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old groups (Contrast 1; Fig. 6B) weighted by the number
of participants in each group. A second contrast quanti-
fied the linear group difference (Contrast 2; Fig. 6B).
Finally, a set of main effect contrasts were also defined
for each regressor (Contrasts 3 to 7; Fig. 6B). The final
fitted model contains a group-level beta-spectrum that
describes the linear effect of a group regressor across
separate datasets. The group-level GLM returns beta-
spectra for the overall mean spectrum (Fig. 6C) as well as
contrasts and main effects (Fig. 6D). At the group-level,
the error bars now indicate the standard error of the fitted
mean across participants (rather than across STFT time
windows, as in the first-level).

3.5. Group effects of age and eyes-open versus eyes-closed rest

Next, we explored how the GLM-Spectrum varies across
resting conditions and participant age. Therefore, two
main-effect contrasts and their interaction were explored.
Two-tailed, non-parametric, cluster (with clusters formed
over frequencies and sensors) permutation tests were
used to establish statistical significance for all group-
level analyses.

We first computed the group average of the within-
subject difference between eyes-open > eyes-closed
rest. Specifically, we computed the Mean group-level
contrast (Contrast 1; Fig. 6B) on the eyes-open > eyes-
closed first-level contrast (Contrast 2; Fig. 1). Non-
parametric cluster permutation testing indicated two
significant clusters (Fig. 7A) that together cover the whole
frequency range investigated here. The first cluster
showed a negative effect with greater magnitude in the
eyes-closed condition. This cluster spanned the lower
frequency range (approximately 30 Hz and lower) across
almost all channels, though the effect peaked around the
alpha range in occipital channels. The posterior peak
within this cluster matched the expected occipito-parietal
source of the alpha reactivity effect (Wan et al., 2018).
The second cluster showed a positive effect, indicating
higher magnitude in the eyes-open condition. This clus-
ter spanned the higher frequency range (10-100 Hz)
across all channels with the largest effect in bilateral fron-
tal regions. This cluster may partially reflect residual eye
movements that have not been accounted for by ICA or
the first-level artefact regression. The t-statistics in a low-
frequency range in frontal sensors are strongly modu-
lated by the inclusion or exclusion of the EOG-based
confound regressors (see Supplementary Section G).

Further, we computed the difference in the time-
averaged first-level spectra between the younger and older
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adults. This corresponds to computing the Young > Old
group-level contrast (Contrast 2; Fig. 6B) on the Overall
Mean first-level contrast’s cope-spectrum (Contrast 1;
Fig. 1). Non-parametric permutations on this showed three
significant clusters. The first cluster indicated a positive
effect in which younger participants had larger power than
older participants. The cluster covered low frequencies
(<8 Hz) and all channels peaking in frontal and occipital
channels (Fig. 7B). The direction of this effect is consistent
with previously reported decreases in delta and theta power
in older adults (Klimesch, 1999). The second cluster indi-
cates greater beta-frequency magnitude for older adults.
The cluster spans between 15 Hz and 30 Hz and peaks in
bilateral central sensors. This finding replicates literature
showing higher beta power in older adults (Xifra-Porxas
et al., 2019). Finally, the third cluster indicates greater mag-
nitude for older participants in a cluster between 35 Hz and
100 Hz that peaks in frontal sensors. In addition, the change
in overall spectral shape qualitatively supports indications
that older adults have a flatter 1/f slope in the EEG spec-
trum (Merkin et al., 2022; Voytek et al., 2015), though we did
not explicitly quantify 1/f slope here.

No significant cluster for an age difference was identi-
fied in the alpha range, though individual t-statistics
reach around 5. This null effect may relate to the choice
of sensor normalisation during pre-processing (Klimesch,
1999). In addition, the choice of a 0.5 Hz to 100 Hz fre-
quency range may be too wide to assess any relatively
narrow band alpha changes in the presence of large
broadband effects in higher frequencies.

Finally, we explored whether the within-subject differ-
ence in eyes-open and eyes-closed resting-state changed
between the younger and older adults. Specifically, this
corresponds to the Young > Old group-level contrast (Con-
trast 2; Fig. 6B) computed on the eyes-open > eyes-closed
first-level contrast (Contrast 5; Fig. 1). Non-parametric per-
mutation testing identified a single significant cluster with
a negative t-statistic (Fig. 7C). This indicates the presence
of an interaction effect in which older adults show a larger
difference in the eyes-open > eyes-closed contrast. Inter-
estingly, there is no indication of an interaction effect in the
low to mid alpha range. The interaction can be qualitatively
summarised by plotting the beta-spectrum separately for
each of the underlying four mean levels (Fig. 7D).

3.6. Group average of first-level cope-spectra

We explored the group averages of each first-level covari-
ate regressor. The first-level linear trend regressor is
expected to be sensitive to slow drifts throughout the
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recording. The t-spectrum of the Mean group-level con-
trast (Contrast 1; Fig. 6B) computed on the Linear Trend
first-level contrast (Contrast 5; Fig. 1) showed four signif-
icant clusters (Fig. 8A) with a mix of increases and
decreases across space and frequency. Broadly these
clusters showed a decrease in magnitude over time in
both low frequencies (0.5-4 Hz) and high frequencies (20-
100 Hz) peaking in occipital posterior channels. In con-
trast, an increase in magnitude over time was found in a
low theta/alpha range (3-9 Hz) and high frequencies (15-
100 Hz) peaking in frontal sensors. The presence of bad
segments was associated with a single, strong positive
effect indicating increased magnitude in the EEG during
marked bad segments. The Mean group-level contrast
(Contrast 1; Fig. 6B) computed on the Bad Segments
first-level contrast (Contrast 6; 1) showed a strong posi-
tive effect across all frequencies and across all channels
(Fig. 8B).

Finally, we computed the Mean group-level contrast
(Contrast 1; Fig. 6B) computed on the V-EOG and H-EOG
first-level contrasts separately (Contrast 7 and 8; Fig. 1).
Three clusters indicated that increased variance in the
V-EOG is associated with both increases and decreases
in magnitude of the EEG (Fig. 8C). One positive effect
impacted all sensors and all frequencies (though not
always simultaneously) showing the wide-ranging impact
of eye movements on the spectrum. Two clusters showed
negative effects in the alpha range (around 9 Hz) and its
harmonic (18 Hz) in posterior sensors. This effect indi-
cates a decrease in alpha when eye movements are larg-
est. Increased variance in H-EOG time series was
associated with increased magnitude across nearly all
sensors and frequencies, as summarised in a single, pos-
itive statistical cluster (Fig. 8D).

These effects demonstrate that the first-level covari-
ates are associated with consistent group-level effects.
However, the results must be interpreted in the context of
the variability in first-level effect sizes (Fig. 5). Each first-
level covariate effect was highly variable in the individual
datasets, ranging from no effect in some participants to a
covariate effect that exceeded the eyes-open > eyes-
closed difference in others (Fig. 5B, C). As such, we might
not expect to see one or more of these effects in a given
single dataset, though the group effects are strong.

3.7. Group-level covariate effects

The results so far have combined and contrasted group
averages of the first-level results. One possible group-
level confound for the age contrast is that the LEMON
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dataset contains a different number of male and female
participants who are not perfectly balanced across age
groups. A separate group regressor indicating the
reported sex of each participant was included to model
between-subject variability relating to this factor, effec-
tively partialling it out from the main age effect of interest
in each group contrast. We visualise the overall effect of
participant-reported sex on the first-level cope-spectra
(averaged across eyes-open and eyes-closed resting-
state); this corresponds to the Sex group-level contrast
(Contrast 5; Fig. 6B) computed on the Overall Mean first-
level contrast (Contrast 1; Fig. 1). A single significant
cluster identified stronger spectral magnitude in female
participants between 1 and 48 Hz, peaking around the
alpha and beta frequency ranges (Fig. 9A). Increased
power in females relative to males has been previously
reported in the EEG literature (Aurlien et al., 2004;
Zibrandtsen and Kjaer, 2021). Further work is required to
distinguish whether this is a true neuronal difference or
reflects simpler anatomical differences such as skull
thickness.

Between-subject variability associated with two ana-
tomical covariates was modelled at the group-level. The
total brain volume of each participant and the proportion
of grey matter were relative to total brain volume. As
before, the inclusion of these regressors ensures that the
reported group effects are not biased by these anatomi-
cal factors. We separately computed the TotalBrainVol
and GrayMatterVol group-level contrasts (Contrasts 6
and 7; Fig. 6B) on the Overall Mean first-level contrast
(Contrast 1; Fig. 1). Non-parametric permutation testing
did not identify any significant effects for either overall
brain volume or relative grey matter volume (Fig. 9B, C).
Though these are null effects, the inclusion of these
regressors in the group model enables a more refined
interpretation of the other results. The inclusion of these
confounds means that any variance they might explain
can not be attributed to one of the other regressors. Spe-
cifically, this increases our confidence that the differences
between younger and older adults are not caused by
correlated variability in head size or relative grey matter
volume.

4. DISCUSSION

We have outlined the theory behind the GLM-Spectrum
and provided a tutorial overview of its application. We illus-
trated a practical application for the use of the GLM-
Spectrum, using an open EEG dataset to simultaneously
quantify and contrast the spectrum of two alternating
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Fig. 9. Between-subject group covariate effects on the overall first-level mean. The topography (top right) provides
location-colour coding used in the t-spectra throughout the figure. In all cases, statistical significance is assessed by
sensors x frequency cluster permutation testing and is indicated in grey. The colour range of each topography is set range
between plus and minus the maximum absolute value of the data plotted. (A) The between-subject difference effect of
sex on the average magnitude between females and males. The model projected spectra visualise the group differences
(bottom). (B) Same as A for total brain volume. The model projected spectra visualise the spectrum at the smallest and
largest head size. (C) Same as A for normalised grey matter volume. The model projected spectra visualise the spectrum

at the smallest and largest grey matter volume.

resting-state conditions whilst regressing out the effect of
artefacts including bad segments and eye movements.
Both artefact types were associated with a strong group
effect but diverse effects at the first-level. Of particular
interest is the alpha peak in the spectrum of regression
coefficients of the V-EOG regressor. This is likely a true neu-
ronal effect linked to blinking that is not removed by ICA but
can be explicitly modelled by the GLM-Spectrum. Finally,
we extended our analysis to the group-level and explored
the spectral differences between older and younger adults,
whilst accounting for the effects of sex, brain volume, and
relative grey matter volume. Older adults have lower magni-
tude in the theta range (3-7 Hz) and higher magnitude in the
beta and gamma ranges (>15 Hz). A range of within- and
between-subject effects were explored and, crucially, we
showed that the reported age effect is robust to differences
in participant sex, head size, or relative grey matter volume.
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4.1. A comprehensive framework for spectrum analysis

The GLM-Spectrum is a practical combination of two
well-established methodologies that modernises the sta-
tistics underlying the time-averaged periodogram, a
long-standing and standard spectral estimation method
(Bartlett, 1948, 1950; Welch, 1967). Specifically, we utilise
multilevel general linear modelling (Friston, 2007;
Woolrich et al., 2004), non-parametric permutation test-
ing (Nichols & Holmes, 2001; Winkler et al., 2014), con-
trast coding, and confound regression to extend the
scope of classical time-averaged spectrum estimators.
This approach is generalisable to a huge range of
analyses. In principle, the GLM-Spectrum could be used
in place of Welch’s periodogram or other time-averaged
spectrum estimate in any analysis pipeline. A very simple
GLM-Spectrum analysis could be configured to be
exactly equivalent to these standard approaches. In the
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simplest case, without first-level covariates, the GLM-
Spectrum provides a formal framework for multivariate
whole head group analysis of power spectra. Moreover,
GLM-Spectrum allows for linear denoising of spectrum
estimates in datasets where simultaneous recordings of
potential artefact sources are available, or artefact time
courses can be derived. In addition, covariate effects and
contrasts can be readily defined to quickly compute
spectra associated with specific external dynamics. For
example, an early application of this method has used a
GLM-Spectrum to compute power spectra associated
with dynamic whole-brain functional networks in MEG
(Gohil et al., 2022).

4.2. Covariate and confound regression for spectrum analysis

The GLM-Spectrum can characterise spectral changes
associated with covariates and potential artefact sources.
Standard ICA denoising removes artefacts that share the
time-course of the artefact channel. In contrast, confound
regression is exploratory across the spectrum. Denoising
can be applied to any frequency band with dynamics
associated with the segmented artefact time-course irre-
spective of the original spectrum. For example, the V-EOG
blink artefact has a classic low-frequency response that
can be attenuated by removing correlated independent
components. However, eye blinks are also associated
with relatively prolonged changes in alpha and beta power
(Liu et al., 2020). In the context of this paper, we consider
this to be an “indirect” artefact; it is spatially and spec-
trally separated from the artefact source and is unlikely to
have arisen from volume conduction. The GLM-Spectrum
can detect these differences and remove their effect from
the overall mean. As such, it could not have been detected
or removed by ICA denoising. In another context, this
might form the contrast of interest, but in this case, we
apply confound regression to minimise the effect of eye
movements and blinks on the eyes-open > eyes-closed
condition contrast.

4.3. Limitations of the GLM-spectrum model

As outlined in the main text, the parameters of a model
are only valid if the underlying assumptions are met. The
GLM has several relevant assumptions for the spectrum
analysis presented here, particularly at the first-level. In
detail, the GLM assumes that the residuals of the model
are independently and identically distributed. The pres-
ence of any temporal autocorrelation in the residuals indi-
cates that the parameter estimates must be interpreted
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with caution as this assumption has been violated. Future
work can account for this shortcoming by building on
similar work in fMRI.

The covariate and confound regressors in a GLM-
Spectrum model dynamics over time are found to be in a
highly simplified sense. This approach is appropriate to
quantify relatively slow dynamics, on timescales of sec-
onds, in the context of a spectrum estimator that already
utilises sliding time segments for spectrum estimation.
The sliding windows are tuned for spectral resolution.
They have fixed and arbitrary length and may not accu-
rately reflect the true timescale of dynamics in the
covariate variables. As such, limited conclusions about
underlying dynamics can be made from a GLM-Spectrum.
We can only say that a dynamic relationship existed at the
specific timescale selected for spectrum estimation. If
precise temporal dynamics are of interest, a more
advanced, window-free method such as the Hidden Mar-
kov Model (Quinn et al., 2018, 2019; Vidaurre et al., 2016,
2018) or Empirical Mode Decomposition (Huang et al.,
1998) might be more appropriate.

4.4. Conclusion

The GLM-Spectrum builds on methodologies that are all
well established in the field. The novelty of this work is to
bring modern statistics and classical spectrum estima-
tion together into a single framework and to thoroughly
explore the theoretical, computational, and practical
challenges of its use. The result is an approach for spec-
trum analysis across the whole head and frequency range
with the flexibility to generalise to a huge variety of
research and engineering questions.

DATA AND CODE AVAILABILITY

The data analysed in this paper are resting-state EEG
recordings from an open-source dataset (Babayan et al.,
2019) (https://fcon_1000.projects.nitrc.org/indi/retro/MPI
_LEMON.html) covered by the Open Data Commons Pub-
lic Domain Dedication and License (PDDL) v1.0 licence
(https://opendatacommons.org/licenses/pddl/1-0/). Raw
EEG data were downloaded in BIDS format from the
Gesellschaft fir wissenschaftliche Datenverarbeitung
mbH Géttingen (GWDG) FTP server (https://ftp.gwdg.de
/pub/misc/MPI-Leipzig_Mind-Brain-Body-LEMON/EEG
_MPILMBB_LEMON/EEG_Raw_BIDS_ID/). All code used
to run analyses and generate the figures in this paper are
available online via github (https://github.com/OHBA
-analysis/Quinn2022_GLMSpectrum).
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