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ABSTRACT

Understanding how ageing affects brain function remains a central challenge in neuroscience. Electrophysiological brain imag-
ing techniques provide a near-direct measure of neuronal activity, which is useful for characterising neurophysiological health.
They offer us the ability to track large-scale networks of functional activity with high temporal precision. The effects of healthy
ageing on these networks remain poorly understood, in part due to small sample sizes and limited control for confounding
factors in previous studies. Here, we analysed resting-state source-reconstructed magnetoencephalography (MEG) data from
a large cross-sectional cohort of healthy adults (N =612, 18-88years old) to characterise the effect of age using not only time-
averaged (static), but also transient (dynamic) network activity. We examined time-averaged power and coherence across ca-
nonical frequency bands (6, 0, @, #, y), as well as transient network dynamics identified using Hidden Markov Modelling. We
included many confounding variables known to be affected by age, such as brain volume, as well as head size and position, which
have previously been overlooked. Ageing was associated with frequency-specific changes in oscillatory power, with decreases
in low-frequency (8, 6) power and increases in high-frequency (f) power. Coherence increased across all frequency bands and
was positively associated with cognitive performance. Transient network analyses additionally revealed that frontal network
occurrences declined with age, with evidence suggesting a compensatory role in supporting cognition. These findings provide a
more comprehensive electrophysiological signature for healthy ageing and establish a baseline for detecting pathological change.

1 | Introduction

With an increasing proportion of elderly people across the globe
(World Health Organization 2021), there is a pressing need to
understand age-related changes in the brain. It is important
to separate changes associated with healthy cognitive decline
from those linked to abnormal cognitive decline or specific age-
associated diseases. This could facilitate the early detection of
pathology and the development of preventative intervention
(Matthews et al. 2006; Fred et al. 2022).

Ageing causes several multifaceted changes to the brain
(Peters 2006). In this work, we focus on one aspect of these
changes, namely the effect! of age on functional brain activ-
ity. Previous work has predominantly characterised this using
functional magnetic resonance imaging (fMRI) (Dennis and
Cabeza 2011). However, electrophysiological recordings of brain
activity, such as magneto/electroencephalography (M/EEG),
offer a unique perspective on brain function by providing us
a direct measure of neuronal activity at its natural timescale
(Proudfoot et al. 2014).
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Highlights

« Using source reconstructed magnetoencephalography
data, we studied cortical functional networks of os-
cillatory activity from a large healthy population (612
subjects, 18-88years old).

Time-averaged (static) network analysis in canonical
frequency bands (6, 6, a, f, y) showed: f power and
coherence increased with age; 6/6 power decreased
with age, but coherence increased. Coherence in all
frequencies increased with cognitive performance.

Transient (dynamic) network analysis showed frontal
networks decreased in occurrence with age and their
relation to cognitive performance showed that these
changes were compensatory. The other networks
showed a decreased occurrence with age.

In testing age and cognitive performance effects for
statistical significance, we included a comprehensive
set of confounds, such as brain volumes, head size,
and position, which has previously been overlooked.

‘We provide a comprehensive electrophysiological sig-
nature for healthy ageing and establish a baseline for
detecting pathological change.

An observed property of the functional activity from neuro-
nal populations and circuits is the emergence of oscillations
(Buzsaki 2006). Our understanding of brain function is rapidly
moving towards a whole-brain description (Lin et al. 2022),
where cognition is facilitated by large-scale functional net-
works (Bressler and Menon 2010; Voytek and Knight 2015).
Neuronal oscillations are believed to help regulate the rout-
ing of information in these networks (Fries 2015; Brookes
et al. 2011). Note that functional network activity is inherently
transient in nature (Vidaurre, Hunt, et al. 2018). MEG can be
used to reliably estimate large-scale cortical networks of tran-
sient oscillatory activity at millisecond timescales (Vidaurre,
Hunt, et al. 2018; Gohil, Huang, et al. 2024; Hillebrand and
Barnes 2005).

Neuronal oscillations reflect the underlying neurophysiology
of the brain (Proudfoot et al. 2014). Consequently, pathologi-
cal changes in the neurophysiology, for example, the synaptic
health, may be detectable via alterations to large-scale networks
of oscillatory activity. To detect such changes, we must first
characterise a healthy state as a function of age. In this work,
we make progress towards this by studying the effect of age on
cortical networks of oscillatory activity.

In this work, we will estimate source activity within the cor-
tex using resting-state MEG recordings. We focus on resting-
state MEG because it captures brain activity without relying
on a specific task or performance, which can vary with age.
Resting-state paradigms are also well-suited for elderly and
clinical populations and can be collected at scale. Recent stud-
ies that have looked at age effects in source localised MEG
have focused on time-averaged networks (Jauny et al. 2022b),
and few have looked at network dynamics. Here, we will study
a more comprehensive description of age effects on functional
networks. We will look at both time-averaged and transient

networks using one of the largest cohorts to date (612 sub-
jects, cross sectional, 18-88years old). We will perform an
exploratory analysis to identify the network features that can
be linked to age and cognition in Section 3 and discuss our
findings in the context of previous neuroimaging studies in
Section 4. We will also include a comprehensive set of con-
founding variables in testing for statistical significance, such
as brain volumes, head size, and position, which have been
overlooked in previous studies.

2 | Materials and Methods
2.1 | Dataset

We study a cross-sectional group of 6122 healthy subjects aged
between 18 and 88years from the Cam-CAN (Cambridge
Centre for Ageing and Neuroscience) dataset. The demograph-
ics of these subjects are shown in Figure 1. Each subject has
a resting-state? (eyes closed) MEG recording, structural MRI
(SMRI) and a set of cognitive task scores. Participants were in-
structed to remain awake throughout the ~8-min resting-state
acquisition, although no independent physiological measures
of vigilance were obtained. Further information regarding the
dataset and protocols is provided in Shafto et al. (2014) and
Taylor et al. (2017).

2.1.1 | MEG Data

The MEG recordings were obtained using a 306 channel
Vectorview system (Elekta Neuromag, Helsinki, Finland), con-
sisting of 102 magnetometers and 204 orthogonal planar gradi-
ometers. The acquisition time of the recordings was 8 min 40s,
with the first 20s discarded. The data were recorded at a sam-
pling frequency of 1 kHz and bandpass filtered between 0.03 and
330Hz.

2.1.2 | sMRI Data

T1-weighted sMRIs were acquired using a 4min and 32s
MPRAGE (Magnetization-Prepared RApid Gradient Echos)
sequence with a 3T TIM Trio scanner (Siemens Healthcare,
Erlangen, Germany) equipped with a 32-channel head coil.

2.1.3 | Cognitive Task Scores

Five broad cognitive domains were evaluated using a set of tasks
(executive function, language, emotion, memory, motor con-
trol). We drew from the same 13 cognitive task scores as (Tibon
et al. 2021), provided by Borgeest et al. (2018).

We reduced the cognitive task scores into a single measure for
performance by concatenating the scores into a vector for each
subject and applying Principal Component Analysis (PCA)
across subjects. We used the 10 cognitive tasks summarised
in Table 1. Three cognitive tasks (Face Recognition, Spot the
Word, Proverb Comprehension) were excluded due to their
incompatibility with PCA for dimensionality reduction (their
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Cam-CAN Dataset (N=612)

Demographics
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et al. 2013; Smith et al. 2004). A detailed description of the pre-
processing, source reconstruction and parcellation is provided

FIGURE1 | Demographics. Distribution of ages (left); sex (middle); and handedness (right).
TABLE1 | Tasks used for evaluating cognitive performance.
Domain Task

Executive Function Fluid Intelligence (FldIn)

Multitasking (MI1tTs)

Language Functions Sentence Comprehension

(SntRec)

Picture-Picture Priming
(PicName)

Verbal Fluency (VrbFl)

Emotional Processing Emotion Expression

Recognition (EmoRec)

Visual Short-Term
Memory (VSTM)

Memory

Story Recall (StrRec)
Processing Speed Choice Motor Speed (MRSp)

Choice Motor Coefficient
of Variation (MRCv)

Note: See Borgeest et al. (2018) for a detailed description of each task.

distribution was highly non-Gaussian or discrete). Taking the
first principal component gives a single number that quanti-
fies the performance of a subject across all of the cognitive
tasks. Figure 2 shows the PCA loadings (with the contribution
of each cognitive task to the principal component). All PCA
loadings have positive values, indicating an increase in the
first principal component results in an increase in all cogni-
tive task scores.

2.1.4 | MEG Preprocessing, Source Reconstruction
and Parcellation

The Cam-CAN MEG data were processed using the osl-
ephys toolbox (Quinn et al. 2022; van Es et al. 2025; Gramfort

in SI Section S1.1. In brief, to preprocess the sensor-level data
for each subject we applied a tSSS MaxFilter (Taulu et al. 2005),
downsampled to 250 Hz, band-pass filtered to 1-80Hz, applied
automated bad channel and segment detection, automated in-
dependent component analysis (ICA) cleaning to remove oc-
ular/cardiac noise and interpolated bad channels. Following
this, we extracted the brain and skull surface from a sSMRI and
coregistered the MEG (van Es et al. 2025). Source reconstruc-
tion was performed using a volumetric LCMV beamformer and
the voxel-level data was parcellated using a 52 region-of-interest
(ROI) atlas (Kohl et al. 2023) using principal component anal-
ysis (PCA) applied to the voxel-level data. Finally, the parcel
time courses were orthogonalised (Colclough et al. 2015), ‘sign
flipped’ (Vidaurre, Hunt, et al. 2018), and standardised (z-
scored) temporally. Note, in the current work all references to
the ‘parcel time courses’ correspond to the standardised sign-
flipped parcel time courses.

2.2 | Time-Averaged Network Analysis

We assessed the impact of healthy biological ageing on the fol-
lowing time-averaged properties of source-localised MEG data:
power spectral density (PSD), power, and coherence. The cal-
culation of these quantities is described below. Figure 3 sum-
marises the steps. Note, although we band-pass filtered the
data between 1 and 80Hz, we will focus on the range 1-45Hz
because this is the relevant frequency range for large-scale net-
works (Hipp et al. 2012).

2.2.1 | Power/Coherence Spectra

We used the multitaper method (2s window, 0% overlap, 7
DPSS tapers, 4Hz time half bandwidth) to calculate a PSD
for each parcel and a cross spectral density (CSD) for each
pairwise combination of parcels. The multitaper parame-
ters used in this work are typical in MEG analysis (Vidaurre
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Cognitive Task

| PCA applied to the cognition scores. Correlation of the first principal component with age (left) and PCA loadings (right). See Table 1

Calculation of Time-Averaged Networks
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FIGURE 3 |

Calculation of time-averaged networks for an individual subject. Standardised parcel time courses (A) are used to calculate power

spectral densities (PSDs, B) for each parcel using the multitaper method. The PSDs are averaged over a frequency band to give the power at each
parcel, which is visualised as a brain surface heat map (C). The parcel time courses are also used to calculate cross spectral densities, which are nor-
malised to give the coherence (D) for each pairwise combination of parcels. These are averaged over a frequency band and visualised as a graphical
network (E). Averaging over the (unthresholded) network edges for a given parcel, we get a brain surface heat map (F).

et al. 2016). We did this for each subject individually and (tem-
porally) standardised (z-scored) the parcel time courses before
calculating the P/CSDs.* We obtained a (subjects, parcels, fre-
quencies) array for the PSDs and (subjects, parcels, parcels,
frequencies) array for the CSDs.

2.2.2 | Canonical Frequency Bands

The P/CSD is a function of frequency. In time-averaged MEG
analysis, it is common to reduce the frequency dimension by
studying the activity in a particular frequency band. In the cur-
rent work, we look at the following frequency bands: 6 (1-4 Hz), 6
(4-8Hz), a (8-13Hz), f (13-24Hz), y (30-45Hz). We have chosen
the frequency range 13-24 Hz for # due to a site-specific artefact

observed in the coherence in the range 24-30 Hz that could not
be removed with notch filters.

2.2.3 | Power Maps

Averaging a PSD over a frequency band, we get a power density,
which we simply refer to as the power in the frequency band. We
calculated the power at each parcel for each subject by averaging
a PSD within the five canonical frequency bands described above.
This resulted in a (subjects, parcels) array for each frequency band.

Each (parcels, 1) array is referred to as a power map, which we
can visualise as a heat map plot on the brain surface. Normally,
when visualising a power map, we are interested in looking at
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the power relative to a chosen reference. In the time-averaged
power analysis, we used the weighted (parcel-specific) average
across frequency bands as the reference. This shows the spa-
tial pattern of band-specific power relative to the power across
all frequency bands. This was only done in the visualisation of
group-averaged power maps.

2.2.4 | Coherence Networks/Maps

We calculated the coherence using the P/CSD for each pairwise
combination of parcels for each subject as follows:

| CSD,, |

Cy= ) €))
/PSD,PSD,

where |. | denotes the absolute value and x,y indicate differ-
ent parcels. This resulted in a (subjects, parcels, parcels, fre-
quencies) array. Averaging over the frequency dimension, we
obtained a (subjects, parcels, parcels) array for each canonical
frequency band.

Each (parcels, parcels) array represents a graphical network.
The off-diagonal elements in the (parcels, parcels) array repre-
sent edges in the network. The graphical network was visualised
by first subtracting a reference, for which we used the (edge-
specific) weighted average across frequency bands, then thresh-
olding to show the top 3% irrespective of sign. The colour of each
edge indicates its value. The centroid of each parcel was used for
the location of each node in the network.

We calculated a coherence map by averaging over the edges for
each parcel, which resulted in a (parcels,1) array that can be vi-
sualised in the same way as a power map. We used the origi-
nal (parcels, parcels) array before subtracting the reference and
thresholding for this.

2.3 | Transient Network Analysis

We used the method introduced in Vidaurre, Hunt, et al. (2018) to
learn transient networks of coherent activity in source localised
MEG data. This method applies a machine learning approach
for segmenting time series data, known as the Hidden Markov
Model (HMM, described below), on time-delay embedded (TDE)-
PCA data. Applying the HMM to TDE data is an approach that
allows us to model dynamics in the oscillatory activity in the data
(Vidaurre, Hunt, et al. 2018; Gohil, Huang, et al. 2024). Figure 4
summarises the calculation of transient networks using this ap-
proach. We describe each step below.

2.3.1 | Data Preparation

Before applying the HMM, the parcel time courses were pre-
pared by performing TDE, which augments the parcel data with
extra channels containing time-lagged versions of the original
parcel data. In the current work, we used + 7 lags (+ 28 ms win-
dow), resulting in 780 channels. PCA was then applied at the
group level to reduce the TDE data down to 120 channels. The
selection of the TDE and PCA parameters is discussed in Gohil,

Huang, et al. (2024). Finally, we (temporally) standardised (z-
scored) the TDE-PCA data. These were the data used to train
the HMM.

2.3.2 | The Hidden Markov Model

The HMM (Rabiner and Juang 1986; Bishop 2006) is a generative
model for time series data. At each time point, ¢, there is an un-
derlying categorical hidden state, 6, € {1, ... ,K}, where K is the
number of states. The observed time series, x,, is generated using a
multivariate Normal distribution based on the hidden state:

x| (0, =k) ~ N(0,Dy), ©)

where 6, = k is the hidden state at time point ¢ and D, is a state co-
variance. Note, we force the mean to be zero to focus on modelling
dynamics in the covariance, that is, the connectivity information
we are interested in. Dynamics are governed by transitions in the
hidden state. Note, it is assumed that the probability of a transition
at time point ¢ only depends on the state at the previous time point
0,_, (this is the Markovian constraint). Each pairwise state transi-
tion probability is contained in the transition probability matrix:

AiJ =P(91 =jl0,, = i)- 3)

When we train an HMM on data, we learn the most likely value
for the state covariances, {Dl, .., Dy } and transition probabil-
ity matrix, A, to have generated the data. We use stochastic varia-
tional Bayes (Bishop 2006) to do this, where we iteratively update
our estimates for {Dl, .., Dpg, A} based on a random subset of the

training data to minimise the variational free energy. We use the
Baum-Welch algorithm (Bishop 2006) to calculate the (posterior)

probability of each state being active at each time point, g (8, ), for
., Dg,A}. The pos-
terior, (6, ), is a (states, time) array for each subject.

each subject based on our estimates for {Dl, ..

2.3.2.1 | Hyperparameters. We used the HMM imple-
mented in the osl-dynamics toolbox (Gohil, Huang,
et al. 2024). To train an HMM, we need to specify a few hyperpa-
rameters. An important hyperparameter is the number of states.
In the current work, we identified 10 States for comparability
with previous HMM MEG studies (Vidaurre, Hunt, et al. 2018;
Gohil, Huang, et al. 2024; Quinn et al. 2018; Higgins et al. 2021;
Gohil et al. 2022; van Es et al. 2023; Kohl et al. 2024; Gohil, Kohl,
et al. 2024; Cho et al. 2024; Vidaurre, Abeysuriya, et al. 2018;
Vidaurre et al. 2016; Baker et al. 2014), which used 8-12 States.
Other hyperparameters include the batch size, sequence length,
and learning rates. These had little impact on the HMM infer-
ence. The values used are summarised in Table S1.

2.3.2.2 | Run-to-Run Variability. The final estimates
for{D,, ..., D, A} can be sensitive to the initial values used at
the start of training. The typical approach for overcoming this is
to train several models from scratch starting from random ini-
tialisation and picking the one with the lowest final variational
free energy (deemed the best description of the data) for the sub-
sequent analysis. Historically, this has produced very reproduc-
ible results (Gohil, Huang, et al. 2024). In our case, we analyse a
particularly large dataset. This makes the HMM inference very
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Calculation of Transient Networks
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FIGURE 4 | Calculation of transient networks using a group-level HMM. Parcel time courses (A) are prepared by performing time-delay em-

beddings (TDE), principal component analysis (PCA), and temporal standardisation (z-scored) to give the data we train the HMM on (B). Using a
stochastic variational Bayes algorithm, we infer the probability of each hidden state at each time point in the training data (C). We summarise the dy-
namics of each subject and state by calculating statistics from the state probabilities (D). The HMM is trained at the group level. Using the parcel time
course and inferred state probabilities, we dual estimate the power spectral density (PSD) and coherence for each subject and state (E). Averaging
these over a frequency band, we get a power map and coherence network/map for each state (F). For visualisation, we show the power maps and
coherence networks relative to the mean across states and threshold the coherence networks to show the top 3% irrespective of sign. The coherence
maps are calculated using the unthresholded coherence networks and shown relative to the mean across states. Only three states have been shown
in this figure for illustration.

course by taking the most probable state (maximum a posteriori
probability estimate) at each time point, 6 We then performed
post hoc analyses for each subject using 0 Note, 0 is mutually
exclusive.

stable, and we consistently converge on very similar estimates
for{D,, ... ,Dg,A}. Despite this, we took a cautionary approach
and selected the best model from a set of five runs for analysis.

2.3.3 | Post Hoc Analysis 2.3.3.1 | Summary Statistics for State Dynamics. We

summarise the dynamics of each transient network by calculat-

Once we trained an HMM and obtained a state probability
time course for each subject, q(Ht), we calculated a state time

ing summary statistics based on its state time course. For each
subject and state, we calculated:
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« Fractional occupancy: the fraction of total time spent in a
state.

» Mean lifetime (ms): the average duration a state was active.

« Mean interval (s): the average duration between successive
state activations.

« Switching rate (Hz): the average number of state activations
per second.

These summary statistics are highly correlated. We will some-
times refer to them all jointly as the occurrence. An ‘increased
occurrence’ refers to an increase in fractional occupancy,
mean lifetime, switching rate, and decrease in mean interval
jointly.

2.3.3.2 | Transition Probabilities. We calculated a
subject-specific transition probability matrix by counting
the number of pairwise transitions for each combination
of states in the state time course and normalising to ensure a
sum-to-one constraint.

2.3.3.3 | State Power/Coherence Spectra. Each HMM
state represents a transient network characterised by distinct
spectral (e.g., power spectra and coherence) activity. Here,
we combined the state time course with the original par-
cel data (pre-TDE-PCA) to estimate the spectral properties
(PSD and coherence) of each state using a multitaper (Babadi
and Brown 2014). This involved performing the following steps
for each subject and state:

1. The (temporally) standardised parcel time courses are multi-
plied by the state time course.

2. The P/CSD for each parcel/pair of parcels is calculated using
a multitaper (2s window, 0% overlap, 7 DPSS tapers, 4 Hz time
half bandwidth). This is the standard approach/settings used for
HMDMs trained on TDE-PCA data (Vidaurre, Hunt, et al. 2018;
Vidaurre et al. 2016).

3. Equation (1) is used to calculate the coherence from the P/CSD.

4. The amplitude of the PSD is biassed by the amount of time
each state is active due to the multiplication in Step 1. We ac-
counted for this by scaling the PSD by one over the fractional
occupancy of the state.

2.3.3.4 | State Power Maps. The multitaper results in
a (subjects, states, parcels, frequencies) array containing
the PSDs. Similar to the time-averaged power analysis, we
need to reduce the frequency dimension by averaging over a
band. The HMM's objective is to identify spectrally distinct
states, that is, temporally segment occurrences of differ-
ent oscillatory activity. Therefore, each HMM state tends to
have its own characteristic PSD. This means we do not need
to specify the frequency band by hand and can integrate over
the full frequency range the of the PSD. Note, in practise we
only calculated the PSD for the frequency range 1-80Hz due
to the bandpass filter we applied before source localisation.
Averaging over the frequency dimension results in a (subjects,
states, parcels) array. In the visualisation of the group-averaged

power maps, we displayed each state's power map separately
and used the average (parcel-specific) power across states as
the reference.

2.3.3.5 | State Coherence Networks/Maps. The mul-
titaper results in a (subjects, states, parcels, parcels, frequen-
cies) array for the coherences. Similar to the state power
maps, we reduce the frequency dimension by taking the aver-
age across the full frequency range (1-80Hz). This results in
a (subjects, states, parcels, parcels) array, which represents
the state coherence networks. These are visualised in the same
way as the time-averaged coherence networks. We displayed
the group-average coherence network for each state individu-
ally using the (edge-specific) average across states as the refer-
ence and thresholding the top 3% of edges irrespective of sign.
The state coherence maps were calculated in the same way as
the time-averaged coherence map using the non-referenced,
unthresholded state coherence networks.

2.4 | Statistical Significance Testing

In the current work, we characterised the impact of healthy
ageing on resting-state functional networks by using a General
Linear Model (GLM) with an age regressor to predict summary
target features calculated from the networks. The summary tar-
get features used were:

« The power and coherence within canonical frequency bands
from time-averaged networks (described in Section 2.2).

« The power, coherence, and summary statistics for dynam-
ics for the transient networks identified by the HMM (de-
scribed in Section 2.3).

2.4.1 | GLM Permutations

We employed non-parametric permutations with a GLM to
test for statistical significance. This approach is described
in detail in Winkler et al. (2014). It involves fitting a group-
level model:

y=Xp +¢, @

where y (subjects, features) is the target data, X (subjects, re-
gressors) are regressors, referred to as the design matrix, g
(regressors, features) are regression coefficients, referred to as
parameter estimates or effects, and € (subjects, features) are the
residuals.

For a given X, fitting the group-level GLM to the data y provides
an (ordinary-least-squares) estimate of f and e. The effect g, for
regressor X; indicates how y would change with X;. g;is a (fea-
tures,1) array and X; is a (subjects,1) array.

Statistical significance testing involves selecting a regression
coefficient of interest and building a null distribution of test sta-
tistics based on that coefficient. We do this by repeatedly per-
muting the design matrix and refitting the GLM. We describe
this in more detail below.
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2.4.2 | Age Effects

We are particularly interested in correlations with age, that is, ;
for when i = Age. We refer to B, as the age effect.

2.4.21 | Confounds. Isolating the change in functional brain
activity due to age is difficult due to the many confounding vari-
ables that change with age and the heterogeneity in functional
brain activity across subjects. Here, we include a comprehensive
set of confounds: sex, total brain volume, relative grey matter vol-
ume, relative white matter volume, head size, (x,y, z) head posi-
tion, and the PCA-reduced cognitive performance score. The grey/
white volumes are relative to the total brain volume. The brain
volumes were calculated from the sMRIs using FSLs anatomical
processing script (fs1_anat). The head size and position were
estimated by fitting a sphere to the Polhemus head shape points
and fiducials. The design matrix used to study age effects is shown
in Figure S1. We standardise each regressor (z-scored across
the subject dimension) and include a constant (mean) regressor.

2.4.2.2 | Statistical Significance Testing. We tested
whether the age regression coefficient differed significantly
from zero:

[Bage | >0, ©)

where |. | denotes the absolute value. We built a null distri-
bution for B, by randomly permuting the design matrix X,
refitting the GLM, and recording the maximum absolute re-
gression coefficient across all features (i.e., max (ﬁAge)) as the
test statistic.

Importantly, for each permutation the GLM was fit once with
all features included simultaneously in y, and the same per-
muted regressor was applied to every feature. Thus, a single null
distribution of maximum statistics was constructed across fea-
tures, rather than separate null distributions for each feature.
In the brain-wide analyses, these features corresponded to all
regions (and associated frequencies/states) analysed simultane-
ously, such that the maximum-statistic procedure controlled the
family-wise error rate across the entire brain.

We used the absolute regression coefficient as the test statis-
tic rather than a (one sample) t-statistic because the variance
of each feature was very different. The high variance in par-
ticular features suppresses the f-statistic and sensitivity to ef-
fects in the features (Winkler et al. 2014). In all permutation
testing we used the regression coefficient as the test statistic
apart from when looking at linear age effects in the summary
statistics for dynamics, where we used the ¢-statistic due to the
different effect size in each feature.?

We applied 1000 random ‘sign-flip’ permutations to the age re-
gressor, where each entry in Xage had a 50% chance of being
multiplied by —1. This resulted in a null distribution of size
1000. Looking up the percentile at which the observed absolute
regression coefficient (calculated with the non-permuted design
matrix) occurs in the null distribution gave us our p-value. We
obtained a p-value for each feature. Sufficiently small p-values
(< 0.05) were deemed to be significant.

2.4.3 | Cognitive Performance Effects

We were also interested in functional brain activity that cor-
relates with cognitive performance. This is given by B, pert
which is referred to as the cognitive performance effect.

2.4.3.1 | Confounds. The PCA-reduced cognitive score
(see Section 2.1) is negatively correlated with age (see Figure 2).
We need to be sure that any effect we observed from the cog-
nitive score is not simply indirectly due to the age effect. To
do this, we included age as a confound regressor in the design
matrix used to study the cognitive performance effect, see
Figure S1. We also included the same confounds we did when
we studied the linear age effect (brain volume and head size/
position). Including the age regressor in the design matrix
can be seen as a conservative approach as this is equivalent
to regressing out the age effect from the target data (and other
regressors).

2.4.3.2 | Statistical Significance Testing. We tested
whether the cognitive performance regression coefficient dif-
fered significantly from zero:

| ﬂCog.Perf. I > 0. (6)

We used the same procedure for building the null distribution
(1000 sign-flip permutations) and calculating a p-value as we did
for the linear age effect.

As above, each permutation involved fitting a single GLM
across all features simultaneously and retaining the maxi-
mum absolute regression coefficient across features (brain
wide: regions, frequencies, states) to form a family-wise error
controlled null distribution. We used the regression coeffi-
cient as the test statistic in all cases apart from when predict-
ing the summary statistics for dynamics, where we used the
t-statistic instead.

3 | Results
3.1 | Time-Averaged Networks

We first characterised the time-averaged spatio-spectral prop-
erties of healthy individuals. Figure 5 shows the power spectral
density (PSD), coherence spectrum, and time-averaged net-
works for different canonical frequency bands averaged over a
large cohort of healthy individuals (N =612, 18-88years old).
We see healthy individuals exhibit unique spatial patterns of ac-
tivity in each canonical frequency band.

The PSD decreases with frequency and there is a prominent
peak in the @ band, which indicates there are strong a oscil-
lations present in the data (Figure 5A, left). Note, the dataset
contained eyes closed resting-state MEG recordings, which
are known to contain strong a activity (Buzsaki 2006). In SI
Section S1.2, we characterise the PSD with FOOOF (Fitting
Oscillations and One Over F) (Donoghue et al. 2020). The co-
herence spectrum is approximately flat except for the peak
in the @ band, which reflects phase locking between the a os-
cillations (Figure 5A, right). There is a site-specific artefact
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Group-Level Time-Averaged Networks
A) Spectra
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| Healthy individuals exhibit frequency-specific networks of oscillatory activity. PSD (A, left) and coherence spectrum (A, right) av-

eraged over parcels and subjects. The grey shaded area shows the standard deviation across subjects. Power (B) and coherence (C) maps for each

canonical frequency band relative to the weighted mean across frequency bands. Unreferenced power maps are shown in Figure S2D.

in the PSD and coherence spectrum between 24 and 30Hz,
which could not be removed with notch filters, therefore, this
frequency range was not included in our definition of the
B band.

Figure 5B shows the spatial distribution of power in five ca-
nonical frequency bands (6, 0, a, B, y) and Figure 5C shows the
coherence maps. The visualisation of the power and coherence
maps highlights the activity unique to each band (the weighted
mean across frequency bands was used as the reference). Low
frequencies (8, 0) have relatively high frontal power/coherence
and low posterior coherence. The « band has relatively high oc-
cipital power and coherence. The f band has relatively high sen-
sorimotor power and low posterior coherence. The y band has
low brain-wide power but high posterior coherence particularly
in the temporal regions.

3.2 | Age Effects in Time-Averaged Networks

Next, we characterised how the time-averaged network for each
canonical frequency band was affected by age. Age effects in
time-averaged power and coherence are shown in Figure 6. We
see unique spectral changes occur with age for activity in each
canonical frequency band.

The power and coherence in time-averaged networks follow a
unique trajectory for each canonical frequency band (Figure 6A).
Power in the 6 and 6 band decreases with age and coherence in-
creases. Power in the « and y remains stable with age but coherence
decreases. Power and coherence in the g band increase with age.

Turning to the region-specific age effects in power (Figure 6B),
there is: a decrease in brain-wide § power; increase in temporal-a
power; increase in occipital-6 power, which reflects a slowing
(leftward shift) of the @ peak (Figure S2); and an increase in sen-
sorimotor and frontal-§ activity. Turning to the region-specific
coherence age effects (Figure 6C), there is a general increase for
all frequencies apart from the @ band. Looking at the age effect
in broadband (1-45Hz) coherence, we see a greater increase in
frontal (anterior) regions compared to posterior regions.

3.3 | Cognitive Performance Effects in
Time-Averaged Networks

Next, we identified the features of time-averaged networks that
correlated with cognitive performance. Figure 7 shows cognitive
performance effects in time-averaged networks. By accounting for
age asaconfound, we isolated the changes in power and coherence
that could not be explained by age (or any other confound, such as
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Time-Averaged Network Age Effects
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FIGURE 6 | Unique spectral changes occur with age in the time-averaged networks for each canonical frequency band. (A) Coherence vs. power

for each canonical frequency band averaged over frequencies, parcels and subjects for different 10year cohorts (18-28, 28-38, ...,

78-88years old). The

error bar shows the standard error on the mean. Age effects in power (B) and coherence (C) for each canonical frequency band.

brain volume or head size/position). Cognitive performance cor-
related with increased posterior-a power (Figure 7A) and a gen-
eral increase in coherence for all frequencies (Figure 7B).

3.4 | Transient Networks

Thus far, we have characterised brain activity using time-averaged
(static) networks. However, time-averaged networks are a sim-
plified, summary measure of what the brain is doing over time.
In particular, brain networks have been shown to exhibit fast-
switching dynamics (Vidaurre, Hunt, et al. 2018; Gohil, Huang,
et al. 2024). Figure 8 shows the result of using Hidden Markov
Modelling to characterise these network dynamics in the form of
10 transient network states that were inferred on the full cohort

of healthy individuals (N =612, 18-88years old). These transient
networks have been found in multiple previous studies (Vidaurre,
Hunt, et al. 2018; Gohil, Huang, et al. 2024). However, this study
has identified these networks in the largest cohort to date.

Each network corresponds to a unique transient pattern of
power and coherence. The visualisation in Figure 8A shows
how the network activity, in the form of power maps and coher-
ence networks, changes relative to the time-averaged activity.
For example, when State 1 is active there is increased brain-wide
power and parietal/temporal/frontal coherence compared to
when we average over time; when State 2 is active there is in-
creased sensorimotor power and coherence, and so on. The sim-
ilarity of the state power maps is quantified using the correlation
in Figure S3.
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Time-Averaged Network Cognitive Performance Effects
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FIGURE 7 | Time-averaged coherence correlates with cognitive performance. Cognitive performance effects in power (A) and coherence (B) for

each canonical frequency band.

The transient networks have fast dynamics with average life-
times of less than 100ms (Figure 8D). The probability of tran-
sitions between networks shows some structure (Figure 8C).
For example, State 1 has a higher probability of transitioning to
another positively activated state (States 2-4). There is also a rel-
atively high probability of remaining in State 1 and 10 once ac-
tivated, which is reflected in the higher mean lifetime for these
states (Figure 8C,D).

3.5 | Age Effects in Transient Networks

Next, characterised how the spatio-spectral and dynamic prop-
erties of the transient networks were affected by age. Figure 9
shows age effects in the power, coherence, and dynamics of each
transient network.

There are two groups of states that show opposing age effects
in dynamics. The diagonal values of the matrix in Figure 10C
correspond to the effect of ageing on the stay probability, that
is, the probability of staying in a state, which will translate to
the lifetimes each of state. Most states (1, 2, 5, 6, 7, 8 and 10)
show an increase in stay probability with age, which is also
reflected in the summary statistics of the dynamics (increased
fractional occupancy and lifetime) shown in Figure 9D. In
contrast, States 2 and 9 (frontal networks) show a decrease in
stay probability, fractional occupancy and lifetime with age.
The frontal networks (States 2 and 9) are particularly affected
by age. Both also show an increase in brain-wide coherence
(Figure 9B).

3.6 | Cognitive Performance Effects in Transient
Networks

The transient network perspective may provide insight into how
the dynamic reorganisation of brain activity relates to cognitive
function. To investigate this, we characterised the features of the
transient networks that correlated with cognitive performance.
Figure 10 shows the cognitive performance effects for transient
networks and their dynamics.

The frontal network (State 2) shows a link with cognitive perfor-
mance. We see an increase in coherence in the frontal network
(Figure 10B) as well as a reduced stay probability (Figure 10C)
and reduced switching into this network (Figure 10D).

4 | Discussion

Table 2 summarises (statistically significant) age effects in time-
averaged and transient functional networks. Clearly, there are
many age effects in the functional brain networks of healthy
individuals.

4.1 | Confounds

In this work, we included several confounds, such as brain vol-
ume, head size and position, which previously have been over-
looked. These confounds and their impact on age effects are
discussed in (Quinn et al. 2025). In (Quinn et al. 2025), it was
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Group-Level Transient Networks
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FIGURE 8 | Healthy individuals exhibit fast (~100 ms) transient networks of coherent activity. (A) Power maps and coherence networks (top 3%
of edges) averaged over subjects for each state and PSD averaged over subjects and parcels for each state. Power maps and coherence networks are
shown relative to the average across states. The black dashed line in the state PSDs shows the time-averaged PSD. (B) Inferred state probability time
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Transient Network Age Effects
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FIGURE 9 | Two groups of states show opposite age effects in dynamics: Frontal networks (States 2 and 9) decrease in occurrence, the others
increase. Age effects in power (A), coherence (B), transition probabilities (C), and summary statistics for dynamics (D) for each HMM state. The as-

terisks indicate a p-value <0.05.

found that group-level age effects in MEG are robust to most of
these confounds, although covariance with grey matter was found
to be important to model in particular frequency bands (6, a, f).

4.2 | Time-Averaged Networks

Multiple age effects were observed in the time-averaged power
and coherence. Different changes occurred for different regions
and frequencies. Relating the time-averaged networks to cog-
nition, we found a general increase in coherence was linked to
better cognitive performance.

4.3 | Transient Networks

The transient network description provided a more detailed
view of functional brain activity that is inaccessible in time-
averaged approaches. We identified 10 transient networks
with unique spatio-spectral properties and fast dynamics.
Multiple age effects were observed across all networks, both
in the power and coherence within a network and in their dy-
namics. We observed age effects in the dynamics of transient
networks, whereby the occurrence of the frontal networks
(States 2 and 9) decreased with age, whereas all other net-
works increased. Relating the transient networks to cognition,

Human Brain Mapping, 2026

13 of 20



State1 State2 State3 State4 State5 State6 State7
g
3
3
O
&
@ 0050005 0050005 002500025 0020002 0050005
Q
g n.s. n.s. n.s. n.s. n.s.
Q
g
*
.
o 0050005 -0.2 D 0.2 0050005 -0.1 0 0.1 0050005
[}
3 ns. 9 n.s. n.s.
6. 0;05 0.1

Transient Network Cognitive Performance Effects

State 8 State 10

A) Power Maps
PP PRI PR PO 2920 2P DL

002500025 002500025 0020002 -0.01 0001 -0.01 0001

n.s. n.s. n.s. n.s. n.s.

B) Coherence Maps

QLI EHEEP LD @@@N’b dfm:b %D @&»

-0.1 0 -0.1 0 0.1 0 0.1 -0.1 0 0.1 -0.1 0

n.s. n.s. n.s. n.s. n.s.

C) Transition Probability Matrix

State: To
5 7

State: From

D) Summary Statistics for Dynamics

Fractional Occupancy Mean Lifetime (ms)

Mean Interval (s) Switching Rate (Hz)

0.01 4

0.1 1

.I 2 I 0.0 1 .I---I -

5 I 04 ml_ l -0.1
—0.01 1 I —0.11 .

=2 «+ | —0.2

5 10 5 10 5 10 5 10

State State State State
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we found cognitive performance was linked to the frontal net-
work (State 2).

Below we discuss our findings in relation to previous neuroim-
aging and cognitive ageing studies.

4.4 | Previous Neuroimaging Findings

4.4.1 | Resting-State M/EEG

4.4.1.1 | Oscillatory Power. Several studies have

reported age effects in time-averaged oscillatory power.
From studies that looked at linear age effects, a decrease in

low-frequency power (6, #) and increase in high-frequency
power (f, y) have consistently been reported (Stier et al. 2023;
Hoshi and Shigihara 2020; Hunt et al. 2019; Marek et al. 2018;
Goémez et al. 2013). However, there is significant heteroge-
neity across studies in the regions affected. The findings in
the current work support the observation that low-frequency
power decreases and high-frequency power increases with
age (Figure 6B). Age effects in a-band power are less clear
with both increases and decreases previously being reported
in MEG studies. This is due to the spatial heterogeneity in
a-band power changes, similar findings were reported in
Stier et al. (2023), Rempe et al. (2023), and Hunt et al. (2019).
In the current work, a decrease in occipital-a power due to
the slowing (leftward shift) of the a-peak frequency (Figure S1)
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TABLE 2 | Age effects in functional networks.

Power

Coherence Dynamics

Time-averaged networks

6 (1-4Hz) Brain-wide |

0 (4-8Hz) Sensorimotor/frontal |
a (8-13Hz) Temporal 1

p (13-24Hz) Sensorimotor 1

y (30-45Hz) —

Transient networks

State 1 Temporal 1
State 2 Prefrontal 1
State 3 Occipital |
State 4 —

State 5 Sensorimotor 1
State 6 —

State 7 Left temporal 1
State 8 —

State 9 —

State 10 —

Brain-wide 1 —

Sensorimotor/temporal | —

Frontal 1 —

Temporal 1 —

Parietal/sensorimotor | —

Brain-wide 1 FO|,LT],INTV1,SR|
Occipital | —
— FO 1,INTV |
Sensorimotor | FO1,LT 1
— FOM, LTt
— FOT, LTt
— FO1,LTt
Brain-wide t FO |,LT |,INTV 1,SR ]

Brain-wide | —

Abbreviations: 1, denotes an increase with age; |, denotes a decrease; FO, fractional occupancy; INTV, mean interval; LT, mean lifetime; SR, switching rate.

and increase in temporal-a power (Figure 6B) was observed.
These findings are consistently reported in the EEG (Trondle
et al. 2023; Scally et al. 2018; Klass and Brenner 1995; Babi-
loni et al. 2006) and MEG (Maestu et al. 2019; Ishii et al. 2018;
Park et al. 2024; Quinn et al. 2025) literature. Note, each study
covers a slightly different age range and there can be discrep-
ancies due to sensor vs. source-level analysis.

4.41.2 | Time-Averaged Networks. Turningtoage effects
in time-averaged functional connectivity, Stier et al. (2023) found
a brain-wide increase in 6 and y connectivity and a brain-wide
decrease in « connectivity with age (using imaginary coherence
as the measure of connectivity). In the current work, the same
findings have been observed albeit with a different measure
for connectivity (coherence, Figure 6C).

4.4.1.3 | Transient Networks. Two studies have looked at
transient functional networks inferred using MEG data (Tibon
et al. 2021; Coquelet et al. 2020). Both used an HMM to infer
the transient networks. Several of the transient networks pre-
sented in Tibon et al. (2021) are found here despite some dif-
ferences in how the data were prepared for the HMM. Here,
we used time-delay embedding to model dynamics in the cross
spectral properties (coherence) of the data (Gohil, Huang,
et al. 2024), whereas Tibon et al. (2021) focused on the dynamics
of amplitude covariances.

Most of the age effects of the transient networks reported in
Tibon et al. (2021) were also found here. However, two tran-
sient networks in Tibon et al. (2021) show opposite age effects in

occurrence relative to our work. First, Tibon's frontal network
(FTP2) increases in occurrence, whereas our corresponding
frontal network (State 2) decreases. Second, Tibon's visual net-
work (EV2) decreases in occurrence, whereas our correspond-
ing visual network (State 8) increases. Both discrepancies arise
due to differences in modelling the transient networks. In the
current work, each transient network is modelled as a unique
spatiospectral (i.e., amplitude and frequency) pattern of activ-
ity, whereas in Tibon's work each transient network is modelled
as a spatial (amplitude only) pattern of activity. The transient
networks we identify underpin the frequency-specific age ef-
fects observed in the time-averaged power (Figure 6B). The de-
crease in time-averaged 6 power with age is underpinned by a
decrease in the frontal network (State 2) occurrence (Figure 9D).
The decrease in time-averaged occipital-a power with age is
underpinned by a reduction of within network power of State
8 (Figure 9A) in combination with the increased occurrence
(Figure 9D). In other words, although the visual network (State
8) has a higher occurrence, the occipital-a power when it acti-
vates is decreased with age.

Tibon et al. (2021) also linked the occurrence of transient net-
works to cognitive performance. They found better cognitive
performers (in terms of fluid intelligence) had lower occurrences
of frontoparietotemporal networks and higher occurrences of
visual networks whilst accounting for age. Our findings sup-
port this with an increased occurrence of the visual network
(State 8) and decreased occurrence of the frontal network (State
2) despite using a different metric for cognitive performance®
(Figure 10D).
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Overall, apart from the direction of age effects in dynamics for
the frontal (State 2) and visual network (State 8), this study and
Tibon's agree reasonably well in terms of the changes to dynam-
ics with age and their link to cognition.

Coquelet et al. (2020) have reported several results (in the
Elderly — Adult group contrast) that are reproduced here. They
reported an increase in time-averaged brain-wide g power,
which we find as a sensorimotor/frontal power increase in the
B band (Figure 6B). They used the same approach as Tibon
et al. (2021) to model dynamics in amplitude covariances to
identify transient networks with an HMM. They reported an in-
creased occurrence for the left and right auditory networks with
age, which we also find (States 5 and 6, Figure 9D). They also
reported a decrease in occurrence of the visual network with
age (similar to the finding in Tibon et al. (2021)), which is the
opposite age effect in the dynamics of our visual network (State
8). This discrepancy is for the same reason as with Tibon's work
(modelling dynamics in oscillatory properties vs. amplitude).
Overall, apart from the age effect of the visual network (State 8),
our findings agree reasonably well with those of Coquelet et al.

4.4.2 | Resting-State fMRI (Networks)

A well-established finding in the fMRI literature is the existence
of functional networks in resting-state activity (Beckmann
et al. 2005; Calhoun et al. 2008). The same functional networks
are recruited in cognitive tasks (Cole et al. 2014; Cole et al. 2016)
suggesting that the underlying functional architecture that
underpins cognition can be studied via the resting-state net-
works. For a review of ageing studies in fMRI resting-state net-
works, see Deery et al. (2023), Damoiseaux (2017), Sala-Llonch
et al. (2015), and Ferreira and Busatto (2013).

Comparing directly between the MEG and fMRI networks is
difficult for a number of reasons, including: the difference in
the underlying signal being measured (postsynaptic currents in
MEG, BOLD for fMRI (de Beeck and Nakatani 2019)); differ-
ences in the measure for functional connectivity (coherence for
MEG, correlation in fMR1I); and differences in the network mod-
elling (the HMM assumes only one state is activated at a given
time point, whereas the spatial ICA used in fMRI allows tem-
porally overlapping networks (Beckmann et al. 2005; Calhoun
et al. 2008)). Nevertheless, we summarise the key findings from
resting-state fMRI below and comment on the perspective pro-
vided by MEG.

4.4.2.1 | Within and Between Network Functional Con-
nectivity. The fMRI literature reports there is a decrease in
the within-network functional connectivity with age for most
resting-state fMRI networks and an increase in the func-
tional connectivity between networks (Deery et al. 2023). In
the MEG description, we observe heterogeneous changes across
the networks (Figure 9B). Whereas within-network connectivity
decreases with age in States 1, 2, 3, and 10, it increases in States
2 and 9. Due to the mutual exclusivity assumption of the HMM,
we do not assess inter-network connectivity in MEG.

In particular, the fMRI default mode network has consistently
been reported to decrease in functional connectivity with age

(Deery et al. 2023; Damoiseaux 2017; Sala-Llonch et al. 2015;
Ferreira and Busatto 2013). In the current work, State 1
(Figure 8) most closely resembles the fMRI default mode net-
work (Brookes et al. 2011; Baker et al. 2014) given the overlap
in regions showing high activity in MEG and fMRI (frontal and
parietal). In this MEG default mode network, we also observe a
brain-wide decrease in functional connectivity with age (coher-
ence, Figure 9B).

4.4.2.2 | Network Dynamics. A reduction in resting-state
fMRI network dynamics, that is, a reduced ability to switch
between network states, with age has consistently been reported
(Deery et al. 2023). In the current work, we find the rate
of switching into two frontal networks (States 2 and 9, Figure 9D)
are especially reduced with age, supporting the fMRI finding.
Cabral et al. (2017) related the switching rate of resting-state
fMRI networks to cognitive performance (a PCA-reduced bat-
tery of cognitive test scores). Comparing older adults with good
and poor cognitive performance, they found reduced switch-
ing rates and longer state lifetimes correlated with better per-
formance. Our findings support this, despite the difference in
the time scale of switching.” In particular, we find that a reduc-
tion in the rate of switching into the frontal network (State 2,
Figure 10D) correlates with cognitive performance.

4.4.3 | Task fMRI

There are two main observations for age-related changes from
task fMRI studies that have consistently been reported. These
are discussed below.

4.4.3.1 | Posterior-Anterior Shiftin Ageing (PASA). This
is a decrease in posterior activity and increase in anterior activ-
ity observed during task for older participants compared to
younger participants (Davis et al. 2008). Although the current
work has looked at resting-state MEG, there is some evidence
for PASA-like age effects in connectivity (coherence). Age effects
in time-averaged broadband (1-45Hz) coherence show a clear
anterior-posterior gradient (Figure 6C). However, the age effects
in time-averaged power show very different spatial patterns
for each frequency band (Figure 6B).

4.4.3.2 | Task fMRI Hemispheric Asymmetry Reduc-
tion in Old Adults (HAROLD). This is the observation that
older participants show less lateralised activity in frontal regions
compared to younger participants in memory tasks (Cabeza
et al. 2002). In the current work, we found little evidence in
support of HAROLD. This may be because we are studying
resting-state MEG data, although HAROLD has been reported
in resting-state fMRI (Li et al. 2009).

HAROLD suggests we should expect less lateralised activity
with increasing age. A result of note in the current work is the
observation that the left temporal network (State 7) shows a
larger increase in fractional occupancy and mean lifetime (un-
derpinned by the increased stay probability) with age compared
to the right temporal network (State 8), see Figure 9D. The sig-
nificantly increased power in the left temporal network (State 7,
Figure 9A) further supports greater age effects in the left tem-
poral lobe compared to the right. This suggests resting-state
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functional activity in MEG may in fact be more lateralised with
age, at least in the temporal lobes, which is an observation that
directly opposes HAROLD.

4.5 | Cognitive Ageing Theories

Cognitive decline often occurs with ageing. However, there is
broad variability with some individuals managing to preserve
their cognitive abilities into very late life (Glisky 2007; Ekstrom
et al. 2024). Here, we studied a large cohort of individuals that
show some cognitive decline across multiple domains with age
(Figure 2). These individuals were deemed to be healthy by
the Cam-CAN study (Shafto et al. 2014; Taylor et al. 2017). A
question that arises is what aspect of brain function supports
healthy cognitive ageing. Below we discuss our measure for cog-
nitive health (the PCA-reduced cognitive score) and consider the
compensation theory for cognitive ageing (Cabeza et al. 2018).
For a review of cognitive ageing theories in relation to obser-
vations from neuroimaging, see McDonough et al. (2022) and
Grady (2012).

4.5.1 | PCA-Reduced Cognitive Score

In this work, we reduced 10 cognitive test scores into a single
measure for cognitive performance using PCA (see Section 2.1).
This approach was motivated by the fact that all 10 scores were
correlated, suggesting that there is a low-dimensional nature to
the scores. Furthermore, it was observed that there is a single
mode of variation in lifestyle, demographics and psychometric
measures that corresponds to a specific pattern of brain connec-
tivity (Smith et al. 2015). In this work, we aimed to identify the
pattern of neuronal activity that relates to a single PCA-reduced
cognitive score. However, it should be noted that it is possible for
the neuronal correlates of each individual cognitive test score to
vary from that of the PCA-reduced score.

4.5.2 | Compensation

This is the idea that individuals preserve their cognitive ability
despite a failure to maintain the integrity of relevant neural re-
sources (e.g., structural connections) by engaging some compen-
satory functional activity. For example, individuals might have
white matter integrity that is degrading with age and a func-
tional network that has increased activity with age. A prediction
of this theory is that the cognitive performance effect should
be in the same direction as age effects, that is, those that have
better cognitive performance (whilst accounting for age) appear
to have biologically older looking brains in terms of their func-
tional activity. Note, it is possible that compensatory changes
can be isolated to particular functional networks rather than
affect all networks equally. In fMRI studies, a common hypoth-
esis of the frontal activity changes with age are a compensatory
mechanism to counteract other age-related changes, such as
structural decline, with increased functional activity (Reuter-
Lorenz and Cappell 2008).

We found the properties of a frontal transient network (State 2)
correlated with cognitive performance and age in the same way

(Figures 9 and 10, respectively), suggesting age-related changes
to this network are compensatory. In other words, the changes
in this functional network that are needed to improve cognitive
performance are those that are happening with age. Note, we
have observed this in a cross-sectional study; to conclusively
demonstrate these are compensatory changes, a longitudinal
study is required.

Speculatively, the age and cognitive performance effects of the
frontal network could be interpreted as an increase in efficiency:
less frequent, shorter visits are observed suggesting less time is
needed for the frontal network to perform cognition. The reverse
may be true for the remaining networks, that is, a reduction in
efficiency indicated by more frequent, longer visits.

4.6 | Clinical Disease Studies

In the clinical study of diseases, such as Alzheimer's or
Parkinson's disease, age is an important confound. To under-
stand pathological changes in the brain due to disease, we must
first characterise age-related changes in the healthy brain, espe-
cially the changes expected due to healthy ageing. The current
work goes towards this aim by characterising the large-scale
functional networks found in a large cohort of healthy individ-
uals. We have made these functional networks (time-averaged
and transient) publicly available (see in Data Availability
Statement). These can be used as a point of comparison in clin-
ical MEG studies and could potentially be a useful resource for
researchers studying age-associated disease with MEG.

5 | Conclusions

We studied the effect of age on cortical networks of oscillatory
activity using MEG recordings from one of the largest cohorts to
date (N =612, 18-88years old) and including a comprehensive
set of confounds, such as brain volume, head size and position.
Our findings show many age effects should be expected for time-
averaged and transient networks for healthy individuals. We
showed the dynamics of the transient networks are correlated
with age and are related to cognitive performance. Our results
are consistent with the idea that a transient frontal network acts
in a compensatory manner to preserve cognitive health with
age. We have provided the networks calculated in the current
work as a public resource to characterise a healthy brain, which
may be useful for understanding when an individual deviates
from a healthy trajectory due to disease.
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Endnotes

'We use the term effect to refer to a regression coefficient (f) in a
General Linear Model. This effect represents the association between
a particular regressor (age) and the target variable whilst accounting
for the influence of other confounding regressors.

2The Cam-CAN dataset contained 643 subjects with MEG recordings, of
which 22 did not have sMRIs and 9 failed in the SMRI surface extraction.

3 Also known as spontaneous or task free activity.
4The PSD of standardised data is often referred to as the relative PSD.

SFractional occupancy, mean lifetime, mean interval, and switching
rate.

5We used the PCA-reduced cognitive score, see Section 2.1.

7fMRI network dynamics are on time scales of seconds, where MEG
network dynamics are on time scales of ~ 100 ms.

References

Babadi, B., and E. N. Brown. 2014. “A Review of Multitaper Spectral
Analysis.” IEEE Transactions on Biomedical Engineering 61, no. 5:
1555-1564.

Babiloni, C., G. Binetti, A. Cassarino, et al. 2006. “Sources of Cortical
Rhythms in Adults During Physiological Aging: A Multicentric EEG
Study.” Human Brain Mapping 27, no. 2: 162-172.

Baker, A. P., M. J. Brookes, I. A. Rezek, et al. 2014. “Fast Transient
Networks in Spontaneous Human Brain Activity.” eLife 3: e01867.

Beckmann, C. F., M. DeLuca, J. T. Devlin, and S. M. Smith. 2005.
“Investigations Into Resting-State Connectivity Using Independent
Component Analysis.” Philosophical Transactions of the Royal Society,
B: Biological Sciences 360, no. 1457: 1001-1013.

Bishop, C. M. 2006. Pattern Recognition and Machine Learning. Vol. 2,
1122-1128. Springer.

Borgeest, G. S., R. Henson, M. Shafto, D. Samu, and R. Kievit. 2018.
“Greater Lifestyle Engagement Is Associated With Better Cognitive
Resilience.”

Bressler, S. L., and V. Menon. 2010. “Large-Scale Brain Networks in
Cognition: Emerging Methods and Principles.” Trends in Cognitive
Sciences 14, no. 6: 277-290.

Brookes, M. J., M. Woolrich, H. Luckhoo, et al. 2011. “Investigating
the Electrophysiological Basis of Resting State Networks Using
Magnetoencephalography.” Proceedings of the National Academy of
Sciences 108, no. 40: 16783-16788.

Buzsaki, G. 2006. Rhythms of the Brain. Oxford University Press.

Cabeza, R., M. Albert, S. Belleville, et al. 2018. “Maintenance, Reserve
and Compensation: The Cognitive Neuroscience of Healthy Ageing.”
Nature Reviews Neuroscience 19, no. 11: 701-710.

Cabeza, R., N. D. Anderson, J. K. Locantore, and A. R. McIntosh. 2002.
“Aging Gracefully: Compensatory Brain Activity in High-Performing
Older Adults.” NeuroImage 17, no. 3: 1394-1402.

Cabral, J., D. Vidaurre, P. Marques, et al. 2017. “Cognitive Performance
in Healthy Older Adults Relates to Spontaneous Switching Between
States of Functional Connectivity During Rest.” Scientific Reports 7, no.
1: 5135.

Calhoun, V. D,, K. A. Kiehl, and G. D. Pearlson. 2008. “Modulation of
Temporally Coherent Brain Networks Estimated Using ICA at Rest and
During Cognitive Tasks.” Human Brain Mapping 29, no. 7: 828-838.

Cambridge Centre for Ageing and Neuroscience (CamCAN). n.d.
“Cambridge Centre for Ageing and Neuroscience (CamCAN).” https://
camcan-archive.mrc-cbu.cam.ac.uk/dataaccess/.

Cho, S., M. W.van Es, M. W. Woolrich, and C. Gohil. 2024. “Comparison
Between EEG and MEG of Static and Dynamic Resting-State Networks.”
bioRxiv, 2024-04.

Colclough, G. L., M. J. Brookes, S. M. Smith, and M. W. Woolrich. 2015.
“A Symmetric Multivariate Leakage Correction for MEG Connectomes.”
Neurolmage 117: 439-448.

Cole, M. W., D. S. Bassett, J. D. Power, T. S. Braver, and S. E. Petersen.
2014. “Intrinsic and Task-Evoked Network Architectures of the Human
Brain.” Neuron 83, no. 1: 238-251.

Cole, M. W., T. Ito, D. S. Bassett, and D. H. Schultz. 2016. “Activity
Flow Over Resting-State Networks Shapes Cognitive Task Activations.”
Nature Neuroscience 19, no. 12: 1718-1726.

Coquelet, N., V. Wens, A. Mary, et al. 2020. “Changes in
Electrophysiological Static and Dynamic Human Brain Functional
Architecture From Childhood to Late Adulthood.” Scientific Reports 10,
no. 1: 18986.

Damoiseaux, J. S. 2017. “Effects of Aging on Functional and Structural
Brain Connectivity.” NeuroImage 160: 32-40.

Davis, S. W., N. A. Dennis, S. M. Daselaar, M. S. Fleck, and R. Cabeza.
2008. “Que PASA? The Posterior-Anterior Shift in Aging.” Cerebral
Cortex 18, no. 5: 1201-12009.

de Beeck, H. O., and C. Nakatani. 2019. Introduction to Human
Neuroimaging. Cambridge University Press.

Deery, H. A., R. Di Paolo, C. Moran, G. F. Egan, and S. D. Jamadar.
2023. “The Older Adult Brain Is Less Modular, More Integrated, and
Less Efficient at Rest: A Systematic Review of Large-Scale Resting-State

18 of 20

Human Brain Mapping, 2026


https://github.com/OHBA-analysis/Gohil2025_AgeEffectsRSNs
https://github.com/OHBA-analysis/Gohil2025_AgeEffectsRSNs
https://camcan-archive.mrc-cbu.cam.ac.uk/dataaccess/
https://camcan-archive.mrc-cbu.cam.ac.uk/dataaccess/

Functional Brain Networks in Aging.” Psychophysiology 60, no. 1:
€14159.

Dennis, N. A., and R. Cabeza. 2011. “Neuroimaging of Healthy
Cognitive Aging.” In The Handbook of Aging and Cognition, 1-54.
Psychology Press.

Donoghue, T., M. Haller, E. J. Peterson, et al. 2020. “Parameterizing
Neural Power Spectra Into Periodic and Aperiodic Components.”
Nature Neuroscience 23, no. 12: 1655-1665.

Ekstrom, I., M. Josefsson, L. Bickman, and E. J. Laukka. 2024.
“Predictors of Cognitive Aging Profiles Over 15Years: A Longitudinal
Population-Based Study.” Psychology and Aging 39, no. 5: 467-483.

Ferreira, L. K., and G. F. Busatto. 2013. “Resting-State Functional
Connectivity in Normal Brain Aging.” Neuroscience & Biobehavioral
Reviews 37, no. 3: 384-400.

Fred, A. L., S. N. Kumar, A. Kumar Haridhas, et al. 2022. “A Brief
Introduction to Magnetoencephalography (MEG) and Its Clinical
Applications.” Brain Sciences 12, no. 6: 788.

Fries, P. 2015. “Rhythms for Cognition: Communication Through
Coherence.” Neuron 88, no. 1: 220-235.

Glisky, E. L. 2007. “Changes in Cognitive Function in Human Aging.”
In Brain Aging, 3-20. CRC Press.

Gohil, C., R. Huang, E. Roberts, et al. 2024. “Osl-Dynamics, a Toolbox
for Modeling Fast Dynamic Brain Activity.” eLife 12: RP91949.

Gohil, C., O. Kohl, R. Huang, et al. 2024. “Dynamic Network Analysis
of Electrophysiological Task Data.” Imaging Neuroscience 2: 1-19.

Gohil, C., E. Roberts, R. Timms, et al. 2022. “Mixtures of Large-
Scale Dynamic Functional Brain Network Modes.” Neurolmage 263:
119595.

Goémez, C., J. M. Pérez-Macias, J. Poza, A. Fernandez, and R. Hornero.
2013. “Spectral Changes in Spontaneous MEG Activity Across the
Lifespan.” Journal of Neural Engineering 10, no. 6: 066006.

Grady, C. 2012. “The Cognitive Neuroscience of Ageing.” Nature
Reviews Neuroscience 13, no. 7: 491-505.

Gramfort, A., M. Luessi, E. Larson, et al. 2013. “MEG and EEG Data
Analysis With MNE-Python.” Frontiers in Neuroinformatics 7: 267.

Higgins, C., Y. Liu, D. Vidaurre, et al. 2021. “Replay Bursts in Humans
Coincide With Activation of the Default Mode and Parietal a Networks.”
Neuron 109, no. 5: 882-893.

Hillebrand, A., and G. R. Barnes. 2005. “Beamformer Analysis of MEG
Data.” International Review of Neurobiology 68: 149-171.

Hipp, J. F., D.J. Hawellek, M. Corbetta, M. Siegel, and A. K. Engel. 2012.
“Large-Scale Cortical Correlation Structure of Spontaneous Oscillatory
Activity.” Nature Neuroscience 15, no. 6: 884-890.

Hoshi, H., and Y. Shigihara. 2020. “Age-and Gender-Specific Charac-
teristics of the Resting-State Brain Activity: A Magnetoencephalography
Study.” Aging (Albany NY) 12, no. 21: 21613-21637.

Hunt, B. A., S. M. Wong, M. M. Vandewouw, M. J. Brookes, B. T.
Dunkley, and M. J. Taylor. 2019. “Spatial and Spectral Trajectories in
Typical Neurodevelopment From Childhood to Middle Age.” Network
Neuroscience 3, no. 2: 497-520.

Ishii, R., L. Canuet, Y. Aoki, et al. 2018. “Healthy and Pathological Brain
Aging: From the Perspective of Oscillations, Functional Connectivity,
and Signal Complexity.” Neuropsychobiology 75, no. 4: 151-161.

Jauny, G., F. Eustache, and T. T. Hinault. 2022b. “M/EEG Dynamics
Underlying Reserve, Resilience, and Maintenance in Aging: A Review.”
Frontiers in Psychology 13: 861973.

Klass, D. W,, and R. P. Brenner. 1995. “Electroencephalography of the
Elderly.” Journal of Clinical Neurophysiology 12, no. 2: 116-131.

Kohl, O., C. Gohil, N. Zokaei, et al. 2024. “Changes in Sensorimotor
Network Dynamics in Resting-State Recordings in Parkinson's
Disease.” medRxiv, 2024-01.

Kohl, O., M. Woolrich, A. C. Nobre, and A. Quinn. 2023. “Glasser52: A
Parcellation for MEG-Analysis (Data Set).” Zenodo. https://doi.org/10.
5281/zenodo.10401793.

Li,Z.,A.B.Moore, C. Tyner, and X. Hu. 2009. “Asymmetric Connectivity
Reduction and Its Relationship to HAROLD in Aging Brain.” Brain
Research 1295: 149-158.

Lin, A., D. Witvliet, L. Hernandez-Nunez, S. W. Linderman, A. D.
Samuel, and V. Venkatachalam. 2022. “Imaging Whole-Brain Activity
to Understand Behaviour.” Nature Reviews Physics 4, no. 5: 292-305.

Maestu, F., E. Solesio-Jofre, and R. Bajo. 2019. “Towards the
Understanding of Healthy and Pathological Aging Through MEG.” In
Magnetoencephalography: From Signals to Dynamic Cortical Networks,
817-851. Springer International Publishing.

Marek, S., B. Tervo-Clemmens, N. Klein, W. Foran, A. S. Ghuman,
and B. Luna. 2018. “Adolescent Development of Cortical Oscillations:
Power, Phase, and Support of Cognitive Maturation.” PLoS Biology 16,
no. 11: e2004188.

Matthews, P. M., G. D. Honey, and E. T. Bullmore. 2006. “Applications of
fMRI in Translational Medicine and Clinical Practice.” Nature Reviews
Neuroscience 7, no. 9: 732-744.

McDonough, I. M., S. A. Nolin, and K. M. Visscher. 2022. “25Years of
Neurocognitive Aging Theories: What Have We Learned?” Frontiers in
Aging Neuroscience 14: 1002096.

Park, J., R. L. Ho, W. E. Wang, V. Q. Nguyen, and S. A. Coombes. 2024.
“The Effect of Age on Alpha Rhythms in the Human Brain Derived
From Source Localized Resting-State Electroencephalography.”
Neurolmage 292:120614.

Peters, R. 2006. “Ageing and the Brain: This Article Is Part of a Series
on Ageing Edited by Professor Chris Bulpitt.” Postgraduate Medical
Journal 82, no. 964: 84-88.

Proudfoot, M., M. W. Woolrich, A. C. Nobre, and M. R. Turner. 2014.
“Magnetoencephalography.” Practical Neurology 14, no. 5: 336-343.

Quinn, A.J., J. Pitt, O. Kohl, et al. 2025. “Robust and Replicable Effects
of Ageing on Resting State Brain Electrophysiology Measured With
MEG.” bioRxiv, 2025-08 bioRxiv, 2025-08.

Quinn, A. J., M. van Es, C. Gohil, and M. W. Woolrich. 2022. “Ohba
Software Library in Python (Osl).” Zenodo. https://doi.org/10.5281/
ZENODO.6875060.

Quinn, A.J., D. Vidaurre, R. Abeysuriya, R. Becker, A. C. Nobre, and
M. W. Woolrich. 2018. “Task-Evoked Dynamic Network Analysis
Through Hidden Markov Modeling.” Frontiers in Neuroscience 12:
603.

Rabiner, L., and B. Juang. 1986. “An Introduction to Hidden Markov
Models.” IEEE ASSP Magagzine 3, no. 1: 4-16.

Rempe, M. P, L. R. Ott, G. Picci, et al. 2023. “Spontaneous Cortical
Dynamics From the First Years to the Golden Years.” Proceedings of the
National Academy of Sciences 120, no. 4: €2212776120.

Reuter-Lorenz, P. A., and K. A. Cappell. 2008. “Neurocognitive Aging
and the Compensation Hypothesis.” Current Directions in Psychological
Science 17, no. 3: 177-182.

Sala-Llonch, R., D. Bartrés-Faz, and C. Junqué. 2015. “Reorganization
of Brain Networks in Aging: A Review of Functional Connectivity
Studies.” Frontiers in Psychology 6: 136321.

Scally, B., M. R. Burke, D. Bunce, and J. F. Delvenne. 2018. “Resting-State
EEG Power and Connectivity Are Associated With a Peak Frequency
Slowing in Healthy Aging.” Neurobiology of Aging 71: 149-155.

Human Brain Mapping, 2026

19 of 20


https://doi.org/10.5281/zenodo.10401793
https://doi.org/10.5281/zenodo.10401793
https://doi.org/10.5281/ZENODO.6875060
https://doi.org/10.5281/ZENODO.6875060

Shafto, M. A., L. K. Tyler, M. Dixon, et al. 2014. “The Cambridge
Centre for Ageing and Neuroscience (Cam-CAN) Study Protocol: A
Cross-Sectional, Lifespan, Multidisciplinary Examination of Healthy
Cognitive Ageing.” BMC Neurology 14: 1-25.

Smith, S. M., M. Jenkinson, M. W. Woolrich, et al. 2004. “Advances in
Functional and Structural MR Image Analysis and Implementation as
FSL.” NeuroImage 23: S208-S219.

Smith, S. M., T. E. Nichols, D. Vidaurre, et al. 2015. “A Positive-
Negative Mode of Population Covariation Links Brain Connectivity,
Demographics and Behavior.” Nature Neuroscience 18,n0.11:1565-1567.

Stier, C., C. Braun, and N. K. Focke. 2023. “Adult Lifespan Trajectories
of Neuromagnetic Signals and Interrelations With Cortical Thickness.”
Neurolmage 278: 120275.

Tauluy, S., J. Simola, and M. Kajola. 2005. “Applications of the Signal
Space Separation Method.” IEEE Transactions on Signal Processing 53,
no. 9: 3359-3372.

Taylor, J. R., N. Williams, R. Cusack, et al. 2017. “The Cambridge Centre
for Ageing and Neuroscience (Cam-CAN) Data Repository: Structural
and Functional MRI, MEG, and Cognitive Data From a Cross-Sectional
Adult Lifespan Sample.” NeuroImage 144: 262-269.

Tibon, R., K. A. Tsvetanov, D. Price, D. Nesbitt, C. A. Cam, and R.
Henson. 2021. “Transient Neural Network Dynamics in Cognitive
Ageing.” Neurobiology of Aging 105: 217-228.

Trondle, M., T. Popov, A. Pedroni, C. Pfeiffer, Z. Baranczuk-Turska, and
N. Langer. 2023. “Decomposing Age Effects in EEG o Power.” Cortex
161: 116-144.

van Es, M. W., C. Gohil, A. J. Quinn, and M. W. Woolrich. 2025. “Osl-
Ephys: A Python Toolbox for the Analysis of Electrophysiology Data.”
Frontiers in Neuroscience 19: 1522675.

van Es, M. W,, C. Higgins, C. Gohil, A. J. Quinn, D. Vidaurre, and M.
W. Woolrich. 2023. “Large-Scale Cortical Networks Are Organized in
Structured Cycles.” bioRxiv, 2023-07.

Vidaurre, D., R. Abeysuriya, R. Becker, et al. 2018. “Discovering
Dynamic Brain Networks From Big Data in Rest and Task.” NeuroImage
180: 646-656.

Vidaurre, D., L. T. Hunt, A. J. Quinn, et al. 2018. “Spontaneous Cortical
Activity Transiently Organises Into Frequency Specific Phase-Coupling
Networks.” Nature Communications 9, no. 1: 2987.

Vidaurre, D., A.J. Quinn, A. P. Baker, D. Dupret, A. Tejero-Cantero, and
M. W. Woolrich. 2016. “Spectrally Resolved Fast Transient Brain States
in Electrophysiological Data.” Neurolmage 126: 81-95.

Voytek, B., and R. T. Knight. 2015. “Dynamic Network Communication
as a Unifying Neural Basis for Cognition, Development, Aging, and
Disease.” Biological Psychiatry 77, no. 12: 1089-1097.

Winkler, A. M., G. R. Ridgway, M. A. Webster, S. M. Smith, and T. E.
Nichols. 2014. “Permutation Inference for the General Linear Model.”
Neurolmage 92: 381-397.

World Health Organization. 2021. Decade of Healthy Ageing: Baseline
Report. World Health Organization.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Data S1: Supporting Information.

20 of 20

Human Brain Mapping, 2026



	Effects of Age on Resting-State Cortical Networks
	ABSTRACT
	Highlights
	1   |   Introduction
	2   |   Materials and Methods
	2.1   |   Dataset
	2.1.1   |   MEG Data
	2.1.2   |   sMRI Data
	2.1.3   |   Cognitive Task Scores
	2.1.4   |   MEG Preprocessing, Source Reconstruction and Parcellation

	2.2   |   Time-Averaged Network Analysis
	2.2.1   |   Power/Coherence Spectra
	2.2.2   |   Canonical Frequency Bands
	2.2.3   |   Power Maps
	2.2.4   |   Coherence Networks/Maps

	2.3   |   Transient Network Analysis
	2.3.1   |   Data Preparation
	2.3.2   |   The Hidden Markov Model
	2.3.2.1   |   Hyperparameters.  
	2.3.2.2   |   Run-to-Run Variability.  

	2.3.3   |   Post Hoc Analysis
	2.3.3.1   |   Summary Statistics for State Dynamics.  
	2.3.3.2   |   Transition Probabilities.  
	2.3.3.3   |   State Power/Coherence Spectra.  
	2.3.3.4   |   State Power Maps.  
	2.3.3.5   |   State Coherence Networks/Maps.  


	2.4   |   Statistical Significance Testing
	2.4.1   |   GLM Permutations
	2.4.2   |   Age Effects
	2.4.2.1   |   Confounds.  
	2.4.2.2   |   Statistical Significance Testing.  

	2.4.3   |   Cognitive Performance Effects
	2.4.3.1   |   Confounds.  
	2.4.3.2   |   Statistical Significance Testing.  



	3   |   Results
	3.1   |   Time-Averaged Networks
	3.2   |   Age Effects in Time-Averaged Networks
	3.3   |   Cognitive Performance Effects in Time-Averaged Networks
	3.4   |   Transient Networks
	3.5   |   Age Effects in Transient Networks
	3.6   |   Cognitive Performance Effects in Transient Networks

	4   |   Discussion
	4.1   |   Confounds
	4.2   |   Time-Averaged Networks
	4.3   |   Transient Networks
	4.4   |   Previous Neuroimaging Findings
	4.4.1   |   Resting-State M/EEG
	4.4.1.1   |   Oscillatory Power.  
	4.4.1.2   |   Time-Averaged Networks.  
	4.4.1.3   |   Transient Networks.  

	4.4.2   |   Resting-State fMRI (Networks)
	4.4.2.1   |   Within and Between Network Functional Connectivity.  
	4.4.2.2   |   Network Dynamics.  

	4.4.3   |   Task fMRI
	4.4.3.1   |   Posterior–Anterior Shift in Ageing (PASA).  
	4.4.3.2   |   Task fMRI Hemispheric Asymmetry Reduction in Old Adults (HAROLD).  


	4.5   |   Cognitive Ageing Theories
	4.5.1   |   PCA-Reduced Cognitive Score
	4.5.2   |   Compensation

	4.6   |   Clinical Disease Studies

	5   |   Conclusions
	Funding
	Disclosure
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	Endnotes
	References


