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ABSTRACT 

The human brain is a complex network of interconnected neurons which function on 

various scales of time and space. The observable behaviour produced by the human 

brain is the result of a cascade of several neuronal events that occur over a wide 

temporal scale. The project investigated processes near the two ends of the temporal 

scale using magnetoencephalography (MEG), a non-invasive neuroimaging method 

with high temporal resolution.  

As an example of temporal dynamics over the millisecond scale, auditory event-

related responses were investigated. To this end, MEG data were recorded as 

participants performed an auditory oddball task. The data were analysed using 

Linearly Constrained Minimum Variance beamformer, applied to study non-phase-

locked and phase-locked event-related responses. Neuronal sources of sensory-

evoked responses, corresponding to phase-locked and non-phase-locked responses, 

were localised in the bilateral primary auditory cortices and auditory belt area. 

Whereas, neuronal sources of late, cognitive responses (occurring 300ms after 

stimulus onset) were localised in modality specific and supra-modal areas, such as 

the temporo-parietal junction, inferior frontal gyrus, and prefrontal cortex.  

As an example of dynamics over years, the project searched for changes in the 

organisation of brain networks following years of musical training. This research 

question required the development of a novel method based on graph theory and in 

particular, the multilayer network framework. This framework treats the human 

brain as a “network of networks”, allowing us to integrate information from different 

MEG frequency bands (or imaging modalities) in a unified network description. The 

central contribution from this thesis is the development of a normalisation method, 

which allows us to perform multilayer network group comparisons (such as control 

group vs experimental/clinical group). The efficacy of this method was tested by 

using simulated brain networks as ground truth.  

Subsequently, using the newly developed method, the effects of training related 

plasticity were investigated in resting-state MEG recordings, without a task requiring 

the trained skill. Here, we identified that musicians show an integrated network 

configuration when compared with non-musicians. Furthermore, it was also 



     ix 

demonstrated that multilayer networks provide information that more traditional 

approaches of network analysis cannot, highlighting the benefits of multilayer 

network analysis in between-group studies.  

The thesis concludes with a general discussion on how the multilayer network 

framework can potentially be used further for studies of cortical dynamics, 

specifically, multimodal data integration to obtain a holistic picture of the human 

brain. 
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CHAPTER 1 

 

1 General introduction and thesis overview 

 Introduction 

The average human brain is about 2% of the total body weight, and yet it consumes 

20% of the total glucose uptake. The brain houses over a billion neurons and a trillion 

synapses making it the most complex systems known to us. However, how does this 

organ produce observable and adaptive behaviour remains a mystery. Neuroscience, 

i.e., the scientific study of the nervous system, is a multidisciplinary branch of science 

that attempts to address some of these questions. The last three decades, in 

particular, have seen exponential growth in the number of publications that are 

involved in the investigation of various aspects of the nervous system (Figure 1-1). 

These investigations range from microscopic to macroscopic levels of the human and 

animal nervous system. Having said that, the interest in the functioning of the human 

brain is hardly a recent one. The oldest reports date back to ancient Egypt, the Edwin 

Smith Papyrus, an Egyptian medical text, which provides evidence that Egyptians 

used various surgical procedures to cure ailments of the head (Mohamed, 2008). 

Furthermore, the ancient Egyptians used the human heart and mind synonymously 

and believed that depression was a “fever in the heart” (Mohamed, 2008). Fast-

forwarding to the present day, our understanding of the human brain has become 

far more sophisticated. We now know various underlying physiological and 

anatomical principles, and we most certainly do not believe that the heart is the 

centre of “mind.”  

The foundations of modern neuroscience were laid by the heated debate1 between 

Santiago Ramon y Cajal and Camillo Golgi at the turn of the 20th century. In the late 

 

1 Golgi and Cajal shared the Nobel Prize in 1906. The transcripts of their Nobel Prize lectures offer an entertaining 
summary of this debate.  
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1800s, Golgi developed a silver staining method using which he proposed the 

reticular theory. From his initial observations, he stated that the neurons in the brain 

appear to have long processes, which form a continuous web, known as the 

reticulum, that is responsible for the neuronal communication.  

 

Figure 1-1 Exponential growth in the number of scientific publications in 
neurosciences over the decades. 

Cajal on the other hand, refined on Golgi’s staining method and proposed that 

neurons are discrete units of the nervous system, which terminate over a small 

distance and somehow communicate with dendrites of other neurons, which was 

termed as the neuron theory (see review: Jones, 1999). Subsequently, building on 

Cajal’s work, physiologist Charles Sherrington first reported the presence of synapses 

that underlie the communication between two neurons. However, none of the 

 

Camillo Golgi – Nobel Lecture: The Neuron Doctrine Theory and Facts: https://goo.gl/n8bf13; Santiago Ramón y 
Cajal – Nobel Lecture: The structure and Connexions of Neurons: https://goo.gl/2RG3PP  

https://goo.gl/n8bf13
https://goo.gl/2RG3PP
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staining methods allowed investigations of living tissues or the entire functioning 

brain as a whole. This changed with Hans Berger’s pioneering work in the 1920s 

(Berger, 1929).  

In 1929, Berger demonstrated that the ongoing electrical activity in the brain could 

be recorded non-invasively using surface electrodes. Before this breakthrough, a 

majority of the investigations on the human brain relied on clinical interviews (i.e., 

symptomatology in the pathological conditions) or post-mortem reports. Hans 

Berger’s work on electroencephalography for the first-time allowed clinicians to 

study the living human brain non-invasively. In the following decades up to the 

1980s, electroencephalography (EEG) remained the gold standard method for 

identification of brain tumours (e.g., Walter, 1936). Subsequently, the 1970s and 

1980s saw the rise of other brain imaging modalities such as 

magnetoencephalography (MEG; Cohen, 1968, 1972), magnetic resonance imaging 

(MRI; Lauterbur, 1973; Mansfield, 1977; Mansfield & Grannell, 1973), positron 

emission tomography (PET; Fox, Mintun, Raichle, & Herscovitch, 1984). The rise of 

various brain imaging methods has tightly been linked with advancements in other 

disciplines such as physics, mathematics, and computer science. Non-invasive 

measurements of brain functioning, in particular, have helped us better understand 

the human brain both in health and in disease. A focus of the investigations in 

functional neuroimaging in the last three decades has been on the development of 

various signal processing strategies (e.g., Ashburner & Friston, 2005; Friston et al., 

1995; Smith et al., 2004) and the development of statistical frameworks for data 

interpretation (e.g., Friston et al., 1995; Worsley et al., 1996).  

All the neuroimaging methods only offer a snapshot of brain functioning at any given 

time at different scales of time and space. Therefore, before any further discussion 

on brain dynamics, it is essential to define the scales of measurement clearly.   
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 Scales of measurement and MEG 

To produce adaptive behaviour, large ensembles of neurons in the human brain work 

in concert. The neuronal communication occurs within several milliseconds, but they 

produce behaviour that can last over seconds. We can measure this activity both 

directly and indirectly using various methods at various scales of time and space. 

Figure 1-2 shows a plethora of methods that are available to neuroscientists. 

Neuroscientists typically use only one method at a time, which offers a trade-off 

between spatial and temporal resolutions. Therefore, the selection of a 

measurement technique depends on the research question at hand.  

  

 

Figure 1-2 Spatiotemporal scales of various neuroscientific methods. The X-axis 
shows the spatial scale and Y-axis shows the temporal scale. In this thesis, brain 
dynamics at two ends of the temporal spectrum were investigated using MEG. These 
are the two points where the horizontal dotted line intersects with the two vertical 
dotted lines. As an example of cortical dynamics over milliseconds, auditory evoked 
responses were studied. The study of cortical dynamics over years was achieved by 
studying group differences in MEG resting-state data. The inset shows the availability 
of neuroscientific methods in the year 1988. Figure adapted from Sejnowski et al. 
(2014).  
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This thesis focuses primarily on using MEG to investigate brain dynamics occurring at 

the two ends of the temporal spectrum (as highlighted in Figure 1-2), i.e., cortical 

dynamics occurring over milliseconds and cortical dynamics occurring over the years 

(changes in ongoing activity due to training).  

MEG is a non-invasive functional neuroimaging method that allows us to measure 

magnetic fields generated by electrical activity occurring in the brain. Although 

measurements performed using fMRI, provide an unmatched spatial resolution; have 

a temporal resolution of the order of seconds, which is very slow for studying neural 

dynamics. The activity measured with fMRI is an indirect measure and is a result of 

neurovascular coupling (Huettel, Song, & McCarthy, 2009). On the other hand, MEG 

provides a superior temporal resolution and comparable spatial resolution and is a 

direct measure of the electrical activity of the brain (Baillet, 2017; Baillet, Mosher, & 

Leahy, 2001). The biophysical principles of signal generation for both EEG and MEG 

are the same, i.e., both the techniques measure the same underlying activity. 

However, in comparison with EEG, MEG proves to be superior as the magnetic fields 

generated by the flow of electrical current in pyramidal neurons, are unperturbed by 

skull, meninges, and scalp. This property proves to be a unique advantage for source 

localisation. Due to the smearing of electrical activity by the skull, the spatial 

resolution achieved with EEG (even with a high-density electrode array) is of the 

order of few centimetres, whereas the spatial resolution of MEG is of the order of 5-

10 millimetres (Hillebrand et al., 2005). By reducing the head movement in the 

scanner, recent studies have demonstrated that a finer spatial resolution can be 

achieved with MEG (e.g., Meyer et al., 2017). This is not to say that EEG does not 

offer us any useful information, it remains one of the most widely used methods both 

in research and in various medical setups.  

 

 Aims and objectives 

This thesis explores cortical dynamics occurring at two ends of the temporal scale as 

measured non-invasively, i.e., event-related responses occurring over milliseconds, 
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and effects of long-term sensorimotor training on brain connectivity, in particular, 

effects on task-free resting-state activity.  

Cortical dynamics occurring over milliseconds can be studied using many different 

ways. Here, the focus was on studying event-related responses; this is merely the 

modulation of ongoing activity elicited by an external stimulus. Auditory evoked 

responses were a test case. The chief reasons behind this are as follows. First, unlike 

fMRI, MEG acquisition is completely silent and does not interfere with auditory 

stimulation. Second, the temporal resolution offered by MEG is comparable with that 

of the auditory system. And third, although the auditory cortex is an anatomically 

convoluted structure, the dipoles located in the superior temporal region are 

tangential and as a result easily discernible by MEG. To this end, we take a classical 

approach of source localisation. The aim was to localise both phase-locked and non-

phase-locked responses involved in the generation of auditory evoked potentials, 

specifically, the auditory P300 response to task-related oddball tones within a 

sequence of standard tones. 

 

The human brain can undergo structural and functional changes with years of 

specialised training, and it has robustly been demonstrated using structural 

neuroimaging, resting state and task fMRI. Recently, an EEG study showed 

differences in resting-state connectivity in musicians and non-musicians (Klein et al., 

2016). However, the study had a crucial limitation in that the data were analysed as 

functional networks in isolated frequency bands (i.e., theta: 6.5-8 Hz, alpha1: 8.5-10 

Hz; alpha2: 10.5-12 Hz), which ignored the pan-spectral nature of M/EEG frequency 

bands (i.e., between band/network communication). To overcome this limitation, a 

novel method of network analysis (multilayer network framework) was utilised, 

which integrates multiple frequency bands in a unified description. The aim was to 

identify the differences in the multilayer network organisation of musicians and non-

musicians, as a signature of sensory-motor training. Using the novel framework, it 

was demonstrated how resting-state network organisation differs between 

musicians and non-musicians.  
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 Thesis overview 

 

Chapter 2 of the thesis introduces MEG, including signal generation and recording 

hardware. MEG offers a unique balance of spatiotemporal resolution, making it an 

excellent tool for the non-invasive measurement of brain activity. Subsequently, 

chapter 3 discusses how the MEG data can be analysed further. It reviews the theory 

of MEG source localisation and discusses beamforming, which has been used 

throughout this thesis.  

In chapter 4 we put these concepts together to investigate cortical dynamics 

occurring over the millisecond scale. To this end, MEG data were recorded as 

participants performed an auditory oddball task. The data were analysed using 

Linearly Constrained Minimum Variance (LCMV) beamformer, which was applied to 

both continuous and averaged data to study non-phase-locked and phase-locked 

nature of event-related responses respectively.  

To measure the changes in brain activity at rest following years of musical training 

required the development of a novel method. Chapter 5  introduces the basics of 

graph theory and in particular, the recently introduced multilayer network 

framework. A multilayer network treats the human brain as a “network of networks”, 

allowing us to integrate information from different MEG frequency bands in a unified 

network description. The use of the multilayer network framework for between-

group comparisons (such as control group vs. experimental group, a typical scenario 

in cognitive neuroscience) is addressed in chapter 6. Using empirical data, it was 

demonstrated that such group comparisons are biased due to differences in average 

connectivity. To correct for such biases, new methods are introduced and validated 

using simulated data.  

In chapter 7, the new bias correction method is applied to multilayer networks to 

study the effects of training related plasticity using resting-state MEG recordings. 
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Here, musicians showed an integrated network configuration when compared with 

healthy controls. Furthermore, it was also demonstrated that multilayer networks 

provide more information than traditional single-layer approaches.  

Finally, chapter 8 provides a summary of the findings and how multilayer networks 

can be used further to integrate information from multiple imaging modalities to 

study brain networks both in health and in disease.  
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CHAPTER 2 

 

2 MEG: Neurophysiological origins and 

instrumentation 

 

Précis  

The human brain houses over a billion neurons and a trillion synapses making it the 

most complex biological systems known to us. The neurons sitting inside the bony 

skull communicate with each other using electrical signals via synapses. It is this 

communication that manifests itself in observable behaviour (e.g., language, 

perception, speech, etc.). Therefore, to truly understand the inner workings of the 

human brain, it makes sense to probe the electrical communication employing non-

invasive measurement techniques. Studying the magnetic fields associated with the 

underlying electrical fields offers certain unique advantages. Measurement of 

magnetic fields is achieved by a non-invasive method known as MEG. To appreciate 

how we can make sense of the data obtained from MEG, we first need to answer 

some fundamental questions – 1) What signal can we measure using MEG? 2) Where 

does the signal come from? And 3) How can we measure the signal? To this end, the 

present chapter discusses the anatomy and physiology of neurons, how large 

ensembles of neurons give rise to the signals measured using MEG and covers the 

basics of MEG hardware.  

 

 Anatomy and physiology of neurons 

 

The human brain primarily is composed of neurons and glial cells. Neurons can be 

thought of as the building blocks of the human brain. The glial cells provide the 

necessary structural and metabolic support to the neurons. While there are several 
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different types of neurons, there are some common features seen across all of them, 

viz., a cell body (or soma), dendrites, and axons. The dendrites are the long 

extensions that originate from the cell body as seen in (Figure 2-1). The neurons of 

interest for MEG are the pyramidal neurons. These give rise to the signal as measured 

with M/EEG. The pyramidal neurons tend to have a large number of dendritic spines 

and a single axonal body. The pyramidal neurons, named because of the pyramid-

like shape of the soma, have apical and basal dendrites.  

 

Figure 2-1 A schematic of a pyramidal neuron. The image is taken from Hämäläinen 
et al. (1993). 

 

The cell body of a neuron receives inputs from the dendrites, making neurons the 

most fundamental unit of a neuronal “network”. The cell body or the soma of a 

neuron, like the majority of the cells in the human body, contains a nucleus. The 

nucleus of the cell packs all the relevant genetic information. The soma also contains 
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the Golgi body and mitochondria; these two are involved in neurotransmission and 

energy production respectively.  

The output of the neuron is carried via the axon. The inputs from other neurons 

converge at the axon hillock, which is at the base of the soma. Depending on the type 

of neuron, the axons can be myelinated or unmyelinated. The myelin sheath is rich 

in lipids and surrounds the axons, which facilitates higher transmission speeds. The 

gaps in myelination, as shown in (Figure 2-2), where the axon is exposed to 

extracellular space are called nodes of Ranvier. These nodes have a rich supply of ion 

channels, allowing them to participate in the regeneration of action potentials (AP). 

The axon terminates at axon terminals that form synapses (or connections) with the 

dendrites or soma of other neurons. It is at the synapses that information exchange 

takes place.  

 

 

Figure 2-2 Schematic representation of a typical neuron. Image extracted and 
adapted from https://en.wikipedia.org/wiki/Myelin#/media/File:Neuron_Hand-
tuned.svg (creative commons).  

 

https://en.wikipedia.org/wiki/Myelin#/media/File:Neuron_Hand-tuned.svg
https://en.wikipedia.org/wiki/Myelin#/media/File:Neuron_Hand-tuned.svg
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2.1.1 Laminar organisation: Cortical subdivisions 

The cortical neurons (somata, dendrites, and axons) are typically arranged in 6 layers. 

The outermost is layer I, and the innermost is layer VI, which is deep-seated (Figure 

2-3).  

 

 

 

Figure 2-3 Laminar organisation of the cortex from layer I to layer VI. Various staining 
methods reveal different cell types. Figure from Kandel, Schwartz, and Jessell (2000) 
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Layer I: It is also known as the molecular layer. It primarily contains apical dendrites 

of pyramidal neurons and horizontal axons. This horizontal arrangement of dendrites 

allows for connections to be formed between different regions of the cortex.  

 

Layer II: It is called the external granular layer, and it mostly contains pyramidal 

neurons.  

 

Layer III: The external pyramidal layer chiefly contains small pyramidal neurons and 

also non-pyramidal neurons with vertical axonal projections. The layers I-III are 

principally involved in mediating the intracortical communication.  

 

Layer IV: Also known as the internal granular layer contains different types of stellate 

and pyramidal neurons. This layer chiefly receives sensory thalamic input. As an 

anatomical landmark, layer IV separates supra-granular layers (I-III) from infra-

granular layers (V-VI). 

 

Layer V: Also known as the internal pyramidal layers, which contains large pyramidal 

neurons. The major projections from this layer make connections with other cortical 

and subcortical regions.  

 

Layer VI: The polymorphic or multiform layer contains few large pyramidal neurons. 

The layer VI predominantly projects to the thalamus, establishing reciprocal 

connectivity between the thalamus and the cortex.  

 

The laminar organisation described above contributes differently to 

electrophysiological recordings. Based on the invasive animal recordings, it has been 

suggested that the deeper layers contribute to slower oscillations (e.g., alpha waves; 

8-13 Hz), whereas the more superficial layers produce faster oscillations (e.g., gamma 

oscillations; 30-80 Hz) (Buffalo et al., 2011; Dougherty et al., 2017). 
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 Neuronal communication 

2.2.1 Resting membrane potential 

The information propagation across neurons occurs through a combination of 

electrical and chemical (diffusive) processes. The cell membrane contains several 

types of ion channels, which allow the movement of sodium (Na+), potassium (K+) 

and chlorine (Cl-) ions in and out of the cell. These ion channels are either voltage-

gated or ligand-gated. The voltage-gated ion channels open when a threshold or 

electrical potential is met. On the other hand, the ligand-gated ion channel serves as 

a binding site for neurotransmitters, and they open only when a specific 

neurotransmitter binds to it. For a given cell and ion, the equilibrium potential is the 

voltage across the membrane at which the electrical and chemical processes balance 

each other. As an exemplary, the equilibrium potential for potassium ion can be 

calculated using the Nernst equation:  

 

𝐸𝐾 =
𝑅𝑇

𝑧𝐹
𝑙𝑛

𝐾𝑜

𝐾𝑖
        (2.1) 

       

 

R = Thermodynamic gas constant 

T = absolute temperature 

z = valence of the ion  

F = Faraday’s constant  

Ki = Potassium ion concentration inside the cell, Ko = Potassium ion concentration 

outside the cell 

 

The resulting equilibrium potentials for sodium, potassium, and chlorine ions varies. 

However, the typical resting membrane potential depends on the type of the cell, 

but it is around -70mV. The resting membrane potential is calculated as a weighted 
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sum from the intra- and extracellular concentrations of the three contributing ions, 

taking into account the respective membrane permeabilities for these ions.  

2.2.2 Action potential (AP) 

If the potential at the axon crosses a certain threshold (around -55mV), this leads to 

a whole cascade of events. The first among which is the opening of voltage-gated ion 

channels. Following this, Na+ ions start to flow inside the cellular space, while the K+ 

ions move out to the extracellular space, which causes the sodium conductivity to 

change, leading to a rapid influx of Na+ ions into the cellular space. It depolarises the 

membrane and raises the potential to around 40mV typically within <2ms. The 

sudden change in potential difference is called the AP. This cascade of events changes 

potentials across neighbouring membranes leading to subsequent APs which are 

conducted along the axon. After a sudden change in the membrane potential due to 

Na+, the K+ start to move in the intra-cellular space repolarising the membrane, which 

brings back the membrane to its resting state potential.  

However, the magnetic fields generated by the APs are unlikely to be detected over 

the surface of the scalp. Firstly, the propagation of APs can be modelled as a 

quadrupole, i.e., two opposing dipoles separated by a small distance. The magnetic 

field of a quadrupole falls with a cube of distance, i.e., the magnetic fields generated 

by the APs are too small to be detectable over the surface of the scalp. Secondly, the 

APs are short-lived (<2ms), meaning they are unlikely to achieve synchrony across 

larger areas. Taken together, APs are unlikely to contribute to the overall MEG signal.  
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2.2.3 Postsynaptic potentials (PSP) 

At synaptic junctions, the communication is mediated by chemical processes (i.e., 

neurotransmission) and not electrical processes. Once an AP arrives at the synaptic 

junction, it triggers the release of neurotransmitters. The neurotransmitters 

subsequently diffuse into a small area known as the synaptic cleft (Figure 2-1) to 

reach the postsynaptic neuron. Neurotransmitters then bind at their binding site, 

opening the ligand-gated channels, which leads to a flow of ions via the membrane, 

which causes a change in the membrane potential. However, the increase or 

decrease in the membrane potential depends on the type of the junction. If these ion 

channels allow movement of Na+ or K+ ions, which increases the potential, then it is 

called an excitatory postsynaptic potential (EPSP). On the other hand, if the channels 

allow movement of Cl- ions then it decreases the potential, and so they are called 

inhibitory postsynaptic potentials (IPSPs). The probability that a neuron will fire an 

AP depends on the sum of EPSPs and IPSPs reaching a critical threshold. The 

postsynaptic activity creates intra-cellular currents resulting in flow across the 

synaptic junctions and further along the dendritic spines towards the soma. The 

resulting currents have dipolar magnetic patterns, which follow the inverse square 

law, i.e., the magnetic field reduces with doubling of the distance, and when 

compared with APs, they last over 10ms. As a result, the magnetic fields produced by 

the PSPs are much stronger at the surface of the scalp than those produced by APs. 

Plus, given that these events are longer-lived achieving synchrony across larger 

regions is possible, which makes them the most likely candidate source of the signals 

recorded by M/EEG. While in practice, MEG is said to be a direct measure of 

underlying electrical currents, it is an indirect measure of synaptic activity. Once the 

PSP starts to travel down the dendrite, the cell membrane must return to their 

resting membrane potential. To achieve this, ion channels pump ions out in the 

extracellular space. This process results in the generation of the extracellular current 

field called volume or impressed currents. Volume currents are typically in the 

opposite direction to the primary postsynaptic currents (Figure 2-4). 
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Figure 2-4 A schematic representation of postsynaptic current flowing along a 
dendrite. The primary current is the direct result of an influx of ions. The secondary 
currents or volume currents are a result of electric fields generated as ions are 
released.  
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 MEG signals: Origins  

As discussed in the previous section, the most likely generators of the MEG signal are 

the synchronised postsynaptic potentials (PSPs) in the dendritic spines of pyramidal 

neurons. A PSP generates a primary current and a volume current in the extracellular 

space that flows in opposite directions (Figure 2-4) above. Using the right-hand rule, 

it can be inferred that a magnetic field is orthogonal to the direction of current flow 

(Figure 2-5).  

 

 

Figure 2-5 The example shows a simple dipole in the temporal region producing 
magnetic fields as measured using MEG and electric fields as measured using EEG. It 
can be noted that the magnetic field patterns are orthogonal to the electric fields and 
can be explained using the right-hand rule. The image is taken from Hari and Puce 
(2017).  

 

The membrane of the dendritic spine does not constrain the volume currents 

generated by the PSP; as a result, they readily spread in the local extra-cellular fluid. 

The volume current generates changes in the electrical potential as measured by EEG 

over the surface of the scalp. Naturally, this electric current also has a magnetic field 

accompanying it, which in a spherical conductor is invisible to MEG, but the human 

head is not a perfect spherical conductor, and therefore some of the signal measured 

by MEG is made from the volume currents. However, it is thought that the dendritic 

PSPs of pyramidal neurons are the most significant contributor to the activity 

recorded by MEG. Firstly, the pyramidal neurons have a non-symmetric columnar 
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arrangement, where the neurons are perpendicular to the cortical surface. In other 

neurons, such as the stellate, the dendrites have a radially symmetric organisation, 

as a result, the electrical field spread occurs in the equal and opposite direction, 

effectively cancelling each other out. The arrangement of pyramidal neurons means 

that the magnetic field from multiple dendritic currents exhibits an additive property. 

Secondly, the rate of current flow in axons (<2ms) in much faster than it is in 

dendrites (~10ms). Making synchronisation of large numbers of axonal APs an 

unlikely event. Thirdly, the field from axonal currents modelled as a quadrupole 

follows a 1/r3 relationship. As against, the field from dendritic PSP modelled as a 

dipole follows a 1/r2 relationship (r = distance). Therefore, the magnetic field 

produced by PSPs over the surface of the scalp is much higher than the one produced 

by axonal APs.  

2.3.1 What can we measure using MEG? 

The data recorded using MEG has a high temporal (and spectral) resolution, and it 

can be analysed using many different ways. Here, two broad analysis types are 

discussed.  

 

2.3.1.1 Spontaneous activity 

 

The easiest measurement that can be performed using M/EEG is the measurement 

of spontaneous/ongoing activity. Berger (1929), performed the first measurements 

of spontaneous electrical activity using EEG and observed that oscillations occurred 

at a characteristic frequency (8-13 Hz) over the occipital lobe. An interesting 

observation from this study was that the spontaneous activity could be modulated 

by just closing and the opening of the eyes. These results were replicated by Cohen 

(1972) using a superconducting magnetometer.  
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Figure 2-6 The very first traces of alpha rhythm recorded using a superconducting 
magnetometer from the occiput of a healthy subject. The modulation of alpha activity 
on the opening and closing of the eyes can be seen in both electrical and magnetic 
traces. Image from Cohen (1972). 

 

This pioneering finding has been the basis of much of the human electrophysiological 

research (see Table 2-1, M/EEG frequency bands). Since then, significant progress 

has been made in characterising various oscillatory phenomena and their 

physiological role. The oscillatory components typically range from low frequencies 

(Delta, 1-4 Hz; Theta, 4-8 Hz), to high (Alpha, 8-13 Hz; Beta, 13-30 Hz; Gamma > 30 

Hz). There have been some attempts at detecting even higher frequencies (>80 Hz, 

e.g., Buzsáki et al., 1992). However, delta to gamma is the most commonly used 

frequency range in most electrophysiological studies. In terms of their physiological 

roles, each frequency band has been shown to be involved in distinctly different 

physiological functions. For instance, the delta band has been shown to be involved 

in sleep  (Hobson & Pace-Schott, 2002), the theta band in episodic memory (Lega, 

Jacobs, & Kahana, 2012), the alpha band in attention modulation and visual tasks 

(Jensen & Mazaheri, 2010; Palva & Palva, 2007; van Diepen et al., 2016), the beta 

band in motor function (Baker, 2007), and gamma-band in visual perception and 

integration (Singer & Gray, 1995). It has also been shown that the ongoing activity 

can be modulated in the presence of a task, for example, post-movement beta 

rebound (Jurkiewicz et al., 2006; Pfurtscheller et al., 2005).  
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Beyond some of the physiological roles described above, it has also been postulated 

that neuronal oscillations sub-serve communication between brain regions via 

coherence (see review: Fries, 2005). It has been argued that for there to be efficient 

communication between brain regions they have to oscillate in synchrony.  

Table 2-1 Summary of human electrophysiological frequency bands 

Frequency band First detection 

Delta (1-4 Hz)  Grey Walter, 1936 

Theta (4-8 Hz) Grey Walter, 1936 

Alpha (8-13 Hz) Hans Berger, 1929 

Beta (13-30 Hz) Hans Berger, 1929 

Gamma (>30 Hz) Herbert Jasper & Howard Andrews, 

1938 

The table is taken from Hari and Puce (2017) 

 

2.3.1.2 Evoked and induced responses 

 

Going beyond the spontaneous activity described above, M/EEG studies also 

commonly utilise external stimuli and observe changes in the ongoing activity that 

are time and phase-locked to the stimulus onset or offset. The presence of external 

stimuli results in a characteristic change in the electrical (as measured by EEG) and 

magnetic (as measured by MEG) field. A typical study using evoked responses 

involves the repeated presentation of a stimulus over multiple trials. These trials are 

subsequently averaged in time, which cancels out any random, non-phase-locked 

activity, leaving a large evoked signal, which has peaks and troughs, indicating 

changes in the underlying field strength over time (Figure 2-7). Evoked responses can 

be elicited using an external stimulus in auditory, visual, somatosensory, and 

olfactory modalities (Luck, 2005).  
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Figure 2-7 An example of event-related responses to auditory stimulation recorded 
using MEG, showing positive (P50) and negative peaks (N100). Auditory stimuli were 
pure tones (frequency: 1000 Hz, duration: 100ms), which were presented at a regular 
interval of 1.5sec. For the purpose of illustration, the traces were averaged in MEG 
sensor space across 10 subjects. The three traces represent different sensors. X-axis: 
Time in seconds, Y-axis: Amplitude in fT.  

 

On the other hand, a stimulus-related change in the ongoing oscillatory brain activity 

that is time-locked but not phase-locked is referred to as an induced response 

(Pfurtscheller & Lopes da Silva, 1999). Up until recently, induced responses have 

often been considered noise, however, many studies have shown a functional role of 

induced oscillations. For example, event-related desynchronization is seen in beta 

band (over sensorimotor cortex) following a movement (abduction of index finger) 

(Jurkiewicz et al., 2006) or the gamma-band power changes following the 

presentation of high contrast and luminance visual gratings (Adjamian, Hadjipapas, 

Barnes, Hillebrand, & Holliday, 2008; Adjamian et al., 2004). These results provide 

evidence that induced oscillatory activity is important for both perception and action. 

As the induced responses are not phase-locked, they are not detectable in averaged 

responses. Typically, an induced response can be obtained by band-pass filtering and 

squaring the signal of interest, retaining oscillatory power changes. While this 

method was popular in the past, in recent times, the Hilbert transform is commonly 
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used. Hilbert transform extracts the oscillatory envelope of the signal. In both these 

processing strategies, power envelope is typically averaged across a number of trials, 

which minimises the noise even further and allows appropriate extraction of induced 

responses. To further increase the signal to noise ratio, both in evoked and induced 

responses the signal of interest is baseline corrected by subtracting activity from a 

period of no interest (e.g., pre-stimulus baseline).  

 

 Instrumentation: MEG 

MEG is a non-invasive brain imaging technique that allows the measurement of the 

magnetic fields generated by the brain over the surface of the scalp (for schematic 

see Figure 2-8A). The first recordings of the magnetic fields of the brain using a 

superconductor were performed in the ‘70s (Cohen, 1972); however, the 

advancements in MEG have been relatively recent, and these have been tightly 

linked with advancements in the other disciplines, such as superconductivity 

(Zimmerman, Thiene, & Harding, 1970) and computing. The invention of 

Superconducting QUantum Interference Devices (SQUIDs), allowed Cohen (1972) to 

measure the magnetic fields without the use of copper coils. Since then, the 

instrumentation has become a lot more sophisticated and has allowed scientists to 

record activity over the entire surface of the brain with hundreds of sensors (Hari & 

Salmelin, 2012). These sensors are typically placed in a helmet-shaped vessel where 

the subject can place their head for measurements (Hämäläinen et al., 1993; Hari & 

Puce, 2017;  Hari & Salmelin, 2012). The underlying mechanism or the biophysics, 

which generates magnetic fields as recorded by MEG or electrical fields as recorded 

by EEG, is the same. During both the measurements, we measure postsynaptic 

activity in the pyramidal neurons (Baillet, 2017; Baillet et al., 2001). The magnetic 

fields of the brain are in the femtotesla (10-15 Tesla) region, which is about a billion 

times smaller than the Earth’s magnetic field.  

Figure 2-8B shows the sources of various magnetic fields and their strength. Apart 

from the environmental sources of interference, the participant’s biological 
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processes can contaminate our signal of interest. During MEG data acquisition, the 

magnetic fields generated by the participant’s heartbeat and eye blinks are the most 

significant sources of interference. As a result, we need very sensitive equipment 

(SQUIDs) and strategies for interference rejection (i.e., magnetically shielded rooms 

or MSR). Here, a clear distinction must be made between sources of interference and 

noise. Magnetic interference is caused by magnetic fields of no interest (e.g., eye 

blinks, heartbeat) or by a piece of lab equipment that is inside the MSR and it tends 

to affect all the sensors. On the other hand, the source of noise could be internal 

(e.g., internal SQUID noise) and will likely affect some sensors more than the others.  

 

Figure 2-8 (A) Schematic of a typical MEG scanner (Figure from Vrba & Robinson, 
2001) (B) Various sources of magnetic interference and their corresponding field 
strengths. It is worth noting that both biological and environmental sources of 
interference are several magnitudes higher than the activity of the brain (the alpha 
rhythm for reference). This figure demonstrates the need for effective shielding 
strategies. The figure is taken from Hämäläinen et al. (1993).  

 

All materials show some intrinsic resistance to the flow of electric current, however, 

when some materials are cooled below a “critical temperature”, they lose their 

electrical resistance and become superconductors. This means that a current flowing 

in a superconductor will flow for an infinite amount of time as long as the 

temperature stays constant. Beyond the temperature, a superconductor has two 

critical conditions, viz., critical applied magnetic field and current. Exceeding these 
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limits results in the material returning to its non-superconducting state. The 

commonly used material to construct SQUIDs is niobium, which is immersed in liquid 

helium to achieve its superconducting state. The superconducting state is produced 

by pairing of electrons, which forms Cooper pairs. Josephson (1962) was the first to 

predict tunnelling of superconducting Cooper pairs through a thin electrical 

insulating barrier. These Josephson Junctions (JJ) or weak links, allow for the 

measurement of flux dependent current across the SQUID. The SQUID assemblies are 

typically very small and therefore are connected to flux transformers which offer 

larger surface areas. The increased surface area offers an increase in sensitivity. 

However, this reduces the spatial selectivity of the measurements as the brain signals 

are picked from a large area at the same time.  

The flux transformers have pick up coils that are close to the surface of the head. The 

magnetic fields produced by the brain induce currents in the pickup coil coupled to a 

SQUID. By feeding a constant bias current through the SQUID, time-varying changes 

in the magnetic field may be detected as modulations in the measured voltage across 

the SQUIDs (see Figure 2-9). The use of a constant bias current achieves the following 

– 1) It prevents the SQUID sensor from reverting to a resistive state and 2) SQUID 

measures a time-varying fluctuation in the feedback current instead of measuring 

the absolute field (Hämäläinen et al., 1993; Hari & Puce, 2017).  
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Figure 2-9 The voltage (V), in the SQUID sensor is a sinusoidal function of magnetic 

flux (). The sensor is kept in its optimum working area by a feedback loop. Figure 
adapted from Hari and Puce (2017). 

 

While the MSR attenuates a majority of the environmental noise, the biological noise 

(e.g., eye blinks, heartbeats) can be attenuated further by making some changes in 

the design of the pick-up coils.  

 

Figure 2-10 Three commonly used configurations of MEG pick up coils. CTF-MEG 
system used in this thesis uses the axial gradiometer configuration. 

 

Magnetometers 

Magnetometers (Figure 2-10) are the most basic form of pick up coils used in MEG 

systems. They utilise a single loop, which measures changes in magnetic flux that are 
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perpendicular to its plane, which makes the assembly highly susceptible to 

extraneous noises. As a result, it relies extensively on the MSR for interference 

rejection.  

 

Gradiometers  

Gradiometers (Figure 2-11) rely on the principle that magnetic fields reduce with the 

square of the distance. This principle also applies to extraneous noise sources, i.e., 

magnetic field gradients are largest for sources that closest to the sensors than 

sources that are farthest from the sensors. Therefore, by measuring the magnetic 

field gradient rather than the absolute magnetic field results in an improved SNR. 

While this approach successfully reduces interference from sources farther from the 

sensors, they can also be less sensitive to deeper neuronal sources.  

 

The CTF MEG system used in this thesis uses a first-order axial gradiometer assembly 

(Figure 2-10). In this hardware setup, a compensation coil (wired loop) is connected 

to the pick-up coil. The compensation coil produces a flux that is opposite to that of 

the pick-up coil. As the pick-up coils are closer to the surface of the head (i.e., closer 

to the sources), the magnetic field reduces with the square of the distance between 

the coils thereby generating a current only at the pick-up coils. The distance between 

the coils is referred to as the baseline distance (Figure 2-11). The CTF system typically 

uses a baseline distance of approximately 5cm, which provides the golden mean 

between sensitivity to sources and the interference rejection properties.  
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Figure 2-11 An illustration showing the effect of first-order gradiometers. Due to the 
baseline distance, the interfering noise is attenuated. Baseline distance = r2-r1, X-axis: 
Distance, Y-axis: Magnetic field (B) 

 

For typical sources of magnetic interference that are away from the subject’s head, 

the magnetic field decay is small across both the coils. The extraneous noise sources 

produce current levels that are equal and opposite across both the coils cancelling 

each other out, which significantly minimises the interference.  

In addition to axial gradiometers, some MEG systems use planar gradiometers 

(Figure 2-10). This arrangement uses two coils that are organised tangentially; this 

means that the planar gradiometers occupy more space in the sensor array than axial 

gradiometers. Therefore, to accommodate more sensors the baseline distance is very 

small, which offers a lower sensitivity to deeper sources.  

The CTF MEG system houses 29 reference sensors that are placed inside the dewar 

above the helmet (Figure 2-8A). The reference sensors only monitor external 

magnetic interference and not neuromagnetic signals (Vrba & Robinson, 2001). The 

output produced by the reference array is combined and subtracted from the output 

as measured by the sensor array. This has been shown to be useful in reducing low-

frequency artefacts (Vrba & Robinson, 2001). 
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In summary, this chapter offers a comprehensive overview of the neuromagnetic 

phenomena, from origins to its measurements. Given the timescale of APs and PSPs, 

the signals measured by MEG are likely produced because of the synchronisation of 

PSPs. Further, its measurement is made possible by the use of SQUIDs. However, the 

measurement is extremely sensitive to both environmental and subject-specific 

(biological) sources of noise. The first level of interference rejection is achieved by 

housing the MEG inside an MSR. Moving from magnetometers to first-order axial 

gradiometers offers further interference rejection. Furthermore, using the synthetic 

gradiometers approach reduces the low-frequency interference.  
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CHAPTER 3 

 

3 Source analysis of MEG data 

Précis 

Once the brain activity is measured using MEG, the next step is to accurately estimate 

the spatiotemporal dynamics of the underlying currents that generate the magnetic 

fields. Unlike the BOLD responses measured by fMRI, which provide an indirect index 

for the underlying neuronal activity via neurovascular coupling, the source images 

produced using M/EEG are a direct measurement of the underlying electrical activity 

generated by populations of neurons. To estimate this activity in source space, we 

first need to address two problems – 1) Forward problem, and 2) Inverse problem.  

The present chapter provides an overview of these problems and their solutions. 

Here, we mainly focus on beamforming.  

 

 Introduction  

 

Once the MEG data has been recorded, the next obvious step is to identify the 

underlying neuronal substrates that gave rise to the activity, which is achieved by 

source analysis. Furthermore, to identify functional connectivity, it is recommended 

that we use source localised MEG data, as it aids the accurate interpretation of the 

results. This is not to say that connectivity analysis cannot be performed in sensor 

space. However, the former overcomes some of the limitations posed by the latter. 

The limitations of the sensor space analysis can be found in Schoffelen and Gross 

(2009), these include field spread, superposition of waves and external interference. 

Before the development of advanced source analysis methods, sensor space analysis 

was the norm; nowadays it is rather an exception. To move into the source space, 

two problems must be addressed (Figure 3-1). First, the forward problem, which is, 
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‘given a known current distribution in the head, can we estimate the magnetic field 

outside of the brain?’ Second, the inverse problem, which is, ‘given a known magnetic 

field distribution outside of the head, can we estimate the current distribution inside 

the brain?’ The forward problem is a well-posed problem, i.e., there exists a unique 

solution. On the other hand, the inverse problem is ill-posed, which means that there 

is no unique solution to it, as infinite configurations of the underlying sources may 

give rise to the same measured magnetic field pattern (sensors << sources). However, 

by making some assumptions about how the data are generated, we can arrive at a 

solution which provides a reasonable approximation of the underlying currents.  

 

 Forward problem  

The forward problem is well-posed, i.e., a single unique solution exists. As the 

magnetic permeability of the head is the same as that of free space, the forward 

problem can be simplified further by treating the entire cranium as a homogeneous 

medium. Consequently, the solution of the forward problem for MEG is considerably 

simpler than for EEG where the scalp, skull, and meninges have different conductive 

properties resulting in a distortion of scalp-surface detected electrical potentials. 

Computationally intensive methods such as the boundary element method are 

necessary to create an accurate model for each of the surfaces separately for EEG 

based source localisation.  

 

Figure 3-1 Relationship between the forward and the inverse problem. The left panel 
shows orientation and the field patterns of the dipoles (i.e., recorded data) and the 
right panel shows the location of the two dipoles in source space (i.e., estimated 
current distribution).  
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The magnetic field produced as a result of the synchronous firing of populations of 

neurons, flowing through the dendrites of pyramidal neurons (see section 2.3) can 

be modelled after a simple current dipole (separation of positive and negative 

charges). As the magnetic permeability of the cranium is uniform, it can be modelled 

as a single sphere. It was demonstrated that this is a reasonable assumption to make 

as the secondary volume currents (see section 2.2.3) do not contribute to the 

magnetic fields detected on the surface of the scalp (Sarvas, 1987).  

However, the head is hardly a perfect sphere, and due to the advances in computing, 

it is now more common to use realistic head models. The experimental choice about 

the forward model is very critical as the calculation of lead fields (explained in section 

3.3) depend on this. Throughout this thesis, a multiple spheres head model was used 

(Huang, Mosher, & Leahy, 1999), which is anatomically more accurate than the single 

sphere model. Multiple spheres model works by fitting overlapping spheres for every 

MEG sensor.  

 

 Inverse problem 

 

The inverse problem is ill-posed, i.e., an infinite number of dipole configurations may 

give rise to the observed magnetic field patterns. Several approaches now exist that 

can identify inverse solutions that are more likely than the others. For example, 

beamforming (Barnes et al., 2006; Brookes et al., 2008; Hillebrand & Barnes, 2005; 

Hillebrand et al., 2005), minimum norm estimates (Dale et al., 2000; Hauk, 2004; 

Hauk, Wakeman, & Henson, 2011; Hincapié et al., 2017), and Bayesian approaches 

(Friston et al., 2008; Lopez et al., 2012; Wipf & Nagarajan, 2009; Woolrich et al., 

2011). Here, the emphasis will be on beamforming, as this method has been used 

throughout the thesis.  
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3.3.1 Beamforming  

Beamforming methods were primarily used in radar technology, to selectively 

enhance signals coming from target locations while attenuating the signals coming 

from the other locations. This technology has seen applications in consumer 

electronics, for example, WiFi routers and microphones. Beamforming works by 

weighting the contribution of every sensor in the overall output. M/EEG researchers 

have capitalised on the ability to selectively weight sensors to enhance activity 

coming from some regions. However, to successfully retrieve any activity using 

beamformers they assume that no two sources are correlated. In the presence of 

perfectly correlated sources, beamformers retrieve no power. Correlated sources are 

common in auditory tasks, in such scenarios, researchers prefer using other source 

localisation methods that do not make the same assumptions (Brookes et al., 2007; 

Diwakar et al., 2011; Gascoyne et al., 2016; Moiseev & Herdman, 2013). 

As mentioned in section 3.3, several approaches have now been developed to solve 

the inverse problem. However, calculating the lead fields is a necessary step in most 

approaches. In essence, a lead field vector (𝒍𝜃)  is a column vector that contains the 

measurements of each MEG sensors for a single dipole. As CTF data are used in this 

thesis, a lead field for a single dipole would correspond to a 275-element column 

vector. Typically, a whole-head MEG system has nearly 300 sensors and based on the 

voxel size decided for the analysis it is possible to have more than 15,000 locations 

for dipoles with orientations along the 3 axes. This can be written mathematically as 

follows:  

𝒎(𝑡) = 𝑳𝒒(𝑡) +     (3.1) 

Here, m corresponds to the measured magnetic field at time t from all the sources 

across the entire brain volume, L is the lead field, q represents the magnitude of the 

dipoles, and  represents the error term.  

This means that the inverse problem is estimating q based on measured magnetic 

fields and lead fields.  
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Beamforming, a spatial filtering approach, uses a weighted sum of the signals at all 

the MEG sensors to calculate changes in the underlying dipole strength at any one 

location/orientation in the brain. The spatial filter estimates neural activity at the 

given location (e.g., a voxel in brain space) while attenuating signals from other 

locations. Activity at other location often includes biological artefacts (e.g., subject’s 

heartbeat, eye blink, muscle artefact etc) and activity from other brain regions. This 

strong artefact rejection property of beamformers is quite useful in accurately 

capturing underlying neural dynamics.  

Mathematically, the weighted sum to estimate dipole strength at given location , 

𝒒̂𝜃(𝑡) at time t can be written as 

 

𝒒̂𝜃(𝑡) =  𝒘𝜽
𝑇𝒎(𝑡)        (3.2) 

 

Here, 𝒘𝜃 represents the sensor weights at the source location  and m(t) is the 

column vector of measured magnetic fields. For accurate source reconstruction, 

estimating the sensor weights is the most crucial step. Incorrect sensor weighting will 

lead to mislocalisation of sources.  

 

 

Figure 3-2 Illustration of beamforming. To estimate the virtual electrode (VE) output, 
the signal at a region of interest is reconstructed as a weighted sum of the MEG 
sensors (shown for a 151-channel system; the CTF system used in the thesis has 275 
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channels). The weights are assigned such that signal from the region of interest is 
maximised, while attenuating sources of noise from other regions. This step is 
sequentially run for every region in the brain (resulting in a VE output for each of the 
pre-defined grid points. VE is the same as 𝒒̂𝜃(𝑡) in equation 3.2). Figure from 
Hillebrand and Barnes, (2005). 

 

For illustration purposes, we will assume the head as a single sphere volume 

conductor (Sarvas, 1987) and a single equivalent current dipole, with known 

orientation as our source of interest. As can be seen in (Figure 3-2), the measured 

neural signal (or virtual electrode output) originating from our region of interest can 

be reconstructed as a weighted sum of the MEG sensor measurements. The weights 

are chosen such that signal originating from our region of interest contributes the 

most to the overall output, while signals from all the other locations are suppressed 

(expressed as the minimisation problem). Mathematically it is as follows: 

 

𝑚𝑖𝑛𝑊𝜃
|〈𝒒̂𝜃

2〉|; subject to 𝒘𝜃
𝑇𝒍𝜃 = 1     (3.3) 

 

As the CTF MEG system has 275 sensors, 𝒘𝜃 is the [275 x 1] sensor weighting matrix, 

𝒍𝜃 is the lead field vector, 𝒒̂𝜃
2 is the dipole variance. The linear constraint 𝒘𝜃

𝑇𝒍𝜃 = 1 is 

applied from the definition of lead fields, i.e., the retrieved power for a given location 

remains at unity. 

The sensor weights 𝒘𝜃can be estimated as follows:  

 

𝒘𝜃 = 
𝑪−1𝒍𝜃

𝒍𝜃
𝑇𝑪−1𝒍𝜃

        (3.4) 

 

C-1 is the inverse of the data covariance matrix, l is the lead field for the current 

dipole at location . Covariance matrix C is computed as 

 

𝑪 = 〈𝒎(𝑡)𝒎(𝑡)𝑻〉       (3.5) 
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C is a diagonal matrix with each element in the matrix corresponding to a location , 

〈𝑥〉 refers to average over time.  

The typical differences seen in various source localisation algorithms depend on the 

assumptions about source covariance (Hillebrand & Barnes, 2005; Mosher, Baillet, & 

Leahy, 2003). Furthermore, the Linearly Constrained Minimum Variance (LCMV) (van 

Veen et al., 1997) beamformer coupled with a method that optimises source 

orientation is called the Synthetic Aperture Magnetometry (SAM, Singh, Barnes, & 

Hillebrand, 2003; Vrba & Robinson, 2001). The source optimisation is performed by 

selecting an orientation where the retrieved power is maximum.  

As the brain activity is continuously changing over time, the aim of beamforming (or 

any source localisation method) is to generate images of the brain that reflect 

changes in the activity. To derive images of changing signal strength (Z) across the 

entire brain space for any given location , Z can be computed as 

 

𝑍𝜃 =  
(𝒘𝜃

𝑇𝑪𝒘𝜽)

(𝒘𝜃
𝑇𝒘𝜃)

        (3.6) 

 

Beamforming can be used to estimate brain activity during an active time window, 

by contrasting it with a period of rest (control window). Typically, MEG data are first 

filtered in the frequency band of interest. In the second step, beamforming is used 

to contrast the activity between an active and a control window. The data covariance 

is estimated separately for the two windows and beamformer weights are estimated.  

A pseudo-t-statistic image is estimated as –  

 

𝑇 =  
𝑃𝑎𝑐𝑡𝑖𝑣𝑒 − 𝑃𝑐𝑜𝑛𝑡𝑟𝑜𝑙

𝑁𝑎𝑐𝑡𝑖𝑣𝑒+𝑁𝑐𝑜𝑛𝑡𝑟𝑜𝑙
       (3.7) 

 

Pactive = Power in active window, Pcontrol = Power in control window 

Nactive = Noise in active window, Ncontrol = Noise in control window  
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The beamformer output (equation 3.7) is generated for each of these windows (i.e., 

a difference of source power in the given time windows), to generate a pseudo-t-

statistic image.  

In chapter 4, to study oscillatory power changes and phase-locked activity as 

participants performed the auditory oddball task, we utilised LCMV beamformer for 

both continuous and averaged data. In chapters 6 and 7, continuous resting-state 

data are studied using LCMV beamformer. 

It is worth mentioning that MEG only measures brain function and therefore, prior 

to performing any source analysis, the MEG data has to be co-registered to an 

anatomical MRI of the participant. In this thesis, the following steps were used.  

First, the positions of the fiducial markers (nasion, left preauricular and right-

preauricular) were used to obtain information about the position of the participant’s 

head relative to the MEG scanner.  

Second, a 3D surface was extracted using edge detection from the anatomical scans.  

Third, the digitised head shapes obtained using the Polhemus 3D digitiser system 

(https://polhemus.com), were aligned with the sensor positions using an iterative 

closest point algorithm. All the anatomical images used in this thesis were acquired 

at 3T 1mm3 isotropic resolution.  

 

 

  

https://polhemus.com/
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CHAPTER 4 

4 Prefrontal theta and alpha power increases to 

attended auditory oddballs 

 

Précis 

In this chapter, cortical dynamics occurring over the millisecond temporal scale were 

investigated. To this end, this study investigated the neural sources of auditory 

oddball responses at ~300ms (P300) latency, using the high spatiotemporal precision 

of MEG. Event-related responses are modulations of ongoing brain activity elicited 

by an external stimulus, which can be either phase-locked and non-phase-locked. 

Oscillatory band power changes and averaged phase-locked activity were studied in 

MEG data recorded from 10 participants as they performed an auditory oddball task. 

The data were analysed using SAM to localise oscillatory band power changes (as 

event-related synchronisation or ERS). Group analysis of SAM images was performed 

using statistical non-parametric mapping (SnPM). Furthermore, linearly constrained 

minimum variance (LCMV) beamformer analysis was also applied to averaged data, 

to localise neural sources of averaged phase-locked activity. SAM-SnPM and LCMV 

analysis of averaged data localised neural sources of ~100ms (N100) in bilateral 

auditory belt area, demonstrating a convergence between both phase-locked and 

non-phase-locked sources of N100.  

At P300 latency, neural sources of ERS in P300 window were found over frontal and 

frontocentral regions. Neural sources of phase-locked averaged activity in the same 

window were found in the frontal and middle prefrontal cortex. The ERS activity was 

widespread, whereas, the phase-locked activity was focal. Auditory oddball 

responses at P300 latency arise from multiple regions in the brain. Studying both the 

phase-locked and non-phase-locked responses, has allowed us to obtain a 

comprehensive source representation of the elusive auditory P300.  
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 Introduction 

P300 (P3), an event-related potential (ERP), is elicited by using an oddball paradigm, 

in which two different stimuli (in auditory domain either different in frequency or 

intensity) are presented in a randomised sequence, with one occurring frequently 

(standard) and the other less frequently (deviant). The listener is asked to respond 

only to the deviant stimulus either by keeping a mental count or by pressing a button. 

When the brain activation is measured using electro- or magnetoencephalography 

(EEG, MEG), responses to deviant tones – recorded as averaged event-related 

responses – depending on the instructions given to the participant. Unattended 

deviant tones elicit mismatch negativity (MMN, see review: Näätänen et al., 2007), 

reflecting sensory trace and involuntary attentional switch. Whereas, attended 

deviant tones elicit a P300 wave (in this case, P3b), a deflection (positive-going in 

EEG) reaching a peak between 250 and 500ms after stimulus onset (see reviews: Kok, 

2001; Polich, 2007; Verleger, 1988). 

Although P300 waves were first reported more than 50 years ago (Sutton et al., 1965) 

and have been widely studied since then, their neural sources remain elusive. Of 

particular interest are the contributions of auditory cortex (in the superior temporal 

lobe) vs. extra auditory, modality-independent brain areas. For example, an EEG 

study by Winterer et al. (2001) found neural generators of P300 (240-420ms post-

stimulus) in temporo-parietal lobes, anterior and posterior cingulate cortex and the 

prefrontal cortex. There are also equivocal reports indicating the involvement of the 

hippocampus (O’Donnell et al., 1993; Polich & Squire, 1993). The interpretation of 

these results is hampered by the problem of volume conduction, resulting in 

distortion of the electrical current distribution over the surface of the scalp as 

measured by EEG. On the other hand, the magnetic fields as measured by MEG are 

not affected by the problem of volume conduction (Hämäläinen et al., 1993). 

Therefore, for non-invasive source localisation (in particular for cortical sources), 
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MEG proves to be an optimal method, which offers a unique balance of spatio-

temporal resolution.  

In M/EEG data, event-related responses can be analysed in the following ways – 

 

1) Through analysis of averaged, phase-locked responses (P300 waves averaged 

in the time domain), varying in amplitude, latency, and scalp topography 

(review: Polich, 2007).  

2) Through the analysis of frequency components of averaged, phase-locked 

responses (review: Başar-Eroglu et al., 1992), the frequency bands are either 

chosen individually per participant (Başar et al., 1997; Stampfer & Başar, 

1985) or according to classic EEG frequency bands, such as delta (0.5-4 Hz), 

theta (4-8 Hz) and alpha (8-13 Hz).  

3) Through the analysis of single-trial induced (non-phase-locked and phase-

locked) responses in the P300 time window, typically with changes in M/EEG 

oscillations quantified as M/EEG band power (in frequency bands as above). 

An increase of band power relative to a control window is called event-related 

synchronization (ERS), and a decrease is called event-related 

desynchronization (Cheyne, 2013; ERD review: Pfurtscheller & Lopes da Silva, 

1999).  

 

ERS/ERD in the P300 latency window, comprising of phase-locked and non-phase-

locked single-trial responses, have been reported using EEG (Yordanova & Kolev, 

1998a, 1998b) or in MEG (Ishii et al., 2009). As oddball responses, the latter study 

found frontal ERS in the delta, theta, and alpha (with additional ERD sources related 

to motor execution during subjects' task-related button presses). Inferior and middle 

frontal gyri were also among the activated sites in an fMRI study of auditory oddball 

responses (Kiehl et al., 2001). It is noteworthy, in the context of M/EEG methods; 

phase-locked responses (time-domain averages) on the one hand, and ERS/ERD, on 

the other hand, offer complementary information and studying them in isolation only 

offers one aspect of the underlying physiological process. To this end, the present 
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study aims to study both the phase-locked responses and ERS/ERD at P300 latency 

with the high spatio-temporal resolution of MEG.  

Searching for neural sources of event-related responses in MEG means to solve the 

ill-posed problem, which can be made well-posed by constraining the inverse 

solution. A commonly used assumption for this purpose is that MEG signals are a 

consequence of a small number of focal, temporally uncorrelated neural sources. 

These assumptions are at the basis of spatial filtering techniques such as 

beamforming (Hillebrand & Barnes, 2005; Robinson & Vrba, 1998). SAM (Robinson & 

Vrba, 1998), a beamforming technique, allows estimation of band power changes 

across the whole-brain during a given task. Instead of relying on phase-locked 

averaged responses, SAM uses information from single trials, which makes it ideal 

for the study of non-phase-locked responses as in ERS/ERD. However, by 

investigating only the continuous data, we might miss out on information present in 

the averaged data. To this end, an event-related beamformer was used to localise 

neural sources of the averaged activity in the auditory P300 time window. 

The present study aims to localise neural generators of band power changes 

(ERS/ERD) as well as phase-locked responses during P300 latency by source localising 

both continuous and averaged data. Band power changes can occur in frequency 

ranges corresponding to the main frequency contents of the averaged ERP (see 

Demiralp et al., 1999, for single-trial events and Ishii et al., 2009 for delta ERS) or – in 

other frequency ranges – might reveal processes that are not detectable in the 

averaged P300 wave. For better spatiotemporal precision of measurement, MEG was 

used instead of EEG. The current study goes beyond earlier MEG studies of P300 

(Nishitani et al., 1998), where the following were quantified: (a) oscillatory responses 

in ERS/ERD, regardless of phase and (b) phase-locked responses in the same 

participants. While stimuli are as in an earlier MEG study (Ishii et al., 2009), with 

equally task-relevant oddballs, the instruction is different: instead of responding to 

targets by a button press, participants in this study had to count targets mentally. 

Consequently, this study aimed to identify the neural sources of activity (both 

ERS/ERD and time-locked averaging) seen in the P300 window. 
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 Methods 

4.2.1 Participants 

Ten healthy right-handed volunteers (5 females), in the age range 22-28 years 

participated in the study. All the participants had bilateral clinically normal hearing 

thresholds (as defined by the British Society of Audiology), assessed by pure tone 

audiometry, with no history of otological, neurological or psychiatric conditions. 

Before the study, all of the participants gave informed consent. The study was 

approved by the University of Nottingham, School of Psychology ethics committee.   

4.2.2 Stimuli and experimental task 

A two-tone, frequency deviant, auditory oddball task was designed and presented 

with NeuroBS Presentation software (http://www.neurobs.com). The sequence 

contained 1000 Hz (standard) and 2000 Hz (deviant) tones, each 100ms in duration 

(10ms rise/fall time). Out of a total of 600 trials, standards were presented 80% of 

the time, i.e., 480 trials and the remaining 20%, i.e., 120 trials were deviants. The 

order of presentation was pseudo-randomised. A fixed interval of 1500ms between 

stimulus onsets was used. Stimuli were presented binaurally using Etymotic ER-3A 

insert earphones at comfortable listening levels (65-70 dB HL), delivered via 1.5m 

long plastic tubes to reduce large magnetic artefacts. To ensure participants were 

attentive throughout the experiment, they were instructed to keep a mental count 

of the deviant tones whilst ignoring the standard tones. At the end of the experiment, 

participants were asked about the counted number of deviants. During the 

experiment, participants were also asked to keep their eyes open and to fixate their 

gaze on a fixation cross – to reduce eye-movement-related artefacts.  

http://www.neurobs.com)/
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4.2.3 Data acquisition 

MEG data were recorded using a whole-head 275-channel CTF-MEG (MISL, 

Coquitlam, Canada) housed in a magnetically shielded room, at a sampling rate of 

600 Hz, and a 150 Hz anti-aliasing filter was used with third-order synthetic 

gradiometers. For the recording – the participants were in the supine position with 

their head inside the helmet; the head position was localised by three fiducial 

markers (nasion, left and right pre-auricle), which were energised at the start and 

end of the experiment to track subject motion. Should a participant move further 

than 8 mm from their initial position their data were discarded. In addition, both 

vertical and horizontal electrooculogram (EOG) and electrocardiogram (ECG) were 

acquired for artefact detection. To co-register the MEG data with individual anatomy, 

the head shape was digitised prior to MEG data acquisition (Polhemus Isotrak, 

Colchester, VT) and matched to the extracted scalp surface of the participant’s T1 

weighted anatomical data, using an iterative closest point algorithm. Anatomical 

images were obtained using a 3T MRI system (MPRAGE, 1 x 1 x 1 mm3 resolution).  

4.2.4 Data analysis 

The data analysis was performed using MATLAB 2014b. To capture the non-phase-

locked oscillatory components in the P300 time window, SAM beamformer was used. 

To capture the phase-locked components in the same time window, LCMV 

beamformer was applied to the averaged data. For source analysis, a multiple local 

sphere head model was used (Huang et al., 1999). The MEG data were visually 

examined for artefacts; trials with large artefacts were excluded from further 

analysis. The data were band-pass filtered in the 0.5-30 Hz range. For each 

participant, 100 artefact-free trials for standard, and deviant condition each (i.e., 200 

in total) were randomly selected (out of 480 standards and 120 deviants trials) to 

ensure equal trial numbers across conditions. The sensor space data were baseline 
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corrected (-300ms to 0ms) and averaged in each condition to identify latency 

windows for further analysis.  

4.2.5 Source reconstruction using beamforming 

Source localisation of the frequency filtered data was achieved using a SAM 

beamformer (Robinson & Vrba, 1998), in order to estimate time courses of electrical 

activity on the vertices of a predefined 8 x 8 x 8 mm3 grid. After source localisation, 

a volumetric pseudo-T-statistic (Vrba & Robinson, 2001) image is then obtained as:  

 

𝑇 =  
𝑃𝑎𝑐𝑡𝑖𝑣𝑒 − 𝑃𝑐𝑜𝑛𝑡𝑟𝑜𝑙

𝑁𝑎𝑐𝑡𝑖𝑣𝑒 + 𝑁𝑐𝑜𝑛𝑡𝑟𝑜𝑙
 

 

where Pactive and Pcontrol represent beamformer source reconstructed power at a given 

location and Nactive and Ncontrol represent beamformer noise estimates for active and 

control windows respectively (see section 3.3.1). For localising cortical sources 

associated with N1m, standard trials were contrasted in a 0 to 200ms active window 

and a -200 to 0ms control window (pre-stimulus baseline). For resolving the neuronal 

components associated with P300, the same broadband data were used. An active 

window was selected from deviant tones and a control window was selected from 

standard tones (both windows 300ms-700ms). Window limits were defined based on 

visual inspection of the data (Figure 4-2).  

Prior to group analysis, SAM volumes and individual T1 weighted images were 

normalised to a standard MNI template using SPM8 routines (Litvak et al., 2011; 

http://www.fil.ion.ucl.ac.uk/spm/). These normalised SAM volumes were analysed 

at the group level using statistical non-parametric mapping (SnPM13, 

http://warwick.ac.uk/snpm Nichols & Holmes, 2001) to obtain statistical maps. 

Although SnPM has been developed and extensively used in PET and fMRI literature, 

it has also been applied for MEG data (Singh et al., 2003). The voxel-level analysis 

was performed using multiple subjects one sample design. Permutations tests were 

http://www.fil.ion.ucl.ac.uk/spm/
http://warwick.ac.uk/snpm
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performed after applying variance smoothing, with a Gaussian kernel of 8mm width. 

For the analysis of responses from auditory cortex and auditory belt area in the 0-

200 ms window, the analysis was restricted to the superior and middle temporal 

gyrus as anatomically defined regions of interest, using a mask image from the AAL 

atlas (Tzourio-Mazoyer et al., 2002) as available in the MarsBaR toolbox (Matthew 

Brett, http://marsbar.sourceforge.net). For all analyses, significantly active voxels 

were computed using 1024 permutations at p<0.05 (FWE-corrected), and were 

overlaid on a standard MNI template using Freeview routines 

(http://surfer.nmr.mgh.harvard.edu), at this stage source data obtained separately 

from the right and left hemisphere channels were combined for visual display. 

 

4.2.5.1 Event-related beamformers 

 

An additional implementation of beamforming referred as the Event-Related 

Beamformer (ERB) was used to specifically study the phase-locked responses to both 

standard and deviant tones. The exact implementation of ERB is available as part of 

the BrainWave toolbox (Jobst, Ferrari, Isabella, & Cheyne, 2018). For details, the 

reader is directed to (Cheyne, Bakhtazad, & Gaetz, 2006; Cheyne, Bostan, Gaetz, & 

Pang, 2007), but here a summary of the analysis has been provided (see Figure 4-1 

for a schematic). Same as the SAM analysis, a multiple local sphere head model was 

used (Huang et al., 1999). 

The normalised beamformer weights are estimated for each location in the brain 

from the covariance matrix of the individual trial data. Noise levels are estimated 

directly from the individual trial data by employing a singular value decomposition 

(SVD), to identify the smallest singular value of the data across the time windows. 

This has been shown to capture a stable noise estimate across participants (Cheyne 

et al., 2006). The normalised beamformer weights are subsequently used to produce 

a virtual electrode output for a given location (as shown in Figure 4-1). To arrive at 

an averaged phase-locked response, the time series are averaged (relative to 

stimulus onset). Similar to the statistical process employed for SAM beamformer, the 

http://marsbar.sourceforge.net/
http://surfer.nmr.mgh.harvard.edu/
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volumetric images generated by the event-related beamformer were subjected to 

permutations testing to identify statistically significant regions. To localise sources of 

N100m (0-200ms), standard trials were averaged and to localise the sources of P300 

(300-700ms), deviant trials were averaged.  

 

 

Figure 4-1 The schematic shows the estimation of an averaged virtual electrode 
output using an event-related beamformer for a given location in the brain. Figure 
adapted from Cheyne et al. (2006). 
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 Results   

4.3.1 Sensor level analysis 

At the end of the experiment, all the participants were asked about their mental 

count of the deviant tones. The mental count was compared against 120 deviant 

trials present in the experiment to obtain percentage correct scores. All but one 

participant reported at least 114 out of the 120 deviant trials present in the 

experiment (95%, one participant at 90%). None of the subjects reported more than 

120 deviants. These counts indicate that the participants were attentive through the 

length of the experiment.  

After pre-processing, the MEG data for both standard and deviant conditions were 

averaged in sensor space (100 trials in each condition). Visual inspection of the grand 

average response to the standard tones (mean latency: 122ms, SD: ± 5, mean 

amplitude: 90.40 fT, ± 17.98) showed a response peaking around 120ms, 

corresponding with N100m (see Figure 4-2, plot D and corresponding topographies 

A-C). In response to deviant tones, broadly similar N100m (mean latency: 127ms, ± 

5, mean amplitude: 97.27 fT ± 20.55) latency amplitude was seen (see Figure 4-2, 

plot E and corresponding topographies F-H). In the statistical analysis of N100m, the 

latency (p=0.03, paired t-test) and amplitude (p=0.02, paired t-test) were found to 

be significantly different between the two conditions. However, this activity is 

outside of the P300 latency window of interest. Comparison of averaged responses 

between deviants and standards showed target-only responses in the 300ms-700ms 

time window, reaching a peak around 380ms. The analysis of deviant tones across all 

the subjects revealed responses comprising of successive peaks at 235ms ± 10 (mean 

amplitude: 98.00 fT, ±31.93) corresponding with N2 component, and at mean latency 

of 380ms, ± 64 (mean amplitude: 75.86 fT, ± 10.82) corresponding with the P300 

component. This step confirmed the latency windows that have consistently been 

reported for both N100m and P300. Only activity inside the pre-defined P300 
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window (300-700ms) was studied in the subsequent source analysis, contrasting 

deviant vs. standard responses. 

 

Figure 4-2 Plot D and E show sensor space grand averages (N=10 participants) of 
standard and deviant tones (100 trials each). Plots A-C show field topography for 
standard tones and plots F-H show field topography for deviant tones. The shaded 
box in panels D and E shows the P300 time window. The colour bar ranges between -
150 fT (blue) to +150 fT (red). L: Left, R: Right 
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Figure 4-3 Plots A-F show group results (N=10 participants) of cluster permutations 
testing (sensor x time) plotted on sensor layouts at corresponding time stamps. The 
plots show statistically significant activity between standard and deviant condition, 
with red colour corresponding to positive t-values (deviant > standard). L: Left, R: 
Right 

Visual inspection of the averaged responses revealed activity in the P300 time 

window (300-700ms) with marked differences between deviant and standard 

conditions. To statistically confirm this, a cluster permutations test (Maris & 

Oostenveld, 2007) was performed on sensor level data by contrasting standard and 

deviant conditions. Figure 4-3 shows the results of this analysis. It shows strong 

differences spanning the temporal, central and frontal channels (p<0.05, FDR-

corrected).  

4.3.2 Source analysis:  N100 latency window 

Neural sources of band power changes at N100m latency were identified through 

SAM-SnPM group analysis – as statistically significant clusters (p<0.05, FWE-

corrected). To localise the neural sources of N100m for standard tones using SAM, 

the post-stimulus interval of 0-200ms was compared against the pre-stimulus 

interval of -200-0ms. Figure 4-4 shows ERS over bilateral superior and middle 



  CHAPTER 4 

Page 50 

 

    

 

temporal gyri or the auditory belt area (see coordinates in Table 4-1). This source 

localisation is consistent with sensor level field topography seen for peak N100m 

(Figure 4-2, plot A) and with existing literature on N100m (phase-locked responses: 

Mäkelä & Hari, 1990; Hari et al., 1980; ERS/ERD: Steinsträter et al., 2007).  

 

 

Figure 4-4 Group results (N=10 participants) of SAM analysis showing statistically 
significant (p<0.05, FDR-corrected), regions of ERS to standard tones (plot C). Plot A 
and B show reconstructed virtual electrode (VE) output from the peak voxel in the 
superior temporal region in the left and right hemisphere respectively (shaded area 
showing SD). The results were obtained by contrasting post-stimulus window (0-
200ms) against a pre-stimulus window (-200-0ms) of the standard tones. Plot D and 
E showcase averaged spectrograms obtained after transforming the individual VE 
output in time-frequency domain using Hilbert transform.  
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Table 4-1 Anatomical locations of peak clusters (p<0.05, FDR-corrected) found using 
SAM-SnPM analysis (N100 time window: 0-200ms). 

Anatomical 

Locations 

Frequency bands (Hz) Time window 

(ms) 

MNI co-ordinates 

mm (X Y Z) 

Left auditory 

cortex 

1-30 0-200 -54 -32 6 

    

Right auditory 

cortex 

1-30 0-200 58 -48 14 

 

Neural sources of averaged activity corresponding with N100m latency were 

identified using event-related beamformer. Results in Figure 4-5 were obtained by 

averaging the standard trials in source space. The results localised the averaged 

activity in the bilateral auditory cortices. For N100m, the extent of response was 

visually larger for averaged responses than ERS (Figure 4-4). Cluster permutations 

test was performed to identify regions with statistically significant activity (see Figure 

4-5). This analysis localised the neural sources in the bilateral auditory belt areas, 

showing an overlap between the neural sources of band power changes (see Figure 

4-4) and averaged activity. 
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Figure 4-5 Group results of the event-related beamformer analysis showing 
statistically significant regions (p<0.05, FDR-corrected) to standard tones (plot C). 
Plot A and B show reconstructed virtual electrode (VE) output from the peak voxel in 
the superior temporal region in the left and right hemisphere respectively (shaded 
area showing SD). The results were obtained by contrasting averaged post-stimulus 
window (0-200ms) against a pre-stimulus window (-200-0ms) of the standard tones. 
Plot D and E showcase averaged spectrograms obtained after transforming the 
individual VE output in time-frequency domain using Hilbert transform. 
 

Table 4-2 Anatomical locations of peak clusters (p<0.05, FDR-corrected) found using 
event-related beamformer (N100m). 

Anatomical 

Locations 

Frequency bands (Hz) Time window 

(ms) 

MNI co-ordinates 

mm (X Y Z) 

Left auditory 

cortex 

1-30 0-200 -54 -24 14 

    

Right auditory 

cortex 

1-30 0-200 58 -16 14 
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4.3.3 Source analysis:  P300 latency window 

To localise the neural sources of ERS in the P300 latency window, group-level SAM-

SnPM analysis was performed by contrasting deviant tones with standard tones, both 

at 300-700ms post-stimulus intervals. To identify the underlying oscillatory 

dynamics, this analysis was performed for the 0.5-30 Hz signal. An increase in power 

or ERS was seen bilaterally in bilateral inferior frontal gyri, with sources extending to 

the dorsal prefrontal cortex in the left hemisphere (p<0.05, FWE-corrected, Figure 

4-6). As seen from the spectrograms, the activity was seen across all the frequency 

bands but it was highly localised in theta and alpha bands with the biggest cluster 

primarily in the theta band.  

 

Figure 4-6 Results of SAM analysis showing statistically significant (p<0.05, FWE-
corrected), regions of ERS in theta band (4-8 Hz) for deviant tones, in frontal and 
prefrontal regions (plot C). Plot A and B show reconstructed virtual electrode (VE) 
output from the peak voxel in the bilateral inferior frontal gyri (shaded area showing 
SD). The results were obtained by contrasting post-stimulus window (300-700ms) of 
deviant tones against the post-stimulus window (300-700ms) of standard tones. The 
group activity maps (N=10 participants) have been overlaid on the template brain. 
Plot D and E showcase averaged spectrograms obtained after transforming the 
individual VE output in the time-frequency domain using Hilbert transform. 
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The analysis did not reveal any neural sources of ERD in our pre-defined window. 

These results also show a large left lateralised response for ERS (peak locations in 

Table 4-3).  

Table 4-3  Anatomical locations of peak clusters (p<0.05, FDR-corrected) found using 
SAM-SnPM analysis (P300). 

Anatomical 

Locations 

Frequency bands (Hz) Time window 

(ms) 

MNI co-ordinates 

mm (X Y Z) 

Left IFG 1-20 300-700 -22 40 26 

    

Right IFG 1-20 300-700 18 40 26 

IFG: Inferior frontal gyrus 

 

 

 

 

 

 

 

 

 

 

The time-locked (or phase-locked) averaged responses in the P300 time window 

were localised using event-related beamforming. This analysis revealed highly focal 
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neural sources mainly in prefrontal cortex (Figure 4-7). As it can be seen from the 

spectrograms, the activity was mainly in theta and alpha band (with some spread 

even in higher frequencies). 

 

 

Figure 4-7 Group results of the event-related beamformer analysis showing 
statistically significant (p<0.05, FDR-corrected) to deviant tones (plot C). Plot A and B 
show reconstructed virtual electrode (VE) output from the peak voxel in the prefrontal 
cortex in the left and right hemisphere respectively. The results were obtained by 
contrasting averaged post-stimulus window of deviant tones (300-700ms) against a 
post-stimulus window of standard tones (300-700ms). Plot D and E showcase 
spectrograms obtained after transforming the VE output in the time-frequency 
domain using Hilbert transform. 
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Table 4-4 Anatomical locations of peak clusters (p<0.05, FDR-corrected) found using 
event-related beamforming (P300). 

Anatomical 

Locations 

Frequency bands (Hz) Time window 

(ms) 

MNI co-ordinates 

mm (X Y Z) 

Left IFG 1-30 300-700 -22 40 26 

    

Right IFG 1-30 300-700 18 40 26 

IFG: Inferior frontal gyrus 

  



  CHAPTER 4 

Page 57 

 

    

 

 Discussion 

The current study investigated the neural sources of P300-latency responses to 

mentally counted auditory oddballs using MEG. The activity in the P300 latency 

window (300-700ms) was quantified by studying band power changes and phase-

locked responses in the same participants. As the central result of this study, the 

SAM-SnPM analysis identified frontal theta and alpha ERS (in attended deviants 

relative to standards), in line with earlier EEG and MEG studies (Ishii et al., 2009; 

Yordanova & Kolev, 1998b, 1998a). It must be noted that the spectral activity was 

seen across the frequency bands, however, it was highly time-locked with stimulus 

onset. ERS to targets in P300 time window was spatially distinct from ERS in N100 

time window, observed for deviants > standards in the bilateral and middle superior 

temporal regions (auditory belt areas) in line with sources found from averaged 

evoked auditory responses (Mäkelä & Hari, 1990; Hari et al., 1980). The use of event-

related beamformer to study the averaged responses in the P300 time window, 

allowed us to localise highly focal responses in the prefrontal cortex, which show 

right laterality. The results indicate that unlike sensory-evoked responses such as the 

N100m, the cognitive evoked responses involve more than just the sensory cortices. 

Therefore, to better understand P300’s underlying physiological process, it is 

important to study both ERS and the time-locked responses.  

4.4.1 Frontal ERS responses to oddballs 

For the frequency range studied here, theta and alpha, the sources of oddball 

responses were frontal, in line with an earlier ERS-based study (Ishii et al., 2009), 

which used a task with button presses to elicit P300. However, the activation found 

in the present study was more widespread than what has previously been reported. 

Frontal areas were among the sources found from averaged P300 responses in MEG 

(Nishitani et al., 1998). Frontal sources have also been found for change detection 

without task relevance, manifest in MMN responses to oddballs (as sources of ERS in 

wide-band filtered data at MMN latency, Lappe et al., 2013) and as sources of 
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averaged MMN responses (Cheng et al., 2013). In EEG, phase-locked responses to 

attended targets are typically maximal over parieto-temporal sites (P3b), and 

responses to novel deviants are maximal over frontocentral sites (P3a review: Polich, 

2007). As a common feature across the earlier MEG study (Ishii et al., 2009), and the 

current experiment, deviant vs. standard tone discrimination was very easy (2000 Hz 

vs. 1000 Hz). Subjects would have attended only to the deviants and suppressed the 

standards, without any effortful listening. It is conceivable that a more complex task 

could have elicited parietal responses as well.  

4.4.2 Theta and alpha band components 

The current MEG data demonstrated a robust oddball related theta ERS at P300 

latency in dorsolateral prefrontal regions, in line with earlier MEG oddball responses 

with button press task (Ishii et al., 2009). The result is also in line with the topography 

of EEG responses to auditory oddballs: theta ERS is strongest at frontal sites (Fz) 

compared with Cz and Pz (Yordanova & Kolev, 1998a).  

In the alpha frequency range, bilateral frontal ERS was observed – again as in an 

earlier MEG study with button press task (Ishii et al., 2009), and also in line with 

frontal alpha ERS to auditory oddballs in an EEG study (Yordanova & Kolev, 1998a). 

It is conceivable that prolonged alpha responses are manifest in ERS (Başar et al., 

1997; Öniz & Başar, 2009; Stampfer & Başar, 1985). Such alpha ERS is not detectable 

from averaged P300 responses, which are dominated by delta and theta frequencies 

(Başar et al., 1997). However, in our data, we do see activity across the frequency 

spectrum (time-locked to event onset) but more prominently in the theta and alpha 

range. Alpha ERS has been linked to sensory gating through inhibition (Jensen & 

Mazaheri, 2010). For example, during lateralized spatial attention, alpha increases in 

parieto-occipital areas ipsilateral to the attended visual hemifield (Capotosto et al., 

2009), and in somatosensory cortex ipsilateral to the attended hand during tactile 

stimulation (Haegens et al., 2010). Furthermore, alpha ERS is observed in the 

somatosensory cortex during visual attention (Bauer et al., 2012). The pattern of 
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alpha decreases in areas processing the attended modality and increases in areas 

processing the unattended modality seems to be particularly prominent when active 

blocking is needed due to high task demands (Frey et al., 2015). However, unlike the 

above studies, the current experiment – like Ishii et al., (2009) – required participants 

to detect a target stimulus that was not spatially separate from standards, occurred 

in the same modality as standards, and was easy to detect. Accordingly, selective 

attention within a modality as in the present experiment is not directly comparable 

to conditions in the above studies. 

4.4.3 Time- (Phase-) locked responses 

The source configuration of phase-locked responses was investigated using event-

related beamformer. Auditory cortex, with standard activity compared against the 

baseline in the beamformer analysis (0 to 200ms vs. -200 to 0ms), has been identified 

as a source region of activity in fMRI (Kiehl et al., 2001; Yoshiura et al., 1999). In the 

analysis, the neural sources of phase-locked responses (at P300 latency, 300-700ms) 

were highly focal than sources of band-power changes seen with SAM-SnPM analysis.  

Temporoparietal sources, for phase-locked responses, have been implicated with 

P300 based on lesion studies. Reduction of P3b in auditory modality has been 

reported after the temporo-parietal lesions (Knight et al., 1989; Verleger et al., 1994).  

The source region implicated with P300, inferior frontal gyri and prefrontal cortex, 

were found here in source analysis from averaged responses and also in SAM analysis 

for band-power changes. It is also worth noting that neural sources obtained by 

localising the averaged activity showed a right dominance, whereas it was left 

lateralised for the SAM analysis. The prefrontal cortex has been implicated with P300 

based on an fMRI study (Kiehl et al., 2001). Responses from midline structures found 

here for phase-locked responses only could correspond to activation in posterior 

cingulate, reported in fMRI study by (Kiehl et al., 2001) as a source region for target 

P3.  
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4.4.4 Processes underlying P300 

The P300 event-related response reflects cortical activity related to the processing 

of task-relevant ongoing stimuli. Upon completion of the early sensory evaluation of 

the stimulus, there is an active attention-led comparison between the sensory 

representation of the previous stimulus and the incoming stimulus. This process is 

distinctly different from MMN as a stimulus feature mismatch response (Näätänen 

et al., 2007). However, if no stimulus-related change is detected then the sensory 

trace is maintained; and only the evoked responses, which are lower in the hierarchy 

of events, are recorded (Polich, 2007), viz., the sensory-evoked responses, such as 

N100 or P200.  

While P300 responses can also occur after unexpected stimuli (P3a with a fronto-

central maximum in EEG), the current study addresses the “classic” P300 waves 

elicited by task-relevant stimuli (P3b with parieto-central maximum). As a process 

underlying P300, it has been postulated that each stimulus is compared with a 

working memory representation of the preceding stimulus and subsequently – in 

case of oddballs – the mental model of the stimulus environment is updated (Polich, 

2007). Other proposed processes are the closure of a structured sequence of stimuli 

by an expected event (Verleger, 1988) or event categorization – a decision whether 

or not a stimulus matches a template (Kok, 2001). Beyond these processes – all 

related to stimulus evaluation – it has been suggested that P300 occurs when 

stimulus classification is transformed into a response (Verleger et al., 2005). To better 

understand the role of non-phase-locked neural oscillations, comparison with other 

tasks is needed.  

First, memory processes are required within context updating and during mental 

counting. Using EEG, frontal theta ERS has been observed during successful encoding 

and during correct retrieval from memory (Klimesch et al., 1997). Second, it is 

possible that selective attention drives theta responses. The contribution of memory 

processes to P3b has been questioned on the basis of neuropsychological (lesion) 

data (Verleger, 2008). Stronger frontal theta ERS for oddball detection vs. 1-back task 
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was found in the visual modality, suggesting a basic attentional (rather than working 

memory) correlate of frontal ERS in EEG (Krause et al., 2000; Missonnier et al., 2006). 

Also, medial prefrontal activation has been found in MEG as a correlate of focused 

attention (Ishii et al., 2014). The exact role of higher frequency activity seen with 

both the source analysis approaches is less clear and cannot be directly probed. Of 

major interest for future studies would be theta band connectivity between brain 

structures. A recent MEG study revealed theta-band connectivity between the 

ventromedial prefrontal cortex and the hippocampus during MMN, a response that 

is distinct from P300, which involves change detection (Garrido et al., 2015). Also 

during MMN, increased theta phase-locking in the right frontal channels was 

observed in MEG sensor space (Hsiao et al., 2009).  

In conclusion, analysis of band power changes (ERS) in the P300 window revealed 

higher clusters of activity primarily in theta and alpha band with neural sources in 

the prefrontal and midline regions. Whereas, analysis of the phase-locked responses 

in source space revealed highly focal activity in the prefrontal cortex, with a right 

lateralised response. The profile of regional activation differed between ERS and 

phase-locked responses. Consequently, different source localisation methods 

contributed to comprehensive source analysis of the elusive auditory P300. 
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CHAPTER 5 

5 From functional connectivity to multilayer 

networks 

 

Précis 

It has become increasingly common to model the human brain as a network, which 

can further be studied using graph theoretical approaches. This chapter presents the 

basics of functional connectivity analysis and basics of graph theory as applied to 

systems neuroscience (or network neuroscience). A generalised analysis pipeline is 

presented, which can easily be applied to a range of brain imaging modalities. 

Building on these concepts, the chapter also introduces the multilayer network 

framework (i.e., a network of networks) and various multilayer network metrics. 

Graph theoretical methods will be applied in the following two chapters (6 and 7). 

Studying the effects of sensorimotor training on resting-state MEG data (chapter 7) 

required the development of a novel normalisation method. This chapter lays the 

theoretical foundation on which the normalisation method was developed and 

tested in chapter 6.  

 

 Estimating functional connectivity 

 

Once the sensor space data is projected in source space, it can be analysed further 

by means of functional connectivity. Functional connectivity is defined as the 

statistical dependency between two or more spatially distinct regions in the brain 

(see review: Friston, 2011). In the case of fMRI, functional connectivity can be 

determined by estimating Pearson’s correlation of BOLD time courses (as in section 

6.2.1). However, in the case of MEG, due to its inherent rich spectral nature, 

functional connectivity can be determined by multiple different methods.  
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Source reconstruction gives rise to a significant confound called signal leakage. Due 

to the ill-posed nature of the inverse problem, source reconstruction often leads to 

blurring of the signal in source space. In other words, a point source appears to 

spread over a finite source space. This problem can become more pronounced due 

to errors in forward modelling or co-registration or failure to meet the assumptions 

of the inverse solution. Any combination of these errors can have an immense impact 

on MEG functional connectivity estimates.  

This section briefly addresses the problem of signal leakage and the proposed 

correction schemes. Subsequently, the measurement of functional connectivity from 

source projected MEG data by using amplitude envelope correlations (AEC). Out of 

the connectivity metrics recently evaluated by Colclough et al. (2016), AEC was 

shown to have highest reliability. Plus, there is also evidence that suggests a spatial 

overlap between functional networks extracted using AEC in MEG and fMRI (Brookes 

et al., 2011a; Brookes et al., 2011b). This feature is of particular interest in chapter 

6, where resting-state fMRI and MEG data obtained in the same participants are 

evaluated. As a result, this thesis primarily focused on AEC as a measure of functional 

connectivity for MEG data (chapters 6 and 7) and Pearson’s correlation coefficient 

for fMRI data used in chapter 6.  

5.1.1 Signal leakage 

Resting-state analysis of MEG data has provided independent validation of functional 

networks typically reported with fMRI. By applying connectivity analysis tools directly 

from fMRI to MEG, there is a risk of identifying spurious correlations.  

This is chiefly because of the ill-posed inverse problem, as few hundred SQUID 

sensors cannot accurately estimate an unknown number of source configurations. 

The reconstructed activity often manifests itself as the zero-phase-lag correlation 

between any two regions of interest, whereas a genuine signal will always exhibit 

some temporal delay. This is typically referred to as signal leakage, as reconstructed 

time courses often appear to spread over a small source space. Therefore, signal 
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leakage proves to be a hurdle for whole-brain connectivity analysis as it impairs an 

appropriate interpretation of the data. The extent of signal leakage is heavily 

dependent on the assumptions of the inverse solution, source strength, and source 

location. Beamformers have been shown to be more effective at restricting the field 

spread than minimum norm solutions (Schoffelen & Gross, 2009), but neither of the 

source localisation methods is fully accurate.  

The aim of an atlas-based method is to estimate connectivity between larger patches 

of the cortex. However, this approach makes signal leakage highly likely as 

neighbouring voxels often have similar temporal characteristics. It is precisely for this 

reason that signal leakage correction is of paramount importance when estimating 

any functional relationships between ROIs in a whole-brain analysis. Signal leakage 

correction is typically applied by removing all the zero-phase-lag correlations 

between all the ROIs. In this thesis, a multivariate symmetric orthogonalisation 

method is used (Colclough et al., 2015). This method, for every ROI, produces an 

independent set of orthogonal time course. The solution thus produced after 

orthogonalisation, is unique and is only slightly different from the original time 

courses. Typical analysis steps involved in leakage correction are as follows –  

First, the closest orthogonal time courses (for which there exists a simple analytical 

solution) are identified. Second, using an iterative approach, the solution is optimised 

until the corrected vectors are close to the original uncorrected time courses. By 

definition, the orthogonalization procedure removes all zero-phase-lag correlations 

between all the ROIs. Therefore, any remaining correlations (after correction) 

between the amplitude envelopes of the ROIs are thought to demonstrate a true 

biological coupling. After the correction, AEC is used to derive functional coupling for 

each time course in frequency bands of interest across all the participants resulting 

in a 78 x 78 adjacency matrix for every frequency band for every participant. 

Typically, these adjacency matrices are averaged over subjects within each band to 

generate a group level representation.  
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5.1.2 Amplitude envelope correlation 

As stated before, functional connectivity is a statistical dependency between two-

time courses. For source projected MEG signal, it can be measured using either 

amplitude envelope coupling (i.e., power relation between the two signals) or by 

measuring the phase synchronisation (phase coupling) (see review: Engel et al., 

2013). While phase-based, and amplitude-based methods tend to focus on distinctly 

different aspects of the MEG signal, they serve as a proxy for the same underlying 

functioning. Functional connectivity analysis has recently seen rapid growth in 

electrophysiological research. However, this analysis has primarily been developed 

in the context of fMRI research. Early research has robustly demonstrated a presence 

of spatial correspondence between patterns of connectivity seen in fMRI and 

oscillatory activity as recorded by electrophysiological measures (Brookes et al., 

2011; Hipp et al., 2012).  

The oscillatory interactions can be investigated by estimating the relationship 

between source-projected time courses. This is achieved by first decomposing the 

time-based information into a spectro-temporal representation and then extracting 

the amplitude envelopes. There are several signal processing methods that can be 

used to extract the amplitude envelopes, such as Morlet transform or Fourier 

transform but the most commonly used in electrophysiological research is the Hilbert 

transform. Here, the spectro-temporal representation is estimated by decomposing 

the signal into small frequency bins (bandpass signals) and then by estimating an 

analytic signal of each of those components. A correlation is then estimated between 

the analytical signals to identify similarities. In the presence of a higher correlation, 

the regions are said to be functionally connected. There are several other 

connectivity metrics that have specifically been used in M/EEG research, for example, 

coherence (phase synchronisation), phase-locking value, phase-amplitude coupling, 

etc., (see review: Bastos & Schoffelen, 2016). In chapters 6 and 7 where AEC has been 

used, it was computed for 78 cortical regions defined using the Automated 

Anatomical Labelling (AAL) atlas (Tzourio-Mazoyer et al., 2002). Time courses of 
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activity were generated for each of the 78 regions using beamformers for MEG and 

by estimating average BOLD time series for fMRI. Connectivity analysis was then 

performed on the 78 representative time courses. The details of this method and 

how it has been applied within the specific context of the experimental work has 

been explained in the individual experimental chapters (chapters 6 and 7).  
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 Primer on graph theory  

 

The human brain is widely considered to be a complex network that can be studied 

by graph-theoretical approaches. In such a description, nodes in the network 

correspond to anatomical regions, and links typically refer to either structural or 

functional connections between those regions. Graph or network theory has been 

applied successfully to networks derived from a wide range of modalities, for 

example from fMRI (Bassett et al., 2008), MEG (Stam, 2014), EEG (Stam et al., 2007), 

diffusion tensor imaging (DTI, Iturria-Medina et al., 2008), and structural covariance 

(He, Chen, & Evans, 2007). A key advantage of such an approach is that network 

theory enables characterisation of both the spatial organisation and the strength of 

the network connections (Bassett & Sporns, 2017). Using this reductionist approach, 

neuroscientists often distil the complexity of the human brain to a handful of nodes; 

this offers a mathematically concise description of brain regions and all the possible 

interactions between them. The distilled mathematical description is often referred 

to as the human connectome or simply, the wiring diagram of the human brain. 

Various metrics, describing both nodal and global topological network 

characteristics, have been shown to provide useful quantitative descriptions of 

networks in order to reveal common pathways across diseases (Crossley et al., 2014), 

and to differentiate brain states during cognitive tasks (Braun et al., 2015; 

Micheloyannis et al., 2006). 

The idea of the human brain as a complex network that exists on various spatial and 

temporal scales has been supported by a plethora of research studies (see review: 

Betzel & Bassett, 2017). At a macroscopic level, the human connectome 

characterises a network of myelinated fiber tracts, that provide a anatomical 

infrastructure for brain regions. The structural infrastructure is at the heart of 

resulting functional networks, which describe statistical dependencies between brain 

regions (see section 5.1).  
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By investigating functional brain connectivity, one can only infer the strength of 

connections between brain regions, but by modelling them as graphs, we can study 

the patterns of these connections (basics of graphs are summarised in Figure 5-1). In 

this regard, graph theory can be viewed as a common language that can be used to 

study networks across various disciplines. Naturally, like any other language, graph 

theory comes with its own syntax and semantics. To understand how principles from 

graph theory can be applied to brain connectivity data, it is useful to define some key 

concepts. These include 1) nodes, edges, graphs, 2) unweighted and weighted graphs 

and, 3) directed graphs.  

 

Figure 5-1 Building blocks of graphs. A: node or vertex, B: a simple graph showing the 
presence of an edge or link between the two nodes, C: degree: number of connections 
incident on a given node (node j has a degree of 2), path length: distance from node 
i to node k (2); D: undirected, unweighted graph; E: undirected, weighted graph 
(weights correspond to the thickness of lines); F: directed, weighted graph. 

 

1) Nodes, edges, and graphs 

 

A node or vertex is the most fundamental unit of a graph (Figure 5-1A). In the 

context of systems neuroscience, a node would correspond to a brain region. 

An edge or link (Figure 5-1B) indicates a presence of connections between 

given nodes. Putting these concepts together, a graph G is a set of nodes N 

and a set of edges Eij (1<=i, j <=n, i~=j), where edges describe some 

relationship between the nodes.   
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2) Unweighted and weighted graphs 

 

An unweighted graph simply indicates the presence or absence of 

connections between nodes (Figure 5-1D). On the other hand, a weighted 

graph is the one for which edges have some weights associated with them 

(Figure 5-1E). For example, the weights in these graphs could be quantitative 

estimates of functional connectivity derived from M/EEG or fMRI. 

 

3) Directed graphs 

 

A directed graph is the one that has directed edges, designating a 

directionality in information flow (Figure 5-1F). For example, a graph 

representing a causal relationship between brain regions. 
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 Extracting functional brain networks 

 

 

Figure 5-2 Schematic representation of a typical analysis pipeline used in graph-
theoretical analysis of brain imaging data. Based on anatomical scans. the brain is 
parcellated into regions (here 78 regions based on AAL atlas). For each of the 78 
regions, activity time courses are obtained (in the case of MEG: amplitude envelopes 
for 2 out of 78 time courses shown). 78 x 78 connectivity values are computed, 
displayed here (a) in adjacency matrix where each of 78 x 78 node is coloured 
according to connection strength (red: strongest connections) and (b) as network 
representation where 78 regions are ordered in a circular plot and connections are 
shown as connecting lines. The network is then evaluated using various graph 
metrics.  

 

This section describes a general-purpose analysis pipeline that can be used to model 

the human brain as a network using various brain imaging modalities. It must be 

noted that the inferences drawn from this analysis would depend on the 

methodological constraints posed by the method used to record the brain activity. 

Limitations of brain imaging methods are not limitations of graph theory per se. The 

analysis pipeline can be viewed as a multistep process, which can be adapted 

according to the imaging modality (Figure 5-2).  
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As with any neuroimaging methods, some level of pre-processing is required. The 

aim of pre-processing is to obtain artefact free data segments; this might include 

removal of physiological and environmental noise. Pre-processing pipelines are now 

relatively well established in both fMRI (see best practices: Poldrack et al., 2016) and 

in MEG (see best practices: Gross et al., 2013). For pre-processing choices in 

connectivity studies of this thesis project, see chapters 6 and 7. 

5.3.1 Defining nodes of the network 

Network analysis starts by defining nodes/brain regions in the network. This is 

achieved by dividing the anatomical scan of the brain into small anatomical regions, 

also known as patches or parcels. These can be based on various anatomical atlases 

such as Desikan-Killiany (Desikan et al., 2006), Destrieux (Destrieux et al., 2010), AAL 

(Tzourio-Mazoyer et al., 2002) or based on histologically defined regions (Eickhoff et 

al., 2005) or diffusion-weighted imaging (DWI) data. The motivation behind 

anatomical parcellation is that performing a whole-brain connectivity analysis using 

the entire brain volume is computationally expensive and potentially non-

informative. Therefore, the aim is to identify a parcellation scheme that best 

approximates the underlying activation. For instance, if one selects an anatomical 

atlas with a finer resolution, then the resulting network will be dense and difficult to 

visualise if one uses too coarse a resolution and the network might not provide an 

adequate representation of the underlying network. In this thesis, AAL atlas has 

primarily been used as it has been shown to have a spatial resolution that can be 

achieved using electrophysiological methods (Hillebrand & Barnes, 2002). M/EEG 

users can also make use of the standard electrode arrays as nodes (e.g., for EEG – 10-

20 system or for MEG – sensor positions). However, sensor level analysis is not 

recommended (Schoffelen & Gross, 2009). 
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5.3.2 Identifying relationships between the nodes 

For each parcel defined in the previous step, time courses of activity are estimated, 

which allow some continuous measurements of relationships between the nodes. 

For example, this could be the estimation of functional connectivity in M/EEG sensor 

space or source space (both in time or frequency domain) or estimation of 

anatomical connectivity using probabilistic mapping of diffusion data. For M/EEG, 

estimating source-level connectivity is the recommended approach (Schoffelen & 

Gross, 2009).  

 

In this thesis, amplitude envelope correlations are used on source localised MEG data 

(LCMV beamformer) to estimate functional connectivity between AAL regions. 

However, any other measure of functional connectivity (e.g., imaginary coherence) 

or causal connectivity (e.g., Granger causality) can also be used. For the fMRI data 

used in chapter 6 functional connectivity between AAL regions is estimated using 

Pearson’s correlation.  

 

5.3.3 Representing a graph 

The pairwise relationships between all the nodes of the network are summarised in 

an adjacency matrix. For a given unweighted graph with N nodes, the adjacency 

matrix A is a square matrix (N x N), such that Aij is 1 when there is a presence of a link 

(connection) between node i and j, and 0 when there is the absence of a link. The 

diagonal elements of this matrix are usually set to 0 as they reflect connections of 

brain regions with themselves. Such binary adjacency matrices are typical of 

structural imaging data. However, in the context of functional imaging data weighted 

adjacency matrices are used, where the elements indicate the strength of 

connections between two nodes (see colour coded adjacency matrix in Figure 5-2). 

The weighted adjacency matrices can also be binarized by only selecting connections 
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that are above a certain threshold. However, this approach can be an issue as it can 

alter connections that are potentially biologically relevant.  

5.3.4 Quantifying the network behaviour 

After modelling the brain as a network, various network parameters can be used to 

quantify its behaviour, such as degree or path length (Figure 5-1). These parameters 

can subsequently be compared against a known null model to identify significant 

effects or as a between-group comparison (e.g., healthy controls vs patients with 

neurological pathology).  

Each of the steps described above is an experimental choice and can potentially 

influence the final results. Therefore, these analysis steps deserve careful 

consideration that is in line with the experimental hypothesis. In step 5.3.3 described 

above, the choice of the threshold used to create a graph representation deserves 

special attention as different thresholds tend to generate graphs of variable sparsity 

or connection density. A commonly used solution to circumvent this problem is by 

assessing network properties over a wide range of thresholds. The network 

properties can be assessed using a large number of parameters (discussed in the next 

section 5.4). These parameters are subsequently compared against a null distribution 

with the same number of nodes and links. Statistical testing of the network 

parameters is usually performed using non-parametric testing.  
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 Graph metrics 

 

The topological properties of a brain network can be quantified by employing a wide 

variety of graph metrics, some exemplars are discussed below. It is unclear which of 

these metrics are best suited for quantifying brain networks. However, over the 

years, some metrics more than others have gained considerable popularity among 

neuroscientists.  

5.4.1 Degree 

The degree of a given node is the total number of connections/links it has to the rest 

of the network (Figure 5-1). Node degree (k) is the most basic graph metric, and the 

majority of the other graph measures are often derived from degree. An important 

parameter derived from degree is the degree distribution. In random networks – 

where the probability of all to all links is equal – degree distribution is Gaussian. On 

the other hand, complex networks have non-Gaussian node degree distribution, 

which is skewed towards a high degree. In the-scale free network case, the node 

degree distribution follows a power law. 

5.4.2 Path length 

The path length is the number of links travelled to reach one node from another. For 

a given unweighted graph, the shortest-path length between the nodes i and j is the 

path with the least number of links between them. The mean shortest-path length 

LG is the mean over all the node pairs. 

𝐿𝐺 = 
∑ ∑ 𝐴𝑖𝑗

𝑛
𝑗

𝑛
𝑖

𝑛(𝑛−1)
         (5.1) 

A short mean path length indicates higher global efficiency, typically seen in random 

and complex networks. Naturally, networks with a higher mean path length have 

lower global efficiency.  



  CHAPTER 5 

Page 75 

 

    

 

5.4.3 Clustering coefficient 

If the nearest neighbours of a given node in the network are connected with one 

another, then they are said to have formed a cluster. The clustering coefficient is a 

quantity that provides an index for the total number of links present in the cluster, 

divided by the total number of possible links. The clustering coefficient CG can be 

calculated as 

𝐶𝐺 = 
2𝐸𝑖

𝑘𝑖(𝑘𝑖−1)
         (5.2) 

 

Here, 𝐸𝑖 is the total number of links present in the cluster (i’s nearest neighbours), 

and 𝑘𝑖  is the total number of neighbours. Generally, random networks tend to have 

a lower clustering coefficient, whereas complex networks tend to show a higher 

clustering coefficient.  

5.4.4 Small worldness 

The small-world property, popularly known as six degrees of separation (Milgram, 

1967), states that any two individuals around the world are connected to each other 

via six introductions (or less). Similar to this property seen in social networks, human 

brain networks have also been shown to be “small world” (Bassett & Bullmore, 2006; 

Watts & Strogatz, 1998), and this property is often used as an index of network 

efficiency. According to (Watts & Strogatz, 1998), a network G is said to be a small 

world if it fulfils the following criteria measured against a random network –  

1) an equal or smaller shortest-path length 

2) a significantly higher clustering coefficient (Watts & Strogatz, 1998; 

Humphries & Gurney, 2008).  

 

𝛾𝐺 = 
𝐶𝐺

𝐶𝑟𝑎𝑛𝑑
          (5.3) 

 𝜆𝐺 = 
𝐿𝐺

𝐿𝑟𝑎𝑛𝑑
         (5.4) 
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𝑆𝐺 =  
𝛾𝐺

𝜆𝐺
          (5.5) 

 

Here, LG and CG are the path length and clustering coefficient of the network under 

consideration and Lrand and Crand are path length and clustering coefficient of a 

random network respectively. A given network is said to be a small world if SG > 1.  

5.4.5 Betweenness centrality 

This metric offers a measure of a node’s centrality in a network, i.e., a measure of a 

node’s relative importance in the network. This allows us on average to quantify how 

well a given node is connected to all other nodes. Higher betweenness centrality is 

an important property of a “hub” node. For example, in a hypothetical network 

analysis of the entire population of the U.K., the Queen of U.K. (densely connected 

node), will receive a higher betweenness centrality score than the author of this 

thesis (sparsely connected node), making Her Majesty a major “hub” in the network. 

These hub nodes are commonly seen in computer networks, airline networks, and 

even in brain networks. It has also been shown that this “hubness” is affected in brain 

networks due to various neurological disease processes (Crossley et al., 2014). 

 

Given an unweighted network and two nodes i and j, the number of unique shortest-

paths between i and j can be defined 𝜎𝑖𝑗. Further, 𝜎𝑖(𝑘) as the number of unique 

shortest-paths between i and j via node k. Betweenness centrality (CBB) is – 

 

𝐶𝐵𝐺 =  ∑
𝜎𝑖𝑗(𝑘)

𝜎𝑖𝑗
𝑖 ≠𝑘 ≠𝑗         (5.6) 
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 Towards an integrative approach  

 

One of the advantages of network theory is the fact that it is modality invariant, i.e., 

the same network concepts can be applied to a wide range of data obtained from 

different modalities. However, networks obtained from different imaging modalities 

or different frequency bands in the same subjects are usually treated in isolation 

using a single-layer network approach. Yet, the field is increasingly acknowledging 

and elucidating how different types of networks are interrelated in a non-trivial way 

(Pereda et al., 2016). For instance, relationships between anatomical and functional 

networks are now established and often studied using computational models (Hlinka 

& Coombes, 2012). Moreover, recent studies suggest that functional networks are 

shaped by both monosynaptic and polysynaptic walks in the underlying structural 

network (Mehta-Pandejee et al., 2017; Meier et al., 2016a; Robinson, 2012). 

Likewise, covariance in cortical myeloarchitecture and fMRI connectivity matrices 

can be explained by a nonlinear combination of MEG functional connectivity matrices 

(Hunt et al., 2016; Tewarie et al., 2016). Importantly, for MEG and EEG, there is no 

reason why different frequency-specific networks would operate independently 

from one another (Tewarie et al., 2016). Despite its potential, the application of 

network theory to neuroimaging comes with several challenges, including:  

1) How do we integrate information from networks across different 

neuroimaging modalities from the same subject or group?  

2) How do we compare networks between groups and experimental 

conditions in an unbiased way? 
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 Primer on multilayer networks 

 

A generic framework that enables integration of information from different networks 

is the multilayer network approach. A multilayer network can be considered as a 

‘network of networks’, which consists of individual network layers that are 

interconnected (Boccaletti et al., 2014; Van Mieghem, 2016). Thus, a given node in 

the multilayer network can be involved in different types of interactions. Multilayer 

networks can show non-trivial properties that are not merely the result of the sum 

of its layers (Kivelä et al., 2014; Nicosia et al., 2013; Sahneh et al., 2015). This 

approach has been applied effectively to several networks, such as social networks, 

transportation networks, and synthetic networks, demonstrating that empirical 

systems can be better understood when the influence of interacting networks are 

considered (De Domenico et al., 2013; Granell, Gómez, & Arenas, 2013; Hernández 

et al., 2014). Multilayer network approaches have recently been introduced to the 

field of neuroscience (Brookes et al., 2016; Buldú et al., 2017; Crofts, Forrester, & 

O’Dea, 2016; De Domenico et al., 2016; Tewarie et al., 2016; Yu et al., 2017), where 

different layers can correspond to different frequency-band specific networks or 

networks from different modalities. Lately, motif analysis of a multilayer network – 

where individual layers were made up of DTI and fMRI networks – was reported by 

(Battiston et al., 2017). Using the multilayer framework, a MEG study extracted 

meaningful connectivity differences between patients with schizophrenia and 

healthy controls (Brookes et al., 2016). Another study demonstrated a non-trivial 

relationship between frequency-band specific MEG networks for intermediate 

regimes of coupling between layers (Tewarie et al., 2016b). Furthermore, a 

multilayer network approach has also been applied successfully to the connectome 

of the C. elegans, where gap junctions and neuromodulator layers were grouped into 

different layers (Bentley et al., 2016; Nicosia and Latora, 2015; De Domenico et al., 

2015a). This chapter is organised in the following way. It starts with a theoretical 

section on the basic mathematical concepts and metrics for multilayer networks, 
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followed by a short description of generative models for multilayer networks. These 

generative models allow us to evaluate correction schemes for given ground truth.  

 

 Quantifying multilayer networks: Multilayer graph 

metrics 

 

A multilayer network is a generic name for a complex network structure consisting 

of multiple networks. Nodes exist in a set of layers that correspond to different 

important features of the system under consideration, and the links encompass 

connections between all possible combinations of nodes and layers. Specific widely-

used special cases include multi-weighted graphs, multilevel or multi-scale networks, 

multiplex networks, multi-relational networks or hyper-networks (Boccaletti et al., 

2014). These different types of networks all fall under the multilayer network 

framework and can be obtained after applying specific constraints (Boccaletti et al., 

2014). Here it is worth noting that the multilayer network approach does not assume 

that the different layers are necessarily integrated. The multilayer framework leaves 

space to quantify the balance between distinctness and commonality among layers. 

There are several review papers for mathematically oriented readers on multilayer 

networks; please see (Boccaletti et al., 2014; De Domenico et al., 2013; Garas, 2016; 

Kivelä et al., 2014; Wang et al., 2013). For a recent review of multilayer networks 

applied to neuroimaging datasets see (De Domenico 2017). Here, the focus is on the 

aspects of multilayer networks that can be readily translated into neuroimaging 

(Figure 6-1).  

A convenient representation of a multilayer network is its corresponding block-

adjacency matrix (Gomez et al., 2013; De Domenico et al., 2013; Van Mieghem, 

2016). An f-layered multilayer network written in terms of a block-adjacency matrix 

reads (Sahneh et al., 2015) 
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𝐴 =

[
 
 
 
𝐴1 𝐻12 … 𝐻1𝑓

𝐻21 𝐴2 ⋮
⋮

𝐻𝑓1 …

⋱
𝐴𝑓 ]

 
 
 

            (5.7) 

 

where 𝐴𝛼  corresponds to a symmetric, square adjacency matrix of a layer α, 1 ≤ 𝛼 ≤

𝑓, and 𝐻𝑘𝑙 to the coupling matrix between the layers k and l, where 1 ≤ 𝑘, 𝑙 ≤ 𝑓. 𝐴𝛼  

has the same dimensions for all layers (n x n). This means that every layer has the 

same number of nodes or brain regions. The between layer coupling matrix 𝐻𝑘𝑙 can 

take any form, e.g., fully connected or a diagonal matrix (e.g.,  𝐻𝑘𝑙 = 𝑐𝐼, where c is a 

constant and I the identity matrix). Given the focus of recent theoretical studies, we 

concentrate on the following case where coupling matrices are special diagonal 

matrices (𝐻𝑘𝑙 = 𝑐𝐼), i.e., only introducing links between the same node (brain 

region) over all layers. In other words, the cross-frequency coupling between distant 

areas was ignored but note that the subsequent metrics can also be applied to the 

case of fully connected interlayer coupling (see chapter 7 for a discussion on the 

choice of c). 

The available topological metrics can be divided into –  

1) Distance class metrics  

Distance class metrics are metrics where the geodesic distance or hops play 

a crucial role, where a hop refers to a link along a path. 

2) Connection class metrics  

Connection class metrics refer to cohesive subgroups of nodes or the 

connectedness of a single node in the network. 

3) Spectral class metrics  

Spectral class metrics correspond to properties related to the eigenvalues of 

the network of interest (Van Mieghem, 2011). 

4) Between layer dependency metrics (Hernandez & Van Mieghem, 2011).  

Between layer, dependency metrics correspond to metrics that quantify 

relationships between layers.  
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5.7.1 Distance class metrics  

Similar to single-layer networks, path length, S, and global efficiency, G, are 

measures of integration in the network and can be similarly defined as 

(Boccaletti et al., 2014) 

𝑆 =
1

𝑡(𝑡−1)
∑ 𝑠𝑖𝑗𝑖,𝑗,𝑖≠𝑗        (5.8) 

𝐺 =
1

𝑡(𝑡−1)
∑

1

𝑠𝑖𝑗
𝑖,𝑗,𝑖≠𝑗        (5.9) 

 

where the distances 𝑠𝑖𝑗 refer to the number of hops (links) that you must 

traverse to travel from one node i to another node j along the shortest path 

between them, and where 𝑡 = 𝑛𝑓 (f layers). Distances can be obtained using 

Dijkstra’s algorithm (Dijkstra, 1959). The global efficiency G can also be 

evaluated for a subnetwork consisting of only the neighbours of node i. This 

results in the metric local efficiency for every node, which is usually averaged 

across nodes in the neuroscience literature, yielding a single value per 

network (Rubinov & Sporns, 2010). 

5.7.2 Connection class metrics 

Several metrics exist in this class, such as metrics that quantify the 

“importance” or “hubness” in a network and other metrics that quantify 

clustering and community structure. A basic measure for “importance” for a 

given node i in multilayer networks is the multilayer degree di. This metric 

was introduced in its general form by De Domenico et al. (2013), and for the 

special case of the multiplex network by Battiston, Nicosia, and Latora (2014). 

A node labelling was assumed such that node i belongs to the l-th block row 

in A (Van Mieghem, 2016) 
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𝑑𝑖 = ∑ (𝐴𝑙𝑢)𝑖
𝑓
𝑙=1 + ∑ ∑ (𝐻𝑏𝑘𝑢)𝑖

𝑓
𝑘=1;𝑘≠𝑙

𝑓
𝑏=1,𝑏≠𝑙 …  

    = ∑ 𝑑𝑖𝑙
𝑓
𝑙=1 + ∑ ∑ (𝐻𝑏𝑘𝑢)𝑖

𝑓
𝑘=1;𝑘≠𝑙

𝑓
𝑏=1,𝑏≠𝑙  ,   (5.10) 

 

where 𝑑𝑖𝑙  is the degree of node i in the multilayer network layer l, 

(𝐻𝑏𝑘𝑢)𝑖 are the inter-layer links from node i towards nodes at layer k, and u 

is the all-one vector (f = layers). This multilayer degree metric is the extension 

of the degree from single-layer networks. Extensions for eigenvector 

centrality to a multilayer framework also exist (Solá et al., 2013; Solé-Ribalta 

et al., 2014), as well as other more sophisticated measures, such as versatility 

of nodes and multilayer PageRank (De Domenico et al., 2013). Multilayer 

PageRank is a metric based on biased random walks in a multilayer network. 

A very recent metric related to multilayer PageRank is a functional multilayer 

PageRank (Iacovacci et al., 2016).  

This metric uses the concept of a multilink 𝑚⃗⃗ 𝑖𝑗 = (𝑎𝑖𝑗
   1, 𝑎𝑖𝑗

    2, … , 𝑎𝑖𝑗
    𝑓

) and 

𝑚⃗⃗ = (𝑚1,𝑚2, … ,𝑚𝑓), where 𝑎𝑖𝑗
   𝑙  refers to a connection between node i and 

j in layer l. The functional multilayer PageRank Xi depends on a tensor z with 

elements 𝑧 𝑚⃗⃗⃗ , and captures the probability 𝛼̃ with which a random walker in 

the multilayer network jumps from one node i to a neighbour j (first term in 

Equation 5.11) or to any other node in the multilayer network (second term 

in Equation 5.11) 

 

𝑋𝑖(𝒛) = 𝛼̃ ∑ 𝐵𝑖𝑗
𝑚⃗⃗⃗ 𝑖𝑗𝑛

𝑗=1 𝑧 𝑚⃗⃗⃗ 𝑖𝑗 1

𝜅𝑗
𝑋𝑗 + 𝛽𝑣𝑖.     (5.11) 

 

The first term contains the matrix 𝐵, which is called the multi-adjacency 

matrix  

 

𝐵𝑖𝑗
𝑚⃗⃗⃗ = ∏ [𝑚𝑙𝑎𝑖𝑗

𝑙 + (1 − 𝑚𝑙)(1 − 𝑎𝑖𝑗
𝑙 )]

𝑓
𝑙 ,     (5.12) 
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and reflects the neighbours of a node that are connected through a multilink. 

The probability that a random walker hops to a neighbour i is normalised by 

the following expression  

 

𝜅𝑗 = ∑ 𝐵𝑖𝑗
𝑚⃗⃗⃗ 𝑖𝑗𝑛

𝑗=1 𝑧 𝑚⃗⃗⃗ 𝑖𝑗 + 𝛿
0,∑ 𝐵𝑖𝑗

𝑚⃗⃗⃗⃗ 𝑖𝑗𝑁
𝑗=1 𝑧 𝑚⃗⃗⃗⃗ 𝑖𝑗 ,    (5.13) 

 

where 𝛿𝑏,𝑐 corresponds to the Kronecker delta function. The product 𝛽𝑣𝑖 in 

Equation 5.11 describes a random jump to any other connected node in the 

network  

 

𝛽 =
1

𝑛
∑ [(1 − 𝛼̃) (1 − 𝛿

0,∑ 𝐵𝑖𝑗
𝑚⃗⃗⃗⃗ 𝑖𝑗𝑛

𝑗=1 𝑧 𝑚⃗⃗⃗⃗ 𝑖𝑗) + 𝛿
0,∑ 𝐵𝑖𝑗

𝑚⃗⃗⃗⃗ 𝑖𝑗𝑛
𝑗=1 𝑧 𝑚⃗⃗⃗⃗ 𝑖𝑗]𝑋𝑗

𝑛
𝑗=1    (5.14) 

 

𝑣𝑖 = 𝜃 (∑ 𝐵𝑖𝑗
𝑚⃗⃗⃗ 𝑖𝑗𝑛

𝑗=1 𝑧 𝑚⃗⃗⃗ 𝑖𝑗 + ∑ 𝐵𝑗𝑖
𝑚⃗⃗⃗ 𝑗𝑖𝑛

𝑗=1 𝑧 𝑚⃗⃗⃗ 𝑖𝑗).    (5.15) 

 

Here, 𝜃 corresponds to the Heaviside function. By tuning z, different versions 

of 𝑋𝑖(𝒛) can be obtained, however, the global ranking of the nodes, i.e., 

𝑋𝑖
∗ = max 𝑋𝑖 (𝒛) was of interest. This maximum value can easily be found by 

expressing z in spherical coordinates (Iacovacci et al., 2016). The input to 

Equation 5.11 can also be in the form of weighted adjacency matrices 

(Iacovacci et al., 2016).    

  

The clustering coefficient on single-layer networks has been generalised to 

multilayer networks as another instance of connection class metrics. This 

metric captures the amount of segregation in the network in terms of 

triangles. In the multilayer version of the clustering coefficient Ci, a triangle 

can be formed by links in different layers (Battiston et al., 2014) 
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𝐶𝑖 =
∑ ∑ ∑ 𝑎𝑖𝑗

𝑙 𝑎𝑖𝑗
𝑘 𝑎𝑗𝑖

𝑙
𝑗≠𝑖,𝑗≠𝑖𝑘≠𝑙𝑙

(𝑓−1)∑ 𝑑𝑖𝑙 ( 𝑑𝑖𝑙 −1)𝑙

,     (5.16) 

 

where 𝑎𝑖𝑗
𝑙  refers to a connection between node i and j in layer l. It must be 

noted that the multilayer clustering coefficient given by equation 5.16 can be 

extended to analyse structural–functional network relationships. In 

particular, their divergence under certain dynamical system conditions, in 

directed networks of relevance to neural systems (Crofts et al., 2016). Such 

ideas can be extended to weighted temporal (e.g., frequency band) networks. 

 

As a further instance of connection class metrics, community detection 

algorithms have been widely applied to single-layer brain networks. In fMRI 

resting state networks, community structure, has been shown to reveal 

similar clusters as resting-state networks obtained from the independent 

component analysis (Crossley et al., 2013; Meunier et al., 2009). Details on 

multilayer community structure can be found in Bassett et al. (2013) and 

Mucha et al. (2010). Communities gi are usually obtained after optimisation 

of a quality function, e.g., modularity (Newman, 2006), that quantifies within-

community connections relative to connections between communities. The 

multilayer variant of modularity is expressed as (Bassett et al., 2013) 

 

𝑄 =
1

2𝑢𝑡𝑜𝑡
∑ [(𝐴𝑙,𝑖𝑗 − 𝛾𝑙

𝑑𝑖𝑙 𝑑𝑗𝑙

2∑ 𝑑𝑖𝑙𝑖
𝛿𝑙𝑘) + 𝛿𝑖𝑗𝐻𝑙𝑘,𝑗] 𝛿𝑔𝑖𝑙,𝑔𝑗𝑘𝑖𝑗𝑙𝑘    (5.17) 

 

where 𝑢𝑡𝑜𝑡 corresponds to the total link weight in the network, 𝛾𝑙  to the 

resolution parameter, 𝑔𝑖𝑙  stands for the community assignment of node i in 

layer l. Another way to extract communities is motif partitioning explained in 

Evans (2004), which has been applied to directed MEG networks in Meier et 

al. (2016b); Märtens et al. (2017).  
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5.7.3 Spectral class metrics 

Spectral metrics are either based on the (eigen) spectrum of the block-

adjacency matrix A or on the Laplacian Q of the multilayer network, obeying 

𝑄𝑥 = 𝜇𝑥, where x and µ are eigenvectors and eigenvalues (Van Mieghem, 

2011), respectively, of Q, which is defined as  

 

𝑄 = [

∆1 − 𝐴1 0 … 0
0 ∆2 − 𝐴2 ⋮
⋮
0 …

⋱ 0
∆𝑓 − 𝐴𝑓

] +

[
 
 
 
∑ 𝐻1𝑙𝑙 −𝐻12 … −𝐻1𝑓

−𝐻21 ∑ 𝐻2𝑙𝑙 ⋮
⋮

−𝐻𝑓1 …

⋱
∑ 𝐻𝑓𝑙𝑙 ]

 
 
 

  

with          (5.18) 

 

∆𝑙= diag( 𝑑1𝑙 , 𝑑2𝑙 , … , 𝑑𝑛𝑙 ),      (5.19) 

 

where 𝑑𝑖𝑙  (1 ≤ 𝑖 ≤ 𝑛) is the degree of node i in layer l (remember that every 

layer has n nodes). Let 𝜇1 ≥ 𝜇2 ≥ ⋯ ≥ 𝜇𝑡 be the ordered set of eigenvalues 

of Q, where 𝑡 = 𝑛𝑓. The second smallest Laplacian eigenvalue 𝜇𝑡−1 is called 

the algebraic connectivity. This metric is related to the time to synchronize 

phase oscillators in a network and also to the robustness of a network: a 

higher algebraic connectivity means a higher inter-twined subgraph 

structure, which makes it harder to fragment the graph (Martín-Hernández 

et al., 2014). A relatively novel way to capture topological information from 

the network is to analyse the pseudo-inverse 𝑄† of the Laplacian (Ellens et 

al., 2011; Van Mieghem et al., 2017). The effective graph resistance 𝑅̃𝐺 and 

the zeta vector can be obtained from this pseudo-inverse 

 

𝑅̃𝐺 = 𝑡 trace(𝑄†)        (5.20) 

𝜁 = (𝑄11
† , 𝑄22

† , … , 𝑄𝑡𝑡
† )       (5.21) 
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The effective graph resistance captures the overall transport ability: the lower 

𝑅̃𝐺, the lower the resistance for flow in the network (Van Mieghem et al., 

2017). The zeta vector captures the information of nodal spreading within the 

network. The effective graph resistance 𝑅̃𝐺 and the zeta vector are defined in 

both weighted and unweighted graphs. 

5.7.4 Between layer dependency 

In addition to well-known metrics for single-layer networks (introduced in 

5.4), multilayer networks can also be characterised by their between-layer 

relationships, examples are:  

 

1) Entropy of multilayer degree   

The entropy of multilayer degree follows the definition of Shannon 

entropy with the probability replaced by 𝑑𝑖𝑙 /𝑑𝑖. 

 

2) Multilayer participation coefficient  

Multilayer participation coefficient is related to the entropy and 

quantifies whether links of a given node i are uniformly distributed among 

layers (Battiston et al., 2014) 

𝑃𝐶𝑖 =
𝑓

𝑓−1
[1 − ∑ (

𝑑𝑖𝑙

𝑑𝑖
)

2
𝑓
𝑙=1 ].      (5.22) 

 

3) Conditional probability of finding a link in layer α given a link in layer α’  

 

4) Degree correlations (Battiston et al., 2014; Garas, 2016).  

Between layer degree correlations (DC) can be quantified by 

computing a Pearson correlation between the degree sequences of 

different layers (Battiston et al., 2014; Wang et al., 2014).  
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Between layer dependency metrics allow one to capture whether individual layers 

act independently, in coherence with each other or in a regime between these two 

extremes, as recently demonstrated in (Tewarie et al., 2016).   
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  Generative models for multilayer networks 

The simulated networks (i.e., known ground truth) will subsequently be used to 

assess the efficacy of various graph metrics and measures developed to correct 

biases introduced by differences in average connectivity. 

5.8.1 Non-linear preferential attachment for multilayer networks 

The first model that was used is a nonlinear preferential attachment model (Nicosia 

et al., 2014). Here, the initial conditions are a small connected multilayer network 

consisting of n0 nodes and with f layers. Then, for every time step during the 

construction of the network, a node i is added to the multilayer network and 

connected to another node j with probability Pr𝑖→𝑗 based on the multilayer degrees  

 

Pr𝑖→𝑗 ∝ 𝑓( 𝑑𝑗1 , 𝑑𝑗2 , … , 𝑑𝑗𝑓 ).      (5.23) 

 

If we consider the case of a two-layered multilayer network (duplex, f=2) we can 

choose the function f as 

 

𝑓( 𝑑𝑗1 , 𝑑𝑗2 ) = ( 𝑑𝑗1 )
𝛼
( 𝑑𝑗2 )

β
 .      (5.24) 

 

By tuning α and β, different network configurations can be obtained, for example, by 

tuning α or β from negative to positive, to construct layers with different correlations 

between their degrees (i.e., the correlation between the degree sequence layer one 

vs. degree sequence layer two). For the results section, a two-layer multilayer 

network was created consisting of 200 nodes and β was tuned to alter the interlayer 

dependency.  
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5.8.2  Synthetic multilayer community networks 

The second generative model that was used created multilayer communities with the 

tuneable between-layer dependency of these communities; details of the algorithm 

can be found in Bazzi et al. (2016). The algorithm consists of two sequential steps. 

First, a multilayer partition is constructed. Partitions in each layer are initialised 

independently and updated iteratively according to a user-defined interlayer 

dependency tensor. Then, a random multilayer network is generated using the 

previously defined multilayer partitioning. This is done using a generalisation of 

stochastic block models to multilayer networks (Karrer & Newman, 2011). A link is 

added in the multilayer network based on a probability that is proportional to the 

product of the partition, the expected number of links between communities (user-

defined), and the expected number of links within communities. In addition, the 

multilayer networks can be constructed with a fraction of random links. In the 

simulations presented in the results section the similarity of communities in the 

different layers is tuned by altering the interlayer dependency tensor.  
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CHAPTER 6 

 

6 Comparing multilayer brain networks between 

groups 

 

Précis 

There is an increasing awareness of the advantages of multi-modal neuroimaging. 

Networks obtained from different modalities are usually treated in isolation, which 

is however contradictory to accumulating evidence that these networks show non-

trivial interdependencies. Following on from the theory introduced in the previous 

chapter, this chapter discusses how a multilayer network framework allows for the 

integration of multiple networks into a single network description, and how graph 

metrics can be applied to quantify multilayer network organisation for group 

comparison. The chapter discusses how well-known biases for single-layer networks, 

such as the effects of group differences in link density and/or average connectivity, 

influence multilayer networks. Furthermore, four schemes were compared that aim 

to correct such biases: the minimum spanning tree (MST), effective graph resistance 

cost minimisation, efficiency cost optimisation (ECO) and a normalisation scheme 

based on singular value decomposition (SVD). It is demonstrated how these schemes 

can be applied to the layers independently or to the multilayer network as a whole. 

The chapter discusses how biases in group comparisons may differ between brain 

imaging centres and studies and could consequently lead to irreproducible results in 

a similar manner as it is possible for single-layer networks. Finally, some 

recommendations are made on using correction schemes prior to multilayer network 

analysis for group comparisons. These recommended schemes are then used in a 

group comparison study in the following chapter 7.  
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 Introduction 

 

Despite the obvious promise of multilayer approaches, a key issue in the application 

of network theory is comparison between groups or conditions. Group comparison 

at the level of single-layer networks can be challenging and biased by, for example, 

link density (van den Heuvel et al., 2017; van Wijk, Stam, & Daffertshofer, 2010). In 

other words, network measures depend on non-organisational properties of the 

network such as link density and average connectivity. As a result, it proves to be 

challenging to differentiate between alterations in the underlying ground truth that 

are due to an experimental manipulation or a disease process from those that are 

due to experimental choices. This can potentially inflate false positives or false 

negatives when comparing networks between groups, which are referred to here as 

the biases in group comparisons. Similar to biases in single-layer networks, there are 

no reasons why multilayer networks would be exempted from these. Given the 

recent studies on multilayer networks in different diseases (Brookes et al., 2016; De 

Domenico et al., 2016; Guillon et al., 2017; Yu et al., 2017), it is now crucial to 

elucidate how to compare multilayer networks between groups. For single-layer 

networks, several sampling methods or schemes have been proposed to correct for 

the biases in estimates of topology that are due to link density or average functional 

connectivity for unweighted and weighted networks respectively (van Wijk et al., 

2010). Examples of schemes that result in an unweighted subnetwork are multi-

threshold permutation correction (Drakesmith et al., 2015), the minimally connected 

component (MCC) (Jalili, 2016), the balance between network efficiency and costs 

(ECO) (Fallani et al., 2017), a clustering optimization approach (Smith et al., 2015), 

the minimum spanning tree (MST) (Stam et al., 2014; Tewarie et al., 2015) and the 

union of shortest-path trees (USPT) (Meier, Tewarie, & Van Mieghem, 2015). The 

MCC is based on a thresholding scheme, where a threshold is chosen just above the 

level where the network gets disconnected into components. For ECO, a threshold is 

chosen that maximises the ratio between network efficiency and link density, 
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whereas the MST corresponds to the tree (a loop-less subnetwork) with the minimal 

sum of all weights that spans the original network. The USPT corresponds to the 

union of shortest-path trees rooted at each node in the graph. While these 

approaches to extract unweighted networks have demonstrated their value for 

single-layer networks, it remains unclear whether these approaches generalise to 

multilayer networks. Approaches for weighted networks (Wang et al., 2010), such as 

normalising by the mean or range of connectivity values have so far been less 

promising (van Wijk et al., 2010).  

The current chapter is organised as follows –   

1) It is demonstrated that multilayer network metrics are biased in a similar 

fashion as single-layer metrics 

2) Existing and two new approaches as solutions to correct for biases in link 

density and average connectivity are evaluated 

3) The sensitivity of the solutions in revealing true changes in network 

topology is assessed  

4) Synthetic networks based on generative models (e.g., nonlinear 

preferential attachment model and a generative model for multilayer 

community networks) are used as ground truth. These approaches are also 

applied to empirical MEG and fMRI data since correction schemes are only 

useful if changes in the underlying topology can still be detected after the 

correction.  

5) Lastly, the sensitivity of multilayer network metrics in detecting group 

differences is assessed 
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 Methods 

6.2.1 Empirical MEG and fMRI networks 

To derive empirical networks, a previously published MEG/fMRI dataset is used here 

(Tewarie et al., 2016a). A total of 15 participants (mean age 27.7 ± 6.5, 60% female) 

were used for analysis in this study. The study was approved by the University of 

Nottingham Medical School Ethics Committee, and all subjects gave written informed 

consent prior to participation. 

MEG data were acquired using a 275 channel CTF MEG system (MISL, Coquitlam, 

Canada), at a sampling rate of 600 Hz and using a 150 Hz low pass anti-aliasing filter. 

Data were recorded during a task-free, eyes-open condition for 10 min with the 

subject in a supine position. Subjects were asked to fixate on a red cross 

throughout. The surface of the head was digitised using a 3D digitiser (Polhemus Inc., 

Vermont). Co-registration was achieved using surface matching of the digitised head 

shape to an equivalent head shape extracted from an anatomical magnetic 

resonance (MR) image. MEG data were inspected for artefacts and trials deemed to 

contain excessive interference were removed. Lead fields were based on equivalent 

current dipole models (grid spacing of 4mm) and a multiple local sphere head model 

(Huang et al., 1999). Lead fields, the parcellated individual’s cortex (automated 

anatomical atlas (AAL); (Gong et al., 2009; Tzourio-Mazoyer et al., 2002), and sensor 

level MEG data were fed into a scalar beamforming approach (Hillebrand et al., 

2012). Data covariance was computed within a 1-150 Hz frequency window, and 

regularisation was applied to the data covariance matrix using the Tikhonov method 

with a regularisation parameter of 5%. Dipole orientation was determined using a 

non-linear search for optimal signal-to-noise-ratio. Beamformer time courses were 

sign-flipped where necessary to account for the arbitrary polarity introduced by the 

beamformer source orientation estimation. Beamformer time courses within a 

parcellated region were averaged using a Gaussian weighting function to obtain a 

representative time course for every region. This complete process resulted in 78 
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electrophysiological time courses, each representative of a separate cortical AAL 

region. Time courses were frequency filtered into five frequency bands: delta (1–

4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), gamma (30–48 Hz). This was 

followed by a multivariate orthogonalisation to correct for signal leakage (Colclough 

et al., 2015). Finally, a functional connectivity matrix was reconstructed by 

computing amplitude envelope correlations between leakage-corrected frequency-

filtered time courses (Brookes et al., 2011).  

 

MRI data were collected using a 7 T-MRI system (Philips Achieva) with a volume 

transmit and 32 channel receive head coil. The anatomical MR image (used for MEG 

source reconstruction as well as fMRI processing) was acquired using an MPRAGE 

sequence (1 mm isotropic resolution, TE = 3 ms, TR = 7 ms, flip angle = 8°). Bias fields 

were corrected using SPM8 and brain extraction for the MPRAGE was achieved using 

the Brain Extraction Tool (BET v2.1, FSL (FMRIB's Software 

Library, http://www.fmrib.ox.ac.uk/fsl) (Smith et al., 2004). Resting-state fMRI data 

were acquired using a gradient-echo echo-planar imaging sequence (TR = 2 s, 

TE = 25 ms, flip angle = 75°, voxel dimensions = 2 × 2 × 2 mm3, 150 volume 

acquisitions). Participants were asked to keep their eyes open during the scan and to 

fixate on a cross presented on a back-projection screen and viewed via a mirror. Data 

were motion-corrected using SPM8 (Ashburner, Andersson, & Friston, 1999). 

Subject-specific masks of grey matter, white matter, and cerebrospinal fluid (CSF) 

were obtained via automatic segmentation of the MPRAGE data (FAST v4.1 FSL 

(Smith, 2002)). The AAL atlas was used to parcellate the cortex into the same 78 

regions of interest (ROIs) as used for the MEG data. The fMRI data were registered 

to the corresponding MPRAGE image, which was in turn registered to the MNI-152 

template brain (FLIRT v5.5, FSL). Inverse transformations were calculated and used 

to register a grey matter mask and the AAL ROIs to the functional space for each 

subject. To maintain the consistency between the fMRI and MEG pipeline, a weighted 

average fMRI signal was computed to obtain a single signal for every ROI. Average 

cerebrospinal fluid signal, average white matter signal, motion and 2nd order 

http://www.fmrib.ox.ac.uk/fsl
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polynomials (i.e., low-frequency trends) were regressed out from each regional 

BOLD time course using a general linear model to remove non-neuronal signals. For 

each subject, pairwise Pearson correlation coefficients (absolute values) were 

computed between all possible 78 fMRI AAL signal pairs to obtain a connectivity 

matrix.  

 

 

Figure 6-1 A schematic of the analysis pipeline including the construction of MEG 
specific multilayer network and a multimodal (fMRI-MEG) multilayer network. Note 
that a special case of multilayer networks is used here: multilayer networks with one-
to-one between layer coupling. rs: Resting-state, fc: Functional connectivity 
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 Schemes for the correction of network biases 

 

A special case of multilayer networks is treated here, for which the interlayer 

coupling matrix 𝐻𝐾𝑀 = 𝑐𝐼 (i.e., no cross-frequency coupling between different 

nodes, see equation 5.7). Here, c is a constant and 𝐼 the identity matrix. Figure 6-1) 

shows two possible ways to construct a multilayer network. This network 

construction is in line with previously published studies (Guillon et al., 2017; Yu et al., 

2017). One can either stack different frequency-band specific MEG networks as 

layers into a multilayer network or one can stack two networks from two different 

modalities, e.g., beta band MEG network (most similar to fMRI networks, Brookes et 

al., 2011; Tewarie et al., 2016a), and the fMRI network, into a multilayer network. 

There are of course other possible ways to construct multilayer networks (e.g., all 

MEG networks together with a structural network and fMRI network) that will be 

addressed in the discussion, but for now, the analysis was restricted to the former 

two cases.  

When treating a multilayer network based on different MEG connectivity matrices 

obtained with the same connectivity metric (i.e., pan spectral network), the weights 

contain meaningful information. It is therefore argued that a correction scheme 

should take the information regarding weight differences between the frequency 

bands into account. In the context of multilayer networks, this is important with 

respect to layer dominance (Sahneh & Caterina, 2014; Wang et al., 2014), i.e., one 

layer could be a stronger driver of multilayer network characteristics than other 

layers. Therefore, it was proposed that a correction scheme should be applied to the 

block-adjacency matrix (A), rather than a correction scheme that is applied to the 

adjacency matrices of every layer (A) separately (see equation 5.7). In this chapter 

both the cases of normalisation are discussed (i.e., normalisation scheme applied to 

individual layers and normalisation scheme applied to the network as a whole).  

However, when treating a multilayer network based on different modalities, or based 

on different metrics using the same modality, the range of the link weights can be 
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very different, and thus the differences in link weights for the different layers are 

artificial. Therefore, in such cases, it was proposed that a correction scheme should 

be applied to the individual layers (A) separately.  

The choice of SVD normalisation is crucial when layers in the multilayer network are 

made from different modalities. The normalisation of a block-adjacency matrix can 

be performed in two ways – a) normalisation of the network as a whole or b) 

individual layer normalisation. The choice of normalisation is governed by how the 

multilayer network is constructed, i.e., if a block-adjacency matrix contains 

exclusively pan spectral (M/EEG) connectivity data (i.e., individual layers of the pan-

spectral network correspond to individual M/EEG frequency bands) then the 

normalisation is applied to the multilayer network as a whole. Whereas, if a block-

adjacency matrix contains layer information derived from different modalities (e.g., 

MEG and fMRI or MEG and DTI) then individual layer normalisation is performed. The 

choice of normalisation for the former (M/EEG frequency bands) is not as crucial as 

the latter (multimodal data). Both these approaches are tested below (see 6.4.2 and 

6.4.3). 

Four network correction schemes are employed here: MST, ECO and two new 

methods: effective graph resistance cost minimisation and network normalisation 

based on SVD. The first three approaches usually result in unweighted networks and 

correct for biases due to an average degree or link density and aim to only include 

the backbone of the network. The SVD approach corrects for differences in average 

connectivity between groups and results in a weighted network (the scaled version 

of the original network).  

6.3.1 MST 

The minimum spanning tree is a loop-less subnetwork that spans the original 

network using the minimum possible sum of link weights (Kruskal, 1956). The number 

of links in a tree is always equal to n-1 (or nf-1 for multilayer networks), and therefore 

no biases due to (differences in) link densities exist. After extracting the MST, link 
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weights in this subnetwork are set to one. Furthermore, as long as the weight 

ordering is maintained, the MST is unaffected by manipulations of the original 

network. Strictly speaking, the MST gives a reduced topology rather than a 

correction, such as ECO. However, to remain consistent across all approaches, MST 

is also treated as a correction scheme here.  

6.3.2 ECO  

Efficiency cost optimisation is based on optimising the function 𝐽 = (𝐺 + 𝑌)/𝜌, 

where G and Y are the global and local efficiency of the network (see equations 5.8, 

5.9) and ρ the link density (fraction of links). It has been demonstrated analytically 

that the maximum for this function for different types of network topologies obeys 

𝜌 ≈ 3/(𝑛 − 1), where n is the number of nodes (De Vico Fallani et al., 2017). In the 

case of multilayer networks, this becomes 𝜌 ≈ 3/(𝑛𝑓 − 1). Therefore, for all the 

subsequent analyses, results for this analytically obtained link density are shown.  

6.3.3 Effective graph resistance cost minimisation 

Since there is evidence that large-scale communication in the brain is not merely 

shaped by efficiency, as inferred by a function of the shortest-paths (Goñi et al., 2014; 

Meier et al., 2016), and because of the risk of disconnected networks, a different 

version of ECO was proposed. Instead of efficiency cost optimisation, effective graph 

resistance cost minimisation 𝐹 = 𝑅̃𝐺/𝜌 was proposed. Since there is no analytical 

expression to determine the optimum value for F, a numerical approach is followed 

to find the minimum (this entails computing F for a range of link densities to 

determine the threshold that minimises F). This scheme is based on Equation 5.20 

and thus the correction scheme is applied to the block-adjacency matrix rather than 

to the individual layers separately.  
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6.3.4 SVD normalisation 

For any matrix (block-adjacency matrix A or adjacency matrix A) a singular value 

decomposition 𝐴 = 𝑈Λ𝑉𝑇 is applied, where U and V contain the left and right 

singular vectors and Λ the singular values of A. To correct for average 

connectivity/average link weight Λ can be rescaled by the largest singular value 𝜆1. 

The rescaled matrix would thus become 𝐴̃ = 𝑈 (
10

𝜆1
Λ) 𝑉𝑇. The multiplication by 10 is 

used to ensure that the range of values in 𝐴̃ is not too small and varies between 0 

and 1. If A is a symmetric and square matrix, then a singular value decomposition 

returns the eigenvalues and eigenvectors. However, an eigenvalue decomposition 

can result in complex eigenvalues if A is non-symmetric and square (directed 

network), and therefore a singular value decomposition can be used to exclude 

potentially complex eigenvectors and eigenvalues2.  

The reasons for normalising the symmetric and square block-adjacency matrix (as 

studied here) by its largest eigenvalue are as follows – 

1) The largest eigenvalue λ1 is called the spectral radius of the graph 

(λ1, λ2, λ3,…,λn is the eigenspectrum). Recent work has shown that the 

epidemic threshold (critical threshold) of a network is given by the inverse of 

the spectral radius of the network’s adjacency matrix (Kivelä et al., 2014; Van 

Mieghem, 2016). Moreover (Van Mieghem, 2016) has demonstrated that it is 

also the threshold of phase transition of virus spread and synchronisation of 

coupled oscillators in networks. Therefore, by normalising the adjacency 

matrix by its spectral radius, the critical threshold is equalised between 

groups and datasets. The inverse of the spectral radius is a measure of 

synchronisation threshold, it is related to shortest-path, overall 

connectedness and degree diversity of a graph (for review see (Stam & van 

 

2 In general, the SVD is the eigenvalue decomposition of the Gram matrix, thus of ATA (where A is an 

n x m matrix, and m can be different from n). In fact, for non-square matrices, the SVD was originally 

used (Golub & Van Loan, 1996) 
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Straaten, 2012)). This is relevant for group comparisons performed in Chapter 

7. 

2) The largest eigenvalue is an upper bound for the norm of the adjacency 

matrix (Van Mieghem, 2011). Therefore, normalisation based on the first 

eigenvalue is also normalisation by the norm of the adjacency matrix. Any 

combination of a set of values (i.e., sum over all eigenvalues or the sum over 

more than one of the highest eigenvalues) in the eigenspectrum does not 

have such a mathematical relationship with the norm of the matrix.  

3) Lastly, the first eigenvalue also captures the main mode of variation of 

functional connectivity. Tewarie et al., (2016) demonstrated this by removing 

the first eigenvalue and calculating average correlation over all the layers of 

the multilayer network. This led to a sharp increase in global correlations, 

potentially indicating that the largest eigenvalue is likely responsible for 

frequency-specific information (see Figure 4A in Tewarie et al., 2016).   

 

 

Figure 6-2 The plot shown here is the eigenspectrum of a MEG multilayer network 
used in this chapter (see 6.4.1, layer 1: alpha band, layer 2: beta band). We normalise 
the adjacency matrix by its largest eigenvalue also known as the spectral radius of 
the graph.  
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 Results 

6.4.1 Uncorrected multilayer networks are affected by average link weight or link 

density 

To show the biases that can be introduced when a correction scheme is not applied, 

it was first demonstrated how multilayer metrics vary as a function of link density (ρ 

see section 6.3.2) or average connectivity strength (<FC>: the sum of weighted 

degrees) of an empirically based multilayer network. This multilayer network has two 

layers, corresponding to the group averaged alpha and beta band MEG networks. We 

applied different proportional thresholds, tuned the average functional connectivity 

strength, and subsequently computed four multilayer network metrics: degree 

correlation between layers (DC), mean functional multilayer PageRank (X), mean 

multilayer participation coefficient (PC) and multilayer modularity (Q).  

 

 

Figure 6-3 Metrics are affected by changes in link density (A) and average connectivity 
(B). The plots show that tuning arbitrary link density (i.e., an arbitrary threshold), or 
the average connectivity, affects most of the metrics. However, this was not the case 

for DC and PC for changes in average connectivity.  = link density, DC: degree 
correlation, X: functional multilayer page rank, PC: participation coefficient, Q: 
multilayer modularity, <FC>: average functional connectivity. The solid line and 
shaded areas show the mean and standard deviation across subjects, respectively. 

A 

B 
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Figure 6-3A) shows the different multilayer network metrics as a function of link 

density. Different thresholds for link density (Figure 6-3B) (lower panel) can non-

trivially influence network metrics. Thus, choosing an arbitrary threshold for groups 

with different densities can artificially induce significant group differences in terms 

of multilayer network metrics shows the different multilayer network metrics as a 

function of average connectivity. Q is affected since it is optimised in terms of the 

degrees, which scale with connectivity. Other metrics such as based on computing a 

correlation (DC) or ratios (PC) are naturally unaffected by differences in scale. 

However, to safely use all multilayer metrics on a weighted network, one would have 

to correct for average connectivity.   

6.4.2 Applying correction schemes to multilayer networks as a whole 

Four correction schemes are applied to the block-adjacency matrix of the multilayer 

network in the previous section: MST, ECO, effective graph resistance cost 

minimisation and SVD normalisation. The multilayer network has two layers viz., 

alpha and beta band. First, MSTs are usually unaffected by a threshold, if a threshold 

applied to a network does not discard links that would be included in the MST, the 

MST computed on a thresholded network would be unaffected. However, this 

stability is not observed in the case for MSTs computed on a multilayer network 

(Figure 6-4A), where the MSTs computed for different link densities are not the 

same. The lack of uniqueness for the MST comes from the non-unique values of 

𝐻𝑘𝑙 = 𝑐𝐼. Furthermore, for most link densities, one of the individual layers can 

become disconnected (denoted by red dots in Figure 6-4A). (Figure 6-4B), illustrate 

this, from layer one in this multilayer network, it can be inferred that not all nodes 

within a layer form a fully connected set in that layer, i.e., there are two connected 

components within the layer. Results for ECO are more stable compared to the MST. 

If the link density is above 𝜌 ≈ 3/(𝑛𝑓 − 1), then the network with exactly this 

density is extracted. However, even after applying ECO, the resultant multilayer 

network can be disconnected either on the level of individual layers or the whole 
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multilayer network (denoted by green dots in Figure 6-4A). In Figure 6-4D, shows 

effective graph resistance cost minimisation as a function of link density. Recall that 

the lower 𝑅̃𝐺 the lower the resistance for flow in the network. There no clear 

minimum for 𝑅̃𝐺, but 𝑅̃𝐺 reaches a plateau at around 𝜌 = 0.3. Results for the SVD 

normalisation are shown in Figure 6-4C. SVD normalisation leads to stable values for 

Q as a function of average functional connectivity (compare with Figure 6-3B, lower 

right corner panel). The other metrics do not vary as a function of average 

connectivity either. 

 

 

Figure 6-4 The multilayer network made from participants’ alpha and beta band 
networks. A) MST correction scheme on the whole multilayer network. This may result 
in a network that is connected but with disconnected individual layers, denoted by 
the multiple red dots and illustrated in (B). ECO correction scheme on the multilayer 
network (A). This can also lead to disconnected networks denoted by multiple green 
dots. C) SVD correction scheme on the whole multilayer network. D) Effective graph 
resistance cost minimisation. The solid line and shaded areas show the mean and 

standard deviation across subjects, respectively.  = density, <FC>: average functional 
connectivity, DC: degree correlation, X: functional multilayer PageRank, PC: 
participation coefficient, Q: multilayer modularity, F: effective graph resistance cost 
minimisation. 
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6.4.3 Applying correction schemes to individual layers in multilayer networks 

The case of a two-layered multilayer network was considered, consisting of layers 

obtained from a subject’s beta band MEG network, and their fMRI network, i.e., from 

different modalities. Again, results are shown based on individual subjects for which 

the mean and standard deviation was illustrated (Figure 6-5). Instead of applying 

correction schemes to the block-adjacency matrix, the four correction schemes are 

applied to the individual layers. (Figure 6-5A) shows the MST (red) and the ECO based 

networks (green) for different link densities and the stability of multilayer network 

metrics after applying the correction schemes MST and ECO. Unlike for the correction 

to the whole block-adjacency matrix (Figure 6-4A), the MST does not depend on the 

non-unique values of 𝐻𝐾𝑙 , and therefore the weights for calculating the MST are 

unique, which results in stable and unique MSTs. Note though that non-unique link 

weights within individual layers can lead to non-unique MSTs. The SVD normalisation 

again results in a correction for biases in average connectivity (Figure 6-5B). For 

effective graph resistance cost minimisation, a plateau is reached for layer 1 (beta 

band MEG) for 𝜌 = 0.6 and 𝜌 = 0.25 for layer 2 (fMRI network). Again, no local 

minimum was observed in this domain for 𝜌. Lastly, the choice of correction scheme 

might affect the ability to detect group differences (i.e., larger variability might hide 

genuine group differences). The sensitivity to detect changes in network topology is 

therefore assessed in the next paragraphs.  
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Figure 6-5 The multilayer network made from participants’ beta band MEG and fMRI 
networks. A) MST and ECO correction schemes applied to the individual layers. B) SVD 
correction scheme applied to individual layers. CD) Effective graph resistance cost 
minimisation in the two layers. The solid line and shaded areas show the mean and 

standard deviation across subjects, respectively.  = density, <FC>: functional 
connectivity, DC: degree correlation, X: functional multilayer page rank, PC: 
participation coefficient, Q: community structure, F: effective graph resistance cost 
minimisation. 

6.4.4 Nodal community assignment in multilayer networks after applying 

correction schemes 

The SVD correction scheme applied to the whole multilayer network, and the SVD, 

MST and ECO applied to individual layers can adequately correct for differences in 

average connectivity or link density. However, the magnitude of Q, for instance, gets 

altered after applying correction schemes. It is therefore important to assess to what 

extent the underlying communities change after applying a correction scheme. In 

Figure 6-6 the community assignment for every node was plotted on a brain plot for 

the original multilayer network (empirical alpha and beta band network) and the 

community assignment for a node after applying the correction schemes. A 

sensorimotor network (green) and a visual network (red) can be identified, which are 

dominant patterns in the beta and alpha band respectively. It can be observed that 

only SVD can correctly identify the original networks. Lastly, one should be cautious 
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with community assignment in a tree (MST) with conventional methods, i.e., there 

will never be more links within a module than between modules. An alternative is 

the hierarchical clustering method evaluated in (Yu et al., 2015). The latter was not 

applied in the current work to keep consistency for all correction schemes. 

 

Figure 6-6 Community assignment of multilayer networks (alpha and beta band) after 
applying correction schemes.  Nodes that have the same colour belong to the same 
community (shown for the first layer here). On the outmost left, the original 
community assignment for every node is shown and further to the right the 
assignment after applying correction schemes is visualized. Only SVD applied to the 
whole multilayer (SVDm) and on the individual layers (SVDi) can correctly identify the 
communities. ECO and MST applied to the individual layers distort community 
assignments of nodes.  

 

6.4.5 Sensitivity to genuine alterations in multilayer network organisation – 

correction applied to multilayer networks as a whole 

Given the ability of some of the schemes to correct for non-topological biases, the 

sensitivity of network metrics to changes in network topology after applying a 

correction to the block-adjacency matrix was tested. Sensitivity in this context is 

referred to as the ability of multilayer graph metrics to detect changes in the ground 

truth. The analysis is only performed for the SVD normalisation, since results from 

the previous paragraph showed that MSTs computed on the entire multilayer 

network resulted in non-unique MSTs, the ECO approach resulted in disconnected 

networks, and effective graph resistance cost minimisation did not yield a unique 
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global minimum that could serve as a plausible link density. First, the multilayer 

community model and the nonlinear preferential attachment model were used to 

construct two-layered synthetic multilayer networks with known ground truth (see 

section 5.8). In each model, the between-layer dependencies were tuned, which 

influences the similarity in communities or degree sequences across the two layers, 

respectively. This was done by altering the interlayer dependency tensor for the 

multilayer community model or by tuning β for the nonlinear preferential 

attachment model. (Figure 6-7A) shows the behaviour of the modularity Q as a 

function of between layer dependency in the original multilayer network and in the 

SVD corrected version. By applying SVD normalisation, there is a reduction in 

sensitivity to the similarity in communities between layers and an overestimation of 

Q (Q from the corrected network is higher than from the ground truth). Although, 

the Q values based on SVD normalisation still correlate strongly with the underlying 

ground truth (Figure 6-7C). (Figure 6-7C) shows the degree correlation as a function 

of between layer dependencies. The SVD normalisation clearly follows the degree 

correlation of the underlying multilayer network. This can also be observed from the 

strong correlation between ground truth and degree correlation after SVD 

normalisation (Figure 6-7D). 

 

In addition to applying the correction scheme to synthetic data, empirical MEG data 

were used to analyse the sensitivity of SVD normalisation to underlying changes in 

network organisation. The multilayer networks are again two-layered networks with 

a subject’s alpha and beta band networks as layers. A subject’s given network 

organisation in these empirical multilayer networks was altered by adopting a 

rewiring scheme. For a given probability P, matrix elements are randomly swapped 

within the layers without preserving the degree distribution. (Figure 6-7E) shows 

how multilayer network community structure alters as a function of increasing 

rewiring probability for original multilayer networks and SVD corrected multilayer 

networks. The SVD obtained Q values correlate strongly with the Q values obtained 

from the original multilayer networks (Figure 6-7G). The same is also observed for 
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degree correlation, i.e., SVD corrected DC values correlate strongly with the original 

DC values (Figure 6-7F, H).  

 

 

Figure 6-7 1st row: sensitivity of network metrics to changes in network organisation 
of the (synthetic) multilayer networks before and after applying SVD. A) Synthetic 
modular multilayer networks: modularity (Q) as a function of between layer 
dependency on the ground truth (blue) and SVD corrected networks (red). B) Synthetic 
scale free multilayer networks: degree correlation (DC) as a function of between layer 
dependency on the ground truth (blue) and SVD corrected networks (red) (both are 
completely overlapping). C) Correlation between Q as obtained before and after SVD. 
D) Correlation between DC as obtained before and after SVD. 2nd row: sensitivity of 
network metrics to changes in network organisation of the (empirical) multilayer 
networks. E) Q as a function of rewiring probability (P) for original networks (blue) 
and SVD corrected networks (red). F) Degree correlation (DC) as a function of rewiring 
probability for original networks and SVD corrected networks. G) Correlation between 
Q as obtained before and after SVD. H) Correlation between DC as obtained before 
and after SVD. The shaded areas in A and B show the mean and standard deviation 
across realisations (A, B) or subjects (E, F). m in panels CDGH is the slope of the 
regression line. 
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6.4.6 Sensitivity to genuine alterations in multilayer network organisation – 

correction applied to individual layers in multilayer networks 

The sensitivity of network metrics after a correction has been applied to individual 

layers is now demonstrated. For both generative models, the interlayer dependency 

was tuned and analysed to show how sensitive the correction schemes are (MST, 

ECO, SVD normalisation). Effective graph resistance cost minimisation was not used 

any further since previous analysis (Figure 6-5C-D) did not yield in plausible link 

density. Figure 6-8A) shows Q for the synthetic modular multilayer networks for both 

the ground truth and correction schemes. All correction schemes overestimate Q, 

and this overestimation is especially the case for MST and ECO. Figure 6-8C shows 

the correlation between Q obtained from the ground truth and the correction 

schemes, and the slopes for MST and ECO are smaller than for SVD, indicating that 

the latter correction scheme is more sensitive to changes in community structure of 

the underlying ground truth. Figure 6-8B & D show the degree correlation between 

layers as a function of between-layer dependency and the correlation between 

ground truth DC and DC obtained after application of the correction schemes. DC 

values for all schemes are almost exactly preserved after applying the correction 

schemes and correlate strongly to the underlying ground truth.  

 

In addition to synthetic networks, empirical data were used to analyse the sensitivity 

of network metrics changes in network organisation after correction using SVD 

normalisation, MST, and ECO. Again, corrections were applied to individual layers. 

The multilayer networks consist of subjects’ beta band MEG network and their fMRI 

network. A rewiring scheme equivalent to that described in the previous section was 

used. Figure 6-8E, G show Q as a function of rewiring probability for the original 

multilayer network and Q values obtained after application of the correction 

schemes. A good linear fit is obtained between the modularity values for the original 

network and the values obtained after application of the different correction 

schemes (Figure 6-8G), although the range of values for Q obtained after correction 



  CHAPTER 6 

Page 110 

 

    

 

is very different compared to those obtained for the original empirical multilayer 

network. Since MST and ECO include less weak connections, less influence of noisy 

connections is potentially driving up Q. Again, for DC, it can be seen that correction 

schemes follow the original DC values (Figure 6-8F, H).  

 

 

Figure 6-8 Sensitivity of metrics to changes in network organisation of the (synthetic) 
multilayer networks. Synthetic modular multilayer networks: Community (Q) as a 
function of between layer dependency on the ground truth and on corrected networks 
(A). Synthetic scale free multilayer networks: degree correlation (DC) as a function of 
between layer dependency on the ground truth and corrected networks (B). 
Correlation between modularity as obtained before and after correction schemes (C). 
Correlation DC as obtained before and after correction schemes (D). Sensitivity of the 
solutions to changes in network organisation of the (empirical) multilayer networks. 
Empirical multilayer networks: Community (Q) as a function of rewiring probability 
(P) for original networks (black) and corrected networks (E). Empirical multilayer 
networks: degree correlation (DC) as a function of rewiring probability (P) for original 
networks (black) and corrected networks (F). Correlation between modularity as 
obtained before and after correction schemes (G). Correlation of DC as obtained 
before and after correction schemes (H). The shaded areas show the mean and 
standard deviation across realisations (A-B) or subjects (E-F).  
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6.4.7 Sensitivity for identification of group differences 

Figure 6-7ACEG and Figure 6-8ACEG indicate how sensitive multilayer network 

metrics are to changes in network topology after applying correction schemes. 

However, such curves are usually not obtainable in empirical studies where the 

interest lies in the detection of group differences. Two different distributions of Qs 

were simulated, based on the generative model for multilayer community networks, 

and we analysed if these differences in distributions can be detected after applying 

correction schemes. Analysis for DC is omitted since (Figure 6-7BDFH), and (Figure 

6-8BDFH) show that DC values are almost exactly preserved after applying correction 

schemes. The wwo simulated conditions were: I) two sets of multilayer networks 

with a between layer dependency of 0.6 and 10% and 14% random links, respectively; 

II) two sets with 10% random links, but with a between-layer dependency of 0.4 and 

0.7, respectively. Each set consists of 200 multilayer network realisations. Figure 6-9 

shows two sets of Qs for the original networks and for the networks obtained after 

applying the correction schemes: Q after correction on the whole multilayer SVDm, Q 

after correction on individual layers SVDi, and Q after MST and ECO applied to 

individual layers. All metrics computed after correction schemes can detect group 

differences for the conditions I and II (Figure 6-9A-B). However, note that most of 

the correction schemes change the shape of the original distributions (black). 

Furthermore, note that the two distributions for the SVDm groups overlap more than 

the groups for the other correction schemes, which is in line with the smaller slope 

in (Figure 6-7) (the red line) compared to the slopes in (Figure 6-8).  
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Figure 6-9 Distributions of Q for two groups. Group differences of multilayer network 
community structure for the ground truth (black), SVD approach (blue), MST (red), 
and ECO (green). Both whole multilayer network correction, as well as individual layer 
correction, are applied for SVD; the former is denoted as SVDm and the latter as SVDi. 
A and B refer to two different conditions: I) a different number of random links for the 
two sets; II) different between layer dependency for the two sets.   
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 Discussion 

 

Multilayer network framework allows for the integration of information from 

different modalities in a unified network, where each layer of the network 

corresponds to network obtained from different neuroimaging modalities or in the 

context of M/EEG data, to each frequency band (Brookes et al., 2016; Tewarie et al., 

2016). Firstly, four different correction schemes to correct for biases in multilayer 

network metrics that are due to differences in link density and average connectivity 

were evaluated.  

The following two cases were examined:  

1) multilayer networks based on frequency band-specific MEG networks;  

2) multilayer networks based on networks from different modalities (fMRI 

and beta band MEG).  

 

For case 1: only the SVD normalisation sufficiently corrected for biases due to 

average connectivity, while other schemes could not correct for biases sufficiently.  

For case 2: the results showed that the correction schemes MST, ECO and SVD 

normalisation all corrected successfully for biases due to link density or average 

connectivity, while effective graph resistance cost minimisation did not result in 

plausible link densities.  

The sensitivity of these approaches to detect changes in the network organisation of 

the underlying ground truth after these correction schemes were applied was 

evaluated. Results for case one showed that metrics computed after SVD 

normalisation were indeed sensitive in identifying alterations in underlying network 

organisation, while for case two, metrics computed after MST, ECO and SVD were all 

shown to be sensitive.  

For corrections applied to the entire multilayer networks, only the SVD approach 

resulted in appropriate correction for non-topological biases since this approach 

corrected for differences in average connectivity of the different layers. This 
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approach can be applied to complete weighted multilayer networks where different 

link weight distributions in different layers contain relevant information. For 

example, in several cognitive experiments, gamma-band connections can be more 

dominant and relevant in relation to the cognitive demand than other frequency 

bands (Doesburg et al., 2008; Fries, 2009; Senkowski & Gallinat, 2015). Thus, 

preserving the dominance of the gamma-band in such conditions would be in line 

with the relevant task modulations. However, this is not strictly limited to 

modulations in gamma-band. For example, a working memory task may lead to 

changes in the theta band (Jensen & Tesche, 2002). Therefore, it is important that 

the representation of the dominant frequency band (or layer) is preserved even at 

the network analysis stage. It is worth noting that in conditions where there is a 

dominant frequency band, individual layer normalisation would likely lead to equally 

important frequency bands in a multilayer network, this would in turn smear the 

underlying effects of interest.  

The three other correction schemes, applied to the multilayer networks as a whole, 

did not result in sufficient correction. The ECO correction scheme sometimes led to 

disconnected multilayer networks, which limits its applicability. The effective graph 

resistance cost approach led to a plateau of values rather than a local minimum, 

indicating that not a single link density can be selected as a threshold that maximises 

flow in the network. The MST applied to the entire multilayer network did not yield 

unique MSTs. Reconstruction of the MST entirely depends on the ordering of the link 

weights and non-unique matrix elements can lead to arbitrary ordering. We 

encountered non-unique values as the interlayer coupling matrix was based on the 

identity matrix. The higher the threshold, the higher the probability of non-unique 

values, which leads to the scaling of MST metrics with link density in (Figure 6-4A). In 

addition, the number of matrix elements in the block-matrix is equal to (𝑛𝑓)2, thus 

the more layers, the larger the probability to encounter matrix elements with the 

same values. This problem can be solved by estimation of, for example, one-to-one 

cross-frequency coupling. Another option is to place random numbers on the 

diagonal of the interlayer coupling matrices; however, this does not solve the 
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problem, since different initialisations will result in different non-unique MSTs. 

Lastly, whilst the MST of the whole multilayer network is by definition connected, its 

application can lead to individual layers with unconnected components. Empirically, 

this means that the brain within a frequency band of interest, e.g., alpha band, does 

not form a connected network. Given the vast literature on electrophysiological 

networks (Bastos et al., 2015; Larson-Prior et al., 2013), this seems biologically 

implausible.  

Unlike for the whole multilayer network, most correction schemes applied to 

individual layers were successful in correcting for differences in average connectivity 

or link density. This approach is sensible when the natural range of link weights in 

different layers is distinct, due to, for example, the usage of different connectivity 

metrics or the extraction of networks from different modalities. Only the effective 

graph resistance cost approach applied to individual layers was not successful, as this 

led, again, to a plateau of values rather than a local minimum, i.e., no single link 

density could be selected as a threshold to maximise flow in the network. In addition, 

the link density at which the plateau was reached was a lot higher than the density 

of connectomes obtained after ECO (see De Vico Fallani et al., 2017). This indicates 

the arbitrary nature of this type of corrections. 

Metrics computed on the whole multilayer network after SVD correction correlated 

strongly to the network topology of the underlying ground truth. This was more 

evident for empirical multilayer networks than synthetic multilayer networks 

(compare Figure 6-7A-E): although metrics computed on SVD corrected synthetic 

networks followed the direction of change of the underlying topology, there was a 

decrease in sensitivity to changes in topology, i.e., the red curve (SVD) has a less 

steep increase than the blue curve (original network) in (Figure 6-7A). The reason for 

this decrease in sensitivity in synthetic networks is that the SVD approach applied to 

a sparse network (as was the case for the synthetic networks) can lead to an 

artificially small noise floor for links that were initially zero in the original network. 

This is, however, not the case for the fully connected networks found empirically, 

and as can also be seen from (Figure 6-7), where metrics computed on SVD corrected 
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empirical networks correlated strongly to metrics computed on the original 

networks. Metrics computed on multilayer networks after individual layer correction 

all correlated strongly to the network topology of the underlying ground truth. This 

maintenance of sensitivity also resulted in the sensitivity to detect group differences.  

6.5.1 Further discussion on methodological choices and findings  

1) The drawback of the SVD correction scheme is that it does not filter 

potentially noisy connections. It leads to a rescaling that adequately corrects 

for differences in average connectivity but does not lead to sparse networks 

like the MST or ECO. There are methods in image processing to perform noise 

reductions for matrices based on SVD (De Moor, 1993); however, non-

smoothness in a weighted adjacency matrix can be genuine and does not 

necessarily imply noise. If one is interested in obtaining a sparse multilayer 

network and when correction to the entire multilayer network is required, 

one potential option to solve the problem of noisy connections could be a 

sequential correction: first a link weight normalisation based on SVD on the 

whole multilayer network followed by extracting an MST or applying ECO on 

individual layers with preservation of the link weights.  

2) If a weighted adjacency matrix is symmetric, then an SVD approach is 

equivalent to an eigenvalue-decomposition approach. This would mean that 

we are normalising the eigenvalues of the weighted adjacency matrix by the 

largest eigenvalue (see section 6.3.4 for justification). The advantage of SVD, 

however, becomes apparent when directed networks are treated since these 

networks correspond to non-symmetric matrices for which an eigenvalue-

decomposition approach could lead to complex eigenvalues.  

3) Multilayer networks were treated based on either different MEG frequency-

band specific networks obtained using the same connectivity metric or a two-

layered network consisting of MEG and fMRI networks. However, the 

flexibility of the multilayer network also allows the construction of networks 



  CHAPTER 6 

Page 117 

 

    

 

of various kinds. Correction of such networks can be performed by combining 

the currently explored methods. Examples of different flavours of multilayer 

networks can be a number of frequency-band specific MEG networks 

obtained with a connectivity metric, stacked with a number of MEG networks 

obtained with a different connectivity metric or a multilayer network 

consisting of different frequency-band specific MEG networks together with 

a fMRI and structural network. In these cases, one could apply correction 

schemes to specific subsets before joining the sets together. For example, 

apply an SVD to all layers obtained with a single metric as a whole, apply SVD 

on the individual fMRI network layer, and apply SVD on an individual 

structural network layer.  

4) In the current setting and for simplicity, the one-to-one coupling between 

layers was evaluated, but there is no methodological hurdle to apply the 

explored approaches to multilayer networks with richer and more realistic 

between-layer coupling matrices.  

5) (Figure 6-8F) shows the correlation between the degrees of MEG beta band 

networks and fMRI network from individual subjects. These values are very 

low but can be explained by the fact that similarity between fMRI and MEG 

networks are much more apparent when averaging over subjects (Brookes et 

al., 2011; Tewarie et al., 2016). 

6) Note that all multilayer network results from empirical data will be influenced 

by methodological choices prior to calculation of multilayer network metrics 

such as the connectivity metric of choice (Colclough et al., 2016), source 

localization method, and forward model for MEG (Hincapié et al., 2017), and 

the parcellation scheme (Proix et al., 2016; Lord et al., 2016). 

7) It is important to realise that any correction scheme or sampling method 

comes with the risk of leaving out genuine connections. Filtering can, 

therefore, influence group differences after applying correction schemes. In 

addition, applying correction schemes can leave the relative response to a 

perturbation intact, but the magnitude of the network metrics may change.  
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8) Lastly, although a fair number of network metrics were enumerated and 

evaluated, the choice of metrics could have influenced the stability of the 

results. It is important to stress that the proposed correction schemes have 

been evaluated within the limits of the current datasets, pipelines, and 

network metrics. The evaluation of other network metrics and approaches in 

the context of other generative models and connectivity metrics also 

deserves further attention in future work.  

 

A specific set of four correction schemes were used in the current study, despite the 

presence of more proposals in the literature. The reason to restrict to this specific 

set of approaches is for clarity and the ease with which these approaches can be 

applied to neuroscientific data. Other approaches not explored in the current study 

include a recently introduced statistical method to test the null hypothesis that a 

sample of networks are generated by the same random process (Fujita, Vidal, & 

Takahashi, 2017), a multi-threshold permutation correction method (Drakesmith et 

al., 2015), a clustering optimisation approach  (Smith et al., 2015), the union of 

shortest-paths (Meier et al., 2015), and the minimally connected component (Jalili, 

2016). The disadvantage of the latter is, however, that connectedness of the network 

is not guaranteed. In the current study, some of the explored approaches (ECO and 

MST) guarantee a fixed link density, which avoids biases due to differences in link 

density between groups. The union of shortest-paths does, however, the exact 

opposite: A specific topological network is fixed, which allows one to detect for which 

density this topology emerges. 

 

To conclude, similar to single-layer networks, multilayer networks are also affected 

by non-topological biases of the network such as differences in link density and 

average connectivity. Whenever these biases are left uncorrected, this could lead to 

a risk of unreproducible results between centres and studies in a similar manner as 

for single-layer networks. Based on the findings presented in this chapter, the use of 

correction schemes prior to multilayer network analysis for group comparisons is 
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recommended. These approaches include – whenever a multilayer network 

consisting of networks obtained from different modalities is in question, one can 

apply either MST, ECO or SVD correction schemes to its individual layers. However, 

when treating a multilayer network where the layers correspond to complete 

networks obtained from the same modality and connectivity metric (based on the 

present analysis), SVD is a recommended approach. Future studies should explore 

the applicability of other existing approaches in the context of multilayer networks. 
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CHAPTER 7 

7 Musical training-related differences in brain’s 

resting state 

Précis 

Using a novel method for between-group comparisons of functional brain networks 

(developed in this thesis, chapter 6), the current chapter studies MEG differences 

between individuals with vs. without musical training. The ability to proficiently play 

a musical instrument requires a fine-grained synchronisation between a number of 

sensorimotor and cognitive brain regions, acquired through training and reflecting 

cortical dynamics over years. Previous studies demonstrated that the brain 

undergoes structural changes with intensive training and that behavioural 

specialisation is reflected in brain activation patterns during music-related tasks. The 

question whether such specialisation extends beyond music-related tasks was 

studied here as a test case for the novel method, based on MEG data from task-free, 

resting-state conditions. Consequently, multilayer network analysis (chapters 5 and 

6) was applied to resting-state MEG data from participants with musical training 

(n=31) and those without (n=31). To obtain a sufficiently large sample of participants, 

the study used publicly available data from the Open MEG Archive. 

The analysis revealed that musicians show a modular organisation that spans 

visuomotor and frontotemporal areas, which are involved in the execution of a 

musical performance. This twofold modular structure was found to be significantly 

different from non-musicians. The differences between the two groups are primarily 

seen in the theta (6.5-8 Hz), alpha1 (8.5-10 Hz) and beta1 (12.5-16 Hz) frequency 

bands. The novel method demonstrated that musicians have a highly integrated 

resting state network organisation compared to non-musicians. In conclusion, 

network analysis based on resting-state data revealed training-related changes in 

functional network organisation, even at rest and outside of the trained behaviour. 
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 Introduction 

Musical training is a commonly used model to study training-related brain plasticity 

(Herholz & Zatorre, 2012; Jäncke, 2009; Zatorre & McGill, 2005). This research is 

largely motivated by the fact that achieving high levels of proficiency in any given 

musical instrument requires years of focused training. Numerous studies have 

reported structural brain changes due to musical training. For example, increased 

size of the anterior half of the corpus callosum (Schlaug et al., 1995), and differences 

in the cortical representation of the hand motor area (Amunts et al., 1997; Elbert et 

al., 1995). More specifically, the brain also undergoes changes that pertain to the 

demands posed by the particular type of musical training, i.e., pianists showed a left 

hemisphere dominance, whereas violinist showed right hemisphere advantage 

(Bangert & Schlaug, 2006). Robust changes in grey matter specific to auditory, motor, 

and visuospatial regions have also been reported (Gaser & Schlaug, 2003). This 

anatomical specialisation is potentially the result of years of musical training that 

requires fine-grained communication between several cortical areas. For example, 

musicians showed an increased coupling between auditory and pre-motor areas 

(Grahn & Rowe, 2009), which is one of many processes that occur in musicians during 

a performance.  

It is worth noting that the training-related plastic changes are not unique to 

musicians but can be seen in groups of subjects with some degree of behavioural 

specialisation. For instance, training-related white matter changes have been 

observed in healthy adults (Scholz et al., 2010), professional golfers (Jäncke et al., 

2009), and London taxi drivers (Maguire et al., 2000).  

The majority of the evidence of functional specialisation in musicians comes from 

structural data (white or grey matter changes) or task-based functional data. Little 

attention has been paid to the analysis of functional data recorded during resting 

state, capturing spontaneous, non-task-related brain activity. As a result, it is not 

clear if signatures of long-term musical training can be detected in ongoing brain 

activity.  
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To better characterise the relationships between anatomical regions from the task-

free data, functional connectivity approaches have proved useful.  It must be noted 

that either a seed-based or whole-brain functional connectivity analysis can only 

inform us about the strength of these connections. Going a step further, studying the 

pattern of these connections can give us more information about the functional 

network as a whole. Using a seed-based connectivity approach to resting state fMRI 

in musicians, (Luo et al., 2012) demonstrated an increased functional connectivity in 

auditory, visual, and motor areas. Similarly Tanaka and Kirino (2017), also 

demonstrated an increased functional connectivity in the thalamo-cortical network 

in musicians. Using a whole-brain analysis of fMRI Alluri et al. (2017) reported that 

musicians recruit action-based brain networks, while non-musicians recruit 

perception based networks in a naturalistic listening paradigm.  

Analysis of resting state networks is not limited only to fMRI but has also been a 

significant part of the human electrophysiological research based on MEG (Brookes 

et al., 2011; Hillebrand et al., 2012) and EEG (Smit et al., 2008; Stam et al., 2005). 

However, to the best of our knowledge, only one recent study (Klein et al., 2016) has 

explored resting state EEG differences between musicians and non-musicians. The 

authors analysed high density EEG resting state data obtained from musicians with 

graph theoretical approaches. They reported that musicians showed an increased 

intra- and inter-hemispheric functional connectivity between auditory, 

sensorimotor, and prefrontal cortex in theta (6.5-8 Hz), alpha1 (8.5-10 Hz), and 

alpha2 (10.5-12 Hz) frequency ranges. A limitation of this study is that separate 

frequency-specific networks were studied in isolation (also referred to as analysis of 

single-layers), which ignores the pan-spectral picture of ongoing brain connectivity.  

To overcome this limitation, the present study used a multilayer network framework, 

combining data obtained from multiple frequency bands in one single network 

description (Brookes et al., 2016; Tewarie et al., 2016b; Mandke et al., 2018). 

Generally, a multilayer network is a network of networks, which is made up of 

individual networks as layers that are interconnected via some relationship (a more 

formal introduction to multilayer networks follows in the methods section). 
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Multilayer network approaches have recently been introduced in the field of 

neuroscience where different layers of the network correspond to different M/EEG 

frequency bands (frequency-specific networks) or networks obtained from different 

neuroimaging modalities (Bassett et al., 2010; Brookes et al., 2016; De Domenico, 

2017; Mandke et al., 2018; Tewarie et al., 2016b; Yu et al., 2017). 

Most complex networks – including multilayer networks – exhibit a certain level of 

modularity, i.e., densely connected groups of nodes (brain regions) form clusters 

(modules). Numerous neuroimaging studies have reliably shown that human brain 

architecture is highly modular (Power et al., 2011; Yeo et al., 2011). Modules have 

been suggested to sub-serve information processing (Sporns & Betzel, 2016). The 

modular organisation of the brain begins early in life and matures during the 

adolescent years (Baum et al., 2017). This development of modular organisation 

allows for cortical specialisation Bassett et al. (2011) have shown that reorganisation 

also occurs with learning. Accordingly, brain networks in musicians as a result of 

training may reorganise to facilitate communication between sensory, motor and 

cognitive areas of the brain.  

In the present study, resting-state MEG recordings from musicians and non-

musicians obtained from the Open MEG Archive (Niso et al., 2016) were investigated. 

An established single-layer analysis method (Network-Based Statistics toolbox, 

Zalesky, Fornito, & Bullmore, 2010), and a novel multilayer network approach, with 

layers representing MEG frequency bands, were used to evaluate the data. In the 

absence of a statistically significant between group-difference in single-layer 

analysis, a presence of a difference in multilayer analysis would highlight the added 

value of the latter approach. This study of resting-state MEG data had the primary 

aim to identify neuronal signatures of behavioural specialisation or changes due to 

training-related plasticity (musical training). The focus was on identifying the 

modularity of resting-state networks within and between individual MEG frequency 

bands ("pan-spectral" modularity). It was hypothesised that the years of musical 

training would have changed the modular structure of the musicians’ brains in 

comparison with non-musicians.  
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 Methods  

7.2.1 Participants and MEG data pre-processing 

All MEG data analysed in this study were obtained from a public access data 

repository, Open MEG Archive, OMEGA (Niso et al., 2016). At the time when the 

analysis was performed, the OMEGA repository contained MEG data from 150 

healthy controls. The repository also includes self-report questionnaire data. Out of 

the questionnaire data, the self-reported musical experience was used to classify 

healthy participants into two groups. 5-min resting-state MEG recordings acquired 

on a 275 channel CTF-MEG system were used (MISL, Coquitlam, Canada) as detailed 

in Niso et al. (2016).  

The first group included data from participants that had no history of neuro-

psychological problems and 5+ years of experience playing some musical instrument. 

Out of this group, individuals whose structural MRI data were not suitable for the 

procedure of co-registration with MEG were excluded. Further participants were 

excluded based on unusual sensor level power spectra (Gross et al., 2013). The 31 

subjects that passed the quality checks formed the experimental group (musicians). 

Out of the 31 musicians, 23 were professional musicians and 8 can be considered as 

amateur musicians. This group was a heterogeneous sample, as it included a wide 

range of musical expertise playing instruments (e.g. string instruments, percussions 

etc.).  

The second (control) group included data from neurologically healthy OMEGA 

participants who did not play any musical instrument. Using the same exclusion 

criteria as for the musicians’ group, a further 31 participants were identified (age and 

gender-matched) for the control group. Further data of the altogether 62 

participants (31 in each group, all right-handed by self-report) are given in (Table 

7-1).  

 

  



  CHAPTER 7 

Page 125 

 

    

 

Table 7-1 Summary of statistics for both groups 

 Musicians Non-musicians 

Gender M: 20; F: 11 M: 20; F: 11 

Age Mean: 28.25 years;  

SD: 7.25 

Mean: 27.48 years; 

SD: 5.95 

Years of experience Mean: 13.25 years; 

SD: 5.04 

no experience 

M: male, F: female 

 

The raw data included task-free, 5-mins eyes open resting-state MEG scans, sampled 

at 2400 Hz (Niso et al., 2016). As part of the pre-processing, the data were down-

sampled at 600 Hz. A third-order synthetic gradiometer configuration of the CTF-

MEG system was applied; a 150 Hz low pass anti-aliasing filter was used. The OMEGA 

repository also provides the participant’s digitised head shape (Polhemus). Using the 

Polhemus files, a surface matching of the digitised head shape to an equivalent head 

shape extracted from individual anatomical scans were performed. This was to allow 

for co-registration of MEG sensor geometry and brain anatomy.  

7.2.2 Source localisation using an atlas based beamformer 

An atlas-based beamforming approach (Hillebrand et al., 2012) – previously also used 

in (Brookes et al., 2016; Tewarie et al., 2016a; Tewarie et al., 2016b) – was applied 

for source localisation. The cortex was parcellated using the AAL (Tzourio-Mazoyer 

et al., 2002). Out of the 116 AAL regions, 78 cortical regions that provide a full cortical 

coverage were selected and the remaining 38 subcortical and cerebellar regions were 

ignored. A beamformer approach (Robinson & Vrba, 1998) was employed to 

generate a single time course of electrophysiological activity within each of these 

regions. To achieve this, the centre of mass was first derived for each region. Given 

the spatial resolution of MEG (Barnes et al., 2004), voxels were defined on a regular 

4 mm grid covering the entire region, and the beamformer-estimated time-course of 
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electrical activity was derived for each voxel. To generate a single time course 

representing the whole region, individual voxel signals were weighted according to 

their distance from the centre of mass using a Gaussian weighting function. This 

procedure ensures that the regional time course is biased towards the centre of the 

region, with a full-width half maximum of approximately 17mm. To calculate 

individual voxel time courses, a scalar beamformer was used (Robinson & Vrba, 

1998). Covariance was computed within a 0.5-150 Hz frequency window and a time 

window spanning the entire experiment (300s) (Brookes et al., 2008). Regularisation 

was applied to the data covariance matrix using the Tikhonov method with a 

regularisation parameter equal to 5% of the maximum eigenvalue of the 

unregularised covariance matrix. The forward model was based upon a dipole 

approximation (Sarvas, 1987) and a multiple local sphere head model (Huang et al., 

1999). Dipole orientation was determined using a non-linear search for optimum 

signal to noise ratio (SNR). Beamformer time courses were sign flipped where 

necessary to account for the arbitrary polarity introduced by the beamformer source 

orientation estimation. This process resulted in 78 electrophysiological time courses, 

each representative of a separate AAL region. This approach was applied to each 

subject individually. 

7.2.3 Functional connectivity calculation 

The time courses were frequency filtered in theta (6.5-8 Hz), alpha1 (8.5-10 Hz), 

alpha2 (10.5-12 Hz), beta1 (12.5-16 Hz), beta2 (16.5-20 Hz), this frequency selection 

was motivated by the recent work on training-related plasticity (Klein, et al., 2016; 

Langer et al., 2013). After frequency filtering, to correct for signal leakage, frequency 

filtered time courses were subjected to a multivariate orthogonalisation (Colclough 

et al., 2015). Using the Hilbert transform, an amplitude envelope was computed by 

calculating the absolute value of the analytical signal. The envelopes of all the 

frequency bands were down-sampled to 4 Hz (Brookes et al., 2011; Luckhoo et al., 

2012). Finally, a functional connectivity matrix was reconstructed for individual 
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frequency bands by computing Pearson’s correlation coefficient between down-

sampled envelope pairs, with each correlation coefficient forming a single element 

in the weighted adjacency matrix (Hipp et al., 2012; O’Neill et al., 2015; Tewarie et 

al., 2016b). This produced a square (78 nodes x 78 nodes) off-diagonal weighted 

adjacency matrix for each frequency band under consideration.  

Furthermore, to explore seed-based connectivity, the following regions were used – 

left and right supplementary motor area (SMA, nodes 12 and 51 in AAL atlas) and left 

and right precentral gyrus (nodes 14 and 53 in AAL atlas) (review: Jäncke, 2009). A 

linearly constrained minimum variance beamformer was used to project data to 

these regions. Following this, amplitude envelope correlations were used to estimate 

functional connectivity between these regions across participants.  

The primary aim of this study was to identify global changes following musical 

training in MEG resting-state networks. The secondary aim was to investigate 

changes in functional connectivity in motor regions that have previously shown 

structural and functional changes (in task-based data) following musical training.  

 

7.2.4 Single-layer analysis using Network-Based Statistics 

To test if the effects of musical training can be detected in raw adjacency matrices, a 

single-layer analysis using the Network-Based Statistics (NBS toolbox, Zalesky et al., 

2010) was performed. For technical details on NBS, the reader is redirected to the 

original article (Zalesky et al., 2010). A summary of NBS is as follows: In a typical cross-

sectional design, NBS identifies significant between-group differences in pairwise 

associations, where such associations are links or connections between two nodes. 

A given symmetric N x N connectivity matrix has a maximum N(N-1)/2 individual 

connections. Using M independent permutations, a t-statistic is estimated for all 

individual connections. Then links that exceed a certain threshold with their 

respective t statistic are retained, which forms the supra-threshold network. The size 

of the biggest connected component found in this resulting network is used as a test 
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statistic. The p-value of an observed component is calculated by finding the number 

of permutations for which the maximal component size exceeds the original test 

statistic, normalised by M. The component size is determined by its total number of 

connections, this is called the component extent. Extent is better suited to detect 

weaker experimental effects that span over many connections. In addition to this, 

NBS also offers another measure of component size, which is called component 

intensity and is calculated by summing the test statistic values across all the 

connections of the component. Intensity is the appropriate choice for detecting 

effects that are strong but focal, spanning relatively fewer connections. It can also 

detect strong effects with distributed topology. To identify group differences using 

NBS, M=5000 permutations were used with independent samples t-test (p<0.05). 

The group differences were tested using both component extent and component 

intensity.  

7.2.5 Multilayer network construction  

Multilayer network construction has been explained in the previous sections (section 

5.6). However, for continuity, this is explained briefly and specifically how it has been 

adapted for this data.  

A multilayer network is a complex network structure, which is a network of networks, 

where each layer is formed by an individual network. The links in such a network 

describe relationships between combinations of all possible nodes and layers. In this 

study, multilayer networks were constructed by integrating information from theta 

(6.5-8 Hz), alpha1 (8.5-10 Hz), alpha2 (10.5-12 Hz), beta1 (12.5-16 Hz), beta2 (16.5-

20 Hz) frequency bands, where each network or layer shared the same number of 

nodes (78 cortical regions). The links in each layer were the amplitude envelope 

correlation (AEC) weights within that frequency band. (Figure 7-1) shows a schematic 

of multilayer network construction. 
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Mathematical representation of a multilayer network is its block-adjacency matrix 

(De Domenico et al., 2013; Van Mieghem, 2016). An f-layered multilayer network can 

be written in the form of a block-adjacency matrix (Sahneh et al., 2015) as follows:  

 

𝐴 =

[
 
 
 
𝐴1 𝐻12 … 𝐻1𝑓

𝐻21 𝐴2 ⋮
⋮

𝐻𝑓1 …

⋱
𝐴𝑓 ]

 
 
 

 ,      (7.1) 

 

where 𝐴𝛼  corresponds to a symmetric, square adjacency matrix of a layer α, 1 ≤ 𝛼 ≤

𝑓. In our case 𝐴𝛼  corresponds to individual frequency-specific networks. The matrix 

𝐻𝑘𝑙 corresponds to the coupling matrix between the layers k and l, where 1 ≤ 𝑘, 𝑙 ≤

𝑓, 𝑓 = 5.  The frequency-specific networks, 𝐴𝛼, have the same dimensions for all 

layers (N x N, N=78), implying that every layer of the network has the same number 

of nodes or brain regions.  

In line with previous studies (Guillon et al., 2017; Yu et al., 2017), one-to-one 

between layer relationship was chosen, with links only between the same nodes 

(brain regions) over all the layers, i.e.  𝐻𝑘𝑙 = 𝑐𝐼 was chosen, where c is a constant 

(here the mean connectivity calculated over all the individual layers) and I the 

identity matrix. The choice of c follows from the results presented in the previous 

chapter as the SVD normalisation method mainly corrects for differences in average 

connectivity (see Figure 6-4C). For a discussion on the parameter c, see section 7.4.1. 

As between-layer links are limited to the same nodes across all layers, the cross-

frequency coupling between non-identical areas in different layers is ignored.  



  CHAPTER 7 

Page 130 

 

    

 

 

Figure 7-1 A schematic of the analysis pipeline used in the construction of multilayer 
networks. Here, a special case of the multilayer networks is used: multilayer networks 
with one-to-one between layer coupling. rs: Resting-state, AEC: Amplitude envelope 
correlations. Theta: 6.5-8 Hz, Alpha1: 8.5-10 Hz, Alpha2: 10.5-12 Hz, Beta1: 12.5-16 
Hz, Beta2: 16.5-20 Hz 

7.2.6 Graph analysis of multilayer networks 

A multilayer network was constructed for every participant in the two groups. 

However, comparing raw block-adjacency matrices between groups can be biased 

due to differences in link weights, i.e., such a comparison can inflate false positives 

or negatives (Mandke et al., 2018). These biases in the context of multilayer networks 

arise due to differences in average connectivity (van den Heuvel et al., 2017). To 

correct for such biases a recently introduced SVD based normalisation approach was 

used (Mandke et al., 2018). Prior to subjecting the block-adjacency matrix to graph 

analysis, all singular values were normalised by the largest singular value of the 

weighted adjacency matrix to correct for the difference in mean connectivity 

between groups. For a given block-adjacency matrix, A, a singular value 

decomposition 𝐴 = 𝑈Λ𝑉𝑇 was applied, where U and V contain the left and right 

singular vectors and Λ the singular values of A. To correct for differences in average 
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connectivity, Λ was rescaled by the largest singular value 𝜆1. The rescaled matrix 

would thus become 𝐴̃ = 𝑈 (
10

𝜆1
Λ) 𝑉𝑇. The multiplication by 10 is used to ensure that 

the range of values in 𝐴̃ is not too small and varies between 0 and 1. The choice of 

using the largest eigenvalue is justified in section 6.3.4. As the connectivity data used 

in constructing the multilayer network was computed using AEC, the SVD 

normalisation was applied to the whole adjacency matrix. This follows from the 

results shown in section 6.4.2 and findings published in Mandke et al. (2018).  

 

To identify community structure specific to musicians, a community detection 

algorithm was used, details of which are given in the next paragraph. Multilayer 

network formulation allows to study various between layer relationships. Degree 

correlations (DC) is one of such measures that enables the study of the 

correspondence between hubs in different layers. DC can be derived by calculating a 

Pearson correlation coefficient between degree sequences of different layers 

(Battiston et al., 2014; Mandke et al., 2018), where degree provides a measure for 

“importance” of a given node. In the case of weighted networks, node strength (i.e., 

the sum of the link weights surrounding a node) is used instead of degree. Here, the 

focus was on DC as a measure of the relative importance of a given node and 

modularity to go beyond individual nodes and study their higher-order organisation. 

 

Community detection algorithms (e.g., Blondel et al., 2008) have widely been used 

to study resting-state fMRI networks and structural data (Crossley et al., 2013; 

Garcia, Ashourvan, Muldoon, Vettel, & Bassett, 2018; Sporns & Betzel, 2016). 

Generally, communities in a network are obtained by optimising a quality function, 

e.g., modularity (Newman, 2006), which provides an index for within-community and 

between-community connections. The multilayer modularity (Q) as expressed in 

(Bassett et al., 2013) is as follows: 
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𝑄 =
1

2𝑢𝑡𝑜𝑡
∑ [(𝐴̃𝑙,𝑖𝑗 − 𝛾𝑙

𝑑𝑖𝑙 𝑑𝑗𝑙

2∑ 𝑑𝑖𝑙𝑖
𝛿𝑙𝑘) + 𝛿𝑖𝑗𝐻𝑙𝑘,𝑗] 𝛿𝑔𝑖𝑙,𝑔𝑗𝑘𝑖𝑗𝑙𝑘   (7.2) 

   

 

where 𝑢𝑡𝑜𝑡 is the total link weight in the network, 𝛾𝑙  is the resolution parameter, 𝑔𝑖𝑙  

is the community assignment of node i in layer l, and 𝛿𝑖𝑗 is the Kronecker delta 

function (meaning that 𝛿𝑖𝑗=1 if i=j and 𝛿𝑖𝑗=0 if i≠j). Using this community detection 

algorithm, individual nodal module assignments expressed as indices were 

calculated. Nodes with the same index can be said to be part of the same community.  

Each subject’s block-adjacency matrix was subjected to community detection 

algorithm. Using the resulting index assignments, an agreement (consensus) matrix 

(N x N) was estimated for every layer per group, where each element in the matrix 

corresponds to the proportion of the number of times two given nodes were part of 

the same community over all individual subjects (Baum et al., 2017). Furthermore, a 

collapsed agreement matrix was obtained by averaging over all individual layer 

agreement matrices. This step was performed to achieve a group-level 

representation of the entire multilayer network.  

To compare the multilayer community structure between groups (musicians vs. non-

musicians), each of collapsed agreement matrices were subjected to the same 

community detection algorithm (Equation 7.2), resulting in a partition of the 78 

nodes into a number of communities (Baum et al., 2017). To identify whether the 

community assignments between the groups are similar or dissimilar the adjusted 

Rand index was used (Traud et al., 2008), which also takes into account chance 

correlations. For any two given partitions A and B, the adjusted Rand index achieves 

a maximum score of 1 if they are perfectly similar, and 0 if they have no overlap.  
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 Results  

7.3.1 Functional connectivity and Network Based Statistics 

Seed-based connectivity analysis for the 4 nodes under consideration (bilateral SMA 

and pre-central gyri) did not reveal any statistically significant (p<0.05) differences 

between the two groups.  

After performing SVD normalisation, for a visual representation of the data, 

functional connectivity estimates between all nodes for all frequency bands (theta, 

alpha1, alpha2, beta1, beta2) obtained using AEC were averaged across participants 

(Figure 7-2: musicians, Figure 7-3: non-musicians). In the figures, only the top 40% of 

the connections were subsequently plotted in brain space to visualise the underlying 

networks.  

After computing individual connectivity matrices, a single-layer analysis using NBS 

was performed. The effects using NBS were assessed using both extent and intensity 

options provided as part of the toolbox. However, this failed to show any significant 

effect with stringent statistical thresholding (p<0.05, FWER-corrected) across 

frequency bands. A null result using NBS is possible because of a number of reasons:  

1) The single-layer analysis ignores the pan-spectral picture in the data, which 

warrants a more integrative approach.  

2) High differences in link weights can smear underlying experimental effects 

and this demands some corrections as highlighted in (Mandke et al., 2018; 

van Wijk et al., 2010).  
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     Musicians 

 

Figure 7-2 Averaged AEC in adjacency matrix (78 brain area labels on each axis: 1-39 
left hemisphere, 40-78 right hemisphere) across musicians (A’ to E’) and its 
corresponding source space (top 40% of the connections) representation (3D plots, A 
to E) in the 5 frequency bands under consideration. All adjacency matrices show 
typical patterns of high-AEC within left hemisphere (upper left quadrant), within right 
hemisphere (lower right quadrant) and between hemispheres (upper right quadrant). 
In the 3D plots, lines indicate presence of connections, with thicker lines 
corresponding to stronger connections. The circles in the 3D plots indicate summed 
magnitude of link weights (node strength, weighted degree) between the node and 
rest of the brain.  
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    Non-musicians 

 

Figure 7-3 Averaged AEC plotted as adjacency matrices across non-musicians (A’ to 
E’) and their corresponding source space (top 40% of the strongest connections) 
representation (3D plots, A to E) in 5 frequency bands under consideration. All 
adjacency matrices show typical patterns of high-AEC within left hemisphere (upper 
left quadrant), within right hemisphere (lower right quadrant) and between 
hemispheres (upper right quadrant). In the 3D plots, lines indicate presence of 
connections, with thicker lines corresponding to stronger connections. The circles in 
the 3D plots indicate summed magnitude of link weights (node strength, weighted 
degree) between the node and rest of the brain.  

 

7.3.2 Graph analysis of the multilayer networks 

7.3.2.1 Community structure 

 

The block-adjacency matrices of the two groups were subjected to community 

detection algorithm after SVD normalisation. Multilayer modularity (Q) was 



  CHAPTER 7 

Page 136 

 

    

 

calculated for individual subjects' SVD normalised multilayer networks (Figure 7-4) 

and was significantly different between groups (p=0.033, Wilcoxon rank-sum test). 

To further understand the link between musical training and neural connectivity 

findings, a correlation between the years of musical training with modularity was 

obtained, but this correlation was not found to be significant (p=0.8).  

 

 

Figure 7-4 Boxplots of modularity (Q) for the two groups. This difference was found 
to be statistically significant (p=0.033 Wilcoxon rank-sum test). The top and bottom 
of each box represent 25th and 75th percentile respectively (also defining the 
interquartile range), and the red line in the middle shows the median of that sample. 
Whiskers extend from the ends of the interquartile range to the furthest non-outlier 
observation. Outliers (red dots) are defined as values above or below 1.5 times the 
interquartile range, measured from top or bottom of the box.  

 

The group of musicians demonstrated different modular organisation than the non-

musicians (adjusted Rand index: 0.568). The group representation of this modular 

organisation for both groups is shown in (Figure 7-5). The multilayer network 

community structure observed in musicians had two large communities, while non-

musicians had three communities. Musicians showed a modular structure that 

encompasses both visual and motor networks, shown in red (Figure 7-5, left panel), 
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and frontal and temporal regions, shown in blue. In non-musicians, the modularity 

analysis revealed three modules, the frontal (colour: blue), midline-temporal (colour: 

green) and posterior (colour: red) network components. The non-musicians showed 

distinctly different community structure from the group of musicians. In non-

musicians, the visual and motor networks are segregated from one another (as 

shown in red and green respectively), whereas musicians display integrated 

visuomotor networks. In addition, the musicians also exhibit markedly different 

patterns of connectivity spanning the frontotemporal regions, in particular in the 

right hemisphere, with the integration of inferior frontal and superior temporal 

regions into a single community only in musicians (Figure 7-5, left panel).  

 

Figure 7-5 Schematic representation of collapsed agreement matrix computed for 
both groups. The collapsed agreement matrices were subjected to community 
detection algorithm. The community assignment was subsequently plotted in brain 
space to reveal group-level representation. Identical colours belong to the same 
community.  
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7.3.2.2 Degree correlations 

 

One aspect of between layer relationships is the correspondence between hubs in 

different layers, which can be quantified using DC. Degree correlations between all 

combinations of layers were calculated. Out of all the layer combinations only 

statistically significant (p<0.05, Wilcoxon rank-sum test) pairs are shown in (Figure 

7-6). The left panel in (Figure 7-6) shows the DC difference between layer 1 (theta) 

and layer 4 (beta1) and the right panel displays the DC difference between layer 2 

(alpha1) and layer 4 (beta1) between groups.   

 

Figure 7-6 Boxplots of degree correlations. Only the layer pairs that showed 
significant differences are plotted. The left panel shows significantly different DC 
between theta layer (layer 1) and beta1 layer (layer 4) (p=0.045, Wilcoxon rank-sum 
test). Right panel shows significantly different DC between layer 2 (alpha1) and layer 
4 (beta1), (p=0.031, Wilcoxon rank-sum test). Box- and whisker plots as in (Figure 
7-4).  
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 Discussion  

The study aimed to detect the impact of musical training in musicians’ brain function, 

measured during the resting-state. The majority of the previous studies that have 

reported group differences in motor cortices of musicians in both structural and task-

based functional data (see for example: Palomar-García, et al., 2017; Schlaug, 2015; 

Schlaug et al., 1995; Stewart, 2008), have recruited participants that play the same 

instrument professionally and have very similar levels of expertise. A critical 

limitation of the present study is the heterogeneity among participants in terms of 

years of experience (13.25 years ± 5.04) and a wide range of musical expertise (string 

instruments, percussions etc). This heterogeneity coupled with resting-state MEG 

recordings that were only 5-mins long probably make identification of seed-based 

differences difficult. Hence, this study focused on identifying global changes in the 

network configuration.  However, it is plausible in a future study to introduce a task 

that engages both auditory and motor systems, which would likely make the 

differences more apparent.  

To this end, a novel multilayer network framework to construct multi-frequency 

networks in a group of musicians and non-musicians was used. Furthermore, the 

properties of these networks using graph theoretical approaches were studied. As 

per the hypothesis, a modular organisation in musicians spanning the visuomotor 

regions and also the frontal and auditory parts of the brain was found. This modular 

organisation points to stronger inter-modular connectivity potentially underlying the 

integrated organisation observed in musicians. It must be noted here that single-

layer analysis using NBS did not reveal this information. Furthermore, NBS has one 

critical limitation. It relies on choosing an arbitrary test statistic threshold. While it is 

the only parameter that needs to be manually set by the user, the results depend on 

the appropriate selection of the test statistic. In other words, different “statistically 

significant” networks can – (a) appear or – (b) disappear or – (c) change in topology 

with changes in the threshold. Plus, NBS also assumes that the users know a priori if 

the experimental effects are focal or distributed (i.e., the NBS parameters – 
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component extent and component intensity). The arbitrariness of this method and 

the fact that it only considers single-layer networks highlights the added value of the 

multilayer analysis. 

The present study adds to the body of knowledge about brain reorganisation in 

highly-trained musicians, which was so far limited to structural MRI studies (for 

example (Schlaug et al., 1995; Amunts et al., 1997; Bangert & Schlaug, 2006), and 

task-based fMRI studies (e.g., Alluri et al., 2017; Grahn & Rowe, 2009). The question 

whether years of musical training would also be reflected in functional networks 

outside of task conditions – during resting-state – has only recently been addressed, 

in a single study so far (Klein et al. 2016). They reported an increased intra- and inter-

hemispheric functional connectivity in resting-state EEG data of musicians in theta 

(6.5-8 Hz) and alpha1 (8.5-10 Hz) frequency bands. However, their investigation was 

limited to studying frequency-specific networks in isolation. This single-layer 

approach does not detect pan-spectral functional networks. 

In addition to studying its modularity, the multilayer network framework also allows 

us to analyse between layer dependencies. When the brain is modelled as a 

multilayer network, the individual layers can act independently, in coherence of one 

another or at a transition point between these two extremes (Tewarie et al., 2016b). 

One important aspect of this between layer dependency is the correspondence 

between hubs in different layers. To probe this further, the DC between all 

combinations of the layers was estimated and compared between the two groups. 

The analysis revealed that musicians show a significantly different degree correlation 

compared to non-musicians, particularly in the theta-beta1 and alpha1-beta1 

coupling.  

The findings from DC underscore two important aspects of network organisation in 

musicians:  

 

1) At a nodal level, musicians have less segregated clusters (lower 

modularity), thereby allowing for an integrated network organisation.  
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2) Between layers, a lower DC value for musicians was found, which points 

towards different layers functioning independently within the multilayer 

network, i.e., the hubs formed in the two layers are distinctly different from 

one another.  

 

Taken together, musicians possess a highly integrated organization over the whole 

multi-frequency network, but the different layers retain, at the same time, their 

unique network structure. For example, classical musicians often need to read sheet 

music, encode the visual information (alpha band network) and translate it into 

signals to be executed by the motor cortex (beta band network). The between 

network coordination is not limited only to visuomotor areas, but has also been 

shown to span auditory, motor and other cognitive areas, which likely facilitates 

higher overall network integration (Jäncke, 2012; Proverbio et al., 2014). For 

instance, the coordination between auditory and motor areas is said to be mediated 

via the arcuate fasciculus (Catani et al., 2005; Catani & Mesulam, 2008). It is also 

plausible that this anatomical architecture underlies the auditory-motor coupling 

reported in musicians (Grahn & Rowe, 2009; Jäncke, 2012).  

The critical difference observed in the results concerning between layer organization 

lies primarily in the theta-beta1 and alpha1-beta layers. The increased intra- and 

inter-hemispheric resting-state functional connectivity reported by (Klein et al., 

2016), is also found in theta and alpha1 frequency bands. It is possible that the 

present results observed in lower frequency bands reflect long-range communication 

(Ward, 2003). Both theta and alpha band activity is involved in a wide range of 

cognitive functions (review: Başar et al., 2001; Ward, 2003) – such as memory and 

attention, which are highly active processes while playing an instrument (Schlaug, 

2015).  

The relationship between behavioural specialisation and changes in the underlying 

neuronal activity is not very straightforward (Zatorre et al., 2012). This problem is 

more pronounced when investigating spontaneous neuronal oscillations (using 

M/EEG), as both increases and decreases in activity can reflect a different brain state 



  CHAPTER 7 

Page 142 

 

    

 

(review: Baillet, 2017). There are several studies (e.g., Schneider et al., 2002; Shahin 

et al., 2003; Strait & Kraus, 2011, 2014) that have used evoked potentials to 

investigate musical specialisation. However, such evidence does not exist for resting-

state data. A possible solution to circumvent this issue would be to conduct a 

longitudinal electrophysiological study to establish a clearer link between behaviour 

and increase or decrease in the underlying neuronal activity (using a similar approach 

as in the longitudinal structural imaging study by Draganski et al., 2004).  

Brain dynamics occur across multiple spatial and temporal scales. Various 

neuroimaging techniques measure different aspects of the same underlying 

physiological processes, but these data sets are often analysed in isolation. However, 

the multilayer network framework has the potential to bridge this gap by taking a 

more integrative approach (De Domenico, 2017; Mandke et al., 2018). For example, 

the framework can be used to integrate data from MEG in different frequency ranges 

(as in the current study), from DTI and MEG or from fMRI and MEG in the same group 

of participants. Therefore, the multilayer network approach allows us to study in an 

individual how brain processes at different scales, from functional to structural, 

undergo plasticity-related changes. This study is one of the first demonstrations that 

an integrative approach is useful to study training-related brain plasticity.  

The present study is not without limitations. Firstly, the data used here were part of 

the Open MEG Archive (Niso et al., 2016), which included a number of participants 

(8 out of 31 participants), who played an instrument for 5+ years but did not identify 

themselves as professional musicians. In addition, the participants who were 

professional musicians did not play the same instrument nor did they have similar 

years of experience (Mean: 13.25 years; SD: 5.04) playing an instrument. A future 

study could be designed to replicate these findings, with a more careful selection of 

participants to identify a clear relationship between resting-state network 

organisation and years of experience. Secondly, the MEG recordings in the present 

study were only 5 min in duration. The recording duration, an important aspect in 

capturing brain states in individual subjects (Liuzzi et al., 2017), should be carefully 

considered when designing future resting-state EEG or MEG studies.  
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Recently, in the context of speech, Assaneo & Poeppel (2018) provided evidence for 

the presence of an intrinsic rhythm – which mediates auditory-motor 

communication. It is conceivable that such a fine-tuned mechanism might also exist 

in musicians, mediating the communication between different areas and potentially 

leading to the formation of sub-networks or communities. This analysis needs to be 

probed further by studying the relationship between task-based data and task-free 

data in the same group of musicians.  

7.4.1 Methodological considerations for multilayer networks (interlayer 

coupling) 

In this work a frequency-based multilayer network was used, where, individual layers 

of the network were derived from individual MEG frequency bands that were 

identified a-priori. The intra-layer (within layer/band) communication was quantified 

using AEC and the inter-layer or cross-frequency (between layer/band) 

communication was set to one-to-one (or parameter c). Presently, there is no 

consensus in the network science community on the appropriate way of estimating 

interlayer coupling parameters and it suffers from some level of arbitrariness. This 

problem is further compounded by the fact that interlayer coupling between 

frequency-specific networks can be determined by many different metrics. For 

instance, the commonly described cross-frequency interactions as per (Jensen & 

Colgin, 2007) are – (a) power to power, (b) phase to phase, (c) phase to frequency, 

and (d) phase to power. There is mounting experimental evidence for the presence 

of phase to power or phase-amplitude coupling both in human and animal 

electrophysiology. Furthermore, Jensen & Colgin (2007), argue that gamma 

oscillations (>80 Hz) tend to couple strongly with the phase of the theta cycle (4-8 

Hz), which has primarily been shown in intracranial data. A similar relationship has 

recently also been shown in resting-state MEG data (Florin & Baillet, 2015), however, 

the highest frequency band under consideration in the present work was 16.5-20 Hz 

and the lowest was 6.5-8 Hz, where such a cross-frequency relationship has not been 
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demonstrated before, making estimation of interlayer coupling a non-trivial 

problem. In a multilayer description, it is possible to include interlayer link weights 

derived from a separate measure of connectivity, such as, phase-amplitude coupling, 

but this will likely lead to inconsistent results and requires a careful methodological 

investigation, which is beyond the scope of present work. Moreover, the non-trivial 

problem of interlayer coupling is accentuated when considering multilayer network 

where individual layers are derived from different imaging modalities (for example, 

layer 1: fMRI network, layer 2: MEG network as in Chapter 6).  

As problematic as the interlayer coupling is, De Domenico et al., (2016) argue that 

presence of such interlayer links allows us to take full advantage of tensorial algebra, 

allowing us to extend single-layer network metrics to multilayer networks. They also 

suggest that the choice of “c” should therefore depend on the choice of analysis. 

Moreover, as long as the value of “c” is kept constant between the groups under 

consideration, then the measure of degree (see equation 5.10) will scale linearly with 

c. Similarly, as modularity Q, depends linearly on H (H = cI, see equation 5.17), it 

follows that Q should also scale linearly with c. Lastly, as measures of between layer 

interactions (i.e., participation coefficient) are based on the quotient of two degrees 

(degrees scale linearly), these should be unaffected by values of c. 

In the end, building on the work of De Domenico et al., (2016) and to maintain 

consistency between findings reported by (Guillon et al., 2017; Yu et al., 2017) the 

inter-layer coupling parameter was set to  Hkl = cI. This can be thought of as a 

scaling parameter, which does not affect the results as long as it is kept constant for 

a given analysis.  

7.4.2 Conclusion 

An open-access dataset (OMEGA, Niso et al., 2016) was used to investigate the 

effects of training-related plasticity in resting-state MEG data. The frequency-specific 

networks were studied using NBS and by applying a novel multilayer network 

framework to construct multi-frequency networks in musicians and non-musicians. 
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The single-layer analysis did not reveal a statistically significant difference between 

the two groups. However, effects of musical training were detected in the modularity 

of the network, which spanned visuomotor and frontotemporal areas that have been 

shown to be involved in execution of a musical performance. The results also indicate 

that musicians show an integrated network organisation in comparison to non-

musicians. DC results showed a significantly different layer-to-layer correspondence, 

potentially indicating that the formation of hubs in different layers is significantly 

different between the two groups. Presently, the study of training-related plasticity 

lacks an integrative approach and therefore neglects interactions between processes 

manifest in different MEG frequency bands and/or different modalities within 

individuals. To overcome this limitation, the use of the multilayer network 

framework is recommended.  
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CHAPTER 8 

8 Concluding remarks and future directions 

 

 General discussion and future directions 

8.1.1 MEG for cortical dynamics at multiple time scales 

This thesis studied the dynamics of brain function at the millisecond’s scale, during 

detection of oddballs, and at a scale of years, reflecting the development of skills 

through training. In the first experimental part of the project, cortical dynamics 

occurring over the millisecond time scale were investigated using MEG, a method 

with good spatial and temporal resolution as explained in chapter 2. To this end, 

auditory event-related responses were studied, specifically, the auditory P300 

response to oddball tones which participants had to count (as rare targets within a 

series of standard tones of different sound frequency). To identify the neural sources 

of time-locked averages and to localise the sources of non-phase-locked responses 

(or ERS), LCMV and SAM beamformer were used, respectively. The two source 

localisation methods which were explained in detail in chapter 3. The neural sources 

of auditory N100m to standard tones were localised in the bilateral primary auditory 

cortices both as time-locked averages and ERS. Whereas, the neural sources of late, 

cognitive evoked responses to oddballs were localif sed in supra-modal areas. This is 

possible because the cognitive task demands additional sources, recruited from 

other areas. Naturally, the next question is, are these processes and their neural 

substrates specific to audition or supra-modal? One way to answer this question is to 

compare auditory with far less widely studied somatosensory P300. Among the few 

attempts to localise the sources of somatosensory P300, a MEG study of responses 
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to deviant (vs. standard) median nerve stimuli (applied to the wrist) is noteworthy 

(Huang et al., 2005). In their study, neural sources of target responses were found in 

inferior and parietal lobule/supra-marginal gyrus, anterior cingulate cortex and 

dorsolateral prefrontal cortex. These brain areas are partly shared with responses to 

auditory targets as observed in this thesis. However, their study used phase-locked 

averaging, which attenuates response components that vary from trial to trial, which 

has been demonstrated for auditory modality in this thesis (chapter 4). Therefore, it 

would be desirable to study time-locked averages and ERS to somatosensory 

oddballs, with the prediction (from the auditory P300 study) that oddballs activate 

parietal somatosensory cortex and also supra-modal areas. 

The aim to study cortical dynamics over years required methods development as 

preparation for investigating the effect of sensorimotor training on resting-state 

network organisation. Chapter 5 of the thesis introduced graph theory and multilayer 

network framework. A multilayer network, simply put, is a network of networks, 

where brain regions represent nodes in the network and layers of the network are 

individual networks derived from MEG frequency bands (or imaging modalities) that 

are interconnected. It allows us to capture both within- and between-network 

interactions. Such a complex interacting representation allows us to obtain a more 

realistic picture of the brain. In the case of integrating M/EEG frequency networks, 

the information about their interaction is embedded within the between-layer 

interactions. It has also been shown that multilayer networks show non-trivial 

properties that are not merely the result of the sum of its layers (De Domenico et al., 

2013; Kivelä et al., 2014).  

As for methods development, the main result of this thesis is that group comparisons 

using the multilayer network framework can be biased due to differences in average 

connectivity between groups. Therefore, accurate statistical inferencing requires 

some normalisation, which corrects for these biases. It must be noted that for 

weighted networks, the information is contained within the weights of the network 

and they do not simply indicate the presence or absence of connections. As a result, 

it proves to be challenging to differentiate between alterations in the underlying 
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ground truth that are due to an experimental manipulation or a disease process from 

those that are due to experimental choices. Such differentiation is of obvious 

importance to future applications of multilayer network analysis in studies of disease 

processes such as neurodegenerative disorders. To ameliorate this problem, the SVD 

based normalisation method was developed (chapter 6) which reduces biases in 

group comparisons, thereby controlling false positives and negatives. The efficacy of 

this method was assessed using synthetic data (known ground truth), and it was 

revealed that the SVD method proves to be superior to some existing approaches. 

Furthermore, several graph metrics were introduced, which can be utilised to 

quantify the topological organisation of the multilayer networks.  

Finally, to investigate cortical dynamics over years, the newly developed methods 

were applied to the resting-state MEG data obtained from musicians and non-

musicians (chapter 7), which was achieved by using the data released as part of the 

Open MEG Archive (Niso et al., 2016). Here, the musicians showed an integrated 

network configuration when compared with controls. While this study is the first one 

to investigate the multilayer network organisation in musicians and non-musicians, 

it had several limitations. First, as data were obtained from an open access 

repository, this did not allow for more stringent experimental control, i.e., selection 

of a more homogenous sample based on expertise and years of experience. Second, 

each participant’s data recording was only 5-min long. It has been shown that longer 

recordings are required to capture brain states accurately in individual participants. 

Despite these obvious limitations, the study has made some unique contributions, 

i.e., the single-layer analysis of the same data (network-based statistics) failed to 

reveal any meaningful differences between groups. This is potentially because the 

interacting layers reveal additional information that individual layers cannot. This 

unique advantage of multilayer networks is particularly relevant for clinical studies, 

where often limited data are available (like in the present study with its limitation to 

5-min recordings). By modelling the data as a multilayer network, we can potentially 

get to the heart of inherent complexities, embedded within the data.  
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In chapter 7, the effects of training-related plasticity were studied in MEG data only, 

with frequencies of MEG oscillations defining the layers of the network. Importantly, 

the multilayer network approach not only allows the integration of MEG layers but 

also data integration across imaging modalities. For example, layers representing the 

participant’s functional data from other modalities (fMRI) and also structural data 

(DTI, structural covariance) into a common network representation. Such multimodal 

approaches are promising for future studies of training-related plasticity which will 

benefit from the unified network description. Furthermore, the thesis also provides 

a solution (i.e., agreement matrix) to evaluate multilayer community structure across 

layers (see section 7.3.2.1).  

Thus, the thesis studied cortical dynamics at different scales – over milliseconds and 

over years. Among the outcomes, the new method for between-group comparisons 

of multilayer networks has significant potential for future use, as demonstrated in 

the study of network signatures of sensorimotor training. Beyond studying training-

related plasticity, the most obvious application of the multilayer network framework 

is in the clinical domain, specifically to investigate neurodegenerative disorders. The 

following section proposes how this can be achieved.  

8.1.2 Network neuroscience-based biomarkers 

In the last three decades, various non-invasive neuroimaging methods have allowed 

us to improve our mechanistic understanding of the human brain functioning. 

However, these are rarely used as diagnostic or prognostic indicators. Even today, 

clinical diagnosis and management of various neurological and mental disorders 

depend on the subjective evaluation of symptomatology. For example, Alzheimer’s 

Disease (AD) is characterised by irreversible neurodegeneration that can sometimes 

pre-date cognitive decline by more than a decade (Beason-Held et al., 2013). This 

underscores the need for early identification and intervention, which can have 

significant benefits for improving quality of life. Biomarkers from positron emission 

tomography (PET) have successfully been used in in the differential diagnosis of AD 
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(e.g., Marcus, Mena, & Subramaniam, 2014), however, they expose the individual to 

radiation. On the other hand, non-invasive imaging methods are completely 

radiation free. Early identification can be improved by the use of various non-invasive 

neuroimaging methods, however, so far these methods have had little clinical utility.  

Presently, the two major hurdles in the use of clinical neuroimaging are as follows:  

 

1) Group averages  

Due to the high scanning costs, the majority of the neuroimaging studies are limited 

in sample size and as a consequence, the results are often reported as group 

averages, which prevents scientists from identifying population-level trends (e.g., 

changes in brain connectivity across the life span). There are, however, good reasons 

behind performing a group comparison. The signal of interest measured using 

neuroimaging techniques is often very small and therefore, by studying group data 

one can achieve a considerable increase in signal to noise.  

Statistically, the majority of the studies use general linear modelling (referred to as 

mass univariate analysis), as this allows scientists to identify statistically significant 

differences between groups. However, this approach is hardly useful in the context 

of individual patient reporting. Moreover, the studies that report disease-specific 

group difference show a large overlap with a healthy population, making its use in 

diagnostics impossible. This highlights a bigger problem, which is the lack of clear 

norms about what normal, healthy brain function looks like across the lifespan. 

Individualised data reporting is of paramount importance if neuroimaging methods 

are to become clinically relevant. 

2)  Lack of an integrative approach 

Various brain imaging approaches, such as diffusion-weighted imaging (DWI), fMRI 

and MEG, offer complementary insights into brain structure and function. However, 

they are often studied in isolation, despite the accumulating evidence that they are 

interlinked in a non-trivial way (Hunt et al., 2016; Tewari et al., 2016). By using an 

integrative approach such as the multilayer network framework can allow us to 
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identify both linear and non-linear relationships between brain networks extracted 

from different imaging modalities.  

Both these issues can be ameliorated by the use of network neuroscience-based 

approaches. The biggest advantage of graph theoretical approaches is that they are 

modality invariant, i.e., they can easily be used across a wide range of neuroimaging 

modalities. Plus, as it has been demonstrated in chapters 5 and 6, the multilayer 

network framework can be used to integrate data from different imaging modalities 

in a unified network description. Therefore, an ideal imaging or network 

neuroscience-based biomarker is the one that is highly sensitive to individual 

variability and highly specific to disease progression or pathophysiology. It also needs 

to be robust to the variability often introduced by imaging hardware and software.  

By building on the recent advances in network neuroscience with various open-

access databases (e.g., CamCAN, OMEGA etc), a normative database of brain 

connectivity can be established that paves the way for individual data reporting. A 

“normative” multimodal connectome database will allow for continuous 

measurement of brain connectivity (trajectories) across the lifespan. A normative 

database can have wide-ranging clinical applications (in various neurological or 

psychiatric conditions), we could measure whether deviations (distance from the 

norm in quartiles) from the norm predict cognitive-behavioural outcomes? 

To this end, network neuroscience-based approaches are particularly well suited as 

one can derive individual scores of global and local network functioning, which can 

be compared against the norm (Figure 8-1). To study statistically low powered 

cohorts, such an approach with MEG source data has been suggested recently 

(Baillet, 2017), however, a norm-referenced testing (NRT) would be completely novel 

and facilitate individual data reporting.  
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Figure 8-1 Large open-access databases such as (OMEGA, Niso et al., 2016), 
(CamCAN, Taylor et al., 2017), (HCP, Van Essen et al., 2013)3 can be used to establish 
a normative database of brain connectivity. Such an empirical database or 
distribution of a quantitative metric can be used to assess an individual or groups of 
subjects and whether they deviate from the norm. Figure adapted from Baillet (2017).  

NRT based assessment is a type of evaluation which provides an estimate of an 

individual’s trait being measured in a pre-defined empirical distribution. NRT based 

assessment is regularly used for the Graduate Record Examination (GRE) or for 

various IQ tests. 

For example, in typical IQ tests, a median IQ is defined from a population and new 

individuals are ranked above or below that value. In the context of neuroimaging, the 

trait being measured could be for example, average connectivity, degree correlation, 

clustering coefficient etc. This type of assessment only provides a measure of 

whether the given individual’s data are above or below relative to the population 

norm. Identifying how an individual patient fares against the norm can potentially 

prove to be a useful diagnostic or prognostic indicator. 

 

 

3 OMEGA: Open MEG Archive, CamCAN: Cambridge Centre for Ageing Neuroscience, HCP: Human 
Connectome Project 
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In conclusion, by exploiting the superior temporal resolution of MEG, this work has 

investigated cortical dynamics occurring at the two ends of the temporal scale. The 

tools used in investigating cortical dynamics over years in particular, i.e., the use of a 

network framework in systems neuroscience is still in its infancy. The chief 

contributions of this thesis are the application of graph metrics to quantify multilayer 

networks, the development of a method for group comparisons, and finally 

demonstrating that multilayer networks provide additional information that single-

layer approaches (i.e., network-based statistics) cannot. Throughout this thesis, 

multilayer networks with one-to-one coupling were used, therefore, the next 

obvious challenge is to identify the best methods of estimating between layer 

weights. However, then the open question remains, at what point does any 

additional information in a fully connected block-adjacency matrix becomes 

redundant?  

Finally, the multilayer networks offer a static snapshot of the brain function. It is 

worth noting that the recent work on dynamic connectivity has shown that brain 

networks rapidly form and dissolve over much smaller timescales (O’Neill et al., 2018; 

Vidaurre et al., 2017, 2016). Therefore, further work is needed to investigate how 

multilayer network topology evolves over time, which can potentially be achieved by 

studying longitudinal data obtained from a small group of subjects (dense sampling, 

e.g., midnight scanning club, Gordon et al., 2017). 

By studying the human brain as a network, we have begun to uncover its astonishing 

complexity. In the years to come, I am confident that our understanding of healthy 

brain functioning and its breakdown in disease will only continue to grow. 
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9 Appendix 

Table 9-1 Complete list of nodes in the AAL atlas.  

1 Rectus_L 40 Rectus_R 

2 Olfactory_L 41 Olfactory_R 

3 Frontal_Sup_Orb_L 42 Frontal_Sup_Orb_R 

4 Frontal_Med_Orb_L 43 Frontal_Med_Orb_R 

5 Frontal_Mid_Orb_L 44 Frontal_Mid_Orb_R 

6 Frontal_Inf_Orb_L 45 Frontal_Inf_Orb_R 

7 Frontal_Sup_L 46 Frontal_Sup_R 

8 Frontal_Mid_L 47 Frontal_Mid_R 

9 Frontal_Inf_Oper_L 48 Frontal_Inf_Oper_R 

10 Frontal_Inf_Tri_L 49 Frontal_Inf_Tri_R 

11 Frontal_Sup_Medial_L 50 Frontal_Sup_Medial_R 

12 Supp_Motor_Area_L 51 Supp_Motor_Area_R 

13 Paracentral_Lobule_L 52 Paracentral_Lobule_R 

14 Precentral_L 53 Precentral_R 

15 Rolandic_Oper_L 54 Rolandic_Oper_R 

16 Postcentral_L 55 Postcentral_R 

17 Parietal_Sup_L 56 Parietal_Sup_R 

18 Parietal_Inf_L 57 Parietal_Inf_R 

19 SupraMarginal_L 58 SupraMarginal_R 

20 Angular_L 59 Angular_R 

21 Precuneus_L 60 Precuneus_R 

22 Occipital_Sup_L 61 Occipital_Sup_R 

23 Occipital_Mid_L 62 Occipital_Mid_R 

24 Occipital_Inf_L 63 Occipital_Inf_R 

25 Calcarine_L 64 Calcarine_R 

26 Cuneus_L 65 Cuneus_R 

27 Lingual_L 66 Lingual_R 

28 Fusiform_L 67 Fusiform_R 

29 Heschl_L 68 Heschl_R 

30 Temporal_Sup_L 69 Temporal_Sup_R 

31 Temporal_Mid_L 70 Temporal_Mid_R 

32 Temporal_Inf_L 71 Temporal_Inf_R 
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33 Temporal_Pole_Sup_L 72 Temporal_Pole_Sup_R 

34 Temporal_Pole_Mid_L 73 Temporal_Pole_Mid_R 

35 ParaHippocampal_L 74 ParaHippocampal_R 

36 Cingulum_Ant_L 75 Cingulum_Ant_R 

37 Cingulum_Mid_L 76 Cingulum_Mid_R 

38 Cingulum_Post_L 77 Cingulum_Post_R 

39 Insula_L 78 Insula_R 
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 Appendix to chapter 7 – Degree correlations 

 

In chapter 7, to investigate the correspondence between the hubs of different layers 

of the multilayer network, we computed degree correlations. DC can be derived by 

calculating a Pearson correlation coefficient between degree sequences of different 

layers. We calculated DC between all combinations of layers. Section 7.3.2.2 shows 

DC results that were statistically significant between musicians and non-musicians. 

This section provides remaining results of DC. For all the box and whisker plots below, 

the top and bottom of each box represents 25th and 75th percentile respectively 

(also defining the interquartile range), and the red line in the middle shows the 

median of that sample. Whiskers extend from the ends of the interquartile range to 

the furthest non-outlier observation. Outliers (red dots) are defined as values above 

or below 1.5 times the interquartile range, measured from top or bottom of the box. 

Layers 1 to 5 of the multilayer network are as follows –  

Layer 1: theta (6.5-8 Hz), Layer 2: alpha1 (8.5-10 Hz), Layer 3: alpha2 (10.5-12 Hz), 

Layer 4: beta1 (12.5-16 Hz), Layer 5: beta2 (16.5-20 Hz) 
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Figure 9-1 Boxplots of degree correlations. Left panel shows DC between theta layer 
(layer 1) and alpha1 layer (layer 2) (p=0.31, Wilcoxon rank-sum test). Middle panel 
shows DC between theta layer (layer 1) and alpha2 layer (layer 3) (p=0.27, Wilcoxon 
rank-sum test). Right panel DC between theta layer (layer 1) and beta2 layer (layer 
5) (p=0.17).  
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Figure 9-2 Boxplots of degree correlations. Left panel shows DC between alpha1 layer 
(layer 2) and alpha2 (layer 3) (p=0.23, Wilcoxon rank-sum test). Right panel shows 
DC between alpha1 layer (layer 2) and beta2 layer (layer 5) (p=0.15, Wilcoxon rank-
sum test).  

 

 

Figure 9-3 Boxplots of degree correlations. Left panel shows DC between alpha2 layer 
(layer 3) and beta1 layer (layer 4) (p=0.14, Wilcoxon rank-sum test). Right panel 
shows DC between alpha2 layer (layer 3) and beta2 layer (layer 5) (p=0.14, Wilcoxon 
rank-sum test).  
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Figure 9-4 Boxplot of degree correlations between beta1 layer (layer 4) and beta2 
layer (layer 5) (p=0.24, Wilcoxon rank-sum test).  
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virtual electrode (VE) output from the peak voxel in the superior temporal region in the left 
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78 node is coloured according to connection strength (red: strongest connections) and (b) as 
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