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Abstract 

The first few years of life see rapid changes in brain function, as we grow and learn, 

yet the developing brain remains poorly understood. This is in part due to 

instrumentational constraints. Magnetoencephalography (MEG) is a non-invasive 

neuroimaging technique that assesses human brain function through the detection of 

magnetic fields generated by neural currents. As a direct measure of 

electrophysiology, MEG can detect changes in brain activity with a high temporal 

resolution. Further, by measuring across the whole head, MEG is able to probe the 

dynamics of brain networks as they evolve in support of cognition. MEG is therefore, 

in principle, the ideal tool to understand how the brain changes in the first years of 

life. However, conventional MEG systems are based on sensors that must be 

cryogenically cooled to reach the sensitivities required to detect the neuromagnetic 

field. As such, sensors are held in one-size-fits-all systems that require participants to 

remain still during data acquisition, which is not ideal for scanning young participants. 

MEG systems are also built for adults and therefore lack sensitivity for scanning 

infants and children. Recently, optically pumped magnetometers (OPMs) have 

emerged as a potential replacement for cryogenic sensors in MEG. OPMs are 

lightweight, flexible and operate without the requirement for cryogenic cooling. As 

such, OPMs can be placed close to the scalp surface, enabling the development of 

wearable MEG systems that can conform to different head sizes and allow naturalistic 

movement.  

This thesis aims to develop and implement the first whole-head paediatric OPM-MEG 

system for studying neurodevelopment. We first test a whole-head adult system for 

sensitivity to neural activity in the theta band in comparison to conventional MEG 

instrumentation, assessing whether OPM-MEG is sensitive to low frequency signals. 

This is particularly important in neurodevelopment, where previous studies have 

found elevated low frequency activity in younger participants. Next, we propose and 

demonstrate a method of warping template anatomical MRI scans to 3D structure 

scans of the participant’s head shape to generate “pseudo-MRIs”, enabling the 

analysis of OPM-MEG data without the acquisition of an individual’s brain structure. 

This is important for children who may find the MRI scanning environment challenging. 
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Following this, we describe two of the first neurodevelopmental studies using OPM-

MEG. We first investigate the developmental trajectory of cortical beta-band 

oscillations using a simple sensory task across a group of healthy children and adults. 

We use data-driven analysis approaches to investigate how beta band activity arises 

and analyse the evolution of the spectral properties of MEG signals with age. Finally, 

we use data collected from two systems at different sites to form (to our knowledge) 

the largest (to date) OPM-MEG study of 102 participants aged from 2 years to 

adulthood. We analyse data during a visual task to investigate how visual gamma 

oscillations change with age. Overall, the thesis demonstrates how OPM-MEG can 

be used as a new, viable platform for the study of neurodevelopment. 
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1 Introduction 

“Our brains are the most boundless equation, and once humanity solves it 

it’ll be more powerful than when we went to the moon. There’s no greater 

mystery in the universe than a human.” 

– Fredrick Backman in And Every Morning the Way Home Gets Longer 

 

The human brain has been an object of scientific intrigue since the origin of the 

scientific method. Our understanding of the functional organisation of the brain before 

the advent of functional neuroimaging was almost entirely based on traumatic brain 

injury. Famous head injury cases, such as that of Phineas Gage (Harlow, 1848) or 

those described by Broca (Broca, 1861), provided insights into functional 

specialisation, collecting evidence that different human functions can be related to 

different regions of the brain. The twentieth century saw rapid advances in medical 

technology, allowing us to ‘see’ inside the brains of healthy, living humans. 

Neuroimaging enables us to take detailed images of the inner structures using tools 

such as X-ray computed tomography (Hounsfield, 1973) and magnetic resonance 

imaging (MRI) (Lauterbur, 1973; Mansfield and Grannell, 1973) and detect signals 

that can be related to brain function with the development of electroencephalography 

(Berger, 1929) or functional MRI (Ogawa et al., 1990).  

However, these imaging modalities are not always practical for imaging brains during 

infancy and early childhood. Human brains change rapidly in the first few years of life; 

we learn to walk, talk and gain cognitive function within a few years. However, very 

little is understood about the function of the developing brain, and this is (in part) due 

to limitations of instrumentation. One tool that could offer insight into the 

developmental trajectories of brain function is magnetoencephalography (MEG) 

(Cohen, 1968). In this thesis, we will investigate the potential of a new generation of 

MEG system, which can be worn on the head and allows natural movement, for 

paediatric neuroimaging.  

This introductory chapter provides an overview of functional neuroimaging, and the 

range of tools used to measure brain activity. We review an example of existing 

paediatric MEG literature, placing the relevance of the work in this thesis within the 
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context of current research. Finally, the thesis aims are described, and an overview 

of each chapter is provided. Some of this work is in submission as a review article for 

the British Journal of Radiology. 

1.1 Functional neuroimaging 

Functional neuroimaging refers to the application of imaging techniques to observe 

brain activity. Such signals play a pivotal role in furthering our understanding of the 

functional organisation of the brain.  

Functional neuroimaging methods can broadly be split into two groups: direct and 

indirect measures. Direct measures assess electrophysiological activity in the brain. 

Such activity contributes to the passage of information between brain regions. Indirect 

measures detect the physiological changes associated with electrophysiological 

activity. There are five non-invasive techniques typically used in clinical and research 

environments: 

Direct measures: 

• Electroencephalography (EEG) – Current flow in active neurons generates 

a potential difference in the extracellular space. These signals can be 

measured using intracranial EEG (iEEG) or Electrocorticography (ECoG) 

via implanted electrodes or surface electrode grids, respectively. Invasive 

electrode recordings are considered the gold standard and have provided 

substantial insight from both animal studies (Renshaw et al., 1940) and patient 

recordings (Parvizi and Kastner, 2018) but are unsuitable for studying healthy 

human participants. However, due to the conduction of electrical signals 

through tissue, this potential difference can be detected at the scalp surface 

using electrodes placed in contact with the skin (Berger, 1929). EEG is cheap 

and accessible and has become a routine clinical tool for assessing brain 

function. EEG has excellent temporal resolution but suffers from poor spatial 

resolution due to the smearing of electrical signals by the high resistivity of the 

skull. 

• Magnetoencephalography (MEG) – MEG, the magnetic counterpart of EEG, 

measures magnetic fields generated by (mostly) the same electrical activity 

that gives rise to EEG (Cohen, 1968). MEG also has excellent temporal 

resolution, but in addition, benefits from higher spatial resolution than EEG, as 

magnetic signals pass through the skull mostly undisturbed. However, as the 

magnetic fields at the scalp surface are very small, very sensitive 
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magnetometers are required. In conventional MEG systems, cryogenically 

cooled sensors (superconducting quantum interference devices or SQUIDs) 

must be held in a rigid helmet in a bath of liquid helium. This makes MEG 

cumbersome and expensive and has therefore had limited clinical uptake. 

Indirect measures: 

• Functional Magnetic Resonance Imaging (fMRI) – The oxygen content of 

blood provides contrast in MRI signals (Ogawa et al., 1990). As brain activity 

necessitates the consumption of oxygen to provide energy, the local blood 

oxygen level can be related to function. This can be accessed via the Blood 

Oxygen Level Dependence (BOLD) effect. This technique benefits from 

excellent spatial resolution but suffers from intrinsically poor temporal 

resolution due to the time delay (typically a couple of seconds) associated with 

the indirect metabolic response. Nevertheless, fMRI is extensively employed 

in research because of its capacity to delineate functionally relevant brain 

regions and networks that are functionally interconnected. 

• Positron Emission Tomography (PET) – Brain function can be inferred 

using a radioactively labelled isotope that accumulates in active brain tissue 

and decays via positron emission, emitting gamma radiation upon collision 

with an electron (Raichle et al., 1983). The gamma radiation is measured by 

detectors surrounding the participant and back-projection is used to infer the 

location of the source. Using Oxygen-15 as the isotope provides a measure of 

blood oxygenation, and therefore indicates active brain regions. PET is again 

temporally limited by the time delay associated with indirect blood oxygenation 

measures. In addition, the use of radioactive isotopes prevents multiple 

recordings on a single participant due to exposure to ionising radiation and for 

this same reason, is not approved for paediatric research. 

• Functional Near Infra-Red Spectroscopy (fNIRS) – Near infra-red light is 

shone through the scalp surface and reflected light is measured using 

detectors also located around the scalp surface. Haemoglobin absorbs a 

varied amount of light depending on blood volume, flow and oxygenation, and 

so the light intensity detected can be related to haemodynamic activity in the 

brain, and therefore indirectly brain function (Villringer et al., 1993). fNIRS 

benefits from a low-cost wearable system and has therefore been applied to 

a wide range of participant groups. However, it also suffers from poor temporal 

and spatial resolution and can only detect signals from the outermost cortex. 
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In this thesis, we focus on MEG and its potential for studying neurodevelopment. MEG 

combines the excellent temporal resolution from the direct measurement of 

electrophysiology with a high spatial resolution, enabling the detection of transient 

neural networks as they evolve. This combination of high spatial and temporal 

precision is unique, and for this reason, MEG is (arguably) the most attractive means 

to study neurodevelopment. However, the main limitation of MEG is the 

instrumentation used to detect the signals, and it is this problem we aim to address in 

this work. Conventional MEG systems use rigid helmets that are typically designed 

around the adult head (see Figure 1.1), meaning children with smaller head sizes 

have a greater separation between the brain and the MEG sensors. Due to the inverse 

square relationship between magnetic field amplitude and distance from the source, 

this results in substantially lower signal-to-noise ratio (SNR) when scanning young 

children (Gaetz et al., 2008; Hamalainen et al., 1993). In addition, with smaller heads 

there is more space in the MEG helmet, allowing for more head motion, which further 

degrades data quality (Messaritaki et al., 2017). Despite this, there is a growing body 

of research into MEG signals from early life. 

 

Figure 1.1. Conventional MEG. A conventional MEG system (CTF Systems, Canada). 

1.2 Paediatric MEG 

1.2.1 An example application for paediatric MEG 

Despite its limitations, MEG has been instrumental in studying brain development and 

the disorders that affect it in both clinical and research settings. Here, we consider an 

example of such research by providing a brief literature review on the application of 

MEG for the study of auditory processing in autism spectrum disorder (ASD). ASD is 
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one of the most prevalent neurodevelopmental conditions, with 1 to 1.5 % of children 

diagnosed globally (Zeidan et al., 2022), and is marked by difficulties in social 

functioning. Consequently, there have been a range of studies examining auditory 

processing in children with ASD, particularly its relation to language abilities (Cardy 

et al., 2005; Roberts et al., 2011; T. P. Roberts et al., 2019). These studies have 

generally shown that the primary auditory evoked field components (known as the 

M50 [~50ms latency] and M100 [~100ms latency]) are delayed in those with ASD (T. 

P. Roberts et al., 2019). These effects are seen from young children to adults 

(Matsuzaki et al., 2020), and are associated with language proficiency. Importantly, 

these MEG studies only involve children listening passively to auditory tones and 

therefore can, with training, usually be completed even in minimally verbal children 

(Kuschner et al., 2021).  

Studies have further suggested that the slower auditory responses in ASD may be 

related to lower gamma‐aminobutyric acid (GABA) concentration (an inhibitory 

neurotransmitter) measured using magnetic resonance spectroscopy (MRS), 

suggesting altered neurotransmission in ASD (Roberts et al., 2020). These studies 

suggest that MEG is a key modality to derive putative biomarkers for a diagnosis of 

neurodevelopmental disorders (see Roberts et al., 2021 for an extensive review). 

However, measurement of such biomarkers in very young children (e.g., to enable 

the early diagnosis and possible intervention) remains challenging due to limitations 

of current systems. Consequently, if MEG is to achieve its true potential in ASD (and 

other neurodevelopmental conditions), new types of hardware will be needed.  

1.2.2 Paediatric MEG systems 

Most paediatric MEG studies have been conducted using adult-sized MEG systems 

(Kikuchi et al., 2016). Whilst possible, these studies must address the confound that 

– on average – younger children will have smaller heads and therefore lower SNR. 

Consequently, there are far fewer MEG studies with very young children (< 5 years) 

and most studies concentrate on school-age children – whilst extremely valuable, 

these studies miss the most dramatic neurodevelopmental changes that occur in the 

first few years of life. To scan infants (i.e., under 1 year old) using an adult MEG 

typically involves separate measurements for each hemisphere, with participants laid 

on one side, and then the other, to attain whole brain coverage over two independent 

experiments (Kujala et al., 2004). Such studies typically have a very low data retention 

rate, with many studies rejecting more than half of the recruited infant participants due 

to unsuccessful scans or insufficient data quality (Bosseler et al., 2013; Kuhl et al., 
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2014). In addition, they preclude measurement of brain-wide networks, where one 

requires simultaneous data from all brain regions to measure relations between 

signals from different hemispheres. 

There have been several attempts to address this instrumentation gap, with the 

introduction of child- or infant-sized MEG systems, designed around smaller head 

sizes. This reduces the brain-to-sensor distance and therefore increases signal 

sensitivity, while still using the same (cryogenic) sensing technology. 

The first of such systems was the Squid Array for Reproductive Assessment (SARA), 

a system designed for foetal, neonate and infant recordings, shown in Figure 1.2. The 

device used 151 SQUID-based gradiometers in a concave array to conform to the 

pregnant abdomen or an infant’s head using an attached cradle (Holst et al., 2005). 

Due to the wide array design, infant recordings still required three separate sessions 

to gain whole-head coverage. This system was followed by the BabySQUID, which 

housed 76 first-order gradiometers in an ellipsoid-shaped helmet, designed to cover 

approximately half the head (again precluding whole brain coverage) (Okada et al., 

2006). 

The first whole-head paediatric MEG system became available in 2010, with the 

development of the KIT system (Johnson et al., 2010; Yoshimura et al., 2013, 2012), 

initially comprising 64 channels (later upgraded to 151 channels), and designed to fit 

>90 % 5-year-old children. For younger infants, the Artemis 123 was designed to be 

compatible from birth to 3 years old (designed around the median 3-year-old head in 

the USA) (Roberts et al., 2014). The most recent of such cryogenic SQUID-based 

infant systems is the BabyMEG, which has a dense array of 375 magnetometers in a 

helmet designed to fit up to 4 years of age (Okada et al., 2016). 
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Figure 1.2. Paediatric MEG systems. By date, the SARA system with a pregnant participant (Vasung 
et al., 2019); a schematic of the BabySQUID system (Okada et al., 2006); the KIT infant system (left) 
next to the adult system (Hirata et al., 2014); the Artemis123 (Roberts et al., 2014) and the BabyMEG 

(Okada et al., 2016). 

These systems (Figure 1.2) all help to address the problem of small heads. However, 

for neurodevelopmental studies, where the aim is to scan large numbers of individuals 

at different ages and look for changes in brain function, there remains a significant 

confound. Younger participants have to be scanned in a different system to older 

children or adults, and even with paediatric systems, a new-born baby’s head remains 

much smaller than that of a 4-year-old, meaning the same limitations of changing SNR 

apply.  

1.3 A new generation of MEG 

It is clear that there is a demand for a more viable and adaptable MEG system suitable 

for investigating electrophysiology from birth to adulthood. However, it requires 

sensitive sensors to detect the minute magnetic field changes at the scalp surface. 

Previously, this has only been obtainable with cryogenically cooled superconducting 

technologies. However, in recent years, several promising alternatives to SQUIDs for 

MEG have been introduced.  

• High-Tc SQUIDs benefit from a higher critical temperature, allowing a 

superconductive state (and hence operation) at liquid nitrogen temperatures 

(77 K), rather than liquid helium temperatures (4 K). This reduces the required 

size of the insulating gap between the sensor and scalp to less than 1 mm 
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(Faley et al., 2017), resulting in greater signal magnitude. Unfortunately, high-

Tc SQUIDs still require nitrogen cooling and are therefore difficult to deploy in 

a wearable system.  

• Nitrogen Vacancy (NV) magnetometers offer a promising flexible 

alternative. By isolating the electronic spin of an NV centre, these systems 

become sensitive to very weak magnetic fields, which could be exploited to 

measure brain activity (Hahl et al., 2022; Rondin et al., 2014). NV 

magnetometers function at room temperature and can be miniaturised to be 

housed in casings that can sit on the scalp. However, at the time of writing, 

the sensitivity at room temperature remains lower than that of SQUIDs, 

achieving multiple 𝑝𝑇/√𝐻𝑧 noise floors, compared to <10  𝑓𝑇/√𝐻𝑧  for a 

SQUID. 

• Solid-state fluxgate magnetometers have been developed by a group in 

Moscow, that can detect MEG signals. They were able to detect alpha 

oscillations from a single channel (Koshev et al., 2021) and have simulated 

multi-channel arrays of such sensors (Skidchenko et al., 2023). However, 

these remain in very early development and the current prototypes suffer from 

a noise floor that is approximately ten times larger than SQUIDs. 

• Optically pumped magnetometers (OPMs) manipulate the quantum 

properties of alkali metal atoms to induce a magnetically sensitive state within 

an ensemble. OPMs successfully achieve comparable sensitivity to SQUIDs 

(commercial sensors have a noise floor of ~15 𝑓𝑇/√𝐻𝑧) while maintaining an 

external temperature closer to body temperature, and so can be held much 

closer to the scalp surface. Theoretically, the sensitivity of an OPM could 

exceed that of SQUIDs to achieve sub 𝑓𝑇/√𝐻𝑧 (Dang et al., 2010). 

Additionally, they have already been miniaturised to enable wearability 

(Sander et al., 2012), and commercialised (Alem et al., 2023; Gutteling et al., 

2023; Osborne et al., 2018). Multi-channel, whole-head OPM-based MEG 

systems have been demonstrated (Boto et al., 2018) and already cost less 

than conventional SQUID-MEG systems. The bandwidth of OPMs is typically 

0 – 150 Hz, which, while lower than that of SQUIDs still covers the range of 

frequencies of interest in most MEG studies. The dynamic range of the current 

commercially available sensors is approximately ±1.5 nT. While this is limited, 

additional methods of background magnetic field control (Holmes et al., 2018) 

allow sensors to operate without exceeding this range (see Chapter 3). For 
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these reasons, OPMs have emerged as the stand-out alternative to SQUIDs 

for the next generation of MEG instrumentation (Brookes et al., 2022). 

1.4 Thesis aims 

The overarching aim of this thesis is to develop and test the first whole-head 

paediatric OPM-MEG system. To achieve this, we will address four key areas: 

1. We will evaluate the performance of an OPM-MEG system in comparison to a 

conventional cryogenic MEG system, when detecting signals that oscillate at 

a low frequency. Low frequencies are a particular challenge for OPMs but are 

important in the early years of development. 

2. We will design and test a method of generating “pseudo-MRIs” using age-

matched templates MRIs for MEG analyses. This is particularly important for 

enabling source-level processing of MEG data from healthy child participants, 

who may find the MRI scanning environment a challenge. 

3. We will construct and demonstrate an OPM-MEG system by scanning a cohort 

of healthy preschool and school-aged children and healthy adults during a 

simple sensory task. We acquire whole-head recordings to analyse 

connectivity and look at developmental trajectories from childhood to 

adulthood.  

4. We will conduct the first multi-centre OPM-MEG study, enabling the collection 

of (to our knowledge) the largest OPM-MEG dataset to date. We will generate 

evidence that multi-site data can be analysed collectively, using a visual 

paradigm in a large group of children aged 2-13 years and adults, to assess 

the developmental trajectory of gamma-band activity. 

1.5 Thesis outline 

In what follows, 

Chapter 2 introduces the basic idea of neurophysiology and electrical signalling in 

the brain, describing the signals measured by MEG. Conventional MEG systems are 

then described, including the principle of operation for SQUID sensors. The analysis 

techniques typically used with MEG data are covered, including the forward and 

inverse problem solutions and functional connectivity.  

Chapter 3 describes OPMs, from the quantum mechanical principles of optical 

pumping to the construction of wearable MEG systems. We discuss in detail the 

commercial QuSpin magnetometers, used for all OPM-MEG data collection described 
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in this thesis. We then describe the principles of magnetic shielding and consider the 

evolution of helmet and system design.  

Chapters 4 – 7 are experimental chapters that address aims 1-4, respectively. 

Chapter 8 provides a summary of our findings and offers concluding remarks on the 

future of OPM-MEG technology.  
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2 Magnetoencephalography 

2.1 Chapter overview 

Magnetoencephalography (MEG) is a non-invasive, direct measure of human 

electrophysiology that characterises the changes in the magnetic field at the scalp 

surface that are generated by neural current flow in the brain. This chapter first covers 

the theory underlying the cellular origins of the MEG signal and describes the types 

of signals measured. The instrumentation used to collect MEG data is then described, 

and a typical scanning procedure outlined. Finally, the methods by which data are 

typically processed are explained, detailing how signals at the scalp surface can be 

mathematically reconstructed as maps of brain function and source-level time 

courses. Some of this theory has been published in a contributed textbook chapter, 

Rhodes et al., Springer Nature (Rhodes et al., 2022). 

2.2 Origin of the MEG signal 

The human brain is made up of a network of more than 100 billion individual 

electrically active cells (neurons), interconnected in complex circuits. It is through 

these cells and circuits that we gain our senses, our perception, and our ability to 

learn, to move, and to hold memories. These fundamental building blocks of the 

nervous system facilitate the generation and transportation of electrical signals across 

the brain. Neurons are supported by a second class of cell, glia. While there are many 

more glial cells than neurons (2-10 times more (Kandel et al., 2000)), they provide 

metabolic support and so are not directly involved in passing electrical signals, and 

are unlikely to contribute to the MEG signal. We will therefore concentrate on the 

signalling unit of the nervous system, the neuron. 

2.2.1 The neuron 

While neurons can be separated into many different classes, each with a slightly 

different morphology, they typically have four main regions: 

1. The cell body (or soma) - the metabolic centre. This region contains the cell 

nucleus, and therefore the cell’s genetic information. 



12 
 

2. Dendrites – the signal receivers. Dendrites branch out from the cell body, 

forming synaptic connections with other neurons, through which they receive 

signals and transport these to the cell body.  

3. The axon – the signal transmitter. A long protrusion from the cell body that 

carries signals to other neurons. The axon is connected to the cell body via 

the axon hillock. 

4. Presynaptic terminal – the connector. This enlarged region at the end of axon 

branches forms the connection between the transmitting neuron’s axon and 

the receiving neuron’s dendrites, as seen in the boxes in Figure 2.1a. 

 

Figure 2.1. The neuron. a) The structure of a human neuron (adapted from Hamalainen et al., 1993); 
b) a pyramidal neuron and c) a stellate neuron (adapted from Churchill et al., 2004) 

Neurons are broadly separated into two categories, principal (pyramidal) cells and 

interneurons. These cells differ in distribution of dendrites around the cell body. For 

example, stellate interneurons (Figure 2.1c) have dendrites arranged symmetrically 

around the cell body; pyramidal neurons (Figure 2.1b) have an asymmetric 

distribution of dendrites around the cell body. This is important as the orientation of 

the current-carrying dendrites influences the ability to measure magnetic fields. The 

spherically symmetric stellate dendritic currents generate fields that effectively cancel 

one another out, producing little measurable MEG signal. The directionally biased 

pyramidal dendritic current flow generates magnetic fields that interfere 
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constructively, and therefore it is pyramidal neurons that likely contribute most to the 

measured MEG signal. 

Neurons are interconnected in a massively complex system of networks, with simple 

functions requiring electrical impulses to be passed between thousands, if not 

millions, of cells. How these electrical impulses are generated, and then transmitted, 

is based on the balance of potential difference across cell membranes. 

2.2.2 Resting potential 

Resting neurons have a stable membrane potential that is actively maintained by ion 

transport mechanisms. Cell membrane “pumps” transport ions against concentration 

gradients using chemical energy (via adenosine triphosphate or ATP), coinciding with 

ions leaking out along the concentration gradients through “ion channels”. At rest, 

permeability is larger for potassium 𝐾+, causing an excess within the cell interior and 

an abundance of sodium 𝑁𝑎+ and chloride 𝐶𝑙− outside the cell membrane, resulting 

in a negative potential difference of approximately -70 mV across the cell wall. The 

cell membrane potential, Δ𝐸, is given by the Goldman Equation, 

∆𝐸 =
𝑅𝑇

𝐹
𝑙𝑛

𝑃𝐾[𝐾+]𝑜 + 𝑃𝑁𝑎[𝑁𝑎+]𝑜 + 𝑃𝐶𝑙[𝐶𝑙−]𝑖

𝑃𝐾[𝐾+]𝑖 + 𝑃𝑁𝑎[𝑁𝑎+]𝑖 + 𝑃𝐶𝑙[𝐶𝑙−]𝑜
(2.1) 

where R is the gas constant, 𝑇 is the absolute temperature, 𝐹 is the Faraday constant, 

𝑃𝐾 etc. are the relative permeabilities, [𝐾+]𝑜 are the extracellular concentrations and 

[𝐾+]𝑖 are the intracellular concentrations (Goldman, 1943). The net concentration of 

these ions always remains largely the same. It is instead the membrane permeability 

that changes due to impeding electrical impulses.  

2.2.3 Neurotransmission 

Information is transmitted along neurons to other neurons by action potentials that 

trigger post-synaptic potentials via the emission of chemical neurotransmitters across 

synapses (the connections between neurons). 

2.2.3.1 Action potentials 

If the membrane permeability changes, this can cause the potential difference across 

the cell wall to decrease beyond a threshold of approximately -55 mV, causing sodium 

ions to rapidly flow into the cell, while potassium ions flow out. The rapid influx of the 

positively charged sodium ions briefly increases the potential to approximately +40 

mV (depolarisation). At this point, the sodium influx ceases, and potassium ions 
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continue to flow out of the cell, briefly reaching a point of hyperpolarisation (membrane 

potential of less than -70 mV) before returning to the resting potential difference of -

70 mV by ion channels actively pumping against the concentration gradient 

(repolarisation). This is shown in Figure 2.2a. This process is typically initiated at the 

axon hillock (Figure 2.1) and then repeats at adjacent points along the length of the 

axon, producing a pulse of current, known as an action potential. 

The magnetic field produced by an action potential can be described by a quadrupolar 

field. The amplitude of a magnetic field produced by a quadrupole diminishes rapidly 

with distance from the source, following an inverse cube law (1
𝑟3⁄ ). Action potentials 

are short in duration, typically lasting 1 – 2 ms, meaning that there is a low likelihood 

for many thousands of action potentials to fire synchronously to allow constructive 

interference and a large measurable signal. Due to a combination of these two 

features, action potentials are not likely to be the main contributor to the MEG signal.  

2.2.3.2 Post-synaptic potentials 

When an action potential reaches the presynaptic terminal (Figure 2.1a), 

neurotransmitters are released across the synapse, causing a change in permeability 

at the dendrite wall of the receiving cell. The polarisation of the receiving cell changes, 

known as the post-synaptic potential, resulting in an intracellular flow of ions, known 

as the primary current. To restore the resting potential difference, ions are pumped 

against the concentration gradient, resulting in a secondary extracellular (volume) 

current between the ion pump and synapse in the opposite direction to the primary 

current (Figure 2.2b). Post-synaptic signals can be either excitatory or inhibitory. 

Whether a signal is excitatory or inhibitory depends upon the ion channels opened by 

neurotransmission. An increase in permeability to sodium and potassium ions leads 

to depolarization and therefore an excitatory signal, whereas an increase in 

permeability to chloride results in hyperpolarization and an inhibitory signal. The role 

of the neuron is to integrate these signals; if a sufficient number of excitatory post-

synaptic potentials are received by the neuron, it will become more likely to generate 

an action potential. Likewise, more inhibitory post-synaptic potentials result in a 

decrease in the probability of a neuron generating an action potential. 
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Figure 2.2. Action potential and post-synaptic current. a) A diagram showing the flow of ions during 
the resting potential, depolarisation, and repolarisation phases of an action potential. b) A post-synaptic 
current diagram. At the left, we see the influx of ions from the synapse, and at the right we see the ion 

pumps, pumping positive ions against the concentration gradient, producing the volume currents in 
opposing direction to the primary current. 

The post-synaptic current typically lasts in the order of tens of milliseconds 

(Hamalainen et al., 1993), meaning that there is a greater likelihood of synchronisation 

of post-synaptic currents than action potentials. Further, the primary post-synaptic 

current can be modelled as a current dipole, meaning the induced magnetic field from 

such activity decays with the inverse square of distance (1
𝑟2⁄ ). Therefore, post-

synaptic potentials both produce larger amplitude magnetic fields at distance and are 

more likely to fire synchronously, meaning they consequently provide the largest 

contribution to the measured MEG signal. 
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2.2.3.3 A measurable MEG signal 

Mathematically, if a post-synaptic current can be modelled as a current dipole, 

strength 𝑄, is given by,  

𝑄 =  𝜆𝐼, (2.2) 

where 𝜆 = √𝑟𝑚/𝑟𝑖 is the characteristic decay length, which for the post-synaptic 

current is dependent on the resistivities of the membrane (𝑟𝑚) and intracellular fluid 

(𝑟𝑖), respectively, and 𝐼 is the current. The post-synaptic current can be rewritten using 

Ohm’s law to give, 

𝑄 =
∆𝑉𝜆

𝑅
, (2.3) 

where 𝑅 is the cells’ internal resistance 𝑅 = 𝑟𝑖𝜆 and ∆𝑉 is the change in voltage. 

However, the resistivity of the intracellular fluid can be expressed in terms of the 

diameter of the dendrite 𝑑 and the intracellular conductivity 𝜎𝑖, such that, 

𝑟𝑖 =
4

𝜎𝑖𝜋𝑑2 , (2.4) 

and therefore Equation 2.3 can be re-written as, 

𝑄 =  
∆𝑉𝜎𝑖𝜋𝑑2

4
. (2.5) 

Typical values for these terms have been determined experimentally (𝑑 = 1 𝜇𝑚, 𝜎𝑖 =

1 Ω−1𝑚−1, ∆𝑉 = 25 𝑚𝑉), yielding 𝑄 ≈ 20 𝑓𝐴𝑚 for the current from a single unit post-

synaptic event (Hamalainen et al., 1993).  

Measurable MEG signals are typically of order ~10 fT, which, for a conventional 

sensor geometry and realistic source depth, requires a source amplitude of 

approximately 1 nAm. Therefore, a MEG signal requires around 104-105 synchronised 

post-synaptic events. 

2.2.3.4 Summary 

The above theoretical analysis shows that MEG signals, detected outside the head, 

originate mostly from the constructive interference of the magnetic fields produced by 

the primary current from post-synaptic potentials of many thousands of synchronously 

firing pyramidal neurons.  
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2.3 MEG signals 

MEG measures a range of brain signals, from stimulus responses to oscillations that 

occur without stimuli. We broadly separate these into evoked responses, 

spontaneous rhythms, and induced responses. 

2.3.1 Evoked responses 

Evoked responses occur when a participant is exposed to an external stimulus and 

neural currents in relevant brain regions are time and phase-locked to the onset of 

the stimulus. Typically, a stimulus is presented over multiple trials, and the signals are 

averaged, which attenuates noise by the square root of the number of trials and 

proportionally “enhances” time and phase-locked signals related to the stimuli (see 

Figure 2.3). Evoked activity from healthy brains typically has relatively consistent 

morphology, meaning deviation from the norm in terms of timing or temporal 

morphology is often associated with abnormal function. Repeated stimuli in short 

succession can drive a steady-state evoked response, which describes evoked 

activity that mirrors either the driving frequency of the stimuli or its harmonics. 

2.3.2 Spontaneous rhythms 

Spontaneously occurring rhythmic activity dominates the MEG signal. Spontaneous 

rhythms are always present, even in the absence of stimuli, and are typically grouped 

into the following frequency bands based on associated functions and spatiotemporal 

relationships:  

• Delta (1 – 3 Hz): slow delta oscillations are typically associated with deep 

sleep (Cajochen et al., 1999; Steriade et al., 1993), some cognitive processes 

involving attention (Harmony, 2013), and may be impaired in multiple 

pathologies, including traumatic brain injury (Huang et al., 2014).  

• Theta (4 – 8 Hz): theta oscillations are associated with memory and cognition, 

with the hippocampus centrally involved in theta networks (Karakaş, 2020). 

They are implicated (similarly to delta) in multiple cognitive disorders, including 

Alzheimer’s (Jeong, 2004) and Parkinson’s (Stoffers et al., 2007). Further, in 

early life, we see greater power in these low frequency oscillations (Miskovic 

et al., 2015). Chapter 4 will focus on theta oscillations. 

• Alpha (8 – 12 Hz): the first spontaneous rhythms to be detected by EEG in 

1929 (Berger, 1929), alpha oscillations are high amplitude, particularly in the 

occipital cortex. They are thought to gate inhibition and information transfer 
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(Jensen and Mazaheri, 2010), and are also implicated in pathological function, 

such as in Alzheimer’s Disease (Başar, 2012). The peak frequency of alpha is 

age-dependent, with a lower frequency in early life (Miskovic et al., 2015). 

• Beta (13 – 30 Hz): often associated with sensorimotor function, beta 

oscillations reduce in amplitude during sensory or motor tasks, and then 

rebound above baseline following task cessation (Barone and Rossiter, 2021; 

Pfurtscheller and Lopes da Silva, 1999). However they are not only implicated 

in sensorimotor tasks and are found across the wider brain (Michalareas et 

al., 2016; Siegel et al., 2009), and are associated with top-down processing 

and inhibition (Bastos et al., 2015; Engel and Fries, 2010). Abnormalities in 

beta are associated with a variety of disorders, including Autism Spectrum 

Disorder (ASD) (Ronconi et al., 2020), and by pharmaceuticals 

(Muthukumaraswamy et al., 2013). Chapter 6 focuses on the development of 

sensorimotor beta oscillations. 

• Gamma (> 30 Hz): gamma oscillations are thought to be critical in cognition 

and information processing. As they are induced by interactions between 

inhibitory and excitatory neurons, they are thought to provide a metric of 

cortical inhibitory-excitatory balance (Sohal and Rubenstein, 2019). This is 

believed to be impaired in a range of neuropathologies, including ASD and 

schizophrenia. Chapter 7 will focus on gamma oscillations. 

These canonical frequency bands do not encompass the entire range of measurable 

electrophysiological signals; we neglect here the high frequency ripples (80 – 250 Hz) 

(Kuhnke et al., 2018), or even fast ripples (>250 Hz) (Pizzo et al., 2016), which are 

typical markers of epileptiform activity. However, it is the above-described frequency 

bands that are present in healthy brain function that we will focus on. We typically 

transform MEG signals into the frequency domain to investigate the spectral content 

of spontaneous rhythms, as shown in Figure 2.3. Often, we focus on how tasks can 

affect these spontaneous rhythms. 

2.3.3 Induced responses 

When an external stimulus causes a spontaneous rhythm to change, we describe 

these as induced responses. These manifest as time-locked but not phase-locked 

changes in oscillatory signals. This means that averaging signals in the time domain, 

as we would with evoked activity, attenuates the induced response rather than 

providing relative amplification. Therefore, to study induced response effects, we 

typically filter data to a frequency range of interest and calculate the amplitude 
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envelope of such signals before averaging, as shown in Figure 2.3. Visualising 

induced responses can be done either by a single frequency band amplitude or across 

all frequencies using a time-frequency spectrogram (TFS). This provides a way to 

investigate the change in spectral content over time across a range of frequencies, 

enabling observation of induced activity across a trial. An example of this is shown in 

the TFS in Figure 2.3, where a visual task is shown to elicit an increase in amplitude 

in the gamma band (> 30 Hz) relative to a baseline period, signified by yellow.  

2.3.4 Functional connectivity 

While different brain regions have been independently associated with different 

functions, it is the communication between brain regions through complex networks 

of connections that enables healthy brain function. Such networks are investigated 

through functional connectivity, whereby signals from different spatial locations are 

related to one another to measure interdependency and thus infer connectivity. The 

premise of such measures is that brain regions that are active at the same time, or in 

the same way, are likely to be “connected” to one another. This was first introduced 

through fMRI, whereby brain regions which showed a synchronised increase in 

demand for oxygenated blood were suggested to be connected (Biswal et al., 1995). 

In electrophysiology, functional connectivity is typically investigated via one of two 

metrics: phase coherence and amplitude envelope correlation (Figure 2.3). 
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Figure 2.3. MEG Signals. The top panel shows evoked activity, with a diagram of an auditory evoked 
activity (left), showing time-locked responses and trial averaging to reduce noise, and an example 
auditory evoked response (right) (adapted from Hajizadeh et al., 2019). The second panel shows 
spontaneous rhythms of neural oscillations. The diagram on the left shows how these signals are 

transformed into the frequency domain to analyse the spectral content. The example (right) shows an 
average power spectrum from MEG recordings from 434 participants, with separate frequency bands 

highlighted in different colours (adapted from Rempe et al., 2023). The third panel shows induced 
responses. The diagram (left) shows how averaging in the time domain diminishes the signals as they 
are out of phase, but taking the oscillatory amplitude allows averaging to attenuate noise. The example 

(right) shows an increase in gamma-band amplitude during a visual task (adapted from Hill et al., 
2022). The bottom panel shows functional connectivity. The diagram on the left shows how functional 

connectivity can be measured via phase coherence or amplitude envelope correlation. The example on 
the right shows a functional connectome showing the amplitude envelope correlation across the beta 

band during resting state (Boto et al., 2021). 
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Phase coherence follows the hypothesis of “communication by coherence”, 

suggesting that neurons that fire in phase are best placed to receive signals from one 

another, and so it follows that regions that oscillate in phase are most likely to be 

functionally connected (Fries, 2005). Amplitude envelope correlation (AEC) instead 

assumes that synchronised changes in amplitude across specific frequencies of 

neural oscillations from spatially distinct brain regions suggest connectedness (Engel 

et al., 2013).  It has been shown that networks revealed by AEC analysis of MEG data 

show high similarity to those observed by fMRI (Brookes et al., 2011c). It has also 

been shown that (unlike fMRI) the high temporal resolution of MEG offers time-

resolved assessment of network dynamics (G.C. O’Neill et al., 2015). A 

methodological description of AEC analysis is provided in Chapter 2.5.3. 

2.4 Collecting MEG data 

The amplitude of the MEG signal is tens to hundreds of femtotesla. To put this into 

perspective, the Earth’s magnetic field is approximately fifty microtesla, and so the 

neuromagnetic signal is approximately a billion times smaller. Further, interfering 

magnetic sources in the environment, such as vehicles and the many sources of 

electrical power present in urban areas, are many orders of magnitude larger than the 

signals of interest. As such, MEG requires highly sensitive instrumentation to capture 

the small neuromagnetic signals and analysis techniques are used to disentangle 

them from environmental magnetic noise. In this section, we will describe the 

conventional instrumentation used detect the MEG signal. 

2.4.1 A brief history of MEG 

The first instance of a recording of human neuromagnetic signals used a single sensor 

comprising a copper pick-up coil of one million turns of wire, housed inside a pod-like 

magnetically shielded room (Cohen, 1968). Such coils, however, could not be 

practically made into a multi-channel array to sample magnetic field patterns at 

multiple spatial locations, and so take advantage of the spatial specificity theoretically 

provided by MEG. In the years following the first MEG recording, multi-channel arrays 

were constructed using superconducting quantum interference devices (SQUIDs) 

(Silver and Zimmerman, 1965). First demonstrated for neuromagnetic recording in the 

early 1970s (Cohen, 1972), SQUIDs operate through a combination of 

superconductivity and the Josephson effect (Josephson, 1974, 1962). 
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2.4.2 Superconductivity 

Superconductivity describes the phenomenon whereby a material shows a complete 

lack of electrical resistance when taken below a critical temperature, 𝑇𝑐. This allows 

materials to form a perfect conductor (Onnes, 1911). In this superconducting state, 

materials behave like ideal diamagnets, which expel any magnetic field from within 

their bulk (Meissner and Ochsenfeld, 1933). However, this effect is destroyed by 

certain magnetic conditions. In type-I superconducting materials (typically elemental 

metals), this condition is above a critical magnetic field, 𝐵𝐶. Type-II superconductors, 

however, have two critical magnetic fields 𝐵𝐶1 and 𝐵𝐶2 (where 𝐵𝐶1<<𝐵𝐶2), between 

which magnetic flux can penetrate the material and the density of magnetic flux rises 

with field strength up to 𝐵𝐶2, whereby superconductivity is destroyed (Rjabinin and 

Shubnikow, 1935). 

A theory to explain superconductivity was proposed by Bardeen, Cooper and 

Schrieffer in 1957 (known as BCS theory - Bardeen et al., 1957). The theory states 

that an electron passing through a lattice causes the lattice to distort towards it, 

causing a build-up of positive charge around the electron. If a second electron passes 

nearby, it is attracted to the positive charge, binding to the first electron, creating a 

structure known as a Cooper pair that can move around the lattice without friction. 

The bond between the electrons in the Cooper pair is weak, requiring very little 

thermal energy to be broken, and hence why superconductivity typically requires very 

low temperatures. 

Critically, Cooper pairs act like bosons and can therefore occupy the same quantum 

state. BCS theory explains that the binding energy between Cooper pairs increases 

as more pairs exist in the same state. Consequently, this favours a state where the 

motion of all Cooper pairs is equivalent, giving rise to the observed supercurrents. We 

can also describe the ensemble of Cooper pairs by a single wave function of the form, 

𝜑(𝑟) =  𝜑0𝑒𝑖𝒒∙𝒓, (2.6) 

where 𝜑0 is the ground-state wave function of the Cooper pair, 𝒓 is the centre of mass 

common to all Cooper pairs and their momentum is ℏ𝒒. Therefore, the wave function 

propagates as an oscillator, with phase dependent on 𝒒 ∙ 𝒓. If we consider a 

superconducting loop, magnetic flux that passes through the loop is quantised and 

induces a “shielding current” in the loop, which can be manipulated through the 

Josephson effect to provide a measure of the magnetic field. 
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2.4.3 Josephson junctions 

The Josephson effect dictates that superconductivity remains when introducing an 

insulating barrier – a Josephson junction – between two superconducting materials 

(Josephson, 1962). Cooper pairs can tunnel across the barrier without resistance up 

to a critical current, beyond which, the insulating barrier has resistive properties. If we 

apply a bias current across the junction that is larger than the critical current, a change 

in magnetic field will no longer induce a change in current, but rather a change in 

potential difference. A SQUID typically incorporates two Josephson junctions on 

either side of a superconducting loop, as shown in Figure 2.4a. The potential 

difference across the SQUID varies periodically with the flux through the 

superconducting loop, 

𝑉 ∝ 𝐴𝑐𝑜𝑠 (
𝑒

ℏ
𝚽) , (2.7) 

where 𝐴 is the effective area of the SQUID loop, 𝑒 is the electron charge, ℏ is the 

reduced Planck’s constant and the period is the flux quantum 𝚽𝟎 = 2.7 ×

10−1𝑊𝑏. Because the flux quantum is so small, SQUIDs are highly sensitive to the 

tiny neuromagnetic fields. 

However, due to the periodicity of Equation 2.7, a potential difference does not 

correspond to a unique amount of flux. Therefore, feedback circuitry with lock-in 

detection enables measurement of the flux as an approximately linear function of 

potential difference by applying equal and opposite magnetic flux to maintain constant 

flux. The applied potential therefore provides the measurement of flux. 

Figure 2.4 shows a diagram of SQUID circuitry, including a flux transformer that is 

coupled to the SQUID. This allows the SQUID to be held distal from the scalp surface, 

shielding it from external interference. 
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Figure 2.4. SQUID Circuitry. a) A diagram of a SQUID, showing two Josephson junctions around a 
superconducting ring, through which there is a magnetic field, B, and b) the voltage output from a 

SQUID and how feedback circuitry enables measurement of flux. c) A flux transformer to shield the 
SQUID from external interference. 

2.4.4 Magnetometer vs. gradiometer 

SQUID magnetometers comprise a single superconducting wire-wound loop placed 

close to the head, which is magnetically coupled to the SQUID; gradiometers 

comprise two loops, separated by some baseline distance and also coupled to the 

SQUID. Gradiometers can be planar, or axial, depending on the orientation of the 

separation between the coils, shown in Figure 2.5. 
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Figure 2.5. Gradiometry. a) A SQUID magnetometer comprising a single loop, b) an axial 
gradiometer, with the baseline labelled as b, and c) a planar gradiometer with baseline b. 

The principle of gradiometry is to enhance sensitivity to nearby sources of magnetic 

field (i.e., sources from within the head) and reject common-mode interference (i.e., 

distal sources whose field does that vary rapidly in space) by measuring the magnetic 

field gradient rather than the absolute magnetic field. However, this comes at a cost 

of some depth resolution in the brain, meaning that gradiometers are less sensitive to 

deep brain sources than magnetometers. Conventional MEG systems have been 

based on magnetometers, gradiometers, or a mixture of the two.  

The gradiometer layouts shown in Figure 2.5 are classed as first-order gradiometers. 

It is possible to improve interference rejection further by introducing higher-order field 

gradients, however, building physical high-order gradiometers is impractical. Instead, 

we can form synthetic higher-order gradiometers by using a combination of the first-

order gradiometers and reference sensors distal to the head. The CTF MEG system 

used in the work described in this thesis employs synthetic 3rd-order gradiometry 

using distal pickup coils that measure three orthogonal field components to 

characterize external interference for rejection (Vrba, 2002). 

2.4.5 Conventional MEG data acquisition 

Conventional MEG systems comprise multiple elements. The work described in this 

thesis uses a CTF MEG system (CTF, Canada), and so here we focus on this system 

for the following description. The system is housed within a magnetically shielded 

room (see Chapter 3.6 for a description of passive magnetic shielding). Waveguides 

in the walls of the shielded room provide the ability to feed connections from within 

the room to the control room, enabling data acquisition and control of stimulus 

equipment. Typically, visual stimuli are presented via back projection onto a screen 

in front of the participant. Stimulus equipment can include (but is not limited to) button 
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response boxes, earphones for auditory stimuli, eye tracking systems or nerve 

stimulation devices. 

A participant is positioned on the patient support, which can be held in either a seated 

position or supine, with their head held inside a helmet that sits at the bottom of the 

gantry containing the Dewar of SQUIDs and liquid helium. Padding holds the 

participant’s head in place to provide comfort and reduce head motion relative to 

sensors within the helmet. A video camera and intercom system allow the 

experimenter to monitor and communicate with the participant during acquisition. 

The CTF system uses a dedicated electronics rack to read out SQUID measurements 

and perform analogue to digital conversion before transfer to the acquisition PC, 

which allows real-time visualisation and data recording. Stimuli are controlled by a 

separate stimulus PC, which sends timing information in the form of triggers to the 

acquisition PC to align stimuli and MEG data recording. 

2.4.5.1 Safety 

SQUID sensors are housed in a Dewar of liquid helium, which is held at approximately 

4 K. There are risks associated with the use of cryogens, including cryogenic burns 

and asphyxiation by oxygen displacement from helium gas, should large volumes of 

liquid helium evaporate. Participant safety is ensured by continuous monitoring and 

communication during MEG recordings, oxygen sensors in the shielded room to 

monitor the oxygen levels throughout, and flow rate meters to warn of excess helium 

evaporation. 

2.4.5.2 Quality control 

Before running a MEG experiment, a recording is typically taken without any 

participant in the room. This “empty room noise recording” is inspected to ensure that 

the noise floor is within a suitable range for MEG acquisition (< 10 𝑓𝑇/√𝐻𝑧 ), and to 

identify sources of interference. Once the participant is inside the room, with their 

head held in the helmet, tests are run to ensure that artefacts are not excessively 

large that would suggest the presence of magnetic materials (typically asking the 

participant to blink, take a deep breath and clench their jaw). 

2.4.5.3 Coregistration 

Coregistration is the process by which the locations of the MEG sensors are 

determined relative to a participant’s anatomy. For conventional MEG systems, the 

positions and orientations of each sensor are well-known relative to one another, and 

so the position of the array must only be determined relative to the brain structure. 

Fiducial coils are attached to the nasion and preauricular points before data collection 
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and are energised throughout the scan to track head position relative to MEG sensors. 

Either prior to, or following MEG data acquisition, the locations of the fiducial coils are 

determined relative to the participant’s head/face shape using 3D digitisation, typically 

with a Polhemus system (Polhemus FASTRAK 3D digitiser). The head shape from 

the 3D digitisation is aligned to an anatomical MR image (typically T1 MPRAGE). First, 

the scalp is extracted from the MRI using edge detection via software tools such as 

FieldTrip (Oostenveld et al., 2011). An iterative closest point (ICP) algorithm is then 

used to match 3D digitisation points to the MRI scalp. This yields the location of the 

fiducial markers relative to the participant’s MRI anatomy, and therefore the sensor 

array relative to brain structure. 

2.5 Mathematical modelling of MEG signals 

While MEG signals can be analysed in sensor space, to take advantage of the high 

spatial resolution afforded by measuring magnetic fields (rather than electric 

potentials), we most often analyse data in source space. This process involves 

estimating the currents within the brain that would generate the magnetic field 

measured at the scalp surface. This is known as the inverse problem solution and is 

ill-posed (Hadamard, 1902), meaning that a single magnetic field measured by the 

MEG sensors could be generated by an infinite number of different current 

distributions within the brain. To estimate a solution, we must first construct a model 

that describes the magnetic field generated by a known current source in the brain 

(known as the forward model). We then apply a set of assumptions in order to infer a 

solution to the inverse problem. 

2.5.1 The forward problem 

The forward problem involves the calculation of the magnetic field distribution outside 

the head produced by a known current distribution inside the head. This is a well-

posed problem, but we must still make approximations to solve it analytically. First, 

we assume that, when viewed from a distance, the magnetic field from the 

synchronous firing of a large number of post-synaptic currents looks like a magnetic 

field that would result from a single current dipole. Next, we make an approximation 

that describes the conductivity of the tissues between the current source and the MEG 

detector. There are multiple ways to do this, ranging in complexity. 
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2.5.1.1 Single sphere model 

The simplest forward model was developed by Sarvas (1987) and describes the head 

as a single conducting spherical volume, 𝐺, with homogeneous conductivity. 

We can use Maxwell’s equations to describe the current density, 𝑱, in terms of the 

electric field 𝑬 and local magnetic field 𝑩, such that, 

 𝛁 ∙ 𝑬 =
 𝜌

𝜖
 

𝛁 × 𝑬 =
−𝜕𝑩

𝜕𝑡
 

𝛁 ∙ 𝑩 = 0 

𝛁 × 𝑩 =  𝜇0 (𝑱 + 𝜖
𝜕𝑬

𝑑𝑡
), 

 

 

(2.8) 

where 𝜌 is the charge density, 𝜖 is the permittivity and 𝜇0 is the permeability of free 

space. Typically, as the neuromagnetic fields we measure vary at less than 100 Hz, 

we can make a quasi-static approximation (Hamalainen et al., 1993), removing the 

time dependence to modify two of Maxwell’s equations to, 

 𝛁 × 𝑬 = 0 

𝛁 × 𝑩 = 𝜇0𝑱. 

 

(2.9) 

The magnetic field at a location 𝒓 outside the spherical conductor due to a current 

density at 𝒓′ inside the conductor is described by the Ampère-Laplace law, the 

continuous counterpart of the Biot-Savart law that applies to closed wire loops 

(Hamalainen et al., 1993) such that, 

𝑩(𝒓) =
𝜇0

4𝜋
∫ J(𝒓′) ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3 𝑑𝑣

𝐺

, (2.10) 

where 𝑑𝑣 is a volume element of the volume 𝐺. Recall from Figure 2.2 that post-

synaptic potentials provide two types of current that contribute to the MEG signal: the 

primary current, 𝑱𝑷(𝒓′), and the volume current 𝑱𝑽(𝒓′). The total current density at 𝒓′ is 

therefore the sum of the primary and volume currents,  

𝑱(𝒓′) =   𝑱𝑷(𝒓′) +  𝑱𝑽(𝒓′). (2.11) 

As the volume currents are from the electrical field generated outside the cell by the 

ion pumps, we can rewrite this as  

𝑱(𝒓′) =   𝑱𝑷(𝒓′) +  𝜎𝑬(𝒓′), (2.12) 
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where 𝜎 represents the local conductivity at 𝒓′, which we have approximated as 

homogeneous throughout 𝐺. We can rewrite the electrical field as the negative of the 

gradient of the electrical scalar potential, 𝑉, and so  

𝑱(𝒓′) =   𝑱𝑷(𝒓′) −  𝜎∇𝑉(𝒓′). (2.13) 

If we now substitute Equation 2.13 into Equation 2.10, we find that, 

𝑩(𝒓) =  
𝜇0

4𝜋
∫  𝑱𝑷(𝒓′) ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3

𝐺

𝑑𝑣 −
𝜇0𝜎

4𝜋
∫ ∇𝑉(𝒓′) ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3 𝑑𝑣.

𝐺

(2.14) 

Note that the first term represents the contribution to the magnetic field from the 

primary current, and the second term represents the contribution from the volume 

currents. Concentrating on the second term and using the vector identity ∇𝑎 × ∇𝑏 =

∇ × (𝑎∇𝑏), letting ∇𝑎 = ∇𝑉 and ∇𝑏 =
𝒓−𝒓′

|𝒓−𝒓′|3 so that, 

𝑩𝑽(𝒓) = −
𝜇0𝜎

4𝜋
∫ ∇ × 𝑉(𝒓′)

𝒓 − 𝒓′

|𝒓 − 𝒓′|3 𝑑𝑣.

𝐺

(2.15) 

We can then apply the generalised Stokes theorem, ∫ 𝛁 × 𝑿𝑑𝑣′ =
𝐺 ∫ 𝒏̂ × 𝑿𝑑𝑠

𝑆
, 

where 𝒏̂ represents a vector normal to the surface element 𝑑𝑠, rewriting Equation 2.15 

as, 

𝑩𝑽(𝒓) = −
𝜇0𝜎

4𝜋
∫ 𝒏̂(𝐫′) × 𝑉(𝒓′)

𝒓 − 𝒓′

|𝒓 − 𝒓′|3 𝑑𝑠,

𝑆

(2.16) 

where 𝒏̂(𝐫′) is the vector normal at location 𝐫′. If we re-write Equation 2.14 with the 

modified volume current term, we get a simplified form of the Geselowitz equation 

(Geselowitz, 1970), 

𝑩(𝒓) =  
𝜇0

4𝜋
∫  𝑱𝑷(𝒓′) ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3

𝐺

𝑑𝑣 −
𝜇0𝜎

4𝜋
∫ 𝒏̂(𝐫′) × 𝑉(𝒓′)

𝒓 − 𝒓′

|𝒓 − 𝒓′|3 𝑑𝑠.

𝑆

(2.17) 

This formula states that the volume current can be represented by a set of fictitious 

currents on the surface of the conductor. If we place a MEG sensor at location 𝒓 with 

sensitivity to the magnetic field component oriented radially from the conductor 

surface, 𝒆̂𝒓, such that 𝐵𝑟(𝒓) =  𝑩(𝒓) ∙ 𝒆̂𝒓, we find, 

𝐵𝑟(𝒓) =  
𝜇0

4𝜋
∫  𝑱𝑷(𝒓′) ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3

𝐺

∙ 𝒆̂𝒓𝑑𝑣 −
𝜇0𝜎

4𝜋
∫ 𝒏̂(𝐫′) × 𝑉(𝒓′)

𝒓 − 𝒓′

|𝒓 − 𝒓′|3 ∙ 𝒆̂𝒓𝑑𝑠.

𝑆

(2.18) 
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Looking at the second term we see that, 

𝒏̂(𝐫′) × (𝒓 − 𝒓′) ∙ 𝒆̂𝒓 = (𝒏̂(𝐫′) × 𝐫 − 𝒏̂(𝐫′) × 𝐫′) ∙ 𝒆̂𝒓, (2.19) 

and for a spherical conductor, as shown in Figure 2.6, we find that 𝒏̂(𝐫′) × 𝐫′ = 0 as 

they are parallel, and 𝒏̂(𝐫′) × 𝐫 ∙ 𝒆̂𝒓 = 0, as the cross product of 𝒏̂(𝐫′) × 𝐫 is 

perpendicular to 𝒆̂𝒓. Therefore, the second term of Equation 2.18 is zero in the case 

of the spherical model, giving, 

𝐵𝑟(𝒓) =  
𝜇0

4𝜋
∫  𝑱𝑷(𝒓′) ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3

𝐺

∙ 𝒆̂𝒓𝑑𝑣. (2.20) 

The resulting radial magnetic field then only depends on the primary current. The 

volume current (and therefore the conductivity of the medium) has no effect. The 

single sphere is thus an attractive model to use due to its simplicity. 

 

Figure 2.6. Single Sphere Model. A schematic describing the single sphere forward model. We 
approximate the head as a spherical volume G bound by surface S. A current dipole Q is at location 

𝒓𝑸. r’ is a location inside the volume conductor generating a magnetic signal at the detector at r. 

If we now introduce the dipole model, which states that the primary current is 

approximated as a unidirectional current at a point, 𝒓𝑸 (shown in Figure 2.6). 

Mathematically, 

 𝑱𝑷(𝒓′) = 𝑸𝛿(𝒓′ − 𝒓𝑸), (2.21) 

Where 𝑸 represents the magnitude and direction of the dipole and the Dirac delta 

function, 𝛿, means that the current is zero at all locations in the conductor except from 

at 𝒓𝑸. Equation 2.20 now becomes, 
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𝐵𝑟(𝒓) =  
𝜇0

4𝜋
∫ 𝑸𝛿(𝒓′ − 𝒓𝑸) ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3

𝐺

∙ 𝒆̂𝒓𝑑𝑣. (2.22) 

Here, the 𝛿 function allows us to remove the volume integral, giving, 

𝐵𝑟(𝒓) =  −
𝜇0

4𝜋

𝑸 × (𝒓 − 𝒓𝑸)

|𝒓 − 𝒓𝑸|
3 ∙ 𝒆̂𝒓. (2.23) 

This provides us with the radial component of the magnetic field. To take the entire 

magnetic field vector, we first assume that there are no currents outside the head (𝑱 =

 0 outside 𝐺). If we then consider Maxwell’s equation 𝛁 × 𝑩 = 𝜇0𝑱 = 𝟎, we can 

describe the magnetic field vector in terms of the magnetic scalar potential, 𝑈(𝒓), such 

that, 

𝑩(𝒓) =  −𝜇0∇𝑈(𝒓). (2.24) 

Consider a line integral of ∇𝑈(𝑟) along the radius 𝒓 + 𝑡𝒆̂𝒓, 0 ≤ 𝑡 ≤ ∞. 

 
𝑈(𝒓) = − ∫ ∇𝑈(𝒓 + 𝑡𝒆̂𝒓

∞

0

) ∙ 𝒆̂𝒓𝑑𝑡 

           =
1

𝜇0
∫ 𝑩(𝒓 + 𝑡𝒆̂𝒓) ∙ 𝒆̂𝒓

∞

0

𝑑𝑡 

 

(2.25) 

Recall that 𝐵𝑟(𝒓) =  𝑩(𝒓) ∙ 𝒆̂𝒓, 

𝑈(𝒓) =
1

𝜇0
∫ 𝐵𝑟(𝒓 + 𝑡𝒆̂𝒓)𝑑𝑡,

∞

0

(2.26) 

and that our radial component is described by the magnetic field due to the primary 

current, 𝑩𝑃(𝒓) in the radial direction,  

𝑈(𝒓) =
1

𝜇0
∫ 𝑩𝑃(𝒓 + 𝑡𝒆̂𝒓) ∙ 𝒆̂𝒓𝑑𝑡.

∞

0

(2.27) 

Now substituting in Equation 2.23,  

𝑈(𝒓) =
𝑸

4𝜋
× (𝒓 − 𝒓𝑸) ∙ 𝒆̂𝒓 ∫

𝒅𝒕

|𝒓 + 𝑡𝒆̂𝒓 − 𝒓𝑸|
3 .

∞

0

(2.28) 

which has a solution described by Sarvas (1987), 

𝑈(𝒓) =
1

4𝜋

𝑸 × 𝒓𝑸 ∙ 𝒓

𝐹
, (2.29) 

where 𝐹 = 𝑎(𝑟𝑎 + 𝒓2 − 𝒓𝑸 ∙ 𝒓), 𝒂 = 𝒓 − 𝒓𝑸, 𝑎 = |𝒂| and 𝑟 = |𝒓|. 
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Finally, the total magnetic field outside the conductor is obtained by substituting 

Equation 2.29 into 2.24 yielding 

𝑩(𝒓) = −
𝜇0

4𝜋𝐹2 (𝐹𝑸 × 𝒓𝑸 − 𝑸 × 𝒓𝑸 ∙ 𝒓∇𝐹), (2.30) 

with ∇𝐹 = (𝑟−1𝑎2 + 𝑎−1𝒂 ∙ 𝒓 + 2𝑎 + 2𝑟)𝒓 − (𝑎 + 2𝑟 + 𝑎−1𝒂 ∙ 𝒓)𝒓𝑸. 

The single sphere model is the simplest approximation for the forward model. 

However, it suffers from oversimplification, neglecting the inhomogeneity in 

conductivity of different tissues in the head and poorly representing the shape of the 

head. This has nonuniform effects across different brain regions. Specifically, frontal 

and frontotemporal regions are particularly poorly modelled by a sphere (Hämäläinen 

and Sarvas, 1989). 

2.5.1.2 Multiple spheres model 

The multiple spheres model provides an improved approximation for the geometry of 

the head by generating a single (best-fitting) sphere for each MEG sensor (Huang et 

al., 1999). Each sphere is placed within the vicinity of the sensor but such that it fits 

within the skull geometry. This results in a series of homogeneous overlapping 

spheres that better fit the geometry of the brain than a single sphere. The forward 

solution is then computed independently for each sphere, and a combination of all 

spheres is used for subsequent source modelling. This has particular advantages for 

areas of the brain that deviate from spherical geometry (Lalancette et al., 2011). 

2.5.1.3 BEM 

A boundary element model (BEM) is a method of estimating the forward field by 

representing the head anatomy as a set of nested compartments with different 

conductivities (typically separating into the brain, skull, and scalp). This method most 

accurately models the individual brain geometry, however, this comes at a high 

computational cost. This would also likely lead to errors in combination with template 

anatomy (see Chapter 5). 

2.5.1.4 Single shell model 

A practical alternative to BEM forward solutions is the single shell model, which 

assumes that the head is a homogeneous single volume with an isotropic conductivity 

profile (Nolte, 2003). The single shell model uses a spherical harmonic basis to 

approximate the head, such that a lead field (the forward model solution a sensor) at 

position 𝒓 is, 

𝑳(𝒓) = 𝑳(𝒓)𝑠𝑝ℎ𝑒𝑟𝑒 − ∇𝑈(𝒓), (2.31) 
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where 𝑳(𝒓)𝑠𝑝ℎ𝑒𝑟𝑒  is the lead field based on the single sphere approximation, and 𝑈(𝒓) 

is a spherical harmonic basis set, such that lead fields will be tangential to the surface 

of the volume conductor. For MEG recordings, Stenroos et al. (2014) found that the 

single shell model performed comparably to a BEM, and so the work described in this 

thesis uses a single shell forward model. 

2.5.2 The inverse problem 

To trace MEG signals back to their cortical origin, we must generate a solution to the 

MEG inverse problem. This states: given a measured magnetic field distribution 

outside the head, can we reconstruct the underlying current distribution in the brain? 

Mathematically, this problem is ill-posed, but a range of processes to approximate the 

solution have been described. 

2.5.2.1 Lead fields and the generative model 

A key principle in MEG analysis is the generative model. This describes the magnetic 

field, 𝑚𝑖(𝑡),  measured by a sensor, 𝑖, at time 𝑡 given a current dipole of strength 𝑞 at 

some location 𝒓′ in the brain at time 𝑡. The generative model is written, 

𝑚𝑖(𝑡) = ∫ 𝐿𝑖(𝒓′) ∙ 𝑞(𝒓′, 𝑡)𝑑𝑉′,
𝑉

(2.32) 

where 𝐿𝑖(𝒓′) describes the magnetic field that would be measured at sensor 𝑖 if there 

were a unit current at location 𝒓′. The integral sums all possible volume elements in 

the brain and thus all possible current sources. We simplify this expression by 

discretising the brain volume into 𝑀 cubic voxels (𝑗 = 1,2,3, … 𝑀), each containing a 

single unit current dipole. We can then rewrite (2.32) as a sum across voxels,  

𝑚𝑖(𝑡) = ∑ 𝐿𝑖,𝑗 ∙ 𝑞𝑗(𝑡),

𝑀

𝑗=1

(2.33) 

or in matrix form,  

𝒎(𝑡) = 𝑳𝒒(𝑡), (2.34) 

where 𝑳 is the lead field matrix with dimensions of 𝑁 × 𝑀, where 𝑁 is the number of 

channels and 𝒒(𝑡) is a vector length 𝑀 describing the current dipole strengths at each 

voxel location. Each column of 𝑳 indicates how a single dipole (one of 𝑀 possible 

dipoles) affects all 𝑁 sensors (the forward field), whilst each row shows the dipoles 

that affect field at a single sensor (the lead field). In principle, the inverse problem is 

simply the process of inverting Equation 2.34. However, as 𝑳 is both non-square 
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(there are many more voxels in the brain than MEG sensors) and singular, it is not 

possible to find 𝑳−1 to determine 𝒒(𝑡). Instead, we must make some assumptions to 

estimate a solution. 

2.5.2.2 Beamforming 

Whilst there are other methods to solve the inverse problem (e.g., equivalent current 

dipoles (Cohen, 1968) or minimum norm estimation (Hämäläinen and Ilmoniemi, 

1994)), in this thesis we concentrate on a method called beamforming. First 

developed for radar technology (Van Veen and Buckley, 1988), a beamformer is a 

spatial filter that gives a weighting to each MEG sensor, such that the weighted 

combination of the sensor measurements produces an estimation of source strength 

for each location in the brain (see Figure 2.7). Mathematically, 

𝑞̂𝜽(𝑡) = 𝒘𝜽
𝑻𝒎(𝑡), (2.35) 

where 𝑞̂𝜽(𝑡) is the beamformer estimate of the true source strength at 𝜽, a given voxel 

position and current orientation and 𝒘𝜽 are the weighting parameters.  

 

Figure 2.7. Beamforming method. A schematic describing how the combination of the weights and 
sensor measurements provides the estimated source strength. 

Almost all (linear) inverse problem solutions can be cast in this way  (Sekihara and 

Nagarajan, 2008) and differ by how we calculate the weights. In beamforming, we 

derive the weights by variance minimisation, such that the weights ensure unit gain at 

𝜽 while minimising signals from all other locations, including interfering non-brain 

signals. We can express this mathematically as, 

min
𝒘𝜃

|〈𝑞̂𝜽
2(𝑡)〉| subject to 𝒘𝜽

𝑻𝑳𝜽 = 1, (2.36) 
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where 𝑳𝜽 is the forward field for 𝜽 and 〈𝑞̂𝜽
2(𝑡)〉 describes the variance in the estimated 

source signal. Using Equation 2.35, we can evaluate the variance such that, 

 〈𝑞̂𝜽
2(𝑡)〉 = 〈𝒘𝜽

𝑻𝒎(𝑡)〉〈𝒘𝜽
𝑻𝒎(𝑡)〉 

                 = 𝒘𝜽
𝑻〈𝒎(𝑡)𝒎𝑻(𝑡)〉𝒘𝜽 

                 ≈ 𝒘𝜽
𝑻𝑪𝒘𝜽, 

  

(2.37) 

where 𝑪 is an estimation of the covariance matrix of the MEG sensor data (and so 

has dimensions of 𝑁 × 𝑁). The covariance of data recorded at channels 𝑖 and 𝑗 is 

usually calculated as, 

𝐶𝑖𝑗 =
1

𝑃
∑ 𝑚𝑖(𝑡𝑝)

𝑃

𝑝=1

𝑚𝑗(𝑡𝑝), (2.38) 

for 𝑃 timepoints. 

A solution to this constrained minimisation problem is analytically derived using 

Lagrange multipliers (Van Veen et al., 1997), resulting in the beamformer equation, 

𝒘𝜽
𝑻 =

𝑳𝜽
𝑻𝑪−1

𝑳𝜽
𝑻𝑪−1𝑳𝜽

. (2.39) 

In the case where 𝑪 is close to singular (which can arise due to various reasons 

including too few samples with respect to dimensions, data with very high signal-to-

noise or highly correlated sensor outputs), regularisation can be implemented using 

methods such as the Tikhonov method to enable inversion (Backus and Gilbert, 1968; 

Brookes et al., 2008). This involves calculating the regularised covariance such that, 

𝑪𝑟 = 𝑪 + 𝜇𝑰, where 𝜇 is the regularisation parameter added to the diagonal (𝑰 is the 

identity matrix). 

We have assumed that the orientation of the current source is known and represented 

within 𝜽, however in practice this is not the case. We must therefore calculate the 

orientation of the current dipole. While there are multiple methods to achieve this, one 

such method calculates the orientation for which the maximum signal-to-noise ratio is 

given. For a spherical volume conductor, radial sources do not contribute to the MEG 

signal and even for realistic models, radial components are small, and so we constrain 

the search for the optimal dipole orientation by computing weights for different 

azimuthal angles 𝜙 from 0 to 𝜋. From this, the maximum SNR can be calculated using 

a pseudo-Z statistical approach, which for each angle is,  
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Ƶ𝒓,𝜙 =
𝒘𝒓,𝜙

𝑻 𝑪𝒘𝒓,𝜙

𝒘𝒓,𝜙
𝑻 𝚺𝒘𝒓,𝜙

, (2.40) 

where 𝚺 is the noise covariance matrix, which can be approximated as the identity 

matrix. The source orientation angle can be determined by iterating through all 

possible angles to find the maximum pseudo-Z statistic. However, this is 

computationally expensive. An alternative method (used in this thesis) is proposed by 

Sekihara et al. (2004) and instead determines the optimal orientation using 

generalised eigenvalue decomposition. This effectively produces the same result but 

with less computational expense. Once the weights are calculated, MEG sensor data 

can be transformed into source space for subsequent analysis. 

It is useful to generate images that provide spatial information about which regions of 

the brain are active during a task. This is commonly done by first computing 

beamformer weights for all brain locations and then contrasting stimulus and rest 

periods using the pseudo-T statistic, which is calculated by, 

Ŧ =  
𝒘𝜽

𝑇𝑪𝑂𝑁𝒘𝜽 − 𝒘𝜽
𝑇𝑪𝑂𝐹𝐹𝒘𝜽

2(𝒘𝜽
𝑇𝑪𝑂𝐹𝐹𝒘𝜽)

, (2.41) 

where 𝒘𝜽 are the beamformer weights tuned to the location/orientation 𝜽, and 𝑪𝑂𝑁 

and 𝑪𝑂𝐹𝐹 are the data covariance matrices computed during the stimulus and rest 

windows, respectively. This can be repeated for a grid of voxels across the entire 

brain, or for voxels in particular regions of interest as defined by a functional atlas. 

Finally, we can use beamforming to extract “virtual electrode” time courses as follows, 

𝑉𝐸 =  𝒒̂(𝑡) =  𝒘𝑇𝒎(𝑡). (2.42) 

This describes a signal as if an electrode were placed in a specific location in the 

brain, giving spatial information in combination with temporal information. This 

process is used for all experimental chapters in this thesis (Chapters 4 – 7). 

2.5.3 Functional connectivity 

Beamforming offers a means to estimate electrophysiological signals in different brain 

regions. Functional connectivity extends this concept by looking for statistical 

interdependencies between signals at spatially distinct locations. If the signals from 

two or more distinct regions are related, that implies that these regions are in 

communication (see Figure 2.3). There are multiple metrics for calculating the 

statistical relationship between two signals, the work in this thesis focuses on 
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amplitude envelope correlation (AEC). AEC assesses the relationship of fluctuating 

oscillatory amplitude across two band-limited signals, typically filtered to one of the 

canonical frequency bands (see section 2.3.2). The most popular method (and the 

one used in this thesis) to generate the amplitude envelope is through the Hilbert 

transform. The complex analytic signal, 𝒛̂(𝑡), can be derived from the band-limited 

signal, 𝒒̂(𝑡), and the Hilbert transform 𝐻, such that, 

𝒛̂(𝑡) = 𝒒̂(𝑡) + 𝑖𝐻[𝒒̂(𝑡)]. (2.43) 

The Hilbert transform describes the convolution of the band-limited signal with the 

function ℎ = 1/𝜋𝑡 such that, 

𝐻[𝒒̂(𝑡)] =
1

𝜋
𝑃 [∫

𝒒̂(𝜏)

𝑡 − 𝜏
𝑑𝜏

∞

−∞

] , (2.44) 

where 𝑃[ ] describes the Cauchy principal value of the integral, avoiding the singularity 

at 𝑡 = 𝜏.  

The amplitude information can be extracted from Equation 2.43 as, 

𝐸𝑛𝑣𝑒𝑙𝑜𝑝𝑒 =  ‖𝒛̂‖ = √(𝒒̂(𝑡))
2

+ (𝐻[𝒒̂(𝑡)])2. (2.45) 

For each pair of regions, the Pearson’s correlation coefficient is computed as a 

measure of the strength of the connection, which can be represented as  

𝑟𝐸1𝐸2
=

∑ (𝐸1𝑖 − 𝐸1
̅̅ ̅)(𝐸2𝑖 − 𝐸2

̅̅ ̅)𝑛
𝑖=1

√∑ (𝐸1𝑖 − 𝐸1
̅̅ ̅)

2𝑛
𝑖=1

√∑ (𝐸2𝑖 − 𝐸2
̅̅ ̅)

2𝑛
𝑖=1

, (2.46)
 

where 𝑬1 and 𝑬𝟐 are the amplitude envelope time courses for any two regions, with 

𝐸1
̅̅ ̅ and 𝐸2

̅̅ ̅ signifying the corresponding mean values. This can be repeated across 

many pairs of locations, typically from parcellated functionally related brain regions, 

to evaluate whole-brain connectivity matrices. 

2.5.3.1 Source leakage 

Due to the ill-posed nature of the inverse problem, it is inevitable that a signal from a 

single brain region will be contaminated by signals from other brain regions. This can 

impact functional connectivity measures, and so must be accounted for. In this thesis 

we use pairwise orthogonalization to reduce the source leakage (Brookes et al., 

2012). If we consider our two amplitude envelope time courses 𝑬𝟏(𝑡) and 𝑬𝟐(𝑡), we 

can create new orthogonal signals 𝒂(𝑡) and 𝒃(𝑡) by the linear projection of one signal 

to the other, 
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 𝒂(𝑡) = 𝑬𝟏(𝑡) 

𝒃(𝑡) = 𝑬𝟐(𝑡) − 𝑬𝟏𝛽, 

(2.47) 

where 𝛽 = 𝑬𝟏
†𝑬𝟐 and 𝑬𝟏

† is the pseudo-inverse of 𝑬𝟏. This is repeated across all 

pairs of signals. An alternative method for reducing leakage between signals from 

other sources is symmetric orthogonalization (Colclough et al., 2015), whereby all 

signals are orthogonalised simultaneously. While this typically has better performance 

in conventional MEG systems (Colclough et al., 2015), it requires the number of time 

courses to be less than or equal to the rank of the data, and so is not suitable for 

smaller MEG sensor arrays such as those used in this thesis. 

2.6 Chapter summary 

In this chapter, we have introduced the theory of MEG. We first described the origin 

and types of MEG signals and how these are measured by conventional MEG 

hardware. We then explained the maths behind how extracranial magnetic field 

signals can be related to brain activity and outlined typical MEG analyses. In the next 

chapter, we will introduce the next generation of MEG using optically pumped 

magnetometers. 
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3 Optically pumped 

magnetometer-based MEG 

3.1 Chapter overview 

This chapter discusses magnetoencephalography based upon the optically pumped 

magnetometer (OPM); the highly sensitive magnetic field sensor that forms the basis 

of the work described in this thesis. We will first provide an overview of the OPM-MEG 

system, outlining the separate components that make MEG measurements possible. 

We will then describe each component in detail. First, we will cover a brief history of 

OPMs and the physics behind how they operate, detailing the quantum mechanics 

that facilitate the sensitive measurement of biomagnetic signals. Following this, we 

discuss the benefits of OPM sensors that can measure in all three axes (triaxial), and 

how triaxial OPMs are constructed. We then describe how the system is shielded from 

external magnetic fields using both passive and active magnetic shielding. Finally, we 

consider the subject interface, and how we combine these components to design a 

system appropriate for human scanning. Some of this theory has been published in a 

contributed textbook chapter, Rhodes et al., Springer Nature (Rhodes et al., 2022). 

3.2 Introduction 

3.2.1 OPM-MEG system overview 

Optically pumped magnetometers form the basis of a new generation of MEG 

systems. However, a complete OPM-MEG system comprises multiple components to 

enable measurement of the neuromagnetic field. A system typically comprises:  

• Multiple OPM sensors 

• A sensor array design that has optimum cortical coverage across regions of 

interest (or the whole brain) and assists in noise rejection 

• Magnetic shielding (passively through magnetically shielded rooms and active 

shielding through electromagnetic coils) 

• A subject interface (i.e., a way to position the participant within the shielded 

environment and a helmet/method to hold the sensor array close to the 

participant’s head) 
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• A means to coregister the sensor array to the participant’s anatomy 

In this chapter, we will discuss each element of the OPM-MEG system. We start first 

with the principle of optical pumping and the evolution of the optically pumped 

magnetometer. 

3.2.2 A brief history of OPMs 

Optical pumping describes the method by which a light source (i.e., a laser) is used 

to manipulate the property of atomic spin, thereby changing the quantum state, or 

energy level, via absorption or emission of energy (Kastler, 1951). As spin governs 

interactions with magnetic fields, optical pumping can be used to induce a state in 

which an ensemble of atoms can become highly sensitive to small changes in 

magnetic field, thereby forming the foundation of a magnetic field sensor or 

magnetometer. Optically pumped magnetometers were first realised in the late 1950s 

and early 1960s (Bell and Bloom, 1957; Bloom, 1962). Sensitivities suitable for MEG 

measurements were reached in the 2000s (Dang et al., 2010; Kominis et al., 2003), 

and showcased in 2006 by the first single-channel recording of an auditory evoked 

response (Xia et al., 2006). However, at this stage, OPMs were large benchtop 

systems, mostly due to cumbersome optical instruments. Following advances in 

microfabrication and miniaturization techniques, OPMs were reduced from the bench 

top towards lightweight sensor heads (Johnson et al., 2013; Knappe et al., 2010; 

Mhaskar et al., 2012; Sander et al., 2012; Schwindt et al., 2007; Shah et al., 2007; 

Shah and Wakai, 2013; Sheng et al., 2017), capable of forming MEG arrays (see 

prototype OPMs in Figure 3.1). 

The work described in this thesis was undertaken using QuSpin Zero-Field 

Magnetometers (QZFM), which were the first commercially available MEG-viable 

OPM sensors. More recently, two other companies have begun selling OPMs for MEG 

measurements, FieldLine and Mag4Health. The FieldLine OPM sensors have a 

similar design to the QuSpin magnetometers, with both OPMs based on optically 

pumping Rubidium-87 atoms. The Mag4Health OPMs are instead built around the 

manipulation of Helium-4 atoms to induce magnetic sensitivity, benefitting from cooler 

operational temperatures but suffering from poorer sensitivity and a larger sensor 

footprint. The three commercial OPMs are shown in Figure 3.1g-i. We will focus on 

the QZFM (g) for the following discussion. 
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Figure 3.1. OPM sensors for MEG. Prototype OPMs adapted from Boto, 2019. a) Sander et al., 2012, 
b) (Mhaskar et al., 2012), c) (Johnson et al., 2013), d) (Kamada et al., 2015) e) (Shah and Wakai, 

2013), f) (Sheng et al., 2017). Below are the three commercial OPMs for MEG at the time of writing 
from g) QuSpin Inc., Louisville, CO, USA h) Fieldline Inc., Boulder, CO, USA, i) Mag4Health, Grenoble, 

France. 

3.2.3 The QuSpin OPM 

At the time of writing, there are three generations of QZFM. All three generations 

share four key elements: 

• A circularly polarised 795 nm wavelength laser tuned to the D1 transition of 

Rubidium-87 (87Rb) 

• A glass cell containing a vapour of 87Rb heated to 150 C using resistive coils 

• Electromagnetic coils surrounding the glass cell to offset background magnetic 

fields and enable the generation of a modulation field (see below) 

• A photodetector to measure light intensity transmitted through the glass cell 

A simple diagram of the key components in the QZFM is shown in Figure 3.2a. The 

first generation (Gen-1) became commercially available in 2016 and is shown in 

Figure 3.2b. Gen-1 QZFM has casing dimensions of 13×19×110 mm3 and contains 

a 3×3×3 mm3 glass cell of 87Rb offset 6 mm from the end of the sensor casing. Gen-

1 QZFM is dual-axis and so is sensitive to two orthogonal axes, one oriented radially 

along the sensor’s length and one tangential axis. The sensor head is connected to 
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an electronics box via 6.5 m of heavy cabling. While these sensors were used for 

initial MEG measurements (Barry et al., 2019; Boto et al., 2018, 2017; Hill et al., 2019; 

G. Roberts et al., 2019; Sander et al., 2020; Vivekananda et al., 2020), the size and 

weight made them difficult to implement in whole-head arrays. In the work described 

in this thesis, they are instead used to measure changes in the background magnetic 

field as reference sensors in Chapter 4.  

 

Figure 3.2. QZFM. a) Basic schematic of components inside QZFM (adapted from (Osborne et al., 
2018), b) Gen-1 QZFM with cable and electronics, c) Gen-2 QZFM with flex cable, d) Gen-3 triaxial 

sensor head detached from removable cabling (adapted from QuSpin) 

In 2018, a second generation of QZFM was made available (Figure 3.2c). Gen-2 

QZFM has a smaller casing dimension of 12.4×16.6×24.4 mm3, a cell stand-off of 

6.5 mm3 and a more lightweight cable design, with 60 cm of flex cable between the 

sensor head and the thicker cabling, reducing weight across a wearable array. This 

smaller and lightweight design enabled the first whole-head measurements (Hill et al., 

2020), however as the cable was directly attached to the internal components in the 

OPM sensor head, Gen-2 sensors were susceptible to damage. 

The third generation QZFM (Gen-3, Figure 3.2d) addressed this issue with a 

detachable sensor head in 2021. This generation saw the development of triaxial 

sensitivity. The work described in Chapters 4, 5 and 6 uses the triaxial Gen-3 QZFM, 

while the work described in Chapter 7 uses a combination of dual-axis Gen-3 and 

triaxial QZFM. 

3.2.4 QZFM operation  

Each QZFM is attached to an individual electronics unit, which controls and measures 

from its individual sensor head via proprietary software, interfaced via a USB 
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connection. Before measurement can be made, the environment required for optical 

pumping must be prepared. First, current is applied to the coils surrounding the vapour 

cell to resistively heat the vapour to 150 C for operation within the SERF regime 

(Section 3.3.3). The laser is then tuned to the appropriate frequency for the D1 

transition of 87Rb for optical pumping and a modulation signal is applied via the on-

board coils to facilitate measurement via lock-in detection. Finally, a zero-field 

environment within the vapour cell is induced by the application of current to the on-

board coils to cancel any remnant magnetisation. In the “open-loop” mode of 

operation, the “field-zeroing” currents are determined prior to the MEG recording and 

are fixed throughout. In this mode, the voltage from the photodetector gives a 

measure of the external magnetic field and is multiplied by a conversion factor to 

obtain magnetic field measurements in Tesla (standard is 2.7 V nT-1).  

3.3 The quantum origin 

3.3.1 Principle of operation 

A classical interpretation of the working principle of an OPM can be described in three 

steps: 

1. Preparation: atoms are prepared in a well-defined spin state, classically 

interpreted as a specific orientation with respect to a circularly polarised laser 

beam. The atomic ensemble becomes coherently aligned, and therefore spin 

polarised. 

2. Interaction: atomic spins interact with an impinging magnetic field, causing a 

change in state (or orientation) via the absorption of laser light, with the 

amount of light absorption proportional to the size of the magnetic field. 

3. Detection: detection of the laser light passing through the atomic ensemble 

provides an indirect measure of the magnetic field. 

3.3.2 Quantum mechanical explanation 

To better understand why an ensemble of Rubidium-87 atoms can become sensitive 

to small perturbations in magnetic fields, we must consider quantum mechanics. 87Rb 

is an alkali metal, meaning it has a single valence electron in the outermost shell. This 

outermost electron can exist in several discrete quantum states and must absorb or 

emit energy to transition between them. Consider the intrinsic properties of such a 



44 
 

system. The total angular momentum of an atom 𝐹 is the sum of the angular 

momentum of the nucleus 𝐼 and electron 𝐽. Mathematically, 

𝐹 = 𝐽 + 𝐼. (3.1) 

The electron angular momentum is a product of the orbital angular momentum 𝐿 and 

a spin angular momentum 𝑆, 

𝐽 = 𝐿 + 𝑆. (3.2) 

For 87Rb, the nuclear spin quantum number is 𝐼 =  3
2⁄  and the electron spin quantum 

number is 𝑆 =  1
2⁄ . The orbital angular momentum quantum number is 𝐿 = 0 for the 

ground state and 𝐿 = 1 for the first excited state. 

A difference in energy levels arises due to interactions between the electron’s orbital 

angular momentum 𝐿 and its spin angular momentum 𝑆, known as fine structure 

splitting, shown in Figure 3.3. The energy difference between levels is described by 

the quantum number 𝐽, which can take values |𝐿 − 𝑆| ≤ 𝐽 ≤ |𝐿 + 𝑆|. Therefore, the 

ground state (with 𝐿 = 0) has a single fine structure level with 𝐽 =  1
2⁄ , while the first 

excited state has two possible energy levels, with 𝐽 =  1
2⁄  and 𝐽 =  3

2⁄ . The first of 

these transitions is labelled the D1 transition and occurs when the electron absorbs 

photon energy equal to the difference in energy between the two states, where photon 

energy is described by, 

𝐸 = ℎ𝑣 =
ℎ𝑐

𝜆
, (3.3) 

where ℎ is Planck’s constant, 𝑐 is the speed of light (in a vacuum), 𝑣 is the frequency 

of the laser light and 𝜆 is the wavelength of the laser light. A transition can therefore 

be driven by tuning the frequency of the incident light. For the D1 transition of 87Rb, 

795 nm wavelength laser light is required. 
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Figure 3.3. Fine structure. Interaction between the electron’s orbital angular momentum and spin 
angular momentum splits the first excited state into two possible energy levels. Transitions from the 

ground state to these energy levels are labelled D1 and D2. 

A further splitting in energy levels arises from the interaction between the electron’s 

total angular momentum 𝐽 and the nuclear angular momentum 𝐼, as shown in Figure 

3.4. The possible hyperfine states are described by the total angular momentum 𝐹, 

which can take values |𝐼 − 𝐽| ≤ 𝐹 ≤ |𝐼 + 𝐽|. For the D1 transition, this splits the ground 

and first excited state into two further energy levels, where 𝐹 = 1 or 𝐹 = 2. 

 

Figure 3.4. Hyperfine structure. Interaction between the electron’s total angular momentum and 
nucleus angular momentum causes further splitting from the ground and first excited states in the D1 

transition into two energy levels with F = 1 and F = 2. 

Finally, the presence of a magnetic field splits the hyperfine energy levels further, 

known as Zeeman splitting, shown in Figure 3.5. We introduce a final quantum 

number, 𝑚𝑓, which is related to the component of the angular momentum along the 

laser beam axis and has allowed values of integer steps between −𝐹 and 𝐹, leading 

to an additional three energy levels for the 𝐹 = 1 and five energy levels for the 𝐹 = 2 

hyperfine states. 
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Figure 3.5. Zeeman structure. Interaction with a magnetic field causes further splitting of the 
hyperfine energy levels of the ground state. 

The energy difference between Zeeman levels is given by, 

∆𝐸 =  𝑔𝐹𝜇𝐵𝐵, (3.4) 

where 𝑔𝐹 is the hyperfine Lande g-factor, 𝜇𝐵 is the Bohr magneton and 𝐵 is the 

magnetic field. The magnetic moment of an electron in this magnetic field precesses 

at the Larmor frequency,  

𝜔 = 𝛾𝐵, (3.5) 

where 𝛾 is the gyromagnetic ratio, which for the valence electron in 87Rb is given by, 

𝛾

2𝜋
=

𝑔𝐹𝜇𝐵

ℏ
, (3.6) 

where ℏ is the reduced Planck’s constant. For the 𝐹 = 1 hyperfine state 𝑔𝐹 = −
1

2
, and 

for 𝐹 = 2, 𝑔𝐹 = +
1

2
. The electron spins therefore precess in opposite directions 

depending on the state they occupy. 

Two mechanisms influence the energy level occupied by an electron: the absorption 

of laser light to move up to higher energy levels and the spontaneous emission of 

energy to move to lower energy levels. The rules that govern these two effects are 

known as the selection rules. Specifically, the laser causes two effects: the D1 

transition and an increase in 𝑚𝑓, which arises when the laser light is positively 

circularly polarised. Spontaneous emission transitions the atom from the excited 𝐿 =

1 to the ground 𝐿 = 0 state by emitting a photon. This reverses the laser’s effect on 

the D1 transition but does not entirely reverse the laser’s effect on 𝑚𝑓 as spontaneous 

emission is equally likely to produce changes of 𝑚𝑓 = −1,0,1. Therefore, a third of the 

atoms retain their polarisation, a third gain an increment of polarisation and only a 

third lose the same increment, resulting in a net effect of “pumping” atoms into the 

highest Zeeman sublevel (𝑚𝑓 = 2) of the ground state, shown in Figure 3.6. 
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In this state, atoms can no longer make any energy transitions as there are no energy 

levels greater than 𝑚𝑓 = 2 for the electrons to occupy. Therefore, if the atom exists in 

the 𝐿 = 0, 𝐹 = 2, 𝑚𝑓 = 2 state, the laser transfers no energy to the ensemble, the 

vapour becomes effectively transparent, and light simply passes through unaffected. 

In this state, the vapour becomes highly polarised, where many atoms occupy the 

same state (classically interpreted as aligning with the laser beam) and collectively 

produce a strong net magnetisation aligned along the laser axis. This strongly 

polarised gas is highly sensitive to magnetic fields, as any perpendicular components 

of impinging magnetic fields produce a torque on the net magnetisation. This allows 

a transition between energy states, which requires the absorption of laser light and a 

resulting dip in the measured intensity of light at the photodetector.  

 

Figure 3.6. Optical pumping. Optical pumping of 87Rb using circularly polarised light tuned to the D1 
transition. Spontaneous emission is equally likely to be in each of the 𝒎𝒇 = 𝟎, −𝟏, 𝟏 states, resulting in 

a net effect of optical pumping to the highest Zeeman sublevel, shown by the red dots (Tierney et al., 
2019). 

3.3.3 The SERF regime 

The coherence of the atomic spins must be maintained over sufficient timescales for 

magnetic sensitivity to be used for measurement. However, atoms can be depolarised 

via multiple processes, including diffusion of atoms, spin-exchange and spin-

destruction collisions, collisions with cell walls and interactions with the pumping laser 

(Happer, 1972). These effects are known as relaxation and are reduced by tuning 

experimental parameters. Coherence loss via wall collision can be reduced using an 

anti-relaxation coating (Robinson et al., 1958) or by including buffer gases (Brossel et 

al., 1955). However, in high density alkali vapours, spin-exchange is the dominant 

source of relaxation (Purcell and Field, 1956), whereby collisions between atoms 

allow the exchange of electron spin, as shown in Figure 3.7a. The rate at which such 
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collisions occur is the spin-exchange relaxation rate (𝑅𝑆𝐸) and is dependent on the 

time between collisions (𝑇𝑆𝐸) such that,  

𝑅𝑆𝐸 =  
1

𝑇𝑆𝐸
. (3.7) 

To obtain the femto-Tesla sensitivities required to measure the neuromagnetic field, 

magnetometers must be designed to eliminate relaxation due to spin-exchange 

collisions (Seltzer, 2008), known as spin-exchange relaxation-free (SERF) 

magnetometers (Allred et al., 2002). Briefly, at high atomic densities and within a very 

low magnetic field environment, the spin-exchange rate will exceed the precession 

frequency (𝑅𝑆𝐸 ≫ 𝛾𝐵), meaning individual atoms precess by only a small angle 

between spin-exchange collisions (Figure 3.7b). As each atom samples the different 

energy sublevels in a short period of time, and there are more Zeeman sublevels for 

𝐹 = 2, the atomic ensemble precesses coherently in a slower net positive rate 

described by  

𝜔0 =
𝛾𝐵

𝑄
, (3.8) 

where 𝑄 is the nuclear slowing-down factor, a function of the polarization (Appelt et 

al., 1999) that describes the slowing of precession due to the SERF regime. Through 

this effect, SERF magnetometers can maintain coherence over long enough 

timescales to make sensitive magnetic field measurement. 

 

Figure 3.7. Spin-exchange relaxation and the SERF regime. a) A spin-exchange collision alters the 
direction precession of the spin by change of hyperfine energy level, indicated by the colour of the 
sphere b) a high rate of spin-exchange collisions gives rise to a net positive polarisation at a slower 

frequency of precession, known as the SERF regime (adapted from Seltzer, 2008). 

3.4 Signal equations 

The behaviour of the net polarisation, 𝑷, of the optically pumped atomic ensemble 

can be described by the Bloch equation, 
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𝑑𝑷

𝑑𝑡
=

1

𝑄
[𝑷 × 𝛾𝑩 − (𝑷 − 𝑃0𝒛̂)

1

𝑇
] , (3.9) 

where 𝑃0 describes the equilibrium polarisation at zero field, 𝑇 is the atomic spin 

coherence time constant that incorporates the optical pumping rate, 𝑅 and relaxation 

time constant  𝑇2, such that 𝑇 = (𝑅 +
1

𝑇2
)

−1
.  

In the steady state, where 𝑑𝑷 𝑑𝑇⁄ = 0, the Bloch equation solutions become,  

𝑃𝑥 =

𝐵𝑦

(𝛾𝑇)
+ 𝐵𝑥𝐵𝑧

1
(𝛾𝑇)2 + 𝐵𝑥

2 + 𝐵𝑦
2 + 𝐵𝑧

2
𝑃0

′ 

𝑃𝑦 =

−𝐵𝑥

(𝛾𝑇)
+ 𝐵𝑦𝐵𝑧

1
(𝛾𝑇)2 + 𝐵𝑥

2 + 𝐵𝑦
2 + 𝐵𝑧

2
𝑃0

′ (3.10) 

𝑃𝑧 =

1
(𝛾𝑇)

+ 𝐵𝑧
2

1
(𝛾𝑇)2 + 𝐵𝑥

2 + 𝐵𝑦
2 + 𝐵𝑧

2
𝑃0

′ 

where 𝑃0
′ = 𝑃0𝑅𝑇. For measurement of magnetic fields that are oriented perpendicular 

to the laser propagation axis, which is given by 𝐵𝑥 here, the terms that describe the 

magnetic fields in the other two axes, 𝐵𝑦 and 𝐵𝑧, become zero, simplifying the 

Equations 3.10 to, 

𝑃𝑥 = 0 

𝑃𝑦 =  
−𝛾𝑇𝐵𝑥

1 + (𝛾𝑇𝐵𝑥)2 𝑃0
′ (3.11) 

𝑃𝑧 =  
1

1 + (𝛾𝑇𝐵𝑥)2 𝑃0
′ . 

Example curves in this case are plotted in Figure 3.8. The polarisation along the laser 

direction here (𝑃𝑧) is a Lorentzian, and is described as the zero-field resonance or 

Hanle resonance (Hanle, 1925). For a QZFM, the full-width half-maximum is 

2

𝛾𝑇
~30 nT. The polarisation along the y-axis here follows a dispersion curve shape. 

Both profiles could be used as magnetometers but are sensitive to 1/𝑓 noise. 

However, a Lorentzian magnetometer output would not allow discrimination between 

positive and negative changes in magnetic field. Signal modulation via an applied 
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oscillating magnetic field is therefore applied in the sensitive direction (here that would 

be 𝐵𝑥)  to enable this discrimination. 

 

Figure 3.8. Solutions to the Bloch Equation in zero field. In the direction of laser propagation (x), 
the polarisation is zero, in the y-direction the polarisation follows a dispersion curve, and in the z-
direction it follows a Lorentzian shape, known as the zero-field resonance. Here, 2/ 𝜸𝑻 = 30 nT to 

represent QZFM. 

The modulation signal is at a frequency that is much higher than most neuronal 

signals of interest and a greater frequency than the relaxation rate of the atomic 

ensemble. For the QZFM this is 932 Hz, which is larger than the QZFM relaxation rate 

of ~ 100 Hz. The oscillating magnetic field 𝑏𝑥 is applied via a modulating current in the 

coils surrounding the glass cell within the sensor head, changing the signal equation 

by the addition of a modulation term 𝑏𝑥cos (𝜔𝑡), 

𝑑𝑃

𝑑𝑡
=

1

𝑄
[𝑝 × 𝛾[𝐵 + 𝑏𝑥 cos(𝜔𝑡) 𝑥̂] − (𝑃 − 𝑃0𝑧̂)

1

𝑇
] . (3.12) 

Now that the modulation term varies in time, steady state solutions no longer apply 

and we must re-evaluate for 𝑃𝑧, assuming 𝐵𝑦 = 𝐵𝑧 = 0 to get, 

𝑃𝑧 = (
𝛾𝑇𝐵𝑥

1 + (𝛾𝑇𝐵𝑥)2) 𝐽0 (
𝛾𝑏𝑥

𝑄𝜔
) 𝐽1𝑃0

′ sin(𝜔𝑡) , (3.13) 

where 𝐽𝑛 are Bessel functions of the first kind (Shah and Romalis, 2009; Tierney et 

al., 2019). These functions can be evaluated to reach a constant term that is 

dependent on the ratio of 
𝛾𝑏𝑥

𝑄
 and then subsequently combined to yield a constant of 

proportionality, 

𝑃𝑧 ∝  
𝛾𝑇𝐵𝑥

1 + (𝛾𝑇𝐵𝑥)2 𝑃0
′ . (3.14) 
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Therefore, after demodulation via lock-in detection, the output signal becomes a 

dispersion curve rather than a Lorentzian line shape, and so positive and negative 

magnetic field changes can be discriminated. This also reduces sensitivity to the 1/𝑓 

noise that a Lorentzian output is susceptible to. Note that the sensor output is 

approximately linear around the zero field, and therefore a linear approximation can 

only be made for very small field changes (see Figure 3.9).  

 

Figure 3.9. OPM voltage output. Modulating the signal and using lock-in detection enables 
discrimination between positive and negative field changes from the dispersion curve. At very small 

field changes (shown here as ±5 nT in QZFM), the relationship is approximately linear. 

3.4.1 Cross-axis projection error 

When deriving the signal equations previously, we assumed the magnetic field 

components in the y and z-direction (orthogonal to the laser beam direction) were 

zero. This is unlikely to be the case, with non-zero cross-axis terms changing the full 

signal equation to, 

𝑉 ∝ −𝐽0 (
𝛾𝑏𝑥

𝑄𝜔
) 𝐽1 (

𝛾𝑏𝑥

𝑄𝜔
)

1
𝑇

𝛾𝐵𝑥 + 𝛾2𝐽0
2 (

𝛾𝑏𝑥
𝑄𝜔

) 𝐵𝑦𝐵𝑧

1
𝑇2 + 𝛾2𝐵𝑥

2 + 𝐽0
2 (

𝛾𝑏𝑥
𝑄𝜔 ) 𝛾2𝐵𝑦

2 + 𝐽0
2 (

𝛾𝑏𝑥
𝑄𝜔 ) 𝛾2𝐵𝑧

2
, (3.15) 

where 𝑉 is the voltage output from the sensor and 𝐵𝑥 is the magnetic field direction 

we wish to measure. The sensor gain is dependent on the gradient of the response 

curve, which is related to 𝐵𝑥, 𝐵𝑦 and 𝐵𝑧. Therefore, the magnetic field environment in 

all axes will alter the sensor gain and the measured output. This effect is known as 

cross-axis projection errors (CAPE) (Borna et al., 2022), and is shown for increasing 

cross-axis magnetic fields in Figure 3.10.  

Not only can this change the amplitude of the measured signals but can introduce 

phase errors and therefore time delays in MEG signals. There are several strategies 
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for mitigating CAPE, including most obviously background magnetic field control, 

either just passively using magnetically shielding materials or in combination with 

active shielding via electromagnetic coils (Sections 3.6 and 3.7). Additionally, sensors 

can be designed to be operated within a ‘closed loop’ set-up, using feedback via 

internal coils to maintain a ‘zero-field’ environment throughout acquisition, even in the 

presence of field changes. As CAPE affects all three axes, ‘closed loop’ methods only 

work if all three axes can be nulled, and so requires triaxial sensors.  

 

Figure 3.10. Cross-axis projection error. Simulation of the OPM signal equation describing how 
magnetic fields orthogonal to measurement direction alter the slope of the output. a) shows how a 
magnetic field in the y-direction up to 10nT alters the voltage response to magnetic fields in the x-
direction. b) shows further changes with an additional field in the z-direction. These are calculated 

using 𝜸/𝟐𝝅 = 𝟐𝟖 𝒓𝒂𝒅 𝒔−𝟏𝒏𝑻−𝟏, 𝒃𝒙 = 𝟐𝟎𝟎 𝒏𝑻, 𝑸 = 𝟒, 
𝝎

𝟐𝝅
= 𝟏𝟎𝟎𝟎 𝒓𝒂𝒅 𝒔−𝟏 and 𝑻 = 𝟓 × 𝟏𝟎−𝟒 𝒔.  

3.5 Triaxial Measurement 

In conventional MEG, sensors typically measure a single vector component of the 

neuromagnetic field, oriented (approximately) radially with respect to the scalp 

surface. This is mostly out of necessity, as it is challenging to orient bulky pick-up coils 

to measure the complete field vector. It is also sensible since the radial component of 

the neuromagnetic field has been shown to be the largest in amplitude, and tangential 

components are more susceptible to errors and approximations in forward modelling 

due to a greater effect from volume currents in the extracellular space (Iivanainen et 

al., 2017; Sarvas, 1987). This said, SQUID-MEG systems have been built that 

measure the full vector magnetic field at multiple locations or across the whole head 

(Haueisen et al., 2012; Nurminen et al., 2013). However, these triaxial sensors have 

not been widely adopted, potentially due to their complexity.  

As OPMs do not rely on pick-up coils, sensors can be adapted to make triaxial 

measurements without significantly increasing their overall size. As the directional 
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sensitivity of an OPM is provided by a known oscillating magnetic field applied along 

a direction orthogonal to the laser axis as it passes through the vapour, even with a 

single laser beam, two independent field measurements can be made in two 

orientations orthogonal to the beam direction. Therefore, to make triaxial 

measurements, the laser beam can be split to direct two perpendicular beams through 

the same cell (see Figure 3.11), enabling triaxial field characterisation.  

 

Figure 3.11. Triaxial measurement. Schematic diagram of a triaxial QZFM. A beam splitter separates 
the laser beam, allowing two beams to be directed through the vapour cell for independent optical 
pumping. The vapour cell is surrounded by modulation coils on all faces.(adapted from Boto et al., 

2022) 

Measuring all three axes of the neuromagnetic field does not provide a three-fold 

improvement in sensitivity. However, measuring tangential components can improve 

data quality by three mechanisms: rejecting external interference, improving coverage 

across the cortex, and enabling “closed loop” sensor operation. For sensor data, 

additional components of the magnetic field improve the rejection abilities of methods 

such as homogeneous field correction (Tierney et al., 2021a) and signal space 

separation (Holmes et al., 2023a). The tangential components also reduce the 

correlation of the forward fields between the source of interest from within the brain 

and an external interfering source (see Figure 3.12a), which can be exploited when 

reconstructing sensor space data into source space (Brookes et al., 2021). Secondly, 

in simulation, triaxial sensors have shown a marked improvement on homogeneity of 

coverage (Figure 3.12b), which is particularly important in paediatric measurements, 

where the proximity of the brain to the scalp surface creates “hot spots” in coverage 

(Boto et al., 2022). Finally, at the time of writing, OPMs are being designed in a “closed 

loop” form, as in SQUID operation (see Chapter 2.4.4), using feedback to take 

magnetic field measurements while maintaining zero field across the vapour cell. This 

should reduce measurement error that arises due to operation beyond the linear 

regime of the sensor output (Figure 3.9). However, due to CAPE (Chapter 3.4.1), the 
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compensation towards zero-field must be applied in all three axes, to prevent 

magnetic fields orthogonal to the measurement axes causing changes in the output 

gain (the gradient of the lines in Figure 3.10).  

 

Figure 3.12. Triaxial advantages. a) Shows a diagram demonstrating how triaxial measurements 
assist in the discrimination between magnetic sources originating from within and outside the head 

(adapted from (Brookes et al., 2021)). b) Shows simulated coverage across the cortex using an array 
of radial-only QZFM in comparison to triaxial QZFM. This is demonstrated for an adult template MRI, a 

4-year-old and a 2-year-old (adapted from (Boto et al., 2022)). 
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3.6 Magnetically shielded environments 

As described in Chapter 3.4 and Figure 3.9, for operation in the SERF regime, OPMs 

suffer from a low dynamic range, with QZFM unable to cope with field changes above 

a few nT without either saturating sensor outputs or inducing gain errors (Borna et al., 

2022; Boto et al., 2018). Consequently, a low magnetic field environment is required 

for MEG measurement with such sensors. Where conventional MEG systems require 

magnetic shielding to reduce dynamic changes in the environmental magnetic field, 

OPM-MEG systems require greater shielding to produce a sufficiently low static 

magnetic field (and minimal dynamic changes) for ‘zero-field’ operation. This is 

particularly important in wearable systems, where the translation of OPMs through 

any residual static magnetic field causes a measured change over time seen by the 

magnetometer. 

Unshielded, the Earth’s magnetic field is ~50 μT and environmental sources (e.g. 

electronic equipment) produce temporally varying magnetic fields, both of which are 

many orders of magnitude larger than brain signals of interest. MEG experiments, 

both conventional and OPM, are therefore conducted in magnetically shielded rooms 

(MSRs), which employ layers of materials chosen for their properties to shield from 

static (DC) and temporally varying (AC) magnetic fields. Shielding materials change 

the structure of the magnetic field from interfering sources; diverting lines of magnetic 

flux away from the area where a low magnetic field is intended (Hoburg, 1995). 

Shields are characterised by the shielding factor,  

𝑆𝐹 =  
|𝐵0|

|𝐵𝑆|
, (3.16)  

where 𝐵0 is the unshielded field, and 𝐵𝑆 is the shielded field. A larger shielding factor 

therefore corresponds to better shielding. There are two physical mechanisms (Figure 

3.13) that require two different material properties and shielding factors used in the 

construction of MSRs.  
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Figure 3.13. Magnetic shielding mechanisms. a) A diagram demonstrating the process of flux 
shunting, where lines represent magnetic flux and a cross section of a cylindrical shield of high 

permeability material is shown in the centre, and b) a diagram describing eddy current cancellation, 
where a cross section of a material with high electrical conductivity generates magnetic flux that 

opposes incident flux (diagrams taken from Celozzi et al., 2008). 

3.6.1 DC fields 

Low frequency or DC magnetic fields require a material with a high magnetic 

permeability 𝜇𝑟 to divert flux away from the shielded region using a mechanism known 

as flux shunting. This effect arises due to the boundary between materials of different 

relative magnetic permeability. Ampere’s law dictates that the tangential component 

of the magnetic field 𝐇 must be continuous across the surface of the material, and 

Gauss’s law states that the normal component of 𝐁 must also be continuous. Inside 

the material, 𝐁 takes the form 𝐁 =  𝜇0𝜇𝑟𝐇, whereas 𝐁~𝜇0𝐇 in the air. For high 

permeability materials, the magnetic field rapidly changes at the interface between 

the materials to satisfy the boundary conditions. This results in magnetic flux lines 

being ‘pulled in’ perpendicular to the material and then ‘shunted’ along the material 

surface before being released back into air, as shown in the diagram in Figure 3.13a. 

The shielding factor of such material is dependent on its magnetic permeability, the 

dimensions of the shield constructed from it and the area enclosed by such shield. 

For example, for a spherical shield with inner radius 𝑎 and outer radius 𝑏, the shielding 

factor across the shielded volume will be (Hoburg, 1995) 

𝑆𝐹 =  
(𝜇𝑟 + 2)(2𝜇𝑟 + 1) − 2

𝑎3

𝑏3 (𝜇𝑟 − 1)2

9𝜇𝑟
. (3.17) 

For a material with high magnetic permeability, Equation 3.17 can be simplified when 

the thickness of the shield, ∆ = 𝑏 − 𝑎, is small compared to the inner radius, and 

𝜇𝑟
∆

𝑎
≫ 1, to (Cohen, 1970) 

𝑆𝐹 ≈
2

3
𝜇𝑟

∆

𝑎
+ 1. (3.18) 
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This approximation reveals a decrease in shielding factor for DC magnetic fields with 

larger shields if the thickness remains constant. Consequently, multiple layers of high 

permeability materials can be used with spaces between layers to improve the 

shielding factor. 

3.6.2 AC Fields 

Higher frequency or AC magnetic fields (~> 10 Hz) require a material with high 

electrical conductivity (e.g., copper) for shielding via eddy current cancellation. The 

time-varying magnetic flux density, 𝐁, induces an electric field, 𝐄, within the material 

due to Faraday’s Law,  

∇ × 𝐄 =  − (
𝜕𝐁

𝜕𝑡
) . (3.19) 

For materials with high electrical conductivity, 𝜎, this electric field induces a current 

density within the material, inducing magnetic flux that opposes the change in the 

imposed magnetic flux. The imposed and induced magnetic flux superimpose and 

cancel, expelling the total flux out of the conducting material and shielded region, 

shown in Figure 3.13b. For an AC field with angular frequency 𝜔 = 2𝜋𝑓, the induced 

current density and total flux density decay exponentially into the material and 

shielded region with a characteristic decay length, or “skin depth”, 

𝛿 = √
2

𝜔𝜇0𝜇𝑟𝜎
, (3.20) 

where 𝜇𝑟 is the relative magnetic permeability of the material. For time-varying 

magnetic fields, the shielding factor is complex, showing a frequency dependent 

phase variation, and can be expressed as,  

𝑆𝐹 = 1 + 𝑖𝜔
𝜇0𝜎𝑎∆

3
, (3.21) 

for a spherical enclosure, when 𝜇𝑟 = 1, 𝛿 ≫ ∆ and ∆≪ 𝑎. The shielding improvement 

here contrasts with the DC case, as it increases with radius for a fixed shield 

thickness. 

3.6.3 Degaussing 

While MSRs efficiently reduce the magnetic field inside the enclosure, the residual 

field inside many MSRs remains too high for OPM operation. Specifically, without 
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degaussing, even in a highly efficient shielded room (SF ~ 2,000), the background 

field would be on the order of 25 nT (Boto et al., 2018), and consequently, just a 4-

degree rotation of an OPM would cause a field shift large enough to take the OPM 

outside its dynamic range. As such, additional tools are used to produce the low 

magnetic field environment required for OPM-MEG. One such method is degaussing. 

The materials used in MSRs (e.g., mu-metal) are typically alloys of ferromagnetic 

metals such as iron or nickel. Therefore, when exposed to magnetic fields they can 

become magnetised; a remnant magnetic field can be left in the shielded region. To 

reduce this, a process of degaussing is employed; large coils are wrapped around the 

room, through which a decaying oscillatory current is applied. This drives the 

ferromagnetic material around hysteresis loops of diminishing area, suppressing the 

remnant magnetic field, and improving the performance of the magnetic shielding. 

3.7 Active magnetic shielding 

With passive magnetic shielding in combination with degaussing (SF ~ 20,000), 

background magnetic fields can reach closer to 2 nT. However, even in this ultra-low 

field environment, magnetic artefacts from small movements will be larger than brain 

activity and large field measurements may cause CAPE (Chapter 3.4.1). For these 

reasons, further shielding (beyond passive) is required to achieve a sufficiently low 

residual field. This has been achieved with field nulling techniques based on the use 

of electromagnetic coils. 

3.7.1 Nulling static magnetic fields with bi-planar electromagnetic coils 

The basic scheme is to measure the residual field inside a magnetically shielded 

enclosure and then use coils to generate a field equal and opposite to that measured, 

thus cancelling it out. However, a challenge in coil design is to find a way to generate 

magnetic fields in all three Cartesian orientations. Conventionally this would be done 

using a Helmholtz-like set-up (Iivanainen et al., 2019). However, this involves 

enclosing the participant since the coils must be mounted on six planes surrounding 

the nulling volume. An elegant solution to this is a bi-planar coil system, which 

provides a more open scanning environment. Here, the coil design is based upon a 

harmonic minimisation method (Carlson et al., 1992), which has been used previously 

in MRI. This approach was adapted to compensate all three Cartesian components 

of the uniform background field and the spatial gradients in the MSR whilst restricting 

coils to two planes placed on either side of the participant.  
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From Maxwell’s equations for magnetostatics, in a current-free region the magnetic 

field obeys, 

∇. 𝐁 = 0, (3.22) 

and  

∇ × 𝐇 = 𝐉, (3.23) 

where J is a current density. In the air enclosed by the shield, 𝐵 = 𝜇0𝐻 and no current 

density exists, consequently, 

∇ × 𝐁 = 0. (3.24) 

Evaluating these equations, the magnetic field can therefore be expressed as three 

vector components, 𝐵𝑥, 𝐵𝑦, 𝐵𝑧. In the absence of magnetic monopoles, these each 

obey Laplace’s equation, so they can be represented as a series of spherical 

harmonics, with the lowest order terms corresponding to spatially uniform magnetic 

fields and magnetic field gradients. Due to a high degree of symmetry between the 

lowest-order gradient terms,  

𝑑𝐵𝑧

𝑑𝑥
=

𝑑𝐵𝑥

𝑑𝑧
 

𝑑𝐵𝑧

𝑑𝑦
=

𝑑𝐵𝑦

𝑑𝑧
(3.25) 

𝑑𝐵𝑥

𝑑𝑦
=

𝑑𝐵𝑦

𝑑𝑥
 

𝑑𝐵𝑥

𝑑𝑥
+

𝑑𝐵𝑦

𝑑𝑦
+

𝑑𝐵𝑧

𝑑𝑧
= 0 

a series of just eight components are required to fully describe the uniform magnetic 

fields and linear magnetic field gradients, rather than the expected twelve (Holmes et 

al., 2018). Therefore, three coils can be designed to produce the uniform field vector 

components and a further five coils designed to generate the independent field 

gradients. Each coil produces a homogenous magnetic field or field gradient (within 

5%) inside a 40 cm length cube, shown in Figure 3.14a.  

In Holmes et al. 2018, a reference array with four Gen-1 QZFM OPMs was set up 

around the participant to measure the remnant magnetic field inside the MSR, as 

shown in Figure 3.14b. Using the two sensitive axes, four OPMs can measure the 

three vector field components at two separate spatial locations, 30 cm apart. From 
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this, a linear combination of the uniform components and five field gradients that best 

model the measured field can be determined. Feedback controllers modulate the 

currents in the bi-planar coils. The remnant magnetic field is cancelled out by applying 

an equal and opposite magnetic field based on a known value of the coil field per unit 

of applied current. More specifically, the measured field and field gradients are passed 

to proportional integral derivative (PID) control loops for more precise control, 

meaning the current applied depends not only on the latest measurement but also on 

the history of the system. A desired “setpoint” value is required, which for nulling 

magnetic fields is close to zero. The error is computed as the difference between the 

setpoint and the measurement. The current applied to the coils is then given as the 

sum of three terms: the first proportional to the error; the second varies with the 

integral of the error over time; and the third with the derivative of the error. To null the 

static remnant magnetic field, once the error is minimised, the PIDs are switched off 

and a stable current is applied to the coils to maintain the low magnetic field volume. 

With this method, remnant fields inside the MSR reach as low as 250 pT.  

 

Figure 3.14. Active magnetic shielding using biplanar coils. a) A diagram of the biplanar coils, 
demonstrating the nulled region by the green box surrounding the participant’s head, b) the reference 
array with four Gen-1 QZFM, held around the participant’s head (figure adapted from Holmes et al., 

2018) 

3.7.2 Dynamic magnetic field compensation 

In hostile magnetic environments, such as a city-centre site, the magnetic field within 

an MSR can vary unpredictably e.g., at a site in downtown Toronto, passing 

underground trains and vehicles caused large temporally varying magnetic fields. An 

example recording from a fluxgate magnetometer of such a site is shown in Figure 

3.15. 
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Figure 3.15. Temporally varying magnetic fields. A graph showing magnetic field changes from 
within a repurposed Vacuumschmeltz shielded room at the Hospital for Sick Children (SickKids) in 

downtown Toronto, Canada. The measurements are made with fluxgate magnetometers (measuring in 
x,y and z), that have a larger dynamic range than commercial OPMs, allowing them to measure the 

magnetic field changes of over ±𝟐𝟎 𝒏𝑻. 

This can cause OPMs to experience field changes beyond their dynamic range, 

sometimes just moments after nulling, making even short OPM-MEG scans 

unfeasible (Holmes et al., 2019). To counter this, a dynamic nulling system can be 

employed to account for the low frequency time-varying fields or drifts (Iivanainen et 

al., 2019). This can be achieved via a high-speed dynamic PID controller to regulate 

currents in the coils in accordance with measured field variation. 

3.8 OPM-MEG subject interface 

3.8.1 OPM-MEG helmet design 

MEG requires the measurement of magnetic field signals from an array of sensors 

distributed across the head to enable source reconstruction. Wearable OPM arrays 

therefore require a method of mounting sensors close to the scalp while enabling free 

movement and a comfortable scanning environment. When designing such a system, 

there are five key considerations to balance: 

• The sensors must be held rigidly (limiting relative movement) 

• Sensors must be held close to the scalp to maximise the measured signal 

• Sensor locations and orientations relative to the participant’s head must be known 

to enable high-fidelity modelling and, consequently, source localisation 

• The system must be ergonomic and practical – particularly for participant groups 

such as infants or patients 

• As most OPMs are heated to operate in the SERF regime, heat must be able to 

dissipate 

There have been a range of approaches taken to address this requirement. Here I will 

describe those approaches in reference to the evolution of the system used in this 

thesis.  
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The first wearable MEG recordings were made with 3D-printed personalised head 

casts (Boto et al., 2018), designed to fit a single participant using their individual MRI 

to generate a “perfect fit” solution (Figure 3.16). This allows OPMs to be placed as 

close to the scalp surface as is possible to maximise the measured signal amplitudes, 

while also providing accurate knowledge of sensor position and orientation (or 

coregistration – see Section 3.8.3). This method has since been used in a range of 

studies across multiple research groups (e.g., Seymour et al., 2021), however, its use 

is limited by the expense and time required to design an individual head cast for each 

participant and is therefore impractical for large study cohorts.  

Generic helmets overcome this limitation, allowing data collection from multiple 

participants with a single system. Early generic systems adapted adult and child-sized 

bicycle helmets (Figure 3.16) and used 3D digitisation to determine sensor positions 

and orientations within the helmet (Hill et al., 2020). These helmets benefitted from a 

lightweight and affordable design, but the foam padding built inside the helmet 

prevented heat dissipation and was therefore impractical for large arrays where 

overheating can become a problem. 

A more flexible solution used flexible “EEG-like” caps with sensor holders sewn onto 

an elasticated fabric that conforms to different head shapes and sizes (Corvilain et 

al., 2023; Feys et al., 2022), an example of which is shown on a new-born in Figure 

3.16. While this provides an optimal on-scalp placement for maximum signal 

detection, motion between sensors produced vibrational artefacts, and coregistration 

of each individual sensor location and orientation relative to one another and anatomy 

causes random error in sensor localisation, which is problematic in source localisation 

(Hill et al., 2020). 
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Figure 3.16. OPM-MEG helmet design. From the top left, personalised 3D printed head cast 
(Seymour et al., 2022), adapted bicycle helmets (Hill et al., 2020), and flexible caps (Corvilain et al., 
2023). Bottom row from left, prototype rigid helmet (Hill et al., 2020), 3D printed rigid helmets in adult 

large and 4-year-old sizes.  

3D-printed helmets in a range of generic sizes overcome many of the issues 

presented by flexible cap solutions. They hold sensors rigid relative to one another, 

reducing artefact and simplifying coregistration (improving source localisation by 

making errors systematic rather than random, Hill et al., 2020), while offering a close-

to-scalp placement with appropriate age-matched sizes (see Figure 3.16). The 

helmets have been developed from the first adult prototype in 2020 to multiple sizes 

(at the time of writing, there are 1-year-old, 2-year-old, 4-year-old, adult small and 

adult large sizes). The helmets are designed with a 3D-printed mesh structure to 

reduce weight and allow for air circulation to provide cooling to the sensors and head. 

Cable management is also incorporated to provide an ergonomic and neat design. It 

must be noted that there are limitations to this system. Sensors must be moved 

between different helmets, meaning different head sizes cannot be scanned 

sequentially without time for changing helmets. In addition, the generic fit means that 

there is inhomogeneous coverage, particularly in the temporal regions as the helmet 

does not allow for sensor placement further down the sides of the head. 



64 
 

3.9 Coregistration 

Reconstructing the MEG signal in source space requires an accurate knowledge of 

sensor locations relative to brain anatomy. This process is called coregistration and 

is described for cryogenic MEG in Chapter 2. The rigid helmets in the system 

described and used in this thesis, simplify the process of coregistration by holding 

sensor positions and orientations rigid with respect to one another. Therefore, 

coregistration simply requires the ability to determine the position of the helmet with 

respect to the head, and therefore an anatomical MRI. 

This is achieved by taking a 3D digitisation of the participant wearing the helmet either 

prior to or following MEG data acquisition. In this thesis, a structure-light scanner was 

used to obtain the digitisation (EinScan H, Shining Inc., China). The 3D digitisation is 

coregistered to a surface scalp mesh (created from the segmented anatomical MRI) 

by matching facial features. A 3D mesh of the helmet is then aligned to the digitisation 

mesh by matching equivalent points on the helmet. This results in a transformation 

matrix that describes the rotation and translation from the sensor location and 

orientations in “helmet-space” to “MRI-space”, and therefore the array position relative 

to the brain is known. A schematic of the process is shown in Figure 3.17. This method 

was used in the work described in Chapters 5,6 and 7, and a similar method with an 

additional step is used and described in Chapter 4. 
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Figure 3.17. Optical coregistration for OPM-MEG. The 3D digitisation is aligned to a mesh of the 
extracted scalp from the MRI by matching features, shown by yellow dots. The helmet mesh is then 
aligned to the 3D digitisation using feature matching demonstrated by the green dots. This results in 

the helmet mesh coregistered to the MRI scalp, and therefore sensor locations and orientations relative 
to brain anatomy. 

3.10  Chapter summary 

In this chapter, we have discussed the elements that make up the OPM-MEG system, 

including the theory of optical pumping, triaxial measurement, and magnetic shielding. 

The next four chapters describe experimental studies using OPM-MEG. 
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4 Measuring theta band 

activity with OPM-MEG  

4.1 Chapter overview 

This chapter describes a study investigating low frequency, theta band (4 – 8 Hz), 

MEG signals during visual and working memory tasks using a whole-head OPM-MEG 

system in comparison to a cryogenic system. Detection of low frequency signals is 

particularly important when studying neurodevelopment, as oscillatory signals are 

lower frequency in early life (Hunt et al., 2019). In a wearable OPM-MEG system, low 

frequency signals may be more challenging to detect, as motion artefact typically 

manifests below 10 Hz, and the noise floor of an OPM at low frequency is typically 

higher than conventional SQUID sensors. We therefore aim to characterise the 

sensitivity of the OPM-MEG system to oscillations across the theta band range as a 

precursor to neurodevelopmental studies. We compare the source-space power 

during both tasks in both systems in healthy adult participants, finding no significant 

differences in the signal-to-noise across groups, and a high correlation between 

individuals in each system. We also conduct a ‘neural fingerprinting’ analysis, showing 

that individual signatures are preserved between systems. The work presented in this 

chapter was published in NeuroImage in 2023 (Rhodes et al., 2023).  

4.2 Introduction 

Despite significant promise, OPM-MEG remains a nascent technology and has some 

potential disadvantages over SQUID-based instrumentation. Arguably the biggest 

limitation is diminished sensitivity to low frequency oscillations. Low frequency neural 

oscillations are extremely important neurophysiological markers; oscillations in the 

theta band are associated with a range of cognitive processes, including spatial 

navigation (Hasselmo et al., 2002), emotional regulation (Lesting et al., 2011) and 

memory. A connection between theta and memory processes was first made in local 

field potential (LFP) recordings from rats in the 1970s (Landfield et al., 1972), and has 

since been demonstrated non-invasively in humans with EEG and MEG (Inanaga, 

1998; Jensen and Tesche, 2002; Onton et al., 2005). In clinical research and practice, 

an excess of low frequency neural oscillations at rest in adults (also termed cortical 

slowing) is a well-established marker of disease with examples including Alzheimer’s 
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(Jeong, 2004) and Parkinson’s disease (Stoffers et al., 2007). Critically for the work 

described in this thesis, low frequency signals are particularly important for studying 

development. There is a general shift of oscillatory activity towards lower frequencies 

at younger ages – for example, the alpha peak frequency is shifted to a lower 

frequency in children compared to middle-aged adults (Miskovic et al., 2015; Scally 

et al., 2018) and there is a trend of decreasing theta power and increasing alpha 

power with age from childhood to adulthood (Hunt et al., 2019; Miskovic et al., 2015). 

These examples show the importance of high-fidelity low frequency measurement. 

Consequently, any viable OPM-MEG system must be capable of accurately 

characterising such activity. 

The challenge in detecting low frequency activity with OPM-MEG arises due to three 

separate effects. Firstly, the inherent noise level of an OPM increases at low 

frequencies (Boto et al., 2022). There are several reasons for this in the current 

generation of commercial OPMs, including the presence of magnetic impurities in the 

materials from which the sensor is made and crosstalk within feedback loops for the 

vapour cell and laser temperature stabilization, which in turn lead to fluctuations in the 

sensor output. Second, all MEG installations are housed inside a magnetically 

shielded room (MSR), typically constructed from multiple layers of high magnetic 

permeability and high electrical conductivity metal. The former reduces low frequency 

interference, and the latter attenuates high frequency magnetic fields (see Chapter 

3.6 for more detail). Such shielding techniques are well established; however, the 

shielding of low frequency (< 10 Hz) variations in the magnetic field at the scale factors 

associated with MSRs designed for human measurements is challenging (Hill et al., 

2022; Holmes et al., 2022), meaning higher interference at lower frequencies. Whilst 

this is also true for conventional MEG systems, SQUID-based sensors often measure 

magnetic field gradient, whereas OPMs measure the field itself, and the latter is 

influenced more by distant sources of interference. Finally, unlike SQUIDs, OPMs 

move with the head. Although this is a major advantage, if there is any remnant 

(temporally static) background field inside the MSR then sensors ‘see’ a changing 

magnetic field as they move. Since head movement is more likely to occur at low 

frequencies, this again disproportionately increases low frequency interference. In 

sum, the combined effect of inherent sensor noise, low frequency interference from 

the environment, and head movement make imaging low frequency effects with OPM-

MEG a significant challenge. 

Despite the difficulties, recent evidence suggests that it should be possible to measure 

low frequency effects using wearable OPM-MEG. For example, OPM measurements 
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in unconstrained subjects reliably detect neural oscillations in the theta band, which 

localise to the hippocampus (Barry et al., 2019; Tierney et al., 2021b) during a task 

involving the imagination of novel scenes. In addition, in a study on cortical tracking 

of speech in unconstrained subjects, the authors concluded that OPM-MEG is able to 

successfully measure brain activity at frequencies of 4 Hz and below (de Lange et al., 

2021). However, there is yet to be a direct comparison of results from SQUID and 

OPM-MEG, when measuring low frequency neural oscillations.  

In this chapter, we employ two tasks – a 4 – 8 Hz flashing visual stimulus, and an N-

back working memory task (2-back condition), both of which elicit neural effects in the 

theta band. Both tasks were carried out by the same 14 participants using SQUID and 

OPM-based instrumentation and we make a quantitative comparison of the results. 

We test two hypotheses. First, despite the challenges, if the background magnetic 

field is controlled appropriately (Rea et al., 2021) and interference rejection methods 

are used effectively, the SNR of OPM-based measures of theta activity will be 

comparable to that of SQUID-based metrics. Second, we hypothesised that individual 

differences in the electrophysiological signature of frontal midline theta oscillations 

would be preserved between the two scanners. 

4.3 Methods 

4.3.1 Participants 

Fourteen participants took part in the study (age range 27 ± 3; 8 identified as male, 6 

as female). Each subject underwent two separate MEG recording sessions, with data 

collected by either OPM-MEG or SQUID-MEG1. The order of these sessions was 

alternated (eight participants underwent OPM-MEG scans first; six participants were 

scanned first in the SQUID-MEG). The average time between sessions was 19 ± 10 

days (mean ± standard deviation). In addition to MEG data, volumetric anatomical 

magnetic resonance images were acquired for each participant using a Philips 

Ingenia 3T system running an MPRAGE sequence, with 1 mm isotropic spatial 

resolution. These anatomical images were used for subsequent coregistration 

between brain anatomy and sensor array geometries. All participants provided written 

informed consent prior to scanning, and the study was approved by the University of 

Nottingham’s Faculty of Medicine and Health Sciences Research Ethics Committee. 

 

1 The author collected all the data described in this chapter. 
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4.3.2 Paradigms 

A single scanning session comprised two experiments: 

Visual task: Participants passively viewed a visual stimulus – a green square on a 

black background, flashing at either 4 Hz, 6 Hz or 8 Hz (adapted from Wittevrongel et 

al., 2021). The stimulus was presented in the lower right quadrant of the participant's 

field of view, subtending a visual angle of ~5°. Stimulation was presented for 2 s, 

followed by a 2 s rest period. This was repeated 120 times; with 40 trials for each 

frequency presented in pseudorandom order. The participant was asked to focus on 

a fixation cross at the centre of the screen throughout the recording, which lasted for 

480 s. 

2-back task: A single trial comprised 20 seconds of letter presentations on a screen 

(vertical visual angle ~3°). One letter was shown every 2 s and was visible for 1 s (i.e. 

the gap between letters was 1 s). Participants were asked to press a button using 

their right index finger when the current letter matched that presented two letters 

previously (i.e., for a sequence of letters running ‘F’ ‘H’ ‘E’ ‘F’ ‘E’ ‘D’ subjects should 

press the button at the presentation of the second ‘E’). 20 s of ‘2-back’ was followed 

by 20 s of rest, where participants were asked to focus on a central fixation dot on the 

screen. This was repeated for 25 trials, making the experiment duration 1000 s in 

total. 2-back tasks of this nature are known to elicit frontal midline theta activity 

(Brookes et al., 2011b; Missonnier et al., 2006; Owen et al., 2005). 

Both paradigms were presented using back projection through a waveguide in the 

MSR onto a screen placed ~80 cm in front of the participant in the OPM-MEG system, 

and ~95 cm in the SQUID-MEG system. An Optoma HD39 Darbee projector with a 

refresh rate of 120 Hz was used to display the stimuli for both the OPM and SQUID 

recordings. A photodiode was attached to the screen at the location of the flashing 

square to monitor the timings of the visual task. Responses to the 2-back paradigm 

were recorded using a fORP 4-button fibre optic response pad (Cambridge Research 

Systems Ltd.). This enabled measurement of correct/incorrect responses as well as 

reaction times. 

4.3.3 OPM-MEG data collection 

The OPM-MEG system (See Figure 4.1) comprised 174 channels (58 triaxial OPM 

sensors [QuSpin Inc., Boulder, CO]). The sensors were uniformly distributed across 

a rigid additively manufactured adult helmet (Cerca Magnetics, Nottingham, UK) 
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providing approximately whole-head coverage. The outputs of each OPM channel 

were fed into a National Instruments digital acquisition system (DAQ) and were 

sampled at 1200 Hz. A further 4 OPMs (QZFM Gen-1 QuSpin Inc., Boulder, CO) were 

placed immediately behind the subject to sample the background magnetic field. The 

system was housed in an OPM-optimised magnetically shielded room (Cerca 

Magnetics Limited, Nottingham, UK) with four layers of mu-metal, 1 layer of copper 

and degaussing coils. The room was also equipped with a bi-planar coil, which 

surrounded the subject and was capable of active field control (Cerca Magnetics 

Limited, Nottingham, UK). A 6-camera motion tracking system (OptiTrack Flex 13, 

NaturalPoint Inc., Corvallis, Oregon, USA) was used to monitor subject movement for 

precision magnetic field control. OPM control, data acquisition, and coil outputs were 

controlled by a single ‘acquisition’ PC, whilst the stimuli and tracking cameras were 

controlled by a second ‘stimulus’ PC. Triggers delineating the timing of events 

throughout the experimental paradigms were sent from the stimulus PC to the DAQ 

and were recorded alongside the MEG data. 

 

Figure 4.1. Schematic of the OPM-MEG system. 

The 3D-printed helmet containing the OPMs was available in several sizes (Figure 

4.2); prior to scanning, the subject's head circumference was measured, and the best-

fitting helmet was selected and populated with OPMs. At the start of each scanning 

session, a 60 s “noise” recording was acquired with no subject present in the room, 

to assess levels of background interference and identify any problems with the 

system. Following this, subjects were seated comfortably on a patient support within 

the MSR, and the helmet was placed on their head. All subjects were completely free 
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to move during the scan (though they were not specifically asked to do so). Once 

seated, the degaussing and remnant magnetic field nulling procedures were carried 

out. Following this, MEG data were recorded during the two paradigms. In addition, 

the experiment was also run once with no subject present, to obtain an empty room 

noise recording with equivalent duration to subject data. 

To spatially coregister the MEG data to the anatomical MRI, two 3D digitisations of 

each participant's head were acquired using an optical imaging system (Einscan H, 

SHINING 3D, Hangzhou, China), as described in Chapter 3.9. The first with the 

helmet on (to measure helmet position relative to the face) and the second with the 

helmet removed and a swimming cap used to flatten hair (to obtain an estimate of the 

whole head shape, including the scalp surface). A 3D surface representing the face 

and scalp was also extracted from the anatomical MRI scan. In contrast to the method 

described in Chapter 3.9, coregistration in this study was achieved via a 3-step 

process: 1) The two optical digitisations were segmented, leaving only points around 

the face, and were aligned to each other. 2)  The second optical digitisation (with the 

helmet removed) was aligned to the surface extracted from the MRI. Combining steps 

1 and 2 provided knowledge of the helmet position relative to the brain. 3) The 

locations and orientations of the OPMs relative to the helmet – known from the 3D 

printing process – were added, providing a complete coregistration of sensor position 

and orientation relative to the brain anatomy. This technique has been successfully 

used in previous work (Hill et al., 2020; Zetter et al., 2019). This final coregistration 

was subsequently used to enable forward modelling of the magnetic field generated 

by current dipoles in the brain. 

 

Figure 4.2. Rigid 3D-printed generic helmet sizes. From left to right: 2-year-old, 4-year-old, small 

adult, and large adult. 

4.3.3.1 Precision magnetic field control 

Our system is housed inside an OPM-optimised MSR (Cerca Magnetics Limited, 

Nottingham, UK) equipped with a system for demagnetisation of the inner mu-metal 

layers. Demagnetisation typically leaves a magnetic field inside the MSR of ~ 3 nT – 

too high for effective OPM operation with unconstrained subjects. To further reduce 

this field, active magnetic field control was employed using the bi-planar coils. The bi-
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planar coil system is capable of generating the three uniform field components, and 

the five independent linear gradient fields (due to Equations 3.25), within a volume of 

~ 0.4 x 0.4 x 0.4 m3 enclosing the participant’s head (Holmes et al., 2019). Nulling the 

background field in this volume thus allows head movements from a seated position. 

Here, the coil was used in two ways – firstly, the reference array surrounding the 

helmet array was used to estimate the low frequency (< 3 Hz) temporal changes in 

the spatially uniform and gradient background magnetic fields (e.g. low frequency 

drifts caused by passing vehicles); such changes were fed back to the coil, which 

outputs an equal and opposite field to provide temporal stability (Holmes et al., 2019). 

Having stabilised the field in time, the remnant temporally static field was corrected 

via a nulling process first described by Rea et al (Rea et al., 2021). Briefly, a series of 

head movements was performed by the participant and the translation and rotation of 

5 triaxial OPMs in the helmet were captured using optical tracking. The measured 

field changes generated by movements of the same sensors were simultaneously 

recorded, combined with the movement data, and fitted to a spherical harmonic model 

to determine the static background field and field gradients present in the vicinity of 

the head. The coil was then used to offset these fields. The entire process can be 

repeated to improve performance. This technique has been shown to cancel remnant 

fields to < 300 pT. Here, unlike previous demonstrations of this technique (Holmes et 

al., 2022; Rea et al., 2022, 2021), rather than starting with the raw field following 

demagnetisation, an initial estimate of the background magnetic field (based on past 

studies) was used, and estimated currents were applied to the coils before the nulling 

procedure took place. Thus, the starting field was expected to be lower than the ~3 

nT typically observed. This procedure (outlined in Figure 4.3), which takes 

approximately 5 minutes, was carried out for all participants. 
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Figure 4.3. Precision magnetic field control. A flowchart describing the field nulling process. 

4.3.4 SQUID-MEG data collection 

SQUID-MEG data were acquired using a 275-channel CTF system (CTF, Canada) in 

third-order synthetic gradiometer configuration, with a sampling frequency of 1200 Hz 

for the visual task, and 600 Hz for the working memory task (see Figure 4.4). The 

SQUID-MEG system is housed in an MSR (Vacuumschmelze, Hanau, Germany) to 

reduce the effects of external interference. As with all conventional MEG recordings, 

the subjects were asked to remain still throughout data acquisition. Prior to entering 

the scanner, three head position indicator (HPI) coils were placed on the subject’s 

head, and their locations inside the MEG helmet were tracked continuously 

throughout both experimental recordings. Motion greater than 5 mm was considered 

prohibitive, and data were discarded. 

Following the experiment, a 3D digitiser (Polhemus, Colchester, Vermont, USA) was 

used to measure the location of the three HPI coils relative to the face and scalp 

surface. The digitised surface was then fitted by surface matching to the equivalent 

surface extracted from the anatomical MRI. This enabled complete coregistration of 

the MEG sensor geometry to brain anatomy (see Chapter 2.4.5). Note that this 
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technique was selected (over the optical approach used for OPMs) as it represents a 

“standard” means to enable coregistration with conventional MEG. 

Following coregistration, the distance from all sensors to the closest point on the scalp 

surface was measured. This was carried out for both the SQUID and OPM systems. 

 

Figure 4.4. Schematic of the SQUID-MEG system. 

4.3.5 Data analysis 

4.3.5.1 Pre-processing 

All OPM-MEG data were filtered from 1 – 40 Hz using a finite impulse response (FIR) 

non-causal bandpass filter. Data were then inspected visually and any channels or 

trials displaying excessive noise were identified and removed. Homogenous field 

correction (HFC) (Tierney et al., 2021a) was then applied to remove interference that 

manifests as a spatially uniform field. On average (across subjects) this resulted in 

the removal of 9 channels and 4 trials.  

A synthetic third-order gradiometry approach was used to reduce the effects of 

external magnetic interference in the SQUID-MEG data. Following this, data were 

filtered from 1 – 40 Hz using the same FIR bandpass filter.  Data were again inspected 

visually and any channels or trials displaying excessive noise were identified and 

removed. This resulted in the removal of an average of 4 channels and 1 trial. 
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4.3.5.2 Source localisation 

Visual task: Data were narrowband filtered using a FIR bandpass filter within a 4 Hz 

range around each of the stimulation frequencies (4, 6 and 8 Hz). The broadband (1 

– 40 Hz) and narrowband filtered data were then segmented into trials. Source 

localisation was performed using a linearly constrained minimum variance (LCMV) 

beamformer (Robinson and Vrba, 1998). The brain was divided into 4 mm cubic 

voxels. Forward solutions were computed using a single-shell head model and a 

dipole approximation of neural current (Nolte, 2003). Covariance matrices were 

generated using the 1 – 40 Hz filtered data in a time window spanning the whole 

experiment (excluding bad trials). The covariance matrix was regularised using the 

Tikhonov method with a regularisation parameter equal to 2 % of the maximum 

eigenvalue (Brookes et al., 2008). The optimised source orientation for each voxel 

was taken as that with the largest beamformer projected power (Sekihara et al., 2004). 

After generating the beamformer weights for each voxel, a pseudo-T statistical 

approach was used to contrast narrowband source power between the “on” window 

(0 – 2 s relative to stimulus onset) and “off” window (2 – 4 s) as described in Equation 

2.41. Separate pseudo-T statistical images were constructed independently for the 4 

Hz, 6 Hz and 8 Hz stimuli. In each case, we assessed the spatial signature of power 

changes at the fundamental frequency of stimulation. Voxels of interest were selected 

from the maximum of pseudo-T statistical images in a visual cortex mask, and a virtual 

electrode (VE) time course of the evolution of electrophysiological activity at these 

locations was reconstructed using the broadband data (see Chapter 2.5.2). The VE 

time course for each trial type was averaged across trials, and the Fourier Transform 

was computed (for the “on”- and “off”-windows separately). This enabled analysis of 

the spectral content. Note that this procedure was applied identically for the OPM- 

and the SQUID-MEG data. 

2-back task: Data were filtered to the theta band (4 – 8 Hz) using a FIR bandpass 

filter and segmented into trials. Source localisation was performed using the same 

beamformer and forward model as described above. Covariance matrices were 

generated using theta band filtered data in a time window spanning the whole 

experiment (excluding bad trials) and were regularised again using the Tikhonov 

method with a regularisation parameter of 2 % of the maximum eigenvalue. A pseudo-

T statistical approach, as described in Equation 2.41, was used to contrast theta band 

source power in the “on”- (5 – 20 s relative to trial onset) and “off” (24 – 39 s) contrast 

windows, producing volumetric images (again with 4 mm isotropic resolution) showing 

the spatial signature of the change in theta band power for each participant. A voxel 
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of interest was selected from the peak pseudo-T statistic in a frontal lobe mask for 

each participant, from which a VE time course was extracted using the broadband 

data (1 – 40 Hz). These were processed in 2 ways: first, the broadband data were 

theta band filtered using the same FIR filter and a Hilbert transform was generated, 

from which the absolute value of the resulting analytic signal was used to generate 

the amplitude envelope (or “Hilbert envelope”) of theta activity. This was then 

averaged across trials and baseline corrected (using the mean of the “off” period). 

The trial-averaged envelopes were then averaged across subjects. Second, the 

broadband VE data were segmented into task (0 – 20 s relative to trial onset) and rest 

(20 – 40 s) windows, and a spectral amplitude estimate was derived using Welch's 

overlapping segment averaging approach (with overlaps of 10 s). This method was 

applied to each trial separately, with results averaged over trials and participants. The 

empty room noise recording was also projected through the same beamformer 

weights that were derived for the 2-back data, and a spectral amplitude estimate was 

derived. This allowed for a comparison of spectral amplitude during task and rest, 

relative to sensor noise and background interference (excluding interference from the 

body [e.g. Magnetocardiogram] and movement artefact).  

4.3.5.3 Statistical analyses 

The SNR was quantified for both tasks. In the visual task, SNR was defined as the 

amplitude of the spectral peak at the frequency of interest (4 Hz, 6 Hz or 8 Hz) when 

the stimulus was on, divided by the average spectral amplitude in a 4 Hz window 

centred on the frequency of interest when the stimulus was off. For the 2-back task, 

SNR was defined as the difference in the mean Hilbert amplitude between task 

performance (0 – 20 s relative to trial onset) and rest (20 – 40 s), divided by the 

standard deviation of the signal at rest. In both cases, SNR calculations were carried 

out at the individual and group levels.  

For the 2-back task, we expected significant inter-individual differences in both the 

amplitude and the spatial signature of the theta response (Inanaga, 1998; Meltzer et 

al., 2007), which would mask a traditional comparison of the two systems (involving 

group averaging) by increasing standard deviation between participants. However, 

we also expected that individual traits would be maintained between the two systems 

(i.e. a subject who had a high theta response in OPM-MEG would have a similarly 

high theta response in SQUID-MEG) (da Silva Castanheira et al., 2021). To test this, 

we carried out two separate analyses. First, we measured SNR at the individual 

subject level and plotted SNR in the SQUID system versus SNR in the OPM system. 

We expected a linear relationship, where the gradient would tell us which system had 
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the highest SNR (i.e. a gradient of 1 would indicate parity between the systems). 

Second, we compared the spatial signatures of the pseudo-T-statistical images. 

Specifically, we measured spatial correlation (a Pearson correlation coefficient 

between the vectorised functional images) between all possible functional image 

pairs. With 14 subjects scanned in OPM-MEG and SQUID-MEG there are 142 (= 196) 

possible combinations, of which 14 are within subject, and 182 are between-subject. 

We expected that the within-subject correlation values would be significantly higher 

than between-subject correlations. To test this statistically, we used a bootstrapping 

method. Of the 196 correlation values, we randomly switched which 14 values were 

chosen as the within-subject correlations; doing this for 100,000 iterations enabled 

the construction of an empirical null distribution and allowed us to estimate whether 

the real difference between within and between-subject correlations could have 

occurred by chance. 

Finally, we were interested to see whether either the use of HFC (Tierney et al., 

2021a) or the use of a triaxial array (Brookes et al., 2021) would affect the theta band 

signal-to-noise ratio. The above analysis was therefore repeated for 1) triaxial data 

with no HFC, 2) radial-only data with HFC and 3) radial-only data without HFC. Once 

again SNR was quantified (as above) and we explored the extent to which both the 

array design in our system and our post-processing techniques, impacted the 

performance of our OPM system. 

4.4 Results 

4.4.1 System comparison 

We compared the scalp-to-sensor separation for each participant for each system, 

shown in Figure 4.5. On average, OPM sensors were 12±3 mm closer to the scalp 

surface than SQUID sensors. 
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Figure 4.5. Scalp-to-sensor separation. For OPM-MEG (blue) and SQUID-MEG (red). Data points 
show values for all sensors; lines show the mean. 

4.4.2 Magnetic field nulling 

Figure 4.6 shows the effect of magnetic field nulling. The plot on the left shows the 

magnitude of the spatially homogeneous components of the magnetic field inside the 

MSR. The plot on the right shows the magnitude of the linear field gradients. Both are 

shown before (blue) and after (orange) application of the nulling procedure. The 

individual markers show the fields/gradients for 13 of the participants (individual 

participants are connected by the grey lines) – unfortunately, motion tracking data 

were unavailable for one participant. Here, in the case before nulling (“Null iteration 

1”) initial voltages had been applied to the coil currents to reduce the field in the room, 

based on measurements from previous studies (Rea et al., 2022). For this reason, 

the starting field magnitude (~0.9 nT) is lower than the typical ~3 nT that we would 

predict following degaussing. Nevertheless, optimisation via the nulling procedure 

reduced the field to an average of 0.31 ± 0.3 nT, highlighting the benefit of this 

process in data acquisition. 
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Figure 4.6. Precision magnetic field control results. a) The magnitude of the homogeneous 
magnetic field and b) the linear field gradients before and after application of the nulling procedure. 
Solid circles show individual data points and lines show the field trajectories for 13 participants. The 

white circles show the mean values across subjects. 

4.4.3 Visual experiment 

Figure 4.7 shows the results of the visual experiment. Panels a and b show the spatial 

signatures of changes in oscillatory power (all pseudo-T statistical images have been 

spatially coregistered to the MNI brain using FLIRT (Jenkinson et al., 2002) and 

averaged across participants and frequencies). The result is similar for both systems, 

with the largest effect localising to the left primary visual cortex. This was expected 

as the stimulus was presented in the lower right quadrant of the visual field and maps 

retinotopically to the cortex. Panels c-e show power spectral data of VEs extracted 

from the peaks in the pseudo-T statistical images. In all cases, the data during 

stimulation are shown. Panels c, d and e show 4 Hz, 6 Hz and 8 Hz, respectively. For 

all three stimulation types, peaks at the fundamental frequency and its harmonics are 

observed. Quantitatively, the peak oscillatory power changes for the two systems 

were separated by 12 mm with the OPM-MEG appearing slightly anterior. The 

Pearson correlation coefficient between the two (vectorised) pseudo-T statistical 

images was 0.89. The SNR values for OPM data were 2.0±0.8, 1.7±1.1 and 1.8±1.1 

for 4 Hz, 6 Hz and 8 Hz, respectively. Equivalent values for the SQUID data were 

2.3±1.2, 1.8±0.9 and 2.3±1.1. The SNR differences between the two systems were 

not significant (p < 0.05) according to a Wilcoxon sum-rank test. 
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Figure 4.7. Visual experiment results. a-b) Show pseudo-~T statistical images of the spatial 
signature of changes in oscillatory power at the fundamental frequency of stimulation (note here that 4 
Hz, 6 Hz and 8 Hz have been combined). a) shows the case for SQUID-MEG and b) shows the case 

for OPM-MEG. The locations of maximum change are separated by 12 mm. c-e) show the subject 
averaged Fourier spectra from the VE from the voxel with peak pseudo-T statistic during stimulation for 
c) 4 Hz, d) 6 Hz and e) 8 Hz. In all three cases, SQUID data are shown in red and OPM data in blue. 

Shading represents standard deviation across participants. 

4.4.4 Working memory (2-back) experiment 

All 14 participants performed well on the 2-back task. For the OPM data, participants 

responded correctly to 95±3% of the 2-back targets (mean ± standard deviation). The 

false positive rate (i.e., the percentage of non-target letters that were incorrectly 

identified as being a 2-back match) was 0.5±0.5%. The average reaction time for 

correct responses was 0.576±0.08 s. For the SQUID data, participants responded 

correctly to 95±5% of the targets, the false positive rate was 0.5±0.5% and the 

reaction time for correct responses was 0.585±0.10 s. 

Figure 4.8a and b show the spatial signatures of the theta band response, averaged 

across participants, and overlaid on the MNI brain (using FLIRT). In agreement with 

expectation, we observe a significant increase in the amplitude of theta oscillations 

that peaks in the frontal midline. Panel a) shows the results for the SQUID 

measurements and panel b) shows the case for OPMs. In both systems, the result is 

spatially similar with peak voxels in SQUID and OPM measurements separated by 13 

mm. The Pearson correlation between the two (vectorised) images was 0.73. Panel 

c) shows time courses of the Hilbert envelope, extracted from the peak locations in 

the frontal cortex (derived from the pseudo-T statistical images) and averaged over 

trials and participants. A clear increase in theta amplitude is observed during the task 

(0 – 20 s) with strong similarity between MEG systems. The correlation between the 
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SQUID and OPM envelope time courses was 0.76; the group level SNR of the SQUID 

and OPM systems was 5.14 and 5.02, respectively. 

 

Figure 4.8. Working memory task group source space results. a-b) Pseudo-T statistical images 
showing the spatial signature of changes in theta band power. Images show the average across 

subjects for a) SQUID-MEG and b) OPM-MEG. The voxels with the highest theta change are 
separated by 13 mm between OPM and SQUID systems. c) shows the Hilbert envelopes showing the 

relative change in theta amplitude; the mean across subjects is shown and the shaded areas represent 
standard error for SQUID recordings (red) and OPM data (blue). Stimulus cessation is shown by the 
dashed grey line. d-e) show the subject averaged power spectral density from the virtual electrode 

during the task (red) and rest (blue) and from empty room noise recordings (yellow) for the SQUID (d) 
and OPM (e) measurements. The shaded areas for the task and rest windows show standard error 

across the 14 participants, and empty room noise recordings show standard deviation across the noise 
recording duration. 

Figure 4.8 d) and e) show the spectral amplitude of the SQUID- and OPM-derived 

virtual electrode data for the task period (red) and rest period (blue). Empty room 

recordings are also shown (yellow). Note the clear elevation in theta amplitude during 

the task, relative to rest. As expected, the spectral amplitude of the empty room OPM 

recordings increases with decreasing frequency; for example, the theta band baseline 

was 1.22 times higher than the beta band baseline (16.5 fT/√Hz for theta compared 

to 13.6 fT/√Hz for beta when averaged over all sensors and noise realisations). This 

increase can be seen in panel e). However, e) also shows that the beamformer 

projected empty room spectral amplitude for the OPM system was around 4 times 

lower than the spectral amplitude of theta measurements in subjects at rest, 

suggesting that it is not the dominant noise source for theta measurement – this will 

be addressed further in the discussion. 
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Figure 4.9 shows the results of our 2-back experiment at the individual participant 

level. a) shows SNR for the SQUID system plotted against SNR for the OPM system. 

Each data point represents an individual participant. Pearson correlation showed a 

significant (r = 0.86; p = 0.0001) relationship between the two measurements – i.e. 

those individuals who had a strong theta response in OPM-MEG data also tended to 

have a strong theta response in SQUID-based measurements. The slope of the line 

was 0.77±0.12, indicating that the SNR of the OPMs was marginally lower than that 

of the SQUIDs. However, this was driven to a degree by a single subject since 

removing one data point (circled) changed the slope of the line to 0.85 ± 0.22, while 

still resulting in a significant relationship (r = 0.76; p = 0.003). 

 

Figure 4.9. Working memory task individual results. a) SNR of the theta band response measured 
in the OPM data, plotted against equivalent SNR measured for the SQUID data. Note the significant (p 

= 0.0001) linear relationship between the two systems. The red circled data highlights a single 
participant, whose strong theta response somewhat reduces the slope. b) shows the matrix of 

correlation values showing the spatial relationships between pseudo-T statistical images of task-
induced theta change. Red crosses indicate the highest correlation value within each row. Note that 

crosses fall on the diagonal (i.e. within-subject correlation) for 12 out of 14 subjects. 

Panel b shows the correlation values between pseudo-T statistical images of change 

in theta power, for OPM-MEG and SQUID-MEG (i.e., each value shows how similar 

the two images are). The matrix elements show all 196 possible correlation values 

between all subjects; the diagonal values represent within-subject correlation, 

whereas the off-diagonal elements represent between-subject values. Note subjects 

are ordered according to the SNR of their theta response averaged across systems- 

i.e., subject 1 has the highest SNR; subject 14 has the lowest.  
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Figure 4.10. Bootstrapping statistical simulation. a) The correlation values shown in Figure 4.9b 
plotted as within and between subject correlations and b) Bootstrapping statistical test showing the null 

distribution and the real value for the average within-subject correlation. 

Figure 4.10 shows the results from the bootstrapping statistical tests on the pseudo-

T statistical image correlations. Panel a) shows that the within-subject correlation 

(mean 0.65) is significantly higher than the between-subject correlation (mean 0.15), 

this is shown in the null distribution in panel b), where p = 0.00003. In support of this, 

in Figure 4.9b, the red crosses signify that for 12 out of 14 participants scanned, the 

highest correlation was within-subject between systems. This analysis is sometimes 

termed neural fingerprinting (da Silva Castanheira et al., 2021). These results 

demonstrate that individual variation, measured via both SNR of the theta band 

response and its spatial signature across the brain, is maintained across two 

independent MEG recordings using very different instrumentation.   

4.4.5 OPM-MEG artefact reduction 

Finally, we explored the extent to which the performance of OPM-MEG was influenced 

by both the use of a triaxial array (which is known to have good interference rejection 

properties (Brookes et al., 2021)) and homogeneous field correction (HFC). Figure 

4.11a shows four realisations of the theta band subject-average response, formulated 

as instantaneous SNR (i.e., instantaneous oscillatory amplitude divided by the 

standard deviation of the signal in the rest [20 s to 40 s] window) and plotted against 

time. The far-left hand graph shows triaxial data with HFC, the centre-left graph shows 

triaxial data without HFC, the centre-right graph shows radial only data with HFC, and 

the far-right graph shows radial data without HFC. In all cases, the coloured line 

shows OPM-MEG SNR, and the black line shows SQUID-MEG SNR (identical for all 

four plots and shown only for comparison). Figure 4.11b shows the same data, but 

with the OPM SNR plotted against SQUID values. Here the slope of the line (which 

passes through the mean in the task and rest windows) is a representation of how 
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OPM SNR compares to SQUID SNR, at the group level. A slope of unity would 

indicate parity between the two systems. The four lines are overlaid in panel d. For 

triaxial data with HFC, the slope is 1.17, however, this drops to a value of 0.95 without 

HFC; 0.86 for radial-only with HFC and 0.85 when using radial recording and no HFC.  

Figure 4.11c and e show similar analyses, performed at the individual subject level. 

Panel c shows individual subject SNR for OPM-MEG plotted against SQUID MEG. 

This is equivalent to Figure 4.9a but here four realisations are shown – from left to 

right: triaxial data with HFC, triaxial data without HFC, radial data with HFC, and radial 

data without HFC. Here the slope of the line indicates how OPM-MEG SNR compares 

to SQUID-MEG SNR at the individual level. The lines are overlaid in panel e. In 

agreement with the group average data, there is a marked effect on OPM-MEG 

performance, with a slope of 0.77 for triaxial data with HFC, falling to 0.67 with no 

HFC; 0.66 with radial-only recordings with HFC, and 0.59 with radial recordings and 

no HFC. These effects show that both the use of triaxial sensing and homogeneous 

field correction influence the quality of OPM-MEG reconstructions.  
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Figure 4.11. Artefact reduction with OPM-MEG. a) Subject averaged instantaneous SNR of both the 
OPM (coloured) and SQUID (black) theta band responses plotted against time. b) OPM derived plotted 

against SQUID derived instantaneous SNR. In both a) and b) the 4 columns show triaxial data with 
HFC (far-left), triaxial data without HFC (centre-left), radial data with HFC (centre-right) and radial data 
without HFC (far-right). c) SNR values from individual subjects; SQUID plotted against OPMs. Order of 
columns as above. d) the line fits the mean for the task and rest windows from the data in b) overlaid. 

The slope of the line represents the relationship between SQUID and OPM instantaneous SNR values. 
e) the lines from c) overlaid. Notice in both d) and e) that the slope of the line is diminished by 

removing tangential axes, and by removing HFC. 

4.5 Discussion 

The measurement of low frequency neural oscillations is a significant challenge for 

wearable OPM-MEG. Nevertheless, here we have shown that oscillations in the theta 

band can be measured reliably in unconstrained subjects using a 174-channel triaxial 

OPM-MEG system. We measured visual steady state evoked responses at 4 Hz, 6 

Hz and 8 Hz, at a SNR that was not significantly different to a SQUID-based system 

(with 275 channels). Similarly, we measured task-induced increases in frontal midline 
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theta oscillations during a 2-back working memory task, again with comparable SNR 

at the group level (5.02 for OPM-MEG compared to 5.14 for SQUID-MEG). Analysis 

of our working memory task at the individual level showed striking relationships 

between results acquired using the two different systems. Specifically, we showed a 

linear relationship between individual SNR values. Further, when measuring the 

consistency of the spatial signature of task-induced theta increases, within-subject 

correlation (0.65) was significantly higher than between-subject correlation (0.15) – 

meaning that both the signal amplitude and spatial signature of theta change were 

maintained across the two independent recordings. Finally, we showed that—whilst 

OPM-MEG could be used to successfully characterise theta oscillations—SNR was 

dependent on both the array design (triaxial sensors) and on HFC. 

We had hypothesised that characterisation of low frequency activity would be difficult 

in wearable MEG for several reasons. Firstly, the internally generated noise inherent 

to the OPM sensor increases with decreasing frequency. Secondly, whilst 

environmental fields are shielded by the MSR, such shielding becomes more difficult 

as frequency decreases. This second problem has been addressed in conventional 

MEG – for example via the use of 5 cm baseline axial gradiometers and a reference 

array with synthetic third-order gradiometry (Vrba and Robinson, 2001); both exploit 

the fact that whilst the signal from the brain decays quickly with distance from the 

scalp, distal interference sources decay more slowly and so, by measuring magnetic 

field gradients, interference can be minimised (other SQUID-based MEG systems 

employ similar [albeit radial, rather than axial] gradiometric techniques). The problem 

in wearable MEG is that commercial OPMs are formed as magnetometers, rather than 

gradiometers, and whilst gradiometers can be synthesised by digital signal 

subtraction, this results in an increase in random noise (by a factor of ~√2). It is 

possible to construct inherent OPM-based gradiometers by allowing light to pass 

through two spatially separate vapour cells (Nardelli et al., 2020), however, this 

involves increasing the sensor size, which makes a wearable system cumbersome. It 

follows that for OPM-MEG, the use of gradiometry is challenging.  

Here, both the inherent sensor noise and low frequency environmental interference 

were assessed using our empty room recordings. Spectral analysis showed that, as 

expected, the spectral amplitude increases with decreasing frequency; for example, 

the theta band baseline was 1.22 times higher than the beta band baseline (16.5 

fT/√Hz for theta compared to 13.6 fT/√Hz for beta when averaged over all sensors 

and noise realisations). This increase can also be seen in the data in Figure 4.8e. 

However, Figure 4.8e also showed that the beamformer projected empty room 
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spectral amplitude was around 4 times lower when compared to the spectral 

amplitude of theta measurements in subjects at rest. It, therefore, follows that neither 

the low frequency interference nor the inherent sensor noise, both of which will be 

present in the empty room noise recording, is the dominant source of variance in the 

resting theta band signal. Nevertheless, comparing Figures d and e, the noise floor of 

a SQUID in the theta band remains much lower than that of an OPM – something that 

will be important for future OPM design.  

A third source of low frequency interference is movement. Any motion of the OPM 

array within a static background field manifests as a dynamic signal; if the background 

field is large this will obfuscate neuromagnetic fields. Because movement is ‘slow’, 

such interference manifests at low frequency. Given the observation relating to empty 

room interference, it is tempting to speculate that the movement artefact is the 

dominant source of variance for low frequency wearable MEG measurements. Here, 

we attenuated the movement artefacts at the source by generating a background field 

as close to zero as possible. The background field was reduced to 0.31 ± 0.3 nT – a 

factor of ~10 better than we typically observe inside the MSR (with no field nulling 

applied) and ~160,000 times lower than the Earth's static field. This demonstrates the 

critical importance of field nulling; without the use of bi-planar coils the movement 

artefacts would have been 10 times larger – a rotation of just 1 degree would generate 

a field shift of 52 pT (much larger than brain activity), and a 90 rotation would be 

sufficient to render an OPM inoperable. Following our nulling procedure, even a full 

head rotation would maintain a total field shift of < 1 nT, meaning OPMs remain 

operational, and small rotations would generate artefacts of just a few pT. As an aside, 

we also assessed the effectiveness of the use of the bi-planar coil with pre-calculated 

currents based on past observations of the field in the MSR. This was sufficient to 

reduce the field to 0.9 nT, meaning that background fields are consistent over time (if 

they weren’t, pre-calculated coil currents would be unlikely to reduce the field). 

However, the result was improved significantly by the nulling procedure, showing the 

importance of a bespoke field calculation per participant.     

Despite the success of field nulling, there remains a residual movement artefact in the 

data due to the remnant (0.3 nT) field. There are also other sources of low frequency 

interference due to the presence of the participant, including magnetic fields from the 

heart, muscles, and eyes – all of which are larger than brain activity. In addition, fields 

from brain areas that are of no interest to the task (sometimes referred to as “brain 

noise”) will also generate theta band interference. It follows that these sources, in 

some combination, provide the dominant source of variance in the theta band noise 
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floor. Here, we used a combination of HFC and beamforming to reduce the effects of 

such fields; HFC reduces fields that are uniform across the sensor array; meaning 

mainly fields from distant sources (Tierney et al., 2022). Beamforming is a spatial 

filtering technique that helps to remove fields that originate anywhere other than the 

brain region being probed (Brookes et al., 2021; Tierney et al., 2022). The 

performance of both techniques is known to be significantly enhanced using a triaxial 

array. The utility of these techniques is shown in Figure 4.11, where SNR was 

improved by HFC. In addition, the use of triaxial (rather than conventional radial) 

sensors also improved SNR. To a degree, this latter finding is confounded because 

the comparison also involves changing the total sensor count. Nevertheless, the raw 

measurements are affected by residual fields originating outside the brain, and likely 

caused by a combination of movement and biological fields of no interest. Thus, for 

future studies of low frequency oscillations in OPM-MEG, post-processing to 

attenuate such fields should be considered essential.  

Despite the difficulties, our primary result showed that theta band oscillations were 

well characterised by both OPM and SQUID-based MEG systems, despite 

participants being unconstrained in the OPM device. The SNR of the two 

measurements was similar; plots of the OPM-MEG SNR versus the SNR of the 

SQUID measurements showed marginally higher SNR in OPMs at the group level 

(with a line gradient of 1.17) and marginally lower SNR in OPMs at the individual 

subject level (with a line gradient of 0.77). Individual differences between subjects 

(both signal amplitude and spatial specificity) were consistently captured across both 

systems, despite acquisitions being (on average) 19 days apart. This “neural 

fingerprinting” not only provides a validation of the OPM-MEG system but also of the 

robustness of electrophysiological measures of human brain activity. Variance 

between individuals is often treated as “noise” in neuroimaging studies. Nevertheless, 

these results add weight to an argument that between subject differences represent 

valuable sources of variance which should be properly modelled. Most importantly, 

the strength of theta oscillations is an important metric. Frontal midline theta is 

induced by tasks with high cognitive demand and therefore a useful marker of healthy 

brain function. Abnormally high theta oscillations can be a sign of cortical slowing – 

which itself denotes neurological problems – for example, dementia (Prichep et al., 

2006; Vecchio et al., 2014), and concussion (Lee and Huang, 2014); higher amplitude 

theta waves are observed in children and their reduction with age is a marker of 

neurodevelopment (Hunt et al., 2019). For this reason, the ability to accurately 

measure and characterise theta waves is an important property of any MEG system. 
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Here we provide a benchmark showing that our 174-channel triaxial array design is, 

at minimum, capable of matching conventional SQUID-based instrumentation in 

characterising theta activity.  

Finally, there are several limitations in the current study which should be addressed. 

We focussed on theta waves, with the lowest frequency at 4 Hz. This was for two 

reasons: first, the importance of theta waves in neuroscientific paediatric and clinical 

applications and second, the fact that theta oscillations are relatively easy to evoke in 

a repeatable (across systems) and well-controlled manner. Nevertheless, oscillations 

below 4 Hz, e.g., delta waves, exist and are important biological markers. They are 

challenging to evoke in a controlled manner, being most prevalent during sleep, and 

in patients with e.g., concussion (Lee and Huang, 2014). Nevertheless, future studies 

should aim to generate similar OPM/SQUID comparisons for these lower frequencies, 

though this would likely involve a redesign of the OPM helmet to facilitate comfortable 

sleep.  

There are also technical limitations of our current implementation of OPM-MEG: 

Perhaps the most obvious is channel count – here we contrast 174 OPM channels to 

275 SQUID channels. Channel count is important both for signal acquisition (at the 

simplest level, the more channels you can average over, the better the SNR you will 

get) and for differentiating between signals from different brain regions. Our OPM-

MEG system allowed triaxial measurement – this offers significant advantages in 

terms of differentiating brain signal from external interference, but also some 

disadvantages because the measured tangential components of the magnetic field 

are smaller in amplitude than the radial components. The result is that the total signal 

(summed over channels) will be higher for the 275 SQUID-based radial channels 

compared to the 174 triaxial OPM channels. With this in mind, the fact that we 

approximately achieve parity between systems is compelling. Nevertheless, 

extension to higher channel counts, where one can reap the advantages of triaxial 

sensing whilst also optimising overall signal amplitude is an extremely important step 

forward. An additional advantage of a triaxial sensor array is that it is robust to cross-

talk (Boto et al., 2022), so sensors can be placed in close proximity without 

interference. There is therefore no fundamental limit on how close sensors can be, 

and future work should aim to construct higher density arrays which would improve 

spatial resolution and decrease brain noise. Aside from channel count, our field nulling 

techniques, whilst successful, still left a residual field of 310 pT and even in this low 

field, small rotations of the head could cause artefacts which are similar in magnitude 

to neural signals. At the time of writing, it is not clear what the limit on field nulling is 
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– in principle it should be limited only by the extent to which we are able to prevent 

the field from changing during an experiment (around 0.13 nT (Holmes et al., 2019)), 

however small errors in head tracking, and potentially cable interactions between 

OPMs, are thought to affect the accuracy of modelling and therefore the extent to 

which we can null the background field. This said, there are no fundamental reasons 

why these techniques cannot be made more accurate, and thus the background field 

could be driven even lower. It is worth noting, however, that the precision nulling 

process requires participant involvement, and therefore may be unsuitable when 

scanning very young infants. Finally, the noise level of the OPMs themselves remains 

higher than that of a SQUID. As pointed out above, it is unlikely that this represents 

the dominant form of noise for the measurements shown. Nevertheless, further work 

to increase laser power and remove magnetic components from OPMs will be critical 

to driving the noise levels down closer to that of SQUIDs, which will help to improve 

SNR, particularly at low frequencies. 

4.6 Conclusion 

The accurate measurement and characterisation of theta band neural oscillations is 

a critical requirement for any viable MEG system, with applications ranging from 

neurodevelopment to dementia. However, such characterisation poses a significant 

challenge in wearable OPM-MEG systems due to higher levels of inherent sensor 

noise, magnetic interference (which is harder to shield at low frequency) and 

movement artefact in a static background magnetic field. Here we have shown that 

our 174-channel system can capture theta oscillations with similar accuracy to that of 

SQUID-based MEG. Further, we showed that individual differences between 

participants – including the amplitude and spatial signature of induced frontal-midline 

theta responses – are maintained across systems. Our results demonstrate the 

viability of a wearable OPM array to measure theta oscillations. Crucially, following 

this work, we can move forward with neurodevelopmental investigations, where low 

frequency signals are of particular interest and relevance.  
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5 MEG without MRI: a template 

warping method 

5.1 Chapter overview 

In this chapter, we address a second barrier in the development towards paediatric 

OPM-MEG. We propose and demonstrate a method of warping template anatomical 

MRI scans to 3D structure scans of the participant’s head shape to generate “pseudo-

MRIs”, enabling the analysis of OPM-MEG data in source space without the 

acquisition of an individual’s brain structure. We first describe the method by which 

the pseudo-MRIs are generated. We measure the geometric accuracy of the method 

by calculating the Euclidean distances between medoids of 78 AAL regions 

coregistered to either the individual or pseudo-MRIs. We evaluate the effectiveness 

of our method by analysing MEG data collected from 20 participants using forward 

models derived from both individual anatomy (from MRI) and pseudo-MRI anatomy. 

We quantify the spatial separation between locations of peak activity during a sensory 

task and correlate functional connectomes to investigate the impact of the pseudo-

MRI forward model on two typical methods of MEG data analysis. We find a high 

correlation between pseudo-T statistical images generated using the pseudo-MRIs 

and individual anatomy, with peak locations separated by just 2.6 ± 5.4 mm (group 

average ± standard deviation). Finally, our connectivity analyses show highly 

correlated connectomes, with a clear bilateral sensorimotor network across the 

regions with the highest connectivity. Global connectivity was highly correlated at 

0.98, suggesting that the pseudo-MRIs provide consistent results in comparison with 

individual anatomy. 

5.2 Introduction 

Magnetoencephalography (MEG) source reconstruction provides novel insight into 

the origin of electrophysiological signals. Usually, this requires an anatomical MRI 

scan alongside head localisation and digitisation to allow the generation of an 

accurate volume conductor model and subsequent calculation of the lead fields, as 

well as an anatomical structure on to which activity is overlaid (see Chapter 2.5). 

However, the acquisition of an MRI can be difficult due to: the cost of MRI scanning 
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(Holliday et al., 2003); remnant magnetisation (post-MRI) producing greater “magnetic 

noise” in subsequent MEG scans (Hutchinson et al., 2019; Kirschvink et al., 1992); 

and, perhaps most crucially, the unnatural MRI scanning environment, which can be 

challenging for a range of participant groups to endure, particularly children. This 

means that the development of methods that avoid the necessity of MRI is attractive. 

Indeed, wearable MEG systems comprising arrays of OPM sensors (see Brookes et 

al., 2022 for a review) enable the acquisition of data from an increased range of 

demographics, many of whom are unable to tolerate a  “traditional” scanning 

environment (for example, OPM-MEG data has been acquired from young children 

(see Boto et al., 2022; Feys et al., 2023, 2022; Hill et al., 2019 and Chapters 6 and 

7)). While these participants could in principle be sedated for a structural MRI, this is 

only ethical for patient groups and is not suitable for scanning healthy participants. 

There is a risk that, whilst we can collect data from challenging cohorts with OPM-

MEG, we may be unable to process it due to the lack of MRI. It is therefore important 

that we develop source analysis for OPM-MEG data without the need for an MRI. 

However, OPMs also offer better data with higher SNR (Boto et al., 2016; Iivanainen 

et al., 2017) and better spatial resolution than conventional MEG due to the ability to 

place sensors closer to the scalp and the development of OPMs that can measure 

multiple axes of the neuromagnetic field (Boto et al., 2022). As SNR increases, source 

analyses become more susceptible to modelling errors and consequently to 

inaccuracies in the forward model. This means that any approach needs to be very 

accurate (more so than with conventional MEG analysis) to produce robust results. 

Template MRIs offer a potential solution. Recent years have seen large databases of 

standard MRIs by age (Fillmore et al., 2015; Richards et al., 2016; Sanchez et al., 

2012a, 2012b), which can be used as approximations for individual anatomy for 

subsequent MEG data analyses. Template MRIs are typically used in one of four 

methods: a single template is used for all participants (Douw et al., 2018); a template 

is selected via demographic matching (e.g., by age and/or sex); the best-fitting MRI 

is selected from a database using matching algorithms to 3D digitisations of the 

participant’s head, typically using a Polhemus system (Holliday et al., 2003; Seymour, 

2018); or a pseudo-MRI is designed for each participant by warping a template MRI 

to the 3D digitisation of the scalp geometry and location of fiducial markers (Tadel et 

al., 2011).  
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In this chapter, we describe a template warping method for use with OPM-MEG data. 

We use 3D structure light scanning, a recent development in 3D image acquisition 

that has been used previously with OPM data for coregistration (Zetter et al., 2019), 

to provide a higher resolution estimate of the head shape than a conventional 

Polhemus system. We warp an age-matched template anatomical MRI to the 3D head 

shape using a linear transformation algorithm to generate a personalised pseudo-

MRI. We compare the geometry of the pseudo-MRIs to individual MRIs across a group 

of healthy participants. Further, we test the pseudo-MRIs using MEG data acquired 

during a sensorimotor task across the group of adult participants, comparing results 

from source analysis with individual anatomical MRIs and pseudo-MRIs from warping 

templates. 

5.3 Methods 

5.3.1 Template warping 

Our method is inspired by the method used by the software tool Brainstorm and 

described in Tadel et al. (2011). The flowchart in Figure 5.1 describes how a 3D 

structure scan (a method of acquiring a 3D digitisation of the head shape, described 

in Chapter 3.9) and age-matched template MRI are processed and transformed to 

generate the pseudo-MRI. Briefly, a 3D structure scan is acquired while the participant 

is wearing an elastic cap to flatten the hair to provide an estimate of the head shape. 

A template anatomical MRI is selected from a database (Richards et al., 2016) and 

the scalp is extracted (using FieldTrip (Oostenveld et al., 2011)). Meshes representing 

the outer head surface from the structure scan and the template scalp are generated 

(using FieldTrip). A rough manual rigid body transformation is applied using MeshLab 

(Cignoni et al., 2008) to move the structure scan to the same space as the template 

MRI. This reduces the computational expense and guides how the structure scan is 

cropped to ensure the warping only fits the head and facial features. The two meshes 

(from the structure scan and scalp of the template MRI) are converted into binary 3D 

images, and “filled in” using a convex hull method. This results in images that have a 

value of one inside the head and zero outside the head. FSL’s FLIRT (Jenkinson et 

al., 2002) is then used to find the transformation matrix required to warp the binary 

images of the template scalp to the 3D head scan (parameters: X, Y, Z search from -

90:90 degrees; correlation ratio cost function; 12 degrees of freedom; tri-linear 

interpolation) and then this transformation is applied to the template MRI, generating 
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a pseudo-MRI that has the same geometry as the outer head surface. A schematic 

showing the method on an example participant is shown in Figure 5.2. 

 

Figure 5.1. A flowchart of the template warping method. A flowchart describing how the 3D 
structure scan and template MRI are processed to generate the pseudo-MRI. 
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Figure 5.2. Template warping schematic. An example is shown with a single participant: a) shows an 
image of the Einscan H device used to take the 3D structure scans, and an example head scan (left) 

and an example slice through a template MRI and the corresponding scalp mesh (right). Below are the 
binary images showing the scalp outlines for the 3D structure scan (left) and template MRI (right) and 
the equivalent scalp outlines “filled in” using a convex hull. b) shows the pseudo-MRI with the binary 

image from the 3D structure scan overlaid. 

5.3.2 MEG participants and paradigm 

26 healthy adult participants took part in the study (age range 21 – 34; 12 identified 

as male), from which 20 participants had individual anatomical MRI scans (age range 

23 – 34; 10 male) and were subsequently analysed2. All participants provided written 

informed consent prior to scanning and the study was approved by the University of 

Nottingham’s Faculty of Medicine and Health Sciences Research Ethics Committee.  

MEG data were recorded while participants received sensory stimulation via ‘braille 

stimulators’ and passively watched TV. The paradigm is described in Figure 5.3. 

Sensory stimulation involved tapping on the index finger (D2), followed by the little 

 

2 The author (and Dr. Lukas Rier) collected the data described in this chapter. This data is also 
described in Chapter 6 in combination with child participants. 



96 
 

finger (D5) of the right hand with 8 small plastic pins for 0.5 seconds (3 taps) followed 

by 3 s rest. This was repeated for 84 trials (42 per finger), throughout which, 

participants watched a television programme of their choice on a screen via projection 

onto a screen in the MSR.  

Volumetric anatomical MRI scans were acquired using a Phillips Ingenia 3T system 

running an MPRAGE sequence with 1 mm isotropic resolution and 𝑇1 contrast. Age-

matched MRI templates were selected from the Neurodevelopmental MRI database 

(Richards et al., 2016). 

 

Figure 5.3. Braille Paradigm and stimulators. A timeline describing a single trial of the braille task 
(top), an image of the pins of the braille stimulator (bottom left) and an example right-hand on the two 

braille stimulators (bottom right). 

5.3.3 OPM-MEG data acquisition 

The OPM-MEG system is the same as that described in Chapter 4 but with more 

sensors. Here, the system comprised up to 64 tri-axial OPM sensors capable of 

measuring up to 192 channels of MEG data (QuSpin Inc., Boulder, CO, USA)). 

Sensors were uniformly distributed across rigid additively manufactured helmets in 

one of two sizes that were matched to the participant's head (Cerca Magnetics 

Limited, Nottingham, UK). OPM data were collected at 1200 Hz using a National 

Instruments (NI, Texas, US) data acquisition system interfaced with LabView (NI). 

The system was housed in an OPM-optimised MSR comprising 4 layers of mu-metal, 

a single layer of copper and equipped with degaussing coil. In contrast with Chapter 

4, magnetic field control was instead provided by applying only the average computed 

coil currents from previous precision field control “mappings” to the bi-planar coils 

surrounding the participant (Rea et al., 2022, 2021; Rhodes et al., 2023). This 

provides compensation for the static magnetic field. Note that, although the bespoke 

field mapping (as carried out in Chapter 4) would result in a lower field (see Figure 



97 
 

4.6), the use of average currents was faster and therefore more practical for this 

paradigm that is later used with children (see Chapter 6).  

Following the scan, two 3D digitisations were taken using an Einscan H (Shining 3D, 

China); one with the helmet on and one without. The 3D digitisation without the helmet 

was used for the template warping procedure (see Section 5.3.1) and the digitisation 

with the helmet was used for coregistration.  

5.3.4 Coregistration 

Coregistration was performed separately for pseudo-MRIs and individual MRIs 

following the method described in Chapter 3.9. Briefly, facial features were matched 

between the 3D scans taken of the participant wearing the helmet and the face of the 

scalp extracted from pseudo-MRI/MRI (using FieldTrip), transforming the helmet scan 

to the MRI space. A mesh of the helmet from 3D printing is then transformed via 

feature matching (see Figure 3.17 for typical features) to the scan of the participant 

wearing the helmet, thereby finding the complete transformation between MRI 

anatomy and sensor geometry (Hill et al., 2020; Zetter et al., 2019). 

5.3.5 Geometric comparison 

The anatomy of the individual MRI and pseudo-MRI were compared using an 

adaptation of the AAL atlas (Gong et al., 2009; Hillebrand et al., 2016; Tzourio-

Mazoyer et al., 2002). The individual and pseudo-MRI brains were extracted using 

FieldTrip (Oostenveld et al., 2011) and divided into 78 cortical regions by 

coregistration to the MNI standard brain using FSL FLIRT (Jenkinson et al., 2002; 

Jenkinson and Smith, 2001). Due to the method of pseudo-MRI generation, the 

pseudo- and individual MRIs are in different spaces (I.e., the origin and orientations 

differ). To directly compare anatomy, we transformed the medoids from each AAL 

region from each MRI into a space that was defined by the OPM sensor array 

geometry. This provides a method of physical comparison of two brains (derived from 

individual and pseudo-MRI anatomy) that are in different spaces. Euclidean distance 

was calculated between corresponding regions from the individual and pseudo-MRIs. 

5.3.6 Data pre-processing 

We used a pre-processing pipeline described previously (Rier et al., 2023). Broken or 

excessively noisy channels were identified by manual visual inspection of channel 

power spectra and removed. Notch filters at the powerline frequency (50 Hz) and 2 
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harmonics, and a 1 – 150 Hz non-causal bandpass filter, were applied. Bad trials were 

defined as those with variance greater than 3 standard deviations from the mean trial 

variance, and automatically removed. A visual inspection was also carried out and 

any remaining trials with excess artifacts were removed. Finally, eye blink and cardiac 

artefacts were removed using ICA (implemented in FieldTrip (Oostenveld et al., 

2011)) and homogeneous field correction (HFC) was applied to reduce interference 

(Tierney et al., 2021a). On average (across subjects) this resulted in 159 ± 9 available 

channels, and removal of 4 ± 2 trials. 

5.3.7 MEG analysis 

1.1.1.1 Beta modulation analysis 

Here, only the index-finger trials were analysed to find the peak beta modulation. Data 

were filtered to the beta band (13 – 13 Hz) using a non-causal bandpass filter. Source 

localisation was performed using a linearly constrained minimum variance (LCMV) 

beamformer (Robinson and Vrba, 1998). We performed two separate analyses for 

beta modulation: 

• A whole brain analysis in which we separated the brain into 4 mm isotropic 

voxels. 

• A high-resolution analysis where we masked the sensorimotor cortices taking 

the precentral and postcentral left gyrus from the AAL atlas, dilating the 

volumes using a 5 mm sphere, and then dividing the resulting volume into 1 

mm cubic voxels. 

In both cases, forward solutions were computed using a single shell model (Nolte, 

2003). Covariance matrices were generated using beta band filtered data across all 

trials (excluding bad trials) and were regularised using the Tichonov method with a 

regularisation parameter equal to 5 % of the maximum eigenvalue of the 

unregularized matrix (Brookes et al., 2008). The optimised source orientation for each 

voxel was taken as that with the largest projected power (Sekihara et al., 2004). 

Beamformer weights were generated for each voxel. A pseudo-T statistical approach 

was investigated, contrasting source power in the beta band during the active (0.3 – 

0.8 s) window and control window (2.5 – 3 s) to generate source maps. The pseudo-

T statistic was calculated as described in Chapter 2, Equation 2.41, where covariance 

matrices were generated using the beta band filtered data during the same active and 

control periods. This resulted in 2 separate pseudo-T statistical images: one for the 

whole brain (at 4 mm isotropic resolution) and one for the sensorimotor mask (at 1 
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mm isotropic resolution). A broadband (1 – 150 Hz) virtual electrode was extracted 

from the voxel within the sensorimotor mask with the peak beta modulation (the most 

negative pseudo-T statistic). The spectral content of the virtual electrode time course 

was examined using time-frequency spectrograms, as described in Chapter 2.3.3. 

1.1.1.2 Connectivity 

Whole-brain connectivity was investigated using amplitude envelope correlation 

(AEC) (Brookes et al., 2011c; Liu et al., 2010) as described in Chapter 2.5.3. Briefly, 

beta band filtered regional signals from the 78 AAL regions were extracted using the 

calculated beamformer weights. A time window from 0.1- 3.4 s after trial onset was 

selected to exclude edge artefacts and all trials were concatenated. Source leakage 

was corrected using pairwise orthogonalization (Brookes et al., 2012). The absolute 

value of the Hilbert transform was computed to generate the amplitude envelope from 

the oscillatory signal. This was then down sampled to 120 Hz and the Pearson 

correlation was computed between all possible AAL region pairs, generating a 78 x 

78 matrix for each participant describing the beta band connectivity. The “Global 

Connectivity” in the beta band for each participant was calculated by summing all off-

diagonal elements of the connectivity matrix. The connectomes from the pseudo and 

individual MRIs were compared across individuals, the group average, and regional 

averages using Pearson correlation. 

1.1.1.3 Contribution of forward errors 

We extracted lead fields (i.e., the solution to the forward model as described in 

Chapter 2.5.1) from the 78 AAL regions for the individual and pseudo-MRIs. The 

relationship between the difference in the geometry and the lead field correlation 

between the pseudo and individual MRIs and the difference between MEG analysis 

results were examined with Pearson correlation. 

5.4 Results 

5.4.1 Geometric comparison 

A comparison between the individual MRI and pseudo-MRI is shown in Figure 5.4. 

The medoids from the 78 AAL cortical regions were compared between the individual 

and pseudo-MRIs, with an example for a single participant shown in Figure 5.4a. 

Across the 20 participants, the medoids were separated by an average of 9.7 ± 0.7 

mm (mean ± standard error across participants). Figure 5.4b breaks this down across 

the 78 regions, where the standard deviation across regions is 2.42 mm. We can see 
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that regions towards the back of the head show a larger Euclidean distance than those 

at the front. This will be addressed in the discussion below. 

 

Figure 5.4. Geometric comparison. a) Shows a mesh from a single participant’s pseudo-MRI, with 
the 78 AAL region medoids from the pseudo-MRI (blue) and individual MRI (red) overlaid. b) shows the 
mean Euclidean distance between pseudo-MRI and individual MRI across participants for all regions. 

5.4.2 Peak beta modulation 

Figure 5.5a and b show example data from a single participant. Panel a shows the 

pseudo-T statistical maps contrasting stimulation and rest periods from MEG 

analyses using the individual MRI (left) and pseudo-MRI (right) overlaid on the down-

sampled anatomical brains, respectively. The peak beta modulation (shown by more 

negative pseudo-T values) localises to the left sensorimotor cortex using both models. 

The separation between the peak voxels from the sensorimotor mask for this 

participant was 5.84 mm. Panel b shows the time-frequency spectrograms (TFS) from 

a virtual electrode at the location of the peak beta modulation for the individual and 

pseudo-MRIs. The correlation coefficient between the individual MRI TFS and 

pseudo-MRI TFS for this participant is 0.99. Panel c shows a violin plot describing the 

distance between peak beta modulation for all twenty participants, with an average of 

10 ± 5 mm (mean ± standard deviation). Figure 5.5d is a violin plot showing the 

correlation between each participant’s pseudo-T statistical maps between pseudo and 

individual MRIs, where the average correlation is 0.84 ± 0.07 (mean ± standard 

deviation). Finally, panel e is a violin plot showing the correlation between TFS for all 

participants, with an average correlation of 0.91 ± 0.11 (mean ± standard deviation). 

The peak beta modulation results across all 20 participants are shown in Figure 5.6. 

The group average pseudo-T statistical maps (a) and TFS (b) for the individual MRI 

and pseudo-MRI show highly similar results. The distance between the peaks from 

the group average images was 2.6 ± 5.4 mm (group average ± standard deviation). 
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The group average pseudo-T statistical maps have a Pearson correlation coefficient 

of 0.96. TFSs from the individual participant’s peak voxels from the visual masks have 

a correlation of 0.98. Panel c describes the correlation across AAL regions for the 

average pseudo-T values. The top graph shows the relationship between the average 

pseudo-T statistic for each brain region, while the bottom shows the difference 

between the average pseudo-T statistic overlaid on a brain to highlight the locational 

bias of the difference in pseudo-T statistic. Overall, we see strong agreement between 

the pseudo-T statistic across regions, with a Pearson correlation of 0.97. 
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Figure 5.5. Individual beta modulation peaks. a) The pseudo-T statistical map for the index finger 
trials with the individual MRI and pseudo-MRI and b) the corresponding TFS from the peak voxel in a 
sensorimotor mask for an example participant. Violin plots show c) the Euclidean separation between 

peak voxels across all participants, d) the correlation between pseudo-T statistical maps for each 
participant, and e) the correlation between TFS from the peak voxel in the sensorimotor mask for each 

participant. 
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Figure 5.6. Group beta modulation. a) Shows the group average pseudo-T statistical maps for the 
individual and pseudo-MRI and b) is the corresponding average TFS from the peak voxel in the 

sensorimotor cortex.  Panel c describes the correlation between average pseudo-T values for each of 
the 78 AAL brain regions with the line of unity overlaid (top), and the group average difference between 

pseudo-T values for each region displayed on a brain plot (bottom). 

5.4.3 Connectivity 

Figure 5.7 shows the results from the connectivity analysis across the group. The left 

panel shows the connectivity matrices and corresponding glass brain plots showing 

the 5% of connections with the highest connectivity values for the individual and 

pseudo-MRIs. The blue circles are scaled by connectivity strength (i.e. how connected 

each node is to all others). Both plots show a bilateral sensorimotor network, as 

expected. The relationship between all connections is explored in the top right plot, 

where a strong correlation (Pearson coefficient of 0.90) is seen between the 

connectivity for all AAL regions between the individual and pseudo-MRI. This 

relationship is broken down for each individual participant in Appendix A. The bottom 

right figure shows the relationship between the global connectivity (i.e., the sum of 

connectivity between all regions) for each participant with their individual and pseudo-

MRI, with a correlation of 0.98.  
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Figure 5.7 Group connectivity. The left panel shows the connectivity matrices (top) and the 
corresponding top 5% of connections on a brain plot for the individual and pseudo-MRI. The top right 

panel correlates the connectivity between each region between MRIs. The bottom right shows the 
correlation between global connectivity for each participant.  

5.4.4 Contribution of forward errors 

We investigated the relationship between the differences in both peak location and 

connectivity correlation with the structural separation across the AAL medoids and 

the lead field correlation, to consider the origin of the discrepancy between the MEG 

results from analysis with individual and pseudo-MRI anatomy. This is shown in Figure 

5.8, with panel a describing the relationships to the location of peak beta modulation, 

and panel b showing the equivalent for connectivity. As expected, we find trends in all 

cases. The greater average structural separation between AAL regions produced a 

trend (that does not uphold after correcting for multiple comparisons) of greater 

distance between peaks (𝑅 = 0.46, 𝑝 = 0.04) and a lower correlation in connectivity 

that was statistically significant (𝑅 = −0.86, 𝑝 = 1 × 10−6). Almost equivalently, lower 

correlation in lead fields from the AAL regions resulted in a trend of greater distance 

between peaks (𝑅 = −0.46, 𝑝 = 0.04) and lower correlation in connectivity (𝑅 =

0.51, 𝑝 = 0.02) that again did not uphold correction for multiple comparisons. 
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Figure 5.8. Contribution of forward errors. a) The relationship between the distance between peaks 
in beta modulation from MEG analyses with individual and pseudo-MRIs and the mean distance 

between AAL regions (left, 𝑹 = 𝟎. 𝟒𝟔, 𝒑 = 𝟎. 𝟎𝟒) and lead field correlation (right 𝑹 = −𝟎. 𝟒𝟔, 𝒑 = 𝟎. 𝟎𝟒). 
b) the relationship between the correlation between connectivity matrices and the mean distance 

between AAL regions (left, 𝑹 = −𝟎. 𝟖𝟔, 𝒑 = 𝟏 × 𝟏𝟎−𝟔) and lead field correlation (right, 𝑹 = 𝟎. 𝟓𝟏, 𝒑 =
𝟎. 𝟎𝟐). 

5.5 Discussion 

The ability to acquire wearable OPM-MEG data without individual MRI data opens 

new avenues for neuroscientific research, providing the potential to study participant 

groups that were previously not attainable. We have shown that a method of warping 

template MRI scans to 3D structure light scans of the head to generate pseudo-MRIs 

produces similar MEG results to individual anatomy. We tested the method on data 

collected across healthy adult participants, first examining the Euclidean distance 

between 78 cortical regions derived from individual anatomy and pseudo-MRI 

anatomy as a metric of structural differences. These showed a high overall agreement 

(Figure 5.4), with an average separation distance of 9.7 ± 0.7 mm. We found that the 

regions across the visual cortex had greater differences than those at the front of the 

head. There are a few factors that could contribute to this bias. Firstly, the 3D 

digitisation is typically less representative of the true head shape at the back of the 

head due to the volume of hair at the nape. This could be somewhat mitigated by 

using tighter-fit elastic caps or by accounting for hair thickness when generating the 
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pseudo-MRI. Secondly, the method used to make the geometric comparison (i.e., 

using the sensor array to define a mutual space) also encompassed coregistration 

errors from the coregistration that was completed separately for the individual and 

pseudo-MRI. These errors may have a bias towards the front of the head due to the 

necessity to use features at the front of the head (identifiable facial and helmet 

features – see Figure 3.17 for the coregistration procedure) to determine the 

transformation between anatomy and sensors. Small coregistration errors at the front 

of the head will therefore be amplified towards the back of the head. Feature matching 

points around the entire helmet would reduce this issue but is difficult due to cable 

management directing sensor cables to the back of the head, typically obscuring 

helmet features. This should be considered in future helmet and system designs. 

 We then examined the sensitivity of typical MEG analyses to the pseudo-MRI 

anatomy by analysing data during a sensory stimulation task using a recently 

developed whole-head OPM-MEG system. The equivalent analyses on MEG data 

using forward models generated from either individual or pseudo-MRI anatomy 

revealed beta modulation during a sensory task that localised to the left sensorimotor 

cortex, an example of which is shown in Figure 5.5. The distance between peak voxels 

during index-finger stimulation, shown by the violin plot in Figure 5.5c, had a median 

of 7.66 mm and a mean of 10 ± 5 mm (mean ± standard deviation), which shows 

improvement upon a comparable study by Douw et al. using unwarped template MRIs 

and conventional MEG, where their beta band peaks were separated by a median of 

approximately 12 mm (Douw et al., 2018). 

The pseudo-T statistical maps showed a high correlation, with an average of 0.84 

when considering individual participants, suggesting that the spatial patterns are 

highly similar despite using different anatomy for the forward model. The TFS from 

the peak location showed even greater similarity (Pearson correlation of 0.91), but 

had greater standard deviation, mostly due to two individual participants, whose TFS 

had a comparatively low correlation of 0.5343 and 0.6783. The difference in pseudo-

T statistic for these two participants remained small (0.06 and 0.01), suggesting that 

the lower correlation in the TFS was potentially due to activity that was not just in the 

frequency band of interest (beta).  

Group analyses shown in Figure 5.6 found that mean peak voxel locations were 

separated by only 2.6 mm, showing that individual discrepancies appear to largely 

average out across the group, meaning it is likely due to random error in individuals. 

As coregistration was calculated separately with the individual MRI and pseudo-MRIs, 
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and coregistration error is typically random and should average out across the group, 

this is to be expected. Using the same optical coregistration, Zetter et al. reported a 

mean error of 2.1 mm with localising phantom dipole (Zetter et al., 2019), which is in 

agreement with our average result. The group average TFS showed strongly 

correlated results, suggesting that source space analysis using pseudo-MRIs across 

a group of participants is robust. 

We also evaluated the relationship in peak pseudo-T statistic across a parcellation of 

the whole brain between the individual and pseudo-MRI, shown in Figure 5.6c. The 

strong linear relationship (Pearson correlation of 0.9746) between the individual and 

pseudo-MRI shows little impact from the estimated anatomy on the resulting pseudo-

T statistical values. The regional differences are highlighted in the brain plot, where 

the greatest difference in pseudo-T value (less than 0.1) appears in the sensorimotor 

cortex. This is to be expected as these regions saw the largest (most negative) 

pseudo-T, and so small differences due to template anatomy and coregistration will 

result in different regional values (it is not possible to compare these as percentages 

due to their proximity to zero). Only a single region saw an average pseudo-T 

statistical difference of over 0.05, suggesting that this method is suitable even for the 

measurement of small effect sizes (pseudo-T < 0.1).  

We then analysed the impact of pseudo-MRIs on whole-brain functional connectivity. 

We calculated beta band connectivity between 78 cortical regions and found high 

consistency between connectomes derived from individual and pseudo-MRI forward 

models. Connectivity matrices were highly correlated (𝑅 = 0.90 and see Appendix A 

for individual participants) and the top 5% of connections showed a clear bilateral 

sensorimotor network with both methods. Individual global connectivity was 

consistent between individual and pseudo-MRI analyses, with the relationship 

tracking close to unity (i.e., those with higher global connectivity with their individual 

anatomy had near equally high global connectivity with the pseudo-MRI). This is to 

be expected (as the methods use equivalent MEG data) but confirms that there is 

minimal signal loss using approximated anatomy from our method. 

Finally, we correlated the peak beta modulation and connectivity results to the 

geometric differences and the correlation between lead fields for the 78 cortical 

regions, shown in Figure 5.8. We expected this would show a significant correlation 

in all cases, as the difference in results should be largely explained by both the spatial 

separation between equivalent locations in individual and pseudo-MRI anatomy, and 

this should be equally reflected in the lead fields. We found trends in all cases, 
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although only the relationship between structural separation and connectivity 

correlation was significant when correcting for multiple comparisons. It must be noted 

that the structural separation and lead fields were derived only from the 78 AAL 

regions, and thus provide an estimate that does not represent the voxel-wise analysis 

that was used for determining the peak location. This likely explains why there was a 

lower correlation with the peak beta modulation than connectivity analyses. 

There are a few notable limitations of the method described here. Firstly, the template 

MRIs we selected, while approximately age-matched (using 5-year windows), were 

not sex-matched. We know that there are structural differences in the brains of males 

and females (Giedd et al., 2012) beyond just head size, and so accounting for this 

could improve the resulting match. Secondly, we used a single shell forward model 

as this was suggested to be comparable to more complex BEM models (Stenroos et 

al., 2014). This model may be less susceptible to inaccuracies in anatomy than for 

example a three-shell BEM model. A pseudo-MRI approach may be less suited to 

more complex forward modelling. This should be investigated in future work. Similarly, 

we used beamforming for source localisation in this study; other methods of source 

analysis such as minimum-norm use cortical folds to constrain dipole orientations and 

as such may be more prone to anatomical differences. Future work should investigate 

how this method performs with such source localisation techniques. In addition, as 

mentioned above, it was not possible in this study to entirely separate errors 

associated with the pseudo-MRI and those associated with the coregistration 

procedure. Finally, we only studied index finger trials from our sensory paradigm for 

the peak location; analysing both finger trials would provide an additional measure of 

quality and increase statistical power, though it must be noted these must be analysed 

separately due to the expected difference in cortical signal origin. 

5.6 Conclusion 

Recently developed wearable OPM-MEG systems provide a more comfortable 

scanning environment than conventional neuroimaging techniques, enabling the 

study of typically less scan-compliant participants, including young children. However, 

MEG analyses typically require knowledge of structural information via anatomical 

MRI scans, which can be a challenge to acquire in those less compliant groups. Here, 

we suggest a method of warping template MRIs based upon that implemented in 

Brainstorm (Tadel et al., 2011), but instead using 3D structure scans to generate the 

pseudo-MRIs. We test this method on OPM-MEG data from a group of healthy adult 

participants with individual MRI scans for comparison. We conducted typical source 
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localisation and whole-head connectivity analyses and found highly correlated results 

between the individual and pseudo-MRIs. Our results demonstrate the feasibility of 

wearable MEG scanning without an individual MRI particularly for group studies, and 

through this, the ability to scan healthy typically developing children. This will be 

explored in Chapters 6 and 7. 
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Appendix A 

 

Figure 5.9 Connectivity correlation for all participants. The relationship between the individual and 
pseudo-MRI connectivity matrices across the 78 AAL regions for each individual participant with a line 

of unity overlaid. 
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6 The neurodevelopmental 

trajectory of beta band 

oscillations 

6.1 Chapter overview 

The experimental results in the previous two chapters address two of the significant 

hurdles in the path towards paediatric OPM-MEG: low frequency measurement 

(Chapter 4) and MRI acquisition (Chapter 5). Following this, here we describe our first 

neurodevelopmental study using OPM-MEG. We investigate the development of 

cortical beta band oscillations using a simple sensory task across a group of healthy 

children and adults. We detect the expected beta amplitude reduction during sensory 

stimulation across a wide age range (2 – 34 years) and find a significant relationship 

between age and task-related beta modulation. We conduct the first whole-head 

paediatric connectivity analyses with OPM-MEG, finding a significant increase in 

global connectivity with increasing age. We then use a Hidden Markov Model to 

determine that it is pan-spectral bursts that drive the modulation seen in the beta band 

and that the spectral content of these bursts changes significantly with age. In this 

way, we show that OPM-MEG is a valuable tool in the study of neurodevelopment. 

The results presented here are currently being considered for publication in Rier, 

Rhodes et al. 2024 (in submission at eLife). 

6.2 Introduction 

As described in Chapter 2, neural oscillations are a fundamental component of brain 

function. Oscillations in the beta range (canonically 13 – 30 Hz) are prominent in 

sensorimotor cortex (Barone and Rossiter, 2021) and measured in animal models in 

the cerebellum (Courtemanche et al., 2002) and basal ganglia (Courtemanche et al., 

2003), associated with sensorimotor processes, although they are also seen across 

wider cortex (for example, Siegel et al., 2009). Across sensorimotor cortices, beta 

oscillations are diminished in amplitude during sensory stimulation or motor 

execution, and increased in amplitude (above a baseline level) following stimulus 

cessation, termed the post-movement beta rebound (PMBR) (Pfurtscheller and Lopes 
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da Silva, 1999). Beta oscillations and their modulation by tasks are robustly measured 

neuroscientific phenomena and their critical importance is highlighted by studies 

showing abnormalities across a range of disorders – e.g., autism (Ronconi et al., 

2020), multiple sclerosis (Barratt et al., 2017), Parkinson’s disease (Little and Brown, 

2014) and Schizophrenia (Gascoyne et al., 2021). Despite this, little is known about 

the mechanistic role of beta oscillations; they are strongly associated with top-down 

processing, with theories suggesting their role is that of returning a ‘status quo’ state 

(Engel and Fries, 2010), or actively awakening (or re-activating) cognitive 

representations (Spitzer and Haegens, 2017). Evidence from in vitro animal research 

(Yamawaki et al., 2008), human drug studies (Hall et al., 2010; Muthukumaraswamy 

et al., 2013) and network-based models (Shaw et al., 2017) suggest a generating 

mechanism involving interconnected glutamatergic pyramidal cells and GABAergic 

inhibitory interneurons driven by activity in deep cortical layers. This proposes a 

relationship between beta oscillations and cortical inhibition and excitation, which is 

of particular interest in neurodevelopment. These studies highlighted employ invasive 

animal recordings or non-invasive neuroimaging techniques to adult populations. 

Whilst the sensorimotor system changes little in adulthood, there are marked changes 

in childhood and a complete characterisation of the neurodevelopmental trajectory of 

beta oscillations, particularly how they underpin behavioural milestones, might offer a 

new understanding of their role in healthy and abnormal brain function.  

Several studies have investigated how neural oscillations change with age: Gaetz et 

al. (2010) measured beta modulation during index finger movement, showing that the 

PMBR was diminished in children compared to adults. Kurz et al (2016) reported a 

similar effect when studying 11–19-year-olds executing lower limb movement. 

Trevarrow et al. (2019) found an age-related increase in the PMBR amplitude in 

healthy 9–15-year-olds, and further that the decrease in beta power during movement 

execution did not modulate with age. Finally, Vakhtin et al. (2015) showed an increase 

in PMBR amplitude between adolescence and adulthood, and that this trajectory was 

abnormal in autism. A separate body of work has assessed neural oscillations in the 

absence of a task, demonstrating that there is a redistribution of oscillatory power 

across frequency bands as the brain matures. Specifically, low frequency activity 

tends to decrease, and high frequency activity increases with age (Candelaria-Cook 

et al., 2022; Clarke et al., 2001; Whitford et al., 2007). It is this redistribution of spectral 

power, shifting towards lower frequencies, that motivated the characterisation study 

described in Chapter 4. The changes in spectral content are spatially specific, with 

increasing beta power most prominent in posterior parietal and occipital regions (Hunt 
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et al., 2019; Ott et al., 2021). Beta oscillations are also implicated in long-range 

connectivity (Brookes et al., 2011c, 2011a) and previous studies have demonstrated 

increased connectivity strength with age (Schäfer et al., 2014), particularly in 

attentional networks (Brookes et al., 2018). In sum, there is an accord between 

studies that show increases in task-induced beta modulation and connectivity as well 

as redistribution of spectral power, with increasing age. 

Despite this progress, neurodevelopmental studies remain hindered by instrumental 

limitations. OPM-MEG is ideal for children; for example, Hill et al. (2019) showed the 

validity of OPM-MEG in a 2-year-old and Feys et al. (2022) showed advantages for 

epileptic spike detection in school-aged children. However, there are no studies to 

date that have used OPM-MEG in large groups to measure neurodevelopment. 

In addition to instrumental limitations, most neurodevelopmental studies have used 

an approach to data analysis where signals are averaged over trials. This has led to 

the idea that sensory-induced beta modulation comprises a drop in oscillatory 

amplitude during movement and a smooth increase upon movement cessation. 

However, recent studies (Jones, 2016; Sherman et al., 2016; Shin et al., 2017) 

investigating unaveraged signals show that rather than a smooth oscillation, the beta 

rhythm is, in part, driven by discrete punctate events, known as “bursts”. Bursts occur 

with a characteristic probability, which is altered by a task (Little et al., 2019; Seedat 

et al., 2020), and are not confined to the beta band but are pan-spectral, with 

components falling across many frequencies (Gascoyne et al., 2021; Seedat et al., 

2020). There is also evidence that functional connectivity is driven by bursts that are 

coincident in time across spatially separate regions (Seedat et al., 2020). Recent work 

using EEG has found that, even in children as young as 12 months, beta band activity 

is driven by bursts (Rayson et al., 2022). These studies have changed the way the 

research community thinks about oscillations (van Ede et al., 2018) and a full 

understanding of beta dynamics, and their age dependence must be placed in the 

context of the burst model. 

Here, we combine OPM-MEG with a burst analysis based on a Hidden Markov Model 

(HMM) (Baker et al., 2014; Seedat et al., 2020; Vidaurre et al., 2016) to investigate 

beta dynamics during a somatosensory task in a large range of children. Our study 

addresses two objectives. First, we test the viability of a novel 192-channel triaxial 

OPM-MEG system as described in Chapter 5 for use in a paediatric population, 

investigating its practicality in children (from age 2 years) and assessing whether 

previously observed age-related changes in task-induced beta modulation and 
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functional connectivity can be reliably measured using OPM-MEG. Second, we 

investigate how task-induced beta modulation in the sensorimotor cortices is related 

to the occurrence of pan-spectral bursts, and how the characteristics of those bursts 

change with age. 

6.3 Methods 

6.3.1 Participants and experiment  

27 healthy, typically developing children (aged 2 – 13 years) and 26 healthy adults 

(aged 21 – 34 years) took part in the study3. All adult participants provided written 

informed consent prior to scanning, and a legal guardian provided written informed 

consent for participants under 18 years of age. The study was approved by the 

University of Nottingham’s Faculty of Medicine and Health Sciences Research Ethics 

Committee. 

The paradigm comprised tactile stimulation of the tips of the index and little fingers 

using two braille stimulators (METEC, Germany) (see Figure 5.3). Each stimulator 

comprised 8 independently controlled pins which could be raised or lowered to tap 

the participant’s finger. A single trial comprised 0.5 s of stimulation (during which the 

finger was tapped 3 times using all 8 pins) followed by 3 s rest and the finger 

stimulated (index or little) was alternated between trials. There was a total of 42 trials 

for each finger, meaning the experiment lasted a total of 294 s. Throughout the 

experiment, participants watched a television program of their choice (presented via 

projection onto a screen in the MSR). All children were accompanied inside the MSR 

by a parent and one experimenter throughout their visit. 

6.3.2 Data collection and coregistration 

The sensor array comprised 64 triaxial OPMs (QuSpin Inc, Colorado, USA, QZFM-

Gen-3 triaxial variant) which enabled a maximum of 192 measurements of the 

magnetic field around the scalp (192 channels). The OPMs were mounted in one of 

four 3D-printed helmets of different sizes (Cerca Magnetics Ltd., Nottingham, UK; see 

Figure 4.2); this affords (approximate) whole-head coverage and adaptation to the 

participant's head size. All participants wore a thin aerogel cap underneath the helmet 

to control heat from the sensors. The system is housed in an OPM-optimised 

 

3 The author (and Dr. Lukas Rier) collected the data described in this chapter. A portion of the 
adult data described here was also analysed in Chapter 5. 
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magnetically shielded room (MSR) that has 4 layers of mu-metal, a single layer of 

copper and is equipped with degaussing coils (Altarev et al., 2014) and active 

magnetic field control (Holmes et al., 2018) (Cerca Magnetics Ltd., Nottingham, UK). 

Prior to data collection, the MSR was demagnetised, and the magnetic field 

compensation coils were enabled (using currents based on previously obtained field 

maps, including those described in Chapter 4). The demagnetisation procedure 

ensures a repeatable background magnetic field and the magnetically quiet campus 

location of our MSR ensures field drifts < 0.05 nT/min (Rea et al., 2021; Rhodes et 

al., 2023)). This procedure, which results in a background magnetic field of ~ 0.6 nT 

(Rhodes et al., 2023, Chapter 4), is important to enable free head motion during a 

scan (Borna et al., 2022). All OPMs were equipped with on-board coils which were 

used for sensor calibration. MEG data were collected at a sampling rate of 1200 Hz 

using a National Instruments (NI, Texas, US) data acquisition system interfaced with 

LabView (NI).  

Following data collection, two 3D digitisations of the participant’s head, with and 

without the OPM helmet, were generated using a 3D structured light scanner (Einscan 

H, Shining 3D, Hangzhou, China). Participants wore a swimming cap to flatten hair 

during a “head-only” scan. The head-only digitisation was used to measure head size 

and shape, and an age-matched T1-weighted template MRI scan (Richards et al., 

2016) was warped to the digitisation to generate a pseudo-MRI, as described in 

Chapter 5. Sensor locations and orientations relative to this anatomy were found by 

aligning it to the digitisation of the participant wearing the sensor helmet and adding 

the known geometry of the sensor locations and orientations within the helmet (Hill et 

al., 2020; Rier et al., 2023; Zetter et al., 2019) using MeshLab (Cignoni et al., 2008). 

6.3.3 MEG data pre-processing 

We used a pre-processing pipeline described previously (Rier et al., 2023) and 

outlined in Chapter 5. Briefly, broken or excessively noisy channels were identified by 

manual visual inspection of channel power spectra; any channels that were either 

excessively noisy or had zero amplitude were removed. Notch filters at the powerline 

frequency (50 Hz) and 2 harmonics, and a 1 – 150 Hz non-causal bandpass filter, 

were applied. Bad trials were defined as those with variance greater than 3 standard 

deviations from the mean trial variance, and automatically removed. A visual 

inspection was also carried out and any remaining trials with excess artifacts were 

removed. Finally, eye blink and cardiac artefacts were removed using ICA 
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(implemented in FieldTrip (Oostenveld et al., 2011)) and homogeneous field 

correction (HFC) was applied to reduce interference (Tierney et al., 2021a). 

Following data pre-processing, high-fidelity data were available in 27 children and 24 

adults. Two datasets were excluded as data quality was not sufficient to perform our 

Hidden Markov Model analysis. We removed 19 ± 12 % (mean ± standard deviation) 

of trials in children, and 9 ± 5 % of trials in adults due to excessive interference. On 

average we had 160 ± 10 channels with high-quality data available (note that not all 

sensors were available for every measurement – see also Discussion). 

6.3.4 Source reconstruction and beta modulation 

For source estimation, we used an LCMV beamformer spatial filter (Van Veen et al., 

1997). For all analyses, covariance matrices were generated using data acquired 

throughout the whole experiment (excluding bad channels and trials). Covariance 

matrices were regularised using the Tikhonov method with a regularisation parameter 

equal to 5% of the maximum eigenvalue of the unregularized matrix. The optimised 

source orientation for each voxel was taken as that with the largest projected power 

(Sekihara et al., 2004). The forward model was based on a single-shell volumetric 

conductor (Nolte, 2003). 

As described in Chapter 5, we constructed pseudo-T statistical images from data that 

were filtered to the beta band (13 – 30 Hz) and narrowband data covariance matrices 

were generated. Voxels were placed on both an isotropic 4-mm grid covering the 

whole brain and a 1-mm grid covering the contralateral sensorimotor regions identified 

by inflating a coregistered mask of the precentral and postcentral left gyrus from the 

AAL atlas (Hillebrand et al., 2016; Tzourio-Mazoyer et al., 2002). For each voxel, we 

contrasted power in active (0.3 – 0.8 s) and control (2.5 – 3 s) time windows as in 

Equation 2.41 to generate images showing the spatial signature of beta band 

modulation. Separate images were derived for index and little finger trials. To 

generate time-frequency spectra, we used broadband (1 – 150 Hz) filtered data and 

covariance matrices. The beamformer was used to produce a time course of neural 

activity (a “virtual electrode” as described in Chapter 2.5.2) at the voxel with maximum 

beta band modulation (the most negative pseudo-T statistic). The resulting projected 

broadband data were frequency-filtered into a set of overlapping bands, and a Hilbert 

transform was used to derive the analytic signal for each band. 

To quantify the magnitude of beta-modulation, we filtered the virtual electrode to the 

beta band, calculated the Hilbert envelope and measured the mean difference in 
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amplitude between stimulation (0.3 – 0.8 s) and post-stimulus (1 – 1.5 s) time 

windows. These values (derived for every participant) were plotted against age and a 

relationship was assessed via Pearson correlation. 

6.3.5 Functional connectivity analyses 

To estimate connectivity, we first parcelled the brain into distinct regions. To this end, 

estimated brain anatomies were co-registered to the MNI standard brain using FSL 

FLIRT (Jenkinson et al., 2002; Jenkinson and Smith, 2001) and divided into 78 cortical 

regions according to the Automated Anatomical Labelling (AAL) atlas (Gong et al., 

2009; Hillebrand et al., 2016; Tzourio-Mazoyer et al., 2002). Virtual electrode time 

courses were generated at the medoid of each of these 78 regions, and the beta band 

Hilbert envelope was derived. We then computed Amplitude Envelope Correlation 

(AEC) as an estimate of functional connectivity between all possible pairs of AAL 

regions (Brookes et al., 2011a; George C. O’Neill et al., 2015). Prior to AEC, we 

applied pairwise orthogonalisation to reduce source leakages (Brookes et al., 2011a; 

Hipp et al., 2012). This resulted in a single connectome matrix per participant. We 

estimated “Global Connectivity” as the mean connectivity across all elements in the 

connectome. This was plotted against age and the relationship was assessed using 

Pearson correlation. To visualise the spatial variation in age-related connectivity 

changes, we also estimated the correlation between node degree (i.e., the column-

wise sum of connectome matrix elements) and age, for each of the 78 AAL regions. 

6.3.6 Beta bursts and Hidden Markov Modelling 

To estimate beta burst timings, we employed a three-state, time-delay embedded 

mass-univariate HMM (Vidaurre et al., 2016). This method has been described 

extensively in previous papers (Rier et al., 2021; Seedat et al., 2020). Briefly, virtual 

electrode time series were frequency-filtered between 1 – 48 Hz. The HMM was used 

to divide the time course into three “states”, each depicting repeating patterns of 

activity with similar temporo-spectral signatures. The output was three time courses 

representing the likelihood of each state being active as a function of time. These 

were binarized (using a threshold of 2/3) and used to generate measures of the 

probability of state occurrence as a function of time in a single trial. The state whose 

probability of occurrence modulated most with the task was defined as the “burst 

state”. We estimated age-related changes in burst probability modulation and the 

relationship between burst probability modulation and classical beta-modulation (see 

above) using Pearson correlation. Further, we investigated the spectral content of the 



118 
 

burst state and its modulation with age using multi-taper estimation of the power 

spectral density (PSD) (Vidaurre et al., 2016). Having derived the spectral content of 

the burst state we used Pearson correlation to measure how the PSD magnitude, for 

every frequency, changes with age. 

6.4 Results 

6.4.1 Beta modulation with age 

Figure 6.1 shows beta band modulation during the task for a single representative 

child (7 years old). Panel a) shows the estimated brain anatomy (the pseudo-MRI 

generated by the method described in Chapter 5) with the locations of the largest beta 

desynchronisation – contrasted between a stimulus period (0.3 – 0.8 s relative to 

stimulus onset) and rest (2.5 – 3 s) – for index and little finger stimulation overlaid in 

blue and green, respectively. The largest effects fall in the sensorimotor cortices as 

expected. Panel b) shows time-frequency spectra depicting the temporal evolution of 

the amplitude of neural oscillations. Blue represents a decrease in oscillatory 

amplitude relative to baseline (2.5 – 3 s); yellow represents an increase. As expected, 

there is a reduction in beta amplitude during stimulation. 

 

Figure 6.1. Data from a single participant. a) Brain plots show slices through the left motor cortex, 
with a pseudo-T statistical map of beta modulation for a single 7-year-old participant. The blue peaks 

indicate locations of the largest beta amplitude during stimulation for index finger trials, while the green 
peaks show the little finger. b) time-frequency spectrograms showing neural oscillatory amplitude 
modulation (fractional change in spectral amplitude relative to baseline measured in the 2.5 – 3 s 

window) for both fingers, using data extracted from the location of peak beta modulation (left 
sensorimotor cortex). Note the beta amplitude reduction during stimulation, as expected. 

Group averaged beta dynamics are shown in Figure 6.2 for index finger stimulation 

and Figure 6.3 for little finger stimulation. Here, for visualisation, the children were 

split into three groups of 9: youngest (aged 2 – 6 years), middle (6 – 10 years), and 

oldest (10 to 13 years). Data were averaged within each group, and across all 24 

adults (21 – 34 years) for comparison. The brain plots show group-averaged pseudo-
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T statistical maps of stimulus-induced beta band modulation. In all groups, the peak 

modulation appeared in the left sensorimotor cortex. We observed no significant 

difference in the location of peak beta desynchronisation between index and little 

finger stimulation. The time-frequency spectrograms (TFSs) are also shown for each 

group. Here, we observe a drop in beta amplitude during stimulation for all three 

groups, however, this was most pronounced in adults and was weaker in younger 

children. For statistical analysis, we estimated the difference in beta band amplitude 

between the stimulation (0.3-0.8 s) and post-stimulation (1-1.5 s) windows and plotted 

this as a function of age (Figure 6.2b and Figure 6.3b) with Pearson correlation 

suggesting a significant relationship for both the index finger (𝑅2=0.29, p=0.00004) 

and little finger (𝑅2=0.23, p=0.00032). These data agree strongly with previous 

studies showing increased task-induced beta modulation with age. However, they are 

acquired using a new wearable technology, and in younger participants. 
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Figure 6.2. Beta modulation with age for index finger stimulation. a) Brain plots showing slices 
through the left motor cortex, with a pseudo-T statistical map of beta modulation (blue/black) overlaid 

on the standard brain. Time-frequency spectrograms show modulation of the amplitude of neural 
oscillations (as in Figure 6.1). In all cases, results were extracted from the location of peak beta 

desynchronisation (in the left sensorimotor cortex). Note the clear beta amplitude reduction during 
stimulation. b) difference in beta band amplitude (0.3-0.8 s window vs 1-1.5 s window) plotted as a 

function of age (i.e., each data point shows a single participant; triangles represent children and circles 

represent adults). Note significant correlation (𝑹𝟐=0.29, p=0.00004). 
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Figure 6.3. Beta modulation with age for little finger stimulation. The equivalent of Figure 6.2 for 
the little finger stimulation, where a) are brain plots showing pseudo-T statistical maps of beta 

modulation (green/black) overlaid on the standard brain and time-frequency spectrograms showing 
modulation of the amplitude of neural oscillations from the location of peak beta desynchronisation in 

the left sensorimotor cortex. b) shows the difference in beta band amplitude (0.3-0.8 s window vs. 1-1.5 
s window) plotted as a function of age (triangles represent individual children; circles for adults). Note 

significant correlation ((𝑹𝟐=0.23, p=0.00032). 
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6.4.2 Functional connectivity in the beta band 

Figure 6.4 shows connectome matrices averaged across participants in each of the 

four groups; each matrix element represents the strength of a connection between 

two brain regions. In the “glass brains”, the red lines show the 150 pairs of regions 

with the highest connectivity, with the blue dots describing node strength. In adults, 

the connectome agrees with those from previous studies (Boto et al., 2021; Schäfer 

et al., 2014), with prominent sensorimotor, posterior-parietal- and frontoparietal 

connections. However, connectivity patterns in children differed in both strength and 

spatial signature, with the visual network showing the strongest connectivity. To 

statistically test the relationship between connectivity and age, we plotted global 

connectivity (i.e., the sum of all matrix elements) versus age (Figure 6.4b). Pearson 

correlation suggested a significant (𝑅2= 0.42, p = 2.67× 10−7) relationship, with older 

participants showing increased global connectivity. We also probed how this 

relationship changes across brain regions: Figure 6.4d shows example scatter plots 

of node degree (i.e., how connected a specific region is to the rest of the brain) for 

two pairs of frontal and occipital regions from each hemisphere. Note that the gradient 

of the fit in the frontal regions (0.27 age-1, 𝑅2= 0.44, p = 1.2× 10−7 and 0.28 age-1, 

𝑅2= 0.50, p = 5.8× 10−9) is much larger than the occipital regions (0.10 age-1, 𝑅2= 

0.18, p = 2× 10−3, 0.12 age-1, 𝑅2= 0.29, p = 4.2× 10−5). This is delineated for all brain 

regions in Figure 6.4c, where each region is coloured according to the gradient of the 

fit. The regions showing the largest change with age are the frontal and parietal areas, 

with the visual cortex demonstrating the smallest effect. 
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Figure 6.4 Functional connectivity – estimated using Amplitude Envelope Correlation (AEC) – 
varies with age. a) Connectivity matrices constructed using 78 regions of the AAL atlas and glass 
brains showing average connectomes across groups and corresponding glass brains showing the 
strongest 150 connections. AEC was estimated across the entire task recording. b) global average 

connectivity increases significantly with age (𝑹𝟐= 0.42, p = 2.67 × 𝟏𝟎−𝟕). c) age-related changes in 
connectivity vary spatially. Brain plot shows the linear fit gradient of node degree (the sum across the 
rows of the connectivity matrices against age) d) example plots show node degree against age for left 

and right frontal and occipital regions. Pearson correlation yielded (from left to right): (𝑹𝟐= 0.44, p = 1.2 

×  𝟏𝟎−𝟕, Degree = 0.27 ∙ age + 0.26); (𝑹𝟐= 0.50, p = 5.8 ×  𝟏𝟎−𝟗, Degree = 0.28 ∙ age + 0.17); (𝑹𝟐= 

0.18, p = 2 ×  𝟏𝟎−𝟑, Degree = 0.10 ∙ age + 2.92); (𝑹𝟐= 0.29, p = 4.2 ×  𝟏𝟎−𝟓, Degree = 0.12 ∙ age + 
2.38). 
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6.4.3 Burst interpretation of beta dynamics 

 

Figure 6.5. The relationship between beta band amplitude modulation and pan-spectral burst 
probability. a) Raster plot showing burst occurrence (white) as a function of time for all trials and 

participants combined (participants sorted by increasing age). b) trial averaged burst probability time 
courses across the four participant groups. Shaded areas indicate the standard error within groups. c) 

stimulus- to post-stimulus modulation of burst probability (0.3-0.8 s vs 1-1.5 s) plotted against age. 

Note the significant (𝑹𝟐= 0.13, p = 0.0089) positive correlation. d) beta amplitude modulation plotted 

against burst probability. Note again the significant correlation (𝑹𝟐= 0.5, p = 5.2 ×  𝟏𝟎−𝟗). (values for 
both measured were z-transformed within the children and adult groups respectively to mitigate the age 

confound). Triangles and circles denote children and adults, respectively. 

Figure 6.5a shows a raster plot of (HMM-derived) burst occurrence for all individual 

task trials in all participants. White represents the time points and trials where bursts 

are occurring; black represents the absence of a burst. Participants are separated by 

the red lines and groups are separated by the blue lines. Burst absence is more likely 

in the 0.3 to 0.8 s time period (during stimulation), indicating a task-induced decrease 

in burst probability. Figure 6.5b shows group averaged burst probability as a function 
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of time. In all age groups, bursts were less likely during stimulation, though this 

modulation changes with age, with the younger group demonstrating the least 

pronounced effect. This is tested statistically in Figure 6.5c, which shows a significant 

(𝑅2= 0.13, p = 0.0089) positive Pearson correlation between the modulation of burst 

probability and age. Figure 6.5d shows the association between beta amplitude and 

burst probability modulation. Here the significant (𝑅2= 0.5, p = 5.2 ×  10−9) positive 

relationship supports a hypothesis that the observed change in task-induced beta 

modulation with age (shown in Figure 6.2) is driven by changes in the modulation of 

burst probability. 
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Figure 6.6. The spectral content of the burst state varies with age. a) Average burst state spectra 
across groups. Shaded areas indicate standard error on the group mean. b) Pearson correlation 
coefficient for the PSD values in (a) against age across all frequency values. Red shaded areas 

indicate p < 0.01 (uncorrected). The four inset plots show example scatters of PSD values with age at 
select frequencies (3 Hz, 9 Hz, 21 Hz and 37 Hz). Low frequency spectral content decreases with age 
while high frequency content increases. No significant correlation was observed in the high theta and 

alpha bands. 

Finally, Figure 6.6a shows the burst spectra for all 4 participant groups. In adults, the 

spectral power diminishes with increasing frequency, with additional peaks in the 

alpha and beta bands. In children, high frequencies are diminished, and low 

frequencies are enhanced, compared to adults. This is also shown in Figure 6.6b 

where, for every frequency, we perform a linear fit to a scatter plot of spectral density 

versus age. Here, positive values indicate that spectral power increases with age, and 

negative power means it decreases. The insert scatter plots show example age 

relationships at 3 Hz, 9 Hz, 21 Hz and 37 Hz. We see a clear decrease in low-
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frequency spectral content and increasing high-frequency content, with age. 

Interestingly, spectral content in the alpha band appeared stable with no significant 

correlation with age. Similar trends for changes in frequency content with age were 

found for the non-burst states (Figure 6.7). 

 

Figure 6.7. The spectral content of non-burst states. a) Average non-burst state spectra across 
groups. Shaded areas indicate standard error on the group mean. b) Pearson correlation coefficient for 

the PSD values in (a) against age across all frequency values. Red shaded areas indicate p < 0.01 
(uncorrected). The four inset plots show example scatters of PSD values with age at select frequencies 

(3 Hz, 9 Hz, 21 Hz and 37 Hz). Low-frequency spectral content decreases with age while high-
frequency content increases. Results broadly mirror the frequency content and age relationships found 
in the burst state, however, features in the spectra corresponding to classical alpha and beta peaks are 

less prominent outside the burst state. 
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6.5 Discussion 

We designed our OPM-MEG system for lifespan compliance. The helmets were 

relatively lightweight, ranging from ~856 g (in the smallest case) to ~906 g (in the 

largest case). While this is heavier than, for example, a child’s bicycle helmet (the 

average weight of which is ~300 – 350 g) they were well tolerated by our cohort, most 

likely due to the relatively short scanning duration of < 5 minutes. Multiple sizes of 

helmets meant we could select the best fitting size for any given participant, reducing 

the confounds of small head sizes which are associated with conventional MEG. Heat 

from sensors (which require elevated temperature to maintain operation in the SERF 

regime, see Chapter 3.3) was controlled via both convection cooling, with air able to 

flow through the helmet lattice, and an insulating material cap worn under the helmet 

by all participants. Together, these ensured that participants remained comfortable 

throughout data recording. 

Whilst the helmet allows sensors to move with the head, sensors remain perturbed 

by background magnetic fields (e.g., any rotation/translation through static/gradient 

magnetic fields results in a measurement of changing field, which can obfuscate brain 

activity). Our system employed active field control (Holmes et al., 2018), which 

enabled us to reduce the ambient fields to a level where sensors worked reliably, even 

in the presence of head movements because our system was well tolerated and as a 

result of field control. We were able to obtain usable data in all 27 children and 24 of 

the 26 adults. Our findings of increased beta modulation and whole brain connectivity 

with age support previous studies (Gaetz et al., 2010; Kurz et al., 2016; Trevarrow et 

al., 2019), and in this way provide validation for this technology. 

Importantly, most prior studies of neurodevelopmental trajectory were carried out in 

older children – for example, Kurz et al (Kurz et al., 2016) showed a similar effect in 

11-19-year-olds; Trevarrow et al. (Trevarrow et al., 2019) employed a cohort of 9-15-

year-olds and Brookes et al. scanned a cohort of 9 – 15-year-olds (Brookes et al., 

2018). In the present study, we were able to successfully scan children from age 2 

years. There are important reasons for moving to younger participants: from a 

neuroscientific viewpoint, many critical milestones in development occur in the first 

few years (even months) of life – such as learning to walk and talk. If we can use 

OPM-MEG technology to measure the brain activities that underpin these 

developmental milestones, this would offer not only a new understanding of brain 

function but also new avenues to explore in atypically developing children. 
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In addition to providing a new platform for neurodevelopmental investigation, our 

study also provides insights into coordinated brain activity and its maturation with age. 

Beta band oscillations are thought to mediate top-down influence on primary cortices, 

with regions of high beta amplitude likely being inhibited (for a review see Barone and 

Rossiter, 2021). Whilst most evidence is based on studies of movement, there is 

significant supporting evidence from somatosensory studies in adults; for example, 

Bauer et al. (Bauer et al., 2014) showed that, when one attends to events relating to 

the left hand, a relative decrease in beta amplitude is seen in the contralateral sensory 

cortex (right) and an increase in ipsilateral cortex- suggesting the brain is inhibiting 

the sensory representation of the non-relevant hand. Given this strong link to 

attentional mechanism and top-down processing, it is unsurprising that beta 

oscillations are not fully developed in children, and consequently change with age. 

Interestingly, Figure 6.2 implies that the well-known post-stimulus beta signal – the 

PMBR – appears to be absent in children but can be seen in adults. The rebound, as 

well as being linked to top-down inhibition of the sensorimotor cortex, is associated 

with long-range connectivity (Tewarie et al., 2019). The lack of rebound is therefore 

in agreement with the connectivity findings shown in Figure 6.4. 

We failed to see a significant difference in the spatial location of the cortical 

representations of the index and little finger; there are three potential reasons for this. 

First, the system was not designed to look for such a difference – sensors were 

sparsely distributed to achieve whole-head coverage (rather than packed over the 

sensory cortex to achieve the best spatial resolution in one area). Second, our 

pseudo-MRI approach to head modelling is less accurate than the acquisition of 

participant-specific MRIs, and so may mask subtle spatial differences (see Chapter 

5). Finally, previous work (Barratt et al., 2018) suggested that, for a motor paradigm 

in adults, only the beta rebound, and not the power reduction during stimulation, 

mapped motortopically. Nevertheless, it remains the case that by placing sensors 

closer to the scalp, OPM-MEG should offer improved spatial resolution in children and 

adults; this should be the topic of future work.  

The burst model of beta dynamics is relatively new, yet significant evidence already 

shows that the neurophysiological signal in the beta band is driven by punctate bursts 

of activity, whose probability of occurrence changes depending on the task phase. 

Our study provides the first evidence that neurodevelopmental changes in the 

amplitude of task-induced beta modulation can also be explained by the burst model. 

Specifically, we showed that task-induced modulation of burst probability changes 

significantly as a function of age, suggesting bursts in the somatosensory cortex are 
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less likely to occur during stimulation of older participants compared to younger 

participants. We also showed that the “classical” beta modulation exhibited a 

significant linear relationship with burst-probability modulation. In addition, when 

bursts do occur, they tend to have different spectral properties in younger participants. 

Specifically, younger participants have increased low frequency activity, and 

decreased high frequency activity, compared to adults. It is likely that a combination 

of the change in burst probability with age, and the change in dominant frequency 

(away from the canonical beta band) drives the observation from previous studies of 

changing beta modulation with age. 

Our connectivity finding is also of note, showing a significant increase in global 

functional connectivity with age. This is in good agreement with previous literature – 

for example, Schäfer et al. (Schäfer et al., 2014) showed quantitively similar data in 

conventional MEG, albeit again by scanning older children (ages 6 and up). Here we 

also showed that connectivity changes with age are most prominent in the frontal and 

parietal areas, and weakest in the visual cortex. It makes intuitive sense that the 

largest changes in connectivity over the age range studied should occur in the parietal 

and frontal regions, these regions are typically associated with both cognitive and 

attentional networks and are implicated in the networks that develop most between 

childhood and adulthood. Here, we observed a relative lack of age-related change in 

the visual regions; this could relate to the nature of the task – recall that all volunteers 

watched their favourite TV show and so the visual regions were being stimulated 

throughout, driving coordinated network activity in the occipital cortex. The visual 

system is also early to mature compared to the frontal cortex. 

There are four limitations of our system that warrant discussion. Firstly, the range of 

available helmet sizes was limited, and future studies may aim to use more sizes, or 

a semi-flexible solution, to better accommodate variation in head size and shape. 

Also, even the lightweight helmet design used here may be too heavy for younger 

participants; whilst it was generally well tolerated, anecdotally, some of the very young 

participants commented that it was heavy. This indicates further optimisation of 

helmet design is needed if we want to move towards younger (< 2 years) participants; 

in babies, a fundamentally different solution must be found. Further optimisation is 

possible since, while the total weight is approximately 900 g, the combined sensor 

head weight is just 250 g. Similarly, the warmth generated by sensors was controlled 

by a combination of convection and insulation. However, for systems with a higher 

channel count, where more heat may be generated, active cooling (e.g., air forced 

through the helmet) may be required. 
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Second, the number of sensors available varies across participants – this was mainly 

for pragmatic purposes (the system was experimental and not all OPMs were 

available for every recording). Whilst we always ensured good coverage of the 

sensorimotor cortex and tried to optimise for whole brain coverage, the system is likely 

to have diminished sensitivity around the temporal cortex due to the helmet design, 

and this may explain why there was relatively little change in connectivity with age in 

those regions. In future, the inclusion of more sensors, particularly around the 

cheekbone would be a natural extension. Thirdly, magnetic field control was only 

available over a region encompassing the head, whilst participants were seated (i.e., 

participants had to be sat in a chair for the scanner to work). This was key to ensuring 

participants were unconstrained. However, in future studies, particularly in younger 

participants, it may be desirable to accommodate different positions (e.g., participants 

seated on the floor) and a greater range of motion (e.g., children crawling or walking). 

This may be possible with newly developing coil technology (Holmes et al., 2023b). 

Finally, here we chose to study sensory stimulation. There are many other systems 

to choose from – and whether the findings here regarding beta bursts and the changes 

with age also extend to other brain networks remains an open question that could be 

explored in future studies. 

It is worth mentioning that our statistical analyses were based on a linear model with 

the relationship between our measured metrics (e.g. beta modulation, global 

connectivity and burst probability) and age assumed to vary linearly. This may not be 

the case; in conventional a large conventional MEG study, age relationships with 

oscillatory frequencies were found to vary quadratically in multiple frequency bands 

(Hunt et al., 2019). However, as our adult cohort only spanned 21-34 years, we are 

unable to study such patterns. This should be an area of future research, with OPM-

MEG enabling the investigation of spectral trajectories across the entire lifetime. 

6.6 Conclusion 

Characterising how neural oscillations change with age is a key step towards 

understanding the developmental trajectory of coordinated brain function, and the 

deviation of that trajectory in disorders. However, limitations of conventional, non-

invasive approaches to measuring electrophysiology have led to confounds when 

scanning children. Here, we have demonstrated a new platform for 

neurodevelopmental assessment. Using OPM-MEG, we have been able to provide 

evidence – supported by previous studies – that shows both task-induced beta 

modulation and whole-brain functional connectivity increase with age. In addition, we 
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have shown that the classically observed beta power drop during stimulation can be 

explained by a lower burst probability, and that modulation of burst probability 

changes with age. We further showed that the frequency content of bursts changes 

with age. Our results offer new insights into the developmental trajectory of beta 

oscillations and provide the first clear evidence that OPM-MEG is an ideal platform to 

study developing electrophysiology. 
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7 The development of visual 

gamma oscillations: a cross-

site collaborative study 

7.1 Chapter overview 

The work presented in the previous chapters contributes to a wealth of evidence on 

the validity of OPM-MEG, particularly in the study of neurodevelopment. However, 

many previous studies were “proof-of-concept”, with limited numbers of participants. 

To address a wider range of neuroscientific questions, larger samples are needed to 

provide more statistical power, particularly in populations with high heterogeneity, 

such as those with neurodevelopmental disorders. This chapter describes the first 

OPM-MEG collaborative study with data collected at two sites (the University of 

Nottingham (UoN) and The Hospital for Sick Children (SickKids) in Toronto, Canada). 

We first perform an equivalent visual task using OPM-MEG systems at both sites, in 

two groups of 26 healthy adults, investigating cross-site consistency. We show that 

we can expect very similar performance across systems when investigating gamma 

band activity, finding no significant difference between groups. We then use the same 

paradigm with both adults and children from each site. This forms the largest (to date) 

OPM-MEG study of 102 participants, with 51 children aged 2 – 13 years and 51 adults 

aged 21 – 34 years. We investigate spectral changes relating to age in the visual 

cortex. We found a significant positive linear relationship between age and gamma 

amplitude but did not find a clear relationship between the frequency of the gamma 

response and age. 

7.2 Introduction 

Rhythmic neural activity in the gamma frequency range (canonically > 30 Hz) plays a 

pivotal role in the processing of information in the human brain. There is a broad 

consensus from in vitro models (Whittington et al., 1995) and animal local field 

potential (LFP) recordings (Gray et al., 1989; Gray and Singer, 1989), that gamma 

oscillations arise due to interactions between neuronal excitation and inhibition 

(Bartos et al., 2007; Vinck et al., 2013). More specifically, they are thought to depend 
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on inhibitory 𝐺𝐴𝐵𝐴𝐴 (𝛾-aminobutyric acid type A) receptor-mediated inhibition 

pathways and fast-spiking parvalbumin-expressing basket cell interneurons (Sohal et 

al., 2009). It therefore follows that gamma band synchronisation may provide a metric 

of cortical excitation-inhibition balance (E-I), and so measurement of such oscillations 

is of neuroscientific interest. 

Gamma oscillations are of particular interest in neurodevelopment since one of the 

leading theories on the neural mechanisms behind autism spectrum disorder (ASD- 

one of the most prevalent neurodevelopmental conditions) is that of excitatory-

inhibitory imbalance (Nelson and Valakh, 2015; Rubenstein and Merzenich, 2003; 

Sohal and Rubenstein, 2019). The relationship between gamma oscillations and ASD 

has therefore been investigated using EEG (Brown et al., 2005; Bruining et al., 2020; 

Dickinson et al., 2016a, 2016b, 2015; Orekhova et al., 2007) and MEG (An et al., 

2018; Port et al., 2017; Rojas et al., 2008; Seymour et al., 2019; Sun et al., 2012). For 

example, excess induced gamma oscillations have been attributed to ASD 

participants (Orekhova et al., 2007) and their first-degree relatives (Rojas et al., 2008) 

during auditory or visual attention tasks. Peak gamma frequency was also suggested 

as an important metric for E-I imbalance in autism (Dickinson et al., 2016b). Two 

studies have found the peak gamma frequency to be higher in participants with ASD 

than typically developing participants (Dickinson et al., 2016a; Orekhova et al., 2023), 

and higher with autistic-like traits in the general population (Dickinson et al., 2015).  

While gamma oscillations can be investigated during resting state (e.g., in autism 

Datko et al., 2016; Takesaki et al., 2016; van Diessen et al., 2015), this study focuses 

on task-induced gamma. One method of eliciting an increase in gamma oscillatory 

power is through the visual system. Visual stimuli of increasing intensity (e.g., contrast 

or temporal frequency) are known to induce a monotonically increasing frequency of 

gamma oscillations (Orekhova et al., 2018). Visual gamma has been associated with 

visual feature integration (Eckhorn et al., 1988; Gray et al., 1989), object 

representation (Tallon-Baudry and Bertrand, 1999), and selective attention (Fell et al., 

2003), and appears to be altered in childhood (Gaetz et al., 2011; Orekhova et al., 

2018) and in children with ASD (Orekhova et al., 2023). In addition, twin studies 

suggest the response is highly heritable, therefore having a strong genetic component 

(Pelt et al., 2012). The generation of visual gamma is thought to occur in the 

superficial layers (V1) of the visual cortex, and has been related by circuitry to 

inhibitory beta oscillations in deep layers, such that gamma (and theta) oscillations 

provide feedforward influence, while beta provides feedback (Bastos et al., 2015; 

Michalareas et al., 2016). 
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Visual gamma oscillations typically have a lower signal-to-noise ratio when measured 

using EEG compared to MEG (Muthukumaraswamy and Singh, 2013; Schofield et 

al., 2024). This is likely because high frequency artefacts have a greater effect on 

EEG signals than MEG (Boto et al., 2019; Muthukumaraswamy, 2013; Whitham et 

al., 2007), including across occipital channels due to the proximity of electrodes to 

neck muscles. Multiple studies have therefore employed MEG as the ideal tool to non-

invasively investigate this brain response (Gaetz et al., 2011; Hall et al., 2005; 

Muthukumaraswamy et al., 2010, 2009; Orekhova et al., 2015; Tan et al., 2016). 

However, most MEG studies have been limited to adult or adolescent participants, 

mostly due to the scanning limitations (i.e., head size and movement restrictions) 

posed by conventional MEG systems. This is particularly detrimental for the study of 

neurodevelopmental disorders like ASD, which has a typical diagnostic age from 3 

years, and where little is known of neuronal correlates or biomarkers. Further, as 

functional neuroimaging in the first few years of life is challenging, the normative 

trajectories of such oscillatory signals are undetermined. OPM-MEG offers a practical 

solution to this data gap, providing a brain imaging system with lifespan compliance 

(Hill et al., 2019). 

To date, most OPM-MEG studies have been limited by small numbers of participants 

in ‘proof-of-concept’ studies. However as more research centres begin to access 

OPM-MEG technology to study the brain, collaboration becomes possible, which 

could lead to larger datasets. However, with the rapid nature of the development of 

such technology, systems typically vary in design (i.e., sensor type, channel count, 

array design, sampling noise floor, passive magnetic shielding, and active magnetic 

field control). Further, OPM-MEG systems are highly dependent on their magnetic 

environment, and so data quality may vary between sites. It is therefore crucial that 

we investigate the viability of combining data across sites, as we do not yet know if 

cross-site studies are feasible. An initial study on a single participant across two OPM-

MEG sites with contrasting environments showed that, when two OPM-MEG systems 

are built to the same design, data are comparable within an individual (Hill et al., 

2022), but this has not yet been extended to groups. 

In this chapter, we conduct a cross-site comparison of two OPM-MEG systems; one 

system at the University of Nottingham, Nottingham, UK (UoN) and one at the Hospital 

for Sick Children Toronto, Canada (SickKids). We combine developmental data from 

both sites to investigate electrophysiological responses during a visual paradigm. Our 

dataset is the largest OPM-MEG study to date, comprising 102 participants aged from 

2 to 34 years old. We investigate the development of visual gamma oscillations from 
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the early years up to adulthood, considering the spectral content of MEG signals 

extracted from the visual cortex during an inward drifting circular visual grating, known 

to induce an increase in power across the gamma band in adults. We will address two 

questions. Firstly, we assess whether OPM-MEG data from different sites can be 

collated to create large datasets that can address neuroscientific questions with 

sufficient statistical power. Second, we use our neurodevelopmental dataset to 

investigate how the spectral content of visual gamma oscillations develops from the 

early years to adulthood. 

7.3 Methods 

7.3.1 Paradigm 

Efforts were made to ensure the paradigm was consistent between sites. At both sites, 

participants viewed a visual paradigm presented on a screen (placed approximately 

1 m away at eye level) by back projection. Each trial started with a white fixation cross 

located centrally on a black screen, presented for an interstimulus interval (ISI) 

randomly jittered between 1050 – 1450 ms. Following this, either an emotional face 

image was presented for 500 ms, or an inward drifting circular grating (drifting at 1.2 

°𝑠−1, subtending a visual angle of 7.6°) was presented for 1 s. This grating stimulus 

was chosen to compare results to similar developmental gamma work using cryogenic 

MEG by Orekova et al. (2018). This was repeated up to a total of 60 circles trials 

(there were between 120 – 160 faces trials due to UoN running a version of the 

paradigm that included an additional emotion, but these data were not analysed in 

this work). The total experiment lasted between 5-8 minutes (due to the varying 

number of face trials). Figure 7.1 provides an example of the visual stimuli and 

timeline of the paradigm. 
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Figure 7.1. The “Faces Circles” paradigm. Left shows the circles stimulus, which is presented 
interspersed within emotional faces, with fixation cross trials between. The red arrows show the 

direction of drifting. The timeline of the stimulus presentation is shown on the right. The circles trials are 
highlighted in red, as it is only these trials that are used in subsequent analyses. 

7.3.2 Participants 

Data were collected from 102 typically developing participants across the two sites4. 

Adult data were sex- and age-matched across the two sites and included one repeat 

measurement on a single participant in both systems. Children were always 

accompanied by a parent and at least one experimenter inside the MSR. Some of the 

youngest children (2-year-olds) were seated on a parent’s lap during data acquisition. 

A description of the demographics in these data is provided in Figure 7.2. All adult 

participants provided written informed consent. A legal guardian for all participants 

under 18 years provided the written informed consent and the child gave verbal 

assent. This study was approved by the local research ethics board committee at both 

sites. 

 

4 The author collected data at both sites, operating or assisting in the operation of the system 
for 93 of the scanning sessions. 10 datasets from the SickKids children cohort were collected 
by the technical team at SickKids in the authors absence. 
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Figure 7.2. Participant demographics. Table (a) and histograms (b) describe the age distribution of 
the participants recruited for this study from both sites. 

7.3.3 UoN system 

The UoN array is described in Chapters 5 and 6 and shown again for reference in 

Figure 7.3. Briefly, the system comprised 64 QuSpin Gen-3 triaxial QZFM sensors, 

enabling up to 192 channels of magnetic field measurement. MEG data were collected 

at a sampling rate of 1200 Hz using a National Instruments (NI, Texas, US) data 

acquisition system interfaced with LabView (NI). Sensors were mounted in rigid 3D-

printed helmets in one of three sizes (4–year–old, adult small and adult large, see 

Figure 4.2). Participants wore a thin aerogel cap under the helmet for thermal 

insulation. Participants were seated in a patient support at the centre of the OPM-

optimised magnetically shielded room (which comprises of 4 layers of mu-metal, one 

layer of copper and is equipped with degaussing coils). Surrounding the participant 
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was a pair of bi-planar coils, through which average coil currents were applied (see 

Chapters 4 and 5), as such the static magnetic fields were compensated, but dynamic 

field changes were not. Participants were free to move throughout data acquisition 

(but were not specifically asked to do so). Two 3D digitisations of the participant’s 

head (with and without the helmet) were acquired using a structured light camera 

(Einscan H, SHINING 3D, Hangzhou, China) for generation of pseudo-MRIs (Chapter 

5) and coregistration (see Chapter 3.9). 

 

Figure 7.3. The UoN OPM-MEG system. A diagram of the OPM-MEG system at UoN. 

7.3.4 SickKids system 

The SickKids system comprised 40 QuSpin Gen-3 dual-axis QZFM sensors, enabling 

up to 80 channels of magnetic field measurement. MEG data were sampled at 1200 

Hz using the same data acquisition system as mentioned above. Sensors were 

mounted in identical rigid 3D printed helmets (Cerca Magnetics Ltd., UK), albeit in one 

of only two sizes (4–year–old and adult large). Insulating padding was attached to the 

inside of the helmet for thermal management. Participants were seated in the same 

patient support at the centre of the shielded room (see Figure 7.4). The shielded room 

was repurposed from a cryogenic-MEG system and consisted of two layers of mu-

metal and one layer of aluminium (Vacuumschmelze, Hanau, Germany), without the 

ability to degauss the inner mu-metal. The same bi-planar coils surrounded the 

participant, but at this site, they received magnetic field measurement from a pair of 

reference OPM sensors (QuSpin Gen-3 triaxial QZFM) that have been adapted to 

increase their dynamic range to enable measurement of the environmental magnetic 

fields (over ±20 nT across 10-minutes, see Figure 3.15). The bi-planar coils therefore 

compensate for both static and dynamic magnetic fields. This was necessary to 
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compensate for the increased field drift of the SickKids site (caused by the busy city 

centre location and poorer shielding). Again, participants were free to move 

throughout data acquisition but were not specifically encouraged to do so. 3D 

structure scans (Einscan H, SHINING 3D, Hangzhou, China) were acquired with the 

helmet on and off the head (with some of the young children, the head scan without 

the helmet was not acquired due to their difficulty remaining still). 

 

Figure 7.4. The SickKids OPM-MEG system. A labelled photograph of an adult participant in the 
system at SickKids. 

A table comparing features of the system at each site is shown in Figure 7.5. 
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OPM-MEG site comparison 
 

UoN SickKids 

No. sensors 64 triaxial 40 dual axis 

No. channels 192 80 

Helmet Rigid 3D printed helmet in one of 

three sizes (adult S, adult L, 4-

year-old) 

Rigid 3D printed helmet in one 

of two sizes (adult L, 4-year-old) 

Magnetic environment Quiet campus location outside of 

the city centre 

Downtown location, above a 

busy car park, near construction 

sites, main roads and 

underground transport lines 

Passive shielding OPM-optimised shielded room 

with four layers of mu-metal and 

one layer of copper 

Repurposed Vacuumschmeltz 

room with two layers of mu-

metal and one layer of 

aluminium 

Degaussing coils Yes No 

Magnetic environment 

with passive shielding 

~2 nT static magnetic field with 

drifts of +/- 1 nT across 10 

minutes (Rea et al., 2021) 

~30 nT static magnetic field with 

drifts of +/- 20 nT across 10 

minutes (Hill et al., 2022 and 

Figure 3.15) 

Active shielding (static) Via average coil currents through 

biplanar coils 

Via reference array through 

biplanar coils 

Active shielding 

(dynamic) 

Not used (due to minimal 

dynamic drift) 

Via reference array through 

biplanar coils 

Figure 7.5. Site comparison. A table describing the features of the OPM-MEG systems at each site. 

7.3.5 Pseudo-MRI generation 

Individual anatomical MRIs were not available for all participants in this study, 

meaning pseudo-MRIs were generated for all source analyses. This was done using 

the process outlined in Chapter 5. Briefly, the scalp from an age-matched template 

MRI (Richards et al., 2016) was extracted using FieldTrip and warped to the individual 

participant’s head digitisation using FSL FLIRT (Jenkinson et al., 2002). For some of 

the youngest participants, there was no available head digitisation, so the age-

matched templates were used as the pseudo-MRI without warping. 

7.3.6 Pre-processing 

Data were pre-processed identically at both sites, with pre-processing steps 

described in Chapters 5 and 6. Broken or noisy channels channels were identified by 

manual inspection of the channel power spectra and removed. Data were notch 

filtered at the powerline frequency (50 Hz for UoN data and 60 Hz for SickKids) and 
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2 harmonics. A 1 – 150 Hz bandpass filter was applied, following which, data were 

epoched to 3 s trials encompassing 1 s prior to the onset of the “circles” trials and 2 s 

after. Bad trials were identified as those with trial variance greater than 3 standard 

deviations from the mean and were removed. Visual inspection was carried out and 

any further trials with noticeable artefacts were removed. ICA was used to remove 

eye blink and cardiac artefacts (implemented in FieldTrip (Oostenveld et al., 2011)) 

and homogeneous field correction (HFC) was applied to reduce interference (Tierney 

et al., 2021a). 

Following pre-processing, data were available in 102 scans across 101 participants 

(there was one repeat measure, and one child participant was excluded due to failure 

to acquire digitisation before helmet removal). We removed 13 ± 9 (mean ± standard 

deviation) trials in children and 7 ± 4 trials in adults due to excessive interference. On 

average we had 159 ± 11 (mean ± standard deviation) channels of data in UoN, and 

78 ± 3 channels in SickKids. 

7.3.7 Source reconstruction 

We used an LCMV beamformer spatial filter, as in Chapters 4-6 (and described in 

Chapter 2.5). Covariance matrices were generated using data spanning all “circles” 

trials (excluding bad trials) and were regularised using the Tikhonov method with a 

regularisation parameter of 5% of the maximum eigenvalue of the unregularized 

matrix (Brookes et al., 2008). As in previous chapters, the forward model was 

constructed from the pseudo-MRIs using a single shell model (Nolte, 2003) 

implemented in FieldTrip (Oostenveld et al., 2011). 

Pseudo-T statistical images were constructed using Equation 2.41 with data filtered 

to the gamma band (30 – 80 Hz). Voxels were placed on: 

• An isotropic 4-mm grid covering the whole brain 

• The medoid of 78 AAL regions (Hillebrand et al., 2016; Tzourio-Mazoyer et al., 

2002) 

• A 1-mm isotropic grid covering the bilateral visual cortex (identified by dilating 

a mask of the left and right cuneus from the AAL atlas with a 5 mm spherical 

structuring element)  

For each voxel, we contrasted power in active (0.3 – 1 s) and control (-0.8 – -0.1 s) 

windows relative to stimulus onset. A virtual electrode was extracted from the voxel 

from the 1-mm visual cortex mask with the largest pseudo-T statistic for subsequent 
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analyses. Beamformer weights were calculated using unfiltered data to enable the 

assessment of time-frequency dynamics across a broad bandwidth. We separate our 

participants into six age groups (3 for children and 3 for adults) for visualisation 

purposes but perform statistical analyses on individual data. As such, the 4-mm 

pseudo-T statistical maps are averaged across age groups to examine the location of 

peak activity across the whole brain. 

7.3.8 Spectral analyses 

We computed time-frequency spectrograms (TFS) to investigate the change in 

relative power across frequencies from 1 – 100 Hz. We used overlapping windows 

every 2 Hz, spanning 4 Hz bandwidth, from 2 Hz to 100 Hz to provide a high spectral 

resolution. The Hilbert envelope was computed from filtered unaveraged data and 

then averaged across trials to produce images that show the change in spectral 

amplitude across the trial duration, as described in Chapter 2.3.3. We plot the TFS 

from each age group and plot the mean change in spectral content across the stimulus 

time window for each group for comparison. We investigate the statistical relationship 

between age and amplitude modulation for individual participants across a range of 

frequencies using Pearson correlation. 

For comparison with similar studies, we determined the peak gamma frequency and 

amplitude modulation to assess the relationship between the peak frequency and 

amplitude with age. This was done by calculating the average change in amplitude 

relative to baseline across the stimulus period from the TFS for each individual and 

taking the greatest amplitude between 30 – 80 Hz. How the frequency and amplitude 

changed with age was assessed using Pearson correlation. 

7.4 Results 

7.4.1 Cross-site comparison in a single adult 

One adult participant was scanned in both systems, with approximately 5 months 

between scans. The location of the peak voxels in the visual mask (overlaid on the 

MNI brain) and the TFS from the two scans are shown in Figure 7.6. The peak voxels 

were separated by a Euclidean distance of 40 mm. The relative change across a 

period during the stimulus (0.3 – 1 s) relative to baseline (-0.8 – -0.1 s) in the gamma 

band (30 – 80 Hz) amplitude was 5.8% in UoN and 14.2% in SickKids. This relatively 

large discrepancy between scans conducted at the two sites will be addressed below 

in our discussion. 
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Figure 7.6. Single participant comparison. TFS from the VE with the maximum contrast in the visual 
cortex for UoN (left) and SickKids (right). 

7.4.2 Cross-site comparison in a group of adults 

Figure 7.7 shows the group cross-site comparison with results averaged across 26 

adults at each site. Figure 7.7a shows the mean and standard deviation peak location 

plotted as ellipsoids overlaid on a mesh of the MNI brain (i.e., the axes of the ellipsoid 

represent the standard deviation of the peak location coordinates in x, y and z). Figure 

7.7b shows the average TFS for participants scanned at UoN (left) and SickKids 

(right). Here, the UoN system has been reduced to an equivalent channel count as 

that used at SickKids. Figure 7.7c shows the envelope of 30 – 80 Hz oscillatory 

amplitude for the UoN system with full channel count (up to 192 channels) in red, UoN 

reduced channel count in green and SickKids system in blue. There were no 

significant differences found between the systems when computing an unpaired t-test 

between the relative change in the active (0.3 – 1 s) period for each participant across 

the two sites (t = 1.01, p = 0.32, for the reduced UoN channel count, t = -0.26, p = 

0.80). 
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Figure 7.7. Cross-site comparison. a) Images showing mean and standard deviation of peak 
locations for gamma modulation. b) the time-frequency spectrograms and c) gamma band envelopes 
across groups at SickKids and UoN, with the UoN analyses performed for both the full channel count 

and reduced channel count. 

7.4.3 Developmental analyses 

Section 7.4.2 showed comparative results between two age-matched groups of adults 

from each site. This demonstrates the validity of combining data across multiple OPM-

MEG sites. In this section, we analyse results from all 101 participants (removing the 

repeat measurement in the single participant and the single participant without a 

helmet digitisation). Figure 7.8a shows the grand average pseudo-T statistical map 
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from all 101 participants overlaid on the MNI brain, showing a peak in the visual 

cortex, as expected. Figure 7.8b shows the location of the voxel with the peak pseudo-

T statistic within the visual mask for all participants overlaid on a mesh of the MNI 

brain. The colour of the points relates to the age of the participant, with red signifying 

the youngest (2-year-olds) and blue the oldest (34-year-olds). 

 

Figure 7.8. Source localisation. a) Grand average pseudo-T statistical maps (left) and b) individual 
peak locations for all participants overlaid on the MNI brain (right). 

Figure 7.9 shows the grand average TFS from the right cuneus (a primary visual 

region expected to show gamma activity in response to the visual stimuli) taken from 

the medoid of the region from the AAL atlas, compared to a control region of the pre-

central gyrus in the left hemisphere (an area where we would not expect to see 

gamma activity from this stimulus). The brain plots highlight the region from which the 

TFS were extracted. 
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Figure 7.9. Control region comparison. a) The grand average TFS from the right cuneus (highlighted 
in green) in the visual cortex for all participants, b) the equivalent TFS from a control region in the left 

pre-central cortex (highlighted in green). 

Figure 7.10 shows the average pseudo-T statistical maps and the average TFS from 

the peak in the visual mask, averaged across groups divided by age. The data from 

children were separated into three groups: 2 – 4 years, 5 – 8 years and 9 – 13 years, 

inclusive. The adult data were also separated by age (making the group sizes more 

comparable) to 21 – 24 years, 25 – 28 years and 29 – 34 years, inclusive. We see a 

change in relative spectral amplitude across the different age groups, particularly 

between the children and adults. In the group average pseudo-T statistic maps, we 

see a peak in the visual cortex for all groups. Figure 7.10g shows ellipsoids describing 

the average and standard deviation of the peak locations from the visual mask, 

separated by age groups. We see no significant difference in the location of the visual 

response with age in any axis (p=0.36, p=0.92 and p=0.52 for lateral, anterior-

posterior, and inferior-superior), as measured across individuals. 
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Figure 7.10. Age-related time-frequency spectrograms. Participant averaged pseudo-T statical 
images (4mm brain) and average TFS (from the peak in the 1 mm visual cortex mask) for a) 2–4-year-
olds (n=23), b) 5–8-year-olds (n=15), c) 9–13-year-olds (n=12), d) 21–24-year-olds (n=19), e) 25–28-

year-olds (n=18) and f) 29–34-year-olds (n=14) (ages are inclusive). g) shows ellipsoids centred on the 
average (size determined by standard deviation) of the peak locations by age group, with no significant 

relationship in any axis (p=0.36, p=0.92 and p=0.52). 
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7.4.4 Age-related spectral content changes 

Figure 7.11 shows the stimulus-induced change in spectral content for each age 

group overlaid. This was calculated by taking the average relative change in 

oscillatory amplitude in the 0.3 – 1 s time window (Campbell et al., 2014). The inset 

plots show the individual participants for frequency bands 11-15 Hz, 29-33 Hz and 51-

55 Hz. Pearson correlation suggested a significant (R = 0.55, 𝑝 = 3.76 × 10−9) 

relationship between age and change in spectral amplitude due to the stimulus 

between 51-55 Hz, with older participants showing a greater change in amplitude due 

to the stimulus than younger participants. This is in agreement with similar studies, 

that suggest that gamma power is positively correlated with age in school-aged 

children (Orekhova et al., 2018). Pearson correlation suggested no significant effect 

at 11-15 Hz and 29-33 Hz (R = −0.09, 𝑝 = 0.39 and R = −0.07, p = 0.46, 

respectively), suggesting no relationship between age and stimulus-induced 

amplitude change at the alpha/beta band and the low gamma band. This indicates 

that the data quality is not affected by participant age, suggesting quality data is 

obtainable across all ages scanned with OPM-MEG. 
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Figure 7.11. Age-related spectra. The relative change in amplitude from baseline is plotted against 
frequency. The relative change was averaged during the stimulus window (0.3 – 1 s post-stimulus, 
essentially showing a slice in the y-axis across the TFS plot). Each line shows the mean across the 

age group with shading representing standard error on the mean. The insets show the individual values 
in change from baseline relative to age, with lines fit to the data. At 11-15 Hz, 𝑹 = −𝟎. 𝟎𝟗, 𝒑 = 𝟎. 𝟑𝟗, at 

29-33 Hz, 𝑹=-0.07, p = 0.46 and at 51-55 Hz, 𝑹 = 𝟎. 𝟓𝟓, 𝒑 = 𝟑. 𝟕𝟔 × 𝟏𝟎−𝟗, where the star indicates 
significance. 

We also investigated the relations between peak gamma frequency and amplitude at 

the peak frequency with age. We obtained the peak frequency by taking the maximum 

amplitude of the relative change from baseline (the spectra shown in Figure 7.11) 

between 30 – 80 Hz for each participant (see Figure 7.12a). The relationship was 

analysed by computing the Pearson correlation, which suggested that there was no 
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significant relationship between age and peak frequency (R = 0.14, 𝑝 = 0.16). Figure 

7.12b shows the relationship between the amplitude at the peak frequency and age. 

The Pearson correlation suggested a significant positive relationship (R = 0.48, 𝑝 =

4.42 × 10−7). However, the gamma response across individuals was highly 

heterogeneous, with inter-subject variability beyond that explained by age. This is 

shown in Figure 7.12c and d, where Figure 7.12c shows three example participants 

who showed a strong gamma response, and Figure 7.12d shows three example 

participants with a weak gamma response. Note that the heterogeneity was evident 

across ages.  

 

Figure 7.12. Peak gamma frequency and amplitude with age. The left panel shows a) the peak 
gamma frequency and b) the relative amplitude at the peak frequency with age for all participants. The 

lines demonstrate the fit of the data with a) 𝑹 = 𝟎. 𝟏𝟒, 𝒑 = 𝟎. 𝟏𝟔, and b) 𝑹 = 𝟎. 𝟒𝟖, 𝒑 = 𝟒. 𝟒𝟐 × 𝟏𝟎−𝟕. The 
right two panels demonstrate the heterogeneity across the group with example participants showing c) 

a strong gamma response and d) minimal gamma response. Note that the 5-year-old example 
participant in c) shows two large peaks in the gamma range- one at 33 Hz and a second at 63 Hz.  

7.5 Discussion 

The next stage in the development of OPM-MEG towards both research and clinical 

utility is the acquisition of large normative datasets across the lifespan. In this chapter, 

we have shown that this is possible through the integration of data from multiple OPM-

MEG sites. We measured an induced change in gamma band amplitude elicited by a 

visual grating paradigm in a group of 102 participants aged from 2 years to 34 years. 
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7.5.1 Cross-site comparison 

Our data included a single adult participant who was scanned twice, once in each 

system. This participant did not show a consistent spatial nor spectral gamma 

response between systems. It is important to note that the time between the two scans 

was long (~ 5 months), and while other studies have shown the reliability of the visual 

gamma response between scans (Hill et al., 2022; Muthukumaraswamy et al., 2010; 

Tan et al., 2016), they have typically used short time periods between sessions. Our 

result is instead consistent with one study that showed that visual gamma oscillations 

are the least reliable (in comparison to a range of other induced responses) across 

long time periods (scans that are 1 year apart) (McCusker et al., 2020). This may 

contribute to the discrepancy between scans. In addition, the individual participant 

was female, and one study found significant changes in gamma band activity across 

the menstrual cycle (Sumner et al., 2018). While they focused on peak gamma 

frequency, some participants had vastly different gamma amplitudes between scans. 

Despite this, they found consistent gamma amplitude when averaged across the 

entire group. In sum, it is unlikely that the difference in gamma amplitude is due to the 

different systems, particularly as the reduced response was seen in the system with 

greater potential sensitivity (UoN). 

It is important to note the difference between the two systems used here, summarised 

in Figure 7.5. UoN benefits from a greater number of channels due to both more 

sensors and triaxial measurement; is located in an area with minimal magnetic noise 

and is housed within an OPM-optimised MSR. Whereas, SickKids has fewer channels 

of data, is in a magnetically noisy urban environment, and is housed within a re-

purposed cryogenic MEG shielded room. Despite these differences, results between 

the two sites were very consistent across the age-matched adult participant groups, 

with no significant differences as measured by a two-sample t-test. This may in part 

be due to the signals we are measuring. In this study, we are measuring relatively 

high frequency signals, with the gamma band canonically described as frequencies 

above 30 Hz. Typically, motion artefacts, which would likely be greater in the SickKids 

system, are below 10 Hz, and so would have less impact at the frequencies of interest 

in this study. However, for studies investigating lower frequency oscillations, the 

variation in the background magnetic field environment between OPM-MEG systems 

must be considered. 

It is important to note that visual gamma responses are highly dependent on stimuli 

parameters (Muthukumaraswamy and Singh, 2013). As such, the impact of site could 
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not only be OPM-MEG system related but may also be affected by the presentation 

of the paradigm. Despite this sensitivity, our results from the age-matched adult 

groups suggest that the stimuli were well-matched. 

Reducing the channel count at UoN reduced the difference between systems, as 

expected; a greater density of sensors, particularly over the visual cortex, would give 

greater coverage over the active region, and therefore more likely to pick up maximal 

signal. Further, a greater number of channels of data improves the artefact rejection 

methods used here (homogeneous field correction and beamforming), leading to a 

greater reduction in noise. 

To summarise, despite differences between the two OPM-MEG sites and systems, 

we found no significant differences in visual gamma response between our age- and 

sex-matched groups of healthy adults. This builds upon the result from a previous 

study with an individual participant (Hill et al., 2022), extending the comparison to 

consider group analyses.  

7.5.2 Development of visual gamma 

Across our entire neurodevelopmental dataset, we found the peak gamma response 

localised to the primary visual cortex, as expected. A virtual electrode at the right 

cuneus (in the primary visual cortex) showed the expected gamma response, shown 

by the TFS in Figure 7.9a, that was not clearly visible in other brain regions (for 

example a control region in the left motor cortex Figure 7.9b). We also see evoked 

activity at the onset of the visual stimulus and a decrease in amplitude across the 

alpha/beta band. This is comparable to studies using the same stimulus (Orekhova et 

al., 2018; Tan et al., 2016). However, selecting the medoid of the AAL atlas region 

ignores heterogeneity in peak location and may mask the true peak amplitude. We 

therefore computed the pseudo-T statistic for 1 mm voxels in a visual mask (to reduce 

computational expense and ensure we were selecting the peak from the visual 

cortex). From this, we extracted the location of the peak pseudo-T statistic for 

subsequent virtual electrode analysis. The peak location in the visual mask from all 

participants is plotted in Figure 7.8b, showing a distribution around the mask. This is 

likely due to the large number of participants who showed a very weak gamma 

response, which will be discussed below. We find no age-related locational bias from 

the colour grading of the points. 

The participants were separated into six groups by age to visualise the changes in 

spectral content across the trial. Group average TFS plots show clear differences 
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between age groups, particularly between the child groups (Figure 7.10a-c) and adult 

groups (Figure 7.10d-f). This is shown further in the plot in Figure 7.11, which shows 

the change in relative amplitude across a range of frequencies, with each age group 

average plotted on the same axes. The inset plots highlight the individual values, from 

which the statistics were computed. We found no significant relationship between 

spectral amplitude and age at two of the clear features of the signal (the decrease in 

amplitude at 11-15 Hz and increase at 29-33 Hz) but did find a significant relationship 

between age and the amplitude at 51-55 Hz. The lack of correlation between the alpha 

desynchronisation and age suggests not only consistent data quality across age, but 

may support a hypothesis that in the very young children, generative circuitry (Shaw 

et al., 2020) is dominated by alpha/beta from deep cortical layers (feedback), and 

development sees a maturation in gamma oscillations (feedforward), resulting in the 

relative amplitude increase of gamma with age. 

Finally, we considered the peak gamma frequency and the amplitude at the peak 

frequency, in accordance with similar studies. We found a significant positive 

relationship between the amplitude at the peak gamma frequency and age, replicating 

results from Orekhova et al. (2018). However, we were unable to replicate the peak 

frequency results, where multiple studies have suggested that there is a significant 

negative relationship between peak frequency and age (Gaetz et al., 2011; Orekhova 

et al., 2015, 2018). However, these studies only included participants down to 6 years 

of age. As such, little is known about the gamma response below this age. Further, it 

is unclear whether these studies excluded participants due to weak gamma response. 

One study found a relationship between the peak gamma frequency and the size of 

the primary visual cortex, suggesting that a larger cortical volume corresponded to a 

higher gamma frequency (Schwarzkopf et al., 2012). This would suggest that younger 

participants, for whom the primary visual cortex would be smaller, would show a lower 

gamma frequency. This discrepancy in hypotheses about the frequency of visual 

gamma warrants further investigation in future work. 

7.5.3 Heterogeneity in the gamma response 

A key finding from our results is that the visual gamma response is highly 

heterogeneous from early childhood up to adulthood. Similar studies have suggested 

that there are large inter-individual differences (Muthukumaraswamy et al., 2010) but 

have not investigated this with respect to age. We found that there was a large 

variation in both amplitude and spectral content that was not explained by age. This 

is evident from the scatter in our data shown in both Figure 7.11 and Figure 7.12. One 
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element of this is the two-peak vs. single-peak gamma response. We found that some 

participants had a gamma response that manifested as two peak frequencies, 

typically one low gamma and one in a higher gamma range (also seen in some of the 

plots in Figure 7.10). This phenomenon has been observed in previous studies 

(Hoogenboom et al., 2006; Tan et al., 2016) but makes the selection of a single peak 

gamma frequency complicated. The studies mentioned chose to take only the peak 

with the highest amplitude, which we followed here. However, this ignores some of 

the gamma response, and again the heterogeneity in the signal.  

Finally, while some studies exclude participants who did not show a strong gamma 

response, we have chosen to include all data in our analyses. This allows us to 

highlight the variability in this signal, which we believe is an important feature of the 

response. 

We believe that the result from this data suggests that visual gamma oscillations may 

not be a viable diagnostic marker for neurodevelopmental disorders such as ASD, 

due to the heterogeneity within the typically developing population. As shown, the 

response lacks sensitivity for individual participants. This agrees with previous 

conventional MEG results [for example, by Muthukumaraswamy et al. (2010) for an 

adult population], but we find that the inter-participant variability extends to the early 

years. However, the response may still have utility in the broader study of 

neurodevelopmental disorders on a group level and could provide a means to better 

understand the role of E/I balance in ASD, given large enough sample sizes. 

7.5.4 Limitations 

This study uses the same system (at UoN, although similar at SickKids) as described 

in the previous chapters so as such, many of the same limitations apply here. We only 

had a limited range of helmet sizes available, so there remains some separation 

between the sensors and the head surface, although this typically affects the temporal 

and frontal regions more than visual and was still greatly improved from cryogenic 

MEG. The helmet remains heavy with a full array of sensors, although this problem 

has been alleviated at SickKids with the use of a strap that holds the helmet from 

above to take some weight off the participant. The warmth remains an issue, although 

insulating inners designed for rigid helmets keep the heat away from the head surface. 

In addition, the scan duration is kept short to reduce the risk of overheating. 

The number of sensors available for each participant varied significantly even within 

sites. We could have chosen to only analyse data from equivalent numbers of 
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sensors, but as we found no significant differences between our adult groups, we 

chose to analyse data from all channels at UoN. Similarly, we found a significant 

difference in the number of trials between the children and adult participants. We 

could therefore have analysed data without all trials, but we found this did not 

significantly impact the results (our significant results remained significant). 

A further confound that may contribute to a difference between site systems is the 

operational mode of the QZFM sensors. As described in Chapter 3, QZFM sensors 

suffer from a poor dynamic range. In noisy environments, such as at SickKids, it is 

possible to operate sensors with a reduced gain, allowing for measurement of larger 

magnetic fields (up to ±4.5 nT rather than ±1.5 nT). However, this may come at the 

cost of gain errors due to a deviation from the linear regime of the voltage output (see 

Figure 3.9). At SickKids, all data were taken in the greater dynamic range operational 

mode. While this may be a concern, it does not seem to have caused noticeable 

differences across the adult group comparison. 

It is worth mentioning the limitations posed by the choice of participants in this study. 

As these data were combined from multiple separate studies, we have an asymmetric 

range of ages, with many 3–5-year-olds from the SickKids database, a spread of 2–

13-year-olds from UoN and a lack of data from adolescents from 13–21 years. While 

we can conclude that the visual gamma response is age-dependent, and we have 

shown this down to younger ages than measured before with MEG, more investigation 

is required to better understand the relationship between age and visual gamma 

oscillations. Finally, we performed linear fits to our data here, which may obscure 

more nuanced relationships between age and gamma oscillations. A more complex 

analysis may include higher order relationships or use a decoding method to better 

understand the relation between such signals and age. 

7.6 Conclusion 

OPM-MEG remains a new technology with considerable potential for neuroscientific 

impact, particularly in the study of early life and neurodevelopment. To date, OPM-

MEG studies have been hindered by low participant numbers, most likely due to 

limited access to systems due to the recent development of the technology. Here, we 

have demonstrated that data can be collaborated across two systems at different 

sites. We have collected (to our knowledge) the largest known OPM-MEG dataset, 

including 102 participants aged 2 – 34 years, with a visual grating paradigm. We 

observed the expected increase in amplitude across the gamma band during the 



157 
 

visual task, which localised to the primary visual cortex. Time-frequency spectrogram 

analysis showed changes in the spectral content of the response that are related to 

age. We found a significant positive relationship between the amplitude of the 

response and age, with older participants showing a larger amplitude gamma 

response. Our results agree with previous studies suggesting that the visual gamma 

response has some age dependency. However, this response is highly 

heterogeneous, particularly in younger participants, which limits the utility of such 

measures as a clinical diagnostic tool. 
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8 Concluding remarks 

8.1 Summary 

This thesis aimed to develop and test the first whole-head paediatric OPM-MEG 

system. We addressed this aim in four experimental chapters. In Chapter 4, we 

evaluated the performance of an OPM-MEG system against a conventional MEG 

system for detecting low frequency oscillatory signals, which are of particular interest 

in neurodevelopment. We found comparable results between systems, with individual 

“neural fingerprints” in the theta band identifiable between MEG instrumentation, 

supplying evidence that OPMs are sensitive to such signals.  Chapter 5 described a 

method of warping template MRIs to 3D digitisations of participants' head shapes to 

generate pseudo-MRIs. By analysing equivalent MEG data with individual and 

pseudo-MRI anatomy, we showed that results from our method are highly correlated 

with those from individual anatomy, negating the requirement for individuals to endure 

MRI scans, particularly in group studies. These two chapters (4 and 5) addressed two 

of the potential barriers for paediatric OPM-MEG, forming a foundation for the 

neurodevelopmental studies described in chapters 6 and 7. Chapter 6 investigated 

the development of cortical beta band oscillations during a sensory task, showing that 

OPM-MEG could be used to measure signals from children as young as 2 years old. 

We demonstrated that activity in the beta band can be explained by the ‘beta burst’ 

model, even in children; we showed that the spectral content of such bursts changes 

with age, with significantly more low frequency in younger children. Finally, chapter 7 

explored the development of visual gamma oscillations in a multi-centre cohort of 

healthy child and adult participants. We found that the amplitude of gamma response 

varied significantly with age, in agreement with previous studies, but found that 

heterogeneity in the response persists down to young ages. These two studies 

provide evidence that OPM-MEG is an ideal platform for studying neurodevelopment. 

8.2  Future work 

8.2.1 Technical development: towards integrated OPM-MEG systems 

The development of OPM-MEG technology has been rapid. In only 8 years, we have 

moved from an idea and simulation, through multiple prototype systems, to now 

commercially viable products that are being globally distributed to research institutes. 
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The technology continues to move forward at pace and there have already been 

system developments since the work described in Chapters 4-7 was conducted. 

Perhaps the most significant advance has been in the sensor (and sensor electronics) 

hardware. Original QZFM sensors were designed as individual units with bulky 

separate electronics, however, arrays are now being designed with multi-sensor 

systems in mind where a single electronics system controls all of the sensor heads. 

An example of this comes from QuSpin Inc. and is shown in Figure 8.1 (although it is 

worth mentioning that the other commercial OPM-MEG companies are designing 

similar integrated systems). 

The QuSpin ‘Neuro-1’ is compact and ergonomic, with a backpack of electronics that 

can be worn by the participant to enable full ambulatory motion, or that can be 

attached to a patient support. In addition, the system comes with a closed-loop 

operational mode, which (as mentioned in Chapters 3.4 and 3.5) may help with 

preventing errors due to CAPE and is therefore a step towards a system design that 

is more robust to noisy magnetic field environments. For paediatric OPM-MEG 

systems, this approach will allow for greater motion with less artefact, improving data 

quality. A future can also be envisioned where electronics could be sufficiently 

compact for a young child or toddler to wear, allowing data to be collected while they 

learn to crawl and walk. 

 

Figure 8.1. The QuSpin Neuro-1 system. The system hardware is very compact (shown on the left, 
credit QuSpin Inc.), with the electronics reduced from a tall rack to a wearable backpack (right). 

8.2.2 Going younger: baby OPM-MEG 

While the studies described in Chapters 6 and 7 included participants as young as 2 

years old, the obvious next stage in paediatric OPM-MEG development is to develop 

a system suitable for scanning from birth. The flexibility afforded by lightweight OPM 

sensors makes this possible, and a baby scanning device has already been tested in 
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a small number of pilot studies. We conducted a brief project that investigated the 

feasibility of designing an OPM-MEG system for babies from 6 months to 18 months 

of age. In this project, we worked with a product design company to generate initial 

designs for a potential subject interface (or helmet) that afforded flexibility to different 

head sizes and a range of stages of development. We also did a series of pilot scans 

with four infants (aged between 9 – 18 months) using a flexible baby cap with sensor 

holders sewn on. Briefly, we collected MEG data from a small number of babies during 

a sensory task, in which an auditory signal instructed the parent/guardian (upon whom 

the infant was sat) to stroke the back of the right hand of the child. Upon averaging 

across a series of trials, this is predicted to cause a decrease in beta band amplitude 

(similar to Chapter 6). Results from one participant are shown in Figure 8.2. 

 

Figure 8.2. Baby OPM-MEG. Images of a young participant wearing the flexible baby beanie hat, and 
the TFS from a single channel from a MEG pilot study using a maternal touch paradigm. The negative 

response at around 10-20 Hz from 0 – 2 s is potentially indicative of the beta modulation we describe in 
Chapter 6. 

More recently, a group in Belgium released a pre-print of their results collecting OPM-

MEG data from a group of 20 newborn babies during a simple auditory task (Corvilain 

et al., 2023). The main challenge for the deployment of baby OPM-MEG it seems is 

the sensor array design; helmet weight and temperature control are challenging for 

very young participants. That said, these initial pilot results suggest that once a 

solution to this is achieved, OPM-MEG could be instrumental in studying very early 

development. 

8.2.3 Paediatric OPM-MEG in the clinic 

The work described in this thesis has focused on healthy, typically developing 

participants. But we hope that this system will allow us to study the brain not only in 

health but also in atypical development. The next step is to deploy this system for 

studying cohorts with atypically developing brains. The most obvious area to benefit 

from a paediatric OPM-MEG system is in the presurgical assessment and planning 
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for epilepsy. In cryogenic MEG, a recent study analysing 1000 epilepsy cases showed 

that those in whom MEG-identified regions were resected were significantly more 

likely to achieve seizure freedom (Rampp et al., 2019). Additionally, outcomes are 

improved when surgical treatment is administered as early as possible (Ryvlin et al., 

2014). As such, it is hoped that OPM-MEG offers an exciting prospect for the future 

of epilepsy treatment, improving surgical outcomes even for very young patients 

(Pedersen et al., 2022). 

Beyond epilepsy, there are other conditions that OPM-MEG may benefit, including 

neurodevelopmental disorders such as ASD and ADHD, two of the most prevalent 

neurodevelopmental disorders, affecting 1.5% and 5% of children, respectively 

(Polanczyk et al., 2014; Zeidan et al., 2022). Critically, our system provides the ability 

to scan participants at younger ages, before the typical diagnostic age of ~3 years. 

This provides an opportunity to better understand the progression of such disorders 

and may help discover diagnostic biomarkers, meaning interventions can begin at a 

younger age. This may improve future quality of life for children with such disorders. 

8.3 Final thoughts 

The brain undergoes massive changes within the first few years of life, forming the 

foundations of not only our sensory and cognitive abilities but also our personalities; 

indeed, who we are as individuals becomes apparent in these early years. Yet, we 

know so little about how such critical developmental milestones are supported by 

neural function. MEG arguably offers the greatest potential to unlock the trajectories 

of such function but has not previously been accessible to infant participants due to 

technical limitations.  

OPM-MEG has already undergone rapid development and the work presented in this 

thesis represents a significant technical milestone, proving that the technology has 

unique potential to provide valuable insight into typical and atypical development. 

There remain system design and engineering challenges, and the coming years will 

undoubtedly see new innovations, which we have not yet conceived. However, what 

is clear is that how we, as humans, change from babies to adults remains a mystery. 

If we can use OPM-MEG technology to shine a new light on this, we will be helping to 

answer one of the oldest and most fundamental questions in science. 
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