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Abstract

Magnetoencephalography (MEG) is a neuroimaging technique allowing the inves-
tigation of brain function non-invasively, by detecting changes in magnetic fields
outside the head induced by ensembles of neurons firing synchronously. Oscillatory
electrophysiological activity measured using MEG has been shown to support long
range functional communication in the brain, showing close resemblance to known
fMRI functional networks. Interest in functional connectivity is growing as dis-
ruptions in the functional connectome have been implicated in both neurological
and mental health conditions. However, the connection between brain oscillations,
functional connectivity and neurochemistry still remains largely unexplored. In
this thesis I aim to shed light on this connection.

The thesis begins with a description of the theory behind neural signals mea-
surable with MEG (chapter 1) and the details of source localisation and functional
connectivity (chapter 2). Following this, there are three experimental chapters:
in chapter 3 I test how practical aspects of experimental design affect the intra-
subject repeatability of the MEG functional connectome. The use of a foam head-
cast, which is known to improve co-registration accuracy, is shown to increase
significantly the between session repeatability of both beamformer reconstruction
and functional connectivity estimation. Moreover longer recordings offer a large
improvements in repeatability of functional connectivity, with analysis suggesting
this result is caused by a genuine effect of brain state. In chapter 4 I present
MEG data recorded during a sensory attention task, in which participants were
asked to identify braille patterns presented to their fingers, whilst simultaneously
switching attention between hands. Whilst a weight of evidence suggests that ‘low’
frequency (beta band) oscillations are representative of cortical inhibition, more
recent studies have closely linked these same phenomena to functional connectiv-
ity. Results show that attentional modulation changes beta dynamics in primary
sensory cortex, with attended stimuli generating lower post-stimulus responses
(i.e. lower beta ‘rebound’); this effect is driven by the transient formation and
dissolution of distributed networks, which form in response to unattended stimuli,
and likely facilitate top down inhibitory influence on the primary sensorimotor
cortex. The results are related to subject behaviour, with high pre-stimulus beta
connectivity leading to poor task performance. Finally, in chapter 5, combining
MEG and Magnetic Resonance Spectroscopy (MRS), I show that beta oscillations
are directly related to GABAergic signalling. The results here presented offer a
mechanistic interpretation of the role played by beta oscillations in mediating in-
hibition. This has implications for our understanding of neural oscillations and
connectivity in both the healthy brain and a range of disorders.
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Introduction

Brain imaging has become a flourishing field of research which has changed the way

we can study and understand the human brain. The modern field of neuroimag-

ing, allowing the non-invasive imaging of the living brain, started in the late 19th

century with the first x-ray images of the skull, proving measures of structure, and

was followed with the recording of electrical brain activity from scalp electrodes,

i.e. electroencephalography (EEG) [Berger, 1929], which provided a measure of

brain function. Since then, new technologies such as computed tomography (CT),

positron emission tomography (PET) [Fox et al., 1984] and magnetic resonance

imaging (MRI) [Lauterber, 1973; Mansfield and Grannell, 1973] have significantly

advanced our ability to image the living human brain. Nowadays these techniques

are commonly used around the world for clinical diagnoses. Further, new ad-

vancements in MRI allow for high contrast anatomical images of the brain with

sub-millimetre resolution. However, despite the advancement of our knowledge of

brain structure, our understanding of brain function is still limited. In today’s

world, this has become one of the most significant and challenging scientific ques-

tions. Its solution is extremely important, particularly given the known problems

with disorders surrounding mental health, dementia and neurodevelopment. The

development of new techniques to understand brain function in health and disease

is therefore critical.

1



Introduction

Functional Brain Imaging Techniques

There are a number of available technologies with which to measure brain function:

• Positron emission tomography (PET) can be effectively used to measure

the transfer of specific tracer compounds through the brain, reflecting brain

metabolic pathways. PET is based on the injection of radioactivity iso-

topes such as 18F, which can be used to follow glucose metabolism, and 15O

for detection of oxygen consumption. The short-lived radionuclei used in

PET emit a positron during decay, which combining with a nearby elec-

tron releases two gamma rays travelling in exactly opposite directions. The

detection of these high energy photons allows precise reconstruction of the

isotope position inside the brain, and hence tracking of cellular metabolism.

• Magnetic Resonance Spectroscopy (MRS) uses the chemical specificity of

magnetic resonance to allow quantification of metabolites and neurotrans-

mitters in vivo and is free from ionising radiation. 1H based MRS provides

information on a large range of chemical compounds and can be performed

in standard MRI scanners (though higher field scanners are preferable). De-

pending on the metabolite of interest 1H MRS can suffer from poor signal

to noise, limited by short scan times for in vivo applications and spectral

overlap. However, with appropriate radio frequency coils, MRS can also be

performed on different atomic species, such as 13C (requiring injection of 13C

isotope) and 31P, proving disparate information on a number of metabolic

pathways.

• Functional MRI (fMRI) [Ogawa et al., 1990] can probe brain function with-

out exposure to ionising radiation. fMRI does not require any additional

equipment beyond a “high field” MRI scanner (3T field or above) and has

proved very successful in functional neuroimaging thanks to its excellent

spatial resolution and the nowadays large availability of MRI scanners for

both research and clinical use. fMRI detects changes in blood oxygenation,
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Introduction

which fluctuates, depending on brain activity, on a timescale of seconds. The

BOLD signal is reflective of neuronal metabolism, which although closely

linked with ionic pumps and electrical firing in cells, remains an indirect

measure of the underlying faster chemical and electrical processes.

• Functional near-infrared spectroscopy (fNIRS) is an optical technique giving

information on localised haemodynamic responses on the outer surface of the

cortex [Ferrari et al., 1985]. fNIRS is based on the different light absorbance

of oxy and deoxy-hemoglobin in the near-infrared spectrum and can thus give

similar brain functional information to BOLD fMRI, although with limited

spatial resolution and constrained to surface regions of the brain.

• A direct measure of neuronal activity can be obtained by detecting their

electrical activity through electroencephalography (EEG). EEG gives real

time recording of electrical potential recorded on the scalp surface, induced

by the synchronous electrical firing of thousands of neurons. Although the

time resolution of EEG is excellent, its spatial specificity is severely limited

by the complex electrical conductivity of the head. Spatially specific EEG

can be recorded invasively with intracranial electroencephalography (iEEG)

or electrocorticography (ECoG), although their applications are obviously

severely limited to a small number of patients (and recording locations)

with cortical electrodes implanted often in preparation of surgical removal

of epileptic foci.

• Magnetoencephalography (MEG) [Cohen, 1968] is a non-invasive technique

based on the detection of magnetic fields induced by the brain electrophysi-

ological activity. MEG combines the strength of EEG (real time and direct

measure of neuronal function) with good spatial resolution (of the order of a

few millimetres). Current MEG systems provide coverage of the whole head,

allowing the reconstruction of electrical activity of neurons over all regions

of the brain cortex.

3



Introduction

Brain connectivity

All of the above techniques were originally used to pinpoint where, and when,

brain “activity” occurs in response to some task. However in recent years the neu-

roimaging community has started to move away from this functionally segregated

view of the brain, where each area is considered in isolation to be responsible for

a specific function (e.g. hearing, movement, language etc.), towards a view of an

integrated connectome, where separate brain areas operate in concert. The idea of

a brain connectome can be considered anatomically by measuring the individual

white matter tracts connecting both near and distal regions, leading to imaging

techniques such as the MR based Diffusion Tensor Imaging (DTI). Anatomical

imaging has shown that white matter connections can change over years through

healthy growth, ageing and learning [Johansen-Berg, 2010; Maguire et al., 2000;

Scholz et al., 2009].

However the brain is able to use this (in the short term) ‘static’ network of

physical connections to perform a variety of functions with millisecond speed. It

follows that if we aim to understand how the brain works we should aim to not

only understand the structural connectome but also the functional connectome.

This is particularly key in understanding various mental health disorders, which

often do not present anatomical abnormalities. As an example a leading theory

for explaining the cause of schizophrenia, the disconnection hypothesis [Friston,

1998], is based on a finding of abnormal functional connections in regions asso-

ciated with salience in schizophrenia patients [Palaniyappan and Liddle, 2012].

Moreover recent MEG work has shown that “oscillations” (rhythmic activity syn-

chronised across cell assemblies) that dominate electrophysiological measures are

diminished in schizophrenia [Robson et al., 2016], with this decrease relating to

symptoms severity. A similar effect of beta (13-30Hz) oscillatory amplitude was

also shown in healthy subjects by the negative correlation of beta amplitude and

schizotipy (a spectrum of ‘schizophrenia-like’ personality characteristics) [Hunt
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et al., 2018]. Localised beta oscillations have also been demonstrated to be af-

fected in other conditions, such as Autism Spectrum Disorder [Gaetz et al., 2010],

and are hypothesised to have a top-down inhibitory function on the sensorimotor

cortex. At the same time recent work [Brookes et al., 2011b; Hipp et al., 2012] has

demonstrated that correlations of neuronal oscillations, detected from MEG data

over separate brain regions, closely match fMRI canonical networks of functional

connections [Biswal et al., 1995], with beta oscillations in particular showing the

best agreement [Hunt et al., 2016]. It follows that studying the functional connec-

tome, from the point of view of neural “oscillations” might yield new insights into

healthy pathological brain function.

Aims of thesis

The work of this thesis aims to bridge the gap between the well know modulation

of beta amplitude localised in the sensorimotor cortex and whole brain networks of

functional connections supported by the same oscillatory rhythm measured with

MEG. The assessment of functional connectivity in MEG is still an emerging field

and only in the last few years has it started to fully exploit the temporal resolution

of electrophysiological data [Baker et al., 2014; O’Neill et al., 2015]. To this aim the

thesis begins by investigating the technical aspects of functional connectivity mea-

surement in MEG data (such as selection of connectivity metrics) and the reasons

behind previously reported [Colclough et al., 2016] low reproducibility of MEG

connectivity. We then apply whole brain connectivity analysis in task data to, for

the first time, detect transient (∼ 500ms) networks of functional connectivity sig-

nificantly modulated by attention and correlating with behavioural outcome (i.e.

task performance). The last piece of the puzzle is the underlying neurochemistry.

If beta oscillations are indeed reflective of neural inhibition, it follows that they

might be linked to inhibition at the synaptic level. Gaetz et al. [2011] previously

demonstrated correlations between the major inhibitory neurotransmitter GABA
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and beta rebound (although in a small cohort). Work by Muthukumaraswamy

et al. [2013] reported that elevated GABA levels by pharmacological manipula-

tion also induced increased beta oscillatory power. Here, through 1H MRS at 7T,

we quantify GABA concentrations in the sensorimotor cortex of 46 subjects and

demonstrate a correlation between their beta power and individual concentrations

of GABA. Overall the work here presented brings together localised electrophys-

iogical measures, dynamic functional connections and neurochemistry to elucidate

the important mechanistic role of beta oscillations in the human brain.

Structure of thesis

The work in this thesis is outlined through five chapters (1-5), covering the theory

behind MEG signal detection, signal reconstruction methods and three experi-

mental chapters.

• Chapter 1: Generation and detection of the MEG signal.

Chapter 1 covers the physics behind MEG signal detection. The chapter

starts from a physical model of neuronal currents, identifying which electrical

phenomenon is behind the detectable electrical and magnetic potentials seen

in non-invasive electrophysiology (M-EEG). The next section describes the

type of neuronal responses observable with MEG, focusing on oscillatory

responses and introducing the concept of functional connectivity, which will

be key for the later experimental chapters. The bases of magnetic field

detection in current MEG scanners are also described, outlining the physical

principles of the superconducting quantum interference devices (SQUID)

and the necessary components for effective MEG signal detection, such as

environmental noise and gradiometry.

• Chapter 2: Functional connectivity assessment in MEG.

The second theory chapter is centred on the MEG signal analysis, source re-

construction and measurements of functional connectivity. The first section
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starts with the mathematical description of the forward problem in MEG and

Sarvas spherical solution. The chapter then moves on to the inverse prob-

lem, focusing on the beamforming method for source estimation. The last

section is centred on the connectivity metrics used in experimental chapters

3 and 4, introducing whole brain functional connectivity with anatomical

atlases and considerations for experimental biases, such as spatial leakage.

The chapter concludes with a brief description of some statistical methods

for functional connectivity analysis.

• Chapter 3: Optimizing beamforming for static functional connec-

tivity

The first experimental chapter describes the work published in NeuroIm-

age in 2017 [Liuzzi et al., 2017] setting the basis for accurate assessment

of functional connectivity with beamforming source reconstruction. The

work explores the effects of co-registration error and recording duration on

the inverse solution and source angle selection, as well as on connectivity

assessment with a range of common amplitude and phase metrics in both

simulation and experiment. Co-registration error is tested through the use

of custom made foam head-casts [Troebinger et al., 2014] in repeated resting

state MEG recordings in three volunteers. The results show a clear im-

provement on repeatability of source estimation with the use of head-casts.

The length of MEG recording showed a marked effect on the within subject

stability of connectivity networks. Discrepancy between simulated ‘station-

ary’ connectivity and experimental measures provides further proof that the

brain functional connectome is in fact time-changing, i.e. ‘dynamic’.

• Chapter 4: The functional role of the Beta rebound

The second experimental chapters further explores the idea of a dynamic

functional connectivity in order to better analyse the inhibitory role of beta

oscillations in the sensorimotor system. The work in this chapter is based on

7
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a sensory discrimination MEG data-set collected in 46 healthy volunteers, 29

of whom were scanned twice, for a total of 75 separate data-sets. The anal-

ysis found significant effects of attention on the amplitude of beta rebound

following sensory stimulation of the index finger, with beta rebound increas-

ing in non-attended probe stimuli. Through dynamic connectivity analysis

with the Phase Difference Derivative (PDD) metric, the beta rebound was

shown to be part of a short lived (∼ 500ms) wider connectivity network in-

volving the sensory, motor, parietal and temporal cortices. We hypothesise

that this integrative network is reflective of an attention driven ‘top-down’

shut down of the involved regions. As further proof of the beta inhibition hy-

pothesis we confirmed that higher beta amplitude (in agreement with Jones

et al. [2010]) as well as increased beta functional connectivity preceding a

target were predictive of poorer task performance.

• Chapter 5: Neurotransmission and beta band oscillations

Following chapter 4 we continue exploring the connection between beta os-

cillation and neuronal inhibition by showing a link with neurochemistry. In

this final chapter we use Magnetic Resonance Spectroscopy (MRS) at high

field (7T) to measure individual concentrations of the inhibitory neurotrans-

mitter GABA in the sensorimotor cortex in the same cohort of subjects

recruited in chapter 4. The chapter starts with a description of the Nuclear

Magnetic Resonance (NMR) phenomenon and 1H MRS signal acquisition

and analysis. MRS data collected with a STEAM sequence in 46 subjects

showed a significant correlation of individual GABA levels and beta rebound

amplitude and resting beta power measured with MEG.

The thesis ends with some final remarks and discussion in Chapter 6.
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Chapter 1

Generation and detection of the
MEG signal

This chapter will cover the cellular origin of the neuro-magnetic signal and the
conditions necessary for it to propagate, and be detectable, at a distance. We will
discuss different types of electrical activity such as evoked potentials and neural
oscillations and introduce the physical concepts behind the instrumentation that
detects these electrophysiological phenomena.

1.1 Brain Electrophysiology

1.1.1 The Neuron

The human brain is an incredibly complex organ formed from approximately 86

billion neurons and a similar number of non-neuronal cells [Azevedo et al., 2009].

Neurons are electrically excitable cells that receive and transmit electrical infor-

mation; they form the basis of the human nervous system and are responsible for

everything from sensory perception to conscious thought. Like every eukaryotic

cell, neurons contain a cell body, called the soma, which contains the cell nucleus,

and specialised cell structures (see Figure 1.2) which include:

• Dendrites: ramified extensions of the cell body ending in synapses to receive

incoming information.

• Axons: extended projections of the neuron serving to carry outgoing signals

to other neurons.

9



1.1. BRAIN ELECTROPHYSIOLOGY

• The Axon Hillock: located at the base of the axon, is an electrically excitable

structure, containing the greatest density of sodium channels, and serving

to initiate axon action-potentials.

The distribution of neuronal cell bodies differentiates grey and white matter,

with grey matter hosting most of the cell bodies and dendrites (accounting for 82%

of the total brain mass [Azevedo et al., 2009]) while white matter is mostly formed

of long myelinated axons, which are responsible for connecting distant areas of the

brain and give white matter its lighter colour.

Glial cells, or glia, are non-neuronal cells that serve as support to the neurons

in the brain, helping with ion homeostasis, nutrient transportation and structural

support. The axons of neurons are surrounded by a myelin sheath, a lipid rich

substance formed by specialised glia, helping to electrically insulate the axon and

increasing the speed of signal transmission.

1.1.2 Pyramidal Neurons versus Stellate cells

Neurons in the cerebral cortex fall into two main morphological categories: stellate

neurons present dendrites propagating from the soma in all directions (see Figure

1.1). The high symmetry of dendritic trees in stellate neurons means electric (as

well as magnetic) fields produced by these neurons will tend to cancel out at a short

distance. Pyramidal neurons are present in most structures of the central nervous

system, they have extended apical dendritic trees with parallel branches, basal

dendrites and a pyramidal shaped soma. Pyramidal neurons are often organised

in sheets with apical dendrites oriented in the same direction, and perpendicular to

the cortical surface. This coherent orientation of dendrites allows magnetic fields

induced by post-synaptic potentials in pyramidal neurons to add constructively,

creating signals strong enough to be detected outside the head.
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Figure 1.1: A) Cortical layers in the human auditory cortex and (B) examples
of pyramidal and (C) stellate cells (pictures from Meyer et al. [1989]). The blue
arrows indicate the current directions along the neurons.

1.1.3 The synapse and neurotransmission

Information is transmitted from neuron to neuron through a combination of elec-

trical and chemical signalling. Electrical signalling is fundamental for long distance

connections in the brain, while chemical signalling is typically used at points of

contact between neurons. These points of contact are known as synapses (see Fig-

ure 1.2). Based on the direction of signal transmission we will denote the trans-

mitting neuron as presynaptic and the receiving neuron as postsynaptic. Synapses

can be excitatory (increasing intracellular potential), usually located on the den-

drites, or inhibitory (decreasing intracellular potential), mostly located on the

soma and/or on the axon [Spruston, 2008]. Neurotransmitter molecules are re-

leased from synaptic vesicles into the synaptic cleft and bind to receptors on the

postsynaptic neuron. This chemical binding changes the morphology of proteins

in the cell membrane, causing the opening of ion channels and flow of charged ions

(such as Na+, K+ and Cl-) along their concentration gradient. The sum of excita-

tory and inhibitory inputs determines the final intracellular potential and whether

a neuron will fire. The main inhibitory neurotransmitter is GABA (γ-aminobutyric

11
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Figure 1.2: Diagram of a pyramidal neuron highlighting its specialised cell struc-
tures. Figure adapted from Hämäläinen et al. [1993].

acid) acting through synaptic GABAA and slower GABAB receptors1. GABA

is also present in the cytoplasm, where it is involved in cellular metabolism, and

in the extracellular space, where it acts to maintain a tonic cortical inhibition

through extra-synaptic GABAA receptors [Belelli et al., 2009]. The most com-

mon excitatory neurotransmitters in the cortex are Glutamate (Glu), which also

plays a key role in cellular metabolism, and Aspartate (Asp). GABA, Glu and

Asp are all part of a common metabolic cycle and synthesized from the precursor

Glutamine (Gln) [Albrecht et al., 2010]. Healthy brain function is mediated by a

delicate balance of inhibition and excitation, enabled by these neurotransmitters.
1GABAB are metabotropic receptors that are indirectly linked to an ion channel by coupling

with a G protein.
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1.1.4 Equilibrium Potential

The intracellular and extracellular spaces are separated by a bilayer phospholipid

membrane with a thickness of about 10nm. This barrier allows a cell to maintain

different ion concentrations inside and outside the membrane. The most important

ions for neuronal function are Na+, K+ and Cl-. Their concentrations intra- and

extra-cellularly during rest are maintained at 20 mmol/liter and 140 mmol/liter

respectively for Na+, 140 and 5 mmol/liter for K+, and 20 to 120mmol for Cl-.

As the concentration of K+ is much higher intracellularly and the diffusivity of

K+ ions is high, a Na-K pump works to maintain and re-establish equilibrium

concentrations by actively pumping K+ ions into the cell and Na+ ions out of the

cell.

As ions carry electric charge their different concentrations create a voltage

across the cell membrane. At equilibrium the ion concentration C is determined

by thermodynamic laws which can be expressed by Boltzmann equation as:

C ∼ exp

(
− |e|V
kBT

)
, (1.1)

Where e is the electronic change, V the electrical potential across the cell mem-

brane and kBT the thermal energy given by Boltzmann constant and the absolute

temperature. The voltage V is then equal to the potential difference inside and

outside the cell, giving the expression for Nerst equation:

V = Vin − Vout =
kBT

|e|
ln

(
Cout
Cin

)
, (1.2)

By adding the concentrations of all ionic pools and considering their perme-

ability across the cell membrane, we can calculate V to be about -70mV [Goldman,

1943].
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1.1. BRAIN ELECTROPHYSIOLOGY

Figure 1.3: Schematic of the quadrupole potential induced by an action potential
in an axon (left) and the dipole field of a post-synaptic potential in a dendrite
(right).

1.1.5 Action Potentials

Propagation of electric currents in an axon, called action potentials, is initiated by

the electrical potential at the axon hillock [Coombs et al., 1957]. When potential at

the axon hillock reaches a threshold of about -55mV it triggers voltage dependent

ion channels to open, changing the membrane permeability to Na+ and K+ ions.

Following their concentration gradients the ions quickly cause the potential inside

the cell to become positive (+40 mV) triggering the ion channels of neighbouring

regions of the axon. Previously depolarised regions will slowly reestablish their

equilibrium potential thanks to active ion pumps (causing a volume current in

the opposite direction to the propagating potential). This cascade effect creates a

wave of depolarisation which propagates in one direction along the axon without

dimishing in amplitude. Action potentials allow the effective communication of

both neighbouring and distal neurons with the final wave of depolarisation ending

at a synapse of a target neuron to cause a post-synaptic potential. As the action

potential is determined by the ionic concentrations its amplitude is unaffected by

the strength of the triggering input, with more excitatory inputs causing instead

higher firing frequency.

14



1.1. BRAIN ELECTROPHYSIOLOGY

1.1.6 Postsynaptic Potentials

The opening of ion channels by a neurotransmitter at the synapse causes a post-

synaptic potential (PSP) and a current inside the post-synaptic cell. Neurons

will be excited or inhibited depending on the type of ion channels affected by the

neurotransmitters: influx of Na+ will cause the voltage to increase (depolarisa-

tion) causing an excitatory PSP, while influx of Cl- or outflux of K+ will cause

an hyperpolarisation of the postsynaptic cells which will be therefore less likely to

fire (inhibition). Starting at the synapse the PSP decays exponentially along the

direction of the dentrite [Rall, 1959]:

VPSP (x) =
λrin
πa2

I(x) =
λrin
πa2

I0exp(−x/λ), (1.3)

with the exponential decay length parameter λ = (arm/2rin)1/2, depending on

the membrane resistance for a unit area rm (Ωm2), the resisitivity of the intracel-

lular fluid rin (Ωm) and the radius of the dendrite a.

As λ is short (∼ 0.1 - 0.2 mm) we can model the postsynaptic current as

spatially invariant over the distance λ to obtain a current dipole Q = Iλ. If we

know the voltage VPSP we can rearrange equation 1.3 to write that:

Q = Iλ = πa2σinVPSP , (1.4)

where σin is the intracellular conductivity.

Using the values of a = 0.5 µm, σin = 1Ω−1m−1 and VPSP = 25 mV, we

can estimate that the post synaptic potential would create a current dipole, Q ≈

20 fAm [Hämäläinen et al., 1993]. However, more recent modelling, including

dendritic compartments and conductivity of multiple ion species in pyramidal

neurons, estimated Q ≈ 0.29 − 0.90 pAm [Murakami and Okada, 2006], and this

is in better agreement with empirical measurements [Kyuhou and Okada, 1993;

Okada et al., 1997]. As the average signal measured with MEG requires a current

dipole source of roughly 10 nAm [Hämäläinen et al., 1993], it follows that 10, 000−
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50, 000 neurons must be coherently “active” to produce a detectable magnetic field.

After cell depolarisation (or hyperpolarisation) ion pumps reestablish the equi-

librium concentration, creating an extracellular current, called volume current,

with opposite direction to the post synaptic current. Volume currents do not usu-

ally significantly contribute to the detected MEG signal as we will see in chapter

2.

1.1.7 Magnetic fields at a distance

Unlike dendritric currents, action potentials are better modelled by two opposite

current dipoles (of about 100 fAm) forming together a current quadrupole. When

detecting electric (and magnetic fields) at a distance r from the current source,

current dipoles create a field decreasing as 1/r2, while current quadrupoles drop off

more quickly as 1/r3. Action potential are also much faster than dendritic currents,

with lifetimes of about 1 ms and 10 ms respectively, meaning that the likelihood of

action potentials synchronously firing is lower than for dendritic currents. Animal

modelling confirmed these observations, concluding that post-synaptic currents in

pyramidal neurons are most likely to be the main contributors to the origin of the

MEG signal [Okada et al., 1997].

1.2 Neuronal responses observable with MEG

1.2.1 Evoked responses

Evoked responses are electrophysiological signal changes that are time and phase

locked to a stimulus. Evoked responses mostly appear at stimulus on-set (or off-

set) as a characteristic “spiking” or deflection in the recorded electrical signal.

Their time and phase locked evolution means that the estimation of evoked re-

sponse is improved by averaging successive repetitions of the same stimuli: the

repeated evoked signal will be maintained while the noise (a non-phase locked

signal) will decrease with the number of repeated trials (i.e. noise ∝ 1/
√
ntrials,
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assuming gaussian noise).

Evoked potentials have long been studied in MEG (see for example [Hari et al.,

1980, 1990; Ahlfors et al., 1992]), and are routinely used in EEG for detecting

abnormalities in the visual, auditory and sensorimotor systems as well as in speech

processing [Walsh et al., 2005]. Evoked responses usually present a distinctive

morphology of the electrical signal, named event related potential (ERP), with

peaks appearing at fixed times following stimulation. In clinical settings delays in

the timing of response peaks and changes in peak amplitude can be observed from

EEG or MEG sensors placed over the brain’s regions of interest.

1.2.2 Oscillatory responses

The first evidence of electrical currents in the animal brain was reported by Richard

Caton [Caton, 1875] who performed measurements with a galvanometer in the

brains of rabbits and monkeys and observed functional changes linked to move-

ment and sensory stimulation. More than 50 years later, in 1929, Hans Berger

first detected oscillatory electrical activity in the human brain with the first EEG

system [Berger, 1929]. Berger observed the “alpha” rhythm, a spontaneous oscilla-

tion in the range of 8− 13 Hz which he showed to be modulated by visual stimuli.

Indeed, more generally, oscillatory events in the brain are present spontaneously

(i.e. at rest), can be modulated with stimulation, attention, and change during

stages of sleep. Like evoked responses, induced oscillatory responses to tasks can

be time locked to stimulus on-set and show specific dynamics depending on the

type of stimulation. However, induced oscillations are not phase locked, meaning

that averaging of induced responses over multiple trials would cause out-of-phase

oscillations to sum destructively.

Oscillatory brain rhythms appear within various frequency ranges. They are

typically classified in frequency bands which can originate from different brain

regions and/or cortical layers and are associated with different functions:
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Figure 1.4: Information flow (assessed by Granger causality) between layers of
the visual cortex in the alpha and gamma band, measured from invasive laminar
electrodes in monkeys (Figure adapted from Van Kerkoerle et al. [2014]).

• Delta waves (δ, 1 − 4 Hz) are mostly associated with sleep and appear in

both subcortical and cortical areas (with animal models pointing to the

supragranular layers 2/3)[Hobson and Pace-Schott, 2002]. Increased delta

power during wakefulness, as well as long range synchronisation in other

low frequencies up to the alpha frequency range [Dunkley et al., 2015], has

been shown to be a marker of impaired cognitive function in traumatic brain

injury, probably reflecting axonal damage [Lewine et al., 2007; Huang et al.,

2009].

• Theta waves (θ, 4−8 Hz) are thought to be involved in cognition in the frontal

cortex, spatial navigation, memory consolidation in the pre-frontal cortex,

and communication of the cortex and laminar layers with the hippocampus

[Benchenane et al., 2010]. Observed alterations in the amplitude and timing

of theta oscillations in the frontal and temporal lobes of schizophrenia pa-

tients, both at rest and during cognitive tasks, have also linked theta band

dysfunction to impaired executive control [Schmiedt et al., 2005; Haenschel

et al., 2009].
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• Alpha waves (α, 8 − 13 Hz) are the highest amplitude oscillations in the

human brain and present most strongly in the visual cortex. The alpha

rhythm is thought to have an inhibitory role in the brain, e.g. alpha power

decreases with alertness and following presentation of visual stimuli. In the

visual cortex alpha waves have been found to originate from layers 1, 2 and

5 of pyramidal neurons, which are associated with feed-back processing in

agreement with the hypothesis of alpha mediating top-down inhibitory con-

trol [Van Kerkoerle et al., 2014]. Significant evidence points to alpha waves

being implicated in the gating of information from the visual cortex and

in suppressing distraction for selective attention during stimulus processing

[Jensen and Mazaheri, 2010; Zumer et al., 2014].

• Beta oscillations (β, 13−30 Hz) are prominent in the sensory and motor cor-

tices and more generally across parietal, temporal and occipital lobes [Hunt

et al., 2016]. Recent modelling work and comparison with animal recordings

indicate that beta waves originate from layer 4 of the cortex and they mostly

manifest as short bursts (< 150ms) of increased oscillatory amplitude rather

than a continuous rhythm [Sherman et al., 2016]. Like alpha waves, beta

seems to have an inhibitory function, with beta power decreasing with sen-

sory stimulation, motor planning and motor action. Beta waves have also

shown to be modulated (with increased amplitude and slower frequency) by

GABA agonist drugs such as benzodiazepine [Jensen et al., 2005]. At move-

ment/stimulus cessation, beta oscillations transiently increase above resting

amplitude, a phenomenon known as the beta rebound which has been shown

to be affected by age (not present in children and gradually increasing with

age [Gaetz et al., 2010]) and pathology (e.g. diminished in schizophrenia

[Robson et al., 2016] and delayed in multiple sclerosis [Barratt et al., 2017]).

Beta is also thought to be involved in long range connectivity in the cor-

tex and functional connectivity networks in this frequency range have been

shown to closely match canonical fMRI resting networks [Brookes et al.,
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Figure 1.5: Diagram summarizing the concept of communication by coherence.
Pre-synaptic neuronal groups can transmit information effectively when their out-
put spikes find the post-synaptic group during an excitation cycle. Conversely
spikes arriving at the post-synaptic group during the inhibitory cycle will not
communicate with receiving neurons. Figure adapted from Fries [2015].

2011b; Hipp et al., 2012; Hunt et al., 2016].

• Gamma oscillations (γ, >30Hz) are high frequency oscillations mostly asso-

ciated with bottom-up sensory perception. High frequency gamma oscilla-

tions are known to be present in various parts of the cortex from invasive

recording (i.e. iEEG) but are usually hard to detect in non-invasive data

(EEG or MEG) due to their low signal to noise ratio. Nevertheless gamma

oscillations can be observed in the sensorimotor cortices and visual cortex

where they originate in layer 4, with a feed-forward role in antithesis with the

alpha rythm [Van Kerkoerle et al., 2014]. Gamma oscillations are also posi-

tively correlated with the blood oxygenation level (BOLD) signal measured

in fMRI [Niessing et al., 2005].

1.2.3 Oscillations and functional connectivity

For the central nervous system to work effectively, separate brain regions must

communicate and share information. These networks of connections are based

on the anatomical architecture of the white matter axonal tracts, but it is their

functional connections, the way information is shared and integrated between func-

20



1.2. NEURONAL RESPONSES OBSERVABLE WITH MEG

tionally specialised areas, that ultimately determines behaviour. In non-invasive

neuroimaging, functional connectivity has been linked to temporal correlations

in the BOLD signal in fMRI [Biswal et al., 1995] and, more recently, to neu-

ral oscillations. The theory at the base of most functional connectivity methods

in M/EEG was proposed by Pascal Fries [Fries, 2005] as “communication by co-

herence”. This posits that effective interaction between neuronal assemblies is

facilitated by synaptic inputs being received at high points of excitability (see

Figure 1.5). Efficient information transfer thus requires potentials to be phase-

locked with each other, while out of phase potentials will not be seen by the

post-synaptic neurons. The concept of rhythmic synchronisation is mostly ap-

plied to neural oscillations though it was more recently extended to the gamma

band non-linear and non-sinusoidal synaptic potentials [Fries, 2015].

Most connectivity metrics which are applied to MEG data are based on the

communication by coherence principle and assess functional connections by signal

coherence, phase-locking or time correlated signal amplitude. There is significant

experimental evidence that oscillations are linked to long range connectivity. Tem-

poral correlation between the amplitude envelopes of neural oscillations, particu-

larly in the beta band [Brookes et al., 2011b; Hipp et al., 2012; Hunt et al., 2016]

have shown to match the canonical resting state networks seen in fMRI and similar

networks can be seen by measuring coherence or phase locking between regions

[Liuzzi et al., 2017]. Although connectivity is often measured as an average over

minutes of activity new techniques in MEG have shown that functional networks

can form and dissolve within seconds [Brookes et al., 2014] or even milliseconds

[Baker et al., 2014], a temporal scale that could be able to sustain perception and

cognition (see Figure 1.6). The work presented in this thesis extends the current

functional connectivity methodology, starting by assessing the robustness of con-

nectivity estimation in terms of both data collection and analysis methods, and

pushing forward its application in task data, where we present connectivity net-

works forming and dissolving on the millisecond time scale, relating to attention
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and task performance.

1.3 Instrumentation

The magnetic signals produced by brain activity are several orders of magnitude

smaller than environmental magnetic noise levels. Electronic devices, nearby traf-

fic, the Earth’s magnetic field and even other biomagnetic signals (such as the

magnetic signal produced by the heart) all “drown out” the small signals from

neuronal assemblies (see Figure 1.7). For this reason MEG requires both sophis-

ticated sensors with sensitivity to magnetic fields in the fT range, and methods

to reduce magnetic noise from various sources. In this section we will cover the

instrumentation needed for MEG measurements, with a specific focus on the dc-

SQUID detector and the characteristics of the 275 channel CTF MEG system used

to acquire the data presented in this thesis.

1.3.1 Magnetic field detection

Magnetic field detectors, or magnetometers, need to satisfy multiple requirements

to be viable for MEG measuremets:

1. They require a sensitivity to magnetic fields of the order of 10− 1000 fT;

2. Their operational range should be at least 1 − 100 Hz in order to include

the frequency range of spontaneous and induced responses (in fact invasive

recordings suggest electrophysiological effects can extend up to 600 Hz [Cu-

rio, 2000]);

3. They need to be small enough so that multiple sensors can be placed as close

as possible to the subject’s head, to be able to accurately detect multiple

sources.

The most popular magnetometers with the necessary requirements for MEG

measurements are the cryogenically cooled Superconducting Quantum Interfer-
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Figure 1.6: Temporal scale of functional connectivity networks measured with
fMRI and MEG from minutes to the millisecond range [Damoiseaux et al., 2006;
Chang and Glover, 2010; Allen et al., 2014; Hipp et al., 2012; Brookes et al., 2011b;
O’Neill et al., 2015, 2017; De Pasquale et al., 2010; Baker et al., 2014]. Dynamic
connectivity will be explored in chapter 4.
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Figure 1.7: Sources of magnetic field noise by frequency in logarithmic scale.
Figure from [Hansen et al., 2010].

ence Devices (SQUIDs). SQUIDs have been instrumental in making MEG a vi-

able imaging technology, and commercially available MEG systems nowadays are

equipped with arrays of up to 300 SQUID sensors.

Whilst the rest of this chapter is dedicated to SQUID sensors (as all data

presented in this thesis were collected with a SQUID based MEG system), it is

worth mentioning that recently a number of other detectors have been successfully

used for MEG measurements such as High-TC SQUIDs, HyQUIDs and Optically

Pumped Magnetometers (OPMs). High-TC SQUIDs are based on superconductive

materials with a higher critical temperature than conventional SQUIDs, requir-

ing liquid nitrogen (77K) instead of expensive liquid helium cooling (4.2K). The

HyQUIDTM (Hybrid Quantum Interference Device) is a class of sensor with sen-

sitivity ostensibly better than the SQUID, operating at TC < 4K maintained

through pulse tube cooling [Shelly et al., 2016]. HyQUID based MEG systems

are commercially available by York Instruments, but at the moment of writing

no MEG work using this system has been published. The development of OPMs

for MEG applications has seen perhaps the most significant progress in the last
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few years, with laboratories now working on multi-channel systems [Borna et al.,

2017; Boto et al., 2018; Iivanainen et al., 2018]. Although they operate on a nar-

rower frequency range and have marginally lower sensitivity than SQUIDs, OPMs

work at body temperature and can be positioned much closer to the head (in a

configuration similar to an EEG cap), therefore detecting higher magnetic field

amplitudes, giving higher signal to noise, and having the potential for improving

source localisation [Boto et al., 2016; Iivanainen et al., 2016]. Some of the lat-

est work has also shown that OPMs can record data during un-constrained head

movement, while maintaining a signal quality surpassing that of conventional EEG

and MEG systems [Boto et al., 2018].

1.4 Superconductivity

Superconductivity is a phenomenon by which a material cooled below a specific

temperature, called the critical temperature TC, conducts electricity with zero

electrical resistance. Heike Kamerlingh Onnes, the physicist to first liquefy he-

lium, discovered superconductivity in 1911 while studying the electrical resistance

of mercury [Onnes, 1911]. Superconductors, unlike an ideal perfect conductor,

expel the magnetic flux within the conductor after reaching their critical temper-

ature, meaning that inside a superconductor the magnetic field B = 0. This prop-

erty, called the Meissner effect [Meissner and Ochsenfeld, 1933], is only destroyed

when the magnetic field around the superconductor reaches a critical amplitude.

According to their response to magnetic fields, superconducting materials are clas-

sified in two categories. In type I superconductors, superconductivity is destroyed

after reaching a critical magnetic field HC . Type II superconductors, instead, ex-

hibit a transition period where after reaching a lower critical field HC1, magnetic

flux starts to penetrate the superconductor lattice until superconductivity is lost

when a higher critical field HC2 is reached. Superconductors with high critical

fields, suited for superconductive magnets and magnetometers, are usually type II
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and made of alloy materials (e.g. NbTi, Nb3Sn).

Superconductivity was described at the microscopic scale by Bardeen, Cooper

and Schrieffer in 1957, in what is now referred to as BCS theory [Bardeen et al.,

1957]. Microscopically, electrical resistance can be thought to arise from free

electrons colliding with the crystal lattice (phonon) and impurities in the conduc-

tor material. According to BCS theory in a superconductor electrons travelling

through the lattice can briefly distort the crystal structure, creating a “wake” of

positive charge, that will then attract a second electron. This long range phonon

interaction binds pairs of electrons together, called Cooper pairs. Cooper pairs

behave like Bosons enabling multiple pairs to occupy the same quantum state.

The distance between the first and second electron is called the coherence length

and depends on the conductor material (usually several times the inter-atomic

spacing). Quantum mechanically Cooper pairs are described by the same wave

function, spatially limited by their coherence length: as multiple Cooper pairs

exist simultaneously their wave functions overlap, forming a coherent condensate.

In this condensate state, breaking one Cooper Pair will cause an unfavourable

change in the energy of the whole system, so that small thermal interactions are

not enough to affect it. The energy required to break a Cooper Pair is called

the energy gap and it is equal to 3.5kBTC , where TC is the superconductor criti-

cal temperature. The repulsive Coulomb interaction between the two negatively

charged electrons is comparatively short-range thanks to the screening effect of

the other electrons in the lattice, so that in a superconductive phase phonon inter-

actions dominate over Coulomb forces. We can mathematically describe the whole

ensemble of Cooper pairs with a macroscopic wavefunction or “order parameter”:

Ψ = |Ψ(r)|eiK·r (1.5)

where K is the wave vector of the condensate and |Ψ(r)| is the wave function for

its ground state (K = 0) [Feynman et al., 1965; London, 1948]:

We can obtain the total number of Cooper Pairs N in the superconductive
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condensate by normalising equation 1.5:

∫
V

ΨΨ∗dr = N (1.6)

Now by expressing the scalar product K · r = θ(r), i.e. the phase of the wavefunc-

tion dependent on position r, we can write the wavefuntion as:

Ψ =
√
ρ(r)eiθ(r) (1.7)

where ρ(r) is the spatial density of Cooper pairs. Since in weak fields the

density is approximately spatially invariant we can assume ρ(r) = ρ .

The momentum density is equal to the number of Cooper pairs times their

individual momentum p. Classically the momentum of a charged particle in a

magnetic field of vector potential A is given by:

p = mv + qA (1.8)

where m, v and q are the particle mass, velocity and charge respectively.

In the quantum mechanical formalism the momentum density ρp is equal to

the expectation value of the momentum operator −i~∇ , so that:

ρp = 〈Ψ| − i~∇ |Ψ〉 = −i~ 〈Ψ|∇ |Ψ〉 = ρ~∇θ(r) (1.9)

We now introduce the Cooper pair current density J = ρqv, so by rearranging

the equation for the velocity and substituting in equation 1.8:

p = ~∇θ = qΛJ + qA, Λ = m/ρq2 (1.10)

If we now consider a superconductive ring and integrate equation 1.10 around

its contour we obtain:

~
∮
C

∇θ · dl = q

∮
C

(ΛJ + A) · dl (1.11)
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Solving the integral on the left hand side gives ~ limrb→ra(θ(rb)−θ(ra)) = 2π~n,

with n ∈ Z, since our wavefunction Ψ(θ, r) must have the same value at the same

point inside the ring. For the right hand side of the equation we can assume to be

far from the surface of the superconductor so that J = 0 and than apply Stokes

theorem:

q

∮
C

(A) · dl = q

∫∫
S

∇×A · dS = q

∫∫
S

B · dS = qΦC (1.12)

Where ΦC is the magnetic flux through the closed loop. Finally we can see

that the flux through a superconductive ring is quantised as ΦC = 2π~n/q = nΦ0.

Since the charge of the Cooper pair q = −2e, the value of the flux quantum

Φ0 = h/2e = 2.07× 10−15 Wb.

1.5 Josephson’s Junction

Let’s now look at what happens with two superconductors separated by a thin

layer of insulating material. If the distance between the two superconductors is

small enough Cooper pairs may be able to tunnel through from one side of the

junction to the other, like electrons tunneling through a potential barrier. This

situation was first proposed by Josephson in 1962 [Josephson, 1962] and is now

referred to as a Josephson junction.

As before let us describe the wavefunctions of the electrons of the supercon-

ductors:

ψ1 =
√
ρ1e

iθ1

ψ2 =
√
ρ2e

iθ2

(1.13)

If the two superconductors sides have a potential difference V and they are

weakly coupled through the junction with a potential K, we can write their

Schrödinger’s equations as:
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i~
∂ψ1

∂t
= +

qV

2
ψ1 +Kψ2

i~
∂ψ2

∂t
= −qV

2
ψ2 +Kψ1

(1.14)

By substituting equations 1.13 into equations 1.14 we arrive at two sets of

equations for the time evolution of the electron densities ρ̇ and of the phases θ̇.

We find that the change of charges of the two superconductors ρ̇1 = −ρ̇2 = J ,

where J is the current through the junction:

J =
2K

~
√
ρ1ρ2 sin δ (1.15)

(where δ = θ2 − θ1):

If the potential difference V is maintained constant by an external battery the

charge densities in the superconductors will be reestablished and remain constant

over time. If we consider the two superconductors to be identical (so that they

are made with the same material and have the same number of Cooper pairs) we

then have ρ1 = ρ2 = ρ0, and we can write:

J = J0 sin δ (1.16)

where J0 = 2Kρ0/~.

The change in the phase difference is instead given by:

δ̇ = θ̇2 − θ̇1 = qV/~ (1.17)

and the time evolution of the phases is given by integrating the above equation:

δ(t) = δ0 + q/~
∫
V (t)dt (1.18)

The consequence of equations 1.16 and 1.18 is that when a DC voltage V0

is applied across the junction, the phase δ will rapidly change over time (since
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1.5. JOSEPHSON’S JUNCTION

qV0dt/~ � 1) causing no net current flowing across the junction, while in the

absence of a voltage a current −J0 < J < J0 will be able to flow from one side of

the junction to the other. The result of these equations is referred to as the DC

Josephson effect.

Let us now consider connecting two Josephson junctions in parallel as seen

Figure 1.8. The total current JTOT flowing through the system from point P to Q

will be equal to the sum of the currents JA and JB flowing through the individual

junctions. As both currents start from point P and end at point Q the change of

their phases ∆θPQ must be the same. We can calculate the total phase difference

over the path of current JA by adding the phase difference over the junction δA

to the phase difference given by equation 1.10 over the path (again considering

the current in the bulk of the superconductor to be negligible). The total phase

difference from one end to the other will then be:

∆θPQ = δA +
q

~

∫
pathA

A · dl (1.19)

The same will be true for current JB so that:

∆θPQ = δB +
q

~

∫
pathB

A · dl (1.20)

As ∆θPQ must be the same we find:

δB − δA = δ0 − eΦ/~ =
q

~

∮
A · dl =

2eΦ

~
(1.21)

Writing δA = δ0 − eΦ/~ and δB = δ0 + eΦ/~ we can define the total current

JTOT :

JTOT = JA + JB = J0(sin δA + sin δB) =

J0

[
sin

(
δ0 −

eΦ

~

)
+ sin

(
δ0 +

eΦ

~

)]
= 2J0 sin δ0 cos

eΦ

~

(1.22)
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1.5. JOSEPHSON’S JUNCTION

Figure 1.8: Schematic of a Josephson’s junction: Potential at a Josephson junc-
tion showing the overlap of the wavefunctions over the insulating barrier (left)
and diagram of two junctions in parallel allowing the detection of magnetic flux
[Feynman et al., 1965].

Since sin(δ0) cannot be larger than 1, it follows :

Jmax = 2J0

∣∣∣∣cos
eΦ

~

∣∣∣∣ (1.23)

So the maximum current through the two junctions system will vary periodi-

cally as a function of the magnetic flux through the closed loop. As Φ is a multiple

of the small flux quantum, a two junction system outputs a current which is in-

credibly sensitive to small changes of magnetic field, with a loop of 1 cm2 area

reaching its maximum current output with a field of just 10−11 T. The response

to magnetic flux of two Josephson junctions in parallel is the basis of dc-SQUID

sensors.

1.5.1 SQUIDs

Brain magnetic fields are routinely detected in current MEG systems by means of

SQUID sensors, i.e. Superconductive Quantum Interference devices. The SQUID

was introduced by James Zimmerman [Zimmerman et al., 1970] in the late ’60s:

SQUIDs were first used for detection of magnetic signals from the human brain at

the Massachusetts Institute of Technology [Cohen, 1972] following the first detec-

tion of biomagnetic signals from the human heart [Baule, 1963] and the measure-
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1.5. JOSEPHSON’S JUNCTION

Figure 1.9: Diagram of a SQUID: a flux transformer (FT) induces a magnetic
flux through the SQUID which is compensated by a feedback current [Vrba and
Robinson, 2001].

ment of brain alpha rhythms with lower sensitivity coils. The use of SQUIDs was

a large step forward in MEG detection, thanks to its higher sensitivity compared

to traditional inductive coils. The first MEG experiments used radio frequency

SQUIDs (rf-SQUIDs), a sensor composed of a single Josephson junction induc-

tively coupled to a readout circuit which operated at radio-frequencies. Their

popularity at the time came from the expensive manufacturing of Josephson junc-

tions. Nowadays thin film superconductors can be mass-produced, making the use

of the two junctions dc-SQUID the standard in MEG systems.

A diagram showing the operation of a typical dc-SQUID circuit is shown in

Figure 1.9. A small DC current is applied to the SQUID by the control electronics

so that the Josephson’s junctions are kept close to their critical current IC . When

the critical current is exceeded the flux through the SQUID loop will jump by a

quantum Φ0 causing a voltage drop across the junctions.

In an MEG system SQUIDs are placed far from the subject (e.g. higher in the

liquid helium dewar) to avoid sources of interference. Detection of neural magnetic

fields is achieved through flux transformers coupled to the SQUIDs sensors. The

flux transformers consist of superconductive pick-up coils placed close to the head

carrying the magnetically induced currents with no dissipation. The pick-up coils

are then connected to a flux transformer that is inductively coupled to the SQUID

sensors. It is worth noting that pick-up coils are only able to detect magnetic

fields normal to the coil area, in accordance with Lenz’s law. From this follows

the very important consideration that SQUID based MEG systems are insensitive
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to radially oriented dipole sources (we will explore the physical modelling of signal

sources in more detail in chapter 2).

When the flux transformer induces a magnetic flux through the SQUID, the

ring will respond with a shielding current IS that will work to maintain the flux

through the SQUID constant by inducing an opposite flux ΦS = LIS dependent on

the inductance L of the SQUID. The shielding current exceeds the critical current

causing a voltage drop across the ring which is detected by the electronics. The

result is a periodic current output in the SQUID circuit as shown in Figure 1.9.

In order to obtain unambiguous information about magnetic field changes,

SQUIDs need to operate within half a period of oscillation (i.e. half the flux

quantum Φ0). This is achieved by operating the SQUIDs in a closed (or “fluxed

locked”) loop: the magnetic flux in the SQUID is locked at a constant value using a

negative feedback current. The flux is locked at the sharpest point of the response

curve where the transfer function VΦ = ∂V /∂Φ is approximately linear. Any

changes in flux through the loop will change the voltage VΦ, which will quickly

be brought back to its locked point by the feedback circuit. It is the voltage of

this feedback circuit across a load resistor that is read as output of the dc-SQUID

magnetometer.

1.5.2 Gradiometers

In MEG we are interested in the magnetic fields produced by the neurons. As these

fields decay quickly over distance SQUIDs pick-up coils are placed as close to the

head as possible to maximise sensitivity. In order to reduce environmental noise

MEG systems usually operate in magnetically shielded rooms (MSRs), bringing

the background field to∼ 25nT [Holmes et al., 2018]. Shielded rooms are necessary

to remove most sources of electrical interference, such as laboratory electronics and

the earth magnetic fields. Still, magnetic shielding is not always effective at dealing

with low frequency noise (< 10 Hz). Further, some sources of interference still

remain in the shielded room such as magnetic noise from the body that is orders
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Figure 1.10: a) Example of pick-up coils in a magnetometer, axial gradiometer and
planar gradiometer arrangement. b) Diagram showing the principle of an axial
gradiometer: far away sources of noise have a small gradient over the gradiometer
baseline, while a neuromagnetic signal, closer to the gradiometer, contributes more
to the detected magnetic field gradient.

of magnitude larger than brain spontaneous oscillations (see Figure 1.7). For these

reasons, in order to improve noise reduction, pick-up coils can be arranged in a

gradiometer configuration.

Gradiometers measure the magnetic field gradient between two points and

in doing so cancel out the contributions of far away sources of interference. The

distance between the two pick-up coils, called the gradiometer baseline b, is usually

in the range of 3-8 cm and must be optimised to achieve the best signal to noise

for a typical depth of sources [Vrba and Robinson, 2001]. For pick-up coils of area
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A and vector normal to the surface n the flux of an ideal gradiometer is given by

g = AnT


∂Bx/∂x ∂Bx/∂y ∂Bx/∂z

∂By/∂x ∂By/∂y ∂By/∂z

∂Bz/∂x ∂Bz/∂y ∂Bz/∂z

b (1.24)

where b is the gradiometer baseline vector.

The typical pick-up coils for magnetometers and the most common gradiome-

ters are shown in Figure 1.10. Magnetometers have the best sensitivity to deep

brain sources, while being most affected by sources of noise. Planar gradiome-

ters maximise sensitivity to very close sources, such as the brain cortex, but have

poor resolution to deeper sources: their main limitation is the planar separation

(i.e. gradiometer baseline in the x-direction) as a longer baseline improves depth

coverage, but will reduce the sensor density on the head. Axial gradiometers (in

use in the CTF MEG scanners) have better sensitivity to deeper sources com-

pared to planar gradiometers, while still offering the better signal cancellation of

a gradiometer arrangement. The axial gradiometer is formed by two loops dis-

placed along the direction normal to the pick-coil loop. The two gradiometer coils

are wound in opposite directions and connected to the SQUID by the same lead

so that magnetic fields invariant over the two gradiometer coils will cancel out.

Closer sources, like post-synaptic dipole fields falling off as 1/r2, will instead be

mostly preserved.

1.5.3 Higher order gradiometers

In principle it is possible to build gradiometers with more than two pick-up loops,

to form second, third or even higher order gradiometers. Hardware solutions

for higher order gradiometers are often impractical to build for MEG systems,

but synthetic gradiometers, implemented through software or firmware, can offer

equivalent improvements in noise cancellation. Synthetic gradiometers are often
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Figure 1.11: Example of 60s empty room noise recording with a 275 channel CTF
MEG system. A) Data output of MEG sensors grouped by location (zoomed
in to show 1s of data, left) and their overlaid frequency spectra in logarithmic
scale (right). B) The same recording in A) corrected with third order synthetic
gradiometers. The noise floor between 1 − 150 Hz is reduced to ∼ 10fT. The
remaining peaks at 50, 100 and 150 Hz are caused by the electric leads.
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Figure 1.12: Diagram of CTF MEG dewar a) and experimental set-up b). Figures
adapted from [Vrba and Robinson, 2001].

used in conjunction with reference sensors arrays (SQUID magnetometers and gra-

diometers) which are usually positioned about 20 cm from the main MEG sensors.

The noise contribution at the main MEG sensors can be calculated by expanding

into a Taylor series the magnetic field of the reference signals about the primary

sensors’ location. Using this technique allows for the construction of second and

third order gradiometers [Vrba and Robinson, 2001]. Synthetic gradiometers can

substantially improve the signal to noise of MEG sensors, including at low (vi-

brational) frequencies, and their effect is additive to the magnetic shielding of an

MSR. Figure 1.11 shows an example of the effect of gradiometers on background

noise in real MEG data.

1.5.4 The CTF-MEG system

The MEG data presented in this thesis were collected with a 275 channel CTF

MEG scanner at the Sir Peter Mansfield Imaging Center of the University of

Nottingham. A simplified diagram of the MEG laboratory is shown in Figure

1.12. The MEG scanner is mounted on a gantry and positioned in a µ-metal

magnetically shielded room. The gantry, together with an adjustable chair, allows

the experimenter to record in upright or supine positions. CTF scanners use 275

axial gradiometers and 29 reference sensors for third order synthetic gradiometry
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correction. The pick-up coils are arranged in a fixed helmet to cover as much of the

head as possible. The pick-up coils and the SQUIDs are housed in a dewar where

they are immersed in a bath of liquid helium to maintain superconductivity. Three

head localisation coils are attached to the subject at the nasion and left/right

preauricular points. The coils are energised at frequencies > 1000Hz during data

collection in order to track the head motion of the subject in the scanner. As

MEG is a passive technique it does not involve any type of radiation and it is

inherently safe for subjects. The only risk is posed by the liquid helium in the

dewar; as cryogenic liquids expand quickly they can substitute breathable air when

evaporating. Evaporation rates of helium in the MEG dewar are routinely checked

and an oxygen monitor is always placed inside the MSR when a subject is present.

An intercom is used to communicate with the subject and a camera in the MSR

is used for video monitoring. Within the shielded room the noise floor of sensors

with third order gradiometer correction is ∼10fT for frequencies > 1Hz (see Figure

1.11). Routinely MEG data are collected with a 600 Hz sampling rate, though

higher sampling rates, such as 1200 Hz, are possible e.g. to detect entrainment in

visual cortex. The acquisition and stimulus computers, as well as the electronics

for data collection, are kept outside of the MSR. The stimulus computer is used to

control experimental stimuli via peripheries such as a projector and somatosensory

stimulation pads. The stimulus computer is connected to the acquisition computer

through parallel port so that digital markers (triggers) can be used to synchronise

the experimental paradigm and stimuli presentation to the MEG data. A long

throw projector for the presentation of visual stimuli is also kept outside the MSR

to avoid magnetic noise. Visual stimuli are back projected onto a screen through

a hole in the MSR and adjustable mirrors are used to center the visual images on

the screen in either upright or supine position.
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Chapter 2

Functional connectivity assessment
in MEG

This chapter covers the basics of MEG source reconstruction, from the electromag-
netic principles behind the forward model (including mathematical derivations for
a spherical conductor) to the beamforming inverse solution. In the second half of
the chapter we will cover the analysis methods for estimation of functional con-
nectivity on source localised MEG data and technical considerations to deal with
spurious connectivity estimates.

2.1 Forward solution

MEG sensors detect magnetic fields (or field gradients) at ∼ 300 discrete locations

around the head. When assessing neural activity it is of interest to localise the

source of the detected fields to separate functionally specific brain regions. The

first step in source localisation is to model the magnetic field induced by electrical

activity in neuronal populations. The physical laws of electromagnetic fields are

described by Maxwell’s equations:

∇ · E = ρ/ε

∇× E = −∂B

∂t

∇ ·B = 0

∇×B = µ

(
J + ε

∂E

∂t

) (2.1)
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where E and B are the electric and magnetic fields respectively, ρ is the charge

density and ε and µ are the permittivity and permeability of the propagating

medium.

When modelling neuronal activity in the brain we can simplify Maxwell’s equa-

tions by considering special conditions of the physical system:

1. First we can assume that the magnetic permeability of the brain, skull and

other tissues in the head is constant and equal to that of free space meaning

that µ = µ0;

2. Second, the oscillatory frequencies of interest are relatively low (< 1000 Hz,

see section 1.2) justifying the use of the quasistatic approximation.

For the quasistatic approximation to be valid the time derivative terms ∂E/∂t and

∂B/∂t must tend to zero. For the electric field this is true when 2πfε/σ � 1,

where σ is the conductivity of the propagating medium, ε the electric permittivity

and f the oscillatory frequency. Substituting for typical values of the brain tissue,

i.e. σ = 0.3Ω−1m−1, ε = 105ε0 and an oscillatory frequency f = 100Hz, we find

that 2πfε/σ ≈ 10−3 � 1. With the same parameters the spatial evolution of the

electric field i.e. ∇×E tends to zero for lengths < 65m [Hämäläinen et al., 1993].

Maxwell’s equations (2.1) can then be simplified to:

E = −∇V

∇×B = µ0J ∇ ·B = 0

(2.2)

Let us now consider the total current density in the brain, J. By the Biot-

Savart law we can obtain an expression for the magnetic field B outside the head

by integrating over a “volume conductor” G (i.e. the head volume) containing our

total current density J:

B(r) =
µ0

4π

∫
G

J(r′)×R

|R|3
dv′, (2.3)
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Figure 2.1: Single sphere model with dipole q at location rq in a spherical volume
conductor G. A detector is placed outside the volume at location r.

where r′ is a location inside the head, r is a location outside the head (where

a detector might be placed) and the vector R = r− r′.

As J corresponds to the current during post-synaptic events, we can divide

it into two components reflecting the primary current inside the cell JP , and

the volume current outside the cell JV . If we think of the volume current as

moving in the opposite direction to the primary current and propagating through

an homogeneous medium (i.e. the extracellular space) of conductivity σ we can

write:

J = JP + JV = JP − σ∇V, (2.4)

We now need to find V . Recalling the vector identity ∇ · ∇ × B = 0 and

applying it to equation 2.2 we see that ∇ · J = 0. It then follows from equation

2.4:

∇ · J =∇ · JP −∇ · (σ∇V ) = 0

=⇒ ∇ · (σ∇V ) =∇ · JP
(2.5)

The solution of equation 2.5 can be hard to compute unless we consider a

system with some specific symmetries [Sarvas, 1987].
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Figure 2.2: Illustration of a compartment model of the head for the forward solu-
tion. Each volume Gi has a specific conductivity σi and it is bounded by a surface
Sij seprating it from neighbouring volume Gj. n̂ is a vector normal to the surface
Sij.

2.1.1 The Geselowitz formula

Let us assume that our conducting volume is composed of homogeneous compart-

ments so that ∇σ 6= 0 only at the surface boundaries, as it is illustrated in Figure

2.2. The regions of uniform conductivity are named Gi, with i = 1, ...,m, their

conductivities σi and the surface boundaries between two regions Sij. By sub-

stituting equation 2.4 into equation 2.3 we can separate the primary and volume

current contributions to the magnetic field B:

B(r) =
µ0

4π

∫
G

(
JP (r′)− σ∇′V (r′)

)
× R

|R|3
dv′

= BP (r)− σµ0

4π

∫
G

∇′V (r′)× R

|R|3
dv′,

(2.6)

where BP (r) is the magnetic field induced by the primary current JP . The second

term of equation 2.6 is the volume current term BV (r), which is dependent on

conductivity σ. Considering our compartments model, BV (r) then becomes:

BV (r) = −µ0

4π

m∑
i=1

σi

∫
Gi

∇′V (r′)× R

|R|3
dv′ (2.7)

where we are summing over all volume compartments.
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Noting that R/|R|3 = ∇′(1/|R|) and recalling the identity ∇ψ × ∇φ =

∇× (ψ∇φ), we can write the integral in equation 2.7 as:

∫
Gi

∇′V (r′)× R

|R|3
dv′ =

∫
Gi

∇′× V (r′)
R

|R|3
dv′, (2.8)

Now, using the divergence theorem:

∫
G

∇×Adv = −
∫
S

A× n̂dS, (2.9)

to transform BV into a surface integral, we can write equation 2.6 as:

B(r) = BP (r) +
µ0

4π

∑
ij

(σi − σj)
∫
Sij

V (r′)
R

|R|3
× n̂dS ′, (2.10)

where we are summing over all region boundaries. This is known as the Geselowitz

equation for the magnetic field in a volume conductor [Geselowitz, 1970], where

the volume currents are mathematically modelled as fictitious surface currents.

2.1.2 The Sarvas Equation

In the case of a conductor with spherical geometry we can show it is possible

to obtain an expression for the magnetic field B(r) outside the head without

referring to the volume currents (i.e. independent of both conductivity σ and

electric potential V ).

Let us start by considering the radial component of the magnetic field, Br =

B · êr. In equation 2.10 the unit vector n̂ points normal to the boundary surface,

which for a spherical volume corresponds to the êr′ direction (see Figure 2.1). We

can then see that the radial component of the magnetic field given by the volume

currents is equal to zero:

BV · êr ∼ (R× n̂) · êr = (r− r′)× êr′ · êr = 0. (2.11)
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So Br depends only on the primary currents:

Br =
µ0

4π

∫
JP (r′)× R

|R|3
· êrdv′ (2.12)

In section 1.1 we saw that the main contributors to the MEG signal are post-

synaptic potentials that can be approximated as current dipoles (as shown in

Figure 1.3B). If we then consider our source to be a single current dipole q at

point location rq we can express the current density as:

JP (r′) = qδ(r′ − rq) (2.13)

where δ is the Dirac Delta function.

The integral in equation 2.12 then reduces to:

Br =
µ0

4π

∫
qδ(r′ − rq)×

R

|R|3
· êrdv′

=
µ0

4π
q× r− rq

|r− rq|3
· êr

(2.14)

We now need to go back to the vector field B including non-radial components.

From Maxwell’s equations (see eq. 2.2) we know that ∇× B = µ0J. Since the

current density is constrained inside the conductor it follows that outside the

volume J = 0 and ∇×B = 0. As we did for the electric field we can then express

the magnetic field outside the head in terms of a scalar potential U(r) as

B(r) = −µ0∇U(r). (2.15)

Since our problem has a spherical symmetry, in order to find an expression for

U(r) we only need to evaluate the line integral of ∇U(r) in the radial direction

outside the volume G. For a given r outside of G, we then integrate over r + têr,
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with 0 ≤ t ≤ ∞ and U(r) vanishing at infinity:

U(r) =−
∫ ∞

0

∇U(r + têr) · êr

=
1

µ0

∫ ∞
0

B(r + têr) · êrdt =
1

µ0

∫ ∞
0

Br(r + têr)dt

=
1

4π

∫ ∞
0

q× r + têr − rq

|r + têr − rq|3
· êrdt

= − 1

4π
q× rq · êr

∫ ∞
0

dt

|r + têr − rq|3
,

(2.16)

where we substituted the magnetic potential and field for equations 2.15 and

2.14 respectively, and simplified the radial component according to q× êr · êr = 0.

Following the derivation proposed by Sarvas1[Sarvas, 1987] we can write the

solution of the integral in the form

U(r) = − 1

4π

q× rq · r
F

, (2.17)

where F = a(ra+ r2− rq · r), a = r− rq and for ease of syntax a = |a| and r = |r|.

Now we can substitute U(r) in equation 2.15 to arrive at an expression for the

magnetic field outside the volume G:

B(r) =
µ0

4πF 2
(Fq× rq − q× rq · r∇F ) (2.18)

with ∇F = (a2/r+ a · r/a+ 2a+ 2r)r− (a+ 2r+ a · r/a)rq. From equations 2.17

and 2.18 it follows that a radially oriented dipole source in a spherical conductor

does not contribute to the magnetic field, i.e. q× rq = 0.

2.1.3 Multiple sphere extension

Approximating the volume conductor as a single sphere allows us to have a quick

analytical solution for the magnetic field generated by current dipole sources.
1Sarvas helpfully provides this solution without boring the reader with the details of the

integration. Prompted by the integral being “easy to compute” the author decided to spend a
weekend to re-familiarise herself with vector calculus and go through the derivation in appendix
A.
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Figure 2.3: Examples of forward solutions constructed with Sarvas’s equation
(2.18) for a homogeneous spherical conductor and Huang et al. [2009] multiple
sphere model. Magnetic field amplitudes are calculated at the sensor locations of
a 275 channel CTF MEG system. Figures A, B and C show the solutions, dis-
played in coronal, axial and sagittal views, for three orthogonal dipoles (indicated
by a black arrow) centred on the same location in the left sensorimotor cortex.
A) Forward solution for a radially oriented unit dipole, note the magnetic fields
tends to zero, i.e. radial dipoles are magnetically silent. B) and C) show forward
solutions for two orthogonal dipoles both laying in the tangential plane.
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Unfortunately the geometry of the head is not spherical, meaning that using a

single sphere model does not perfectly reproduce the magnetic fields outside it.

The most accurate approach for MEG forward modelling is to computationally

model the cortex, skull and the scalp through a boundary element model (BEM)

[Stenroos et al., 2014]. BEMs are highly beneficial in modelling the electric field in

EEG, due to the varying permittivity of tissues, but their improvement in estimat-

ing the MEG forward model is still debatable (given the homogeneous magnetic

permeability of the head, the necessary introduction of an estimated electrical con-

ductivity for the volume currents calculation, as well as the computational cost of

accurately modelling the cortical surface). An analytical solution with more realis-

tic geometry, known as the “multiple local sphere” model was introduced by Huang

et al. [1999]. The multiple spheres model is based on the idea that the spherical

model is still approximately valid if we independently build a new sphere for each

sensor so that, in the proximity of that sensor, the sphere optimally matches the

brain surface. The result is a model of overlapping spheres, where the lead fields

can still be estimated by equation 2.18. The multiple sphere model will be used

as the standard forward model in all the work presented in this thesis.

2.2 Inverse Problem

Using the forward solution we can model how the magnetic field propagates from

a dipole source in the brain to the MEG sensors. However in neuroimaging we

are interested in mapping the electrical activity at the source location. In other

words, given a series of magnetic fields measurements made outside the head, we

want to reconstruct the source dipole current distribution in the brain. This is

called the MEG inverse problem. It is mathematically ill posed as there is no

unique combination of sources responsible for any one field pattern. In order to

solve the problem we therefore have to set some assumptions or constraints.

We can start by considering the measured magnetic field bi(t) at each sensor i
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Figure 2.4: Schematic of multiple sphere model.

(i = 1, 2, ..., N , where N is the total number of MEG sensors). Given a dipole of

strength q(r′, t) there is a vector field l(r′), satisfying:

bi(t) =

∫
V

li(r
′)q(r′, t)dv′ (2.19)

l is called the forward field (derived from the forward solution) and models the

magnetic field at sensor i for a unit dipole at given location r′. As the location

and number of the sources is unknown we can simplify the problem by dividing

the brain into M discrete voxels, each containing a dipole source qj so that

bi(t) =
M∑
j=1

li,jqj(t). (2.20)

We can then express the magnetic field in matrix form:

B(t) = L · q(t), (2.21)
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L =



l1,1 l1,2 · · · l1,M

l2,1 l2,2 · · · l2,M
...

... . . . ...

lN,1 lN,2 · · · lN,M


, q(t) =



q1(t)

q2(t)

...

qM(t)


. (2.22)

where the lead field matrix L has dimensions N ×M and contains complete

information on how the dipoles in q(t) at the M voxel locations map on to the

N MEG sensors. Equation 2.21 is known as the generative model for MEG data,

describing how a current distribution creates the detected field. Mathematically

in order to solve the inverse problem we have to invert the generative model to find

q(t). Unfortunately L cannot simply be inverted as it is singular and not square.

This is the mathematical manifestation of the ill posed nature of the MEG inverse

problem. It follows that some sort of optimisation must therefore be used.

2.2.1 Beamforming

Beamforming is a popular inverse modelling technique that was originally devel-

oped for applications in radar and sonar, and has since found utility in M/EEG

source reconstruction. Beamforming was selected as the inverse method solution

for the work presented in this thesis, over other well-known approaches, such as

minimum-norm estimates (MNE) [Hämäläinen and Ilmoniemi, 1994], as beam-

forming solutions provide good estimation of oscillatory activity and its underly-

ing assumption of uncorrelated sources make it a prime choice for MEG functional

connectivity estimation [Brookes et al., 2011a] (see section 2.3.1 on spatial leak-

age). Beamforming is a spatial filtering technique meaning that it estimates the

strength of a dipole qθ(t) with some predetermined location and orientation given

by the vector θ. The basic premise is that qθ(t) is reconstructed based upon a

weighted sum of sensor measurements. Mathematically

q̂θ(t) =
N∑
i=1

wi,θbi(t), (2.23)
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or in matrix from

q̂θ(t) = wT
θ B(t), (2.24)

where q̂θ represents the beamformer estimate of the true dipole source strength

qθ obtained from the MEG data B. Almost all source reconstruction methods can

be cast in this way and they differ based on the formulation of the weights. In

beamforming the vector of weighting parameters wθ is determined to minimise

the source power originating from locations θ 6= θq, while maintaining all of the

signal coming from θq. Mathematically this can be expressed as:

minwθE
[
‖q̂θ‖2], subject to wT

θ Lθ = 1 (2.25)

The expectation value of the dipole magnitude squared can be estimated from

equation 2.24:

E
[
‖q̂θ‖2] = E

[(
wT
θ B(t)

)(
wT
θ B(t)

)]
=
[
wT
θ Cwθ

]
,

(2.26)

where C = E
[
B(t)B(t)T

]
is approximated by the covariance matrix of the

sensor data calculated over some time/frequency window of interest. A solution

for the weights can be found using the method of Lagrange multipliers [Van Veen

et al., 1997]. Following the solution detailed in Sekihara and Nagarajan [2008] we

can define the Lagrangian L and the scalar Lagrange multiplier κ with the form

L(w, κ) = wTCw + κ(wTL− 1). (2.27)

The weight vector w satisfying the conditions of the beamformer in equation 2.25

will minimise the Lagrangian L(w, κ). We can then find the derivative of L(w, κ)

with respect to w

∂L(w, κ)

∂w
= 2Cw + κL, (2.28)

50



2.2. INVERSE PROBLEM

and set it to zero to find its minimum

w = −κC−1L/2. (2.29)

As wTL = 1 it then follows from our minimum solution that κ = −2/[LTC−1L],

and substituting this back into equation 2.29 we arrive at the expression for the

beamformer weights [Van Veen et al., 1997]:

wθ =
C−1Lθ

LT
θ C−1Lθ

. (2.30)

The expression of the weights depends on the inverse of the covariance matrix,

which is estimated by the sensor data. In practice C can be close to singular

(matrix determinant� 1) meaning that while C−1 can be calculated the solution

will be unstable. It is possible to stabilise the beamformer source power estimation

by regularising the covariance matrix through Tikhonov regularisation [Tikhonov,

1943], so that

Cr = C + µΣ (2.31)

where Σ is the noise covariance matrix. The minimisation function therefore

becomes

minwθ

[
wT
θ (C + µΣ)wθ

]
, subject to wT

θ Lθ = 1, (2.32)

and the weights can be expressed as

wθ =
(C + µΣ)−1Lθ

LT
θ (C + µΣ)−1Lθ

. (2.33)

From equation 2.32 we see that beamformer regularisation acts to minimise

both the variance of the source signal wT
θ Cwθ, as well as random uncorrelated

noise wT
θ Σwθ. The regularisation parameter µ adjusts the balance between im-

proving the accuracy (i.e. the SNR) of the beamformer solution at the cost of

spatially broadening the filter (i.e. neighbouring sensors containing the same neu-
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romagnetic signals will be clustered together and hence source reconstructed time

courses in adjacent voxels will be highly correlated) [Brookes et al., 2008].

2.2.2 Source angle selection

So far in our derivation of the inverse solution we assumed that the location and

orientation θ of the source dipole is known. The orientation of the dipoles can

be assumed to be normal to an individual cortical mesh model [Dale and Sereno,

1993], but in practice this is not always feasible to compute accurately (e.g. in

the case of imperfect co-registration). The more common approach is to select

the orientation in a data driven way, so as to obtain the best SNR in a given

location. In spherical models this problem can be simplified further by fixing the

orientation to be tangential to the radial direction (as radial sources are silent), so

the orientation can be expressed by the azimuthal angle φ. As the total power over

time is given by wT
θ Cwθ, we can calculate weight vectors for dipoles at location r

with orientations ranging from 0 ≤ φ ≤ π and create a pseudo-Z statistic for each

estimated orientation as

Zr,φ =
wT

r,φCwr,φ

wT
r,φΣwr,φ

, (2.34)

where Σ is the noise covariance matrix [Vrba, 2002]. Equation 2.34 effectively

represents the beamformer projected signal to noise ratio. It is challenging to

perfectly estimate the sensor noise during the MEG data recording, and so we

usually assume that all sensors have equal noise, that is temporally independent

across sensors, so that Σ = ν2I, with ν2 being the variance of the noise and I

the identity matrix. The noise variance can then be estimated by the minimum

singular value of the data covariance matrix and a linear search for the maximum

Zr,φ determines the dipole orientation in the tangential plane. An alternative

method accounting for non-spherical models, and dipoles possibly oriented in the

radial direction, was proposed by Sekihara et al. [2004] where lead fields at location

r are calculated for unit dipoles at three orthogonal orientations [i, j, k], i.e. Lr =

[lr,i, lr,j, lr,k]. The optimum source orientation is then equal to the eigenvector
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corresponding to the minimum eigenvalue of the matrix (LT
r C−1Lr). In a spherical

model this effectively collapses to the same result in the tangential plane.

2.2.3 Induced responses localisation

Following equation 2.24 we can estimate the source time course at each selected

voxel location. When selecting voxels over the whole brain volume it is important

to note that the noise distribution will be different when moving away from the

sensors and this will affect the power of the estimated sources, i.e. far from the

sensors, noise power dominates over genuine source power. In beamformers the

weights in equation 2.30 have higher norm towards the center of the brain due to

the lead fields norm decreasing in the same direction. This causes a bias towards

the center of the brain with deeper sources having a higher variance. The effect

can be compensated by dividing the weights by their norm

‖wθ‖ =
√

wT
θ wθ

=

√
LT
θ C−1C−1Lθ

(LT
θ C−1Lθ)2

=

√
LT
θ C−2Lθ

LT
θ C−1Lθ

(2.35)

giving the depth corrected weights equation

wnorm
θ =

C−1Lθ√
LT
θ C−2Lθ

(2.36)

In order to determine the location of sources of interest over the whole brain

volume we can apply relevant statistics. Where we may be interested in absolute

source power we can calculate a pseudo-Z statistic

Z2
θ = Q̂2

θ/ν̂
2
θ , (2.37)

where Q̂2
θ = wT

θ Cwθ is the total power and ν̂2
θ = wT

θ Σwθ is the estimated noise

power. Rather than the absolute power of a source, when looking at task data we

are most often interested in sources showing significant changes in power relative
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to a control time window. In this case we can calculate the data covariance

C(a) during an active window of interest (a) and estimate the total source power

Q̂
(a)2
θ = wT

θ C(a)wθ and noise power ν̂(a)2
θ during the same time window. We

can then select a control window of the same duration (c), with covariance C(c),

source power Q̂(c)2
θ = wT

θ C(c)wθ and noise power ν̂(c)2
θ . In order to localise sources

showing power modulations in the active window compared to control we can build

a pseudo-T statistic:

Tθ =
Q̂

(a)2
θ − Q̂(c)2

θ

ν̂
(a)2
θ + ν̂

(c)2
θ

. (2.38)

2.2.4 Beamforming with anatomical atlases

In order to meaningfully interpret brain electrophysiological signals we are often

interested in looking at both their location and time evolution. MEG source

reconstruction allows us to reconstruct electrical activity at any arbitrary location

in the brain, usually on a regular grid, and identify areas with maximum variance

at some time of interest associated with task and/or stimulus presentation. We

can then obtain 5 dimensional data with location in 3-dimensional space, time

and frequency characteristics. The analysis of such multidimensional data-sets

are difficult because of the complexity of appropriate statistical techniques and

the requirements on computer memory. Therefore the analysis of MEG data is

often simplified by fixing some of the dimensional variables: filtering the signal at

a pre-determined frequency band and selecting time windows allows us to obtain

spatial information, or conversely, by selecting a voxel of interest we can generate

a time and frequency spectrum.

Another method to simplify the spatial information in MEG signal is to rep-

resent, with a single representative time course, the activity of multiple voxels in

a cortical region. As the human brain is functionally organised in anatomically

separate regions we can segment the cortex according to defined anatomical mark-

ers. This technique is called parcellation and anatomical atlases are referenced to
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Figure 2.5: Outer (left) and inner (right) views of an individual brain cortex
parcellated according to the MarsAtlas by matching key cortical sulci to a template
brain.

standard brains, obtained by averaging the brain anatomy of tens or sometime

hundreds of subjects [Mazziotta et al., 1995, 2001]. Several anatomical atlases are

available, with one of the most commonly used being the Automated Anatom-

ical Labeling (AAL) atlas [Tzourio-Mazoyer et al., 2002], which we adopted for

functional connectivity analysis in chapter 3. As part of the work presented in

chapter 4 of this thesis, we instead selected the MarsAtlas [Auzias et al., 2016], a

cortical atlas with 82 regions of interest with more detail in parietal and frontal

cortex compared to the AAL atlas (see Figure 2.5), thus potentially offering better

spatial discrimination in studies involving the sensorimotor system.

Time course estimate: centroid, Gaussian Kernel, PCA

After parcellating the brain, the next step is to determine a single representative

time course for each regions of interest. The simplest method is to select the

centroid of the ROI volume and calculate the source reconstructed time course

at that location. When using beamforming a high regularisation parameter (e.g.

5% of the maximum singular value of the covariance matrix) is used in order to

spatially smooth the result and simultaneously improve the signal to noise of the

solution. Another approach is to calculate all virtual electrodes within the ROI

and scale their amplitude based on a spatially decaying Gaussian Kernel with

maximum on the centroid location. The scaled time courses are then summed
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Figure 2.6: Diagrams of the principle of Amplitude Envelope Correlation (left)
and Phase Locking Value (right).

together to obtain an average representation of the whole region. In some cortical

atlases closely following the cortical surface, such as the MARS atlas, the centroid

often falls outside the ROI volume. In this case Principal Component Analysis

(PCA) can be used to select the principal component of all voxels within the ROI.

2.3 Functional Connectivity

The temporal complexity of MEG signals means that a number of models to char-

acterise functional connectivity have been proposed. Most of these can be divided

into two categories which exploit either phase or amplitude information. Phase

methods (e.g. coherence, imaginary coherence, phase locking value or phase lag

index) seek to measure a stable phase relationship between band limited signals

measured at spatially separate locations. Amplitude methods (e.g. amplitude en-

velope correlation) seek to characterise temporal correlation between the envelopes

of those same band limited signals. Both classes of metric are implemented in the

work presented in this thesis and are described here in detail.

• Amplitude Envelope Correlation (AEC) [Brookes et al., 2012; Hipp

et al., 2012]: Reconstructed data, q̂seed(t) and q̂test(t) (derived from equation

2.24 at locations θseed and θtest) are frequency filtered into a band of interest
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and Hilbert transformed to derive their analytic signal, Hseed and Htest. The

absolute value of the analytic signal is then computed to generate the Hilbert

envelope of band limited oscillations (see Figure 2.6). Pearson correlation,

measured between amplitude envelopes then yields an estimate of amplitude

envelope based functional connectivity.

AEC = corr(|Hseed|, |Htest|) =
|Hseed||Htest|T√

|Hseed||Hseed|T
√
|Htest||Htest|T

(2.39)

where each envelope |H| has been mean corrected.

• Coherence (Coh) and Imaginary Coherence (ICoh): Denoting x =

q̂seed(t) and y = q̂test(t) coherency is calculated as

Cxy(f) =
Sxy(f)√

Sxx(f)Syy(f)
, (2.40)

where Sxy denotes the cross spectral density (if x 6= y ) or auto spectral

density (if x = y). The result, Cxy(f), is a complex number, the magnitude

of which is between 0 and 1, with high values indicating the presence of a

strong fixed phase relationship between q̂seed(t) and q̂test(t) at frequency f .

Coherence is then defined as the absolute value of coherency Coh = |Cxy(f)|

and, for frequency band analysis, it is averaged over the frequency range of

interest. Imaginary coherence [Nolte et al., 2004] is simply the imaginary

part of coherency ICoh = Im[Cxy(f)], and is often employed to remove zero-

phase-lag effects, which are artefactually inflated as a result of the ill-posed

inverse problem smearing a single source over many neighbouring voxels (i.e.

signal leakage, see section 2.3.1).

• Phase Locking Value (PLV) [Lachaux et al., 1999] assesses the extent to

which the phase difference between two signals changes over time; high PLV

indicates a phase difference that remains constant (i.e. a fixed phase relation-

ship), reflecting instantaneous (zero-phase difference) or lagged (non-zero
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phase difference) communication between neuron assemblies. q̂seed(t) and

q̂test(t) are frequency filtered and Hilbert transformed to generate the ana-

lytic signals Hseed(t) and Htest(t). Instantaneous phases of the two signals,

φ̂seed(t) and φ̂test(t), are then extracted, as φ̂x = atan(Im[Hx(t)]/Re[Hx(t)]),

and the phase difference generated so that ∆φ̂(t) = φ̂seed(t)− φ̂test(t). Phase

locking value is defined as

PLV =
∣∣∣〈exp

(
i∆φ̂(t)

)〉∣∣∣ (2.41)

Phase locking value is usually estimated in overlapping time windows as

phase relationships are only expected to last for a few tens of milliseconds

(depending on the frequency band of interest).

• Phase Lag Index (PLI) [Stam et al., 2007] is related to PLV but eliminates

the zero phase lag components to avoid overestimating connectivity due to

signal leakage effects. PLI is defined as

PLI = |〈sign(Im [Ψ])〉|

with Ψ = exp
(
i∆φ̂(t)

) (2.42)

where the imaginary part eliminates any linear relationships and taking its

sign assigns a binary value at each time point t corresponding to q̂seed(t)

leading or lagging over q̂test(t). A modified version of PLI, called weighted

PLI (wPLI) was proposed by Vinck et al. [2011]:

wPLI =
|〈Im[Ψ])〉|
〈|Im[Ψ]|〉

(2.43)

• Phase Difference Derivative (PDD) [Breakspear et al., 2004] is a dy-

namic connectivity measure based on phase locking. Starting with the phase

difference time course ∆φ̂(t) we estimate its rate of change over time i.e.

its time derivative d∆φ̂(t)/dt, if the phase difference is constant over time
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(phase-locking) it follows that the phase derivative will tend to zero, con-

versely a high value of phase derivative implies that the phase relationship

of the two time courses is independent. The “phase difference derivative”

metric has been originally defined as a binary time course

PDD(t) =


1 if

∣∣∣d∆φ̂(t)
dt

∣∣∣ ≤ k

0 if
∣∣∣d∆φ̂(t)

dt

∣∣∣ > k

, (2.44)

where k is a cut-off parameter depends on the sample frequency and fre-

quency band of the data. However, in order to avoid the arbitrariness of the

cut off parameter, a better implementation defines

PDD(t) = exp

{
−

∣∣∣∣∣d∆φ̂(t)

dt

∣∣∣∣∣
}
. (2.45)

As PDD is time dependent it can be be correlated with other dynamical

characteristics of the signal, such as signal amplitude in a frequency band

[Tewarie et al., 2018], and compared to task paradigms.

Note that whilst the above list contains some popular approaches it is not

an exhaustive list and other functional connectivity methods have been used in

the literature: for example Mutual Information [Palus, 1997] and Synchronisa-

tion Likelihood [Stam and Van Dijk, 2002] assess similarities in phase or ampli-

tude without assuming a linear relationship; Wavelet coherence [Grinsted et al.,

2004], similar to standard coherence, determines frequency characteristics through

wavelet transform. Some metrics also give information about the direction of infor-

mation transfer between two nodes, the most notable examples being Granger’s

Causality [Granger, 1969], Phase Slope Index [Nolte et al., 2008], Transfer En-

tropy [Schreiber, 2000] and Partially Directed Coherence [Baccalá and Sameshima,

2001]. However these metrics will not feature in the experimental work here pre-

sented.
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Metric Type Directed Linear Leakage

Amplitude Envelope Correlation Amplitude Coupling No Yes Yes
Coherence Spectral Coherence No Yes Yes

Imaginary Coherence Spectral Coherence No Yes No
Phase Locking Value Phase Coupling No No Yes
Phase Lag Index Phase Coupling No No No
Phase Slope Index Phase Coupling Yes Yes No

Phase Difference Derivative Phase Coupling No Yes Yes
Mutual Information Amplitude or Phase No No Yes
Transfer Entropy Amplitude or Phase Yes No No
Granger Causality Autoregressive model Yes Yes unsure

Partially Directed Coherence Autoregressive model Yes Yes unsure
Synchronisation Likelihood Generalised synchronisation No No Yes

Table 2.1: List of some of the most common connectivity metrics used in M/EEG
data (table adapted from O’Neill et al. [2018]). Functional connectivity metrics
are classified based on their type (e.g. amplitude or phase coupling), measurement
of directionality of information, assumption of a linear relationship between time
courses, and whether they are affected by spatial leakage.

2.3.1 Leakage correction

Due to the ill posed nature of the inverse problem source localisation is affected

by spatial blurring or “signal leakage”. This can result in two uncorrelated sources

having their reconstructed time courses erroneously correlated. If ignored, this

can artificially inflate the level of connectivity between two sources. The way

leakage propagates across the source space is non-trivial, and solutions need to

be implemented to reduce this effect on functional connectivity. Some have pro-

posed to use parcellation methods optimised to minimise spatial leakage, but this

approach comes with the caveat of spatial leakage being dependent on individual

head geometry and positioning with respect to the sensors, becoming difficult to

implement on multiple subject studies. Multiple solutions exist, though all are

currently based on the same principle: leakage propagates instantaneously due

to inverse reconstruction being time independent, so any zero-lagged relationship

between two sources must be discounted or removed from the data entirely. Ob-

viously, this does come at the expense of removing genuine zero-lag connectivity.

Some of the connectivity metrics described above, such as PLI and Imaginary Co-

herence, only consider non-zeros phase lagged relationships to avoid confounds of
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Figure 2.7: Glass brain representation of whole brain functional connectivity
viewed from above. Each dot corresponds to an ROI derived by an anatomi-
cal atlas, and lines indicate functional connections (connectivity) between two
ROIs, with colour intensity signifying strength of connectivity. The graphs show
the strongest 5% connections of the same beamformed time courses where ampli-
tude envelope correlation (AEC) was calculated without leakage correction (left)
and following leakage correction (right). Note that when no leakage correction is
applied functional connectivity is dominated by short range spurious connections
from spatially blurred sources. After linear correlations are minimised most spu-
rious connections disappear and real functional connections can emerge (in this
case an occipital network).

leakage. Other metrics, such as amplitude based AEC and phase metrics includ-

ing zero-lag relationships (e.g. Coh, PLV and PDD), require some correction to

eliminate linear dependencies in the source reconstructed signals.

Pairwise

A method to reduce leakage in connectivity estimation was proposed indepen-

dently by Brookes et al. [2011b] and Hipp et al. [2012] for amplitude envelope

calcualtions. Consider two beamformed time courses at separate locations q̂1 and

q̂2. Leakage effects mean that q̂1 and q̂2 will be artifactually mixed with zero-lag

such that

q̂1 = q1M + βq2 (2.46)
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Figure 2.8: Schematic of multivariate leakage correction method. Figure adapted
from [Colclough et al., 2015].

where q̂1 is the beamformer estimate of q1 and β is the effect size relating to the

leakage magnitude which can be estimated as

β = q̂1q̂
+
2 (2.47)

with q̂+
2 indicating the Moore-Penrose psuedo-inverse. Note that if we want to

estimate q̂2 without the effect of q̂1 we will formulate the problem as q̂2 = q̂2M +

β′q̂1 which will have β′ 6= β and for a zero-lag functional connectivity estimation

FC[q̂1M , q̂2] 6= FC[q̂1, q̂2M ]. Where we aim to estimate an all-to-all connectivity

matrix M (with size N ×N , where N is the number of ROIs) we thus estimate

Mij = (FC[q̂iM , q̂j] + FC[q̂i, q̂jM ])/2 (2.48)

where we must apply the pairwise correction and calculate connectivity indepen-

dently for all pairs of i, j = 1, . . . , N .

Multivariate

Another solution for leakage correction when dealing with all-to-all connectivity

assessment is to symmetrically orthogonalise the entire set of regions of interest si-

multaneously [Colclough et al., 2015]. The method is based of Löwdin orthogonal-

isation [Löwdin, 1950] and it produces a set of mutually orthognonal timecourses

in one single computation. The source localised data Z will have dimensions N×R
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with N ≥ R, where N is the number of time points and R the number of ROIs.

We are looking for a matrix P of orthogonalised time courses which has minimal

difference from the uncorrected data Z, i.e. the Frobenius norm

ε = ‖Z−P‖2 = trace[(Z−P)T (Z−P)] ∼ 0 (2.49)

should be minimised. As P should contain orthogonal vectors it can be expressed

as P = OD, where O is a matrix of orthonormal vectors and D is a diagonal ma-

trix, so that PTP = D2. According to Löwdin’s orthogonalisation ε is minimised

when O = UVT , where U and V are derived by the singular value decomposition

of ZD = UΣVT . Starting with D = IN , the identity matrix, we can then esti-

mate P by iterativly orthogonalising and adjusting the vector amplitudes. The

maximum number of time courses which can be orthgonalised this way is limited

to the rank of the data, which for source localised data will depend on the number

of MEG sensors, as well as on the duration and bandwidth of the data.

2.4 Statistical methods

One of the greatest difficulties of assessing dynamic functional connectivity is to

determine whether observed fluctuations over time are a result of a non-stationary

process or just an artifact of variability due to noise and changes of SNR [Betzel

et al., 2016; Hindriks et al., 2016; Lindquist et al., 2014]. In order to test for

significant differences in functional connectivity it is therefore necessary to apply

appropriate statistical tests.

Assessing significant differences in connectivity is relatively straightforward in

task data where it is possible to compare multiple active and control time windows,

or when studying clinical populations by comparing patient and control groups.

In these cases it is possible to build a null-distribution from the control group data

for each time point or window of interest. Differences between the tested condition
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and control group can then be assessed with non-parametric statistical tests, e.g.

Wilcox rank-sum test between the sample and control distributions, or a T-test,

where the null distribution of the connectivity difference can be constructed by

randomly permuting labels of the sample and control groups for N times (where

N � number of samples).

Following the example of fMRI [Hutchison et al., 2013] in recent years multiple

studies have been interested in assessing fast changes in functional connectivity

in the resting state in the healthy population. In these situations trial averaging

cannot be implemented nor it is possible to build a subject control group. Ob-

served fluctuation in functional connectivity will then have to be compared against

surrogate data presenting non-dynamic or “static” connectivity to test for spurious

fluctuations due to the choice of window.

2.4.1 Phase scrambling

One of the most popular methods for generating surrogate data is based on multi-

variate phase randomisation [Prichard and Theiler, 1994] which creates a surrogate

data matrix with the same dimensions of the original data, preserving its covari-

ance calculated over all time points N , but smoothing out covariance changes over

shorter time scales. Let us consider a univariate time series s(t) (with size N) and

its Fourier transform F[s(t)] = A(f) exp{iφ(f)}, where A(f) and φ(f) are the am-

plitude and phase of each Fourier component respectively. Phase randomisation

of s(t) is achieved by randomly rotating the phase of each Fourier component by

an angle η(f) such that

s̃(t) = F−1
[
A(f) exp

{
i
(
φ(f) + η(f)

)}]
. (2.50)

s̃(t) will have the same power spectrum of the original data and maintain its

autocorrelation. In the case of multivariate data (dimensions N × R) in order to

maintain the correlation between different signals we simply need to add the same
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random angle η(f) to all j = 1, . . . , R

s̃j(t) = F−1
[
Aj(f) exp

{
i
(
φj(f) + η(f)

)}]
. (2.51)

For each iteration of phase randomisation a new set of random angles η(f) will

be selected allowing the construction of a null distribution with the same static

spectral characteristics of the original data. Multivariate phase randomisation

has been shown to be effective in selecting significance threshold in MEG data,

particularly to account for signal leakage [Brookes et al., 2014].

When calculating significant time variability in functional connectivity phase

randomisation can be a useful technique to create a time course preserving time

averaged “stationary” connectivity for phase based connectivity metrics, particu-

larly coherence (equation 2.40) as the cross-spectral density is maintained.

When assessing changes in amplitude correlation (equation 2.39) an appropri-

ate null distribution from surrogate data will have to preserve linear correlation

of the signal envelopes i.e. stationary connectivity. The phase randomisation

method described assumes the data to be Gaussian: while this is approximately

true for the MEG source reconstructed signals, their envelopes are strongly non-

gaussian, i.e. applying equation 2.51 to mean correct envelopes will significantly

distort their covariance structure. A possible work-around, which has also been

proposed for correlations of the BOLD signal in fMRI, is to apply an amplitude

adjusted Fourier transform technique: an algorithm was proposed by Schreiber

and Schmitz [1996] which iteratively applies the original distribution of s(t) val-

ues to phase randomised data s̃(t) (from equation 2.51) so as to best match the

original power spectrum (i.e. maintain the covariance of the data).
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Appendix A

Sarvas solution for a uniform sphere

We start with equation 2.16 for the magnetic potential outside of a uniform con-

ductive sphere, induced by an electric dipole q (see Figure A.1):

U(r) = − 1

4π
q× rq · êr

∫ ∞
0

dt

|r + têr − rq|3
. (A.1)

Before we can solve the integral we need to expand the absolute value in the

denominator. Consider the cartesian coordinate system [êr, êv, êz] where r = rêr

and rq = (rq · êr)êr + (rq · êv)êv. We can then write

|r + têr − rq| = |(r + t− rq · êr)êr − (rq · êv)êv|

=
√

(r + t− rq · êr)2 + (rq · êv)2.

(A.2)

Using Sarvas suggestion we can define the vector

a = r− rq = arêr − avêv, (A.3)

with ar = a · êr = (r − rq · êr) and av = −a · êv = (rq · êv).

Using equation A.2 the integral in A.1 therefore becomes:

∫ ∞
0

[(ar + t)2 + a2
v]
−3/2dt (A.4)
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Figure A.1: Uniform conductive sphere with dipole source q and its location vector
rq lying on the rv-plane.

which can be solved with a trigonometric substitution:

tan(u) =
ar + t

av

t = av tan(u)− ar,
(A.5)

giving the differential
dt

du
=

av
cos2(u)

= av sec2(u). (A.6)

The integral in A.4 can then be solved as:

∫ ∞
t=0

[a2
v tan2(u) + a2

v]
−3/2av sec2(u)du =

1

a2
v

∫ ∞
t=0

[sec2(u)]−3/2 sec2(u)du =

1

a2
v

∫ ∞
t=0

sec−1(u)du =

1

a2
v

∫ ∞
t=0

cos(u)du =

1

a2
v

sin(u)

∣∣∣∣∞
t=0

(A.7)

where we used the trigonometric identity tan2(u) + 1 = sec2(u).

We now can use the transformation in A.5 to substitute back for t:

sin(u) = sin

(
atan

(
ar + t

av

))
=

ar + t

[(ar + t)2 + a2
v]

1/2
(A.8)
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and evaluate the integral limits in A.7:

1

a2
v

ar + t

[(ar + t)2 + a2
v]

1/2

∣∣∣∣∞
t=0

=
1

a2
v

[
1− ar

(a2
r + a2

v)
1/2

]
(A.9)

Now recalling that a2 = a2
r + a2

v (from A.3) we can write the integral solution as

a− ar
a · a2

v

=
a− ar

a(a2 − a2
r)

=
a− ar

a(a− ar)(a+ ar)
=

1

a(a+ ar)
(A.10)

and the magnetic potential U(r) in equation A.1 is now

U(r) = − 1

4π
q× rq · êr

1

a(a+ ar)

= − 1

4π
q× rq · êrr

1

ra(a+ r − rq · êr)

= − 1

4π
q× rq · r

1

a(ra+ r2 − rq · r)

(A.11)

which is the solution by Sarvas [1987] in equation 2.17.
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Chapter 3

Optimizing beamforming for static
functional connectivity

In this first experimental chapter we test how practical aspects of experimental
design affect the intra-subject repeatability of the MEG functional connectome;
specifically we assess the effect of coregistration method and data recording du-
ration. We show that the use of a foam head-cast, which is known to improve
co-registration accuracy, increased significantly the between session repeatability
of both beamformer reconstruction and functional connectivity estimation. We
also show that recording duration is a critical parameter, with large improve-
ments in repeatability apparent when using ten minute, compared to five minute
recordings. Further analyses suggest that the origin of this latter effect is not
underpinned by technical aspects of source reconstruction, but rather by a gen-
uine effect of brain state; short recordings are simply inefficient at capturing the
canonical MEG connectome in a single subject. The work described in this chapter
provides important insights on MEG experimental design for functional connec-
tivity studies. This work was published in NeuroImage in 2017 [Liuzzi et al.,
2017].

3.1 Introduction

The study of functional connectivity using magnetoencephalography (MEG) is

an expanding area of neuroimaging, and adds an extra dimension to the more

common assessments made using fMRI. This increase in popularity is driven by

growing importance of characterising electrophysiological connectivity, with nu-

merous demonstrations that connections are perturbed in pathologies [Friston,

1998; Guggisberg et al., 2008; Kessler et al., 2014; Schnitzler and Gross, 2005;

Stufflebeam et al., 2011; van Dellen et al., 2012]. However, demonstrations have

typically been made on large subject groups, with little attention paid to the ac-

69
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curacy of measurements within individual subjects. Such accuracy is critical if

MEG connectivity is to provide diagnostic and clinically relevant information.

To date, most studies that have examined the robustness of MEG connectivity

estimation suggest relatively poor reproducibility. For example, Wens et al. [2014]

showed that whilst group level connectivity within several well-known networks

is stable, there is significant variability at the individual subject level. Colclough

et al. [2016] tested the between session repeatability of a large number of func-

tional connectivity measurements, showing that although group level inference is

reliable, network metrics vary across individuals. The authors also showed that

even separate measures in a single subject lack reproducibility. Tewarie et al.

[2016] used MEG to predict the canonical RSNs observed in fMRI; whilst predic-

tions were robust at the group level, they fared less well within individuals and no

significant inter-individual differences in connectivity were predicted. Similarly,

O’Neill et al. [2017] showed that dynamic measures of functional connectivity are

also variable across subjects. Although the reason for this poor reliability is not

well understood, it likely results from a combination of genuine differences [Finn

et al., 2015] (i.e. even within a single subject, differences in brain state between

two experimental recordings could generate marked differences in network con-

nectivity) and instrumental imprecision. The reasons of the latter are MEG’s

low signal to noise ratio (SNR) due to environmental noise (discussed in chapter

1) and the ill-posed inverse problem in source localisation which reduces spatial

resolution (seen in chapter 2).

In this first experimental chapter, using simulations and experiments, we probe

how test-retest repeatability of functional connectivity in MEG can be optimised

by changing practical aspects of experimental design. We concentrate on two

parameters; recording duration and co-registration method. It is clear that longer

recordings will maximise SNR, and previous work [Brookes et al., 2008, 2010]

shows that source reconstruction accuracy and spatial resolution are improved
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as recording duration (or bandwidth) is increased. Here, using simulated and

experimental MEG data, we investigate the effect that changing recording duration

has on network connectivity. Investigating the effect of co-registration error in

real MEG data is challenging since such errors are inherent to all experimental

measures and no ground truth is known. Here, we address this issue by adopting

a recently developed approach, employing foam head-casts (constructed using 3D

printing) [Troebinger et al., 2014]. In what follows, we will show that recording

duration and co-registration have a marked effect on the repeatability of source

localisation, and functional connectivity. Our results will provide advice for the

design of future scanning protocols, particularly in studies of individual subjects.

3.2 Co-registration

The accuracy of source localisation is dependent not only on data quality, but also

on precise forward models (models of magnetic fields that would be observed at

the sensors given a known current distribution, see section 2.1). Forward models,

in turn, require accurate knowledge of the location and orientation of MEG sen-

sors relative to brain anatomy. Importantly (and perhaps counterintuitively) as

SNR is increased, the requirement for high spatial precision also increases. Un-

fortunately at present, co-registration (matching the MEG coordinates, i.e. head

position inside the MEG helmet, to an individual anatomical MRI) usually relies

on digitisation and surface matching procedures which can cause errors of several

millimetres that propagate into source reconstructions. If the potential of MEG

to characterise network connectivity in individual subjects is to be realised, then

these sources of error must first be minimised.

3.2.1 Standard

The position of the head relative to the MEG sensors can be continuously recorded

through fiducial coils (see section 1.5.4). Matching to an MRI coordinate space
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can then be achieved by accurately positioning the fiducial coils to identifiable

anatomical markers (naison, pre-auricolar points) or more commonly by digitising

the participant’s head surface along with the fiducial positions. At the Notting-

ham MEG laboratory the digitisation is achieved using a Polhemus FASTRAK 3D

digitiser system: a stylus is used to “draw” on the subject’s head creating a set of

triangulated points thanks to a transmitter, positioned behind the subject, and a

receiver, usually placed on top of the subject’s head. Inaccuracies in the digitisa-

tion can occur due to interference with the trasmitter/receiver (e.g. electronics or

moving metallic objects such as phones or watches) or often by movement of the

reference sensor, which is usually kept in place underneath a tight cap or taped

to the subject’s head. The localisation of the fiducial markers is compared at

the beginning and end of the head digitisation procedure in order to check that

coordinate mismatch is below 5 mm. When a set of 400 − 500 coordinate points

is collected they are then matched to the MRI head surface, extracted from an

isotropic MPRAGE sequence, through an iterative closest point algorithm.

3.2.2 Headcast

A recently developed approach for improved co-registration (relative to the stan-

dard approach above) employs foam head-casts (constructed using 3D printing)

[Troebinger et al., 2014] with fixed slots for the fiducial coils (see Figure 3.1C).

The internal surface of these head-casts fits the subject’s scalp, whilst the external

surface fits the inside of the MEG scanner helmet. In this way we are able to lock

the head in place, minimising motion and co-registration error.

Here, for the head-cast co-registration, an anatomical MR image of the sub-

jects’ head was acquired using a 3DTFE (Turbo Field gradient Echo) sequence

running on a Philips Ingenia 3T system at a resolution of 1mm3. Sequence pa-

rameters (TR = 4.5ms; TE = 1.97ms; FOV (ap,fh,rl) = 256 × 256 × 183; Ori-

entation: sagittal; BW = 775 Hz) were optimised such that the scalp and face
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3.2. CO-REGISTRATION

Figure 3.1: Subject specific foam head-cast. A) Sagittal slice showing the anatom-
ical MRI scan. B) Scalp surface extracted from the MRI scan. C) i) Subject
wearing the foam head-cast. ii) Foam head-cast. iii) Head localisation coil in situ.
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surfaces were reconstructed accurately (i.e. a high bandwidth/voxel was used in

order to minimise spatial distortion due to susceptibility effects around the air

tissue interfaces). A single subject example is shown in Figure 3.1A. Following

acquisition, we used this image to generate a foam head-cast, the internal surface

of which was fitted to the subjects’ scalp, whilst the external surface was fitted

to the MEG scanner helmet. The procedure is described fully in Meyer et al.

[2017]. Briefly, a 3D mesh representing the outer surface of the head and face

was extracted from the anatomical MRI (see Figure 3.1B). This virtual 3D model

of the subjects’ head was placed inside a virtual realisation of the MEG helmet.

The head-model was augmented with spacing elements, to optimise the distance

between the scalp and sensors. In addition, a 3D representation of three head

localisation coils, used for localising head position in the scanner was added, with

coils placed at the nasion and left and right preauricular points. This 3D repre-

sentation of the head surface, spacers, and localisation coils was 3D printed and

placed inside a manufacturer-provided replica of the MEG-helmet. Finally, liquid

resin was poured into the negative space between the surfaces. This expands and

sets, resulting flexible foam subject-specific head-casts which can also house the

localising coils (see Figure 3.1C).

3.3 Simulations

In order to examine the effect of co-registration error and recording duration on

connectivity estimation, we first undertook a set of simulations. All simulations

were based upon the geometry of a CTF 275 channel axial gradiometer system (5

cm baseline) operating in third order gradiometer configuration. Brain anatomy,

head shape, and system geometry were based upon a real experimental recording

session. In everything that follows, the simulated sampling frequency was 600 Hz;

all simulated sources were assumed to be dipolar; the forward field was computed

using a multiple local sphere head model and the formula derived by Sarvas [1987]
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as described in section 2.1. The locations of all simulated sources were set accord-

ing to the centre of mass of 78 anatomically defined cortical regions, extracted

from the automated anatomical labelling (AAL) atlas.

Two dipoles, henceforth known as the seed and test dipole, were simulated

in homologous regions of somatosensory cortex, with locations and orientations

represented by θseed and θtest respectively. The vector θ represents both loca-

tion (set according to the AAL regions) and orientation, which was confined to

the tangential plane and set at a random angle with respect to the azimuthal

direction (see section 2.2.1). The dipole timecourses, denoted qseed(t) and qtest(t),

were simulated in order to mimic genuine functional connectivity between regions.

Mathematically,

qseed(t) = b(t) + e1(t),

qtest(t) = b(t+ τ) + e2(t).

(3.1)

Here, b(t) was generated by frequency filtering Gaussian noise into the beta

band (13−30 Hz). This was added to qseed(t) and a time/phase shifted version was

added to qtest(t) in order to simulate functional connectivity between locations.

In addition, e1(t) and e2(t), which represent two orthogonal beta band filtered

Gaussian noise timecourses, with amplitude equal to 30% of b(t), were added. In

this way, the simulated timecourses represent regional brain signals which exhibit

partial connectivity. Note that τ = 10 ms. To make the simulation more realistic,

in addition to the seed and test dipoles, we simulated a further 76 dipoles located at

the centres of mass of the remaining AAL regions. These “dipoles of no interest”

had amplitude equal to 5% of the seed and test signals. The final dataset was

simulated as

B(t) = aseedl(θseed)qseed(t) + atestl(θtest)qtest(t) +

[
76∑
i=1

ail(θi)qi(t)

]
+ E(t). (3.2)

Here, aseed and atest represent the amplitudes of the seed and test dipoles respec-
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tively. l(θ) represents the forward field for location/orientation θ. The summation

represents the contribution of the dipoles of no interest and E(t) represents sen-

sor level interference. Notice that B(t), E(t) and l(θ) are vectors of dimension

Nchans × 1, where Nchans represents the number of MEG sensors. E(t) was gen-

erated using real MEG data from an empty room noise recording, acquired using

a 275 channel CTF system in third order gradiometer configuration, and filtered

into the beta band. The simulated SNR (defined as the ratio of the norms of the

field from all dipoles and the interference field) was set to 1.

Following simulation of MEG data, reconstruction in source space was achieved

via beamforming to generate estimates, q̂seed(t) and q̂test(t). Source orientation was

estimated by calculating the weights of 180 possible orientations constrained to

the tangential plane as describe in section 2.2.2 (equation 2.34).

Here, we chose 5 separate connectivity metrics: Amplitude Envelope Correla-

tion (AEC), Coherence (Coh), Imaginary Coherence (ICoh), Phase Locking Value

(PLV) and Phase Lag Index (PLI) (see section 2.3 for a detailed description of

the connectivity metrics): AEC assesses temporal correlation between the ampli-

tude envelopes of band limited signals; Coherence and Imaginary Coherence are a

measure of cross spectral density of two oscillatory signals; PLV and PLI estimate

a fixed phase relationships between neuronal signals, which are assumed to reflect

functional coupling, based on the concept of communication by coherence [Fries,

2005] (introduced in section 1.2). PLV and PLI were estimated as the average

over 50% overlapping 10 s long windows covering the whole simulated dataset

in line with previous work [Colclough et al., 2016; Fraschini et al., 2016]. As

AEC, Coh and PLV include zero-phase lag relationships prior to their calculation

we corrected for signal leakage. For our simulations, we used a simple pairwise

orthogonalisation between q̂seed and q̂test. For the experimental work described

later, we were interested in all-to-all connectivity between 78 cortical regions and

therefore we used a multivariate orthogonalisation scheme [Colclough et al., 2015].
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Figure 3.2: Schematic showing the basic principle of the co-registration error sim-
ulation. Note that co-registration error manifests as a difference between the true
lead field l(θ) and that used for reconstruction l̂(θ).

3.3.1 Co-registration errors

Co-registration errors and subject movement during an MEG recording represent

a stochastic error on the assumed locations of the MEG sensors with respect to

the head. This error manifests in source reconstruction as a difference between the

“real” lead field, l(θ), and the lead field used for beamformer reconstruction, l̂(θ).

Here, we simulated co-registration error by adding a random translational and

rotational error to the MEG sensor locations and orientations; this was achieved by

a simple coordinate transform. The absolute value of translational and rotational

error was fixed, while the proportions along or about each axis were randomised

with values taken from a Gaussian distribution. In other words, for translational

error, an absolute value was fixed at, say 1mm, but the direction of the error

was random. Similarly, for rotational error, a value was fixed, say 1◦ and the

axes about which this rotation occurred (the contribution of pitch, yaw and roll)

was random (see Figure 3.2). Our simulation added translational and rotational

error simultaneously and proportionally (i.e. 1 mm/1◦; 2 mm/2◦ and so on up

to 15 mm/15◦). For each absolute error value, the simulation was repeated 100
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Figure 3.3: Beamformer reconstruction accuracy (measured as correlation between
q(t) and q̂(t), left hand panel) and error in dipole orientation (right hand panel)
plotted against co-registration error. Shaded regions show standard deviation
across different simulated MEG datasets.

times (different error directions/rotations each time) and results averaged. This

whole process was repeated 10 times with different realisations of simulated dipole

timecourses. Results were averaged over iterations.

Figure 3.3 shows beamformer reconstruction accuracy plotted as a function of

co-registration error. The left hand panel shows correlation between the simulated

and reconstructed seed and test timecourses (i.e. temporal correlation between

qseed(t) and q̂seed(t) is given in blue and equivalently correlation between qtest(t) and

q̂test(t) is given in red). The right hand plot shows the angular error (in degrees)

between the simulated and reconstructed dipole orientation for the seed (blue) and

test (red) sources. Recall that simulated co-registration error (x-axes) represents

both a translation and rotation (i.e. a value of 10 means 10 mm translation error

accompanied by a 10◦ rotational error): translation and rotational errors were

combined as they showed comparable effects on the reconstruction accuracy. The

error bars show standard deviation across 10 independent runs of the simulation

(different realisations of simulated MEG data). As would be expected, a drop in

reconstruction accuracy is observed with increasing co-registration error, and this
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Figure 3.4: The effect on co-registration error on functional connectivity. A)
Functional connectivity between the simulated seed and test sources versus co-
registration error. B) The variability of functional connectivity across different
realisations of the co-registration error. Shaded regions show standard deviation
across different simulated MEG datasets. Dashed lines refer to connectivity cal-
culated without correcting for signal leakage.

is accompanied by an increase in the error on the reconstructed dipolar orientation.

Interestingly large beamformer reconstruction errors are observed even for modest

co-registration errors (e.g. an error of 10 mm/degrees reduces correlation between

simulated and reconstructed timecourses to ∼ 0.5).

Figure 3.4 shows the effect of co-registration error on functional connectivity

estimation for all 5 connectivity methods. In both plots, AEC, PLV, PLI, Coh

and ICoh are shown in blue, green, red, cyan and magenta respectively. The

shaded regions show the standard deviation across 10 realisations of simulated

MEG data. In Figure 3.4A, connectivity is shown, normalised to its true value

(i.e. a value of 1 would indicate perfect reconstruction of the connection strength).

Figure 3.4B shows variability in functional connectivity; this is computed as the

standard deviation of the functional connectivity estimate between the seed and

test sources, made using a single MEG dataset, with 100 different co-registration

errors. In other words, this variability simulates a case where the same data could

be acquired but with different co-registration errors. As for reconstruction accu-

racy, translation and rotational errors were combined as they showed comparable
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effects on the functional connectivity estimate. Note again the significant effect

of co-registration error; even for low (5 mm/degree) errors, the magnitude of the

connectivity estimate can fall sharply (e.g. to ∼ 50% of the value with no co-

registration error) and variability can be as large as 20% of the connectivity value

for the phase based metrics and up to 40% of AEC. Note that variability falls with

very large co-registration error since there is no genuine connectivity left.

3.3.2 Recording duration

Differences in recording duration were achieved by simulating different amounts

of MEG data. Data duration was varied between 20 s and 60 s in steps of 10 s,

and between 60 s and 560 s in steps of 30 s. For each duration, a MEG dataset

was simulated 10 times and results averaged over iterations.

Figure 3.5 shows the effect of recording duration on beamformer reconstruction

accuracy and functional connectivity estimation. Figure 3.5A shows beamformer

reconstruction accuracy (upper panel) and reconstructed orientation error (bottom

panel) both as a function of recording duration. The shaded area shows standard

deviation across simulation iterations, the blue curves show the seed source and

the red curves show the test source. Note that, in good agreement with previous

work [Brookes et al., 2008], the beamformer reconstruction accuracy falls sharply

when recording duration is less than approximately 60 s (see Figure 3.5A). This is

the result of a poorly estimated covariance matrix used for beamformer estimation.

Figure 3.5B (upper panel) shows connectivity estimation versus recording du-

ration. In agreement with Figure 3.5A, connectivity estimation improves with

recording duration as would be expected. However estimates tend to plateau af-

ter approximately 2 minutes of data are recorded. Note that this effect is purely

a result of errors in connectivity estimation, however in real data, genuine dif-

ferences in brain state (connectivity dynamics [Hutchison et al., 2013]) can also

cause variability in the connectivity estimate. This will be addressed further in
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Figure 3.5: The effect of recording duration. A) Beamformer reconstruction ac-
curacy (upper panel) and error in reconstructed dipole orientation (lower panel)
as a function of recording duration. B) Measured connectivity between the sim-
ulated seed and test timecourses (normalised to the true value). The upper plot
shows the case where beamforming and connectivity are calculated in a limited
window (i.e. x-axis represents total recording duration). The lower plot shows
a case where the beamformer parameters are calculated using 560 s of data but
the connectivity is calculated in a limited window (i.e. x-axis represents only the
connectivity window size).
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the real MEG data analysis. It is noteworthy that reducing recording duration

will effect connectivity estimation in two ways. First, beamformer reconstruction

accuracy will decline (as shown in Figure 3.5A). Second, following reconstruction

of timecourses q̂seed(t) and q̂test(t), estimation of connectivity between them will

be made using fewer data points, reducing its reliability. Here, to separate these

effects, we undertook measurements in which beamforming was applied using 560

s of data, and connectivity estimated in a smaller window. The results are shown

in Figure 3.5B lower panel. It is clear that the effects observed in Figure 3.5A

are dominated by the beamformer. I.e. If beamformer weights are calculated over

large windows, the effect of limited data duration on connectivity (down to 20 s)

are practically negligible.

3.4 MEG data

Three subjects (all aged 26, 2 male) took part in the study, which was approved

by the University of Nottingham Medical School Research Ethics Committee. All

subjects underwent a structural MRI scan, followed by 10 resting state MEG

recordings.

All MEG data were acquired using a 275-channel whole head CTF system in

third order synthetic gradiometer configuration. The subjects were scanned in

five separate sessions, on consecutive days. Sessions were conducted at the same

time each day for the same subject. Each session comprised two recordings, one in

which the subject wore the head-cast and one “standard” recording (with no head-

cast). For both scans subjects were asked to sit in the MEG system, keep as still

as possible and “think of nothing” while focusing on a centrally presented fixation

cross (projected onto a back projection screen ∼ 40 cm in front of the subject).

All acquisitions were 10 minutes in duration. The position of the subjects head

was measured continuously and a maximum movement of ∼ 5 mm was accepted.

Co-registration between the MEG sensor geometry was achieved in two ways:
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• For the head-cast acquisition, the coils were held rigidly in the head-cast and

their location relative to the brain anatomy was known from the virtual 3D

model of the subjects head used in the head-cast design. Co-registration was

therefore enabled by translating these known coordinates to the anatomical

MRI.

• For the standard acquisition, the coils were taped firmly to the subject’s skin

at the three fiducial locations. Prior to MEG acquisition, the coil locations

were measured relative to the scalp surface using a 3D digitiser (Polhe-

mus; Colchester, VT). Co-registration of MEG data to anatomical MRI was

achieved by matching the digitised head surface to the equivalent surface

extracted from the MRI.

It is noteworthy that the standard acquisition represents a procedure for co-

registration used routinely in most MEG laboratories, but is nevertheless prone to

inaccuracy. The head-cast has been shown as a useful methodology to minimise

co-registration error [Troebinger et al., 2014; Meyer et al., 2017].

All MEG data were inspected visually. Any segments containing artifacts

such as SQUID resets or excessive muscle activity were removed (eye-blinks were

not removed). Head movement was acceptable for all subjects and all sessions;

without the head-cast, subjects moved 2.5±1.7 mm (mean ± standard deviation

over sessions and subjects). With the head-cast, subjects moved 0.4±0.2 mm. A

maximum of 40 s of data per recording had to be removed for poor quality, making

the maximum available recording duration 560 s. Data were then frequency filtered

into the β range (13 − 30 Hz) using a least-square linear phase finite impulse

response filter, implemented in Matlab. For the functional connectivity analysis,

data covariance was estimated in the 1 − 150 Hz range and frequency filtering

in the beta band was run after the virtual electrode reconstruction. All results

presented here are based upon the beta band. The reason for this choice was a

weight of literature that points towards connections in many long range networks
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being mediated by neural oscillations in this range [Hall et al., 2014a; Hipp et al.,

2012; Hunt et al., 2016].

3.4.1 Source orientation consistency

An inherent limitation when using real MEG data is that, since no underlying

ground truth is known about the location or strength of an electrical source,

it is challenging to track the inaccuracies inherent to reconstruction. However,

the MEG signal is thought to be generated by synchronised electrical activity in

pyramidal neurons, which are oriented approximately perpendicular to the cortical

surface (as seen in chapter 1). This means that across two independent MEG

sessions, whilst the strength of the activity of such neurons may change, their

orientation, being defined only by anatomy, will not. For this reason, at any one

brain location, reconstructed source orientation for two independent MEG sessions

should be equivalent (a similar argument has been employed in work tracking the

efficacy of source reconstruction algorithms [Stevenson et al., 2014]). Using this

idea, we aimed to test the effect of co-registration method (head-cast and standard)

and recording duration, on beamformer reconstruction reliability across sessions.

A scalar beamformer (equivalent to that used above in our simulations section)

was used to reconstruct sources at the vertices of a regular 8mm grid spanning

the whole of source space (i.e. the whole brain). For beamformer reconstruction,

covariance matrices were generated independently for each acquisition. No regu-

larisation was employed in order to maximise spatial specificity. Modelled source

dipoles were limited to the tangential plane and source orientation was measured

as the direction with highest signal to noise ratio (equation 2.34). For every voxel,

and each recording, this optimum orientation was stored and beamformer repeata-

bility was inferred as the difference in orientation (measured as an angle) between

pairs of sessions within each subject (i.e. for a single voxel we compared orienta-

tion on - day 1 to day 2; - day 1 to day 3 and so on. 5 separate sessions gave 10
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Figure 3.6: Between session consistencies of beamformer reconstructed source ori-
entation. A) Histogram showing orientation difference (measured as an angle in
degrees) in beamformer source reconstruction between sessions. The red curve
shows the case with head-cast co-registration and the black curve shows the case
with standard co-registration. The main plot shows all subjects combined; inset
plots shows the three subjects separately on the same scale. B) Bar charts showing
the fraction of voxels (collapsed across subjects) with an angle error of less than
10 degrees. The three plots show the case for three different recording durations,
120 s, 280 s and 560 s.

comparisons). This analysis was undertaken separately for each individual, and

results were averaged across people. The analysis was undertaken independently

for three recording durations (560 s, 280 s, 120 s), and for the head-cast and

standard co-registration procedures.

Figure 3.6 shows the effect of recording duration and co-registration method

on the repeatability of the beamformer reconstructed orientation. The upper plot

shows a histogram of orientation differences between MEG sessions. I.e. the x-

axis represents the angular difference in orientation of a source at a single voxel in

a single subject scanned in two separate sessions. The y-axis shows the number

of voxels. The centre plot collapses data over all pairs of recording sessions and

subjects. The smaller plots (inset) show the case for each subject individually.
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The red line shows the case for head-cast co-registration; the black line shows

the case for standard co-registration. As expected, in both cases, beamformer

projected source orientations are consistent between sessions (histogram centred

about zero). However note that the spread of angles is less when co-registration is

achieved using a head-cast. This observation is further depicted by the bar charts

in Figure 3.6B, which show the fraction of voxels with an angular discrepancy

between sessions of less than 10 degrees. The three plots show the case for 120

s recordings, 280 s recordings and 560 s recordings. In order to test if there is a

significant increase in voxels count when using the head-cast we ran a permutation

test. An empirical null distribution of the voxel count difference was constructed

by pooling together the voxel count (of angular error below 10 degrees) from all

subjects and all between session comparisons (n = 60, 2 co-registration methods ×

3 subjects × 10 between session comparisons) and iteratively (10,000 iterations)

randomising the co-registration method label. We then tested the probability

that the observed difference fell outside the 95% confidence interval of the null

distribution. The head-cast shows a significant improvement (p-value < 10−10) of

the between session angular error compared to standard co-registration for all three

tested recording durations. These data confirm previous reports [Troebinger et al.,

2014; Meyer et al., 2017] in demonstrating the utility of head-cast technology to

improve the within subject consistence of MEG reconstructions. Also noteworthy

is the effect of recording duration, with a lower angle error with longer recordings;

this is particularly noticeable for the data recorded with a head-cast.

3.4.2 Functional connectivity consistency

Functional connectivity was assessed between 78 cortical regions defined according

to the AAL parcellation. Beamformer reconstructed signals were computed at the

centre of mass of each of these regions. Reconstruction was based upon either the

first 560 s, 280 s or 120 s of MEG data from each recording. The beamformer

was applied as described above. The 78 regional timecourses were orthogonalised
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using the multivariate method and functional connectivity between all possible

region pairs was then estimated. For each subject and each recording, this gave

a single 78× 78 connectivity matrix for each metric, showing beta band coupling

between all regions.

We aimed to test the between session reproducibility of intra-subject measures

of functional connectivity. To this end, all of the derived connectivity matrices

were first reshaped into one dimensional vectors, which we term connectivity vec-

tors (note that we removed the redundancy inherent in all connectivity matrices

due to their symmetry, as well as the leading diagonal which represents only con-

nectivity of a region with itself). Following this, we measured Pearson correlation

between connectivity vectors derived using MEG data acquired in different ses-

sions in the same subject. This was repeated for all session pairs. Data acquired

with and without the head-cast were treated separately and their comparison was

used to assess the effect of co-registration method. Correlation values were also

derived independently using either 560 s, 280 s or 120 s of MEG data to assess

the effect of recording duration.

In order to assess whether the effects of head-cast or data recording duration

were significant, a permutation test was employed. First, the values of correlation

between connectivity vectors for two conditions (e.g. head-cast or standard), for

all possible session pairs within a subject, and for all subjects, were averaged and

the difference calculated. This difference was then compared to an empirical null

distribution. To generate the null, we reasoned that if no effect was measurable

then the condition labels apportioned to different recordings would have no mean-

ing. These were therefore switched randomly and the difference between ‘sham’

conditions calculated. Comparison of the true value with the empirical null then

gave rise to a p-value. Significance was assigned for p-values less than 0.05.

Figure 3.7A shows a visual comparison of the connectivity matrices for all three
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Figure 3.7: Between session consistency of functional connectivity measurement.
A) Connectivity matrices for all three subjects and each of the five connectivity
metrics. 3D brain images show the top 10 percent of connections. B) Between
session correlation of measured connectivity vectors as a function of duration of
a recording. The 5 plots show the 5 separate metrics (AEC, Coh, ICoh, PLI and
PLV). The red lines show the case with the head-cast co-registration and the blue
lines show the case with standard co-registration. A star (*) indicates a significant
effect of co-registration method.
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subjects and each of the five connectivity metrics. Note that these matrices have

been averaged across all sessions (head-cast and standard) within each subject

using all 560 s of data. The 3D brains show a graphical representation of the

top 10% of connections. Figure 3.7B shows the between session correlation of

measured connectivity vectors for different recording durations. The 5 plots show

the 5 separate connectivity metrics (AEC, Coh, ICoh, PLI and PLV). The red

lines show the case with head-cast co-registration and the blue lines show the

case with standard co-registration. A star (*) indicates a significant effect of co-

registration, p-values less than 0.05, assessed with a permutation test of the two

condition labels, e.g. head-cast or standard.

Note that between session correlation is higher with the head-cast for all met-

rics, but this is only significant when using the phase based measures Coh, ICoh

and PLV. There is also a notable difference between metrics with AEC being the

most reliable measure across sessions, and PLI the least reliable. This is in agree-

ment with other published work [Colclough et al., 2016]. By far the biggest effect

comes from data recording duration, with reproducibility across sessions increasing

markedly when moving from 120 s to 560 s recordings.

Finally, Figure 3.8 show between session correlations of connectivity, inde-

pendently for each AAL region. Here, rather than measure correlation between

sessions over an entire connectivity matrix, correlation is measured column by col-

umn (i.e. for each AAL region independently). Red shows brain regions with high

between session reproducibility and blue shows regions with low between session

reproducibility. The left hand column shows the case for standard co-registration

and the right hand column shows the case for head-cast co-registration. The three

rows show three different recording durations. Panel A shows the case for AEC

and B shows the case for Coherence (selected since it proved to be the most reliable

(across sessions) of the phase based metrics). In agreement with results shown in

Figure 3.7, the significant effect of head-cast can be seen for the coherence mea-
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Figure 3.8: Between session correlation of functional connectivity, on a ‘per region’
basis. A) Between session correlations of connectivity profiles measured using
AEC in the beta band. The left hand column shows the case for standard co-
registration. The right hand column shows the case for head-cast co-registration.
The three rows show three different recording durations. B) Equivalent to A, but
for Coherence. Figures for PLV, PLI and Imaginary Coherence are included in
appendix B. C) Comparison of standard co-registration and head-cast for AEC
and Coherence. Each dot corresponds to the between session correlation of func-
tional connectivity from one AAL region to the rest of the brain. Gradient of the
linear fit is m = 1.0 for AEC (no improvement by using a head-cast) and m = 1.1
for Coherence (small improvement on a ‘per region’ comparison).
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surements. In addition, the comparatively large effect of recording duration can

be seen clearly. It is noteworthy that the highest between session reliability is

observed in the parietal and occipital lobes and this is consistent with functional

connectivity in beta band being dominated by these brain areas, as shown in Fig-

ure 3.7 (see also Hunt et al. [2016]). However it is important to point out that this

is likely because results are derived from resting state data. It is well known that

cognitive tasks induce strong transient activity and connectivity in frontal areas

[Fox et al., 2005; Brookes et al., 2014]. However, the signal to noise ratio of these

frontal networks is typically lower. We would therefore not only speculate that

the advantages of data recording duration and head-cast shown here, dominated

by the posterior brain areas, would be observed in frontal regions for task positive

data. But we also suggest that these advantages are potentially more important

in task positive studies in order to compensate for their lower SNR.

3.4.3 Within session consistency

Any observable effect of recording duration could result from two possible sources;

1) beamformer reconstruction error (i.e. similar to the underlying cause of the

effect shown in Figure 3.5) or 2) genuine differences in brain state. In order to

assess this, connectivity matrices were computed using two 280 s windows, or two

120 s windows, derived from the same session (e.g. within a single 560 s recording

in one session, we compare a connectivity matrix acquired in the first 280 s, to

a connectivity matrix acquired in the final 280 s). To eliminate the effect of

the beamformer reconstruction, the same beamformer weighting parameters were

used, i.e. beamformer weights were derived using data acquired across the whole

recording (encapsulating both time windows). It was reasoned that if an effect of

data duration was observed in the between session comparisons, but not the within

session comparisons, then such an effect would likely be due to the beamformer

reconstruction. However if an effect was measurable in both the between session

and within session comparisons, this likely represents differences in brain state.
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Figure 3.9 shows the within session consistency of both beamformer orienta-

tion reconstruction and connectivity calculation. Figure 3.9A shows a histogram of

orientation differences between different time windows within the same MEG ses-

sion. Here, beamformer reconstructed dipole orientation has been reconstructed

within the first 280s, and the final 280s of each MEG recording and compared

(i.e. Figure 3.9A shows orientation consistency within a MEG session, as distinct

from between MEG sessions as was shown in Figure 3.6A). The red line shows

the case with head-cast co-registration whereas the black line shows the standard

co-registration. Interestingly, the effect of the head-cast that was apparent in the

between session recording has been eliminated. This shows that, whilst between

session consistency is improved by using the head-cast, within session consistency

is approximately equal - this would be expected since the head-cast is predomi-

nantly improving co-registration error which does not change within a session.

Figure 3.9B (green and pink crosses) shows the correlation between connec-

tivity vectors measured using different time windows within the same recording

session. Note here that beamformer parameters are the same for all windows and

hence the effect of the beamformer is removed. The pink lines show within session

connectivity correlation with a head-cast and the green lines show within session

connectivity correlation without a head-cast. For comparison, the red and blue

lines show the equivalent between session values for comparison (i.e. these are the

same as in Figure 3.7). Note that the effect of head-cast co-registration on the

within session correlation is mostly eliminated. An improvement in reproducibility

for within session, compared to between session is observed, but this is most ap-

parent when comparing between session correlation using standard co-registration,

with within session correlation. Most importantly, the effect of recording dura-

tion remains. This implies that the significant effect of recording duration on the

reliability of functional connectivity (shown in Figure 3.7) is not down to beam-

former reconstruction accuracy, but rather represents changes in brain state, either

between session, or between time windows in the same session.
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Figure 3.9: Within session consistency of orientation reconstruction and functional
connectivity. A) Histogram showing orientation difference (measured as an angle
in degrees) in beamformer source reconstruction for multiple windows within a
single session. The main plot shows all subjects combined; inset plots shows the
three subjects separately on the same scale. B) Correlation of connectivity vectors
measured in multiple time windows in the same session. The 5 plots show the 5
separate connectivity metrics AEC, Coh, ICoh, PLI and PLV). The pink crosses
show the case with the head-cast co-registration and the green crosses show the
case with standard co-registration. For comparison, the red and blue dots show
the between session results (copied from Figure 3.6B).
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3.5 Discussion

We aimed to test how practical aspects of experimental design affect the intra-

subject repeatability of MEG functional connectivity measurement. Specifically

we assessed the effects of co-registration method and data recording duration on

the between session reliability of network estimation. Our results showed that the

use of a foam head-cast, which is known to improve co-registration accuracy [Meyer

et al., 2017; Troebinger et al., 2014], increased significantly the between session

repeatability of both MEG reconstruction accuracy and connectivity estimation.

This was the case for all MEG connectivity metrics, but was strongest for phase

based methods. Further, we showed that recording duration is a critical param-

eter, with large improvements in repeatability apparent when using ten minute,

compared to five minute recordings. Further analyses suggest that the origin of

this effect is not underpinned by technical aspects of source reconstruction, but

rather by a genuine effect of brain state.

Co-registration error has been identified as one of the most significant prob-

lems with MEG source reconstruction. Perhaps counter-intuitively, as the signal

to noise ratio of MEG measurements has increased (i.e. as system architecture

has improved), the sensitivity of source reconstruction, particularly using adap-

tive methods such as beamforming, to co-registration accuracy has also increased

[Boto et al., 2016]. This means that in modern multi-channel systems, even modest

errors in knowledge of sensor location and orientation relative to brain anatomy

generate a significant degradation in reconstruction accuracy. The extent of this

problem is shown clearly by our simulations. We show that even relatively small

errors have a significant impact on both beamformer reconstruction and connectiv-

ity estimation; for example, for simulated sources in left and right motor cortex,

a translational error in co-registration of 5mm, coupled with a rotational error

of 5◦ reduces reconstruction accuracy from 88% to 70%. Such errors propagate

to connectivity estimation, and have the effect of reducing the measured magni-
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tude of functional connectivity and increasing the variability of connectivity over

simulated recordings.

In real data, assessing the effect of co-registration error is challenging since the

ground truth of precisely where the head is with respect to the MEG helmet is

never known. Nevertheless, by exploiting the fact that source orientation, which

is defined purely by brain anatomy, should be constant across multiple MEG

acquisitions, we were able to show that source reconstruction accuracy is improved

significantly by the use of head-cast technology. In agreement with our simulations,

this improvement is translated to connectivity estimation with between session

reproducibility of connectivity significantly higher when using the head-cast for 3

of our 5 connectivity metrics. The biggest improvement was for coherence which

showed approximately a 20% improvement in between session reliability when

using the head-cast compared to standard co-registration. Interestingly, whilst a

significant effect of co-registration method was observed for 3 out of 4 phase based

metrics, the improvement in between session reliability for AEC failed to reach

statistical significance. There are two potential reasons for this: first, the between

session reliability of AEC is already high (∼ 70%, which is in line with previous

estimates [Colclough et al., 2016]). The effect of the head-cast may therefore be

minimised. Second, it could be that phase based metrics are more susceptible to

co-registration error than amplitude based metrics. It is noteworthy that of the 4

phase metrics, PLI also failed to show a significant effect of head-cast. However,

of all the measures tested here, PLI showed the lowest between session reliability

(∼ 25% - again in line with previous results [Colclough et al., 2016]).

Our co-registration results show clearly that both beamformer reconstruc-

tion and connectivity estimation are improved by the head-cast method of co-

registration. However, whether head-cast technology should become commonplace

for all MEG acquisitions is debatable. It is important to note that the three in-

dividuals who took part in our study were all experienced subjects (indeed this
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was evidenced by the relatively low levels of movement when they were scanned

without a head-cast). All three tolerated the use of the head-cast well, however

whether scanner naïve individuals would cope so well is unclear. The head-casts

are made from foam and are therefore relatively soft and comfortable to wear.

However, they do restrict head movement when the subject is in the scanner, and

subjects can become warm. This means, potentially, that some people (particu-

larly infants, or some patient groups) may find wearing a head-cast worrisome, or

claustrophobic. This could limit their utility for broader use. A second limitation

is cost: the head-cast construction process is relatively involved and costly, and

this may be prohibitive for studies with large subject numbers; the modification

of the design to a cheaper method, perhaps using only subject specific foam pads

rather than a whole head-cast, might be advantageous. Finally, even when using

a head-cast, co-registration error can arise due to, for example, movement of the

head localisation coils inside the cast, localisation of the magnetic signature of the

coils, or even differences in brain position within the skull between a seated MEG

measurement and a supine MRI measurement, meaning that co-registration will

always involve some inherent error. Overall, our results certainly provide sufficient

motivation to suggest that novel methods for co-registration should be sought for

future MEG investigations, particularly if individual subject results are required.

However, whether those methods should be limited to head-casts, or other (e.g.

optical) co-registration techniques remains a topic for future work.

The effect of recording duration manifests in two ways.

1. There is a technical limitation generated when reconstructing data and mea-

suring functional connectivity using a reduced number of data points. This

manifests firstly as an error in the data covariance matrix used for beam-

former weights generation [Brookes et al., 2008]; fewer data points mean

a larger covariance matrix error, and ultimately a lower beamformer pro-

jected power. Second, when estimating functional connectivity itself, most

96



3.5. DISCUSSION

correlative or coherence based measures are highly sensitive to the number

of degrees of freedom in the timecourses used to generate them.

2. In addition to the technical limitation, the well characterised dynamic nature

of functional connectivity, which changes over seconds, and even milliseconds

[Baker et al., 2014; Brookes et al., 2014; Hutchison et al., 2013; O’Neill et al.,

2015; Vidaurre et al., 2016] must be considered, since there is a question

regarding how well a short time window can capture the canonical MEG

networks, if those networks are constantly changing across multiple time-

scales.

Here, we first probed this question in simulation; our simulations do not take

into account brain state and for this reason only the technical limitations are

addressed. Our results show that beamformer reconstruction and connectivity

are indeed impacted by recording duration; but mainly for recording durations

below 100 s (see Figure 3.5). Above 100 s, these effects tend to plateau, and

so for the typical windows that might be used for resting state MEG acquisition

(several minutes), one might infer that recording duration would have little effect.

Our simulations also showed that these effects are dominated by inaccuracies in

beamforming, rather than the reduced degrees of freedom available for functional

connectivity measurement.1

In apparent contradiction to the evidence from the simulations, in real data we

showed that changing recording duration (above 100 s) had by far the largest effect

on between session repeatability of connectivity. This therefore implies that the

underlying source of this effect is related not to technical limitations, but rather to

genuine problems with characterising brain state. In support of this, we also mea-

sured within session correlation between connectivity matrices, where data within
1As an aside, it should be noted that these simulations are based on the beta band only;

the technical limitations on data recording duration are related not only to the time window,
but also to the bandwidth of the data, since the number of temporal degrees of freedom in a
timecourse is given by twice the product of the bandwidth and the window duration. This means
that for frequency bands with smaller bandwidth, the curves in Figure 3.5 would tend to their
plateau value slower.
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two time windows used for connectivity estimation were reconstructed using the

same beamformer weighting parameters; this, in effect, removes the technical limi-

tations associated with beamformer reconstruction using limited data. Our results

show that within session (beamformer limitations removed) and between session

(beamformer limitations present) correlation between connectivity matrices was

approximately equivalent. This, coupled with the evidence from simulation that

using a 17 Hz (beta) bandwidth, 100 s should be sufficient to characterise ade-

quately connectivity from a technical point of view, suggests that the significant

variation of connectivity reliability with recording duration is a genuine effect;

put simply, short recordings are not sufficient for capturing the canonical MEG

network in a single subject. It follows directly that, to maximise intra- (and in-

deed inter-) subject reliability in future resting state MEG studies, data recording

durations should be a minimum of 10 minutes, and even longer (e.g. 15 min)

recordings may provide further advantages.

3.6 Conclusion of chapter

The study of functional connectivity using MEG is an expanding area, the impor-

tance of which is evidenced by recent demonstrations of utility in clinical studies.

However, previous reports suggest that whilst comparisons of MEG derived con-

nectivity between large group studies are robust, single session recordings, even in

the same individual, lack repeatability. Our results showed that the use of a foam

head-cast increased the between session repeatability of both MEG reconstruction

accuracy and connectivity estimation. Further, we showed that recording dura-

tion is a critical parameter, with large improvements in repeatability apparent

when using ten minute, compared to five minute recordings, providing important

insights on experimental design.

Our results also highlight the importance of the selection of connectivity met-

ric, with the amplitude metric AEC appearing the most robust to assess time
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averaged functional connectomes. Time dynamics of functional connectivity also

play an important role, even when estimating “stationary” connections. Phase

metrics, such as PLV and PLI, are centered on the idea of transient phase locking

between regions and are reliant on window selection. The low reproducibility of

phase metrics may be linked to a mismatch between the selected window (here

2s long), in which average phase locking is estimated, and the timing of coher-

ent oscillations of neuron assemblies. In the resting state it is perhaps impossible

to manually select appropriate time windows for connectivity assessment, as no

“ground truth” is known, nor can be inferred by time-locked events (such as in task

data). A self guided and data driven selection of both connectivity lifetimes and

topography could sidestep this issue and, in recent years, Hidden Markov Models

(HMM) have seen good success in this regard: HMMs and HMM-MARs (mutivari-

ate autoregressive models [Vidaurre et al., 2016]) determine a discrete set of states

derived from the data [Baker et al., 2014], without the need of specifying a state

time window a priori. The results from HMM and HMM-MAR analysis point to

functional connections having a lifetime of tens of milliseconds [Baker et al., 2014;

Vidaurre et al., 2016]. In the next experimental chapter we will further explore the

idea of dynamic functional connectivity, this time assessed through a continuous

phase locking metric (i.e. Phase Difference Derivative), by looking at connectome

changes at the millisecond scale following stimulus presentation.
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Appendix B

Between session correlation of

functional connectivity, on a per

region basis: additional figures
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Figure B.1: Between session correlations of connectivity profiles on a ‘per region’
basis measured using PLV in the beta band. The left hand column shows the case
for standard co-registration. The right hand column shows the case for head-cast
co-registration. The three rows show three different recording durations.
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Figure B.2: Between session correlations of connectivity profiles on a ‘per region’
basis measured using PLI in the beta band. The left hand column shows the case
for standard co-registration. The right hand column shows the case for head-cast
co-registration. The three rows show three different recording durations.
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Figure B.3: Between session correlations of connectivity profiles on a ‘per region’
basis measured using Imaginary Coherence in the beta band. The left hand column
shows the case for standard co-registration. The right hand column shows the
case for head-cast co-registration. The three rows show three different recording
durations.
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Chapter 4

The functional role of the Beta
rebound

In the previous chapter we showed that the electrophysiological functional connec-
tome can be derived based upon assessment of neural oscillations. This supports
previous literature linking established functional brain connectivity derived from
fMRI measurements and beta band connectivity from MEG recordings. However,
more generally, changes in neural oscillations are thought to represent inhibition
or excitation of neuronal populations, with a weight of evidence suggesting that
“low” frequency (beta band) oscillations are representative of cortical inhibition.
Here we attempt to bring these two separate theories together. We recorded MEG
data during a sensory attention task, in which participants were asked to iden-
tify braille patterns presented to their fingers, whilst simultaneously switching
attention between hands. Our results show that attentional modulation changes
beta dynamics in primary sensory cortex, with attended stimuli generating lower
post-stimulus responses (i.e. lower beta “rebound”). Using the Phase Difference
Derivative we further show that this effect is driven by the transient formation and
dissolution of distributed networks, which form in response to unattended stim-
uli, and likely facilitate top down inhibitory influence on the primary sensorimotor
cortex. We relate our results to subject behaviour, showing that high pre-stimulus
beta connectivity leads to poor task performance. This work forms the basis of a
grant funded by the Medical Research Council and is currently being submitted
for scientific publication.

4.1 Introduction

The relationship between oscillations and connectivity is based upon a hypothesis

of ‘communication via coherence’ [Fries, 2005] (see section 1.2). This hypothesis

is supported by extant evidence; e.g. canonical resting state networks (RSNs) are

observable when assessing temporal correlation between the amplitude envelopes

of beta oscillations [Brookes et al., 2011a] and similar connectomes result from
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measurement of inter-regional phase locking [Liuzzi et al., 2017] as was shown in

chapter 3. Such observations promote the idea that oscillations support intrinsic

coupling modes [Engel et al., 2013], however most studies have been limited to

time averaged metrics. As we saw in the last chapter, even 5 minutes of data are

not enough to offer stable connectome measurements and so it is imperative that

we begin to understand the connectome not as a static time averaged matrix but

as a dynamically evolving entity. Recently, new techniques exploiting the high

temporal resolution of electrophysiological imaging, have enabled measurements

that show evolution and dissolution of networks at rapid timescales [O’Neill et al.,

2018], and significant relationships are observed between periods of phase locking,

and high oscillatory amplitude [Vidaurre et al., 2017; Tewarie et al., 2018]. How-

ever the neurochemical basis of connectivity, and its relationship with inhibition

and behaviour have not been probed.

Oscillatory amplitude is transiently modulated by external stimulation in a

spectrally specific way; the onset of stimulation typically generates a decrease in

the amplitude of ‘low’ frequency (alpha 8 − 13 Hz, and beta 13 − 30 Hz) oscil-

lations, and a concomitant increase in higher frequency amplitude [Pfurtscheller

and Da Silva, 1999], both localised to functionally specific regions [Barratt et al.,

2018]. This has led to a hypothesis that low-frequencies denote inhibition, and

high-frequencies excitation (as was previously introduced in section 1.2).

Modulation of rolandic beta oscillations can be induced by movement, so-

matosensory stimulation, imagined movement, or motor planning. Generally, we

observe a decrease in resting beta amplitude throughout stimulation, followed by

an increase (above baseline) on stimulus cessation (the ‘beta rebound’). These

effects have been shown to be abnormal in a number of disorders [Schnitzler and

Gross, 2005; Robson et al., 2016; Barratt et al., 2017], underlining the importance

of determining a mechanistic role. Rolandic beta is also modulated by changing

attention; e.g. attending to a stimulus on the left hand generates a decreased beta
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amplitude in right sensorimotor cortex, and an increase in the left [Bauer et al.,

2012]. Taken together, these studies, suggest a link between high amplitude beta

and inhibition. This is supported by links to Gamma-aminobutyric acid (GABA),

which will be explored later in chapter 5.

In this chapter we aim to measure both beta amplitude modulations and tran-

sient connectivity throughout a spatially-selective attention task, which uses tac-

tile stimulation to modulate sensory attention. Specifically we aimed to test the

following hypotheses:

1. Attention will alter post-stimulus beta amplitude with unattended stimuli

resulting in larger responses (i.e. more inhibition);

2. pre-stimulus beta amplitude will predict behaviour, with a larger pre-stimulus

beta amplitude (i.e. more inhibition) leading to more errors;

3. for both 1. and 2., higher beta modulation will be driven by more long range

connectivity (i.e. an inhibitory network providing top-down control).

4.2 Experimental set-up

A total of 48 healthy participants, age 23.4 ± 3.7 years (mean ± standard devi-

ation), 19 male, were recruited from the University of Nottingham campus area1;

for 2 participants it was not possible to collect a structural MRI and they were

therefore excluded from the rest of the analysis. Of the 46 remaining participants,

29 took part twice, with the two runs separated, on average, by 9 months (the

remaining 17 were unable to return). On average participants spent about 3 hours

for each run of the study including a MEG and a MR session. The MEG session

included a somatosensory attention task (described in detail in this chapter), a

somatosensory stimulation scan (duration ∼ 7 minutes, not presented in this the-

sis) and a 10 minutes resting state scan. This was followed by a MR session with
1All data were acquired by the author.
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the 7T scanner including structural scans and MR proton spectroscopy (the latter

will be described in chapter 5).

4.2.1 Task

The task comprised somatosensory stimulation of the index fingers using a ‘braille’

stimulator as part of a delayed-match-to-sample-task [Bauer et al., 2006]. Figure

4.1 shows the MEG system with the braille simulators and button response pads

placed on the arms of the chair. Each braille stimulator had 8 pins, all inde-

pendently controllable, however, for consistency with previous literature [Bauer

et al., 2006], only 5 braille patterns were used throughout the task, and these are

shown in Figure 4.1D. The stimulators themselves were MEG compatible Braille

P-16 cells acquired from Metec (Metc AG, Stuttgart, https://www.metec-ag.de).

Each stimulator contained 8 pins in a 4× 2 layout. Pins were separated by 2 mm,

and controlled using piezoelectric crystals, enabling placement up or down. To

control the stimulators we used a driving circuit built in house, with serial shift

register and DC converter [Bauer et al., 2006]. The stimulators and the response

button boxes were housed in wooden bases that could be placed on MEG chair

armrests inside the MSR. The stimulators interfaced through parallel port and

were synchronised to the study protocol using psychtoolbox (Matlab, MathWorks,

Natick, MA). Digital triggers corresponding to the experimental trials and stimuli

were sent to the MEG system and a clock strobe signal sequence was sent to the

stimulators to produce the desired patterns.

The timing of the task paradigm, for a single trial, is shown in Figure 4.2. A

single trial lasted 16 s. At the beginning of each trial (time window 1 s < t < 3 s) a

sample pattern (chosen at random from the five possible patterns) was presented to

the index fingers of both hands, simultaneously. The participant must remember

this sample, and correctly identify it later in the trial. Following this, a visual

attention cue, in the form of an arrow pointing either left or right, was shown (via
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Figure 4.1: Experimental set-up A) 275 channel CTF-MEG system with braille
stimulators and response buttons in the experimental configuration. B) Braille
stimulators and response buttons in custom made wooden frame. C) Metec Braille
P-16 cells without outer case, picture property of Metec (http://web.metec-ag.de/,
website accessed in 2017). D) The five different braille patterns used during the
experiment: all patterns have 4 pins up (white dots) and 4 pins down (black dots).
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Figure 4.2: Schematic diagram of the braille attention task. A single trial lasted
16 s. At the beginning of each trial (time window 1 s < t < 3 s) a sample pattern
(chosen at random from the five possible patterns) was presented to the index
fingers of both hands, simultaneously. The attentional cue appears in the 4 s < t
< 6 s window, and indicates (for this trial) whether the participant should attend
only to their left or right hand. This is then followed by a sequence of five probe
patterns, at t = 7, 8.1, 9.2, 10.3 and 11.4 s each lasting 100 ms.
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projection onto a back projection screen placed ∼40 cm in front of the subject).

This attentional cue appears in the 4 s < t < 6 s window, and indicates (for this

trial) whether the participant should attend only to their left or right hand. This

is then followed by a sequence of five probe patterns, (starting at t = 7 s) each

lasting 100 ms and with an interval of 1.1 s. Each pattern was chosen at random

and appeared on either the left or right hand. The participant was instructed

to press a button, with both of their thumbs, if the sample pattern appears on

the attended hand; any stimulus appearing on their non-attended hand should be

ignored. The probability of a “target” (i.e. matched probe and sample on attended

side) was 10%. The sequence of attentional cues was pseudorandomised, but with

50% of trials directing the subject left, and 50 % right. A total of 80 trials were

presented, but once every 10 trials a rest block (duration 16 s) was incorporated

in order to give subjects a brief rest, and also to quantify resting amplitude of

neural oscillations. Feedback showing the number of correct and incorrect button

responses was also displayed during the rest trials to keep participants engaged.

Prior to MEG measurement, all participants were trained on the task, until they

were able to perform it correctly.

4.2.2 Data acquisition

MEG data were acquired using the CTF 275-channel MEG system (described

in section 1.5.4), operating in third order synthetic gradiometer configuration

with a sample rate of 600 Hz. Subject head position in the scanner helmet was

recorded continuously throughout data acquisition, via the three fiducial coils.

Co-registration between MEG data and brain anatomy was achieved via surface

matching using a Polhemus 3D digitiser for all but four subjects for whom foam

head-casts were available (as described in section 3.2). The resulting head surface

was fitted to an equivalent surface extracted from an anatomical MRI scan ac-

quired at 7T (MPRAGE: 1 mm3 isotropic resolution, matrix size =256×256×180,

TE/TR/TI =3.5/7.3/987ms, FA =8◦, shot interval =2s, SENSE factor =2). Fol-
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lowing acquisition, all MEG data were inspected visually and any trials containing

artefacts were removed. All trials exceeding a motion threshold of 5.5 mm were

also eliminated. Although care was taken to reduce head motion by using padding

and insuring comfort of the participant before starting data collection, a notice-

able number of participants struggled to remain still for the full duration of the

sensory attention experiment (lasting 23 min 28 s). When participants exceeded

the motion threshold before completing the majority (∼ 75%) of the experiment,

data collection was interrupted and subjects were re-positioned in the scanner be-

fore recommencing data collection. 13 out of 46 participants in the first run, and

5 out of 29 participants in the second run had to be re-positioned. In these cases

pre-processing and source localisation were run independently for the two separate

data sets and trials were then concatenated in source space.

4.3 Source power analysis

In the first part of the analysis we aimed to localise the maximum task induced

modulation of beta power in the sensorimotor cortex and compare attentional

variations in the time frequency spectra.

4.3.1 Methods

Following pre-processing (including dc baseline correction in each trial and fre-

quency filtering at 1−150Hz through CTF software), our data were processed using

a beamformer spatial filter. We constructed pseudo-T-Statistical maps, contrast-

ing beta power in the 0.1 - 0.5 s window relative to probe presentation (excluding

targets and button presses) to a control window of equivalent duration during the

rest period (i.e. in the time window 13.5 s < t < 16 s relative to trial start).

These maps, which were overlaid onto anatomical MRIs for each subject, show

the spatial signature of maximum beta change induced by the probe stimuli.

For the beamformer weights calculation, covariance was calculated in a fre-
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quency window spanning the beta band (13 − 30 Hz) and in a time window en-

compassing the entire experiment. The resulting covariance matrix was regularised

using the Tikhonov method with the regularisation parameter set to 4 times the

minimum singular value of the unregularised covariance matrix. In order to iden-

tify activation peaks in individual MRI space, pseudo-T-Stat maps with 1 mm

resolution were first calculated with a LCMV beamformer implemented through

CTF software (SAMMenu). The identified activation peaks, showing maximum

decrease in beta power in the primary sensory cortex, were selected for all further

time frequency spectra analysis.

Time frequency spectra, showing the evolution of neural oscillatory amplitude

across the task trial, were also calculated using beamforming. Here, the covariance

window was increased, in frequency, to 1 − 150 Hz to capture the entire spectral

content of the signal. We derived broadband electrophysiological signals from

peaks (defined by the pseudo-T-statistical images) in left and right primary sensory

cortex. These signals were then filtered into a range of (50% overlapping) frequency

bands. For each band, the instantaneous oscillatory amplitude was derived using a

Hilbert Transform and normalised to the average resting beta amplitude (derived

in the rest blocks). Concatenating these envelope signals in the frequency direction

resulted in unaveraged time frequency spectra, for all trials, from 2 brain locations.

We then averaged responses both contralateral and ipsilateral to the attended

hand. Specifically, we averaged all responses in left sensory cortex in trials when

the subject was asked to attend right along with all responses in right sensory

cortex in trials when the subject was asked to attend left. This gave a single

averaged spectrogram from contralateral sensory cortex. Similarly, we also derived

an ipsilateral spectrum.

In addition, we derived time frequency spectra, time locked to the presentation

of the (non-target) probe stimuli excluding any button presses. Again we collapsed

across signals in left and right sensory cortex to give 4 conditions:
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1. Attended stimuli in contralateral cortex (i.e. collapsing across responses in

left sensory cortex with right stimulation and right attention cue, and right

sensory cortex with left stimulation and left attention cue).

2. Non attended stimuli in contralateral cortex (i.e. responses in left sensory

cortex with right stimulation but left attention cue, and right sensory cortex

with left stimulation but right attention cue).

3. Attended stimuli in ipsilateral cortex.

4. Non-attended stimuli in ipsilateral cortex.

Finally, in order to further visualise the beta rebound, we derived just the beta

signal only, in the contralateral sensory cortex, using a beamformer with covariance

measured in just the beta band. Oscillatory envelopes were again derived using

the Hilbert Transform and averaged across attended and non-attended stimuli.

In all TFS analyses, oscillatory amplitude is reported as the fractional change

from the average rest amplitude in the same frequency band, where rest amplitude

is assessed in each subject over the entire rest periods (i.e. 8 trials of 16 s).

In order to test, statistically, for a difference in the size of the rebound between

attended and non-attended stimuli, we used a permutation test. We reasoned

that if the difference could be explained by random fluctuations in the signal then

switching the label (attended or non-attended) would make no difference to the

result. For each time point in the averaged beta signal, we had a measure of beta

amplitude in 46 individuals, 29 of whom had been scanned twice – therefore a total

of 75 values of amplitude in the attended case, and 75 values in the non-attended

case. We computed a t-statistic both with the correct labels, and with the labels

randomly permuted across individuals. 100,000 iterations of this randomisation

were undertaken and an empirical null distribution constructed. We then derived

a p-value, per time point, via comparison of the t-statistic in the correctly labelled

case, to the t-statistics in the null distribution. In order to correct for multiple
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Figure 4.3: Individual psuedo T-Statistic map (derived with SAMMenu software
(CTF)) contrasting the 0.1 - 0.5 s window relative to right (top row) or left (bottom
row) probe presentation to the control window 13.5 - 16 s relative to trial start. The
peak beta ERD are localised around the central sulcus (primary sensory/motor
cortex) contralateral to probe presentation. ERD is also seen around the central
sulcus ipsilateral to probe presentation.

comparisons across time points we used Bonferroni correction, where temporal

degrees of freedom of the amplitude of a bandpass limited signal were computed

as “time window” × “bandwith” = 1.1× (30− 13) = 18.7.2

4.3.2 Results

Beta amplitude modulation

Assessment of the spatial signature of beta modulation (Figure 4.3) showed that

responses were localised to contralateral and to a lesser extent ipsilateral primary

sensory cortex. Time frequency spectrograms (TFSs), showing modulation of

oscillatory amplitude across frequency, were generated in left and right sensory

cortex; these are shown in Figures 4.4 and 4.5, where red indicates an increase in

oscillatory amplitude relative to baseline (i.e. beta amplitude during rest), and

blue indicates a decrease. Figure 4.4 shows the TFS across the whole trial: in
2Derived from the Nyquist-Shannon theorem, see e.g. [Anderson and Johnnesson, 2006].

114



4.3. SOURCE POWER ANALYSIS

Figure 4.4: Average (n=75) TFSs extracted from primary somatosensory cortex;
the upper panel shows responses contralateral to the attended hand; the lower
panel show responses ipsilateral to the attended hand. Colourbar indicates frac-
tional change from rest beta amplitude.

Figure 4.5: A) The 4 spectrograms show the average (n=75) contralateral (top
panels) and ipsilateral (bottom panels) sensory cortex response to probe patterns.
The left-hand plots show an average across probe stimuli presented to the attended
hand; the right-hand plots shows unattended stimuli. Colourbar indicates frac-
tional change from rest beta amplitude. B) Line graphs summarising the result in
(A), for the contralateral cortex in the beta band only. Note the significant mod-
ulation of the beta rebound by attention (shaded areas correspond to standard
error across subjects, green line indicates significant difference).
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Figure 4.6: Beta rebound, measured in individual subjects across two runs –
note the significant correlation showing that rebound amplitude is robust within
subjects. Beta rebound is reported as fractional change from rest beta amplitude.

the upper panel, recall we have averaged responses contralateral to the attended

hand (i.e. collapsing left sensory cortex when attending to the right hand, and

the right sensory cortex when attending to the left hand). The lower panel shows

the response ipsilateral to the attended hand. Notice that, in contralateral sen-

sory cortex, the attentional cue generates a decrease in beta amplitude. Figure

4.5A shows responses to the probe patterns (i.e. non-target probes and excluding

any button presses). The 4 individual TFSs were extracted from primary sen-

sory cortex either contralateral (top panels) or ipsilateral (bottom panels) to the

stimulated hand. The left-hand plots show an average over trials where stimuli

were attended; the right hand plots shows unattended stimuli. Note the atten-

tional modulation of the beta rebound which is diminished in the attended case.

Figure 4.5B shows a line graph, summarising this result for contralateral cortex,

and highlighting the significant (p < 0.05, corrected for multiple comparisons over

time points) reduction of the beta rebound (in the 0.47 s to 0.67 s time window)

following an attended stimulus.
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Figure 4.7: Average pseudo-T-Statistics maps of beta ERD (0.1 - 0.5 s window
relative to right and left probe presentations) and beta rebound (13.5 - 16 s relative
to trial start) contrasted to rest trials. Individual images have been transformed
to MNI space using FLIRT and thresholded to show peak locations. The top
row shows the view centred on the peak ERD, the bottom row shows the same
map centered on the peak ERS (both in the right hemisphere). ERS appears
localised superior and anterior compared ERD with the grand-average ERS-ERD
peak distance being 19.39 mm and 21.26 mm in the right and left hemispheres
respectively.

Consistency of first and second run

In order to test the repeatability of the beta band findings, for the 29 people who

were scanned twice, we plotted beta amplitude recording during run 1, against

that recorded during run 2. Here, beta amplitude was measured in the 12.5 s

to 16 s window relative to trial start. We computed Pearson correlation and the

associated statistical significance. Figure 4.6 shows the beta rebound amplitude

(measured in the 12.5 s - 16 s time window relative to trial start), for run 1 and

2 plotted against each other (i.e. each point represents a different subject). Note

the highly significant (p < 0.001) correlation across subjects, showing that beta

amplitude is a robust feature across scans in the same participant, even if data

are acquired many months apart.
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Average T-stat maps

To obtain average localisation maps pseudo-T-Statistics were calculated on a reg-

ular 2 mm grid spanning the entire brain space with a SAM beamformer imple-

mented in Matlab. For visualisation individual images were transformed to MNI

space using FLIRT [Jenkinson and Smith, 2001; Jenkinson et al., 2002; Greve

and Fischl, 2009] and averaged across subjects. Average pseudo-T-Stat maps were

constructed for different active and control windows in order to localise beta ERD

following probe presentation (0.1 - 0.5 s window relative to probe presentation

contrasted to equivalent rest window) and the beta rebound, seen most robustly

at the end of each task trial (13.5 s < t < 16 s relative to trial start contrasted

to equivalent rest window for beta rebound localisation). Figure 4.7 shows the re-

sults of the average pseudo-T-Stat maps: beta rebound localises forward, along the

central sulcus, and higher compared to beta ERD in line with previous literature

[Jurkiewicz et al., 2006].

4.3.3 Induced sensory Gamma

Sensory stimulation is known to induce high frequency gamma oscillations in ad-

dition to the lower frequency effects seen above [Bauer et al., 2006]. As activity

in the gamma frequency range (> 40Hz) is not noticeable in Figure 4.5 we ran a

separate TFS analysis focused on the gamma band: covariance for the beamformer

weights was calculated in the 40−150 Hz frequency band and the source localised

signal was successively filtered into a range of (50% overlapping) frequency bands.

The resulting TFS presented in Figure 4.8A, show an increase in gamma power

around stimulus presentation in contralateral sensory cortex. In order to better

estimate gamma amplitude we calculated the beamformer weights in the 55− 95

Hz band (with an equivalent method to that used for Figure 4.5B). Figure 4.8B

shows that gamma power in contralateral sensory cortex initially peaks at ∼ 70ms,

followed by stronger peak at ∼ 150 ms relative to probe presentation. Attended

stimuli also show an increase in gamma power lasting till ∼ 500ms relative to the
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Figure 4.8: A) Average (n=75) contralateral (top panels) and ipsilateral (bottom
panels) sensory cortex response to probe patterns in the gamma band (40 − 150
Hz). The left-hand plots show an average across probe stimuli presented to the
attended hand; the right-hand plots shows unattended stimuli. B) Line graphs
summarising the result in (A), for the contralateral cortex in the 55− 95 Hz band
only. Shaded areas correspond to standard error over subjects.

0.6 - 1 s post-stimulus period, in line with the results by Bauer et al. [2006], al-

though this attentional effect did not reach statistical significance when corrected

for multiple comparisons. The increased low frequency gamma power at ∼ 0.5 s

in the non-attended condition is the high frequency end of the beta rebound (see

Figure 4.5A). The average Gamma amplitude shows a modulation of only ∼ 10%

from rest gamma power. The gamma baseline during the task appears to be ∼ 8%

lower than the rest gamma power: this is probably because of increased movement

and muscle artefacts during the rest period in between task trials.

4.4 Functional connectivity analysis

4.4.1 Methods

In order to estimate functional connectivity we reconstructed brain activity from

82 regions of interest determined by the Mars anatomical cortical atlas [Auzias

et al., 2016]. Individual brain anatomy was downsampled to 2 mm resolution. The

standard brain (MNI 152) was then warped to individual space, with the same
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transform applied to the Mars atlas, in order to identify Mars cortical regions in

native space. We aimed to generate a single electrophysiological signal from each

region. To this end, sensor data were filtered to 1−150 Hz and then a beamformer

was applied. For each region, we identified a set of voxels (on a 2 mm grid) which

belonged to that region (with > 80% probability). We then derived a beamformer

reconstruction of the electrophysiological signal at each voxel (covariance com-

puted in the 1 − 150 Hz frequency range in a time window spanning the entire

experiment; the resulting covariance matrix was regularised using the Tikhonov

method with a regularisation parameter equal to 1% of the maximum eigenvalue

of the unregularised matrix). These voxel timecourses were then collapsed into a

single regional timecourse by taking the first principal component. This process

was applied sequentially to all regions, yielding 82 separate regional signals.

[For comparison with the signal amplitude analysis, i.e. Figure 4.5, we calcu-

lated amplitude modulation following attended and non-attended probes in the

82 ROIs derived with the Mars atlas. These results are presented in appendix C.]

We sought to estimate functional connectivity between all possible region

pairs using the Phase Difference Derivative methodology [Breakspear et al., 2004].

Phase Difference Derivative (PDD) assesses the extent to which the phase differ-

ence between two signals changes over time and yields a continuous connectivity

time course (PDD is described in more details in section 2.3). PDD was selected

after initial analysis showed it had the best sensitivity to detect attentional dif-

ferences in this data set among a range of other phase and amplitude metrics (see

Figure C.1 in appendix C).

Prior to connectivity estimation we first frequency filtered the source localised

data in the beta band (13 − 30 Hz) and then corrected for spatial leakage. It

is important to note that the source leakage problem is made more difficult be-

cause leakage can change in time [O’Neill et al., 2018], due to changes in signal

amplitude. For this reason, orthogonalisation (where possible) should be applied
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independently within the time windows in which connectivity is to be measured.

With this in mind, for the leakage correction step, we concatenated beamformer

projected data, extracted from the time window of interest, for the same condi-

tion over all trials, and applied pairwise orthogonalisation (as described in section

2.3.1) independently to these two conditions prior to PDD measurement. Follow-

ing this, we extracted the phase of beta oscillation from the Hilbert transform

of the leakage corrected time courses and estimated PDD for the attended and

non-attended conditions (non-target probes, excluding any button presses).

Finally, we aimed to statistically test for differences in functional connectivity

between attended and non-attended conditions, in the post stimulus (i.e. beta

rebound) period. We selected the 0.4 s < t < 1.0 s window relative to the presen-

tation of the probe stimulus, such that it followed the maximum beta ERD and

encompassed the whole rebound period (as seen from the TFS analysis in Figure

4.5). We estimated PDD for the attended and non-attended conditions and ran a

permutation test, as described above, to test statistical significance. In order to

correct for multiple comparisons across the 3321 region pairs, we applied a false

discovery rate correction [Benjamini and Hochberg, 1995].

4.4.2 Effect of attention on connectivity

In Figure 4.9, the left panel shows time courses of connectivity strength, measured

between the right somatosensory cortex and the rest of the brain, following left

hand stimulation (PDD time courses were smoothed with the moving average

method with a span of 50 points, equivalent to 83 ms). The blue line shows

attended stimuli, whilst the red line shows unattended stimuli. The right panel

shows the equivalent graph, for right hand stimulation and left sensorimotor cortex

connectivity. In both cases, the result shows a transient difference in functional

connectivity, driven by attention, with inattention supported by a connectivity

increase. In order to elucidate the spatial signature of the network driving these
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Figure 4.9: Time courses showing modulation of functional connectivity between
contralateral primary sensory cortex and the rest of the brain, during presentation
of a probe stimulus; the right plot shows right hand stimulation (seed in left S1)
and the left plot shows left hand stimulation (seed in right S1). In both cases the
blue line shows the average across attended stimuli whereas the red line shows the
average of unattended stimuli. Shaded regions correspond to standard error over
subjects.

differences, we calculated which of all of the possible connections in the brain are

significantly affected by attention.

The matrix in Figure 4.10A shows mean PDD between all possible pairs of

brain regions, in the 400 ms to 1000 ms time window following presentation of

each probe pattern (note that the window was chosen to include the whole beta

rebound and we have collapsed across all stimuli, regardless of stimulated hand

or attention). In the ‘brain plot’, the line thickness and colour represent connec-

tivity strength between regions, and the highest 15% of connections are shown.

Note that, in agreement with previous work [Hunt et al., 2016], beta connectiv-

ity is dominated by posterior parietal and occipital networks. In Figures 4.10B

and 4.10C, the matrices show attentionally modulated differences in connectivity,

measured for all region pairs. In the brain plots, the lines show the individ-

ual connections that demonstrate a significant (p < 0.01 corrected for multiple

comparisons using FDR correction across all possible region pairs) difference in
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Figure 4.10: Functional connectivity is modulated by attention: A) averaged con-
nectivity matrix showing the dominant beta band mediated connections in the 400
ms to 1000 ms time window following presentation of the probe patterns (results
collapsed across left- and right-hand stimulation and left and right attentional
cues). B) Whole brain connectivity difference between unattended and attended
(i.e. unattended - attended) stimuli for right hand stimulus presentation (400-1000
ms after probe). The matrix shows connectivity difference for all region pairs, and
the brain plot shows the connections that modulate significantly with attention.
C) equivalent to (B) but for left hand stimulus presentation. Note that, simi-
lar to oscillatory amplitude, connectivity is significantly modulated by attentional
mechanisms with a sensorimotor network forming and dissolving in the case of an
unattended stimulus.
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connectivity strength; the grey circles show the brain regions whose connectivity

strength is most affected. Figure 4.10B shows the case for right hand stimulation

whilst Figure 4.10C shows the case for left hand stimulation. Note that the mod-

ulated networks are centred on primary sensorimotor cortex, with projections to

frontal regions (e.g. supplementary motor area), ipsilateral sensorimotor regions,

posterior parietal and temporal regions, including the secondary somatosensory

area. These widespread networks are significantly more engaged (i.e. connected)

during periods of in-attention suggesting that they play an inhibitory role.

Connectivity strength closely follows the modulation of signal amplitude in

the sensorimotor cortex (Figure 4.5). While oscillatory amplitude and connectiv-

ity have been shown to be dependently linked (see the simulation work by Tewarie

et al. [2018]), it is possible to detect an increase in connectivity merely by an

increase in SNR of the underlying signal [Bastos and Schoffelen, 2016]. In order

to check for this confound we calculated the correlations between average beta

amplitude (representative of SNR in each in ROI) over the beta rebound period

(400-1000ms) and PDD strength over the same time window. Pearson correlations

between all 82 ROIs showed no significant correlations between the average beta

amplitude in each ROI and the estimated connectivity strength from that same

ROI to the rest of the brain (Figure 4.11A). As beta amplitude can vary between

subjects we also calculated correlations between the beta rebound amplitude in left

sensorimotor cortex of each subject and their corresponding connectivity strength

from left sensorimotor cortex to the rest of the brain. No correlation between indi-

vidual beta amplitude and PDD strength was observed (Figure 4.11B) indicating

that connectivity differences cannot be entirely explained by variation in the SNR

of the underlying signal.
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Figure 4.11: A) Correlations of Beta amplitude in each ROI and connectivity
(PDD) strength from that ROI to the rest of the brain, averaged over all subjects
(n=75) and over the beta rebound window, 0.4 − 1s from stimulus presentation.
Correlations were estimated through Pearson correlation. The plot on the left
hand side shows the correlation for attended probe stimuli; on the right it the
same for non-attended stimuli. Each dot in the graph corresponds to a separate
ROI, with the filled dots indicating primary sensory cortex, contralateral (red) and
ipsilateral (blue) to the probe stimuli (right and left probes have been averaged
together). The average beta amplitude in each ROI does not significantly correlate
with connectivity strength. B) Correlations of Beta amplitude in primary sensory
cortex (S1) and connectivity (PDD) strength from that ROI to the rest of the
brain, averaged over the beta rebound window, 0.4−1 s following the presentation
of a non-attended probe. Here each dot corresponds to a separate subject. The
graph on the left shows right S1 for a non-attended probe to the left index finger.
The graph on the right shows the equivalent case for left S1 and a non-attended
right probe. We found no correlation between individual beta amplitude in S1
and PDD strength over the beta rebound period.
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Figure 4.12: Behavioural correlates of beta amplitude. A) Average beta amplitude
during presentation of a target stimulus in contralateral primary sensory cortex.
Target presentation was at time zero. Correctly identified (Hit) targets are shown
in blue, missed targets in green. Blue and green shaded regions indicate standard
error over subjects. Grey shaded region indicates the 250 ms preceding target
presentation. Note that the prolonged beta desynchronisation for Hit targets is
caused by the motor response (button presses), which is absent for Missed targets.
B) Beta amplitude averaged over the 250 ms preceding a correctly identified or
missed target. Error bars correspond to standard error over subjects.

4.5 Likelihood of correct responses

We aimed to test for significant differences in both beta amplitude, and connec-

tivity, between target stimuli that were correctly identified (hits) and incorrectly

missed (misses). In order to do this we first identified hit and miss trials and aver-

aged beta amplitude, in contralateral sensory cortex, for these two trial types. We

then averaged beta amplitude over time, in the 250 ms preceding target presenta-

tion, and tested for differences using our permutation test method. In addition, we

measured PDD strength in the primary contralateral sensory cortex as a function

of time (i.e. strength here represents connectivity between primary contralateral

sensory cortices and all other regions), again independently for hits and misses.

We averaged these strength metrics in the 250 ms preceding target presentation,

and tested for differences between hit and miss trials.
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4.5.1 Behavioural results

Target braille patterns were identified correctly with 67 ± 17% accuracy (mean

± standard deviation over subjects). The average reaction time was 562 ± 84

ms (mean ± standard deviation) which is in line with previous literature [Bauer

et al., 2006]. We found no significant difference in accuracy or reaction times

for right- or left-hand targets. Given the putative inhibitory nature of beta os-

cillations, we reasoned that a high pre-stimulus beta amplitude would result in

a lower behavioural accuracy, and to test this we separated correctly identified

and missed targets, and computed beta amplitude averaged over these trials. Fig-

ure 4.12A shows a time course of beta amplitude in contralateral sensory cortex

throughout the presentation of target braille patterns. Correctly identified pat-

terns are shown in blue, missed targets in green. The bar plot in Figure 4.12B

shows the mean beta amplitude in the 250 ms preceding stimulus presentation in

contralateral sensory cortex. In agreement with our hypothesis, a significantly (p

= 0.02) lower beta amplitude (lower inhibition) results in a better chance of suc-

cessful target identification. We extended this finding, testing the hypothesis that

long-range connectivity would also be lower in successfully identified (compared

to missed) target trials. Figure 4.13A shows the spatial topography of the con-

nectivity strength in the 250 ms window preceding target presentation. The bar

plot in Figure 4.13B shows the mean functional connectivity between contralat-

eral sensory cortex and the rest of the brain, in the 250 ms preceding a target

stimulus presentation, for correctly identified and missed targets. Mirroring the

amplitude result, missed targets tended to be associated with significantly (p =

0.014) higher levels of connectivity. The spatial topography of the difference in

connectivity strength between a Missed and a Hit target is shown in Figures 4.13C

and D for a right and left target respectively.
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4.5. LIKELIHOOD OF CORRECT RESPONSES

Figure 4.13: Behavioural correlates of beta connectivity. A) Spatial topography
of the average connectivity strength in the 250 ms window preceding target pre-
sentation; notice a focus on parietal and primary sensory cortices. B) Functional
connectivity between contralateral sensory cortex and the rest of the brain, again
averaged in the 250 ms window preceding the target presentation. Error bars
correspond to standard error over subjects. C) Spatial topography of the differ-
ence (Miss target - Hit target) in connectivity strength in the 250 ms window
preceding a right target presentation; notice that beta connectivity in left parietal
and primary sensory cortices (contralateral to the target) is stronger preceding a
missed target. D) Same as C) but for a left target presentation; this time the
maximum difference is on the right primary sensory cortex, again contralateral to
the incoming target.
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4.6 Discussion

Our data on beta amplitude modulation with the sensory attention task (Figure

4.5) show that inattention to a stimulus results in an earlier and stronger beta

rebound, compared to attended stimuli, and this is in strong agreement with

previous work [Bauer et al., 2006, 2012]. While desynchronisation of beta power

following sensory stimulation of the index finger was localised to the hand area

of the primary sensory cortex, beta rebound localised to the hand area of the

primary motor cortex (see Figure 4.7) in agreement with previous observations by

Jurkiewicz et al. [2006]. Our analysis found that stimulus presentation was also

associated with increased gamma power in contralateral primary sensory cortex,

showing longer duration in attended stimuli, up to ∼ 500ms from stimulus on-set

(Figure 4.8). This result, in agreement with Bauer et al. [2006] support the notion

that gamma oscillations have a feed-forward role in the brain cortex opposite to

lower frequency oscillations.

The observed attentional modulation of the beta rebound supports the idea

that the rebound itself is actively forcing a “shut-down” of processing in the pri-

mary somatosensory area, in order to re-establish a ‘status quo’ (or resting state)

and prevent feed forward of information to other areas of the sensory processing

hierarchy. In order to understand how high oscillatory amplitude might promote

inhibition, we first point out that the information processing capacity of a neural

assembly is reduced when cells are forced to fire in synchrony, and enhanced when

cells are allowed to fire independently. Indeed this idea is the basis of a number

of methods which use neural network entropy (or complexity) to measure infor-

mation encoding rates [Brookes et al., 2015]. Another way of thinking about this

is, if one wanted to ensure shutdown of active processing within a neural network,

one way to do it would be to drive all the cells into synchrony such that they

lose their capacity to encode information. This notion is supported by our experi-

mental observation; when attention is directed away from a stimulus, the primary
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sensory cortex is placed in a state in which there is a significantly greater likeli-

hood of cells firing in concert, and consequently a lower likelihood of processing

information [Jensen and Mazaheri, 2010].

Our functional connectivity analysis, for the first time, sheds some light on

the mechanism of how this ‘shut-down’ comes about. Our connectivity results

(Figures 4.10 and 4.9) show that high levels of phase synchrony, between the pri-

mary sensory cortex and a broader network, underlies the beta rebound. The

broader network captures a number of brain regions including bilateral sensori-

motor cortices, supplementary motor area, and temporal regions including the

secondary somatosensory area. These areas are consistent with the sensorimotor

resting state network [Biswal et al., 1995], which is known to be supported by

beta band oscillations [Brookes et al., 2011b; Hipp et al., 2012]. A limitation of

the present findings is that directionality of information flow within the transient

networks shown in Figure 4.10 is unknown, and therefore it is impossible to say

from these data whether primary sensory cortex drives, or is driven by, the broader

network. However, the communication by coherence hypothesis posits that phase

locked oscillations provide optimum windows for the passage of action potentials.

It is therefore tempting to speculate that if multiple regions transiently fire phase

locked volleys of action potentials, this will drive a phase locked rhythm at the

targeted area, in this case the primary sensory cortex. This imposed synchrony

would generate the well-known beta rebound in sensory cortex, removing its ability

to encode information and initiating a shut-down of local processing. This simple

mechanistic interpretation of the rebound, which is perhaps best thought of as

‘inhibition by coherence’, suggests that the beta signal could carry a top-down in-

fluence on primary cortical areas, also in line with the known layer-specific profile

[Buffalo et al., 2011]. Here, using highly temporally resolved functional connec-

tivity metrics, we have been able to image this influence directly.

Though speculative and simplified, our interpretation offers a model of beta
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oscillations which helps to explain previous work. A number of papers have shown

that resting state networks, including the sensorimotor network, can be imaged

via measurement of beta band oscillations [Brookes et al., 2011b]. A popular

approach to revealing these networks is measurement of amplitude envelope cor-

relation [Brookes et al., 2011b,a; Hipp et al., 2012] whereby one seeks statistically

significant correlation between spatially separate regions, across a long time win-

dow (usually many minutes) as was also the case for the work presented in chapter

3. Our finding in this paper suggests that the beta envelope signals themselves

fluctuate because of transient periods of inhibition, which come and go over time,

and involve long range phase synchrony. So it is not surprising that time averages

see significant correlation between signals derived from the nodes of canonical net-

works. The importance of understanding beta oscillations is further underlined

by the results showing a link between oscillatory amplitude and behaviour. Previ-

ous studies [Jones et al., 2010] have demonstrated that a higher pre-stimulus beta

power is associated with poorer task performance. Our results agree by showing

that in trials where the subject correctly recognised a target braille pattern, they

had significantly lower pre-stimulus beta amplitude compared to trials in which

they incorrectly failed to recognise a target. We take this observation further by

showing, for the first time, significant modulation of connectivity, with higher con-

nectivity relating to lower success rate. This is broadly consistent with the theory

posited above that high beta power denotes cells being driven into a state in which

their capacity to encode information is limited.
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Appendix C

Further Atlas Based Analysis

Figure C.1 shows beta band functional connectivity computed in the 0.4 − 1 s

window following a left hand probe (equivalent to the matrix plots in Figure 4.10)

for 5 different connectivity metrics. Though the connectivity metrics show similar

spatial topography, PDD was the least noisy and was the only metric to show

significant connectivity changes with attention.

In the main analysis we obtained separate broadband (1−150 Hz) time courses

for each of the 82 ROIs of the Mars cortical atlas. Each time course can be further

filtered in a frequency band of choice and its band limited oscillatory amplitude

calculated as was done for the voxel based analysis presented in Figure 4.5B. Figure

C.2A shows whole brain amplitude changes in the beta band following attended

(left column) and non-attended (right column) probes. The y-axis corresponds to

the ROI locations with the contralateral and ipsilateral hemispheres presented in

separate panels (top and bottom respectively); the x-axis indicates time following

probe presentation (0− 1.1s). Primary sensory and primary motor cortices show

the strongest beta rhythm changes in agreement with the single voxel analysis.

Figure C.2B shows PDD strength time courses, equivalent to Figure 4.9, but for

all ROIs and averaging over right and left hand probes. Figures C.3 to C.6 show

other frequency bands. Results are averaged over all subjects.
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Figure C.1: Beta band functional connectivity calculated in the 0.4-1s window fol-
lowing a left hand probe. The three columns (from left to right) show connecitvity
matrices for a non-attended stimulus, an attended stimulus and the differnce be-
tween the two (non-attended minus attended). Analysis shows average FC over all
subjects, first and second run (n=75). All metrics (with the exception of wPLI)
were calculated following pairwise leakage correction as described in chapter 4.
Note the similar topography of all phase metrics (PDD, wPLI, PLV) and the
two amplitude metrics (AEC and IAC, i.e. instantaneous amplitude correlation
[Tewarie et al., 2019]). Only PDD showed significantly different edges surviving
multiple comparisons correction.

133



Figure C.2: Beta band (13−30Hz) whole brain analysis based on the Mars
atlas. Each panel refers to probe presentation (t=0s), averaging over left and
right hand probes, and separating attended (left column) and non-attened (right
column). A) Beta amplitude (as fractional change from rest) in all ROIs; B) PDD
strength time courses (average connectivity from seed ROI to all other 81 ROIs).
PDD is smoothed with a moving average method with a span of 50 points, i.e. 83
ms.
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Figure C.3: Theta band (4−8Hz) whole brain analysis based on the Mars atlas.
Each panel refers to probe presentation (t=0s), averaging over left and right hand
probes, and separating attended (left column) and non-attened (right column). A)
Theta amplitude (as fractional change from rest) in all ROIs; B) PDD strength
time courses (average connectivity from seed ROI to all other 81 ROIs). PDD is
smoothed with a moving average method with a span of 100 points, i.e. 167 ms.
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Figure C.4: Alpha band (8−13Hz) whole brain analysis based on the Mars
atlas. Each panel refers to probe presentation (t=0s), averaging over left and
right hand probes, and separating attended (left column) and non-attened (right
column). A) Alpha amplitude (as fractional change from rest) in all ROIs; B)
PDD strength time courses (average connectivity from seed ROI to all other 81
ROIs). PDD is smoothed with a moving average method with a span of 57 points,
i.e. 95 ms.
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Figure C.5: Low gamma (30−48Hz) whole brain analysis based on the Mars
atlas. Each panel refers to probe presentation (t=0s), averaging over left and
right hand probes, and separating attended (left column) and non-attened (right
column). A) Gamma amplitude (as fractional change from rest) in all ROIs; B)
PDD strength time courses (average connectivity from seed ROI to all other 81
ROIs). PDD is smoothed with a moving average method with a span of 50 points,
i.e. 83 ms.
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Figure C.6: High gamma (55−90Hz) whole brain analysis based on the Mars
atlas. Each panel refers to probe presentation (t=0s), averaging over left and
right hand probes, and separating attended (left column) and non-attened (right
column). A) Gamma amplitude (as fractional change from rest) in all ROIs; B)
PDD strength time courses (average connectivity from seed ROI to all other 81
ROIs). PDD is smoothed with a moving average method with a span of 50 points,
i.e. 83 ms.
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Chapter 5

Neurotransmission and beta band
oscillations

In this final experimental chapter we collected proton MR spectra in the same
cohort of participants who took part in the MEG study presented in chapter 4.
GABA and other metabolite concentrations in the sensorimotor cortex were quan-
tified using a STEAM sequence acquired at rest using a 7T MR system. In the first
half of this chapter we will cover the basis of Magnetic Resonance Spectroscopy
(MRS). The second part of the chapter is dedicated to the experimental acquisi-
tion of the MRS data, spectral analysis and the results, which show a significant
correlation of individual GABA concentration to beta rebound and resting state
beta amplitude in 43 subjects.

5.1 Introduction

The ‘inhibition hypothesis’ of beta oscillations (explored in the previous chapter

through the attentional modulation of the beta rebound and functional connectiv-

ity analysis) is more directly supported by links to the principal cortical inhibitory

neurotransmitter, Gamma-aminobutyric acid (GABA). For example, Jensen et al.

[2005] showed that beta amplitude is increased by administration of the GABAer-

gic agonist benzodiazepine. Hall et al. [2011] showed that increased GABAergic

drive, facilitated by diazepam, also altered beta modulation. Muthukumaraswamy

et al. [2013] used tiagabine to block presynaptic GABA re-uptake (and conse-

quently increase tonic GABA), and this caused an enhancement of baseline beta

amplitude. These studies show that beta oscillations can be systematically modu-

lated via pharmacological manipulation of GABA. In a recent study [Gaetz et al.,

139



5.2. MR BASICS

2011], the authors attempted to provide a more direct link between GABA and

beta oscillations, by measuring a relationship between resting GABA level, mea-

sured using magnetic resonance spectroscopy (MRS) and beta rebound amplitude.

Their work suggested that individuals with higher resting GABA tended to have a

higher beta rebound. However, this study had the potential shortcoming of a small

sample size (n=9); this is important since a previous study linking MRS and oscil-

latory measurements [Muthukumaraswamy et al., 2009] using a similar sample size

(n=12) was not supported when employing a larger cohort (n=50) [Cousijn et al.,

2014]. Direct experimental evidence for a correlation between inter-individual dif-

ferences in GABA level and beta oscillations therefore remains controversial. In

this final experimental chapter we attempt to bridge the gap between the func-

tional role of beta oscillations and their possible link to synaptic transmission and

neurochemistry. In the same group of participants who took part in the MEG

sensory attention experiment described in chapter 4, we measured GABA concen-

tration in the left sensorimotor cortex through Magnetic Resonance Spectroscopy

(MRS).

5.2 MR Basics

The nuclear magnetic resonance (NMR) phenomenon, discovered independently

by physicists Edward Purcell and Felix Bloch in 1946, is based on the intrinsic spin

property of nuclei in a strong external magnetic field and their interaction with

resonant electromagnetic pulses [Bloch, 1946; Purcell et al., 1946]. Only atomic

nuclei with spin I 6= 0 can be studied with NMR. The spin quantum number, I

depends on the number of protons and neutrons in a nucleus and can take integer

or half-integer values. Protons and neutrons are both fermions (with half-integer

spin) that form pairs of opposing spins according to the Pauli exclusion principle.

Therefore the total spin of an atomic nucleus is given by the unpaired protons and

neutrons in the nuclear energy levels:
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• atoms with an odd number of protons and odd number of neutrons have

non-zero integer spin (1 unpaired proton and 1 unpaired neutron), e.g. 14N;

• nuclei with either an odd number of protons or an odd number of neutrons

have half-integer spin, e.g. 1H and 13C with I = 1/2;

• nuclei with an even number of both protons and neutrons have zero spin,

I = 0 (all protons and neutrons are paired), e.g. 12C.

In medical imaging we are usually interested in biologically abundant non-zero

spin nuclei such as 1H, 13C, 31P, 23Na and 39K.

The spin quantum number is related to the spin angular momentum J:

|J| = ~
√
I(I + 1), (5.1)

with J pointing along the rotation axis of the nucleus, and a magnetic dipole

moment µ

µ = γJ (5.2)

dependent on the gyromagnetic ratio γ = q/(2mp)g, where q is the charge of

nucleus, mp is the mass of the proton, and g is the g-factor. From quantum

mechanics the spin angular momentum can only have (2I+1) possible orientations

with quantum number m = −I,−I + 1, . . . , I − 1, I (e.g. spin I = 1/2 nuclei

therefore have two possible orientations with m = ±1/2). In this chapter we will

consider hydrogen 1H (or proton) NMR: 1H magnetic resonance forms the basis of

most Magnetic Resonance Imaging (MRI) and Magnetic Resonance Spectroscopy

(MRS) thanks to its high natural abundance, its high concentration in the human

body and high gyromagnetic ratio (γ = 42.576 MHzT−1).

5.2.1 Interaction with a static magnetic field

In the classical physics description, when a magnetic field B0 is applied to a

nucleus, its intrinsic dipole moment will experience a torque τ = µ× B0 trying
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Figure 5.1: A) Precession of the magnetic moment µ of an atomic nucleus about
a magnetic field B0 oriented along the z-axis. B) Energy level diagram for a spin
I = 1/2 nucleus in a magnetic a magnetic field.

to align the spin in the direction of the magnetic field. As the nucleus also has

an angular momentum J the spin will precess about B0 instead of aligning with

it (this is illustrated in Figure 5.1A). As torque is defined as the rate of change of

angular momentum, i.e. τ = dJ / dt, we find

dJ

dt
= µ×B0 (5.3)

and using equation 5.2
dµ

dt
= γµ×B0 (5.4)

The angular frequency of the spin precession is called the Larmor frequency

and depends on the gyromagnetic ratio of the nuclei and the magnitude of the

external magnetic field:

ωL = γB0. (5.5)

In the absence of an external magnetic field all orientations of the magnetic

dipole moment have equal energy. When a magnetic field B0 is applied in the z-

direction, the energy levels split, an effect known as Zeeman splitting (see Figure
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5.1B). For each state m the z-component of the magnetic moment is given by

µz = γJz = mγ~ (5.6)

with the direction of the precession depending on the sign of the gyromagnetic

ratio γ. The corresponding energy E for state m is given by

E = −µ ·B0 = −µzB0 = −mγ~B0, (5.7)

with the gap between two adjacent energy levels being

∆E = γ~B0. (5.8)

For a hydrogen nucleus (proton with spin I = 1/2 and m = ±1/2) the spins

will align either parallel or anti-parallel with the magnetic field, giving two en-

ergy levels. At thermal equilibrium with an applied magnetic field the spins are

distributed over energy levels according to Boltzmann distribution

n−1/2

n+1/2

= exp

(
−∆E

kBT

)
= exp

(
−~γB0

kBT

)
(5.9)

where n−1/2 is the number of spins in the high energy state m = −1/2, and n+1/2

is the number of spins in the low energy state m = 1/2, kB is the Boltzmann

constant and T the absolute temperature. If we consider physical conditions with

a magnetic field B0 = 7T and body temperature T = 310K, the ratio of spin

populations of hydrogen nuclei is equal to

n−1/2

n+1/2

= exp

(
−1.0546× 10−34Js× 42.576× 106HzT−1 × 7T

1.3807× 10−23JK−1 × 310K

)
= 0.99999266

(5.10)

meaning that the population of the two spin energy states is almost equal, with

only a very small excess of lower energy spins. It is this small difference in spin
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Figure 5.2: A) The B1 radio frequency field in the xy plane oscillating with fre-
quency ω. B) When the RF frequency matches the Larmor frequency ω = ωL the
B1 field appears static in the reference frame of the spin magnetisation (rotating
frame). In the case of a 90◦ pulse B1 acts to flip M into the xy plane.

populations that gives rise to a macroscopic, or bulk, magnetisation M = Σiµi,

(where µi is the magnetisation of an individual spin i), aligned with the B0 external

magnetic field, that is the basis of NMR applications.

5.2.2 Interaction with Radio frequency pulses

A nucleus can undergo a transition from a lower energy level to a higher energy

level (e.g. from m = 1/2 to m = −1/2) by absorbing a photon with energy equal

to ∆E. The energy of a photon is dependent on its frequency, i.e. E = ~ω, from

which it follows that the frequency ω of the photon required to excite a spin to its

higher energy level, will be equal to the Larmor frequency:

∆E = E

γ~B0 = ~ω

⇒ ω = γB0 = ωL.

(5.11)

This oscillating electromagnetic field is referred to as B1 or the radio frequency

(RF) field, as in NMR the required resonance frequencies fall into the RF range

(kHz - MHz range). B1 is generated by a transmitter coil and it is usually applied

in the transverse plane, perpendicular to the B0 field. In the reference frame of the
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individual atoms magnetisation µi, which are rotating with frequency ωL around

the z direction, B1 appears stationary and it adds a magnetic field component in

the xy plane (see Figure 5.2). The overall effect of the RF field is to rotate the

bulk magnetisation M towards the xy plane by an angle α, known as the flip angle,

which is dependent on the duration of the applied RF pulse, tRF , the amplitude

of the RF field B1, and the gyromagnetic ratio:

α =

∫ tRF

0

γB1(t)dt. (5.12)

In the case of a hard RF pulse with constant B1, i.e. a rectangular pulse envelope,

the calculation of the flip angle reduces to α = γB1tRF . In practice, in most

imaging and localised spectroscopy experiments, SINC and Gaussian RF pulses

are usually prefered as they offer better spectral and spatial selectivity.

5.2.3 Relaxation

After a flip angle has been applied to the bulk magnetisation and the RF pulse

has been switched off, the nuclear magnetic moments are again only under the

influence of the B0 magnetic field. The bulk magnetisation will then relax back to

its thermal equilibrium by re-emitting the energy absorbed by the RF pulse. Spin

relaxation can happen by energy exchange to the surrounding environment known

as spin-lattice relaxation, causing the longitudinal (z-component) magnetisation

to recover to its equilibrium valueM0, and by spin-spin interactions, or transverse

relaxation, causing the transverse xy-component to decay back to zero. Relaxation

effects on the bulk magnetisation M, can be described by Bloch equations as

dM

dt
= γ(M×B)− (Mz −M0)k

T1

− Mxi +Myj

T2

, (5.13)

where T1 is the longitudinal relaxation constant and T2 is the transverse relaxation

constant.

Let us first consider the longitudinal relaxation by focusing on the z-component
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of the Bloch equation 5.13. Since our external field is B0 = [0, 0, B0], the Bloch

equation can be simplified to

dMz

dt
= −(Mz −M0)k

T1

, (5.14)

which is solved to give the time evolution of the longitudinal magnetisation

Mz(t) = M0 + (Mz(0)−M0)e−t/T1 , (5.15)

where Mz(0) is the value of the longitudinal magnetisation at time t = 0, i.e.

when the RF pulse is switched off. The relaxation time constant T1 depends

on various factors affecting spin-lattice interactions, such as the mobility of the

lattice and temperature (the gyromagnetic ratio γ and B0 can also affect T1). T1

is often used as contrast in MR imaging as the longitudinal relaxation of water is

dependent on the type of tissue. The different T1 of water in brain tissues should

also be taken into account in MR spectroscopy when calculating the concentration

of metabolites in the brain (see section 5.4.3): in this work we used the T1 values

at 7T of the Grey matter = 1940 ms, White matter = 1130 ms and Cerebrospinal

fluid = 4300 ms [Wright et al., 2008; Rooney et al., 2007].

Under the same B0 = [0, 0, B0] condition, the transverse relaxation is giving

by the i and j components of the Bloch equation (5.13), i.e.

dMx(t)

dt
= γB0My(t)−

Mx(t)

T2

dMy(t)

dt
= −γB0Mx(t)−

My(t)

T2

(5.16)

giving the solutions

Mx(t) = Mxy(0) sin(ωLt)e
−t/T2

My(t) = Mxy(0) cos(ωLt)e
−t/T2

(5.17)
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Figure 5.3: Diagram of a spin echo pulse sequence. Following a 90◦ RF pulse at
t = 0 the transverse magnetisation follows a free induction deacy (FID) with T ∗2
time constant (red line). At time t = TE/2 a 180◦ pulse is applied causing the
signal to refocus at the echo time t = TE with amplitude dependent on the T2

relaxation (curve in green).

where Mxy(0) is the initial value of the transverse magnetisation at t = 0 fol-

lowing the RF pulse and T2 is the transverse relaxation time constant. The bulk

transverse magnetisation decays due to spin-spin interactions affecting the local

magnetic field and causing a loss of phase coherence in individual spins. The

inhomogeneity of the static B0 field also causes an extra dephasing effect, char-

acterised by the time constant T ′2, adding to the spin-spin interactions. In NMR

experiments the detectable transverse relaxation is therefore given by the time

constant T ∗2 , dependent on both T2 and T ′2 relaxations:

1

T ∗2
=

1

T2

+
1

T ′2
. (5.18)

In a spin 1/2 system, a 90◦ pulse can be applied to flip the magnetisation into

the xy plane, making Mz(t = 0) = 0. In this case the system is said to be excited

or saturated. Following a 90◦ RF pulse the transverse magnetisation starts to

dephase as spins start precessing with slightly different phases due to differences

147



5.3. MRS

in their local magnetic field. This process is referred to as free induction decay

(FID) and follows an exponential decay with T ∗2 time constant. By applying a

refocusing pulse, e.g. a 180◦ pulse in the y-direction, it is possible to refocus the

transverse magnetisation: the time at which maximum Mxy refocusing occurs is

called the echo time (TE) and the effect is known as a spin echo [Hahn, 1950]. The

recovered signal at TE will be smaller than the initial transverse magnetisation

Mxy(0) due to the non-coherent spin-spin interaction, causing loss of the bulk

magnetisation which cannot be rephased. Spin echo sequences can therefore be

used to measure pure T2 relaxation effects (see Figure 5.3).

5.3 MRS

While magnetic resonance imaging (MRI) gives structural information based on

the magnetic properties (e.g. relaxation) of tissues, magnetic resonance spec-

troscopy (MRS) provides information on the chemical composition of a selected

volume. MRS can be used in vivo to detect concentrations of metabolically rel-

evant molecules and neurotransmitters as well as neurochemical changes in the

brain due to physiological processes or disease. MRS is based on the detection of

free induction decay (FID) signals and chemical shift.

5.3.1 Chemical shift

Nuclei of the same atomic species will resonate at slightly different frequencies

depending on their molecular environment, an effect known as chemical shift. The

effective field experienced by a spin is given by:

Blocal = (1− σ)B0, (5.19)

with σ being the shielding constant determined by the electron clouds around the

nucleus opposing the magnetic field B0. The resonant frequency of a nucleus in a
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chemical environment is therefore also affected and it can be defined as

ω0 = γ(1− σ)B0. (5.20)

This resonant frequency shift gives rise to a unique frequency peak in the MR

spectra for the detected nuclei in a specific chemical structure. The same atomic

species (e.g. 1H) in a different molecule (and with different chemical bonds within

a molecule) can therefore be distinguished. The chemical shift, δ, is defined as

the relative difference between the resonant frequency of a nucleus ω0 and the

frequency of the nucleus in a reference chemical environment, ωref . Chemical shift

is usually measured in parts-per-million (ppm) and mathematically is equal to

δ =
(ω0 − ωref )× 106

ωref
. (5.21)

For in vivo application, the commonly used reference for 1H MRS in the brain

is the methyl resonance of N-acetyl aspartate, which is set at 2.01 ppm, while the

‘zero’ is traditionally given by the methyl resonance of Tetramethylsilane (TMS).

The concentration of metabolites can be determined by measuring the area

under the curve of their individual resonance peaks in the MR spectrum. As 1H

only has one electron for chemical bonding its chemical shift range is quite narrow

(∼ 10 ppm). Together with the abundance of proton resonances in vivo this leads

to a significant overlap of resonance peaks in MR spectra making the unambiguous

detection and quantification of individual resonances more challenging, particu-

larly for molecules with low concentrations. As the chemical shift effect linearly

increases with magnetic field B0 (equation 5.20) the use of higher magnetic fields

increases spectral dispersion and can improve spectra fitting and quantification.
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Figure 5.4: Simulated spectral patterns for GABA and Creatine at a field strength
of 4.0 T (Figure adapted from Govindaraju et al. [2000]). Creatine has three
singlet peaks while GABA has two triplets and one quintet peak due to J-coupling
interactions.

5.3.2 J-coupling

In addition to multiple peaks due to chemical shifts, MR spectra are often char-

acterised by multiplets or peak splitting caused by the intra molecular J-coupling

[Govindaraju et al., 2000] (see Figure 5.4). J-coupling, (also called spin-spin cou-

pling, or scalar coupling) arises from the interaction between nuclei with different

chemical shift via electrons in covalent bonds: the Pauli exclusion principle causes

the electrons in the covalent bond to have opposing spin states (spin up and

spin down) and this affects the nuclei through hyperfine couplings (Fermi con-

tact interaction), which make it energetically favourable for the nuclear spin to be

anti-parallel to the electronic spin. The frequency difference between multiplets is

called the coupling constant, J (reported in Hz), and it is independent of magnetic

field strength. J-coupling can be homonuclear (e.g. 1H−1H) or heteronuclear (e.g.

1H−13C). The effect of J-coupling is observable when the distance between two

chemically non-equivalent nuclei is no greater than three bond lengths.
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Figure 5.5: Single voxel localisation diagram. The VOI (in red) is localised from
the intersection of three slice selection RF pulses.

5.4 Methods

5.4.1 Data acquisition

In MR spectroscopy, we wish to detect a spectrum at a specific location in the

brain, called the volume of interest (VOI). Spatial localisation also allows for im-

provements in spectra resolution and signal to noise ratio (narrow line widths)

and exclusion of unwanted peaks from outside the VOI, such as lipids from the

skin. One of the main approaches for spatial localisation in MRS is single voxel

spectroscopy (SVS) where we detect the MRS signal from a single defined volume

[Klose, 2008]. Spatial encoding in SVS is achieved by applying magnetic field

gradients in three orthogonal directions: small magnetic field gradients are super-

imposed on the static magnetic field B0 so that spins at different positions will

experience a unique and spatially specific magnetic field. The variations in local

magnetic field will affect the Larmor frequency (see equation 5.5). By applying

a linear gradient along one axis, it is possible to only excite spins in a slice of

the sample through a RF pulse. The thickness of the slice (∆z) is determined by

how narrow we make the bandwidth (∆ω) of the RF pulse and by the gradient

amplitude (Gz):

∆z =
∆ω

γGz

. (5.22)

In SVS, orthogonal magnetic gradients are applied in three directions together

with slice-selective RF pulses to collect the echo signal from the VOI, where the

three slices intersect (see Figure 5.5). Multi-voxel techniques known as Chemical
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Shift Imaging (CSI) or MR Spectroscopy Imaging (MRSI) can also be used in

MRS to acquire multiple spectra from voxels in planes or 3-dimensional volumes,

though they usually offer lower spectral quality compared to SVS sequences.

Here we implemented two different SVS techniques: Stimulated Echo Aquisi-

tion Mode (STEAM) [Frahm et al., 1989] and semiadiabatic Localisation by Adia-

batic Refocusing (sLASER) [Scheenen et al., 2008]. Point RESolved Spectroscopy

(PRESS) [Ordidge et al., 1986; Bottomley, 1984] is also a widely used localisa-

tion technique in MRS, although difficulty in achieving good 180◦ flip angles and

necessarily long echo times make it non-ideal for use at 7T field.

MR system

In order to prevent artefacts due to subject magnetisation [Gross et al., 2013],

all MRS data were acquired after the MEG session; out of 46 participants 41

underwent MEG and MR scanning on the same day, 5 participants were scanned

within 2 days. All MR measurements were performed on a 7T Philips Achieva

scanner (Philips Medical Systems, Best, Netherlands) equipped with a 32-channel

receive head coil and a surrounding volume transmit coil. Quadrature detection

was used to produce real and imaginary components of the detected signal from

the receive coil (by mixing the detected signal with two out of phase reference

signals) and allowing to distinguish between the negative and positive frequencies

relative to the reference frequency, ω0.

Proton MRS STEAM sequence

STEAM sequences allow for very short echo times, allowing the detection of short

T2 metabolites. The use of 90◦ pulses improves the sharper definition of the

VOI edges, and their high bandwidth which reduces chemical shift displacement

artefacts compared to PRESS sequences, is particularly important at 7T field, as

well as reducing tissue energy deposition (SAR). The downside of STEAM is its

diminished signal to noise due to use of stimulated echos instead of spin echos.
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Figure 5.6: Diagram of STEAM pulse sequence. (Figure adapted from Thompson
and Allen [2001]).

A schematic diagram of the STEAM pulse sequence is shown in Figure 5.6. The

STEAM sequence uses three 90◦ RF pulses to obtain a stimulated echo (STE)

signal at time TM+TE, where TM is the mixing time. The parameters used were

a TE/TM/TR of 14/15/2000 ms for the first 13 participants, and 17/15/2000

ms for the remaining participants. The data acquisition sample size was 4096,

with a 4000 Hz bandwidth. MOIST (Multiply Optimised Insensitive Suppression

Train) [Murdoch and Lampman, 1993] available on the Philips Achieva system

was used for water suppression. The VOI size was 15 × 20 × 30 mm3 and this

was manually placed over the left primary sensorimotor cortex. Voxels were tilted

in the coronal plane and positioned so as to avoid visible arteries, cerebrospinal

fluid (CFS) and non-brain tissues. Two REST saturation bands were used to

improve suppression of potential water and lipid extra-voxel signal contamination

from the scalp. Four non-suppressed water reference spectra were acquired from

the same voxel for phase and eddy current correction and for use as an internal

concentration reference.

5.4.2 Edited sequences

Due to the significant overlap of metabolites in 1H spectroscopy, spectral edited se-

quences are often preferred for the measurement of low concentration metabolites.
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J-difference spectral editing is based on the different time evolution of J-coupled

and uncoupeld spins in spin echo sequences following a frequency-selective pulse

(referred to as the editing pulse). Previous work at lower field (3T) has used

the Mescher-Garwood (MEGA) editing scheme in combination with a PRESS se-

quence (MEGA-PRESS), while at 7T MEGA-sLASER sequences, less affected by

chemical shift anisotropy, have shown to accurately estimate GABA in multiple

studies [Andreychenko et al., 2012; Chen et al., 2017]. As part of this experi-

ment we collected a macromolecule eliminated MEGA-sLASER sequence (TR/TE

=5000/72 ms, voxel size =15 × 20 × 30 mm3, spectral bandwidth = 4000 Hz,

samples = 4096, phase cycle step = 2) with VAPOR (variable pulse power and

optimised relaxation delay) water suppression [Tkáč et al., 1999], previously op-

timised by Chen et al. [2017]. sLASER spatial localisation is based on adiabatic

pulses, gradually sweeping the frequency of the B1 field to impart a flip angle

to the spin system. Adiabatic RF pulses must exceed a threshold amplitude in

order to remain in the adiabatic regime. During the period of data acquisition

the power output of the RF power amplifiers of the 7T scanner declined, unpre-

dictably affecting the sLASER sequence. The acquired MEGA-sLASER spectra

were therefore excluded from this further analysis. The STEAM sequence, using

90◦ RF pulses, while also affected by RF amplifier issues was more robust to B1

issues.

5.4.3 Data processing

Prior to metabolite quantification, spectra were pre-processed with custom scripts

developed in MATLAB. The main pre-processing steps involved the initial recon-

struction from the 32 channel raw signals [Hall et al., 2014b], zero-order phase

correction, frequency alignment performed relative to the choline peak (at 3.2

ppm) and elimination of any poor quality dynamics before spectral averaging.

Absolute quantification of metabolite levels was obtained through the LCModel
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Figure 5.7: Example STEAM spectrum acquired from the sensorimotor cortex
with individual metabolite concentrations estimated through LCModel software.

software package. LCModel works by fitting the obtained spectra with a derived

basis set of expected metabolites. For this analysis we fitted for 20 metabolites:

alanine (Ala), aspartate (Asp), choline (Cho), creatine (Cr), γ-aminobutyric acid

(GABA), glucose (Glc), glutamate (Glu), glutamine (Gln), glycine (Gly), glyc-

erophosphocholine (GPC), glutathione (GSH), lactate (Lac), myo-Inositol (mI), N-

acetylaspartate (NAA), N-acetylaspartylglutamate (NAAG), phosphocholine(PCh),

phosphocreatine (PCr), phosphorylethanolamine (PE), scyllo-Inositol (sI) and tau-

rine (Tau). In order to account for the contribution of macromoles we also included

a macromolecule spectrum experimentally acquired in vivo. An example STEAM

spectrum fitted with LCModel is shown in Figure 5.7. LCModel analysis was

performed in the chemical shift range between 0.2 and 4.2 ppm and allowing for

a flexible baseline, in order to compensate for non-ideal water and lipid suppres-

sion. LCModel is able to correct for eddy currents and residual water by providing
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Figure 5.8: Tissue segmentation created with SPM8 is highlighted in green (cor-
tex), yellow (white matter) and blue (CSF). MRS voxel (in red) was placed manu-
ally over the left central sulcus. Tissue fractions were used for relaxation correction
of metabolite concentrations.

the software with a reference water spectrum. As the GABA peaks overlap with

peaks from higher concentration metabolites (such as Cr at ∼ 3 ppm), we allowed

all peaks of individual metabolites to shift from the basis set expected frequency

by only 0.001 ppm (∼ 0.3 Hz) in order to avoid LCModel overfitting the spectra

and overestimating GABA concentration. Estimated metabolites are reported in

absolute concentrations (mM units) and with an estimated standard deviation (or

goodness of fit parameter) expressed in percentage, i.e. the Cramér-Rao lower

bound. GABA and Glutamate concentrations were reported as absolute concen-

trations and as relative concentrations to total creatine (tCr), estimated as the

sum of Cr and PCr. Total Creatine is often used as the reference metabolite for in

vivo proton spectroscopy as its concentration in the brain is relatively constant.

The tissue composition inside the MRS voxel was measured from an MPRAGE

image collected during the same MR session. Estimates of the grey matter (GM),

white matter (WM) and cerebrospinal fluid (CSF) were determined through the

Statistical Parametric Mapping (SPM8) software package [Ashburner and Friston,

2005]. An example of SPM8 derived tissue segmentation is shown in Figure 5.8.

Metabolite concentrations obtained in LCModel were corrected for differences

in relaxation times and all metabolites were referred to the brain tissue (white

and grey matter) fraction in the spectroscopy volume. The concentration of the
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metabolites of interest [G] (for GABA, Glu and tCr) estimated by LCModel were

further corrected for differences in relaxation times according to

[Gcorr] = [G]×

∑GM,WM,CSF
i cw,i exp

(
− TE
T2w,i

)
(1− exp

(
− TR
T1w,i

)
)fi

exp
(
− TE
T2G

)
(1− exp

(
− TR
T1G

)
)

(5.23)

where cw,i is the visible water concentration of each tissue i, fi is the tissue fraction

in the VOI, T2w,i and T1w,i the time constants for water in the tissue, and T2G and

T1G the time constants for the metabolite (see e.g. [Harris et al., 2015]). Relaxation

times for individual metabolites were obtained from Andreychenko et al. [2012].

5.4.4 Link to MEG and statistical techniques

To compare GABA concentration and beta amplitude, we quantified beta ampli-

tude in two ways. First, we used our resting state recording to measure the resting

beta level, as the average oscillatory amplitude across the ten minute measurement

– giving a quantification of resting beta amplitude. Secondly, we used the task

data to measure beta modulation; specifically, in trials in which the attentional

cue pointed to the right hand, we measured fractional change in beta amplitude

(with respect to rest) in left sensory cortex in the 12.5 s to 16 s window (relative

to the start of the trial) – this gave a measure of beta modulation. We then plot-

ted GABA level against our two beta measures independently and tested for a

significant relationship. Note that two subjects were excluded from these analyses

on the basis of MRS data quality (high residual water, pronounced lipid artefacts

and GABA Cramér-Rao lower bounds > 30%). One further subject was excluded

for having beta amplitude greater than 3 standard deviations from the mean. All

processed spectra are presented in appendix D.

We further tested whether GABA concentrations referenced to tCr or to the ex-

citatory neurotransmitter Glutamate correlated with individual behavioural per-
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formance. Specifically we tested for GABA correlations to accuracy and reaction

time. Individual accuracy at performing the task was estimated as (true positives

+ true negatives)/(true positives + false positives + true negatives + false nega-

tives), where ‘true positives’ are the number of correctly identified targets, ‘false

positives’ are the number of misidentified non-target probes, ‘true negatives’ are

the number of correctly ignored non-targets probes and ‘false negatives’ are the

number of missed targets. Reaction time was calculated as the average time taken

to correctly press the buttons following the presentation of a target pattern.

5.5 Results

5.5.1 Relationship to MEG

For the 43 subjects analysed in the MRS experiment, the average spectral linewidth

was 8.8 ± 1.0 Hz. The Cramér-Rao lower bounds for GABA ranged from 9% to

22%. Both beta modulation and resting beta power were plotted against GABA

concentration, with results shown in Figures 5.9A and 5.9B respectively. In both

cases, and in agreement with our hypothesis, we found a significant (p = 0.01

for resting beta and 0.02 for beta modulation) relationship, with those subjects

with higher GABA concentration demonstrating higher resting power and task in-

duced change. For comparison, Figures 5.9C and 5.9D show beta rebound plotted

against Glutamate and total Creatine, respectively. Note that, unlike GABA, no

measurable relationships were found.

The same analysis was run for GABA and Glutamate concentrations which

were both normalised relative to total Creatine. In agreement with absolute

concentrations, beta rebound and resting beta power correlate significantly with

GABA/tCr concentration with p-value of 0.02 and 0.007 respectively. Glu/tCr

shows no significant relationship. Results are shown in Figure 5.10.
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Figure 5.9: A) GABA concentration plotted versus beta modulation, both mea-
sured in left sensorimotor cortex – each data point represents a different sub-
ject and error bars denote standard error of beta amplitude over time. Note the
significant (p = 0.02) correlation. B) GABA concentration versus resting beta
amplitude, also in left sensorimotor cortex. Again note significant (p = 0.01)
correlation, with subjects with higher GABA concentration having larger resting
beta amplitude. C) Beta rebound versus Glutamate. D) Beta rebound versus
total Creatine.

Figure 5.10: Metabolite ratios versus beta oscillations. A) Beta rebound plotted
against the ratio of GABA to total Creatine. B) Resting beta power plotted
against the ratio of GABA to total Creatine. C) Beta rebound plotted against the
ratio of Glutamate to total Creatine.
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Figure 5.11: Correlation of Beta rebound to GABA concentration in 43 subjects
and repeated measures in subset of 28 subjects. A) GABA concentration plotted
versus beta modulation, both measured in left sensorimotor cortex – each data
point represents a different subject. Blue data points refer to the initial 43 subjects,
green data points to subset of 28 subjects acquired after 9 months. Error bars show
standard error of beta amplitude estimation over time. B) GABA concentration
measured in left sensorimotor cortex in the second run (vertical axis) plotted
against GABA measured in the first run (horizontal axis) in a subset of 27 subjects
(each represented as a data point; subjects with evident poor data quality in either
run were excluded). Although we see a significant correlation (p = 0.045) of GABA
measures between runs, the second run showed overall lower estimates of GABA
concentration.

Figure 5.12: Absolute value of LCModel estimated baseline for STEAM spectra in
run 1 (blue) and run 2 (red). Baseline amplitude is reported as fractional height
of the NAA peak (at 2ppm). Shaded region is the overlay of individual spectral
baselines.
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5.5.2 Relationship between run 1 and 2

MRS measures were acquired twice in 29 subjects, and correlations between beta

rebound and GABA estimates, for these two runs, are compared in Figure 5.11

(one subject with Cramér-Rao lower bounds = 35% was excluded from the anal-

ysis). In run 2, a similar trend was noted to that identified in run 1, where higher

beta rebound tended to be predicted by higher GABA. However, in the second

run this relationship failed to reach statistical significance. In addition, despite a

significant (p = 0.045) correlation between GABA estimates across runs, GABA

tended to be lower in run 2. Results from LCModel further suggested that the

overall GABA Cramér-Rao lower bounds (range 13% to 31%) were higher in the

second run, indicating poorer data quality. We speculate that this lower spectral

quality was a result of a decline in performance of the RF power amplifier between

runs. The spectral baselines for both runs estimated through LCModel are shown

in Figure 5.12. Run 1 showed, on average, a flatter baseline than run 2. Both runs

included a few scans with notably poor water suppression or lipid contamination.

5.5.3 Comparison of GABA and behavioural performance

Figure 5.13 shows GABA/tCr and GABA/Glu plotted against task accuracy. We

see a significant negative correlation (p=0.04, not corrected for multiple compar-

isons) of accuracy and GABA/Glu ratio in the second run (29 participants), but

no similar trend can be observed in the first run (44 participants) or by pooling

together the data of both runs (73 participants). Figure 5.14 shows the compar-

ison of GABA/tCr and GABA/Glu to reaction times. No correlation could be

seen when comparing GABA and reaction time in either run.
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Figure 5.13: GABA concentration compared to individual task accuracy. Top row
shows GABA ratio to total Creatine (tCr), bottom row shows GABA ratio to
Glutamate (Glu). Pearson correlations are calculated separately for the first and
second run and for the two runs combined (plots presented in order from left to
right).

Figure 5.14: GABA concentration compared to individual reaction times (i.e. time
of button press responses to target stimuli). Top row shows GABA ratio to total
Creatine (tCr), bottom row shows GABA ratio to Glutamate (Glu). Pearson
correlations are calculated separately for the first and second run and for the two
runs combined (plots presented in order from left to right).
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5.6 Discussion

Our results in Figure 5.9 link the generation of beta oscillations to localised con-

centrations of GABA, with individuals demonstrating measurably high GABA

concentration tending to have higher resting state beta power, and a larger beta

rebound. MRS has limited specificity, since it cannot target GABA molecules

that are actively used for neurotransmission (i.e. those which presumably drive

beta oscillations themselves). Rather, recent evidence [Stagg et al., 2011] suggests

that MRS is most sensitive to tonic GABA (i.e. endogenous GABA present in the

extracellular space). Nevertheless, our finding suggests that this tonic GABA is,

in some way, associated with the neurochemical control of beta oscillations, and

it is tempting to speculate that tonic GABA offers a means to maintain cortical

inhibition in the resting state, and that this inhibition is mediated (electrophys-

iologically) by beta band oscillations. This would mean that measurements of

resting GABA level, and resting beta power, are both effectively complementary

measures of neural inhibition.

However, interpretation of this finding must be undertaken with caution. Pre-

vious studies attempting to correlate MRS measures of neurotransmitter levels

and MEG derived electrophysiology have been problematic, with small sample

size studies [Muthukumaraswamy et al., 2009] not being reproduced by subse-

quent investigation in a larger cohort [Cousijn et al., 2014]. Here we attempted

to mitigate this problem by having a relatively large sample size (comparable to

that of Cousijn et al. [2014]) and by scanning a number of these individuals twice.

Our result showed a moderate, but nevertheless significant relationship in the first

run of 46 subjects, and a similar trend in the second acquisition with 29 sub-

jects, suggesting that this is a robust finding. Further, our finding agrees with

earlier work [Gaetz et al., 2011] (though this study also had small sample size).

Our work thus adds to a weight of evidence from MRS [Gaetz et al., 2011] and

from neuro-pharmacological manipulation [Jensen et al., 2005; Hall et al., 2011;

Muthukumaraswamy et al., 2013], which suggests a direct relationship between
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beta oscillations and GABA. However it is interesting to note that, although beta

rebound and rest beta power show a correlation to GABA concentration, GABA

was not significantly related to subject accuracy or reaction times, mitigating the

interpretation of a direct link between resting GABA levels measured with MRS

and sensorimotor cortex function.
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Appendix D

STEAM data

In this appendix we present all STEAM spectra acquired from 46 subjects in the

first run, and a subset of 29 subjects who took part in the second run. Spectra

have been pre-processed and subsequently analysed through the LCModel software

package. Spectra are presented baseline corrected (baseline estimated through

LCModel). Each panel shows the data (in blue), the overall model fit by LCModel

(in red), the GABA metabolite fit (in black), the residual of the model fit (in green

above the spectra) and the estimated baseline (in green below the spectra).
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Figure D.1: First Run: STEAM data fitted by LCModel.
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Figure D.2: First Run: STEAM data fitted by LCModel. Subject 23 did not take
part in the MRI session.
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Figure D.3: First Run: STEAM data fitted by LCModel. Subject 25 was excluded
because of obvious lipid contamination. Subject 31 did not take part in the MRI
session.
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Figure D.4: First Run: STEAM data fitted by LCModel. Subject 45 was excluded
because of poor water suppression and GABA Cramér-Rao lower bounds > 30%.
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Figure D.5: Second Run: STEAM data fitted by LCModel.
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Figure D.6: Second Run: STEAM data fitted by LCModel.
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Figure D.7: Second Run: STEAM data fitted by LCModel.
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Chapter 6

Final Remarks

Neural oscillations and functional connectivity measures in MEG data are prov-

ing to be of great importance in clinical research and the understanding of various

pathologies. A number of studies have implicated beta oscillations in neurodevel-

opment [Gaetz et al., 2010], mental health disorders (e.g. schizophrenia [Robson

et al., 2016]) and neuropathologies such as multiple sclerosis [Barratt et al., 2017],

Parkinson’s disease [Schnitzler and Gross, 2005] and dementia [Sami et al., 2018].

However, despite recent efforts in neural modelling [Sherman et al., 2016], the

cortical origin of beta oscillations and their dependence on neurochemistry is still

uncertain with current evidence pointing to a dependence of beta oscillations on

the inhibitory neurotransmitter GABA observed through pharmacological manip-

ulation [Jensen et al., 2005; Hall et al., 2011; Muthukumaraswamy et al., 2013].

In the work presented in chapter 3 I showed that resting state connectivity as-

sessed with MEG can be a robust measure when calculated over long recordings.

This robustness is key if MEG connectivity measures are to be proven valuable for

clinical applications. Moreover, the reproducibility of static functional connectiv-

ity networks was found to be limited by the temporal dynamics of the networks

themselves, supporting the evidence that functional networks are composed of mul-

tiple sub networks engaging and disengaging over faster timescales [Baker et al.,

2014].
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In chapter 4 I investigated the role of beta oscillations in the somatosensory

system through a spatially-selective attention task. I was able to replicate the

findings of Bauer et al. [2006] showing the beta rebound to be dependent on at-

tention, with suppressed non-attended stimuli showing significantly stronger beta

rebound compared to attended. In addition I demonstrated that the beta rebound

supports a short lived (∼ 500ms) increase in functional connectivity over a net-

work involving the sensory, motor, parietal and temporal cortices. Beta power and

functional connectivity in the contralateral sensory cortex were also predictive of

task performance, with higher pre-stimulus beta amplitude and connectivity lead-

ing to increased detection errors. Furthermore, through MR proton spectroscopy

at 7T, we show in chapter 5 that GABA concentration in the sensorimotor cortex

correlates with beta power in a group of 46 subjects (greatly increasing the statis-

tical power from the previous study by Gaetz et al. [2011] showing a similar effect).

All together this evidence adds weight to the hypothesis of beta oscillations being

a marker of inhibition and “top-down” control on the sensorimotor system.

6.1 Study limitations

The interpretation of an inhibitory role of the beta rebound in the sensorimotor

system, although supported by various correlative evidence, remains speculative.

Other oscillatory frequencies have not been assessed in depth, such as the gamma

band, which showed a marked attentional effect in the sensory cortex, and the

alpha band, which can be clearly seen in parietal and occipital cortex (Figure

C.4). If the beta rebound indeed reflects “top-down” control, modulated by voli-

tional attention, we could expect an involvement of the frontal cortex. Such an

effect could be explored through metrics inferring directionality of connectivity or

cross-frequency coupling, potentially between theta and gamma frequencies in the

frontal cortex with the beta oscillations in the sensorimotor system.

In addition, when considering the effect of beta oscillations on behaviour, other
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characteristics of neural oscillations may be worth investigating, such as latency

of oscillatory responses and peak frequency. Recent work has highlighted how the

beta rhythm often appears as discrete bursts of increased oscillatory amplitude

rather than the sustained response seen in trial average data [Sherman et al., 2016].

The detection of beta bursts, though still in its infancy [Little et al., 2018], could

add information of burst morphology and frequency of occurrence as measures of

connectivity from synchronisation of bursts over separate areas of the cortex.

6.2 The end

The anatomical, metabolic and electrophysiological areas of neuroimaging research

have often remained separate, leaving our understanding of the brain like a frag-

mented mosaic. In this thesis I presented a new avenue of understanding human

brain function with non-invasive techniques, by integrating individual differences

in electrophysiology, functional connectivity and neurochemistry. This multimodal

approach offers a unique means to defragment our current disparate picture, and

ultimately enable a new understanding of the human brain, in health and disease.
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