Event-related and resting-state oscillatory dynamics in the healthy ageing brain: how

EEG-age and MEG-age can be used as markers of general brain functioning

Thomas Martin James

Doctor of Philosophy

Aston University

December 2024

©Thomas Martin James, 2024

Thomas Martin James asserts their moral right to be identified as the author of this thesis

This copy of the thesis has been supplied on condition that anyone who consults it is
understood to recognise that its copyright belongs to its author and that no quotation from
the thesis and no information derived from it may be published without appropriate

permission or acknowledgement



Aston University

Event-related and resting-state oscillatory dynamics in the healthy ageing brain: how EEG-
age and MEG-age can be used as markers of general brain functioning

Thomas Martin James
Doctor of Philosophy
2024

Abstract

With an ageing global population, the number of older adults with deleterious age-related
changes in the brain, including dementia, will continue to increase unless we can make
progress in the early detection and treatment of such conditions. This thesis presents a set
of research projects that have used EEG and MEG to advance our understanding of
oscillatory dynamics in the ageing human brain. First, the Firefly Model (FM) of short-term,
event-related oscillatory dynamics was tested. The FM offered an empirically credible,
alternative explanation of information processing that relies on systematic oscillatory phase
synchronisation and frequency slowing. Second, inspired by the aphorism, ‘All models are
wrong, but some are useful’, the FM was used to develop a new phase-based metric — time
of synchronisation gradient, tsyncnG — for tracking age-related changes in the brain. This
tsyncnG metric was established as a new EEG-estimate of brain age, with EEG-age
significantly correlating with chronological age, before being estimated in MEG for the first
time. Thereafter, long-term, resting-state oscillatory dynamics were examined, with peak
alpha frequency (PAF) and alternative amplitude-based EEG-age estimates examined as
distinct methods of tracking age-related changes in the brain. Using multivariate methods to
analyse the broad EEG power spectrum (0.1 Hz to 45 Hz), the resting-state EEG-age and
chronological age were also correlated strongly, and EEG-age was a more accurate
estimate and accounted for more variance in chronological age than well-established PAF
estimates of age. In summary, new phase, frequency, and amplitude metrics are introduced
as estimates of brain age, framed as markers of general brain functioning. This thesis offers
novel contributions to our understanding of the ageing human brain and how to detect and
track deleterious age-related changes. There is substantial scope for research projects to
build on these foundations, particularly in enhancing the signal-to-noise ratio of the newly
established metrics.

Keywords: Ageing brain; Age-related changes; Brain age; Chronological age; EEG; General
brain functioning; Human lifespan; Information processing; MEG; Oscillatory dynamics.
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Chapter 1: An introduction to this PhD thesis

1.1 Why is this thesis examining oscillatory dynamics in the ageing brain?

With an ageing global population, the number of older adults with deleterious age-
related changes in the brain, including dementia, will continue to increase unless we can
make progress in the early detection and treatment of such conditions. In the UK alone, the
percentage of older adults aged 85+ years is forecast to increase from 2.5% of the total
population (approximately 1.6 million people) to 3.5% (approximately 2.6 million people) over
the next 15 years (Office for National Statistics, 2024). In turn, the prevalence of dementia is
forecast to increase to 1.6 million by 2040, comprising one in six people in their 80s and one
in three of those aged 90+ years (Dementia UK, 2023). With an increase in the prevalence
of dementia comes an increase in the cost of dementia, which is estimated to increase from
£42 billion in 2024 to £90 billion by 2040 (Alzheimer’s Society, 2024a, 2024b). However, an
estimated 65% of people living with dementia will remain undiagnosed (Alzheimer’s Society,
2024a) and, consequently, not receive appropriate support or targeted intervention at early
stages of disease onset and progression (Robinson et al., 2015). Stimulated by the evidence
that people are living longer with an ageing population but a declining birth rate, and the
projected increases in the requirement and cost of care provision, charities and other formal
bodies in the UK have recently called for an acceleration of efforts towards early, accurate,
and accessible diagnosis of deleterious age-related changes. For example, the Alzheimer’s
Society (20244, p. 14) has reported on dementia and the pressing need for “screening to

identify more cases earlier” through the “use of imaging”.

Early, accurate, and accessible detection and tracking of dementia would be life-
changing for many people, because around 45% of dementia cases worldwide could be
delayed or even prevented with targeted intervention on fourteen modifiable risk factors
across the lifespan (Livingstone et al., 2020, 2024). These risk factors include less education
in early life (accounting for approximately 5% of cases), hearing loss and high low-density
lipoprotein cholesterol during midlife (accounting for approximately 7% of cases
respectively), and social isolation in later life (accounting for approximately 5% of cases).
There is also substantial funding for the development of new drugs to treat dementia and
slow the speed of its progression, such as Lecanemab (van Dyck et al., 2023) and
Donanemab (Sims et al., 2023) for Alzheimer’s Disease (AD). However, early, accurate, and
accessible detection and tracking of pre-cursor stages of dementia could mitigate the need
for expensive drugs that have negative side effects (Alzheimer’s Society, 2024b). For
example, many of the fourteen modifiable risk factors for dementia are also predictive of Mild

Cognitive Impairment (MCI; Apostolo et al., 2016; Jekel et al., 2015). MCl is a confirmed pre-
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cursor stage to dementia, particularly AD, and progression is estimated to occur in 15-41%
of MCI cases (Davis et al., 2018; Gauthier et al., 2006; Geslani et al., 2005; Ritchie, 2004).
The remaining cases either maintain an MCI diagnosis or revert to healthy age-related
changes (Lonie et al., 2010; Sanz-Blasco et al., 2021). In summary, deleterious age-related
conditions such as dementia or MCI are not inevitable and may not remain untreatable
either. However, for lifestyle and drug interventions to be effective in preventing, delaying, or
reverting deleterious age-related changes, interventions need to be implemented at the
optimal point in time. This is only going to be possible with the development of early,
accurate, and accessible detection and tracking of deleterious changes in a person’s neural

and cognitive integrity.

Electroencephalography (EEG), a tool for measuring electrical activity of the brain
(e.g., oscillatory dynamics; outlined in Chapter 2), is relatively accessible and affordable from
both clinician and patient perspectives when compared to other imaging methods such as
Magnetic Resonance Imaging (MRI) and Magnetoencephalography (MEG). As a result of
this affordability and accessibility, EEG is widely regarded as a candidate for unlocking the
early and accurate detection and tracking of deleterious age-related changes in the brain
(e.g., Dauwels et al., 2010a; Koenig et al., 2020; Poil et al., 2013; Popa et al., 2020). EEG is
an established assessment tool in other clinical contexts, such as sleep disorders and
epilepsy (Mushtaq et al., 2024; Popa et al., 2020; Tatum et al., 2018), but, at the time of
writing, there are no clinical EEG protocols for the diagnosis and management of dementia.
This is in part due to a lack of optimised, standardised EEG protocols for maximising signal-
to-noise ratio (SNR) and reliable findings in ageing studies, but also due to an incomplete
understanding of age-related changes in the EEG and how they are related to cognitive
performance. Over the past 25 years, many neurocognitive and neurobiological theories of
ageing have emerged in attempts to explain age-related changes in neural and cognitive
integrity from a predominantly brain imaging perspective, which has included EEG (see
Ebaid & Crewther, 2020, Grady, 2012, and McDonough et al., 2022, for reviews). Two
distinct theoretical frameworks persist in deficit versus benefit models. The deficit framework
considers dedifferentiation, which comprises diminishing distinctiveness and selectivity of
cortical and cognitive processing with increasing age (Koen & Rugg, 2019), and noise, which
comprises decreasing SNR and processing efficiency, perhaps related to increasing intra-
individual variability and decreasing fidelity in processing with increasing age (Cremer &
Zeef, 1987; Voytek et al., 2015a, 2015b). The benefit framework considers compensation,
reserve, and maintenance (Cabeza et al., 2018; Stern, 2012), all of which can mitigate age-
related declines in task performance. Compensation is the recruitment of neural and

cognitive resources to meet task demands, with the levels of compensation often
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proportional to chronological age. Reserve is the presence of neural and cognitive

resources, and maintenance is the preservation of those resources.

Early empirical evidence for the deficit framework’s dedifferentiation and noise
processes relied largely on behavioural and fMRI methodologies. For example, sensory
acuity tests (e.g., visual and auditory) and cognitive tasks (e.g., perceptual speed, verbal
fluency, reasoning and memory) had stronger correlations at the intraindividual level with
increasing chronological age, interpreted as cognitive performance dedifferentiation (Baltes
& Lindenberger, 1997). In turn, age-dependent neural dedifferentiation was operationalised
in fMRI as a signal change, driven by reduced specificity or sensitivity with increasing age, in
localised areas that are known to be selective to specific stimuli (e.g., less selective signal in
the parahippocampal place area to houses, lateral occipital cortex to objects, and fusiform
face area to faces; Park et al., 2004, 2012), both in cross-sectional and longitudinal ageing
studies (McDonough et al., 2022). Age-related decreases in SNR, including increases in
both task-unrelated and resting-state neural activity, and an increase in intraindividual
response variability in neural metrics, have also been reported in fMRI (Logan et al., 2002)
and EEG (Voytek et al., 2015a). For example, EEG researchers have explicitly described
changes in trial-averaged peak amplitude and latency metrics with age, accompanied by
increased variability (i.e., noise) in the underlying neural responses on a trial-by-trial basis
(MacDonald et al., 2009; Polich, 2007; Van Dinteren et al., 2014). Empirical evidence for the
compensation, reserve and maintenance processes of the benefit framework has also relied
largely on behavioural measures (e.g., cognitive reserve; Stern, 2012) and MRI imaging
(e.g., structural and functional brain reserve; Aron et al., 2022; Reuter-Lorenz et al., 2001,
2014).

Both deficit and benefit models are still being refined based on new evidence from
brain imaging studies, including EEG. For example, Pichot et al. (2022) reported a range of
age-dependent and age-invariant relationships between neural noise (operationalised as a
flattening of the 1/f exponent of the frequency power spectrum with age) and neural
dedifferentiation (operationalised as scene-selective and face-selective peak amplitude
reductions and latency increases with age) in the EEG. This mixture of age-dependent and
age-invariant relationships suggests that the deficit processes and their outcomes may
depend on variables such as task, stimulus category, and the underlying neural network, and
that the relationship between the deficit processes may also change with age. Nevertheless,
it still holds that “many cognitive processes and their neurophysiological correlates are not
accounted for by current theories. Indeed, the claim that [EEG] is still mainly an empirical
science’ (Zhadin, 1984) is as true now as it was 30 years ago” (Cohen & Gulbinaite, 2014, p.

7). Whilst there is certainly extensive literature on the effects of ageing on the EEG (further
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outlined in Chapter 2), the empirical evidence is often neither explicitly nor neatly explained
by the particulars of the deficit and benefit models (see Ebaid & Crewther, 2020, Grady,
2012, and McDonough et al., 2022, for reviews). Therefore, no comprehensive
amalgamation of the deficit and benefit theories has been forthcoming to explain all the
observed relationships between chronological age, brain functioning, and cognitive

performance, particularly in the realm of EEG.

For the context of this thesis, using two newly collected EEG and MEG datasets,
fundamental mechanistic age-related changes can be drawn from the sum of the ostensibly
distinct theoretical deficit and benefit models and their supporting empirical evidence;
namely, a changing distribution of cortical processing with changing processing efficiency
across the lifespan, which can be used to interpret age-related changes in the EEG and
beyond (outlined in Chapter 2). Indeed, empirical attempts to predict conversion from normal
ageing to MCI and AD with EEG changes combined with other metrics have provided
encouraging results in academic research settings, with good sensitivity and specificity
(Apostolo et al., 2016; Dauwels et al., 2010a; Huang et al., 2000; Poil et al., 2013; Snaedal
et al., 2012; Weiner et al., 2022). This suggests that EEG metrics could be developed for the
early and accurate detection and tracking of deleterious age-related changes in clinical
settings, such as part of an optimised form of triangulated diagnosis (Hackfort & Birkner,
2011) and disease management (e.g., combined with blood and plasma tests, DNA-
mapping, neuropsychological and cognitive tasks, self-report questionnaires, and interviews
with family members). In summary, whilst establishing EEG for use in a clinical, ageing
context is an ambitious project, where EEG is unlikely to be a sole solution in any case, EEG
could well accelerate our progress towards the early, accurate, and accessible diagnosis of
deleterious age-related changes such as dementia. Several unanswered questions need

addressing first though, which informed the aims of this PhD thesis.

1.2 The aims of this thesis

There were three broad aims of this thesis, which could be achieved concurrently;
namely, 1) to advance our understanding of event-related and resting-state EEG and MEG,
2) to advance our understanding of age-related changes in the brain with EEG and MEG,
and 3) to establish EEG and MEG metrics that have the potential to track those age-related
changes over time. The hope was that the outcomes of this thesis would take us closer to
realising an early, accurate, and accessible diagnosis of deleterious age-related changes.
Specifically, the vision was to establish a way of estimating ‘brain age’ as a marker of
general brain functioning. If it were possible to reliably estimate an individual’s chronological
age based on the EEG, then this brain age — coined EEG-age — could be compared with

actual chronological age and any discrepancy between the two might reflect some age-
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related condition, based on either protective or deleterious changes. For example, using
good normative data, the number of standard deviations above or below the mean EEG-age
for the person’s chronological age could be a useful biomarker for mild cognitive impairment

or early dementia.

Developing neuroimaging biomarkers is not a particularly novel venture (e.g.,
Dauwels et al., 2010a; Franke & Gaser, 2019; Hofmann et al., 2022; Koenig et al., 2020; Poil
et al., 2013; Snaedal et al., 2012) and follows in the traditions of Roy John’s Neurometrics
(John et al., 1977). Furthermore, several attempts have been made to operationalise an
EEG-age concept in all but name by using machine learning to identify age-related
electrophysiological components from a plethora of popular EEG metrics (e.g., Al Zoubi et
al., 2018; Sun et al., 2019). However, this thesis aimed to take a more targeted approach,
using alternative data analyses that may provide more robust, holistic estimates of brain age
in samples of healthy adults. The approach to using an EEG-age metric was like that
pioneered by Milo§ MatouSek, Ingemar Petersén, and Jiri Wackermann (Matousek &
Petersén, 1973; Wackermann & Matousek, 1998). However, this thesis aimed to incorporate
larger age-balanced samples of exclusively healthy adults from across the chronological age
range. It would also use more sophisticated procedures and analyses that can inspect
phase, frequency and amplitude separately as distinct aspects of the EEG and MEG. Finally,
this thesis would consider proxy measures of general cognitive integrity alongside brain age,
to probe the cognitive performance outcomes of age-related deficit and benefit processes

(e.g., dedifferentiation and noise versus reserve).

The reasoning for a restricted focus on healthy adults was multifaceted, comprising a
desire to set a strong foundation for future research in sub-clinical and clinical populations,
but also largely due to practical limitations. A core practical limitation was that data collection
took place in and around the COVID-19 pandemic, which caused major, multiple revisions to
the original plans for this PhD thesis. For example, COVID-19 eliminated access routes to
sub-clinical and clinical participants, as well as significantly delaying and impacting the data
collection with healthy samples. However, this unavoidable situation presented an
opportunity to re-focus on developing a deeper understanding of fundamental oscillatory
dynamics in the ageing human brain, whilst at the same time establishing novel ways of
tracking age-related changes in the brain. The hope is that future research, post-pandemic,
can use this thesis as a foundation to build on with targeted populations and optimised

methods and analysis pipelines.

T.M. James, PhD Thesis, Aston University 2024. 15



1.3 An outline of the chapters of this thesis

Chapter 1 outlines the context and aims of this PhD thesis: 1) to advance our
understanding of event-related and resting-state EEG and MEG, 2) to advance our
understanding of age-related changes in the brain with EEG and MEG, and 3) to establish
EEG and MEG metrics that have the potential to track those age-related changes over time.
Chapter 2 provides an extensive overview of the EEG and MEG data, methods, and
analyses used to achieve the aims of this thesis. Specifically, traditional EEG and MEG
metrics, as proxies of general brain functioning, and their complex relationships with age and
cognitive performance are outlined. Thereafter, alternative, novel metrics that are
interrogated by this thesis are introduced. This chapter provides a comprehensive foundation

that is built upon across the subsequent experimental chapters of the thesis.

Chapter 3 advances our understanding of the oscillatory dynamics in event-related
EEG by testing the Firefly Model (FM) of synchronisation through cross-frequency phase
modulation (Burgess, 2012). This determines whether the FM offers an empirically credible,
alternative explanation of information processing and multiscale neural network
communication, which can be used to inform the development of a new phase-based metric
for the explanation and tracking of age-related changes in the brain. Chapter 4 develops
and applies the new phase-based metric in a healthy ageing sample from across the
chronological age range, to explain and track age-related changes in the brain with EEG.
Chapter 5 advances our understanding of the oscillatory dynamics in event-related MEG by
again testing the FM, but it also applies the new phase-based metric in two different groups
of young and older adults to further explain and track age-related changes in the brain with
MEG. Chapter 6 extends the hunt for a robust new way to track age-related changes in the
brain to a resting-state paradigm. Alternative frequency and novel amplitude metrics are
established and applied in a healthy ageing sample from across the chronological age
range, again to advance our understanding of EEG but also to explain age-related changes

in the brain and track them with a brain age metric.

Chapter 7 provides a general discussion and summary of the research findings
presented in this thesis. It outlines the novel contributions that have advanced our
understanding of the ageing human brain and how to detect and track age-related changes
in the brain via EEG and MEG, but it also identifies what remains inconclusive and highlights
multiple targets for future research. It concludes that there is substantial scope for research
projects to build on the foundations set by this thesis, particularly in enhancing the SNR of
the newly established metrics in the hope of one day establishing an early, accurate, and
accessible way of detecting and tracking deleterious age-related changes and conditions,
such as dementia, with EEG and MEG.
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Chapter 2: A review of the EEG and MEG methods and analyses used in this thesis

Table 2.1 provides a concise summary of each section of Chapter 2, outlining the

organisation and purpose of the content to support efficient engagement with this chapter

and wider thesis, specifically the EEG and MEG datasets, methods, and analyses that are

applied and developed in the subsequent experimental chapters.

Table 2.1

An outline of the organisation of Chapter 2, split into sections organised in line with the

different methodological approaches reviewed, and in a way that mirrors the narrative

progression (including rationale therein) of the subsequent experimental chapters.

Content Purpose Context
Section Overview of EEG data  Introducing EEG and the ANT Supports
2.1.1 collection Neuro EEG system used to Chapters 3, 4,
collect the EEG dataset for this 6and7 -
thesis different parts
of the same
EEG dataset
are used in all
these chapters
Section Overview of MEG data Introducing MEG and the Elekta Supports
2.1.2 collection Neuromag® TRIUX MEG system Chapters 5
used to collect the MEG dataset and 7
for this thesis
Section Overview of evoked Introducing the classic ERP/ERF  Supports
2.21 and induced event- and ERD/ERS analysis Chapters 3, 4,
related methods and approaches applied tothe event- 5and 7
analyses in EEG/MEG  related EEG and MEG datasets in
this thesis
Section Overview of the Introducing the novel tsynch and Supports
222 extension of evoked tsynenG analysis approaches Chapters 3, 4,
and induced applied to the event-related EEG  5and 7

approaches in this

thesis

and MEG datasets in this thesis
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Section Overview of resting- Introducing the classic PAF Supports

2.3.1 state methods and analysis approaches applied to Chapters 6
analyses in EEG the resting-state EEG dataset in and 7
this thesis
Section Overview of the Introducing the M-PAF and novel  Supports
2.3.2 extension of resting- PLS analysis approaches applied Chapters 6
state approaches in to the resting-state EEG dataset and 7
this thesis in this thesis

2.1 EEG and MEG signal detection methods
2.1.1 EEG methodology

EEG is a tool for measuring electrical activity of the brain. It is renowned for its
millisecond temporal resolution in non-invasive quantification of dendritic postsynaptic
potentials (PSPs). PSPs are changes in the membrane potential (cf. action potential) of
postsynaptic receptors caused by neurotransmitters in the synaptic cleft. Temporally
synchronous PSPs of spatially aligned pyramidal cells in the tens or hundreds of thousands,
termed open field dipoles, cause an alteration in the electrical charge of extracellular fluid.
The extracellular current undergoes volume conduction, which is transmission through the
surrounding conducting medium to reach the scalp, before passing via an effective bridge of
conductive gel, which reduces signal impedance, to electrodes that are temporarily attached
to the scalp. Cutting-edge EEG hardware circumvents the use of conductive gel, but the
gold-standard EEG procedures and most hardware vendors still recommend the application
of conductive gel per electrode to minimise signal impedance. The raw EEG signal is
recorded as fluctuations in voltage (i.e., yV, microvolts) over time, calculated from the
difference in electrical potential between an active electrode and reference electrode(s). The
signal is amplified, and the continuous analogue fluctuation is converted to a digital
representation via sampling and interpolation between the sampled data points (see Buzsaki
et al., 2012, Jackson & Bolger, 2014, and Luck, 2014, for overviews of EEG signal
detection). Quantitative analysis of the EEG signals recorded at the electrodes is known as
sensor space analysis, and the signals, termed complex oscillations, may not accurately
represent the precise spatial nature of the underlying neuronal activity owing to volume
conduction (Van den Broek et al., 1998; cf., source space analysis, which requires intricate
estimation of the neuronal sources underlying the sensor level signals; e.g., Hamalainen &
Sarvasm, 1989).
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This thesis utilises sensor space analysis, where the academic field of quantitative
EEG (qEEG) can examine oscillatory changes in the metrics of amplitude, frequency, and
phase. EEG amplitude, measured as voltage (uV) or power (dB) that is proportional to uV?
(Lyons, 2011), can be thought of as the strength of oscillatory activity (Cohen, 2014).
However, amplitude is affected by a range of other inter-individual and intra-individual factors
such as the thickness of the skull and scalp (Lehtinen et al., 1996), and signal impedance
(Ferree et al., 2001; Van den Broek et al., 1998). Furthermore, when humans sit at rest with
their eyes closed, the EEG power spectrum is distributed such that the power at each
frequency is approximately proportional to the reciprocal of the frequency (Power «
1/frequency) plus a peak in power in the alpha 7-13 Hz frequency band (He, 2014; Lopes da
Silva, 2013; Pritchard, 1992). The broadband frequency distribution of the awake human
EEG is commonly split into bands (Buzsaki & Draguhn, 2004; Burgess, 2019), and whilst
filtered bandwidth and frequency bandings differ between researchers and experiments
(Lopes da Silva, 2013; Newson & Thiagarajan, 2019), five example bands are Delta (e.g., 1-
4 Hz), Theta (e.qg., 4-7 Hz), Alpha (e.g., 7-13 Hz), Beta (e.g., 13-30 Hz), and Gamma (e.g.,
>30 Hz). There is no one universally agreed interpretation of frequency bands (Cohen &
Gulbinaite, 2014), but the differing oscillatory frequencies can be thought of as differing
neuronal networks, with the scale of the network inversely proportional to the frequency (Von
Stein & Sarnthein, 2000). EEG phase can be converted from radians (Rad) to degrees (°) or
represented as unit vectors on a circle (Cohen, 2014). Phase can be thought of as the
position on an oscillation at a specific point in time, which is useful for judging
synchronisation between oscillations. For example, the phase-locking value (PLV) can be
calculated, which is a measure of phase synchrony between oscillations across trials,
ranging from 0, no synchrony, to 1, perfect synchrony (Lachaux et al., 1999). Figure 2.1
provides a visualisation of amplitude, frequency, and phase to consolidate the meaning of
each metric in the context of EEG, because they are key metrics that will be discussed and

applied in subsequent sections of this review chapter and the later experimental chapters.
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Figure 2.1

A circular representation of amplitude, frequency, and phase metrics in EEG. Amplitude is
the distance (i.e., the magnitude) and direction (positive or negative; cf. polarity) of the black
point from the central origin (measured in uV). Frequency is the rate at which the black point
moves around the circle (measured in Hz). Phase is the angle of intersection at the black

point’s origin with the imaginary axis (measured in Rad).
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A portable ANT Neuro (ANT) direct current EEG (DC-EEG) recording system was
used to collect a new EEG dataset for this thesis, comprising sixty participants who
completed both event-related and resting-state paradigms. Further details on this EEG
dataset and respective paradigms can be found later in Chapter 2 and in the EEG
experimental chapters (signposted in Table 2.1). This EEG system comprised an ANT
eego™ amplifier (EE-215; with an input impedance of >1 GQs) and ANT eego™ recording
software suite (version 1.7.0), which was run on an Intel Dell Venue 8 Pro 5855 tablet with a
Windows 10 operating system. The sampling rate (SR) was 500 Hz, with a 24-bit resolution
and a O (i.e., DC point) to 130 Hz signal bandwidth set by the manufacturer (i.e., 0.26 x SR).
Participants wore a 64-channel ANT Waveguard Originals EEG cap, comprising sintered
Ag/AgCl electrodes arranged in a 10/10 layout (Jurcak et al., 2007) and with coaxial noise-
shielded cabling. The electrode positioning and terminology of the ANT Waveguard Originals
EEG cap, which was used to collect the EEG dataset used in chapters 3, 4, and 6 of this
thesis, are outlined in Figure 2.2 to support consistency across future studies and
comparability with the wide range of different caps that are used in EEG research. AFz and

CPz electrodes were the ground and online reference electrodes respectively, set as default
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for the ANT eego™ by the manufacturer, but data was re-referenced to the common
average (i.e., subtracting the average of all electrodes from each electrode) offline before the
main analyses. Conductive OneStep Cleargel was applied to each electrode via a blunt
syringe to reduce impedance levels. Optimal cut-off levels for impedance when using the
high-impedance ANT EEG system are reported as lying between 40 kQs (Ferree et al.,
2001) and 50 kQs (Kaneko et al., 2021), with a workable maximum of 200 kQs. Four
additional electrodes were applied to each participant, allowing for bipolar electrooculogram
(EOG) recordings of vertical eye movements (VEOG; two electrodes, one placed above the
right eyebrow and another beneath the right eye) and horizontal eye movements (HEOG;
two electrodes, one placed on the right temple area and another on the left temple area).
This EEG, VEOG, and HEOG recording setup remained identical for each participant, with

room temperature kept at about 20°C and a low level of ambient light.
Figure 2.2

The positioning and terminology of the electrodes of the 64-channel ANT Waveguard

Originals cap used to collect the EEG dataset for this thesis (from ANT Neuro).
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2.1.2 MEG methodology

MEG is a tool for measuring magnetic activity of the brain. Like EEG, MEG is also
renowned for its millisecond temporal resolution in non-invasive quantification of dendritic
PSPs, but the biophysical and technical foundations of MEG signal detection are distinct
from EEG (see Cohen, 1972, Hamalainen et al., 1993, Hillebrand & Barnes, 2002, and Vrba
& Robinson, 2001, for overviews of MEG signal detection). The temporally synchronous
PSPs over spatially aligned pyramidal cells cause an alteration in magnetic fields that do not
rely on volume conduction to reach the scalp and pass unimpeded to reach nearby MEG
sensors. MEG is sensitive to tangential source dipoles, which are oriented anterior-posterior
or left-right thus the magnetic fields pass through the scalp, rather than radial source dipoles,
which are oriented superior-inferior (cf. Fleming’s right-hand rule of electromagnetism). The
sensors used in all MEG experiments presented in this thesis are called superconducting
quantum interference devices (SQUIDs). SQUIDs are superconducting loops containing
Josephson junctions (i.e., magnetic flux to voltage convertors) that measure magnetic field
fluctuations over time. Superconductivity, which is a state of zero electrical resistance, is

maintained by housing the SQUIDs in liquid helium at a temperature of -269 °C.

The raw MEG signal is transformed through pick-up coils, which are antennae-like
devices that extend the range of signal detection and mitigate environmental noise, before
reaching the SQUIDs through inductive coupling coils. The pick-up coils used in all MEG
experiments presented in this thesis are called magnetometers (i.e., single coils) and planar
gradiometers, which are counter-wound coils on a flat horizontal axis thus environmental
noise that appears equal yet opposite at both coils will cancel out. Magnetometers measure
total magnetic flux in tesla (T), whereas planar gradiometers measure the gradient of the
source magnetic field as the difference in magnetic flux in tesla per distance unit (i.e., T/cm).
This means there is a different pattern of SNR and amplitude scaling in the final signals
when comparing magnetometers and gradiometers, which has caused debate over how to
use each type of sensor within MEG analyses (Garces et al., 2017). The difference in SNR
and scaling needs to be remembered when using standardised units across magnetometers
and planar gradiometers (e.g., 10""° T, which is femtotesla, fT). After being recorded by
SQUIDs, the continuous analogue fluctuation is converted to a digital representation via
sampling and interpolation. Like EEG, analysis of the complex oscillations can follow sensor
space and source space approaches (Hillebrand et al., 2005), with the focus being on
sensor space in this thesis, to examine oscillatory changes in amplitude, frequency, and

phase.
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A stationary Elekta Neuromag® TRIUX DC-MEG recording system was used to
collect a new event-related MEG dataset for this thesis, as outlined and analysed in Chapter
5. This data collection was controlled via the Elekta Neuromag® recording software suite
running on a PC with a Linux operating system. The sampling rate (SR) was 1000 Hz, with a
24-bit resolution and a 0 (i.e., DC point) to 330 Hz signal bandwidth set by the manufacturer
(i.e., 0.33 x SR). Participants sat with their heads carefully, comfortably positioned to touch
the top of the MEG helmet, which comprised 102 magnetometers and 204 planar
gradiometers. These coils were housed as triple sensor units of one magnetometer per two
gradiometers within a magnetically shielded room (MSR) that reduces external magnetic
interference, which is orders of magnitude larger than the magnetic fields originating from
the brain. Figure 2.3 provides a schematic of the triple sensor units, and Figure 2.4
visualises the positioning and terminology of the Elekta Neuromag® TRIUX MEG sensors,
which were used to collect the MEG dataset used in Chapter 5 of this thesis, to support
consistency across future studies and comparability with the different setups that are used in
MEG research. Four additional electrodes were applied to each participant, allowing for
bipolar VEOG and HEOG recordings implemented in the same way as in the EEG
procedure. This MEG, VEOG, and HEOG recording setup remained identical for each

participant, with room temperature kept at about 20°C and a low level of ambient light.
Figure 2.3

A schematic of the Elekta Neuromag® TRIUX MEG triple sensor units, comprising one

magnetometer, shown as the red outline on the far right, per two planar gradiometers shown

as the red outlines on the far left and centre, used to collect the MEG dataset for this thesis
(from Elekta, now MEGIN).
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Figure 2.4

The positioning and terminology of the Elekta Neuromag® TRIUX MEG sensors for the
magnetometers (NM306mag.lay) and planar gradiometers (NM306planar.lay) respectively,
both used to collect the MEG dataset for this thesis (from Elekta, now MEGIN).
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The Elekta Neuromag® TRIUX DC-MEG recording system uses an interference
suppression software called MaxFilter™ (version 2.2) because the vendor-supplied MSR
uses only a single shell of interleaved mu-metal and aluminium layers (termed MaxShield™)
thus is thinner than MSRs provided with alternative MEG systems (De Tiege et al., 2008).
This ‘lightweight’ MSR was designed to make MEG more suitable for clinical environments,
because MaxShield™ is less expensive and more compact than other MSRs, with a faster
build time and reduced impact on existing infrastructure. However, the use of MaxShield™
means that the MEG signal is more susceptible to environmental noise that reduces
analytical sensitivity by reducing SNR and introducing signal errors. Therefore, MaxFilter™
is provided alongside MaxShield™ as a solution to this need for additional interference
suppression. MaxFilter™ is a software that uses an algorithm called signal space separation
(SSS; Taulu et al., 2004, 2005, 2006) to discern components of the MEG signal that
originate from the environment surrounding the MEG sensor array (i.e., the external
subspace, magnetic interference) rather than inside the MEG sensor array (i.e., the internal
biomagnetic subspace, pure brain signal). By considering these two linearly independent
subspaces, SSS decomposes the MEG signal into separate components and omits the
external magnetic interference via a reconstruction of the internal pure brain signal from

components corresponding to just the biomagnetic subspace.

To further enhance SNR, SSS also permits head movement correction when head
position indicator (HPI) coils have been attached to the participant in a defined layout (e.g.,
three coils across the forehead and two further coils, one behind each ear around the
mastoid area; an Elekta Neuromag® TRIUX HPI coil set was used in Chapter 5). After
attaching the HPI coils, head digitisation is completed to provide a model sphere that
estimates the participant’s head shape. This involves recording 3 cardinal landmarks —
nasion, left pre-auricular, and right pre-auricular — before a surface outline of the head,
including forehead, eyebrows, cheekbones, and nose (a Fasttrack Polhemus system was
used in Chapter 5). During the MEG recording, the HPI coils send continuous (cHPI)
sinusoidal signals at 300-330 Hz for a MEG sampling rate of 1000 Hz. This data allows for
the implementation of a motion correction algorithm in MaxFilter™, which uses amplitudes of
the cHPI signals to model the sphere’s movement from the sensor movement relative to the
MEG dewar (proceeds with a 10 ms amplitude estimation step function within 200 ms
estimation windows). The algorithm compensates for head movement identified outside a
0.98 goodness of fit limit (with a 5 mm caoil fitting error limit) by realigning the recorded
magnetic field distribution. This realignment is performed via interpolation and extrapolation

based on a model of the magnetic field distribution if the head had not moved from baseline
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coordinates of the cHPI signals, estimated using spherical harmonic functions (Stolk et al.,
2013).

Temporal signal space separation (tSSS) is an extension of SSS that can remove
temporally correlated internal and external components from the data, with a subspace
correlation coefficient limit set at 0.9 (proceeds with a data buffer of 10 seconds). The
working assumption of tSSS is that internal components that are strongly correlated with
external components can be regarded as large artefacts that are powerful enough to have
leaked to the external subspace so are unlikely to be originating from the brain (Taulu &
Simola, 2006). The vendor advises the application of tSSS when there are signals in the raw
data that are orders of magnitude larger than signals likely to be originating from the brain
(e.g., dental metalwork artefacts). An additional vendor-supplied interference suppression
tool of internal active shielding (IAS) was not used in this thesis, because IAS, which relies
on feedforward and feedback electronics’ interference suppression from additional active
sensors located outside and inside the MSR, results in nonstandard raw data that can be

incompatible with analysis pipelines and software.

2.2 EEG and MEG data analyses: measuring event-related oscillatory dynamics

2.2.1 Evoked and induced changes in the EEG and MEG

Event-related EEG and MEG involve the examination of oscillatory changes after an
event (e.g., presentation of a stimulus). Evoked and induced changes are two quantifications
of event-related activity, historically treated as distinct processes that require time domain
and frequency domain analysis respectively (see Cohen, 2014, and Luck, 2014, for
overviews of event-related changes). Induced changes, comprising event-related
synchronisation (ERS) and event-related desynchronisation (ERD), are characterised by
increases and decreases respectively in ongoing power (Pfurtscheller & Lopes da Silva,
1999). ERS and ERD are said to be ‘time-locked’ to the event because the power changes
appear after event onset, and these induced changes are often reported within isolated
frequency bands. For example, Berger (1929) reported an ERD in the alpha frequency band
when participants transitioned from eyes closed to eyes open. Klimesch et al. (2007b)
proposed that alpha ERD signifies increased cognitive processing after the allocation of
attention (i.e., ERS reflects increased inhibition) and is thus related to cognitive performance.
It has also been suggested that this alpha ERD may change with age (Klimesch, 1999), but
the underlying mechanisms and meaning of event-related changes in mean oscillatory
power are yet to be confirmed both in and out of an ageing context. For example, there are
widely reported changes in the frequency of the mean peak in power in the alpha frequency
band (termed peak alpha frequency, PAF) across the lifespan (more on PAF later in Chapter

2), as well as a rapidly growing interest in age-related changes in aperiodic, non-oscillatory
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1/f-like exponent (function slope) and offset (y-axis crossing point) background activity (e.g.,
Finley et al., 2024). Taken alongside other inter-individual and intra-individual differences
that affect SNR, such as physiological noise (e.g., muscle movement artefacts) and neuronal
response variability that may increase with age and dilute the averaged amplitude (Cremer &
Zeef, 1987; Voytek et al., 2015a), changes in both PAF and aperiodic activity could help to
explain changes in alpha power (Donoghue et al., 2020, 2021; Merkin et al., 2023; Voytek,
2015b). In summary, induced power changes and their relationships with age and cognitive
performance are complex, and conclusions on their meaning cannot be drawn without

caution and consideration of a wide variety of factors.

Alpha is by no means the only frequency band that has been assigned specific
functional specialisation in the context of induced amplitude changes. For example, the delta
band has been linked with homeostatic and motivational processes (Knyazev, 2012), theta
with memory encoding (Klimesch, 1999) and intelligence (Jausovec & Jausovec, 2000), beta
with sensorimotor activity (Engel & Fries, 2010), and gamma with construction of object
representations (Tallon-Baudry & Bertrand, 1999) and meditative zen (Lutz et al., 2004).
However, other researchers have proposed that apparent functional specialisation may be a
misinterpretation and a by-product of popular band-based analysis; instead, the whole
frequency spectrum could be considered in parallel for a deeper interrogation of multiscale,
cross-frequency interactions that might reflect fundamental neuronal network communication
and information processing (e.g., Burgess, 2012; Cohen & Gulbinaite, 2014; Newson &
Thiagarajan, 2019). Frequency bands may remain segregated at resting to prevent
unnecessary cross-frequency interference, possibly with a golden ratio between the means
of adjacent frequencies such that phase synchronisation is mathematically impossible (i.e.,
1:1.618; Pletzer et al., 2010). However, perhaps events cause synchronisation in the activity
of different frequency bands, with a systematic pattern of cross-frequency coupling across
the whole broadband frequency range that can be interpreted as a travelling wave that
represents the transition from resting state to information processing (Canolty, & Knight,
2010; Klimesch, 2018; Palva & Palva, 2007; Rodriguez-Larios & Alaerts, 2019). This
interpretation aligns with Von Stein and Sarnthein’s (2000) hypothesis (VSH) that post-
stimulus high-frequency interactions (e.g., beta and gamma) reflect localised network
communication and post-stimulus low-frequency interactions (e.g., alpha and theta) reflect
widespread network communication, irrespective of cognitive faculty but implicating bottom-
up versus top-down processing respectively. An explanatory mechanism for a travelling
wave of information processing and network communication across the full frequency
spectrum and how it underpins event-related changes has been proposed by Burgess
(2012) in the Firefly Model (FM). The FM will be outlined in full after an introduction to
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evoked event-related changes, because the FM was constructed in part to explain evoked

changes, but it can also explain induced changes at the same time.

Evoked changes, termed event-related potentials (ERPs) in EEG and event-related
fields (ERFs) in MEG, are simply trial-averaged waveforms plotted over time. These evoked
waveforms are consistent in both when they occur (i.e., they are time-locked to the event)
and their shape post-stimuli (i.e., they are phase-locked to the event). Different ERP and
ERF waveforms have been reported alongside different sensory and cognitive events (see
Cohen, 2014, and Luck, 2014, for overviews of event-related changes). The components of
an ERP/ERF waveform have historically been characterised by peak amplitude polarity,
latency of the amplitude peak, and location of the peak over the sensors. For example, the
‘P3b’ is a particularly well-defined ERP and ERF component appearing after onset of an
oddball stimulus. The term ‘oddball’ comes from the stimulus in question, which the
participant is asked to pay attention to, having an irregular onset rate, such as one out of five
stimuli, and positioned within a sensory stream of alike ‘standard’ stimuli that have a regular
onset rate, such as the remaining four out of five stimuli (Comerchero & Polich, 1999; Picton,
1992; Squires et al., 1975; Sutton et al., 1965). P3b is characterised by a large positive (P)
polarity amplitude deflection, with its peak presenting at around 300 ms (3) post-stimulus
and located at central-parietal electrodes (b). The N2 is another example component of the
same trial-averaged waveform arising in oddball attention paradigms, seen as a negative
polarity amplitude deflection, with its peak presenting at around 200ms post-stimulus and

being visible at central-parietal electrodes (Luck, 2014).

In a similar way to the attempts to assign functional specialisation to induced power
changes within discrete frequency bands, attempts have been made to interpret the
components of ERPs and ERFs as having discrete functional specialisation (Neuper &
Pfurtscheller, 2001; Woodman, 2010). For example, it has been proposed that the P3b
component might reflect endogenous context updating of schemas in line with task demands
(Donchin, 1981) or inhibition of extraneous processing to enhance attention and/or working
memory processes (Polich, 2007; Polich & Criado, 2006; cf., Klimesch et al., 2007b). This is
in part due to P3b’s peak amplitude appearing to be proportional to cognitive performance
(Bell et al., 2021; Porcaro et al., 2019), leading to the proposal that a reduction in amplitude
may reflect a decline in task-specific cognitive resources and atrophy of underlying brain
networks (Polich, 2007; Van Dinteren et al., 2014). Age-related changes have also been
examined, with P3b peak amplitude typically decreasing in healthy ageing (Polich, 1996,
1997) and in age-related conditions such as mild cognitive impairment and dementia
(Dauwels et al., 2010a; Hedges et al., 2016; Jiang et al., 2015; Porcaro et al., 2019).

However, it is still not confirmed whether this mean amplitude reduction is driven by latency

T.M. James, PhD Thesis, Aston University 2024. 28



jitter in the estimated single-trial peaks, which might be caused by an increasing variability of
intra-individual neural response with increasing age (McDowell et al., 2003). For example,
the latency jitter hypothesis was rebuffed after the inversely proportional age-peak amplitude
relationship remained when statistically correcting for latency jitter (Walhovd et al., 2008). In
summary, there is currently no conclusive answer on the meaning of ERP and ERF peak
amplitudes and their relationships with age and cognitive performance, very much like the

lack of clarity around induced changes.

Peak amplitude is not the only metric that can be used to characterise the
components of ERPs and ERFs. P3b mean peak latency (i.e., the timing of the peak
amplitude) also reliably increases alongside healthy ageing (Polich, 1996, 1997) and
deleterious age-related conditions (Dauwels et al., 2010a; Duncan et al., 2009). Additionally,
P3b latency is inversely proportional to cognitive performance (Howe et al., 2014; Pavarini et
al., 2018), but whether this is a ‘direct’ (e.g., increased variability in the underlying brain
activity) or an ‘indirect’ relationship (e.g., reflecting the effects of atrophy in regional cortical
thickness) remains to be confirmed (e.g., Fjell et al., 2005, 2007, 2009). Still, it has been
proposed that latency changes might reflect an age-related decline in the speed of controlled
attention and/or working memory processing efficiency, linked to altered neural network
integrity (e.g., loss or change of neural structure and cognitive resources) and
communication efficiency, such as the increased variability in task performance and
underlying neural functioning (MacDonald et al., 2009; Polich, 2007; Van Dinteren et al.,
2014). Yet again though, any relationship between age, brain functioning, and cognitive
performance is going to be complex and masked by numerous factors, such as those
outlined by the deficit and benefit models of ageing. These relationships are made yet more
opaque by a lack of understanding of the implicated cognitive faculties, such as attention
and memory, and how they are represented in the brain in the first place (Cohen &
Gulbinaite, 2014; Salthouse, 2010, 2016). As a result, it has been recommended to take a
general, multiscale system-level interpretation of brain functioning and cognitive
performance when analysing EEG data in attempts to establish metrics for application in

clinical domains such as dementia (e.g., Koenig et al., 2020).

Compounding the difficulty in defining the meaning of event-related changes and
their relationships with cognitive performance and chronological age, there has also been no
unanimous agreement on an explanatory mechanism underlying the formation of evoked
waveforms. A dichotomy persists; are ERPs new activity caused by the event and distinct
from ongoing EEG activity, or reflecting phase modulations of the ongoing EEG? This
dichotomy has been fuelled by the existence of two, longstanding theoretical models: the

Evoked Model (EM) versus the Phase Reorganisation Model (PRM) respectively (see
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Burgess, 2012, Klimesch, 2018, Sauseng et al., 2007, and Yeung et al., 2004, for overviews
of these two models). The EM claims that ERPs comprise new time-locked and phase-
locked EEG activity that is initially embedded within ongoing, spontaneous background
activity yet is distinct from that activity. The distinct ERP signals are unveiled by averaging
over trials, with each superimposed component of an ERP originating from discrete neuronal
sources with distinct timecourses and oscillatory dynamics. In short, a new event causes a
cascade of new brain activation, revealed by averaging out irrelevant ongoing brain activity
over trials. Figure 2.5 provides a visual characterisation of the EM’s explanation of ERPs, to
establish its explanatory mechanism and permit greater clarity in how it differs from the PRM
outlined next. This characterisation aligns with the functional specialisation perspectives on
event-related changes in the EEG (Jervis et al., 1983; Makinen et al., 2005; Mazaheri &
Jensen, 2006; Shah et al., 2004).

Figure 2.5

A visual representation of the EM with EEG data, with a) and b) showing the trial-averaged
waveform excluding any superimposed signal, ¢) and d) showing the trial-averaged
waveform of just the signal without any background noise, and e) and f) showing the trial-
averaged waveform including signal superimposed on the irrelevant background noise (from
Burgess, 2012).
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In contrast to the EM, the PRM proposes that an ERP is a by-product of averaging
time-locked convergence in phase angles of the ongoing EEG, with each component
reflecting different facets of that ongoing EEG. This convergence can be visualised as
oscillations’ peaks and troughs aligning and summating to produce an ERP. Figure 2.6
provides a visual characterisation of the PRM’s explanation of ERPs, to establish its
explanatory mechanism and permit greater clarity in how it differs from the EM outlined
previously. This characterisation aligns with the general, multiscale system-level
perspectives on event-related changes in the EEG. The PRM explains common ERP shapes
by differences in the ongoing EEG (e.g., amplitude and frequency) and a varying time course
in underlying phase alignment (e.g., latency). Therefore, ongoing activity is treated as a
systematically modulated signal rather than spontaneous background noise. Whilst the EM
and PRM originated as two discrete theories governed by their contrasting characterisations
of ERPs (Sayers et al., 1974), the EM and PRM terminology has grown into umbrella
categories that house numerous alternative models (see Burgess, 2012, Klimesch, 2018,
Sauseng et al., 2007, and Yeung et al., 2004, for overviews of alternative models under

these umbrella categories).

The Asymmetric Amplitude Modulation model (AAM; Mazaheri & Jensen, 2008) is a
third, alternative model, which does not easily fit into either EM or PRM categories. It
attempts to explain ERPs with a model developed on the asymmetric fluctuation in the alpha
band’s peaks and troughs. Specifically, it is proposed that the peaks are more strongly
modulated than the troughs, which will result in a waveform deflection when multiple trials
are averaged. Figure 2.7 provides a visual characterisation of the AAM’s explanation of
ERPs, to establish its explanatory mechanism and permit greater clarity in how it differs from
the EM and PRM outlined previously. Whilst aligning with PRMs by implicating ongoing
EEG/MEG activity, the AAM model attributes amplitude modulation, rather than phase

modulation, as the core mechanism underlying the existence of ERPs (or ERFs in MEG).
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Figure 2.6

A visual representation of three variants of the PRM with EEG data, with a) an instant phase
reset in the on-going EEG, averaging over trials as an ERP, b) a gradual phase modulation
with frequency increase in the on-going EEG, also averaging over trials as an ERP, and c) a
gradual phase modulation with frequency slowing in the on-going EEG, again averaging over
trials as an ERP (from Burgess, 2012).
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| | | | 1 | | |
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Figure 2.7

A visual representation of the AAM with MEG data, with A & C showing a symmetrical event-
related change in amplitude of the on-going MEG averaging over trials to no ERF, and B & D
showing an asymmetrical event-related change in amplitude of the on-going MEG, where
peaks are more strongly modulated than troughs, averaging as an ERF deflection (from
Mazaheri & Jensen, 2008).
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There are notable limitations of the EM. For example, predicted global amplitude
increases post-stimulus have not materialised (Sayers et al., 1974), yet ongoing EEG pre-
stimulus is related to component magnitude post-stimulus (Fellinger et al., 2011). The EM
struggles to explain how EEG in the pre-stimulus period predicts post-stimulus amplitudes
(Makinen et al., 2005; Klimesch et al., 2006). Another limitation of the EM is that it provides
no accepted, mechanistic explanation of the traditional waveform shapes of event-related
EEG. The EM attempts to explain the varying shapes by variability in sources, time course,
and dynamics, which has proven very hard to test (Burgess, 2012). The AAM model does
not provide a complete explanation of the shape and timing of event-related waveforms
either, particularly beyond changes in alpha. That said, limitations also hampered the original
PRM. For example, it proposed that ERPs only emerge from multiple trials with equivalent
starting frequencies (i.e., phase reorganisation between trials, not within trials). This cannot
explain the existence of single-trial ERPs (Jung et al., 1999, 2001; Makeig et al., 2002).

Thereafter, researchers have proposed many contrasting, mutually exclusive versions of the
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PRM in attempt to overcome limitations in the initial PRM (e.g., Barry, 2009; Basar, 1999;
Fell et al., 2004; Fuentemilla et al., 2006; HansImayr et al., 2007; Klimesch et al., 2007c;
Makeig et al., 2002; Ritter & Becker, 2009; Sayers et al., 1974, to name a few).

Over most of the contrasting PRM models, there is no clear explanation of when and
how phase reorganisation occurs. For example, is there an instant phase reset or a gradual
phase alignment? And how is this phase modulation represented in the frequency domain?
This is an important discrepancy, because frequency is the change in phase over time, thus
a wholly convincing PRM needs to explain how ERPs are created within the context of
narrowband and broadband frequency changes. For example, does narrowband
instantaneous frequency increase or decrease with phase modulation? And how does phase
modulation progress across the broadband frequency range? Because EMs, PRMs, and the
AAM do not provide a complete explanatory mechanism of evoked waveforms, an

alternative PRM model called the Firefly Model (FM) was created (Burgess, 2012).

2.2.2 The Firefly Model of synchronisation through cross-frequency phase
modulation: introducing the time of synchronisation gradient (tsyncnG)

The FM proposes a markedly different mechanism to explain both evoked and
induced changes in the EEG. This mechanism is a gradual slowing in the frequency domain
of ongoing EEG that is concurrent with phase alignment. Specifically, the timing of this
phase modulation is frequency dependent, with evidence, in the form of empirical EEG data
and simulation models, supporting a systematic, cross-frequency phase locking (Lachaux et
al., 1999) that progresses downwards through the broadband frequency range over time
(Burgess, 2012). The timing of maximal phase alignment (i.e., time of synchronisation, tsyncn)
is proposed to occur in a power law curve across the broadband frequency range, starting at
high frequencies (e.g., gamma) and working downwards towards delta. All narrowband
instantaneous frequency dips are followed by a gradual rebound for phase
desynchronization that represents a return to resting frequency segregation to prevent
unnecessary cross-frequency interference. Figure 2.8 provides a visual characterisation of
the FM’s explanation of ERPs, to establish its explanatory mechanism and permit greater
clarity in how it differs from the EM, other PRMs, and AAM outlined previously. This FM will
form the crux of future experimental chapters 3, 4, and 5. Therefore, when considering the
outstanding question of how phase modulation is represented in the frequency domain, the
FM provides clear answers: that instantaneous frequency gradually decreases for phase
alignment, and this fundamental mechanism follows a systematic pattern across the

broadband frequency range over time.
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Figure 2.8

A visual representation of the FM in both frequency domain (top panel) and time domain
EEG data (bottom panel, including a) and b) inserts). In the frequency domain, the red line
represents the averaged post-stimulus power spectrum, dotted blue lines represent the shift
in the power spectrum as the ongoing EEG slows down to synchronise for various degrees
of phase disparity over trials, and the blue line represents the averaged pre-stimulus power
spectrum. In the time domain, the blue lines of insert a) represent post-event phase
modulation with frequency slowing observed in oscillatory activity across base frequencies,
and the red lines of insert a) represent the same oscillatory activity with no event-related
change. Tsynch, the timing of maximal phase alignment, is modelled as a power law curve,
where latency is inversely proportional to frequency, before desynchronisation and a
rebound to resting state. Insert b) shows the trial-averaged ERP from the post-event phase

modulations via frequency slowing shown in the blue lines of insert a) (from Burgess, 2012).
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Therefore, the FM (Burgess, 2012) explains evoked changes by proposing that ERP
components are caused by the ongoing EEG phase convergence (i.e., peak-peak and
trough-trough summation) of different, decreasing source frequencies across time. Unlike
other PRMs, this mechanism also allows for single-trial ERPs (Jung et al., 1999, 2001) and
logically aligns with the VSH (Von Stein & Sarnthein, 2000), which had characterised EEG
frequency as being inversely proportional to scale. The ERP waveform may, therefore,
reflect task-relevant transition from resting state, to localised network communication (i.e.,
early high-frequency phase synchronisation), to widespread communication (i.e., late low-
frequency synchronisation). In turn, the FM aligns with the suggestions that ERPs might be
best characterised as travelling waves of multiscale, cross-frequency interactions in brain
activity (e.g., Alexander et al., 2013; Klimesch, 2018; Klimesch et al., 2007a). In summary,
the FM attempts to resolve limitations with previous PRMs by providing a specific
mechanism to explain when and how phase modulation occurs, which accounts for ERPs’
shape and timing and explains how ERPs are created within the context of narrowband and

broadband frequency changes.

The FM (Burgess, 2012) explains induced changes with the same explanatory
mechanism of synchronisation through cross-frequency phase modulation. For example,
theta ERS and alpha ERD are reliable induced changes (Klimesch, 1999; Pfurtscheller &
Lopes da Silva, 1999). These changes have previously been isolated to each frequency
band and interpreted as representing distinct functional specialisations (e.g., alpha for
attention processes, and theta for memory processes; Klimesch, 1999; Klimesch et al.,
2007b). However, the FM proposes that theta ERS reflects the slowing of alpha band activity
into the theta band, and alpha ERD the slowing of beta band activity into the alpha band.
Given that the FM posits no global changes in amplitude from pre-stimulus to post-stimulus
periods, pre-stimuli averaged power spectra show higher alpha power than theta power, with
alpha power shifting into theta post-stimulus. Pre-stimuli averaged power spectra also show
lower beta power than alpha power, with beta power shifting into alpha post-stimulus. A delta
ERS can be explained with the smearing of alpha power across lower frequencies. This
smear is determined by the extent of frequency slowing that is required to reach a target
phase over multiple trials, and the proportion of ongoing EEG responding to an event.
Assuming that trial-to-trial baseline phase is random, the required frequency slowing for tsynch
is set by each trial's baseline phase. The more often a large frequency dip is required, the
more alpha smear into the delta band, thus the delta ERS is amplified by averaging over
trials. However, Burgess (2012) clarified that it is unlikely that all the ongoing EEG wiill
respond to an event, although determining the exact quantity will be a complex task likely

influenced by many inter-individual, intra-individual, and task demand factors. That said, by
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assuming approximately 50% of ongoing EEG responded to an event, Burgess was able to
satisfactorily model the empirical data of a visual recognition paradigm in twenty healthy
young adults. Consequently, the lower the proportion of ongoing EEG that responds to an
event (and the lower the SNR), the smaller the recorded trial-averaged dip in frequency.
These explanatory mechanisms of varying frequency slowing, response proportions, and
measurement noise with averaging smear may also explain why there is no direct translation
of the pre-stimuli power spectrum to lower frequency bands post-stimuli, but there is usually
a partial transition of ongoing power from high to low frequency when comparing pre-

stimulus and post-stimulus power spectra across many tasks.

To summarise the impact of the FM, it is a new PRM that provides a distinctive
explanatory mechanism for event-related changes in the EEG. This mechanism can explain
when phase aligns and how it aligns in the context of changes in frequency, whilst also
proposing that evoked and induced changes can be considered as fundamentally related
phenomena. Burgess (2012, p. 20) summarised that the FM ‘may prove to be a useful guide
in helping us move from a focus on surface features of the ERP, such as amplitude and
latency of peaks, towards a study of the true deep structure of event-related changes in the
EEG'. Indeed, the FM encourages healthy caution in assigning discrete functional
specialisation to peaks of ERP components, particularly later-latency components, and
induced power changes. Instead, events cause changes in all ongoing frequency band
activity, thus frequency is not rigidly fixed despite having a preferred resting rate, and these
changes may represent task-relevant information processing and communication across
neural networks, where high frequency/early ERP components reflect localised network
communication and low frequency/late ERP components reflect widespread network
communication. The FM does not only provide a theoretical explanation of induced and
evoked changes though. Empirical measurement of the underlying cross-frequency phase
modulation mechanism could provide alternative metrics that may improve our
understanding of the EEG, but also of age-related changes in the EEG and, in turn, how to
detect and track deleterious age-related changes. At the time of writing, an examination of

the FM’s explanatory mechanism in an ageing context had never been done before.

Empirical mode decomposition (EMD) allows for a data-driven and adaptive
decomposition of a complex oscillation into discrete intrinsic mode functions (IMFs), which
are core components of the original signal (Huang et al., 1998; Sweeney-Reed & Nasuto,
2007; Sweeney Reed et al., 2018). EMD uses a data reduction, interpolation-sifting
procedure, which involves identifying maxima and minima of the source signal to interpolate
cubic spline fits. These fits permit the calculation of a mean to subtract from the original

signal, and this procedure produces the IMF components when repeated consecutive times
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on each mean until the mean of the interpolation is monotonic (see Burgess, 2012, and
Cohen, 2014, for overviews of the EMD procedure). Figure 2.9 provides a visual
representation of the EMD procedure when applied to EEG data, but the same procedure
can be applied to MEG data. EMD will form a key part of the analyses of both EEG and MEG
datasets in future experimental chapters 3, 4, and 5. A key advantage of combining EMD
with the Hilbert transform is that instantaneous metrics (i.e., time-varying, not stationary) can
be estimated across the broadband frequency range without the requirement to
predetermine frequency bands (Cong et al., 2009; Burgess, 2012). That is, the IMFs
extracted per trial reflect naturally occurring, distinct frequency components, and the Hilbert
transform can be applied to each IMF to provide analytic signals (i.e., comprising both real
and imaginary components) for the estimation of the instantaneous measures of amplitude,
frequency, and phase per component (Bruns, 2004; Cohen, 2014). The FM characterises
time of maximal PLV (Lachaux et al., 1999) per IMF as tsynch. In other words, tsynch is the
timepoint where phase, within a frequency component (represented as the IMF’s mean
baseline frequency), is most similar across trials in event-related paradigms. tsynch is @ prime
new metric to allow for interrogation of the deep structure of event-related changes across
chronological age. Specifically, across a widespread frequency range (i.e., across ordinal
IMFs), it is possible to examine whether a systematic, gradual frequency slowing occurs with
phase alignment over time. Having estimated tsynch in @ range of different frequency
components, it will be possible to perform model fitting across the IMFS’ tsynchs, Which will

provide a novel metric coined the time of synchronisation gradient, tsyncnG.
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Figure 2.9

A visual representation of EMD, from the raw EEG through the data reduction, interpolation-
sifting procedure via identifying maxima and minima of the source signal, interpolating cubic
spline fits, calculating a mean to subtract from the original signal to give the IMF (a), then

repeating the procedure (b and c) until the mean of the interpolation is monotonic, so either

nonincreasing or nondecreasing (from Burgess, 2012).
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The new tsyncnG metric can be thought of as a direct empirical measurement of the
underlying cross-frequency phase modulation mechanism proposed by the FM to underpin
the formation of evoked and induced changes. In other words, tsyncenG is a quantification of
the timecourse of information processing and communication through neural networks of
increasing scale, such that the flatter (more positive) the gradient, the slower or more
variable (e.g., inefficient) the multiscale communication. If the FM holds up to empirical
scrutiny, tsynenG could not only advance our understanding of age-related changes in the
brain at a deeper structural level, but it could also be developed into a new way to track age-
related changes in the brain. For example, tsyncnG could be used to estimate ‘brain age’ as
EEG-age, which could then be compared with actual chronological age and any discrepancy
between the two might reflect some deleterious age-related change or even condition (e.g.,
MCI). The new EEG dataset and MEG dataset collected for this thesis have enabled the
interrogation of these event-related changes in the context of ageing, spanning Chapters 3,
4, and 5 (signposted in Chapter 1 and Table 2.1).
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2.3 EEG and MEG data analyses: measuring resting-state oscillatory dynamics

Declaration of prior use: a substantial portion of this subsection has been submitted as

part of a preprint on PsyArXiv and for publication in the journal Psychophysiology.

2.3.1 Peak alpha frequency

When humans sit at rest with their eyes closed (i.e., in a ‘resting state’), the EEG
power spectrum is distributed such that the power at each frequency is approximately
proportional to the reciprocal of the frequency (Power «1/f) plus a peak in power in the alpha
frequency band (He, 2014; Lopes da Silva, 2013; Pritchard, 1992). The frequency of the
peak in power (i.e., peak alpha frequency, PAF) increases rapidly through childhood,
reaching 10 to 11 Hz in early adulthood, before gradually declining to an average of 8 to 9
Hz by 80 years of age. The change in mean PAF across the human lifespan is arguably the
best-established EEG-correlate of age and has been reported not only from the visual
inspection of relatively small numbers of EEG recordings (Duffy et al., 1984; Dustman et al.,
1993; Hughes & Cayaffa, 1977; Mizukami & Katada, 2018; Obrist, 1954; Stroganova et al.,
1999) but also in multiple studies using large sample sizes and automated algorithms
(Aurlien et al., 2004; Chiang et al., 2011; Finley et al., 2022; Hashemi et al., 2016; John et
al., 1980; Lodder & van Putten, 2011; Merkin et al., 2023; Samson-Dollfuss & Goldberg,
1979). PAF’s short-term test-retest reliability (e.g., between days, weeks, and months) has
been reported as good-to-excellent in adults (Joffe et al., 2021; Napflin et al., 2007; Popov et
al., 2023; Salinsky et al., 1991), suggesting that PAF is a stable electrophysiological
measure across short intervals in adulthood. Longitudinal studies further confirmed the rapid
increase in PAF from the earliest months of life through childhood and adolescence (Cragg
et al., 2011; Freschl et al., 2022; Lindsley, 1939; Schaworonkow & Voytek, 2021; Soroko et
al., 2014) before a steady, linear decline in PAF from early adulthood onwards (Kondacs &
Szabd, 1999). However, longitudinal studies of PAF across adulthood are less common and
typically follow participants for only a few years. In summary, although we cannot be sure
what any individual’s PAF trajectory may be, we can be quite confident of how the

population-level PAF changes with age.

Brain-ageing phenomena are often associated with changes in cognitive functioning,
as already demonstrated with event-related changes in the EEG, and PAF is no exception.
PAF remains positively correlated with scores on a range of tests of cognitive abilities (e.g.,
attention, processing speed, and memory) even when samples are age-matched, such that
lower PAF predicts worse performance and may reflect inferior information processing
(Angelakis et al., 2004a; Angelakis et al., 2004b; Bornkessel et al., 2004; Clark et al., 2004;
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Rathee et al., 2020; Surwillo, 1961; Trammell et al., 2017). Grey and white brain matter both
deteriorate with advancing age (Grady, 2012; Hofmann et al., 2022), and a tranche of recent
neuroanatomical evidence suggests that changes in the structure of white matter,
particularly of thalamocortical networks, play a crucial role in both the slowing of PAF and
age-related decline in cognitive functioning (Bells et al., 2017; Hindriks et al., 2015; Hughes
& Crunelli, 2005; Minami et al., 2020; Valdés-Hernandez et al., 2010). Understandably then,
PAF is lower in persons with age-related conditions such as mild cognitive impairment
(Babiloni et al., 2011; Jelic et al., 2000; Prichep et al., 2006) and dementia (Babiloni et al.,
2021; Klimesch et al., 1990; Neto et al., 2015; Penttila et al., 1985). It has been suggested
that PAF may be an electrophysiological marker of general intellectual capacity, ‘g’ (Grandy
et al., 2013), or that it reflects specific aspects of cognition such as processing speed
(Ociepka et al., 2022). When considering what are theorised to be fundamental mechanistic
changes of the ageing human brain (outlined in Chapter 1 as a wider distribution of cortical
processing with decreasing efficiency across the adult lifespan), a slowing in PAF could well
be reflecting a transition to larger, perhaps less specialised neural networks, assuming that
the scale of the network is indeed inversely proportional to the frequency (Von Stein &
Sarnthein, 2000). However, the recurring caveat on interpreting relationships between
chronological age, neural function, and cognitive performance is again highly pertinent;
these relationships will be complex and are not yet fully understood. In summary, a decline in
PAF is an oft-reported, normal brain-ageing phenomenon that likely reflects changes in
neural and cognitive integrity, although no specific mechanism or interpretation has been

established beyond reasonable doubt, just like with the event-related changes in the EEG.

Currently, there are also practical limitations in using PAF as a proxy to track age-
related changes in integrity. One limitation is that the frequency resolution of a typical EEG
power spectrum is poor. A widely used method to estimate the EEG power spectrum,
Welch’s method (Welch, 1967), involves splitting an EEG recording into short, stationary,
artefact-free segments, performing the Fast Fourier Transform (FFT) on each segment, and
averaging. The frequency parameters depend on the sampling rate of the EEG recording
and the length of the segments, which, given typical values (e.g., 500 Hz and 4 seconds),
will give a frequency resolution no better than about 0.25 Hz. With the average decline in
PAF estimated at around 1 to 2 Hz over six decades, a frequency resolution of 0.25 Hz is
sufficient to detect relatively large changes in PAF across the lifespan. Alternative methods
of estimating the EEG power spectrum, such as autoregressive methods (AMs), are rarely
used even though they offer the advantages of higher frequency resolution and smoother
EEG power spectra (Gersch, 1970). AMs estimate the EEG power spectrum by regressing

each value of the EEG time series onto a set number of past values. This number, called the
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model order, determines the period of the lowest frequency detectable, and a higher model
order allows for better frequency resolution (Takalo et al., 2005). As a statistical approach,
AMs model error in the data, which enables them to produce smoother EEG spectra than
conventional methods, and this should improve the ability to interrogate and track fine-

grained changes in PAF.

Another limitation in using PAF to track age-related changes is that there is no
consensus as to the best way to estimate PAF, because, as Corcoran et al. (2018) suggest,
defining PAF “poses a nontrivial challenge, and may rely on subjective assessments or
arbitrary criteria” (p. 2). In other words, there is no ‘true’ PAF, but there is a set of well-
established, distinct approaches to estimating PAF. A researcher who defines PAF as the
frequency of maximum power in the EEG spectrogram (i.e., the Naive Peak Alpha
Frequency method, N-PAF) is faced with several problems. One is that the N-PAF method
offers no guidance on how to handle cases where there may be two or more peaks in the
alpha frequency range, nor where there are no peaks at all (Chiang et al., 2008; Olejarczyk
et al., 2017). Another problem is that PAF varies across scalp sites (Mahjoory et al., 2020;
Quinn et al., 2021), although the extent of this topographical variation and its relationship to
the SNR in the EEG spectrogram remains undetermined. One way to deal with within-
subject variation is by calculating the arithmetic mean PAF, which requires taking an
average of the estimates of PAF obtained from different scalp locations or calculating a
single estimate of PAF from the EEG power spectrum averaged across scalp locations. A
third issue is that the N-PAF method assumes fixed frequency bounds (e.g., 7 to 13 Hz for
alpha frequency), which is questionable given that PAF varies with age, and misdefined
boundaries can cause problems due to the exclusion of alpha peaks or inclusion of peaks
that are not alpha (Donoghue et al., 2020, 2021; Haegens et al., 2014). A complete method
for estimating PAF should be able to readily deal with any number of peaks, within-subject
variance, and individual differences in the alpha frequency band. No existing method meets

all these criteria, but several other demonstrably useful ways of estimating PAF do exist.

These alternative methods to estimate PAF include the Corcoran-PAF (C-PAF)
method, proposed by Corcoran et al. (2018), which involves identifying the PAF from the
smoothed EEG log(power) spectra across multiple channels, taking the average weighted by
channels’ SNR. The Klimesch-PAF (K-PAF) method, first proposed by Klimesch et al. (1990,
1993) and adapted by Corcoran et al. (2018), is based on the centre-of-gravity of the
individually defined alpha band. Corcoran et al. (2018) have shown that both the K-PAF and
C-PAF methods can estimate PAF in nearly all participants. Furthermore, in simulations
where there was a single peak, both methods outperformed N-PAF, and C-PAF was

superior to K-PAF in cases of low SNR.
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2.3.2 Introducing alternative metrics in resting-state paradigms

The Modelled-PAF (M-PAF) method is another alternative, curve-fitting approach to
estimating PAF, previously used as an automatic algorithm in large-scale studies. It involves
modelling the EEG power spectrum as one or more frequency bands (typically assumed to
follow a Gaussian distribution) superimposed on a 1/f slope (Chiang et al., 2011; Lodder &
van Putten, 2011). The mean frequency of the Gaussian distribution used to represent the
alpha frequency is taken as the estimate of PAF. The N-PAF, K-PAF, C-PAF, and M-PAF
methods are not free from assumptions, and each method requires some user input. For
example, C-PAF requires pre-defined alpha bounds and a minimum value for the power of
alpha peaks. M-PAF involves fitting a non-linear model, and solving the model requires the
user to pre-define boundaries for the parameters. These parameters include the upper and
lower limits of the mean and standard deviation of the Gaussian that represents the alpha
frequency band. Once the parameters are set though, PAF can be estimated without further
user intervention. One advantage of M-PAF is it can be readily extended to frequency bands
other than alpha and incorporates the 1/f slope, thus both periodic (e.g., traditional oscillatory
bands) and aperiodic (e.g., non-oscillatory 1/f slope) components of the EEG power
spectrum can be considered (Donoghue et al., 2020). M-PAF could also be implemented
alongside AM and singular value decomposition (SVD) to further improve SNR of the PAF
estimate. SVD (Harner, 1990) deconstructs an EEG input into a linear combination of
components and, when used to improve the SNR of EEG by data reduction, emphasises
features of the EEG that are consistent across electrodes in an individual. This is
comparable to creating a weighted-mean EEG dataset, where the weighting is by the

common variance across electrodes.

One way to circumvent the difficult choices required when estimating PAF is to
consider a distinct metric that, at the time of writing, has not previously been used to
estimate chronological age but could improve SNR and provide a robust assessment of age-
related changes in the EEG. That metric is a quantification of age-related changes across
the broad EEG power spectrum using a multivariate method called Partial Least Squares
(PLS) regression. PLS, which can be thought of as a combination of principal component
analysis and regression, is particularly useful where the independent predictor variables are
highly correlated, as they invariably are with spectral data. Widely used for analysing
spectral data in Chemistry (Wold et al., 2001), PLS has been used with EEG data too,
particularly event-related potential data (Lobaugh et al., 2001; Mcintosh & Lobaugh, 2004),
with multiple tutorials now available on how to run PLS-based analyses with different types
of neuroimaging data (e.g., Alin et al., 2009; Krishnan et al., 2011). PLS regression is used

when independent predictor variables can be represented as a two-dimensional matrix (e.g.,
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participant-by-spectra); this makes it possible, for example, to analyse the relationship
between spectral data from multiple participants and chronological age in the same analysis.
In summary, PLS regression is an alternative, multivariate approach to probing amplitude
across broad power spectra, with EEG-age as the outcome estimate of brain age. Like
tsyncnG can be considered an insight into the deep structure of event-related changes in the
brain, PLS regression analysis of the broad frequency spectrum can be considered a more
holistic and distinct measure of the resting state brain compared to targeting discrete

frequency bands and PAF respectively.

There is extensive literature on the effects of ageing on the EEG, particularly PAF,
but here, in a reversal of convention, we wanted to use the EEG, interrogating both the
broad power spectrum and the frequency of the peak in power, to estimate chronological
age. EEG-age and PAF-age are distinct metrics but can be compared in their ability to
estimate chronological age, with the fact that they are distinct as a reason to make the
comparison. The applied motivation for this approach was the same as for interrogating peak
components of ERPs and tsyncnG in an event-related context; an individual’s brain age might
act as a proxy of their general brain functioning. If it were possible to reliably estimate an
individual’s chronological age based on their M-PAF and/or broad EEG power spectrum,
then this EEG-age could be compared with actual chronological age and any discrepancy
between the two might reflect some age-related condition, either protective or deleterious.
The next four experimental chapters apply tsynenG, M-PAF, and PLS-derived EEG-age to
advance our understanding of event-related and resting-state EEG and MEG, to advance
our understanding of age-related changes in the brain, and to establish new ways to track
age-related changes over time. The new EEG dataset collected for this thesis has enabled
the interrogation of resting-state oscillatory dynamics in the context of ageing in Chapter 6

(signposted in Chapter 1 and Table 2.1).
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Chapter 3: Testing the Firefly Model of synchronisation through cross-frequency

phase modulation: establishing tsyncnG

3.1 Introduction

The creation of the FM was a step towards a unified understanding of event-related
changes in the EEG. It explains both evoked and induced changes with a mechanism of
systematic, gradual frequency slowing of ongoing EEG that is concurrent with phase
alignment (Burgess, 2012). By measuring the phase alignment with a PLV (Lachaux et al.,
1999), the timing of maximal phase alignment (i.e., tsyncn) is proposed to occur in the form of
a power law curve across the broadband frequency range, starting at high frequencies (e.g.,
gamma and beta) and working downwards towards lower frequencies (e.g., theta and delta)
over time. Evidence to support the existence of this cross-frequency phase modulation
mechanism came from both empirical data and simulation modelling (Burgess, 2012). The
results were interpreted under the VSH (Von Stein & Sarnthein, 2000), where the scale of
the network is proposed to be inversely proportional to the frequency, and linked to
synchronisation processes that have been shown to exist in the natural world and the cortex
of animals, such as macaque as well as humans (e.g., Geisler et al., 2010; Lowet et al.,
2017; Neda et al., 2000; O’Keefe & Reece, 1993; Singer, 2018; Woolnough et al., 2022).
Additionally, the complementary grand theories of travelling waves and multiscale
interactions (Alexander et al., 2013; Cohen & Gulbinaite, 2014; Klimesch, 2018), comprising
the hypothesis that cross-frequency synchronisation underpins thalamocortical network
communication (Ribary et al., 2019; Voytek et al., 2015b), have gained further traction in
recent years. The FM, therefore, provides a unified explanation of both evoked and induced
changes and, in turn, a plausible explanation of information processing and communication
through neuronal networks of increasing scale over time. The model also aligns with
increasingly popular general, multiscale system-level perspectives on event-related changes
in the EEG.

Compared to what Burgess (2012, p. 20) considered to be ‘surface features’ such as
ERS/ERD in discrete frequency bands and the amplitude and latency changes in discrete
peaks of ERPs, the FM may allow for the study of ‘the true deep structure of event-related
changes’. Indeed, tsyncnG, the gradient across multiple tsyncn at different mean instantaneous
frequencies, is a quantification of the FM’s explanatory mechanism. For example, the flatter
(more positive) the gradient, the slower or more variable (e.g., inefficient) the multiscale
communication. This novel metric has the potential to improve our understanding of the
ageing human brain and how to detect and track age-related changes. At the time of writing,

the FM and tsyncnG had never been examined in the context of healthy ageing. This is likely

T.M. James, PhD Thesis, Aston University 2024. 45



because there is a pressing need to first demonstrate the replicability of the FM model’s
empirical representation, to support that it offers an empirically credible explanation of event-
related changes via systematic oscillatory phase synchronisation and frequency slowing. It is
well known that EEG data are noisy, that EEG data analysis has many researcher degrees
of freedom, and that, in turn, successful replication is a fundamental characteristic of science
(Cohen, 2014; Luck, 2014; Pavlov et al., 2021). However, there are also more specific

theoretical and practical reasons to attempt a replication study in this case.

Burgess (2012) recruited twenty adults with a mean age of 26 years (SD = 5.6,
Range = 19-41) to complete a demanding visual recognition memory task, and did not report
any evidence of controlling for health and normal levels of cognitive performance in this
young sample of limited size. Furthermore, whilst there was clear evidence for cross-
frequency phase modulation over time, there was no differentiation between the different
conditions of the visual recognition memory task (e.g., New Faces versus Old Faces). This
lack of explanatory power may have been caused by a methodological issue rather than a
fundamental flaw in the FM though, where the difference in task demands between the
experimental conditions were too subtle given the analytical context. Another unanswered
question arises from the lack of comparisons between sensory modalities in the original
proof-of-principle for the FM. For example, visual and auditory ERPs show distinct
waveforms and attributes in their peaks, such as a later peak latency in visual P3b (e.g.,
Bennington & Polich, 1999; Comerchero & Polich, 1999). In summary, it is unknown whether
the FM replicates across different ERPs, particularly those from attention paradigms with
lower task demands than the original visual recognition memory paradigm. Furthermore, it is
unknown whether the FM’s explanatory mechanism can differentiate between different
conditions with more substantial differences between them, and then between visual and
auditory modalities too. An oddball attention paradigm would allow for comparisons within
and between sensory modality (i.e., visual and auditory) and condition (i.e., oddball and
standard), with the conditions of auditory oddball (AO), auditory standard (AS), visual oddball
(VO), and visual standard (VS). This approach also makes good, applied sense with the end
goal being to use tsynenG to track age-related changes in the brain. Simpler tasks, such as the
oddball attention paradigm compared to the visual recognition memory task, would be more
suitable in clinical contexts (Duncan et al., 2009) and across a range of different patient

populations (e.g., blind and deaf).

Our objective was to determine whether the FM is an empirically credible, alternative
explanation of event-related EEG that has the potential to be used in an ageing context. This
would not only advance our understanding of event-related EEG (aim #1 of this thesis), but

also set the foundation for further study to improve our understanding of age-related
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changes in the brain (aim #2 of this thesis) and, potentially, how to track deleterious age-
related changes (aim #3 of this thesis). First, we wanted to replicate frequency and phase
modulations as the explanatory mechanism of event-related changes in the EEG. Based on
Burgess (2012), we predicted that changes in instantaneous frequency and PLV would be
negatively cross-correlated, with post-stimulus frequency slowing concurrent with increasing
PLV. Second, we sought to explore the ability to estimate a tsyncnG metric. Based on the FM
and the VSH, it was predicted that modelling tsynch across ordinal IMFs (i.e., cross-frequency)
would follow a power law curve to reflect the systematic, gradual spread of information
processing and communication across neural networks of increasing scale (thus decreasing
frequency) over time. If the power law curve followed the predicted direction of tsyncn
frequency being inversely proportional to latency, this power law curve would be transformed
into a linear space where a negative log-log polynomial line would provide the time of
synchronisation gradient, tsyncnG. Finally, we wanted to see if tsyncnG differed across
conditions (oddball versus standard) and modalities (auditory versus visual) in an oddball
attention paradigm. It was predicted, based on there being differences in the ERP
waveforms between different conditions and sensory modalities, that there would be

differences in tsyncnG too.

3.2 Methods

3.2.1 Participants

Sixty healthy adults (24 men, 36 women; 5 left-handed, 55 right-handed) volunteered
to participate from across the chronological age range (M = 49 years, SD = 17.9, Range =
20 to 78). Having reached our resource limit for this EEG dataset, collected for use in
Chapters 3, 4, and 6 of this thesis, sensitivity power analyses were conducted for the key
age relationships of interest (signposted in Chapter 2). Because the age relationships are
not considered in this chapter, the sensitivity power analyses are presented in Chapters 4
and 6 instead, where the age relationships are considered (i.e., see the Participants
subsections of Chapters 4 and 6 for event-related and resting-state respectively). All
participants were recruited via Aston University’s advertising portals, which includes the
Aston Research Centre for Health in Ageing (ARCHA) panel that comprises older adults
from around the UK who volunteer to take part in studies at Aston University. This study
received a favourable opinion from Aston University’s Research Ethics Committee (AU-REC)
and was carried out in accordance with the Declaration of Helsinki and the British
Psychological Society Code of Human Research Ethics. Written informed consent was

obtained from each participant, and they were reimbursed £15 for their participation.

All participants actively reported having no experience of traumatic brain injury, no

diagnosis of neurological or psychiatric disorder, and no known cognitive impairment.
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Participants were also screened for depression via the Geriatric Depression Scale-15 (GDS-
15; Sheikh & Yesavage, 1986) and cognitive impairment via the Quick Mild Cognitive
Impairment Screen (QMCI; O’Caoimh & Molloy, 2017). The QMCI is a paper-based, quick-
to-administer assessment of general cognitive ability, comprising validated cut-off scores for
normal cognitive functioning, mild cognitive impairment, and dementia (O'Caoimh et al.,
2017). Two individuals (aged 59 and 78) scored just below the optimal unadjusted cut-off
score for cognitive impairment (<62). However, when accounting for their chronological age
and number of years in education, both participants scored above their optimal adjusted cut-
off score (<60 and <54 respectively). Six individuals (aged 24, 24, 32, 38, 52, and 59) scored
on or just above the cut-off score for mild depression (=5) on the GDS-15, and two
individuals (aged 44 and 68) scored on or just above the cut-off score for moderate

depression (210). No participants scored 212, indicating no cases of severe depression.

3.2.2 EEG recording

EEG was recorded while participants completed auditory oddball (AO and AS
conditions) and visual oddball (VO and VS conditions) paradigms. The EEG setup used for
data collection is outlined in Chapter 2 of this thesis. With a mean electrode impedance of
11.51 kQs (SD = 10.03, Range = 0.06 to 90.75) and 11.58 kQs (SD = 10.10, Range = 0.03
to 112.12) for the auditory and visual paradigms respectively, most electrodes had similar
impedances that were less than the reported optimal cut-offs of 40 kQs (Ferree et al., 2001;
i.e., 98% of 3780 electrodes per paradigm respectively) and 50 kQs (Kaneko et al., 2021;
i.e., 99% of 3780 electrodes per paradigm respectively) for the high-impedance ANT EEG
system. A mastoid electrode (M1) reached the highest impedance, although this was still

below the workable maximum of 200 kQs (Ferree et al., 2001).

The order of the auditory and visual paradigms was counterbalanced across
participants, within each decade of age. Participants closed their eyes during the auditory
paradigm and listened to recurrent tones of 500 Hz for the standard condition and 1000 Hz
for the oddball condition. These tones had a rise and fall of 10 ms and were presented at
approximately 60 dbSPL. In the visual paradigm, participants saw the letter O for the
standard condition and the letter X for the oddball condition. These letters were matched on
point size (35), colour (white, on a black background), and font (Calibri), and presented at
the centre of the screen. A central fixation point was presented for two seconds at the
beginning of each visual block. The oddball presentation was pseudo-randomised at a rate
of 20% in sets of five stimuli (i.e., one oddball and four standards). In both visual and
auditory paradigms, participants saw or heard one practice set before completing the
experimental blocks, where there were 60 oddball stimulus presentations and 240 standard

stimulus presentations split over 3 experimental blocks. The number of oddball presentations
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within each consecutive block was fixed at 22, 17, and 21 for the auditory paradigm, and 25,
16, and 19 for the visual paradigm. Participants were asked to keep a mental count of how
many oddballs they encountered per block and were questioned on that number at the end
of each block. One trial lasted 2 seconds, with 1 second before stimulus onset and 1 second
from stimulus onset. All stimuli were presented for 150 ms, meaning there was an
interstimulus interval of 1850 ms. Participants rested between blocks and between visual

and auditory paradigm recordings.

The oddball attention paradigms were designed and presented on E-prime
Professional (Version 2.0). Stimulus onset triggers were sent from E-prime to the EEG
system via a Windows 7 Lenovo ThinkCentre PC’s parallel port. Stimuli were presented on a
22” 1680x1050 Philips LCD monitor (Brilliance 220BW9; Brightness = 49; Contrast = 50;
9300K colour temperature). Participants were sat approximately 60 cm from screen to head.
Two speakers (Dell, Model A215) sat approximately 65 cm from the participants, with
participants sitting centrally between both speakers. The room layout was kept identical for
each participant, with lighting turned up during rest periods and dimmed during the

paradigms via a programmable dimmer.

3.2.3 Data preparation

Data were exported as EEProbe (.cnt/.evt) files, and the ANT eego™ recording
software’s in-built data preparation montage was not applied to avoid phase distortion from
the Butterworth infinite impulse response filter (Widmann et al., 2015). Saved on secure
cloud storage (Box, version 2.9.369), EEG data (.set/.fdt) was imported into MATLAB
(R2021a) for offline analysis with EEGLAB (2021.0; Delorme & Makeig, 2004) and purpose-
built code. First, EEG was demeaned, filtered between 0.1 Hz to 100 Hz, and segmented
from -1000 ms to +1000 ms around stimulus onset with a 200 ms pre-stimulus absolute
mean baseline correction. The filter was a one-pass finite impulse response (FIR; zero-
phase and hamming-windowed; Widmann et al., 2015) to avoid phase distortion. Having
linearly detrended the EOG data, Gratton EOG correction (Gratton et al., 1983) was applied
to all epochs, which uses regression to estimate and apply blink and eye movement
correction factors to subtract EOG artefacts from the EEG. Whilst Gratton EOG correction
may remove a small proportion of brain activity from the data, it was implemented as a
lighter touch data cleaning compared to methods such as independent components analysis
(ICA). It is not clear whether ICA distorts phase relations, potentially differentially across
frequencies (Montefusco-Siegmund et al., 2013; Thatcher, 2012), and whether it is worth the
added complexity and user input, particularly in a clinical context, for the average

improvement in SNR (Delorme, 2023).
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Data were referenced to the average reference (excluding the noisy, high-impedance
level mastoids), with CPz reconstituted and trials comprising values outside -120 to +120 pV
rejected. Consequently, for the AO condition, a mean of 5 trials were rejected (SD = 8.69,
Range = 0 to 44). For the AS condition, a mean of 18 trials were rejected (SD = 29.72,
Range = 0 to 175). For the VO condition, a mean of 8 trials were rejected (SD = 10.57,
Range = 0 to 56). For the VS condition, a mean of 31 trials were rejected (SD = 39.78,
Range = 0 to 217). Data preparation was completed without reference to demographic data,
such as chronological age, but we later checked whether age and the number of rejected
trials were correlated, and they were significantly positively correlated (AO: r= .30, p = .022;
AS: r=.31, p=.016; VO: r= .35, p = .007; VS: r= .36, p = .005). From here on, a central-
parietal electrode region of interest (ROI) was used in the hope of enhancing SNR (fifteen
electrodes: C3, Cz, C4, CP1, CP2, P3, Pz, P4, C1, C2, CP3, CP4, P1, P2, and CPz; Figure
2.2). The fifteen-electrode ROI was informed by P3b topography and published
recommendations for oddball attention paradigms (Huffmeijer et al., 2014; Riha et al., 2020;
Squires et al., 1975; Polich, 2007).

3.2.4 Signal analysis

Pre-stimulus and post-stimulus power spectra (-1000 ms and +1000 ms around
stimulus onset respectively) were estimated in three alternative ways. First, an AM power
spectral density estimation was used with the covariance method of model order 128 that
covers a span of 256 milliseconds (128x2; MATLAB function ‘pcov.m’), which allows for the
estimation of spectral density values from 0.1 to 45 Hz at a resolution of 0.1 Hz. Frequencies
above 45 Hz were excluded from analysis because of their low SNR, including the United
Kingdom’s 50 Hz mains electricity noise. Second, spectral analysis followed the traditional
Welch FFT-method implemented in MATLAB function ‘pwelch.m’ with a 512-millisecond
Hanning-tapered window with 50% overlap (HAN). Third, spectral analysis followed the
traditional Welch FFT-method implemented in EEGLAB function ‘spectopo.m’ with a 512-
millisecond Hamming-tapered window (HAM). To prevent the highest power values at low
frequencies from biasing the visualisations, the EEG power spectrum was converted to
amplitude by taking the square root and then the logarithm (base 2) to create a
log, (amplitude) spectrum (Burgess, 2019). ERPs were calculated by averaging across the
baseline-corrected trials, and then filtered with a low-pass at 30 Hz using the same FIR as

specified earlier and trimmed between -200 ms pre-stimulus and 800 ms post-stimulus.

IMFs were produced via the EMD of an SVD of the channel-by-epoch EEG data.
SVD (Harner, 1990) deconstructs an EEG input into a linear combination of components
and, when used to improve the SNR of EEG by data reduction, emphasises features of the

EEG that are consistent across electrodes in an individual. This is comparable to creating a
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weighted-mean EEG dataset, where the weighting is by the common variance across
electrodes. In the current context, the first extracted component only just accounted for the
majority of variance per participant (e.g., M = 53% variance, SD = 12%, Range = 32% to
83%), so where the variance accounted for by the first component was below 85%,
additional components were included in a multi-component reconstruction of a weighted-
mean epoch. The threshold of 85% was chosen as a middle ground between too few
components (i.e., an incomplete representation of the true signal) and too many components
(i.e., overfitting) bearing in mind this data reduction was performed at the epoch level. It sat
between a published rule of thumb of keeping between 70% to 90% of variance when aiming
for a conservative improvement in SNR (Falini, 2022). In total, IMFs were produced for the
original EEG data (i.e., at 500 Hz SR) as well as an additional five downsampled datasets at
373 Hz, 281 Hz, 211 Hz, 157 Hz, and 113 Hz respectively. This method of using prime-
numbered downsamples at three-quarters of the source frequency results in different mean
baseline frequencies per IMF of the respective EMD. Therefore, running an EMD on multiple
downsampled datasets incorporates a greater range of the broadband frequency range, but
also means that there will be enough data points to ensure a valid model fitting of tsyncnG

thereafter.

For each ordinal IMF per epoch, the Hilbert transform was used to provide an
analytic signal. This analytic signal allowed for calculation of instantaneous phase, with
Euler’s formula representing complex numbers (both real and imaginary parts) as points on
a circle as in Figure 2.1 (Cohen, 2014). The PLV (Lachaux et al., 1999) was calculated as
the absolute mean phase vector at each time point (2 ms) across epochs, with the higher the
PLV the greater the phase synchrony across trials. Instantaneous frequency was estimated
from the gradient of the unwrapped phase averaged across epochs, using a continuous
wavelet transform (derived from Gaussian family smoothing function; Luo et al., 2006) in
attempt to minimise amplified noise from numerical dedifferentiation (Burgess, 2012). For
completeness, amplitude was calculated from the mean amplitude envelope, and the evoked

signal from the mean of each IMF.

The peak PLV per ordinal IMF, located between 50 ms to 500 ms post-stimulus,
represents tsyncn (Burgess, 2012). Calculating tsynch for each IMF allows for model fitting of
tsyncnG with the MATLAB Curve Fitting Toolbox (v3.5.13). A non-linear least squares power
law curve was fit via the Levenberg-Marquardt method using default starting points and a
Least Absolute Residuals robust fitting approach to minimise the effect of outliers. A linear
least squares polynomial straight line was also fit after log-log transformation of the tsyncn
data points per frequency by time, and a Bisquare robust fitting approach was used to

minimise the effect of outliers. Modelling was completed across all IMFSs’ tsynch points per
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participant, and all the grand average IMFs’ tsynch points after averaging across participants’
frequency and PLV data. Because the first IMF is poorly estimated (Burgess, 2012) and
often contains high-frequency noise (e.g., the United Kingdom’s 50 Hz mains electricity

noise), it was omitted from analyses.

3.3 Results
Table 3.0 provides a concise summary of this Results section, outlining its
organisation and purpose of the content to support efficient engagement with this chapter

and to clarify how it contextualises future chapters.
Table 3.0

An outline of the organisation of this Results section, split into sections organised in line
with the different analytical approaches covered, and in a way that deliberately mirrors

the narrative progression (including rationale therein).

Content Purpose Context
Section Event-related power Preliminary checks, visual and Supports
3.3.1 spectra and ERPs, and statistical, to ensure that widely Chapters 4,

IMFs and cross- reported event-related changesin 5, and 7

correlations between the EEG were present in the

instantaneous metrics  current dataset, a necessary
precursor to examining whether
the FM is an empirically credible,
alternative explanation of event-
related EEG. Thereafter,
replication of patterns of event-
related change in instantaneous
measures of EEG as predicted by

the FM and reported by Burgess

(2012).
Section Estimating tsyncnG from  Model fitting tsyncnG with both Supports
3.3.2 EEG data power law and log-log polynomial Chapters 4,
fits as proof-of-principle to 5,and7

establish the tsyncnG metric for

later use in an ageing context.
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Section Differences in tsyncnG Analysing differences in tsyncnG Supports
3.3.3 between modalities between auditory and visual Chapters 4,
and conditions modality ERPs and oddball and 5,and7
standard conditions of those
ERPs, as well as the interaction

between modality and condition.

3.3.1 Replication of the Firefly Model

First, the power spectra of the pre-stimulus and post-stimulus periods were visually
inspected as part of preliminary checks to ensure that widely reported event-related changes
in the EEG were present in the current dataset, a necessary precursor to examining whether
the FM is an empirically credible, alternative explanation of event-related EEG. The oddball
spectra showed the expected clear reductions in high-frequency power (i.e., alpha band
upwards) and increases in low-frequency power (i.e., theta band downwards) from pre-
stimulus to post-stimulus periods in the AO condition (as shown in Figure 3.1.1) and VO
condition (as shown in Figure 3.1.3). The changes in the oddball conditions’ power spectra
were presented irrespective of the estimation method used (i.e., AM, HAN, or HAM). There
was a marginal increase in low-frequency power from pre-stimulus to post-stimulus periods
in the AS condition (as shown in Figure 3.1.2) and VS condition (as shown in Figure 3.1.4),
and a reduction in alpha in the VS condition too. However, these changes in the standard
condition’s power spectra were not as substantial as the changes seen in the oddball

conditions’ power spectra, and the changes were dependent on the estimation method used.
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Figure 3.1.1

Pre-stimulus (red line) and post-stimulus (blue line) AO EEG spectra per estimation method
(AM, HAN, and HAM) averaged over electrodes and participants, with 95% confidence
intervals shaded the same colours respectively to visualise overlaps and differences
between the pre- and post- spectra.
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Figure 3.1.2

Pre-stimulus (red line) and post-stimulus (blue line) AS EEG spectra per estimation method

(AM, HAN, and HAM) averaged over electrodes and participants, with 95% confidence
intervals shaded the same colours respectively to visualise overlaps and differences

between the pre- and post- spectra.
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Figure 3.1.3

Pre-stimulus (red line) and post-stimulus (blue line) VO EEG spectra per estimation method
(AM, HAN, and HAM) averaged over electrodes and participants, with 95% confidence

intervals shaded the same colours respectively to visualise overlaps and differences
between the pre- and post- spectra.
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Figure 3.1.4

Pre-stimulus (red line) and post-stimulus (blue line) VS EEG spectra per estimation method
(AM, HAN, and HAM) averaged over electrodes and participants, with 95% confidence

intervals shaded the same colours respectively to visualise overlaps and differences
between the pre- and post- spectra.
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Second, the ERPs were visually inspected as part of further preliminary checks to
ensure that widely reported event-related changes in the EEG were present in the current
dataset, a necessary precursor to examining whether the FM is an empirically credible,
alternative explanation of event-related EEG. The ERPs showed clear oddball-related
components for the AO and VO conditions and not the AS and VS conditions (as shown in
Figure 3.2). For example, the N2 and P3b components are clear to the eye, with the VO
peaks having a general delay compared to the AO peaks (e.g., an approximately 30 ms
delay for the mean visual P3b peak). There was a constant negative offset of approximately
-1 uV for visual compared to auditory ERPs, but amplitude components were not compared

between modalities here.
Figure 3.2

EEG ERPs for the AO-AS conditions (black-magenta lines) and VO-VS conditions (red-cyan
lines) averaged over electrodes and participants, with 95% confidence intervals shaded the

same colours respectively to visualise overlaps and differences between the conditions.
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Third, the IMFs were visually inspected to identify replication in the patterns of event-
related change in instantaneous measures of EEG as predicted by the FM and reported by
Burgess (2012). The IMFs showed that increases in PLV were temporally aligned with
decreases in instantaneous frequency post-stimulus (as shown in Figure 3.3). tsynch per IMF
followed a clear trend across time with earlier tsynch the higher the frequency, which was also
evident in the pattern across IMFs’ instantaneous frequency troughs. Late IMFs (i.e., low
frequencies) showed long latency modulations and omitted the rebound, which can be

accounted for by the long period and limited window size per epoch; indeed, a reason for
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implementing a long ISI between trials was to minimise the impact of overlapping activity per
trial. For amplitude, there was often a small, short-duration increase before a deeper,
prolonged dip and rebound that also increased in latency per ordinal IMF. This change was
most clear in the AO condition, but also in IMF4 across conditions and modalities. For the
evoked signal, W-shapes were evident, which widened with each ordinal IMF. The
overarching pattern of post-stimulus modulations, with the peak latency and width of
modulations increasing with each IMF (i.e., with decreasing mean baseline frequency), was
more consistent for the AO condition than the VO condition, and more pronounced and

systematic in the oddball conditions than the standard conditions.
Figure 3.3

An example output from EMD showing the time course of phase synchrony (PLV, red line),
frequency (FRQ, red line), amplitude (AMP, red line), and evoked response (EVO, red line)
for IMFs 2-6 (in descending order) of one downsample (281 Hz), averaged over participants
per condition; the dotted lines represent 95% confidence intervals of the measurement in the
-200 ms to 0 ms baseline period to visualise crosses of the red line (i.e., change in the metric
of interest), and the blue dots represent tsyncn for PLV and the point of lowest frequency for
FRQ.
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instantaneous frequency, again to identify replication in the patterns of event-related change

in instantaneous measures of EEG as predicted by the FM and reported by Burgess (2012).

These Pearson Correlation Coefficient (PCC) cross-correlations were calculated on each

downsampled IMFs’ PLV and frequency data averaged across all participants. The resultant

cross-correlation coefficients and mean baseline frequencies were then averaged across

equivalent IMFs to efficiently visualise the overarching trends. There were clear negative

cross-correlations (as shown in Table 3.1.1) in IMFs 2 and 3 across all conditions and

modalities, and in IMFs 4 and 5 for the AO condition. IMF1 averaged at around a 50 Hz

baseline frequency, which supports the exclusion of IMF1 from other analyses. Due to mode

mixing in EMD where averaged ordinal IMFs do not always contain equivalent or single

frequencies (e.g., IMF2 containing a mix of beta and alpha, IMF3 a mix of alpha and theta,

IMF4 a mix of theta and delta), thus blurring the relationships, average cross-correlations

were also calculated for discrete frequency bands of beta (13-30 Hz), alpha (7-13 Hz), theta

(4-7 Hz), and delta (1-4 Hz). This banding used the mean baseline frequencies per IMF

across downsamples, and was implemented to make the negative cross-correlations clearer

(as shown in Table 3.1.2).
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Table 3.1.1

Cross-correlation coefficients (PCC) at zero lag, averaged over downsamples, between PLV

and frequency of the IMFs per condition in the time range 0 ms to 500 ms, with mean

baseline frequency/Hz and SD shown in brackets (M, SD).

IMF AO AS VO VS
1 21 01 -22 -01
(52.03,19.10)  (51.55,19.18)  (53.83,18.88)  (53.29, 18.76)
2 -10 -16 12 -.24
(21.96,6.96)  (21.49, 6.74) (24.10,7.33)  (23.39, 6.82)
3 -.29 - 11 -48 -.25
(9.94, 2.79) (9.84, 2.68) (11.04,3.13)  (10.79, 2.85)
4 .76 -.20 .04 19
(4.79, 1.43) (4.84, 1.40) (5.23, 1.55) (5.25, 1.47)
5 -.49 37 27 -.09
(2.16, 0.75) (2.20, 0.77) (2.37,0.81) (2.38, 0.80)
6 40 43 34 26
(0.80, 0.35) (0.78, 0.35) (0.88, 0.31) (0.86, 0.37)
Table 3.1.2

Cross-correlation coefficients (PCC) at zero lag, averaged over downsamples, between PLV

and frequency of set frequency bands taken from IMFs per condition in the time range 0 ms

to 500 ms, with mean baseline frequency/Hz and SD shown in brackets (M, SD)

Band AO AS VO VS
Beta -7 -15 ~.06 -7
(24.03,4.72)  (23.51,4.57)  (26.29,4.78)  (25.53, 4.36)
Alpha - 14 -13 -45 -41
(10.93,1.81)  (10.80,1.74)  (12.16,1.99)  (11.87, 1.80)
Theta -76 -.27 -14 28
(5.63, 0.48) (5.67, 0.46) (6.14, 0.52) (5.81,0.92)
Delta -.41 31 13 -.03
(2.14, 0.89) (2.31,0.88) (2.23, 1.00) (2.06, 0.88)
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3.3.2 Estimating tsyncnG

The gradient across tsynch points (i.e., tsyncnG) was estimated with both power law
curve and log-log polynomial straight-line models. The power law curve gradient was better
evidence as a proof-of-principle for the systematic delay in latency of tsyncn points across
ordinal IMFs, with far higher adjusted R? values (adjR?). However, the log-log polynomial
straight-line gradient was more easily interpreted as a single number, thus preferred as the
final tsyncnG metric for ease of use in future analyses and applications. Figure 3.4.1 visualises
both power and polynomial tsyncnGs for the AO and AS conditions, and Figure 3.4.2
visualises the power and polynomial tsyncnGs for the VO and VS conditions, as proof-of-

principle to establish the tsyncnG metric for use in an ageing context in the following chapters.
Figure 3.4.1

Model fitting tsyncnG with both power law (Pcurve, left side) and log-log polynomial (Lline, right
side) fits for the AO condition (black lines) and AS condition (pink lines), modelled across all
downsamples’ tsynch points per condition (black and pink dots for AO and AS conditions

respectively), with PLV and frequency data averaged over participants.
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Figure 3.4.2

Model fitting tsyncnG with both power law (Pcurve, left side) and log-log polynomial (Lline, right
side) fits for the VO condition (black lines) and VS condition (pink lines), modelled across all
downsamples’ tsyncnh points per condition (black and pink dots for VO and VS conditions

respectively), with PLV and frequency data averaged over participants.
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3.3.3 Differences in tsyncnG between conditions and modality

A two-way within-subjects factorial ANOVA was conducted to examine the main
effects of condition (oddball versus standard) and modality (auditory versus visual), as well
as any interaction between these factors, using the log-log version of tsyncnG per individual.
The main effect of condition was significant (F(1,59) = 7.58, p = .008, n“, = 0.11), where the
oddball gradient (M =-0.42, SD = 0.53, Range = -2.13 to 0.80, 95% CI [-0.55, -0.28]) was
steeper than the standard gradient (M = -0.19, SD = 0.40, Range = -1.06 to 0.61, 95% CI [-
0.29, -0.09]). Additionally, the modality main effect was significant (F(1,59) = 8.83, p = .004,
n? = 0.13), where the auditory gradient (M = -0.42, SD = 0.42, Range = -1.52 to 0.79, 95%
CI[-0.53, -0.31]) was steeper than the visual gradient (M = -0.19, SD = 0.49, Range = -1.25
to 0.93, 95% CI [-0.32, -0.06]).

The interaction effect between condition and modality was also significant (F(1,59) =
4.38, p = .041, n° = 0.07). Specifically, there was no difference between standard auditory
(M =-0.21, SD = 0.56, Range = -1.53 to 1.12, 95% CI [-0.36, -0.07]) and standard visual (M
=-0.17, SD = 0.61, Range = -1.67 to 1.10, 95% CI [-0.33, -0.01]), but there was a difference
between oddball auditory (M = -0.62, SD = 0.68, Range = -3.67 to 0.87, 95% CI [-0.80, -
0.45]) and oddball visual (M = -0.21, SD = 0.74, Range = -2.16 to 1.63, 95% CI [-0.40, -
0.02]). Also, there was no difference between oddball visual (M =-0.21, SD = 0.74, Range =
-2.16 to 1.63, 95% CI [-0.40, -0.02]) and standard visual (M =-0.17, SD = 0.61, Range = -
1.67 to 1.10, 95% CI [-0.33, -0.01]), but there was a difference between oddball auditory (M
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=-0.62, SD = 0.68, Range = -3.67 to 0.87, 95% CI [-0.80, -0.45]) and standard auditory (M =
-0.21, SD = 0.56, Range = -1.53 to 1.12, 95% CI [-0.36, -0.07]).

Both the main effect and interaction descriptive data of the two-way within-subjects
factorial ANOVA are presented visually in Figure 3.5. This aims to clarify the differences in
tsyncnG seen between ERPs of different modality (i.e., auditory versus visual) and condition
(i.e., oddball versus standard), with steeper tsyncnG in auditory and oddball conditions
respectively, as well as the difference in tsyncnG between oddball and standard conditions

depending on the auditory modality of the paradigm (i.e., oddball tsyncnG steeper only in the
auditory modality).

Figure 3.5

Line plot visualisations of the significant condition (oddball < standard; O_S) and modality
(auditory < visual;, A_V) main effects on tsyncnG, and the significant interaction effect of

condition and modality, with dots as means and bars as the 95% confidence intervals to
show overlaps and differences (n = 60).
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3.4 Discussion

Our objective was to determine whether the FM is an empirically credible, alternative
explanation of event-related EEG that has the potential to be used in an ageing context. This
would not only advance our understanding of event-related EEG, but also set the foundation
for further study to improve our understanding of age-related changes in the brain and,
potentially, how to track deleterious age-related changes. First, we wanted to replicate
frequency and phase modulations as the explanatory mechanism of event-related changes
in the EEG. The negative PCC cross-correlations seen between instantaneous frequency
and PLV in Burgess (2012) were replicated in this study, with post-stimulus instantaneous
frequency slowing concurrent with increasing PLV across multiple IMFs. This finding
supports the existence of a systematic, gradual slowing in the frequency domain of ongoing
EEG that is concurrent with phase alignment, thus suggesting that the FM does offer an
empirically credible explanation of event-related information processing in the EEG. There
were also expected changes in power spectra and shapes of ERP waveforms, supporting
the conclusion that the oddball attention paradigms were successfully implemented across
modalities, and supporting the validity of the prior interpretation of the patterns across IMFs

and cross-correlations.

Second, we sought to explore the ability to estimate a novel tsyncnG metric. Based on
the FM and the VSH, it was predicted that modelling tsynch across ordinal IMFs (i.e., cross-
frequency) would follow a power law curve to reflect the systematic, gradual spread of
information processing and communication across neural networks of increasing scale (thus
decreasing frequency) over time. Power law curves emerged and accurately modelled the
pattern of tsyncn across a set of decreasing mean baseline frequencies over time. In turn, log-
log polynomial lines were produced as the new metric of tsynenG (i.€., the gradient of the
model fit). The linear gradient is one number that is more interpretable and usable than the
complex, multiple power law gradients, although it should be noted that the linear fits were
less accurate than the power law fits. This finding supports that the power curve model

better reflects the systematic, cross-frequency phase modulation mechanism.

Finally, we wanted to see if tsyncnG differed across conditions (oddball versus
standard) and modalities (auditory versus visual) in an oddball attention paradigm. It was
predicted, based on there being differences in the ERP waveforms between different
conditions and sensory modalities, that there would be differences in tsyncnG t00. tsynenG is a
direct measure of the FM’s explanatory mechanism that underpins the formation of evoked
and induced changes. Therefore, tsyncnG can be thought of as a quantification of the
timecourse of information processing and communication through neural networks of

increasing size. For example, the flatter (more positive) the gradient, the slower or more
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variable (i.e., inefficient) the communication. In the current study, the oddball tsyncnG was
steeper than the standard tsyncnG. So, this can be interpreted as a faster timecourse of neural
network communication for the oddball condition. However, it might be the case that the
oddball gradient reflects rigid task demands with naturally more efficient information
processing and communication across neural networks. In contrast, the standard gradient
was trending towards a gradient closer to zero due to reflecting far less homogenous activity
over trials, because the standard condition does not require a strict set of behavioural and
cognitive responses. These conclusions are supported by the power spectrum comparisons
for pre-stimulus and post-stimulus periods, where there were clear and consistent changes
in the oddball conditions but not the standard conditions. The auditory tsyncnG Was also
steeper than the visual tsyncnG, Which can be interpreted in an analogous way, where the
auditory gradient may be a purer measure of more efficient processes; there may also be
better SNR in the auditory condition. The general conclusion is that the FM does account for
differences in an oddball attention paradigm’s ERP in terms of condition and modality, but
the meaning behind the differences remains unclear. The significant interaction further

elaborates on these main effects and their interpretation, however.

The interaction effect between condition and modality showed the key differences in
tsyncnG as being between oddball auditory and oddball visual, and oddball auditory and
standard auditory. There were no differences between standard auditory and standard
visual, or oddball visual and standard visual. Indeed, there were clear auditory oddball
patterns across the data visualisation, which were less clear in standard conditions and the
visual modality of both conditions. A potential interpretation of this interaction is that the SNR
in the auditory conditions is better than the visual conditions (Bennington & Polich, 1999;
Polich, 1996), alongside the distinction in measurement noise and event-related
neurophysiology between auditory eyes closed and visual eyes open conditions (Barry & De
Blasio, 2017), which is borne out in the different ERP waveforms and power spectra per
modality. To summarise, the AO condition’s tsynchG is the most statistically sensitive, highest
SNR metric, perhaps due to the nature of the task demands and intrinsic measurement
noise, but also due to the nature of the underlying efficiency of the brain activity, particularly
when compared to the standard condition. Additionally, the electrode ROI was informed by
recommendations on increasing the SNR of the P3b component of the oddball ERP. In
future, incorporating a larger number of electrodes and different ROIs or full scalp (Delorme,
2023) for other ERPs, modalities and conditions should improve our understanding of the

differences in tsynenG between different methodologies.

Whilst the results of this study provide support for the FM, there are still unanswered

questions. First, the exact shape of the post-stimulus power spectra as predicted by the FM
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does not perfectly match that of the empirical data. For example, there is only a marginal
transition of the peak alpha frequency post-stimulus towards lower frequencies in some of
the power spectra, whereas the FM proposes global frequency slowing with no change in
amplitude. Also, the size of the decrease in instantaneous frequency alongside amplitude
changes seen across IMFs were small, and sometimes even negligible. However, a possible
interpretation of these disparities is that due to the task demands being minimal in an oddball
paradigm, particularly in the standard conditions, only a small proportion of the EEG
responded to the event (Burgess, 2012). When combined with averaging smear, alpha
smear and latency jitter, measurement noise and the electrode ROI, there will likely have
been a dilution of the visible changes in frequency. That said, there remains uncertainty as
to whether there is an amplitude change that is not implicated and accounted for by the FM,
but that would be by models such as the AAM (Mazaheri & Jensen, 2008). And there is no
answer forthcoming on how best to account for empirical evidence that contradicts the
VSH’s conceptualisation of the scale of the neural network being inversely proportional to
the frequency (e.g., apparent large-scale communication in the gamma frequency range;
Doesburg et al., 2008; Pesaran et al., 2008; Siegel et al., 2008). In general, this reinforces
the requirement to amalgamate models based on empirical evidence to best explain the
complexity of the EEG (Cohen & Gulbinaite, 2014).

There are also concerns around how noisy the estimates of tsncnG are. Indeed, it is
well-known that the baseline variability in EEG metrics is high, particularly at an individual
level (Burgess & Gruzelier, 1993). In the current context, first, instantaneous variables are
innately noisy to quantify. This is particularly the case for frequency, where numerical
differentiation increases the noise of a signal (Luo et al., 2006). This may further explain why
the frequency dips were minimal across some of the IMFs in the current study, and why they
were originally lower than anticipated in Burgess (2012). Second, EMD has several intrinsic
limitations that will augment noise and likely contribute to unreliable measures at the
individual level. For example, a specific ordinal IMF may not include directly comparable
and/or single frequencies (i.e., mode mixing) across trials, tasks, electrodes, and
participants. These issues undermine extensive averaging for univariate analyses and are
further amplified by noisy recordings thus signal intermittency (Gao et al., 2008; Huang et al.,
1999), which are common in EEG. Finally, tsyncnG was not always modelled as expected,
especially for the standard conditions. For example, a minority of participants’ tsyncnG were
greater than 0, which would not be readily explained by the FM. Instead, this would likely
implicate problematic SNR alongside limited task demands in the current paradigm, and an
arguably suboptimal ROI for the standard conditions. That is, participants with gradients

greater than zero could be reflecting what would be flatter but still negative gradients with
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optimised SNR. It is also the case that there will inevitably be limited SNR for oddball trials,
given they must be deviant in comparison to the standard condition. Sixty trials has been the
minimum number recommended for a suitably powered experimental manipulation
(Huffmeijer et al., 2014). The number of oddball trials per participant in the current study was
on average lower than sixty after data cleaning. These SNR issues are also augmented in
older adults, where measurement noise becomes more common and challenging, as shown
by the significant correlations between age and the number of trials removed during data
cleaning. Therefore, it perhaps comes as little surprise that EEG metrics share a similar level
of undesirable variability that is so intrinsic to the underlying methodology and analytical

techniques.

Whilst caveated by the current SNR of tsyncnG at the individual level, the overarching
findings remain informative, and it is now for future research to optimise the methodological
and analytical pipelines to improve the SNR. Indeed, future research will need to disentangle
SNR from meaningful changes in tsynenG if it is to have utility for clinical settings. However,
this chapter can conclude that the FM offers an empirically credible, alternative explanation
of event-related EEG that relies on systematic oscillatory phase synchronisation and
frequency slowing. In summary, there were three broad aims of this thesis, which could be
achieved concurrently; namely, 1) to advance our understanding of event-related and
resting-state EEG and MEG, 2) to advance our understanding of age-related changes in the
brain with EEG and MEG, and 3) to establish EEG and MEG metrics that have the potential
to track those age-related changes over time. This first experimental chapter has advanced
our understanding of event-related EEG and established tsyn.nG as a novel metric that can be
used to advance our understanding of age-related changes in the brain and perhaps track
age-related changes over time. Inspired by the well-known aphorism, ‘All models are wrong,
but some are useful’, the focus of this thesis will now turn to whether tsyncnG could be useful
in an ageing context. Oddball paradigms and their ERPs are already used in ageing studies
and clinical contexts (Dauwels et al., 2010a; Duncan et al., 2009; Howe et al., 2014; Vecchio
& Maatta, 2011), so the first test will be whether tsyncnG correlates with chronological age,
and how that correlation compares with the correlations between ERPs’ peak metrics and
chronological age. Cognitive performance could also be considered, and whether tsyncnG
reflects any known protective and/or deleterious changes associated with ageing. Not only
will this research improve our understanding of age-related changes in the brain, namely
age-related changes in event-related EEG, but set the foundation for using tsyncnG in an

applied way, such as to detect and track deleterious age-related changes.
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Chapter 4: Estimating chronological age from the EEG: event-related oscillatory

dynamics in the healthy ageing brain

4.1 Introduction

After the findings of Burgess (2012) and Chapter 3 of this thesis, the FM has now
been supported by replicable empirical findings that largely align with the original simulation
modelling. These converging results suggest that the FM is a true candidate for explaining
event-related changes in the EEG. Inspired by the well-known aphorism of ‘All models are
wrong, but some are useful’, this thesis will now consider whether tsyncnG could be useful in
an ageing context. It is hoped that tsyncnG can advance our understanding of age-related
changes in the brain, and, in turn, help to detect and track deleterious changes early,
accurately, and in an accessible way. There is already extensive literature on the effects of
ageing on the event-related EEG, as outlined in Chapter 2. For example, mean P3b peak
amplitude typically decreases in healthy ageing (Polich, 1996, 1997; Van Dinteren et al.,
2014) and in age-related conditions such as mild cognitive impairment and dementia
(Dauwels et al., 2010a; Hedges et al., 2016; Porcaro et al., 2019). Whereas mean P3b peak
latency reliably increases alongside healthy ageing (Polich, 1996, 1997; Van Dinteren et al.,
2014) and deleterious age-related conditions (Dauwels et al., 2010a; Duncan et al., 2009).
These age-related changes are reliable at the population-level, but there is not a widely
recognised mechanistic explanation of them, which is partly due to not having had a
complete mechanistic explanation of the event-related EEG itself. The FM has now defined
that explanatory mechanism, but this has never been applied to an ageing context.
Furthermore, the sheer complexity of any relationships between age, cognitive performance,
and brain activity, particularly at the individual level, has meant that no previous theories or
general interpretation of age-related changes (e.g., the deficit and/or benefit models) has

been established beyond reasonable doubt.

In accordance with the FM, tsyncnG is a direct measure of cross-frequency phase
modulation underpinning the formation of ERPs, such as the widely studied waveform
occurring in oddball attention paradigms. When the FM is interpreted in alignment with
theories such as the VSH (Von Stein & Sarnthein, 2000), ERPs can be thought of as a
travelling wave of information processing and neural network communication that spreads
out over time to incorporate more and more of the cortex whilst reducing in frequency.
Therefore, tsyncnG is @ metric that may enable us to study, as Burgess (2012, p. 20) put it,
‘the true deep structure of event-related changes in the EEG’ compared to ‘surface features
of the ERP, such as amplitude and latency of peaks’. This interpretation suggests that tsync.nG

will provide a meaningful, new perspective on age-related changes in information processing
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and communication in the brain, and take us closer to a specific, mechanistic explanation.
Taking inspiration from previous findings with ERPs across the lifespan, tsyncnG should
correlate with chronological age in a way that reflects age-related changes in components of

the ERP if the FM is a true candidate for explaining event-related changes in the EEG.

In an applied ageing context, tsyncnG but also well-defined peak amplitude and latency
components of ERPs could be compared on their ability to estimate chronological age. The
applied motivation for this approach is that an individual’s brain age might act as a proxy of
their general brain functioning, whereby a discrepancy between chronological age and EEG-
estimated age could prove clinically informative by implicating deleterious conditions. At the
time of writing, tsynchG has not previously been used to examine age-related changes in the
brain with an applied focus of estimating chronological age. However, it is also important to
examine the relationship of tsyncnG With cognitive performance, as it has been shown that
ERP components such as P3b peak amplitude and latency are related to cognitive
performance in and out of an ageing context (Bell et al., 2021; Howe et al., 2014; Pavarini et
al., 2018; Porcaro et al., 2019). Therefore, it will be informative to compare proxy measures
of general cognitive integrity alongside EEG-estimated age to further probe previously
established age-related processes that may impact cognitive performance (e.g.,
dedifferentiation and noise versus reserve). For example, tsynenG, due its consideration of
multiscale interactions and reflection of deeper structures, may be a more holistic

representation of changes in cognitive performance compared to discrete ERP components.

In summary, it would be amiss to treat the FM as a true candidate for explaining
event-related changes in the EEG (aim #1 of this thesis) without showing that its
fundamental explanatory mechanism — cross-frequency phase modulation that can be
operationalised via tsyncnG — demonstrates an age-related shift (aim #2 of this thesis). Our
objective was to use the new tsyncnG metric to estimate chronological age as EEG-age (aim
#3 of this thesis). First, we wanted to compare the well-established N2 and P3b ERP
components of the auditory and visual oddball attention paradigms on their ability to estimate
age. Based on previous evidence, we predicted that peak amplitude would be negatively
correlated with chronological age, and peak latency would be positively correlated with
chronological age, and we aimed to determine which estimate correlated most strongly and
provided the most accurate estimate of chronological age. Second, we sought to explore the
potential of tsyncnG to estimate chronological age, with tsynenG interpreted as a metric that may
allow us to study the true deep structure of event-related changes in the form of multiscale
information transfer and neural network communication across the brain. Third, we wanted
to examine the relationships of ERP-estimated age and ts,n.nG EEG-age with already

established proxy measures of general cognitive integrity.
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4.2 Methods
4.2.1 Participants

This is the same EEG dataset as previously used in Chapter 3, but now considering
the relationships with age rather than collapsing data across age. As a brief recap of the
demographics, sixty healthy adults (24 men, 36 women; 5 left-handed, 55 right-handed)
volunteered to participate, which allowed for ten participants per decade of chronological age
across six decades (M = 49 years, SD = 17.9, Range = 20 to 78). Having reached our
resource limit, a sensitivity power analysis for a univariate positive correlation between P3b
latency and age using Pearson’s r, with an alpha of .05 and a beta of .2 [.1], calculated a
minimum detectable effect size of .31 [.37] (calculated using G*Power, version 3.1.9.7; Faul
et al., 2009). Participants had a mean of 17 years in formal education (SD = 4.0, Range =7
to 27). Fifty-two participants identified as White, seven as Asian, and one as Black, with all
participants recruited via Aston University’s advertising portals, which includes the ARCHA
Panel that comprises older adults from around the UK who volunteer to take part in studies
at Aston University. This study received a favourable opinion from AU-REC and was carried
out in accordance with the Declaration of Helsinki and the British Psychological Society
Code of Human Research Ethics. Written informed consent was obtained from each

participant, and they were reimbursed £15 for their participation.

All participants actively reported having no experience of traumatic brain injury, no
diagnosis of neurological or psychiatric disorder, and no known cognitive impairment.
Participants were screened for depression via the GDS-15 (Sheikh & Yesavage, 1986), as
severe depression may confound measures of cognitive performance (Byers & Yaffe, 2011;
Morimoto & Alexopoulos, 2013). Participants were also screened for cognitive impairment
via the QMCI (O’Caoimh & Molloy, 2017). We included the QMCI not only as a screening
tool though, where healthy adults should report scores that are isolated to the normal
category rather than MCI or dementia categories, but as our estimate of general cognitive
integrity, a proxy measure of dedifferentiation and noise, where higher scores represented
higher general brain functioning (O'Caoimh et al., 2017). Ageing is associated with more
than depression and detrimental changes in neural and cognitive integrity, and there are
neurocognitive and neurobiological agents that provide protective benefits, like
compensation, reserve, and maintenance. Therefore, participants also completed the
National Adult Reading Test (NART; Nelson, 1982; Nelson & Willison, 1991), which is a well-
established tool that was designed to be robust to early age-related decline in integrity (both
normal decline and dementia; Maddrey et al., 1996; Nelson & McKenna, 1975; Nelson &
O'Connell, 1978). Consequently, the NART-IQ is a good estimate of premorbid intelligence,

which is positively correlated with the Wechsler Adult Intelligence Scale’s WAIS-IQ score (a
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large correlation coefficient of .69; Bright et al., 2018) but takes far less time to complete
than the WAIS. We converted the raw NART scores to estimates of the Wechsler Adult
Intelligence Scale score (WAIS-IV; Wechsler, 2008), called NART-IQ, via a validated
conversion, NARTIQ = 126.41 - 0.9775 x NART errors (Bright et al., 2018). Overall, being
more reflective of crystallised than fluid intelligence (Bright et al., 2002; Cattell, 1963), the
NART-IQ was included as an efficient, proxy measure of mechanisms that support cognitive
functioning, particularly reserve (Boyle et al., 2021), in contrast to the QMCI. Years in
education is another such proxy measure, albeit with a weaker reported effect size than
NART-IQ (Boyle et al., 2021; Bright et al., 2002).

4.2.2 EEG recording

The EEG setup used for data collection is outlined in Chapter 2 of this thesis. The
EEG recording procedure that was used across the AO, AS, VO, and VS conditions of the
oddball attention paradigm is outlined in Chapter 3 of this thesis. This study also involved a
four-choice reaction time (FCRT) task that has often been used in ageing studies and
provides a range of measures of processing speed and variability (Batterham et al., 2014,
Deary et al., 2010; Dykiert et al., 2012). Participants saw arrows and had to respond as
quickly and accurately as possible by pressing the corresponding arrow key on a Psychology
Software Tools, Model 200A serial response box that allowed for a 0 millisecond debounce
period. Participants were instructed to use their index and middle fingers of their left hand
and right hand respectively (Deary et al., 2011) across the four arrows that were pointing left,
right, upwards, and downwards. Participants first completed a practice session, consisting of
four trials per arrow. There were two subsequent experimental blocks comprising 40 trials
each block (i.e., 10 trials per arrow per block), and participants rested between these blocks.
The arrows were pseudo-randomly presented ‘.bmp’ files, matched for central positioning,
size, and colour (white, on a black background). This FCRT paradigm was designed and
presented on E-prime Professional (Version 2.0), and stimuli were presented on a 22”
1680x1050 Philips LCD monitor.

4.2.3 Data preparation

The EEG data preparation is outlined in Chapter 3 of this thesis. The FCRT data
preparation involved calculating mean accuracy and the mean reaction time (RT), raw intra-
individual standard deviation (ISD), coefficient of variation (CV; i.e., the intra-individual
standard deviation divided by mean RT), and modelled ISD (i.e., the ISD estimated as
standardised residuals from a regression model to account for mean RT). These were
calculated from cleaned data after the removal of inaccurate trials and reaction times under
or over two standard deviations from the mean (Berger & Kiefer, 2021), which resulted in the

removal of 4% of the trials on average (SD = 1%, Range = 1% to 8%). Except for accuracy
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and mean RT, with the latter metric being an estimate of processing speed, raw ISD, CV,

and modelled ISD are all estimates of intra-individual variability in FCRT performance.

4.2.4 Signal analysis

Classic ERPs were calculated as outlined in Chapter 3 of this thesis. Additionally, to
explore the impact of SVD on ERPs, SVD-ERPs were also calculated from the channel-by-
ERP decompositions to emphasise features of the ERP that were consistent across
channels in an individual. In the current context, the first extracted component accounted for
a majority of variance in a majority of participants (AO: M = 85% variance, SD = 11%, Range
= 44% to 97%; AS: M = 68% variance, SD = 11%, Range = 41% to 90%; VO: M =78%
variance, SD = 12%, Range = 53% to 95%; VS: M = 70% variance, SD = 14%, Range =
43% to 96%). The resulting ERPs, from both classic and SVD estimation methods, were
filtered with a low pass at 30 Hz using the same FIR as specified in Chapter 3 of this thesis.
The P3b component was identified by searching for the peak positive amplitude within a
latency range of 250 ms to 500 ms post-stimulus. The N2 component was identified by
searching for the peak negative amplitude within a latency range of 200 ms to 400 ms post-
stimulus. These latency ranges were informed by published recommendations for the
oddball attention paradigm’s ERP (Luck, 2014; Polich, 1996; Duncan et al., 2009). The

method used for estimating tsyncnG is outlined in Chapter 3 of this thesis.

4.3 Results
Table 4.0 provides a concise summary of this Results section, outlining its organisation and
purpose of the content to support efficient engagement with this chapter and to clarify how it

contextualises future chapters.
Table 4.0

An outline of the organisation of this Results section, split into sections organised in line
with the different analytical approaches covered, and in a way that deliberately mirrors the

narrative progression (including rationale therein).

Content Purpose Context
Section Correlations between Preliminary checks of the ageing  Supports
4.3.1 chronological age, sample’s age and cognitive Chapters 5

NART-IQ, and characteristics to identify and 7

cognitive performance  replications, confounds, and
considerations that may impact

later analyses.
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Section Estimating Using widely reported Supports

4.3.2 chronological age with  components, such as peak Chapters 5
components of the amplitude and latency measures and 7
ERP of N2 and P3b, to estimate
chronological age.
Section Estimating Using the novel measure of Supports
4.3.3 chronological age as tsyncnG to estimate chronological Chapters 5
EEG-age with tsynenG age. and 7
Section Correlations between Analysing the relationships Supports
434 EEG-age, NART-IQ, between different estimates of Chapters 5
and cognitive age, and relationships with pre- and 7
performance validated measures of deficit and

benefit framework processes.

4.3.1 Correlations between chronological age, NART-IQ, and cognitive performance
The mean NART-IQ was 115 (SD = 5.8, Range = 102 to 125), indicating that the
sample was generally above average and less varied in premorbid intelligence than the
general population. There was also a significant positive correlation between NART-IQ and
chronological age (r = .54, p < .001), which reflects the high premorbid intelligence (e.g.,
reserve) of older adult volunteers on the ARCHA Panel. The mean score of cognitive
performance on the QMCI was 77.0 (SD = 7.4, Range = 61 to 93), indicating that the sample
had normal cognitive functioning. Age was not significantly correlated with cognitive
performance (r = -.18, p > .05), and NART-IQ was not significantly correlated with cognitive
performance (r= .12, p > .05). The mean score of mood on the GDS-15 was 2 (SD = 2.6,
Range = 0 to 11), indicating that the sample was presenting with normal mood on average.
Chronological age (r = -.07, p > .05), cognitive performance (r = -.16, p > .05), and NART-IQ
(r=-.14, p > .05) were not significantly correlated with mood. Participants had a mean of 17
years in formal education (SD = 4.0, Range = 7 to 27), and chronological age (r=-.16, p >
.05), cognitive performance (r = .01, p > .05), NART-IQ (r = .09, p > .05), and mood (r = -.14,

p > .05) were not significantly correlated with years in formal education.

The mean accuracy score on the FCRT was 96% (SD = 3%, Range = 81% to 100%),
indicating that the sample was generally performing accurately. There was a significant
positive correlation between accuracy and cognitive performance (r= .37, p = .003), which
suggests that accuracy on the FCRT partly reflects general cognitive performance as
measured by the QMCI. Accuracy on the FCRT was not significantly correlated with
chronological age (r=-.18, p > .05), NART-IQ (r = -.15, p > .05), mood (r = .08, p > .05), or
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years in formal education (r = .21, p > .05). The mean RT on the FCRT was 653 ms (SD =
166.4, Range = 403 to 1287), indicating that the sample was generally performing at an
expected response speed compared to the general population (Der & Deary, 2006). There
was a significant positive correlation between mean RT and chronological age (r = .56, p <
.001), which demonstrates a slowing in RT with increasing age. Mean RT on the FCRT was
not significantly correlated with NART-IQ (r = .15, p > .05), cognitive performance (r=-.15, p
>.05), mood (r=-.03, p > .05), years in formal education (r=-.11, p > .05), or FCRT
accuracy (r=-.12, p > .05).

When it comes to intra-individual variability in FCRT performance, the mean raw ISD
on the FCRT was 165 ms (SD = 83.5, Range = 50 to 454), indicating that the sample had a
wide range of intra-individual variability in RT (Der & Deary, 2006). The mean CV on the
FCRT was 0.2 (SD = 0.1, Range = 0.1 to 0.4), and the mean modelled ISD was 0 (SD = 1.0,
Range = -2 to 4), both again demonstrating the wide variability in the FCRT performance at
an intra-individual level. There was a significant positive correlation between mean raw ISD
and chronological age (r = .44, p <.001), which demonstrates a greater intra-individual
variability in RT with increasing age. Mean raw ISD on the FCRT was not significantly
correlated with NART-IQ (r = .08, p > .05), cognitive performance (r = -.15, p > .05), mood (r
= .03, p > .05), years in formal education (r=-.12, p > .05), or FCRT accuracy (r=-.11, p >
.05). There was a significant positive, near perfect correlation between mean raw ISD and
mean RT (r=.92, p <.001), which supports examining metrics that disentangle mean RT

from intra-individual variability.

There was a significant positive correlation between CV and chronological age (r =
.30, p =.019), which demonstrates a greater intra-individual variability in RT with increasing
age despite statistically controlling for mean RT. CV on the FCRT was not significantly
correlated with NART-IQ (r = .01, p > .05), cognitive performance (r = -.16, p > .05), mood (r
= .08, p > .05), years in formal education (r=-.13, p > .05), or FCRT accuracy (r=-.10, p >
.05). However, there was still a significant positive correlation between CV and mean RT (r =
.65, p <.001). To statistically disentangle mean RT from intra-individual variability in a more
stringent way, modelled ISD was calculated and was not significantly correlated with
chronological age (r = -.18, p > .05), NART-IQ (r = -.15, p > .05), cognitive performance (r = -
.03, p > .05), mood (r = .14, p > .05), years in formal education (r = -.04, p > .05), or FCRT
accuracy (r=-.01, p > .05).
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4.3.2 Estimating chronological age with components of the ERP

Classic and SVD ERPs (as shown in Figure 4.1) were estimated to allow for the
examination of relationships between chronological age and peaks of the N2 and P3b
components of the oddball attention paradigm in both auditory and visual modalities.
Chronological age was regressed onto the peak amplitude and peak latency of each oddball

component for each estimation method per auditory and visual modality.
Figure 4.1

Classic ERPs, top panel, and SVD ERPs, bottom panel, comprising AO-AS conditions
(black-magenta lines) and VO-VS (red-cyan lines) averaged over electrodes and
participants, with 95% confidence intervals shaded the same colours respectively to

visualise overlaps and differences between the conditions.
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For the auditory modality, P3b and N2 peak amplitudes proved to be significant (p <
.05) predictors of chronological age in both classic and SVD estimation methods (as
visualised via scattergrams in Figure 4.2). P3b of the SVD method was the most accurate
and strongest predictor of age, descriptively, according to RMSE and the correlation
coefficient respectively. Using the Glass & Hopkins method (Glass & Hopkins, 1996; IBM
Support, 2020) to compare the strengths of correlation coefficients between chronological
age and amplitude for each component and estimation method, Table 4.1 shows that there
were no significant differences in the strengths of the correlations except between P3b
classic and P3b SVD estimation methods; P3b SVD amplitude was a significantly stronger
correlate with chronological age. The regression of chronological age on P3b amplitude of
the SVD method corresponded with a correlation of r = -.53 (or .53 with P3b-age) and
accounted for approximately 26% of the variance in age (RMSE = 15.07). When regressing
P3b amplitude onto chronological age (RMSE = 0.30), each decade of chronological age
was associated with an expected change of 0.11 pyV in amplitude (P3b amplitude =
—0.011 x Age + 1.81). When combining P3b and N2 amplitudes from SVD in a multiple
regression (RMSE = 14.79), N2 amplitude did not significantly improve the model (F(1, 57) =
2.15, p > .05, AdjR? change = .03).

Figure 4.2

Scattergrams showing the linear relationship between peak amplitude (uV) and
chronological age (years) for auditory P3b (top row) and auditory N2 (bottom row) oddball

ERP components of classic (left side) and SVD (right side) estimation methods.

Age

40

] g 05 10 15 20

P3b_AO P3b_AO_SVD

Age =-2.84 x P3b amplitude + 65.03 Age =-26.13 x P3b amplitude SVD + 82.88
F=11.73,df 1,58 p=.001 F=22.19,df1,58p<.001
r=-.41; AdjR? = 0.15; RMSE = 16.16 r=-.53; AdjR? = 0.26; RMSE = 15.07
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Age

40

N2_AO

Age =-4.08 x N2 amplitude + 47.03
F=8.85,df1, 58 p=.004

r=-.36; AdjR? = 0.12; RMSE = 16.51

N2_AO_SVD

Age =-14.24 x N2 amplitude SVD + 47.47
F=17.36,df1, 58 p=.009

r=-.34; AdjR? = 0.10; RMSE = 16.69

Table 4.1

Differences between Pearson’s r correlations of chronological age with AO peak
amplitude, using the Glass & Hopkins method to formally compare the strengths of these

correlation coefficients.

P3b_Classic P3b_SVD N2_Classic N2_SVD
P3b_Classic -
P3b_SVD 2F -
N2_Classic -.05 -.16 -
N2_SVD -.07 -.19 -.03 -

Note. The values represent the differences between the respective Pearson’s r correlation
coefficients (e.g., P3b_Classic — P3b_SVD); *p < .05

For the auditory modality, P3b and N2 peak latencies proved to be significant (p <
.05) predictors of chronological age in both estimation methods (as visualised via
scattergrams in Figure 4.3). P3b of the SVD method was the most accurate and strongest
predictor of age, descriptively, according to RMSE and the correlation coefficient
respectively. Using the Glass & Hopkins method (Glass & Hopkins, 1996; IBM Support,
2020) to compare the strengths of correlation coefficients between chronological age and
latency for each component and estimation method, Table 4.2 shows that there were no
significant differences in the strengths of the correlations. The regression of chronological

age on P3b latency of the SVD method corresponded with a correlation of r = .28 and
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accounted for approximately 6% of the variance in age (RMSE = 17.00). When regressing
P3b latency onto chronological age (RMSE = 56.49), each decade of chronological age was
associated with an expected change of 9.37 ms in latency (P3b latency = 0.937 X Age +
361.81). When combining P3b and N2 latencies from SVD in a multiple regression (RMSE =
15.98), N2 latency significantly improved the model (F(1, 57) = 7.53, p = .008, AdjR? change
=.11), thus warranting inclusion of both P3b (standardised estimate = 0.35) and N2
(standardised estimate = 0.33) peak latencies when predicting age (Age = 0.10 X

P3b latency + 0.16 X N2 latency — 33.74).

Figure 4.3

Scattergrams showing the linear relationship between peak latency (ms) and chronological
age (years) for auditory P3b (top row) and auditory N2 (bottom row) oddball ERP

components of classic (left side) and SVD (right side) estimation methods.

P3b AL

Age =0.09 x P3b latency + 13.35

F=4.52,df1,58p=.038

r=.27; AdjR? = 0.06; RMSE = 17.07
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P3b AL SVD

Age =0.08 x P3b latency SVD + 14.51
F=5.01,df1,58 p=.029

r=.28; AdjR? = 0.06; RMSE = 17.00
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N2_AL

N2_AL_SVD

Age =0.13 x N2 latency + 16.11
F=4.88,df1,58 p=.031

r=.28; AdjR? = 0.06; RMSE = 17.02

Age =0.13 x N2 latency SVD + 16.66
F=4.49,df1,58 p=.038

r=.27; AdjR? = 0.06; RMSE = 17.07

Table 4.2

Differences between Pearson’s r correlations of chronological age with AO peak latency,

using the Glass & Hopkins method to formally compare the strengths of these correlation

coefficients.
P3b_Classic P3b_SVD N2_Classic N2_SVD
P3b_Classic -
P3b_SVD -.01 -
N2_Classic -.01 .00 -
N2_SVD .00 .01 .01 -

Note. The values represent the differences between the respective Pearson’s r correlation

coefficients (e.g., P3b_Classic — P3b_SVD); there were no significant differences

For the visual modality, P3b and N2 peak amplitudes proved to be nonsignificant (p >
.05) predictors of chronological age in both estimation methods (as visualised via
scattergrams in Figure 4.4). N2 peak latencies also proved to be nonsignificant predictors of
chronological age in both estimation methods (as visualised via scattergrams in Figure 4.5).
However, P3b peak latencies proved to be significant predictors of chronological age in both
estimation methods (as visualised via scattergrams in Figure 4.5), and P3b of the classic
method was the most accurate and strongest predictor of age, descriptively, according to
RMSE and the correlation coefficient respectively. The Glass & Hopkins method (Glass &
Hopkins, 1996; IBM Support, 2020) was again used to compare the strengths of correlation
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coefficients between chronological age and P3b peak latency on each estimation method.
Table 4.3 shows that there were no significant differences in the strengths of the correlations
except between P3b classic and N2 SVD estimation methods, where P3b classic latency
was a significantly stronger correlate with chronological age. The regression of chronological
age on P3b latency of the classic method corresponded with a correlation of r = .46 and
accounted for approximately 20% of the variance in age (RMSE = 15.70). When regressing
P3b latency onto chronological age (RMSE = 39.80), each decade of chronological age was
associated with an expected change of 11.76 ms in latency (P3b latency = 1.176 X Age +
368.25). As this is a correlational study, the distributions of all the ERP components’

variables are provided in Table 4.4 and Table 4.5.
Figure 4.4

Scattergrams showing the linear relationship between peak amplitude (uV) and
chronological age (years) for visual P3b (top row) and visual N2 (bottom row) oddball ERP

components of classic (left side) and SVD (right side) estimation methods

P3b VO

Age =-0.25 x P3b amplitude + 50.20
F=0.06,df1, 58 p=.801

r=-.03; AdjR? = -0.02; RMSE = 17.71
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Age =-2.67 x P3b amplitude SVD + 52.24
F=0.30,df1, 58 p=.583

r=-.07; AdjR? = -0.01; RMSE = 17.67
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Age
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N2 VO

Age =0.24 x N2 amplitude + 49.39
F=0.03,df1,58p=.872

r=.02; AdjR? = -0.02; RMSE = 17.72

Figure 4.5

Scattergrams showing the linear relationship between peak latency (ms) and chronological

age (years) for visual P3b (top row) and visual N2 (bottom row) oddball ERP components of

10 05

N2_VO_SVD

Age = 2.40 x N2 amplitude SVD + 49.55

F=0.17,df1,58 p = .686

r=.05; AdjR? = -0.01; RMSE = 17.70

classic (left side) and SVD (right side) estimation methods

Age =0.18 x P3b latency - 28.81

F=15.70, df 1, 58 p < .001

r=.46; AdjR? = 0.20; RMSE = 15.70

500

400 45¢(
P3b_VL_SVD

500

Age =0.10 x P3b latency SVD + 10.10
F=6.62,df1,58 p=.013

r=.32; AdjR? = 0.09; RMSE = 16.79
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N2_VL

Age =0.08 x N2 latency + 28.39
F=2.61,df1,58p=.112

r=.21; AdjR? = 0.03; RMSE = 17.34

Table 4.3

Differences between Pearson’s r correlations of chronological age with VO peak latency,

using the Glass & Hopkins method to formally compare the strengths of these correlation

3 $Iv.‘ 400
N2 VL SVD

Age =0.05 x N2 latency SVD + 37.41
F=1.25,df1,58 p=.269

r=.15; AdjR? = 0.01; RMSE = 17.53

coefficients.
P3b_Classic P3b_SVD N2_Classic N2_SVD
P3b_Classic -
P3b_SVD 14
N2_Classic .26 A1 -
N2_SVD .32* 18 .06 -

Note. The values represent the differences between the respective Pearson’s r correlation
coefficients (e.g., P3b_Classic — P3b_SVD); *p < .05
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Table 4.4

Distribution of the P3b and N2 ERP components’ peak amplitude per estimation method

(classic and SVD) and modality (auditory and visual) across all participants (n = 60)

M SD Range
P3b_Classic 5.59 2.58 0.76 to 10.78
(auditory)
P3b_SVD 1.29 0.36 0.40to 2.13
(auditory)
P3b_Classic 4.34 2.39 -1.35109.43
(visual)
P3b_SVD 1.17 0.48 -0.38 to 2.01
(visual)
N2_Classic -0.51 1.59 -5.12t0 2.52
(auditory)
N2_SVD -0.12 0.42 -1.74 t0 0.53
(auditory)
N2_Classic -1.14 1.55 -4.80 to 3.70
(visual)
N2_SVD -0.18 0.40 -1.13t0 0.79
(visual)
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Table 4.5

Distribution of the P3b and N2 ERP components’ peak latency per estimation method

(classic and SVD) and modality (auditory and visual) across all participants (n = 60)

M SD Range

P3b_Classic 396.97 53.36 254 to 500
(auditory)

P3b_SVD 407.83 59.38 250 to 500
(auditory)

P3b_Classic 426.00 45.31 326 to 500
(visual)

P3b_SVD 405.97 59.49 270 to 500
(visual)

N2_Classic 251.93 38.02 200 to 392
(auditory)

N2_SVD 245.70 36.25 200 to 394
(auditory)

N2_Classic 247 .40 44.26 200 to 366
(visual)

N2_SVD 251.97 55.81 200 to 400
(visual)

4.3.3 Estimating chronological age as EEG-age with tsyncnG

The novel metric of tsyncnG was estimated to examine the relationship between
chronological age and the explanatory mechanism for event-related changes in the EEG,
which can be thought of as a quantification of information processing and communication
across decreasing frequency (i.e., across neural networks of increasing size and complexity
according to the VSH). Chronological age was regressed onto the tsyncnG for each condition

per modality of the oddball attention paradigm.

The AO gradient proved to be the only significant (p < .05) predictor of chronological
age (as visualised via scattergrams in Figure 4.6), with AS, VO, and VS gradients all
nonsignificant (p > .05). The regression of chronological age on AO tsyncnG corresponded
with a correlation of r = .36 and accounted for approximately 11% of the variance in age
(RMSE = 16.54). When regressing tsynchG onto chronological age (RMSE = 0.63), each

decade of chronological age was associated with an expected change of 0.14 in gradient
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elevation (A0 tsynchG = 0.014 x Age — 1.29). When removing potential participant outliers
(under/over 1.5 times interquartile range of 25" and 75™ percentiles) from the AO tsynenG
data, the prediction improved very slightly (as visualised via scattergram in Figure 4.7). The
new regression of chronological age on AO tsync.nG corresponded with a correlation of r = .38
and accounted for approximately 13% of the variance in age (RMSE = 16.14). When
regressing the cleaned tsyncnG onto chronological age (RMSE = 0.45), each decade of
chronological age was associated with an expected change of 0.11 in gradient elevation
(AO tsynchG = 0.011 x Age — 1.15). As this is a correlational study, the distributions of the
tsyncnG and the best EEG-age metrics are provided in Table 4.6 and Table 4.7 respectively.

Figure 4.6

Scattergrams showing the linear relationship between ts,ncnG (gradient) and chronological
age (years) for AO, AS, VO, and VS conditions of the oddball attention paradigm (n = 60)

1 0 1 1 1

MGAO

Age =9.42 x AO tsynchG + 54.98
F=8.55,df1, 58 p=.005

r=.36; AdjR? = 0.11; RMSE = 16.54
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Age = 6.27 X AS tsynchG + 50.46
F=2.33,df1,58p=.132

r=.20; AdjR? = 0.02; RMSE = 17.38
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Age

MGVO

Age =1.92 x VO tsynchG + 49.52
F=0.36,df1,58 p=.549

r=.08; AdjR?=-0.01; RMSE = 17.67

Figure 4.7

MGVS

Age =0.30 x VS tsynchG + 49.17
F=0.01, df 1,58 p =.939

r=.01; AdjR? = -0.02; RMSE = 17.72

Scattergram showing the linear relationship between AO ts,ncnG (gradient) and chronological

age (years) with potential participant outliers removed from the AO tsyncnG data (outliers

defined as under/over 1.5 times the interquartile range of 25" and 75" percentiles, n = 57)

80 4

60 4

Age

40

20 [

-1.5 -1.0

0.5

MGAQ_OutliersRemoved

Age = 13.73 x AO tsynchG + 58.02
F=9.55,df1,55p=.003

r=.38; AdjR? = 0.13; RMSE = 16.14
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Table 4.6

Distribution of tsyncnG across conditions (oddball and standard) and

modality (auditory and visual)

M SD Range
AO tsynehG -0.62 0.68 -3.67 to 0.87
AO tsynenG -0.62 0.49 -1.811t00.39
(cleaned)
AS tsynenG -0.21 0.56 -1.53t01.12
VO tsynenG -0.21 0.74 -2.16t0 1.63
VS tsynenG -0.17 0.61 -1.67 t0 1.10

Note. n = 60 except for AO tsyncnG (cleaned), which was n = 57.
Table 4.7

Distribution of EEG-age for AO tsynenG and P3b SVD amplitude, as the

best predictors of chronological age per approach

M SD Range

AO tsynenG EEG- 49 6.41 20 to 63
age

AO tsynenG 49 6.78 33 to 63
(cleaned) EEG-

age

P3b SVD 49 9.40 27t0 73
amplitude EEG-

age

Note. n = 60 except for AO tsyncnG (cleaned), which was n = 57.

4.3.4 Correlations between EEG-age, NART-IQ, and cognitive performance

P3b peak amplitude age from the SVD method and AO tsy.cnG age (i.e., EEG-age
metrics) were chosen for the final stages of analysis because they produced the most
accurate estimates of age, with the lowest RMSE, per approach. It was expected that QMCI
would be negatively correlated with age, implicating deleterious age-related changes such
as dedifferentiation and noise. In contrast, none of chronological age, P3b amplitude SVD

age, nor AO tsynenG age was significantly correlated with QMCI (as shown in Table 4.8). A
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Bayesian Linear Regression (BLR) was used to evaluate null models against alternatives in
predicting cognitive functioning with P3b amplitude age and AO tsynnG age, to judge the
levels of evidence in favour of the null (HO) by using established cut-offs (Jeffreys, 1961;
Wagenmakers et al., 2011). The default Jeffreys-Zellner-Siow (JZS) prior with an r scale of
0.354 was used due to this being the first time, at least to our knowledge, that this EEG-age
procedure had been implemented. A BLR comparing a null model with a second model
adding P3b amplitude age, in attempts to predict QMCI, reported BF01 = 3.45, providing
substantial evidence in favour of HO. Next, a BLR comparing a null model with a second
model adding AO tsynenG age, in attempts to predict QMCI, reported BF01 = 2.38, providing
only anecdotal evidence in favour of HO (Jeffreys, 1961; Wagenmakers et al., 2011). This
suggests that AO tsyncnG cannot be ruled out as a predictor of cognitive performance based

on the current data.

A notable inconsistency between P3b amplitude age and AO tsncnG age was that
tsyncnG age was significantly correlated with NART-1Q (r = .31, p = .020), analogous to the
correlation between chronological age and NART-1Q (r = .54, p < .001), but P3b amplitude
SVD age was not significantly correlated with NART-IQ (r = .22, p > .05). To explore these
inconsistencies further, partial correlations were run between ages and cognitive
performance accounting for NART-IQ (as shown in Table 4.8). P3b amplitude age and AO
tsyncnG @ge remained not significantly correlated with cognitive performance (although the
point estimates increased), but chronological age was now significantly negatively correlated
with cognitive performance. In summary, these results cannot answer which estimate of
brain age is the best proxy of general cognitive functioning. To examine this idea, it was
expected that NART-1Q would positively correlate with QMCI, implicating protective
processes that support cognitive functioning, particularly reserve. Indeed, NART-IQ and
QMCI were significantly positively correlated when controlling for chronological age due to
the age-NART-IQ bias (r = .26, p = .047). Additionally, mood and number of years in formal
education were not significantly correlated with any of the EEG measures (p > .05), which is
not overly surprising considering the relatively low levels of depression and small effect sizes

when using years in education as a predictor variable.
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Table 4.8

Pearson'’s r correlation coefficients of P3b SVD amplitude age
(P3b), AO tsynenG age, and chronological age (CA) with QMCI

P3b age tsyncnG age CA
QMCI -.06 -.14 -.18
QMCI -.09 -.19 -.29*
(controlled for
NART-IQ)
Note. *p < .05

As an alternative perspective on event-related cognitive functioning, focusing more
specifically on processing accuracy, speed, and intra-individual variability, the FCRT
measures were examined. It was expected that FCRT measures would be correlated with
age, implicating deleterious age-related changes such as dedifferentiation and noise, and
this was the case for chronological age and P3b SVD amplitude age, but not AO tsyncnG age
(as shown in Table 4.9). To end, when controlling for both NART-IQ and chronological age,
P3b amplitude age was no longer significantly correlated with FCRT metrics of RT (r= .19, p
> .05) or raw ISD (r = .14, p > .05), which suggests that P3b amplitude is not best placed to
estimate age-matched general cognitive functioning in the form of processing speed and

variability.
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Table 4.9

Pearson’s r correlation coefficients of P3b SVD amplitude age
(P3b), AO tsynenG age, and chronological age (CA) with FCRT

metrics of accuracy, speed, and intra-individual variability

P3b age AO tsyncnG age  CA
Accuracy .05 -10 -.18
Accuracy .09 -.06 -12
(controlled for
NART-IQ)
RT 43 19 .56***
RT (controlled 42%* 15 57
for NART-1Q)
Raw ISD .35%* A3 447
Raw ISD .34** A1 AT
(controlled for
NART-IQ)
Ccv .23 .04 .30*
CV (controlled .23 .03 .35*
for NART-1Q)
Modelled ISD -13 =11 -.18
Modelled ISD -.10 -.07 -13
(controlled for
NART-IQ)

Note. *p < .05; **p < .01; ***p < .001

4.4 Discussion

It would have been amiss to treat the FM as a true candidate for explaining event-
related changes in the EEG without showing that its fundamental explanatory mechanism —
cross-frequency phase modulation that can be operationalised via tsyncnG — demonstrates an
age-related shift. Therefore, our objective was to use the new tsyncnG metric to estimate
chronological age as EEG-age. First however, we wanted to compare the well-established
N2 and P3b ERP components of the auditory and visual oddball attention paradigms on their
ability to estimate age. We predicted that peak amplitude would be negatively correlated with
chronological age, and peak latency would be positively correlated with chronological age.
Irrespective of the estimation method used (i.e., classic or SVD) or ERP component

examined (i.e., P3b or N2) in the auditory modality, peak amplitude was reliably negatively
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correlated with chronological age. This finding is consistent with previous evidence that
suggests an adult’s gradual decline in mean amplitude is a normal brain-ageing
phenomenon (Polich, 1996, 1997; Van Dinteren et al., 2014). Similarly, peak latency was
reliably positively correlated with chronological age, which is again consistent with previous
evidence that suggests an adult’s gradual increase in mean latency is a normal brain-ageing
phenomenon (Polich, 1996, 1997; Van Dinteren et al., 2014). However, except for a
proportional relationship between P3b peak latency and chronological age, these
relationships were not reported in the visual modality. This may be due to lower SNR in the
visual paradigm (as previously outlined in Chapter 3; Barry & De Blasio, 2017; Bennington &
Polich, 1999; Polich, 1996), and an inability to reliably identify peaks within the time window
and ROI that was used in this study for identifying the visual N2 component. Whatever the
reason however, the auditory modality has been providing greater SNR and more consistent
results over both Chapter 3 and Chapter 4, thus may be more suited to clinical applications

for tracking age-related changes in the brain where audition is maintained.

We also sought to determine which ERP component correlated most strongly and
provided the most accurate estimate of chronological age. Although there were generally no
statistically significant differences in the strength of the correlations with age, auditory P3b
amplitude after SVD estimation was the best predictor of chronological age. This is
unsurprising given the purpose of data reduction with SVD is to improve SNR, with the
benefit of not requiring an unweighted averaging across electrode channels. However, it
remains hard to interpret the meaning of this amplitude change, and equally as hard to
contextualise it with ageing theory. With differing explanations (all outlined in Chapter 2)
ranging from increasing variability of the underlying trial-to-trial peaks to a change in the
underlying 1/f aperiodic component, from changes in the AAM mechanism to other intrinsic
intra-individual and inter-individual changes in EEG noise (e.g., physiological and
measurement) and the process of volume conduction, there is no clear interpretation. For
example, Van Dinteren et al. (2014) suggest that changes in P3b amplitude may reflect a
change in the power of neural activity or of available resources, but it could also link to a
range of amalgamations of the benefit and deficit models of ageing too (e.g., increased
neural noise alongside dedifferentiation; Cremer & Zeef, 1987; Koen & Rugg, 2019; Voytek
et al., 2015a, 2015b).

Next, we sought to explore the potential of tsyncnG to estimate chronological age, with
tsynenG interpreted as a metric that may allow us to study the true deep structure of event-
related changes in the form of multiscale information transfer and neural network
communication across the brain. Chronological age was significantly estimated with AO

tsynenG, but not AS tsynenG or at all in the visual modality. This may be reflecting previously
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noted particulars of the standard condition (e.g., reflecting far less homogenous activity over
trials compared to the oddball condition; outlined in Chapter 3) and low SNR in the visual
modality. Indeed, the lack of tsyncnG correlations in the visual modality could simply explain
the lack of correlations in the ERP components; thus, tsynenG reflected the overarching ERP
findings very well. Whilst there was a significant correlation between P3b latency and age in
the visual modality, this alone may not have been sufficient to affect a significant tsyncnG with
age, given tsynenG encompasses the whole structure of the ERP not just one component.
Similarly, this may be why AO tsyncnG did not provide a markedly improved correlation
between chronological age and estimated brain age compared to that seen with P3b and N2
latency components. The main conclusion thus far is that EEG-age estimated from ERP
component peaks and tsyncnG can estimate chronological age with an expected error of
around 16 years. However, it remains to be seen whether this EEG-age is sufficiently
accurate to be useful, particularly at the individual level where the baseline variability in EEG
metrics is greater thus making it more difficult to track meaningful change over time than at
the group level (Burgess & Gruzelier, 1993). Indeed, there remains a concern with the
underlying SNR when estimating tsyncnG at the individual level, as already outlined in Chapter
3. However, AO tsynenG in its current form still positively correlated with chronological age,
and in a direction that makes sense given the changes in the AO ERP components with

increasing age (e.g., delayed peak latencies from a flatter gradient).

The proportional relationship between chronological age and AO tsyncnG can be
interpreted in the context of the deficit theories of ageing, which posit a slowing of
communication between neural networks with age due to increased ongoing neural noise
that interferes with information transfer. This neural noise may originate from increased task-
irrelevant neural activity and a baseline transition from efficient use of smaller, specialised
networks to inefficient use of larger, general networks, which all aligns very well with a
mechanistic explanation of increased tsyncnG (i.€., flattening of the gradient) with increasing
age. Whilst only significant in the AO condition, the trend was consistent in the AS condition
too, thus may become significant with greater analytical precision and power. Therefore, this
shift in gradient may represent a slowing or greater inefficiency of information
communication from resting state, through small, localised neural networks, to widespread
networks. This interpretation could also explain age-related peak frequency slowing and
downwards transition of power (Dauwels et al., 2011; Ishii et al., 2017; Klimesch, 1999;
Scally et al., 2018; i.e., perhaps reflecting the network change), and reduced component
amplitudes and prolonged component latencies within ERPs (Polich et al., 1985; Polich,
1996, 1997; Van Dinteren et al., 2014; i.e., perhaps reflecting the inefficient use, with high
trial-by-trial variability).
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Typical and atypical ageing has contrasting magnitudes of effect on event-related
changes (Dauwels et al., 2010a, 2010b; Hedges et al., 2016), and the current sample proved
to be a very healthy sample with a NARTIQ-chronological age bias. These factors
substantiate why there was no real difference in the predictive power of ERP components
and tsyncnG, because there were likely no widespread and substantial age-related changes
aside from those already represented by the P3b and N2 metrics. If anything then, the fact
that the metrics show analogous results in this outstanding healthy ageing sample further
supports that tsyncnG well explains ERPs and does so in one holistic metric rather than across
multiple surface measures. Future work should examine subclinical and clinical populations
from across the age range in comparison to healthy ageing, to see whether the patterns
identified, such as a flattening of tsyncnG, are indeed exaggerated or in any other way
uniquely distinct compared to the healthy ageing track. In turn, researchers could examine
how the flattening occurs across discrete IMFs, as the ageing process may ‘start’ at (i.e.,
pivot around) a particular IMF(s). Attempting to differentiate between healthy, subjective
cognitive impairment (SCI; Jessen et al., 2020; Tales et al., 2014), MCI (Apostolo et al.,
2016; Dauwels et al., 2010a), and dementia onset with the FM’s metrics would be of
particular clinical interest, as would longitudinal studies in each group rather than relying on

cross-sectional approaches that limit our understanding to population-level conclusions.

Finally, we wanted to examine the relationships of ERP-estimated age and tsyncnG
EEG-age with already established proxy measures of general cognitive integrity.
Relationships between ERP components, chronological age, and cognitive functioning were
already established, but tsyncnG had not previously been used to estimate EEG-age before.
There were no significant correlations between general cognitive performance and ERP
peaks or tsyncnG, although the correlation coefficients were trending in the expected
directions. Indeed, when analysing the relationship between cognitive performance and
tsyncnG with Bayesian methods, there was only anecdotal evidence for the null, which
suggests a statistical power issue rather than compelling evidence against the conjecture.
That said, these findings are not consistent with previous evidence that suggests
significantly decreased peak amplitude and increased peak latency measures, even with
age-matched samples, likely reflects normal age-related changes in neural and cognitive
integrity (e.g., dedifferentiation and noise as outlined by the deficit models of ageing). The
significance of the ERP and tsyncnG correlations with cognitive performance did not change
when controlling for NART-IQ either, although chronological age was significantly negatively

correlated with cognitive performance.

The negative correlation between chronological age and cognitive performance could

be expected with an ageing sample after statistically controlling for NART-IQ, because the
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significant negative correlations between age and general cognitive performance were
initially masked by the positive correlation between chronological age and premorbid 1Q.
That is, it is not an overly surprising result in this sample of healthy adults who displayed
QMCI scores in the normal cognitive functioning range, because if the older adults were not
scoring in the normal range, their levels of reserve, as proxied by the NART-IQ, would likely
not be so high either. Further supporting this interpretation, NART-IQ and QMCI were
modestly positively correlated after controlling for chronological age, because higher
premorbid IQ, thus reserve as outlined by the benefit model of ageing, can support better
cognitive functioning or at least the maintenance of normal functioning (Cabeza et al., 2018;
Stern, 2012). The concurrent minor decline in cognitive functioning with chronological age,
but not into an MCI range, was initially masking the relationship. In summary, normal age-
related declines in cognitive functioning pull QMCI scores down, whilst an age-NART-IQ bias
can pull older adults’ QMCI scores up concurrently, which is why partial correlation analysis
revealed the expected relationships for both age-QMCI (negative correlation) and NART-1Q-

QMCI (positive correlation) given the current sample.

Clearly then, there was a sample bias in this study. Therefore, whilst AO tsyncnG Was
not significantly correlated with cognitive performance in this study with the current statistical
power and SNR, one can still muse on a potential mechanism to explain the three aspects of
chronological age, NART-IQ, and tsyncnG together. That is, higher innate neural efficiency
may reflect a steeper gradient (i.e., faster, more efficient information communication across
neural networks); higher age-related neural noise may reflect a flatter gradient (i.e., slower,
less efficient information communication across neural networks). In the current sample,
older participants had higher efficiency (proxied by increasing premorbid 1Q) but also higher
neural noise. When accounting for neural noise, participants’ neural efficiency was
highlighted; when accounting for neural efficiency, participants’ neural noise was highlighted
(i.e., more pronounced coefficients). Without accounting for either in this biased sample,
neural efficiency blurred with neural noise and further concealed any relationships. Overall,
AO tsyncnG may be a proxy measure of neural efficiency (with age-matched participants) and
neural noise (with IQ-matched participants). That is, EEG-age derived from tsyncnG,
compared to ERP component peaks, may be a more comprehensive measure of general
brain functioning and integrity due to its consideration of the deep structure of the EEG
rather than discrete surface features. Furthermore, a subset of early neural developments
that are damaging to general fluid cognitive functioning (e.g., decreased QMCI), or
potentially indicative of future degradation once reaching a critical point, might be tracked
when focusing in on discrete components (e.g., reflecting the deficit model of ageing, such

as the beginnings of a wider transition to less efficient neural networks). In contrast, tsyncnG
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might provide a more comprehensive insight into general brain functioning and integrity that
may reflect a range of both protective (e.g., reserve, benefit model) and deleterious (e.g.,

dedifferentiation and noise, deficit model) agents, general crystallised and fluid cognition.

The findings in this study cannot answer which estimate of brain age is the best
proxy of general cognitive functioning, perhaps because there was a very weak distinction in
general cognitive functioning across the age range in the current sample or because the
metrics and methodology used do not fully account for the complexity involved. For example,
other ageing theories, such as the Neural Efficiency Hypothesis (NEH; Doppelmayr et al.,
2005; Grabner et al., 2006; Jausovec & Jausovec, 2000; Neubauer et al., 2004, 2005) posit
that higher 1Q (including premorbid, NART-IQ) partly reflects greater crystallised efficiency of
neural network communication, whereby neural activation patterns are more refined and can
account for early age-related decline. This may be particularly pertinent when participants
are completing simple tasks that are not cognitively demanding, which aligns with the
Compensation-related Utilisation of Neural Circuits Hypothesis (CRUNCH) model of ageing
(Cappell et al., 2010; De Felice & Holland, 2018; Reuter-Lorenz & Cappell, 2008). The
CRUNCH model proposes that changes in cognitive performance between age groups is far
clearer in tasks with greater demands, where benefit mechanisms cannot make up for the
age-related deficits. Therefore, future research should interrogate a range of tasks, from
easy to hard in terms of their cognitive demands, as well as samples where there is no age-

NART-IQ bias and where QMCI scores are not restricted to normal functioning.

This study purposely followed a general approach to the measurement (QMCI and
NART) and interpretation (Koenig et al., 2020) of neural and cognitive integrity, but future
studies could measure specific subcategories of fluid and crystallised intelligence (e.g.,
Ociepka et al., 2023). The proxy measures used in this study were not intended to be
exhaustive but to provide a starting point in general brain functioning. Similarly, future
studies could provide a systematic, thorough comparison of the different approaches to
estimating the EEG metrics. This could include the wide array of different analytical
approaches, such as area and fractional estimation of ERP components and tsyncn (Luck,
2014) to improve SNR, whilst also elucidating concrete reasons for any differences observed
within and between ERP-estimated and tsyncnG-estimated age. Looking ahead then, it will be
necessary to optimise methodology and analysis pipelines to establish good, large-scale
normative data that makes it possible to estimate the EEG-age of individuals across the
entire human lifespan, not just adulthood, with high reliability, validity, and precision. This
would facilitate the identification of individuals with unusual discrepancies between their
EEG-age and the normative EEG-age for their chronological age and condition. In working

towards that end goal, the FM could also be tested in the context of MEG, whereby the
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likeness of event-related changes to those in EEG encourages an analogous avenue of
interrogation (Da Silva, 2018; David et al., 2006). Furthermore, EMD has its flaws as outlined
in Chapter 3, but these might be less impactful in MEG due to the nature of MEG’s signal
detection and interference suppression tools (outlined in Chapter 5). Therefore, aside from
providing a potentially complementary perspective on age-related changes in tsyncnG and its
potential application in an ageing context, running a MEG study could add further empirical

support for the FM in a completely new yet related context.

In summary, the three broad aims of this thesis were, 1) to advance our
understanding of event-related and resting-state EEG and MEG, 2) to advance our
understanding of age-related changes in the brain with EEG and MEG, and 3) to establish
EEG and MEG metrics that have the potential to track those age-related changes over time.
This chapter has successfully estimated tsyncnG and applied it to an ageing context; indeed,
we have reported for the first time that chronological age can be estimated with the FM’s
tsyncnG metric. This has provided us with a better mechanistic understanding of age-related
changes in the event-related brain, with change in the underlying frequency-phase
modulations able to explain changes in the AO ERP waveform, both in and out of an ageing
context. Therefore, tsyncnG has emerged as another phase-based variable (cf. Dauwels et al.,
2010a, 2010b) that may be able to track age-related changes in the brain. However, the
precision in which tsyncnG estimates healthy chronological age is not overly impressive in its
current form and with the current dataset; there is still a way to go before these EEG metrics
can be applied in the clinic or community. Nevertheless, we posit that EEG-age could be
refined into a biomarker for neural and cognitive integrity, where a discrepancy between
event-related EEG-age and chronological age could prove clinically informative by

implicating protective or deleterious age-related change earlier than previously possible.
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Chapter 5: Estimating chronological age from the MEG: event-related oscillatory

dynamics in the healthy ageing brain

5.1 Introduction

Chapters 3 and 4 provided new evidence to support treating the FM as an empirically
credible explanation of event-related changes in the EEG, both in and out of an ageing
context. Having advanced our understanding of age-related changes in the EEG, tsyncnG has
the potential to detect and track deleterious age-related changes in the brain, but
optimisations need to be made first. The required optimisations include improving the SNR
level of tsyncnG, to disentangle suboptimal SNR from meaningful age-related changes. There
are a wide range of complex methodological and analytical optimisations that will be
discussed in Chapter 7, but one way to improve SNR would be altering parts of the
procedure used to record event-related brain activity. Namely, incorporating more trials in
the oddball condition of the auditory attention paradigm, which has already been providing
the best SNR, and increasing the sensory impact of the oddball stimulus (e.g., a louder
auditory dynamic). These relatively simple methodological changes have been shown to
affect the SNR of the ERP components’ peaks, such as increasing the effect size of the
positive correlation between P3b peak latency and chronological age (e.g., Luck, 2014;

Polich, 1996; Duncan et al., 2009), so they may affect tsyncnG too.

Another change would be switching from EEG to MEG. Our focus up to this point
was on EEG due to its relative accessibility and affordability compared to other
neuroimaging methods, thus being widely regarded as a candidate for unlocking the early
and accurate diagnosis of deleterious age-related conditions (e.g., Dauwels et al., 2010a;
Koenig et al., 2020; Poil et al., 2013; Popa et al., 2020). However, MEG could offer a
complementary perspective on the credibility of the FM and complexity of age-related
changes in the brain. This is because EEG and MEG are neurobiologically and analytically
related (Cohen, 1972; Hamalainen et al., 1993), so event-related changes should be similar
across these methods (cf. ERFs vs. ERPs; Lopes da Silva, 2013; David et al., 2006;
Pfurtscheller & Lopes da Silva, 1999; Vrba & Robinson, 2001). For example, the P3b
component of the ERP is seen in the MEG-equivalent ERF waveform of the oddball attention
paradigm. Therefore, we posit that the FM and its explanatory mechanism of cross-
frequency phase modulation can explain event-related changes recorded in MEG, but, at the
time of writing, this had never been tested. Multimodal validations are persuasive ways to
test models and their explanatory mechanisms (Huotilainen et al., 1998), so additional

empirical evidence for the FM but in MEG rather than EEG would be very promising.
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In addition to potentially offering further empirical support for the FM, MEG may also
offer improved SNR due to practical differences concerning the signal detection and
interference suppression tools. For example, the magnetic fields recorded by MEG pass
through the head without confounds such as differential impedance levels, volume
conduction, and scalp/skull thickness, which can distort the EEG signal in terms of spatial
precision and SNR (Van den Broek et al., 1998). MEG does not require a reference either,
so the risk of employing an invalid and potentially damaging reference is mitigated (e.g.
averaging noise over all electrodes or distorting phase; Dien, 1998; Thatcher, 2012). MEG
recordings also happen inside an MSR and comprise a greater number of sensors, thus a
greater number of tsynch datapoints, and comprise planar gradiometers, which are all
additional noise suppressors (Gross et al., 2012; Keil et al., 2014). Furthermore, there are
potential benefits to SNR from MEG’s analysis procedures (Gonzalez-Moreno et al., 2014),
including sophisticated interference suppression techniques (e.g., SSS and tSSS), although
it is unknown whether these techniques will cause artificial discrepancies in tsyncnG, Which is
a gap in knowledge in and of itself. There is also a higher sampling rate in MEG and, due to
less signal intermittency from noise, potentially less mode mixing in the EMD (Huang et al.,
2003a, 2003b; Rilling & Flandrin, 2008), which could support a higher resolution and cleaner
computation of instantaneous metrics (Luo et al., 2006). In summary, the FM had never
been applied to event-related changes in the MEG (e.g., ERFs), in or out of an ageing
context, but MEG could provide benefits to the SNR of tsyncnG due to its alternative

methodological and analytical approaches compared to EEG.

Our objectives were to determine whether the FM is an empirically credible,
alternative explanation of event-related MEG, and whether there is a difference in MEG-
derived tsyncnG between two different age groups. This would not only further advance our
understanding of event-related MEG (aim #1 of this thesis), but also our understanding of
age-related changes in the brain (aim #2 of this thesis) and how tsyncnG might be applied in
clinical settings (aim #3 of this thesis). First, we aimed to replicate frequency and phase
modulations as the explanatory mechanism of event-related changes in the MEG. We
predicted that changes in instantaneous frequency and PLV would be negatively cross-
correlated, with post-stimulus frequency slowing concurrent with increasing PLV. Second,
we sought to replicate a tsyncnG metric in MEG, but using both magnetometers and planar
gradiometers together. It was predicted that modelling tsynch across ordinal IMFs would follow
the same power law curve to reflect the systematic, gradual spread of activity across neural
networks of increasing scale (thus decreasing frequency) over time. This power law curve
would be transformed into a linear log-log polynomial line to provide tsyncn G for a comparison

between healthy young adult and older adult age groups.
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5.2 Methods
5.2.1 Participants

Twenty-two young (Y) healthy adults (6 men, 16 women; 2 left-handed, 20 right-
handed; M = 23 years, SD = 5.9, Range = 18 to 37) and twenty-two older (O) healthy adults
(10 men, 12 women; 22 right-handed; M = 72 years, SD = 3.9, Range = 63 to 78)
volunteered to participate. There was a significant difference in chronological age ({(42) =
32.13, p <.001, d = 9.69) between the O and Y groups. Having reached our resource limit, a
sensitivity power analysis for an independent groups test of difference between the Y and O
groups using Cohen’s d, with an alpha of .05 and a beta of .2 [.1], calculated a minimum
detectable effect size of .76 [.89] (calculated using G*Power, version 3.1.9.7; Faul et al.,
2009). The Y group had a mean of 16 years in formal education (SD = 4.1, Range = 5 to 25),
and the O group also had a mean of 16 years in formal education (SD = 2.6, Range = 10 to
20). There was not a significant difference in years in formal education ({(42) = 0.48, p =
.630, d = 0.15) between the O and Y groups. Fourteen young adults identified as White, two
as Asian, three as Indian, and three as Black, whereas all twenty-two older adults identified
as White. All participants were recruited via Aston University’s advertising portals, which
includes the ARCHA Panel that comprises older adults from around the UK who volunteer to
take part in studies at Aston University. This study received a favourable opinion from AU-
REC and was carried out in accordance with the Declaration of Helsinki and the British
Psychological Society Code of Human Research Ethics. Written informed consent was
obtained from each participant, and they were reimbursed a £15 Amazon voucher or course

credit for their participation.

Participants were screened for depression via the GDS-15 (Sheikh & Yesavage,
1986), as severe depression may confound measures of cognitive performance (Byers &
Yaffe, 2011; Morimoto & Alexopoulos, 2013). The mean score of mood on the GDS-15 was
2 (SD = 2.6, Range = 0 to 10) for the O group, and 3 (SD = 2.4, Range = 0 to 9) for the Y
group, indicating that the samples were presenting with normal mood on average. No
participants scored =12, indicating no cases of severe depression. There was not a
significant difference in mood (#(42) = -1.38, p > .05, d = -0.42) between the O and Y groups.
Participants were also screened for cognitive impairment via the QMCI (O’Caoimh & Molloy,
2017). As in Chapter 4, we included the QMCI not only as a screening tool, where healthy
adults should report scores that are isolated to the normal category, but as our estimate of
general cognitive integrity, a proxy measure of dedifferentiation and noise, where higher
scores represented higher general brain functioning. Furthermore, participants also
completed the NART (Nelson, 1982; Nelson & Willison, 1991), where NART-IQ is a good

estimate of premorbid intelligence and positively correlated with the Wechsler Adult
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Intelligence Scale’s WAIS-IQ score (a large correlation coefficient of .69; Bright et al., 2018).
We converted the raw NART scores to estimates of the Wechsler Adult Intelligence Scale
score (WAIS-IV; Wechsler, 2008), called NART-IQ, via the same validated conversion as in
Chapter 4, NARTIQ = 126.41 - 0.9775 x NART errors (Bright et al., 2018). Overall, being
more reflective of crystallised than fluid intelligence (Bright et al., 2002; Cattell, 1963), the
NART-IQ was included as an efficient, proxy measure of mechanisms that support cognitive

functioning, particularly reserve (Boyle et al., 2021), in contrast to the QMCI.

5.2.2 MEG recording

MEG was recorded while participants completed an auditory oddball attention
paradigm. The MEG setup used for data collection is outlined in Chapter 2 of this thesis.
Participants closed their eyes during the recording and listened to recurrent tones of 500 Hz
for the standard condition and 1000 Hz for the oddball condition. These tones had a rise and
fall of 10ms and were presented at approximately 70 dbSPL, slightly louder than previous
EEG studies but still at a safe auditory dynamic (International Telecommunication Union,
2019; Polich, 1996). The oddball presentation was pseudo-randomised at a rate of 20% in
sets of five stimuli (i.e., one oddball and four standards). Participants heard one practice set
before completing the experimental blocks, where there were 80 oddball stimulus
presentations and 320 standard stimulus presentations across four experimental blocks. The
number of trials was increased compared to the previous EEG studies, in the hope of
keeping a greater number of oddball trials post-data cleaning. The number of oddball
presentations within each consecutive block was fixed at 22, 17, 21, and 20 respectively.
Participants were asked to keep a mental count of how many oddballs they saw per block
and questioned at the end of each block. One ftrial lasted 2 seconds, with 1 second before
stimulus onset and 1 second from stimulus onset. All stimuli were presented for 150 ms,
meaning there was an interstimulus interval of 1850 ms. Participants rested between blocks.
This was all deliberately kept equivalent thus comparable to the previous EEG studies. This
experiment also included the FCRT task, implemented in the same way as outlined in
Chapter 4 (Batterham et al., 2014; Dykiert et al., 2012).

The oddball and FCRT paradigms were designed and presented on E-prime
Professional (Version 2.0). Stimuli onset triggers were sent from E-prime to the MEG system
via a Windows 10 Lenovo ThinkCentre PC’s parallel port. Auditory stimuli were presented
via in-ear audio buds (Nicolet TIP-300s, which had been recommended by the vendor for
use in MEG to minimise interference). FCRT stimuli were presented on a 22” 1920x1080
BENQ LCD monitor, where participants were sat approximately 60 cm from screen to head.

MEG & FCRT room layouts were kept identical for each participant.
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5.2.3 Data preparation

Raw data were first exported as FIF (.fif) files into MaxFilter™ (version 2.2) for both
SSS and tSSS pre-processing as outlined in Chapter 2. These SSS and tSSS datasets were
kept separate for later analysis, which was equivalent across these distinct pre-processing
methods. However, this pre-processing revealed serious residual noise, most likely caused
by undisclosed dental metalwork in one participant in the O group (P9) and two participants
in the Y group (P8 & P16). This interference prohibited the use of these participants in
subsequent analysis with the SSS data, but tSSS successfully mitigated this noise from the
data, thus allowing for use of the full datasets in subsequent analysis with the tSSS data.
This pre-processed MEG data was then imported into MATLAB (R2021a; .set/.fdt) for offline
analysis with FIELDTRIP (2021; Oostenveld et al., 2011) and purpose-built code.

The maxfiltered MEG datasets, comprising separate SSS and tSSS datasets per age
group of O and Y, were demeaned, filtered between 0.1 to 100 Hz, and segmented from -
1000ms to +1000ms around stimulus onset with a 200ms pre-stimulus absolute mean
baseline correction. The filter was a one-pass FIR (zero-phase and hamming-windowed;
Widmann et al., 2015) to align with the filter used with previous EEG data. Additional data
cleaning comprised the removal of trials containing clipped data (i.e., signal with a constant
flat value due to being outside the amplifier range, often caused by excess sensor noise),
jump data (i.e., caused by SQUID instabilities, such as flux traps), and serious eye blink and
eye movement artefacts detected by the VEOG and HEOG bipolar arrays with the default
‘ft_artifact_eog’ function. Thereafter, trials comprising values outside -3 to +3 z-values were
rejected per magnetometer and planar gradiometer respectively. Consequently, for the
auditory oddball-SSS-O age group (i.e., AO-SSS-O; this shorthand will also be used for each
condition), a mean of 19 trials were rejected (SD = 10.06, Range = 4 to 45). For AO-tSSS-O,
a mean of 16 trials were rejected (SD = 10.33, Range = 4 to 45). For AS-SSS-O, a mean of
65 trials were rejected (SD = 32.36, Range = 21 to 149). For AS-tSSS-O, a mean of 56 trials
were rejected (SD = 29.65, Range = 19 to 145). For AO-SSS-Y, a mean of 21 trials were
rejected (SD = 9.74, Range = 11 to 51). For AO-tSSS-Y, a mean of 19 trials were rejected
(SD =7.77, Range = 6 to 40). For AS-SSS-Y, a mean of 79 trials were rejected (SD = 44.55,
Range = 27 to 232). For AS-tSSS-Y, a mean of 70 trials were rejected (SD = 32.55, Range =
27 to0 170).

This data preparation was completed without reference to demographic data, such as
chronological age, but we later checked whether there were differences between the O and
Y age groups on the number of rejected trials; there were not according to independent t-
tests (AO-SSS: p > .05; AO-tSSS: p > .05; AS-SSS: p > .05; AS-tSSS: p > .05). From here

on, a central-parietal electrode ROl was used for the magnetometers and planar
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gradiometers respectively, to align with the scalp locations and rationale used in the EEG
studies to enhance SNR of the classic P3b component. For the magnetometers, this was
'MEGO0731', 'MEG2211', 'MEG2221', 'MEG2241', 'MEG2231', 'MEG2441', 'MEG2021",
'MEG2311', 'MEGO0741', 'MEG1821', 'MEG1811', 'MEG1831', 'MEG1841', 'MEG1631',
'MEG2011', and 'MEG1911' (Figure 2.4). For the planar gradiometers, this was '"MEG0732',
'MEGO0733', 'MEG2212', 'MEG2213', 'MEG2222', 'MEG2223', 'MEG2242', 'MEG2243',
'MEG2232', 'MEG2233', 'MEG2442', 'MEG2443', 'MEG2022', 'MEG2023', 'MEG2312',
'MEG2313', 'MEG0742', 'MEG0743', 'MEG1822', 'MEG1823', 'MEG1812', 'MEG1813',
'MEG1832', 'MEG1833', 'MEG1842', 'MEG1843', 'MEG1632', 'MEG1633', 'MEG2012',
'MEG2013', 'MEG1912', 'MEG1913' (Figure 2.4). FCRT data preparation followed the same
process as outlined in Chapter 4, comprising the removal of inaccurate trials and reaction
times under or over 2 standard deviations, which resulted in a mean removal of 5% and 4%
of trials respectively for the O and Y groups (SD = 2% and 1% respectively, Range = 1% to
9% and 3% to 6% respectively).

5.2.4 Signal analysis

Classic ERFs were calculated by averaging across the baseline-corrected trials for
magnetometers and gradiometers separately, and converted to fT units. SVD was not
implemented on the ERFs, in part due to the prior use of SSS and tSSS interference
suppression procedures, and because noise level and the number of rejected trials were
similar between age groups, but also because it offered minimal additional value to peak
latency analyses in the previous EEG studies. The resulting ERFs were filtered with a low
pass at 30 Hz using the same FIR as specified earlier and trimmed between -200 ms pre-
stimulus and 800 ms post-stimulus. The P3b component was identified by searching for the
peak positive amplitude within a latency range of 250 ms to 500 ms post-stimulus, to further

align with the EEG studies and as already shown to be the most influential ERP component.

Estimation of tsyncnG followed the same process as outlined in Chapter 3. The only
difference for application in MEG was that tsynch was estimated for magnetometers and
planar gradiometers separately first, due to their differing pattern of SNR and amplitude
scaling in the SVD, then tsynen points from each sensor type were combined for model fitting
to estimate tsyncnG. Modelling was completed across all IMFs’ tsynch points per participant, and
all the grand average IMFs’ tsynch points after averaging across participants’ instantaneous
frequency and PLV data. Additionally, the downsampled Hz were different to previous EEG
studies due to using a higher SR of 1000 Hz in this MEG study. Therefore, IMFs were
produced for the original MEG data (1000 Hz) as well as an additional five downsampled
datasets, at 751 Hz, 563 Hz, 421 Hz, 317 Hz, and 239 Hz respectively.
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5.3 Results
Table 5.0 provides a concise summary of this Results section, outlining its
organisation and purpose of the content to support efficient engagement with this chapter

and to clarify how it contextualises Chapter 7.
Table 5.0

An outline of the organisation of this Results section, split into sections organised in line with
the different analytical approaches covered, and in a way that deliberately mirrors the

narrative progression (including rationale therein).

Content Purpose Context

Section ERFs, IMFs, and PCCs Preliminary checks to ensure that Supports
5.3.1 between instantaneous widely reported event-related Chapter 7
metrics changes in the MEG were present

in the current dataset, plus

replication of patterns in

instantaneous measures of MEG

as predicted by the FM and

reported by Burgess (2012), and

in the EEG dataset of Chapter 3.
Section Estimating tsyncnG from  Model fitting tsynenG with a log-log ~ Supports
5.3.2 MEG data polynomial fit across different Chapter 7

MEG sensor types and with

different pre-processing

estimation methods as proof-of-

principle to establish the tsyncnG

metric for use in an ageing

context.
Section Differences in tsyncnG Analysing differences in tsyncnG Supports
5.3.3 between age group between younger and older adults Chapter 7

and estimation method and SSS and tSSS pre-
processing estimation methods,
as well as the interaction between
age group and estimation

method.
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5.3.1 Application of the Firefly Model in MEG

First, the ERFs were visually inspected as part of preliminary checks to ensure that
widely reported event-related changes in the MEG were present in the current dataset. The
ERFs from the SSS (as shown in Figure 5.1.1) and tSSS (as shown in Figure 5.1.2) pre-
processing estimation methods per sensor type of magnetometer and planar gradiometer
presented clear oddball-related components (e.g., P3b) for the AO conditions and not the AS
conditions. A latency delay in peak P3b of the O group compared to the Y group is also

already visible for the grand averages.
Figure 5.1.1

For the SSS estimation method, Y AO-AS (black-pink lines) and O AO-AS (blue-red lines)
ERFs averaged over sensors and participants per sensor type (magnetometers in the top
panel, and planar gradiometers in the bottom panel), with 95% confidence intervals shaded

the same colours respectively to visualise overlaps and differences between the conditions.
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Figure 5.1.2

For the tSSS estimation method, Y AO-AS (black-pink lines) and O AO-AS (blue-red lines)
ERFs averaged over ROl sensors and participants per sensor type (magnetometers in the
top panel, and planar gradiometers in the bottom panel), with 95% confidence intervals

shaded the same colours respectively to visualise overlaps and differences between the
conditions.
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Thereafter, the IMFs were also visually inspected to identify replication in the patterns
of event-related change in instantaneous measures of MEG as predicted by the FM, and
reported by Burgess (2012) and in Chapter 3 of this thesis. For magnetometers and planar
gradiometers (as shown in Figure 5.1.3 and Figure 5.1.4 respectively), the IMFs showed that
increases in PLV were temporally aligned with decreases in instantaneous frequency post-
stimulus. tsyncn per IMF followed a clear trend across time with earlier tsynch the higher the
frequency, which was also evident in the pattern across IMFs’ instantaneous frequency
troughs. Late IMFs (i.e., low frequencies) showed long latency modulations and omitted the
rebound, which can be accounted for by the long period and limited window size per epoch;
indeed, a reason for implementing a long ISI between trials was to minimise the impact of
overlapping activity per trial. For amplitude, there was often a small, short-duration increase
before a deeper, prolonged dip and rebound that also increased in latency per ordinal IMF.
For the evoked signal, W-shapes were evident, which widened with each ordinal IMF. The
overarching pattern of post-stimulus modulations, with the peak latency and width of
modulations increasing with each IMF (i.e., with decreasing mean baseline frequency), was

more pronounced and systematic in the oddball conditions than the standard conditions.
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Figure 5.1.3

An example output from EMD on the AO-SSS-O data (top panel = magnetometers, M;

bottom panel = planar gradiometers, PG) showing the time course of phase synchrony (PLV,

red line), frequency (FRQ, red line), amplitude (AMP, red line), and evoked response (EVO,

red line) for IMFs 2-6 (in descending order) of the base sampling rate (1000 Hz), averaged

over participants per condition; the dotted lines represent 95% confidence intervals of the

measurement in the -200 ms to 0 ms baseline period to visualise crosses of the red line (i.e.,

change in the metric of interest), and the blue dots represent ts,ncn for PLV and the point of

lowest frequency for FRQ.
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Figure 5.1.4

An example output from EMD on the AO-tSSS-O data (top panel = magnetometers, M;
bottom panel = planar gradiometers, PG) showing the time course of phase synchrony (PLV,
red line), frequency (FRQ, red line), amplitude (AMP, red line), and evoked response (EVO,
red line) for IMFs 2-6 (in descending order) of the base sampling rate (1000 Hz), averaged
over participants per condition; the dotted lines represent 95% confidence intervals of the
measurement in the -200 ms to 0 ms baseline period to visualise crosses of the red line (i.e.,
change in the metric of interest), and the blue dots represent ts,ncn for PLV and the point of

lowest frequency for FRQ.
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Next, the cross-correlations at zero-lag were calculated between PLV and
instantaneous frequency, again to identify replication in the patterns of event-related change
in instantaneous measures of MEG as predicted by the FM, and reported by Burgess (2012)
and in Chapter 3 of this thesis. These PCC cross-correlations were calculated on each
downsampled IMFs’ PLV and frequency data averaged across participants. The resultant
cross-correlation coefficients and mean baseline frequencies were then averaged across
equivalent IMFs to efficiently visualise the overarching trends (just like the ERF waveforms,
the cross-correlations in magnetometers and planar gradiometers were similar, as later
visualised with tsyncnGs, thus averaged across). There were again clear negative cross-

correlations between PLV and frequency (as shown in Tables 5.1.1 and 5.1.3).

Cross-correlations were also calculated again for discrete frequency bands of beta
(13-30 Hz), alpha (7-13 Hz), theta (4-7 Hz), and delta (1-4 Hz), based on the mean baseline
frequencies per IMF across sensor types and downsamples (Tables 5.1.2 and 5.1.4). There
were clear and similar negative cross-correlations in both SSS and tSSS estimation
methods, particularly for frequencies within the theta range across all conditions, but also for
beta, alpha, and delta ranges across most conditions. Generally, the AO cross-correlations
were more robust than the AS cross-correlations across age and estimation method. The
related power law curves for tsyncn were also visually inspected for replication of Chapter 3’'s
findings per condition, sensor type, and estimation method, showing there were clear curves
for AO but not AS (as shown in Figure 5.2.1 and Figure 5.2.2).
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Table 5.1.1

For the SSS method in Y and O groups, average cross-correlation coefficients (PCC) at zero

lag between PLV and frequency of the IMFs per condition in the time range 0 to 500 ms, with

mean baseline frequency/Hz and SD shown in brackets (M, SD).

IMF AO-Y AO-O AS-Y AS-O
1 -.07 07 -03 -10
(68.81,5.04)  (68.31, 5.26) (68.56,5.04)  (67.80, 5.27)
2 .27 -.36 -.03 -.07
(29.90, 1.88)  (29.04, 1.73) (29.72,1.90)  (28.17, 1.68)
3 -.05 -.56 -15 15
(13.27,0.73)  (13.31, 0.73) (13.15,0.73)  (12.98, 0.68)
4 -.50 -73 -43 -.66
(6.49, 0.35) (6.60, 0.37) (6.51, 0.36) (6.54, 0.35)
5 -.21 -.05 .00 .04
(3.13, 0.18) (3.17,0.19) (3.12, 0.20) (3.18, 0.18)
6 -.07 - 47 -.90 42
(1.35,0.11) (1.39, 0.11) (1.34,0.11) (1.40, 0.10)
Table 5.1.2

For the SSS method in Y and O groups, average cross-correlation coefficients (PCC) at zero

lag between PLV and frequency of set frequency bands taken from IMFs per condition in the

time range 0 to 500 ms, with mean baseline frequency/Hz and SD shown in brackets (M,

SD).
Band AO-Y AO-O AS-Y AS-O
Beta ~.09 ~46 ~.03 .05
(18.82,7.29)  (20.55,7.61)  (19.09,7.35)  (22.74,7.42)
Alpha -.28 -.68 -.37 .01
(12.20,0.48)  (12.23,0.47)  (12.32,0.58)  (12.34, 0.57)
Theta -.50 -73 -43 -.66
(6.49, 0.35) (6.60, 0.37) (6.51, 0.36) (6.54, 0.35)
Delta -14 -.26 -45 23
(2.24, 1.01) (2.28, 1.01) (2.23, 1.01) (2.29, 1.01)
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Table 5.1.3

For the tSSS method in Y and O groups, average cross-correlation coefficients (PCC) at

zero lag between PLV and frequency of the IMFs per condition in the time range 0 to 500

ms, with mean baseline frequency/Hz and SD shown in brackets (M, SD).

IMF AO-Y AO-O AS-Y AS-O
1 -.02 .00 03 12
(69.31,5.00)  (68.77, 5.24) (69.22, 5.03) (68.21, 5.25)
2 .27 -10 .03 .09
(29.95,1.83)  (29.25, 1.71) (29.85, 1.85) (28.31, 1.64)
3 .37 -43 12 -.38
(13.21,0.70)  (13.49, 0.73) (13.13, 0.68) (13.09, 0.67)
4 -.24 -.80 - 41 -.81
(6.46, 0.35) (6.67, 0.37) (6.49, 0.33) (6.59, 0.34)
5 -.35 -39 22 -.02
(3.10,0.18 (3.20, 0.18) (3.12, 0.17) (3.20, 0.18)
6 -.28 -42 -84 -13
(1.36, 0.10) (1.42,0.10) (1.38, 0.09) (1.42, 0.09)
Table 5.1.4

For the tSSS method in Y and O groups, average cross-correlation coefficients (PCC) at

zero lag between PLV and Frequency of set frequency bands taken from IMFs per condition

in the time range 0 to 500 ms, with mean baseline frequency/Hz and SD shown in brackets

(M, SD).
Band AO-Y AO-O AS-Y AS-O
Beta -.32 ~.30 07 ~.08
(17.94,6.89)  (20.17,7.65)  (18.70,7.34)  (22.37,7.56)
Alpha -43 -44 20 -45
(12.15,0.42)  (12.43,0.50)  (12.14,0.44)  (12.30, 0.55)
Theta -.24 -.80 -41 -.81
(6.46, 0.35) (6.67, 0.37) (6.49, 0.33) (6.59, 0.34)
Delta -.32 -41 -.31 -.08
(2.23, 0.99) (2.31,1.01) (2.25, 0.99) (2.31,1.01)
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Figure 5.2.1

Model fitting tsyncnG with power law fits (red line) for both magnetometer (left side) and planar
gradiometer (right side) sensor types, modelled across tsynch points (blue dots) for all the O
group’s conditions of estimation method (SSS versus tSSS) and condition (AO versus AS),

from grand averages over participants’ frequency and PLV data.
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Figure 5.2.2

Model fitting tsyncnG with power law fits (red line) for both magnetometer (left side) and planar

gradiometer (right side) sensor types, modelled across tsynch points (blue dots) for all the Y

group’s conditions of estimation method (SSS versus tSSS) and condition (AO versus AS),

from grand averages over participants’ frequency and PLV data.
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5.3.2 Estimating tsyncnG in MEG

The gradient across tsynch points (i.e., tsyncnG) was again estimated as the log-log
polynomial straight-line model across all tsynch points from IMF2 to IMF6, following the
approach outlined and justified in Chapters 3 and 4 of this thesis, and modelled per age
group for each estimation method. Figures 5.4.1 and 5.4.2 visualise the polynomial tsyncnGs
for each age group (O versus Y) and pre-processing estimation method (SSS versus tSSS),
with underlying data averaged across participants and then modelled across all
downsamples’ tsynch points per condition from magnetometers and planar gradiometers
together. This combination was to provide additional points for the modelling with the aim of
a more robust fit and greater SNR. This approach is supported by Garces et al. (2017) and
sensors generally showing comparable patterns across tsyncnG estimates for the AO
condition of interest (as first shown in Figures 5.3.1 for SSS and 5.3.2 for tSSS). Notably, the
grand average tsyncnGs for older adults demonstrated a slightly flatter gradient than younger

adults when data were agglomerated in this way (as shown in Figures 5.4.1 and 5.4.2).

Figure 5.3.1

For the SSS estimation method, model fitting tsyncnG with log-log polynomial fits (Lline, black
= AO condition, pink = AS condition) for O (top row) and Y (bottom row) age groups per

estimation method in magnetometers (left side) and planar gradiometers (right side).

4 O: Magnetometers SSS 4 O: Planar Gradiometers SSS
*  AOtsynch *  AOtsynch
AO Lline AO Lline
35 © AStsynch 35 © AStsynch
T AS Lline AS Lline
3 3

logFrequency/Hz
»n
logFrequency/Hz

3}

Lo
o

0 0
-3 -25 -2 -1.5 -1 -0.5 -3 -25 -2 -1.5 -1 -0.5
logTime/ms logTime/ms
4 Y: Magnetometers SSS 4 Y: Planar Gradiometers SSS

+  AOisynch
AQO Lline
. AStsynch
AS Lline

+  AOtsynch

\ AO Lline
35 N L. ©  AStsynch
° : AS Lline

35 .

g
[N o o

logFrequency/Hz
o

logFrequency/Hz
o

o
o

=}

o
&
o

o

-3 25 -2 -1.5 -1 -0.5 -25 -2 -1.5 -1 -0.5
logTime/ms logTime/ms

T.M. James, PhD Thesis, Aston University 2024. 116



Figure 5.3.2

For the tSSS estimation method, model fitting ts,ncnG with log-log polynomial fits (Lline, black
= AO condition, pink = AS condition) for O (top row) and Y (bottom row) age groups per

estimation method in magnetometers (left side) and planar gradiometers (right side)

separately.
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Figure 5.4.1

For the SSS method, model fitting ts,ncnG with log-log polynomial fits for AO (left side) and
AS (right side) conditions per age group (Y = purple line and black dots; O = red line and

blue dots) across all sensors’ tsynch data points together.
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Figure 5.4.2

For the tSSS method, model fitting tsyncnG with log-log polynomial fits for AO (left side) and
AS (right side) conditions per age group (Y = purple line and black dots; O = red line and

blue dots) across all sensors’ tsynch data points together.
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5.3.3 Differences in chronological age, NART-IQ, and cognitive performance between
age groups

The mean NART-IQ was 114 (SD = 6.8, Range = 98 to 124), indicating that the
sample was generally above average and less varied in premorbid intelligence than the
general population. The mean score of cognitive performance on the QMCI was 76 (SD =
9.2, Range 59 to 93), indicating that the sample had normal cognitive functioning. NART-IQ
was significantly correlated with cognitive performance (r = .41, p = .006). A set of
independent t-tests were run to interrogate the differences in NART-IQ and cognitive
performance per age group. There was a significant difference in NART-IQ (£#(42) = 3.04, p =
.004, d = 0.92) between O (M = 116.55, SD = 6.42) and Y groups (M =110.81, SD = 6.07),
showing that older adults had higher pre-morbid 1Q. There was not a significant difference in
cognitive performance on the QMCI (t(42) = -1.90, p > .05, d = -0.57) between O (M = 73.18,
SD =9.36) and Y groups (M = 78.27, SD = 8.40). However, this comparison turned
significant when controlling for NART-IQ via an ANCOVA, contextualised by the significant
correlation between the variables, where the main effect of age group was significant
(F(1,41)=17.83, p < .001, n°%, = 0.30) such that Y (M = 80.75) had a significantly higher
QMCI score than O (M = 70.70) after statistically controlling for pre-morbid 1Q. There was
also a significant difference in mean RT (#(42) = 4.46, p < .001, d = 1.34) between O (M =
820.11, SD = 199.38) and Y groups (M = 598.48, SD = 120.65), and in raw ISD (#(42) = 3.42,
p=.001, d=1.03) between O (M =216.99, SD = 73.54) and Y groups (M = 144.89, SD =
66.20). However, this difference disappeared for CV ({(42) = 1.68, p > .05, d = 0.51) and
modelled ISD (#(42) = -0.15, p > .05, d = -0.04).

5.3.4 Differences in P3b peaks and tsyncnG between age groups

Due to differences in SNR and scaling of amplitude between sensor types (Garces,
2017), two separate 2x2 mixed ANOVAs were run to interrogate the differences in P3b
amplitude between age groups (O and Y) and estimation methods (SSS and tSSS) for each
sensor type of magnetometers and planar gradiometers. For magnetometers, there were no
significant main effects of estimation method (F(1,39) = 2.15, p > .05, n“, = 0.05) or age
group (F(1,39) = 0.54, p > .05, n“, = 0.01), and no significant interaction either (F(1,39) =
1.00, p > .05, n“, = 0.02). For planar gradiometers, there were also no significant main
effects of estimation method (F(1,39) = 1.30, p > .05, n = 0.03) or age group (F(1,39) =
0.01, p > .05, n?, = 0.01), and no significant interaction either (F(1,39) = 1.60, p > .05, n?, =
0.04). In summary, there was no significant difference in P3b amplitude for age groups or

estimation method, irrespective of sensor type.

Because the differences in scaling between sensor types do not affect peak latency

as they do peak amplitude, a 2x2x2 mixed ANOVA was conducted to examine differences in
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P3b latency for age group (O and Y), estimation method (SSS and tSSS), and sensor type
(Magnetometers and Planar Gradiometers). There was no significant main effects of
estimation method (F(1,78) = 0.05, p > .05, n“, = 0.01) or sensor type (F(1,78) = 0.52, p >
.05, n“, = 0.01), and no significant interactions (ps > .05), but there was a significant main
effect of age group (F(1,78) = 14.66, p < .001, n? = 0.16), with a later peak latency for O (M
= 429.83, SD = 68.45, 95% CI [409.56, 450.11]) than Y (M = 374.01, SD = 70.05, 95% CI
[353.24, 394.79]). The main effect descriptive data of the three-way mixed ANOVA are
presented visually in Figure 5.5 to clarify the two nonsignificant effects and one significant

effect in P3b latency, the latter seen for the age group variable (O versus Y, with a longer

latency for O).

Figure 5.5

Line plot visualisations of the nonsignificant estimation method main effect (SSS versus
tSSS) and sensor type main effect (Magnetometers/M versus Planar Gradiometers/P), and
significant age group main effect (O > Y) on P3b latency, with dots as means and bars as

the 95% confidence intervals to show overlaps and differences between conditions.
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In a 2x2 mixed ANOVA for AOtsynchG (Figure 5.6), there was no significant main
effects (Figure 5.5.2) of estimation method (F(1,39) = 0.21, p > .05, n%, = 0.01) or age group
(F(1,39) = 1.37, p > .05, n?, = 0.03), and no significant interaction either (F(1,39) = 0.26, p >
.05, n“, = 0.01), despite visualising a mean change in age group (Figure 5.4.1 and Figure
5.4.2). Notably, the standard deviation of tsyncnG for the Y groups was much higher than O
groups (e.g., O-AO-SSS = 0.29; O-AO-tSSS = 0.28, versus Y-AO-SSS = 0.53; Y-AO-SSS =
0.47). Despite AO being the main focus here, for completeness a 2x2 mixed ANOVA for
AStsyncnG was also conducted (Figure 5.7). There was no significant main effects of
estimation method (F(1,39) = 3.79, p = .059, n°, = 0.09) or age group (F(1,39) = 0.270, p >
.05, n“, = 0.03), and no significant interaction either (F(1,39) = 0.01, p > .05, n°% = 0.01).
Both the main effect and interaction descriptive data of the two-way mixed ANOVA are
presented visually in Figure 5.6 and Figure 5.7 to clarify the nonsignificant effects with wide
confidence intervals in both AO-tsyncnG and AS-tsyncnG respectively. In summary, there was
no significant difference in tsyncnG for age groups or estimation method. Additionally, a 2x2
mixed ANCOVA controlling for NART-IQ did not alter these significances (ps > .05).

T.M. James, PhD Thesis, Aston University 2024. 121



Figure 5.6

Line plot visualisations of the nonsignificant estimation method main effect (SSS versus
tSSS) and age group main effect (O and Y) on AO-tsynenG, and nonsignificant interaction of
estimation method and age group, with dots as means and bars as the 95% confidence

intervals to show overlaps between conditions.
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Figure 5.7

Line plot visualisations of the nonsignificant estimation method main effect (SSS versus
tSSS) and age group main effect (O and Y) on AS-tsyncnG, and nonsignificant interaction of
estimation method and age group, with dots as means and bars as the 95% confidence
intervals to show overlaps between conditions.
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5.4 Discussion

We wanted to apply the FM and new tsyncnG metric to MEG for the very first time. Our
objectives were to determine whether the FM is an empirically credible, alternative
explanation of event-related MEG, and whether there is a difference in tsyncnG between two
age groups of healthy young and older adults. The aim was not only to further advance our
understanding of event-related MEG, but also our understanding of age-related changes in
the brain. Based on findings from Burgess (2012) and Chapter 3, we predicted that changes
in instantaneous frequency and PLV would be negatively cross-correlated, with post-
stimulus frequency slowing concurrent with increasing PLV. The results of this study provide
clear evidence for the negative cross-correlations as predicted, and power curve gradients
were accurately fitted across tsyncn points for the AO condition. Whilst these trends were not
as clear in the AS condition, this is likely due to the same innate limitation of the AS
condition as outlined in Chapter 3. Namely, the oddball gradient may reflect rigid task
demands with naturally more efficient information processing and communication across
neural networks, also supported by a ROI dedicated to enhancing the SNR of the P3b
component. In contrast, the standard condition’s gradient may trend towards zero due to
reflecting far less homogenous activity over trials and lower SNR. Overall, these findings are
analogous to those in EEG and suggest that the FM and its explanatory mechanism of

cross-frequency phase modulation can explain event-related changes recorded in MEG.

Second, we sought to explore the ability to estimate a tsyncnG metric in MEG using
both magnetometers and planar gradiometers together. Based on the FM, the VSH, and the
findings from Chapter 3, it was predicted that modelling tsynch across ordinal IMFs would
follow the same power law curve to reflect the systematic, gradual spread of activity across
neural networks of increasing scale (thus decreasing frequency) over time. AO tsyncnG wWas
successfully estimated in both power law curves and log-log polynomial straight lines for
each sensor and across both sensor types of magnetometers and planar gradiometers,
irrespective of pre-processing procedures (i.e., SSS or tSSS). The fits were very similar to
those seen in the previous EEG studies and show that it is possible to use both sensor
types’ tsynch together to provide a greater number of data points per individual for subsequent
modelling of tsyncnG. However, there may be cases where it is better or unavoidable to rely on
just planar gradiometers or magnetometers depending on the SNR and nature of the MEG
setup, particularly as not all MEG systems comprise planar gradiometers like the Elekta
Neuromag® TRIUX. In any case, it could also be beneficial for the number of target IMFs to
be increased and/or the number of target downsamples to be increased, with a higher
sampling rate and low-pass filter, to further improve SNR and robustness of the tsyncnG

metric. The downside of this change would be an increased computational load, which is
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already high for EMD analyses owing to its implementation on trial-level data (Sweeney-
Reed & Nasuto, 2007; Sweeney Reed et al., 2018).

There being no significant differences in tsyncnG between SSS and tSSS suggests it is
acceptable to use tSSS where participants, perhaps unwittingly, introduce substantial noise
from inside the MEG array (e.g., from dental metalwork). This pre-processing could be
particularly beneficial if MEG-age derived from tsyncnG Were to be applied in clinical settings,
where metal artefacts may be unavoidable and the thinner MaxShield™ MSR more
common. However, deeper evaluation of the impact of MEG data cleaning, including
MaxFilter™ and head movement correction, is still recommended within the wider aim of
improving SNR. A good starting place would be collecting two groups/conditions (e.g., age-
equivalent or repeated measures), comprising very clean versus very noisy data to see how
pre-processing of each can affect the outcomes. For example, this could elucidate how a
potential significant negative correlation between chronological age and SNR may be
accounted for when applying tsynenG to detect and track age-related changes. More
generally, just like EEG data can be ‘overcleaned’ (Delorme, 2023), the same risk will no

doubt apply to MEG data, and this risk needs careful consideration moving forward.

Finally, we wanted to examine the differences in tsyncnG and the ERF’s P3b
component between young adult and older adult age groups. Whilst there was a descriptive
difference in the visualisation of grand average tsyncnGs per age group (when averaging
across instantaneous frequency and PLV data first), there were no significant differences in
the tsyncnG between age group based on the individual-level data. This is likely in part due to
lower SNR in the individual-level tsyncnG as previously outlined in Chapters 3 and 4, but
particularly in the Y group of the current study (evidenced by visualisations and standard
deviations). Additionally, there was limited statistical power in the current study due to
resource limitations, which can not only lead to type-Il errors (Button et al., 2013) but also
type-S errors (Gelman & Carlin, 2014), where the sign of the difference is switched
compared to the true effect. That said, it may also be the case that tsyncnG was simply
reflecting the near equality between young and older adults in their cognitive and neural
states. Just like in chapter 4, the older sample in this study was very healthy and displayed a
NART-IQ bias. Therefore, there may have only been relatively minor age-related changes
and not across the whole deep structure as measured by tsyncnG. These changes could have
been isolated to discrete surface features like P3b latency, and not to such an extent that it
impacted tsyncnG and cognitive performance (evidenced by the older participants remaining in
the normal QMCI band). Again, this is particularly pertinent given the methodology and
statistical sensitivity of the current study. Overall, these findings, just like the findings in

Chapter 4, are inconclusive and support a larger, more diverse sampling strategy in future.
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This could comprise an examination of the impact of early life maturational processes (i.e.,
<18 years) and late life degradation processes (i.e., >80 years) on tsyncnG, which may reveal
accentuated or even entirely distinct changes. However, SNR would still need to be
improved in parallel, to disentangle the effects of suboptimal SNR from meaningful age-
related changes. Future optimisations to methodological and analytical pipelines will be
discussed in Chapter 7, as the current findings certainly support a deeper interrogation of
tsyncnG.

In summary, there were three broad aims of this thesis, which could be achieved
concurrently; namely, 1) to advance our understanding of event-related and resting-state
EEG and MEG, 2) to advance our understanding of age-related changes in the brain with
EEG and MEG, and 3) to establish EEG and MEG metrics that have the potential to track
those age-related changes over time. This MEG study has improved our understanding of
event-related changes by suggesting that the FM’s explanatory mechanism is applicable to
ERFs just like ERPs. It has also taken us a step closer to better understanding age-related
changes in the deep structure of event-related MEG, but there are no wholly convincing
results yet, likely due to the current suboptimal SNR. Nevertheless, this study serves as
another foundation for future studies with larger, more diverse samples and optimised
methodology and analysis pipelines. Combining the findings of Chapters 3, 4, and 5
together, we now have a greater understanding of EEG and MEG event-related changes
and their age-related changes, plus a new tsyncnG metric that has the potential to detect and

track deleterious age-related changes once optimised.
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Chapter 6: Estimating chronological age from the EEG: resting-state oscillatory

dynamics in the healthy ageing brain

Declaration of prior use: a substantial portion of this chapter has been submitted as a

preprint on PsyArXiv and for publication in the journal Psychophysiology.

6.1 Introduction

There is extensive literature on the effects of ageing on the EEG (as outlined in
Chapter 2), which has now been added to by establishing tsyncnG @and how it can be used to
estimate EEG-age in the context of event-related paradigms. In this chapter, the focus will
turn to resting-state EEG, specifically how amplitude across the broad power spectrum and
PAF can be used to estimate chronological age. Amplitude and frequency are distinct
metrics but can be compared in their ability to estimate age, with the fact that they are
distinct as a reason to make the comparison. The applied motivation for this approach was
the same as for the previous work in event-related EEG, that an individual’s brain age might
act as a proxy of their general brain functioning. Therefore, a discrepancy between
chronological age and EEG-estimated age could prove clinically informative by implicating
deleterious conditions. Using a resting-state paradigm may be a more participant-friendly
approach too, where event-related paradigms could be more difficult to manage and
complete from both clinician and patient or community perspectives (Duncan et al., 2009).
Sitting at rest could also feed into reduced measurement noise, particularly in an eyes-
closed paradigm where the participant simply needs to stay still and awake. Finally,
establishing frequency and amplitude metrics of the resting-state brain and how they can be
used to estimate EEG-age could allow for further diagnostic triangulation (Hackfort &
Birkner, 2011), such as combined with tsyncnG as a novel phase metric of the event-related

brain, in the wider hunt for early and accurate detection of deleterious age-related change.

As outlined in Chapter 2, a mean decline in PAF is arguably the best-established
EEG-correlate of increasing age and has been reported not only from the visual inspection of
relatively small numbers of EEG recordings (Duffy et al., 1984; Dustman et al., 1993;

Hughes & Cayaffa, 1977; Mizukami & Katada, 2018; Obrist, 1954; Stroganova et al., 1999)
but also in multiple studies using large sample sizes and automated algorithms (Aurlien et
al., 2004; Chiang et al., 2011; Finley et al., 2022; Hashemi et al., 2016; John et al., 1980;
Lodder & van Putten, 2011; Merkin et al., 2023; Samson-Dollfuss & Goldberg, 1979). Itis a
normal brain-ageing phenomenon that likely reflects changes in neural and cognitive
integrity, although no specific mechanism or interpretation has been established beyond
reasonable doubt. Any relationship between age, neural function, and cognitive performance

is likely to be complex and masked by numerous factors, such as those outlined by the
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deficit vs benefit ageing models. A couple of advantages of M-PAF compared to other
estimates of PAF (e.g., N-PAF, C-PAF, and K-PAF; all outlined in Chapter 2 and with no
conclusion forthcoming on which method is best) is it can be readily extended to frequency
bands other than alpha and incorporates the 1/f slope, thus both periodic (e.g., traditional
oscillatory bands) and aperiodic (e.g., non-oscillatory) components of the EEG power
spectrum can be considered (Donoghue et al., 2020). This would allow us a deeper insight
into the complex age-related changes in frequency across the spectrum, and potentially offer
additional metrics for tracking problematic age-related changes. However, peaks in
frequency bands other than alpha are rarely clear and, thus, rarely reported, and peaks that
do occur tend to be broader than in alpha. Consequently, age-related changes across the
EEG power spectrum are traditionally examined via changes of oscillatory power in pre-
defined frequency bands, but the results vary widely and depend on the methodology and
statistical approach used by the researchers (Cragg et al., 2011; Dauwels et al., 20103;
Duffy et al., 1993; Gémez et al., 2013; Ishii et al., 2017; Vysata et al., 2012). For example,
studies that account for age-related changes in the aperiodic 1/f slope concurrently with
oscillatory power have produced contrasting evidence to the traditional approaches,
although the findings have not been entirely consistent (Donoghue et al., 2021; Finley et al.,
2022; Merkin et al., 2023; Schaworonkow & Voytek, 2021; Trondle et al., 2022).

One way to circumvent the difficult choices required when estimating PAF or
oscillatory power in discrete frequency bands is to consider a distinct metric that could
improve SNR and provide a robust assessment of age-related changes in the EEG. That
metric is a quantification of age-related changes across the broad EEG power spectrum
using a multivariate method called PLS regression. In a similar way to how tsyncnG allows us
to study the deep structure of event-related changes in the brain rather than surface
features, PLS regression analysis of the broad frequency spectrum is a more holistic, distinct
measure of the resting state brain compared to targeting power in discrete frequency bands
or PAF. At the time of writing, PLS has not previously been used to examine the broad EEG
power spectra (e.g., 0.1 to 45 Hz) with the focused aim of estimating chronological age. This
is a gap in the literature because multivariate approaches have advantages that may provide
more robust results than conventional approaches, such as PAF, when attempting to match
chronological age and brain age. For example, multivariate analyses can use all amplitude
information in the broad EEG power spectra (e.g., 0.1 to 45 Hz) dataset at the same time,
work when there are no visible peaks in the spectra, and they reduce subjective user input.
Interrogating the relationships between PAF and the broad power spectrum with
chronological age will provide another foundation for the applied use of EEG-age, but it will

also extend our understanding of oscillatory dynamics in the resting state, healthy ageing
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brain. In turn, we also wanted to compare proxy measures of general cognitive integrity
alongside EEG-estimated age to again probe age-related processes (e.g., dedifferentiation
and noise versus reserve) from the same general, system-level perspective as implemented

when interpreting event-related EEG in chapters 4 and 5.

Overall, our objective was to use the EEG power-frequency spectrum to estimate
chronological age as EEG-age. First, we wanted to compare the well-established variants of
PAF on their ability to estimate age. Based on previous evidence, we predicted that PAF
would be negatively correlated with chronological age, and we aimed to determine which
estimate of PAF (M-PAF, C-PAF, K-PAF, or a variant of N-PAF) correlated most strongly
and provided the most accurate estimate of chronological age. Second, we sought to explore
the potential of multivariate analyses of the broad EEG spectrum (0.1 to 45 Hz), using PLS
as a distinct analytical approach to PAF that has not previously been used to estimate
chronological age. Third, we wanted to examine the relationships of PAF age and PLS EEG-
age with already established proxy measures of general cognitive integrity. As with the
previous chapters, the objectives of this chapter were such that the outcomes will directly
inform the aims of this thesis; to better understand resting-state EEG, in and out of the
ageing context (aims #1 and #2), and to establish metrics for tracking age-related changes in
the brain (aim #3).

6.2 Methods
6.2.1 Participants

This is the same EEG dataset as previously used in Chapters 3 and 4, but now
focusing on the resting state data therein instead of the event-related data. As a brief recap
of the demographics, sixty healthy adults (24 men, 36 women; 5 left-handed, 55 right-
handed) volunteered to participate, which allowed for ten participants per decade of
chronological age across six decades (M = 49 years, SD = 17.9, Range = 20 to 78). Having
reached our resource limit, a sensitivity power analysis for a univariate negative correlation
between PAF and chronological age using Pearson’s r, with an alpha of .05 and a beta of .2
[.1], calculated a minimum detectable effect size of -.31 [-.37] (calculated using G*Power,
version 3.1.9.7; Faul et al., 2009). Participants had a mean of 17 years in formal education
(SD = 4.0, Range = 7 to 27). Fifty-two participants identified as White, seven as Asian, and
one as Black, with all participants recruited via Aston University’s advertising portals, which
includes the ARCHA Panel that comprises older adults from around the UK who volunteer to
take part in studies at Aston University. This study received a favourable opinion from AU-
REC and was carried out in accordance with the Declaration of Helsinki and the British
Psychological Society Code of Human Research Ethics. Written informed consent was

obtained from each participant, and they were reimbursed £15 for their participation.
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All participants actively reported having no experience of traumatic brain injury, no
diagnosis of neurological or psychiatric disorder, and no known cognitive impairment.
Participants were screened for depression via the GDS-15 (Sheikh & Yesavage, 1986), as
severe depression may confound measures of PAF (Tement et al., 2016; Zhou et al., 2023).
Participants were also screened for cognitive impairment via the QMCI (O’Caoimh & Molloy,
2017). As in Chapter 4, we included the QMCI not only as a screening tool, where healthy
adults should report scores that are isolated to the normal category, but as our estimate of
general cognitive integrity, a proxy measure of dedifferentiation and noise, where higher
scores represented higher general brain functioning. Participants also completed the NART
(Nelson, 1982; Nelson & Willison, 1991), and, again as in Chapter 4, we converted the raw
NART scores to estimates of the Wechsler Adult Intelligence Scale score (WAIS-IV;
Wechsler, 2008), called NART-IQ, via a validated conversion, NARTIQ = 126.41 - 0.9775 x
NART errors (Bright et al., 2018). NART-IQ was included as an efficient, proxy measure of
age-related mechanisms that support cognitive functioning, particularly reserve (Boyle et al.,

2021), in contrast to the QMCI as a proxy measure of age-related deficits.

6.2.2 EEG recording

DC-EEG was recorded for 4 minutes while participants were sitting at rest, on a
comfortable chair in a quiet room, with their eyes closed. The EEG setup used for data
collection is outlined in Chapter 2 of this thesis. With a mean electrode impedance of 15.48
kQs (SD = 13.33, Range = 0.01 to 120.50), most electrodes had similar impedances that
were less than the reported optimal cut-offs of 40 kQs (Ferree et al., 2001; i.e., 94% of 3780
electrodes) and 50 kQs (Kaneko et al., 2021; i.e., 97% of 3780 electrodes) for the high-
impedance ANT EEG system. For one participant, one mastoid electrode (M1) reached
120.50 kQs, although this was still below the workable maximum of 200 kQs (Ferree et al.,
2001).

6.2.3 Data preparation

EEG data were pre-processed and analysed in MATLAB R2019b. DC-EEG
recordings can contain long slow trends that deviate substantially from zero in the absence
of any artefact. Therefore, the raw data was demeaned and then a time-varying baseline
was used (spanning 1025 data points, + 2.048 seconds), derived from a standard 3rd-order
Savitzky-Golay filter (Press & Teukolsky, 1990), and raw data that deviated from the
Savitzky-Golay filtered signal by £120 pV were excluded. The largest possible contiguous
segment of artefact-free EEG was selected for each person. Over 100 seconds of EEG was
obtained for each person (M = 205 seconds, SD = 58, Range = 103 to 343, with one EEG
recording that exceeded 4 minutes) without the need for EOG correction. However, for 12

participants, channels had to be excluded to achieve this target duration and avoid noise-
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contamination of the PAF and spectral estimates, to be left with the most reliable estimates
possible per participant using the available data. In most cases, fewer than 5 channels were
excluded, except for four cases where 6, 7, 9, and 16 channels respectively were excluded.
Subsequent agglomeration across channels and/or participants simply used the data that
remained. This data preparation was completed without reference to demographics, such as
chronological age, but we later checked whether age and length of recording were

correlated; they were not (r = -.05, p =.730).

6.2.4 Signal analysis

For the N-PAF and M-PAF methods, an autoregressive power spectral density
estimation was used with the covariance method of model order 256 that covers a span of
512 milliseconds (256 x 2; MATLAB function ‘pcov.m’), allowing for the estimation of spectral
density values from 0.1 to 45 Hz at a resolution of 0.1 Hz compared to around 0.25 Hz for
the Welch method. Frequencies above 45 Hz were excluded from analysis because of their
low SNR, including the United Kingdom’s 50 Hz mains electricity noise, and frequencies
below 0.1 Hz were also excluded. To prevent the highest power values at low frequencies
from biasing the statistical analyses, the EEG power spectrum was converted to amplitude
by taking the square root and then the logarithm (base 2) to create a log, (amplitude)
spectrum that was used in subsequent analyses (Burgess, 2019). The K-PAF and C-PAF
methods were implemented using an openly accessible MATLAB code called ‘restinglAF’,
which has been shared by Corcoran et al. (2018). For both methods, spectral analysis
followed the traditional Welch FFT-method implemented with a 4096-millisecond Hamming-
tapered window with 50% overlap. The power spectra were then normalised and smoothed

using a 5th-order Savitzky-Golay filter (spanning 11 frequency bins, + 2.69 Hz).

The N-PAF method was implemented first. This approach involved a simple
identification of all peaks in the spectrum between 7 to 13 Hz at each channel for each
participant. A peak was defined as any part of the spectrum where the gradient of the
amplitude (64/6f) changed sign. If more than one peak was identified, the N-PAF was
defined as the peak with the highest amplitude. No identifiable peak occurred in <2% of
channels (i.e., 67 out of 3780 channels), and these channels were each listed as a missing
datum. One way to calculate a univariate estimate of PAF for the N-PAF method is to
calculate an average across channels. Consequently, channels are weighted equally
regardless of their SNR. Alongside the classic N-PAF method, we also implemented an
alternative version of N-PAF that we named the Direct Estimate-PAF (D-PAF). This involved
SVD (Harner, 1990) of the channel-by-spectra matrix, to emphasise features of the EEG
power spectrum that were consistent across channels in an individual. Spectra were the

log, (amplitude) values estimated at 0.1 Hz intervals. In the current context, the first
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extracted component accounted for a large majority of variance in every participant (M =
94% variance, SD = 3%, Range = 82% to 99%). Post-SVD, the summary measure of PAF
was obtained simply by identifying the peak with the highest amplitude in the 7 to 13 Hz

range.

K-PAF and C-PAF methods were implemented next, in accordance with the
‘restinglAF’ code that was shared by Corcoran et al. (2018). The K-PAF approach involved
finding the centre-of-gravity (i.e., amplitude-weighted mean frequency) in the alpha range,
using a smoothed Welch’s EEG spectrum. The bounds of the alpha band were defined when
the gradient of the amplitude was equal to zero. The summary estimate of PAF was derived
from data across all available channels, with each channel contributing equally. The C-PAF
approach also used smoothed EEG spectra, with the peak frequency being defined at each
channel (as in N-PAF) before averaging to produce the summary measure. This averaging
involved excluding channels with a low amplitude alpha peak, such that the minimum
amplitude of a peak would be a standard deviation above the estimate predicted by a
regression model of the log-transformed power spectral density. To finish, the SNR-weighted

mean of the remaining PAFs was calculated.

Finally, the M-PAF method was implemented in close alignment with the methods
used in previously published papers that correlated M-PAF with age (e.g., Chiang et al.,
2011; Lodder & van Putten, 2011). It assumed that the EEG power spectrum consists of an
aperiodic 1/f slope plus Gaussian distributions representing the peaks of five different

periodic frequency bands (i.e., Theta, Alpha, Beta1, Beta2, and Gamma). Specifically, the

log, (amplitude) spectrum consisted of a Ao.fim + k component, where fis the frequency

raised to the power m, weighted by a constant, 4, with an offset, k, plus the five frequency

_%(f"_igi)z], with

bands. These bands were represented by a Gaussian distribution, Aie[
maximum amplitude, 4;, mean peak frequency, u; and standard deviation, a;. Combined this
gives:
LS a5
10g2A(f) = Ao- 757 + ZAie 5t ) | 1k (6.1)
i=1

The model was fitted using non-linear least squares (MATLAB function fit.m’) with
conventional constraints: m < 0, 0 < A; < 10 log,(uV /Hz), peak frequencies, y;, to be in
the ranges 1-7, 7-13, 13-21, 21-29, and 29-47 Hz, and maximum widths, g;, to be 15, 10, 30,
30, and 30 Hz for the five frequency bands respectively. An example fit of this model to an

individual's EEG power spectrum is shown in Figure 6.1 (M = .995 R?aqgjusted, SD = .006,
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Range = 0.963 to 0.999). The model was not fitted to each channel but, like D-PAF, to the
first component of a SVD, so one summary estimate of PAF accounted for all channels. An

overview of the procedural differences between the PAF methods is shown in Table 6.1.

Figure 6.1

The model EEG density spectrum. a) shows an individual’s observed spectrum compared
with the modelled spectrum; b) shows the 1/f slope; c) shows the five Gaussian components

representing the theta, alpha, beta1, beta2 and gamma frequency bands.
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Table 6.1

Differences between PAF estimation methods

Method name Spectral Channel treatment Peak identification
analysis

N-PAF Naive-Peak Autoregressive  No averaging Per channel, the
Alpha Frequency Method (AM; alpha peak with the
(Chiang et al., Gersch, 1970) highest amplitude
2008)

D-PAF Direct Estimate-  Autoregressive  Singular Value The SVD'’s first-
Peak Alpha Method (AM; Decomposition component’s alpha
Frequency Gersch, 1970) (SVD; Harner, 1990) peak with the highest

amplitude

M-PAF Modelled-Peak Autoregressive  Singular Value The SVD'’s first-
Alpha Frequency Method (AM; Decomposition component’s
(Chiang et al., Gersch, 1970) (SVD; Harner, 1990) frequency of the
2011; Lodder & Gaussian distribution
van Putten, used to represent the
2011) alpha frequency

C-PAF Corcoran-Peak Welch-FFT Weighted-averaging The SNR-weighted,
Alpha Frequency (Welch, 1967) across smoothed averaged alpha peak
(Corcoran et al., EEG spectra-PAF with the highest
2018) amplitude

K-PAF Klimesch-Peak Welch-FFT Averaging across The amplitude-

Alpha Frequency

(Klimesch et al.,
1990, 1993)

(Welch, 1967)

smoothed EEG
spectra-PAF with
individually defined
alpha bands

weighted, averaged

mean frequency

The ability of the broad EEG power spectrum of 0.1 to 45 Hz range to predict

chronological age (i.e., EEG-age) was assessed using PLS (MATLAB function

‘plsregress.m’). The predictor was the first component of the SVD of the channel-by-spectra

matrix. The number of PLS factors to be extracted needed to be defined, which was done via

permutation testing. Specifically, the significance of each factor was determined by

comparing the amount of variance accounted for by each additional factor compared with the

percentage of variance accounted for by multiple permutations (1000 times) of the age data.

Identification of the most age-responsive components per factor was determined using

T.M. James, PhD Thesis, Aston University 2024.

134



recursive weighted-PLS, R-PLS (Rinnan et al., 2014), which iteratively reweights the
variables using the regression coefficients calculated by PLS until only a small number of the
most important predictors remain. In this way, age-predictive weightings for each part of the
EEG spectrum are reduced to a small number of critical frequencies that can be used to

predict age nearly as accurately as the full spectrum.

6.3 Results
6.3.1 Correlations between chronological age, NART-IQ, and cognitive performance
The mean NART-IQ was 115 (SD = 5.8, Range = 102 to 125), indicating that the
sample was generally above average and less varied in premorbid intelligence than the
general population. There was also a significant positive correlation between NART-IQ and
chronological age (r = .54, p <.001), which reflects the high premorbid intelligence (e.g.,
reserve) of older adult volunteers on the ARCHA Panel. The mean score of cognitive
performance on the QMCI was 77.0 (SD = 7.4, Range = 61 to 93), indicating that the sample
had normal cognitive functioning. Age was not significantly correlated with cognitive
performance (r = -.18, p > .05), and NART-IQ was not significantly correlated with cognitive

performance (r= .12, p > .05).

The mean score of mood on the GDS-15 was 2 (SD = 2.6, Range = 0 to 11),
indicating that the sample was presenting with normal mood on average. Chronological age
(r=-.07, p > .05), cognitive performance (r = -.16, p > .05), and NART-IQ (r=-.14, p > .05)
were not significantly correlated with mood. Participants had a mean of 17 years in formal
education (SD = 4.0, Range = 7 to 27), and chronological age (r = -.16, p > .05), cognitive
performance (r= .01, p > .05), NART-IQ (r= .09, p > .05), and mood (r = -.14, p > .05) were

not significantly correlated with years in formal education.

6.3.2 Topographical variation of PAF estimated by the N-PAF method

D-PAF, C-PAF, K-PAF, and M-PAF are methods that aim to summarize PAF across
all available channels, so we considered the N-PAF method in isolation because it best
estimates PAF at channels separately. Figure 6.2a visualises the topographical distribution
of PAF averaged across all participants (M = 9.57 Hz, SD = 0.16, Range = 9.26 to 9.86),
with the amplitude at each mean PAF value shown in Figure 6.2b (M = 1.22 log2A, SD =
0.58, Range = -0.58 to 2.15). Maximum power at PAF occurred at right occipital sites for
eyes closed at rest. There were significant negative correlations (p < .05, uncorrected for
multiple comparisons) between chronological age and PAF at 52 channels (Figure 6.2c),
indicating that PAF decreases with increasing age across most channels and with little
topographical variation (M = .40 r, SD = 0.01). The largest clusters of negative correlations

were at temporoparietal sites, but the maximum correlation coefficient was FT7 (r=-.61, p <
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.001). The amplitude at each PAF per channel revealed no significant correlations with age
(Figure 6.2d; maximum correlation coefficient of r = .25, p > .05, at TP7). In summary, there
was little topographical variation and a consistent correlation between PAF and

chronological age.
Figure 6.2

Summary of PAF and amplitude estimated by the N-PAF method, and their relationships
with chronological age. a) shows the distribution of PAF, averaged across participants, by
topography; b) shows the distribution of amplitude at each PAF, averaged across
participants, by topography; c) shows the Pearson’s r correlation coefficients between age
and PAF by topography; d) shows the Pearson’s r correlation coefficients between age and

amplitude at each PAF by topography.
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To formally evaluate the importance of topographical variation on N-PAF’s estimate
of PAF, we estimated the proportion of variance attributable to between-subject (B-S;
participants) and within-subject (W-S; channels) factors using the Minimum Norm Quadratic
Unbiased Estimator (MINQUE in SPSS Statistics 26.0.0; IBM Corporation, 2021; Rao, 1972)
with uniform random effect priors (i.e., scheme 1). B-S factors accounted for 71% of the total
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variance in PAF, and W-S factors, which represent the consistency of the topographical
distribution of PAF across individuals, accounted for 2% of the variance, which leaves 27%
attributable to measurement error. In the current study, accounting for only 2% of the total
variance in PAF, W-S variation could be treated as noise (i.e., inconsistent SNR), which is
consistent with the little topographical variation shown in Figure 2 and, thus, supports using
a single summary value to represent an individual’s PAF. The next section will compare four
summary measures of PAF, estimated via D-PAF, M-PAF, C-PAF, and K-PAF methods.

6.3.3 Comparing D-PAF, M-PAF, C-PAF, and K-PAF

A comparison of the four methods of estimating PAF is shown in Figure 6.3. Using
the D-PAF and M-PAF methods, estimates of PAF were provided for all participants. Using
the C-PAF and K-PAF methods, estimates were unavailable for two participants (3% of the
total sample) because there were too few channels with sufficiently prominent alpha peaks.
A Bland-Altman analysis (Bland & Altman, 1986), which plots the difference in PAF between
two methods’ estimates against the average PAF of the same two estimates, reveals that the
level of agreement in PAF between methods is relatively poor, with wide 95% limits of
agreement (+1.96 SD) and constant error (as shown via the bias of the Mean line) in all
except the comparison between D-PAF and M-PAF. Indeed, one-sample t-tests of the mean
values support that D-PAF and M-PAF methods produced estimates of PAF that are not
significantly different from each other, but they are significantly higher than C-PAF, which, in
turn, produced significantly higher estimates than K-PAF (D-PAF = M-PAF > C-PAF > K-
PAF). Additionally, proportional error is present in all comparisons comprising D-PAF,
suggesting greater bias towards D-PAF the higher the average PAF. Given the correlational
nature of the study, the distribution of the PAF variables are reported in Table 6.2 and a

correlation matrix of PAF methods in Table 6.3.
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Figure 6.3

Comparing PAF estimates from the Direct (D-PAF), Corcoran (C-PAF), Klimesch (K-PAF),
and Modelled (M-PAF) methods using Bland-Altman analysis
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Table 6.2
Distribution of PAF across PAF methods
M SD Range Shapiro-Wilk W
(p)
D-PAF 9.50 1.04 7.20t0 11.80 0.99 (> 0.05)
M-PAF 9.63 0.88 7.85t0 11.40 0.98 (> 0.05)
C-PAF 9.42 0.95 7.611t011.20 0.97 (> 0.05)
K-PAF 9.32 0.89 7.85t011.20 0.97 (> 0.05)
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Table 6.3

Pearson’s r correlations between PAF methods

D-PAF M-PAF C-PAF K-PAF
D-PAF -

M-PAF .80* -

C-PAF 94> 86 -

K-PAF .89* 86 95* -

Note. *p < .001

6.3.4 Estimating chronological age with PAF

D-PAF, M-PAF, C-PAF, and K-PAF were used to look at the relationship between
chronological age and PAF, with chronological age regressed onto each estimate of PAF. In
each case, PAF proved to be a significant predictor of age (Figure 6.4), and M-PAF was the
most accurate and strongest predictor of age, descriptively, according to root-mean-square
error (RMSE) and the correlation coefficient respectively. Using the Glass & Hopkins method
(Glass & Hopkins, 1996; IBM Support, 2020) to compare the strengths of correlation
coefficients between chronological age and PAF age for each method of estimating PAF,
Table 6.4 shows that no method proved significantly stronger than any others (p > .05). The
regression of chronological age on M-PAF corresponded with a correlation of r=-.51 (or .51
on M-PAF age) and accounted for approximately 24% of the variance in age (RMSE =
15.54). When regressing M-PAF onto chronological age (RMSE = 0.76), each decade of
chronological age was associated with an expected change of 0.25 Hz in PAF (PAF =
—0.025 x Age + 10.8).
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Figure 6.4

Scattergrams showing the linear relationship between PAF and chronological age. a) D-PAF,
b) C PAF, c¢) K-PAF, and d) M-PAF; r = Pearson’s correlation coefficient; RMSE = Root

Mean Squared Error of Estimation; gradients are in years per Hz
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Table 6.4

Differences between correlations of chronological age with PAF age for the PAF methods

D-PAF M-PAF C-PAF K-PAF
D-PAF -
M-PAF -1 -
C-PAF -.03 .08 -
K-PAF .01 12 .04 -

Note. The values represent the differences between the respective Pearson’s r correlation

coefficients (e.g., D-PAF age — M-PAF age); no method proved significantly stronger than

any others (p > .05).
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The M-PAF method was used to also obtain estimates of peak frequency for theta,
beta1, beta2, and gamma, along with the bands’ amplitudes and widths. The correlation
between the peak frequency, amplitude, and width of each frequency band with

chronological age is shown in Table 6.5. The M-PAF approach also allowed for the
estimation of the amplitude, A,, of the % component (i.e., aperiodic 1/f slope) of the model,
the exponent itself, m, and the overall offset, k, none of which were significantly correlated
with age (r =-.01, -.16 and .02 respectively, p > .05). There was also no significant
correlation between the total amplitude (global) in the 0.1 to 45 Hz frequency range and age
(r=.21, p > .05).

Table 6.5

Correlations of chronological age with peak frequency, amplitude, and

width for the five frequency ranges using the M-PAF method

Theta Alpha Beta1 Beta2 Gamma
Peak -.21 -51** - 47 -.33** .08
frequency
Amplitude -.14 .01 .39* .28* -.10
Width -.32% -.28* .08 .08 33"

Note. *p < .05; *p < .01

The correlations of chronological age with peak frequency, amplitude, and width seen
in multiple frequency bands show that age-related changes in the EEG power spectrum
extend beyond a simple, discrete slowing of the PAF. This finding further supports our
examination of the relationship between chronological age and the broad EEG power

spectrum of 0.1 to 45 Hz range with PLS.

6.3.5 Estimating chronological age as EEG-age with PLS regression

PLS regression was used to look at the relationship between chronological age and
EEG-age. Chronological age was regressed onto the first SVD-extracted component of the
EEG spectra. Permutation testing revealed that only two factors, used to derive B-weights,
were statistically significant (Figures 6.5a & 6.5d). The B-weights by frequency are shown in
Figure 6.5b, with frequencies that were significant in predicting age indicated by the Variable
Importance in Projection scores (VIP) being >1 (displayed as a blue circle). Age was most
strongly predicted by sections of the EEG spectrum that map onto the low-alpha and beta

frequency ranges (positive weightings) contrasted with frequencies in the theta and high-
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alpha ranges (negative weightings). Using these weightings, it was possible to estimate
expected chronological age based solely on the EEG spectrum (i.e., EEG-age) and
statistically compare these estimates with true chronological ages. There was a strong
positive, significant correlation between PLS EEG-age and chronological age (r = .69, p <
.001; Figure 6.5c), with the RMSE of 13.02 years showing considerably better accuracy than
was achieved using the best PAF estimate to predict chronological age (M-PAF method; r =
-.51, RMSE = 15.54).

Adding PLS EEG-age as an additional predictor of chronological age, alongside M-
PAF age, significantly improved the fit of a regression model (R?agjusted = .458; Rchange =
219, F(1,57) = 23.8, p < .001). Given the interpretation that PLS-correlates of age comprise
more information across the broad EEG spectrum than PAF-correlates of age, we also
tested to what extent PLS EEG-age remained significantly correlated with age when the PAF
is partialled out (r = .53, p < .001, controlling for PAF-M, PAF-D, PAF-C, and PAF-K). Finally,
a BHR comparing a null model including PLS EEG-age with a second model adding in M-
PAF age, in attempts to predict chronological age, reported BFys = 3.31. This finding
provides substantial evidence in favour of Hy (Jeffreys, 1961; Wagenmakers et al., 2011)

and suggests that EEG-age is the important predictor of chronological age.

T.M. James, PhD Thesis, Aston University 2024. 142



Figure 6.5

The prediction of chronological age with EEG-age via PLS analysis of EEG spectra. a) the

percentage variance in chronological age accounted for by number of components; b) The

factor-weights of the two significant factors (i.e., latent variables) by frequency; c) The two-

dimensional p-weights by frequency; d) Chronological age (True Age) by EEG-age (PLS

Estimated Age); e) The R-PLS optimal S-weights by frequency; f) Chronological age (True
Age) by EEG-age (R-PLS Estimated Age)
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Identification of the most age-responsive components of the full EEG power
spectrum was determined using R-PLS. After 14 iterations, a two-component solution
(Figure 6.5e), which contrasts power at 10.3 Hz (negative weighting) and 15.1 Hz (positive
weighting), significantly correlates with chronological age. The RMSE was only a little less
good than the full spectrum (Figure 6.5f; R-PLS EEG-age: r = .62, RMSE = 14, versus PLS
EEG-age: r= .69, RMSE = 13.02). This suggests that the most important predictor of age is
the contrast between alpha and beta1. Using regression to predict chronological age with
EEG log, (amplitude) at 10.3 Hz and 15.1 Hz shows a significant relationship (F(2,57) =
18.75, p < .001, R?agusted = .376, RMSE = 14.0) given by:

Age = 68.8 — 22.5 Ay pp + 441 Ays 1 1y (6.2)

Given the correlational nature of the study, the distribution of the EEG-age variables
is presented in Table 6.6 and a correlation matrix of PAF and EEG-age methods in Table
6.7. Comparing the correlations using the Glass & Hopkins method again, the PLS EEG-age
methods were consistently significantly more strongly correlated with age than the PAF-age
methods (Table 6.8).

Table 6.6

Distribution of EEG-age across PLS methods and M-PAF as the best PAF predictor

M SD Range Shapiro-Wilk W
(p)
EEG-age PLS 49 12.20 20t0 73 0.99 (> 0.05)
EEG-age R-PLS 49 11.30 211073 0.99 (> 0.05)
EEG-age M-PAF 49 9.10 30 to 68 0.98 (> 0.05)
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Table 6.7

Pearson’s r correlations between PAF and EEG-age methods

D-PAF M-PAF C-PAF K-PAF EEG-age EEG-age

PLS R-PLS

D-PAF - - - - - -
M-PAF  .80** - - - - -
C-PAF 94+ 86** - - - -
K-PAF 89" 86™* 95** - - -
EEG-age -42"*  -62* - 45 4% - -

PLS

EEG-age -.40* -.52** -.40* 38  .79* -
R-PLS

Note. *p < .01; **p < .001

Table 6.8

Differences between correlations of chronological age with brain age for PAF age and PLS
EEG-age methods

D-PAF M-PAF  C-PAF  KPAF  PLS R-PLS
D-PAF -
M-PAF -1 -
C-PAF  -03 .08 -
K-PAF 01 12 04 -
PLS -.28* -.18* -.25* -.29% -
R-PLS  -23* -.12 -.20 -.24* .05 -

Note. The values represent the differences between the respective Pearson’s r correlation
coefficients (e.g., D-PAF age — M-PAF age); *p < .05; *p < .01
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6.3.6 Correlations between EEG-age, NART-IQ, and cognitive performance

Whilst there were no significant differences in the ability to predict chronological age
within the PAF and PLS approaches respectively, M-PAF age and PLS EEG-age were
chosen for the final stages of analysis because they produced the most accurate estimates
of age, with the lowest RMSE, per approach. It was expected that QMCI would be negatively
correlated with age, implicating deleterious age-related changes such as dedifferentiation
and noise. In contrast, neither chronological age nor PLS EEG-age was significantly
correlated with QMCI, but M-PAF age was significantly correlated with cognitive
performance (Table 6.9.1). A BHR was used to evaluate null models against alternative
models in predicting chronological age and cognitive functioning with PAF age and PLS
EEG-age, to judge the levels of evidence in favour of the null (HO) by using established cut-
offs (Jeffreys, 1961; Wagenmakers et al., 2011). The default Jeffreys-Zellner-Siow (JZS)
prior with an r scale of 0.354 was used due to this being the first time, at the time of writing,
that PLS had been used to estimate EEG-age. A BHR comparing a null model including M-
PAF age with a second model adding in PLS EEG-age, in attempts to predict QMCI,
reported BFO1 = 3.51, providing substantial evidence in favour of HO (Jeffreys, 1961;
Wagenmakers et al., 2011) and suggesting M-PAF age is the important predictor of general
cognitive functioning. However, there was a notable inconsistency between EEG-age and M-
PAF age in that EEG-age was significantly correlated with NART-IQ (r = .43, p <.001),
analogous to the correlation between chronological age and NART-IQ (r = .54, p < .001), but
M-PAF age was not significantly correlated with NART-IQ (r= .18, p > .05). To explore these
inconsistencies further, partial correlations were run between ages and cognitive
performance accounting for NART-IQ (Table 6.9.1). M-PAF age remained significantly
correlated with cognitive performance, but PLS EEG-age and chronological age were now
also significantly negatively correlated with cognitive performance. Notably, there were no
significant differences (p > .05) in the strength of the correlations for each method once
NART-IQ had been considered (Table 6.9.2). Indeed, a BHR comparing a null model
including M-PAF age and NART-1Q with a second model adding in PLS EEG-age, in
attempts to predict QMCI, reported BF01 = 2.56, providing only anecdotal evidence in favour
of HO. In summary, these results cannot answer which estimate of brain age is the most

strongly correlated with general cognitive functioning.

It was also expected that NART-IQ would positively correlate with QMCI, implicating
protective processes that support cognitive functioning, such as reserve. Indeed, NART-IQ
and QMCI were significantly positively correlated when controlling for chronological age due
to the age-NART-IQ bias (r = .26, p = .047). Additionally, mood and number of years in

formal education were not significantly correlated with any of the EEG measures (p > .05),
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which is not overly surprising considering the relatively low levels of depression and small

effect sizes when using years in education as a predictor variable. To end, when controlling

for both NART-IQ and chronological age, M-PAF age remained significantly negatively
correlated with cognitive performance (r = -.36, p = .005) but PLS EEG-age was not
significantly correlated with cognitive performance (r = -.21, p > .05), which suggests that

PAF remains the better estimate of age-matched, general cognitive functioning.

Table 6.9.1

Correlations of M-PAF age, PLS EEG-age, and
chronological age (CA) with QUCI

M-PAF PLS CA
QMCI -41* -.25 -.18
QMCI - 45%* -.33* -.29*
(controlled for
NART-IQ)

Note. *p < .05; **p < .01; ***p < .001

Table 6.9.2

Differences between correlations of age with QMCI for M-PAF age, PLS

EEG-age, and chronological age (CA), when accounting for NART-IQ

M-PAF PLS CA
M-PAF -
PLS -12 -
CA .16 -.04 -

Note. The values represent the differences between the respective

Pearson’s r correlation coefficients (e.g., M-PAF age — PLS EEG-age);

no method proved significantly stronger than any others (p > .05).
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6.4 Discussion

Our objective was to use the EEG power-frequency spectrum to estimate
chronological age as EEG-age. First, we compared the well-established variants of PAF on
their ability to estimate age. Irrespective of the peak-estimation method used, with the
methods varying widely in their pre-specified implementation, PAF was consistently
negatively correlated with chronological age, which is consistent with previous evidence that
suggests an adult’s decline in PAF is a normal brain-ageing phenomenon. We also sought to
determine which estimate of PAF (M-PAF, C-PAF, K-PAF, or a variant of N-PAF) correlated
most strongly and provided the most accurate estimate of chronological age. Although there
were no statistically significant differences in the strength of their correlations with age, the
different methods produced estimates of PAF that varied substantially. This is unsurprising
given the very different assumptions and procedures required in each case, but it does
underline the lack of consensus as to how best to estimate PAF. Our recommendation is,
that for the sole purpose of estimating chronological age, the M-PAF method is to be
preferred, primarily because M-PAF had the lowest expected error (i.e., highest accuracy)
out of the PAF-based estimates of chronological age. Also, due to the use of SVD, M-PAF
did not require mass, unweighted averaging across electrode channels, and, due to the use
of AMs, M-PAF should be able to interrogate and track fine-grained changes in PAF over
time better than other methods. Finally, M-PAF was adapted to provide estimates of other
periodic and aperiodic components of the EEG power spectrum, several of which showed
age-related correlations that suggest a more extensive, complex pattern of age-related
changes than solely a decrease in PAF. We also showed that topographical variation in PAF
(i.e., W-S variance) was relatively unimportant, although we still conclude it would be
sensible to use multiple, well-defined scalp locations that are likely to show clear alpha

peaks, reflecting good SNR, to reduce the standard error of the estimated power spectrum.

We then explored the potential of multivariate analyses of the broad EEG spectrum
(0.1 to 45 Hz), using PLS as a distinct analytical approach to PAF that has not previously
been used to estimate chronological age. Chronological age was estimated with greater
accuracy by PLS than PAF, and with stronger correlations between chronological age and
estimated brain age than reported with PAF and in previous attempts to operationalise an
EEG-age concept (e.g., Al Zoubi et al., 2018; Sun et al., 2019). Additionally, a contrast
between alpha and beta1 appeared to be the most age-responsive aspect of the resting-
state EEG spectrum, again indicating extensive, complex patterns of age-related change.
The main conclusion thus far is that EEG-age, estimated from the broad EEG power
spectrum, can estimate chronological age with an expected error of between 13 to 14 years

and substantially better than well-established PAF estimates of age (or indeed the ERP and
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tsyncnG estimates of age in previous chapters). This indicates that EEG-age is a more
comprehensive measure of the neural synchronization that underpins the EEG signal and
thus, potentially, general brain functioning and integrity. As with previous event-related
estimates of EEG-age, it remains to be seen whether this resting-state EEG-age is
sufficiently accurate to be useful though, particularly at the individual level where the
baseline variability in EEG metrics is greater thus making it more difficult to track meaningful
change over time than at the group level (Burgess & Gruzelier, 1993). However, the
correlation coefficient between chronological age and PLS EEG-age (r = .69) is the same as
the correlation coefficient between scores on the NART and WAIS-IV (Bright et al., 2018),
which, given that the NART is a clinically useful and well-established tool, suggests our

EEG-age metric may have some utility for tracking general brain functioning.

One of the several advantages of using the broad EEG power spectrum to estimate
EEG-age is that it removes the need to define frequency band boundaries of interest and
eliminates concerns about the number of identifiable peaks. This means that, in contrast to
other methods, an estimate of EEG-age can be obtained in all cases, provided sufficient
EEG data has been recorded. Furthermore, using SVD with sophisticated multivariate
methods further removes the need to implement mass, unweighted averaging across
electrode channels and allows for all information in the EEG spectra dataset to be used at
the same time. PLS appears to be an effective and efficient method of analysing the power
spectrum in the context of ageing research, reducing subjective decision-making during the
analysis of EEG data, and providing a more robust estimate of age than the qualitatively

distinct PAF-based approach.

Finally, we wanted to examine the relationship of EEG-age with proxy measures of
general cognitive integrity. The relationships between PAF, chronological age, and cognitive
functioning were already established, but PLS had not previously been used to estimate
EEG-age before. There was a robust negative correlation between general cognitive
performance and the best PAF age estimate, M-PAF age (i.e., QMCI positively correlated
with PAF itself). This is consistent with previous evidence that suggests lower PAF, thus a
higher PAF-estimated brain age even with chronological age-matched samples, likely
reflects detrimental changes in neural and cognitive integrity (e.g., dedifferentiation and
noise as outlined by the deficit models of ageing). PLS EEG-age and chronological age were
both significantly negatively correlated with cognitive performance, as could be expected
with an ageing sample, only after statistically controlling for NART-IQ. Furthermore, the
strengths of the coefficients were not significantly different from that of the correlation
between M-PAF age and cognitive performance. Taken together, these results suggest that

the significant negative correlations between age and general cognitive performance were
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initially masked by the positive correlation between chronological age and premorbid 1Q,
which is not overly surprising in this sample of healthy adults who displayed QMCI scores in
the normal cognitive functioning range — this is the same outcome and explanation as in

chapter 4.

Based on the comparisons between PAF and PLS, PLS EEG-age likely incorporates
variance from a wider range of age-related processes. This is a reasonable assertion given
PLS analyses consider a different type of information, amplitude from across the EEG power
spectrum rather than an isolated alpha-band peak frequency, and, thus, provide a better
estimate of chronological age compared to PAF. We know that the EEG power spectrum is a
marker of the mass-synchronised action of cortical neurones (Lopes da Silva, 2013) and
thus could provide insights into deleterious age-related conditions from a general, system-
level perspective (Koenig et al., 2020). Therefore, in a similar way to how ERP components
and tsyncnG Were compared, a subset of early neural developments that are damaging to
general fluid cognitive functioning (e.g., decreased QMCI), or potentially indicative of future
degradation once reaching a critical point, might be spotted and tracked via PAF (e.g.,
reflecting the deficit model of ageing, such as a transition to wider, less specialised neural
networks). In contrast, PLS likely provides a more comprehensive insight into general brain
functioning that may reflect both protective (e.g., reserve, benefit model) and deleterious
(e.g., dedifferentiation and noise, deficit model) changes in the form of general crystallised

and fluid cognition.

The findings of this study should now be confirmed in samples where there is no age-
NART-IQ bias, and where QMCI scores are not restricted to the normal cognitive functioning
range. Indeed, a limitation of this study is that the sample was not representative of the
general population in the UK, let alone elsewhere across the globe. The sample was, on
average, less ethnically diverse and more intelligent than normative data, and, as discussed
already, this difference in intelligence was particularly marked in older adults. Furthermore,
this study purposely followed a general approach to the measurement (QMCI and NART)
and interpretation (Koenig et al., 2020) of neural and cognitive integrity, but future studies
could measure specific subcategories of fluid and crystallised intelligence (e.g., Ociepka et
al., 2023). The proxy measures used in this study were not intended to be exhaustive but to
provide a starting point in the interrogation of general brain functioning and cognitive

functioning with EEG-age.

Similarly, future studies could provide a systematic, thorough comparison of the
different approaches to estimating the PAF and PLS measures. This could include the wide

array of different analytical approaches to elucidate specific mechanisms and concrete
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reasons for the differences observed within and between PAF and PLS EEG-age. This could
also include approaches not covered here, such as other spectral parameterisation
algorithms like ‘specparam’ that may provide a better representation of the non-oscillatory
contents of the EEG (Donoghue et al., 2020). This comparison of technical differences would
take us a step closer to confirming whether the PLS EEG-age estimate outperforms the
PAF-age estimate simply because it uses more data from the EEG spectrum. It might be, for
example, that the difference is due to the method of spectral analysis used. That said, our
current analyses indicate that the method of spectral analysis, smoothing, and
agglomeration made relatively little difference to the PAF-age correlation, which would
suggest that the PLS-age correlation is stronger than the PAF-age correlation because PLS
uses more information from the EEG-spectrum. In summary, it will be necessary to establish
good, large-scale normative data that makes it possible to estimate the EEG-age of
individuals across the entire human lifespan, not just adulthood, with high reliability, validity,
and precision. This would facilitate the identification of individuals with unusual discrepancies
between their EEG-age and the normative EEG-age for their chronological age and

condition.

Whilst the idea of using EEG-age as an early-detection biomarker is not new (e.g., Al
Zoubi et al., 2018; Sun et al., 2019), our approach to estimating EEG-age already has
advantages over previous attempts. We are proposing a specific EEG measure that is
simple, quick, relatively cheap, and safe to collect. It requires no behavioural input or active
effort from the participant, aside from staying still and awake, and is a relatively objective
and stable measurement. It also reduces several subjective analytical decisions on the part
of the researcher. Additionally, our study has incorporated a more age-balanced sample of
exclusively healthy adults compared to previous approaches to examining EEG-age (e.g.,
MatouSek & Petersén, 1973; Wackermann & Matousek, 1998). In summary, although our
EEG-age metric has advantages over many of the traditional neuroimaging methodologies
and neuropsychological measures, there is a long way to go before it can be used in a
clinical setting. That said, we posit that incorporating an optimised version of our EEG-age
metric, comprising even simpler, accessible data collection (e.g., fewer EEG electrodes) and
robust, reliable analysis (e.g., an automated procedure), would augment these scores and
enable detection at an earlier stage (Koenig et al., 2020). As part of optimising EEG-age, it
would also be worthwhile to examine the aperiodic 1/f gradient in greater detail and
incorporate the most extreme ends of the EEG spectrum, particularly low frequencies (<

0.01 Hz), as this would likely improve the ability of EEG-age to estimate chronological age.

In summary, the three broad aims of this thesis were, 1) to advance our

understanding of event-related and resting-state EEG and MEG, 2) to advance our
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understanding of age-related changes in the brain with EEG and MEG, and 3) to establish
EEG and MEG metrics that have the potential to track those age-related changes over time.
This chapter has advanced our understanding of resting-state EEG and the changes seen
across the broadband frequency range in healthy ageing, whilst also proposing M-PAF and
EEG-age as potential ways to track age-related changes over time. Specifically, we have
reported, for the first time, that chronological age was estimated with greater accuracy by a
multivariate PLS analysis of the broad EEG power-frequency spectrum (0.1 to 45 Hz) than
by PAF. Whilst a restricted sample of healthy adults with a chronological age-NART-IQ bias
has limited the scope of the current conclusions, and a thorough comparison of the technical
differences within and between the calculations of PAF- and EEG- ages would be valuable,
we propose that EEG-age could be refined into a biomarker for neural and cognitive
integrity. A discrepancy between resting-state EEG-age and chronological age could prove
clinically informative by implicating protective or deleterious age-related change earlier than

previously possible.
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Chapter 7: General discussion

7.1 An overview of the main findings of this PhD thesis

There were three broad aims of this PhD thesis, which could be achieved
concurrently; namely, 1) to advance our understanding of event-related and resting-state
EEG and MEG, 2) to advance our understanding of age-related changes in the brain with
EEG and MEG, and 3) to establish EEG and MEG metrics that have the potential to track
those age-related changes over time. As a summary of the experimental findings presented
through chapters 3-6, Chapter 3 provided new empirical support for the FM and its cross-
frequency phase modulation mechanism that had been posited to explain event-related
changes in the EEG. There are residual unanswered questions, but in its current form the
FM provides a very credible account of evoked and induced changes. Certainly, it was
convincing enough for application under the principle that all models are wrong, but some
are useful. Chapter 4 successfully applied the FM in an ageing context, advancing our
understanding of the deep structure of age-related changes in event-related EEG. In turn,
Chapter 5 applied the FM in MEG for the very first time and confirmed that the FM could
explain event-related changes in the MEG. Overall, chapters 4 and 5 provided further novel
empirical evidence that validate the FM and advance our understanding of the ageing
human brain, but they too left residual unanswered questions. Particularly pertaining to the
meaning of tsyncnG and its current SNR; it is yet unknown how much of the findings with
tsyncnG can be accounted for by suboptimal SNR as opposed to meaningful age-related
changes. In turn, it is unknown whether the reported accuracy of EEG-age is good enough to
be useful. Consequently, future research should prioritise optimising the methodological and
analytical pipelines underpinning the estimation of tsyncnG, as a prerequisite to establishing
EEG-age in the clinic and wider community as a metric that can be used to detect and track
deleterious age-related changes. Finally, Chapter 6 extended the hunt for novel brain age
metrics to a resting-state paradigm, which proved successful in advancing our understanding
of the resting-state, ageing brain. However, there is again residual uncertainty around
whether the reported EEG-age is an accurate enough predictor of chronological age to be

useful.

As the final analytical contribution to this thesis, a multiple regression analysis was
performed comprising a combination of M-PAF, PLS EEG-age and AO-tsyncnG metrics taken
from the same EEG dataset outlined and analysed in Chapters 3, 4, and 6. It produced a
significant predictive model (p < .001) that accounted for 50% of the variance in age (r = .72;
RMSE = 12.19); specifically, PLS EEG-age and AO-tsyncnG were significant individual
predictors (ps < .05), but M-PAF was not (p > .05). Taking this one step further to include the
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best performing P3b peaks, hierarchical regression was run. First, alongside PLS EEG-age,
adding AO-tsynenG (F(1,54) = 7.63, p < .01, adjR2 change = 0.07) significantly improved the
overall model, F(2,54) = 28.51, p <.001, adjR2 = 0.50, RMSE = 12.19, r = .72. Adding M-
PAF did not improve the model (F(1,53) = 0.23, p > .05, adjR2 change = -0.01), nor did
adding P3b SVD peak latency improve the model (F(1,53) = 0.23, p > .05, adjR2 change =
0.01). This can be interpreted as tsyncnG already accounting for the latency component. To
end, adding P3b SVD peak amplitude (F(1,53) = 7.63, p < .01, adjR2 change = 0.08)
significantly improved the model, F(3,53) = 25.52, p < .001, adjR2 = 0.57, RMSE = 11.18, r =
.77. Therefore, the best predictive model, estimating chronological age to just over a decade
and accounting for 57% of the variance in chronological age, came when using an EEG-age
(i.e., ‘brain age’) metric that was estimated from all three predictors of PLS EEG-age, AO
tsynenG, and P3b SVD peak amplitude (i.e., here termed ‘modelled EEG-age’).

Overall, it remains to be seen whether EEG-age is sufficiently accurate to be useful,
particularly at the individual level where the baseline variability in EEG metrics is substantial
thus making it more difficult to track meaningful change over time than at the group level
(Burgess & Gruzelier, 1993). However, the correlation coefficient between chronological age
and PLS EEG-age (r = .69; outlined and discussed in Chapter 6) was already the same as
the correlation coefficient between scores on the NART and WAIS-IV (Bright et al., 2018),
which, given that the NART is a clinically useful and well-established tool, suggested our
EEG-age metric may have some utility for tracking general brain functioning. The correlation
coefficient between modelled EEG-age and chronological age (r = .77) is now greater than
that for NART and WAIS-IV; this is very promising given the need to further optimise
methodology and analytical pipelines as well (Chronological age distribution: M = 49 years,
SD = 17.87, Range = 20 to 78; Modelled EEG-age distribution: M = 49 years, SD = 13.54,
Range = 22 to 78). Figure 7.1 provides a scatterplot to visualise the strong positive
relationship between modelled EEG-age (comprising PLS EEG-age, AO tsyncenG, and P3b

SVD peak amplitude metrics) and chronological age.
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Figure 7.1

A scatterplot visualisation of the strong positive linear relationship between chronological
age and modelled EEG-age (r=.77, p <.001), with modelled EEG-age comprising PLS
EEG-age, AO tsnenG, and P3b SVD peak amplitude metrics from chapters 4 and 6.
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7.2 A look into the future of EEG-age and MEG-age

There is substantial scope for future research projects to build on the foundations set
by this thesis, particularly enhancing the SNR of the established metrics underpinning our
brain age estimate. This subsection will propose potential targets for future research, but this

is not an exhaustive list.

First, EMD can be further refined as an analytical approach for estimating tsyncnG. For
example, there are alternative versions of EMD that have been proposed for the purpose of
improving the SNR of IMFs, such as Multivariate EMD (Rehman & Mandic, 2010) and
Ensemble EMD (Wu & Huang, 2009). Ensemble EMD is a noise-assisted version that
performs iterative decomposition over multiple copies of the original signal with added white
Gaussian noise, intending to triangulate the decompositions on the true underlying
oscillatory functions. Ensemble EMD can produce IMFs that are purported to be less noisy
and less liable to mode mixing from both noise and frequency band overlap (Colominas et
al., 2014). Furthermore, optimisations are being made to the ensemble EMD algorithm to
further reduce issues arising from signal intermittency (e.g., residual noise in IMFs and early
modes that often require discarding). These optimisations have been shown to provide
superior separation of the IMFs whilst reducing computational load and providing a more
complete, cleaner set of decompositions (Al-Baddai et al., 2017; Calvo & Lee, 2024). EMD
as an analysis tool is also becoming far more accessible, owing to the release of open-

access toolboxes in software such as MATLAB (e.g., EMDLAB is a plug-in extension for
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EEGLAB; Al-Subari et al., 2015). These toolboxes may see an increased use and thus

further optimisation of EMD as an analysis method of choice in EEG and MEG studies.

Alongside optimising EMD, the modelling procedure used to estimate tsyncnG could be
optimised. For example, an optimisation of the time windows of interest for identifying tsynch
per IMF, as is already the case for ERP components (Luck, 2014), would be beneficial in
reducing early or late outliers that hijack the estimate of tsyncn and thus bias tsyncnG. This
optimisation is also a prerequisite for using area and fractional measures instead of peaks,
which could also improve SNR. For example, we could use the fractional area latency of the
PLV data per IMF to calculate tsyncn. This would involve computing the area under the PLV
waveform over an accurate, defined latency range, before finding the time point (i.e., tsynch)
that divides that area into a prespecified fraction (e.g., one-half, called 50% area latency).
Fractional area latency has already been shown to improve the SNR of ERP metrics
compared to peak estimates (Kiesel et al., 2008), so could support better estimates of tsyncn
and thus tsynenG. This optimisation could be combined with implementing higher sampling
rates and low-pass filters, which could allow for more IMFs but also more downsamples,
thus more tsynch data points contributing to tsynenG and, again, a lesser impact of outliers. In
summary, a more robust modelling procedure would help us to disentangle suboptimal SNR

from age-related changes when interpreting changes in tsyncnG.

The proposed optimisations to EMD, estimation of tsynch, and modelling of tsyncnG
could be combined with further optimisations to data pre-processing. In EEG, a minimalistic
approach of combining interpolation of noisy channels alongside refined filtering seems to be
optimal (De Cheveigne et al., 2019; Delorme, 2023). However, physiological noise that often
disproportionately impacts high frequency such as gamma, including EOG but also muscle
and heart artefacts, could be measured and statistically accounted for in more sophisticated
ways than Gratton or trial rejection (e.g., Croft & Barry, 2000a, 2000b; Uriguen & Garcia-
Zapirain; cf. Delorme, 2023). This would go together with testing more impactful, holistic data
cleaning tools like independent components analysis (ICA) and wavelet denoising (WD),
which split the complex oscillations into discrete coefficients for removal prior to a
reconstruction of the signal. However, these more sophisticated data cleaning tools may rely
too much on user input, particularly in clinical settings, and can be detrimental to brain data,
potentially including phase, if not used in a careful and considered manner (e.g., Delorme,
2023; Grobbelaar et al., 2022; Montefusco-Siegmund et al., 2013; Thatcher, 2012). When it
comes to MEG, greater examination of the impacts of the wide array of interference
suppression tools (e.g., SSS vs tSSS) would be beneficial to build on the foundation set by
Chapter 5. However, it needs to be remembered that the more sophisticated the procedures

get, the harder it becomes to apply them practicably in clinical and community settings.
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Improving the SNR of IMFs, particularly high frequency components, could not only
improve tsyncnG estimates but also allow us to better distinguish potential endogenous versus
exogenous aspects of the EEG and MEG signals (Polich, 2007). Early exogenous activity,
also termed evoked potentials, has historically been interpreted as distinct from event-
related potentials, with suggestions that perhaps they are better accounted for by EMs than
PRMs (e.g., Jervis et al., 1983; Mazaheri & Jensen, 2006, 2008). Better measurement of the
changes in early, high-frequency IMFs would help us to examine these proposals and test
their limits in the context of the FM and its explanatory mechanism. These efforts could be
further supported by using additional sensors from further optimised ROls per condition and
task, across a range of different paradigms with a range of sensory and task demands. For
example, low, medium and high task demands across different senses and cognitive
faculties, such as simple auditory stimulation, versus attentional oddball, sustained attention
to response, go/no-go, and memory recognition tasks, but also longer resting state
recordings to interrogate a wider frequency range. In turn, this could also elucidate whether
age-related changes are indeed clearer in tasks with harder task demands, as per the
CRUNCH theory of ageing (e.g., Cappell et al., 2010; De Felice & Holland, 2018; Reuter-
Lorenz & Cappell, 2008).

SVD was used in the current study as a method of improving SNR, providing a
weighted average over the electrode ROls, and reducing computational load by data
reduction. The use of SVD could be further optimised in future, as there are a range of
different approaches to implementing SVD that could be formally compared in the context of
estimating EEG-age (Falini, 2022); for example, there are several approaches for
determining the amount of variance thus components to retain for the reconstruction of the
signal. These alternative approaches include visualising the variance accounted for by each
component and identifying the knee-bend, or using a majority of variance single component
heuristic, or a between 70-90% of variance multicomponent heuristic, or a more
sophisticated statistical approach based on the likes of permutation testing to determine a
confidence interval threshold for the variance thus components to retain. Alternatively, SVD
could be avoided and analysis performed by treating the ROI electrodes as unweighted per
participant (i.e., traditional averaging) or by incorporating a multivariate approach (e.g., PLS
or mixed effect models). Therefore, research could compare these alternatives, but the
downside here is that EMD is computationally heavy and takes a long time without some sort

of data reduction (Sweeney-Reed & Nasuto, 2007; Sweeney-Reed et al., 2018).

It would also be worthwhile to interrogate the reliability of tsyneh and tsynenG (€.9.,
analogous to Burgess & Gruzelier, 1993, and Mcevoy et al., 2000, who reported on the

reliability of other EEG metrics). For example, tracking participants’ IMFs and tsyncnG Over

T.M. James, PhD Thesis, Aston University 2024. 157



time in a longitudinal study with short, medium, and long timepoint checks. At the same time,
an interrogation of intra-individual variability of IMFs and tsyncnG is advised, similar to
previous interrogations of how age-related changes in latency variability may underpin
changes in other cognitive and neurophysiological metrics. That said, underlying SNR must

be improved first.

Moving beyond tsyncnG, there are a range of alternative metrics that the analytical
approaches used to test the FM offers to an interested researcher. For example, individual
IMFs’ tsynch could be examined in more detail, particularly if interested in the perspective that
the deficit ageing process likely starts at or pivots around a particular IMF(s). There may
then be wider grand changes in later life or after certain deleterious age-related changes
and/or conditions emerge. This focus on discrete IMFs/tsynch would be analogous to
examining discrete peaks of ERP components, but with the added value of having the
instantaneous frequency data to match alongside to see how they both change with age
(e.g., task demands, cognitive integrity, arousal). Alternative measures of general cognitive
performance (e.g., see Apostolo et al., 2016) and pre-morbid IQ, also known as fluid and
crystallised intelligence (e.g., see Bright & Van der Linde, 2020, and O’Carroll, 2008), could
be incorporated at the same time. Or indeed, a focus on more specific types of cognition
(e.g., Ociepka et al., 2022, 2023). Thereafter, any links in PLV and instantaneous frequency
between different IMFs could be examined with methods like Granger Causality (Granger,
1969), which employs lagged cross-correlations to see whether earlier changes in the initial
IMFs statistically forecast later IMFs’ changes. That said, this would require a revised
approach to examining full head sensor arrays rather than the ROIs that have historically
been employed for optimising the SNR of discrete ERP components or ERS/ERD in discrete
frequency bands (e.g., Luck, 2014).

Running EEG recordings in a shielded room, such as a Faraday cage, would also aid
SNR. But this could be taken further to implementing multimodal MEG-EEG to provide
additional insights into cross-neurophysiological event-related changes and resting-state
brain activity. This approach would allow for experimental triangulation over time and
potentially lead to greater SNR (e.g., Babiloni et al., 2004). At the same time as multimodal
imaging, further refinements to the methodology could be made, such as longer time
windows (to provide a better perspective on later IMFs/lower frequencies) and more trials
that are designed in a way to maximise the SNR per participant (e.g., as outlined for the
oddball paradigm in Luck, 2014, Polich, 1996, and Duncan et al., 2009). Consideration of
how to apply these approaches in source space rather than solely sensor space could
follow, not only to compare differences between the approaches but also in the hopes of

improving SNR. For example, we could apply EMD on the virtual electrodes in MEG
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(Stapleton-Kotloski et al., 2018). However, there is a wide array of different approaches to
implementing source localisation, and it is not confirmed how each approach may affect the
phase relations seen in sensor space (Delorme, 2023; Montefusco-Siegmund et al., 2013;
Thatcher, 2012). That said, examination of lagged frequency and phase relations across the
entire scalp whilst also mapping source activity could be very informative if practicable
(Alexander et al., 2013; Klimesch, 2018; Woolnough et al., 2022), such as providing a
visualisation of ERP as a travelling wave that decreases in frequency as it spreads across
the cortex. In future, optically pumped magnetometers (OPMs) may also provide an
alternative, more participant-friendly version of MEG (e.g., MEG sensor arrays that are worn
on the head like EEG caps, thus the sensors are closer to the signal source), but there is a
way to go before OPMs will have sufficient interference suppression techniques to realise
the potential for increased SNR and are widely accessible for research let alone clinical
contexts (Seymour et al., 2022). However, there is an important distinction to be made
between optimisations in an academic environment, supporting proof-of-principle research,
versus optimisations for an applied clinical or even community environment. In applied
environments, we would want robust recordings from a minimal number of cheap, easily
applied electrodes and simple tasks or resting state paradigms with automated analysis
pipelines. As noted earlier, the more sophisticated the procedures get, both methodologically

and analytically, the harder it becomes to apply them practicably.

Future research should also recruit a wider number and diversity of samples from
healthy, subclinical and clinical ageing populations, whilst also controlling for factors such as
pre-morbid 1Q (i.e., cognitive reserve) and cognitive performance levels (i.e., varying
amounts of ageing deficits). This would enable researchers to determine whether an age-
discrepancy score is useful at an early stage of disease and reflects specific problems (e.g.,
acting as a reliable diagnostic test for Alzheimer’s disease) or a general pre-condition brain
state that is indicative of a range of potential pathologies. Therefore, as noted, it will be
necessary to recruit participants with specific age-related conditions, such as SCI (Reisberg
et al., 2010; Stewart, 2012; Yue et al., 2021), MCI (Davis et al., 2018; Gauthier et al., 2006;
Geslani et al., 2005; Ritchie, 2004), and established dementia, of varying aetiologies, to
determine the practical utility of an age-discrepancy score. In a similar vein, examination of
the impact of early life maturational processes (i.e., <18 years) and late life degradation
processes (i.e., >80 years) on tsyncnG would be useful, as it may reveal accentuated or even
entirely distinct changes. But again, SNR would still need to be improved in parallel, to

disentangle the effects of suboptimal SNR from meaningful age-related changes.

Finally, we could stress test the FM and brain age estimates by exploring the effects

of brain stimulation. Variable effects on event-related EEG have been reported so far with a
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range of stimulation parameters and sites, using both transcranial magnetic stimulation, TMS
that stimulates or inhibits neuronal firing (Chung et al., 2015; Rego et al., 2012), and
transcranial alternating current stimulation, tACS that entrains or modulates ongoing
oscillations (Feher et al., 2017; Popp et al., 2019). Plasticity-focused TMS or tACS could be
applied in attempts to causally alter event-related activity, such as tsynch. FOr example, if brain
stimulation were to affect tsyncnG in alignment with age-related ERP effects (e.g., flatter
gradient with delayed latency; Bersani et al., 2015; Rego et al., 2012), it would help to further
validate the FM and explain age-related changes in the brain, whilst perhaps even allowing
improved mechanistic links to cognitive performance thereafter by asking the question of

which brain activity is necessary for normal cognitive performance.

Moving beyond the FM to end, there is a need for a deeper interrogation of potential
amplitude changes in event-related EEG and MEG, given the FM cannot account for
changes in amplitude between pre-stimulus and post-stimulus periods. The FM will likely
need to be amalgamated with other explanatory models and mechanisms to fully explain the
complexity of EEG and MEG, in and out of an ageing context. Related to explaining changes
and differences in amplitude between conditions or groups, future research should further
interrogate the relationship between oscillatory and non-oscillatory activity and their age-
related changes, particularly 1/f noise that may well partly explain changes in power
(Donoghue et al., 2021; Merkin et al., 2023; Voytek, 2015b). Aperiodic activity was partially
considered in Chapter 6, but it can be modelled in several distinct ways, with defined
alternatives in the likes of the ‘specparam’ algorithm (Donoghue et al., 2020). Like the variety
of PAF estimates that do not well align, the exact underlying model of the aperiodic activity -
the 1/f gradient in particular - remains contentious, so we could model several different

approaches alongside oscillatory measures in attempts to estimate brain age.

7.3 The overall conclusions of this PhD thesis

With an ageing global population, the number of older adults with deleterious age-
related changes in the brain, including dementia, will continue to increase unless we can
make progress in the early detection and treatment of such conditions. This thesis has
presented a set of research projects that have used EEG and MEG to advance our
understanding of oscillatory dynamics in the ageing human brain. First, the Firefly Model
(FM) of short-term, event-related oscillatory dynamics was tested. The FM offered an
empirically credible, alternative explanation of information processing that relies on
systematic oscillatory phase synchronisation and frequency slowing. Second, inspired by the
aphorism, ‘All models are wrong, but some are useful’, the FM was used to develop a new
phase-based metric — time of synchronisation gradient, tsynchG — for tracking age-related

changes in the brain. This tsynchG metric was established as a new EEG-estimate of brain
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age, with EEG-age significantly correlating with chronological age, before being estimated in
MEG for the first time. Thereafter, long-term, resting-state oscillatory dynamics were
examined, with peak alpha frequency (PAF) and alternative amplitude-based EEG-age
estimates examined as distinct methods of tracking age-related changes in the brain. Using
multivariate methods to analyse the broad EEG power spectrum (0.1 to 45 Hz), the resting-
state EEG-age and chronological age were also correlated strongly, and EEG-age was a
more accurate estimate and accounted for more variance in chronological age than well-

established PAF estimates of age.

In summary, this thesis has introduced new metrics as estimates of ‘brain age’,
framed as markers of general brain functioning that have the potential to detect and track
deleterious age-related changes over time. In doing so, this thesis has also offered novel
contributions that advance our understanding of event-related and resting-state EEG and
MEG, and in turn our understanding of age-related changes in oscillatory dynamics of the
human brain. There is significant scope for research projects to build on these foundations.
For example, our vision for the future is a reliable, valid, and precise estimate of EEG-age for
comparison with chronological age. Therefore, future research needs to focus on refining the
methodology and analytical pipelines to maximise SNR of the metrics underpinning
estimates of brain age, particularly at the individual level, before applying them beyond
healthy ageing. Thereafter, there is hope that EEG-age and MEG-age can be compared with
actual chronological age and any discrepancy between the metrics might reflect some age-
related condition, based on either protective or deleterious changes in the brain. When it
comes to practical application of this brain age metric, EEG is certainly one of the most
accessible neuroimaging tools, and it has clear potential for the much sought-after early
detection of deleterious changes in the brain, in part due to its outstanding temporal
resolution. However, a serious question mark remains over whether EEG can provide a
sufficiently accurate brain age estimate to enable a clinically informative comparison with
chronological age. There is a long way to go yet, but this thesis offers a promising step in the
right direction; towards answering the Alzheimer’s Society’s (2024a) call for more screening
to detect and track deleterious age-related conditions earlier, accurately, and in an
accessible way. One hundred years after Hans Berger’s first successful EEG recording, it is
fair to say that EEG in the year 2024 still offers an irresistible ‘window on the mind’ and is full

of untapped potential.
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