Acquisition, estimation, and interpretation of
diffusion- and relaxation-based cerebral MRI
contrasts

Suryanarayana Umesh Rudrapatna

Produced by: Yale Printing & publishing services
Umesh Rudrapatna, S.
Acquisition, estimation, and interpretation of diffusion- and relaxation-based cerebral MRI contrasts.
PhD thesis Utrecht University - met een samenvatting in het Nederlands
ISBN 978-90-393-6072-9
Copyright c 2013 S. Umesh Rudrapatna. All rights reserved.

Acquisition, estimation, and interpretation of
diffusion- and relaxation-based cerebral MRI
contrasts
Acquisitie, schatting en interpretatie van contrasten in
op diffusie en relaxatie gebaseerde MR hersenbeelden
(met een samenvatting in het Nederlands)

Proefschrift
ter verkrijging van de graad van doctor aan de Universiteit Utrecht op gezag van
de rector magnificus, prof.dr. G.J. van der Zwaan, ingevolge het besluit van het
college voor promoties in het openbaar te verdedigen op
maandag 16 december 2013 des middags te 4.15 uur
door

Suryanarayana Umesh Rudrapatna
geboren op 7 maart 1978 te Bengaluru, India

Promotor:

Prof.dr.ir. M.A. Viergever

Co-promotor: Dr. R.M. Dijkhuizen

Contents
Contents
1 Introduction
1.1 Magnetic resonance imaging of the brain . . .
1.2 Quantitative cerebral contrasts . . . . . . . .
1.3 Diffusion MRI of brain structure and function
1.4 The issue of interpretation of image contrasts
1.5 Aims and scope of this thesis . . . . . . . . .

i

.
.
.
.
.

1
1
2
3
4
5

2 Impact of hemodynamic effects on diffusion-weighted fMRI signals
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7
8
10
13
20
24

3 Measurement of distinctive features of Cortical Spreading Depolarizations with different MRI contrasts
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

31
33
35
39
47

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

4 Can diffusion kurtosis imaging improve the sensitivity and specificity of detecting microstructural alterations in brain tissue
chronically after experimental stroke? Comparisons with diffusion tensor imaging and histology
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
i

57
58
60
66
77

Contents
5 Improved estimation of MR relaxation parameters using complexvalued data and separable least-squares
83
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
5.2 Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
5.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
5.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
6 General discussion

109

References

115

Summary

133

Samenvatting

137

Acknowledgements

141

List of publications

149

Curriculum vitae

151

ii

Chapter

Introduction
1.1

Magnetic resonance imaging of the brain

Magnetic resonance imaging, or MRI as commonly referred to, is one of the
youngest technological innovations to have substantially impacted modern medicine.
From the day Wilhelm Röentgen set the stage for a new epoch in what we call
today as diagnostic radiology, by capturing an X-ray image of his wife’s hand in
1895, few innovations have raised the bar in this endeavour as MRI did. With
its exquisite display of soft tissue contrast based on nothing more than water
and its biophysical properties in various tissues, coupled with its non-ionizing nature unlike Computed Tomography (CT), it has quickly been making inroads into
hospitals across the world (Blamire, 2008).
Besides its use in diagnostics, MRI is also propelling fundamental research by
elucidating structural composition of diverse biological systems in details which
were hitherto inconceivable (Duyn and Koretsky, 2011). A natural first choice for
such cutting-edge investigations has been the brain, due to its pre-eminence among
all organs. Imaging of the brain, or neuro-imaging as we know, has been a collective dream of humanity, with diverse intentions. MRI is now playing a key role in
making this a reality. A key strength of MRI which makes it ubiquitous in diverse
applications is the range of length scales this technology can glimpse into (Tsien,
2003). Unlike most other competing technologies, MRI can be adapted to image
structures ranging from tens of centimeters (as in whole body imaging) to microscopic length scales (Duyn and Koretsky, 2011). Unlike CT, where the generated
contrast is solely dependent on X-ray absorption, a property that can hardly be
influenced without intervention, the contrast produced by MRI can be made sensitive to parameters which naturally vary among different tissue types. Besides,
unlike most optical techniques, penetration depth is not an issue in MRI (Tsien,
2003). This flexibility has made MRI the first choice among radiologists to study
soft-tissue structures, an endeavour collectively called Structural imaging.
1
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While patient care was one of the obvious driving factors behind the development of neuroimaging techniques, the more esoteric aspect of being able to read
and, if possible influence the mind has been the alluring motivation for the most
part. Today, we are said to be at the cusp of realizing such a possibility (deCharms,
2008). Many disciplines associated with neuroscience, especially those related to
cognitive sciences are reporting the impact, the novel neuroimaging techniques are
having on our society (Jonides et al., 2006; Churchland, 1987; David, 2012). A
key milestone marking the start of this revolution was the advent of functional
imaging in 1991 (Bandettini, 2012). For the first time, this technique provided a
non-invasive, fast, and fairly robust reflection of changes that occur in the brain as
a result of external stimuli. It is still a growing technique, with immense potential,
waiting to be tapped in diverse fields (Hasson and Honey, 2012).

1.2

Quantitative cerebral contrasts

MRI can provide both structural and functional information. But unlike other
modalities such as CT, PET, SPECT etc., there are umpteen ways to look at
them using MRI. Its strength in being sensitive to tissue structures in multiple
ways can also turn out to be an issue of confusion or contention among users
trying to understand what it conveys. E.g., two MR parameters T1 and T2 are
usually inextricably linked in the MR signal formation process. Except for their
dependence on field strengths, these parameters are fairly tissue-specific. The
way these relaxation parameters influence signal formation can be controlled by
changing specific settings in the scan protocols. Thus, even when given two MR
images obtained with the same protocol from two different groups, there would be
no easy way to compare them without knowing how the protocol settings would
have influenced those images. However, if the groups had access to the actual T1
and T2 values of the tissues at the same field strength, a quantitative comparison
between the two images could be made.
Fundamental parameters such as T1 and T2 that allow us to compare results
across subjects, studies, protocols and scanners (at the same field strength at
least) form the cornerstone of MRI research, and are classified as quantitative MR
parameters (Tofts, 2003). Obtaining such quantitative parameters using MRI is
typically a two step process. The first phase is related to how the data needed
to obtain such quantitative parameters can be acquired (the acquisition phase),
and the second requires the know-how of extracting these parameters from the
acquired data (the estimation phase). Together, these steps constitute the quantification process. Improvements in acquisition and estimation of MR quantitative
parametric data can have a wide impact, since their use permeates diverse fields.
Thus it forms a substantial part of MRI research activity.
2
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Quantitative parameters of relevance to this thesis are relaxation parameters
T1 , T2 , T∗2 and diffusion parameters (Haacke et al., 1999). The relaxation parameters are related to the rate at which perturbed magnetization vector returns
to its equilibrium status, if left to evolve in a static magnetic field. T1 characterizes the rate at which the longitudinal component of the magnetization vector
recovers exponentially towards its thermodynamic equilibrium. T2 characterizes
the rate at which the transverse component of magnetization vector reaches zero
exponentially. T∗2 is the same as T2 , but measured under the influence of field
inhomogeneities. Among various quantitative contrasts, a group of contrasts that
has made fundamental contribution to our understanding of brain structure over
the last few years can be broadly addressed under the banner of diffusion-based
contrasts (Le Bihan and Johansen-Berg, 2012).

1.3

Diffusion MRI of brain structure and function

Unlike data obtained by other imaging modalities, or even contrasts available
within MRI, diffusion-based contrasts are unique in the sense that they represent
information from structures at length-scales far below the imaging resolution.
Diffusion-based contrasts are influenced by the random displacement of water
molecules in a given time (as a result of diffusion) and are typically sensitive to
length-scales of the order of tens of micrometers. Their representation in the
millimeters scale, as in typical MRI images, depicts the summation of all such
influences at micrometer length-scales. Currently, no other neuroimaging modality
is capable of providing what diffusion contrasts provide (Le Bihan and JohansenBerg, 2012).
One of the most successful clinical applications of diffusion-based contrasts has
been in acute stroke. It has turned out to be the most sensitive clinical imaging
modality to detect acute ischemic lesions (Chalela et al., 2007; Schellinger et al.,
2007; Sotak, 2002). Diffusion Tensor Imaging (DTI), one of the most commonly
used diffusion techniques in recent years, has shown promise in identifying white
matter diseases, in measuring white matter connectivity (Le Bihan and JohansenBerg, 2012) and in conducting studies related to development, aging and plasticity (Schaechter et al., 2006; Dijkhuizen et al., 2001, 2012; van Meer et al., 2012).
In all these cases, the unique microstructural information provided by diffusion
parameters seems to be the key ingredient to their success in comparison with
other quantitative parameters (like the ones based on relaxation) (Le Bihan and
Johansen-Berg, 2012).
Despite these successes, modeling the diffusion of water in complex structures
using DTI has one major limitation. Theoretically, the DTI model assumes that
water displacement during diffusion follows a Gaussian distribution. While this is
known to be true in case of freely diffusing water, this assumption does not hold
3
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in the presence of structures that hinder or obstruct free diffusion (Mulkern et al.,
2009). Since tissues almost always consist of such structures, several alternatives
to DTI have been proposed (Jensen et al., 2005; Lu et al., 2006), and are at various
stages of being evaluated in pre-clinical and clinical settings.
While diffusion as a contrast has mostly been associated with structural imaging, its suitability for functional MRI (fMRI) studies have also been proposed in
recent years (Darquie et al., 2001; Le Bihan et al., 2006; Mandl et al., 2008). If
verified, it could prove to be of immense value in understanding brain function,
and a better one at that in comparison with conventional fMRI. The main attraction of such a purely diffusion-based functional contrast is the possibility that it
could be more directly linked to neuronal activation (possibly through the mechanism of cell-swelling), rather than indirectly through hemodynamics, as in the
case of blood oxygen level-dependent (BOLD) fMRI. Further research is needed
in validating the existence and later, assessing the efficacy of such contrasts.

1.4

The issue of interpretation of image contrasts

While MRI can provide detailed information on cerebral structure and function,
the language in which it is put forth may require careful interpretation. E.g.,
though there is unanimity regarding the benefits of using diffusion MRI contrasts
in identifying acute stroke lesions (Chalela et al., 2007; Schellinger et al., 2007),
there is no clear consensus on what the diffusion contrast physiologically corresponds to (Le Bihan and Johansen-Berg, 2012). This crucial step of translation
becomes inevitable when designing treatment strategies. If unique causal links
cannot be established between MRI contrasts and the underlying pathophysiological processes, the whole exercise may be undermined. Similarly, if two competing
MR contrasts are to be considered as candidates to detect a certain disease or
function, understanding what each contrast denotes and how they differ in their
representations will become important. Thus, establishing structural correlates to
MRI contrasts and comparing various competing contrasts forms another major
research area in MRI.
For these reasons, there have been calls by experts for careful interpretation
of MRI contrasts (Jones and Cercignani, 2010). In particular, in the area of functional imaging, it has been often repeated that fMRI does not correspond to neuronal activation, but is an indirect indication of it through hemodynamics (blood
oxygen level dependent or BOLD). Yet, its implication on conclusions drawn by
many cognitive and psychological tests is perhaps not fully recognized (Logothetis,
2008).

4
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Aims and scope of this thesis

The principal objective of this thesis was to acquire, estimate and analyze the
benefits of some of the recently proposed functional and structural MRI diffusion
contrasts.
In Chapter 2 we report about a study conducted to verify the feasibility of a
recently proposed diffusion-weighted functional imaging method. The motivation
behind the introduction of this technique was that the contrast provided by a
heavily diffusion-weighted scan would be devoid of influences from hemodynamics,
and thus, the responses obtained under such circumstances would have cellular
origins (perhaps cell swelling). If verified, it would be a more potent representation
of neuronal activation as against the typically used BOLD fMRI signals. To verify
this, respiratory challenges were administered to rats undergoing the proposed
high b-value diffusion scan, in order to modulate their cerebral hemodynamics.
The data were analyzed to verify if the signals obtained so were indeed devoid
of hemodynamic influences as hypothesized. Additionally, possible alternative
interpretations for the earlier reported findings were explored.
In Chapter 3, we propose two new ways of using MRI to visualize spreading depolarizations, a pathophysiological condition implicated, for instance, in
acute ischemic stroke, in migraine with aura, and in delayed cerebral ischemia
after subarachnoid hemorrhage. This study involved development of a multi-spin
echo diffusion-weighted sequence, along with the associated processing routines, to
enable a fast update of the quantitative parameters, ADC (apparent diffusion coefficient) and T2 , during spreading depolarizations. Besides, a semi-quantitative
technique based on balanced-SSFP (steady state free precession), which is increasingly being applied in fMRI studies, was also developed and used to visualize
spreading depolarizations. These were compared to a gradient-echo-based functional scan, typically used for this purpose, in experiments that induced spreading
depolarizations in rats using cortical application of KCl. The developments proposed in this chapter provide a means to acquire spatio- temporally co-localized
information regarding cellular and hemodynamic changes accompanying spreading depolarizations. While separate studies to assess hemodynamics and cellular
changes are commonly reported, the feasibility of being able to obtain them simultaneously had not been explored before.
The aim of the work described in Chapter 4 was to test the benefits of the
recently proposed diffusion kurtosis imaging (DKI) contrasts in comparison with
those obtained using the well established technique of diffusion tensor imaging
(DTI), in the context of detecting structural tissue changes at a chronic time
point after experimental stroke. A region-of-interest analysis and a data-driven
machine-learning-based approach were used to identify if DKI contrasts provided
unique information or whether they had improved sensitivity in comparison with
5
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DTI contrasts in assessing tissue restructuring. The study also attempted to trace
the histopathological causes behind the expression of various diffusion contrasts
using quantitative analyses of numerous immunohistochemical stainings.
In Chapter 5 we report about the advantages of using complex-valued data
in estimating commonly used quantitative imaging contrasts, namely, T1 , T2 and
T∗2 . We compare the benefits of this approach as against using magnitude MR
data, as done in practice. The benefits this technique offers may also be used in
estimating other parametric-mapping procedures such as diffusion imaging.

6
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Impact of hemodynamic effects
on diffusion-weighted fMRI
signals

Adapted from:
Umesh S Rudrapatna, Annette van der Toorn, Maurits P A van Meer
and Rick M Dijkhuizen
Biomedical MR Imaging and Spectroscopy Group, Image Sciences Institute, University Medical Center Utrecht, Heidelberglaan 100, 3584
CX Utrecht, The Netherlands.
NeuroImage, 61:106114, 2012
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Chapter 2. Diffusion-weighted fMRI

Abstract
In some recent studies, diffusion-weighted functional MRI has been proposed to
provide contrast immune to vascular changes. Increases in relative signal change
during neuronal activation observed under increasing diffusion-weighting supports
the possible diffusion-based origin of this contrast. A recent diffusion tensor imaging (DTI) study has also reported the use of Fractional Anisotropy (FA) to track
activation in white matter. In this study, we aimed to establish if relatively high
diffusion-weighting (b=1200 and 1800 s/mm2 ) eliminates the strong vascular influences brought about by 100%O2 and carbogen (95%O2 +5% CO2 ) induced vascular challenges in grey matter (GM) and white matter (WM) of rat brain. We
also aimed to characterize the influences of these vascular changes on FA, both in
GM and WM. Our study endorses previous reports that even relatively heavily
diffusion-weighted data can be significantly influenced by hemodynamic changes.
However, this was not only observed in GM, but also in WM. Moreover, our study
demonstrates that the estimator used to calculate the relative changes should be
carefully chosen in order to avoid biases at low signal-to-noise ratios (SNRs) which
accompany increasing diffusion-weighting. With the use of robust estimators, we
found no increases in relative change with increasing b-value during both vascular
challenges. Our data also demonstrate that FA can be significantly influenced
by hemodynamics, both in GM and WM. The observed influence of diffusionweighting direction on relative signal change in GM was shown to be associated
with structural differences among various regions. If diffusion-based functional
contrasts immune to hemodynamics do exist, our results highlight the difficulty
in discerning those diffusion changes from accompanying vascular changes.

2.1

Introduction

Functional MRI (fMRI) has revolutionized neuroimaging by providing unprecedented opportunities for non-invasive assessment of brain function. This has empowered a growing list of neuroscience studies, which hitherto seemed implausible.
While the high sensitivity of fMRI techniques based on blood oxygenation leveldependent (BOLD), cerebral blood flow (CBF) or cerebral blood volume (CBV)
signals has been a key to this success, the fact that fMRI relies on metabolically driven hemodynamic responses which are only indirectly related to neuronal
activity (Logothetis, 2003), generally results in limited spatial and temporal specificity. Though there have been reports of achievable sub-millimeter scale spatial
specificity (Kim et al., 2000; Duong et al., 2001) and means to work-around the
low temporal resolution of these signals (Menon and Kim, 1999), development of
methodologies to improve on these aspects are ongoing research topics. One of

8
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the recurring themes in this regard has been the use of diffusion-weighted BOLD
fMRI (DW fMRI) scans.
To begin with, fMRI studies with diffusion-weighted scans were mostly performed to assess the composition of BOLD signals and the implications of changing various factors influencing it (Boxerman et al., 1995; Song et al., 1996; Zhong
et al., 1998; Lee et al., 1999; Duong et al., 2003). It was observed that at 1.5T, a
significant portion of BOLD signal arises from protons within the vascular space
or cerebro-spinal fluid (CSF) (Song et al., 1996). However, what is of relevance to
studies on brain function is mostly the contributions from capillary beds, as these
co-localize best with the site of neuronal activity (Menon et al., 1995).
DW fMRI techniques could be used to suppress most of the intravascular contributions from large vascular structures, and thus improve the spatial specificity,
in particular, with spin echo acquisitions at high field strengths (Lee et al., 2002;
Duong et al., 2003). Furthermore, the observation that apparent diffusion coefficients (ADC) of the extravascular tissue are dependent on the intravascular
susceptibility (Zhong et al., 1991; Does et al., 1999) hinted at the possibility of
using ADC changes to measure hemodynamic activation responses. Because of
the sensitivity of ADC to flow changes, it has been argued that ADC would be
sensitive to small arterial networks and capillaries, since turbulent flows mostly
occurs in the arteries and not in veins (Song et al., 2002). With this idea, the
use of ADC changes was suggested as complementary to BOLD changes (Song
et al., 2002; Song and Li, 2003; Song et al., 2003). The authors showed that overlapping BOLD and ADC activation regions would correspond to capillary and
venule components and thus would be more specific to neuronal activation. Besides, the observation that ADC changes preceded BOLD signal changes by about
1s (Gangstead and Song, 2002; Harshbarger and Song, 2004) gave further credence
to the idea that the combined contrast improved the detection of stimulus induced
changes around small arterial and capillary networks.
While the above mentioned studies on ADC changes were performed at low
diffusion-weighting (b-value < 250s/mm2 ), another study performed at higher bvalues (≈ 200, 1400s/mm2 ) reported functional ADC decreases that could have
resulted from transient cortical cell swelling and not from vascular effects (Darquie et al., 2001). This would be more directly associated to neuronal activation
and was a marked departure from the widely held views about possible sources for
signal changes, opening up new vistas in search of contrasts not based on hemodynamic responses. In other studies, novel temporal signatures were observed using
DW fMRI, further strengthening the possible non-hemodynamic origins of those
changes (Le Bihan et al., 2006; Le Bihan, 2007). A recent diffusion tensor imaging (DTI) study has reported the possibility of using Fractional Anisotropy (FA)
changes for the detection of neuronal activation in white matter (Mandl et al.,
2008). This fDTI study not just emphasized the possible existence of a contrast
9
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based purely on cellular changes, but also extended functional studies to white
matter, which has been rarely reported in BOLD fMRI studies.
While understanding the origins of the proposed diffusion-based contrasts is
still a work in progress, an issue that has persistently dogged these contrasts is the
question as to how immune these are, to accompanying vascular effects. Experiments showed that in studies focusing on grey matter, it would be hard to separate
vascular and cellular changes, even at high b-values (Miller et al., 2007; Goerke
and Moller, 2007; Yacoub et al., 2008; Jin and Kim, 2008), with most studies asserting that the likely cause of ADC changes is vascular in nature. However, there
are still some observations from these studies which cannot be easily explained
by assigning vascular origins to these changes. E.g., the observed increasing percent signal change in diffusion-weighted scans with increasing b-values (Le Bihan
et al., 2006; Miller et al., 2007), or the differing temporal characteristics of the
observed ADC (or mean diffusivity (MD)) changes (Le Bihan et al., 2006). Also,
there is little known as to how diffusion-based parameters like FA would work as
functional contrasts or about their possible extensions to studies on white matter
activation.
This study revisits some of these issues and tries to elucidate the possible
interactions between vascular changes and DW fMRI and fDTI signals, both in
grey and white matter. Specifically, we investigated a) If voxel intensities in grey
and white matter are affected by vascular (CBF and or CBV) changes during
DW fMRI scans, and b) To what extent diffusion parameters MD and FA are
affected by vascular changes. Besides these, we also address possible issues in
estimating the changes that may be present. Therefore, an MRI experiment using
relatively high b-values and six non-collinear DW directions was performed in
rats undergoing respiratory transitions from air to oxygen to carbogen (5%CO2 +
95%O2 ), which induces strong vascular responses (Lu et al., 2009; Moonen and
Bandettini, 2000).

2.2

Methods

Animal Preparation
Twelve vascular challenge sessions were performed, 3 each on 4 healthy, adult
male Sprague-Dawley rats (Charles River, weighing 300-350g), with approval from
Utrecht University Ethical Committee on Animal Experiments. All experiments
were performed in accordance with the guidelines of the European Communities
Council Directive. Rats were anesthetized with 4% isoflurane for endotracheal
intubation, followed by mechanical ventilation with 2.0% isoflurane in air/O2 (2:1)
mixture. During the scans, anesthesia was maintained at 1.5% isoflurane and body
temperature was maintained at 37o C using a temperature controlled warm water
10
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bed. Blood oxygenation and end tidal CO2 were continuously monitored. The
mechanical ventilator was set to normal operating pressure and volume.

Vascular challenges
In each vascular challenge session, the respiratory setting was changed in the
format air → 100% O2 → carbogen → air respectively, in that order. Each respiratory condition persisted for about 11min, thereby making each session 44min
long. Every session was separated from the ensuing one by a gap of 20min.

Imaging protocol
MRI scans were performed on a 4.7T/40 cm (Oxford, UK) magnet equipped with a
Varian console (Varian Inc., Palo Alto, CA, USA). A custom-built (2.5 cm diameter) surface coil was used for reception, while a Helmholtz volume coil was used for
RF transmission. During different respiratory conditions, DTI data were acquired
using a 2d multi-slice, single shot spin-echo, echo planar imaging (EPI) sequence.
To minimize echo time and thereby maximize signal-to-noise ratio (SNR), a sinusoidal readout gradient was used for EPI, while the phase encoding was performed
using blips, as in regular EPI. Diffusion-weighting was performed along 6 electrostatic point-set directions, with two unweighted (b=0) scans placed at the beginning and in the middle of the diffusion-weighted sets. These 8 sets were acquired
repeatedly with two different diffusion-weighting gradient strengths corresponding
to b-values of 1200 s/mm2 and 1800 s/mm2 . Diffusion-weighting gradients were
arrayed with alternating polarity for later use in minimizing cross-term contamination (Jara and Wehrli, 1994).
36 DTI cycles were acquired during each respiratory window. The scan parameters were: repetition time (TR): 2.25s, echo time (TE): 33ms, field-of-view
(FOV): 32x32x12mm, axial planning, k-matrix: 64x64x24 (isotropic 500µm resolution), Averages: 1, δ: 3.13ms, ∆: 16.2ms, diffusion gradient strengths: 0.64 and
0.52 T/m (for b=1800 and 1200 s/mm2 ), half sine shaped lobes. In total, 1152
2d multi-slice DW datasets were obtained during each scan. The reconstruction
of the non-Cartesian scans was performed by means of Fast Gaussian gridding in
the readout direction, followed by Fourier transformation in the phase encoding
direction.

Inclusion criterion
The 12 vascular challenge datasets were carefully examined for motion and timing of the onset of various respiratory conditions. Based on prior knowledge that
carbogen challenge would lead to increased signal across nearly all parts of the

11
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brain (Lu et al., 2009; Moonen and Bandettini, 2000), the onset of various respiratory conditions was determined by plotting the signal changes of the non
diffusion-weighted datasets (supplementary data, Fig. 2.7). From the 12 sets, 8
sets which simultaneously had at least nearly 8 min overlapping stable respiratory
conditions, as perceived from the non-diffusion-weighted datasets were chosen.
The remaining 4 datasets had to be discarded because of mistimed transitions
or unstable respiratory conditions. Careful visual inspection showed that no motion correction had to be performed on these datasets. This was also verified by
looking at the transformation matrices obtained from a motion correction routine
(mcflirt, Jenkinson et al. (2002)). Only the first 3 stages of the respiratory transitions; air, O2 and carbogen were used for analysis, since the final transition from
carbogen to air showed varying recovery between the datasets. However, the gap
of 20 min between the sessions was sufficient to elicit a fresh response from an
ensuing vascular challenge.

Data Preparation
For each session, a brain mask was generated from the mean non-diffusion-weighted
dataset. The voxels belonging to CSF were delineated by thresholding the MD
obtained from the mean diffusion-weighted dataset, and were masked out from
further analysis. WM and GM masks were prepared for each session by thresholding FA maps calculated from the average diffusion tensor dataset. Voxels with
FA>0.6 were grouped as WM and voxels with FA<0.25 were grouped as GM. The
masks were visually inspected and refined to minimize incorrect inclusions. Voxels
on the brain-skull boundary and in the cerebellum were discarded. The overlapping, stable periods of equal duration in each respiratory condition were carefully
chosen. To minimize effects of cross diffusion terms, the geometric means of the
positive and negative diffusion-weighted scans (with the same diffusion-weighting
magnitude) were used for all analysis. The average unique DTI dataset belonging
to the stable periods under each respiratory condition (lasting about 8min) were
obtained.

Analysis and Statistics
The data were analyzed to assess the effect of respiratory transitions on raw signal intensities. Repeated measures ANOVA was performed on normalized (with
respect to air) b=0 dataset and repeated measures MANOVA was performed on
diffusion-weighted datasets to test the influence of various factors (b-value, direction, respiration condition) on these changes. Also, paired t-tests were performed
on un-normalized mean data for the two respiratory transitions, namely air-oxygen
and oxygen-carbogen. The influence of b-values on these changes were analyzed by
quantifying the percent signal change using voxelwise, global and ratio estimation
12
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procedures. The ratio estimation procedure was specifically used to address the
tricky issue of confidence limits in the estimated relative signal changes (Franz,
2007). It was based on the general linear model framework, with the confidence
intervals estimated by Fieller’s method (Dilba et al., 2006). The efficacy of various
procedures was studied using simulations and the most suitable procedure for the
purpose was identified and used. To assess the influence of vascular challenges on
the DTI parameters, average unique DTI datasets from stable periods of each respiration condition were obtained and percent parameter changes were estimated
with two combinations of diffusion-weighted datasets. The above mentioned tests
were performed both in GM and WM. We also analyzed the directional dependence
of diffusion-weighted GM data changes. For this, cluster analysis and independent component analysis (ICA) were performed on co-registered and normalized
diffusion-weighted time series.

2.3

Results

Effect of vascular challenge on signal intensities
The first analysis performed was to measure the effect of vascular challenge on
the signal intensities in raw data. For this, a statistics table with factors tissue
type (GM or WM), respiration setting (air, oxygen or carbogen), b-value (0, 1200
and 1800 s/mm2 ) and six diffusion-weighting directions was prepared. Each entry
contained the mean intensity of all voxels of a particular tissue type under the
corresponding conditions. Since the main interest was in the relative influence of
hemodynamic changes, these values were normalized by the mean of all sessions
under the same conditions during air respiration.
Box plots of this normalized data are given in Fig. 2.1. Data from both
diffusion-weighted datasets have been merged since the patterns were similar. The
raw signal intensity increased from air to carbogen under all circumstances. As
expected, it was verified that it was a global effect, since 86% of GM and 80%
of WM voxels showed an increase in signal intensity from air to carbogen. Thus,
we retained all the voxels of the two tissue types for further analysis, without
demarcating specific regions of interest.
Significance scores from repeated measures ANOVA (on b=0 dataset) and repeated measures MANOVA (on diffusion-weighted datasets) revealed that for grey
and white matter, p < 0.001 for factor respiration condition, in both diffusionweighted and non-weighted data, which emphasizes the significant impact of vascular changes even on heavily diffusion-weighted data. Also, results from paired
t-tests for the two respiratory transitions (air-oxygen and oxygen-carbogen) performed on un-normalized mean data, summarized in Table. 2.1, endorse this observation. Besides, the only other factor (among main terms) which showed significant influence was direction (p=0.015) in grey matter diffusion-weighted data,
13
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Figure 2.1: Normalized signal intensities in GM and WM under various respiratory conditions with different diffusion-weighting directions (b-values have been
merged). b0 refers to non diffusion-weighted data. For GM and WM, p < 0.001
for factor respiration condition, in both diffusion-weighted and non-weighted data.
For factor direction, p=0.015 for diffusion-weighted GM data.

Transition
b=0
b=1200
b=1800

Grey matter
Air-Oxygen Oxygen-Carbogen
0.002
8.1e-06
0.020
5.3e-11
0.308
1.3e-05

White matter
Air-Oxygen Oxygen-Carbogen
4.3e-05
2.6e-07
4.4e-06
1.1e-08
0.477
1.4e-04

Table 2.1: p-values from paired t-tests for Air-Oxygen and Oxygen-Carbogen
transitions under different b-values (s/mm2 ) obtained from average intensities
(un-normalized). Insignificant (p > 0.05) changes are highlighted in bold.

thus suggesting that, in grey matter, the responses differed based on diffusionweighting directions.
Effect of b-value on percent signal change
To measure to what extent the above signal intensities were affected by diffusionweighting, we calculated the percent signal changes in two different ways: voxelwise, in which we averaged the voxel-wise percent signal change, and globally, in
14
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Figure 2.2: Effect of b-value (0, 1200 and 1800 s/mm2 ) on percent signal change
during respiratory transitions (Air-Oxygen and Oxygen-Carbogen) calculated by
a voxelwise and global method.

which the percent signal change was calculated from global mean of the voxel intensities. Details pertaining to these methods are in Appendix. The two methods
were used to calculate percent signal change for both the air-oxygen and oxygencarbogen transitions. Fig. 2.2 shows the results from this analysis.
The two methods showed different trends from the same data. The voxelwise
method always gave higher estimates as compared to the global method, and
the differences between the two estimates grew with increasing b-value. This
is particularly evident for the oxygen-carbogen transition, where the calculated
percent signal change between b=0 and b=1800 s/mm2 was significant in both GM
and WM (p<0.05) for the voxelwise method, but not for the global method. These
observations could also be made when different diffusion-weighting directions were
plotted separately (supplementary data, Fig. 2.8).
Since the observed differences between the two analysis methods increased
with b-values and more so in the case of WM, we suspected the varying SNR
between the different b-values to be one of the possible reasons for the anomaly.
Simulations were performed to test this hypothesis (Appendix). It turned out
that with decreasing SNR, the voxelwise method became biased, while the global
method was relatively robust. The fact that the bias of the voxelwise method
15
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at low SNR cannot be remedied by averaging the estimates over a large number of voxels plays against it, despite the fact that it can give information about
the variations in voxel-wise percent signal change, which the global method can
not. This result has to be seen in light of the fact that the percent signal change
calculations involve division of noisy values (random numbers) and thus require
careful interpretation (Miller, 1986; Franz, 2007). In particular, the confidence
limits in these measurements are not easy to obtain. These problems have been
addressed by Dilba et al. (2006) and a tool is available for such analysis (Dilba
et al., 2011; Schaarschmidt and Gerhard, 2009).This tool was used in our simulations to obtain confidence limits and estimates, along with the methods mentioned
previously. The results from this analysis are provided in Appendix. The ratio
test based on general linear model was found to be the most robust among the
methods that were tested. Henceforth we refer to this simply as ‘ratio test’.
Fig. 2.3 shows the ratio estimates and the 95% confidence intervals for signal intensity changes, obtained from the ratio test. The analysis was performed
with voxel-wise raw data intensities from all sessions input simultaneously (under
similar respiratory and diffusion-weighting conditions), yielding a single ratio estimate and its confidence interval. The ratio estimation tool also gave significance
(p-values) of the ratio in comparison to 1. This could also be used to decide if
a particular transition in respiration induced at a particular b-value significantly
influenced intensity changes in data. These results agreed well with Table. 2.1.
The pattern of results resembled the ones we obtained from the global method.
As found earlier, the air-oxygen transition led to smaller percent signal changes
compared to the oxygen-carbogen transition. No significant difference could be
discerned in percent signal change among the different diffusion-weighted datasets,
since the confidence intervals overlapped significantly.
A retrospective analysis of SNR in our datasets revealed that typical voxelwise
SNR (defined in Appendix) in our b=0 acquisitions was about 40-15, depending
on the distance from the surface coil, and declined to 18-7 at b=1200s/mm2 (assuming MD=0.65×10−3 mm2 /s) and to 12.5-4.5 at b=1800s/mm2 . By averaging
all datasets of similar b-value in any respiratory window (assuming that diffusionweighting was performed only in one direction), theoretically, we would obtain at
most an SNR of 290-109 for b=0, 160-62 for b=1200 and 110-40 for b=1800s/mm2
per voxel. The true SNR would be even lower since we performed cross-term suppression and we averaged magnitude images. Besides, averaging over directions
would happen only after estimating the percent signal change for the voxelwise
method. We had about 3000 GM voxels and 350 WM voxels, respectively, per
subject, for the analysis reported in Fig. 2.2. From simulation results, it seems
highly probable that the low aggregate SNR at high b-values, especially in the
WM (due to fewer voxels and inherently low SNR) could have led to the observed
increases in percent signal when estimated with the voxelwise method. In fact, the
16
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Figure 2.3: Ratio estimates and 95% confidence intervals obtained during AirOxygen and Oxygen-Carbogen transitions at different b-values (s/mm2 ), using
ratio test. :Grey matter, N:White matter

contributions to the observed percent signal increases could have been dominated
by voxels with low SNR compared to those with high SNR.

Effect of vascular challenge on DTI Parameters
Having analyzed the signal intensity variations, we proceeded to analyze if diffusion parameters, in particular, FA are immune to the induced vascular changes.
FA, MD and the underlying T2 -weighted signal S0 , during the vascular challenge
were calculated in two ways, by using combinations of b=0,1200,1800 s/mm2
datasets (Set 1) and b=1200,1800 s/mm2 datasets (Set 2).
The percent signal change in diffusion parameters estimated using the ratio
method for these two sets during the air-oxygen and oxygen-carbogen transitions
are shown in Fig. 2.4. The ratio estimates showed a common trend in both tissue types and across respiratory conditions, suggesting that they had come from
similar sources in each case. We verified that the observed percent signal changes
in S0 and MD could be explained by using the percent signal changes of raw data
(Fig. 2.2) without need to take a recourse to diffusion tensor changes, but by only
assuming changes in underlying T2 -weighted signal.
Table. 2.2 summarizes the impact of the hemodynamic changes induced by
the respiratory transitions on the measured DTI parameters. We found that the
vascular challenge had a significant impact on several DTI parameters during the
two respiratory transitions in both the datasets.

17
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Figure 2.4: DTI parameter ratio estimates and 95% confidence intervals during the
two respiratory transitions, calculated from Set1:0,1200,1800 and Set2:1200,1800
s/mm2 .
:Grey matter, N:White matter. AO: Air-Oxygen and OC: OxygenCarbogen transition.

Transition
FA
MD
S0

Set 1
Grey matter White matter
AO
OC
AO
OC
0
0.445
0
0.227
0
0.617
0
1.0
0.006
0
0.030 0.005

Set 2
Grey matter White matter
AO
OC
AO
OC
0
0
0
0.062
0
0
0
0.990
0
0
0
0.020

Table 2.2: p-values from ratio tests on DTI parameter changes for Air-Oxygen
(AO) and Oxygen-Carbogen (OC) transitions in two different dataset combinations. To accompany Fig. 2.4. Insignificant (p > 0.05) changes are highlighted in
bold.
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Directional dependence of diffusion data changes
It has been reported that the regions of grey matter activation in diffusionweighted datasets depend on the direction of diffusion-weighting (Miller et al.,
2007). Since the data we acquired had diffusion-weighting in six directions and
since a carbogen challenge induces a global effect, we could perform cluster analysis on the temporal waveforms of GM voxels to see if directional preferences
existed.
For this, data from different sessions were co-registered and the time series
(across various respiratory conditions) of GM voxels were normalized voxelwise by
the mean b=0 intensity during air respiration. Only diffusion-weighted datasets
were used for clustering. Cluster analysis (Karypis, 2006) was performed with
varying number of classes (2-8). Thus, we had 8 cluster class assignments for
the same voxel (in the co-registered space). This result was converted to a HSV
representation (Hue, Saturation Value), where the cluster class was represented
by its hue, the specificity (in terms of unique classes a voxel was assigned to from
among the n classes) was mapped to saturation and value was assigned based on
the maximum repetitions of a class among the 8 sessions.
Representative results from six slices for the case with 4 cluster classes are
shown in Fig. 2.5. We observed strong directional preferences in the diffusionweighted datasets, especially in cortical regions. The cluster boundaries seemed
to run anterior to posterior and were distributed radially over the cortex. The pattern remained similar even when the number of clusters were varied. To validate
the clustering results, we performed independent component analysis (Beckmann
and Smith, 2004). This analysis again revealed that the first few components,
which are the most significant ones, agreed well with the clustering results (supplementary data, Figs. 2.9, shows the results for the first component). Despite
the fact that there could have been minor differences in the positioning of the rats
with respect to the gradient directions, we see that both techniques pick up the
regions within the two hemispheres separately.
In order to test whether differences in baseline signal, i.e. from variations in
brain structure, or differences in hemodynamic responses were the main cause for
the clustering results, we obtained scatter plots of the principal eigenvectors from
various clusters under air respiration. Supplementary data, Fig. 2.10 shows the
equirectangular projections of the eigenvectors belonging to the four classes. The
principal eigenvectors from each class clustered well, indicating that the structure
of voxels belonging to each class was similar. Since the eigenvectors could have
either a positive or a negative sign, we note that clusters separated by π c in θ
would essentially constitute a single cluster. In order to test if the eigenvectors
changed significantly during the various respiratory conditions, we split the data
and obtained eigenvectors from each of these respiratory windows. We found no
systematic differences in principal eigenvectors. It was found that nearly 75 of the
19

Chapter 2. Diffusion-weighted fMRI

Figure 2.5: Representative results from cluster analysis (4 classes) performed on
temporal evolution of diffusion-weighted signal from GM voxels during different
respiratory conditions (overlaid on a T1 rat brain template). Different hues represent different classes. Saturation reflects the confidence in classification.

voxels had an angular difference of less than 20o under all cluster classes during
both respiratory transitions. To test if the eigenvectors had a smaller dispersion
within each respiratory window, we split data in each respiratory window into
two halves and calculated the angular difference between principal eigenvectors
obtained from these two sets. We found very similar trends, as in the case of
comparison across respiratory conditions. These results were also verified for the
voxels which formed part of the ICA clusters.
Our data thus hints that the main reason for the observed clusters could have
been their structural differences.

2.4

Discussion

Experiment Design
The practice of modulating inspired CO2 levels to induce vasodilation through hypercapnia is well established and is widely used for studying cerebral hemodynamics and vascular reserve capacity (Moonen and Bandettini, 2000; Lu et al., 2009),
in assessing composition of BOLD signals (Zhong et al., 1998) and in addressing
key issues related to DW fMRI (Miller et al., 2007). An important assumption
in these studies, including the present one, has been that such respiratory challenges do not induce neuronal activation or cell swelling, but only impart CBF
and CBV changes if the subjects are exposed for short intervals (Miller et al.,
2007; Lu et al., 2009). Our study involved transitions from air with 33% oxygen, to 100% oxygen, to 5% CO2 in 95% oxygen. While neuronal changes have
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been observed in response to hyperoxia (Mulkey et al., 2003), these have been
reported under hyperbaric conditions and in brainstem, which was not included
in our analysis. In the current study, the duration of exposure to high oxygen
levels was longer than in previous study by Lu et al. (2009), but comparable to
those used by Zhong et al. (1998). Since routine therapeutic hyperbaric oxygen
treatments can last from 45min to a few hours (Tibbles and Edelsberg, 1996), we
assume that no adverse cellular changes occur during the 11min exposure given
in our experiments.
There have been varied reports on the effect of hypercapnia on neuronal activity (Yablonskiy, 2011), with the latest studies mostly reporting slightly decreased
neuronal activity in the cortical regions (Jain et al., 2011; Xu et al., 2011; Zappe
et al., 2008; Thesen et al., 2011). Thus, since we observed only increases in signals
from oxygen to carbogen with or without diffusion-weighting, it is highly unlikely
that these changes had a neuronal origin. In line with Miller et al. (2007), we believe that significant increase in cellular volume as a result of disturbed ion homeostastis is also an unlikely cause of our observations. Cell swelling may develop
in response to severe acidosis (pH<6.8) (Staub et al., 1990), but such conditions
are improbable in response to mild hypercapnia (Kettunen et al., 2002). Thus
we do not expect CO2 induced acidosis to have resulted in cell swelling in our
experiments. Moreover, the near similar responses which were obtained in our
experiments from ensuing challenges induced after a gap of 20min seem to suggest
that no noticeable cellular changes had occurred between acquisition of different
sets. Similar observations have been reported in Lu et al. (2009), with a gap of
5min.
We also note that while vascular changes induced by controlled respiratory
settings can aid the understanding of composition of fMRI signals, they are not
equivalent to BOLD signals per se, since they lack associated neuronal signaling.

Effect of vascular challenge on signal intensities
Cerebrovascular responses to hyperoxia and hypercapnia in rats have been studied using MRI (Lu et al., 2009). Though our observation that both hyperoxia
and carbogen result in increased signal responses agrees with Lu et al. (2009), the
magnitude of reported changes differ at b=0. An important reason for the higher
percent signal changes observed during carbogen challenge in our data could have
been that while Lu et al. (2009) used 5% CO2 in air for hypercapnia, we used
5% CO2 in O2 . Besides, we report results from oxygen-carbogen transition, which
could have a more drastic vasodilatory effect, as compared to air-carbogen transition. However, factors like sequence parameters and anesthesia levels could also
be behind the observed discrepancies. In our analyses, we have used all voxels of a
tissue type together, since we were interested in average trends. However, from Lu
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et al. (2009), it is known that there could be anatomical differences in responses to
respiratory challenges. None the less, since the differences were only in magnitude
of the responses and not in the sense of change (positive or negative), our results
should reflect average responses. We resorted to this approach due to paucity
of SNR in diffusion-weighted datasets. However, our clustering results do seem
to comply with the observed anatomically dependent responses and perhaps the
significant (p=0.015) influence of diffusion-weighting direction (Fig. 2.1) is also a
manifestation of this phenomenon.
While the observed significant influences of hemodynamic changes on GM
(Fig. 2.3) agreed with previous reports (Miller et al., 2007; Jin and Kim, 2008;
Yacoub et al., 2008; Jin et al., 2006; Kershaw et al., 2009; Goerke and Moller,
2007), we also noted significant influences of these changes in WM. Though partial
voluming could have been a probable cause for our observations, given that rat
WM structures are only few voxels thick at the resolution we could achieve (0.5mm
isotropic), the fact that these changes occurred in voxels exhibiting high directional
anisotropy (FA>0.6) seems to play down this factor. Thus, if neuro-vascular
coupling does extend to WM, then our results do point to the feasibility of BOLD
fMRI studies even in WM (Gawryluk et al., 2009; Mazerolle et al., 2010; Gawryluk
et al., 2011).
Though understanding the origins of diffusion-weighted signal changes was not
the main purpose of this article, from our observations, we may be able to speculate on the possibilities. The decreasing percent signal change that we observed
with increasing b-values during the air-oxygen transition (Fig. 2.3) is in agreement with Zhong et al. (1998). However, the interpretation of signal changes at
the air-oxygen transition is difficult due to the fact that there have been conflicting
data on the status of perfusion during hyperoxia as reported in Lu et al. (2009).
In Lu et al. (2009), the positive signal change during hyperoxia was attributed to
increased oxyhemoglobin, which would cause a dominating T2 prolongation effect.
Besides, it has also been shown that associated significant T1 shortening results
from dissolved oxygen in blood (Uematsu et al., 2007), which would further increase the signals. In this context, since diffusion-weighting would not influence
the T2 and T1 effects, the reduced percent signal change at high-b values in our
data would only be consistent with decreasing intravascular contributions. As
the b-value gets higher, contribution due to flowing spins in the microvasculature
would be reduced and thus lead to decreased percent signal change. In fact, our
data suggest that relaxation related effects could even be countered at high bvalues because of the reduced flow. Though it has been typically assumed that
at b-values exceeding 600s/mm2 the intravascular signal is nearly completely removed, studies have suggested that residual intravascular signals may exist even at
high b-values (Duong and Kim, 2000), and more so in microvasculature. Our data
endorses this possibility. However, the relatively higher percent signal change during oxygen-carbogen transition compared to air-oxygen transition hint that the
22

2.4. Discussion
relaxation related effects would dominate, since there is negligible reduction in
percent signal change with increasing b-values.
Since we acquired data with multiple diffusion-weighting directions, the resulting temporal resolution was too low to characterize the temporal properties of the
signal changes brought about by the vascular changes.

Effect of b-value on percent signal change
It has been reported that the percent signal change in diffusion-weighted data during a stimulus (Le Bihan et al., 2006) or a carbogen challenge (Miller et al., 2007)
increases with increasing b-value (Le Bihan et al., 2006; Miller et al., 2007). This
observation has elicited several hypotheses. It has been suggested that this could
be a result of exchange between two tissue compartments with differing diffusion
coefficients (Le Bihan et al., 2006) or alternatively, between two compartments
with fixed volume having different diffusion coefficients and T2 values (Kershaw
et al., 2007). It has also been suggested that the DW fMRI signal at high bvalues may depend on the direction of diffusion-weighting (Miller et al., 2007).
Also, there is no consensus on whether one observes only increases, with other
groups (Duong et al., 2003; Boxerman et al., 1995) reporting an opposite effect
while others have reported mixed results (Jin et al., 2006; Yacoub et al., 2008; Jin
and Kim, 2008) or no change (Lee et al., 1999). However, the contexts in which
these data were reported and the range of b-values used were highly varied. None
the less, since the proposed hypotheses and conclusions in all these cases depends
on the estimated percent signal change, it is important to quantify it accurately.
Our results emphasize the importance of using robust estimators of this parameter
in light of decreasing SNR with increasing b-value.

Effect of vascular challenge on DTI Parameters
We found that hemodynamic changes do show significant influence on both GM
and WM DTI parameters, including FA, even when only the diffusion-weighted
datasets were used. This hints at the difficulties in using these parameters as functional contrasts immune to vascular changes. However, another limitation to the
use of tensor based parameter like FA as functional contrast, even if the underlying
T2 -weighted signal S0 remains constant is, that its definition is inherently based
on stationarity assumptions on the diffusion process under study, relative to the
time scales of acquisition. If this assumption is violated, tensor based parameters
like FA would be devoid of their usual meaning. Simulations confirmed systematic
biases in estimated FA values when signal intensity increases or decreases in one
of the directions, with or without diffusion-weighting. Besides, if non diffusionweighted data is used for estimating FA, and if transient changes in S0 occur due
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to vascular changes, as in the case of data we obtained, there would be no easy
way to separate diffusion related changes from hemodynamic responses.

Directional dependence of diffusion data changes
Discerning if vascular changes did contribute to the clustering results of Fig. 2.5 is
difficult due to the fact that, in rat brains, arterioles and venules have orientations
similar to those of axonal projections within GM. Moreover, since the data were
normalized with respect to the b=0 condition, and not with respect to a reference
respiratory condition (air), the structural information persists in the data. When
the voxelwise diffusion-weighted time series were normalized with respect to the
average signal intensity under air, in each direction separately, no specific clusters
were formed. This further supports the possibility that the underlying structure
played a dominant role in clustering, as compared to differences in responses.

2.5

Conclusions

Our data strongly points to the possibility of relatively heavily diffusion-weighted
functional signals being prone to contamination from vascular sources. Besides
agreeing with previous studies that focused on grey matter, the results also revealed that significant influence of hemodynamic changes may exist in white matter. This seemingly pervasive vascular influence also manifested as significant DTI
parameter changes, both in grey and white matter. However, the DTI parameter changes could be explained to a large extent by assuming T2 -weighted signal
variations alone, without a recourse to changes in diffusion tensor. If a diffusion
related functional response does indeed occur, we noted the difficulties in using
a tensor based parameter like FA as a functional contrast, due to the underlying
stationarity assumptions the acquisition must satisfy with respect to the diffusion related change being measured. In contrast to studies from Le Bihan et al.
(2006) and Miller et al. (2007), we observed no increase in percent signal change
of diffusion-weighted responses with increases in the level of diffusion-weighting.
We showed that apparent increases in relative signal change with increasing bvalue can result from using estimators that become biased with decreasing SNR.
While the above observations do not rule out the possible existence of purely
diffusion-based contrasts immune to vascular effects, they highlight the difficulties
in disentangling those from accompanying hemodynamic responses.

Appendix
To test the effect of SNR on the estimated relative signal change, we performed
simulations of 104 voxels undergoing a 3% signal change (from X to Y=1.03*X).
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The SNR was varied by dividing the signal (X=1.0) by a linearly increasing value
from 1 to 150, before adding complex white Gaussian noise (fixed σ = 0.001), to
simulate Rician noise characteristics. Magnitude data was used for signal change
calculations. Thus, SNR per voxel (defined as X/σ) varied from 1000 to 6.67. We
calculated the percent signal change from X to Y in six different ways, namely,
1. Voxelwise estimation:
P
Vo1 (100/N ) N
i=1 (yi /xi − 1)
PN
Vo2 (100/N ) i=1 (1 − xi /yi )
2. Global estimation:
P
P
Gl1 100 ∗ (( yi / xi ) − 1)
P
P
Gl2 100 ∗ (1 − ( xi / yi ))
3. Based on Ratio tests (Schaarschmidt and Gerhard, 2009):
mn Ratio test with method=Param.ratio and equal variance
md Ratio test with method=Median.ratio
The results from this analysis are given in Fig. 2.6. It shows the estimated
values in all cases and additionally, the confidence intervals for the ratio based
estimates. The voxel based method showed increasing bias with decreasing SNR.
It implies that in real data, voxels with low SNR can dominate the outcome of
mean relative signal change calculations of voxel based methods. With an overall
decrease in SNR, the bias increases rapidly. However, it was found that the bias
of the voxelwise method depends mostly on the SNR and to a lesser extent on
the magnitude of the relative signal change. The global methods seem to give
robust estimates even at low SNR, but would not be able to provide measures of
confidence intervals. However, the ratio based method “mn” gives robust estimates
and also provides tighter confidence intervals. This method is based on the general
linear model setting implemented in the package mratios (Dilba et al., 2006, 2011).
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Figure 2.6: Effect of SNR on percent signal change calculations (true change=3%).
Gl1,Gl2:Methods based on global averaging (solid lines); Vo1,Vo2:Voxelwise estimation methods (dashed lines); mn: Ratio estimate for means and associated
confidence interval based on general linear model, and md: Nonparametric estimate and confidence interval based on medians (dotted lines).
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Supplementary data

Figure 2.7: Normalized mean time courses of b=0 data, from all eight sessions
and from both tissue types.
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Figure 2.8: Effect of b-value (0, 1200 and 1800 s/mm2 ) on percent signal change
during respiratory transitions (Air-Oxygen and Oxygen-Carbogen) calculated by
a voxelwise and global method. L1. . . L6 and H1. . . H6 denote the diffusionweighting in different directions (L: 1200 and H:1800 s/mm2 ).
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Figure 2.9: First ICA component (five slices) obtained by using co-registered
diffusion-weighted data time courses (normalized voxelwise with b=0 data) from
all 8 sessions.
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Figure 2.10: Equirectangular projection of clustered eigenvectors (4 classes) during
air respiration. φ corresponds to angles made by the latitudes of the sphere (−π/2
to π/2) and θ corresponds to the angles made by the longitudes (−π to π) with
the north-south sphere axis.
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Chapter 3. Novel contrasts for spreading depolarization

Abstract
There is growing clinical evidence indicating that spreading depolarizations are
critically involved in the pathophysiology of neurological disorders like migraine,
ischemic stroke, subarachnoid hemorrhage and traumatic brain injury. Identification of spreading depolarizations and understanding of their causes and effects
can aid development of treatment strategies to decrease their deleterious effects.
Given that significant hemodynamic and cellular changes occur during spreading
depolarizations, in vivo MRI, sensitized to appropriate contrast mechanisms, is
an attractive tool to assess these processes.
In this study we report the feasibility and advantages of two novel MRI
approaches to monitor spreading depolarizations. A balanced-steady-state-freeprecession (b-SSFP) scan and a diffusion-weighted multi-spin-echo (denoted as
DT2) scan were compared with a conventional gradient-echo scan for their advantages in measuring spreading depolarization-related changes after cortical KCl
application in 15 rats. b-SSFP, known for its high signal-to-noise ratio (SNR),
and T2 - and T1 -dependent contrast was hypothesized to provide better spatiotemporal specificity in detecting spreading depolarizations in comparison with a
gradient-echo scan. The DT2 scan was designed to provide apparent diffusion coefficient (ADC) and T2 map updates with a temporal resolution of 10s, thus providing an opportunity to simultaneously assess cellular and hemodynamic changes,
respectively. We developed procedures to automate identification of spreading
depolarization-induced signal changes, which were statistically analyzed to determine the temporal profile and sensitivity for each scan. Furthermore, cluster
analysis was used to elucidate unique temporal patterns observed for each of the
contrasts.
All scanning methods were capable of detecting spreading depolarizationinduced changes. The b-SSFP data showed significantly higher relative amplitudes, narrower peakwidths and a more restricted spatial extent of signal changes
compared to gradient-echo data. ADC obtained using DT2 was the most sensitive
to spreading depolarizations, displaying about 20% drop in value, as against 1510% signal increases observed with b-SSFP and gradient-echo signals. Apart from
the expected changes in various contrasts in response to spreading depolarizations,
clustering analysis revealed additional temporal patterns, such as an initial dip on
gradient-echo scans and temporally shifted T2 and proton density changes in DT2
data.
In conclusion, b-SSFP and DT2 scans provide distinct advantages for detection
of spreading depolarization in comparison with gradient echo scans. Although
their physiological underpinnings are yet to be fully established, the capacity of
DT2 scanning to simultaneously provide information on cellular and hemodynamic
changes may lead to a better understanding of the inter-relationship between these
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processes, and improved monitoring of spreading depolarizations in (pre)clinical
settings.

3.1

Introduction

The occurrence of spreading depolarizations in cerebral tissue has been implicated in the pathophysiology of various brain disorders, such as migraine, ischemic
stroke, subarachnoid hemorrhage and traumatic brain injury (Lauritzen et al.,
2011). However the exact mode of action through which spreading depolarizations affect brain tissue remains unclear. Spreading depolarizations are fronts of
profound cellular and electrophysiological changes propagating slowly across gray
matter, regardless of functional or vascular territories. They are characterized by
disruption of ion homeostasis, leading to neuronal swelling, distortion of dendritic
spines, dramatic reduction in low frequency (i.e., direct current (DC)) extracellular potential and temporary silencing of brain activity (therefore often referred
to as spreading depression) (Reiffurth et al., 2009; Dreier, 2011; Oliveira-Ferreira
et al., 2012; Smith et al., 2006).
Spreading depolarizations result in drastic increase in cellular metabolism and
energy demand, leading to high demands on neurovascular coupling. Recent experimental studies have shown that complex vasomotor responses are trigged by
spreading depolarizations (Ayata, 2013). An intrinsic relationship between the
propagation of vasodilation associated with spreading depolarization, and the nature of the vasculature has also been observed (Brennan et al., 2007). Thus,
given that hemodynamics are strongly influenced by spreading depolarizations,
and that hemodynamics in turn influence tissue status (Ayata, 2013), discerning
the various vascular changes that co-occur with cellular changes during spreading depolarizations can lead to improved monitoring of spreading depolarizations,
which may ultimately lead to development of treatment strategies that can contain
or mitigate their deleterious effects.
Optical and electrophysiological measurements have provided insights into
micro-circulation and neuronal signaling during and after spreading depolarization propagation (Takano et al., 2007; Sun et al., 2011; Chang et al., 2010), and
form the main basis of what is currently known about these topics. However,
besides being fairly invasive, the spatial coverage of these techniques is rather limited, thereby hindering studies on the entire brain. While laser-speckle imaging
can overcome this restriction to some extent (Woitzik et al., 2013), the recordings
are mostly limited to blood flow measurements on the cortical surface. Thus, MRI
with its unique repository of varied contrast mechanisms, its whole-brain coverage and its non-invasiveness is well suited to assess different features of spreading
depolarizations over a large spatial extent.
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The strong influence spreading depolarization wields on hemodynamics (i.e.,
increased tissue oxygenation and perfusion) has previously been exploited using
T2∗ weighted MRI (Gardner-Medwin et al., 1994; de Crespigny et al., 1998; James
et al., 1999), and perfusion imaging (Cutrer et al., 1998) in rodent and feline
models. Likewise, the profound cellular changes induced by spreading depolarization have been the target of diffusion-weighted MRI sequences, which allowed
detection of transient cell swelling (Hasegawa et al., 1995; Kastrup et al., 2000;
Beaulieu et al., 2000; Busch et al., 1996; Yenari et al., 2000; Rother et al., 1996).
To gain more insight into the vascular events triggered by spreading depolarizations, one can use the knowledge gained by the functional MRI community,
which seeks answers to similar questions related to the interaction between cellular
and hemodynamic events but in the context of brain function.
Functional MRI (fMRI) studies have revealed that though T2∗ contrast shows
higher sensitivity to blood oxygenation changes (i.e., the BOLD effect) in comparison with T2 contrast, it is mainly influenced by large venous structures, especially
at low field strengths. However, spin-echo MRI signals have been shown to be
mostly sensitive to changes at the microvascular level, which are more closely
related to neuronal changes (Duong et al., 2003; Lee et al., 1999; Siero et al.,
2013). For this reason, spin-echo-based fMRI studies have been suggested for
improved spatial and temporal specificity (Norris, 2012). As in the case of functional MRI, a better understanding of the hemodynamics that accompany spreading depolarizations can be obtained by measuring complementary functional contrasts under similar conditions. We therefore hypothesized that passband balanced
steady-state-free-precession (b-SSFP) contrast, owing to its dependence on T2 and
T1 (Scheffler and Lehnhardt, 2003; Miller, 2012; Miller et al., 2007; Scheffler and
Hennig, 2003), would provide higher spatio-temporal specificity in comparison
with gradient echo T2∗ contrast in localizing spreading depolarization events.
In order to gain insight into co-occurring cellular changes during spreading
depolarizations, diffusion-weighted MRI can be included in the imaging protocol. Earlier MRI studies have executed more than one scan (generally T2∗ - and
diffusion-weighted imaging), either in succession or in an interlaced manner, to
discern the various physiological processes accompanying spreading depolarizations (de Crespigny et al., 1998; James et al., 1999; Kastrup et al., 2000; Yenari
et al., 2000). However, with this approach, the exact spatiotemporal relationships between the two contrasts cannot be established due to the need of spatially
co-registering and temporally interpolating the separate datasets. The capacity to simultaneously acquire multiple contrasts in a single scan can yield direct
information regarding the causal relationships between their representative processes. Further, if such contrasts are parametrically quantified, the information
they provide can be straightforwardly compared and cross-validated between sessions, groups and other measurements. Motivated by these ideas, a diffusionweighted multi-spin-echo MRI scan (denoted as DT2), capable of updating T2
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and ADC maps within 10 seconds, was developed and deployed to elucidate the
simultaneous evolution of T2 and ADC during the propagation of cortical spreading depolarizations. Such a scan would provide spatio-temporally co-localized
information regarding the inter-connections between hemodynamics (BOLD) and
cellular changes in brain (patho)physiology.

3.2

Methods

Animal preparation
Adult male Wistar rats (n=15, weighing 250-300g) were used for the experiments
with approval from the Utrecht University Ethical Committee on Animal Experiments. All the procedures followed the guidelines of the European Communities
Council Directive. Rats were anesthetized with 4% isoflurane for endotracheal
intubation, followed by mechanical ventilation with 2% isoflurane in air/O2 (2:1)
mixture. A cranial window of 2x2mm was opened in the skull 7mm posterior and
2mm lateral to bregma. The dura was carefully opened without causing injury
to the underlying brain parenchyma. The exposed brain parenchyma was covered
by a small cotton wad drenched in saline. In order to be able to trigger the onset
of spreading depolarizations inside the scanner, a nylon tube (≈ 1 mm diameter),
pre-filled with KCl solution (1 M) was carefully glued to the skull with its opening
adjacent to the cotton wad. The other end of the tubing was attached to a 1ml
syringe filled with 1 M KCl solution which allowed delivery of KCl to the cotton
wad on the cortical surface during MRI acquisition.
During MRI scanning, the animals were ventilated with 70% air and 30% O2
mixed with 2.0-2.5% isoflurane, and body temperature was maintained at 37◦ C
using a temperature-controlled warm water bed. Blood oxygenation and end-tidal
CO2 were monitored throughout the session.

MRI scans
MRI scans were performed on a 4.7T/40 cm magnet (Varian Inc., Palo Alto, CA,
USA). A custom-built (2.5 cm diameter) surface coil was used for both transmission and reception of radio-frequency signals. After preliminary scans for positioning, shimming and pulse power calibrations, three scans were performed to
measure the onset and evolution of spreading depolarizations. In each session, the
first scan performed was the combined diffusion and T2 mapping sequence. The
second and the third scans were nearly equally split between a gradient-echo 3d
echo-planar imaging (GE3d-EPI) scan and a b-SSFP scan. All the three scanning
protocols were developed in-house. The power calibration (for maximum signalto-noise-ratio (SNR)) was separately performed for each of the scans before the
induction of spreading depolarizations.
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DT2 scan
The DT2 scan was based on a multislice multi-spin-echo two-shot EPI sequence
with provision for diffusion-weighting. The pulse-sequence diagram for this scan
is given in Fig. 3.1. During acquisition, the diffusion-weighting was turned on
only for the first echo. Five successive spin-echoes were acquired without further diffusion-weighting. Since we used a surface coil for both signal transmission
and reception, a pair of adiabatic full-passage hyperbolic-secant inversion pulses
replaced the conventional refocusing pulse (Conolly et al., 1989). Though this
increased the minimum achievable echo time in comparison with non-adiabatic refocusing pulses, the adiabatic inversion pulses ensured excellent refocusing of the
multiple echoes. Besides, the delay between the adiabatic pulses was efficiently
used for diffusion-weighting. The diffusion gradients were straddled around the
two inversion pulses (along with crusher gradients in other directions). This strategy resembles spectroscopic diffusion-weighted sequences (Valette et al., 2012) but
can additionally suppress eddy-current artifacts caused by the diffusion-weighting
gradients. The sequence parameters were as follows: echo time (spacing) (TE):
25ms, repetition time (TR): 1.67s, interleaves: 2, number of echoes: 6, averages:
1, field-of-view (FOV): 32x32x12mm, data matrix: 64x64x10. acquisition plane:
axial, diffusion-weighting direction: x (lateral). The scan involved sinusoidal (noncartesian) readout-based k-space sampling, in order to reduce the readout duration. The reconstruction was based on fast Gaussian Gridding (Greengard and
Lee, 1999). The temporal resolution of the scan (time per volume) was 3.3 seconds. The scan protocol changed the diffusion-weighting b-value to three different
values (0, 300 and 500s/mm2 ), periodically. Thus, ADC and T2 could be obtained
at 9.9s intervals. In each session, the DT2 scan lasted 40 min. The first 10min
of acquisition was used for obtaining baseline data. At the end of 10th minute,
50µl KCl was slowly dropped on the cotton wad, to trigger the onset of spreading
depolarizations.
Gradient-echo scan
The GE3d-EPI scan was based on EPI in two dimensions and stepped Fourierencoding in the third. As in the case of DT2 scans, the EPI part of the scan was
based on non-cartesian (sinusoidal) readout of k-space, with reconstruction based
on fast Gaussian Gridding. The sequence parameters were as follows: TE: 20ms,
TR: 40ms, interleaves: 1, phase encodings (in third dimension): 28, averages: 2,
FOV: 32x32x14mm, data matrix: 64x64x28, acquisition plane: axial. Prior to the
start of the gradient-echo scan, the cotton wad on the rat head was refreshed with
10µl KCl. The temporal resolution of the GE3d-EPI scan was 2.24s. The total
duration of the GE3d-EPI scan was 40 min.
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Figure 3.1: Pulse sequence diagram for the combined diffusion- and T2 -weighted
multi-spin echo (DT2) scan. HS-AFP: Hyperbolic secant, adiabatic full passage
inversion pulse. α: Flip angle optimized for maximum SNR. Diffusion-weighting
gradients are shown in black. Crushers and spoiler gradients are shown in gray.

b-SSFP scan
The b-SSFP scan used in this study was optimized on the sole criterion of minimizing the temporal resolution. At the fastest temporal resolution achievable, the
highest SNR that could be attained was set by calibrating the excitation flip angle. This typically resulted in flip angles around 25-30◦ . The sequence parameters
were as follows: TE: 2ms, TR: 4ms, phase encodings (PExPE2): 64x24, averages:
1, FOV: 32x32x12mm, data matrix: 64x64x24, acquisition plane: axial. The temporal resolution of the b-SSFP scan was 6.14s per 3d-volume. The b-SSFP scan
was executed contiguously without stopping after acquisition of each 3d-dataset,
as otherwise the steady-state condition would be disturbed. Prior to the start of
b-SSFP scan, the cotton wad on the rat head was refreshed with 10µl KCl.

MRI Data Analysis
Processing of GE3d-EPI and b-SSFP data
The spatial resolutions of GE3d-EPI and b-SSFP scans were the same. We also
analyzed these data in the same manner to compare their signal characteristics.
After reconstruction, brain masks were generated and split into ipsilateral (KCl
application side) and contralateral hemispheres by fitting 2d-polynomials to manually selected control points on the brain’s mid-line. Since the rats were well anesthetized (2.5% isoflurane), no motion-correction had to be applied to the datasets.
The temporal data from brain voxels were filtered using a robust smoothing procedure (Garcia, 2010) and de-trended. From these data, robust Z-scores (median/median absolute deviation (MAD)) were calculated. The temporal changes
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in signals, expressed as percentage of median value were used for statistical analyses.
Knowing that substantial ipsilateral signal increases are expected in gradient echo images in response to spreading depolarizations (Gardner-Medwin et al.,
1994; de Crespigny et al., 1998; James et al., 1999), only ipsilateral time series
with a maximum Z-score > 3.0 were further analyzed using a peak-finding algorithm (O’Haver, 2006). For every peak detected in a time series, a five minute
window of data (2.5min on each side of the peak) was retained for statistical analysis of peak amplitude and duration. To visualize the movement of spreading
depolarizations, the Z-scores (> 4.0) were spatially filtered using a 3d Gaussian
kernel with standard deviation of 0.25mm and converted to movies.
Processing of DT2 datasets
After reconstruction, generation of brain masks, and separation into ipsilateral and
contralateral hemispheres as described earlier, the DT2 datasets were processed in
two stages. In the first stage, smooth approximations to the underlying ADC, T2
and proton density were obtained from a linear least-squares fit to the data with a
moving window of 120s duration, with window shifts of 10s. This stage estimated
the local proton density and provided the temporal correlations (of T2 and ADC)
between each voxel and its neighbours in a 3×3×3 grid. These estimates were
used in anisotropic filtering of the data in preparation for the second stage.
The time series of each voxel was normalized using the median proton density
estimated in the first stage to bring signal amplitude of all voxels to the same
scale. Then, for every voxel location, weights were assigned to neighbours based on
correlations in T2 and ADC values. Only those neighbours with both correlations
above 0.1 were assigned a weight, which equalled the mean of the correlations.
Finally, the weighted sum of neighbouring time series was added to the time series
of the voxel under consideration, to obtain a smoother equivalent.
In the second stage, ADC, T2 and proton density were estimated using nonlinear least-squares on 80s of anisotropically filtered data in a moving window
manner, with 10s steps. The temporal evolutions of the three parameters (ADC,
T2 and proton density) were then converted to Z-scores and the relative change
was expressed as percentage of median and used for statistical analyses. Since
spreading depolarizations have been shown to induce reductions in ADC (James
et al., 1999; de Crespigny et al., 1998), we subjected ADC data to a valley-picking
(instead of peak-picking) procedure as described above. T2 and proton density
changes co-occurring in the same temporal window as ADC changes were used
for all analysis (i.e., T2 and proton density did not undergo peak-picking on their
own). To visualize ADC, T2 and proton density evolutions, their Z-score data
were re-sampled to isotropic 0.5mm voxels, and converted to movies.
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Statistical Analysis
To compare the sensitivity of the proposed imaging protocols to spreading depolarizations, the maximum relative signal changes were analyzed using t-Tests, and
visualized using box-plots at five different Z-score thresholds ranging from 3 to
5. To compare the temporal pattern of the proposed scans, the full-width-at-halfmaximum (minimum in case of ADC) (FWHM) were calculated for each of the
detected peaks (valleys in case of ADC), analyzed using t-Tests and visualized
using box-plots at different Z-score thresholds.
In order to discern if different temporal evolutions were found in the different
contrasts, k-means clustering was performed on the peak waveforms obtained from
GE3d-EPI and b-SSFP signals and the parameters (ADC, T2 and proton density)
obtained from the DT2 scans with data obtained at a Z-threshold of 4. This was
performed after up-sampling all the waveforms to 1s resolution using spline interpolation, and aligning their peak (valley) positions before performing clustering.
In order to obtain robust results, the k-means clustering was repeated 200 times
(replicates) for each dataset, with different starting cluster centroid positions.

3.3

Results

From the 15 animals used in this study, data from 21 DT2 sessions (4 animals were
scanned twice and one animal was scanned thrice), 13 GE3d EPI sessions and 15
b-SSFP sessions of 40-minute duration each contributed towards the analysis.
Example movies created to visualize the movement of spreading depolarizations on the rat brain’s cortical surface are provided as supplementary information
(Movies 1-6), with two datasets from each scan. They represent robust Z-scores in
the range of 0 to 4 (0 to 3 for DT2 contrasts). Movies from most datasets revealed
clearly distinguishable waves of ADC changes, propagating from the region of KCl
application, up to the frontal cortex.
Fig. 3.2 shows representative time series data obtained using the three different
scans in different rats, where the effect of spreading depolarizations on the signals
is clearly visible. The top and middle time series in Fig. 3.2 represent signal
amplitudes in a voxel of GE3d-EPI and b-SSFP scans. Peaks in signal intensity
reflect the passage of spreading depolarization through that voxel. The bottom
time series in Fig. 3.2 represents ADC changes induced by spreading depolarization
in a voxel in one of the DT2 datasets, where ADC declines mark occurrences of
spreading depolarization. One can appreciate the high SNR afforded by the bSSFP scan, albeit at a lower temporal resolution than the GE3d-EPI scan. In
fact, the SNR was high enough to detect the traversal of spreading depolarization
without any processing in the b-SSFP datasets, unlike for GE3d-EPI datasets.
In GE3d-EPI time series, we saw global trends in the data pattern (which also
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Figure 3.2: Example time-series of different MRI contrasts (from different
datasets) and their filtered versions. The y-axis scales are arbitrary for bSSFP
and GE3d EPI, while ADC is in 10−3 mm2 /s. The arrows point to instances of
passage of spreading depolarization.

sometimes occurred in b-SSFP datasets). Smoothed and de-trended versions of all
the time series are also presented. These time series were used for peak-picking,
the results of which were statistically analyzed.
Fig. 3.3a shows a representative Z-score map from axial slices of a GE3dEPI scan during propagation of a spreading depolarization overlaid on the corresponding anatomical images. The bright yellow regions represent strong positive
T∗2 -weighted signal increases relative to baseline values, and indicate passage of
spreading depolarization through those voxels. Such signal increases were found
mainly in the ipsilateral hemisphere (i.e., on the side where KCl was applied).
The signal changes propagated over the cortex anteriorly, posteriorly, medially
and laterally. Similar results from b-SSFP scanning are presented in Fig. 3.3b
which demonstrate significant signal increases associated with spreading depolarizations in a comparable pattern. Analogous results from a DT2 dataset are
presented in Fig. 3.3c, but with a change in sign for ADC (for better visualization)
and a different scale. Note that ADC measurements displayed regions with significant spreading depolarization-related changes, while T2 changes were not very
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evident. Supplementary figures 3.7, 3.8 and 3.9 portray the traversal of spreading
depolarization as captured in representative GE3d-EPI, b-SSFP and DT2 (ADC)
datasets.
In order to assess the relative signal changes in the different scans in response to
spreading depolarizations, peak waveforms in GE3d-EPI signals, b-SSFP signals
and in negative ADC were collected. Five separate sets of waveforms were obtained
by varying Z-threshold from 3 to 5 in steps. Peak signal deviations from baseline,
and the FWHM were estimated from these waveforms. The number of waveforms
collected from the three different scanning protocols at different Z-thresholds are
summarized in supplementary Table 3.1. All peak waveforms detected even at Zthreshold of 3 were statistically significantly different from the baseline (p<0.01).
Fig. 3.4a shows the boxplots of maximum deviation from baseline (in percentages) observed in response to spreading depolarizations in the three scans. Slightly
but significantly higher signal increases were found in the b-SSFP scans in comparison with those measured in GE3d-EPI scans at all Z-thresholds (p<0.01). DT2
data revealed even stronger responses to spreading depolarization as decreases in
ADC significantly exceeded the increase in signals observed with GE3d-EPI and
b-SSFP (p<0.01).
Fig. 3.4b shows the FWHM of the peak waveforms. Significantly smaller
FWHM were observed for b-SSFP signals in comparison with GE3d-EPI signals
at all Z-thresholds (p<0.01). FWHM associated with ADC changes showed significantly larger FWHM in comparison with the other two scans (p<0.01) except
at Z-threshold of 3.5.
To study the temporal patterns of various signals and parameters in detail, we
chose a Z-threshold of 4 as a balance between rejecting as many spurious signals
as possible (if any) and retaining sufficient number of representative responses to
spreading depolarizations. Fig. 3.5 summarizes the results obtained from different contrasts as a plot of median +/- median absolute deviation (MAD) of the
corresponding peak waveforms. It also shows the number of waveforms contributing to each result. Although the b-SSFP signal response is narrower and slightly
elevated in comparison with GE3d-EPI signals, the temporal profiles look similar. The proton density changes (Fig. 3.5e) resemble ADC changes (Fig. 3.5c).
However, T2 changes seemed less specific (Fig. 3.5d).
To test if there were sub-patterns within the peak waveforms of different contrasts, k-means clustering was performed on peak waveforms of each contrast
separately, seeking five clusters in each case. Since we were primarily interested
in the temporal patterns of the signals rather than their actual magnitudes, the
waveforms were scaled to unit height before clustering. E.g., if x(t) represents
the peak waveform in terms of % of baseline, then the scaling was performed as
(x(t) − 100)/(max(x(t)) − min(x(t))).
Results from the k-means cluster analysis are presented in Fig. 3.6, showing
the median temporal waveform corresponding to the first three major clusters.
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The % of total peak waveforms (given in Fig. 3.5) contributing to each cluster
under different contrasts is summarized in supplementary Table 3.2. We found
that in all the contrasts, the first three major clusters were able to account for
75% or more contributing waveforms.
Figs. 3.6a and 3.6b reveal several sub-patterns within GE3d-EPI and b-SSFP
scans. In particular some clusters in b-SSFP (clusters 3 and 4) and GE3d-EPI
scans (cluster 5) indicate an initial signal dip with respect to baseline. This indication is further strengthened by patches of negative Z-scores preceding the arrival
of signal peak in several voxel locations in the time series of GE3d-EPI images
shown in the supplementary information, Fig. 3.7. Fig. 3.6c reveals that ADC
changes also showed distinct modes, with cluster 5 showing pronounced increase
in ADC before the decrease associated with spreading depolarization, while cluster
2 shows a post-spreading depolarization overshoot. There are indications of a pronounced increase in ADC preceding the spreading depolarization related decrease
in Fig. 3.3c and Fig. 3.9 (corresponding to negative Z-scores). Similarly, Fig. 3.6e
also indicates possible patterns of increased relative proton density before (cluster
2) or after (cluster 4) the onset of the main response (see also the negative Zscores for the proton density changes in Fig. 3.3c). The minima in clusters 2 and
4 occur a few seconds after or before the minimum in ADC. Although in Fig. 3.6d
T2 signals from the three clusters look dissimilar at the outset, they show similar
patterns at different time points, i.e., they seem to represent certain phenomena
taking place with various lags. Moreover, we found no distinct co-incidence between T2 patterns and ADC changes associated with spreading depolarizations.
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(c) Top row: Proton Density, middle row: ADC, bottom row: T2 , all obtained using DT2 scan.

Figure 3.3: Z-score activation patterns from GE3d-EPI (a), b-SSFP (b) and DT2
scans (c) obtained during the passage of a single spreading depolarization (from
different animals), overlaid on corresponding anatomical images (six slices in axial
orientation each (left to right: top slice to bottom slice)).
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(a)

(b)

Figure 3.4: Maximum peak deviations from baseline (a) and full-width-at-halfmaximum (FWHM) (b) of spreading-depolarization-related peak waveforms obtained from GE3d-EPI, b-SSFP and ADC (DT2) scans across Z-thresholds ranging from 3 to 5. GE3d-EPI and b-SSFP signal changes were increased while
ADC (DT2) represents reduction from baseline. Pairwise t-Tests between the
three scans revealed significant (p<0.05) differences between peak deviations at
all Z-thresholds. Except at Z-threshold of 3.5, t-Tests between the scans revealed
significant (p<0.05) FWHM differences.

44

3.3. Results

(a) GE3d-EPI

(b) b-SSFP

(c) ADC (DT2)

(d) T2 (DT2)

(e) Proton Density (DT2)

Figure 3.5: Temporal evolution of various contrasts during spreading depolarizations as measured from GE3d-EPI (25312 waveforms) (a), b-SSFP (17052 waveforms) (b), and DT2 (ADC (c), T2 (d) and proton density (e)) (12547 waveforms)
scans, expressed in median+/-median absolute deviation (MAD). GE3d-EPI and
b-SSFP peaks had Z>4 and ADC (DT2) minima satisfied Z<-4.
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(a) GE3d-EPI

(b) b-SSFP

(c) ADC (DT2)

(d) T2 (DT2)

(e) Proton Density (DT2)

Figure 3.6: Median temporal evolution of the first three major clusters from
k-means cluster analysis of spreading depolarization-associated peak waveforms
measured from GE3d-EPI (a), b-SSFP (b), and DT2 (ADC (c), T2 (d) and proton density (e)) scans.
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Discussion

Assessing the impact of spreading depolarizations on both hemodynamics and
cellular changes can help identify routes to tackle its deleterious effects. MRI is
well suited to study such phenomena non-invasively over large spatial scales. We
presented two novel approaches to detect spreading depolarizations using MRI,
namely b-SSFP which provides a contrast based on T1 and T2 parameters, and
a diffusion-weighted multi-spin-echo (DT2) scan which allows for simultaneous
acquisition of T2 and ADC maps, which broadly represent hemodynamic and
cellular changes. We compared results from these scans with results obtained
from a more conventional gradient-echo MRI sequence.

b-SSFP-based detection of spreading depolarizations
In this work, the use of b-SSFP for measuring spreading depolarization-related
hemodynamic changes was proposed based on existing knowledge about the improved specificity of spin-echo signals in functional MRI studies (Norris, 2012).
To the best of our knowledge, application of b-SSFP to detect spreading depolarizations has not yet been reported. However, the growing wealth of literature on
its value for fMRI studies (Miller, 2012; Miller et al., 2007; Park et al., 2011; Kim
et al., 2012; Dharmakumar et al., 2006) supports its suitability for robust detection
of hemodynamic changes that are also known to occur in response to spreading
depolarizations. We used a pass-band b-SSFP technique, which at the short repetition time used in this study is mostly influenced by changes in T2 (Miller, 2012;
Scheffler and Hennig, 2003), and mostly reflects oxygenation changes in capillary
beds and arterioles. In oxygenated blood, T2 is longer and T1 is shorter (Uematsu
et al., 2007) than in deoxygenated blood, thus leading to a positive signal change
during the influx of oxygenated blood.
During tissue depolarization, due to high energy demands, tissue uptake of
oxygen increases drastically, resulting initial in blood deoxygenation (Hu and Yacoub, 2012). In order to satisfy this energy demand, a hyperemic response is
triggered, changing tissue oxygenation status and thus leading to a positive contrast as we observed in our b-SSFP scans. Furthermore, T1 shortening and also
the accompanying proton-density increases due to increased blood volume could
have an additive influence on the b-SSFP signals. The T1 effect could particularly
be more pronounced at the short repetition times used in our experiments (4ms).
Thus, our results seem to indicate that b-SSFP signals track the spreading hyperemia associated with spreading depolarizations, as in the case of gradient echo
scans (Gardner-Medwin et al., 1994; de Crespigny et al., 1998; James et al., 1999).
However, the initial dip in signal (as compared with baseline) which we speculate is reflective of the above mentioned initial tissue deoxygenation, appeared
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more clearly in GE3d-EPI scans (see cluster 5, Fig. 3.6a and Fig. 3.7), but was
not as evident in b-SSFP scans. This could indicate that the scans are sensitive
to hemodynamics in different ways.
Results from our comparisons between b-SSFP and GE3d-EPI data reveal the
superior sensitivity (in terms of relatively increased signal changes) and sharper
temporal profile (lower FWHM) of b-SSFP signals in our experiments. In light
of this, the fact that our peak detection algorithm picked only 17052 b-SSFP
waveforms (supplementary information) over the entire brain in all animals, in
comparison with 25312 in the GE3d-EPI scans may indicate that b-SSFP signals are spatially more specific than GE3d-EPI signals. This possibility is in
agreement with fMRI studies that have shown that spin echo sequences, which
are more sensitized to microvascular signal changes, allow better co-localization
with functionally activated brain regions (Norris, 2012). Gradient-echo MRI approaches, that are also sensitive to less specific changes in remote draining veins,
may overestimate the spatial extent at which the spreading depolarization affects
actual neuronal tissue. Therefore, spin-echo-based techniques, such as the b-SSFP
technique in our study, may allow more accurate monitoring and identification of
regions where spreading depolarizations can cause tissue damage, e.g. secondary
ischemic injury following stroke.
Moreover, with short repetition times, distortions and signal drop-outs in bSSFP images are typically less in comparison with EPI images, since the banding
artifacts usually associated with b-SSFP are minimized by the increased passband (Miller, 2012). Besides, hardware demands (on gradients) are generally lower
in b-SSFP in comparison with EPI. Above all, b-SSFP can provide the highest
possible SNR per unit time compared to all other scans (Scheffler and Lehnhardt,
2003). This superior SNR of b-SSFP was evident in our experiments, wherein
we could identify changes associated with spreading depolarizations without additional post-processing, unlike the case of other scans.
b-SSFP as used in this study was limited to pass-band mode, and was optimized only for maximizing SNR at the fastest temporal resolution that could
be achieved (6.14s/volume). However, it is a highly configurable sequence with
myriad contrast options that can reveal complementary information about tissue oxygenation status (Miller, 2012). Thus, in our perspective, measurement of
hemodynamic changes during spreading depolarizations can benefit substantially
by the use of b-SSFP.

DT2-based detection of spreading depolarizations
Apart from hemodynamic changes, spreading depolarizations also induce profound
cellular changes that can be detected with MRI. Thus, a tool that can provide
spatio-temporally co-localized information regarding hemodynamics and cellular
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changes can be used to elucidate the possible interactions between these events.
Our proposed approach of using a diffusion-weighted multi-spin-echo acquisition
(DT2) for this purpose can provide such information.
Simultaneous measurement of T∗2 and ADC in fMRI has been reported by Song
et al. (2002) with a different scanning protocol, where, it was shown that such scans
can better localize regions related to neuronal activation. While the temporal
dynamics of BOLD signals have been extensively studied and characterized in
fMRI literature, hemodynamic changes associated with spreading depolarizations
and their relationship with co-occurring cellular changes have not been dealt with
extensively.
In response to spreading depolarizations, our DT2 scans revealed that tissue
ADC temporarily declines by as much as 20%. This is in line with earlier observations (de Crespigny et al., 1998; James et al., 1999; Beaulieu et al., 2000;
Bockhorst et al., 2000) and has been attributed to transient cell swelling due to
the temporarily altered ion homeostasis (Oliveira-Ferreira et al., 2012). This is
purported to reduce the mobility of tissue water molecules and leads to subsequent
decrease in ADC (de Crespigny et al., 1998; James et al., 1999).
Changes in T2 signal in fMRI are mostly attributed to hemodynamics. Thus,
one way of interpreting T2 changes in our data (Fig. 3.6d) is by assuming blood
oxygenation as their source. In Fig. 3.6d, cluster 3 seems to represent the typical hyperemic response associated with spreading depolarizations. This response
peaks about 20s after ADC reaches its minimum value which is in line with earlier
observations (de Crespigny et al., 1998; James et al., 1999), reflective of the delayed hemodynamic response. Also, this response shows an initial dip (compared
with baseline) in T2 , which corroborates our observations from the GE3d-EPI and
b-SSFP datasets. The other two clusters seem to show a similar response except
for a lead or lag. Thus, our data may point to the varied oxygenation status
of different tissue compartments during the passage of spreading depolarizations.
Though at present we do not have a clear understanding of these signals or the
changes in proton density as represented by clusters 2 and 4, they may eventually
provide new insights into the multitude of physiological processes co-occurring
during spreading depolarizations.

Limitations and perspectives
For our MR experiments, we used a surface coil for radio-frequency transmission
and reception. However, this reduced the SNR drastically in lower slices of DT2
scans and also prevented uniform excitation during b-SSFP scanning. Execution
of these scans with a volume-transmit/surface-receive coil set-up can potentially
improve the SNR, which may help to avoid smoothing procedures employed to
analyze the DT2 data in this study. That can remove the confound (apparent
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increase) introduced by temporal smoothing in the estimated FWHM of ADC
changes. Besides, uniform excitation in b-SSFP would help better ascertain its
contrast, which is known to be flip-angle dependent (Miller and Jezzard, 2008).
Our study focused on evaluating the possibility and potential benefits of using
b-SSFP and DT2 MRI scans to detect spreading depolarizations. For this, only
temporal aspects of the various scans (amplitudes and durations) were studied,
whereas spatial movements of spreading depolarization waves were not assessed
with the same rigour. While the temporal aspects could be analyzed in an unbiased, fully automated manner, bringing in information from all datasets into
the analysis, as presented here, such a task involving spatio-temporal dynamics
would be complicated. However, to gain a better overall understanding of these
contrasts, future studies should include such analyses.
The estimation of ADC and T2 from DT2 data presumes quasi-stationarity of
these variables over the duration of the data window being analyzed. With an
in-plane resolution of 0.5mm, assuming that the spreading depolarizations travel
at a rate of 3mm/minute (Smith et al., 2006), the minimum update rate to capture temporal dynamics of the parameters faithfully should be at least 10s. While
data were indeed acquired at this rate, the temporal smoothing applied to estimated ADC and T2 (80s window) violates this assumption. However, spreading
depolarization-induced changes were found to persist at a given voxel location for
about 2 minutes in our b-SSFP and GE3d-EPI data. Thus our DT2 results should
still reflect the effect of spreading depolarizations albeit with a loss of temporal
information.
On the data modeling front, given the fact that our model neither takes into
account the massive influx of extracellular water into intracellular space during cell
swelling nor the possible changes in diffusivity and T2 in the two pools (Mulkern
et al., 2009), a cellular association with the observed T2 changes cannot be ruled
out. Besides, the interpretation of reduction in ADC and any associated changes in
proton density will have to be made in the light of the underlying water exchange
between various compartments and associated changes in membrane properties
and diffusivities (Mulkern et al., 2009).
As compared with earlier studies which assessed diffusion changes alone during
spreading depolarizations, the b-values achieved in our scans are relatively moderate. Though the scans were inherently capable of providing higher b-values, the
selected value was a trade-off to retain reasonable SNR at the targeted spatial and
temporal resolutions, which is higher than in most studies reported earlier. Thus,
given the fact that diffusion and perfusion signals are highly intertwined even at
high b-values (Rudrapatna et al., 2012b), the mutual effect of one on the other
will have to be borne in mind while interpreting DT2 results.
Our study demonstrates the potential of specific MRI approaches to monitor
and assess distinctive spreading depolarization-associated changes in whole-brain
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tissue. Nevertheless, cross-validation with other modalities such as electrocorticography and laser-Doppler flowmetry, are necessary to further elucidate the
underlying physiological mechanisms of the observed imaging contrasts.
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Figure 3.7: Representative images from six axial slices (left to right: top slice to
bottom slice) of one of the GE3d-EPI datasets at different time points depicting
the movement of a spreading depolarization (the yellow arrow points at the induction site). The sets of images (top to bottom) were captured with a difference
of 33.6s each and cover a span of 168s. Relative time stamps are marked on the
left side of each set.
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Figure 3.8: Representative images from six axial slices (left to right: top slice to
bottom slice) of one of the b-SSFP datasets at different time points depicting the
movement of a spreading depolarization (the yellow arrow points at the induction
site). The sets of images (top to bottom) were captured with a difference of 30.7s
each and cover a span of 154s. Relative time stamps are marked on the left side
of each set.
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Figure 3.9: Representative images from six axial slices (left to right: top slice to
bottom slice) of one of the DT2 (ADC) datasets at different time points depicting
the movement of a spreading depolarization (the yellow arrow points at the induction site). The sets of images (top to bottom) were captured with a difference
of 30s each and cover a span of 150s. Relative time stamps are marked on the left
side of each set.
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Scan
GE3D-EPI
b-SSFP
DT2

3.0
43516
31154
39937

Z-threshold
3.5
4.0
32796 25312
22850 17052
22711 12547

4.5
19979
12901
6835

5.0
16051
9769
3671

Table 3.1: Number of peak waveforms at various Z-thresholds detected using a peak-picking algorithm that contributed in the analysis reported in
Figs. 3.4a, 3.4b.

Scan
GE3D-EPI
b-SSFP
ADC (DT2)
T2 (DT2)
PD (DT2)

Cluster
1
2
31 25
21 4
9 21
27 13
26 30

Number
3
4
3 10
26 40
25 22
24 14
4 27

5
31
9
24
22
13

Table 3.2: Percentage of samples contributing to various clusters reported in
Fig. 3.6.
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Abstract
Imaging techniques that provide detailed insights into structural tissue changes
after stroke can vitalize development of treatment strategies and diagnosis of disease. Diffusion-weighted MRI has been playing an important role in this regard.
Diffusion kurtosis imaging (DKI), a recent addition to this repertoire, has opened
up further possibilities in extending our knowledge about structural tissue changes
related to injury as well as plasticity.
In this study we sought to discern the microstructural alterations characterized
by changes in diffusion tensor imaging (DTI) and DKI parameters at a chronic time
point after experimental stroke. Of particular interest was the question whether
DKI parameters provide additional information in comparison to DTI parameters
in understanding structural tissue changes, and if so, what their histological origins
could be. Region-of-interest analysis and a data-driven approach to identify tissue
abnormality were adopted to compare DTI- and DKI-based parameters in post
mortem rat brain tissue, which were compared against immunohistochemistry of
various cellular characteristics.
Results from region-of-interest analysis revealed significant differences in DTI
and DKI parameters between ipsi- and contralateral sensorimotor cortex, corpus
callosum, internal capsule and striatum. This was reflected by a significant reduction in ipsilateral mean diffusivity (MD) and fractional anisotropy (FA) values,
accompanied by significant increases in kurtosis parameters in these regions. Datadriven analysis to identify tissue abnormality revealed that the use of kurtosisbased parameters improved the detection of tissue changes in comparison with FA
and MD, both in terms of dynamic range and in being able to detect changes to
which DTI parameters were insensitive. This was observed in grey as well as white
matter. Comparison against immunohistochemical stainings divulged no straightforward correlation between diffusion-based parameters and individual neuronal,
glial or inflammatory tissue features.
Our study demonstrates that DKI allows sensitive detection of structural tissue changes that reflect post-stroke tissue remodeling. However, our data also
highlights the generic difficulty in unambiguously asserting specific causal relationships between tissue status and MR diffusion parameters.

4.1

Introduction

Discovery of curative treatments for chronic-phase stroke patients may benefit immensely from improved understanding of post-stroke structural tissue (re)organization.
For the past few years, diffusion tensor imaging (DTI) has been a popular method
to assess changes in tissue structure after stroke (Sotak, 2002; Sundgren et al.,
2004; Dijkhuizen et al., 2012). E.g., in an experimental stroke model, it has been
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shown that fractional anisotropy (FA) in corpus callosum and ipsilesional corticospinal tracts has significant correlation with functional recovery (van Meer et al.,
2012).
Recently, diffusion kurtosis imaging (DKI), an extension to DTI that can capture the non-Gaussian nature of water diffusion in tissues, has been shown to
exhibit enhanced sensitivity to microstructural changes in comparison with the
conventional DTI parameters, FA and mean diffusivity (MD) (Jensen et al., 2005;
Lu et al., 2006; Hui et al., 2008; Wu and Cheung, 2010; van Cauter et al., 2012;
Gooijers et al., 2013). While DTI has played a significant role in understanding
(changes in) tissue architecture, especially in cerebral white matter studies, DKI
parameters can potentially be more effective in elucidating cerebral grey matter
changes (Jensen et al., 2005).
The advantages offered by DKI over DTI have been reported in several recent studies. In an experimental traumatic brain injury model in rats, Zhuo
et al. (2012) observed the continued sensitivity of mean kurtosis (MK) to structural tissue changes even into sub-acute stages, by when DTI parameters had
re-normalized. Raab et al. (2010) reported that gliomas of two different grades
could be separated only by using MK values. In an experimental stroke study
on the spatio-temporal evolution of kurtosis parameters (Hui et al., 2012a), the
differences in MK between healthy and injured tissue areas were found to persist up to seven days post stroke, by when MD values had normalized. Hui et al.
(2012b) also reported the distinct patterns on kurtosis and MD maps and the
greater dynamic range of kurtosis parameters in comparison with MD. These
studies indicate that kurtosis parameters bring in original information, which DTI
parameters may not be able to provide. Furthermore, studies on brain maturation (Cheung et al., 2009), temporal lobe epilepsy (Gao et al., 2012) and stroke
lesion visualization (Grinberg et al., 2012) have reported the enhanced sensitivity
of DKI parameters over DTI parameters in discerning differences in tissue status.
In other studies (Grossman et al., 2012; Blockx et al., 2012; Cheung et al., 2012),
a combined use of kurtosis and DTI parameters proved to be advantageous in detecting tissue changes. These observations indicate that kurtosis parameters can
discriminate healthy from abnormal tissue under various pathophysiological conditions. Thus, given that perilesional white and grey matter undergo significant
changes following stroke (Floyd, 2012; Schaechter et al., 2006), DKI holds promise
in furthering our understanding of restructuring in both cerebral tissue types.
Although kurtosis parameters may provide additional information over DTI
parameters in assessing microstructural changes after stroke (Hui et al., 2012b,a;
Grinberg et al., 2012), there are few DKI studies (Zhuo et al., 2012; Blockx et al.,
2012) which empirically link the changes in diffusion kurtosis-based contrasts to
possible biological underpinnings, or ascertain their specificity to particular tissue
alterations. These issues are central to the application of any contrast in imaging,
59

Chapter 4. Diffusion kurtosis imaging in chronic stroke
and especially so in the case of diffusion-based contrasts, since it is known that
many different but concurrent biological processes can affect diffusion parameters
in a similar manner (Wang et al., 2011; Beaulieu, 2002). In addition, there are
several other factors that may further modulate diffusion metrics in a nontrivial
way, such as the tensor estimation approach (Veraart et al., 2013), partial volume
effects (Vos et al., 2011; Szczepankiewicz et al., 2013), and violations of model
assumptions (Vos et al., 2012; Tournier et al., 2011). A better understanding
of the biological processes at play and how they can affect diffusion contrasts is
therefore crucial for evaluating the benefit of one contrast over the other and more
importantly, in correctly interpreting what is being observed.
In this work, we chose to apply a high-resolution post-mortem MRI approach,
to elucidate the possible advantages of DKI parameters over DTI parameters in
characterizing altered tissue structure chronically after stroke, when injury and
plasticity mechanisms are known to have induced tissue remodeling around a
stroke lesion (Schaechter et al., 2006). We used discrepancies in the relative status of DTI and DKI parameters (in homologous ipsi- and contralateral regions) to
deduce if DKI parameters provide enhanced sensitivity in comparison with DTI
parameters under these circumstances. A data-driven approach was used to further identify regions with abnormal DKI and DTI contrasts (in comparison to the
values in the contralateral hemisphere), with the aim of detecting whether DKI
provides information unavailable from DTI parameters. To understand the histological underpinnings of the observed changes in diffusion parameters and thus
discern what the specific information conveyed by DKI contrasts could be, we performed immunohistochemistry and compared histological stainings with various
MR diffusion parameters in the same tissue samples.

4.2

Methods

Stroke model
Transient middle cerebral artery occlusion (MCAO) was induced in adult male
Wistar rats (320-400g), housed under diurnal light conditions as described in
Memezawa et al. (1992). They were anesthetized (initially with 4% Isoflurane, Intervet, Schering Plough in N2 O/O2 (70:30), and during surgery with 2% Isoflurane
in N2 O/O2 ). The right common carotid artery (CCA) and external carotid artery
were occluded permanently and the internal carotid artery (ICA) was exposed.
A nylon filament (top diameter 0.3-0.4 mm) was introduced into the ICA via a
small incision into the distal end of the CCA and advanced to occlude the origin of
the MCA. The subsequent decrease in cortical blood flow during MCA occlusion
was monitored with a laser-Doppler device and arterial pO2 , pCO2 , pH and rectal
temperatures were measured. After occlusion of the MCA, the wounds were sutured and the rats were allowed to wakeup. At 90 min after occlusion, neurological
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score was assessed and only rats showing rotational asymmetry and dysfunctional
limb placement were included in the study. At 120 min after MCA occlusion, the
animals were reperfused under anesthesia by removing the nylon filament. All
wounds were sutured and the rats were allowed to wakeup. After a recovery period of eight weeks, the animals were perfusion-fixed with paraformaldehyde, and
decapitated. After overnight post-fixation at 4◦ C, brains inside intact skulls were
cold-stored in phosphate-buffered saline with sodium azide (0.5 g/l). Twenty-two
brain samples were collected in this manner and used for scanning with MRI.

MRI data acquisition
Within 15 days after perfusion-fixation, DKI acquisitions of the brains inside the
intact skull were performed on a 9.4T pre-clinical MRI scanner (Varian Inc., Palo
Alto, CA, USA), equipped with a gradient insert capable of operating at 100G/cm,
with the following DKI scan parameters: 2d-multislice echo-planar imaging (EPI)
sequence; repetition time (TR): 3.4 s; echo time (TE): 26 ms; interleaves: 10;
field-of-view (FOV): 20 x 30 x 11 mm; matrix size: 100 x 150 x 55 (read-out
x phase encoding x slices) (isotropic resolution of 200µm). Diffusion-weighting
was performed in 30 optimized directions (Cook et al., 2007) with parameters δ:
3.63ms and ∆: 13.67ms. Four b-values (1125, 2250, 3375 and 4500 s/mm2 ) were
used, and four b=0 scans were acquired at the beginning and in the middle of each
DKI session. Seven averages of these 128 (30x4 +8) 3d-datasets were acquired over
a period of 8.5 h.

Estimation of DTI and DKI parameters
Mean kurtosis (MK), parallel kurtosis (ParK) and perpendicular kurtosis (PerK)
were estimated (Tabesh et al., 2011) from the reconstructed DKI data after coregistering (Avants et al., 2008) diffusion-weighted datasets to the b=0 dataset
(to minimize eddy-current-related image distortions). Separately, DTI fits were
also performed on the same data to calculate MD and FA. Both the DKI and DTI
fitting routines were developed in-house using Matlab. Since deviations from the
single tensor diffusion model manifest at high b-values, DTI fits were performed
with data weighted at the lower three b-values, namely, 0, 1125 and 2250 s/mm2 .
Analysis of predefined regions-of-interest
In order to assess if DKI and DTI parameters were significantly altered in the ipsilateral hemisphere (as compared to the contralateral side), four regions-of-interest
(ROIs), namely the forelimb region of the sensorimotor cortex (S1FL), the striatum, the internal capsule and the corpus callosum, as well as their homologous
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counterparts in the contralateral hemisphere were carefully delineated by an expert with knowledge of rat brain anatomy. Portions of the internal capsule that
were used for the analysis ranged from ≈ 0.7 to 1.7 mm posterior to bregma (5
slices). The other three ROIs ranged from ≈ 0 to 1.0 mm posterior to bregma.
Mean data values from these regions were expressed in ratios estimates, and statistically analyzed with pairwise t-tests to assess if the DTI and DKI parameters
in the ipsilateral hemisphere were significantly different from their contralateral
counterparts.
Data-driven identification of tissue abnormality
While the ROI-based procedure could show whether kurtosis parameters and DTI
parameters differed in bilaterally homologous regions, it would not allow identification of other regions where these parameters were abnormal. To test this, a
data-driven analysis based on support-vector-classification was used. The adopted
approach involved training a ν−support vector one-class classifier (Chung and Jen,
2002; Chang and Lin, 2011) with parametric data from the contralateral hemisphere, and subsequent classification of the ipsilateral parametric maps. The goal
was to identify those regions in the ipsilateral hemisphere that had drastically
altered parameter values as compared with those on the contralateral side. In this
approach, no anatomical distinctions were made within the hemisphere, except
for the broad classification of grey and white matter. Thus, regions that were
classified as not belonging to the training class differed drastically from all possible parameter combinations that occur on the contralateral side. So, only largely
outstanding differences would come out of this analysis.
Ipsi- and contralateral hemispheres were separated by fitting a polynomial
surface to manually identified control points on the midline in various slices of
FA maps. Automatic thresholding of FA values was used to distinguish grey and
white matter (Otsu, 1979). Grey and white matter data were trained and tested
separately. The testing was performed on data from both ipsi- and contralateral
hemispheres.
In practical implementation, one-class classification needs a threshold (ν) to
be specified. In our implementation, we derived classification results over a series
of ν values, ranging from 0.005 to 0.2, in steps of 0.01, thus leading to 21 classification results. A tissue abnormality incidence map was created by adding all
the classification results. Thus, regions with high numbers would indicate more
dramatic deviations from all parametric data on the contralateral side. Since ν
roughly indicates the fraction of training errors and support vectors, one way to
interpret the classification results is, all voxels classified as not belonging to the
training class at a particular ν are further away from at least ν ∗ 100% of voxels
with extreme parameter combinations in the training (contralateral) dataset.
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In order to compare DTI and kurtosis parameters, three such abnormality incidence maps were created. The first was obtained by training and testing only with
DTI parameters (FA and MD) obtained from DTI fit (denoted by FA,MD[DTI]).
The second was obtained by training and testing with FA and MD obtained from
DKI fit (denoted by FA,MD[DKI]). The third abnormality incidence map was created by training and testing with only kurtosis parameters, namely, MK, ParK and
PerK (abbreviated as K[DKI]). To visualize the spatial localization of these maps,
the three abnormality incidence maps were combined into an RGB image with the
red channel representing K[DKI], the green channel representing FA,MD[DKI] and
the blue channel representing FA,MD[DTI]. Thus, a particular colour and intensity combination would represent contributions from various channels in different
proportions. Two such RGB images were obtained per sample, one from grey
matter classification and the other from white matter classification.
To quantitatively assess the similarity between the classifications with various parameter combinations, sequentially increasing thresholds were applied to
each tissue abnormality incidence map, and Dice similarity index and Overlap
coefficients were determined at each threshold for the various combinations of abnormality incidence maps, i.e., between K[DKI] and FA,MD[DKI], K[DKI] and
FA,MD[DTI] and FA,MD[DKI] and FA,MD[DTI]. Dice similarity index is defined
as 2 ∗ nt /(nx + ny ), where nt denotes the number of overlapping voxels in the
binary images and nx and ny refer to the non-zero voxels in each of the binary
images, x and y. The higher the Dice similarity index, the better is the overlap
between the abnormality classifications. However, it is penalized if the overlap
is not one-on-one. The Overlap coefficient is given by nt /min(nx , ny ), with high
values indicating good overlap in the classification. In this case, if one dataset
forms a proper subset of the other, it would still yield the maximum coefficient,
1.0, i.e., it is only influenced by the size of the smaller classification region.

Immunohistochemistry
Immunohistochemical analysis was performed on coronal sections from five brains
after DKI scanning. In each brain, one section-of-interest at approximately 0.05
mm posterior to bregma was chosen, and ten different stainings were prepared on
40µm thick sections around this level. The sections were stained with established
markers for neurons (NeuN, NFH), astroglia (GFAP), microglia/macrophages
(Ox42), myelin (LFB), synapses (APP), scar tissue (CSPGs), protein aggregates
(beta-amyloid, Aβ), nuclei (HTX) and blood-brain-barrier integrity (EBA) as described below.
Paraformaldehyde-fixed, free floating brain sections were rinsed three times in
phosphate buffered saline (PBS). Endogenous peroxide was quenched with 10%
hydrogen peroxide and 10% Methanol in PBS for 15 min. After blocking in PBS
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containing 0.25% Triton X-100 and 5% normal donkey serum (NDS; Jackson ImmunoResearch, Suffolk, UK), sections were incubated at 4◦ C overnight with primary antibodies listed in Table 4.1 diluted in PBS containing 5% NDS and 0.25%
Triton X-100 (PBS/Tx). On the following day, sections were washed three times
in PBS with 2% NDS and 0.25% Triton X-100, and incubated with a biotinylated
donkey anti-mouse IgG (Jackson ImmunoResearch, dilution 1:400) at room temperature for 90 min. Signals were amplified using the Vectastain ABC kit (Vector
Labs, Burlingame, CA, USA).
For Luxol Fast Blue (LFB) staining, 1% Solvent Blue solution was prepared
by dissolving 0.2g Solvent Blue 38 in 200 mL 95% alcohol and then 1 mL of 10%
acetic acid was added. Free floating sections were rinsed in PBS and thereafter
mounted to positively charged glass slides and dried. After dehydration, sections
were placed in the Solvent Blue solution and incubated at 56◦ C for 16 hours. Slides
were then rinsed in 95% alcohol and distilled water. followed by differentiation in
lithium carbonate solution for 25 min and 70% alcohol for 20 seconds. Thereafter,
the slides were dehydrated and mounted with Pertex mounting medium.
For Hematoxilin (HTX) staining, paraformaldehyde fixed, free floating sections
where washed in PBS and then put on positively charged glass slides to dry. Slides
where then rinsed in distilled water for 2×5 min and then then put in Mayers
Hematoxylin solution for 5 min. After a short rinse in distilled water, slides where
put in running tap water for 5 min followed by 5 min in Scotts tap water substitute.
After another 5 min in tap water the slides were rinsed in 2×2min distilled water.
The slides were then dehydrated in increasing concentrations of alcohol (95% and
99.5%) and after a final 2×5 min rinse in Xylene mounted with Pertex mounting
medium (Histolab, Gothenburg, Sweden).
Antibody
Amyloid precursor protein (APP)
Beta amyloid (Aβ)
Chondroitin sulfate proteoglycan
(CSPG) (mouse)
Glial fibrillary acidic protein (GFAP)
Neuronal nuclei (NeuN)
Anti-CD11b (OX42) (mouse)
Neurofilament H non phosphorylated
(NFH)
Endothelial barrier antigen (EBA)

Source
Merck Millipore
Covance
Merck Millipore

Clone
22C11
6E10
Cat-315

Dilution
1:1500
1:3000
1:3000

Sigma Aldrich
Merck Millipore
AbD Serotec
Covance

G-A-5
A60
SMI 32

1:5000
1:1500
1:800
1:10000

Covance

SMI 71

1:1000

Table 4.1: Monoclonal antibodies used in immunohistochemical preparations.
For comparison with DKI, images of the abovementioned stainings were captured using a light microscope (Olympus BX41) at two different resolutions. An
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overall picture of the whole section was captured with 2.5 fold magnification. In
addition, five ipsilateral regions-of-interest, i.e. intact sensorimotor cortex, corpus
callosum, striatum, anterior commissure and ventral part of the basal ganglia, and
their homotopic contralateral areas were imaged at 40 fold magnification factor,
covering an area of about 200x150µm2 , corresponding to an area of about one
pixel in the DKI/DTI maps.

Correlation between diffusion-based MRI parameters and
immunohistochemical stainings
For quantitative analysis, a notion of “amount of contrast” was defined in both
MRI and histology domains. These values were analyzed in non-parametric Kendall’s
τ association tests to determine if any of the MRI parameters showed significant
associations with any of the histological stains.
For MRI parameters, the amount of contrast was defined as the mean value of
the given particular parameter in a 3x3 voxels-sized volume covering the regionof-interest. The amount of contrast on histological sections was related to the
notion of degree of staining. This was obtained by first converting a given histological image from RGB format to HSV space (hue/saturation/value), and then
averaging the values in the inverted (1-V) plane. The inversion step was necessary
to maintain the convention that higher values reflect greater degree of staining.
We made sure that the images used in the analysis were free of voids.
Given that the diffusion-based MRI contrasts are mostly sensitive to the arrangement of microstructures rather than to the amounts of constituents, a second
notion of amount of contrast was defined. We adopted an approach to quantify
local differences in structural composition by decomposing images into different
constituent length scales and comparing them across the length-scale decompositions. The assumption here is that any change in tissue microstructure would
influence the length-scale decomposition of the corresponding histological image.
To this end, we used a popular method of length-scale representation based on
Gabor-filters, which has found its way into the arena of automated analysis of
histological images (Kovesi, 1999; Manohar et al., 2011; Naik et al., 2008). This
second notion of “amount of contrast” was based on the rotationally averaged
(6 orientations) Gabor amplitude vector (Kovesi, 1999), obtained by decomposing the inverted V (value) grey-scale histological images into ten different lengthscales.
Given the fact that all the diffusion parameters under consideration are quantitative in nature, and that histological stainings were prepared in batches (slices
from all samples were stained simultaneously), there was no need to normalize
data from either of these modalities for performing Kendall’s -τ association tests.
The tests were performed in four different ways. First, we used data from both
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ipsi- and contralateral sides for the tests. Thus, for every diffusion parameterhistological staining pair, we had 50 values (10 ROIs in 5 samples) to perform
the analysis. We then tested for correlations separately with the ipsilateral and
contralateral values only (25 values each). Finally, we performed correlation tests
using the differences between contralateral and ipsilateral values, obtained from
bilaterally homologous ROIs. In the case of Gabor amplitude vector representation for histology, separate tests were performed for each length-scale.

4.3

Results

Region-of-interest analysis of DKI/DTI data
Fig.4.1a shows example parametric maps obtained from a typical brain sample.
The unilateral tissue infarct was characterized by high MD, low FA and reduced
kurtosis parameters, indicative of destructed tissue. The intact perilesional tissue
regions displayed altered contrast as compared to homologous contralateral areas. Fig.4.1b shows typical bilaterally homologous ROIs demarcated in the same
dataset. In order to be able to assess the relative sensitivity of DKI and DTI
parameters to the altered tissue status, mean ratios of DKI parameters (ipsilateral/contralateral) and mean ratios of DTI parameters (contralateral/ipsilateral)
from various regions were compared. Given the reversed nature of signal changes,
this swapping of ratios allowed for a more direct interpretation of sensitivity of
the different parameters.
Estimated ratios and their 95% confidence intervals (Schaarschmidt and Gerhard, 2009) are given in Fig.4.2. In general, FA and MD were reduced in the
ipsilateral ROIs, whereas kurtosis was increased. FA and MD measurements obtained with DTI and DKI fits were similar. In nearly all cases, the confidence
intervals were either above or below 1.0, indicating significant differences between
ispi- and contralateral regions. A greater dynamic range was observed for kurtosisbased parameters in comparison to FA and MD in striatum, perilesional cortex
and corpus callosum. Bar plots for the same data, and results from paired t-tests
are presented in supplementary information Fig.4.9.

Data-driven identification of tissue abnormality on DKI/DTI
maps
Fig.4.3 shows results from one-class classification of parameters in grey matter
as obtained from five random brain samples. Bright white spots indicate regions where all three abnormality incidence maps (K[DKI], FA,MD[DKI] and
FA,MD[DTI]) showed very high values, indicating highly altered parameters in
comparison with values in the contralateral hemisphere. Predominantly red regions show where only the kurtosis parameters drastically differed. Similarly,
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(a) Example parametric maps from a single coronal slice of one of the datasets. Top row (left
to right): FA, MD, MK, ParK (all from DKI fit). Bottom row (left to right): FA and MD
(DTI fit) and PerK (DKI fit). Gray scales (black-white): FA: 0-1.0, MD: 0-0.001 s/mm2 ,
MK,ParK,PerK: 0-3.

(b) Manually demarcated ROIs containing intact ipsilesional tissue and corresponding
contralesional counterparts, overlaid on corresponding FA maps of a multislice dataset.
ROIs include: sensorimotor cortex (SMCX), corpus callosum (CC), striatum (S) and
internal capsule (IC).

Figure 4.1: Example parametric maps and areas used for Region-of-interest analysis.
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predominantly green and blue regions show were significant FA and MD changes
in DKI and DTI fits were found, respectively. We found relatively large areas
showing altered kurtosis parameters, as compared to areas with changes in FA or
MD.
A large increase in kurtosis parameter values (and accompanied decrease in
FA and MD) was observed in the ipsilateral basal ganglia in 18 of the 22 samples.
Significant changes in perilesional cortical tissue were observed in 11 samples. The
abnormality incidence maps in Fig.4.3 have been thresholded at 16 (corresponding
to ν=0.05) indicating that the values in the highlighted regions differed from the
rest by a large margin.
Fig.4.4 shows the variation of Dice similarity index and Overlap coefficient as
a function of applied threshold (i.e., varying ν) on the grey matter abnormality
incidence maps. These results indicate that the classifications based on kurtosis
parameters differed drastically from those based on FA and MD (obtained from
DKI or DTI fits), as evidenced by the low Dice indices, and the low overlap
coefficients. In cortical regions, we observed mostly kurtosis-related changes, and
not as much FA and MD changes. As expected, FA,MD[DKI] and FA,MD[DTI]
essentially identified similar regions.
For the same brain samples, the results obtained from white matter classification are shown in Fig.4.5 and Fig.4.10. 16 out of 22 brain samples revealed clear
differences in kurtosis parameters between ipsi- and contralateral hemispheres, especially in the corpus callosum and internal capsule. We observed that kurtosis
parameters are more adept at showing interhemispheric white matter differences
as compared with FA and MD, which displayed a more patchy pattern. However,
it should be noted that the white matter abnormality incidence maps shown in
Fig.4.5 were not thresholded, indicating that these results are not as robust as
those obtained from grey matter abnormality analysis.

Correlation between MRI-detected diffusion parameters and
histology
Fig.4.6 shows example images of various histological stainings at the level of whole
coronal slices, and the regions-of-interest chosen for correlation analysis with MRI
data. Fig.4.7 shows magnified (40x) images of homologous ipsi- and contralateral
cortical regions depicted in Fig.4.6. Contrast differences between these regions
were used in correlation analysis with MR data.
Increased GFAP, APP, Ox-42, Aβ, and CSPG staining could be observed in
perilesional cortical and subcortical tissue, whereas LFB, NeuN, NFH and APP
were mostly reduced in the lesion borderzone. Yet, no clear trend could be established between contrast on MRI-based diffusion parameters and histological
stainings by visual inspection. Quantitative analysis, however, revealed some significant correlations.
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Fig. 4.8 represents results obtained from the four different association tests
performed on all diffusion parameter/histological staining pairs, using both methods of contrast quantification (i.e. degree-of-staining-based and Gabor-amplitudebased). All references to FA and MD in this table correspond to those obtained
using DKI fit (similar significant values were obtained with DTI fitting). We
found a large number of significant correlations when either all data from contraand ipsilateral hemispheres were used, or when only data from the contralateral
hemisphere were used. With data from the ipsilateral hemisphere only, and from
difference between contra- and ipsilateral values, we found fewer significant correlations between diffusion parameters and histology. While similarities could
be identified in the two quantitative methods in case of correlations with NeuN,
EBA, Aβ, CSPG and GFAP stains, notable differences were found in identifying correlations with NFH, LFB and HTX. The Gabor-amplitude-based method
identified several strong correlations which were not observed using the notion of
degree of staining. We observed that many stains that showed strong association
with a diffusion parameter (e.g., MK) when considering data only from the contralateral side, failed to do so when data from the ipsilateral hemisphere alone
was considered. Considering only kurtosis-based parameters, the most significant
correlations that persisted across hemispheres were with NeuN and CSPG.
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Figure 4.2: Estimated ratio of ipsi-/contralateral mean values for DKI parameters
and contra-/ipsilateral mean values for DTI parameters and corresponding 95%
confidence intervals in the different ROI. Notation: CC: corpus callosum, IC:
internal capsule, S: striatum, SMCX: sensorimotor cortex.
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Figure 4.3: Results from grey matter one-class classification showing areas with
most significant abnormality, overlaid on the corresponding FA maps of five
randomly selected multislice brain datasets (each row represents an individual
dataset). The grey matter abnormality incidence maps were thresholded at a
value of 16 (up to ν = 0.05). FA maps were scaled down by a factor of 3 to highlight the classification results. For visualization purposes, K[DKI], FA,MD[DKI]
and FA,MD[DTI] were stacked (as R, G and B channels) and converted to an
RGB image.
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Figure 4.4: Dice similarity index (DSI) and Overlap coefficient (OVC) between
thresholded grey matter abnormality incidence map pairs at various thresholds calculated from different DKI and DTI fits (K[DKI], FA,MD[DKI] and FA,MD[DTI]).
A threshold of 1 corresponds to all ν <= 0.2 and a threshold of 20 corresponds to
ν=0.005.
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Figure 4.5: Results from white matter one-class classification showing areas with
most significant abnormality, overlaid on the corresponding FA maps of five
randomly selected multislice brain datasets (each row represents an individual
dataset). The incidence maps were not thresholded. FA maps were scaled down
by a factor of 3 to highlight the classification results. For visualization purposes,
K[DKI], FA,MD[DKI] and FA,MD[DTI] were stacked (as R, G and B channels)
and converted to an RGB image.
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Figure 4.6: Example of histological images at the whole slice level, from one of
the brain samples, along with ROI chosen for correlation analysis superimposed
on FA map corresponding to the same slice in MR acquisitions (il: ipsilateral; cl:
contralateral).
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Figure 4.7: Magnified (40x) images obtained with various histological stains from
ipsilateral (il) and contralateral (cl) perilesional cortex, corresponding to the cortical regions marked in Fig. 4.6, in one of the brain samples.
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Contra only

Ipsi only
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Contra & Ipsi

Figure 4.8: Significant associations (p<0.05) between MRI-based diffusion parameters and histological stainings using Kendalls-τ test from all ipsi- and contralateral data (‘Contra & Ipsi’), with data from only the contralateral (‘Contra Only’)
or the ipsilateral side (‘Ipsi Only’), or with the difference of values in bilaterally
homologous regions (‘Contra Ipsi’). Top row: results from analysis using degree of
staining (DoS), Bottom row: results from analysis using Gabor-amplitude vectors
(GA). The various colours indicate the Kendall’s τ coefficient (the most dominant
coefficient among various length-scales in case of Gabor-amplitude-based analysis). For degree of staining, the numbers in the boxes represent the significance
(p-values). For Gabor-amplitude based analysis, the number in the boxes represent the total number of length-scales (out of 10) that showed significant (p<0.05)
associations.
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4.4

Discussion

In the current study, we assessed the potential of DKI to measure contrast changes
in brain regions that are known to undergo significant structural alterations after
stroke, such as perilesional cortex, striatum, internal capsule and corpus callosum,
which may affect post-stroke functional status (van Meer et al., 2012). Results
from our study indicate that DKI can be more sensitive than DTI in detecting
microstructural changes throughout the brain at a chronic time point after stroke.
Analysis of perilesional regions, exhibiting clear glial, neuronal and inflammatory
changes on immunohistochemistry, displayed relatively larger changes in kurtosis
as compared to FA or MD.
In addition to ROI analysis, we applied a data-driven machine-learning-based
methodology for unbiased identification of other brain areas that may be structurally altered. Our data-driven approach was shown to be effective in detecting
prominent differences between ipsi- and contralateral tissue in grey and white
matter areas, especially based on kurtosis parameters. These areas included the
a priori selected regions for ROI analysis, but also exposed other areas, displaying the spatial extent to which the brain may structurally remodel after stroke.
Moreover, abnormal regions highlighted by kurtosis and tensor parameters did not
necessarily overlap, which indicates that kurtosis parameters could be sensitive to
certain microstructural characteristics that would not influence DTI parameters.
Immunohistochemical analysis of various cellular features to identify the histological origins of the DKI and DTI contrasts indicated inconsistent association
between MRI contrasts and histological stains in the contralateral- and the strokeaffected ipsilateral hemisphere. The substantial differences in the association between histology and MR parameters depending on the hemisphere under study
call for careful interpretation of such results.

DKI vs DTI: Enhanced sensitivity or unique information?
Previous studies that compared DKI with DTI have concluded that DKI parameters either provide increased sensitivity for diffusion characteristics that inform
on tissue structure, or provide complementary information on the microenvironment in which tissue water diffuses (Zhuo et al., 2012; Raab et al., 2010; Hui
et al., 2012a,b; Gao et al., 2012; Grinberg et al., 2012; Cheung et al., 2009). The
notion of complementary information conjures the possibility of DKI parameters
being sensitive to microstructural tissue features that would not influence DTI parameters. Results obtained from our data-driven analysis may shed light on this
important aspect. The observed mismatches between tissue regions with abnormal kurtosis and DTI parameter values in post-stroke brain suggest that kurtosis
parameters may indeed be sensitive to microstructural environments that would
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have little influence on DTI parameters and vice versa. Nevertheless, certain brain
regions, particularly in the ipsilateral basal ganglia, displayed strong overlap between kurtosis and DTI parameter abnormalities. Moreover, regions highlighted
by abnormal kurtosis parameter values often encompassed regions highlighted by
abnormal FA and MD. Our results therefore seem to indicate that kurtosis parameters inform on microstructural environments that may not influence DTI parameters, as well as provide enhanced sensitivity to structural changes that may also
be detected with DTI parameters. In this context, it is important to mention that
we also found a few regions highlighted by DTI parameter abnormalities without
DKI parameter abnormalities. However, given that DKI data also provide DTI
information, it would be possible to detect these regions with DKI fitting, as we
have confirmed by comparison of FA and MD calculations from DTI- and DKIbased measurements. Thus, the application of DKI to assess (changes in) brain
tissue structure can provide a unique set of parameters whose combined range of
microstructural sensitivity forms a superset of that provided by DTI.

Correlation between MR diffusion parameters and histological
features
In order to establish the relationship between various diffusion contrasts and underlying histological characteristics, an informed choice of immunohistochemical
stainings was made based on various cellular features that allow characterization
of post-stroke tissue status. The immunohistochemical data showed clear signs
of neuronal degeneration (reduced NeuN and NFH), synaptic deterioration (reduced APP), myelin loss (reduced LFB), gliosis (increased GFAP), inflammatory
cell activation (increased Ox-42), scar formation (increased CSPGs) and extracellular modifications (increased Aβ) in perilesional tissue, in line with previous
studies (Andsberg et al., 1988; Bidmon et al., 1998; Irving et al., 2001; Davies
et al., 1998; van Groen et al., 2005). Although we measured significant associations between various diffusion parameters (including kurtosis parameters) and
histological features, we found that most of the correlations were not unequivocally parameter-specific. E.g., NeuN was found to correlate significantly with most
diffusion parameters. While we did find exceptions, e.g., significant correlations
between NeuN, CSPG and Ox42 with MK, the lack of agreement between ipsiand contralateral tissue underscores the complexity of the relationship(s) between
tissue architecture and diffusion behaviour.
Astrogliosis, identified by increased GFAP expression, has been associated earlier with increases in kurtosis-related parameters (Zhuo et al., 2012). Zhuo et al.
(2012) reported increased contralateral expression of GFAP and increased MK
in the same regions seven days after induction of traumatic brain injury. We
found no such significant association in our data. The differences in the nature
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of injuries under study (7 days after traumatic brain injury, i.e. in the subacute
phase vs chronic state 8 weeks after stroke) could explain the differing observations. Besides, traumatic brain injury often displays damage on the contralateral
hemisphere, which is not necessarily the case in stroke models.
While our results indicate that diffusion parameters in the relatively unaffected
contralateral brain tissue are more straightforwardly associated with underlying
tissue structure, data from the ipsilateral hemisphere reflect loss of such a correlation in case of significant tissue abnormality as a result of stroke injury. This
brings us to the question as to whether diffusion-related contrasts should, for some
reason, be expected to show specific behaviour vis-a-vis histological stainings at
all, and if so why?
From the perspective of MRI acquisition, diffusion-weighted scans probe tissue
microstructure. The fact that diffusion signal is mostly influenced by the structural
organization of the different tissue constituents rather than to the sheer amount
of different substances is fairly well established (Basser, 1995). The diffusionweighted signal from a voxel of MRI data represents the summation of the effects
that all the microstructures in that voxel have on diffusing water molecules. However, many different micro-environments may lead to similar diffusion-weighted
signals, making it a many-to-one mapping (Mulkern et al., 2009; Yablonskiy and
Sukstanskii, 2010; Wang et al., 2011). Besides, the obtained voxel signal is an
average of all such micro-structural effects. Thus, the inverse problem of teasing
out the sources from diffusion-weighted signals is complicated, unless, only few
microstructures dominate the signal formation process. Hence, unless one of the
constituents depicted by the stains had the most profound influence on the diffusion signal and the rest in combination or otherwise had none, results from such
an analysis would be hard to interpret. We attempted to satisfy this constraint
by restricting analysis to a small 3x3 voxel grid of MR data and sub-voxel-sized
histology sections.
The picture from the perspective of cerebral changes that continue to manifest into chronic stages after stroke is not a simple one either. Processes like
neuronal degeneration, neuronal plasticity, reactive astrogliosis, extracellular matrix modification, glial scar formation, etc., occurring in concert or independently,
dynamically alter the (micro)structural status of remodeling brain tissue during
recovery from stroke. However their effect on MR diffusion signals can be different, or sometimes even similar. Given the difficulty in disentangling the sources
of diffusion-based signals, associating specific diffusion parameter changes to particular biological processes is even more fraught with difficulties, unless at most
a few dominant biological processes are at play. Thus, the myriad pathological
and plastic processes in post-stroke brain, combined with the non-specific nature
of MR diffusion signal formation, should be carefully taken into account when
interpreting changes on DTI/DKI-based tissue maps.
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Our proposed approach at quantifying the relationship between MRI and histology data based on length-scale decomposition does seem to elicit several correlations which would otherwise go undetected. Eventually, approaches such as the
one proposed here, or recently proposed by Budde and Frank (2012), may improve
our understanding of the interaction between diffusion parameter changes and the
underlying tissue microstructure.
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Supplementary data

Figure 4.9: Comparison of contralateral (cl) and ipsilateral (il) mean DKI and DTI
parameters eight weeks after 105min MCAO. Data were obtained from manually
outlined ROI in 22 rat brain samples. DTI: Results from DTI fit. DKI: Results
from DKI fit. Paired t-tests revealed that most parameters showed a significant
difference between ipsi- and contralateral ROI (* p<0.05).
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Figure 4.10: Dice similarity index (DSI) and Overlap coefficient (OVC) between
thresholded WM incidence map pairs at various thresholds. A threshold of 1
corresponds to all ν <= 0.2 and a threshold of 20 corresponds to ν=0.005.
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Chapter 5. Estimation using complex-valued data

Abstract
In MR image analysis, calculation of T1 , T2 and T2∗ maps is generally accomplished
using magnitude MR data. Without knowledge of the underlying noise variance,
parameter estimates at low SNRs are usually biased. This leads to confounds in
studies that compare parameters across SNRs, or across scanners, or in studies
involving contrast agents. This article presents a strategy which uses complexvalued MR data to achieve unbiased estimation of MR relaxation parameters
without knowing the noise variance.
The proposed method synergistically combines modeling of complex-valued
data and separable least-squares, enabling estimation of relaxation and phaserelated parameters without additional pre-processing. Simulations covering various aspects of parameter variation, and validation on noise-degraded experimental
measurements were performed to compare our approach with common magnitudebased estimators.
Simulations and experimental results demonstrate the superior bias-variance
performance of the proposed method across various parameter and SNR combinations, even in comparison with magnitude-based estimators that account for
Rician noise characteristics.
The proposed technique of fitting parameters to complex-valued data provides
a robust multi-purpose approach for parametric mapping that can be more effective than commonly used magnitude-based estimators. It can additionally provide
phase maps and field maps, which were hitherto unavailable with magnitude-based
methods. Due to the separable nature of many MR estimation problems, these
ideas may be extended to other parameter estimation scenarios.

5.1

Introduction

Quantitative MRI serves as the bedrock of a major part of MR research Tofts
(2003); Yankeelov et al. (2011). This involves determining maps of tissue-specific
parameters like T1 , T2 , T2∗ etc. The changes in these parameters are indicative of
differences between tissue states and types, e.g., healthy vs diseased tissue, and
are thus key to our understanding of the underlying biological processes. Hence,
considerable effort has been spent on investigating methods that yield accurate
estimates of parametric maps.
Though MR data are obtained in complex-valued format, nearly all T1 , T2
and T2∗ parametric mapping methods use magnitude information only. It is well
known that most parameter estimation techniques inherently assume Gaussian
noise characteristics, even though the noise in MR magnitude images is Ricedistributed Haacke et al. (1999). Thus, these techniques are inherently prone to
be biased in their estimates. Most researchers justify this approach by relying
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on the assumption that the SNR is high, so that the Rician noise distribution is
approximately Gaussian.
However, the assumption of (near) Gaussian noise is often violated, at least in
parts of the acquired data (in later echoes in T2 , T2∗ measurements, or at locations
distant from surface coils, etc.). This violation leads to unaccounted, techniquedependent instances of bias and excess variance in the parameters obtained. This
makes cross-comparison within or across studies involving data of varying SNR
less robust, and may even lead to wrong conclusions. Thus, techniques that have
least bias and variance in estimating the parametric maps, especially at low SNRs,
are of fundamental interest to the quantitative MR community. Though correcting
the bias in magnitude-based methods is possible by accounting for the Rician noise
distribution Sijbers et al. (1999), this additionally requires an estimate of noise
variance, which is rarely integrated into the parameter estimation procedures.
We hypothesize that, if parameters are estimated directly from the complexvalued data, asymptotic unbiasedness can be achieved without knowledge of the
noise variance, since the noise in the real and imaginary channels of the complexvalued data is known to be Gaussian Haacke et al. (1999). To this end, one would
have to account for phase in the complex MR data during the fitting procedure.
Since phase wrapping (in space) occurs frequently, the perceived signal polarity
in space may readily change sign. Besides, the use of optimization routines that
estimate signal magnitude simultaneously with phase is confounded by the fact
that phase perturbations around multiples of π/2 would require signal polarity
changes for smooth convergence. Thus, fitting to complex-valued data is seldom
pursued. Instead, the complex-valued data can be phased so as to retain only realvalued data for the estimation procedure Cusack and Papadakis (2002). Though
this procedure can yield unbiased estimates, it involves costly phase-unwrapping
routines which may also fail at low SNR. These constraints have hindered the
estimation of parametric maps by fitting to complex-valued data.
Numerous attempts to include phase information have been made in the context of T1 mapping Park et al. (1986); Bakker et al. (1984); Gowland and Leach
(1991); Ahn and Cho (1987). Additional reference scans were used to phase-correct
inversion-recovery data, in order to retain signal polarity information Park et al.
(1986). However, the need for additional scans is a major drawback. Other postprocessing polarity-restoration techniques have also been reported Bakker et al.
(1984); Gowland and Leach (1991). The main motivation for these attempts in
inversion-recovery T1 mapping was that, parameter estimation from smooth, true
polarity magnitude data was known to yield superior estimates of T1 compared to
fitting absolute magnitude data Gowland and Leach (1991). Yet, polarity restoration of magnitude data still introduces errors at low SNR points due to the nonzero
Rician noise floor level Gowland and Leach (1991). Another comprehensive attempt at zero and first order phase correction has been reported in Ahn and Cho
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(1987). All these techniques are pre-processing steps before the actual parameter
estimation, and thus the error induced by them will propagate to the parameter
estimates.
In what follows, we propose a technique of obtaining parametric maps directly from complex-valued MR datasets without involving pre-processing steps
like spatial phase unwrapping or polarity restoration. This technique, a preliminary version of which was discussed in Rudrapatna et al. (2012a), exploits the
data-modeling aspect of the estimation procedure more effectively than the approaches based on magnitude-data. The crux of the proposed technique is, it
decouples the estimation of phase and magnitude information during the fitting
procedure using a separable (or partitioned) least-squares approach Golub and
Pereyra (2003); Saber and Wild (2003). Both in simulations and in measured
data, this approach showed useful gains in reducing the bias and variance of the
estimated parameters, in comparison with the customary estimation procedures
which use magnitude data. Besides this fundamental advantage, this approach can
provide other useful parameters as by-products from the same fitting procedure
(e.g., field maps, in case of T2∗ mapping).
Although this study focuses on T1 , T2 and T2∗ estimation, the proposed modeling technique may be used effectively in other similar circumstances, given that
most MR signals are separable in nature. i.e., they can be written as a sum of
scaled non-linear functions.

5.2

Theory

A non-linear estimation problem which can be expressed in the form
yi =

n
X

aj fj (α, ti )

(5.1)

j=1

where yi denote the observed data, ti are independent variables, aj are scalars
and fj are non-linear functions of α (the set of non-linear parameters) and ti , is
said to be separable. Note that among the parameters to be estimated, namely aj
and α, the aj enter the equation only in a linear manner, unlike α. This kind of
estimation problem can be efficiently solved using separable least-squares Golub
and Pereyra (2003); Saber and Wild (2003). In this approach, an optimization
routine updates only the non-linear parameters in each iteration. The linear parameters are internally estimated using linear least-squares while minimizing the
objective function, and thus are not part of the non-linear optimization. This
strategy has several advantage over involving aj also in the optimization, namely,
it facilitates working in a reduced parameter space, involves fewer initial guesses
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and it is known to converge much faster Golub and Pereyra (2003); Saber and
Wild (2003).
We note that MR parameter estimation problems are linear in proton density, but non-linear in other parameters (T1 , T2 , T2∗ , phase etc), and thus can be
represented as in Eq.5.1. Taking a separable least-squares approach to obtaining
parametric maps essentially decouples the proton density estimation (linear part)
from the estimation of the non-linear parameters. Thus, in the context of relaxation parameter mapping, this procedure gives a free reign to polarity of proton
density, as it is estimated after an update of the non-linear parameters and not
along with them. Thus, a transition in phase around π/2 boundaries will manifest
as proton density polarity changes, but would not abruptly change the objective
function, as would have been the case if we were to simultaneously vary both proton density and non-linear parameters during the optimization (as in a regular,
non-separated least-squares approach). This additional freedom to let the polarity
of proton density vary freely is what is exploited in the proposed method.
Based on this working principle, we hypothesize that applying this technique
on complex-valued MR datasets would yield more accurate estimates of the involved nonlinear and linear parameters since the noise in the real and imaginary
parts of the complex datasets are known to contain additive white Gaussian noise
(AWGN), and thus the estimation procedure would not be biased as in the case
of techniques based on magnitude data, which are affected by Rician noise. Besides, this procedure is expected to yield robust phase maps too. In the case of
T2∗ estimation, the underlying field inhomogeneities will impart additional phase
changes, but these can also be modeled in the same separable framework. Such a
T2∗ complex data fitting routine can thus additionally yield a field-inhomogeneity
map as a by-product.
For this study, we consider three frequently addressed parameter estimation
problems, namely T2 , T2∗ and T1 estimation. In particular, we choose to study
the data models resulting from the commonly used multi spin-echo and multi
gradient-echo acquisitions for T2 , T2∗ estimation, respectively, and Look-Lockerbased acquisition for T1 estimation Diechmann and Haase (1992). We model the
complex-valued data acquired using these sequences as follows. For T2∗ data, the
signal equation is modeled as
−

s(n) = Ae

te(n)
T2∗

∗ ejθ + η(n), θ = φ0 + 2π∆f te(n), n = 1, 2, . . . N.

(5.2)

where A denotes proton density, te(n) refers to echo times, φ0 refers to the initial
phase, ∆f refers to off-resonance frequency and η(n) refers to complex AWGN.
For T2 data, we need to replace T2∗ in Eq.5.2 with T2 and set ∆f = 0. φ0 can
result from imperfect RF excitation or residual eddy currents or phase mismatch
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between transmit and receive coils (if they are different, as in the case of our
experimental set-up).
For Look-Locker T1 data, the signal equation is modeled as Haacke et al.
(1999); Diechmann and Haase (1992)


T I(n)
)
(1− B
s(n) = A 1 − (B/A) ∗ e A T1 ∗ejφ0 +η(n), T I(n) = (n−1)τ, n = 1, 2, . . . N.
(5.3)
where T I(n) refers to the inversion time points, and τ and B/A are constants
(B/A ≈ 2.0). The other parameters are as for Eq.5.2.
We see in the above equations that the real and imaginary components of
the data have the same linear scaling factor (i.e., proton density). Thus, after
performing an Euler expansion of the complex-valued data, we can concatenate
the non-linear parts of the real and imaginary channels into a single vector, with
one linear scaling factor. Essentially, this is the vector we fit to, using the separable
least-squares routine. For example, the matrix equivalent of Eq.5.2 is


−

te(1)
T2∗

∗ cos(φ0 + 2π∆f te(1))
 e
Re(s(1))

..



..
.



.
)


 − te(N
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Re(η(N )) 
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Im(η(1)) 


..

.
Im(η(N ))

We can clearly recognize that this matrix equation is separable.

5.3

Methods

Simulation studies
Simulations were performed to study the benefits of the proposed procedure in
T2 , T2∗ and T1 estimation. Complex-valued MR data were generated with Eq.5.2
for T2∗ and T2 (since spin-echoes re-focus field inhomogeneities, ∆f was set to 0)
and Eq.5.3 for T1 data. The parameters used in the simulations correspond to the
actual settings used in the experiments (next section).
For simulating T2 data, four T2 values, representative of those found in human
and animal brains at 4-11T were used (20, 40, 60 and 80ms) with an echo spacing
of 12ms and N=12. The initial phase (φ0 ) was varied from 0 to 315◦ , in steps of
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45◦ (8 settings). Three SNR scenarios were simulated with Gaussian noise standard
deviation (σ) being the same in both real and imaginary channels, such that SNR
(A/σ) was 30, 20 or 10, with A=1 in all simulations. Data were simulated for
1000 voxels under each of the SNR, φ0 and T2 combinations, leading to a total of
96,000 (3 × 8 × 4 × 1000) time series data.
For simulating T2∗ data, four representative T2∗ values (10, 20, 30 and 50ms)
were chosen with an echo spacing of 2.5ms and 25 (N) echoes. Eight initial phase
settings and three SNR scenarios were chosen, as in the case of T2 data simulation.The field inhomogeneity term, ∆f , was set to one among -10, 0, 25, 50 or 100
Hz. Time series for 1000 voxels were simulated for each combination of SNR, φ0 ,
T2∗ , and ∆f , leading to 480,000 time series data.
T1 Look-Locker data were simulated using five representative T1 values ranging
from 0.5s to 2.5s, in steps of 0.5s, with T I(n) = 56 + (n − 1)48 ms, n = 1 . . . 149,
reflecting parameters from a Look-Locker sequence on a 9.4T system. Eight initial
phase settings were chosen, as described earlier. The chosen SNRs in this case
were 5, 3 and 2 (given the large N) and A was set to 1.0. B was set to 2.0 in the
simulations (reflecting perfect inversion). Thus, we had a dataset of 120,000 T1
time series.
We compare the performance of the proposed scheme, which we refer to as partitioned least-squares with complex-valued data (PLC), with those of schemes that
estimate T2 or T2∗ from magnitude data. For the latter, four different estimation
procedures were chosen, viz. logarithm-based linear method (LGM), non-linear
fit-based on Levenberg-Marquardt optimization (LMQ), partitioned least-squares
on magnitude data (PLM) and Maximum-Likelihood estimator under Rician noise
distribution (RML) Sijbers et al. (1999). Among the methods chosen, LGM and
LMQ are the techniques most commonly reported on, in the literature. Among
the magnitude-based methods, RML is the only procedure that recognizes the
Rician nature of the underlying MR data. However, RML is different from other
estimators since it needs an estimate of the noise variance as an additional input
parameter. This is a controlled parameter in our simulations and thus we use the
exact value for estimations based on RML. Among the five routines, PLC, LGM,
PLM and RML were implemented in-house using Matlab. LMQ was based on a
publicly available ITK toolkit Bigler et al., which is routinely used in our lab for
obtaining parametric maps.
It is generally known that magnitude-based methods (especially LGM) tend
to be biased, especially at shorter T2 and T2∗ Sijbers et al. (1999). To alleviate
this, researchers have often used data-weighting or noise-thresholding during the
fitting procedure. To study the influence of these options on the performance of the
algorithms, we performed estimations with LGM and PLM under combinations
of weighted data analysis and noise thresholding. For weighted data analysis, the
magnitude of the data points were used as weights. When noise-thresholding was
used, thrice the noise standard deviation (3σ) was set as the threshold.
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LMQ implementation did not permit noise-thresholding on a voxel-by-voxel
basis or weighted analysis. Since the performance of LMQ and PLM were found
to be similar, we only used weighted and noise-thresholded PLM and LGM for
comparison with PLC and RML. Since RML is supposed to model the Rician
noise, neither of the above modifications should be needed for its functioning.
RML was also implemented in a partitioned manner, with the linear parameter being estimated by an unconstrained minimization of the objective function
designed for the Rician noise model Sijbers et al. (1999). The core optimization
routine used for PLM, RML and PLC was the same (derivative free, boundconstrained Nelder-Mead simplex optimization D’Errico), and had the same settings to determine convergence.
While estimating T2∗ and associated parameters, we found that the convergence
of PLC was faster with an informed choice of the starting values for φ0 and ∆f . For
each time-series, these were estimated by a weighted linear fit to the unwrapped
(1D) phase of the complex-valued data. The starting values for φ0 and ∆f were
the intercept and the slope of the fit. The starting value of T2∗ was left at the
upper bound of 100ms.
For estimating T2 , one could use the same algorithms used for estimating
T2∗ . Given the prior knowledge that spin-echoes refocus field inhomogeneities, one
could either force ∆f term to 0, or eliminate it altogether. We retained the ∆f
parameter during T2 estimation to verify if the estimated ∆f map would indeed
be around 0 Hz.
For comparing the performance of the proposed scheme on T1 data, we used
the same techniques used in T2 and T2∗ (except LGM), but now designed for T1
estimation. However, we bettered the signal polarity restoration in LMQ, since
that significantly improved the T1 estimates. Though B in Eq.5.3 was set to 2.0
in simulations, it was a parameter to be estimated during the mapping procedure.
The comparison across methods is depicted by box-plots of the estimated parameters. The bottom and top of the boxes represent the lower and upper quartiles, and the band near the middle of the box represents the median. The lower
and upper ends of the whiskers represent the lowest datum still within 1.5 inter
quartile range (IQR) of the lower quartile, and the highest datum still within 1.5
IQR of the upper quartile. To obtain informative plots, outliers (above 3.0 IQR
from median and below 3.0 IQR from median) were left out from the plots, but
their numbers are reported in the tables.

Studies on experimental data
To verify the efficacy of the proposed method on acquired experimental datasets,
high SNR T2 (multi spin-echo) and T2∗ (multi gradient-echo) datasets of in-vivo rat
brain under 2% isoflurane anesthesia were acquired in a single session on a 4.7T
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system, with the same 2D multi-slice planning (FOV: 32mm×32mm, matrix size:
128×128, 1mm thick coronal slices). Repetition time (TR), excitation flip angle
and number of averages were set to 4.0s/90◦ /1 and 1.8s/90◦ /1, respectively, for T2
and T2∗ acquisitions. These data were acquired with volume coil transmission and
surface coil (2.5cm diameter) reception. The surface coil was placed horizontally
on top of the rat (perpendicular to the acquired slices), leading to huge SNR
variations within the slice.
Reconstructed complex-valued datasets resulting from these scans were incrementally degraded by adding complex AWGN and parametric maps were estimated at each stage using LMQ, PLM and PLC, without data-weighting or noise
thresholding. The SNR degradation was controlled in a manner to reveal the
relative robustness of these methods to additional noise.
In the original T2 dataset, for the slice considered for analysis, the SNR in the
first echo was estimated to vary from 94 at regions closest to the surface coil to
28, in the lowest parts of the brain. This dataset was degraded with additional
complex AWGN such that the maximum SNR was reduced in three steps to approximately 24.2, 16.3 and 12.5. The minimum SNR correspondingly reduced to
approximately 7.3, 4.9 and 3.8, respectively. Similarly, in the first echo of the T2∗
dataset, the original SNR in the slice considered was estimated to vary from 122
to 33. The SNR was degraded in three steps such that the maximum SNR was
reduced to approximately 13.7, 9.2 and 6.8. The minimum SNR correspondingly
reduced to approximately 3.7, 2.5 and 1.8, respectively. These SNR scenarios are
similar in ranges to those used in the simulations.
To verify the performance of the PLC T1 mapping routine, a high SNR LookLocker sequence (FOV: 32mm×20mm, 1mm thick axial slices, matrix size: 64×64,
flip angle: 10◦ , TR: 9.0s, averages: 2) was performed on a post-mortem perfusionfixed rat brain sample in a 9.4T system. The comparison of various estimation
procedures was performed as in the case of comparison of T2 and T2∗ estimators.
For this analysis, typical SNR values observed at the first TI point (which
was the maximum of all TI points for most voxels) was about 120 in the original
dataset. This was reduced in three steps to approximately 15.1, 7.6 and 5.0.
Thus the SNR scenarios considered here are slightly higher than those used in the
simulations.
The animal experiments from which data have been used for this article were
all performed with approval from the Utrecht University Ethical Committee on
Animal Experiments and followed the guidelines of the European Communities
Council Directive.
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5.4

Results

T2∗ Estimation
The simulation results reported in this section include contributions from estimates under all initial phases (φ0 ) and frequency offsets (∆f ), unless presented
separately.
Fig. 5.1 compares the performance of LMQ, PLC and RML with noise-thresholded
LGM and PLM T2∗ estimators. We included noise-thresholded versions of LGM
and PLM in this comparison, because, without noise thresholding, results from
LGM were severely biased, especially at short T2∗ values (supplemental information
Fig. 5.7). By noise-thresholding, bias in both LGM and PLM could be reduced
(supplemental information Fig. 5.8). However, data-weighting did not improve
the estimates further. Hence we decided to include noise-thresholded versions of
LGM and PLM in the comparison.
We find that across various T2∗ values, PLC performed the best in terms of
bias and variance across all SNRs. Only the higher SNR scenarios are reported
here, since, at the low SNRs, noise thresholding severely affects the performance of
LGM and PLM. A closer comparison between the best two estimators, RML and
PLC is shown in supplemental information Fig. 5.9. These results clearly show
the superiority of PLC at short T2∗ , compared to RML, without the need for an
estimate of noise variance. Although in these simulations, we could use the true
noise variance values for RML, in actual experiments, one needs to estimate it from
the acquired data, adding further uncertainty to the estimates obtained. Thus,
the balance tilts in favour of PLC. Table 5.1 shows the corresponding statistics
obtained at SNR of 20. We find that while LMQ shows higher bias, LGM and
PLM show greater standard deviation, thus leaving RML and PLC as the best
estimators in this category. The influence of initial phase (φ0 ) and frequency
offset (∆f ) on T2∗ estimation using PLC was found to be minor (see supplemental
information Fig. 5.10).
Fig. 5.2a shows maps of representative T2∗ and associated parameters obtained
using PLC on an in-vivo multi gradient-echo rat brain dataset acquired at 4.7T.
Notice that the initial phase and field inhomogeneity estimates would not be
obtained by using any of the magnitude based estimation methods. Also, we
note that in regions where |∆f | > 200Hz, the estimated proton density and other
parameters would be inaccurate, owing to the violation of the Nyquist criterion.
The Nyquist frequency for the sampling rate used in the experiment is 200Hz.
Fig. 5.2b shows the comparative performance of LMQ, PLM and PLC on
incrementally SNR degraded T2∗ datasets. We did not use noise-thresholding on
PLM since the lower parts of the brain which typically have low SNR were left
with too few points for fitting. These results corroborate the simulation studies
and show that PLC estimates T2∗ much more robustly than LMQ or PLM at low
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Figure 5.1: Comparison of various T2∗ estimation procedures for two SNR values
and three different T2∗ scenarios. LGM and PLM used noise thresholding, while
LMQ, RML and PLC did not use noise thresholding (see main text for reasoning
behind the choice).

SNR. RML was not included in the comparisons since its performance was only
slightly inferior to that of PLC in the simulations.

T2 Estimation
Since the procedures for T2 measures were the same as for T2∗ estimation, we
found similar comparative performance among the estimators. Accordingly, we
only present simulation results for the comparison of LMQ, RML and PLC in
Fig. 5.3, which includes contributions from all initial phase conditions. This comparison clearly reveals the superiority of PLC, especially at low SNR and short T2
values. Comparative results at SNR of 20 are summarized in Table 5.2. T2 estimation using PLC was found to be independent of the initial phase (supplemental
information Fig. 5.11).
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Algo
LGM
LMQ
PLM
RML
PLC
LGM
LMQ
PLM
RML
PLC
LGM
LMQ
PLM
RML
PLC
LGM
LMQ
PLM
RML
PLC

T2∗ (ms)
10

20

30

50

Mean (ms)
10.26
11.52
10.24
10.40
10.06
20.23
20.97
20.31
20.24
20.06
30.23
30.61
30.39
30.12
30.06
50.24
50.56
50.56
50.15
50.14

Std.Dev (ms)
1.78
1.07
1.41
0.98
0.82
2.24
1.15
1.84
1.19
1.11
2.64
1.54
2.20
1.56
1.52
3.40
2.75
2.84
2.75
2.73

%Outliers
2.44
0.97
2.16
1.09
1.00
1.32
0.78
1.41
0.77
0.74
1.02
0.83
1.03
0.83
0.83
0.82
1.02
0.95
1.02
1.04

Table 5.1: Results from T2∗ simulations at SNR=20. LGM and PLM used noise
thresholding, while LMQ, RML and PLC did not.

Fig. 5.4a shows the estimated T2 and associated parameters from in-vivo multispin-echo rat-brain scans. As expected for a spin-echo, the “apparent B0 inhomogeneity” is negligible. Fig. 5.4b shows the comparative performance of LMQ,
PLM and PLC under worsening SNR scenarios, again revealing the superior performance of PLC.

T1 Estimation
Fig. 5.5 compares the performance of various T1 estimation procedures without
weighting or noise thresholding. This figure reveals that PLM out-performs LMQ
by a large margin and also seems to do better than RML under the conditions
simulated. However, PLC still turns out to be the best overall performer, especially at longer T1 values and at low SNR. Since the data were simulated with low
SNR, noise thresholding (at 3σ) typically left fewer data points to fit and thus
led to poor fits. Thus, we were left with verifying if data weighting improved the
performance of PLM. We find that it only marginally reduces the variance but
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Estimated parameters from a coronal rat brain slice using PLC. Left to right:
estimated T2∗ (0 to 70ms), phase (−π to π), B0 inhomogeneity (-150 to 250
Hz), proton density (arbitrary units).

Effect of decreasing SNR on estimated T2∗ (0 to 70ms) in a coronal rat brain
slice. Left to right: decreasing SNR. Top row: LMQ, middle row: PLM,
bottom row: PLC. PLM estimates did not use noise thresholding or data
weighting.

Figure 5.2: Results from an experimental T2∗ dataset.
introduces additional bias (supplemental information Fig. 5.12). Table 5.3 shows
the statistics obtained at an SNR of 3. Though it may seem from Fig. 5.5 that the
performance of RML suddenly drops at T1 =2.5s at SNR of 3, we can verify from
Table 5.3 that it is only apparently so, since there is a huge spurt in the outliers
at T1 =2.0s, which masks the actual degradation in performance.
Fig. 5.6a shows estimated T1 and associated parameters obtained using PLC on
an axial slice of a perfusion-fixed post-mortem rat brain dataset. Fig. 5.6b shows
the performance of LMQ, PLM and PLC estimators on datasets with progressively
degraded SNR, clearly showing the superiority of PLC at low SNRs, as predicted
by the simulations. In fact, the superior performance of PLC continued to even
lower SNR scenarios (as predicted by simulations), where LMQ completely broke
down.
In addition to incrementally adding noise to the T1 dataset, we also did an
experiment where we dropped the acquired TI time-points at regular intervals,
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Figure 5.3: Comparison of T2 estimation using LMQ, RML and PLC under different SNR and T2 conditions.
Algo
LMQ
RML
PLC
LMQ
RML
PLC
LMQ
RML
PLC
LMQ
RML
PLC

T2 (ms)
20

40

60

80

Mean (ms)
25.75
22.83
20.43
43.20
41.47
40.29
61.98
60.83
60.36
81.67
80.72
80.49

Std.Dev (ms)
5.21
4.69
3.32
4.03
4.19
3.78
4.82
4.90
4.73
6.15
6.19
6.09

%Outliers
1.61
2.41
1.77
0.89
0.86
0.90
1.35
1.35
1.19
1.05
1.02
1.14

Table 5.2: Results from T2 simulations at SNR=20.

as an alternative way of reducing SNR. In this scenario too, we found a better
performance using PLC as compared with magnitude based methods (results not
shown).
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Estimated parameter maps of a coronal rat brain slice using PLC. Left to
right: estimated T2 (0 to 100ms), phase (−π to π), apparent B0 inhomogeneity
(-1 to 1 Hz), proton density (arbitrary units).

Effect of decreasing SNR on estimated T2 (0 to 100ms) in a coronal rat brain
slice. Left to right: decreasing SNR. Top row: LMQ, middle row: PLM,
bottom row: PLC.

Figure 5.4: Results from an experimental T2 dataset.

5.5

Discussion

Our results from simulations and experimental data strongly suggest that the proposed method of using complex-valued data to perform T1 , T2 and T2∗ estimation
will result in both superior accuracy and precision, even when compared with
techniques that take into account the Rician noise characteristics in magnitude
data (RML). This improved performance could be achieved without additional
information on noise variance and can provide more flexible resolution and SNR
trade offs. Data weighting and noise thresholding, which have been found to improve magnitude-based estimation procedures, were observed to be redundant in
our method, thus removing the need of involving heuristically chosen thresholds
and weights. Neither does our method require spatial phase unwrapping. On the
contrary, it is capable of providing a phase map (could be wrapped though) and a
field map (for T2∗ estimation) as by-products. These results are all the more interesting, as the push towards higher field strengths continues, leading to shortening
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Figure 5.5: Comparison of various T1 estimation procedures. Top row: SNR=5,
bottom row: SNR=3. Left column to right: different T1 scenarios simulated. The
estimators did not use noise thresholding or weighting.

of T2 values and lengthening of T1 , which are indeed the most difficult scenarios for
estimation with magnitude-based approaches, as shown in the simulation results.
Accordingly, the provided approach could ensure superior parameter estimates
across various SNR and parametric value combinations for the relevant scans. We
now briefly discuss the possible reasons for the observed superior performance of
PLC.

Why does PLC perform best?
Solutions to estimation problems are influenced by three aspects, namely data
modeling, estimator design, and implementation. The proposed method models
the true MR data acquisition in contrast to all magnitude-based methods apart
from RML, and thus has an inherent advantage. While improper data modeling
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Estimated parameter maps of an axial rat brain slice using PLC. Left to
right: estimated T1 (0 to 1.75s), parameter B/A (1.75 to 2.25), phase
(−π to π), proton density, A (arbitrary units).

Effect of decreasing SNR on estimated T1 (0 to 1.75s) in an axial rat
brain slice. Left to right: decreasing SNR. Top row: LMQ, middle row:
PLM, bottom row: PLC.

Figure 5.6: Results from an experimental T1 dataset.
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Algo
LMQ
PLM
RML
PLC
LMQ
PLM
RML
PLC
LMQ
PLM
RML
PLC
LMQ
PLM
RML
PLC
LMQ
PLM
RML
PLC

T1 (s)
0.5

1.0

1.5

2.0

2.5

Mean (s)
0.58
0.49
0.55
0.50
1.15
0.96
1.10
1.00
1.72
1.42
1.59
1.50
2.21
1.88
2.06
2.00
2.64
2.32
2.06
2.50

Std.Dev (s)
0.26
0.09
0.12
0.08
0.43
0.14
0.18
0.11
0.58
0.17
0.23
0.13
0.67
0.21
0.25
0.15
0.70
0.25
0.85
0.17

%Outliers
19.75
2.36
4.08
0.94
11.35
1.05
1.34
0.72
5.95
1.31
4.67
0.79
5.38
1.18
12.90
0.65
5.96
2.06
0.35
0.86

Table 5.3: Results from T1 simulations at SNR=3.

could be the reason for the relatively poor performance of LGM, PLM and LMQ,
the superior performance of PLC as compared with RML should have a different
cause.
When the existence of a minimum variance unbiased (MVU) estimator is hard
to verify or known not to exist, maximum-likelihood estimators (MLE) are generally the preferred choice because of their guaranteed asymptotic optimality under AWGN Kay (1993). Except LGM, all methods compared in this article are
designed as MLE. Since PLM, PLC and RML used the same optimizer, the implementation of PLC alone could not have led to its superior performance.
Though RML and PLC are expected to perform similarly in the asymptotic
sense, their behaviour under finite and small sample sizes could be different. This
perhaps explains the superior performance of PLC. An observation that supports
this idea is that, although both T2 and T2∗ estimation used the same estimators,
PLC and RML performed nearly similarly during T2∗ estimation, but showed larger
differences in T2 estimation. A key difference between these datasets was their
sample size (N=25 for T2∗ estimation, N=12 for T2 estimation). Our results suggest
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that in practical situations, where finite and relatively small number of points are
available to estimate the parameters, PLC will outperform RML.
As for T1 estimation, we find that the separable methods (PLM and PLC)
convincingly outperform LMQ. An important difference between these methods
was that LMQ inherently does a signal polarity restoration step, unlike PLM and
PLC. The errors at this stage could have propagated and degraded T1 estimation.
While signal polarity restoration could help methods that try to estimate the
proton density along with T1 , it seems unnecessary in the case of a separable
problem, be it with magnitude data or complex-valued data. This endorses the
advantage of employing separable methods.

Limitations of PLC
The use of complex-valued data for parametric mapping assumes that the phase
evolution at a given voxel location can be deterministically modeled. However,
scenarios where unexpected phase deviations can occur, as in the case of eddycurrent induced phase changes in diffusion-weighted data, or those arising from
flow and motion, are relatively hard to model. Such scenarios may warrant more
elaborate phase models or may not benefit from this approach. Phase inconsistency in simple models such as the ones proposed here, if detected, may point to
fundamental hardware issues, and thus could be of value in ensuring the healthy
functioning of the scanners.
In the reported implementation of PLC, we have accounted only for the spatially static phase in T2∗ estimation. However, it is known that higher order spatial
phase changes within a voxel (due to background gradients) can alter gradientecho signal magnitude in different ways de Leeuw and Bakker (2012); Bakker
et al. (2006). Effects of such higher order spatial phase changes have not been
incorporated in the present implementation of PLC.
An important limitation of using PLC in T2∗ estimation is that, for proper
estimation of B0 inhomogeneity, one must sample the T2∗ envelope at least at twice
the maximum B0 frequency deviation, to avoid aliased phase values. However, this
can be countered by increasing the acquisition bandwidth. Though this procedure
will lead to a decrease in spatial SNR, the increased number of points available
for fitting may mitigate that effect.

Applicability in other scenarios
We chose typical T1 , T2 and T2∗ estimation techniques to study the efficacy of
PLC. However, there are other imaging protocols e.g., Inversion/Saturation recovery Haacke et al. (1999), variable flip angle methods like DESPOT1 Deoni
(2007), TAPIR Steinhoff et al. (2001), TriTone Fleysher et al. (2008) etc., for T1
estimation and DESPOT2 Deoni et al. (2005) for T2 estimation. Although, in
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principle, the complex-valued data fitting approach can be extended to most of
these methods, the phase-stability of the scanner is critical for obtaining proper
estimates. For this reason, multi-echo approaches will benefit most from the proposed technique, as compared to other protocols, where phase evolution may be
less stable.
We have addressed the most commonly used least-squares framework (apart
from RML) to estimate the relaxation parameters in this article. However, there
are other mathematical frameworks to estimate MR relaxation parameters (e.g.,
Bayesian data models). It may be worth exploring similar extensions in those
frameworks too.
Besides T1 , T2 and T2∗ measurements, applications like multi-component T2
estimation Reiter et al. (2009), or absolute temperature mapping Sprinkhuizen
et al. (2010) could also benefit from this approach. In fact, one of the most
successful applications of separable least-squares using complex-valued data has
been in MR spectroscopy Mierisova et al. (1998). The proposed approach is yet
another recognition of the separable nature of MR data, and has been shown to
be effective for parametric mapping.

5.6

Conclusions

With studies on simulated and experimental data, we have presented a case in
favour of using complex-valued data to estimate fundamental MR parameters like
T1 , T2 and T2∗ instead of the usual procedure of using magnitude data. Results
from these experiments support our hypothesis that such an approach will yield
better bias/variance trade-off in estimating these parameters than magnitudebased methods. The performance of the proposed technique was shown to be
superior even in comparison to magnitude-based estimators which model the underlying Rician noise characteristics. Moreover, this approach can yield additional
useful information like phase maps and field-maps as by-products.
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Supplementary data

Figure 5.7: Comparison of various T2∗ estimation procedures. Top row to bottom
row, various SNRs. Left column to right, different T2∗ scenarios. The procedures
did not use noise thresholding or weighting.
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Figure 5.8: Influence of noise thresholding and weighted data analysis on T2∗
estimation using LGM and PLM. WW indicates analysis with weighting and NW
indicates no weighting. WN indicates analysis with noise-thresholding (at 3σ) and
NN indicates analysis with no noise thresholding.
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Figure 5.9: Comparison of RML and PLC in T2∗ estimation under different SNR
and T2∗ conditions.
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Figure 5.10: Influence of initial phase (φ0 ) denoted in different colours and field
inhomogeneity frequency offset (∆f ) on separate rows, on T2∗ estimation using
PLC.
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Figure 5.11: Influence of initial phase (φ0 ) denoted in different colours on T2
estimation using PLC.

Figure 5.12: Effect of weighted analysis using PLM in estimating T1 values. NW:
No weighting, WW: With weighting.
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General discussion
The main focus of the work presented in this thesis was to assess the benefits of
some of the recently proposed functional and structural diffusion MRI contrasts
in brain imaging, in the context of experimental neuroscience. This involved
aspects related to acquisition, estimation and interpretation of MRI data, which
by themselves are major disciplines within the inter-disciplinary MRI research.
Each of these aspects have shaped the development of this thesis in their own
way. Here, a look-back at what their major influences were, is presented.

Acquisition
The chain of events that constitute an MRI study can be broken down into six
phases, namely a) Formulation of research plan b) Preparing the biological system
for study c) MRI Data acquisition d) Data analysis and e) Interpretation. While
data analysis and interpretation are amenable to re-evaluation at a later stage, the
first three phases, including MRI data acquisition have to be assessed critically
before the beginning of a study. This poses unique challenges in the context of
functional studies, due to the time constraints imposed by the required minimum
temporal resolution and the desired spatial resolution and signal-to-noise-ratio
(SNR). Moreover, if the contrast mechanism itself is the subject of the study, as
in the case of the first study conducted as part of this thesis (Chapter 2), and if
relatively little prior information is available to base decisions upon, the difficulties
involved can be substantial. The initial goal of the study reported in Chapter 2
was to re-establish the existence of fDTI contrast (Mandl et al., 2008), reported
earlier by our collaborators. This necessitated the development of a fast nonCartesian EPI sequence which was eventually used not just in that study but also
in the study described in Chapter 3. Although non-Cartesian MR imaging has
been proposed long time ago in MRI (Ahn et al., 1986), its practical realization
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is challenging. However, the reduction in spin-echo echo-time (TE) by as much
as 10-15ms, that this development brought about, was crucial in being able to
perform the studies reported in Chapters 2 and 3, and seemed well worth the
effort.
Chapter 3 is built around new acquisition strategies for the measurement of
spreading-depolarization related changes. The choices of the scans were influenced
by the work reported in Chapter 2. Although b-SSFP sequences are available on
many clinical systems, it had to be implemented on our pre-clinical scanner. The
development of a diffusion-weighted multi-spin-echo sequence, though based on
the previous experience on fast EPI scans, involved familiarization with stability
tests, evaluation of a variety of diffusion-weighting possibilities and basic sequence
choices. Considerable effort went into these, before the study on spreading depolarization reported in Chapter 3 could be completed. Thus, understanding MR
data acquisition and the implementation of sequences played a major role in studies reported in Chapters 2 and 3.

Estimation
Estimation of quantitative MRI parameters is an important theme in all the studies reported in this thesis. A major confound in most of the diffusion data analysis
begins with linear estimation of diffusion parameters (performed on the logarithm
of the magnitude MRI data). Under low SNR conditions, linear methods are
known to accumulate bias (Jones and Cercignani, 2010). This was an important
factor to consider in the work reported in Chapter 2, where we were seeking to
discern activation-induced changes in diffusion parameters from data obtained at
relatively low SNR. This triggered the search for better techniques for estimating
diffusion parameters. While non-linear estimation procedures could address this
issue to a good extent, the bias infused by the Rician-noise in magnitude MRI
data would not be eliminated by the typically used maximum-likelihood estimation procedures.
This triggered thoughts about using complex-valued diffusion data directly in
the estimation framework. If complex-valued data could be used in estimating
diffusion parameters, then the bias associated with Rician noise would naturally
be eliminated, since the real and imaginary channels of MR data when considered
separately are both corrupted by Gaussian nose. However, since initial experiments with complex-valued diffusion data showed mixed results, the decision to
test the hypothesis on relatively easier problems of T1 , T2 and T∗2 estimation was
made. With prior experience in various ways of estimating the relaxation parameters using magnitude data, our experiments presented a clear case in favour of
using complex-valued data for parameter estimation.
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However, despite several attempts, this approach did not yield similar rewards
in estimating DTI parameters. This was eventually traced to eddy-current induced
phase modifications, which could not be captured in the framework developed for
estimation from complex-valued data. Although there seemed to be a way of
addressing this issue, the conceived solution involved spatial information of the
voxels (unlike voxel-by-voxel fits) and ran into difficulties related to large scale
optimization and thus was not pursued further. However, the clear benefits of the
technique were visible in other parameter estimation problems and they took the
shape of Chapter 5 of this thesis. The experience gained in this work also useful for
analyzing data obtained with the multi-spin-echo diffusion-weighted scans used for
assessing cellular and hemodynamic effects of spreading depolarizations, presented
in Chapter 4.
While many tools are now available for estimating basic DTI parameters, such
tools are still generally unavailable to obtain diffusion kurtosis estimates. Thus,
a part of the work carried out on diffusion kurtosis imaging data (Chapter 4),
involved implementation of estimation procedures for kurtosis-based parameters,
based on existing literature (Tabesh et al., 2011).

Interpretation of diffusion-based MRI contrasts
The main objective of the work reported in Chapters 2, 3 and 4 of this thesis
was to assess how diffusion contrast could be gainfully employed in functional and
structural brain imaging. Thus, it dwells upon how one should interpret those
contrasts. The need for interpreting diffusion contrast was triggered in different
ways in each of these chapters.
The difficulties associated with reproducing functional DTI (fDTI) contrasts
(Mandl et al., 2008) in a rat direct-cortical-stimulation model laid the framework
for Chapter 2 (which later took a different turn). The realization of the crucial
reliance of DTI contrast on stationarity assumptions opened up a completely different perspective on what was being observed in those experiments. Our initial
attempts fell short of satisfying the required stationarity assumptions and thus
the stimulation model was abandoned in favour of a respiratory challenge. The
research question changed to one of determining if diffusion-based contrasts would
be immune to the accompanying hemodynamic responses (Le Bihan et al., 2006;
Miller et al., 2007). That attempt exposed a possible confound in interpreting as
basic a parameter as percentage signal change. If indeed the computational issues
highlighted in Chapter 2 were behind the results reported earlier, it would raise
serious questions regarding the alternative hypotheses proposed to support those
observations (Le Bihan et al., 2006; Le Bihan, 2007).
In Chapter 3, the confounds involved in interpreting the observed cellular and
hemodynamic changes in response to spreading depolarizations are akin to those
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in Chapter 2. Here again, a complicated combination of cellular and hemodynamic
changes are to be disentangled. While we do report the suitability of diffusionbased contrasts to assess spreading depolarizations in Chapter 3, it is done with the
clarity that there could be confounds which need careful vetting before conclusions
could be drawn regarding the physiological processes being represented by them.
Moreover, the large changes in ADC in response to spreading depolarizations and
the relaxed requirements on temporal resolution eased the burden of interpretation
in this case.
In the study related to diffusion kurtosis imaging (Chapter 4), since we found
clear inter-hemispheric differences in kurtosis parameters after unilateral stroke,
there was a general expectation that immunohistochemistry would shine light on
the underlying physiological changes. However, such hopes were short-lived as the
results showed no specific correlations between histology and diffusion parameters.
While this fact seemed unexpected at the outset, further understanding of diffusion
contrasts laid bare the caveats in looking for correlations between MRI and histology at scales of millimeters. The known aspect of microstructural sensitivity of
diffusion-related contrasts was further strengthened by sessions on diffusion-based
microstructure characterization initiated at the ISMRM meeting in Melbourne in
2012. These thoughts led to the development of the length-scale-based decomposition of histology data for comparison with MRI, which were presented in Chapter
4. Although this did not yield clear answers as to what could have caused major
stroke-induced changes in kurtosis-based parameters in our experiments, it did
provide a more appropriate framework to view the data.

Conclusion
Diffusion-based MRI contrasts have been used in various studies, in order to glean
information regarding differences in tissue properties resulting from different factors like aging, disease or even function. In each case, any changes observed in
diffusion-based parameters have tentatively been attributed to one or a few possible underlying biological processes. While these conclusions continue to be true
in many circumstances, this thesis cautions the possible pitfalls in such interpretations. As the proliferation of diffusion-based contrasts continues to myriad
applications, there is growing call from experts to bear in mind the sources of
diffusion-contrasts (Jones and Cercignani, 2010). Some aspects of it were internalized while pursuing the studies which contributed to this thesis.
However, this thesis was not aimed at being alarmist in nature. Far from that,
the goal was to assess the benefits of diffusion contrasts in various functional and
structural imaging scenarios. While diffusion did not turn out to be as beneficial
as we had hoped for, in the functional study reported in Chapter 2, it did turn
out to be a very sensitive parameter in assessing cellular changes accompanying
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spreading depolarizations (Chapter 3). Besides this, the advantages of the recently
introduced class of kurtosis imaging parameters in detecting regions which change
significantly after stroke was highlighted in Chapter 4. Moreover, in our efforts
to understand diffusion-based contrasts better, faster sequences were developed
(Chapter 2 and 3) and a more accurate procedure for estimating fundamental
MRI relaxation parameters was established (Chapter 5), with possible further
extensions to DTI parameter estimation and beyond.

Future perspectives
Neuroimaging using MRI is a relatively young field in comparison with other
imaging modalities. Thus, the scope for further development in acquisition and
estimation techniques and along with it, our understanding of the underlying
biological processes is set to improve over time.
In Chapter 2, we assessed the suitability of diffusion-weighted MRI for functional imaging. While our results were not very supportive of this contrast, our
insights from Chapter 3, on spreading depolarizations does highlight the sensitivity
of diffusion-weighted MRI to cellular changes. So, the mechanism of cell-swelling,
which is also known to occur during neuronal activation (Le Bihan et al., 2006),
is inherently capable of providing diffusion-based contrast. But, to harness its
potential benefits, three technical abilities need to improve. The first relates to
sensitivity, i.e., is diffusion-weighted MRI capable of detecting cell-swelling induced by neuronal activation? The second relates to whether one could isolate
responses due to cell-swelling from the co-occurring hemodynamic responses. The
last relates to the requirement of better temporal resolution in diffusion-weighted
MRI for functional applications. The sensitivity of MRI scanners is improving by
the day. The issue of separating cellular and hemodynamic changes could perhaps
be addressed as done in Chapter 3. The issue regarding improvement in temporal
resolution has been addressed with multi-band and accelerated fMRI scans (Feinberg et al., 2010). Thus, potentially, this does seem to be feasible with further
improvements in instrumentation and methods.
In Chapter 3, we report our observations from the co-occurring cellular and
hemodynamic changes during spreading depolarizations, as seen with ADC, T2
and proton density. The spatio-temporally co-localized observation of the changes
in these parameters reported in Chapter 3 may yield a better understanding of
the physiological processes marking spreading depolarizations. The full potential of such a study would be best exploited by combining spatial and temporal
information together, which was not accomplished in Chapter 3. Further exploration in that direction is possible with the existing dataset. Additional inputs
regarding hemodynamics can be obtained by repeating a similar experiment but
with diffusion-weighted T∗2 measurements. Thus, diffusion-based contrasts seem
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to have a unique potential in furthering our understanding of the physiological
phenomena related to spreading depolarizations.
Diffusion kurtosis contrasts were compared with DTI parameters in Chapter
4, and were found to provide additional sensitivity and perhaps original information unavailable from DTI parameters. Although the histological causes for the
observations could not be identified, it might still become a potent marker for
certain pathological conditions in future, as diffusion-weighted imaging has come
to be associated with acute stroke today.
The contribution of Chapter 5 of this thesis towards improved estimation of
MR relaxation parameters can find immediate use in every field that uses these parameters, especially those which encounters low signal to noise ratios. Besides, its
extension to other estimation problems in MRI, like water/fat separation, multiexponential models, etc., are within easy reach. Though its extension to estimation of diffusion tensor parameters and beyond were not accomplished in this
work, there are indications which suggest such a possibility.
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Summary
In the past decades, Magnetic Resonance Imaging (MRI) has significantly enhanced our understanding of brain structure and function. In particular, developments in Diffusion MRI are providing a repertoire of unique, non-invasive contrast
mechanisms heretofore unavailable from other imaging modalities. Diffusion MRI
can potentially answer a wide range of clinical and fundamental research questions.
However, the link between some of these recently proposed contrast mechanisms
and the targeted biophysical processes is not clearly established yet. The aim of
the research detailed in this thesis was to further our understanding of some of the
recently proposed structural and functional diffusion MRI contrast mechanisms.
Although diffusion MRI is primarily used for structural imaging, current research hints at its suitability for functional imaging as well. Chapter 2 describes
our attempts to establish the possible role of diffusion MRI in functional imaging.
A fundamental issue bothering the applicability of diffusion contrasts for functional studies is whether the diffusion contrast resulting from neuronal activity
would be devoid of influences from the co-occurring hemodynamic changes. To
verify this, a respiratory challenge known to induce strong vascular responses but
no neuronal changes was administered to rats undergoing diffusion scans. Analysis of this data revealed that signal changes in diffusion scans are significantly
influenced by the co-occurring hemodynamics. Besides this observation, this work
also calls for a critical assessment of diffusion-weighted functional MRI (fMRI).
The reported signal increases with increasing diffusion weighting during diffusionweighted fMRI have been hypothesized to have physiological origins, which form
the basis of this functional contrast. Our research provides an alternative explanation rooted in data analysis for this observation, and thus questions its raison
d’être. To summarize, this work highlights the possible confounds (statistical and
physiological) that can affect potential contrasts in functional diffusion scans.
In Chapter 3, we report about the feasibility and advantages of two MRI scans
heretofore unexplored for the purpose of monitoring Spreading Depolarizations, a
pathophysiological condition now established to be critically associated with migraine, acute ischemic stroke, delayed cerebral ischemia after subarachnoid hemorrhage and other neuropathological conditions. In this study, we cross-compared
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the temporal specificity and sensitivity of the contrasts generated in MRI scans
based on balanced steady-state-free-precession (b-SSFP) and diffusion- weighted
multi-spin-echo (DT2), with gradient-echo contrast. The hypothesized superiority
of b-SSFP scans’ spatio-temporal specificity over gradient-echo contrast in tracking spreading depolarizations was verified. Furthermore, DT2 scanning was shown
to enable concurrent acquisition of two quantitative MRI parameters, namely, T2
and ADC (apparent diffusion coefficient). This could provide insights into both
hemodynamic and cellular changes that co-occur during spreading depolarizations, a true value addition over acquiring information on these joint processes
separately, as done previously. In addition, development of an automated system
to detect and visualize spreading depolarizations and the development of a framework to compare the temporal specificity and sensitivity across different scans
were bi-products of this study.
Chapter 4 details our efforts towards gaining deeper insight into the contrast mechanisms underlying the recently proposed Diffusion Kurtosis Imaging
(DKI), an extension to the widely used Diffusion Tensor imaging (DTI). This
study was conducted with the goal of assessing to what extent DKI sheds light
on tissue (re)organization at a chronic time point in an experimental rat stroke
model. For this, comparisons between DKI and DTI changes following stroke were
performed on select few regions of interest, as commonly pursued, as well as using
an unbiased machine-learning approach. Moreover, to understand the underlying histopathological changes driving post-stroke diffusion parameter changes, we
compared various immunohistochemical stains with diffusion parameter changes
in two quantitative ways. Results from this study indicate that the combined
range of microstructural sensitivity provided by DKI parameters forms a superset
of that provided by DTI parameters, which thereby offers more details on tissue
(re)organization after stroke. However, the non-specificity of diffusion-based parameters vis-a-vis the underlying biological processes was highlighted by aspecific
correlation between MRI diffusion contrasts and histopathology. The latter result calls for greater caution in interpreting diffusion imaging results. These main
conclusions could be arrived at mostly by the insights provided by the machinelearning-based data-driven approach adopted to compare DTI and DKI data and
the development of quantitative measures to compare MRI and immunohistochemistry.
In Chapter 5 we report about the advantages of using complex-valued MR
data for estimation of basic MRI parameters such as T1 , T2 and T∗2 , as compared
with the commonly used strategy of using magnitude MRI data. Through simulations and with acquired data, we demonstrate that fitting to complex-valued
data can yield unbiased estimates and lower variance in comparison with estimates obtained with even the most accurate data models that use magnitude
data. Similar extensions may hypothetically be made for other MR estimation
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problems. Though not pursued here, theoretically, it would be possible to extend
the framework to diffusion data too. However, this will entangle the estimation
problem across voxels (unlike voxelwise fits reported here) and thus is a much
harder problem to tackle.
Diffusion MRI has proliferated in to a myriad of applications in recent years,
thanks to developments in hardware, pulse sequences and data analysis techniques.
While the exciting successes with diffusion-based scans being reported in diverse
fields clearly reflect their suitability for discerning various (patho)physiological
conditions in tissues, their ubiquity should also call into question their specificity
for a chosen application. The research reported in this thesis stresses the need for
critical interpretation of diffusion MRI data in a holistic framework which identifies
the limitations of diffusion scans, acknowledges the assumptions and confounds in
the data analysis techniques and crucially, recognizes the biophysical mechanisms
governing the signal formation processes. Concerted inter-disciplinary effort of
this nature is essential for harnessing the tremendous potential diffusion MRI has
on offer, towards experimental research and clinical diagnosis.
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Samenvatting
In de afgelopen jaren is door Magnetische Resonantie Imaging (MRI) ons begrip van de structuur en functie van de hersenen aanzienlijk toegenomen. In het
bijzonder de ontwikkelingen in diffusie MRI hebben een uniek niet-invasief contrast mechanisme opgeleverd dat voorheen met andere imaging modaliteiten niet
beschikbaar was. Een brede waaier van klinische en fundamentele onderzoeksvragen kan met behulp van diffusie MRI worden beantwoord. Echter, het verband
tussen contrast mechanismen en onderliggende biofysische processen is nog niet
duidelijk vastgesteld. Het doel van het onderzoek beschreven in dit proefschrift
was het verkrijgen van een beter begrip van een aantal recent voorgestelde structurele en functionele diffusie MRI contrast mechanismen.
Hoewel diffusie MRI voornamelijk wordt gebruikt voor structurele beeldvorming, duidt huidig onderzoek erop dat het ook geschikt is voor functionele beeldvorming. In hoofdstuk 2 worden onze pogingen beschreven om de rol van diffusie MRI in functionele imaging vast te stellen. Een essentieel punt dat de
toepasbaarheid van diffusie-contrast voor functionele imaging bepaald is of het
diffusie-contrast afkomstig van neuronale activiteit niet beinvloed wordt door
hemodynamische veranderingen die gelijktijdig plaatsvinden. Om dit vast te
stellen werden gedurende diffusie scans de respiratiegassen bij ratten gewijzigd
op een zodanige manier dat sterke vasculaire aanpassingen werden verwacht maar
geen neuronale veranderingen. De analyse van de verkregen data liet zien dat
de signaalveranderingen in diffusie scans sterk werden beinvloed door hemodynamische veranderingen. Naast deze observatie suggereert de studie een kritische
beoordeling van diffusie-gewogen functionele MRI (fMRI). Gerapporteerde signaaltoenames met toenemende diffusie-weging gedurende diffusie-gewogen fMRI
worden verondersteld een fysiologische herkomst te hebben wat de basis van dit
functionele contrast zou vormen. Ons onderzoek levert echter een alternatieve
verklaring op grond van de wijze van data-analyse en geeft daardoor eerder genoemde verklaring minder bestaansrecht. Samengevat laat deze studie de mogelijke complicaties (statistisch en fysiologisch) zien die functioneel diffusie contrast
kunnen beinvloeden.
In hoofdstuk 3 rapporteren we de mogelijkheden en voordelen van twee MRI
scans voor het volgen van ‘Spreading Depolarizations’ (SDs; zich uitbreidende
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depolarisaties in hersenweefsel), een pathofysiologische conditie waarvan is vastgesteld dat deze is geassocieerd met migraine, acute ischemische infarcten, vertraagde hersenischemie na sub-arachnodale bloedingen en andere neuropathologische aandoeningen. Beide scans zijn nog niet eerder voor dit doeleinde toegepast.
In deze studie werden de temporele specificiteit en gevoeligheid van het MRI
contrast vergeleken voor de balanced steady-state-free-precession (b-SSFP) sequentie en een diffusie-gewogen multi-spin-echo (DT2) sequentie. Beide MRI sequenties werden vergelegen met de gradient-echo sequentie. De veronderstelde
hogere ruimtelijk-temporele specificiteit van het b-SSFP contrast ten opzichte van
gradient-echo contrast voor het volgen van SDs werd aangetoond. De door ons
ontwikkelde DT2 scan bood de mogelijkheid om gelijktijdig twee kwantitatieve
parameters te meten, namelijk T2 en ADC (Apparent Diffusion Coefficient). Hierdoor kunnen zowel hemodynamische als cellulaire veranderingen die plaatsvinden
gedurende een SD gelijktijdig gemeten worden, wat een verbetering biedt ten
opzichte van aparte acquisities, zoals toegepast in eerdere studies. Bijproducten
van dit onderzoek waren de ontwikkeling van een automatisch systeem voor de detectie en visualisatie van SDs en een kader waarbinnen de temporele specificiteit
en sensitiviteit tussen verschillende scans kunnen worden vergeleken.
Hoofdstuk 4 beschrijft onze pogingen om meer inzicht te krijgen in de contrast mechanismen die samenhangen met de recent voorgestelde Diffusie Kurtose
Imaging (DKI) techniek, een uitbreiding van de algemeen gebruikte Diffusie Tensor Imaging (DTI). Deze studie werd uitgevoerd met als doel vast te stellen of
DKI meer inzicht kon geven in de (re)organisatie van hersenweefsel op een chronisch tijdspunt na een herseninfarct in ratten. Hiervoor werden DKI- en DTIveranderingen na een herseninfarct vergeleken. Niet alleen in een aantal specifiek
geselecteerde regions of interest, zoals gewoonlijk wordt gedaan, maar ook met
een neutrale machine learning aanpak. Bovendien werden immunohistochemische weefselkleuringen op twee manieren met de diffusie parameter veranderingen
vergeleken om de onderliggende histopathologische veranderingen die de diffusieveranderingen na een infarct aandrijven te begrijpen. De resultaten van deze
studie geven aan dat de gecombineerde bandbreedte van microstructurele sensitiviteit waarin DKI voorziet een grotere set is dan die waarin de DTI voorziet,
waardoor DKI meer gedetailleerde informatie geeft over weefsel-reorganisatie na
een infarct. Echter, de diffusie parameters bleken niet karakteristiek voor bepaalde
onderliggende biologische processen, hetgeen werd benadrukt door de aspecifieke
correlatie tussen MRI diffusie contrast en histopathologie. Dat laatste resultaat
wijst erop dat diffusie imaging resultaten voorzichting moeten worden beoordeeld.
Deze belangrijkste conclusies werden voornamelijk gebaseerd op de inzichten die
werden geleverd door de op machine learning gebaseerde data-gedreven aanpak die
werd gebruikt om DTI en DKI data te vergelijken, en de ontwikkeling van kwantitatieve maten voor het vergelijken van immunohistochemische weefselkleuringen
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met MRI. Beide methoden zijn op hun eigen wijze bijdragen aan het onderzoeksveld.
In hoofdstuk 5 rapporteren we over de voordelen van het gebruik van de
complexe MR data voor het schatten van basale parameters zoals T1 , T2 en T∗2 ,
in vergelijking met de gebruikelijke strategie waarbij magnitude MR worden gebruikt. Door middel van simulaties en met verzamelde data demonstreren we
dat het fitten van complexe data onbevooroordeelde schattingen en een lagere
variantie oplevert vergeleken met schattingen met het meest accurate data model
dat absolute data gebruikt. Vergelijkbare uitbreidingen kunnen wellicht worden
gemaakt naar andere MR schattingsproblemen. Hoewel dat hier niet is gedaan
zou het theoretisch mogelijk zijn de toepassing uit te breiden voor diffusie data.
Omdat hierbij het schattingsprobleem wordt uitgebreid over meerdere voxels (in
tegenstelling tot de beschreven aanpak per individueel voxel) is het een moeilijker
probleem om aan te pakken.
Diffusie MRI heeft zich in de afgelopen jaren verspreid in een groot aantal
toepassingen, dankzij de ontwikkelingen in hardware, pulssequenties en data analyse. Terwijl successen met op diffusie-gebaseerde scans worden gemeld op diverse
terreinen die duidelijkheid geven over hun geschiktheid voor studies van weefsels
onder diverse (patho)fysiologische condities, vraagt deze veelzijdigheid ook om
voorzichtigheid met betrekking tot de specificiteit voor een gekozen toepassing.
Het onderzoek beschreven in dit proefschrift benadrukt de noodzaak van kritische
interpretatie van diffusie MRI data in een holistisch kader dat rekening houdt met
de beperkingen van diffusie scans, de uitgangspunten en valkuilen in de data analyse technieken, en de biofysische mechanismen die ten grondslag liggen aan het
signaal. Een gecordineerde interdisciplinaire wetenschappelijke aanpak is essentieel voor de juiste toepassing en interpretatie van diffusie MRI voor experimenteel
onderzoek alsmede klinische diagnostiek.
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