of the best
acquisition parameters has not been investigated. This work sets out to
determine the accuracy and reliability of the fitting as well as which
acquisition is best suited to fitting the FWE model.

Recent work with more advanced diffusion models such as diffusion
basis spectrum imaging (DBSI) [45], neurite orientation distribution
diffusion imaging (NODDI) [16], multiple fascicle models [46], and
combined hindered and restricted diffusion (CHARMED) imaging [47] has
included an isotropic free water component in their models. While there is
growing interest in these complex models of diffusion for characterizing
brain tissue microstructure, the acquisition times are long and
computational demands for these models are high relative to clinical DTI
protocols. Thus, the simple DTI model with an additional fast diffusion
compartment may provide a rapid and simple model for estimating and
removing fast diffusion effects in many DWI studies.

This work sets out to develop a relatively simple, yet novel, method
for estimating the fast diffusing component and the underlying tissue
parameters. The DWI protocol for the FWE DTI model was optimized

through successive simulations that took into account different



38

experimentally realistic factors in the optimization. All the while, clinical
feasibility, as defined by a maximum of 70 DWI measurements, was
maintained. Thus, the number of gradient directions was fixed at 64 and 6
b = 0 images, which corresponded to a minimum whole—brain imaging time
of 6 minutes and 30 seconds at 2.5 mm isotropic resolution on our MRI

system.

3.3 Methods

In this section we introduce our two—compartment FWE DTI model
and describe two independent yet complimentary methods to solve the FWE
DTI model. The first method is a weighted linear least squares method
using a brute force region contraction approach to solve for the free water
component. Although not as robust or accurate as our second approach,
this method has the advantage of being computationally efficient and serves
well as either a stand—alone estimate or the initial guess for non-linear
search methods. The second method is a modified Newton’s method
approach [48] with a dynamically adjusted dampening parameter to control

step size and direction.

3.3.1 Free Water Elimination Model
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Errors arise in DTI when the tissue within a single voxel is a mixture
of multiple tissue types resulting in partial volume effects [40]. A two-
compartment model has been used previously to estimate the diffusion
characteristics of brain tissue in the presence of the partial volume effect
with a fast diffusing component such as free water [42]. In the current
work, the tissue compartment, which could be white or grey matter, is
modeled as a tensor just as in DTI. The fast diffusing compartment is
modeled as having isotropic diffusion with a fixed diffusivity equal to the
theoretical expected diffusivity of unhindered water at body temperature.
The relative signal contribution of the fast diffusing component is described
by £ a scalar volume fraction. The free water elimination DTI signal model

1s described by

S; = Sol(1 = £) exp(=big7 Dg;) + fexp(—bDiso)lexp(——) (3.1)

where S; and Sp are the signal from the i—th diffusion and non-diffusion
weighted measurements, respectively, Dio = 3 x10°mm?/sec is the free
water diffusivity, D1is the tissue diffusion tensor, b;and g;are the diffusion—
weighting amplitude (in mm?/s) and unit gradient encoding vector,

respectively, and 7FE is the echo time that prescribes the amount of 772
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(transverse relaxation) decay. This two—compartment model is attractive
because of its similarity to DTI. The tissue signal compartment results in
the same scalar metrics of DTI, even preserving the direction of the
eigenvalues. The addition of the isotropic compartment i1s intended to
compensate for confounding partial volume effects from CSF and also
edema. This will improve the ability to characterize tissue parenchyma
microstructure in voxels with partial volume averaging and multiple

diffusion components.

3.3.2 Fitting Procedures

Initially, the tissue compartment tensor was fit using a weighted linear
least squares (WLLS) region contraction approach. This was accomplished
by recasting equation 3.1 as equation 3.2 and performing the estimation for

a fixed fvalue.

Si=Sof —biDiso
0 Zz-);) 2 = Syexp(—big7 Dgy) (3.2)

It should be noted that the T2 weighting term was dropped as TE was

held constant within a single acquisition. Thus, the signal variations were
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considered to be solely due to differential diffusion weighting. For each
selected £, the WLLS estimation was then carried out [48]. For a single
fixed value of fand keeping Diso = 3 x10™ mm?/s as a constant, the only
unknown remaining was /), the diffusion tensor. This was fit simply with a
weighted linear least squares routine. The net result was a diffusion tensor
that best fit the measured data for a corresponding volume fraction. This
procedure could be carried out for a range of fbetween O and 1.

Once a (£ D tensor) pair was calculated, the weighted linear least
squares objective function, equation 3.3, was used to judge which (£ D
tensor) best fit the measured data. A better data fit will result in a smaller
objective function. Thus, by systematically fitting diffusion tensors to many
volume fractions and then evaluating which (£ D tensor) minimizes the
objective function, it is possible to determine the isotropic volume fraction

and the tissue compartment tensor that best represents the measured data.

Fyis(y) = % i1 “)iz(Yi - 2]7:1 Wij)/j)2 (3.3)
=1, m
m = the number of images obtained
si = the measured signal including noise

o; = the weights for each image = s;
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To ensure the proper volume fraction i1s identified would require
many small steps from zero to one. This process can be cumbersome and
time consuming. However, the WLLS routine was further modified so that
multiple volume fractions could be fit simultaneously. Furthermore, it was
seen that the total number of fittings was greatly reduced by systematically
refining the size of the Af step.

This was implemented by simultaneously solving for the diffusion
tensor with multiple /~values. Initially, a coarse Af step size of 0.1 was
used over the range from zero to one. The objective function for each of
these initial eleven (£ D tensor) pairs was evaluated with the lowest value
being passed on as the best estimate. The next iteration used steps of 0.01
over the range of the previous best estimate * .05. A third step reduced
the step size by another order of magnitude. This method did not display
any drop off in estimation accuracy compared to the use of an initial step
size of 0.001. However, the series of refined steps reduced the number of
WLLS estimations from 1001 to 31 per voxel. Figure 3.1 shows two steps

in the region contraction approach using /n vivo data from a single voxel.
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Figure 3.1: The first two steps of the region contraction approach. Both graphs have
the objective function value on the vertical axis and the presumed f value on the
horizontal axis. The graph on the left uses presumed values from O to 1 in steps of
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presumed value limited from 0.2 to 0.4 but with fine steps in £
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The WLLS routines for DTI and FWE-DTTI are similar as both share

the same objective function with some modification.

There are two conceptual differences in the WLLS routines and both

are manifest in the definition of y. As discussed earlier, the equation is

recast to account for the isotropic compartment that leads to a change in

the definition of y. Also, while DTI solves for a single parameter vector (y),

the FWE-DTI method solves for n—parameter vectors, each determined for

a specific f~value. In DTI yis an m x 1 vector where m is the number of

images.

This is modified in FWE to be an m x n matrix where n is the

number of /~values to be fit simultaneously.

DTIL:



yi = In(sy)
y = [le""ym]T
T
V= [ln(so),Dxx, Dyy, Dy2: Dxy,Dyz) Dz

FWE-DTTI:

= 1n {Si - Soexp(_bDiso)}
Yie = a-fJ

where k=1, -, n

n = the number of f—values fitted simultaneously

Vi1 = Yin
y=|: :
Ymi1 - Ymn
Y= [ye vl

To solve for y:

y = WTS2wW)(SW)TSy
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where S is a diagonal matrix with the measured diffusion signal as the

nonzero elements:

The volume fraction and fitted tensor pair that minimized the WLLS

objective function were passed on as the initial estimate for a nonlinear
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fitting. The nonlinear optimization used a modified Newton’s method
approach [48] that explicitly calculated the Hessian at each iteration. In
the context of diffusion tensor estimation, the inclusion of the full Hessian
matrix has been shown to be superior [48]. The definition of the dual
compartment nonlinear least squares (dcNLS) objective function for the
FWE model, its gradient vector, Hessian matrix, and search step vector are

shown below.

2
m

7
1
Faenes = > si— (1 —fexp z Wi;vj | — fsoexp(—bDjs,)
=1 =1

i

vF _ oF OF 6F]
dents = af’ah’ '0)/7

0%F 0%F d0%F
9:f ofdy,  ofdy,
0%F 0%F d0%F
V2Faenis = | 0y:0f  0%y2  0y,.0y,
9°F  9°F  9°F
dy,0f dy,0y,  9%2

8§ = —(V2Fyens + AD 71V n s
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Here A\ is the Levenberg—Marquardt parameter and 7/ is an identity
matrix of the same dimensions as the Hessian. This parameter dampens
the search step with larger A values corresponding to greater dampening
and A = O simply being Newton’s method. The dampening allows for an
increased likelihood of convergence over Newton's method when the initial
parameter estimates are far from the true minima. When the initial estimate
1s near the minima, a smaller A and, thus, less dampening will result in faster
convergence. The exact definition of small and large A is relative to the
values in the Hessian. Further details on the values used and other
implementation details can be found at the end of this section.

After each step that reduced the nonlinear objective function, A was
reduced by dividing it by some incremental factor (Ainc), which was a
positive number greater than one. If the step increased the objective
function, then it was rejected and A was increased by multiplying by Ainc.
Based on an estimate of the goodness of fit of the initial parameters
determined by the WLLS fitting, a certain A and Ainc Were set for the
nonlinear fitting. It has been shown [48] that an unbiased estimate of the

diffusion signal variance is formed by o3y, = ZFS/), where v=m - pis the

number of degrees of freedom; m is the number of samples; pis the number

of parameters being fit. Thus, an estimate of the signal to noise ratio, here
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called the pseudo signal to noise ratio (SNK,), can be defined as SNR,, = S ,

opw

where Spis the average signal of the b = 0 acquisitions. This SNK, measure
was used to determine the goodness of fit of each initial estimate.

[t was also necessary to reinitialize some voxels prior to the nonlinear
fitting. It was observed that high isotropic volume fractions (£ > 0.7)
occasionally were fit by WLLS with an estimated 7 < 0.05 and a nearly
1sotropic tensor with a mean diffusivity slightly below the fixed value of 3
x10™® mm?/s. Therefore, any voxel with a tensor—compartment mean
diffusivity greater than 1.5 x107° mm?/s was reset as having an f~value of
0.5 and its tensor components divided by two. Though this also represented
a crude initial estimate, it was an improvement in the case of the WLLS fit
procedure failing. This relative weakness in the WLLS fitting is remedied
in the NLS fitting as is evident by the small estimation bias and standard
deviation in the Results section.

Presented here is the algorithm employed for the nonlinear fitting. It
1s broken up into the steps that took place prior to the first iterations, and
the body of the algorithm, which is iterated until convergence. While values
are given for the Levenberg—Marquardt parameters, these may not be

generally applicable. The proper values are dependent on the specific data
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set and will need adapting to achieve efficient and robust algorithm

performance.

Before the first iteration:

1. If (MDtensor>.0015 mm2/S) {

f=0.5
tensor = tensor/2
¥

2. Calculate F(yk)
3. Calculate SNRp
4. If (SNRp < 20) {
A =1%10"8
Aine = 1.1
} Elseif (SNR, < 30) {
A= 1%10"7
Nine = 2
} Else {
A = 1%10"7
Aine =5

At the kth iteration

1. If (k>kmax or flag==false) exit

2. Solve (H(y)+ AD&k = -V F(yk) for &k

3. If (F(yk+ 6k < FlyA

If (IF(yk+ 8k - F(y)| < ezand 0 < -8F VF(yk + 8k) < e3){

flag == false
} Else {
A= )\/)\inc

Accept 6k by setting yk+1 = yk + 6k

}
} Else {
)\, = )\,*}\.inc

Reject 8k by setting yk+1 = Yk

}
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Where e1, €2, and €3 are small positive numbers and kmax 1S the maximum

number of iterations.

3.3.3 Acquisition Optimization

Simulations were initially conducted to explore the range of b-values
for designs with 2, 3, 4, 6, 8, and 16 different shells that produced the best
(f, Dtensor) pair. The total number of nonzero directions were fixed at 64
and the number of directions in each shell was kept as even as possible.
Any additional directions were assigned to the highest /-value. Thus, the
two—shell design featured 32 directions per shell, while the 3—-shell design
had a shell structure of 21/21/22 directions. The b-values were linearly
spaced between the minimum and maximum value for each scenario. The
distribution of directions for each shell was determined using the sparse
and optimal acquisition method [49].

The minimum A-values investigated varied from 200 to 800 sec/mm?
in increments of 100 sec/mm? Two-hundred was established as the
minimum A-value to ensure that perfusion effects were avoided [50]. The
maximum h-value varied from 300 to 1500 sec/mm?, once again in steps of

2

100 sec/mm?. The maximum bh-value was always at least 100 sec/mm?

greater than the minimum value. Also, the outer shell was limited to no
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higher than 1500 s/mm? to minimize non-Gaussian diffusion effects in the
signal [15].

Data was simulated utilizing the two—compartment model with ffixed
at 0.5. The choice of this /~value was to create a scenario that balances
the effect of parenchymal tensor and CSF isotropic compartments. At any
extended interface between CSF and tissue, the distribution of fvalues will
have a mean of 0.5. Thus, the intention was to avoid bias of the
optimization towards high or low /~values.

Two separate tensor shapes were considered independently. First,
a prolate tissue compartment tensor shape was considered. The
eigenvalues were A1 = 1.6 x107%, A2= 0.5 x107%, and A3= 0.3 x10"® mm?/sec.
The tensor had a trace of 2.4 x10™® mm?/sec and a fractional anisotropy
(FA) value of 0.712. These values were chosen as representative of voxels
In a major white matter pathway such as the corpus callosum.

Additionally, an isotropic tensor was examined. Like the prolate
tensor, this tensor had a trace of 2.4 x107° mm?%/sec, however, its
eigenvalues were A1 = A2 = A3 = 0.8 x107° mm?/sec. While these two
tensors were used for determination of the optimal acquisition, additional

tensors were simulated to characterize the performance of the
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reconstruction. These tensors maintained a trace of 2.4 x107° mm?/sec
with FA increments of approximately 0.1 from O to 0O.8.

The metrics used to judge estimation accuracy were the mean
squared errors (MSE) of FA, trace, and £ Mean squared error was a

convenient metric because of its incorporation of both the bias and

1on

variance of the estimator, MSE = - r (v - 171)2 where n is the number of

measurements, Y; is the true parameter value, and ¥; is the estimated
parameter. For an estimator, MSE is equivalent to the sum of the variance
and squared bias of the estimator [51].

Monte Carlo simulations were conducted where the ideal signal was
corrupted with Rician noise across a plausible range of signal to noise
ratios (SNR) as established by Pierpaoli and Basser [52]. The SNR was
set relative to the o = 0 image. To ensure rotational invariance, each
synthetic tensor was simulated in 120 unique orientations evenly spaced
about a hemisphere. At each tensor orientation, 100 iterations were
performed.

Once the optimal H-values were determined for each design, a more
thorough characterization of estimation performance was carried out. This
was accomplished by investigating a range of f~values from O to 1 in

increments of 0.1 and SNRs from 20 to 60 in increments of 10. Once again,
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100 iterations for each of the 120 orientations were performed for each
SNR and /-value.

The largest b-value determines the minimum echo time (TE), which
induces T2 signal attenuation. In a single acquisition or simulation, the TE
remained constant to mitigate any confounding signal variations. However,
when comparing two separate acquisitions, it is imperative to consider the
drop in overall SNR associated with higher b-values. Though a rough
estimate may be achieved with reasonable assumptions, the exact change
in signal depends on the T2 of the tissue and a number of factors that
determine the TE. Here, a single T2 is assumed. Using TE values
recorded from our 3T scanner (MR750, GE Healthcare, Waukesha, WI) and
an approximate white matter T2 of = 70 ms at 3T [29], a relative SNR
scaling factor was established to correspond to the largest b-value. While
the nominal SNR was 40, the simulated SNR for max-b = 500 was larger
than that of the simulation with max—-b = 1500. The nominal SNR was set
such that max—b = 1000 had a scaling factor of unity.

To arrive at a “best” acquisition, the MSE for each f~value was
weighted by the frequency of occurrence of that /~value in vivo. An in
vivo data set was used to determine the frequency of each /~value in bins

of 0.1 to match the simulated 7/~values. This frequency was normalized
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such that the sum of all bins was one. Table 3.1 contains the weights
obtained from a single healthy volunteer. These values were averaged
from the two-shell and eight—shell acquisitions. The relative frequency
was then used as a weighting for each MSE to allow for a single weighted
mean squared error (WMSE) for each acquisition that reflects the expected
global performance of the acquisition.

To investigate the effect of directional organization (i.e. how many
independent directions are in each shell) the “best” design (i.e. optimal
number of b-values) was simulated, letting the distribution of directions in
each shell vary along with the minimum b-value while keeping the total
number of directions 64.

Once an ‘optimal’ acquisition was established, the effects of tensor
selection were investigated. This was done by using the same simulation
set up as in the second step above with different underlying tensors. The
first experiment held the FA constant while scaling MD in increments of 0.5
x10™* mm?/s from 5 x107* mm?/s to 8 x10™* mm?/s. The second experiment
held the MD constant at 8 x10™* mm?/s while varying FA in increments of =

0.1 from 0.4 to 0.8.

Table 3.1: In vivo distribution of /~values. The relative frequency of f~values within
the brain of a healthy volunteer. These values were used to weight the MSE values
to calculate a single wMSE for each acquisition.
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f-value bins Relative frequency

<0.5 0.14
0.05 - 0.15 0.26
0.15 - 0.25 0.27
0.25 - 0.35 0.1
0.35 - 0.45 0.05
0.45 - 0.55 0.04
0.55 - 0.65 0.03
0.65 - 0.75 0.03
0.75 - 0.85 0.02
0.85 - 0.95 0.01
>0.95 0.04

3.3.4 Model Insufficiencies / Acquisition Effects

The effects of using an incorrect underlying model and a non-
standard acquisition were investigated. This included the case where a
standard DTT acquisition and estimation was used when the underlying data
was actually the two—-compartment model. The effect of using the free
water elimination method and the optimized acquisition when the underlying
signal was generated with a DTI model was also investigated.

For the standard DTI acquisition, a single non-zero b-value of 1000
s/mm? was used for all 64 unique gradient directions along with six » =0
images. The FWE acquisition was the optimized acquisition as determined

by the simulation steps. The simulations were carried out in the manner
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discussed above. The gradient directions for the DTI and FWE scans were

the same.

3.3.5 Example Human Brain

A single healthy volunteer was scanned with the optimized protocol.
This design was repeated twice in each of two sessions conducted a day
apart. All scanning was performed using informed consent and in
compliance with an approved protocol from the Institutional Review Board.
Diffusion scans were performed with a 3-T MR750 Discovery scanner
(General Electric Medical Systems, Milwaukee, WI) and an 8-channel head
coil. MR parameters for the optimized scan were 7EF = 68.9 ms, 7R = 5600
ms, acquisition matrix = 96 x 96, number of slices = 50, voxel size = 2.5 x
2.5 x 2.5 mm®, and scan time = 6:30 min. Diffusion parameters were A =
24.0ms and § = 18.0ms. The image was then interpolated in the axial view

to a matrix of 256 x 256 and a display resolution of 0.94 x 0.94 x 2.5 mm?®.

3.3.6 Model Comparison

To statistically assess the FWE model in comparison to the standard
DTI model, the Bayesian information criterion (BIC) was used to judge the

two models against one another in—vivo. BIC determines the effectiveness
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of a model by its ability to minimize some objective function while
simultaneously penalizing a model for an increasing number of parameters.
Equation 3.4 shows the selection criteria:

BIC = —2log(L) + Klog(N) (3.4)
where L is the sum of the squared error, K is the number of free model
parameters, and /N is the total number of measurements. The
implementation of the FWE model is such that Z will always be smaller than
or equal (when £= 0) with DTI, however, it also has one additional free

parameter.

3.4 Results

The first step of optimization was to establish the H—values for each
acquisition scheme with different numbers of shells that minimized the mean
square error (MSE). Table 3.2 contains a summary of each design including
number of shells, h—values for each shell, and the number of directions in
each shell. A general trend is seen where the optimal minimum bA-value
decreases with increasing number of shells. For each design, the optimal

outer shell was the highest one simulated (1500 s/mm?).
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Number
of Shells p-values (s/mm?) Directions per Shell
2 500/1500 32 per shell
3 500/1000/1500 21/21/22
4 400/767/1133/1500 16 per shell
6 400/620/840/1060/1280/1500 10/10/10/10/10/14
8 300/471/643/814/986/1157/1329/1500 8 per shell
16 300/380/460/540/620/700/780/860/ 4 per shell
940/1020/1100/1180/1260/1340/1420/
1500

Table 3.2: “Optimal” acquisition designs. The different designs that minimized MSE in
the first step of optimization and were subsequently used for the second step of
optimization.

Figure 3.2 illustrates the effects of varying the minimum and
maximum b-values on the model MSE. The two-shell design is shown here,
however, each acquisition results in a similar pattern. This step determined
the best set of A—-values for a given number of shells. At this point no
conclusion can be drawn about the “best” acquisition. The metric most
sensitive to b—value was f~value, while FA and trace were less sensitive to
b-value. However, within a single acquisition the same set of h-values

produced the best performance for each of the three metrics.
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Figure 3.2: Determination of the optimal b-values for different number of shells. The
scaled reciprocal of MSE corresponding to a certain minimum and maximum b-value
(the value of 1 denotes the smallest MSE). MSE was evaluated for /~value (left), FA
(middle), and trace (right). This set of images corresponds to the two b-value
simulations. Though not shown, the other acquisitions produced similar patterns.

Figure 3.3 shows the effect of letting both the A-value and number of
directions vary for the lower shell of the two—shell design. The lowest MSE
was associated with a two-shell design with b-values of 500 and 1500
s/mm? and 32 directions each. The results shown here correspond to the
case of the prolate tensor. Though not shown, the same acquisition design

yielded the lowest MSE for the isotropic tensor as well.

o ~ F 1
E 300 E 300 E 300
& £ £ bs
w
F 400 F 400 F 400 "
S 500 S 500 E 500
=] =] 04
E 600 E 600 E 600
E £ E p2
£700 £ 700 700
=
20 40 60 20 40 60 20 40 60

Number of lower shell directions Number of lower shell directions Number of lower shell directions

Figure 3.3: The scaled reciprocal of MSE, as in Figure 3.2, corresponding to a certain
lower shell b-value and number of directions for the prolate tensor. MSE is shown
for the F~value (left), FA (middle), and trace (right). The simulated acquisition had
two-shells with the higher shell fixed at b = 1500 s/mm? The combined number of
diffusion directions was held constant at sixty—four.
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The next optimization step examined the effect of varying SNR and
f~value on the MSE of each metric. Here the two—shell acquisition is seen
to be superior for estimation in every situation investigated (see Figure 3.4).
This design resulted in the lowest MSE regardless of f~value or SNR
simulated.

Figure 3.5 shows the mean and standard deviation of the estimated
FA and f-values for the simulation with SNR = 40. Here it is seen that
despite accurate estimation of the /~value that the FA was biased to larger
values as the simulated /~value increased. The bias was greatest for the
1sotropic tensor. The bias was larger for lower FA values. Table 3.3 shows
the results of linear regression on the fit of the estimated f-value with

increasing simulated f~value.

FA Slope Intercept R?

0.00 0.9927 0.0073 0.9986

0.11 0.9932 0.0069 0.9986

0.21  0.9927 0.0071 0.9986

0.30 0.9933 0.0067 0.9986

0.71 0.9966 0.0042 0.9998
Table 3.3: Linear regression on the fit of /~value for the tensors with
varying FA.
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Figure 3.4: Characterization of performance for estimation of FA, left column, and /-
value, right column, for the prolate tensor. The first row depicts MSE with increasing
f~value while SNR = 40 for the various acquisitions tested. The second row shows
MSE with increasing SNR for = 0.5, the same acquisitions as above are displayed.

A clear effect of diffusion tensor MD and FA was seen in simulations
(Figure 3.6). Here it was noted that for a fixed FA estimation MSE was
reduced with decreasing MD. Meanwhile, when MD was held constant, MSE

decreased with increasing FA.
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Figure 3.5: Estimation performance shown as mean * standard deviation from
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The top image shows estimated FA for various tensor shapes. The points on the right
indicate the true simulated FA values. The bottom row shows estimated /~value vs.
increasing simulated /~value for the two cases used for optimization (red: FA= 0.71
and green: FA = 0.00).

61

Figure 3.7 shows several images from the same axial slice in a

healthy volunteer. A T1l-weighted anatomical image is provided for

reference along with FA and MD maps from standard DTI and FWE.

Additionally, a free water fraction map and FA and MD difference map are

included.
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Figure 3.7: DTI and FWE metrics from an example human brain. The same axial slice
with many contrasts. The first three images consist of FA from DTI (a) and FWE (b)
along with the FWE FA minus the DTI FA (c) showing the pattern of increasing FA
with FWE. Below these are the MD from DTI (e) and the FWE tensor (f) along with
the DTI MD minus the FWE MD (g), which shows the reduced MD in the FWE tensor
compartment. A Tlw image is included for anatomical reference (d). The isotropic
volume fraction (h) is shown as well. The arrows highlight artificially high FA in
periventricular GM.

A joint histogram of FA and MD across the whole brain, as well as
WM and GM segmented regions, illustrates the removal of CSF partial
volume effects (Figure 3.8). The MD is not only reduced, but the
distribution becomes narrower, losing its tail of high diffusivity, low FA
voxels as evidenced by the reduction in standard deviation in MD for both

WM and GM, Table 3.4. The reduction of voxels with CSF partial volume
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averaging 1s shown in a sagittal image in Figure 3.9. Here voxels with MD

intermediate to parenchyma and CSF are considered as partial volume

voxels.
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Figure 3.8: Joint FA and MD histograms for FWE (top row) and DTI (bottom row).
Maps are shown for the whole brain (left column), GM (middle column), and WM (right
column). Partial volumed voxels can be seen as high MD (>0.9 x107° mm?/s), low FA
(< 0.2) “tail” in the DTI histograms which is not present in the FWE histograms.

DTI FWE
WM
FA 0.35 £0.19 0.41 +0.21
MD (x107%)  6.84 + 2.47 5.63 + 1.77
f ~ 0.17 £ 0.14
GM
FA 0.15 +0.13 0.19 +£0.16
MD (x107™%)  7.35 + 4.18 5.28 =+ 2.82
f ~ 0.24 +0.23

Table 3.4: Global metrics in WM and GM from a single healthy volunteer.
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2x10°3

Figure 3.9: Spatial distribution of partial volumed voxels with DTI and FWE. The
background is an FA map from a healthy volunteer approximately 7 mm from the mid-
sagittal plain. The red/yellow voxels are those with a mean diffusivity between 0.9
x107% and 2 x107® mm?/s. The left overlay is from the DTI MD map, while the right
overlay is from the FWE tissue MD. These values are intermediate between WM (0.8
x107% mm?/s) and CSF (3x107° mm2/s) and clearly outline the interface between the
CSF filled ventricles and the corpus callosum and fornix.

The results of the BIC model comparison are displayed in Figure 3.10.
This is the same axial slice that was used in Figure 3.7. Greater than 97%
of all voxels were better fit by the FWE model for the entire brain volume.
There was no obvious spatial distribution of the voxels that were best fit
by DTI. However, those fit best by DTI were limited almost exclusively to
those voxels that fit a zero value free water fraction. Nearly all voxels that

fit some free water component were better fit using the FWE model.
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Figure 3.10: Model
comparison with BIC.
The same axial slice )
as in Figure 3.7 model, either the standard
showing the free

water fraction map  DT[ model when partial
with an overlay of the

DTI preferred voxels . .
from BIC. The voxels voluming 1s present or the

The use of the wrong

in red are those for
which the signal is proposed FWE model with no
better represented by
traditional DTI.

partial voluming, introduces
some bias in the FA estimates. Taking a prolate tensor (FA = 0.712) as an
example, if a voxel contains a free water fraction of 0.2, then the FA would
be underestimated by = .1 (see Table 3.5). As the free water component
increases, so would the amount of underestimation. If there is no fast
diffusion component (e.g. £=0), then the FWE model should yield the same
results as DTI. However, in the presence of noise, the model appears to fit
a small fast diffusing component to the noise, thus introducing some small
bias. For the prolate tensor with = 0, the FWE model overestimates FA
by < 0.009 (see Table 3.6). While induced bias is suboptimal, it is to a much
smaller degree than DTI's partial volume errors.

Tables 3.5 and 3.6 display the results of the mismatch between the
assumed model and the underlying simulated model. Table 3.5 presents the

underestimation that occurs when using a single tensor DTI fit when there
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is actually a fast diffusing component of 20% (e.g. f= 0.2). The resulting
FA is biased to a lower than true value even in the case of infinite SNR.
Table 3.5 shows the bias induced by using the FWE model when the
underlying signal conforms to the single tensor DTI model (£ = 0). The
model wrongly fits a small fast diffusing component resulting in an
overestimate of FA. This is due to a fitting of the noise. As would be

expected, the bias decreases as SNR increases.

FA Bias for a Single Tensor Fit
SNR 20 30 40 50 60
Bias -0.106 -0.102 -0.100 -0.100 -0.099

Table 3.5: FA bias due to using DTI in the presence of partial volume effects. Using a
standard DTI model in the case of a volume fraction of 0.2 results in a bias in fitting
FA. In this case the standard DTI fit underestimates the true tissue FA which was
0.712.

FA Bias for an FWE Fit
SNR 20 30 40 50 60
Bias 8.7x107° 6.3x107° 4.8x107° 3.6x107° 2.3x107°

Table 3.6: FA bias due to using the FWE model when the signal is truly from a single
tensor. Using a FWE model in the case of a volume fraction of O results in a bias in
fitting FA. In this case, the FWE fit overestimates the true tissue FA.

3.5 Discussion

In this study, we introduced a simple technique using a two-

compartment diffusion model and two-shell DTI acquisition, which resolves
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partial volume effects due to CSF contamination. We optimized the
acquisition parameters to minimize the estimation errors in FWE DTIL.
Simulations showed that a two—shell design was superior to designs with a
greater number of shells.

Fitting diffusion data to a biexponential function is a notoriously
difficult and ill-conditioned problem [53]. It is essential to stress the
importance of the “ancillary” points regarding the ways that reinitialization
in the search was carried out, as well as the modified Newton’s method and
the setting of the dampening parameter. These finer points resulted in a
reduction in MSE of more than an order of magnitude over the case without
reinitialization and using a basic Levenberg—Marquardt implementation (not
shown). Without the modifications presented here, the model is somewhat
prone to poor performance especially with a large f~value.

The estimation of tensors with a substantially high 7/—value leads to
overestimated FA values. The lower the anisotropy, the more pronounced
the effect was. This matches the observation from DTI in the presence of
low SNR [52]. The low anisotropy scenario means that the proposed
method contains extra parameters that are unnecessary, hence the
estimation of these parameters may vary wildly. For this situation the

Hessian matrix may not be well conditioned. Without some modification,
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periventricular grey matter will be most plagued by this error and, thus, the
FA 1in this region cannot by reliably determined. However, for high FA
regions such as coherent white matter it is expected that a higher /-value
(= 0.8) may be tolerated with reliable performance. This stands as a clear
limitation of the presented method. Though spatial regularization was
intentionally avoided, it may be that some spatial constraints would reduce
this limitation. Nothing regarding the current implementation would
preclude the inclusion of spatial constraints. It is also possible to mitigate
most errors by dismissing all diffusion metrics from voxels with an /~value
set above a reasonable threshold such as 0.75.

Any voxel that contains some free water portion must necessarily
have a lower signal arising from the tissue compartment. As such, the FWE
tensor SNR will be lower than when fitting a single diffusion tensor to the
recorded signal. This effect, in turn, emphasizes the known directional
dependence of variance in diffusion imaging [48,54]. We believe it is this
reduced tissue compartment SNR which causes the uncertainty and bias
when the isotropic component is large. It is expected that any method that
attempts to resolve CSF PVE in a voxel will similarly be plagued by low
apparent SNR. This would be expected even in experiments that fit a single

diffusion tensor but alter the acquisition to minimize the CSF signal such as
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fluid attenuation inversion recovery [55] and the recent method suggested
by Baron and Beaulieu [56].

The difference in estimation accuracy for two-shell acquisition
design, as compared to any of the other designs, was statistically significant
with p < 0.05 via t—-test. Even so, thanks to the algorithm optimization, any
of the acquisitions with the “optimal” b-values would likely perform
sufficiently well /n vivo. Due to its performance and relative simplicity, the
two—shell acquisition is recommended for future work.

The FWE DTI model is based on the assumption that the fast diffusion
compartment behaves as free water in both magnitude (D=3 x10™°mm?/sec)
and mode (isotropic) of diffusion. This is a reasonable approximation in
regions with CSF and is the basis for the previous studies that apply FWE
DTI [43,44,57,58]. Note that, if the fast diffusion component deviates
significantly from the predicted value, the acquisition parameters may be
suboptimal and the estimated measures from the model may be biased.
However, our early in vivo results when allowing the isotropic D to vary
from 2 x10°mm?/sec to 4 x10°mm?/sec in increments of 2 x10 *mm?%/sec
show that D = 3 x10°mm?/sec fits best for more than 93% of voxels. This
suggests that, for the FWE model, 3 x10°mm?/sec is appropriate for

1sotropic compartment diffusivity.
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The in vivo results with the optimized scan parameters in this study
yielded a mean FWE volume fraction of 0.17 = 0.14 in white matter and
0.24 £ 0.23 in grey matter, which are consistent with previously reported
values using FWE DTI [44]. These volume fractions are similar to the mean
extracellular volume of = .2 in brain parenchyma from non—-MRI diffusion
measurements of tetra—methylammonium (TMA) [59]. Though these
results are similar, the physical interpretation of the isotropic component
within the parenchyma away from CSF interfaces may be debated as being
inconsistent with the expected properties of the extracellular space
(Beaulieu, 2002 and references therein).

Consequently, the FWE isotropic volume fraction is unlikely to be an
exact measure of the extracellular volume. For diffusion times associated
with clinical DTI pulse sequences, much of the water in the extracellular
space will encounter barriers and display anisotropic diffusion. Note that
in previously reported bi—exponential diffusion experiments with two
unconstrained tensors [61-65] there was no obvious correlation to intra-
and extracellular compartmentalization with the Dpus; = 1.2 x107° mm?/s for
the human brain. Using a compartment specific tracer, Duong et al. suggest
that the difference in diffusivity between intra— and extracellular

compartments may be indistinguishable [66].
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Further complicating the interpretation of the isotropic component as
being indicative of the extracellular compartment is the presence of Gibbs
ringing in the f map, Figure 3.7h. This artifact is also present in the » =0
image due to the high contrast transition from CSF to parenchyma. The
high spatial frequency of the edge at CSF and brain borders causes the
ringing. This artifact is then propagated in the tensor calculation and is
visible in the standard MD image, Figure 3.7e. By using the FWE model,
this ringing appears substantially reduced from the tissue compartment MD
maps, Figure 3.7f. This artifact reduction should allow the tensor to more
faithfully reflect diffusion properties of the tissue, however, it also displays
that the f/=value may be affected by factors beyond the extracellular volume.

Even with the many complications in interpreting the free water
component in the parenchyma, it is our belief that it is a surrogate measure
of extracellular space. Only within the extracellular space could a water
molecule have the requisite room to diffuse as free water. Certainly not all
water within this space would behave as free water, but some might.
Furthermore, any pathology which may affect the dimensions of the
extracellular space ought to have an effect on the free water fraction.

Cursory investigations were performed into whether simple, crossing

white matter fibers could lead to a fast diffusion component in the FWE
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model with the conclusion that relatively simple two tensor patterns do not
induce fitting a larger fthan the bias amount of < 0.01. The requirement
that diffusion be both fast and isotropic prevents spurious fitting in the case
of two crossing tensors composed of a simple combination of the tensors
simulated.

The FWE model estimates for reported bi—-exponential diffusion
[64,65] were also investigated and yielded a small free water fraction ( =
0.11) that was consistent with the values observed in some of the white
matter. So, this is also a potential mechanism for parenchymal apparent
fast diffusion. We note that these estimates are consequently misleading,
though no less so than standard DTI, which also does not adequately treat
the bi—exponential diffusion. For this simulation the full tensors reported
for diffusion in the rat brain by Inglis et al. [64] were modified to match the
volume fractions and mean apparent diffusivities reported by Maier et al.
[65] in the human brain.

Even with the limitations noted, the free water elimination model may
be implemented in a simple way with a scan that is less than six and a half
minutes. With a manageable scan time and additional information relative
to DTI, we believe that the FWE scheme has significant potential for

immediate, impactful clinical use. While more sophisticated models such as
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CHARMED, DBSI, and NODDI provide attractive models, they are not
currently configured for routine clinical use [16,17,47].

The joint histograms of WM and GM, Figure 3.6, show a great
reduction in partial-volume averaged voxels with MD > 0.9 x107°® mm?/s
and FA < 0.2. Instead, these voxels are corrected to be more in line with
the majority of voxels in the parenchyma. It appears that partial volume
effects with CSF have been corrected successfully, resulting in tissue
specific diffusion measures.

As a means of correcting for partial volume effects, the free water
elimination model has the potential for a wide variety of applications. Any
investigation into diffusion properties of tissue bordering CSF could benefit
from adopting the FWE model. For example, this method may provide a
means to differentiate widespread edema from infiltrating tumor by
revealing tissue characteristics masked by the presence of edema.
Additionally, due to its proximity to CSF, cortical grey matter diffusion
imaging would greatly benefit from this model as well. Further validation

1s required to truly interpret the isotropic volume fraction.

3.6 Conclusions
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In this paper, a bi—tensor free water elimination model that is useful
for the removal of the confounding effects of free water and other sources
of fast diffusion in the brain was described. These effects appear at CSF
interfaces due to partial volume effects and more distally due to Gibbs
ringing artifacts. The result is DTI measures that are better representations
of underlying tissue microstructure and the additional contrast mechanism
of the free water map. This work offers a straightforward implementation
of the FWE model along with recommended acquisition parameters. The
FWE model allows for a clinically acceptable acquisition time and
reconstruction. For the conditions investigated, the best acquisition
featured two b-value shells with an equal distribution of directions per
shell. The recommended A-values are 500 and 1500 s/mm? for each shell.
Future work will include applications to investigate performance in cortical
gray matter, white matter adjacent to the ventricles, and the differentiation

of infiltrating tumor from bland edema.
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Chapter 4
Model Validation in White Matter with Deterministic

Tractography

Portions of this chapter have been submitted to the Journal of Magnetic
Resonance Imaging as a manuscript titled, Free Water Elimination Diffusion
Tractography: A Comparison with Conventional and FLAIR DTI
Acquisitions.

4.1 Abstract

Diffusion tensor imaging (DTI) coupled with tractography is an
excellent technique to reconstruct white matter pathways and extract
diffusion metrics. In the case of partial volume effects with cerebrospinal
fluid, standard DTI fails and an alternative acquisition such as fluid
attenuation inversion recovery (FLAIR) DTI is required. Here we show that
the free water elimination (FWE) diffusion model can also overcome CSF
PVE without the time, signal to noise ratio, and volumetric coverage
penalties inherent to a FLAIR acquisition. Reconstruction of the fornix
shows that the FWE scan provides larger (p < 0.0005), anatomically

appropriate tracts than either DTI or DTI FLAIR acquisitions.

4.2 Introduction
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Diffusion Tensor Imaging (DTI is currently the most widely used
neuroimaging MRI technique for characterizing tissue microstructure [67].
DTI coupled with tractography algorithms are also used to reconstruct
specific white matter (WM) tracts, which may be used to define volumes of
interest (VOIs) for comparison of region—specific diffusion metrics across
subjects [68]. The use of tractography to define VOIs reduces the user
dependence, required time, and difficulty inherent to manual segmentation

of successive two—dimensional image slices [55].

Diffusion weighted imaging has inherently low signal to noise ratio
(SNR) due to both diffusion effects and increased echo times (TE) from the
large diffusion—encoding gradient pulses required for diffusion weighting.
Although the use of multi—channel array head coils may help to improve
SNR, DTI is commonly acquired with spatial resolution between 2mm and
3mm in each dimension in order to maintain adequate SNR levels. Increased
spatial resolution requires longer scan times that may adversely affect
clinical feasibility and increase the likelihood of head motion. Large voxel
sizes also lead to greater partial volume effects, especially in white matter
tracts such as the fornix and the corpus callosum, which share borders with

cerebrospinal fluid. Diffusion properties of both of these tracts have been
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extensively studied in a wide variety of applications including normal aging,
mild cognitive impairment, Alzheimer’s disease, traumatic brain injury, and
autism [36,58,69-72].

When two tissues with differing diffusion characteristics share a
voxel, the classical DTI model no longer applies. For example, the classical
DTI model underestimates the fractional anisotropy and overestimates the
mean diffusivity in voxels with mixtures of CSF and either WM or gray
matter (GM). White matter tractography algorithms often utilize an FA
threshold (e.g., FA > 0.1 to 0.3) to terminate the tract reconstruction.
Consequently, tractography of WM proximal to CSF can prematurely

terminate, which may lead to misinterpretation of that tract.

One approach to reduce PVE in DTI is the use of a fluid attenuation
inversion recovery preparation pulse before the acquisition of each slice.
When properly timed, the FLAIR preparation reduces the signal from CSF
to nearly zero, effectively eliminating PVE [55,73]. However, this approach
carries with it several limitations. First, the WM signal, and hence, SNR 1is
reduced approximately 25% when the inversion time (TD is chosen to null
CSF. Secondly, the relatively long inversion time for CSF suppression

(2000 ms) drastically increases the repetition time (TR), and hence, overall
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scan time. Lastly, multi-slice interleaving strategies become increasingly
difficult when incorporated with preparation pulses, and multi—slice
acquisitions are often limited by the maximum number of slices achievable
for a given inversion time.

Alternatively, a multi—component model may be used to account for
PVE of CSF and brain tissue [43,44,57,74,75]. In the last chapter, the FWE
DTI model was introduced and optimized. This method requires only a
minor change to acquisition protocol and does not require spatial constraints
or assumptions it was previously proposed and optimized [76]. This work
compares the robustness of deterministic tractography in regions with CSF
contamination for traditional DTI, FLAIR DTI, and the FWE DTI method
outlined in Chapter 3.

4.3 Methods

In the FWE model, CSF is assumed to be isotropic and have a known
ADC. The use of two non—-zero b—values greatly simplifies the parameter
space allowing accurate and stable DTI measures even without spatial
constraints and assumptions. The FWE DTI signal model [42] is described

by

S; = Sol(1 = f) exp(=b;g{ Dg;) + fexp(—bD;s5)] (4.1)
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where S; and Sp are the signal from the 1—th diffusion and non-diffusion
weighted measurements, respectively, Dis, = 3 x10°mm?/sec is the free
water diffusivity, D1is the tissue diffusion tensor, b;and g;jare the diffusion—
weighting amplitude (in mm?/s) and unit gradient encoding vector,
respectively.

Ten healthy young (mean age: 25.6 yrs., range: 22-29 yrs.)
volunteers underwent four separate DTI acquisitions constituting three
distinct comparisons. All scanning was performed using informed consent
and was in compliance with an approved protocol from the Institutional
Review Board. Brain imaging studies were performed using a 3-Tesla
MR750 Discovery scanner (General Electric Healthcare, Waukesha, WI) and
a 32-channel, receive-only brain coil (Nova Medical). Diffusion tensor
imaging measurements were obtained using four DTI scans: (1) standard
DTI, (2) FLAIR DTI, (3) short FWE DTI and (4) long FWE DTI. Unique
protocol parameters for each case are listed in Table 4.1.

FLAIR Standard FWE (long) FWE (short)

DTI DTI
Acquisition time 9:00 9:00 9:00 5:24
TR (ms) 10000 6000 6000 6000
TE (ms) 63.1 63.1 68.9 68.9
Number of 6x0 10x 0 10x 0 6x0
8 x 80 x 40 x 500 24 x 500

images x b-value 1000 1000 40 x 1500 24 x 1500
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Number of slices 34 64 60 60

Table 4.1: Relevant scan parameters for the four acquisitions to be compared.

In all cases, DTI was performed using a diffusion—-weighted spin—echo
EPI pulse sequence with a single refocusing pulse, parallel imaging with
ASSET (R=2) and custom modifications to enable FLAIR and arbitrary
encoding directions. Images were acquired using contiguous sagittal slices
with 2.5 mm isotropic resolution (96x96 matrix over a 240 mm FOV). A
higher order shim preceded the first DTI scan. In all cases, the TR was set
to the minimum value to optimize the acquisition efficiency. All DTI cases
except FLAIR had a matching slice prescription. The inversion time for the
FLAIR scan was set to 2000 ms. The maximum number of slices for FLAIR
DTI was limited to 34, so coverage was limited to the mid-brain region,
which included all of the tracts of interest. For both standard DTI and FLAIR
DTI, diffusion-weighted images were collected at a single b-value (1,000
s/mm?). The number of encoding directions was increased for standard DTI
to match the scan time of FLAIR DTI. For both FWE DTI scans, diffusion—
weighted data were collected at two b-values (500 and 1,500 s/mm?), which
is necessary for fitting the two-pool FWE model [46]. For all DTI scans,
the ratio of diffusion weighted images to bp images was maintained at the

reported optimal value of 8:1 [5]. The short FWE DTI protocol matched
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the number of diffusion encoding directions used in the FLAIR DTTI studies.
The long FWE DTI protocol increased the number of diffusion encoding
directions to match the overall acquisition time for standard DTI and FLAIR
DTTI and the number of encoding directions for standard DTI. The diffusion
encoding directions were matched for the pair of standard DTI and long
FWE DTI scans, and the pair of FLAIR DTI and short FWE DTI scans.

The first experiment compared standard DTI, FLAIR DTI, and long
FWE DTI acquisitions with the same scan time and resolution. The second
comparison was between FLAIR DTI and short FWE DTI scans with the
same number of encoding directions. Lastly, the long and short FWE scans
were compared to judge the effect of acquiring a different number of
diffusion-weighted images.

The traditional and FLAIR DTI scans were single shell acquisitions
that were reconstructed per our standard laboratory pipeline that included
a combination of FSL, Camino and custom Matlab tools. The preprocessing
steps included movement and eddy current correction, gradient direction
correction, brain extraction, and a single tensor fit with Camino [77,78].
Eddy current correction and brain extraction were carried out using the FSL
toolkit [79]. For the FWE scans, the process was the same except that the

FWE DTI model in Equation 4.1 was fit in Matlab [76] and the resulting free
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water component removed prior to performing tractography with Camino.
As the FWE model treats the signal from each voxel as a combination of a
single tensor and a free water signal, the removal of the free water signal
provides a better probe of the underlying tissue diffusion tensor. Up to this
point, all processing had been performed in the individual space for each
scan.

In order to define the VOIs to be used for tractography, a template
image was constructed for each individual subject using DTI-TK, which
performs DTI spatial normalization using the full tensor for alignment [80].
For each individual subject, the number of slices from each scan was
reduced to match that of the FLAIR scan and create the subject—specific
template. The FA map from the template was used to define the
tractography VOIs, which were inverse warped into the native space for
each scan [81].

Whole-brain tractography was performed using the fiber assignment
by continuous tracking (FACT) algorithm [19] as implemented in the
Camino software package. Tracts were seeded at the center of every voxel
with an FA greater than or equal to 0.3. Specific tracts were then
reconstructed by constraining viable fibers through the use of targeted

inclusion and exclusion VOIs. An FA threshold of 0.3 and a curvature
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threshold of 60 degrees over 5 mm were used as stopping criteria.
Visualization was carried out using TrackVis [82].

The primary metric for comparison was tract volume. Within the
confines of being consistent with known anatomy, a larger reconstruction
volume is likely indicative of fewer prematurely terminated tracts
[55,83,84]. Tract volume was determined by multiplying the voxel volume
(15.625 mm®) by the number of voxels that contain any portion of a tract.
The FA and MD along the tracts were also compared, however, these
metrics cannot be used to determine reconstruction quality. Statistical
significance was determined using a paired student’s t—test with a = 0.05
and Bonferonni correction for multiple comparisons.

Native—space tractography reconstructions were performed for the
corpus callosum (CC), fornix, and cingulum. The first two tracts were
chosen because of their proximity to CSF filled spaces such as the
ventricles and interhemispheric fissure. The cingulum bundles are not
adjacent to CSF spaces and, thus, were control tracts. A single VOI defined
on the midsagittal FA image was used to define the corpus callosum, Figure
4.1. This was further subdivided into five regions using the scheme
proposed by Hofer and Frahm, based on fiber projection regions [85].

These regions were prefrontal (CC-I), premotor and supplementary motor
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(CC-ID, primary motor (CC-III), primary sensory (CC-IV), and parietal,
temporal, and visual (CC-V). The fornix was delineated based on
intersection with two primary VOIs in the columns and body of the fornix
and one of two secondary VOIs in the left and right crux [86], Figure 4.2.
The right and left cingulum bundles were defined by tracts that pass through
a pair of VOIs — anterior above the corpus callosum genu and posterior
above the corpus callosum splenium - placed on the thin green white matter

tracts immediately superior to the corpus callosum [18,87], Figure 4.2.

Figure 4.1: Seed VOI and example segmentation of the corpus callosum overlaid on
an FA map. The CC was segmented into the following five regions: CC-I (yellow),
CC-1I (red), CC-II (orange), CC-IV (green), and CC-V (blue). The middle image
shows a streamline reconstruction of the CC with DEC encoding based on the primary
eigenvector. The rightmost image shows the same reconstruction with color
determined by the seed VOI from which the tract originated.
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Figure 4.2: Example of the VOIs used to define the fornix (top row) and cingulum
(bottom row). Fornix tracts were reconstructed if they passed through the columns
(vellow), body (blue) and either the right crux (red) or left crux (green). Cingulum
tracts were reconstructed if they passed through an anterior VOI (left: red, right: pink)
and a posterior VOI (left: blue, right: green).

4.4 Results

The SNR of the b = 0 images for the standard DTI scan in white matter
was 47 £ 1.2. Both the FLAIR DTI and FWE DTI scans displayed a reduction
in SNR with measured values of 32 £ 0.8 and 42 * 2.2, respectively,

corresponding to an SNR reduction of 33% and 11%, respectively, when
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compared to the standard DTI. As is expected, there is no discernable
difference in SNR between the long and short FWE scans.

Figure 4.3 shows the reconstructed volume for each of the four
acquisitions and seven tracts relative to the standard DTI. The FLAIR DTI
sequence yields a significantly larger reconstruction than standard DTI in
CC-I, CC-III, CC-V, and the fornix. Likewise, the long FWE DTI sequence
was statistically larger for all reconstructed tracts. Meanwhile, the tract
reconstructions from the short FWE DTI scan was larger for all CC tracts

and the fornix, but not the cingulum.
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Figure 4.3: Reconstructed volume for seven tracts and four acquisitions. The marker
shape denotes acquisition type and the color gives the reconstructed tract. A four sided
star (4) represents a significant difference from ‘traditional’ DTI and a five sided star (%)
1s a significant difference from FLAIR.

For some tracts the differences between the FLAIR DTI

reconstruction and the FWE DTI reconstructions were also significantly
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different. The long FWE DTI scan produced a larger reconstruction for CC-
III, CC-1V, CC-V, and the fornix. For the short FWE DTI scan, CC-1V, CC-
V, and the fornix resulted in statistically larger tract reconstructions. The

two FWE DTI scans showed no significant differences for any of the tracts

reconstructed.
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Figure 4.4: Diffusion metrics for each of the tracts and acquisitions. The marker and
color definitions are the same as in Figure 4.3.

The study also investigated DTI method differences in the diffusion

metrics, Figure 4.4. FLAIR DTI and standard DTI resulted in substantially
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similar diffusion metrics in the entirety of the corpus callosum. However,
differences were noted in the fornix and cingulum bundles. In the fornix,
FLAIR DTI yielded significantly smaller mean, radial, and axial diffusivities
along with a higher FA. In the cingulum, FLAIR DTI yielded larger mean
and axial diffusivities as compared to standard DTI. Meanwhile, the FWE
DTI methods were very similar to each other, but significantly different
from both standard DTI and FLAIR DTI scans in terms of mean, radial, and
axial diffusivities for every reconstructed tract. Significant differences in
FA were seen between both FWE DTI scans and standard DTTI for all tracts
except for CC-I and CC-II. As the fornix displayed the most dramatic
metric changes and the highest degree of PVE, as measured by mean /-
value, Figures 4.5 and 4.6 show these reconstructions from one subject in
more detail. These Figures show the reconstructed tracts from each

method along with the spatial distribution of FA and MD along the tracts.
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Figure 4.5: Streamline reconstruction of the fornix from one subject. The color coding
is based on the FA of the tract. The reconstruction is presented in axial (top row),
sagittal (middle), and coronal (bottom) views.
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Figure 4.6: Streamline reconstruction of the fornix from the same subject as in Figure
4.5. The color coding is based on the MD of the tract. The reconstruction is presented
in axial (top row), sagittal (middle), and coronal (bottom) views.

The spatial distribution of f-value can be visualized along each tract
in Figure 4.7. For both the fornix and CC, the f-value shows a pattern
consistent with PVE from the ventricles. The superior portion of the fornix

and the inferior portion of the CC that border the ventricles do indeed have
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the largest f-value. In the CC the f~value was seen to increase from
anterior to posterior for the corpus callosum, Figures 4.4 and 4.7. Clearly
this i1s skewed by the relative amount of PVE for each tract with the
ventricles and for CC tracts which penetrate into the cortex, which is more
highly partial volumed with CSF. When removing the highly partial volumed
voxels (£> 0.5), the resulting mean /~value is found in Table 4.2. With the
exception of CC-V to CC-IV, each tract has a significantly larger f-value
than the one immediately anterior to it. The cingulum bundles show the
lowest mean /~value and little spatial variation along the tracts, Figures 4.4

and 4.7.

Figure 4.7: Fvalue projected onto the reconstruction of the fornix (left), cingulum
(center), and corpus callosum (right). The fornix displayed the greatest degree of
PVE as it is located inferior and proximal to the CSF filled ventricles. Corpus callosum
reconstructions from two separate subjects are shown. The blue arrows show the
area of PVE with the ventricles. Green arrows show tracts that propagate through
the cortex where PVE are common due to the folded nature of the cortex.
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Tract: CC-1 CC-1I CC-III CC-1V CC-V
Without 0.164 * 0.197 = 0.226 £ 0.266 £ 0.278 =
Correction  0.025 0.030 0.034 0.027 0.021
With 0.156 % 0.183 = 0.222 £ 0.260 £ 0.264 £
Correction  0.021 0.022 0.036 0.029 0.020

Table 4.2: Mean isotropic signal component for CC regions with and without correction for
highly partial volumed voxels.

In terms of qualitative appearance, the cingulum bundles showed no
noticeable difference between any of the techniques, while the fornix
showed distinctly larger, more complete reconstructions with the FLAIR
DTI and FWE DTI protocols, Figures 4.5 and 4.6. For the fornix, the
standard DTI acquisition yielded smaller, incomplete appearing tracts in all
subjects. Differences in the appearance of the CC, though existent, were
subtle and not visually obvious for most subjects.

The effect of acquisition and reconstruction on the homogeneity of
diffusion measures within a single coherent structure was assessed by
analyzing the standard deviation of a given metric along a single tract. The
means of the standard deviations along the fornix and cingulum are shown
in Table 4.3. Values are provided for FA, MD, RD, and AD. The standard
deviations for the diffusivity metrics (MD, RD, AD) in the fornix are reduced
with FLAIR DTI and the FWE DTI acquisitions compared to standard DTL.
This is not seen in the cingulum, where variability in diffusivity measures

for the PVE resolving techniques is comparable or greater than standard



93

DTI. For both tracts, variability of FA increases from standard DTI to FLAIR
DTI and then to the FWE DTI techniques. Though not shown, all of the
corpus callosum tracts displayed the same pattern as the fornix, though to

a lesser extent.

Fornix Cingulum
DTI FLAIR FWE FWE DTI FLAIR FWE FWE
long short long short

FA 0.12 0.13 0.17  0.16  0.09 0.11 0.12 0.14
MD 0.26 0.10 0.15 0.15 0.04 0.03 0.04  0.05
RD 0.26 0.13 0.16  0.15  0.07 0.08 0.07  0.08
AD 0.33 0.26 0.29  0.31 0.11 0.15 0.15  0.18

Table 4.3: Mean of the standard deviations of the diffusion metrics along the fornix and
cingulum.

4.5 Discussion and Conclusion

This work demonstrates the utility of a simple diffusion model to
alleviate deleterious effects of unwanted mixing of CSF and brain tissues,
thereby improving tractography. The tracts produced with the proposed
FWE DTI were more complete than those produced using traditional DTI.
Compared to FLAIR DTI, which also shows tractography advantages
compared to DTI, the FWE DTI scan can be performed in almost half the
time and with more volumetric coverage. The benefits of FWE DTI were

greatest in the fornix due to its close proximity to CSF.



94

For the tracts with high CSF PVE (fornix and corpus callosum), the
FLAIR DTT and FWE DTI scans led to a reduction in standard deviation for
the diffusivity measures along a tract with the reduction greatest for FLAIR
DTI. In contrast, the cingulum, which is not adjacent to CSF, had increased
variability using either FLAIR DTI or FWE DTI methods, which have
decreased SNR. The SNR penalty from FLAIR DTI may increase the
standard deviation along the tracts. Also, the added complexity of the FWE
DTI model in the cingulum may introduce uncertainty by fitting more
parameters than are necessary since the expected free water fraction fis
Z€ero.

When considering the diffusion metrics associated with each
technique, it becomes apparent that the FWE techniques do not simply
remove the effects of CSF. If this were the case, the FWE metrics would
be more in line with the measures from FLAIR DTI. However, FWE DTI
results in a greater FA and reduced diffusivity measures even in tissues
without CSF PVE. For example, the cingulum bundles, though not being in
direct contact with CSF, have a mean f~value of 0.13 £ 0.03 and 0.12 *+
0.05 for the long and short FWE DTI protocols, respectively. It has been
hypothesized that this signal arises from the extracellular space (ECS)

[44,57]. The results here suggest that, for this theory to be true, water in
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the ECS must diffuse freely yet have a T1 that is distinct from CSF and,
thus, not nulled by FLAIR.

In addition to removing CSF PVE, the f-value may also reflect
properties of tissue microstructure and organization. Much like diffusion
kurtosis imaging (DKI) [10] quantifies the deviation from monoexponential
signal decay, a non—-zero f~value may be an alternative means of modeling
this deviation. Thus, even when analyzing tracts distal from CSF, the
presence of a non—zero f~value reflects the inadequacy of the DTI model
to represent the measured diffusion decay. If indeed the f-value in
parenchyma reflects kurtosis effects, then the prior constraint [76] on the
maximum acquisition b-value of 1500 s/mm? is unnecessary.

The CC shows both a quantitative (Table 4.2) and qualitative (Figure
4.7) pattern of increasing /~value from anterior to posterior. Studies with
light and electron microscopy have noted that the fiber size and density of
the CC is regionally dependent [88,89]. These studies note that the highest
fiber density and smallest mean axon diameter are in the anterior CC with
decreasing density and increasing diameter moving posterior. The lowest
density and largest average diameter occur in the posterior mid—body with

the fiber density increasing in the most posterior portion. While certainly
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not conclusive evidence, this observation qualitatively aligns with the
postulation that /~value corresponds to the ECS.

In conclusion, this work confirms that the FWE DTI method is capable
of alleviating the partial volume effects of CSF at the borders of white
matter tracts. This is especially evident in the fornix, which has high partial
volume averaging with CSF. In this tract FWE DTI produces a larger, fuller
reconstruction than using FLAIR DTI. The FWE DTI method provides
greater anatomical coverage, time efficiency, and SNR when compared with
FLAIR. However, both FWE DTI and FLAIR DTI methods will improve the
microstructural characterization of tracts with CSF PVE. It was also
confirmed that the f/-value reflects more than just CSF PVE and, thus,
diffusion metrics with FWE DTI are distinct from those with FLAIR and DTI,

even in regions distal from CSF interfaces.
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Chapter 5

Diffusion Measures in Preclinical Alzheimer’s Disease

Portions of this chapter have been included in a manuscript intended for
future publication. Portions detailing pathological and clinical background
and interpretation have been provided by collaborators.

5.1 Abstract

Background: Brain changes associated with Alzheimer’s disease (AD) begin
decades before disease diagnosis. While B-amyloid plaques and
neurofibrillary tangles are defining features of AD, neuronal loss and
synaptic pathology are closely related to the cognitive dysfunction observed
in AD. Brain imaging methods that are tuned to assess degeneration of
myelinated nerve fibers in the brain (collectively called white matter)
include diffusion tensor imaging (DTI) and related techniques, and are
expected to shed light on disease-related loss of structural connectivity.

Methods: Participants (N=70, ages 47-76 years) from the Wisconsin
Registry for Alzheimer’'s Prevention study underwent diffusion tensor
imaging (DTI) and hybrid diffusion imaging (HYDI) to determine a free-
water elimination (FWE) model. The study assessed the extent to which

preclinical AD pathology affects brain white matter. Preclinical AD
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pathology was determined using cerebrospinal fluid (CSF) biomarkers. The
sample was enriched for AD risk (APOE ¢4 and parental history of AD).
Results: Elevated AD pathology as shown on CSF was significantly
associated with altered microstructure on DTI and FWE-DTI. Affected
regions included frontal, parietal, and especially temporal white matter. The
f-value derived from the FWE model appeared to be the most sensitive to
the relationship between AD biomarkers measured in CSF and
microstructural alterations in white matter.

Conclusions: The findings demonstrate that preclinical AD involves white
matter degeneration. These results shed light on the early pathological
features of AD, in addition to suggesting that white matter imaging measures
may have utility as both tools of early disease detection and outcome
measures for clinical trials. More complex models of microstructural

diffusion may provide increased sensitivity over standard DTI.

5.2 Introduction

Of the characteristics that define AD, neuronal loss and synaptic
pathology—not B-amyloid plaques or neurofibrillary tangles—show the
strongest relationship to dementia severity and cognitive deficits in AD
Beyond standard volumetric MRI, there are few options for gauging cell

loss, and sensitive approaches are needed, especially to measure early
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changes. Diffusion-weighted magnetic resonance imaging (MRD is an
increasingly used technique that is sensitive to the random self-diffusion of
water molecules. In an unstructured medium, diffusion characteristics
reflect properties of the fluid such as temperature and viscosity. However,
in structured media such as brain tissues, the measured signals are instead
modulated by the geometry of the tissue microstructure [60]. Thus, water
molecules are used as a noninvasive endogenous tracer to probe tissue
microstructure.

Diffusion tensor imaging (DTI) describes the distribution of diffusion
displacements using a Gaussian model and has been used extensively to
assess tissue microstructure changes in aging, AD and preclinical
AD[37,90-115]. Despite the promising sensitivity of DTI, it has known
limitations that can impair utility and specific interpretation. To date, very
few studies have applied advanced diffusion-weighted imaging methods for
characterizing complex microstructural changes in the early stages of AD.

In this study, a free water elimination (FWE) diffusion model was
utilized to estimate and remove the signal contributions from cerebrospinal
fluid (CSF) and apparent free water components from the estimated
diffusion tensor of the tissue. The FWE-DTI model contains an isotropic

diffusion (free water) component with a diffusion coefficient that is
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constrained to be approximately three times larger than is typically
encountered in tissue [57] in addition to the standard diffusion tensor. The
free water diffusivity (3x10™® mm?/s) matches the theoretical value of CSF
at body temperature [40]. The free water signal fraction, denoted as the
f~value, corresponds to the water that has minimal interaction with tissue
barriers over the diffusion time of the experiment. This model minimizes
the CSF contamination of DTI measurements in tissues adjacent to CSF
filled spaces such as the ventricles and cerebral cortex [74]. Non-zero /-~
values present in tissues distal from CSF may reflect the relative volume of
extracellular spaces in the tissue [44,57,75].

We expected that FWE-DTI would provide improved sensitivity to
microstructural alterations that occur early in the development of AD. In
addition to shedding light on the early features of AD pathogenesis, focusing
on microstructural alterations is important given that plaques and tangles—
while central features of AD—may be accompanied by additional features
that predict progression to dementia[116-118]. Greater sensitivity in
detecting microstructural pathology may help identify individuals at greatest
risk for cognitive decline, as well as providing a novel outcome measure for

clinical trials.
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Thus, this study focused on individuals who may harbor preclinical
pathology. Asymptomatic participants were recruited from the Wisconsin
Registry for Alzheimer’s Prevention (WRAP) study, a cohort that is enriched
for AD risk based on parental history of AD and a greater percentage of
adults who carry a risk gene for AD, ¢4 allele of apolipoprotein E (APOE
e4). Participants underwent both HYDI MRI and lumbar puncture for CSF.
Biomarkers in CSF were used as a proxy for elevated preclinical AD
pathology. We hypothesized that individuals with higher burden of
preclinical AD pathology as shown on CSF would show microstructural

alterations as measured by FWE-DTI.

5.3 Methods
5.3.1 Participants

Participants were 70 asymptomatic late—-middle—aged adults (19 males and
51 females, age: 61.2 £ 6.2 yrs.) from the WRAP study. The WRAP cohort
comprises well-characterized and longitudinally followed participants who
are either positive or negative for parental history of AD. Positive parental
history of AD classification was defined as having one or both parents with
autopsy—confirmed or probable AD as outlined by research criteria
[119,120], and reviewed by a multidisciplinary diagnostic consensus panel.

Detailed medical history and phone interviews were conducted to confirm
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AD negative participants. Absence of family history of AD required that the
participant’s father survive to at least age 70 years and the mother to age
75 years without diagnosis of dementia or cognitive deterioration. APOE €4
genetic testing was performed at the University of Wisconsin—Madison,
Waisman Center. APOE ¢4 extraction and isoform classification have been
described previously [121,122]. Of those recruited 52 were identified as
having a positive family history (FH+). Additionally, 27 subjects were

carriers of APOE ¢4 (APOE4+).

5.3.2 Cerebrospinal Fluid Collection

CSF was collected with a Sprotte 25-or 24-gauge spinal needle at
the L3/4 or L4/5 using gentle extraction into polypropylene syringes.
Samples were collected in the morning after a 12h fast. Approximately
22mL of CSF were combined, gently mixed and centrifuged at 2000g for 10
minutes. Supernatants were frozen in 0.5mL aliquots in polypropylene tubes
and stored at -80°C. Samples were analyzed for total Tau (tTauw),
phosphorylated Tau (pTauis1), soluble amyloid precursor protein alpha and
beta (sAPPa and sAPPB) and B-amyloid-42 (AB42) using commercially
available enzyme-linked immunosorbent assay (ELISA) methods
(INNOTEST assays, Fujiurebio, Ghent Belgium) as described previously in

detail [123]. Neurofilament light chain protein (NFL), YKL-40 and
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monocyte chemoattractant protein—-1 (MCP-1) and  Chitinase-3-like
protein (YKL-40), were analyzed using the sandwich ELISA method with a
limit quantification of 125 ng/L. Assays were performed by Board-certified
laboratory technicians who were blinded to clinical information and who
performed all analyses on one occasion. All samples were analyzed
according to protocols approved by the Swedish Board of Accreditation and
Conformity Assessment (SWEDAC) using one batch of reagents (intra-
assay coefficients of variation <10%). Individual biomarkers as well as
biomarker ratios were entered into the statistical analyses as predictor

variables.
5.3.3 Magnetic Resonance Imaging

Diffusion-weighted imaging was completed on a 3-Tesla MR750
Discovery scanner (General Electric Healthcare, Waukesha, WI) using an
8-channel receive—only head coil. Separate diffusion scans were acquired
for the DTI and FWE-DTI model fits. For the FWE scan, multiple nonzero
b-values were acquired [76]: (number of images x b-value s/mm?): 7 x O,
6 x 300, 21 x 1200, and 24 x 2700 s/mm? For the DTI scan, a single
nonzero b-value of 1000 s/mm? was acquired. Other pertinent parameters
were: TR = 6500 ms, TE = 102 ms, slice orientation: sagittal, slice thickness

= 3 mm, and in—-plane resolution = 2.5 mm x 2.5 mm.
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5.3.4 MRI Processing and Analysis

The FWE DTI signal model [42] is described by

S; = Sol(1 = f) exp(=b;g] Dg;) + fexp(—bD;s,)] (1)

where S; and Sp are the signal from the i-th diffusion and non-diffusion
weighted measurements, respectively, Di, = 3 x107°mm?%/sec is the
isotropic free water diffusivity, Dis the tissue diffusion tensor, b;and g;are
the diffusion—-weighting amplitude (in mm?/s) and unit gradient encoding
vector, respectively. In this implementation, the use of two non-zero b-
values greatly simplifies the parameter space allowing accurate and stable
diffusion measures even without spatial constraints and assumptions.

As separate scans were used for each of the diffusion models, all
processing procedures through template construction were carried out in
parallel, independent processing streams. The FWE DTI and DTI models
were fit in each subject’s native space. Subject specific templates were
then created using DTI-TK http://www.nitrc.org/projects/dtitk/, as a means
to leverage the full tensor information for optimal
normalization[80,124,125]. Regions of interest (ROI) were drawn in the

template space and subsequently warped back to the native spaces to use
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as a seed point for deterministic tractography. Native—-space tractography
reconstructions were performed in brain regions known to be affected by
AD, including the corpus callosum (CC), fornix, and cingulum. A single ROI
defined on the midsagittal fractional anisotropy (FA) image was used to
define the corpus callosum, Figure 5.1. This was further subdivided into
five regions using the scheme proposed by Hofer and Frahm, based on fiber
projection regions [85]. These regions were prefrontal (CC-1), premotor
and supplementary motor (CC-II), primary motor (CC-III), primary sensory
(CC-1V), and parietal, temporal, and visual (CC-V). The fornix was
delineated based on intersection with two primary ROIs in the columns and
body of the fornix and one of two secondary ROIs in the left and right crux
[86], Figure 5.2. The right and left cingulum bundles were defined by tracts
that pass through a pair of ROIs — anterior above the corpus callosum genu

and posterior above the corpus callosum splenium [18,87], see Figure 5.2.

Figure 5.1: Seed ROIs and example segmentation of the corpus callosum overlaid on an

MNI T1-weighted template. The CC was segmented into the following five regions: CC-1
(yellow), CC-II (red), CC-III (blue), CC-IV (orange), and CC-V (green). The middle image
shows a streamline reconstruction of the CC with DEC encoding based on the primary
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eigenvector direction. The rightmost image shows the same reconstruction with color
determined by the seed ROI from which the tract originated.

Figure 5.2: The ROIs used to define the fornix (top row) and cingulum (bottom row) in

template space. Fornix tracts were reconstructed if they passed through the columns
(green), body (blue) and either the right crux (red) or left crux (yellow). Cingulum tracts
were reconstructed if they passed through an anterior ROI (left: yellow, right: purple) and
a posterior ROI (left: orange, right: green).

The mean value of fractional anisotropy, mean diffusivity, and /~value
were extracted for each ROI for statistical analysis. Analysis was carried
out by fitting a generalized linear model in SPSS 22 (IBM Corp., Armonk,

NY), treating the diffusion metrics as dependent variables and the CSF

biomarkers and biomarker ratios as predictors, along with age and sex as
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covariates. In this way, the effect of each biomarker or ratio of markers
was analyzed separately on each of the seven tracts and metrics of interest.
As a means of controlling for multiple comparisons, a false discovery rate
threshold of p < 0 .05 was utilized [126].

Whole-brain tractography was performed using the fiber assignment
by continuous tracking (FACT) algorithm [19] as implemented in the

Camino software package (http://cmic.cs.ucl.ac.uk/camino/). Tracts were

seeded at the center of every voxel with an FA greater than or equal to 0.3.
Specific tracts were then reconstructed by constraining viable fibers
through the use of targeted inclusion and exclusion ROIs. An FA threshold
of 0.3 and a curvature threshold of 60 degrees over 5 mm were used as
stopping criteria. Visualization was carried out using TrackVis [&82].

The tractography was carried out utilizing the tensor fitting from the
FWE scheme. For each individual subject, their DTI scan was aligned to
their native FWE scan. In this way, the DTI diffusion metrics could be
projected onto the tracts reconstructed using FWE tensors. Using the FWE
tensors instead of DTI tensors ensured a more full reconstruction of the
fornix. The metrics of interest for FWE were the FA, MD, and f~value. All

DTI analyses were carried out for FA and MD.


http://cmic.cs.ucl.ac.uk/camino/
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In addition to the tractography analysis, a voxel based analysis (VBA)
was performed across white matter constrained by white matter mask. This
mask was defined as all voxels for which FA = 0.2. Given its importance
in AD and susceptibility to early pathology, a separate VBA analysis was
also conducted on the hippocampus using a mask of based on the Desikan
probabilistic structural atlas [127-130]. This atlas, which is in Montreal
neurological institute (MNI) standard space, was warped to the population
atlas space through a 12 degree of freedom affine registration of an
accompanying MNI space FA map to the population space FA map.

The VBA analysis utilized nonparametric permutation testing using
the randomize function in FSL [131] along with threshold free cluster
enhancement [132]. Prior to the VBA, all metric maps were smoothed with
a 4mm full width half max Gaussian smoothing kernel. As with the
tractography analysis, the effect of age and sex was controlled and the main
effect of each biomarker on the diffusion metrics of interest was tested.
For each permutation test, 25,000 permutations were carried out. Multiple
comparisons were accounted for through the use of a family wise error
threshold of p = 0 .05. Once again, this analysis was carried out for the
FWE FA, MD, f~value, and the DTI FA and MD. While all analysis took place

in the population template space, these maps were warped to MNI via the
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inverse warp used for the hippocampus map for standardized reporting and

visualization.

5.4 Results

5.4.1 Demographics and CSF

Table 5.1 contains the Pearson’s correlation coefficients between age
and the CSF markers. One subject (male, APOE4+, FH-) was censured
based on poor image quality along with an especially high value on the NFL
assay that was more than 5.5 standard deviations above the group mean.
This left 69 participants in the remainder of the analyses. Age was
positively correlated with MCP, YKL-40, and pTauig: (P < 0.05) and most
strongly correlated with NFL (P< 0.001). Several CSF markers were
correlated with one another with the strongest correlations being between
sAPPa and sAPPB (p = 0.954, P < 0.001) as well as pTauisiand tTau (p =
0.876, P < 0.001). The APOE4+ group displayed a lower (P < 0.005) mean
ARB42 value (655 £ 168) compared to the APOE4- group (797 + 192). None
of the markers were significantly associated with sex or parental family
history of AD. These value were computed after censure of the subject

noted above.
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5.4.2 Tractography

Tables 5.2 and 5.3 contain the results from tractography for relationships
found significant at the uncorrected p = 0.05 threshold. This table also
shows the corrected significance level once multiple comparisons are

considered. No correlations were significant after false discovery rate

correction.

sAPPa  sAPPB  MCP YKL NFL AB42 tTau pTauisi
Age | 0.057 0.028 0.321* 0.300* 0.546t -0.190 0.202 0.237*
SAPPa 0.954t -0.399t 0.385% 0.053 0.229 0.516% 0.631t
sAPPj -0.385t 0.436% 0.040 0.328* 0.571t 0.663t
MCP 0.009 0.117 -0.241 -0.145 -0.318
YKL-40 0.193 0.299* 0.517t 0.559%
NFL 0.095 0.319* 0.314*

AB42 0.188 0.230
tTau 0.876*

Table 5.1: Linear Pearson Correlation. Significant correlations at P < 0.05 (x¥) and P <
0.001 (1) are noted.

Method Tract Metric  Predictor Uncorrected P FDR

DTI CC-Iv MD pTauisi / AB42  0.0005 0.0002
DTI CC-Iv MD YKL-40/ AB42 0.0009 0.0005
DTI CC-lv MD tTau / AB42 0.0010 0.0007
DTI CC-lll MD tTau / AB42 0.0011 0.0010
DTI CC-lll MD pTauis1 /AB42  0.0017 0.0012
DTI CC-Iv MD pTauis: 0.0022 0.0014
DTI CC-lll MD pTauis: 0.0029 0.0017
DTI CC-lv MD tTau 0.0036 0.0019
DTI CC-ln MD tTau 0.0038 0.0021
DTI CC-11 MD YKL-40 / AB42 0.0041 0.0024
DTI CC-Iv MD YKL-40 0.0058 0.0026

DTI CcC-v MD YKL-40 / AB42 0.0244 0.0029
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Table 5.2: DTI tractography results with an uncorrected P < 0.05 along with the false

discovery rate a value.

All DTI results showed a positive correlation between the MD and
CSF biomarkers. Of the seven ROIs investigated, the ROIs situated in the
posterior portions of the corpus callosum (CC-III, CC-1V, and CC-V) were
the only ones which showed an association with CSF biomarkers, including
pTauigy, tTau, and YKL-40 as well as the ratio of each to AB42. The most

robust results were for the ratios of markers as opposed to individual

markers.

Method Tract Metric  Predictor Uncorrected P FDR

FWE CC-l f pTauis1 / AB42  0.0005 0.0002
FWE Cingulum f pTauisi / AB42  0.0007 0.0003
FWE CC-l f YKL-40 / AB42 0.0010 0.0005
FWE CC-l f SAPPB / AB42 0.0022 0.0006
FWE Cingulum f SAPPB / AB42 0.0024 0.0008
FWE Cingulum f sAPPa / AB42 0.0035 0.0010
FWE CC-l f tTau / AB42 0.0035 0.0011
FWE Cingulum f pTauis: 0.0051 0.0013
FWE CC-l f sAPPa / AB42 0.0065 0.0014
FWE Cingulum f YKL-40 / AB42 0.0101 0.0016
FWE CC-lv f pTauis: 0.0114 0.0017
FWE Cingulum f tTau / AB42 0.0202 0.0019
FWE CC-lll f pTauisi / AB42  0.0359 0.0021

Table 5.3: FWE tractography results with an uncorrected P < 0.05 along with the false
discovery rate a value.

For the FWE metrics, only the /~value showed a correlation with the

CSF biomarkers. As with DTI MD, the f~value was positively correlated
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with the CSF biomarkers. However, in this case the tracts that were
affected were primarily the cingulum bundles and CC-I. The FWE f~value
showed a positive relationship with pTauigi, pTauisi/AB42, tTau/ABR42,

YKL-40/AB42, sAPPa/AB42 and sAPPB/AB42.

5.4.3 Voxel Based Analysis

The voxel based analysis revealed widespread areas where diffusion
metrics were related to pTauigi/AB42, tTau/ AB42, sAPPa/AB42 and
sAPPB/AB42 in both DTI and FWE analyses. For FWE but not DTI, pTauis:
was significantly correlated with diffusion measures. Tables 5.4 and 5.5
records all significant clusters with extent = 50 mm® found in both analyses.
An explicit cluster size threshold is not needed when using TFCE as this
threshold is strictly for reporting. As was seen in the tractography analysis,
the only metrics which showed a significant relation were DTI MD and FWE
f~value. Likewise, the relationship was positive for all of the clusters
identified. An additional summary of the overall extent of significant

findings can be found in Table 5.6.
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MNI Coordinates  Peak T
Biomarker (x,y,2) value (mm3) Region
pTauis: (-41, -24, -8) 4.54 140 Linferior frontal-occipital fasciculus
pTauis: (-29, -23, 23) 4.67 136 L posterior corona radiata
pTauisi (-50, -31, -20) 4.81 128 Linferior temporal gyrus white matter
tTau / AB42 (-35, -48, -12) 6.69 3223 L fusiform gyrus white matter
tTau / AB42 (-20, 45, 5) 473 355 L anterior corona radiata
tTau / AB42 (-36, -76, -5) 5.15 69 Linferior occipital gyrus white matter
pTauis: / AB42 (-35, -48, -12) 7.94 31689 L fusiform gyrus white matter
pTauis: / AB42 (38, -40, -17) 5.64 1338 R fusiform gyrus white matter
pTauis: / AB42 (-36, -3, -31) 5.47 1178 Linferior temporal gyrus white matter
pTauis: / AB42 (36, -3, 24) 5.42 522 Rinferior temporal gyrus white matter
pTausi / AR42 (-35, -8, -7) 4.64 379 Linsular gyrus
pTauis1 / AB42 (17, 56, 10) 5.99 135 R superior frontal gyrus white matter
pTauisi / AB42 (40, 12, 21) 4.38 122 R inferior frontal gyrus white matter
pTauis1 / AB42 (-8, -12, 40) 3.13 68 L cingulate gyrus
sAPPa / AR42 (-46, -18, -12) 5.47 5935 L middle temporal gyrus white matter
SsAPPa / ABR42 (-15, 49, 10) 5.19 2957 L superior frontal gyrus white matter
SsAPPa / AR42 (-27, 21, 29) 4.52 1061 L middle frontal gyrus white matter
sAPPa / AR42 (-35, -2, -31) 5.46 691 Linferior temporal gyrus white matter
SsAPPa / ABR42 (-42, -6, 27) 4.77 523 Lsuperior longitudinal fasciculus
SsAPPa / AR42 (-28, 16, -1) 5.61 509 L external capsule/inferior fronto-
sAPPa / AR42 (-36, -7, -6) 4.83 307 Linsular gyrus
SsAPPa / ABR42 (-18, -7, 48) 3.71 172 L superior frontal gyrus white matter
SsAPPa / AR42 (-28, -21, 21) 3.72 160 L superior corona radiata
sAPPa / AR42 (-14, 39, 37) 3.82 96 L superior frontal gyrus white matter
sAPPa / AR42 (-32,-11, 36) 4.42 96 L superior longitudinal fasciculus
sAPPa / AR42 (-12, 25, 42) 3.73 57 Lsuperior frontal gyrus white matter
SAPPB / AB42 (-36, -49, -12) 6.21 11941 L fusiform gyrus white matter
SAPPB / AB42 (-15, 49, 10) 5.71 4845 L superior frontal gyrus white matter
SAPPB / AB42 (38, -40, -17) 5.72 1572 R fusiform gyrus white matter
SAPPB / AB42 (-27, 22, 28) 4.8 1562 L middle frontal gyrus white matter
sAPPB / AB42 (-36, -3, -32) 6.05 1306 Linferior temporal gyrus white matter
SsAPPB / AB42 (-32,-11, 36) 5.16 1044 L precentral gyrus white matter
SsAPPB / AB42 (22,52, 5) 5.11 547 R superior frontal gyrus white matter
sAPPB / AB42 (37,1, 27) 4.92 506 R precentral gyrus white matter
sAPPB / AB42 (-17, -6, 48) 3.77 450 L superior frontal gyrus white matter
SsAPPB / AB42 (30, 19, 27) 4.26 395 R middle frontal gyrus white matter
SsAPPB / AB42 (27, 43, 5) 4.17 378 R middle frontal gyrus white matter
sAPPB / AB42 (-13, -25, 54) 491 234 L precentral gyrus white matter
SsAPPB / AB42 (47, -38, 30) 4.55 137 R supramarginal gyrus white matter
SAPPB / AB42 (-15, 0, 58) 3.7 81 L superior frontal gyrus white matter
SAPPB / AB42 (-51, -8, 20) 4.82 78 L postcentral gyrus white matter

Table 5.4: Listing of all significant clusters for which the FWE f-value was correlated to
one of the predictors. Information presented for each cluster includes diffusion metric and
the related biomarker, relevant white matter region, MNI coordinates (in mm) of the peak
t-value, and the cluster size (k).
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MNI Coordinates Peak T
Biomarker (x,y,2) value k (mm3) Region
tTau / Ap42 (-50, -21, -19) 5.39 3913 L parietal operculum
tTau / AB42 (24, 25, -13) 5.2 497 R posterior orbital gyrus white matter
tTau / AB42 (36, 2, -33) 5.26 381 Rinferior temporal gyrus white
tTau / AB42 (54, -24, -16) 4.75 353 R middle temporal gyrus white matter
tTau / AB42 (37,-7,-5) 5.45 130 Rinsular gyrus
tTau / AB42 (35,1, 19) 4.7 100 R precentral gyrus white matter
pTauisi / AR42 (-53, -33, -15) 6.36 5640 Linferior temporal gyrus white
pTauis: / AB42 (36, 1, -33) 5.8 491 Rinferior temporal gyrus white
pTauis / AB42 (28, 14, -8) 5.24 467 R inferior fronto-occipital fasciculus
pTauis: / AB42 (36, 3, 18) 5.5 351 R precentral gyrus white matter
pTausi / AR42 (35, -6, 23) 5.13 255 R precentral gyrus white matter
pTauis1 / AB42 (52, -21, -23) 5.04 194 R inferior temporal gyrus white
sAPPa / AB42 (-53, -33, -15) 5.68 4179 Linferior temporal gyrus white
sAPPa / AR42 (-35, 39, -1) 5.08 1589 Linferior frontal gyrus white matter
sAPPa / AR42 (-43, -5, 31) 4.41 552 L precentral gyrus white matter
SsAPPa / ABR42 (35, 4, 16) 4.65 460 R inferior frontal gyrus white matter
SsAPPa / AR42 (20, -4, -9) 6.24 445 R posterior limb of the internal
sAPPa / AR42 (30, 14, -9) 5.33 335 R external capsule
SsAPPa / ABR42 (-45, -6, 39) 4.22 143 L precentral gyrus white matter
SsAPPa / AR42 (37, -8, -4) 5.45 134 Rinsular gyrus
sAPPa / AR42 (-49, -17, 25) 5.25 101 L postcentral gyrus
SsAPPa / ABR42 (17, -1, 3) 4.08 100 R globus pallidus
SsAPPa / AR42 (35, -7, 22) 4.12 90 R superior longitudinal fasciculus
sAPPa / AR42 (-22, -64, 35) 4.69 64 L superior parietal lobule white
sAPPa / AR42 (50, -2, 28) 5.43 63 R precentral gyrus white matter
sAPPa / AR42 (-32,9,-11) 3.86 62 Linsular gyrus
sAPPa / AR42 (51, -21,-23) 4.39 54 Rinferior temporal gyrus white
SAPPB / AB42 (-53, -33, -15) 6.15 5342 L middle temporal gyrus white matter
SAPPB / AB42 (51, -21, -23) 5.22 96 R inferior temporal gyrus white

Table 5.5: Listing of all significant clusters for which the DTI MD was correlated to one
of the predictors. Information presented for each cluster includes diffusion metric and the
related biomarker, relevant white matter region, MNI coordinates (in mm) of the peak t-
value, and the cluster size (k).

pTauigr pTauisy/ tTauisy/  sAPPa/ Ap42 SAPPB/ AB42
AB42 AB42
FWE: f-value | 404 35509 3701 12784 25263
DTI: MD ~ 7558 5398 8453 5572

Table 5.6: The total extent of significant voxels (mm?®).
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The spatial distribution of clusters for which FWE f~value or DTI MD
were correlated with pTauigi/AB42 is displayed in Figures 5.3 and 5.4,
respectively. Scatter plots corresponding to the single largest clusters from
Figures 5.3- 5.4 are shown in Figures 5.5-5.6. Tables 5.7 and 5.8 show the
relationship between the areas related to each biomarker or biomarker
ratio. With the exception of the clusters due to pTauig: alone, there is
substantial overlap between all FWE clusters with one another and all DTI
clusters with one another. There were no significant clusters for either

diffusion method in the hippocampus.
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Figure 5.3: Higher levels of pTauisi/AB42 were associated with increased FWE f~value
throughout white matter. The red-yellow color scale above shows the familywise error
corrected P-value. The underlay image is a T1w MNI template with 1 mm isotropic

resolution.
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Figure 5.4: Higher levels of pTauigi/AB42 were associated with increased DTI MD
primarily in the left and right temporal lobes. The color scale, underlay, and presented
slices are the same as those in Figure 5.3.
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Figure 5.5: The largest contiguous cluster for which FWE f~value correlated with

pTauisi/AB42. All other clusters were masked out of the image. The color scale is the

same as that of Figure 5.3.

f~ pTauisi/AB42  f~tTau/AB42 f~sAPPa/AB42  f~ sAPPB/AB42
f~ pTauis: 94 % 36 % 67 % 80 %
f~ pTauss:/AB42 100 % 93 % 80 %
f~tTau/AB42 74 % 93 %
f~ sAPPa/AB42 98 %

Table 5.7 The percent overlap between the significant finding maps using the FWE £F

value.
larger map.

These are computed as the percent of the smaller map which overlaps with the
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Figure 5.6: The largest contiguous cluster for which DTI MD correlated with pTauisi/AB42.

All other clusters were masked out of the image. The color scale is the same as that of
Figure 5.3.

MD ~ tTau/AB42  MD ~ sAPPa/AB42 MD ~ sAPPB/AB42

MD ~ pTauisi/AB42 | 92 % 60 % 85 %
MD ~ tTau/Ap42 64 % 66 %
MD ~ sAPPa/AB42 76 %

Table 5.8: The percent overlap between the significant finding maps using the DTI MD.
These are computed as the percent of the smaller map which overlaps with the larger map.

5.5 Discussion and Conclusion

An estimated 5.2 million Americans have AD. In the absence of

effective treatments for the disease, there has been an increased focus on



120

understanding the pathological features that occur in the earliest stages of
the disease. Early identification i1s important for detecting pathological
features that may be modified at an early stage in the disease prior to
significant cell loss, in addition to identifying candidates for clinical trials.
In this study, we tested the extent to which preclinical AD pathology
involves alteration to white matter microstructure. White matter alteration
may be an early feature of the disease, and new methods for modeling
complex diffusion are expected to be sensitive to this early pathology. We
found significant associations between markers of AD pathology measured
in CSF, and white matter microstructure, especially as indicated by FWE 7~
value. In particular, elevated ratios of pTau/ABs2 and tTau/ABsz were
robustly associated with higher free water or /~value in frontal and temporal
lobe white matter. A novel marker of the amyloid pathway (sAPPB) also
showed a robust association with altered microstructure as shown on FWE-
DTI, especially when combined as a ratio with AB42. It was previously shown
in a smaller group of participants (n=42) that tau and APBa42 ratios are
associated with MD[101]. Interestingly, the results of the current study also
showed that MD derived from standard DTI was associated with higher
pTau/ABa42 in CSF, with peaks of association in temporal lobe white matter.

Of note, the current study extends these findings by showing that FWE-DTI
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appears to demonstrate greater sensitivity to associations between AD
pathology and white matter microstructure compared to standard DTTI.

Non-zero f~values that are measured in tissue distal from CSF may
reflect the relative volume of extracellular space in the tissue. In the context
of aging and AD, this signal could be due to loss of axons, or loss of myelin
in brain white matter. The pathology of AD includes hyperphosphorylation
of tau protein, resulting in axonal abnormalities and displacement of tau to
neuronal cell bodies[133]. Markers in this study that were related to tau
(tTau and pTau), in addition to NFL, were strongly associated with white
matter microstructural features as shown on FWE-DTI. Given that tau and
NFL are components of the axonal cytoskeleton, these results may suggest
that the /~value is sensitive to early axonal degeneration.

Amyloid pathology has also been linked with axonal degeneration.
Hippocampal neurons cultured in vitro show axonal degeneration due to
AB42 toxicity, an event that occurs prior to cell body death [134] . Other
studies suggest that pathological changes in AD include leakage of amyloid
from the extracellular space into the neuron, for example, at the axon
hillock [135], causing subsequent axonal pathology. Krstic et al. review
evidence that inflammation 1s involved in increasing neuronal cell

vulnerability [136], and indeed, the results of the tractography analysis
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showed a positive association between MD and YKL-40, a marker of
microglial activation—suggesting inflammation—as well as the ratio of
YKL-40 to APs2. The results did not survive correction for multiple
corrections, but are suggestive. Additional studies are needed to determine
the importance of inflammation in AD pathogenesis.

It is also of interest that higher sAPPB/AB42 showed a widespread
association with higher f~value across bilateral temporal and frontal white
matter. sSAPPB is a product of amyloid precursor protein (APP) cleavage by
B-secretase. Cleavage of APP via this pathway ultimately leads to
formation of deposited amyloid plaques. Prior to deposition, however,
products of the B-secretase pathway include increases in amyloid-3
oligomers, which may be more toxic to neuronal cells than deposited
plaques [137]. While direct measures of oligomeric AR in CSF are
unavailable, higher sAPP in CSF is likely proportional to oligomer levels.
Additionally, a higher sAPPB/AB42 ratio may indicate a proportionally higher
level of toxic oligomeric amyloid prior to extensive deposition as measured
by reductions of AB42in CSF. To the author’s knowledge, this is the first
study showing a link between elevated B—secretase cleavage of APP and in
vivo evidence of axonal damage as shown on diffusion—-weighted imaging in

humans.
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The study of preclinical AD has been significantly enhanced by
focusing on carriers of autosomal dominant mutations for AD prior to
development of symptomatic AD [138]. In sporadic AD, the field has
centered on studying individuals at increased risk due to APOE €4 genotype
and parental history of AD. Several studies from our group and others have
suggested that family history of AD is associated with preclinical brain
changes [139-142], including significant alterations to white matter as
shown on DTI [37,143]. While risk factors such as parental history of AD
and APOE ¢4 are useful for identifying individuals at greater risk for
progression to AD, the capability of obtaining CSF biomarkers that are
direct measures of existing pathological features provides an enhanced
opportunity for studying preclinical AD. This is the first study demonstrating
an association between CSF biomarkers and white matter microstructure
using the FWE model in an asymptomatic population at increased risk for

AD.
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Chapter 6

Concluding Remarks

What 1s a model? A model is like an Austrian timetable. Since Austrian
trains are always late, a Prussian visitor asks an Austrian conductor why
they bother to print timetables. The conductor replies, “If we did not, how
would we know how late the trains are?” - Victor F. Weisskopf

6.1 Contributions and Lessons Learned

This work presents a straightforward implementation of the FWE
model first proposed by Pierpaoli and Jones [42]. Eschewing the heavy
regularization required to solve the ill posed problem suggested by
Pasternak [43] this project instead approached the problem with the goal
of catering an acquisition and reconstruction.

An optimal acquisition was Iidentified and the first ever
characterization of the FWE model’s performance was carried out through
Monte Carlo simulations. The ability to resolve PVE was then confirmed
through deterministic tractography. Indeed, the FWE model is more capable
of this task than FLAIR DTI while maintaining higher SNR, greater
anatomical coverage, and superior time efficiency. This study also provided
the first supporting evidence for the theory that the isotropic signal arises
from the extracellular space. What was certain was that the f~value

corresponded to something beyond simple CSF PVE.
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The FWE technique was then applied to a cohort of older individuals
who had undergone a lumbar puncture to quantify CSF biomarkers of AD.
This study provided a direct comparison with DTI as the individuals had a
separate “standard” DTI scan. This comparison showed that the FWE /-
value was more sensitive to widespread changes than any DTI metrics
were. While it is unclear what the exact origin of the /~value is, it has been
seen to be useful in discriminating subtle white matter changes.

Diffusion tensor imaging remains the most popular form of diffusion
imaging despite the well-chronicled shortcoming of this method. The
plethora of higher order diffusion models require longer scan times and
arduous reconstruction methods. Nevertheless, the question remains, what
exactly does the signal mean? That it arises from tissue microstructure is
unquestioned, but deeper meaning is uncertain as many physiological
factors are intermingled in the process of self—-diffusion in the brain. For
this reason DTI will likely persist due to its relative simplicity and proven
sensitivity. What is presented in this work is an improvement to DTI that
allows use in anatomical regions which were otherwise prohibited and
provides additional information without significantly degrading the

favorable characteristics of DTI.

6.2 Future Works
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While generally pleased with and proud of my time at the University
of Wisconsin exciting work remains undone.

This includes the use of the FWE model in brain tumor imaging. It is
believed that the proposed model would be helpful in differentiating
infiltrating tumor from inflammation and edema. This task has proven futile
for typical diffusion imaging. Diffusion properties of edema would likely
not match that of CSF, thus, the model may need modification of the
idealized ADC. If successful, this project would represent a major
contribution to brain imaging.

While this work has been limited to applications in the brain, there is
no reason that this is necessary. It would be interesting to further
investigate body imaging.

Ideally, the FWE framework could be extended by incorporating a
kurtosis term for the diffusion tensor. In the intermediate b-value regime
(= 2500 s/mm?), the estimated isotropic volume fraction becomes larger.
Non-Gaussian diffusion is accentuated as b-value increases which likely
explains the increase in f~value. Another such method which describes
this phenomenon is diffusion kurtosis imaging. It would be interesting to
evaluate the kurtosis of the tensor with and without FWE. It i1s possible

that the FWE term would mitigate all kurtosis.
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Lastly, more work is needed to ascertain the origin of the isotopic
compartment signal beyond partial volume effects. It is clear from the
tractography study, chapter 4, that the signal arises from more than simple
CSF partial voluming. As mentioned, DTI and indeed FWE are
mathematical simplifications of a complex phenomenon. Even so, hope
remains that histological studies may better be able to determine the
validity of the extracellular space hypothesis. It would be interesting to
determine if observations about the corpus callosum are repeatable in non-—
human primates. If indeed there is a consistent anterior to posterior

variation in fthen follow up histology could be useful.
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