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Abstract

The cerebral cortex is composed of a thin layer of Grey Matter (GM), func-
tionally subdivided into discrete regions which are connected in a large scale
network via White Matter (WM) tracts. With fMRI (Functional Magnetic
Resonance Imaging) it is possible to identify cortical regions involved in
specific tasks, and with DTT (Diffusion Tensor Imaging) the structural con-
nections between these areas can be mapped. The aim of this thesis is to to
identify and track only those WM tracts entering and leaving a GM Region
Of Interest (ROI) defined by fMRI. Since fMRI is confined to GM and DTI
outside the WM can be problematic, the major challenge lies in selecting
and following the correct DTI signals at the GM/WM interface. A flood-fill
algorithm based on a metric which exploits the radial structure of axons at
the GM/WM boundary is used to grow fMRI ROIs into the WM to allow
for effective DTI tractography. Quantitative validation using Cohen’s kappa
shows a high degree of agreement between the new automated technique
and existing techniques which depend upon a manually {(and therefore sub-
jectively) defined ROI at the GM/WM interface. The flood-fill approach
was then used to investigate Default Mode Network (DMN) connectivity in
Urbach-Wiethe Disease (UWD), an extremely rare genetic condition charac-
terised by selective bilateral amygdala calcification. Intact social, emotional
and intellectual function suggests that WM connections not directly associ-
ated with the amygdala have remained intact. This hypothesis was inves-
tigated by comparing the Cingulum Bundle of UWD subjects to matched

controls.
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Chapter 1

Introduction

“Neurons that fire together, wire together.”- Hebb’s Law (paraphrased)

1.1 Problem Description

Diffusion tensor imaging (DTI) and functional magnetic resonance imaging (fMRI) are two
MRI techniques capable of measuring very different physiological properties. DTI can be
used to indirectly infer the anatomical links between brain regions by tracking the white
matter which connects them. fMRI measures fluctuations in regional blood flow to infer
regional brain activity. The use of DTI in clinical and research settings is gaining popularity
as the data acquisition and processing techniques improve. However, current methods of
DTT require expert knowledge and are also subject to some degree of subjectivity. The re-
constructed tract pathways depend heavily on the location of the fibre tracking seeds, which
define the initiation points for fibre tracking (tractography). User seed placement requires
expert knowledge of white matter anatomy. This work attempts to overcome these problems
by coregistering fMRI with DTI data, and using regions identified by fMRI to initialise the
extraction of the associated white matter connections. Several attempts have been made
to do this but these still require manual intervention which again would introduce variable

results. Since the fMRI activation is confined to the grey matter and DTI largely to the



white matter, these studies manually manipulated the fMRI edges to ensure that they ex-
tended into the white matter to allow for tractography. The utility of combining fMRI with
DTT would be greatly enhanced by a reliable, automated method of crossing the grey/white

matter boundary.

1.2 Research Aims

The primary aim of this work is to develop an automated method to combine the information
from DTTI and fMRI in a way that allows reliable extraction of white matter tracts. The use
of DTI in research and clinical neuroscience is a relatively qualitative and subjective task
requiring anatomical knowledge of the white matter pathways of the brain. By applying
knowledge of how the fibre tracts interact with the cortical anatomy, based on cytoarchitec-

i

tural evidence, fMRI seeds can be made to “grow” into regions that produce more reliable

white matter fibre tracking results.

The second aim of this thesis is to investigate white matter differences in the brains of Urbach-
Wiethe disease subjects compared to healthy controls. This non-neurodegenerative disease is
of special interest since it is the only human model of a highly stable, selective, focal bilateral
lesion anywhere in the brain. The amygdala is an extensively interconnected brain region

and the effects of this lesion on the global brain connections are not fully understood.

1.3 Thesis Outline

The primary and secondary aims of the thesis are separated into two distinct parts. Chapter
2 provides some background to the basics of DTI and fMRI data acquisition, processing and
analysis. The methods and limitations in the current practice of analysing brain connectivity
from DTI data are presented in the context of combining fMRI with DTI. The structural
and micro-structural architecture of the grey and white matter of the brain which lead to

the proposed method used in the analysis are also described. Finally the methods employed



for the validation framework in resting state fMRI are described.

Chapter 3 applies the methods introduced in Chapter 2 in a case study using data from an
ongoing investigation into white matter connectivity in Urbach-Wiethe disease. Chapter 4
then presents a discussion of the methods described and results generated and a conclusion

with recommendations for future work.

1.4 Scope and Limitations

This thesis assumes that the reader understands the basic principles of MRI physics and
image processing. For the clinical case study, it assumes that the reader does not have
knowledge of neuropsychology, and presents a basic background in the anatomy and function
of the Default Mode Network, and on Urbach-Wiethe disease.

This is an investigation into how fMRI data can be used in a DTI work-flow to extract tracts
underlying the fMRI activity. The success of extracting reliable fMRI derived tracts from
DTI, judged by measuring the agreement of the resulting tracts with those achieved using

standard protocols, depends on several factors:
i. the reliability of IMRI
ii. the quality of the coregistration.
ili. the trajectory of the tract of interest relative to other anatomy.
iv. the effectiveness of the seeding strategy.

The effectiveness of the proposed seeding strategy is assessed by assuming that items i. to iii.
are held constant. The scope of the work is thus defined by the following three constraints:
1. using individual rather than group fMRI analysis, il. limiting coregistration to an intra-

subject rigid body transformation, and iii. only looking at specific tracts.



The fundamental limitation in this thesis is the inability to track fibre pathways reliably into
the grey matter of the brain. There is a breakdown in the information contained in the DTI
data as the tract approaches the tissue interface due to partial volume effects and low spatial
resolution. Deterministic fibre tracking was employed in this thesis rather than probabilistic
methods. Deterministic tracking might be less suitable than some of the available fibre track-
ing methods to track fibres in these boundary regions, however, it is the most commonly used
in clinical and academic settings. It is the goal of this thesis to overcome these limitations,
and to track reliably using the deterministic tractography framework at the tissue interface
from regions defined by fMRI.

There is no true gold-standard upon which one can validate DTI tractography so validation
employed here is based on current practice, which may still introduce some subjectivity in

the evaluation of the tracts.

The relatively low resolution and the limitations of the DTI model have raised questions as
to its ability to reveal thin and short fibres, or the fibres in complex regions (e.g crossing or
touching tracts). Because of this, the investigation was limited to certain major tracts (the

Cingulum Bundle and Corticospinal tract).



Chapter 2

Developing an Approach for
Combining fMRI and DTI

2.1 Introduction

In this chapter, the motivation for combining fMRI with the DTI processing pipeline is pre-
sented. A method based on extending the initial fMRI Regions Of Interest (ROI’s) into
the white matter using a flood-fill based on local diffusion properties at the GM/WM tissue
boundary, is described. fMRI was first conducted using a motor task to define the motor
cortex and hence the Corticospinal Tract (CST). Resting state fMRI data were also acquired,
and, a major interconnecting tract, the Cingulum Bundle was extracted from Default Mode
Network activation in each individual subject. The fMRI-based approach is validated by
comparing the resulting tracts to the tracts derived from a standard method, and using Co-

hen’s kappa to quantify the accuracy. The data processing pipeline is summarised in Figure
2.1.
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Figure 2.1: Data processing pipeline summarising the steps involved in Chapter 2.

2.2 Background

2.2.1 Functional MRI

The basic fMRI experiment has the subject in the scanner perform a series of cognitive tasks.
The task paradigm is designed to compare epochs or events of interest with control or rest
epochs or events. A brain volume image is typically acquired every 2-3 s throughout the
duration of the task. Hundreds of brain volumes may be accumulated during the execution
of a complete fMRI scan, lasting between 2 and 10 minutes. Typical resolutions of 3x3x3

mm? are achieved in standard fMRI sequences.

When neurons are activated, there is an increased need for oxygen and this results in an
increase in blood perfusion. Functional MRI (fMRI) is sensitive to this perfusion change
via the Blood Oxygen Level Dependant (BOLD) principle which arises from the magnetic

properties of haemoglobin and deoxyhaemoglobin. Oxygenated haemoglobin has very little
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Figure 2.2: The haemodynamic response to a neural event can be used to model the predicted
response to a block design fMRI paradigm.

effect on the magnetic field in an MRI scanner. As oxygen is lost to the tissue as blood
passes through the tissue via the capillaries, oxyhaemoglobin becomes deoxyhaemoglobin,
which disrupts the MRI signal in proportion to the amount of oxygen lost. There is a link
between neural activity and the measured T2* signal and this is called the BOLD contrast
mechanism. As brain activity increases, blood flow and glucose consumption increase much
more that oxygen consumption and as a result, the amount of deoxyhaemoglobin decreases
in areas of increased metabolic activity, and the BOLD signal is increased proportionally.
The opposite occurs when activity decreases. The BOLD response occurs mostly in the grey
matter, since there is far greater energy metabolism and vascularisation than in white matter
(Logothetis and Wandell, 2004). The BOLD signal is related to neuronal stimulus by the
haemodynamic response function (HRF) which is shown in Figure 2.2 relative to a hypothet-

ical impulse stimulus.

The analysis of the fMRI data consists of two stages: (1.) preprocessing and (2.) statistical
analysis. Preprocessing involves preparation of the data by smoothing, applying slice-timing
correction and motion correction. Statistical measures can then be applied to estimate the
degree of relative increase or decrease in neuronal activity. In “block” fMRI designs the tasks
performed in the scanner ensure cognitive engagement by sequentially presenting stimuli in
predefined blocks. A canonical HRF is convolved with the task design to create the General
Linear Model (GLM) to predict the neural response. This predicted BOLD response within
each voxel is used as a regressor and fitted to the measured BOLD signal response (Figure
2.2). Any signal changes are statistically tested for significance. The length of the blocks
of stimulation should allow for the HRF to reach maximal values, while the rest intervals

should be long enough for the HRF to return completely to baseline during non-stimulation.



Resting State Functional Connectivity

Resting state fMRI is a relatively new area of research which does not require a predicted
response. When performing fMRI in the absence of a task, specific brain regions show syn-
chronised activity, which suggests that they are functionally connected (Uddin et al., 2010).
Even at rest, spontaneous BOLD activity is evident, showing increasing power at lower fre-
quencies. The power spectral density curve exhibits a 1/frequency behaviour, meaning most
of the power is concentrated in the low frequency range of the total power spectrum. Large
clusters of neurons form functional networks which are held together by the neurons’ syn-
chronised firing. These slow fluctuations (<0.1 Hz) show patterns of coherence across known
networks in the brain (Fox and Raichle, 2007). These regions are continuously sharing infor-
mation with each other over a complex neural network (Friston et al., 1993a). The activation
patterns in the brain tend to be spatially smooth and clustered (Li et al., 2007). Investigative
techniques such as Independent Component Analysis (ICA) are able to resolve the multiple
components of signal and noise from a single source. When ICA is be applied to fMRI data,
it identifies functionally connected regions based on their temporal (through the BOLD time-
course) and spatial (regions that are near to each other tend to have more similar values)
correlations. This analysis is known as fcMRI (functional connectivity MRI) (Cohen et al.,
2008). ICA has been demonstrated to be effective in studying brain function since it is data-
driven and makes no assumptions of the underlying anatomy when capable of separating the
neuronal signal components from the underlying noise of the fMRI signal. It is therefore
suitable for application when regions involved in a specific task are not known or when data
are acquired in the resting state. fcMRI allows several distinct resting state networks to be
detected at once, where the components extracted represent independent networks (Greicius,
2008). The resting state literature has identified around eight reliably extracted resting state
networks. These include the motor network, visual network, Default Mode Network (DMN)

and other attentional networks.

Consistent activation patterns have been demonstrated on a variety of different scanners and
using seed based, clustering analysis methods and ICA. In addition, a Corpus Callosum sec-
tion study by Johnston et al. (2008) used seed based functional connectivity analysis to show
a striking loss of inter-hemispherical connectivity, while maintaining intra-hemispheric cor-

relations postoperatively. This study also showed that the non-neuronal effects account for
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2.2.2  Diffusion Tensor Imaging

1¥IT is 8 non-invasive technique which s able to quanily the diflusion of water by apply-
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moleciles oconrs by Brownian motion cansed by internal thermal energy. In eertain bisstes
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vivo, postmortem and tracer studies remain the gold standard for validation (Kim and Kim,
2005). The direction of the gradient fields are changed during the scan to encode diffusion
in multiple directions in each voxel (volumetric pixel). The Diffusion Weighted (DW) signal

is obtained using the Stejskal-Tanner equation:
S =8 xe®P (2.1)
bls/mm?], D[mm?/s],

where Sy is the signal intensity without diffusion weighting (no gradient applied) and S is
the signal with the gradient application. Here b = v2G26%(A — §/3), where v is the gyro-
magnetic constant, G is the bipolar gradient amplitude, ¢ is the duration of the gradients
and A is the amount of time between the bipolar gradient lobes. The diffusion, D, varies

from voxel to voxel, and defines the apparent diffusion. This is described by a diffusion tensor.

By rearranging Equation 2.1 by solving for D and applying at least 6 non-collinear gradients,
we obtain a 3 x 3 matrix which characterises the three dimensional movement of water (de-

fined in the Cartesian coordinates x, y and z). This represents the diffusion tensor:

In each voxel the tensor can be represented as an ellipsoid with the largest of the tensor
eigenvectors representing the Principal Diffusion Direction (PDD), as shown in Figure 2.4.
Structures such as cell membranes and myelin sheaths constrain the movement of water in
highly ordered tissues such as the white matter of the brain. The geometry of the ellipsoid
shows the direction of the ordered fibres. The main axis of the ellipsoid is the largest eigen-
vector of the tensor, which corresponds to the axonal direction. Scalar measures derived

from the tensor can provide quantitative information about the underlying tissue structure.
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Fractienal Anisotropy (14} 15 delined as the normalised standard deviation of the cigenvahies
aned represents tissue anisctropy. Becent findings indicate that 1A iz a reliable microstruc
tural marker of tract infegrity which underlies nearonal network connectivity (Teipel of al |
2000 Urgnee 2.5 shows amexample of an FA map. Mean Diffusiviey (M1 15 & measure of
the average diffusivity of the water i a vexel and is invarnant to orientation. MD and FA
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(2.4)

where Ay, AzandAs are the eigenvectors of the diffusion tenser 1. High FA s found in highly
urdered regions such as white matter, which is wsually defined as FA = 0.2 (Mori and van

Zijl, 2002, Low FA values ocour in the grev matter due to the branching of the while mailer

11



Figure 2.5: An axial view ol an FA wap. which reprosents the level of anisetropy of the diffusion
sirmal,

a3 it enters/leaves 1he neurons of the grey matter laver. As i result, the diffusion of waler
bocommes Less limited by cellular constraints and the microscopic tissue obstructions beconte
less collinear. I'A in the grev matter i3 usaally n the range (.1 - 0.2, In the centre of tightly

packed white matter bundles, the FA approaches T and appears bright on an FA map.

A lowered A in the white matfer may he due to fissue breakdown where the cellular in-
fegrity iy redueed, for example, b tnvelin degeneration, stroke or other pathology, The 1A
metric can be used o guantitatively deseribe the intearite of apecilic white atler reglons
(Rykhlovskaia et el 2008, FA increases wilh the degree of nvelination, axenal thickness,
amonnt of parallel organization ol seons, or & combination of these factors. The shility of
the axon to trabgport sction polentials is dependent on these factors and so VA also provides
an indirect measure of white mutter efliciency (ability to transmit ioformation), Each white
matter voxel consists ¢ thousands of wcons (neurcnal projections) and of various kiods of
glial cells (smpporting cells) and myelin sheaths. The myelio ervelops the axons and ensures
fust and etficient fransmission ol eleclrical siznals through them. They are alse the major

cellular component liniting the diffusion of water (Asgaf and Pasternak, 2008),



Fignre 2.6: A eolour ooded FA maposhowing the PR soctors 0 the vieinity of the getin of the
Corpis Callosum.  Bed — righl-lefl, bl = inlerior-saperor and green — anterior-
powsterion, "The BLID victor s alse heet sealed by IFA

Figure 2.6 showms a subsection of a colowr-coded TP'A map with the priceipa] clgensectiors
overlaid. The directional information s encaded in red (right-left), blue (infenor-superior)
and preen (anterior-posterior) directions. The prineipal axis of the tensor ftted to each voxel

tleseribes the orientation of {he white matfer.

1ractography

Three dimensicaal reconstroctions of white matter fracts can be generated by following the
principal direction of water diffesion at each image voxel in the bran {Basser ef of., 2000,
The process of reconstrocting fibre paths {rom the tenser fickl is known as tractography.

Tracking is imtiated from predefined sced points and the pathwass are interpolated to farm
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Figure 2.7: A two dimensional view of the FACT fibre tracking by line propagation is shown here,
The principle eigenvector g represented nsa ved arrow in each pixcl. A fibre path
{blue) is generated by nterpolating between the principal eigenvectors pixel by pixel.
The secd point i3 indicated by the green pixvel from which the black arrows show the
continuons intercepts which assipn the {ibre path (adapted from (2odd ef af,, 1999)),

a tract af sub-pixcl resolution. It iy important Lo remember that the fibre tracts resulving
from tractography sre only reprosentations of the anatomy based on water diffusion. A va-
ricty of Lechnbgues exist for tracing the paths of saxonal Lracts using DTT data, but the most
widely used ls a deterministic dine propagation approach to track the fibre by conuecting
each voxel to the adjacent ene. However, this limils the path of the Lract to only eight of
its nearest neighbonrs and resulls in nen-smooth, pessibly erroneous trajectories. The Fibre
Assignmient. by Coutinuons Tracking (IFACT) alearithm improves on shis limisation, using
distance-weighted hnear interpolation to propagate a streamline from an imtial seed point
i the dircetton of the principle cigenvector for small spatial increments (Mori ef al, 1999).

The FACT process iz depicted in Figare 2.7,

PTI provides a wagroscopic view of the wicrostructure of the white matter axona, there-
fore with FACT it 15 often diffieult to discorn fibres crassing. merging, diverging or kissing
{(Lracts werging and then diverging), within a particular voxel (Mori aad van Zijh 2002). The
innovative use of High Angular Besolution Diffusion Imaging (ITARDI) technigues which in-
corporates Diffusion Spectrun Tmaging (DS]) and “Q-hall” imaging, seeks to resolve these
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inherent resolution problems in DTI (Hagmann et al., 2006). These techniques work by ap-
plying many diffusion gradients (sometimes > 200) and then quantifying the diffusion in each
voxel by a probability density function. The gradients are applied uniformly over a sphere
of radius ¢, the angular resolution is therefore only limited to the resolution in g-space. The
axis of strongest diffusion is still depicted as in the ellipsoid tensor model, but now allows

for the possibility of multiple directions within each voxel.

Probabilistic tractography algorithms based on the tensor model can also be applied to esti-
mate tensor parameters based on global connectivity. In other words, they allow a measure
of maximum probability of connection through the tensor field between two points, thus pro-

viding a measure of confidence in this pathway (Behrens et al., 2003).

One such approach, known as Fast Marching (FM) is based on level set methods (Parker
et al., 2002). The FM method can be thought of as the motion of a front evolving from
a source, which is dependent on a function based on the diffusion tensor. This allows for
a probabilistic measurement of the likelihood of connection and also provides the ability to
show a multitude of potential pathways, especially in regions where uncertainty is high (such

as in the grey matter).

These advanced techniques require complex algorithms and extensive data processing. While
DTT1 determines the tensor model by simple matrix operations, Q-ball and DSI require com-
plex filtering and projection with multiple parameter settings. Because of the increased
number of gradients needed, much longer scan times are required (Hagmann et al., 2006).
FACT is still by far the most commonly used tractography algorithm. It has been shown in
some comparative fibre tracking studies, that the simple tracking methods produce similar
results to the more complicated algorithms, especially in well defined networks with strong

white matter connections (Fransson and Marrelec, 2008).

A brute force approach is commonly taken, where every voxel in the brain is used as a seed
point. However, this is computationally expensive and results in a confusing amalgamation

of large numbers of fibres. The user then has the task of trimming the fibres with logical
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Boolean operations.

Fibre tracts initiated from discrete regions are highly dependent on seed or ROI placement.
Studies comparing inter- and intra-rater variability of user-defined ROI placement show fairly
good reproducibility in the resulting tracts (Wakana et al., 2007), however this still depends
heavily on user knowledge and assumes that the tract trajectory is known. In addition, trac-
tography based on small ROIs including only a few voxels might be very sensitive to partial

volume effects.

Isolating Specific Tracts Using Boolean Operators

A multiple ROI method, described by Mori and van Zijl (2002), uses Boolean operations
to select specific tracts based on anatomical landmarks (landmark based two-ROI method .
The AND (the tract must pass through all ROIs) and NOT (remove fibres passing through
a ROI) functions are the most commonly applied operations. The basic idea is described in
Figure 2.8. Tract identification using this method was formalised in Wakans et al. (2007) by
providing anatomical landmarks on the vector colour maps for 11 of the major fibre systems
of the brain. Consistent inter and intra-rater reproducibility was found for the two-ROI
protocol. The landmark based two-ROI protocol for extracting the Cingulum Bundle (CB)

is shown in Figure 2.9.

With prior knowledge of the tract of interest, the specificity of the tract is greatly increased
by applying the second ROI, through which the tract trajectory is known to pass, and using
a logical AND operator. Seeding also effects the resulting tractography, but any specificity
gained by seeding from fMRI is masked by the extremely specific condition imposed by the
AND operator. In addition, when conducting exploratory work, the second ROI isn’t known

a priori.

In this thesis, the isolation of a tract of interest using two manually defined ROIs (ROI 1
to provide seed points and a manually defined ROI 2, for the Boolean AND operation) is
referred to as the “landmark based two-ROI method.” This is in contrast with a simple
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Figure 2.8: A schomalic disgram illistroting o somltiple RO mechod using Boolean operations.
Iracking is initiated from ROD 1T BROL 2 15 chen appliod as a logical “AND” operation
el andy the fibres that pass thromeh both RODs are recaimed

Figoure 2.9: The landmark Based two-RO! protocol for extracting the Cingulum Bundle (OB In
lan ) spud chep OT 1 3x deswn o line with the spleniom of the corpos eallosgm (5000
from which fibre tracking s indviated. Ino () and LY BOT 2 35 drawn i Boe with
e geun of the corpes eallosum (GOC), and nging an ANTY Boolean operation. the
CH s isolated from the nivial fibres which were trwked. Lnae Irom Walsaa o ol
[HHYT b



one-ROI approach, which generally results in an abundance of different fibre tracts which
makes tract identification difficult.

2.2.3 Combining fMRI and DTI

Using fMRI to define seed ROI’s is an intuitive step for initiating tractography. A fundamen-
tal problem that needs to be addressed when using this approach is that fMRI activations
are limited to grey matter, whereas DTI is only reliably performed in white matter. Given
that functional connectivity between localised brain regions can be observed using fMRI
techniques, the circuitry which connects these areas should reflect the same network charac-
teristics. In tractography, defining the seed points for a two-ROI approach is critical to the
resulting tracts produced and usually relies on expert a priori anatomical knowledge. The
use of DTI tractography has therefore been limited in discovering new connection patterns
since it requires the prior knowledge and placement of ROI 1 to initiate the fibre tracking
process. The definition of ROI 1 is the more critical and subjective aspect of the two-ROI
method. In addition, if anatomical irregularities are present, such as in disease states or
tumours, normal anatomical assumptions are no longer valid (Kim and Kim, 2005). If ROI
1 can be defined by fMRI activity then this initial requirement is automatically satisfied.
Figure 2.10 describes the extraction of the Corticospinal Tract (CST) using this “modified
two-ROI” approach.

Werring et al. {1999) were the first to combine fMRI and DTI. It was found that those regions
with highest BOLD response corresponded with regions of tissue with lowest FA. Here, the
fact that fMRI and DTI both use Echo Planar Imaging (EPI) is exploited by matching scan-
ning parameters as closely as possible, thus ensuring that the geometric distortion artefacts
are similar. Coregistration of the images was therefore not performed and fMRI regions were

mapped directly onto FA maps.

Surgical planning and tumour location is an important application for combining fMRI and
DTI (Clark et al., 2003). Tractography is able to show how important nerve fibre tracts are

diverted in the white matter and aid the neurosurgeon in devising an appropriate surgical
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Figurc 2.10: In a preliminary investization, a (MB] activation In the miotar cortex was nsed to
defipeer WOT 1 mred 5 modilied two-BOT approsch was nsed to effectively extract the
C8T by applying a logical AND with IReiT 2, Prior knowledge that che CST trajectory
passed fhrough the hrain stem was reoguired.

strategy, DTT and fAIRT have heen combined in surgical navigaton studics (Kamada o ol
2005; Smirs ef wf. 2007 Hattingen et el 2009), wheare tractography wis initated manii-
ally from secd regioms “subadjacent” to nuiodmal fAMRT activation. Since tumaonrs or disease
states displace known anatamical striuctioes, relyving on ablas basesd! inforvstion may resuli
i pont tractography eapalality, The same hmitation apphics when eonductiog cxploratory

IFTT tractopraphy where the trajectories of the potential tracts of ntersst are not known.

In enrrent surgical practice; funetionally relevant brain areas are determineed by direct elec-
trical stimulation to the brain surface intraoperatively (Duffan of al, 2003). Studies hove
shown that stimulation sites closely corredponded with DU fibve tracts (Leclercg ef ol 2001,
Smits ot ol 2007).  The valicdity of combined NMRI/DTI has shown conneetivity patterns
thal are hiphly specific and comparable 1o data obitained moacagues using well establishes!

peuroanatomical technigues based on post-mortem tracers [Diaugaet o af, 20006,

Greicing ef ol (20000 used tractography fo extract the while malter connections linking
known components of the Default Mode Network (DMN). Similarly, van den Heovel ef ol
{2009 extracted the structural connections of nine resting state IMRI networks. In both of
these apyproaches, the MR ROMs were arbitrarily dilited to extend iuto the white matter

(Creicius ef al, (2009) by 3-1 mm and van den Heuvel ef af, (2009) by 4 mm), As in previous
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studies incorporating fMRI and DTI, these methods require manual intervention of the fMRI
ROT’s to effectively seed tractography (Mulkern et al., 2006).

In an investigation into the structure and function of the DMN, van den Heuvel et al. (2008a)
found a positive correlation between the level and functional connectivity and the FA mea-
sure of structural connectivity. The finding can be interpreted as evidence for the association
between structural and functional connectivity. Although both fMRI and DTI are widely
used, both provide indirect measurements and the interpretation may be elusive and difficult
to quantify (Horwitz, 2003).

2.2.4 Relevant Neuroanatomy

White Matter Bundle Classes

Macroscopically, the white matter can be seen to form fibre collections known as tracts.
Structural connectivity in the brain refers to the white matter tracts, which describe the
millions of long distance axons that directly interconnect large groups of spatially separated

neurons. Four main types of fibre tracts can be classified in the brain (Jellison et al., 2004):

e Projection Fibres
Connect the cerebral cortex to subcortical centres. These are either ascending or de-
scending, e.g.. Corticospinal, corticopontine tracts, corona radiata, internal capsule,

optic radiation.

e Short Association Fibres

Connect adjacent gyri within one hemisphere; also known as “U”-fibres.

e Long Association Fibres
Connect different cortical areas within one hemisphere with a range that extends be-
yond adjacent gyri, e.g. Cingulum Bundle, Superior Occipitofrontal Fasciculus, Inferior
Occipitofrontal Fasciculus.

20



e Commisural Fibres

Connect cortical areas between hemispheres of the brain, e.g. Corpus callosum, anterior

comimissure.

In white matter connectivity analyses, we are largely uninterested in the short association
fibres (“U” fibres) as these represent local connectivity (DeFelipe et al., 2010) and are typi-
cally much smaller than the other large fibre bundles. The focus in this thesis is on the long
range connections between distant parts of the brain. The anatomically separate functional
networks of the brain as described in relation to functional connectivity MRI (Section 2.2.1)
are supported by specific white matter tracts (Greicius et al., 2009). Although high func-
tional connectivity is also observed between regions connected by short-range fibres, the long
range connections between remote regions support functional integration by massively par-
allel brain networks, so that function emerges from the flow of information between distant
brain areas supported by the long range-fibre tracts (Ramnani et al., 2004).

Cortical Layers and Columns

In the grey matter of the cortex there is vertical and horizontal microstructural organisation.
The neocortex is divided into six layers over its thickness of 2-4 mm. Each layer contains
characteristic neurons with variations in cell type, density and size. The layers range from
layer I (adjacent to the cortical surface) to layer VI (where the axons project into the white
matter). The density of cells in the six layers of the cortex, and in three different brain
regions, is illustrated in Figure 2.11. The layers of the cortex have distinct functional signif-

icance and the same cell type in different layers may have varying functional roles.

According to the minicolumn hypothesis (Buxhoeveden and Casanova, 2002), there is a strong
tendency for the cortical cell types to extend their processes perpendicular to the cortical
surface (vertically in Figure 2.11), forming distinct functional units, or minicolumns. The
most striking structural component of this radially oriented minicolumn is the apical den-
drite of the pyramidal cells. The size of the pyramidal cell is proportional to the distance the
axon must travel. Therefore the pyramidal cells of the primary motor cortex are the most

prominent, as is evident in Figure 2.11. The vertical, columnar organisation of the these
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Ficure 2.12: Cortical calmmns with axons entering the white maite

r. Lmage [romm Noback {20057

Fioure 2.13: Hadial structure in the frontal cortex (image from Joseph and Heelers (1956 ' hose

images are produced by icouonobistoclemienl staining witlh BO2 aotibody (green)

and anti-GABA (red),
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Ficure 2.14: The nulin] plin ol the corebral cortex.

wenroembryological lemm for what s now the white matter of the brain. This radial steog-
rare 15 present into adulthood and 1s associated with constant rewiring and even neirogenesis
which persists, thongh to a lesser degree thay in childhood {Ghashghaet et al, 2007). As the
brain mafnres, the radial scallolding becomes less prominent, and the axons and dendriles
branch out tangentially to lorm locally interconnected cirenits. As a pesalt, Lhe dillusion
i the cortex becomes moreasingly restricied in all divections. In mature buman brains the
radial orgamsation of the external cortical lavers, with only the principal eigenvectors taken

into account. iz still observable (Menab ef af., 2009).

Myebnation and nearal pruning oceur &t a dramatic pace lu the carly postnatal peried with
the formarion of new connections. Neural maturation mvolves elaboration of desdrites and
axons, formation ol Interneurons, formarion and regression ol synaptic connections, and so-
lective climination of cell poepulations (pruning) (McKinstry ef e, 2002), Radial strnctures
in the prev matter columns restrct water displacement, parallel to the cartical surlface mare
Lhan orthogonal to it due to the taogential dendrtes. On the other hand, interneurons con-
fuund this radial evideuce ju the DT signal, The wyclination of rhe cortex begins just alter

birth and continues to avound age 18, bat some parts of the brain are (ndly myvclinated long
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Figure 2.15: Development of cortical anisoptropy in pre-teem luman infants in the immature (a.)
atnd wabipe (h.] cases. Tangential developmients such as dendribic hrauching canse
loss of radial anisotropy when fakime the prineipal diffusion direction into aceount.
Adapted from Mel{instry et al. (20027,

before that, The cortical interneuroms take o tancential path to reach the cortex and travel
relalively lonp distances, whereas pyramidal cells take a predominantly radial path thereby
reaching the cortex more directly. Singe the tancential interneurons are not myelinated they
wontld have less elfect on the diffusion of water than the myvelinaled axons, therelore being I
inlluential on the DTT signal. Anisotrony changes with mercasing brain development vellects
these microscopic develapients (ws illustraced in Figure 2.15), and it has also been noled that
the change is greater in W than in central GM {(Mukherjee ef ol 2001). The chanee in GM
properties s related to the chanege in anisotropy since axonal membranes and myvelination.

characteristic of the while matter, largely modulate diffusion characteristios { Beanlieu, 202

The Grey - White Matter Interface

DT in grev matter i3 an ongeoing area of research {Anwander et al,, 2009), Since partial
volume effects confoundd the abilive of DT to delineate microstructure it iy difficult to be
certain of the path ol libres at the typical DT resolution. The spatial vesolution mequired to

show Dboth tissue fypes of the tissue boundary s sipuilicantly smaller than the typical [T
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voxel size of an isotropic 2-3 mm. However, since DTI is a T2 based MRI technique, a sharp
contrast is observed between GM and WM, and this contrast originates from the interaction

of water with the myelin sheath.

Fractional anisotropy maps provide excellent grey / white matter contrast for characteri-
sation of evolving white matter (Kim et al., 2007). Variable cortical anisotropy has been
attributed to the relative abundance of large pyramidal neurons, as observed by Anwander

et al. (2009) in the motor cortex, but has not been investigated in other regions.

The diffusion tensor signal has been related to this cortical grey matter structure in ani-
mals (Ronen et al., 2003), in the human fetal cerebrum (McKinstry et al., 2002) and also
in the adult human brain (Tuch et al., 2003b). In the adult brain this was done using a
more complex model of diffusion than the simple tensor model (see subsection 2.2.2). Using
Q-ball imaging, the diffusion component oriented perpendicular to the cortical surface could
be resolved (Tuch et al., 2003b).

Ultrahigh-resolution DTI has been performed by Jaermann et al. (2008) who, at a resolution
of 0.58x0.58 mm?, were able to show the termination of fibre trajectories in the cortical
grey matter. Yassa et al. (2010) were also able to achieve sub-millimetre resolution (0.6 mm
isometric) in order to investigate the specific microstructural detail of the perforant path,
a white matter pathway in the medial temporal lobe which links to the hippocampus. By
varying the b-values of Equation 2.1, Ronen et al. (2003) and by looking at the component
which was sensitive to the slow diffusion characteristics, they could follow the radial fibres

into the grey matter.

The diffusion signal component normal to the surface could be due to radially projecting
axons or radially oriented grey matter minicolumns. As the white matter fibres insert into
the cortex, the diffusion signal is predominantly oriented radially to the surface. A schematic
of this is shown in Figure 2.16. The fibres bend rapidly as they are taken up by the white
matter core and this curvature cannot be resolved by conventional tractography However,

once on the central white matter, tractography can be implemented.
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Figure 2.16: Schematic of white matter nsertion into the prev matter. The arch represents a
pyrus with {ibres extending into the cortex. The resolution of a typical TITT vewel
is shown in relation to the approximate thickness of the prey matter, The diffusion
ellipsoid aligned normal fo the surface arises from eadially oviented fikres and radial
grey matter architecture alse conbributes. This pixel s illusteates s typical TXTT
voxel. Adapled from Tach et al, {2003h0],



Neuronal activity in a grey matter region area may be dependent on how well the action
potential is transported along the axons, and thus on local fibre microstructure in the white
matter immediately subjacent to it. Thus regions with high BOLD response may have higher
radiality associated with them (DeFelipe et al., 2010).

The Corticospinal Tract

The motor system is one of the most widely studied and best understood systems related to
brain function. For this reason it is a useful candidate for validation of DTI tractography. The
major motor pathway, the corticospinal tract {CST) is a projection fibre system which starts
in the primary motor cortex (M1) and ends in the spine, passing through the brain-stem. The
basic somatotopic arrangement of the motor cortex is depicted in the popular homunculus
of Penfield (Penfield, 1950) (reproduced in Figure 2.17). As stated above, the majority of
fibres making up the CST originate in M1, located in the pre-central gyrus. However, other
cortical and subcortical areas contribute as well. For example, the supplementary motor area
and motor areas of the frontal lobe cortex also send projections to the CST (Kollias et al.,
2001). The CST is also known as the pyramidal tract because M1 contains large pyramidal
neurons, from which the axons of the CST originate, and also because it passes through the

pyramids of the brain stem.

M1 is not the only area of the brain to contain pyramidal cells, but it has especially large
pyramidal neurons called Betz cells (up to 120um). In general the longer the distance that
the axon must travel, the larger the pyramidal neuron. Betz cells contribute only 3% of the
fibres of the pyramidal tract. The remainder of the CST is made up of fibres from other layer
V pyramidal cells. The increased diversity in pyramidal cell sizes suggests the multitude of

destinations for its efferent fibres.

The axons leave the pyramidal neurons and enter the white matter just below layer VI. Each
gyrus has a central core of white matter, which contains all of the axons entering or leaving
the gyrus, and these axons are then taken up by the major fibre tracts as they enter the deep
WM. In the case of the CST, it forms part of the corona radiata which then becomes the

internal capsule as it enters the deep nuclei of the brain. The descending axons then travel
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motor cortex in the pre-central pyrss Image from Joseph and Heckers [ 1906G).
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Figure 2.18: Tractography results showing the corieospinal tract. The bhie arrow indicates the
repdon whors Lhe drach diverges to the callosal motor filres chat conneeh che prinears
teator corlices (M1) of the two hemisphores,

through Lhe posterior limb of the internal capsule through the cercbral peduncles. Onee the
axons reach the level of the pops, some of the fibres veer off via the cerehellar peduncles
tor the cerebellim. The remaining fibred pass through the pyramids of The meduolla whene
decussation oveurs and they so onto the spinal cord {Johansen-Berg, 20011 The course of

the ©5T is shown in Figare 2.17.

Using tractography. the CST path is reproduced in Figure 218, In addition to the main
pathways deseribed above. tractography veproditees the callosal maoter filwes which connect

the Bl 1 regions of Lhe Lwo hemispheros,
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The Cingulum Bundle

The Cingulum Bundle (CB) is a large white matter tract which has been shown to connect
the frontal and parietal sites of the Default Mode Network (DMN). The existence of direct
structural white matter pathways between the regions of the DMN has been demonstrated
by Greicius et al. (2009), who suggest an important role for the CB in connecting the DMN
mid-line structures, the mPFC (medial Prefrontal Cortex) and the Posterior Cingulate Cor-
tex (PCC). The efficiency of the DMN may depend largely on the integrity of this important
tract. Another DTI study showed a direct association between the level of functional ac-
tivity of the DMN and the level of microstructural organisation of the CB (van den Heuvel
et al., 2008a). In addition, Greicius et al. (2009) recommended extending their investigation
to combine structural and functional approaches in the same subjects, because it would al-
low for superior characterisation of DMN changes caused by disease. Connections between
other nodes of the DMN are not as robust and are subject to crossing fibres in those regions
(Mori and Zhang, 2006). In fcMRI a reduced functional connectivity between the PCC and
mPFC has been demonstrated in Assaf et al. (2010), which indicates that investigation of the
anatomical basis for the DMN could be represented in the CB. These findings suggests that
the DMN operates as a single unit so that the connectivity of its nodes, and in particular the
CB, can serve as a proxy for the connectivity within the entire network (Teipel et al., 2010).

The CB is composed of long association fibres.

2.3 Methods

2.3.1 Data Acquisition

The subjects were all females drawn from the same population group with no physical illness
or psychopathology. Eleven age, sex, education and IQ matched subjects were included in
the study. All subjects gave informed consent and the study was approved by the University

of Cape Town Institutional Review Board.

All MRI scans were performed on a 3T Siemens (Erlangen, Germany) MAGNETOM Allegra
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syngo MR 2004A brain scanner at CUBIC (Cape Universities Brain Imaging Centre) using

a four channel head-coil.

Unless otherwise stated, all processing was performed in Matlab™ (MathWorks, Natick,
MA).

fMRI acquisition

A finger tapping motor task was performed using an on-off block paradigm with five 30 sec-
ond epochs of task interspersed with five 30 second rest periods. During the task periods,
the subjects were visually prompted to tap each of the fingers successively against the thumb
on both hands simultaneously. An Echo Planar Imaging (EPI) sequence was used with pa-
rameters: TR = 2000 ms; TE = 27 ms; flip angle 70°; voxel size 3.5 x 3.5 x 3.5 mm?, 36

slices covering whole brain.

In the same scanning session, each subject underwent a resting state scan. Subjects were
scanned using an EPI sequence for a period of five minutes, with the instruction to close their
eyes and relax, in accordance with similar studies in the literature (Greicius et al., 2003; Zhou
et al., 2008; van den Heuvel et al., 2008b). BOLD data were acquired using scan parameters

identical to those used for the motor task.

DTI Acquisition

Six non-diffusion weighted (b = 0) and 30 diffusion weighted datasets were captured in 30
gradient directions with a b value of 1000 s/mm?2. Scan parameters were TR = 9000 ms, TE
= 88ms, FOV = 260 mm with a matrix size of 120 x 120 and a slice thickness of 2.2 mm.

The DTI data were acquired in accordance with the methods prescribed in Andersson et al.
(2003) which is specifically designed to minimise susceptibility artefacts. Two EPI images

were acquired with reversed phase encoding directions to allow for later artefact reduction
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in post-processing, as described in Section 2.3.3.

Structural MRI Acquisition

Each subject also underwent a T1 weighted high resolution Magnetization Prepared Rapid
Gradient Echo (MP-RAGE) structural scan. The MP-RAGE parameters were: TR=2300
ms; TE=3.93 ms; Flip angle=9°; inversion time (TI)=1100 ms; delay time (TD)=200 ms;

matrix=256x256; FoV=256 mm; voxel size = 1x1x1 mm?.

2.3.2 fMRI Processing

The fMRI data were processed using SPM (Statistical Parametric Mapping, version 5)
(http://www.fil.ion.ucl.ac.uk/spm/) which is a widely used tool in the neuroscience
community. Motion correction was performed in SPM, the images were initially realigned
using a six parameter (rigid body) model to determine the transformation parameters needed
to align all of the BOLD images to the first image in the series, using a least squares com-
parison. A report which reflects the subject motion in the scanner was generated, and based
on this, two fMRI datasets had to be discarded due to motion greater than 1 mm. The data

were then smoothed using a 6 x 6 x 6 mm® Gaussian kernel.

Motor Cortex

An experimental design matrix was set up in accordance with the protocol described in Sec-

tion 2.3.1. The Canonical HRF setting was used to interpret the data.

Default Mode Network

The functional connectivity analysis was performed using GIFT (Group ICA Functional
Toolbox) (http://icatb.sourceforge.net/, version 2.0b), which is a Matlab toolbox that
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works with SPM (Calhoun et al., 2001). The first five volumes were discarded to allow for
signal equilibration effects. The number of independent components was set to 20 and the
Infomax (Bell and Sejnowski, 1995) ICA algorithm was applied using the default settings.
The GIFT ICA analysis was performed for each subject individually. While GIFT is capable
of performing ICA on multiple subjects, it is also possible to perform single subject analyses,
in which case there is a single data reduction step and group statistics cannot be calculated.

The DMN activation pattern was identified in all subjects based on visual inspection.

fMRI Thresholding

The first step in analysing the output of an fMRI analysis is to define a statistical threshold
(using t-statistic or Z-score maps). The output image is scaled to a p-value, upon which a
threshold is imposed. For example, if the value of Z is greater than 2.58, then there is a
99.5% chance that the null hypothesis (that the activation is not due to the associated task)
is false. This corresponds to a p-value of p = 0.005, which depends on a normal distribution.
This thresholded image can be overlaid on a high resolution structural brain image in order

to identify the anatomical regions in which pixels are “activated” to this level of confidence.

However, for the purposes of this project, the statistical significance of the activation is not
paramount. For the same task, the level of activity will vary between subjects, depending on
task compliance, subject motion, image noise, and other factors. However, for this applica-
tion it is essential that the spatial extent of grey matter activation is similar across subjects,
regardless of noise. Also, when considering the individual variation of this task, a group anal-
ysis is not possible since inappropriate seed placement may lead to spurious tracking results.
A large individual variation was evident in all initial fMRI exploratory analyses using the
standard Family Wise Error (FWE), False Discovery Rate (FDR) or uncorrected, voxel level
p-value thresholding. SPM multivariate analyses impose strict limitations on the statistical
significance of activations. This resulted in low spatial extent of activity in some subjects,

as shown in Figure 2.19 using a fixed threshold of Z >1.6.

An alternative to the null hypothesis testing is a technique called mixture modelling which
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Subiject 1

Figure 2019 Yscore throsholding prodaesd low spatinl extent (0 the DMN for o threshold of 2
=106 110 these twi sibjects

wis cruploved inorder Lo standardise the thresholding step (Woolrich ©f ol 2004} A mixiare
of distributions are fitted to the intensity histogram of the statistic of mterest resulting m
relatively large activation clusters. The most significant advantage of the mixtyre modelling
is that inference can be carned out on the statistical maps ontpnt from the MERI analvsis

aned Tegions of brain activity can be determined completely objectively (Smith e ol 2005,

The resnlt of mixture modelling is a map of the probability of the partionlar region Iving
i each of the segmentation classes (null, asctivation and deasctivation),  The spatial fegu-
larsation s determined: sdaptively from tiee data using o spatial Mackey random fickd to
reantlatise the labelling of vaxels. The curve litting and regibarisation does not have to be
tuned beunstically, but s adaplively exizacted from the data. The curve ftting nsing -
tensity histograms automatically scales to the data {as shown In Figoee 2200, therefore =
consistent threshold can be applied to the prabability ontput images sinee all parameters
the model are sdaptively determined., Figure 2221 shows an example probability map sfter

mixinre modelling has been applied.
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Figure 2.20: A mixture model fit is performed on the histogram of the P-statistic image. In our
case we are interested in Lhe activation class which s determined by a paama distri-
butioe (yellow curve). A Goassbar curve (rod | reprosents the centrad non-metivakion
part of the data

ubpeck 2

Figure 2.21: A probabilisy map lused on s mistore wodel G of the ackivation class resulis
robust and consistent cxtraction of the Default Mode Network. DRMN activation
patterts for subjects a0 and B have been aehioved] gsing mixture wmeodelting. 'TThe
resulting probability threshold {rather than a p-value throshold ] s sew an P—005, with
the colour bar ranging From zero to one,
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2.3.3 DTI Processing
Distortion Artefact Reduction

The diffusion tensor data are acquired as a series of diffusion weighted EPI images with differ-
ent diffusion gradients applied. One of the problems with EPI is the geometrical distortions
in the resulting images caused by magnetic field inhomogeneities, especially near junctions
of tissues with differing magnetic susceptibility (susceptibility artefacts) for example, in the
frontal lobes which are near the nasal sinuses. Artefacts are introduced by the rapid switching
of gradient directions (eddy current artefacts). These effects manifest as image distortions
and a displacement of anatomical structures. Subject motion can also affect the resulting im-
age quality, which causes misregistration among the diffusion weighted images and resulting
errors in the derivation of the diffusion tensor. This results in faults in the fibre tracking and
derivation of diffusion measures such as the FA and MD maps. Susceptibility artefacts and
eddy current artefacts were minimised in preprocessing steps prior to deriving the diffusion

tensor.

Based on the methods set out in Andersson et al. (2003), the DTI EPI images were acquired in
pairs with alternately reversed phase encoding directions, one top down (anterior-posterior)
and the other bottom up (posterior-anterior). The resulting susceptibility distortions in the
images are then equal and opposite in magnitude. The distortion field was estimated using
non-diffusion weighted images (b=0, b0) and this distortion field was then used to correct
the diffusion weighted images. Six b0 images were acquired for each scan and these were av-
eraged in order to improve the Signal to Noise Ratio (SNR) of the b0 image. This distortion
field was then applied in opposite directions to the entire series of diffusion weighted images
(Andersson et al., 2003). Eddy current and simple head motion were then corrected for using

an affine registration of the diffusion weighted volumes to the b0 volume.

Outlier Rejection and Averaging

QOutlier diffusion signals are evident as large, unpredictable signal variations after calculating

the diffusion tensors. Outliers were rejected by first calculating Z-scores based on 25 and 75
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percentile limits, and then discarding data points more than 3 standard deviations beyond
the mean. The discarded data points were recovered from the other dataset in the process.

The two datasets were then averaged to produce a single, corrected DTI dataset per subject.

Software from the Oxford Centre for Functional MRI of the Brain (FMRIB) was used for
DT1I processing. The FSL (FMRIB’s Software Library, version 4.1) software suite was then
used for the processing and analysis of diffusion weighted images in order to calculate the

diffusion tensor, eigenvectors, eigenvalues and scalar diffusion maps (including FA and MD).

2.3.4 Combining fMRI and DTI using Region Growing

The platform used for the algorithm development was mrDiffusion, which is a neuroimaging
package developed and used by Stanford University Department of Psychology. This package
is Matlab based and the code for the algorithms developed in this section were incorporated
into the mrDiffusion platform. This package is freely available for download (http://white.

stanford. edu/software/), licensed under the Gnu Public License.

Intermodality Coregistration

The preprocessing of fMRI and DTI was conducted in each modality’s native space since
the analysis is done on a subject by subject basis. In order for fMRI regions to be used as
DTT seeds, accurate registration is essential. Errors due to poor registration would result in
the seed regions being incorrectly placed. Due to the fact that only intrasubject registration
is required, the standard affine coregistration as implemented in SPM5 was expected to be

sufficient.

The mean functional image is coregistered to each subject’s b = 0 diffusion weighted image
using a 12 degree-of-freedom affine transform, following this, the resulting spatial transfor-
mation parameters are determined and then applied to the binarised {MRI activations, this

is depicted in Figure 2.22.
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Figure 2.22: A somonecy of the intermusdalily coresisteation proeceduare i shown, The (BT image
underpoes an athoe transformation Lo matele the 1YED B0 fnsee. Uhe Toitiatly poor
oyorlap i eviedenl in the top thinee asial, eoronn] s sasittal views, The identical
alline parameters were applicd to the binarised FAIRT activity map.

Calculation of White Matter Probahility Images

Thes white matier surlace was estimated asine nfonmation fom Lhe dillusion feesor data
FA provides good GM/WA econtrast, however this can be improved upor by caleulating a
white matter probability map. as implemerted by mrDilusion. White matter probability
was caleolated as a inal probability score based on combined information from the b0 mage,
an FA crror torm sad o MDD ereor term, A target FA of betwoeen 0025 amd 1, aned targct M

of between 04 and | = 10 *mm?/s. were used to compnte their errar Lerms.

The b} error is a z—score clipped at 4 standard deviations and normalised to the 0-1 range.
sinee Lhe inlensity scale is acbitracy, Thee B pnage allows a spocificiby against artelacts in
cuortain tissues such as sinmses which ereate vory low bl values boat high FA aud sormsal tissue

rareges for ML The overall white matter probahilily score s given as:

e = (] —eompa ) = [1 —eroyp b s {1 — vropg ) {2.5)
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Figure 2.2%: A white maiter probability rap (yellow ] oserlaid en an atine corogistered GM sep-
menlation fom a sieaeiiral MBI sean inos pilon siady shows misregistration eerors

A grey mafter segmentation from a 30 T weighed structural imazge was considered as mweans
tor contfine the MBI sctivation to the grey matter. Howeser, coregisterine the structural im-
age to the MBI image resuited in obvions gyral fsuleal misalignment. A slice {rom one such
coregistration s ilusirated w FMgure 2.23, where thescerrors are clearly apparent. IMRI aovl
DTT produces similar images more suitable for coregistration as they are both EPI sequences
with comparable fmage dimensions (Werring e ol. 1999 As o resylt. the T strowctural

Images wirre ol eorporated i ths sty

Calculation of a Radiality Metric

Radiality s dletined here as the desree thot white macter diffusion tensors ine up with a vee-
tor normal ti the grey Swhite matter homadary, First che white matter surface was defined
nsing the white matter probability image which was lirst smoothed with 4 3 « 3 = 3 mm?
Gralssion Alter. A sarface normal, termed the gradiont vector, was then difined by taking
the gradicnt acrosa the white master boundary, The radial orientation of the PDIYs at the
white matter bonndary is elearly visible w Figure 2.24 The gradient veclor is also defined
lor voxels close to the GRM WAL interface sinee the WAL probability imapee is first smoothed

with o Gaussian filter,

A metrie deseribing ehe alipnment of the gradient vector with the entire tensor is eequired
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Figore 2.24: PA map wich delail showing vhe PRI vectors (red) in pelation to the white matiep
probability {orange ).

tor represent the degree of radiality with which the axonal tracts peoject into the white mat-
ter The dod prodoet between o veclors 15 4 well know fool i veelor aleetrs, T s also
known s the sealar product, However, when dealing with tensors, there are a mnltitode of
possible multiplication options [James of af 0 19993 Nete that the prodaet of @ tensor and a
veclor 18 A veckor, 50owe define the produc) of & vector with a tensor as Che nocmalised sinm
of the gradient vector mudtiplied by cach of the three cigenvectors of the diffusion wensor,
weighted Tw the respective eigenvalues. This resnlts in a scalar measure of the veetor ter-

sor prodict. Badiality can then be delined as the following nommalised tensor veclor prodacet:

A - el = [Aal i - ol = 2l g - g5
[|Ag] +

Radiality — [2.6)

M|+ [Aaf) = g
Where g 15 the gradient vector, £, ¢, and £, are the 3 eigenvectors of the fensar O and A,
Ap and Az are the respective cgenvalues. Rathier than just the frst cigemvector or principal
dilfusion divection. radiality is tepresented by all three slgenveciors and quantifies the degree
tov which the gradiend vector Bnes ap with the diffusion ellipsoid. Values range from 0 Lo 1,
where 1) 15 the case where the tensor is tangential to the gpradiend and 1 corresponcds wo the

tensor lining np perfectly with the gradient vecior.

11



Radiality Based Fibre Tracking: The Modified two-ROI with RAFF Method

In conventional anatomy based DTI tractography, seeds are placed directly in the white mat-
ter. However, since the ROIs from fMRI lie mostly in the grey matter, the seed must be
grown into the boundary region which is characterised by high radiality. Based on the evi-
dence presented in Section 2.2.4, this method presumes that the grey / white matter interface
is predominantly normal to the WM tracts arriving at the GM layers. This is largely due to
the large axons descending from the radial cortical minicolumns. A boundary segmentation

technique was implemented in order to efficiently seed the tractography.

Flood-fill algorithms are fundamental to image processing. They operate by starting from an
original ROI and, searching all voxels exterior to and immediately adjacent to the ROI, the
algorithm recursively finds the highest radiality voxels within a predefined radius and adds
them to the original ROL

A 3-D flood-fill algorithm was implemented for the task of segmenting regions characterised
by high radiality at the GM/WM boundary. In this implementation, the flood-fill is initiated
with a set of discrete points originally confined to the GM. Each point, with coordinates x,
y and z is defined by its neighbouring voxels. For a six neighbour configuration, the edge
connected neighbour voxels are defined as (x + 1, y, z), (x- 1, y, 2), x,y+ 1, 2), (x,y - 1,
z), (X, y, z+ 1) and (x, y, z - 1). A radiality threshold and a radius limitation was imposed
to decide whether or not the voxel is to be included. The radius limit was set to three voxels
(£7 mm). The three voxel limit was chosen in order to ensure that the tractograpy was

robust, after initial attempts with one and two voxel limits vielded inconsistent results.

The flood-fill algorithm is similar in principle to the Fast Marching (FM) tractography algo-
rithm as introduced in Section 2.2.2 in that a regional property determines the segmentation
of the area, but it is not as sensitive to boundary detection as FM. The flood-fill approach,
while less numerically precise than more advanced region based methods, enables the initial

fMRI seed region to grow into the white matter where tracts are more likely to originate.
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The algorithm for Radiality Flood-Fill (RAFF) proceeds as follows:
i. A metric describing the radiality of each voxel is calculated using Equation 2.6.
ii. The initial seed voxels are defined by the fMRI ROI constrained to the grey matter.

ifi. The voxel with the highest radiality in the ROI is selected as the starting point and

added to the solution matrix.

iv. The six voxels adjacent to the starting point are placed in a corresponding index matrix

which keeps track of voxels which have been evaluated.

v. The voxel in the index matrix with the highest radiality is tested against a predefined
radiality threshold and radius limit of less than three voxels from the border of the
original ROI. If it meets these criteria this voxel is removed from the index matrix and
added to the solution matrix. If it does not meet the criteria, then it is removed from

the index matrix but not added to the solution matrix.

vi. A new neighbourhood of six voxels is defined around the new highest radiality voxel

by adding them to the index matrix.
vii. Repeat steps v. and vi. until the index matrix is empty.

The preprocessed DTI data were loaded into the mrDiffusion program for fibre tracking to
be performed. Within this toolbox, functions were developed or modified in order to directly
import and manipulate fMRI ROIs as seed points. The fMRI ROIs were ordered by size,
from largest to smallest. The largest two ROIs from the DMN activation were consistently
the mid-line structures characterising the DMN, the mPFC and the PCC, as shown in Figure
2.25.

For comparative purposes, the landmark based two-ROI method was used to extract the CST
and the CB. Polygonal ROIs were drawn directly on colour-coded FA maps in accordance
with the two-ROI protocol defined for those specific tracts by Wakana et al. (2007). For the
CB, ROI 1 was drawn in the coronal plane, in line with the splenium of the Corpus Callosum
and ROI 2, in line with the genu. Similarly, the CST was extracted by placing ROI 1 as a
polygon in the axial slice over the cerebral peduncle in line with the decussation of the supe-

rior cerebellar peduncle. Tracking was performed from ROI 1 and from the resulting fibres,
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Figure 2.25: The larpest activabed BOLs are imported anto the fibre tracking program. Hore the
eortical maid-line stoaetures of the DMN. the medial Prefrontal Cortex {mPT) in
rexl and the Posterior Cingulate Cortese (POOC) 0 velloa.

the trajectory of the OS5 is identified on a hicher axial slice in right after the hifureation
tor the motor and sensory cortex. The hibres going towards the contral suleas [C5) and the
projection to the motor cortex were 1dentified and the CST was selected, The two-BOI with

RAFF method for the UB is depicted m Figure 2.26.

Vhe tractography steps and parameters for a modified two-BOT with BAFE method can be

summarised as follows:
L. Binarised RO masks were loaded into mel 3 Maston.

i, Inorder to cosure that the seod was initlated in the ggey matter, st was condined o the
grey matter using the white matter probability. The white matter probabiliny was sel

al (.

i, The ROI was extended into the white matter using BAFE. Parameter setting: radiakity

— (.5; raedius Hmodl — 3 voxels (7 muam)

iv, Tractography was performoed using the FACT algorithim. In each voxel, 9 seeds were
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Figure 2.26: The Ciopulun Bundle was esdracted in each individizal subiject using g modified

two-HOH with BAFE method. BOT 1 was dibwed with the radiadity wstre before
Belup selecta] with ROT 2 bised on the kuown paeh of the OB

started using a step size of 1 mm. Tracking was stopped when the fibive encounteres)
a voxel with an FA valoe < (0D ar when it had an averagse abele change boelseon 1he
neighlbouring cigonveciors of = 307, Only Abres with o pasimum Ietgth of 50 mm were

krga
v Ddefine 1CH 2 nsine analomical landmarks,

vl A Boolean AND operation sclects only those fibres passing throngh ROL 2.

2.3.5 Validation Using Cohen’s Kappa

Coben’s kappa s an established statistical measure of agreement for comparing inter atd
intra-rater reproducibility of qualitative measurement techinigues, which considers aprecment
bewvomnd thal cxpected by chanee (Landis and Koch, [1977). 'The kappa method has been
applicd Lo DT protecels inovanons studics moovder oo guanbife the inter and intra-rate
validity of the tracts produeed by the two-ROD method (Wakana et all, 2007 Owturk of af

2i05: Fhang et af . 20605 Voineskos ef el 2009).



Cohen’s kappa is used here to measure agreement between the tracts derived from the mod-
ified two-ROI method with RAFF and the corresponding tracts derived from the standard
purely landmark based two-ROI method. As a further validation step, the performance of the
RAFF was evaluated against a uniform morphological dilation of the equivalent three voxels
from the fMRI ROI. The tracts derived from the uniformly dilated ROI were also compared
to the landmark based two-ROI method. This validation strategy is described in Figure 2.27.

Landmark
Two-ROI <"::>
. based two-
with RF-F
Cohen's k ROI
Two-ROI Landmark
with uniform based two-
dilation Cohen's k ROI

Figure 2.27: Validation strategy for comparing the radiality flood-fill approach to previously es-
tablished fibre tracking methods.

To derive a kappa statistic for each pair of tracts, the tracking results for both the landmark
based two-ROI and the modified two-ROI from fMRI methods were first converted to binary
information at the same resolution as the DTI data (120 x 120x 65). Each pixel occupied
by a tract was assigned a value of 1 and non-occupied pixels, a value of 0. By superimposing

two tracking results, four pixel categories were obtained:
i. pixels not containing the tract in both cases (nn)
ii. pixels that contained the tract in only one of the tracts (pn or np)
ili. pixels that contained the tracts in both cases (pp)

Expectation values for each class were calculated as:

Enn = (nn + np)(nn + pn)/N
Enp = (nn + np)(np + pp) /N
Epn = (nn + pn)(pn + pp) /N
Epp = (pn + pp)(np + pp) /N

Expected nn
Expected np @27)
Expected pn .

Expected pp

46



where N = nn+np-+pn+pp is the total number of pixels per tract. x (kappa) was calculated
by:

_ (observed agreement — expected agreement)
- (100 — expected agreement)

(2.8)

Where:
observed agreement = (nn + pp)/N x 100

2.9
expected agreement = (Enn + Epp)/N x 100 29)

The values of k were interpreted as a measure of agreement to a reference tract. « is defined
by Landis and Koch (1977) as follows: 0.11-0.2 as “slight”, 0.21-0.4 as “fair”, 0.41-0.60 as

“moderate”, 0.61-0.80 as “substantial”’, and 0.81-1.0 as “almost perfect” agreement.

2.4 Results and Discussion

The signature pattern of high radiality regions, observed at the white matter branches as
they approach the cortex, was seen in all subjects. Figure 2.28 shows an enlarged section
of the cortex where high radiality regions are seen at the apices of the gyri. This radiality
metric was then used to guide a flood fill algorithm which filled regions which have higher
radiality and are thus serve as optimal seed points for tractography. Figure 2.29 shows how
an fMRI region is first confined to the grey matter, then dilated using RAFF.

The CST was utilised in testing for the initial evaluation of the Radiality Flood-Fill (RAFF).
However, inconsistency in the motor cortex activity, as well as in the course of the CST
through the brain made validation in the CST impracticable. This is due, in part, to the
limitations of the deterministic fibre tracking method employed. There are regions along
the CST, such as the passage through the Corona Radiata, where the fibres from the upper
limb regions of the homunculus curve inferiorly and medially and intersect another tract;
the Superior Longitudinal Fasciculus. In these regions, the principal eigenvector does not
correspond to the true fibre directions (James et al., 1999) and therefore the deterministic

tractography method employed failed to show the true path of the finger tapping related
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Fadiality

Figure 2.28: Radiality map overlawl on white matier probalulite =slice showing prinecipal diffnsion
dircetion (rod lines) with the pradicnt voctor across the white matter homndary | blue
limes). Fligh sadiadity | red woxels) i fonnd whers the PDD lies vpowith the pracdient
normal, A colour bar is shown with values rauging from zero to one [dinensionless),

fibre. The single tensor model can only veliably detect fibres going to ihe leg region and
uot those going tu the upper extremity ur lacial Teglons (Qazi of al., 2009, For this reason,
Cnbien's kappa was not applied to the OS5 tracts, since it was found that there was too miuch

variation to obtain reliable tracts across ndividuals,

Since it was not viable to usa the tracts from the hinger tappiog activations, sololy the DAN
wis used to validate modiied two-ROL with BAFF method, The DMN 15 the must robustly
extracted of the resting state netwaorks. In acdition, the OB has been deseribed previonsly
as the major connection between the two main hubs of the DMN: (the mPFC and the POC
| Cireicing of al , 2009 van den Heuvel £ all. 20009), From primate studies. this tract is known
tor be a divect contection which is not subject to crossing or branching. For these reasons
it is o likely a more switable tract for evaluating the validity of the modified two-TOT with
BAFEF met hewl.
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Figure 2.2% An example of radiality Hood fill from an MBI region. In this axial slice of a white
matter probability image, the nitial MBT BOT (lop lof) s maoipobabed Lo grow
into high radiality tegions which are evident in cvange. Fitst the BO1 is contined
tor the groy matter (nsing & W probabilicy threshold of <06) and Ghen grown
into high radialicy regions using RAFE, based on a radiality threshold of =005 For
cotuparisnT, i nniform dilation of threo voxels s also shown.
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Validation in the Default Mode Network

Table 2.1 shows results for a comparison between the landmark based two-ROI protocol of
Wakana et al. (2007) and the modified two-ROI with RAFF approach. Table 2.2 presents
a comparison between a two-ROI with uniform dilation and the landmark-based two-ROI
protocol. This was done in order to compare the RAFF method to a comparable fMRI based
approach. In both cases, all of the subjects showed “moderate” to “almost perfect” agreement
according the Landis and Koch (1977) kappa scale. Figure 2.30 shows two examples where

the tracts are seen to have substantial visual agreement.

The uniform dilation method extends the seed ROI into all the surrounding areas uniformly
and produces more fibre tracts than RAFF. In spite of this, the increased number of fibres
did not improve agreement with the landmark based two-ROI method when compared to the
RAFF tool according to the kappa measure. As seen in table 2.2, consistently more fibres (n)
were identified by the fMRI techniques. The number of computed fibres does not represent
the true number of nerve fibres, so this increase in n does not reflect the accuracy of the
tractography but rather the increased number of seed points used in the fMRI techniques.
The kappa measure reflects high levels of agreement and, based on a one-sample t-test, shows

no significant difference as compared to the uniform dilation method.

The two-ROI with RAFF method has several advantages over the landmark based two-ROI
protocol. The first ROI is defined by the fMRI activation so there was no subjective input
from the user at this stage. With the resulting tracts displayed on the screen, it is then pos-
sible to “trim” the desired tracts using the logical AND with ROI 2 (as described in Section
2.26). The AND operation provides a strong degree of specificity of the resulting tracts and
this step is made less subjective since only the general anatomical course of the tract needs
to be known. While the two-ROI with uniform dilation shares these advantages, it is a less
specific means to define the seed ROI than with RAFF.

While the kappa measures show high levels of agreement, the number of fibres produced
using both RAFF and uniform dilation of fMRI seeds resulted in noticeably higher numbers
of fibres (n) than the landmark based two-ROI method. Achieving high values of kappa

accounts for this since many of these fibres overlap.
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Figure 2.3 (a) Visual evidence of agrecment between methods for subject 2 confiom “siubstantial”
aprevement measnres for s 1'he vellow fibres wore extracted using the RAFF method
and the blue fibre using che landimark based two-BOT methedd. In (b) s values for
subject 3 indicate “almost porfect” agreement. Red fibres were extracied using the
RAFF method and the green fiboes nsing the landmark based two-RO1 mietlod.
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Table 2.1: Kappa measare of apgresment boetween tricts derived from eeo-BOH with TRATF and
froccts derived {rom the andmack Tesed tao-ToOT mettesd (o= the total momdwer of
Ftres 1 the resoliing trsets).



k left & right | Left unif. Right unif. Left Right

CB CB | dilate (n) dilate (n) | Landmark (n) Landmark (n)
subject 1 | 0.5818 0.4678 74 124 38 46
subject 2 | 0.5066 0.7668 179 170 50 79
subject 3 | 0.7671 0.8313 403 360 76 63
subject 4 | 0.6963 0.6315 400 330 85 45
subject 5 | 0.6449 0.8655 358 75 42 44
subject 6 | 0.7936 0.5761 155 27 78 34
subject 7 | 0.6707 0.358 368 27 27 3
subject 8 | 0.7594 0.7599 214 19 63 14
subject 9 | 0.7747 0.4608 55 6 71 48
subject 10 | 0.675  0.684 214 130 98 56
subject 11 | 0.6582 0.7167 590 596 70 92

Mean x| 0,6844 10,6471

Table 2.2: Kappa measure of agreement between tracts derived from two-ROI with a uniform
dilation and tracts derived from the landmark based two-ROI method (n is the total
number of fibres in the resulting tracts).
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Chapter 3

Case Study: Application to Default
Mode Network Connectivity in
Urbach-Wiethe Disease

3.1 Introduction

The goal of this case study was to show that the modified two-ROI method with RAFF would
be successful in analysing the structural connectivity underlying fMRI activity in a clinical
cohort. Although Chapter 2 showed that the RAFF method produced tracts of significant
similarity to purely anatomically derived tracts, when looking for group differences, the risk
of subjectivity with manually placed seeds is a confounding factor. Using the validated RAFF
protocol for extracting the CB from DMN activity, tract integrity measured by mean FA may

be obtained in a more objective way.

Urbach Wiethe Disease (UWD), also called Lipoid Proteinosis, is an autosomal recessive dis-
order that causes gradual bilateral calcification of the amygdala. In UWD, there is a bilateral
lesion of a highly interconnected part of the brain, the amygdala. In the UWD sample used
in this study (described in more detail below) there are no gross behavioural, emotional, in-

tellectual or social impairments. For this reason, WM connections not directly linked to the
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amygdala may be unaffected by the lesion. To test this hypothesis, the CB connecting the
two most prominent nodes of the Default Mode Network (mPFC and PCC) was chosen as a
candidate WM tract for comparison with normal controls. The CB was readily extracted from
fMRI data and DTI tractography using the techniques developed in Chapter 2. Mean FA

of the CB, as a marker of WM integrity, was measured in UWD compared to normal controls.

3.2 Background

Based on the comparison of DTI metrics, such as FA, inferences can be made about the
integrity of WM tracts. In direct WM pathologies, variations in FA could be due to demyeli-
nation, axonal damage, microstructural reorganisation, dislocation, s{xrelling, inflammation
or disruption of the axonal fibres. In addition to the application of DTI to direct pathology,
disruptions in connectivity have been observed in the WM in primary psychiatric disorders
(Filley, 2005). It was Carl Wernicke who was first to recognise that psychiatric disorders were
a consequence of disruption in the long-range WM connections, he called these disruptions of
connectivity “sejunctions” (Frith, 2004). More recently, using modern imaging tools such as
DTI, schizophrenia, dyslexia and autism have all been described as disconnection syndromes
(Courchesne and Pierce, 2005), in that certain WM tracts integral to normal brain function
have shown marked microstructural differences. FA data have even been correlated with

measures of overall intelligence (Yu et al., 2008).

Urbach-Wiethe Disease and the Amygdala

UWD is of special interest to neuroscience as it is the only human model of a discrete, selec-
tive, bilateral, stable, non-neurodegenerative stereotyped lesion anywhere in the brain. This
disease presents in early infancy with a hoarse voice owing to thickening of the vocal cords
and subsequently, in early childhood, with characteristic pox like markings and thickening of
the skin.
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Severe emotional behaviour deficits in a single UWD case known in the literature as “SM”
(Adolphs et al., 1995, 2005; Kennedy et al., 2009; Todd and Anderson, 2009; Feinstein et al.,
2010), have made the amygdala the focus of intense interest in the field of affective neuro-
science. The findings in SM regarding fear response conditioning (Feinstein et al., 2010) have
been supported by bilateral amygdalectomy studies in rhesus monkeys (Emery et al., 2001).
Based largely on this single human case and the primate studies, the amygdala is considered
to be a critical centre of the emotional and social brain (Phelps, 2004; Todd and Anderson,
2009). This research has shown that the amygdala is widely and intricately connected as a
hub of connectivity (Ashwin et al., 2007).

The vast majority of UWD cases amenable to scientific investigation (approximately 50)
reside in the Northern Cape Province of South Africa. Recent investigations in a group of
five South African UWD patients with no secondary psychopathology is adding important
new details to the understanding of the human amygdala. As shown in Figure 3.1, structural
MRI results in these subjects shows calcification limited to the Basolateral Amygdala (BLA).
Functional MRI shows activity in the Superficial Amygdala (SFA) and Centromedial Amyg-
dala (CMA) sub-regions, but not in the BLA, in response to emotional face stimuli (Terburg
et al., 2011). In contrast to the single case mentioned above, behavioural studies of emotional
stimuli processing reveal no gross deficits in emotional or social function in these patients.
Nevertheless, volume loss in PFC regions that normally share reciprocal connections with
the amygdala has been observed (B. Morgan, pers. comm, January 2011). These amygdala
and PFC changes with little evidence of loss of function make these UWD subjects ideal

candidates for validating neuroimaging tools.

Hypothesis: Global or Local Connectivity Changes

Importantly, in UWD, the surrounding brain structures remain preserved. It must be as-
sumed, however, that the primary connections of the amygdala are affected (its afferent and

efferent projections). The amygdala is one of the most extensively interconnected regions of

the brain and if amygdala tissue is lost due to a lesion then a question is whether or not
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the other core networks of the brain are affected. The DMN serves as an ideal network to
measure global connectivity differences, since it has been proposed that it is the structural

core network which underlies the human cerebral cortex (Hagmann et al., 2008).

The investigation aims to discover possible alterations of the DMN in response to the loss
of an important component of the brain. The following question was addressed: is there
secondary loss of WM connectivity in a pathway (CB) connecting two structures (PCC and
mPFC), where one of them (mPFC) is normally strongly and reciprocally connected to the
amygdala?

3.3 Methods

The study cohort was comprised of five UWD subjects and nine controls. Subjects had no
physical illness or psychopathology and were matched for age, sex, education and IQ. Subject
age and level of education is shown in Table 3.1. Ethics approval was originally obtained
from the University of Stellenbosch ethics committee (reference number 2002/C103), as part
of a larger parent study of UWD. Written informed consent was obtained from all subjects.
Since more females than males were available, only females were used in order to limit the
complexity of the data. The fMRI and DTI data were acquired in the manner described in
Chapter 2.

The CB’s of all subjects were extracted using the two-ROI with RAFF method as described
in Section 2.3.4. Mean FA along the length of the tract was compared between the groups.
FA was the only DTI metric chosen to measure structural connectivity, since it has been sug-
gested that FA is the most specific DTI metric related to tract integrity underlying network
connectivity (Teipel et al., 2010).

Global, data driven methods were applied to the data in order to validate the CB connec-
tivity findings. First, as described in Appendix A, the resting state fMRI data were used in
a group ICA analysis using the GIFT package (Calhoun et al., 2001). Tract Based Spatial
Statistics (TBSS) methods were applied to the FA data, which allows global comparison of

white matter microstructure between groups while accounting for confounding intersubject
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Schooling
Patients Age years

patient 1 32 9
patient 2 35 12
patient 3 29 10
patient 4 60 8
patient 5 40 7
Controls

Control 1 34 12
Control 2 29 9
Control 3 43 11
Control 4 23 12
Control 5 29 9
Control 6 43 9
Control 7 35 12
Control 8 38 7
Control 9 21 12

Table 3.1: The patients and controls were matched for age, sex and education (except for patient
4 who is 60 years old). In this table, ages and number of years in school are shown for
the control and UWD subject cohort.

coregistration steps (Smith et al., 2006). The TBSS procedure and results are detailed in
Appendix B. Since these methods could be readily applied using the available data and were
performed using standard parameter settings, they provided a non-biased way to validate

connectivity findings in the CB.

3.4 Results and Discussion

The resulting DMN activity maps from group ICA (as described in Appendix A) are shown
in Figure 3.2 and Figure 3.3. Figure 3.2 shows that the group DMN activity pattern in UWD
subjects is largely consistent with that of the control group, shown in Figure 3.3. The prelim-
inary investigation of the DMN fMRI data between the control and UWD groups (Appendix
A) shows increased activity in the right PCC in UWD, which warrants further investigation.

However these differences were not apparent after correcting for multiple comparisons.
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Using the CBs extracted from all subjects, as shown in Figure 3.4, the mean FA was measured
for UWD subjects and controls. Table 3.2 presents these results. No statistically significant
differences between groups on overall (left and right combined) or unilateral CBs were found.
The results in Table 3.2 is represented as a bar plot in Figures 3.5, 3.6 and 3.7. It may be
noted, however, that the mean FA along the right side of the CB in Figure 3.6 only just fails
to reach a significance of p <0.05.

Global white matter integrity, as measured by TBSS {Appendix B), also showed no signifi-
cant white matter group differences after correcting for multiple comparisons (using Thresh-
old Free Cluster Enhancement (TFCE), p <0.05). The uncorrected results (p <0.05) show
reduced FA in the right anterior region of the CB.

Three independent methods thus found indications that the structure and/or function of
the DMN may be different in UWD versus controls: mean FA in the CB tract fibres, FA
differences in the CB using TBSS, and group resting state fMRI. All three methods show

these differences to be more evident in the right hemisphere than in the left hemisphere.

Compared with the behavioural deficits seen in UWD subject SM, the evidence of normal
WM connectivity in this group supports the normal behavioural observations. Viewing the
CB as a proxy for global brain connectivity, the results suggest normal DMN connectivity and
therefore intact global connectivity. Since SM has a complete lesion of all amygdala nuclei
and her brain damage is not limited to the amygdala, her abnormal behavioural measures
could be due to a combination of the amygdala lesion, and damage to adjacent structures such
as the entorhinal cortex and connecting white matter (Feinstein et al., 2010). The results
of normal white matter connectivity from this study, in contrast, were applied to a group of
UWD subjects and support recent findings that there is residual functional activity in the
amygdala (Terburg et al., 2011). However, since no fMRI or DTI data have been acquired

for SM, it is not possible to comment further.
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Figure 3.6: Mean FA within the right Cingulum Bundle. Includes five UWD subjects and nine
control subjects. p = 0.0569
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Figure 3.7: Mean FA within the left Cingulum Bundle. Includes five UWD subjects and eight
control subjects. p = 0.2347.

Control UWD
Left and right combined 0.433 &+ 0.006 0.418 + 0.009
Left 0.436 &+ 0.007 0.421 + 0.010
Right 0.425 + 0.008 0.396 + 0.012

Table 3.2: Mean FA over both left and right CB’s.
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Chapter 4

Conclusion and Outlook

Though validation is complicated by the absence of a ground truth model for DTT tractog-
raphy, the modified two-ROI with RAFF approach can still be evaluated in terms of its
functionality, usability and reproducibility in relation to current practice. Using Cohen’s
kappa, the tracts resulting from the approach presented in this thesis were found to have
high spatial agreement with the landmark based two-ROI protocol of Wakana et al. (2007),
which represents current practice. The two-ROI with RAFF approach is semi-automated,
requiring no subjective manipulation of starting ROls since they are defined first by fMRI
and then automatically grown into the WM. The mrDiffusion platform with the RAFF en-
hancements for incorporating fMRI activity maps is easy to use within the fMRI/DTI data

processing pipeline.

Once validated as being sufficiently similar to current practice, the two-ROI with RAFF ap-
proach was applied to a study of Urbach-Wiethe Disease. In order to evaluate the effects of
the disease on brain connectivity, the CB was evaluated from DMN fMRI activations since it
represents the degree to which the global DMN activity has been affected by bilateral baso-
lateral amygdala calcification. No significant differences were found between UWD subjects
and matched controls, however WM differences in the right CB just fell short of reaching
significance. There were also no significant differences noted using data driven analyses in
TBSS and group ICA of resting state fMRI, confirming the CB fibre tracking result. Intact

connectivity in this intrinsic brain network supports the lack of gross behavioural deficits
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observed in this cohort of UWD subjects.

It is worth noting that three independent methods (mean FA in the CB tract fibres, FA
differences in the CB using TBSS, and group resting state {MRI) indicated that there may
be some differences between UWD and matched controls in the statistics in the right hemi-
sphere. Although these results do not reach levels of statistical significance, there are trends

which agree across the three methods. This warrants further investigation in a larger cohort.

If a difference is confirmed in future studies of UWD, this would indicate the there mé,y be
functional compensation in response to structural alteration in secondary circuits (i.e. circuits
not directly involving the amygdala). The fact that this cohort is grossly behaviourally nor-
mal does not necessarily imply that there have been no structural and/or functional changes
in secondary circuits. The preservation of normal behaviour could be due to structural and/or
functional neuroplastic compensatory changes that are too subtle to be unambiguously de-
tected by the two-ROI with RAFF method. Nevertheless, if future investigations confirm the
above-mentioned right hemisphere trends the validity of two-ROI with RAFF will be further
established.

Future studies investigating DTT at the GM/WM interface may make use of higher resolu-
tions of DTI, enabling the viewing of finer details of the fibre systems, particularly at the
fibre origins and terminations where the radial structure of the minicolumns and axons in-
tersperse with tangential dendrites and interneurons. Alternative methods of tracing fibres
such as HARDI and a multiple tensor model (Tuch et al., 2003a) would also further our un-
derstanding since multiple coherent fibre populations are discernible in each voxel. Further
insight may be gained by using DTI with varying ranges of acquisition parameters which
have been shown to discern different cellular details, such as in low anisotropy regions (Rane
et al., 2010).

Refinement of the flood-fill segmentation method with more sophisticated algorithms such
as level sets or statistical surface evolution (Lenglet et al., 2006) will be required to realise

the full potential for combining fMRI and DTI at the current spatial resolutions. However,
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the use of radiality with flood-fill to seed DTI tractography from fMRI, as presented in this
thesis serves as an encouraging proof of concept which will hopefully kindle further research
in this field.
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Appendix A

Default Mode Group fMRI Analysis

Results are presented here for a comparison of patients with UWD with healthy controls
during a resting state task. The data were acquired in the same as way as for individual
DMN extraction. ICA analyses were conducted on the two groups of subjects using GIFT
(Calhoun et al., 2001). Only five of the control subjects were used in order to have matched
groups. Data were normalised using intensity normalisation and no scaling was employed.
This preserves the relative scaling between subjects facilitating group comparison which was
performed as a two-tailed t-test in SPM5. The SPM result for group 1 (Controls) directly
compared to group 2 (UWD) is shown in Figure A.1. The results in Table A.1 show a differ-
ence with p 0.01 (uncorrected) in the right PCC region, which is a core region of the Default
Mode Network.

Figures A.2 - A.5 below show the DMN components for all subjects. The subjects were
grouped as follows: subjects 1 - 5: Controls, subjects 6 - 10: UWD). The mean BOLD fMRI

time-course is shown in the DMN for each subject.

cluster size voxel-level p (uncorrected) coordinates (MNI) mm Approximate anatomical lo-
cation

19 0.001 22 -59 22 49% Right PCC cortex
(Harvard-Oxford Cortical
Structural Atlas)

Table A.1: Summary of significant differences in group analysis of Default Mode Network.
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Appendix B

Comparing UWD and Control Groups

using Tract Based Spatial Statistics
(TBSS)

Tract-Based Spatial Statistics, or TBSS (Smith et al., 2006), is an automated method which
projects individual DTT data onto a common space which allows for statistical testing over
the entire brain volume rather than specific tract based methods. It forms part of the FSL
toolbox developed by the FMRIB group of Oxford University. FA images are routinely used
in voxel-wise statistical analyses to show localised brain changes related to development, de-
generation and disease. TBSS is a relatively new technique which has already been applied to
a wide range of neurological and psychiatric disorders to assess the micro-structural integrity
of white matter. TBSS compliments DTI tractography methods as it offers an alternative
data-driven approach to the analysis of DTI data. Only the very centre of the white matter
tracts (the skeleton) is considered, thus overcoming the major limitation of standard voxel
based statistical analyses, which relates to imperfect coregistration. It can be performed
between groups to readily expose white matter differences as measured by differences in FA
or other DTI metrics (Arnone et al., 2008).

In order for a statistical model to be compared across different subjects, these images are

aligned with one another. The registration algorithms employed create a mapping from the
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old voxel positions to new positions in the same coordinate space as a reference image. The
target image is manipulated to align with this reference by means of spatial transformations.
Aligning FA data from multiple subjects using standard rigid coregistration is not sufficient
to align the brains of different subjects, therefore a non-linear registration field is also calcu-
lated. This is applied using a b-spline representation of the registration warp field (Rueckert
et al., 1999).

First, the “most representative” FA map in the group was found with an exhaustive test to
find which image requires the least amount of warping to align all other images to it. This
transformation was then combined with the affine transformation required to align the target:

to standard space.

These tracts were then “skeletonised” by projecting the FA data onto the central portion of
the white matter structures, which forms an alignment invariant representation of the tract.
This “skeleton” represents the centres of all fibre bundles that are generally common to all
of the the subjects. Each subjects’ FA data was projected onto the mean FA skeleton in
such a way that each skeleton voxel took the FA value from the local centre of the nearest
relevant tract. This procedure thus essentially corrects for imperfect alignment. An example

FA skeleton is shown in Figure B.1.

After coregistration and skeletonisation, a mean FA image was calculated. A threshold of
FA>0.2 eliminated the grey matter and CSF so that the white matter regions were con-
strained to the regions of the brain that are best aligned. The aligned FA data were then fed

into a voxel-wise cross-subject statistical analysis.

TBSS of FA in Urbach-Wiethe Disease

The FA image of each subject was normalised to a 1 x 1 x 1 mm® FA template (FM-
RIB58 FA_lmm) in the Montreal Neurological Institute (MNI) space using the non-linear
registration algorithm in FSL (Andersson et al., 2007a,b).
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