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“Every man can, if he so desires, become the sculptor of his own brain.”

Santiago Ramoén y Cajal






Abstract

The relation between pressure and flow is one of the key concepts to understand
brain dynamics. The Navier-Stokes equations state how changes in flow are related
to changes in pressure. In addition, the Monro-Kellie hypothesis shows that the
cranium and its constituents create a state of volume equilibrium, such that any
increase in volume of one of the cranial constituents must be compensated by a
decrease in volume of another. Normally, pressure measurements are carried out
in large arteries or CSF compartments and therefore these measurements are not

able to estimate fast dynamics and pressure related changes in the brain tissue.

For that reason, the focus of this work is to introduce a new MRI-based technique
called Non-Single Quantum MRI. This technique investigates brain dynamics in
a completely new fashion and adds additional information to the flow-pressure
relationship. This work focuses on the interplay between the cardiac pressure

wave and the tissue response to it.

This thesis explains how the brain tissue reacts to the cardiac pressure wave. This
thesis describes the basis of the author’s hypotheses on the origin of the MRI
contrast mechanism of the cardiac induced oscillation and presents the results of
several studies carried out throughout the PhD research period. These results
show that the obtained cardiac modulated MRI signal cannot be explained by
conventional MRI. A model is proposed to justify the foundation of this signal.
Moreover, differences in the tissue response were found among separated groups

such as young, old or depressed participants.

Finally the author provides guidelines and recommendations for future research
on cardiac induced oscillations in the brain tissue. Further research paths are

identified and a roadmap for future research in this area is defined.
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Chapter 1

Introduction

During the last decades techniques such as Two Photon Microscopy (TPM), Near-
Infrared Spectroscopy (NIRS), Magnetic Resonance Imaging (MRI), Doppler Ul-
trasound (DU) and many others have been used to study brain dynamics [1-9].
These techniques separately and in many cases combined have helped understand
the changes in the cerebral vasculature, which is an important step to gain insights
in brain dynamics and specifically cerebral auto-regulation (CA). The classical
view of CA was described in 1959 by Lassen stating that the cerebral blood flow
(CBF) is maintained constant across a wide range of mean arterial blood pressure
(MAP) [10]. However, the development of new techniques has proved that the
CBF in rest is unexpectedly dynamic [11, 12]. From this, the concept of dynamic
CA was derived. Dynamic CA refers to the mechanisms that constrict and dilate
vessels in order to keep the cerebral blood flow constant during dynamic perfu-
sion pressure changes [13]. It can be separated into two different components:
metabolic auto-regulation, which is the cerebrovascular response to changes in the
partial pressure of carbon dioxide and changes depending on the necessity of the
tissue, and pressure auto-regulation, resulting from changes in the cerebral per-
fusion pressure (CPP) and the MAP [14]. On one hand, strong interest exists in
detecting the mediators of CA. For this purpose, current studies using techniques
such Multi-Photon Microscopy are looking into the role of endothelial cells, astro-

cytes or pericytes in the constriction and dilation of the vessels during changes in

3



Chapter 1. Introduction 4

blood flow or brain pressure [15-17]. On the other hand, recent studies in pres-
sure auto-regulation have shown that blood pressure is a complex variable which
fluctuates across a wide range of time scales. Over a short scale, blood pressure
resembles a pulsatile waveform with several characteristics that are governed by
intrinsic cardiovascular properties and pulse wave reflection. At larger scales, it ex-
hibits occurring trends and oscillations that span over minutes, hours or days [18].
This complexity suggests that pressure auto-regulation cannot be described using
the classical numerical averages of blood pressure. Hence, more advanced models
are often used. The Navier-Stokes equations are a set of 3 nonlinear equations
that express the momentum of a fluid [19, 20]. These equations, widely used in
MRI, show how changes in flow are related to changes in pressure [19]. Therefore,
the understanding of pressure changes in the brain is key to comprehend changes

in brain dynamics.

CPP is generally calculated by its relation with the MAP and the Intra-Cranial
Pressure (ICP) [21, 22]. Several techniques are used to quantify the ICP which are
typically divided between invasive and non-invasive techniques [21]. Invasive tech-
niques such as External Ventricular Drainage (EVD) [23] and micro-transducers
[24, 25] are considered the gold standard for measuring ICP because of its accu-
racy. However, the cost is elevated and there are risks of the patient suffering from
haemorrhages during the procedure which makes these techniques less attractive.
Therefore, non-invasive techniques such as Transcranial Doppler Ultrasonography
(TCD) [26, 27], Optic Nerve Sheath Diameter (ONSD) [28, 29], Computer Tomog-
raphy (CT) [30] and even MRI have been used [31]. In addition to the invasiveness
of the process, these techniques are economically and computationally more effi-

cient. However, they are not able to produce reliable results [21, 22].

All these aforementioned methods measure pressure in large arteries or CSF com-
partments and therefore are not able to measure fast dynamics and pressure related
changes in the brain tissue. For that reason, the focus of this work is to intro-
duce a new MRI-based technique called Non-Single Quantum MRI. It investigates
brain dynamics in a completely new fashion and adds additional information to

the flow-pressure relationship, which is important for understanding the dynamic
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CA. The aim of this work involves the development of this new sequence as well
as proposing a model to explain the origin of the Non-Single Quantum MRI sig-
nal. The signal is described in detail during variations of the different sequence
parameters. The final step of this dissertation involves the application of this new

method and future work based on its results is recommended.

1.1 Thesis Outline

The thesis is divided in four parts and is structured as follows:
Part II- Background

Chapter 2 - The MRI Signal. Chapter 2 reviews the MRI signal and the
factors that affect it.

Chapter 3 - Data Analysis of Time Series. Chapter 3 introduces some of
the most widely used tools in the field of Signal Analysis. Wavelet Analysis, Inter-
Component Analysis, Fractals and Spectral Clustering are briefly discussed. The
theory behind these methods is briefly outlined.

Part III - The Cardiac Induced Modulated MRI signal

Chapter 4 - Material and Methods. Chapter 4 outlines the material and

methods used to study the cardiac induced modulated MRI signal.

Chapter 5 - A Cardiac Induced Modulated MRI Signal in the Brain
Tissue. Chapter 5 presents the cardiac induced modulated signal profile and its

relation to pressure changes. The corresponding results are examined.

Chapter 6 - MRI contrast mechanism of the cardiac induced modulated
signal. Chapter 6 consists of the study of cardiac induced modulated MRI signal
under variation of the MRI sequence parameters. The appearance, timing and fac-
tors affecting the signal are presented. The MRI contrast mechanism is described,

as well as, the results are discussed.
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Part III - Applications of the Non-Single Quantum MRI Sequence

Chapter 7 - Non-Single Quantum MRI in Ageing. Chapter 7 shows the
analysis of the MRI signal and its variation through ageing. All results are anal-

ysed.

Chapter 8- Non-Single Quantum MRI in Major Depression Disorder.
Chapter 8 presents the preliminary results of the cardiac induced modulated MRI
signal applied to Major Depression Disorder (MDD) patients. The corresponding

results are examined.

Chapter 9- Non-Single Quantum MRI in fMRI. Chapter 9 presents the
preliminary results of the cardiac induced modulated signal applied to a fMRI

study. The results concerning this chapter are discussed.

Chapter 10- Sleeping in the Magnet. A Case Study. Chapter 10 presents
a case study of a participant who reported to have fallen asleep in the scanner.

The results are briefly analysed.
Part IV - Conclusions

Chapter 11 - Conclusions and Further Research. Chapter 9 lists the
contributions to the field highlighted in this thesis. The chapter presents recom-
mendations and guidelines for future research using this sequence. It also suggests

future studies that can shed light on brain dynamics and cerebral auto-regulation.
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Chapter 2

Theoretical Background

2.1 The MRI signal

Let us consider a volume of tissue containing protons, where each proton has a
spin vector of equal magnitude. First, all the spins are randomly oriented in all
directions so that a vector addition of these spins produces a zero sum (Figure
2.1a), i.e., no net magnetisation [32]. If the tissue is placed inside a magnetic
field By the individual protons begin to rotate perpendicular to, or precess about,
the magnetic field (Figure 2.1b). This precession is at a constant rate and occurs
because of the interaction of the magnetic field with the spinning positive charge of
the nucleus. The rate of frequency is proportional to the strength of the magnetic

field and is expressed using the Larmor equation:

wo = 7By (2.1)

where -« is the gyromagnetic radio whose value for the proton is 42.6 MHz/T and
By is the static magnetic field in Tesla (T).

If a vector addition is done for all the spins inside the magnetic field, it will be found
that in the direction perpendicular to By, no net magnetisation is found because
the spins orientations are still randomly distributed and that in the direction

9
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FIGURE 2.1: With no external magnetic field present spins rotate about their
axes in random direction (a) In the presence of a magnetic field spins align
parallel to the main magnetic field By (b) [32].

parallel to the magnetic field, there is an orientation to the precessional axis of
the proto n that causes a constant, non-zero interaction between the proton and
By [33]. This is known as Zeeman interaction and causes a difference in energy,
AFE, between protons aligned parallel to By and protons aligned antiparallel to it
(Figure 2.3) [33]. Due to the energy difference, a small excess of nuclei populate

the lower state (Boltzmann statistic). This excess of spins accounts for the entire

Yy

FIGURE 2.2: In the magnetic field, a proton precesses about the magnetic field
and the x and y components vary with time at a frequency wg[33].
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Higher energy
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H
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Lovererera ||

FIGURE 2.3: Zeeman diagram. In the absence of a magnetic field (left), a

collection of protons will have the configuration of z components equal in energy

so that there is no preferential alignment. In the presence of magnetic field

(right), the spin up orientation is of lower energy and its configuration contains

more protons than the higher energy, spin dow configuration. The difference in
energy AE between the tow levels is proportional to By [33].

net magnetisation, which is used in the NMR experiment [34]. For MR imaging,
let us consider the bulk magnetization M that arises from all of the magnetic
moments in a sample, which can be treated classically. The classical description
is based on the Bloch equations [35]. For a static magnetic field in z-direction, the

Bloch equations become:

T M08, (0) — My (1)~ T (22)
Mst(t) = M. (1)By(t) — wMy(t) - M%_Q(t) 03
M;zft) = Y[M.(t) By (t) — M,(t) B, (t)] Mz(t)Tl— My 0

where T7 and T, are the longitudinal (spin-lattice) and transversal (spin-spin)
relaxation rates, respectively and B is the magnet field. The MRI signal possesses
its highest intensity right after the RF excitation pulses have been switched off

and decreases together with the relaxation processes [33, 34].
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2.1.1 Longitudinal and Transverse Relaxation

Each component in the brain tissue is characterised by its longitudinal, 77, and
its transverse, T, relaxation rates. The former is the process by which the net
magnetisation, M, relaxes back to its original maximum value parallel to the M,
while the latter is the process by which the transverse magnetisation dephase or
decays [35]. As mentioned before, the tissues are characterised by different 7} and
Ty values. First, 17 refers to the interaction between the excited protons and the
lattice (i.e. the molecules which make up the surrounding structure). The more
static these excited protons are the better they exchange with the lattice, which
leads to shorter T} values. The protons can be found in three states: free, bound
to macromolecules by one bond or bound by two bonds [37]. On the one hand,
free protons move a lot and therefore they possess a long 77 and on the other
hand, bound protons spend longer times interacting and therefore have shorter
Ti. In the same fashion, 75 is also strongly determined by molecular rotation

speeds. Thus, if the molecular rotation is very fast, the influence of neighbours

Long 1
times T,
w
[¢]
E
c
e
©
>
4}
o)
(e
Short T2
times |
>
Slow rate Wo Fast rate

Molecular Tumbling rate

FIGURE 2.4: Variation of the relaxation rates with the tumbling rate, where wy

is the Larmor frequency. The molecular tumbling rate is slow for solids, large

for molecules and bound protons and fast for liquids, small molecules and free
protons [36]
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will be rapidly changing. A proton pointing in one direction at one instant will
be pointing an entirely different direction the next; overall, the effects will tend
to cancel out. This is why free protons have a very long T, relaxation time,
while solids or large molecules have a short T3 relaxation because their motion is
constrained. These relaxation rates are related to the rate of molecular movement
or tumbling rate [38]. As molecules tumble they generate a fluctuating magnetic
field to which protons in neighbouring molecules are subjected. Energy exchange
is more favourable when this fluctuating magnetic field is close to the Larmor

frequency (Fig. 2.4) [36].

The mathematical description of both relaxation times can be extracted from the

Bloch equations in the absence of a RF pulse (B, = 0 and B, = 0)[39]

M.(t) = Mo(1 — 2eap( ")) (2.5)

1

M, (t) = Mgcos(wt)ea:p(%) (2.6)

M,(t) = Mosin(wt)exp(;—) (2.7)
2

It may be extracted from equation 2.5 that T} represents the time required by M

to reach 1 — % or 63% of the original magnetisation (Fig. 2.5a). Accordingly, the

T, relaxation process may be explained using equations 2.6 and 2.7. Thus, 75 is

A) r3 BJ r

M, Mo
/ C
0.63 "M, os
= £ o
m = o
£g e

52
= 0.37 *M,
T, t T, t

FIGURE 2.5: a) The recovery of longitudinal magnetisation (M) and its relation
with the value of 77 and b) The recovery of transverse magnetisation (M, ) and
its relation with the value of T [36]



Chapter 2. Theoretical Background 14

the time required by the transverse magnetisation to fall approximately é or 37%
of its original value (Fig. 2.5b). The longitudinal magnetisation always goes back

to My while the transverse magnetisation always decays to 0.

When an MRI sequence is applied the origin of the signal may vary depending
on the values of the sequence. In other words, adjusting the sequence parameters
might help to measure the different T or T, components in tissue. However, this is
a more complex process because the composition of a voxel is not homogeneous and
a wide range of factors affect the signal. This heterogeneity has been traditionally
explained using a 2 or 3 compartment model [40]. During the past decades, a
more accurate understanding of the tissue components has been developed and

this model has been expanded as shown in Figure 2.6 [37].

T, Values

1-3s Macromolecules 10-100
113
coupling
10-100 Hydration
5-10
Water
s e
exchange
Bulk Free
2-3s Water 1-2 5
Mo interaction
. Mobile Fatty N
250 Acids 100
E ms

FIGURE 2.6: Compartment model which illustrates the different contributions
from to 77 and T3 values [37].
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In most tissues, and using the standard MRI sequences, protons generate most of
the MRI signal. This water protons can be found either free or bound to other
molecules. Under these conditions the 77 and 75 values differ dramatically. Bulk
or free protons, which are the main component in brain tissue, have a T} = 2 — 3
seconds and a T, = 1 — 2 seconds. On the other hand, bound protons count with
a1l = 10 — 100 ms and a 7o = 5 — 10 msec. Nevertheless, water protons are
not the only components and contributions from macromolecules and mobile fatty
acids need to be included in the whole picture. Macromolecules have typically a T}
close to bulk protons but a 75 in the order of useconds which makes them generally
invisible in 7} (due to its similarity to water) and T3 (due to its extremely short
values) maps. Lipids, however, possess a T7 in the order of 250ms and a T around

100ms.

2.1.1.1 75 Relaxation

T5 relaxation refers to the decay in transverse magnetisation due to the spin-spin
relaxation and magnetic field inhomogeneities. These inhomogeneities are intro-

duced due to differences in magnetic susceptibilities among the different tissues,

Transverse
Magnetisation

0.37 *Mj,

Echo Time

FIGURE 2.7: Graph shows T and T3 relaxation curves. T3 is shorter than 75
[41]
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chemical shifts and gradients applied for spatial encoding [41]. This relaxation can
be only observed with GRE sequences because spin-echo sequences use a refocus-
ing RF pulse that corrects for these dephasing effects. Therefore, T relaxation is
a combination of the T} relaxation and the additional relaxation T, caused by the

magnetic field inhomogeneities [41]:

1 1
Sen (2.8)

The introduction of the field inhomogeneities makes 73 shorter than the 75 value

(Fig. 2.7).

2.1.2 Sequence Parameter Influencing the MRI Signal

A pulse sequence is the measurement technique by which an image is acquired

and contains the hardware instructions to gather the data in the desired manner.

RF
Excitation

Slice
Selection

Phase
Encoding

Frequency
Encoding

: |

>
>

N

TE

FIGURE 2.8: Example of a timing diagram corresponding to spoiled gradient-
echo sequence [33].
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These sequences are normally represented through the timing diagrams which are
schematic representations of the basic steps performed by the different hardware
components during sequence execution. An example may be seen in Figure 2.8.
The first line represents the RF transmitter, then there are three lines, one for each
gradient (i.e., slice selection, phase encoding and frequency encoding gradients)
used in the sequence and finally the activity of the analog-to-digital converter is

shown.

There are several imaging sequences in MRI (e.g., Gradient Echo sequences or
Spin Sequences). Within those sequences numerous parameters can be altered
causing changes in the origin of the signal. Here, the most relevant parameters

will be briefly reviewed.

2.1.2.1 Repetition and Echo Time

The repetition time (TR) and echo time (TE) are the most basic parameters. The
TR represents the time between the application of an RF excitation pulse and
the start of the next RF pulse. Meanwhile, the TE, measured in ms, is the time
between the excitation pulse and the echo (signal) maximum. The TR determines
the amount of T weighting contributing to the imaging. On the other hand, TE

determines the amount of T or Th* weighting contributing to the imaging.

TE TE
A— —>

RF I

Excitation

TR TR

i L]
T Fahy >

FIGURE 2.9: Example of an imaging sequence. The TR represents the time

between consecutive points on a repeating train of pulses and echoes and the

TE represents the time from the centre of the RF-pulse to the centre of the
echo.
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The combination of the both TE and TR may produce completely different con-
trasts [42]. For example, short TR and short TE generates a T)-weighted image;
short TR allows differences in longitudinal magnetisation to develop before the
next 90 excitation pulse while short TE limits the 75 effects. Long TR and long
TE produces a predominantly 7T, -weighted image; where long TR allows recovery
of longitudinal magnetisation (thus limiting 7} effects) and long TE pronounces
Ty effects (Fig. 2.10a). A different type of image is produced at long TR and
short TE. Long TR and short TE limit 77 and 75 effects, respectively. When this
occurs, the signal is predominantly influenced by the proton density of the tissues

[42].

Saturation Effects As aforementioned, short TR allows differences in T to
develop earlier. This situation, after the first TR pulse has been applied, when the
next one comes only part of the longitudinal magnetisation has been recovered.
Therefore, if we have a train of pulses with a very short TR, the signal will saturate
those components with long 7} and reach a steady state and the signal will arise

from short 77 components (Fig. 2.10b).

RF RF RF RF RF RF

TR TR || TRl TR

Magnetisation

Longitudinal
Magnetisation
=
w

Longitudinal

e

> >

t t

FIGURE 2.10: Long TR allows for full T} recovery (a), while short TR leads to
saturation of the signal until a steady state has been reached (b).
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FOV,/Matrix,

/Sli::e Thickness

FIGURE 2.11: A voxel is a small volume element that represents the spatial
resolution. It is determined by the pixel size (FOV/Matrix size in x and y
direction) and the slice thickness.

FOV,/Matrix,

2.1.2.2 Voxel Size

The voxel size determines the spatial resolution in three dimensions. The size of the
voxel and therefore the resolution depends on matrix size, the field-of-view (FOV),
and the slice thickness. The matrix size is the number of frequency encoding steps,
in one direction; and the number of phase encoding steps, in the other direction of
the image plane. Assuming everything else is constant, increasing the number of
frequency encodings or the number of phase steps results in improved resolution
(i.e., smaller voxel size). The FOV is the size of the area that the matrix of phase
and frequency encoding cover. Dividing the FOV by the matrix size gives the
in-plane voxel size; hence, increasing the FOV in either direction increases the
size of the voxels and decreases the resolution. Decreasing the FOV improves the

resolution. The depth of the voxel is determined by the slice thickness [32].

Although low spatial resolution can be achieved, the signal-to-noise (SNR) of the
signal decreases proportionally. Therefore, sometimes it is better to increase the

the voxel size in order to obtain a good MRI signal.

2.1.2.3 Flip Angle

The choice of the flip angle (FA) is important for obtaining both signal intensity as
well as image contrast. It refers to the angle required to tip the magnetisation when

a RF pulse is used. A partial FA (i.e., <90°) pulse creates an appreciable transverse
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M cosa

M sina

F1GURE 2.12: A flip angle pulse creates an appreciable transverse magnetisa-

tion. When a magnetisation vector M initially aligned with the z-axis is flipped

by angle «, the transverse and longitudinal components of magnetisation after
the flip will be M sina and M cosa, respectively.

magnetisation while disturbing the longitudinal magnetisation only slightly (Fig.

2.12).

Sometimes when the TR is very short, the best flip angle to maximise signal can
be quite small. This optimum angle is called the Ernst Angle [43]. This flip angle

can be calculated from the equation:

Tissue A

Signal Intensity

Flip Angle (a)

FIGURE 2.13: Example where two tissues have a maximum signal intensity at
a relatively low FA, but the maximum tissue contrast is obtained at a higher
FA [37].



Chapter 2. Theoretical Background 21

ap = arcos(e_TiTlR) (2.9)

However, depending on the sequence, we may choose a non-optimal flip angle that
sacrifices maximal signal. The reason for this is that FA maximises the contrast
between tissues that may be different to the FA that maximises the signal [37]. An
example can be seen in Figure 2.13 where, although the tissues have a maximum
signal intensity at a relatively low FA, the maximum tissue contrast is obtained

at a higher FA.

2.2 Magnetisation Transfer

In conventional MRI, tissue contrast is generated from variations of the proton
density and relaxation times of the free protons. In biological tissues, there are
protons with free mobility and other restricted to macromolecules and membranes.
Magnetisation Transfer (MT) imaging generates tissue contrast depending on the
exchange between free and bound protons. This concept was first introduced by
Wolff and Balaban in 1989 to describe the exchange rate between free and bound

protons in kidneys and muscular tissue in vivo [44].

The MT concept has been extensively used in MRI, for instance, in Magnetic
Resonance Angiography (MRA), where the signal contrast between the blood and
the signal is enhanced using MT techniques [45, 46]; in mammography, where MT
effects combined with fat suppression may be useful to study inflammatory car-
cinomas [47, 48]; or in the characterisation of white matter diseases in the brain
such as Multiple Sclerosis [49-51]. Furthermore, some studies have reported inci-
dental MT effects as those produced in Multi-slice EPI acquisition measurements
[52, 53] or due to fat suppression pulses [54]. Others have additionally analysed
the behaviour of the transition to steady state, which was proved to be useful for

quantitative evaluation of the kinetic exchange of in vivo MT experiments [55].
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2.2.1 Two-Pool Component Model

When a radio-frequency (RF) is applied, the excited protons release the absorbed
energy to the free water, bound water, and macromolecules by mechanisms such
dipole-dipole and chemical exchange interactions (Fig. 2.14). This MT effect
has been traditionally described by a two-pool model. First, the so-called free
pool consists of mobile protons in bulk water. These protons are characterised
by a narrow spectral line (Af = 10 - 100 Hz) and a relatively long transverse
magnetisation (i.e., 7o = 10/100 ms). Second, the so-called bound pool consists of
protons attached to large macromolecules or cellular membranes. These protons
are characterised by a very broad spectral line (Af = 10 - 5 kHz) and a short
transverse magnetisation (i.e., 75 < 0.1 ms). MT is the interaction between the
free protons and the bound protons and vice versa, resulting in an equilibrium
situation characteristic for the type of tissue [57]. If the magnetisation is perturbed
in either pool of protons (e.g. by RF excitation), energy is transferred between
the free and bound protons leading to a difference in magnetisation, which will
vary depending on the exchange between both pools at the excitation frequency

57, 53).
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FIGURE 2.14: Molecular model for Magnetisation Transfer. In the first path-
way, magnetisation is transferred via exchangeable protons or amine groups. In
the second pathway, MT is mediated by hydration layer molecules [56].
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FIGURE 2.15: A two-pool model of magnetisation transfer exchange. The

shaded region in each pool represents saturated spins. Rgpy and Rgrp, rep-

resent longitudinal relaxation rates in liquid and macromolecular pools respec-

tively. ky and k, denote magnetisation transfer exchange between the pools
[57].

The two component model is represented in Figure 2.15. The shaded areas repre-
sent the saturated spins while the unshaded areas are the spins in the longitudinal
orientation state. The equilibrium magnetisation of the free pool is given by M ¢
and the equilibrium magnetisation of the restricted pool is given by M,,. The
longitudinal relaxation is characterised by the relaxation rates of each pool, being
Ry, f the relaxation rate of the free pool and Ry, r; whereas the rate of loss of lon-
gitudinal magnetisation due to off-resonance radiation is governed by Rpp s and
Rpr,. Finally, K, represents the exchange rate from the free pool to the bound

pool and K represents the exchange rate from the bound pool to the free pool.

There are two types of MT depending on the excitation frequency of the bound
pool. When the RF pulse is around the central frequency it is called on-resonance

MT and when it is outside the central frequency it is named off-resonance MT.
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2.2.2 On-resonance MT

On-resonance MT has been studied as an alternative to off-resonance MT [59].
The on-resonance pulse consists of a series of block [60] or binomial pulses with a
net flip angle of 0 [61, 62]. These binomial pulses can be considered as transparent
to the free pool and the higher order binomial pulses, with a shorter duration and

larger B1, will result in a larger transparent bandwidth [58].

2.2.3 Off-resonance MT

Off-resonance MT selectively deposits energy into the macromolecular pool, with-
out affecting the water pool, using a specially designed RF pulse. This process
is called selective excitation (Fig. 2.16). This RF pulse saturates the bound pro-
tons without affecting the free pool. To return to equilibrium, this energy would
need to be transferred to nearby unaffected spins, some of which are in the free
water pool. These free water protons would be driven to higher energy states,
partially saturating and hence reducing the net magnetisation of the free water

pool. If a second RF pulse were applied to the free water pool to generate an

Free Pool

Off-Resonance
Irradiation

Bound Pool
L sy
Wy Frequency

FIGURE 2.16: The spectral lines of free and the bound pools are both centered

at the Larmor frequency fy. The spectral line of the free protons is narrow in

comparison to the line of the bound protons which is broad. Selective excitation

of the bound pool by an off-resonance excitation leads to a variation in the
magnetisation [58].
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NMR signal, that signal would be smaller than it would have otherwise been due

to magnetisation transfer of energy from the MT pulse [57, 58].

Since free protons are weakly coupled due to motional narrowing, the effect of an

off-resonance irradiation is governed by the Bloch equations [57] as follows,

oM

Wf = R f(Moy — My) — KMy + K, M, (2.10)
M,

aat = Ryr(Mo, — My) — K, M, + K;M; (2.11)

where Mys /Moy, = K¢/ K,.

2.3 Flow Effects in MRI

In the human body there are several levels of physiological flow present, for ex-
ample, macroscopic flow (flowing blood in larger blood vessels), diffusion and per-
fusion (capillary flow) [63]. Flowing effects can be separated in two main types:
Time-of-flight (TOF) effects and phase effects. TOF effects arise from the fact
that flowing spins that were present at the start of the imaging sequence are no
longer there at the end of it. Phase changes rise because different velocities lead to

blood being affected by different field strengths, with consequent dephasing [36].

TOF effects are different depending on the sequence used (i.e., Spin-Echo or GRE
sequences). In Spin Echo a 90° degree pulse is followed by a refocusing 180° pulse.
If in the time between the 90° RF pulses and the 180° RF refocusing pulse the
flowing spins have left the imaging slice, a signal washout will be produced. On
the other hand, GRE does not use refocusing pulses, but repetitive RF pulses.
In this case, if the blood affected by the first RF has left the slice and has been
replaced by new flowing spins when the next RF pulses is applied, an increase of

the signal will be observed (Fig. 2.17) [36, 38].

Phase effects appear because the stationary spins close to vessels have a different

phase in comparison to the flowing spins inside the vessel. Within each voxel the
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FIGURE 2.17: Inflow effect in gradient-echo imaging. The velocity of flow in
the blood vessel is different for (a), (b), and (c). (a) Flow is fast in this case
and at time t = TR, when the next RF pulse is applied, all the blood that had
received the previous RF pulse has left the slice, and has been replaced by blood
where the spins have a larger M, component, as they have not previously been
subject to any RF pulses. This means that a large signal is obtained. (b) Flow
is slower than in (a) and as a result, not all the blood that received the previous
RF pulse has left the slice, since only a proportion has been replaced by spins
not previously subject to any RF pulses. This means that the signal from the
blood vessel is strong, but not as strong as when all of the blood is replaced.
When there is no flow (c), all the blood remains in the slice and is subject to
repeated RF pulses which lowers the signal from the flow. [36].

range of different phase shifts can be large enough for complete dephasing to take

place, leading to signal loss [36].

These inflow effects are normally unwanted and therefore techniques such RE-
gional Saturation Technique (REST) are applied. Spins flowing through REST
saturation bands are flipped into the transverse plane and then have their trans-
verse magnetisation dephased by spoiler gradients. When these spins flow into the

imaging slice they are already saturated and give zero signal [64].
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2.4 The BOLD Effect

The BOLD (Blood Oxygenation Level Dependent) effect was first observed by
Ogawa et al. in 1990 [65] proving in animals that variations in the MRI signal
were present depending on the hemodynamic changes. A few years later the first
studies using BOLD contrast were applied to humans by motor task [66] and
visual perception task [67]. BOLD fMRI has emerged as the foremost method
for visualising the vascular correlates of brain activity analysing, for instance,

activation in motor cortex [68], visual cortex [69] or in the frontal cortex [70].

The BOLD signal is based on the paramagnetic properties of the deoxyhemoglobin
(dHb). During activation the increase in the consumption of oxygen is accompa-
nied by an increase in the fully oxygenated blood (Figure 2.18) [71]. The net effect
is a local increase in oxyhemoglobin (diamagnetic) and a local decrease in deoxy-
hemoglobin (paramagnetic). Consequently, the decrease in paramagnetism leads

to an increase in transversal relaxation rate 72" and 72, which can be detected
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FIGURE 2.18: The origin of the BOLD effect. In activation (below) the over-
provision of fully oxygenated blood leads to a reduction in dHb and an increase
in local T3 in the draining veins compared with the rest condition (above) [38].
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with optimised MRI sequences [39]. The optimum T'E,,; to detect changes in the

transversal relaxation is given by

TQC 1 1 1

TEo = (70T~ 7,

(2.12)

where T5, and T5. denote the relaxation time during activation and control, respec-
tively. For small changes in Ty /Ty, the optimum TE to maximise signal changes is
found to be equal to T2/T2* [39, 72]. The assumption of small activation-induced
changes in T5 /T3 might generally be true for the extravascular compartment, but
for example the T3 of venous blood can change significantly during activation. The
consequence of this is that at lower field strengths, the T, of venous blood is longer
than that of the tissue and its contribution to the BOLD signal change will be
over-weighted. At very high field strengths 75 is very short, and at the optimum

TE for tissue the intravascular signal may be neglected [39, 72].

2.5 The Nuclear Overhauser Effect

Previously, it has been shown that molecular motion of two dipoles could create
locally fluctuating magnetic fields resulting in 77 and/or T; relaxation. This dipole-
dipole interaction can be expanded with a quantum mechanical approach: the
Nuclear Overhauser Effect (NOE). To understand the NOE let us considered a
pair of protons AX, close in space but not J coupled to each other, whose spin
difference is given by A [74]. At equilibrium, such a system has four energy states,
corresponding to the av, a3, fav and [ spin states (Fig. 2.19). There will be
three kinds of transitions posible [75]:

e wiax: the single quantum (SQ) transition probability that spin A will go
from « to 5 (or viceversa) while the state of the spin X remains unchanged.

Or the single quantum transition probability for spin X while A remains

unchanged (aa/ aff, aa/Ba, /BB and Sa/B5).
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FIGURE 2.19: Quantum mechanical approach of the dipole and dipole interac-
tion. The allowed single quantum (SQ) transitions and forbidden zero-quantum
(ZQ) and double quantum (DQ) transitions are indicated.[73, 74].

e wy: the two quantum (DQ) transition probability for the two the spins to

relax in the same direction (aa/55 or f5/aq).

e wy: the zero quantum (ZQ) probability for a mutual spin flip (af/Ba or
pa/af).

The frequencies of the w; represent the Larmor frequencies of the two nuclei. The
frequencies of the wy transition is the difference in the chemical shifts of the two
nuclei and is therefore relatively small. Finally, the frequencie of the wy transition
is the sum of the chemical shifts of the two nuclei and therefore it is approximately

twice of the Larmor frequency [76].

When the X-transition is irradiated, the populations of the aa and af states
get saturated, as do the Sa and (S states. The population difference across A
must remain A, but the population across X must be zero. After the irradiation,
relaxation occurs, therefore the difference in these two populations depends on the

three possible relaxation processes. If wy > wi, wy, then the Sa/BS population
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will tend to that of the 53 state, and the af/aa states will tend that of the a«a
state, hence there will be a larger population difference for the A transition (2A)
than the equilibrium difference (A). Conversely, if wy dominates, then the Sa/ 35
will tend to the Sa population, and the af/aa will tend to the af population,
i.e., the population difference will tend to 0 [74-76].

The differential equations governing the population of the different states are the

Solomon equations [77]:

dAP,,

a —(wia + wix + w2)APoq + wiaAPpa + wixAFas + waAPgz  (2.13)
dAP,
Tﬁ = —(wo + wiA + W) APog + WoAPsa + wiaAPss + wixAPuy  (2.14)
dA Py,
— = (w0 + wia +w2) APga + A Pag + wiaAFan + wixAPss  (2.15)
dAP,

dtﬁﬁ = —(wi1a + wix +wa)APss + wi1aAPus + wixAPsq + wa AP, (2.16)

where wy, w14 x and w, are the transition probabilities, APgs, AP,g, APs, and
AP,., are the deviation of the population from the equilibrium of the 53, af, Sa
and a« states respectively [77, 78].

Let us consider now the A, and X, which represent the fluctuating longitudinal
interactions for the spins A and X. Now utilising < A, > (t) = Paa+Pas—Psa—Psp
and < X, > (t) = P,o — Pag + Psa — Ppss, it is possible to transform equations
2.13-16 into [77, 78]

dAA (1)

0t = —(2w1a + wo + wo) AA(t) — (w2 — wo) AX(t) (2.17)

dAX, (1)

0l = —(2wix + wo + w2) AX, () — (wo — wo)AA,(t) (2.18)
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where AA,(t) =< A, > (t) — A2 and AX,(t) =< X, > (t) — X?. A% and
X0 are the equilibrium magnitudes of the A, and X, respectively. The Solomon
equations for a two spin system can be obtained by introducing the identifications
pA = 2w + Wy + wo, px = 2wix +wo + wy 04x = wWe — wp and into equation 2.19

and 2.20 [77, 78|

%};(” = pAAAL(E) — oaxAX, (D) (2.19)
dAdL;“)  AXL(E) — oax AAL(H) (2.20)

where rho and px are the auto-relaxation rate (i.e. spin-lattice relaxation rates)
constants and o 4x is the cross-relaxation term for exchange magnetisation between

both spins [75].

2.5.1 Free Radicals

The NOE has been developed for dipole - dipole interactions of the water proton
spins. However, the NOE can also be mediated by polarisation of bonding elec-
trons in the molecule (i.e., free radicals). Free radicals are molecules present in
the human body typically found at very low concentrations. Each electron pos-
sesses an intrinsic magnetic-dipole moment that arises from its spin [79]. In most
systems electrons occur in pairs such that the net moment is zero. Hence, only
species that contain one or more unpaired electrons possess the net spin moment
necessary for suitable interaction with an electromagnetic field [80]. These free
radicals unpaired electrons exhibit a quantum mechanical spin and therefore have
a magnetic moment [81]. This means that an MRI signal can be generated in a
way analogous to the detection of the proton spins in MRI. Although NMR and
MRI are powerful approaches, the small energy splitting of the spin states even
in a strong magnetic field results in low thermal polarisation of the nuclei (due to

Boltzmann statistics), and only a fraction of the nuclei contribute to the observed
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signal [81]. Therefore, several techniques have been developed to overcome this

issue and quantify free radicals.

Electro Spin Resonance (ESR) uses continue irradiation to measure the resonance
response of the unpaired electrons [80-82]. This response is measured by slowly in-
creasing the strength of the magnetic field and when an ESR appears the combined
effect of the unpaired electrons alters the electrical properties of the resonator and
a reflected signal can be measured. The second one is the Chemical Induced
Dynamic Nuclear Polarisation (CIDNP) which is based on electro-nuclear cross
relaxation. It relies on the interplay between the nuclear-spin of radical pairs,
modulated by the dynamics of inter-diffusion, and electron-spin reactivity of the
pairs in the reaction pathway [83-86]. Finally, the Overhauser MRI (OMRI) ap-
pears, which consists of a double resonance technique that couples the advantages
of MRI with the sensitivity of the aforementioned ESR. By saturating the EPR
transition of the paramagnetic agent, the signal arising from the water spins is
enhanced due to Overhauser Effect [87, 88]. This is due to the dipolar coupling
existing between the unpaired electron of the free radicals and the proton of the

water spins [88].



Chapter 3

Analysis of Time Series

3.1 Data Analysis of Time Series

The analysis of temporal signals has been always an issue in several disciplines like
astronomy (e.g., array signals), geology (e.g., seismic signals), telecommunications
(e.g., television signals) or medicine (e.g., biomedical signals). A broad spectrum
of methods, not only in temporal but also in frequency domain, has been applied
to interpret biomedical signals (e.g., MRI signals, electroencephalograms or elec-
trocardiograms). For example, in MRI activation studies, time series data are
more commonly investigated using Statistical Parametric Mapping (SPM) [89] or
Analysis of Functional Neurolmages (AFNI) [90] to determine the regions under
activation. Time series derived from electroencephalograms (EEGs) are evaluated
using, for instance, topographic mapping [91] or transforming signal into ordinal
patterns [92]. Another example could be electrocardiogram signals (ECGs), which
may bear certain similarity to the signals obtained with the Non-single quantum
MRI sequence. Analysis of ECGs includes classifying signals using beat-to-beat in-
tervals, mean heart rate or standard deviation of the whole time series (i.e., Heart
Rate Variation analysis) [93] or methods based on nonlinear or symbolic dynamics
[94]. Between the wide range of possible methods, this thesis will focus on a few

tools, which have been broadly used in different fields during recent decades to

33
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analyse temporal signals: wavelet analysis, Inter-Component Analysis (ICA) and

fractal analysis.

3.1.1 Wavelet Analysis

Wavelet transform is the frequency representation of a temporal signal at different
time scales. The wavelet coefficients represent a measure of the similarity in the
frequency content between a temporal signal and a chosen wavelet function [95].
A Wavelet is a wave-like oscillation with an amplitude that starts out at zero,
increases and then decreases back to zero (Fig. 3.1). These functions are nor-
mally more concentrated on time and have a band-pass like spectrum, therefore
acting as a dilated band-pass filter. The wavelet transform X (a,b) is computed

by convolution of signal, z(¢) and the scaled mother wavelet ,i(t), as :

t—

X(a,b)—%/w( ab):z;(t)dt (3.1)

— inf

where a is the scale that corresponds to frequency information, b is the translation
parameter that relates the location of the wavelet function as it is shifted through
the signal, giving the time information in the transform [96]. The scales are pro-
portional to the radian frequency, and consequently, they are similar to the scales
used in maps, meaning that high scales offer a non-detailed view of the signal and
low scales correspond to a more detailed view. In terms of frequency, low frequen-
cies (i.e., high scales) correspond to the non-detailed view, while high frequencies
(i.e., low scales) correspond to a detailed information of a hidden pattern in the

signal.

Once the mother wavelet is chosen, the computation starts with the scale a equal
to 1 and the continuous wavelet transform is computed for all values of a. The
procedure will continue for the increasing values of a, i.e., the analysis will start

from high frequencies and proceed towards low frequencies. This first value of a
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2 )

FIGURE 3.1: Mother wavelet examples. a. Morlet Wavelet and b. Mexican
Hat Wavelet [96]

will correspond to the most compressed wavelet. As the value of a is increased,

the wavelet will dilate.

The wavelet is placed at the beginning of the signal at the point which corresponds
to t equal to 0. The wavelet function at a is multiplied by the signal and then
integrated over all times. The result of the integration is then multiplied by the
constant number \/La . This multiplication is for energy normalisation purposes so
that the transformed signal will have the same energy at every scale. The final
result is the value of the transformation, i.e., the value of the continuous wavelet
transform at time zero and scale a = 1. In other words, it is the value that

corresponds to the point b =0, a = 1 in the time-scale plane.

The wavelet at scale s = 1 is then shifted towards the right by 7 amount to the
location t = b , and the equation 3.1 is computed to get the transform value at
t =b,a =1 in the time-frequency plane. This procedure is repeated until the

wavelet reaches the end of the signal at each scale.

3.1.1.1 Signal Denoising

One of the multiple applications of the DWT is the denoising of temporal signals
in order to remove the noise in the signal [97-99]. Noise acts as an additive term

that decreases the performance of visual and computerised analysis. The denoising



Chapter 3. Analysis of Temporal Signals 36
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FIGURE 3.2: Representation of the hard(a) and soft (b) thresholding methods.
A represents the threshold value [103]

process consists of removing the noise without affecting the quality of the signal.

A noisy signal, z(t), might be described by

x(t) = y(t) + oe(t) (3.2)

where y(t) is the noise free signal, ¢(t) are independently normal variables and o
represents the intensity of the noise [100]. In equation 3.2 the noise is asssumed
to be stationary, independent, zero-mean white Gaussian [101, 102]. This usual
approach is to treat noise as a high frequency additive term that may be removed
in frequency domain after applying an adequate filter to the Fourier transform of
the signal. However, this leads to the loss of important signal information. In

order to avoid this, methods like the DW'T' are used to denoise signals.

The wavelet signal denoising process is normally done in three steps:

e Apply the chosen wavelet to the noisy signal to produce the wavelet coeffi-
cients to the selected level. The choice of the mother wavelet is important
because it can affect not only the noisy part of the signal but also its spec-

trum [103].
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FIGURE 3.3: Example of an input noisy signal (a) and its correspondent de-
noised signal after applying a two level decomposition using a Debauchy 5
mother Wavelet.

e Select a threshold limit and method to remove the noises. The idea of
thresholding requires the estimation of the noise level which will be used to
threshold the small coefficient assumed as noise. Since linear thresholding is
only suitable for homogeneous signals, Donoho and Johnstone [104] proposed
a nonlinear strategy for thresholding. The two main approaches are called
hard and soft thresholding (Fig. 3.2). In the hard thresholding, the wavelet
coefficient under a certain value \ is set to zero, whereas soft thresholding

shrinks the coefficients with high amplitude towards zero.

e Inverse wavelet transform of the thresholded parameters to obtain the de-

noised signal.

An example of the results after denoising the signal may be seen in Fig. 3.3 where

the original and the denoised signals are shown.
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3.1.2 Independent Component Analysis

Independent Component Analysis (ICA) is a computational method for finding
underlying factors or components from multivariate (multi-dimensional) statistical
data [105]. The problem of separating and estimating the original sources, without
knowing signal characteristics and the source can be briefly expressed as problems
related to Blind Source Separation (BSS). In BSS blind means that we do not
know how the signals were mixed or how they were generated. Jutten and Heraulz
[106] proposed that, in a artificial neural-network-like architecture the separation
could be done by reducing redundancy between signals. This approach initially
led to what is known as independent component analysis today. It was not until
1995, when Bell et al. [107] published a relatively simple approach to the problem
named infomax, that many became aware of the potential of ICA. ICA is used
today in many different applications, e.g., medical signal analysis [108], financial
analysis [109], image processing [110] or in telecommunications [111]. In the last
decade, ICA has been successfully applied to brain imaging studies, for example
with data recorded at rest [112-114], or during natural stimulation [115, 116], and

has received a lot of recent attention.

3.1.2.1 ICA Model

In the general ICA model, the sources are generated through a linear basis trans-
formation, where additive noise might be present. The idea is to obtain the orig-
inal sources, s(t), from the measured signals, z(¢). These measured signals are a
mixture of the original processes and they have to fulfill that they are spatially
distributed so each signal is made from a different mixture of signals. The model

can therefore be explained as:

z(t) = As(t) (3.3)
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QOriginal Sources Recorded Signals Estimated Signals
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FIGURE 3.4: ICA model. The recorded signals are created from all the sources
signals with the mixing matrix. The estimation of the separated sources signals
is created by estimating the unmixing matrix [117].

where A is the unknown mixing matrix [105]. In order to estimate the sources
we have to derive the unmixing matrix W = A~!. We can thus estimate the

independent sources as:

s€(t) = Wx(t) (3.4)

This ICA model can be summed up in Figure 3.4. The more accurate the unmixing

matrix, the better estimation of the sources signals.

ICA is distinguished from other approaches of source separation in that it re-
quires relatively few assumptions on the sources and on the mixing process. The

assumptions are the following [117]:

e The sources are statistically independent.

e The components do not have Gaussian distribution. This is neccesary be-
cause ICA does not identify Gaussian sources and the sum of Gaussians
would give a Gaussian. Since ICA is not able to identify a Gaussian all

components will subsequently be non-Gaussian.

e The mixing matrix is irreversible. If it was not irreversible, then it would be

impossible to be estimated.
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As long as these assumptions are satisfied, then the sources may be estimated.
Additionally, there are some ambiguities to be taken into account. The most
important one is the permutation ambiguity which means that the order of the
estimated independent components is not specified but this is inherent in the BSS
[117]. Given no restrictions are applied in ICA, all possible permutations are

equally valid.

3.1.2.2 ICA Preprocessing

There are a few steps that are commonly used prior to the ICA analysis. These
effects are centering and whitening [105, 117]. An observed signal is centred by

subtracting its mean vector m = Ex so

Te=T—m (3.5)

By performing this we can assume a zero mean [105]. Once the unmixing matrix

has been calculated, the independent components can be then estimated as:

s°(t) = W (xo(t) +m) (3.6)

Whitening involves linearly transforming the observation vector such that its com-
ponents are uncorrelated and have unit invariance [105, 108]. Let x, be the

whitened vector which satisfies the following equation:

Eryal =1 (3.7)

where Ex,zl is the covariance matrix of x,,. Given that any restriction is set to
the order of the sources, it is possible to assume that the source vector s is also
white. In order to perform the whitening, an eigenvalue decomposition of x is

carried out.
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Exx’ =VDVT (3.8)

where V is the matrix of eigenvectors of Exz? and D is the diagonal matrix of

eigenvalues. Then we can whiten the observation vector by doing the following

Ty =VD V2T = VD 2VTA, = Ays (3.9)

hence,

Exx' = A, FEss" AL = A AL =1 (3.10)

Whitening transforms the mixing matrix in a new one, which is orthogonal, thus
reducing the number of parameters to be estimated to n(n—1)/2 degrees of freedom

instead of n? [108].

3.1.2.3 ICA Algorithms

Several approaches have been developed to determine the different independent
components such Maximum Likelihood Estimation and Infomax [107], Projection
Pursuit or FastICA [108]. In this thesis the Infomax method combined with a
bayesian information criterion is used to estimate the number of components with

the maximum likelihood [118].

It was formulated by Pham et al., 1992 [119] how to estimate the likelihood in
a noise free ICaA model and then estimate the model by a maximum likelihood.

The log-likelihood may be estimated as

T n

L=> Y logfi(w]x(t)) + Tlog|detW| (3.11)

t=1 =1
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where W is the unmixing matrix, f; are the density functions of the s; and x(t),t =
1,...,T are the realisations of = [120]. For any random vector = with density p,
and for any matrix W, the density of y = W, is given by p,(W =t detW~1|). Once
the number of independent components had been estimated, the Infomax method

was applied.

Infomax is a gradient-based neural network algorithm, with a learning rule for
information maximisation [105, 107]. Under perfect conditions, Infomax provides
the best estimation of ICA components. The algorithm is directly related to the
information theory and is derived through an information maximisation principle
applied between the inputs and the non linear outputs. The information maximi-
sation is attained by maximising the joint entropy of a transformed vector [105].

Given the form of joint entropy:

H(s1,82) = H(s1) + H(sg) — I(s1,52) (3.12)

here for two variables s = ¢g(Bx), it is clear that maximising the joint entropy
of the outputs amounts to minimising mutual information I(y1,y2), unless it is
more interesting to maximise the individual entropy than to reduce the mutual
information [107]. The idea of maximisation is to match the slope of the nonlinear

function with the input probability distribution. That is:

s=g(x,0) ~ /mf fo(t)dt (3.13)

In the case of perfect matching, f,(¢) looks like an uniform variable whose entropy
is large [107]. If this is not possible because the shapes are different, the best solu-
tion found in some cases is to mix the input distributions so that the resulting mix
matches the slope of the transfer function better than a single input distribution.

In this case the algorithm does not converge, and the separation is not achieved.
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3.1.3 Spectral Clustering

Clustering is a technique widely use in data analysis to identify groups of similar
behaviour in the data. Among the traditional clustering methods such k-means or
single linkage, spectral clustering emerges as a technique which often outperforms

those traditional methods [121].

Spectral clustering was used throughout this thesis and therefore a brief introduc-

tion will follow. Spectral clustering is carried out in a few steps [121]:

e Data preprocessing: if the chosen clustering algorithm requires normalised
data, a first step in which the data is normalised is required. In this thesis

all datasets are normalised.

e Similarity graphs calculation: a similarity graph is an undirected graph
G = (V,E) with a vertex set V = wvy,...,v, in where each vertex repre-
sents a data point. It is said that two vertices are connected if the similarity,
s(7,7), between two data points, v; and v, is positive or larger than a certain
threshold and that the edge E is weighted by the similarity value w; ;. By
means of these similarity graphs it is possible to search for a partition of the
similarity graph where the edges among the different groups have very low
weights (the points in different clusters are dissimilar from each other) and
the edges within a group have high weighs (points within the same cluster
are similar to each other)[121]. The similarity graphs can be constructed

using different methods:

1. The e-neighbourhood graph: all the points whose pairwise distance is

smaller than e are connected.

2. k-nearest neighbour graph: the idea is to connect one vertex with others
if those are included in the k-nearest neighbours. There are two ways
to do it. The first one consists in ignoring the direction of the edges
and connecting the two vertices, v; and v;, with an undirected edge if

the first vertex is among the k-nearest neighbours of the second vertex



Chapter 3. Analysis of Temporal Signals 44

or vice versa (k-nearest neighbours). The second involves connecting
two vertices if both are between the k-nearest neighbours of each other

(mutual k-nearest neighbours.)

3. The fully connected graph: here all points with positive similarity are

connected with each other and all edges are wieghted by s; ;.

Here, a k-nearest neighbour algorithm was used because it has been proven

to be solid classifying signals in frequency domain [121].

e Laplacian graphs calculation: since we are working with normalised data,
only two Laplacian graphs will be under consideration: the symmetric matrix

(Lsym) and the random walk matrix (L,,,) [122].

Loym = D™Y2LDY? = [D'2W D'/? (3.14)

Lyw = D'L = ID'W (3.15)

Both Laplacians differ slightly from each other but are based on the degree
matrix D (diagonal matrix formed from the vertex matrix) and the weighted
Adjacency Matrix W (a matrix of 1s or Os depending if two vertex are
adjacent or not). D is defined as the diagonal matrix with the degrees
dy,...,d, on the diagonal. On the other hand, the weighted adjacency matrix
of the graph is the matrix W = (w;;)i,7 = 1,...,n. If w;; = 0 this means

that the vertices v; and v; are not connected [121].

e Spectral clustering algorithm: once the similarity and the Laplacian graphs
are calculated, then the clustering algorithm is applied. Since the data is

normalised only two methods will be described here:

1. Normalised spectral clustering according to Shi and Malik (2000) [123]:
the first k& generalised eigenvectors, uq, ..., ux, are calculated from L,,,
and a matrix U is constructed containing the eigenvectors as columns.

These eigenvectors are calculated from the generalised eigen-problem
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Lu = ADu. Finally, the vectors corresponding to each row of U are

clustered using a k-means algorithm [124].

2. Normalised spectral clustering according to Jordan and Weiss (2002)
[125]: the first k generalised eigenvectors, uy, ..., uy, are calculated from
Lsym and a matrix U is constructed containing the eigenvectors as
columns. These eigenvectors are calculated from the generalised eigen-
problem Lu = ADu. A matrix T is calculated from U by normalising
the rows to 1. Finally, the vectors corresponding to each row of T" are

clustered using a k-means algorithm [124].

3.1.4 Fractal Analysis

The idea of fractals was first developed by Mandelbrot to explain objects whose
complex geometry cannot be characterised by a single integral [126]. This idea was
initially applied to the brain for geometrical purposes, for instance, the brain shape
[127-129]. Moreover, the concept of fractals has been applied in the last decade to
biomedical signals, since they have usually a large range of scale invariant structure
(i.e., when the structure repeats itself on subintervals of the signal) [130]. Fractal
analysis estimates for each time series the power law exponent that defines its
particular kind of scale invariant structure [130]. This concept has been employed
to study, for instance, alterations in disease and ageing [131, 132], variations during
task and rest [133], the characteristics of sleep encephalograms [134] or to model
the human neural activity [135]. Fractal analysis relies on the examination of
the singularity spectrum by determining its fractal parameters. These are, for
instance, the width (i.e., the width on the spectrum) [130, 134, 136, 137], the
asymmetry (i.e., the indicator if the spectrum is located in the region of strong or

weak singularities) [134, 138] or the position of the spectrum maxima [137].

The fractal parameters should vary in the presence of smaller or larger amount of
singularities within the time series. Therefore, it might be possible to characterise
the existent differences between time series. For this purpose the MultiFractal

Detrended Fluctuation Analysis (MFDFA) method was selected.
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3.1.5 Multifractal Detrended Fluctuation Analysis

MFDFA is a powerful technique used that can estimate the multifractal spectrum
of power law exponents from a biomedical time series. The acquittance of the

fractal parameters is carried out following the next steps [130, 139]:

1. Noise and random walk like variation in a time series: the detrended fluctu-
ation analysis can only be applied to random like signals, therefore the first
step consists of determining if the biomedical signal has a random walk or
not. In case it is not a random walk, it is the time series that has to be

converted by subtracting the mean and integrating.

n

V(i) = Yo~ ()] (3.16)
k=1
2. Computing the Root Mean Square (RMS) variation of a time series.
3. Local variation in the time series: the time series is cut into equal size non-
overlapping segments, N, and the RMS is calculated for each segment to

determine the local variations.

N, = int(N/s) (3.17)

where N is the length of the time series and s is the scale size.

4. Local detrending of time series: the detrending of time series is necessary
to quantify the scale invariant structure of the variation around the slow
trends presented in the biomedical signals. This process is carried out by a

least-square fit of the time series:

F2(s,0) = § Z{Y[(v —1)s + 1] — yi}? (3.18)

5. Monofractal Detrended Fluctuation Analysis (DFA): fast changing varia-

tions in the time series will influence segments with shorter lengths and slow
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changing variations will influence larger segments. Therefore, the trends will

be calculated for different scales.

F2(s,0) = é SAVIN = (0= Ns + 1] = i’ (3.19)

DFA identifies the monofractal structure of a time series as the power law

relation between the overall RMS computed at different scales.

2N

Fyls) = {5 D_[F¥(s, )92 (3.20)

S v=1

The power law relation between the overall RMS fluctuations F is indicated

by the slope of the regression line (Hurst exponent, H).

E,(s) o 1@ (3.21)

The generalised Hurst exponent defines the monofractal structure of the time
series by determining how fast the whole RMS of local fluctuation grows with
increasing the segment size. The value will be between 0 and 1 for noise time

series, whereas it will be above 1 for random walk series.

6. Multifractal detrended fluctuation analysis of time series: multifractal time
series have local fluctuations that are both extreme and small, while this
is an effect that is not present in monofractal time series. Thus, inside the
multifractal time series, local fluctuations will be large for segments with
periods of large fluctuations and small for small periods. Consequently, all
the g-order moments have to be considered. With this, every Hurst exponent
(H(q)) will be computed as the regression line of the RMS associated with
each g-order. As mentioned above, at short segment sizes the small and large
fluctuations are stronger and therefore the correspondent H(q) will be larger.
However, at large segment sizes the small and large fluctuations cancel each

other out and the it becomes nearly impossible to distinguish between multi
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and the monofractal time series. For this reason, the selection of the segment

sizes is a critical component in the analysis.

7. The multifractal spectrum of time series: the spectrum is calculated from
the H(q) previously obtained. From each H(q) the mass exponent ¢, can be

obtained.

tg=H(q)*q—1 (3.22)

This is consequently transformed via Legrende transform into g-order singu-

larity exponent (hq) and dimension (D,).

hy =t (3.23)

q

tg  Hyxq—1
g—1  g-1

D, =

q

(3.24)

The plot of the latter versus the former gives the multifractal spectrum. It
is this spectrum which allows us to understand the properties of the time
series. For example, the spectrum can have either right or left truncation that
originates from levelling the h, from positive to negative g;. A multifractal
spectrum will have a long left trail when the time series has a structure which
is insensitive to the local fluctuations with small properties. On the other
hand, multifractal spectrum will have a long right trail when the time series
has a structure insensitive to the local fluctuations with large magnitudes.
Thus, the width and shape of the multifractal spectrum is able to classify a

wide range of different scale invariant structures of biomedical time series.
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Chapter 4

Material and Methods

4.1 Data Acquisition

First, in order to understand the origin of the signal, 40 subjects in total (between
18 and 30 years old) were scanned with the protocols approved by the Trinity
College School of Medicine Research Ethics Committee. Each participant was
imaged in a 3.0 T Philips whole-body MRI scanner (Philips, The Netherlands)
using a standard single-shot GE EPI sequence. Two RF array coils of 8 and
32 channels were used. The parameters of the EPI sequence were varied in the

following fashion:

1. When the RF array coil of 32 channel was in use, participants were scanned
with FA = 35 degrees, TR = 45 ms and the TE = 5 ms with a voxel size
was 3.5 x 3.5 x 3 mm. The SENSE factor was set to 3.

2. When the RF array coil of 8 channels was in use, participants were scanned
with FA = 30 degrees, TR = 60 ms and the TE = 18 ms with a voxel size
was 3.5 x 3.5 x 3 mm. The SENSE factor was set to 2.

Two REST slabs of 5 mm in thickness were placed parallel to the imaged slice.

The first one was located above the imaged slice at a distance equal to 15mm.

51
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The second one was placed below separated by 20 mm. These slabs were applied
to suppress unwanted flow artifacts from vessels entering the imaged slice [64].
Additionally, the excitation of the REST slabs induced an RF off-resonance pulse
leading and thus introduce the MT effects. MT effects were introduced in both
cases by a negative (-13411 + 2290Hz) and a positive off frequency (17882 + 2290
Hz) RF pulse. The imaging slice was placed away from the ventricle to avoid
pulsation effects. Two different configurations were used. When the 8-channel
coil receiver was used, the imaging slice was placed with angulation above the
ventricle (Fig. 4.1a). Data from this coil was part of a bigger study which needed
information about the anterior circulate cortex. The reason of the angulations is to
avoid the ventricle pulsation. On the other hand, when the 32-channel coil receiver
was used, the imaging slice was set without angulation above the ventricle (Fig.
4.1b). Throughout this thesis, UEPIS (Ultrafast EPI with Slabs) will referred to

those cases where the REST slabs are present.

Secondly, for the purpose of determining the contrast mechanism a variation of
some of the MRI sequence parameters was performed. 30 subjects in total (be-

tween 24 and 42 years old) were scanned with the protocols approved by the Trinity

FIGURE 4.1: Acquisition model which includes the imaging slice (red) and the

REST slabs (light blue) both 5mm thick and separated 15 mm and 20 mm

respectively. a) corresponds to the protocol used with 8-channel coil and b) to
the 32-channel coil.
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College ethics committee and the Irish Department of Health. Each participant
was imaged in a 3.0 T Philips whole-body MRI scanner (Philips, The Netherlands)
using a standard single-shot GE EPI sequence. A 32-channel array receiver coil
was used in all cases. The parameters of the EPI sequence were varied in the

following fashion:

1. Five participants were scanned while the FA was varied between 5 and 60 in
steps of 5 degrees, while the TR = 45 ms and the TE = 5 ms and the voxel

size was 3.5 x 3.5 x 3 mm.

2. Five participants were scanned while the FA was varied between 5 and 60 in
steps of 5 degrees, while the TR = 60 ms and the TE = 5 ms and the voxel

size was 3.5 x 3.5 x 3 mm.

3. Five participants were scanned while the TR was changed with values [38,
43, 48, 53, 58, 63, 68 and 73] ms, while the TE= 5 ms, the FA = 35° and

the voxel size was 3.5 x 3.5 x 3 mm.

4. Five participants were scanned while the voxel size was changed by increasing
the slice thickness from 3 mm to 7 mm in steps of 0.5 mm, while TR = 45

ms, the TE= 5 ms and the FA= 35°.

5. Five participants were scanned while the distance of the REST slabs were
varied between 0.8 mm and 50 mm to alter the off-resonance frequency while
the voxel size was 3.5 x 3.5 x 3 mm, the TE = 5 ms, TR = 45ms and the
FA = 35°. The off-resonance frequency was calculated using the following
equation:

Freq = /}/Fstrengthd (41)

where ~ is the gyromagnetic ratio equal to 42.57E*Hz/mT, Ftrengtn s the
field strength (i.e., 21mT/m) and d is the distance is meters between the
centre of the imaging slice and the centre of the REST slab.

6. Five participants were scanned while the TE was varied between 5 and 21

ms in steps of 2 ms, while the TR = 45 ms, flip angle (FA) = 35° and the
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voxel size was 3.5 x 3.5 x 3 mm. Partial Fourier of the k-space equal to 0.71

was used to allow having the same bandwidth at all TEs.

The duration of each run varied between 38 and 73 seconds.

In all scans two REST slabs of 5 mm in thickness were placed parallel to the imaged
slice. The imaging slice was placed away from the ventricle to avoid pulsation

effects (see Figure 4.1b).

Additional scans were acquired without REST slabs above and below:

1. Five participants were scanned while the FA was varying between 5 and 90
in steps of 5 degrees, while the TR = 37, the TE = 5 ms and the voxel size

was 3.5 x 3.5 x 3 mm.

2. Five participants were scanned while the TR was changed with values be-
tween 26 and 51 ms in steps of 2.5 ms, while the TE= 5 ms, the FA = 35°

and the voxel size was 3.5 x 3.5 x 3 mm.

The duration of each run varied between 26 and 51 seconds. Again, the imaging
slice was set without angulation and placed above the ventricle to avoid artefacts

due to its pulsation.

Anatomical MRI images in all studies included a high-resolution sagittal, T1-

weighted MP-RAGE (TR = 2.1 s, TE = 3.93 ms, flip angle = 7°).

4.1.1 Additional Scans

Three participants took part in an hyper and hypoventilation experiments. Three
scans were acquired for each case. The two first scans consisted in a hypoventila-
tion with and without MT effects and the last scan during hyperventilation with
MT effects. Each hypoventilation scan had 6600 repetitions while the hyperventi-
lation scan had 8000 repetitions. MT effect was introduced by a negative (-13411
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+ 2290 Hz) and a positive off frequency (17882 £ 2290 Hz) RF pulse. The same
parameters were established for each scan: TR = 45 ms, FA = 35°, voxel size was
3.5 x 3.5 x 3 mm and TE = 5 ms. The hypoventilation protocol was designed as
follows: after one minute of rest, the participants were asked to hold the breath
during 20 seconds. This was repeated three times and at the end 1 minute rest
was added. The hyperventilation protocol was designed the same way but the
hyperventilation lasted 40 seconds. An image was shown in the screen to indicate

the start and end of each period of hypo or hyperventilation.

In addition, five participants were scanned for 5 minutes at rest using the same

parameters as in the hypo and hyperventilation experiment.

9 slices were acquired at different positions for five participants, with each slice
matching from bottom to the top the position of those acquired in the anatomical
scan. Each scan had 1000 repetitions, with TR = 45 ms, FA = 35°, voxel size
was 3.5 x 3.5 x 3 mm and TE = 5 ms. The experiment was carried out with and

without the REST slabs.

Finally, anatomical MRI images in all studies included a high-resolution sagittal,

T1-weighted MP-RAGE (TR = 2.1 s, TE = 3.93 ms, flip angle = 7°).

4.2 Data Analysis

All calculations were developed in a Dell Optiplex 790 with 12 Gb RAM using
Matlab 2014a (http://www.mathworks.co.uk/). All the calculations were carried

out with an in-house built Toolbox (see Appendix C).

4.2.1 Preprocessing

Prior to any calculation motion correction could not be applied due to the sin-
gle slice nature of the experiment. First, each average time series was visually

inspected in search for movement. Since movement produces abrupt changes in
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the time series (i.e. much higher than the cardiac related peaks), these movement
related peaks were manually removed from the analysis leaving the rest of the time
series unaltered. In addition, the data was not smoothed to avoid removing low

frequencies which may lead to the loss of information [140].

Manual segmentation was used to create a mask to remove cerebral spinal fluid
(CSF) contributions. The first 100 scans were removed to avoid signal saturation
effects. The manual segmentation of the masks was eroded to avoid partial volume

effects at the edges.

All images within a time series have the same scaling values. However, differ-
ences appear between separate acquisitions. Therefore, rescaling was applied to all
datasets before any analysis. The signal intensity of all voxels at each PAR/REC
and normal DICOM files was computed using;:

_ DV —RI

PV
RS

(4.2)
where PV is the pixel value, DV is the displayed valued, RI is the rescale intercept
and RS is the rescale slope. In enhanced DICOM each acquired slice has its
own scaling/rescaling functions. Therefore, in this case is each slice was corrected

individually.

4.2.2 Linear Regressions

Linear models were constructed in the data using the LinearModelFit function in
Mathematica (Wolfram Research, Champaign, Illinois). This function provides
the individual parameter estimates, tests of parameter significance (t-test and p-

values), and confidence intervals obtained using the error estimates.
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4.2.3 Mean Maximum Peak Detection

The detection of the peak maxima is based on the method proposed in Gomes and
Pereira 2013 [141]. The method uses the open function peakdet implemented in
Matlab, to detect all the local maxima of the temporal signals. The mean baseline
signal will be the mean value of the remaining time points (i.e., the peak maxima
were excluded to compute the mean baseline). The peak-to-signal value for each
time series will be calculated by computing the % signal change in comparison to

the baseline at each peak position.

For each time series the error was calculated by standard deviation between the %
signal changes of all peaks within the time series. When averaging across subjects
the error was amounted using a standard Gaussian error propagation where the
average standard deviation was calculated as the square root of the sum of all

variances.

To calculate the spatial distribution in the whole slice of the maxima in the os-
cillation, the signal at each voxel was treated individually. Then, the % signal
change for each voxel was calculated using the peakdet function aforementioned.

An intensity map was created with all the values.

4.2.4 Fourier Transform

Fourier transform were computed to decompose the time signals into separate
frequencies. In all calculations, a zero-padding of 4096 points was applied to
calculate the power spectra. Zero padding allows one to use a longer FF'T, which
will produce a longer FF'T result vector. A longer FFT result has more frequency

bins that are more closely spaced in frequency [142].
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4.2.5 ICA Analysis

Temporal Independent Component Analysis (tICA) was used to decompose the
UEPIS signal into independent non-Gaussian components. The number of source
components was estimated for each subject by using Bayesian Information Cri-
terion (BIC) [118]. The maximum number of possible source components was
set to 30 to reduce computational times. Singular value decomposition was used
for dimension reduction. Finally, the temporally independent components were
computed using the estimated number of source components and a maximum like-

lihood, square mixing matrix and no noise algorithm [107].

The different components were visually classified into three main groups: pulsation
or physiological components, artefacts and other signals. tICA time courses were

Fourier transformed to compute power spectra.

4.2.6 Wavelet Analysis

Wavelet analysis was used to study transient effects in the UEPIS signal. The
average signal across the slice was decomposed into separate wavelet coefficients
using a Mexican Hat mother wavelet. This wavelet was selected because of its
similarity with the shape of the oscillation in the UEPIS signal. The coefficients
were calculated using a continuous wavelet transform, with scales ranging from
1 to 64 in steps of 0.1. The frequency of the wavelet was 1/TR of the signal

acquisition.

The first coefficient( i.e. calculated with the lowest scale), corresponds to a detailed
information of a hidden pattern in the signal. This was used to determine the
frequency of the UEPIS wavelet. The reason for this is that a mother wavelet
with the fastest frequency (i.e., lower scales) offers a more detailed description
of the signal. The frequency of the cardiac induced oscillation was determine

following the next steps:

e Find the position of the oscillation maxima inside the first wavelet coefficient.
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e Locate the first peak to the left and to the right within a time period of 250

ms and average across all the cardiac induced oscillations

e In the time series, the peaks were located using the peakdet function of

Matlab.

e The inverse of the mean time between peaks gives the frequency of the

oscillation.

The frequency of the cardiac induced oscillation was compared to the cardiac
frequency of the average signal. Fourier Transform was used to find the cardiac
frequency of the time series. The linear correlation coefficient was calculated using
a Pearson’s correlation coefficient and the p-values using a Student’s t distribution

for a transformation of the correlation.






Chapter 5

The Cardiac Induced Modulated
MRI Signal

5.1 Results

5.1.1 The Cardiac Induced Modulated MRI Signal

The characteristic cardiac induced modulated MRI signal time series is shown in
Figures 5.1 and 5.2. In the brain of healthy subjects, the signal is characterised by
relatively constant modulated oscillation with a similar frequency as the cardiac

cycle.

Although both images clearly show a strong cardiac behaviour, there are slightly
differences between them. In Figure 5.1, the cardiac induced oscillation has a
relatively wide curve with one or sometimes two peaks. Additionally, the relation
between the peak os the oscillation and the mean baseline value is approximately
5% of the whole signal. However, in Figure 5.2, the main peak is followed in most
cases by smaller ones before and after it. The peak to mean baseline relation in

this case is larger than 10%.

In Figure 5.3a, the typical peaks are unveiled. The main signature of the cardiac
induced oscillation cycle is defined by a sharp peak followed by smaller peaks that
61
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FiGurE 5.1: Example of the UEPIS time series obtained with the 8-channel
coil receiver.
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FIGURE 5.2: Example of the UEPIS time series obtained with the 32 channel
coil receiver.

can be found before the signal decays into the baseline level. In addition, Figure
5.3b illustrates the comparison between the temporal signal of cardiac induced
oscillation and the wavelet coefficients with the lowest scale. As expected, the

first coefficient of the wavelet analysis correlates with the UEPIS signal.

Figure 5.4 illustrates the differences between the presence or absence of the REST
slabs. The differences between both sequences are visible not only in time domain

(Fig. 5.4a) but also in frequency domain where the UEPIS signal generates a larger
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FIGURE 5.3: The main signature of the cardiac induced oscillation is defined
by a sharp peak followed by smaller peaks that can be found before the signal
decays into the baseline level.
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FIGURE 5.4: Differences in time and frequency domain between the presence
(a and b) or absence (¢ and d) of the REST slabs.

cardiac frequency and in some cases harmonics (Fig. 5.4b). When no REST slabs
are present, the profile of the oscillation can be sensed but it is not clear any more

(Fig. 5.4c). Additionally, no cardiac frequencies are observed in frequency domain

(Fig. 5.4d).
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FiGurE 5.5: Comparison of the frequency of the cardiac induced oscillation
and the Fourier frequency of the time series of different subjects.

Finally, the average cardiac induced oscillation frequency was computed from the
first wavelet coefficient and compared to the Fourier frequency of the average time
series. The correlation between both frequencies is shown in Figure 5.5. The
Pearson Correlation coefficient was -0.4099 with a p-value of 0.0161 revealing a
little but significant correlation between the cardiac frequency and the frequency
of the oscillation. The mean average oscillation frequency among all participants

was 7.1037 £ 0.7911 Hz.

5.1.2 Spatial Distribution of the UEPIS Signal

Further comparison appears in Figure 5.6 where the same 4x4 voxels region was
extracted from the acquired slice and each temporal series was represented. As
shown in this figure all the signals from UEPIS (Fig. 5.6a) have strong cardiac
dependency while those acquired with non-UEPIS exhibited a noisy behaviour
(Fig. 5.6b).

The distribution of the cardiac induced oscillation maxima was calculated using
the average signal at each voxel in different slices (Fig. 5.7). The distribution was

practically homogeneous with only high values in big vessels and CSF areas. As it
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FIGURE 5.6: Representation of the time series of each voxel inside a 4x4 region.

5.6a represents the slice acquired with the UEPIS sequence while 5.6b represents

the slice acquired with the non-UEPIS sequence. The scale in the bottom right
corner is applicable to all 16 images in each case.

may be seen, the intensity of peak in white matter looks apparently higher than

the intensity in grey matter.

Figure 5.8 illustrates the difference between the signal obtained in a voxel in tissue
and the signal from pixels located at the skull. The pixels located at the skull
provide a mnoisy signal without any cardiac induced oscillation which contrasts

with the signal in tissue that has a cardiac behaviour.
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FiGure 5.7: Example of the peaks distribution calculated using the overall
signal.
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FIGURE 5.8: Comparison between the time series of a voxel located at the tissue
with the voxels located in the skull.

5.1.3 Temporal Distribution of the UEPIS Signal

A slice crossing through an artery and the sinus vein was used to determine the
time of arising of the cardiac modulated oscillation. ICA analysis was used to

extract the time course containing the main peak of the oscillation. Figures 5.9
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FiGURE 5.9: Comparison between the time series of a voxel in a small artery
and a voxel located in tissue. The red line represents the moment in which there
is a maximum in the tissue.

and 5.10 show the comparison of the time series with the signal arising from

the
the

vessels. In the first picture it can be observed that the maximum value of

oscillation emerges (black) just before or sometimes at the same time as the

signal from the artery (red). However, Figure 5.10 outlines that the UEPIS peak
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F1GURE 5.10: Comparison between the time series of a voxel in the sinus vein
and a voxel located in tissue. The blue line represents the moment in which
there is a maximum in the tissue.
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FiGurE 5.11: Comparison of the signal located in the tissue with the signal
measured in the oximeter.

manifests itself just after the signal vein disappears. The profiles of the artery and

the vein are inverted due to the effect of the REST slabs.

The comparison between the signal from a oximeter located in one finger and the
cardiac modulated oscillation can be found in Figure 5.11. Both signals arose

practically at the same time.

5.1.4 A Propagating Wave or a Pilot Wave?

Figure 5.12 gives an example of the signals obtained in several pixels located
across the imaging slice without any angulation. The signals from a pixel located
at the front, at the middle and at the back of the slice are shown. As it may be
appreciated the signal in all cases arises at the same time (See Appendix A for

further examples).

In the same fashion, Figure 5.13 gives an example of a few pixels located across
the imaging slice with angulation on it. The signal of the pixel at front arrives at
separate points in comparison to the pixel located at the back (See Appendix A

for further examples).
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FIGURE 5.12: Comparison of the signal of three pixels located at different areas
without angulation in the horizontal imaging slice. One pixel was located at
the front, the second at the middle and the last one at the back of the slice.

5.1.5 ICA vs Wavelet Analysis

Wavelet analysis carried out to extract the first wavelet coefficient from the average
signals. Example of the first wavelet coefficient is shown in Figure 5.14. The first

wavelet coefficient is constituted by cardiac induces oscillations of three or four
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FIGURE 5.13: Comparison of the signal of three pixels located at different areas
in an angulated imaging slice. One pixel was located at the front, the second at
the middle and the last one at the back of the slice.
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FIGURE 5.14: Example of the first wavelet coefficient time series.
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FIGURE 5.15: Reconstructed oscillation from the ICA cardiac components that
exhibited strong cardiac behaviour.

peaks separated between times of reduced noise.

The cardiac components obtained from the ICA analysis where combined into one
time series (Figure 5.15). The signal resembles a cardiac induced oscillation as the

one obtained with the first wavelet coefficient.
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5.2 Discussion

In this chapter, the physiological aspects of the cardiac induced modulated signal
have been observed and can be summarise as follows. With UEPIS if has been
found during every cardiac cycle a time window of around 300-400ms (depending
on the volunteer) in which a dynamic signal change of up to 15% has been observed.
This enhanced signal also carries a frequency of 7.1037+0.7911 Hz. Figures 5.1 and
5.2 showed the typical time course, which also demonstrated periodical behaviour
with the cardiac frequency. The timing of signal during the cardiac cycle occurs
at a moment between the depletion of the venous output and the increase in the

arterial input.

The signature from a single imaging voxel remains very similar even when averaged
over all voxels of the slice if it was horizontally angulated. This means that the
signal changes are in coherence over most of the slice. If the slice angulation
was changed, a shift between frontal and back areas was observed. The shift in
time is always in the range of a full oscillation cycle of around 120ms. From
that we conclude that we observe a carrier frequency that is in most area of the
brain in phase like a standing wave which is modulated by the cardiac pressure
wave. The pressure wave is on the other hand a traveling wave. Therefore, it can
be hypothesised that the carrier frequency is a synchronised tissue response to a
cardiac pressure modulation. Its behaviour is remarkably similar to de-Broglie’s

concept of the pilot wave [143].

5.2.1 The Cardiac Induced Modulated MRI Signal

The cardiac induced modulated MRI signal is characterised by a cardiac induced
oscillation with an oscillation frequency of 7.1037 £ 0.7911 Hz. Fourier transform
showed that it coincides with the arterial blood flow pulsation. This oscillation is
characterised by a sharp peak followed by smaller peaks that can be found before

the signal decays into the baseline level.
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The frequency of the oscillation was found in the range between theta and alpha
waves [144, 145]. Figure 5.5 illustrated the relationship between the frequency of
the oscillation and the cardiac frequency, where little correlation was found among
them. In spite of being small, this correlation cannot be ignored since 16.8% of
the variance of the wavelet frequency can be explained through the variance of
cardiac frequency. In addition, this plot might suggest that there are two defined
oscillation frequencies, i.e., one below 7Hz and one above 7Hz. If that is true, it
would be able to distinct between theta and alpha values, or between participants

falling asleep and awake participants.

In order to determine the frequency of the oscillation, the average signal across
the slice was separated into different wavelet coefficients. Coefficients at lower
scales provide a more detailed description of underlying effects within the time
series [95]. Therefore, the first wavelet coefficient was the one used to estimate
the frequency of the oscillation. A Mexican hat mother wavelet was used due
to its similarity to the main peak in the oscillation. Nevertheless, the problem
was that the fastest possible wavelet had a central frequency of 5.5 Hz which is
below the value obtained for the oscillation. This could represent a limitation to
the accuracy of the results and the efficiency obtaining the hidden patterns in the
data. A possible solution could be to increase the sampling frequency (i.e., reduce
the TR) but the use of REST slabs represents a limitation to it. Another option
would be to use ICA to detect all the components from the oscillations. It was
shown that it is possible to reconstruct the oscillation from the ICA cardiac related
components. However, the problem with ICA is that the sign of the components
is not known. This could lead to erroneous interpretation in the position of the
peaks within the cardiac induced oscillation. Further research has to be carried

out in this area.
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5.2.2 Spatial Distribution of the Cardiac Induced Modu-
lated MRI Signal

The cardiac induced oscillation was equally distributed across the imaging slice.
This oscillation was found in every voxel of the brain tissue when the REST
slabs were applied. In fact, areas outside the brain tissue, such as the skull, did
not produce any cardiac behaviour. This strengthens the idea that the signal is
delimited to the brain tissue. Additionally, it discards the possibility that the
signal is due to phase shifts artefacts (i.e., artefacts are due to moving protons
at the time of the echo collection). Otherwise, a signal loss and ghosting effects

associated with such movement would appear.

Although it is not clear in the peak intensity maps, a slight contrast between white
and grey matter can be sensed. In these maps, white matter appears to be more
hyper-tense than grey matter. This can be explained by the use of the REST slabs.
The off-resonance frequency needed to excite the REST slabs induced MT effects
into the imaging slice. Since MT effects affect white matter in a higher extent

that in grey matter [57], a higher variance could be expected in white matter.

5.2.3 Temporal Distribution of the UEPIS Signal

The arising of the temporal signal was shown to appear right before the arterial
blood input arrives and before the venous output arises. In addition, it is known by
the Monro-Kellie hypothesis that the cranium and its constituents create a state of
volume equilibrium, that any increase in volume of one of the cranial constituents
must be compensated by a decrease in volume of another, i.e., if the arterial input
flow arrives, the CSF leaves the brain system to compensate the incoming volume
(146, 147]. In the same fashion, when the blood leaves the brain through the
venous system, the CSF comes in again [146, 147]. The process happens in a fast
and rhythmic way always triggered by the heart. This could suggest that the peak
arises at the moment of less movement in the brain since the arterial input has

already gone into the venous stream and the arterial input has still not spread
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through the capillaries. In fact, Chapter 6 will show that movement affects the
signal from the oscillation. However, the Monro-Kellie hypothesis is concerned
about the volume equilibrium over all compartments which is possible cancelling
in and outflow [146, 147]. But flow and pressure are related to each other through
a set of nonlinear equations (i.e., Navier-Stokes equations) and therefore they can
not cancel each other out [20]. Hence, the importance of understanding this cardiac

induced oscillations.

5.2.4 A Propagating Signal in Brain Tissue?

The cardiac induced oscillations emerge at the same in each voxel of the imaging
slice when the slice is place perpendicular to z-direction. However, when the
imaging slice was angulated differences were found among the timing between
peaks at different locations of the slice. It could be thought that there is a rhythm
travelling in the brain that gets modulated through the input cardiac pressure
wave. However, in this case, some differences in the timing of the peak should
have be observed when the slice was placed horizontally. Thus, the most likely
explanation is that the cardiac pressure wave is the travelling wave and modulates
the rhythms present in the brain. Hence, the differences between areas when the

slice was angulated. So far, the significance of the slice position is not clear.

Furthermore, there is not an equal rhythm for the whole brain, but separate regions
might have different rhythms. An important implication of this is that these
different rhythms would imply different maxima for the cardiac induced oscillation.
Therefore, this question remains to be addressed and further study of the issue is

still required.
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The Contrast Mechanism of the

Cardiac Induced Modulated
Signal

6.1 Results

All contrast related MRI parameters which were changeable without manipulation
of the MRI system had been varied to identify the origin of the signal mechanism.
These parameters are: (a) TR, (b) slice thickness, (c) flip angle, (d) off frequency

of the magnetisation transfer pulse and (e) TE.

6.1.1 Variation of UEPIS Sequence Parameters
6.1.1.1 Repetition Time

The maximum signal change was found across all subjects at the shortest TR
in both, with and without MT effects (Figure 6.1a and 6.1b respectively), which
contrasts with the minimum baseline values obtained at those TRs (Figure 6.2a

and 6.2b). The signal change of the wavelet packet in % in comparison to the

1)
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FIGURE 6.1: % of the average peak signal change of signal intensity across 5
participants with TR, variations ranging from 38 to 73 ms with REST slabs (a)
and ranging form 26 to 51ms with the REST slabs (b).

baseline proved to be higher with the REST slab present. In fact, as it may be
seen in Figure 6.1b, the peaks strongly diminish at relatively long TR when the
REST slabs are not present. However, at even longer TRs, a cardiac behaviour
(i.e. a wavelet packet) is still observed with the non-UEPIS signal. In both cases,

the signal intensity of the baseline increased with longer TR.

Regression of the logarithm of the signal changed amounted to 4.57713—0.0510129x
and p-value (0.0734144) with the slab and 2.20359—0.013192 and p-value (< 0.001)
without the REST slabs.
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FIGURE 6.2: Average baseline signal intensity across 5 participants with TR
variations ranging from 38 to 73 ms with REST slabs (a) and ranging form 26
to 51ms with the REST slabs (b).
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FIGURE 6.3: Average baseline signal intensity across 5 participants with slice
thickness variations ranging from 3 to 7 mm.

6.1.1.2 Slice Thickness

The slice thickness evidenced a linear increase over all participants in the baseline
as a consequence of the increase of the voxel size (Fig. 6.3). Despite that, the
signal change due to the peak remained constant at all thicknesses suggesting that
there is no dependency with the slice thickness (Fig. 6.4). A linear regression on

the % of the signal change was calculated with a value of 7.14267 — 0.00709105x
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FIGURE 6.4: % of the average peak signal change of signal intensity across 5
participants with slice thickness variations ranging from 3 to 7 mm.
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FIGURE 6.5: Average baseline signal intensity across 5 participants with flip
angle variations between 5 and 60 and TR = 45 ms (a) and TR = 60 ms (b).

and p-value equal to 0.737518 proving there are not statistical differences between

slice thicknesses.

6.1.1.3 Flip Angle

The baseline in the cases with the slabs kept a similar profile with a maximum

around 25 and 30 degrees respectively (Figure 6.5a and 6.5b). The estimated 77,
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FIGURE 6.6: Average peak signal intensity change at different FA across 5
participants with flip angle variations between 5 and 60 and TR = 45 ms (a)
and TR = 60 ms (b).
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FIGURE 6.7: Average baseline signal intensity across 5 participants with fre-
quency variations ranging from 0.7145 to 44.699 kHz.

using the Ernst able formula, with TRs equal to 60 and 45 is equal to 417.24 and
457.31 ms respectively. The wavelet peak intensity, however, displayed a delayed
response in comparison to the baseline because its maxima occurred at higher
values than the baseline (Fig 6.6a and 6.6b). In fact, the intensity peaks have
their maximum at around 55 degrees at TR equal to 60 ms and 50 degrees at TR
equal to 45 ms. The consequent T} values amounted 107.9340 and 101.8350 ms

respectively.

6.1.1.4 Offset Frequency

Subsequently, the frequency offset of the RF pulse used to excite the REST slabs
was analysed. The baseline slightly increased with higher frequency, tendency
which was also in accordance with the peak intensity. The baseline of the signal
changed, like one would expect, from MT saturation with stronger changes at lower
frequencies (Figure 6.7). The % of the average peak signal change of signal inten-
sity remained practically constant except at the beginning where slightly larger
values were found (Figure 6.8). The linear regression was 7.36165 + 0.0508118x
with p-value equal to 0.000720722 showing some statistical significance in terms

of off-resonance frequency.
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FIGURE 6.8: % of the average peak signal change of signal intensity across 5
participants with frequency variations ranging from 0.7145 to 44.699 kHz.

6.1.1.5 Echo Time

As it may be expected, it can be observed that the baseline of the signal decreased
with longer TE (Figure 6.9). Following the same trend as the slice thickness, the
wavelet peak signal change remained constant at all TEs (Figure 6.10). This % in

signal change remained constant with a linear regression of 3.64689 4 0.00964573x
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FIGURE 6.9: Average baseline signal intensity across 5 participants with TE
variations ranging from 5 to 21ms.
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FIGURE 6.10: % of the average peak signal change of signal intensity across 5
participants with TE variations ranging from 5 to 21ms.

and a p-value equal to 0.0544898. Again, no apparent dependency with TE exists,

because the peak change is balanced with the baseline change.

Linear regression on the baseline estimated a Tox equal to 42.2472 4+ 1.9772ms
while the Ty* of the peaks was equal to 55.0637 + 6.545 ms.

6.1.2 Movement Artefacts vs the UEPIS Signal

ICA was used to separate the sources of UEPIS signals. Figures 6.11 and 6.12
illustrate two of the ICA components for one of the subjects. ICA showed that
the movement component can be differentiated (Figure 6.12) from the component
with cardiac behaviour (Figure 6.11). The movement component is identified
as an abrupt change in the time course, suggesting an abrupt head movement.
Additionally, the UEPIS component offers a substantial cardiac peak in frequency
domain, while the movement component, however, only forges a noisy spectra with

no clear frequencies.

The analysis of 9 slices across the brain at different positions showed regions with

significantly lower cardiac induced oscillations (Figure 6.13). The area highlighted
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FIGURE 6.11: Example of the ICA peaks component and its frequency spectrum
from one of the participants.

in red in those images represents the region with lower cardiac intensity. Figure
6.14 illustrates one example. A pixel extracted from that region had its cardiac
frequency substantially lowered in comparison to a pixel located outside that area.

The red areas correlated anatomically with the deep grey matter.

Finally, during hyperventilation, the participant’s fast breathing induced higher
head movement which affected the signal (Figure 6.15). The cardiac induced
oscillations vanished during this period of strong movement while they became

visible again at the end of the hyperventilation time. Identical behaviour was
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FI1GURE 6.12: Example of ICA abrupt movement component from a subject in
time and frequency domain from one of the participants.
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FIGURE 6.13: The analysis of 9 slices across the brain at different positions
showed regions with significantly lower cardiac induced oscillations. This area
with lower cardiac intensity is highlighted in red.

observed in the hypoventilation experiment (Figure 6.16). One of the participants
took a deep breath prior to hold his breath, which induced a movement that can
be seen in the time series at the beginning of the hypoventilation time. Besides,
at the end of it, the participant breathed out and moved again, proving that head

movement distorts the signal.
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FIGURE 6.14: Example of the region marked, in red, which has a diminished
cardiac response. Two spectra examples are shown for a pixel inside the region
(down plot) and outside of it (upper plot).
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FIGURE 6.16: Average time series signal during hypoventilation. The whole
time series as well as a zoomed section is described.

6.2 Discussion

The parameters of the UEPIS sequence were varied to study the possible variations
affecting the signal and identify the origin of the signal mechanism. First, the TR
was considered and dependency (p < 0.05) was found in the signal where the
intensity of the wavelet packet decreased at longer TRs. The linear regressions
of the TR decays with and without REST slabs showed a stronger decrease when
the REST slabs were present. Secondly, increasing the slice thickness lead to
a linear intensity increase of the baseline with larger slice thickness. The % of
the average peak signal change of signal intensity remained constant proving that
the same linear effect affects at the wavelet peak, thus, suggesting that there is
no dependancy with the slice thickness (p > 0.05). Thirdly, analysis of offset
frequency showed little dependency of the wavelet peak in relation to the offset
frequency (p < 0.05). The % change was moderately stronger at short frequencies
showing practically no change at the other frequencies. Next, the evolution of the

baseline signal with the TE manifested an exponential decay. In the same way
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as the slice thickness, the % change was practically constant finding once more
no dependancy (p > 0.05). Finally, strong FA dependency (p < 0.05) was found,
where the intensity of the wavelet packet varied with the FA. The baseline signal
and the wavelet peak % change had their maximum intensity at different FA (i.e.
25-30 and 50-55 ms respectively) for both TRs. Using the Ernst angle formula
the 77 value can be estimated [43] for each TR. T} values equal to 457.3171 and
417.2464 ms were obtained for the baseline signal at TR = 45 and 60 respectively.

However, T} values of the oscillation maxima were 107.9340 and 101.8350 ms.

6.2.1 Is it a Single-Quantum Contrast?
6.2.1.1 Amplitude M, Change

There are a few mechanisms that might generate an enhancement of the MRI

signal (e.g. movement, flow effects or BOLD).

Movement Firstly, [CA was used to isolate head movements in comparison to
the cardiac related peaks. The movement components are characterised by abrupt
signal changes due to abrupt head movements [148]. In addition, head movements
are part of the low frequency noise components which are characterised by high
frequency intensity at low frequencies [149]. ICA components are a sensitive re-
flection of the data, thus, they also tend to be sensitive to all types of movement
including abrupt changes and slow, linear drifts [148]. Therefore, it was possi-
ble to separate between a signal characterised by periodic peak whose frequency
correlates with the cardiac pulsation, and a signal characterised in frequency do-
main by high low frequency values. It was shown that this movement component
correlated to those times in the time series in where the cardiac peaks had disap-
peared or diminished. This finding suggested that head movement it is not the
origin of the cardiac induced peak, but it distorts it. To test this hypothesis the
UEPIS signal was studied under hypo and hyperventilation conditions. Normally,

during hyperventilation the participant involuntary moves the head when trying
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to breath faster. Figure 6.15 illustrated how this effect may be observed within
the time series in relation to the disappearance of the cardiac induced oscillation
peaks during this period. In addition, during hypoventilation studies one, of the
participants reported to have taken a deep breath before holding if for 20 seconds.
The deep breath provoked a movement prior and after the duration of the breath-
holding periods as it was illustrated in the time series (Figure 6.16). Again, these
results are in good agreement with the fact that wavelet packet disappears under
movement conditions and it is not the movement itself that produces the UEPIS
signal. What is more, independent slices were taken at different positions of the
brain anatomy. The study of the cardiac peak intensity in frequency domain un-
covered an area with significant low cardiac intensity. The overlapping with the
anatomical images suggested that this area correlated with the deep grey matter.
Studies in the deep grey matter have reported that it is an area of high movement

[150, 151]. This correlates with the reduced cardiac intensity found in that area.

The TR also contradicts that the signal originates due to movement. If there is
more time between RF pulses, more time is allowed for the movement to occur.
Therefore, higher number of unsaturated spins would be part of the imaging slice
and higher intensity should be observed. However, the signal decreases with at
longer TRs. Finally, if the signal is due to movement effects the increase in the
slice thickness should reduced the wavelet peak. The reason for that is that a thin
slice needs a smaller movement for the spins to be replaced by unsaturated spins.
The same amount of movement would affect the thicker slice to a lesser extend
since there some unsaturated spins still remain. However, the % peak change
remained constant at each value. Thus it might be assumed that the origin of the

contrast mechanism signal cannot be considered as subject movement.

Inflow Inflow effects are also able to produce an enhancement of the signal. Nev-
ertheless, the UEPIS signal applied REST slabs which should suppress unwanted
flow artifacts from vessels entering the imaged slice [33]. Spins flowing through
REST saturation bands are flipped into the transverse plane and then have their

transverse magnetisation dephased by spoiler gradients [64]. When these spins
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flow into the imaging slice they are already saturated and give zero signal [64].
Thus, the intensity of the peak should be at least equal or even larger when the
data was acquired without REST slabs. However, figure 5.3 contradicts this idea
because the intensity of the peak was considerable smaller without the employment
of the REST slabs. In addition, increasing the flip angle decreases the signal from
static tissue due to greater saturation and increases the relative signal from blood
at the entry slice [37]. However, the wavelet peak had a maximum at FA equal to
50 degrees and decreased afterwards, contradicting that the UEPIS signal arises
from inflow effects. Additionally, maximum inflow enhancement occurs when all
the blood in the slice replaces that present in the slice [38]. Therefore, the signal
change with thinner slices should be higher. Nevertheless, the % of signal change
stayed unchanged for all values proving that the UEPIS signal is not due to inflow
effects. Finally, inflow effects happen if the blood affected by the first RF has left
the slice and has been replaced by new flowing spins when the next RF pulses is
applied. If there is more time between RF pulses, a stronger increase of the signal
will be observed because there is more to for the unsaturated spins to flow in.
However, the signal decreases with longer TRs. Thus, inflow can be also discarded

as the origin of the contrast mechanism.

6.2.1.2 Relaxation Times

Ty relaxation  Theoretically, the longer TR the higher 7} relaxation occurs,
which leads to an enhancement of the MRI signal [33]. However, although the
baseline signal increases, the cardiac induced oscillation peak did not follow the
same trend and the signal from the baseline hinders the response of the oscilla-
tion at longer TRs. One explanation could be that the T} value of the peak is
considerably shorter than the T value of the water spins in tissue. Thus, it is
necessary to saturate the signal from the tissue water spins in order to be able
to observe the signal from the wavelet packet. Hence, that the REST slabs are
important. As it was introduced in Chapter 5, the RF excitation of the REST
slabs causes off-resonance MT effects in the imaging slice. Therefore, the baseline

signal decreases attributable to the exchange between the free spins and the bound
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spins at that frequency [57]. This decreases might be considered as an additional
saturation of the signal. The combination of the saturation effects at short TRs
with the off-resonance MT due to the excitation of the REST slabs is key to obtain

a strong wavelet peak.

In addition, using the Ernst angle relation [43], it has been proved that both
signals (i.e., the baseline and the % of change) have different T} values. Thus,
they also have different relaxation curves, one being faster (i.e. cardiac induced
oscillation) than the other (i.e. baseline signal). Applying strong saturation to the
signal, the fast component will still have time to recover while the lower will not
have relaxed as much. In this way, the signal from the cardiac wavelet will occur.
Otherwise, if enough time passes so the baseline signal relaxes back, the effect of
the cardiac wavelet will be hindered. The measure T} of the oscillation peak was
equal to 107.9430 ms. In the literature, only hydration water (water spins that
are cross-coupled with the macromolecules) has a similar short 7} between 10 and
100 ms [37]. However, this water has a Ty approximately between 5 and 10 ms

and the estimated value for the peak was 55.0637 ms.

Although the relation 77 > T, is true for all tissues in the brain [37, 152], it
could be possible in extremely rare cases to construct molecular systems (often at
low temperatures coupled to quantum baths) where T, is slightly greater than 77.
This occurs when spin relaxation is produced by fluctuating microscopic fields, that
are mostly transverse rather than longitudinal, often involving the antisymmetric
components of the chemical shift tensor [153]. But this requires complex molecular

systems that cannot exist under normal circumstances in brain tissue.

T, relaxation and T relaxation: BOLD A signal enhancement can be
caused by dephasing due to 75 or T3 relaxations. The T3 of both, the peaks and
the baseline, were close and no significant differences were found between them.

This proves that the Ty* can not be the origin of the enhancement

Moreover, another effect, related to the 7 dephasing and may cause an increase in

the signal, is the BOLD effect. This concept is used in brain activation studies that
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are based on the assumption that stimulated tissue undergoes an increase in blood
flow with an increased delivery of oxygenated hemoglobin [33]. The amount of
deoxygenated hemoglobin decreases within the tissue, reducing the concentration
of paramagnetic molecules. This condition reduces the amount of susceptibility
dephasing induced and thereby increases the 73 for the stimulated tissue relative
to the unstimulated tissue [38]. As a result, there is an increase in the signal
intensity. Despite that, fMRI studies have argued that the BOLD effect takes
approximately 3 seconds [154] and here the effect is immediately related to each
cardiac cycle. Furthermore, the deoxygenated blood has an optimum TE value
just about 30 ms and the UEPIS experiments employed in most cases TE equal
to 5 ms which reduces the BOLD effect [155].

6.2.1.3 Magnetisation Transfer

The excitation of the REST slabs requires two off-resonance pulses. This pulses
induce MT effects into the imaging slice. The importance of these MT effects
resides in the enhancement that introduced in the UEPIS signal. It could be
argued that the input pressure wave stops for a very short moment the energy
exchange between the bound and free water protons, originating the strong peak.
However, it was shown that there is no dependancy between the intensity of the
cardiac induced oscillation and the offset frequency. This rules out MT effects, as

the origin of the contrast of the oscillation.

6.2.2 Other Contrast Mechanisms

The UEPIS signals have been proven not to arise from flow, movement, BOLD
effects or phase shifts. In addition, we have seen that the TR and FA effects
on the UEPIS signal behave differently from the effects observed in conventional
MRI theory. There are still two possible explanations for this behaviour: double
quantum effects between water protons and free radicals. The mechanism in both

cases is essentially the same (i.e. the Overhauser Effect) [73, 74].
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6.2.2.1 The Nuclear Overhauser Effect

NOE population changes occur due to contributions of the three dipolar relax-
ation processes and the balance between them depends on molecular tumbling
[73]. It has been proved that the UEPIS measures the response of the tissue
to pressure changes. This cardiac pressure wave can affect the normal tumbling
of the molecules which may influence the rotational frequencies of the spin-spin
interactions [74]. If that is the case, it was shown in equations 2.21-24 that the
relaxation time will also be affected because of its dependancy from this rotational
frequencies. In mobile solvents, molecular motion is much faster than the Larmor
frequency [74]. Under these conditions, the DQ relaxation is more effective than
SQ or ZQ), because there is a better match between the Larmor frequency and
the DQ relaxation process than between the Larmor frequency and SQ relaxation
process[74] . In ZQ, a mutual spin flip occurs between populations which derives
into a decrease of the signal (i.e. Negative NOE). On the other hand, in DQ the
spins relax in the same direction which results in an increase of the signal (i.e.
Positive NOE). Therefore, it could be hypothesised that the contrast mechanism
of the UEPIS signal is due to DQ effects. However, further research is needed to

confirm this hypothesis.
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Chapter 7

Non-Single Quantum MRI in
Ageing

7.1 Introduction

Extensive research has been devoted during the last decades to unravel the mech-
anisms behind ageing. As we age, several processes profoundly impact the brain
and the heart at multiple levels, ranging from sub-cellular to macro-structural.
For instance, in the brain, ageing causes deterioration of neuronal and mitochon-
drial membranes, which leads to the loss of cellular integrity and impaired neu-
ronal function [156], reduction of brain volume [157] or cortical thickness [158].
At the same time, the cardiac dynamics are altered, which influences the brain
metabolism [159]. Generally, normal ageing is linked to diminished cerebral blood
flow or hypoperfusion to the brain. As a consequence, blood vessels thicken and
become less elastic with advancing age, which increases the resistance to the flow
leading to an increase in blood pressure [160]. Blood vessels damaged by hyperten-
sion lose their ability to nourish cells, which may influence the brain function. In
fact, decreased cerebral blood flow with age, is related to higher risk for neuronal
injury and death, blood brain barrier disruption [161], cerebrovascular pathologies

[162], and cognitive deficit [163, 164].
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A wide range of methods has been used to quantify the effects of ageing. For
instance, MRI voxel-based morphometry is used to find structural changes [165],
diffusion tensor imaging (DTI) to study regional changes in tissue properties such
as tissue microstructures [166] or Arterial Spin Labeling (ASL) to measure perfu-
sion changes [167]. However, the relation between heart and brain has not been
analysed using a fast cardiac related MRI technique. Therefore, here, UEPIS will
be used to study the interplay between heart and brain. It is possible that UEPIS
allows the measurement of water dynamics in the brain tissue which depends on
cell integrity and on cardiac pulsation to shed more information about brain age-

ing.

7.2 Material and Methods

7.2.1 Data Acquisition

UEPIS was applied to study the effects of ageing in the signal. 60 subjects (29
between 18 and 29 years old, and 31 over 65 years old) were scanned with the pro-
tocols approved by the St. James Hospital and the Adelaide and Meath Hospital,
incorporating the NationalChildrens Hospital Research Ethics Committee. Two
REST slabs of 5 mm in thickness were placed parallel to the imaged slice. The first
one was located above the imaged slice at a distance equal to 15 mm. The second
one was placed below separated by 20 mm. These slabs are applied to suppress
unwanted flow artifacts from vessels entering the imaged slice. Additionally, the
excitation of the REST slabs is going to induce an RF off-resonance pulse leading,
thus to introduce the MT effects. MT effects were introduced in both cases by
a negative (-13411 + 2290 Hz) and a positive off-frequency (17882 + 2290 Hz)
RF pulse. Imaging parameters were voxel size of 3.5 x 3.5 x 3 mm, TR = 60
ms, TE = 18 ms, FA = 35°, SENSE = 2 and 3000 repetitions. The location of
the imaging slice was slightly angulated and always above the ventricle to avoid
pulsation effects. Additional scans without MT effects were carried out for each

case using the same imaging parameters.
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Anatomical MRI images in all studies included a high-resolution sagittal, T1-

weighted MP-RAGE (TR = 2.1 s, TE = 3.93 ms, flip angle = 7°).

7.2.2 Data Analysis

All calculations were developed in a Dell Optiplex 790 with 12 Gb RAM using
Matlab 2014a (http://www.mathworks.co.uk/). All the calculations were carried

out with an in-house built Toolbox (see Appendix C).

7.2.2.1 Preprocessing

Prior to any calculation motion correction could not be applied due to the sin-
gle slice nature of the experiment. First, each average time series was visually
inspected in search for movement. Since movement produces abrupt changes in
the time series (i.e. much higher than the cardiac related peaks), these movement
related peaks were manually removed from the analysis leaving the rest of the time
series unaltered. In addition, the data was not smoothed to avoid removing low

frequencies which may lead to the loss of information [140].

Manual segmentation was used to create a mask to remove cerebral spinal fluid
(CSF) contributions. The first 100 scans were removed to avoid signal saturation
effects. The manual segmentation of the masks was eroded to avoid partial volume

effects at the edges.

7.2.2.2 Fractal Analysis

Multifractal Detrended Fluctuation Analysis (MFDFA) was used to quantify the
fractal properties of the time series in young and old participants [130]. To estimate
the fractal spectra D, 16 window lengths; from 5 to 20, were chosen. The g-order

statistical moments were chosen between -11 and 11 and divided in 21 steps.

From each spectra three parameters are calculated, i.e., width of the spectra W,

asymmetry A, and the position of the of the spectra maxima H. The parameter
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W is calculated by subtracting the lower part of the spectra, D(hu,), to the upper
part of the spectra, D(hmq,) [130, 134]:

W = D(hmaz) — D(Pmin), (7.1)

The smaller width indicates that the time series has fewer singularities and tends
to be more monofractal. The second parameter, A, is calculated by subtracting
the width of the h(g > 0) values to the width of the h(q < 0) part calculated at
full width half maximum (FHWM) [134, 138]:

A = Ah(qg < 0) — Ah(q > 0), (7.2)

Again the lower value of A indicates that the time series has weaker singularities
and tends to be more monofractal. Finally the H represents the value of h in

which the singularity spectra has its maximum D,,,, [137]:

H = h(Dmaz) (7.3)

The position of h,,,, moves to higher values when the stronger singularities are

present.

7.2.2.3 Spectral Clustering

Spectral clustering was used in an attempt to classify the spectra of young and
old participants. First the average signal across the slice was computed among
all participants. Subsequently, the individual spectrum of each time series was
calculated using the Matlab open function mtcspectrum from the spectral analy-
sis toolkit Chronux package [168, 169]. This function uses a multitaper method
which reduces estimation bias by obtaining multiple independent estimates from

the same sample. Each data taper is multiplied element-wise by the signal to
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provide a windowed trial from which one estimates the power at each component
frequency. As each taper is pairwise orthogonal to all other tapers, the windowed
signals provide statistically independent estimates of the underlying spectrum.
The final spectrum is obtained by averaging over all the tapered spectra [170].
The time-bandwidth product was set to 3 while the number of tapers was 5. The

_1

575+ All the volumes were classified using a spectral clus-

sampling frequency was
tering method [121]. Similarity graphs were calculated using a normal k-Nearest
neighbours with 5 neighbours and sigma value equal to 1. Four clusters were

computed using a normalised Shi and Malik method [123].

7.3 Results

A comparison between the time series for both age groups is shown in figure 7.1a-
h. In both cases, the time series of all voxels across the slice were averaged to
showcase the difference between populations. Strong cardiac constant peaks are
resolved only for the young subjects (Figure F.1a-b) while for older subjects the

strong cardiac peaks are diminished (Figure 7.1c-d).

The Fourier Transform of the time series was calculated in each case (Figure
7.1e-h). The frequency spectra for the young group present the strongest cardiac
frequencies. However, the spectra for the older group show stronger harmonics,
envelope waves or both, in addition to the weaker cardiac frequencies. These
envelope waves have a beat frequency of the (cardiac frequency)/n, where n takes

values of (2,3,4,6,9 ...). These results are consistent over most subjects.

An spectral clustering algorithm was used to classify the individual spectra into
separate groups. Figure 7.2 shows the result of this spectral clustering. In a first
step, 85% of the spectra were correctly classified into the 4 groups. It was shown
within the first iteration the possibility of determining accurately if the dataset
belongs to a young or old adult without previous knowledge about the frequency
spectrum. Clusters 2 and 3 were entirely formed by one type of population (young).

However, number 1 and 4 had participants from both populations. Cluster 1 had
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FIGURE 7.1: Example of the time series as well as its frequency spectra for two
young (a-b and e-f) and two old healthy adults (c-d and g-h). These examples
are representing the typical results in these groups.
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FIGURE 7.2: Result of the first iteration of the spectral clustering applied to
60 data sets.

16 young and 6 old participants, while Cluster 4 had 3 young and 25 old. Examples
of the different clusters’ spectra can be seen in Figures 7.3-6. Figure 7.3 shows
some examples from the first cluster, which contains a mixture of young (7.3a-c)

and old participants (7.3d). These spectra are mainly cardiac. Figures 7.4 and
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FiGUrRE 7.3: Examples of the spectra included in Cluster 1. Three young
(7.3a-c) and one old (7.3d) participants are represented.
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FIGURE 7.4: Examples of the spectra included in Cluster 2.

7.5 show examples of those participants classified in Clusters 2 and 3 respectively.
Cluster 2 contains purely cardiac spectra without additional frequencies, while
Cluster 3 includes also cardiac spectra but substantially noisier, probably due to
changes in the cardiac rate during the experiment. Finally, in Figure 7.6 some
examples of cluster 4 are presented. This group is mostly compounded by old
participants (7.6a-c) and just a handful of young ones (7.6d). In this case, the

spectra are characterised by an increase in the number of frequency components.

Finally, the result from the fractal analysis (i.e., fractal spectra) is shown in Fig-
ure 7.7. The young group has a narrower curve with a 0.9077 £ 0.1728 while the
old group has an average value of 0.985 + 0.1583. The higher width values corre-

lates with a higher number of singularities within the time series. This fits with

a) w D) w

"o

5 4 TN 0 08

15 4 45

2 28 E 25
Frecpaniy (He) Fregancy iHz)

FIGURE 7.5: Examples of the spectra included in Cluster 3.
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FIGURE 7.6: Examples of the spectra included in Cluster 1. Three old (7.6a-c)
and one young (7.6d) participants are represented.

the position of the spectrum maxima which is at higher values for the old cohort
(0.7383 £ 0.096) compared to the young one (0.6683 £ 0.0814). Again, higher
values indicate a higher number of singularities present in the data. Addition-

ally, the asymmetry represents if the time series is located in the strong or weak
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FIGURE 7.7: Result of the fractal analysis. The average spectra is shown for
the young group (blue) and the old group (black).
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magnitude singularities part of the spectra. The higher values found in the young
group (0.467140.1528) suggests that the time series have higher number of strong

magnitude singularities than in the old one, whose value is lower (0.3669+0.1072).

7.4 Discussion

UEPIS was applied to an ageing study with promising results. Strong cardiac con-
stant peaks are resolved only for the younger subjects while for the older subjects
the strong cardiac peaks are diminished. This decrease lead to stronger harmonics
or envelope waves, or both, in addition to weaker cardiac frequencies. Further-
more, spectral clustering was able to classify the spectra into four clusters with
an accuracy of 85%. Finally, fractal analysis showed an increase in the number of

singularities in the older group.

As we age, several processes profoundly impact the brain and the heart at mul-
tiple levels. The cardiac dynamics of the brain are altered influencing the brain
metabolism. For example, normal ageing is linked to diminished cerebral blood
flow [160], hypo-perfusion to the brain [159] or reduction of brain volume [158].
The UEPIS signal proved to be sensitive to changes related to ageing. These
changes were manifold, varying in shape, amplitude and frequency. In particular,
older participants possessed a higher number of frequencies as well as a decrease in
the size and number of the cardiac peaks. On the other hand, the younger group
was characterised with roughly constant peaks and clear cardiac frequencies and
its harmonics. Since the UEPIS signal arises from the response of the brain tissue
to the input pressure wave (see Chapter 5) any change in the brain morphology or
cardiac dynamics might affect this response. For example, blood vessels thicken
and become less elastic with advancing age which increases the resistance to the
flow leading to an increase in blood pressure [160]. This thickening of the vessels
and the loss of cortical matter may affect the way the tissue responses to the pres-
sure wave, being the peaks thus diminished. Additionally, one feature observed

in the aged patients is that there are additional frequencies in the ageing data.
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Taking a closer look to the time series it is noticeable that sometimes there are
peaks at n (2, 3, 4...) times of the cardiac frequency (see Figure 7.6). It could be
hypothesised that those peaks are correlated with the respiration. In fact, some
studies have reported the so called respiratory pump, which is the increase in the
cardiac output during inspiration [171, 172]. This can be cased by mechanisms
related to respiratory cycle changes in the main magnetic field [173] and changes in
arterial COy pressure [174]. This could explain why a peak is significantly stronger
at frequencies which might correlate with the respiration frequency. However, this

could not confirmed because a respiration belt was not used in the study.

Spectral clustering was used to successfully classify the spectra of both groups
in separate clusters although still some participants felt into the wrong groups.
Although both groups could be separated with high accuracy, it is important to
point out that not everybody ages in the same fashion and that could be the
reason of those cases classified in the wrong groups. For example, there are old
adults with a healthy lifestyle, that may have their cognitive functions intact.
In these cases, the tissue response to the pressure wave would be stronger (see
Figure 7.3d). The same thinking can be applied to the young cohort. There
are young participants that may have an unhealthy lifestyle that can affect the
brain dynamics (see Figure 7.6d). Further studies should take into account these
possible changes and acquired more information about the cognitive status of
the participants (e.g., personal questionnaires, Abbreviated Mental Test Score
[AMTS], Mini-Mental State Examination [MMSE]) or even separate into different

groups attending to, for instance, gender or sports activities.

Additionally, the fractal analysis of the ageing data showed differences between
both groups. The fractal width and the position of the spectra maxima in the
older cohort were larger than in the young one. These two parameters are related
to an increase in the number of singularities in the frequency spectra[130, 138]. In
fact, this increase could be expected because of the multiplication in the number of
frequencies existing in the older one. What is more, the asymmetry of the fractal
spectra goes to higher values when the spectrum is located in an area of strong

magnitude singularities [138]. The higher value in the asymmetry of the young
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group demonstrates that the singularities have higher magnitude, which is in good

agreement with the stronger peaks observed within this group.

This proves that UEPIS can reveal new insights in the dynamics of the ageing
brain. Moreover, its combination with existing methods (e.g. fractal analysis)

might help to unravel new features in the ageing brain.



Chapter 8

Non-Single Quantum MRI in
Major Depressive Disorder. A

Pilot Study

8.1 Introduction

The advances in neuroscience such functional neuroimaging has been used to in-
vestigate pathophysiological mechanisms and the physiological basis of depres-
sion. Currently, more advance techniques such PET images co-registration with
MRI data have been used to characterise variations in the activity of different
regions[175]. It has been found through these methods, for instance, an increase
number of structural abnormalities[176], differences of cerebral metabolism or
blood flow in the caudale nucleus and the admygdala[177-179] or hypofrontal-
ity in the pre-frontal cortex[180]. Of particular interest are the changes in the
caudate nucleus which is part of the basal ganglia. Suggestions that basal ganglia
disturbances may play a part in depression also come from clinical observations
where depression is associated with several neuropsychological deficits including
some suggestion of prefrontal dysfunction[181]. It has been shown that depressed

patients performing a complex planning task fail to demonstrate the normal control
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finding of increased caudate activation with increasing task difficulty[182]. Addi-
tionally, in postmortem brain examinations of patients with mood disorders com-
pared with controls, the patients had smaller left nucleus accumbens, smaller left
and right external pallidum, and smaller right putamen[183]. Therefore, UEPIS

was applied to a pilot study in which a slice across the basal ganglia was selected.

8.2 Material and Methods

8.2.1 Data Acquisition

UEPIS was also applied to study the effects of MDD in the signal. 6 depressed
patients (25 and 42 years old) and 5 control subjects (26 over 34 years old) were
scanned with the protocols approved by the Ethics Board of Taillight’ and St.
James’ Hospitals. Two REST slabs of 5 mm in thickness were placed parallel to
the imaged slice. The first one was located above the imaged slice at a distance
equal to 15 mm. The second one was placed below separated by 20 mm. These
slabs are applied to suppress unwanted flow artifacts from vessels entering the
imaged slice. Additionally, the excitation of the REST slabs is going to induce
an RF off-resonance pulse leading, thus to introduce the MT effects. MT effects
were introduced in both cases by a negative (-13411 £ 2290 Hz) and a positive
off frequency (17882 + 2290 Hz) RF pulse. Imaging parameters were voxel size of
3.5x3.5x3mm, TR =60 ms, TE =11 ms, FA = 35° and 1000 repetitions. The
imaging slice was place approximately across the balsa ganglia of each participant.
Additional scans without MT effects were carried out for each case using the same

imaging parameters.

Anatomical MRI images in all studies included a high-resolution sagittal, T1-

weighted MP-RAGE (TR = 2.1 s, TE = 3.93 ms, flip angle = 7° ).
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8.2.2 Data Analysis

All calculations were performed on a Dell Optiplex 790 with 12 Gb RAM using
Matlab 2014a (http://www.mathworks.co.uk/). All the calculations were carried

out with an in-house built Toolbox (see Appendix C).

8.2.2.1 Preprocessing

Prior to any calculation motion correction could not be applied due to the sin-
gle slice nature of the experiment. First, each average time series was visually
inspected in search for movement. Since movement produces abrupt changes in
the time series (i.e. much higher than the cardiac related peaks), these movement
related peaks were manually removed from the analysis leaving the rest of the time
series unaltered. In addition, the data was not smoothed to avoid removing low

frequencies which may lead to the loss of information [140].

Manual segmentation was used to create a mask to remove cerebral spinal fluid
(CSF) contributions. The first 100 scans were removed to avoid signal saturation
effects. The manual segmentation of the masks was eroded to avoid partial volume

effects at the edges.

8.2.2.2 Fractal Analysis

MFDFA was used to quantify the fractal properties of the time series in MDD
patients and healthy control participants [130]. To estimate the fractal spectra D,
16 window lengths; from 5 to 20, were chosen. The g-order statistical moments

were chosen between -11 and 11 and divided in 21 steps.

From each spectra three parameters are calculated, i.e., width of the spectra W,
asymmetry A, and the position of the of the spectra maxima H. The parameter
W is calculated by subtracting the lower part of the spectra, D(hu,), to the upper
part of the spectra, D(huq,) [130, 134]:
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W = D(hmas) — D(Pumin), (8.1)

The smaller width indicates that the time series has fewer singularities and tends
to be more monofractal. The second parameter, A, is calculated by subtracting
the width of the h(q > 0) values to the width of the h(q < 0) part calculated at
full width half maximum (FHWM) [134, 138]:

A= Ah(q <0)— Ah(g > 0), (8.2)

Again the lower value of A indicates that the time series has weaker singularities
and tends to be more monofractal. Finally the H parameters represents the value

of h in which the singularity spectra has its maximum D,,,, [137]:

H = h(Dpnaz) (8.3)

The position of h,,., moves to higher values when the stronger singularities are

present.

8.2.2.3 Spectral Clustering

Spectral clustering was used in an attempt to separate the spectra of MDD pa-
tients and healthy control participants. First the average signal across the slice
was computed among all participants. Subsequently, the individual spectrum of
each time series was calculated using the Matlab open function mtcspectrum from
the spectral analysis toolkit Chronux package [168, 169]. This function uses a
multitaper method which reduces estimation bias by obtaining multiple indepen-
dent estimates from the same sample. Each data taper is multiplied element-wise
by the signal to provide a windowed trial from which one estimates the power
at each component frequency. As each taper is pairwise orthogonal to all other

tapers, the windowed signals provide statistically independent estimates of the
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underlying spectrum. The final spectrum is obtained by averaging over all the
tapered spectra [170]. The time-bandwidth product was set to 3 while the number

of tapers was 5. The sampling frequency was All the volumes were classified

2TR
using a spectral clustering method [121]. Similarity graphs were calculated using a
normal k-Nearest neighbours with 5 neighbours and sigma value equal to 1. Two

clusters were computed using a normalised Shi and Malik method [123].

8.3 Results

A comparison between the frequency spectra of both groups is shown in Figure
8.1a-b. For each subject, ROI’s from the basal ganglia and from the visual cortex

were averaged to showcase the difference between brain regions and populations.
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FIGURE 8.1: Frequency spectra examples from the control (a) and the depres-
sion group (b).
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FIGURE 8.2: Fractal spectrum from the control (Blue) and the depression group
(Black).

For the control group, only strong cardiac frequencies are resolved in the basal
ganglia as well as the cortex (Figure 8.1a). However, the spectra for the depressed
patients show lower cardiac response in general but different behaviour in the
basal ganglia where we found a direct cardiac response from the tissue as well as
a second response at around half of the cardiac circle (Figure 8.1b). This results

in an apparent shortening by the detected frequency by a factor 2.

The average fractal spectra of both groups are shown in Figure 8.2. The black
line represents the MDD patients which showed a wider width in comparison to
the control participants represented with a blue line. Besides, there was also an
increase in the asymmetry of the spectrum for the MDD patients. Moreover, those
participants who performed worst in the Hamilton Depression Scale correlated

with higher fractal values.

An spectral clustering algorithm was used to classify both groups into two separate
clusters. However, the differences among both groups were not strong enough for
the algorithm to separate between groups (Figure 8.3). The first cluster was
formed by 5 depressed patients and 3 healthy controls, while the second cluster
had 1 depressed patient and two healthy controls. Interestingly, 3 out of the 4
depressed patients with higher values in the Hamilton scale were classified in the

same group (Cluster 1).
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FIGURE 8.3: Results of the spectral clustering in the depression study. Two
clusters were computed.

8.4 Discussion

A pilot study was conducted in a small group of MDD patients. Preliminary
results suggest that there are alterations in the basal ganglia of the MDD pa-
tients. These variations are manifold, varying in shape amplitude and frequency.
Additionally, fractal analysis showed increased numbers of singularities in MDD
patients. However, the spectral clustering algorithm was not able to differentiate

between MDD patients and control subjects.

MDD patients showed more dynamic components in the basal ganglia which may
be related to tissue compartments that have a delayed response to cardiac dynam-
ics. Previous studies have already shown that patients suffering from MDD have
a variation in the blood flow dynamics [175]. For instance, changes have been
observed in areas such hippocampus, pre-frontal cortex or the head of the caudate
nucleus [179, 180]. This correlates with the differences found between groups since
the caudate nucleus is interesting because it forms part of the basal ganglia which
was analysed in this study. However, the use of one slice complicates the study

of one particular area. This could induce variability in the results across all the
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participants. Different slices should be acquired in future studies to cover a large

region and improve the comparison between groups.

The fractal analysis of the time series inside the slice showed an increase number
of singularities in the MDD patients compared to the control subjects. This could
be expected, as happened in the ageing study, since the spectra showed more
frequency components, and thus, more singularities in the time series might be
expected. This variation of the brain dynamics may be because of the decreased
perfusion in this area, as found in other studies [175]. Additionally, this area is
highly connected with the pre-frontal cortex which is also strongly affected in MDD
[184]. It was particularly interesting that the cases with higher fractal parameters
correlated well with the Hamilton depression scale. 3 out of the 4 cases with the
highest values in the Hamilton scale (i.e., scores around 30 or over) showed the
highest values in the fractal analysis. Additionally, the asymmetry parameter,
however, was higher in the control patients showing that the singularities present
in this group are stronger in magnitude. This fits with the observation that the

time series have stronger cardiac induced oscillations in the control group.

However, the spectral clustering results were not as good as in the ageing study and
clustering separation was not possible. Probably the proximity in age between the
subjects produces the cardiac dynamics, although altered in MDD, do not differ
strongly. In addition, the position of the slice was across the basal ganglia which
is part of the deep grey matter. It was shown in Chapter 6 that the UEPIS
signal was perturbed in that region due to high movement. Therefore, the quality
of the signal was not as good as one presented in the other areas of the brain
(i.e. motor cortex, visual cortex...). and results are probably contaminated with
movement effects. Future studies should focus on areas such the prefrontal cortex

also affected in depression and which suffers from less movement.

Although this was a pilot study, it suggests that UEPIS might reveal new insights
in the brain dynamics of the depressed brain. However, only a small group was

studied and larger groups are needed to confirm this hypothesis. In combination
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with existing methods (e.g. fractal analysis) might help to shed more light about

the brain dynamics in the depressed brain.






Chapter 9

Non-Single Quantum MRI in
fMRI

9.1 Introduction

Since its creation in 1990 [65] then and during the last two decades BOLD fMRI
has emerged as the foremost method for visualising not only brain activity. It
has been possible not only to quantify the relation between Cerebral Blood Flow
(CBF) and cerebral blood volume (CBV) with the BOLD signal [185], but also
the analysis of the time course of the BOLD signal has widened our understanding

about brain activation [154, 186, 187].

In spite of its extended use there is, however, certain reluctancy present against
the BOLD signal and its accuracy to represent the real activation. It is well
known that the BOLD signal relies on the paramagnetic properties of the deoxy-
hemoglobin (dHb). During activation the increase in the consumption of oxygen
is accompanied by an increase in the fully oxygenated blood. Therefore it would
be expected an increase in dHb and consequently a decrease in the MRI signal.
However, there is a decrease in the concentration of dHb downstream from the
site of activation leading to an increase in the 72* value and therefore an increase

in the MRI signal [38]. This increase is due to the overcompensation by CBF [71].
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Since the BOLD signal is detected in the downstream from the site of activation
and therefore in venules or veins, a debate opens about the spatial correspondence
between the actual site of neural activity and the extent of the metabolic and

hemodynamic response.

A recent paper by Renwall et al. [155], has pointed out that all that glitters is
not BOLD by analysing the variations of the BOLD signal under different acqui-
sition parameters. They concluded that the contributions to fMRI signals can be
disambiguated by applying multiple acquisition parameters during the same ex-
periment. Additional studies have used multi-echo sequences in order to denoise
the BOLD signal from the non-BOLD derived from physiological contributions
and motion artefacts [188, 189]. All these studies might point out that the real
activation slightly differs from what we see in BOLD studies and more needs to
focus on the accuracy in the spatial location of the BOLD response. Therefore,

UEPIS is applied to determine the changes during activation.

9.2 Material and Methods

9.2.1 Data Acquisition

Two fMRI protocols were carried out in 4 subjects to check whether there are
changes in the UEPIS signal during activation. First, a finger-taping protocol was
carried out to measure activation in the motor cortex. Thus, each subject was
told to move two fingers after a light appear on the screen and stop when the
light switched off. The finger-taping lasted 12 seconds followed by 24 seconds of
rest in each case (Fig. 9.1). Second, and flicker paradigm was used to activate
the visual cortex. After each resting block lasting 18 seconds a 18 seconds flicker
block followed (Fig. 9.2). The flicker had a 5 Hz frequency. Five rest blocks and
4 activations were acquired for each run. MT effect was introduced by a negative

(-13411 + 2290 Hz) and a positive off frequency (17882 + 2290 Hz) RF pulse.
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TOTAL TIME = 162s
A

ACTIVATION = 18s REST = 18s
A A

N=1 N=4

F1GURE 9.1: Visual Cortex Paradigm. A flicker stimulus lasting 18 seconds
was followed by 18 seconds of rest. The experiment was repeated four times.

Imaging parameters were voxel size of 3.5 x 3.5 x 3 mm, TR = 60 ms, TE = 11

ms, FA = 35° and 2800 repetitions.

A real time BOLD fMRI scan was ran prior to the UEPIS studies to determine the
location of the imaging slice. The slice with stronger BOLD signal was selected as
imaging slice for the UEPIS sequence. The real time BOLD fMRI sequence was a
normal EPI with TR = 2 s, TE = 30 ms, FA = 90°, voxel size of 3.5 x 3.5 x 3.5

mm and 60 repetitions.

TOTAL TIME = 162s
A

FINGERTAPPING= 12s REST = 24s

N=1 N=4

FI1GURE 9.2: Motor Cortex Paradigm. A finger-tapping activation of 12 seconds
was followed by 24 seconds of rest. The experiment was repeated four times.
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Anatomical MRI images in all studies included a high-resolution sagittal, T1-

weighted MP-RAGE (TR = 2.1 s, TE = 3.93 ms, flip angle = 7° ).

9.2.2 Data Analysis

All calculations were developed in a Dell Optiplex 790 with 12 Gb RAM using
Matlab 2014a (http://www.mathworks.co.uk/). All the calculations were carried

out with an in-house built Toolbox (see Appendix C).

9.2.2.1 Preprocessing

Prior to any calculation motion correction could not be applied due to the sin-
gle slice nature of the experiment. First, each average time series was visually
inspected in search for movement. Since movement produces abrupt changes in
the time series (i.e. much higher than the cardiac related peaks), these movement
related peaks were manually removed from the analysis leaving the rest of the time
series unaltered. In addition, the data was not smoothed to avoid removing low

frequencies which may lead to the loss of information [140].

Manual segmentation was used to create a mask to remove cerebral spinal fluid
(CSF) contributions. The first 100 scans were removed to avoid signal saturation
effects. The manual segmentation of the masks was eroded to avoid partial volume

effects at the edges.

9.2.2.2 Mean Maximum Peak Detection

The intensity of the mean maximum peak was calculated by subtracting the mean
baseline to the mean peak values. The detection of the peak maxima is based
on the method proposed in Gomes and Pereira 2013 [141]. The method uses the
open function peakdet implemented in Matlab, to detect all the local maxima of

the temporal signals. The mean baseline signal will be the mean value of the
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remaining time points (i.e. the peak maxima were excluded to compute the mean

baseline).

During activation the haemodynamics changes such cerebral blood flow (CBF),
cerebral blood volume (CBV) and changes in the CO, consumption are linked
spatially and temporally to the duration and the location of the activation. As a
result, in fMRI there is a signal increase due to the change of deoxyhemoglobin.
This signal change needs to be taken into account when calculating the peak-to-
baseline value. Thus, a linear fitting is applied to the baseline during the activation
and deactivation periods to quantify the intensity of the baseline at the time of the
wavelet peak maxima. The baseline signal will be the mean value of the remaining
time points (i.e. the peak maxima were excluded to compute the mean baseline)
extracted from the fitting . The peak-to-baseline value for each time series will
be calculated by computing the % signal change in comparison to the baseline at

each peak position.

9.3 Results

The activated area in the motor cortex can be seen highlighted in red. Those pixels
which are hyper-tense corresponds to activation. The area in the non-UEPIS case
showed a larger area of activation. In general, the slice with UEPIS was less

contaminated due to venous residual responses (Fig. 9.3).

The comparison between the signal changes during activation and rest for the
visual and motor cortex can be seen in Figure 9.4 respectively. For each participant
the two strongest BOLD voxels were selected and the % change was calculated at
activation and rest. In some cases activation was slightly stronger than rest while
in others the rest state was higher. A strong linear correlation (1.5845 4+ 0.73197)
was found within the data (p < 0.0001).
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400

FIGURE 9.3: Example of the activation areas in the motor cortex for the UEPIS
(a) and the non-UEPIS sequence (b). Slightly larger area is found in the non-
UEPIS.

9.4 Discussion

In this chapter the UEPIS sequence was applied to two pilot fMRI studies. Dif-
ferences were not found in the intensity of the oscillations during activation and
rest. In fact, linear correlation was found between the signal during activation
and the signal at rest. Therefore, the increase of one values means the increase of

the other value. The most likely explanation for this lack of differences is that in
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FIGURE 9.4: Relation between the intensity of the peak during activation and
the intensity of the peak during rest.
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the fMRI studies, the peak is a response to the whole brain dynamics due to the
input cardiac pressure wave and it is not sensitive to local changes in the blood
flow. In chapter 6, it was shown that peak of the oscillation is not flow related.
Otherwise, the intensity of the oscillation should have increased during activation
because of the increase of CBF in the activated region [71]. The fact that there
are not significant changes between both states correlates with the idea that the

oscillation is not flow related.

During activation the amount of deoxygenated hemoglobin decreases within the
tissue, reducing the concentration of paramagnetic molecules. This condition re-
duces the amount of susceptibility dephasing induced and thereby increases the
Ty for the stimulated tissue relative to the unstimulated tissue [38]. However, in
Chapter 6 showed that there are no dependencies between the 73 and the intensity

of the oscillation.

One of the constraints in this study was once again the single slice acquisition
protocol. A real time fMRI protocol was used to obtained the area with the
strongest BOLD signal change in order to place the UEPIS imaging slice through
it. However, these changes could be related to a higher venous response and not
necessarily be related to activation in the tissue. It has already been mentioned
that the imaging slice is able to cover only a small part. Therefore, it is also
possible that the activated region was missed. In light of these results, future
research should focus on acquiring larger areas by, for example, increasing the
number of slices, the slice thickness or by moving the imaging slice into different
positions. Additionally, the decrease in the size of the activated area can be due
to the short TE used. Previous studies have shown that the BOLD response
diminishes at TEs shorter than the optimum TE for BOLD [155]. Under the same
threshold the area of UEPIS signal activation was smaller than a non-UEPIS. So
the change in the baseline due to activation gets already reduced with the UEPIS
case. Although it seems that UEPIS is not able to detect the changes in the
intensity of the oscillation, it could be useful to remove venous residual responses

from the BOLD activation maps.






Chapter 10

Sleeping in the Scanner. A Case

Study.

Although a sleeping study was not carried out, one of the participants reported
to have fallen asleep during the scan session and woken up at the end of it. An
anomalous signal change pattern was obtained and therefore, this data was anal-

ysed separately as a case of study.

The participant (27 years old) was scanned with the protocols approved by the
Trinity College School of Medicine Research Ethics Committee. He was imaged
in a 3.0 T Philips whole-body MRI scanner (Philips, The Netherlands) using a
standard single-shot GE EPI sequence. For this participant a variation of the
offset frequency was conducted. Therefore, the distance of the REST slabs were
varied between 0.8 mm and 50 mm to alter the off-resonance frequency while the
voxel size was 3.5 x 3.5 x 3 mm, the TE = 5 ms, TR = 45ms and the FA = 35°.
Two REST slabs of 5 mm in thickness were placed parallel to the imaged slice.
The first one was located above the imaged slice at a distance equal to 15mm. The
second one was placed below separated by 20 mm. MT effects were introduced in
both cases by a negative (-13411 + 2290Hz) and a positive off frequency (17882
+ 2290 Hz) RF pulse. The imaging slice was placed away from the ventricle to
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FI1GURE 10.1: Signal intensity change when different frequency offset variations
where applied. The participant reported to have fallen asleep during the scan
session.

avoid pulsation effects (see Figure 4.1b). The offset frequency was calculated using

Equation 4.1.

The intensity of the mean maximum peak was calculated by computing the signal
change in % between the peak and the baseline. The detection of the maximum
peak is based on the method proposed in Gomes and Pereira [141]. The method
uses the open function peakdet implemented in Matlab, to detect all the local
maxima of the temporal signals. The mean baseline signal will be the mean value
of the remaining time points (i.e. the peak maxima were excluded to compute the

mean baseline).

Figure 10.1 presents the % signal change at each offset frequency. The signal
change started to drop after the 8 run and kept decreasing until it went back
to normal again in the 17" run. Figure 10.2 illustrates some examples of the
time series at different offset frequencies. The first two images represent scan
number 3 and scan number 5 with offset frequencies equal to 1.3075 and 4.3625
kHz respectively (Figures 10.2a-b). Clear cardiac behaviour is present in both cases

with no signs of decline in the peaks strength. Figures 10.2c-e reveal scans number
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FIGURE 10.2: Example of six time series for the participant that reported

falling asleep. Sequences 3, 5 and 10 suggest that the patient is still awake,

while the noisy sequences 14 and 17 that the patient is falling asleep or that

is already sleeping. Finally, sequence 18 might represent the time when the
patient is again awake.

10, 14 and 17 with offset frequencies amounting 13.0825, 21.8150 and 30.5450 kHz.
Scan number 10 exhibited a general cardiac behaviour but at the end of the scan
the peaks are losing intensity and the baseline is getting noisier. The strongest
differences appeared in scans 14 and 17. The peaks are no longer constant and in
some cases even disappear, apart from having a much noisier baseline. Finally, the
last image shows scan 18 with a frequency offset set to 34.9075 kHz. The cardiac
behaviour comes back to normal suggesting that the participant woke up at the

end of the scan session. This could represent a variation in the brain wave pattern
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(i.e. decrease in the frequency) in combination with a decrease in the cardiac

signal due to sleepiness.

Figure 10.1 illustrated the variation of the cardiac induced oscillations in a sub-
ject that reported to have fallen asleep during the data acquisition. During the
experiment there was an evident decline not only in the intensity of the oscillation
maxima but also the cardiac induced oscillations pattern worsened. In those cases,
the oscillation maxima are found apparently random and not periodically as it was
in previous cases. This results might be threefold. First, during sleep there is a
decrease in the arterial pressure [190, 191]. Since the signal arises from the tissue
response to the input pressure wave, a decrease in the latter might introduce a de-
crease in the former. This might explain why the peak profile disappears. Second,
it was shown in Chapter 5 that there is little correlation between the cardiac and
the wavelet frequency. During sleep, brain waves slow down and the Delta Waves
become predominant [144, 145]. Additionally, the heart rate slows down during
sleep which might disperse the distance among wavelet packets [192]. Therefore,
the response of the tissue might also vary influencing the UEPIS signal. Finally,
it should also be taken into account that during sleep there is an increase in the
number of involuntary movements [192]. Thus, it could be expected that the signal
worsens because of the movement sensitivity aforementioned in Chapter 6. How-
ever, only one case reported to have fallen asleep and further research is needed

to confirm these results.
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Chapter 11

Conclusion and Future Research

Throughout this thesis a new MRI sequence that relies on cardiac induced oscil-
lation changes has been extensively explored. For example, it has been hypothe-
sised that the cardiac pressure wave acts as a travelling wave that modulates the
rhythms present in the brain. This modulation produces a signal in the tissue
which is difficult to measure with other methods in the brain in vivo and essential
for the understanding of the cerebral blood circulation and auto-regulation. Al-
though the studies were carried out with and without angulation, it points in the
direction that the brain rhythms are not the same for all regions in the brain. In
this case, the cardiac induced modulations should not be in phase. These results
are not conclusive. Therefore, more work has to be devoted to answering this

question.

Additionally, the interesting mechanism behind the UEPIS contrast has been eval-
uated with various different parameters inside the sequence. It has been shown
that cardiac induced oscillations are not TE, SL or frequency dependent and that
only the FA and TR strongly influenced the signal. It has also been revealed that
the characteristic signal in the UEPIS sequence is not related to brain movement,
inflow effects, phase shifts or BOLD, rather, it has been identified that the tissue
itself as the origin of those signals. Thus, it was suggested the NOE as one of the

possible explanations for the contrast mechanism. However, more work is needed
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to confirm the veracity of it because the mechanism behind the cardiac induced

modulation still remains unclear.

One of the major limitations of this protocol is that the signal acquisition gets
limited to a single slice due the short TR. This is a constraint for those studies
that require, for instance, the study of larger brain regions. In those cases, manual
shifts of the slice up and down would be required to cover the entire region of
interest. Thus, an expansion of the current protocol into a multi-slice UEPIS
sequence would allow for the examination of larger regions of interest. Although
this is not easy to accomplish, current development of new scanners in MRI are
moving towards faster acquisition times, giving the possibility, for instance, of
acquiring multiple slices in just one excitation. Although this could be valuable to
cover larger regions, additional MT effects should be taken into account. When the
image gradients switch to excite a new imaging slice it induces a RF pulse. These
RF pulses induce MT effects into the adjacent slices (Multi-slice EPI MT effects).
Previous studies have tried to account for these MT effects to correct the MRI
signal [54], however, the UEPIS signal relies on strong saturation effects combined
with MT effects. Therefore, additional MT effect could benefit the intensity of the
cardiac induced oscillation. The only consideration to be taken is that the central
slice would suffer from higher MT that outer slices and the strength of the peaks

may differ between.

Another problems of UEPIS is its sensitivity to movement. Motion correction was
not possible with conventional methods due to single slice acquisition. This could
be solved by acquiring higher number of slices and using some of the available
motion correction tools such Statistical Parametric Maping (SPM) [193]. Also
more advanced techniques such head tracking for real-time motion correction in

the MRI environment using a single camera could be applied[194].

Additionally, the UEPIS sequence was applied in different pilot studies. First an
ageing study was carried out. Alterations of the cardiac related M'T changes were
observed across participants. These changes were manifold, varying in shape, am-

plitude and frequency. In particular, older participants possessed a higher number
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of frequencies as well as a decrease in the size and number of the cardiac induced os-
cillations. Spectral clustering was used to successfully classify the spectra of both
groups in separate clusters, however some participants still felt into the wrong
groups. In spite of that and on the basis of these promising results, work should
concentrate on the study of the ageing brain using this sequence. For example, as
UEPIS only needs a few minutes, a large database could be achieved. Each time
a new dataset is acquired, and with the help of a spectral clustering algorithm,
this dataset could be sorted into one of the possible clusters. This would provide
information about the brain dynamics of the participant in a few minutes. Con-
tinuing study might also involve comparing the results from the spectral clustering
with the information from MR elastography about the stiffness of the brain tissue
of each participant. Since the stiffness describes the mechanical properties of the
tissue, it would help understand the relationship between the UEPIS signal and

the brain dynamics, and changes in the ageing brain.

A pilot study was conducted with depressed patients. Alterations in the basal
ganglia of MDD patients were observed. These changes, as it happened in the
ageing study, were manifold, varying in shape, amplitude and frequency. MDD
patients showed more dynamic components in the basal ganglia which potentially
related to tissue compartments that have a delayed response to cardiac dynamics.
The Fractal analysis displayed an increase in the number of singularities confirming
this observation. UEPIS might help to shed light on the dynamic changes in the
depressed brain. However, it was shown that the basal ganglia was an region
corrupted by movement. Thus, further studies should focus on less movement
sensitive areas such as the prefrontal cortex. Additionally, the population in the
study was small and further research should focus on acquiring a larger cohort
of MDD and control participants with a different number of slices to cover larger

regions.

Two fMRI pilot studies were also conducted. No changes were observed in the
intensity of cardiac induced oscillations in the motor and visual cortex during rest
and activation. A real time fMRI protocol was used to obtained the area with the

strongest BOLD signal change in order to place the UEPIS imaging slice through
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it. However, these changes could be related to a higher venous response and not
necessarily be related to activation in the tissue. It has already been mentioned
that the imaging slice is able to cover only a small part. Therefore, it is also
possible that the activated region was missed. In light of these results, future
research should focus on acquiring larger areas by, for example, increasing the
number of slices, the slice thickness or by moving the imaging slice into different

positions.

Of particular interest was the participant that reported to have fallen asleep during
the data acquisition. The participant suffered a decline in the intensity of the
cardiac induced oscillations. During sleep brain waves slow down and the Delta
Waves become predominant, [145] and the heart rate slows down during sleep
which might disperse the distance among wavelet packets [192]. However, only one
case reported to have fallen asleep and further research is needed to confirm these
results. The next stage of the research should focus on confirming these results by
acquiring new data during sleep. Clearly, the achievement of this experiment might
not be trivial. Some participants feel anxious inside the scanner which combined
with the loud noise of the scanner might impede falling asleep. However, spite
of these difficulties the findings suggest that UEPIS could add more information

about brain dynamics during sleep.

Since UEPIS is a completely new sequence, a whole spectrum of new applica-
tions opens. For instance, patients that have suffered a stroke or have a tumour,
have their brain dynamics altered. UEPIS might help to highlight the affected
region in just a few minutes by quantifying those regions without cardiac induced

oscillations.

Finally, it could also help differentiate between genders among the young cohort.
Although it was not studied, stronger peaks were normally detected in male sub-
jects in comparison to females. Clearly, further research is needed to validate what
the origin of these differences is. On one hand, it would be compelling to study
the differences between participants exercising regularly and those that do not

exercise. On the other hand, it would be interesting to search in the female group
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for brain dynamic’ changes in relation to contraceptives intake or different stages

during the menstrual cycle.

To conclude, the effectiveness of UEPIS as a powerful and useful new sequence
has been established. Numerous studies have been employed to highlight the
advantages and potential uses for the sequence. This research has also identified

and outlined potential limitations that require future investigation.
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Appendix A

AppendixA

In this Appendix, complementary examples to Chapter 5 are presented.

A.1 Examples of Timing Without Angulation of
the Imaging Slice

Figure A.1 shows the comparison between the time series a pixel located at the
front, one at the middle of the non-angulated imaging slice. Four more participants

are shown.

A.2 Examples of Timing With Angulation of the
Imaging Slice
Figure A.2 illustrates the comparison between the time series a pixel located at

the front, one at the middle of the angulates imaging slice. Four more participants

are shown.
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F1GURE A.1: Comparison of the signal of three pixels located at different areas
in an horizontal imaging slice. One pixel was located at the front, the second at
the middle and the last one at the back of the slice. Four different participants
are shown.
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in an angulated imaging slice. One pixel was located at the front, the second at

the middle and the last one at the back of the slice. Four different participants
are shown.






Appendix B

Individual Signal Parameters

Values

In the following sections, the individual values for each subject will be presented

for each signal parameter.
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FIGURE B.1: Individual signal changes values in % when the TR = 45ms and
the FA was varied between 5 and 60 degrees.
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B.1 Flip Angle

5 subjects were scanned to assess the effect of the FA with TR = 45 ms (Fig.
B.1) and TR = 60 ms (Fig. B.2). Both graphs are practically similar indicating
that all subjects, with higher or lower signal change, followed the same behavior
in comparison to the average values. Stronger values were observed at shorter TR

due to the increase in MT effects which intensified the signal change.
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FIGURE B.2: Individual signal changes values in % when the TR = 60 ms and
the FA was varied between 5 and 60 degrees.

B.2 Repetition Time

5 subjects were scanned to determine the effect of TR variations with (Fig. B.3)
and without the slabs (Fig. B.4). In both cases strong decreases were observed
across all subjects. Again, strong variability was present among the different

subjects but the tendency was to decline with longer TR.
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FIGURE B.3: Individual signal changes values in % with TR variations between
38 and 73 ms in the UEPIS.
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FIGURE B.4: Individual signal changes values in % with TR variations between
26 and 51 ms in the non-UEPIS.

B.3 Slice Thickness

5 subjects were scanned to determine the effect of SL variations (Fig. B.5). All

subjects had a constant intensity change across all the slice thickness suggesting

no slice thickness dependency.
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FIGURE B.5: Individual signal changes values in % when the slice thickness
was varied between 3 and 7 mm.

B.4 Echo Time

5 subjects were scanned to determine the effect of TE (Fig. B.6). All subjects

had a constant intensity change across all the echo times suggesting no echo time

dependency.
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FIGURE B.6: Individual signal changes values in % when the echo time was
varied between 5 and 21 ms.
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B.5 Frequency Variation

5 subjects were scanned to determine the effect of frequency offset (Fig. B.7). All

subjects had a constant intensity change across all the frequencies suggesting no

frequency dependency.
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FIGURE B.7: Individual signal changes values in % when the frequency offset
was varied between 0.6975 and 43.6350 kHz.






Appendix C

UEPIS Toolbox

Throughout the process of this thesis, a Matlab toolbox has been programmed to

analyse the UEPIS signal. The main interface is shown in the next picture.

UEPIS GUI

Removed Siices

' B

Type of Data Tvpe of Philps Data

PhIDS B PAR B

Select

Select

Components

Renama Fies Exn

FiGUure C.1: UEPIS User interface.
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The top of the window includes the parameters needed to define the data to be

analysed:

1. Type of Data: 1t defines if the scanner used to acquired the data is Bruker
or Philips.

2. Type of Philips Data: If the scanner is Philips, then the format of the data
is needed to load the data. There are four possibilities: Nifti format, PAR
which represents PAR/REC format, Dicom which reflects the dicom format
in individual files and New Dicom which stands for dicom format in just one

file.

3. Removed Slices: It allows to remove up to 100 repetitions to avoid saturation

effects in the data.

Once these values have been set, the filename has to be selected. If the filename
textfield is empty, the toolbox will show and error. The software allows to select

multiple files for the analysis as long as they have the same format and longitude.

The second text field refers to a mask file. If the user selects a mask, all the voxels
of that mask will be processed, otherwise a magnitude mask of the whole slice will
be estimated. This is done to reduce the number of voxels to processed and save

some computational time.

The next step is to select if we are dealing with Resting State (Resting) or fMRI
data. The Ageing and Depression are there for future development of the software.
At least one of these options has to be selected, otherwise the application will

return an error.
Once the previous fields have been set, the following analysis can be carried out:
1. ICA: This is needed to carry out the ICA analysis. Two options are available
for this option.

(a) Number of Components: This establishes which is the maximum num-

ber of possible sources. The values are 10, 20, 30, 40 or the same as
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pixels inside the slice. The last value requires a huge computational

load.

(b) Constraint ICA: The number of components is set to 5 for all cases

independently of the optimum values calculated.
2. Qwerall Signal: The signal is average across all the voxels inside the slice.

3. Peak Distribution: Each voxel is analysed individually and the peak statistics

are calculated.
4. Manual Search: It allows a new window to be opened where manual search

can be done at each voxel, to move across all the voxels in the slice.

This options are independent and combining both options will return an error.

There are a few extra options available that can be also used:

1. Data Denoising: The data is denoised using a wavelet transform prior to

any analysis.

2. Short Time Series: this checkbox sets the maximum number of repetitions

to 1000.

3. Double Echo: For double echo data, the signal is separated into alternative

datasets and analyse individually.

4. Invert peaks: The signal is inverted to analyse the appearance of down peaks

in the signal.

5. Rename Files: This button has been added to rename files, in case it is

needed to enable multiple files selection which might have the same name.

A future version will optimise the code and combine the spectral clustering as well

as the fractal analysis into the main interface.



Appendix C. UEPIS Toolbox 152

C.1 ICA Results Window

When the ICA analysis is computed successfully, a new window appears with the

results. An example can be seen in Figure C.2.

On the top two images are shown. The first one corresponds to the time series
of the first component and the second one to its spectrum. Below the images,
there are two text fields. The first one contains information about the displayed
component such the eigenvalue of the mixing matrix for that component and
the maximum frequency value of the spectrum. The second one would show the
parameters of the time series to which the component belongs to when the Show

Parameters button is clicked.

It is possible to go through all the components of a time series by clicking the Next

Component and Previous Component buttons. By clicking Next Component, the
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FiGure C.2: Example of the ICA results window.
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time series and spectrum of the next component will be shown, as well as the text
field will be updated with the information of the component. By clicking Previous
Component it is possible to go back to previous components. Once the first or last

component has been reached, a message will be shown in the text field.

It is possible to have the components from other datasets when multiple file or
double echo analysis have been selected. In order to do this, it is necessary to
select from the pop-up menu the dataset and afterwards press the button Show
Dataset. The new ICA results will be loaded and the same treatment as above

can be done.

C.2 Overall Results Window

When the overall signal analysis is computed successfully, a new window appears

with the results. An example can be seen in Figure C.3.

On top two images are shown. The first one corresponds to the time series of
the first component and the second one to its spectrum. The first one contains
information about the overall signal such as the maximum frequency in the spec-
trum, mean and standard deviation of the baseline of the time series. The second
one would show the peaks statistics, (mean and standard deviation) of the overall

signal if the Peak Statistics button is clicked.

For multiple file or double echo analysis the Next Parameters and Previous Pa-
rameters buttons will show the next or previous overall signal if the last or the
first signal has not been reached. This will update the time series course as well

as the spectra and the information about the overall signal.

The evolution of the peak across all the datasets can be shown when pressing the
Show FEvolution button. This will show a new figure with the evolution of the
mean and standard deviation of the baselines and the evolution of the mean and

standard deviation of the peak strength.
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Ficure C.3: Example of the overall signal analysis window.

It is possible to estimate the duration of the peak by pressing the Determine
Duration button. It will fit each peak to a Gaussian function and will average the

values to obtain the mean peak duration as well as its standard deviation.

The data from the time series can be exported to Mathematica by pressing the

Ezxport Mathematica button. Four options are available:

1. Current Plot: It creates a Mathematica file which the data obtained from

the current time series plot.

2. Baseline All Time Series: It creates a Mathematica file which the data

obtained from the all the time series.

3. Magnified Plot: It creates a Mathematica file which the data obtained from

the current magnified time series plot.
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4. Peaks Fvolution: It created a Mathematica file the baseline and peak strength

evolutions.

Finally, the button Peak Window connects the Overall Signal Window with the
Peaks Results Window which will be described next.

C.3 Peak Distribution Window

The peak analysis window will show a map with the mean peak as each pixel and
the same for the frequency intensity of the cardiac signal. An example can be seen

in Figure C.4.

Below both images there will be two text fields. The first one, would include the
mean and standard deviation of the peaks intensity. The second one would show

the mean and standard deviation of the cardiac frequency.

[ ] PeaksResultsWindow

Ddde WO LEE0E .

Peak Distribution Window

Poak Satsics:
Mean peax:69.4557 Miea 1567.9851
Std peak:13.8793 S0 peak:1039.647

Std peak:1039.647

Previous Dataset Next Dataset Overall Signa Ext

Figure C.4: Example of a Peak Distribution Window.
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In the same fashion as the previous windows, if there is more than one dataset it
will possible to change between datasets by pressing the buttons Previous Dataset

and Next Dataset.

Finally, the window is linked to Overall results window by the Owerall Signal
button. It will compute the overall signal for each dataset and show the afore-

mentioned Overall Results Window.

C.4 Manual Search Window

The manual search window allows to plot the individual time series of a pixel by
clicking over an image. The image is computed by averaging over all the repetitions
of the dataset. Once a pixel is clicked, the time series linked to it is presented in

the plot next to the image. An example can be seen in Figure C.5.

If some pixels are of the interest of the user, it is possible to add those pixels

together by clicking the Add Pixel button. After that, there are three possibilities:
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FiGure C.5: Example of a manual search window.
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1. Show Pizels: It will show the selected pixels over the image to see the loca-

tion.

2. Ezxport Mathematica: The times series of each pixel as well as the average

value of all of them will be saved into a mathematica file.

3. Restart Array: All the saved pixels values are deleted from the memory.
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