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Summary

The development and application of advanced methods for MEG and

EEG data analysis

Magnetoencephalography (MEG), in combination with complex analysis techniques,

has made large contributions to our understanding of the brain. However, MEG

research often considers only oscillatory activity within the brain, whereas most

brain activity appears to be more disorderly. During this thesis, rank-vector entropy

(RVE), a time-resolved measure of neuronal irregularity, was found to be useful as

a complement to oscillatory measures in the analysis of MEG data. The parame-

ters of the RVE measure were first optimised to maximise temporal resolution and,

separately, the temporal correlation between the RVE and oscillatory amplitude en-

velopes of virtual sensor timecourses. The RVE of MEG was then found to exhibit

temporal correlation with the BOLD signal; this was positive in task-activated areas

but negative in regions comprising the default mode network.

An important development put forward in this thesis was the extension to multi-

scale RVE, which measures dynamic neuronal entropy over a range of temporal

scales. MRVE correlation was shown to provide insight into functional connectivity

across temporal scales in health and disease and gave complementary information

to that given by measures based on oscillatory synchronisation. It was also found

that functional connectivity measurements, as calculated using MRVE correlation

and the more conventional method of oscillatory amplitude envelope correlation

(AEC), depended on the data cleaning method used. The removal of eye movement

artefacts using ICA was found to increase sensitivity to connectivity alterations in a

cohort at genetic neurodevelopmental risk.

The final chapter of this thesis attempts to address the inferior sensitivity of MEG

to deeper sources by performing source localisation using simultaneous MEG and

EEG (MEEG). MEEG was not shown to improve source localisation in the deep brain

over MEG alone. However, MEG alone was found to be able to detect activity within

the medial temporal lobe during a spatial memory task.
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Chapter 1

Introduction

Functional neuroimaging data are incredibly rich in information, re�ecting the enor-

mous complexity of the human brain. By performing complex analysis, it is possible

to disentangle the information contained within these datasets to learn about how

the brain works, and how its function is affected by disease. One functional neu-

roimaging technique that has made large contributions to our understanding of the

brain is magnetoencephalography (MEG). This is a non-invasive imaging method

based on measuring the magnetic �elds that are generated by electrical brain activ-

ity. It has good spatial resolution and excellent temporal resolution allowing the

investigation of brain activity on the millisecond timescale.

The most prominent signals in MEG data are generated by many neurons act-

ing in synchrony, which manifest as oscillations. MEG data is therefore tradition-

ally considered in terms of oscillatory frequency within different frequency bands.

However, while oscillations are periodic and thus highly regular, most brain activity

appears to be more disorderly. In fact, recent research has indicated that a certain

level of irregularity is crucial for healthy brain function, and that too much or too

little regularity is associated with mental disorder. This largely ignored aspect of

MEG signals has the potential to provide a complementary view of brain function

compared to measures of oscillatory activity.

One limitation that is common to all MEG research is a reduced sensitivity to

activity that occurs deeper within the brain. Therefore, MEG research has often

focused on activity in more super�cial brain regions. In recent years, it has been

established that it is possible to detect activity within the hippocampus using MEG.

However, the spatial resolution of functional images in deep brain structures is re-

duced due to the lower signal strength from these brain regions. Improvements to
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the depth sensitivity of MEG would be highly bene�cial for the further study of

activity within deep brain structures in health and disease.

The studies described during this thesis were performed with the aim of address-

ing these limitations of MEG research, through the development of novel analysis

methods. The rest of this chapter goes on to introduce concepts surrounding the

measurement and analysis of MEG data that are relevant to these studies, and to

further illustrate the motivations behind them.

1.1 What does MEG measure?

The human brain is composed of billions of interconnected cells, called neurons,

which communicate in large networks via the transmission of electrical signals. Neu-

rons receive signals from other connected cells via the transmission of chemicals

known as neurotransmitters. Transmission occurs at synaptic connections, which

are located on branches called dendrites, as illustrated in Figure 1.1A. When a neu-

rotransmitter is transmitted from the `presynaptic' neuron, it may be received by a

receptor on the `postsynaptic' neuron. This causes channels to open in the cell mem-

brane which allow ions to enter or exit the cell. This changes the potential difference

between the interior and exterior of the neuron, and is referred to as the postsynaptic

potential. The �ow of ions through the dendrite is known as the primary current,

and can be modelled as a current dipole. The movement of charge generates a mag-

netic �eld, b, as illustrated in Figure 1.1B. MEG (Cohen, 1972) is the non-invasive

measurement of these magnetic �elds. As the magnetic �elds induced by the post-

synaptic potential are a direct and immediate result of neuronal activity, MEG has

excellent temporal resolution. It is therefore well suited for investigating the fast

changing dynamics of brain activity.

The magnetic �elds generated by the brain are extremely weak. MEG signals

are on the order of 10� 15T, which is approximately 10 10 times weaker than the mag-

netic �eld of the Earth. The most commonly used MEG sensors are Superconducting

Quantum Interference Devices (SQuIDs), which are highly sensitive magnetic �eld
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FIGURE 1.1: A) Transmission of neurotransmitters at a synapse, which induces a postsynap-
tic potential and results in the primary current, I . B) An illustration of the primary current
�ow through a dendrite and the induced magnetic �eld, b. C) An illustration of the mag-
netic �elds detected by MEG for current sources of different orientations (taken from Rout-
ley, Hamandi, and Singh, 2017, adapted from Singh, 2006). The left two plots show the �eld
patterns observed for tangentially oriented current dipoles. The plot on the right shows a
radial source, which is invisible to MEG sensors. Blue lines indicate negative �eld (�eld lines

coming out of the scalp) and red indicates positive �eld (�eld lines going into the scalp).

sensors that are capable of detecting the tiny �elds generated by the brain. How-

ever, as the magnetic �elds generated by outside sources, such as the Earth's mag-

netic �eld or nearby electronic devices, are so much larger than these neural signals,

heavy noise suppression is necessary to stop the signals from the brain being over-

whelmed. The majority of outside noise is reduced by performing MEG in rooms

with magnetic shielding. Further noise suppression is often performed at the sen-

sors. SQuID sensors work by measuring the current induced in one or more pick up

coils, which is used to determine the causal magnetic �eld. Sensors that contain a

single pick up coil are called `magnetometers', whereas those that contain multiple

pick up coils are known as 'gradiometers' and have the built-in ability to suppress

outside noise signals. One example of a common gradiometer coil con�guration is

the axial gradiometer. A �rst order axial gradiometer consists of two coils of oppos-

ing current, as shown in Figure 1.2. Gradiometers take advantage of the fact that

magnetic �eld strength decreases with distance from a current source as an inverse

square law. Signals from noise sources at a large distance from a given gradiometer

will induce similar currents in each loop, whereas the �eld generated by a source

inside the head would more rapidly decrease in strength between the loops, and

would induce a larger current in the loop closer to the source. The magnetic �eld
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FIGURE 1.2: Coil con�gurations of a magnetometer (A) and a �rst order axial gradiometer
(B). The arrow heads indicate the direction of induced current �ow within each loop.

measured by a SQuID gradiometer is found using the difference between the current

induced in each of the pick up loops, and therefore gradiometers are more likely to

suppress magnetic �elds from sources outside the brain.

Gradiometers with more pick up coil loops can be used to correct for higher or-

der magnetic �eld gradients. However, this increases the distance between the coil

loops (the `baseline'), which reduces the amount of noise suppressed by the gra-

diometer. Conversely, using gradiometers with a smaller baseline reduces the sensi-

tivity to sources deeper in the brain. To reach a balance between noise suppression

and depth sensitivity, higher order gradiometers can be simulated using software

from �rst order gradiometer measurements (Vrba and Robinson, 2001). To do this,

several magnetometers are positioned at a larger distance from the head than the

gradiometer sensors. Recordings are taken simultaneously at the gradiometers and

these reference sensors. A weighted projection of the reference sensor recordings is

then subtracted from the measurements taken at each gradiometer. The use of syn-

thetic higher order gradiometers gives improved noise rejection compared to �rst

order gradiometers, while maintaining the sensitivity to activity within deep brain

structures.

Even while using heavy shielding and noise suppression from gradiometers, the

�elds induced by a single neuron are still too small to be detected at the scalp. How-

ever, when large numbers of neurons (approximately 10,000-50,000 (Murakami and

Okada, 2006)) �re in synchrony, the �elds become measurable using MEG. There-

fore, the signals measured by each MEG sensor represent a superposition of signals
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originating from large neuron populations. The largest contribution to the MEG sig-

nal is thought to be made by pyramidal neurons. This is a common type of neuron,

named for the pyramid-like shape of their cell bodies. They are oriented perpendic-

ular to the surface of the brain and so the dendrites of neighbouring cells are aligned

roughly parallel to each other. This results in the ionic current underlying postsy-

naptic potentials �owing in the same orientation across large numbers of cells. The

induced magnetic �elds can therefore constructively interfere, and the sum of the

�elds can become measureable by MEG sensors.

Postsynaptic potentials are not the only source of the magnetic �elds generated

by neuronal activity. Magnetic �elds are also generated by the current �ow that oc-

curs during `action potentials'. This term refers to the large and rapid potential dif-

ference change that occurs when a neuron `�res', which transmits along the length of

the cell. This results in the transmission of neurotransmitter signals to other neurons

connected downstream. However, the magnetic �elds induced by action potentials

occur over the time scale of a few milliseconds. Therefore, these are unlikely to oc-

cur in synchrony across large numbers of neurons, and so are unlikely to produce

a measureable magnetic �eld at the scalp. Also, during an action potential, the ion

�ow that occurs during the initial potential difference change, or `depolarisation',

is quickly followed by the `repolarisation' of the cell, where the ion �ow reverses.

As the action potential transmits along the length of the cell, this results in a repo-

larisation ion �ow following close behind the depolarisation ion �ow. The induced

magnetic �elds are equivalent to those produced by two current sources that are lo-

cated very close together but �owing in opposite directions, which can be modelled

as a quadripole. The magnetic �elds induced by a quadripolar generator drop off

very quickly with distance (Singh, 2006). Therefore, the magnetic �elds generated

by action potentials are unlikely to contribute to the MEG signal.

1.1.1 Limitations of MEG

The sensitivity of MEG is not uniform across the cortex. As shown in Figure 1.1C,

MEG is insensitive to the �elds produced by radial sources, i.e. current �ow that

is oriented perpendicular to the scalp. In a spherical conductor, the induced �elds

by a radial current source would be completely invisible to MEG sensors, and the
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sensitivity of MEG is still greatly reduced for radial current in more realistic head

models (Jongh et al., 2005). MEG is also less sensitive to activity originating deeper

in the brain, as magnetic �eld strength drops off rapidly with distance from the

source.

The most commonly used MEG sensors, Superconducting Quantum Interference

Devices (SQuIDs), need to be held in a �xed sensor array where they can be cooled

by liquid helium. Subjects are required to remain completely still during scanning

to remain stationary relative to the sensors. A relatively new type of sensor, called

the Optically Pumped Magnetometer (OPM) has reduced these practical issues with

MEG, as these can operate at room temperature and can be placed directly on the

scalp (Boto et al., 2018). However, these are not yet widely used in MEG research.

All MEG data collection for studies in this thesis was performed using SQuIDs.

1.2 Source reconstruction

While MEG recordings can be directly analysed, in what is known as sensor space

analysis, this gives little information about the location of the underlying activity.

However, it is possible to estimate the distribution of current across the brain. This

is known as source localisation or source reconstruction.

1.2.1 The forward problem

Once the magnetic �elds have been measured across the surface of the head, the

next challenge is to convert the two dimensional �eld map into a three-dimensional

reconstruction of the activity within the brain. The �rst step to achieving this is to

calculate the expected �elds that would be measured for a current dipole of known

magnitude and location. This is known as solving the `forward problem'.

To spatially localise brain activity, it is necessary to model the expected magnetic

�eld measurements for current dipoles at many different locations in the brain. The

brain is split up into small volume elements, called voxels, which are usually a few

mm3 in size. By solving the forward problem for a current dipole within each voxel,

a matrix known as the `lead �eld', L, is obtained. Each row of the lead �eld matrix

contains the expected �eld strengths measured at each detector due to a unit current
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dipole within a different voxel. With small enough voxels, it can be assumed that

any �eld distribution at the sensors, due to current density distribution, Q, can be

modelled by a weighted sum of the �eld maps contained in the lead �eld, as written

in equation 1.1.

B(t) = LQ(t) (1.1)

The calculation of the �eld maps contained within the lead �eld depends on the

way in which the electromagnetic properties of the head are modelled. There are

many different ways of modelling the head, which vary in complexity. The sim-

plest methods model the head as a spherical conductor, which can be used to obtain

analytical solutions for the expected magnetic �elds. Other, more realistic methods

of modelling the head include the boundary-element method (BEM) and the �nite-

element method (FEM). BEM models the head as a series of two-dimensional sur-

faces that split up areas of different conductivity, usually using anatomical MRI data

to create realistic surfaces. FEM divides the head model using three-dimensional

shapes rather than surfaces, and so can be used to produce more complex models.

Magnetic �elds are almost unaffected by the media they pass through, and so a suf-

�ciently realistic magnetic forward model can be calculated based on a head model

composed of a single conductive compartment (Huang, Mosher, and Leahy, 1999).

Throughout this thesis, the magnetic forward model has been calculated using BEM

with a single-shell head model.

1.2.2 The inverse problem and beamforming

The inverse problem involves going backwards from the measured �eld distribu-

tion to the current density distribution in the brain, i.e. localising activity based on

MEG or EEG data. Ideally, we would solve the equation 1.2 to calculate the current

distribution from a given set of �eld measurements.

Q(t) = L � 1B(t) (1.2)

However, for any given �eld distribution, there are an in�nite number of possi-

ble current distributions, as magnetic �elds can cancel out if there are current sources



8 Chapter 1. Introduction

�owing in opposite directions. The result of this is that the lead �eld matrix is a sin-

gular matrix and so the inverse doesn't exist. Therefore, there is no perfect solution

to the inverse problem; it is said to be `ill-posed'. To produce a single estimation

of the current distribution across the brain, inverse solutions need to make realistic

assumptions about brain activity.

One popular method of source reconstruction, that has been used widely and

successfully in MEG research, is beamforming. Beamforming uses a spatial �lter to

minimise the total power calculated across the whole brain, while keeping the power

coming from the location of interest (Van Veen et al., 1997).

Firstly, the inverse of the lead �eld in equation 1.2 is replaced by an array of

weighting parameters, W. Equation 1.3 shows the inverse equation for one voxel, a,

used to obtain an estimate of the current density distribution, Q0

Q0(a, t) = w (a)B(t) (1.3)

The weights are de�ned by minimising the current density outside of voxel a, as

written in equation 1.4, where the lower case l denotes the lead �eld vector corre-

sponding to single voxel, a.

min
w

(Q02) subject tow (a) � l (a) = 1 (1.4)

The constraint w (a) � l (a) = 1 comes from the fact that the lead �eld is the model

of magnetic �eld or electric potential distribution due to unit current �ow at a. If

L is substituted into equation 1.3 instead of the vector containing the MEG mea-

surements, we should calculate a current �ow of 1A at a. Solving for w yields the

expression in equation 1.5.

w (a) =
C� 1l (a)

l T(a)C� 1l (a)
(1.5)

C is the matrix of covariance, which is a measure of the similarity between the

MEG measurements across sensors. The accuracy of the beamformer weights is de-

pendent on obtaining an accurate estimate of the covariance. The error in the covari-

ance matrix can be reduced by calculating the covariance based on the maximum

possible number of recorded samples (Brookes et al., 2008).
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Covariance matrices calculated from MEG data are often close to singular, which

can also lead to unreliability in the calculation of the weights. To counter this, beam-

formers can be regularised by replacing the covariance matrices with the regularised

covariance, Cr , as in equation 1.6.

Cr = C + mn2I (1.6)

n2I represents the noise covariance matrix, where n is the uncorrelated noise

power at the sensors and I denotes the identity matrix (Brookes et al., 2008). mis

the regularisation parameter, which is a tunable quantity. By increasing the regular-

isation parameter, the covariance matrix is more strongly affected by regularisation.

This results in smoother functional images that have higher SNR but reduced spatial

resolution. Throughout this thesis, the regularisation parameter was kept constant

at m= 0.05.

Vector beamforming

As shown in Figure 1.1, the magnetic �eld measurements at the sensors depend on

the orientation of the current. Therefore, the calculated lead �elds depend on the

orientation of the modelled current dipoles. A vector lead �eld, l vec, is calculated

by �nding the expected �eld strengths for a dipole in three orthogonal directions at

each voxel, a.

l vec(a) =

2

6
6
6
6
6
6
6
4

lx1 ly1 lz1

lx2 ly2 lz2

...

lxN lyN lzN

3

7
7
7
7
7
7
7
5

(1.7)

However, as the �elds produced by radial current sources are invisible to MEG,

the MEG sensors only measure a two-dimensional projection of the �elds generated

by the brain. Therefore, it makes no physical sense to include a magnetic lead �eld

with three dimensions. The weakest component must be removed, at each voxel,

to produce two-dimensional lead �elds. Equation 1.3 can then be solved twice to

estimate the components of current at each voxel along each remaining direction.
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This process can be used to estimate the magnitude and direction of the current

within each voxel, and is known as vector beamforming.

Scalar beamforming

Functional images with higher SNR and improved spatial resolution can be pro-

duced if the orientation of the current source within each voxel is accurately esti-

mated and used in the calculation of the lead �eld (Sekihara et al., 2004). Beam-

formers which use a single estimated current dipole orientation for which to model

the lead �elds for each voxel are known as scalar beamformers. For each voxel,

the most likely orientation of the dipole is estimated by �nding the direction along

which there is the highest variance in current. This can be found by obtaining an ini-

tial estimate of the source power using a vector lead �eld and then using principal

component analysis to �nd the orientation along which the source power exhibited

maximum variance (Brookes et al., 2008). Scalar lead �elds can then be calculated

by multiplying the vector lead �elds by the unit vector aligned with the estimated

orientation of the current within each voxel.

Normalisation

The SNR of beamformer images decreases with depth. This means that towards

the centre of the brain, functional images are often dominated by noise power which

overwhelms activity of interest (Vrba and Robinson, 2001). The beamformer weights

can be normalised to counteract this, for example by dividing the weights by their

vector norm (Cheyne et al., 2007).

Pros and cons of beamforming

There are a number of advantages of beamforming. It requires no a priori informa-

tion about the number of sources or their positions or orientations. The use of a spa-

tial �lter also serves to suppress outside noise (Vrba, 2002). The main limitation of

beamforming is that the algorithm assumes that activity at each location in the brain

is temporally uncorrelated. This means that activity occurring in perfect synchrony

at multiple areas of the brain will be suppressed by the beamformer algorithm.
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Another limitation of beamformer images, which is common to all inverse solu-

tion algorithms, is that the spatial resolution is fundamentally limited by the num-

ber of MEG sensors used (Singh, 2006). MEG studies will often estimate current at

thousands of locations in the brain. However, most MEG systems have only a few

hundred sensors. This produces an underdetermined system which limits the num-

ber of unique, uncorrelated activity timecourses which can be detected. This leads

to MEG functional images being `blurry', where activity originating from a single

location can be dispersed in an image. This phenomenon is known as source leak-

age. MEG functional images have a maximum spatial resolution of around a few

millimetres (Barratt et al., 2018).

1.3 Source analysis

Once the inverse problem has been solved, and the current distribution across the

brain has been estimated, the activity at each location can be analysed to interrogate

its spatio-temporal properties. This is known as source analysis, or source space

analysis (as opposed to sensor space analysis). This section brie�y introduces some

features of brain activity which have been previously investigated via MEG source

analysis and which have served as a starting point for the analysis methods devel-

oped in this thesis.

1.3.1 Virtual sensors

One common approach to source analysis is to start by reconstructing activity time-

courses at each location in the brain, which can be produced at the same temporal

resolution as the recorded data. These are often referred to as `virtual sensor' time-

courses as they give an estimate of what would be recorded by an MEG sensor im-

planted at that location. The generation of these is a necessary step for many analysis

methods.

1.3.2 Oscillations

Oscillatory activity has been observed in the brain since the earliest EEG recordings

(Berger, 1929). Oscillations compose some of the most prominent features in EEG
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and MEG data and thus have been the subject of much research. It has been found

that activity within different frequency ranges is associated with different aspects of

brain function, levels of arousal and disease states. Therefore, oscillatory activity is

often considered in terms of discrete frequency bands. There are no �xed bound-

aries to these frequency bands, but previous studies have generally split oscillatory

activity in the 1-100Hz range roughly into the following bands: the delta band (1-

4Hz), the theta band (3-8Hz), the alpha band (8-13Hz), the beta band (13-30Hz) and

gamma band oscillations (>30Hz). A full discussion of the functional role of oscil-

lations will not be covered here. However, one purpose of oscillations that is of

relevance to this thesis is that the synchronisation of oscillatory activity is thought

to provide a mechanism for the communication between brain regions (Fries, 2005).

1.3.3 Neural `irregularity'

Information theory states that periodic activity, such as oscillations, are low in in-

formation content, whereas the most information is encoded in completely random

(white) noise, as this is entirely unpredictable (Shannon, 1948). The amount of infor-

mation carried by a signal can be quanti�ed using measures of signal entropy. More

`irregular', high entropy signals are less predictable and therefore carry more infor-

mation, whereas more regular, low entropy signals are more predictable and carry

less information.

The irregular, constantly �uctuating activity present in the brain even when it

is supposedly `at rest' is less often studied than oscillatory signals and is often dis-

missed as neural `noise'. However, recent research suggests that irregular activ-

ity is crucial for the brain to process information (Deco, Jirsa, and McIntosh, 2011;

Protzner et al., 2010; Takahashi, 2013; Garrett et al., 2013). It has been shown that

neural irregularity changes throughout the lifespan (McIntosh et al., 2014), and is al-

tered in patient groups. Activity that is either too regular or too variable is associated

with disorder (Protzner et al., 2010; Takahashi, 2013; Brookes et al., 2015; Ghanbari

et al., 2015).

While the physiological role of irregularity in the brain is not certain, it is possible

that it is related to levels of synchronisation between cortical regions, i.e. connectiv-

ity. The synchronisation of oscillatory activity, which is highly regular, is currently
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the most promising mechanism for connectivity between brain regions (Schnitzler

and Gross, 2005; Fries, 2005; Donner and Siegel, 2011; Brookes et al., 2011a; Hille-

brand et al., 2012; Tewarie et al., 2019). In contrast, it is thought that local information

processing performed within segregated brain regions is associated with signals that

contain high levels of information and therefore are more irregular (Tononi, Sporns,

and Edelman, 1994; Friston, Tononi, and Edelman, 1996). However, recent studies

have hinted at a more complex role of irregularity in the brain. Links have been

found between the functional connectivity and signal complexity exhibited by a re-

gion (Wang et al., 2018; Ghanbari et al., 2015), but the direction of the relationship

has been found to depend on the time scale over which the complexity was cal-

culated. It has been suggested that complexity at high frequencies is more associ-

ated with local processing, whereas complexity at low frequencies is associated with

more distributed processing between brain regions (Vakorin, Lippe, and McIntosh,

2011; McIntosh et al., 2014; Wang et al., 2018).

The `irregularity' of a signal can be quanti�ed using measures of entropy. There

are many methods which have been proposed for measuring the entropy of neu-

ronal signals (Garrett et al., 2013). However, the majority of these measure entropy

over long signal epochs. In contrast, rank-vector entropy (RVE) can show how the

entropy of an activity timecourse changes over time (Robinson et al., 2013), giving

timecourses with the same temporal resolution as the original signal. RVE has been

shown to distinguish the activity of schizophrenia patients from healthy controls,

and to give complementary information to that given by measures of oscillatory

activity (Brookes et al., 2015). RVE therefore shows promise as a measure for investi-

gating neuronal irregularity that can take advantage of the high temporal resolution

of MEG data.

1.3.4 Complexity

Entropy measures are maximal for completely unpredictable, random signals (i.e.

white noise). However, the complexity of brain activity emerges from the interplay

between the information processing performed by segregated brain regions and the

integration between these brain regions (Tononi, Sporns, and Edelman, 1994). There

are a number of measures which have been developed to quantify signal complexity
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(Tononi, Sporns, and Edelman, 1994; Costa, Goldberger, and Peng, 2005). Such mea-

sures show low complexity for completely regular or completely random signals,

whereas higher complexity is associated with signals that contain `meaningful struc-

tural richness' (Grassberger, 1991). For example, Multi-Scale Entropy (MSE) exhibits

higher complexity values for signals with a 1/f power spectrum, which exhibit com-

plex structures across a range of time scales, compared to white noise time-courses

(Costa, Goldberger, and Peng, 2005).

Confusingly, the term complexity has also been used to refer to different quan-

tities related to signal entropy, including RVE. The justi�cation for this is that RVE

measures temporal �uctuations in the rate of information within a signal, rather than

the information contained within a whole signal (Robinson et al., 2013). However, in

contrast with the previously mentioned complexity measures, RVE increases mono-

tonically with the level of randomness in a signal. Therefore, to avoid confusion, the

term `irregularity' has been used throughout this thesis to refer to levels of neuronal

RVE.

1.3.5 Resting state functional connectivity

While the brain consists of regions that are specialised for speci�c functions, com-

munication of information between these brain regions is fundamental to cognition.

This communication is often investigated in terms of functional connectivity, which

refers to �nding the statistical dependence between activity in spatially separate

brain regions. One area of research that is growing in popularity is concerned with

the brain networks that are active even while participants are at rest (Heuvel and

Pol, 2010). One resting state network, known as the default mode network (DMN),

has even been shown to be more active when participants are at rest compared to

during a task (Raichle et al., 2001). Alterations in resting state networks have been

found in a variety of mental disorders, including epilepsy (Koelewijn et al., 2015),

autism spectrum disorder (Hull et al., 2017; Fan et al., 2018), schizophrenia (Friston

et al., 2016), Alzheimer's disease (Stam et al., 2006) and others. The ability to investi-

gate brain function using resting state data is ideal as the experiments are simple to

set up and perform, and so are suitable for all participant groups, including children

and patient groups.
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Research on resting state functional connectivity began with PET and fMRI stud-

ies. However, in recent years, MEG has been used to investigate the electrophysio-

logical activity underlying the network communication. MEG studies have detected

functional connectivity that show high similarity to those found in fMRI studies by

measuring the synchronisation of oscillatory activity (Brookes et al., 2011a; Hille-

brand et al., 2012). One popular functional connectivity measure that has measured

network connectivity with the highest level of consistency between healthy partic-

ipants is oscillatory amplitude envelope correlation (AEC) (Brookes et al., 2011a;

Hipp et al., 2013). This method de�nes functional connectivity as the synchronisa-

tion of amplitude �uctuations of oscillatory activity in discrete frequency bands. It

has been used to detect alterations in network connectivity in a variety of patient

groups (Andreou et al., 2015; Koelewijn et al., 2015; Koelewijn et al., 2019; Dima et

al., 2020).

1.4 Multi-modal imaging

While most functional imaging research is carried out using a single imaging tech-

nique, often the combination of different modalities can provide complementary in-

formation due to their different relative sensitivities.

1.4.1 MEG and fMRI

Blood Oxygen Level Dependent functional Magnetic Resonance Imaging, or BOLD

fMRI, is an alternative non-invasive method of measuring brain activity. It works by

measuring an increase in the oxygen level present in the blood surrounding areas of

active cortex (Ogawa et al., 1992). It is a highly popular functional imaging technique

due to its excellent spatial resolution (approximately 1mm). However, it lacks the

temporal resolution of MEG and EEG as the haemodynamic response is an indirect

and delayed effect of neuronal activity.

A limitation of fMRI research is that the coupling between neuronal activity and

the resulting BOLD response is complex and still not fully understood (Singh, 2012;
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Hall et al., 2014). Therefore, the understanding that can be gained from fMRI func-

tional images is currently limited. Unfortunately, MEG and fMRI cannot be mea-

sured simultaneously, but studies implementing the same task during MEG and

fMRI scans have begun to elucidate the neurovascular relationship (Hall et al., 2014).

Some studies have found spatial overlap between task-related oscillatory power

changes and BOLD activation. An increase in BOLD signal was found to be as-

sociated with a desynchronisation of oscillations in the alpha and beta frequency

bands, leading to decreased power in these bands, but a synchronisation at higher,

gamma band frequencies (Singh et al., 2002; Moradi et al., 2003; Brookes et al., 2005).

In studies investigating the temporal correlation between BOLD timecourses and os-

cillatory power envelopes, negative correlation has been observed with power in the

alpha and beta bands, whereas positive correlation has been observed with gamma

band power (Mukamel et al., 2005; Zumer et al., 2010; Conner et al., 2011). How-

ever, other studies have found inconsistencies in these relationships. For example, it

has been found that gamma amplitude increases in the visual cortex vary with cer-

tain properties of a visual stimulus, such as spatial frequency and colour, whereas

the BOLD response does not (Muthukumaraswamy and Singh, 2008; Muthuku-

maraswamy and Singh, 2009; Swettenham, Muthukumaraswamy, and Singh, 2013).

These �ndings indicate that the coupling between the BOLD signal and underlying

neuronal activity is complex and that measures of oscillatory activity alone may not

be suf�cient to describe the relationship.

1.4.2 MEG and EEG

Electroencephalography (EEG) (Berger, 1929) is the measurement of the electrical

potentials generated by neuronal activity. Both EEG and MEG signals are mostly

generated by postsynaptic potentials in pyramidal neurons. However, whereas MEG

signals are generated by ionic current within neurons, the electric potentials detected

by EEG are generated when ions exit neurons into the `extracellular milieu'. When

lots of ions of the same charge enter into the extracellular milieu together, the re-

sulting electric potential may conduct to the scalp. This process is known as volume

conduction. If an EEG electrode is in contact with the scalp nearby, a change in the

potential difference between the electrode and a reference electrode may be detected.
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While the same underlying neuronal activity is the source of both EEG and MEG

signals, there are differences between the properties of the magnetic �elds and elec-

tric potentials measured at the scalp. MEG can achieve better spatial resolution than

EEG as electric potential measurements at the scalp are distorted due to the inhomo-

geneous conductivity of the head, whereas magnetic �elds are relatively unaffected

(Baillet, 2017). Therefore, EEG is rarely measured in MEG studies. However, EEG

has the potential to provide complementary information beyond that available from

MEG alone. For example, while MEG is insensitive to radial sources, EEG is most

sensitive to radial sources and least sensitive to those parallel to the scalp. EEG also

has greater sensitivity to deeper sources (Jongh et al., 2005). It has been found in

many previous studies that source reconstruction using combined MEG and EEG,

or MEEG, can give improved localisation accuracy than either modality alone (Dale

and Sereno, 1993; Fuchs et al., 1998; Baillet et al., 1999; Ko and Jun, 2010; Babiloni et

al., 2001; Liu, Dale, and Belliveau, 2002; Sharon et al., 2007; Henson, Mouchlianitis,

and Friston, 2009; Hong et al., 2013; Aydin et al., 2015; Chowdhury et al., 2015). A

more detailed discussion of the potential complementarity of MEG and EEG is given

in chapter 6.

1.5 Thesis overview

In chapter 2, Rank-Vector Entropy (RVE) is used to measure the variability of sim-

ulated pink noise and real resting state MEG data. The tunable parameters of the

measure are optimised to maximise temporal resolution and the correlation between

RVE and oscillatory amplitude. In chapter 3, the relationship between neuronal

activity and the associated haemodynamic response is investigated by relating the

RVE of MEG signals to the BOLD response. In chapter 4, Multi-scale rank-vector en-

tropy (MRVE) correlation is introduced as a novel method of measuring functional

connectivity. This is then used to detect resting state connectivity in healthy partici-

pants that are consistently strong across participants and that vary across temporal

scale. In chapter 5, MRVE correlation is used to investigate functional connectiv-

ity alterations in patients that are at genetic risk of developing neurodevelopmental

disorders, such as schizophrenia. The effects of removing eye movement artefacts
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on the resulting connectivity measurements are also examined. In chapter 6, an at-

tempt is made to improve upon the depth sensitivity of MEG by performing source

reconstruction using simultaneous MEG and EEG, with the aim of localising activity

within the medial temporal lobe (MTL).
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Chapter 2

Optimising neuronal irregularity

measures

In recent years, a growing number of studies have found alterations in the `irregu-

larity' of brain activity associated with disease, aging, and cognitive tasks (Garrett et

al., 2013). However, there has been no investigation of how to optimise irregularity

measures to utilise the excellent temporal resolution of MEG data. Rank-vector en-

tropy (RVE) was developed by Robinson et al., 2013 to observe the spatio-temporal

dynamics of neuronal signal irregularity, and can be used to calculate irregularity

timecourses that retain the temporal resolution of MEG data. In this chapter, the

RVE of simulated pink noise and resting state MEG data was calculated while vary-

ing two of the method's tunable parameters: the decay time constant, t , and the slid-

ing window length, W. It was found that altering these parameters affected the SNR

and temporal resolution of the resulting RVE timecourses. A biphasic relationship

was also found between RVE and oscillatory amplitude of MEG signals across all

parameter sets. Negative correlation was found with lower frequency bands (delta-

beta), which was strongest with beta band amplitude. In contrast, a positive correla-

tion was found between RVE and gamma band amplitude. The choice of parameter

set was found to affect the strength of these relationships, and optimal parameter

sets were identi�ed that gave the strongest positive ( t =0.04s,W=4) and negative

(t =0.06s,W=5) relationships between RVE and oscillatory amplitude.
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2.1 Introduction

As the electric and magnetic �elds generated by individual neurons are extremely

weak, much of MEG and EEG signal analysis concentrates on activity that is syn-

chronised across large neuron populations, such as low frequency oscillatory activ-

ity. This synchronised activity produces signals that are strong enough to detect

at the scalp due to the constructive interference of the generated �elds. However,

considering only this high amplitude activity offers an incomplete view of brain

function. The other, less studied aspect of MEG and EEG signals is the constantly

�uctuating, seemingly `random' activity present even when the brain is supposedly

at rest. These signal components consist of a superposition of many lower power

signals generated by smaller neuron groups acting independently. Such complex

signals are often dismissed as neural noise but this irregularity is thought to be vital

for healthy brain function (Deco, Jirsa, and McIntosh, 2011; Garrett et al., 2013). It

has been shown that neural irregularity changes throughout the lifespan (McIntosh

et al., 2014; Shumbayawonda et al., 2019), and is altered in patient groups, where

activity that is either too regular or too variable is associated with mental health and

neurological disorders (Protzner et al., 2010; Mizuno et al., 2010; Catarino et al., 2011;

Takahashi, 2013; Brookes et al., 2015; Ghanbari et al., 2015; Monge et al., 2015; Bosl,

Loddenkemper, and Nelson, 2017; Hall, 2017).

Entropy can quantify the irregularity of a signal by giving a measure of its `un-

predictability'. More irregular signals have larger entropy whereas more rhythmic

signals, such as oscillations, have lower entropy. There are many possible ways of

estimating signal entropy (Garrett et al., 2013). However, few of these can take ad-

vantage of the good spatial and excellent temporal resolution of MEG functional im-

ages (Robinson et al., 2013). In many EEG and MEG studies of neuronal irregularity,

entropy has only been calculated at the sensor level, limiting the spatial information

that can be gained. Entropy is also often only calculated over long signal epochs,

giving no information about �uctuations in entropy over shorter time scales. One

measure which was designed to capture the spatio-temporal properties of irregu-

larity in the brain is Rank-Vector Entropy (RVE) (Robinson et al., 2013). RVE is a

derivative of Shannon entropy (Shannon, 1948) that has a built-in ability to provide
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a dynamic time-course of signal entropy, retaining the signal's original temporal

resolution. It is also computationally ef�cient, is calculated from broadband activity

time-courses, and is independent of signal amplitude (Robinson et al., 2013).

Recent studies have begun to show that RVE can provide insight into brain ac-

tivity in health and disease, beyond what can be learned from more conventional

measures. In healthy participants, Robinson et al., 2013 found that the evoked re-

sponse after a frequent auditory stimulus was associated with a decrease in RVE.

An increase in RVE was also detected after hearing rare stimuli, which began after

the evoked response and persisted after any observed changes in spectral power.

Brookes et al., 2015 investigated the relationship between RVE and oscillatory activ-

ity further, and found a biphasic relationship between RVE and oscillatory ampli-

tude at three locations in the brain, where entropy correlated negatively with low

frequency amplitude ( . 50Hz), but positively with the amplitude of gamma band

activity ( & 50Hz). RVE has also been shown to detect transient increases in the en-

tropy of brain activity in schizophrenia patients during tasks, compared to healthy

controls (Brookes et al., 2015). The measure was also found to be sensitive to reduc-

tions in entropy due to epileptiform activity (Hall, 2017).

An additional bene�t of RVE, compared to other entropy measures, is the low

number of tunable parameters that must be chosen (Robinson et al., 2013). How-

ever, there are several quantities that can be tuned to alter the properties of calcu-

lated RVE time-courses, such as the temporal resolution and the length of the slid-

ing window used in the calculations. No investigation has yet been made into the

effects of varying these parameters, and so it is unclear whether there are parameter

choices that would optimise the ability of RVE to detect changes in neuronal irreg-

ularity. In this study, a range of values for each parameter were used to calculate

the RVE of simulated pink noise, and the effects of varying these parameters on the

resulting entropy time-courses were assessed. The RVE of resting state MEG virtual

sensor time-courses was then calculated to further investigate the relationship be-

tween RVE and oscillatory amplitude across frequency bands. It was investigated

whether the biphasic relationship found previously (Brookes et al., 2015) could be

replicated and how this varies spatially across the brain. The effect of parameter
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FIGURE 2.1: A) An example signal composed of sinusoidal and white noise components
and the resultant RVE time-course. B) Illustration of an example rank-vector calculation. A
sliding window of W = 5 points is taken, each separated by lagx = 2. These are then sorted
in size, and converted to their original position in the window. C) An example rank-vector
frequency distribution with a bin corresponding to each possible rank-vector. The left plot
shows the distribution used to calculate the entropy at a time point at which the signal state
is de�ned by rank-vector (2,5,3,4,1). The right plot illustrates the `leaky integrator' which
is applied before moving on to the next time point to introduce temporal resolution to the
RVE measure. The distribution is multiplied by the constant factor, a, to reduce the effects

of states previously observed in the signal on future entropy calculations.

choice on the relationship between entropy and oscillatory amplitude was also ex-

amined. The `optimal' set of values was then sought empirically both to maximise

temporal resolution of the entropy time-courses, and to give the strongest relation-

ship between RVE and oscillatory amplitude.

2.2 Methods

2.2.1 RVE

Method

The RVE method was �rst described by (Robinson et al., 2013). At each time point

in a signal, t, a window of W points is taken. Each is separated by a lag,x, where fs

represents the sample rate, and fc is the lowpass frequency applied to the data.

x =
fs

2fc
(2.1)
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Therefore, the values taken to form each sliding window may be sampled at a

lower frequency than the signal sample rate. For example, with a sampling fre-

quency of fs = 600Hz and a lowpass frequency of fc = 150Hz, the sliding window

values would be separated by a lag of x = 2. The lag would increase to x = 4 when

data are recorded at a sample frequency of fs = 1200Hz but �ltered at the same

lowpass frequency. This lag is introduced to avoid oversampling the signal. Any

signal can be sampled at the Nyquist rate of 2 fc without any loss of the information

contained within the signal (Robinson et al., 2013). Sampling at a higher frequency

than this would lead to sampling at a higher frequency than any signal components

containing information, which can arti�cially lower the calculated entropy values.

The W points of the sliding window are ordered in size, and then converted to

the position they originally held in the window. This is the `rank-vector' associated

with this time point, and is illustrated graphically in Figure 2.1b.

In a histogram showing the frequency distribution of all W! possible rank-vector

states, the frequency of the bin associated with the calculated rank-vector is in-

creased by one. The state probability distribution, P, is calculated by dividing the

histogram by the sum of the frequencies over all bins. This can then be used to

calculate the Shannon entropy, H, at this time point using equation 2.2 (Shannon,

1948).

H (t) =
1

ln(W!)
(� P(t) � ln(P(t))) (2.2)

The multiplication by the constant k = 1
ln(W!) constrains the possible RVE values

to the range of 0-1. Lower entropy values are obtained when the probability dis-

tribution shows bias towards a smaller number of states, indicating that there are

patterns in the signal that occur relatively more frequently, and thus that the signal

is less `random' and more predictable.

Before the entropy calculation for the next time point is carried out, the frequency

distribution is multiplied by constant factor a, where t is the decay time constant.

a = e� 1/ t fs (2.3)

This `leaky integrator' is introduced so that RVE has a limited `memory' of the
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signal patterns that occurred previously in the signal, which allows RVE to detect

changes in entropy over time. Without it, RVE calculations at each time point would

represent the cumulative entropy over the signal up to that time point.

During this thesis, the W points were taken going forward in time from sample t.

However, the position of the sliding window, relative to sample t, can be varied. For

example, for real time signal analysis it may be desirable to de�ne the sliding win-

dow going backwards in time from the most recent sample. However, this would

not affect the resulting RVE time-course, except for introducing a slight temporal

shift.

Parameter selection

The value chosen for the decay time constant, t , determines the sensitivity of the

RVE measure to fast changes in signal irregularity. As a will decrease with t , the

effect of states found at previous time points will drop off more quickly with time

when a smaller decay time constant is used. Thus, a smaller window of the signal be-

fore a given time point will have a signi�cant effect on the entropy value calculated.

The result of this is that the RVE measure will respond more quickly to changes in

signal irregularity.

The sliding window length, W, determines the number of states that RVE can

distinguish between. A longer window length will mean that there are more possible

rank-vectors (the total number possible is W!) so the RVE measure will have higher

`state resolution'. However, this also means that the state frequency histogram is

larger and will take longer to populate. Therefore, larger values of W require the use

of larger decay time constants, and so temporal resolution will suffer. Using a longer

window also increases the computation time as each rank-vector must be compared

to more possible states to �nd its corresponding histogram bin.

2.2.2 Data and analysis

MEG data acquisition

Resting state MEG data were collected as part of the `100 Brains' UK MEG Part-

nership project using a whole head 275-channel CTF axial gradiometer system. An

additional 29 reference channels were recorded for noise cancellation purposes and
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the primary sensors were analysed as synthetic third-order gradiometers (Vrba and

Robinson, 2001). Subjects were seated upright in the magnetically shielded room

with their head supported with a chin rest to minimize movement. Head locali-

sation was performed at the beginning and end of each scan, using three �ducial

markers attached to the nasion and the right and left preauricular sites.

Five-minute MEG scans were performed for 183 participants at a sample rate of

1200Hz. Inclusion criteria ensured all participants were aged 18-65, had completed

or were undertaking a degree, had normal or corrected-to-normal vision, and had no

history of neurological or neuropsychiatric disorder. Handedness was not used as

an exclusion criterion. Handedness data were collected for 95 subjects in the cohort,

94 of whom were right handed. Subjects had been asked to rest and �xate their eyes

on a central red �xation point, presented on either a CRT monitor or LCD projector.

Structural T1-weighted MRI scans were also acquired for each participant using a

3T General Electric or Siemens MRI scanner with a 1mm isotropic FSPGR/MPRAGE

pulse sequence. Co-registration was performed manually between the MEG and

MRI coordinate spaces; the �ducial locations were kept �xed relative to each par-

ticipant's nasion, left and right ears and so could then be identi�ed and marked on

their MRI scan.

Pre-processing and analysis

A 4th order two pass bandpass �lter of 1-150Hz was applied to the MEG data, before

downsampling to 600Hz, using the CTF `newDs' function. Datasets were cut into 2

second epochs, which were each visually inspected and removed if they contained

any major artefacts. No bandstop �lter was used to remove 50Hz mains noise as the

gradiometers and the beamformer spatial �lter both suppress noise from sources

which are at a large distance from the head.

To perform analysis in source space, MEG virtual sensor timecourses were ob-

tained using a scalar LCMV beamformer (Van Veen et al., 1997) using FieldTrip

(Oostenveld et al., 2011). Voxel locations were de�ned in MNI152 template space

(Fonov et al., 2009) on a 6mm3 grid. These coordinates were then transformed to �t

each participant's anatomical MRI. Thus, the voxel locations used for each partici-

pant were in the same location in template space. Lead �elds were calculated using
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a `localspheres' head model, which models the head as a set of overlapping spheres

(Huang, Mosher, and Leahy, 1999).

A bandpass �lter was used to �lter the data into eleven frequency bands (1-4,

3-8, 8-13, 13-30, 40-60, 60-80, 80-100, 100-120, 120-140, 140-160 and 60-140Hz). Co-

variance matrices were obtained using the narrow band data in each of these fre-

quency bands, as well as using the broadband pre-processed data �ltered between

1-150Hz. For all frequency bands, beamformer weights were normalised using the

vector norm (Hillebrand et al., 2012). The virtual sensor current timecourses, con-

catenated over all epochs, were then calculated at each voxel for each frequency

band.

RVE time-courses were calculated from the broadband, 1-150Hz current time-

courses using a range of values for t and W. Oscillatory amplitude envelopes were

calculated using the timecourses for each of the ten narrower frequency bands by

taking the absolute magnitude of the analytic signal using the `hilbert' MATLAB

function. The RVE time-courses and oscillatory amplitude envelopes were then

downsampled to 2Hz, as it has been found previously that the synchronisation of

oscillatory amplitude envelopes can be observed over slow time scales (Brookes et

al., 2011a).

For each subject, oscillatory frequency band and set of RVE parameters, the Pear-

son correlation between the RVE and oscillatory amplitude envelopes was found at

each voxel, and was converted to a z-score using the Fisher transform. To determine

whether each correlation was signi�cant, the 95% con�dence interval of the z-scores

was found across participants, at each voxel, using the `tinv' MATLAB function.

Voxels at which this interval did not span zero were taken to exhibit a signi�cant re-

lationship. The average z-score was taken at all voxels where this was the case and

transformed back to a Pearson correlation coef�cient.

Simulated data

MEG data was simulated by generating signals of pink noise, which are noise signals

that exhibit a 1/f relationship on a power spectrum. This is similar to the spectrum

of `background' MEG data in the absence of peaks due to high amplitude oscillatory

activity. Pink noise signals were simulated using the `pinknoise' MATLAB function.
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Signals were assigned a sample rate of 600Hz in accordance with the real MEG data

and were �ltered with a 1-150Hz bandpass �lter. No downsampling was performed

on the pink noise signals as the 1/f relationship is observed independently of sample

rate (i.e. the signals are scale free).

2.3 Results

2.3.1 Optimising the temporal resolution of RVE on simulated data

First, the RVE of simulated pink noise was calculated to investigate how the choice

of tunable parameters would affect the properties of the calculated irregularity time-

courses. Optimal parameter combinations were then found by �nding the value of t

which maximised the temporal information content of the RVE timecourses for each

value of W.

Figure 2.2 shows an example pink noise signal and the corresponding RVE time-

courses calculated using an array of values for t and W. It can be seen that increasing

W, for a given value of t , gives entropy time-courses with a lower mean value, and

lower amplitude of �uctuations around the mean. On the other hand, decreasing t

was found to decrease the mean entropy value, but increase the amplitude of �uc-

tuations around this mean value. It was also found to decrease the amount of time

taken for the algorithm to `warm up', indicating higher temporal resolution. How-

ever, using the lowest t value with the longer window lengths led to a loss of the

shape of the waveform.

To optimise the RVE parameters for temporal resolution, the lower limit on the

decay time constant was found that can be used with each W that still retains the

entropy waveform. As a lower value of t also increases the amplitude of entropy

�uctuations, the lowest t that will give an accurate measure of the entropy should

give the RVE time-course with the maximum variance. Figure 2.2c shows the stan-

dard deviation of the RVE of pink noise signals, calculated using a range of values

for t for each window length, W. For each combination of parameters, RVE was

found for 100 pink noise signals with a length of 20000 samples. Standard devi-

ation was calculated using the second half of each RVE time-course, to avoid the

`warm up' period, and average values were taken across the 100 iterations. For each
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FIGURE 2.2: A) An example pink noise signal with the average Fourier spectrum, where the
error band shows the standard deviation. B) The corresponding RVE time-courses calculated
using a range of decay time constants, t , and sliding window lengths, W. C) The mean
standard deviation of the RVE of 100 pink noise signals, with the peak for each value of W

marked by a black star. The corresponding t values are given in the table.
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window length, an optimal value for the decay time constant, t o, was found that

maximised the standard deviation of the RVE time-courses. These values are given

in Figure 2.2c.

2.3.2 Optimising the relationship between RVE and MEG oscillatory am-

plitude

It was then investigated how RVE relates to oscillatory amplitude envelopes calcu-

lated from real MEG data to determine how irregularity relates to more classical

measures of oscillatory activity. The effects of varying the RVE parameters were also

assessed, and optimal parameter sets were found that maximised the strength of the

relationship with amplitude in each frequency band.

The relationships between RVE and oscillatory amplitude in each frequency band

were found for a range of values of t and W. It was found that using a sliding win-

dow length of W = 6 was highly computationally expensive so a maximum value

of W = 5 was included in the analysis.

Figure 2.3 indicates the combination of parameters for each frequency band that

gives the strongest correlation anywhere in the brain. For all parameter sets, am-

plitude in lower frequency bands negatively correlates with entropy (<60Hz) and

higher frequency band amplitude positively correlates (>60Hz). The strongest neg-

ative correlation was consistently found with beta band amplitude, whereas the

strongest positive correlation was found with amplitude in the wide, 60-140Hz gamma

band. Across the narrow gamma bands, the strongest positive correlation was found

with 100-120Hz band amplitude.

However, the strength of the correlations varied with different parameter sets.

For the �ve lowest frequency bands, the parameter set that maximised the absolute

correlation was consistent: t = 0.06 and W = 5. The optimal parameter sets for

correlation with the gamma frequency bands (>60Hz) varied. It can be seen in Fig-

ure 2.4 that for many parameter combinations there is a frontal peak in correlation

between RVE and gamma band oscillatory amplitude, but that this is not visible for

all parameter sets. This suggests that the choice of RVE parameters should depend

on the frequency of activity of interest.
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FIGURE 2.3: Optimising the relationship between RVE and oscillatory amplitude. The
colour plots show the strongest correlation values obtained between RVE and oscillatory
amplitude for each combination of RVE parameters, t and W, taken from the voxel of maxi-
mum absolute mean correlation across subjects for each parameter set and frequency band.
White asterisks indicate the parameter set that yielded the strongest correlation for each
frequency band, and grey indicates an inappropriate parameter combination (gave an insuf-

�ciently populated state frequency distribution).
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FIGURE 2.4: The correlation between RVE and oscillatory amplitude in the beta band (left)
and 100-120Hz gamma band (right), for a range of RVE parameter combinations. Pearson
correlation coef�cients are displayed on a template brain as indicated by the colour bar.
Warmer colours indicate positive correlation and cooler colours indicate negative correla-

tion.
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FIGURE 2.5: Correlation between RVE and oscillatory amplitude. RVE parameters chosen
to give maximal correlation for each frequency band. Warmer colours indicate positive cor-
relation and negative correlation is represented by cooler colours. Voxels are indicated that
showed strongest negative correlation with beta band amplitude and the strongest positive

correlation with 100-120Hz gamma band amplitude.
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FIGURE 2.6: Average correlation between RVE and oscillatory amplitude as a function of
frequency at the voxels of peak mean correlation with beta and 100-120Hz amplitude. RVE
parameters chosen to give maximal correlation for each frequency band. Error bands show

the standard error on the mean across participants.

Figure 2.5 shows the relationship between RVE and oscillatory amplitude in each

frequency band during the resting state, using the parameter set that maximises

the correlation strength with amplitude for each frequency. The strongest negative

correlation values are found between RVE and beta band amplitude bilaterally in

the primary motor cortex and superior parietal lobe, and in the right precuneus.

The strongest positive correlation was found in the middle temporal gyrus between

RVE and amplitude in the wide gamma, 60-140Hz band. The strongest positive

correlation with 100-120Hz band amplitude was found in the right superior and left

middle frontal gyri.

Figure 2.6 shows the relationships between RVE and oscillatory amplitude at the

voxels of peak negative and positive correlation (marked on Figure 2.5). The same

general shape of the biphasic relationship as found by (Brookes et al., 2015) can be

seen at both voxels. However, at the voxel where negative correlation is strongest,

the positive correlation with gamma band amplitude is relatively weak. The reverse

is true at the voxel of peak positive correlation with 100-120Hz amplitude, where the

negative correlation with beta band amplitude is weaker.
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2.4 Discussion

In this study it was found that the amplitude, waveform and temporal resolution of

RVE time-courses are dependent on the chosen parameter values of the decay time

constant, t , and sliding window length, W.

By examining the RVE of simulated pink noise, it was found that reducing the

value of t increased the temporal resolution of the resulting entropy timecourse.

However, for each value of W, reducing t below a critical value resulted in a loss of

the waveform. This critical value was smaller for shorter window lengths, suggest-

ing that to maximise the temporal resolution of the calculated RVE, the smallest pos-

sible values of W and t should be selected that will maintain the waveform ( W = 3,

t = 0.002s). However, these smaller parameter values also gave RVE timecourses

with high amplitude �uctuations, indicating that entropy calculations using these

parameter values would be more sensitive to noise. These results suggest that the

selection of RVE parameters should be based on the desired properties of the entropy

timecourses, and that the values of t and W should be chosen in combination.

The irregularity of resting state MEG data was then investigated, and a consistent

biphasic relationship between RVE and oscillatory amplitude was found across all

parameter sets. RVE was found to show strong negative correlation with oscillatory

amplitude below 60Hz, particularly with the alpha and beta bands, and to corre-

late positively with gamma band amplitude. The direction of the relationship with

each frequency band was also found to be consistent across the brain. This replicates

the �ndings of Brookes et al., 2015 where the correlation between RVE and oscilla-

tory amplitude was investigated during tasks. The strong negative relationship with

alpha and beta band amplitude is potentially unsurprising as oscillatory synchroni-

sation in these frequency bands have been suggested as a mechanism underlying

resting state connectivity (Engel and Fries, 2010; Brookes et al., 2011a; Hillebrand

et al., 2012). In contrast, an increase in entropy is thought to indicate an increase in

local cortical processing (Tononi, Sporns, and Edelman, 1994; Friston, Tononi, and

Edelman, 1996; Brookes et al., 2015). This suggests that oscillatory activity and irreg-

ularity measures, when used together, could give complementary views of cortical

integration and segregation, respectively. Subsequent chapters will investigate the
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extent to which alterations in RVE are driven by oscillations and whether RVE can

provide new information beyond that given by measures of oscillatory amplitude.

The strength of the relationship between RVE and oscillatory amplitude in each

frequency band was found to vary spatially. By observing the areas of strongest

correlation in Figures 2.4 and 2.5, it seems that the spatial distribution of the corre-

lation values may have been partly driven by the signal strength in each frequency

band. The strongest negative relationships with alpha and beta band amplitude

were observed towards the back of the brain in the sensorimotor cortex, parietal

lobe and visual cortex, consistently across parameter choices. These areas have been

previously shown to exhibit high alpha and beta band power during the resting

state (Hillebrand et al., 2012). Also, for certain parameter combinations, a peak in

correlation between RVE and narrow-band gamma amplitude was observed in the

prefrontal cortex, which was strongest for 100-120Hz amplitude. It is known that

areas of the default mode network, including the medial prefrontal cortex, show in-

creased gamma band power during rest compared to that measured during tasks

(Miller, Weaver, and Ojemann, 2009; Ossandon et al., 2011). This may suggest that,

for frequency bands up to the beta band, high resting state power is associated with

signal regularity, whereas higher resting state gamma band power is associated with

higher signal entropy.

The strongest positive relationship was observed between RVE and amplitude

in the wide, 60-140Hz gamma band. This suggests that RVE may more closely rep-

resent the sum of gamma activity across a wide bandwidth than the activity in a

particular narrow frequency band. However, the stronger relationship may also be

observed because activity in the gamma band generally has lower SNR, due to the

1/f power spectrum of neuronal activity. By describing the high frequency activity

across a wider range using one amplitude envelope, this may combine information

from the activity in the narrower bands and thus increase SNR. While the correlation

values are higher between RVE and broadband gamma, there is also a loss of the spa-

tial variation in the correlation values that can be seen between RVE and amplitude

in the narrow gamma bands. For example, the medial prefrontal peak in correlation

that was observed between RVE and narrow band gamma amplitude can't be seen in



36 Chapter 2. Optimising neuronal irregularity measures

the wide-band correlation map. This suggests that wide gamma bands may be use-

ful in maximising SNR, but that narrow gamma bands contain distinct information

about brain activity, and so it may be bene�cial to examine them individually.

The lower limits on t that were established by the simulation test generally

agreed with the parameter combinations that were found to be appropriate for cal-

culating RVE of MEG data, i.e. those that maintained a populated state frequency

distribution. It was found that RVE of MEG data could be reliably calculated for

t > 0.004 when W = 4 and for t > 0.04 when W = 5. For W = 5, this was a

larger critical t value than was found in the simulation analysis. While the reason

for the slight difference is unknown, there are a number of potential causes. Firstly,

the MEG data signals were much longer than the pink noise signals used in the

simulation test. With RVE being calculated at more time points, the probability in-

creases of reaching a situation where a state histogram bin is vacant. Alternatively,

the difference could be due to the properties of the signals. For example, it would

be more likely to �nd an empty state bin when calculating RVE of a signal with low

entropy. This is due to a higher frequency of occurrence of a small number of states,

meaning that other states must occur less often. This may suggest that higher tem-

poral resolution could be obtained when measuring RVE of signals of high entropy,

as a smaller value of t could be used for a given window length, W. However,

while it was found to be possible to calculate RVE at higher temporal resolution, the

parameter values that optimised the relationship between entropy and oscillatory

amplitude were generally larger than the minimum possible. This suggests that the

optimisation of this relationship required a balance to be reached between increas-

ing the temporal resolution (smaller t and W) and SNR (larger t and W) of the RVE

timecourses.

A limitation of this study is the con�ned parameter space included in the analy-

sis. The value ofW that would optimise correlation with oscillatory amplitude could

have been larger than 5. However, a priority was placed on limiting the computation

time of the RVE calculation, and so larger window lengths were not considered. The

frequency of the lowpass �lter applied to the data, fc, is also technically a tunable

parameter of the RVE method, which would alter the sampling lag, x. As the value

of the lag is dependent on the lowpass frequency applied to the data, the choice
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of lowpass frequency therefore decides the length in time that the sliding window

spans. In this chapter, RVE was only calculated using broadband data, where the

lowpass frequency of the bandpass �lter applied to the data was not reduced below

the Nyquist frequency, fN = fs
2 , where fs denotes the sample rate of the downsam-

pled data. However, by reducing the lowpass frequency, the sliding window at each

time point would be generated using a larger sampling lag, x, which would cause

the sliding window to extend over a longer period of time. The current RVE method-

ology is limited to measuring irregularity at a single time scale. However, varying

the lag could give a view into the properties of neuronal irregularity over a range of

time scales. The calculation of multi-scale entropy (MSE) has previously been shown

to be useful in the analysis of neuronal complexity, and to reveal different properties

of irregularity measured at different time scales (Costa, Goldberger, and Peng, 2005).

Chapter 4 investigates whether multi-scale RVE can provide additional information

about irregularity in the brain compared to the current RVE methodology.

A further limitation is that the de�nition of an `optimal' RVE calculation is not

universal, as the best parameter choices could be dependent on the activity of inter-

est. The optimisation methods used here were entirely empirical and so could pro-

vide little insight into the mechanisms that determine the optimal parameter values.

It is therefore uncertain how these values would vary when calculating RVE of neu-

ronal signals with different spectral content, for example during sleep (Achermann

and Borbely, 1997) or in many patient groups (Uhlhaas and Singer, 2010; Little and

Brown, 2014; Zijlmans et al., 2013). It is also unknown whether parameter choice

could affect the sensitivity of RVE to alterations in neuronal irregularity due to dis-

ease or experimental conditions. However, this analysis does highlight the fact that

the choice of parameters used in the RVE calculation in�uences the resulting irreg-

ularity measurements, and that the activity of interest and the desirable properties

of the entropy timecourses should be considered when selecting the parameter set.

For example, if the activity of interest is expected to be sustained over a long period

of time, such as during tasks with a blocked design, it may be bene�cial to use a

longer decay time constant to maximise SNR, as high temporal resolution may be

less important in this case. Alternatively, if the signal of interest has high SNR, such

as an evoked response or high amplitude oscillation, then it may be possible to use a
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shorter decay time constant to maximise the temporal information given by the en-

tropy timecourse. It may also be bene�cial to use a short decay time constant if the

activity of interest is expected to give a quick, transient change in entropy, such as an

epileptic spike (Hall, 2017). In this case, a shorter time constant may be necessary for

the change in entropy to signi�cantly affect the rank-vector frequency histogram. To

extend this analysis, it may be bene�cial for future work to investigate the ability of

RVE to detect transient changes in entropy when using different parameter sets. For

example, this could be investigated by calculating the RVE of noise signals with em-

bedded oscillatory segments of varying lengths. This could further help to inform

appropriate RVE parameter choices for different tasks and paradigms.

2.5 Conclusion

RVE was found to exhibit a biphasic relationship with the oscillatory amplitude of

MEG signals, replicating the �ndings of Brookes et al., 2015 during resting state

recordings. The direction of the relationship with each frequency band was also

found to be consistent across the brain and across all RVE parameter sets. One `op-

timal' parameter set was found that maximised the strength of the negative correla-

tion with oscillatory amplitude in frequency bands below 60Hz. This combination

of parameters will now be used in all further entropy calculations during this thesis.

However, the parameters that maximised the correlation strength with oscillatory

amplitude were not consistent across the higher frequency bands. It was also found

that there were alternative parameter sets that could give entropy timecourses with

higher temporal resolution, suggesting that the optimal parameter set could be de-

pendent on the brain activity of interest. For the remainder of this thesis, it will

be established whether RVE can provide insight into brain function in health and

disease, beyond that which can be learned from oscillatory activity.
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Chapter 3

The irregularity of neuronal

activity explains the BOLD

response

The coupling between the haemodynamic activity observed by BOLD fMRI and neu-

ral function is not entirely understood, and is known to depend on multiple factors.

In previous studies, it has been found that the fMRI BOLD response exhibits a com-

plex relationship with oscillatory neuronal activity. BOLD exhibits positive temporal

correlation with activity in the gamma band and negative correlation with activity

in the alpha and beta frequency bands. This pattern is similar to the relationship

between the oscillatory amplitude and rank-vector entropy (RVE) of MEG virtual

sensor timecourses, which was presented in chapter 2. Therefore, in this chapter,

it was investigated whether MEG RVE could explain the BOLD response. During

a movie task, a relationship was found between the BOLD response and MEG sig-

nal entropy that varied in direction across the brain. Positive correlation was found

in task-activated areas, while negative correlation was observed within the default

mode network, which remained after correction for source leakage. In contrast,

the relationship between MEG RVE and MEG oscillatory amplitude was found to

be consistent in direction across the brain for each frequency band. The relation-

ships between RVE and oscillatory amplitude were found to be consistent with the

�ndings presented in chapter 2. Negative correlation was found with amplitude at

lower frequencies (<50Hz) and positive correlation was found with amplitude in the

gamma bands (>50Hz). These �ndings suggest that the regions composing the de-

fault mode network exhibit atypical neurovascular coupling; while BOLD activation
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FIGURE 3.1: Taken with permission from Zumer et al., 2010: temporal correlation between
bandpass �ltered MEG signals (convolved with HRF) and BOLD signal from visual cortex,

during a visual task.

in task activated regions is associated with an increase in high frequency, irregular

activity, an increase in BOLD response within the default mode network is associ-

ated with more regular, low frequency activity.

3.1 Introduction

The relationship between the haemodynamic activity observed by BOLD fMRI and

neuronal function, i.e. neurovascular coupling, is not entirely understood. It is

known to differ between participants, and also to vary within individuals over time,

with disease and respiration changes, and spatially across the brain (Singh, 2012;

Hall et al., 2014). While functional images created by measuring the BOLD response

have excellent spatial resolution, without a de�nite idea of what the BOLD response

represents, these images cannot be assumed to purely re�ect neuronal function, and

so the understanding we can gain from them is limited.

Previous studies have investigated the relationship between the BOLD response

and oscillatory neuronal activity across frequency bands. Across studies, a consis-

tent relationship has been observed, an example of which is shown in Figure 3.1

(Zumer et al., 2010). The BOLD signal exhibits negative temporal correlation with

oscillatory power envelopes at low frequencies. The strongest negative relationships
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are observed with oscillatory activity in the alpha and beta frequency bands. In con-

trast, the BOLD response has been found to correlate positively with activity in the

gamma band ( f & 50Hz). This general relationship has been found consistently

across different locations in the brain and across studies that have utilised differ-

ent electrophysiological imaging methods, including MEG (Zumer et al., 2010), in-

tracranial depth electrodes (Mukamel et al., 2005) and electrocorticography (ECoG)

(Conner et al., 2011).

Interestingly, this follows a similar pattern to the relationship between oscillatory

amplitude and the rank-vector entropy (RVE) of MEG signals, which was found

previously by (Brookes et al., 2015) and was replicated in chapter 2 (see Figure 2.5).

Therefore, in this chapter, an investigation was carried out into the existence of any

temporal correlation between BOLD fMRI and the RVE of MEG timecourses. The

relationship between oscillatory power and entropy was also investigated further,

to see whether the relationship found in chapter 2 would be replicated during a

visual task.

3.2 Methods

3.2.1 Data acquisition and processing

MEG and BOLD fMRI data were obtained for 16 participants (7 female, mean age:

27) who each watched the same 20-minute clip of the movie `Skyfall' during each

session. The order of the scans was randomly counter-balanced, and the scans were

carried out on separate days for each participant. MEG data were recorded as in

chapter 2 at a sample rate of 1200Hz. An anatomical MRI was also obtained for

each participant, to allow coregistration of the MEG and fMRI data, using an FSPGR

sequence with 1mm isotropic voxel resolution.

Of�ine, the MEG data were downsampled to 600Hz and a bandpass �lter of 1-

150Hz was applied. Visual inspection of the data was then performed in 2 second

epochs, and sections containing artefacts were removed. The data were then �ltered

into six frequency bands for analysis of oscillatory amplitude: 1-4, 3-8, 8-13, 13-30,

40-60 and 60-140Hz. For each of these frequency bands, a scalar LCMV beamformer

(Van Veen et al., 1997) was used to construct virtual sensor timecourses in template
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space at voxels on a 6mm3 grid, as in chapter 2. Current timecourses were also

produced using broadband data (1-150Hz) for entropy analysis.

The fMRI data were collected using a GE Sigma 3T scanner with a gradient-echo

BOLD EPI sequence of 600 volumes. Data were collected with a repetition time

(TR) of 2000ms (corresponding to a sampling rate of 0.5Hz), and an isotropic voxel

resolution of 2mm. The fMRI data were pre-processed using a pipeline that included

motion correction (MCFLIRT), spatial smoothing (SD=4.25mm kernel), despiking

using a median replacement �lter and a temporal highpass �lter of 0.01Hz. The fMRI

data were then spatially normalised to the same template space as the MEG virtual

sensors, and were resampled to the same 6mm3 grid. The BOLD timecourse from

each voxel was also converted to the percentage deviation from the mean BOLD

signal at that voxel.

3.2.2 Analysis

Rank vector entropy timecourses (RVE) were calculated from the broadband MEG

virtual sensor timecourses at each voxel as described in chapter 2 section 2.2.1 (Robin-

son et al., 2013). These were subsequently downsampled from the sample rate of

600Hz to 2Hz, and the BOLD signals were upsampled to the same sample rate. A

highpass �lter of 0.5Hz was then applied to all BOLD and RVE signals. This was

applied as signal epochs of 2s were removed during the MEG data cleaning process.

This precluded the investigation of signal components with a period longer than the

length of these epochs. One BOLD and one entropy timecourse was thus produced

for each voxel, for each participant, in a common space so that signals from each

voxel could be compared across modalities and participants.

Average RVE and BOLD timecourses were then found for each voxel by taking

the mean values across participants at each time point. The average RVE was then

convolved with the SPM HRF, and the �rst and last 50 time points of each entropy

and BOLD signal were trimmed to avoid any artefacts due to edge effects. Finally,

the Pearson's correlation between the BOLD and convolved RVE was found at each

voxel.

Oscillatory amplitude timecourses were then obtained for each narrow frequency

band, as in chapter 2, by taking the magnitude of the analytic signal of the virtual
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sensor timecourses. These were also downsampled to 2Hz and averaged across par-

ticipants at each voxel. The correlation between the averaged RVE and oscillatory

amplitude timecourses were then found at each voxel for each frequency band.

3.3 Results

3.3.1 The relationship between RVE and the BOLD response

Figure 3.2 indicates areas where the correlation between the mean RVE and BOLD

timecourses was calculated to be signi�cant ( p < 0.05, FDR corrected for multiple

comparisons using the `fdr' function in the EEGLAB toolbox (Delorme and Makeig,

2004)). A widespread positive correlation can be seen in the occipital and parietal

lobes, whereas negative correlation is observed in the precuneus, medial prefrontal

cortex, and left angular gyrus. These areas are thought to be core functional hubs of

the default mode network (DMN) (Andrews-Hanna, Smallwood, and Spreng, 2014).

However, some of this negative correlation could be artefactual due to MEG

source leakage. While the spatial resolution of fMRI is excellent, MEG functional

images are always blurred to some extent due to the ill-posed nature of the inverse

problem. The number of sensors used is low compared to the number of voxels

and so there is insuf�cient information to recreate independent current timecourses

at each voxel. Activity originating in one location could therefore be observed in

MEG functional images across multiple voxels (Colclough et al., 2015). In the case

of this study, if MEG signals from the visual cortex (active during the movie task)

have blurred into the precuneus (inactive during the movie task), then a spurious

negative correlation could be observed with the BOLD response, as source leakage

does not affect fMRI signals.

To test whether the negative correlation is genuine, virtual sensors were gen-

erated at all voxel locations within the precuneus and calcarine (the region of the

visual cortex neighbouring the precuneus). Within the precuneus, the voxel was

identi�ed where RVE exhibited the minimum correlation with the BOLD response

(z = � 0.18� 0.02). Within the calcarine, the voxel where RVE showed maximum

correlation with the BOLD signal was taken ( z = 0.41� 0.02). For each participant,
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