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Normative brain mapping using
scalp EEG and potential clinical
application
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A normative electrographic activity map could be a powerful resource to understand normal brain
function and identify abnormal activity. Here, we present a normative brain map using scalp EEG

in terms of relative band power. In this exploratory study we investigate its temporal stability, its
similarity to other imaging modalities, and explore a potential clinical application. We constructed
scalp EEG normative maps of brain dynamics from 17 healthy controls using source-localised resting-
state scalp recordings. We then correlated these maps with those acquired from MEG and intracranial
EEG to investigate their similarity. Lastly, we use the normative maps to lateralise abnormal regions
in epilepsy. Spatial patterns of band powers were broadly consistent with previous literature and
stable across recordings. Scalp EEG normative maps were most similar to other modalities in the alpha
band, and relatively similar across most bands. Towards a clinical application in epilepsy, we found
abnormal temporal regions ipsilateral to the epileptogenic hemisphere. Scalp EEG relative band power
normative maps are spatially stable across time, in keeping with MEG and intracranial EEG results.
Normative mapping is feasible and may be potentially clinically useful in epilepsy. Future studies with
larger sample sizes and high-density EEG are now required for validation.

Abnormal electrographic brain activity can manifest clearly in a wide range of neurological disorders such as
Alzheimer’s Diseases, Epilepsy, Parkinson’s Diseases and more'-. For example, in epilepsy, spikes and sharp
waves are commonly observed interictally®-'2. These features can often be identified visually; however, extracting
subtler changes in cortical dynamics is much more challenging.

Subtle changes to electrographic activity may be difficult to detect in patients because heterogeneity in regional
bandpower exists even in recordings from healthy subjects. For example, alpha oscillations are much stronger in
parietal and occipital than in frontal or temporal brain regions'*~'°. Theta activity is heightened by drowsiness
and some cognitive tasks in frontal midline areas'*™”. Other spatial profiles include delta activity in orbitofrontal
areas and in the temporal lobe'*'®, and beta oscillations dominating the motor areas'®!®. Any excess or deficit in
power, in a particular frequency at an unconventional cortical location may indicate pathological activity'~*5%,
and can even be affected by medication®. Thus, mapping the range of healthy brain dynamics may help to identify
subtle pathological events, which often appear concealed by the healthy spatial variations.

Previously, the Brain Electrical Activity Mapping (BEAM) method was proposed as a potential diagnostic tool
to identify underlying abnormalities*"*2. BEAM maps condense scalp EEG data into a topographic map to show
mean spectral energy across any individual frequency band, in an individual subject. More recently, quantitative
EEG (QEEG) was utilised to derive subtle features or specific patterns. The role of QEEG has been widely
explored in the literature as a promising tool for novel discoveries and biomarkers in various brain diseases and
syndromes*~?’. There is a view that the lack of standardization across QEEG databases is a limitation. Recently,
standardized normative EEG databases accounting for the effects of age and sex have been published***>2%%,
Here, we propose an extension of quantitative EEG brain mapping by extracting frequency band power across
healthy controls and averaging individual band powers to construct relative power normative maps.

Comparing patients with normalised healthy controls to expose pathology is common in neuroimaging, and
is gaining attention in neurophysiology. In recent studies, neurophysiology data from MEG and intracranial EEG
(iEEG) have been used successfully to identify abnormalities>>>”*’. However, MEG is currently expensive in
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many circumstances, and iEEG is highly invasive and costly®"*2. Scalp EEG has therefore been reconsidered for

its inexpensive and non-invasive advantages>>*"*3*, Despite these advantages and previous attempts to utilise
scalp EEG as a diagnostic tool, scalp EEG normative maps are not typically used in clinical routine investigations.

In this exploratory study, we construct normative maps across the five classical frequency bands using scalp
EEG from 17 healthy subjects. Initially, we assess and illustrate the consistency of the normative maps across
multiple segments of data. Next, we relate the normative band power distributions to those derived from MEG
and intracranial EEG to investigate their similarity. Finally, using a temporal lobe epilepsy cohort of 22 patients,
we illustrate a potential clinical application of scalp EEG normative mapping to lateralise abnormal temporal
regions across the cohort.

Methods

Ethical approval. All methods were carried out in accordance with relevant guidelines and regulations, and
all experimental protocols were approved by Newcastle University Ethics Committee (1804/2020). Informed
consent was obtained from all subjects.

Scalp EEG subjects. The scalp EEG data were acquired from 17 healthy volunteers and from 22 patients
with temporal lobe epilepsy (TLE) undergoing presurgical evaluation. The selection criteria were: subsequently
underwent curative surgery for TLE and their resting-state scalp recording contained at least 60 s of artefact-free
EEG. The patients had not undergone neurosurgery prior to the EEG recordings, which were performed for
research purposes during pre-surgical evaluation. All patients had an MRI scan, 19 patients had iEEG implants,
nine patients had a PET scan, and three patients had a SPECT scan. Patients proceeded to surgery based on
clinical judgement, as presented by Duncan et al.*> A summary of our cohort is provided in Table 1 and further
details provided in Supplementary Material 1.

EEG acquisition and processing. Eyes-closed resting-state scalp EEG data were recorded using a
commercial MR-compatible system (BrainAmp MR and Vision Analyzer), using the 10-20 international
system®. The data were recorded at a sampling rate of 5000Hz, with 30-channel scalp electrodes and a common
average reference. Two additional electrodes recorded EOG and ECG, capturing ocular and cardiac activity
respectively. The first 30 s of the recordings were not considered on account of the subjects having time to settle.

Scalp EEG recordings were pre-processed using MATLAB and Brainstorm®” in the following steps. First,
data were downsampled to 250Hz. As individual MRI was unavailable for all subjects, we used ICBM152
anatomical MRI template in standard space to compute a realistic template head model, using the boundary
element method (BEM). Next, we co-registered digitised template electrode locations provided by Brainstorm
software, by perpendicularly projecting electrodes to the nearest position on the anatomical scalp template.
The quality of co-registration was visually inspected and adjusted if required. Sensor time series were bandpass
filtered between 1 and 47.5Hz (Fig. 1a). We limited the analysis to frequencies below 47.5 Hz to for two reasons:
signal degradation due to the effects of the electrical properties of skin, tissue and bone**~*’ and mains (50Hz)
artefacts. Individual recordings were manually checked for artefacts, spikes or potential pathological events. We
selected interictal epochs to focus on subtle changes in cortical dynamics. Automated cardiac detection used
the ECG channel to identify standard ECG heartbeat artefact with manual intervention where necessary. Signal
Space Projection (SSP) was performed to identify artefactual components, which were manually removed. The
latter detection system was less successful at accurately identifying ocular artefacts. Therefore, we did not remove
ocular artefacts manually to preserve biological signal, particularly given that recordings were acquired with eyes
closed. Additionally, some subjects had channels removed due to other artefacts (Supplementary Material 1).

Next, we used the standardized low-resolution brain electrographic tomography (SLORETA) method and a
realistic head model derived using BEM to reconstruct the EEG in source space. This created 15,000 constrained
sources on the cortical surface, which were downsampled based on Lausanne parcellation that includes a variety
of ROI resolutions*! (Fig. 1b). We use the resolution with 114 neocortical regions in the main analysis, and
show others in supplementary materials. Note that current activity associated with a ROI may originate from
multiple neighbouring locations, especially in lower resolution parcellations where some ROIs represent a large
area of the cortex. Overlapping current magnitudes from opposite sides of the sulci are orientated in opposite
directions by the constrained manifestation of source mapping. To address these issues, the source recordings
were sign-flipped and averaged to produce a single time series per region across all regions size. Note that the
Lausanne parcellation used in the main text is asymmetric. Therefore, to investigate asymmetries we removed
six of the 114 regions in this analysis alone.

Controls (17) | Patients (22) | Test statistic
Age (ys, mean, SD) 31.9,6.46 34.2,10.1 p=0.41, es=8.69
Sex (M/F) (%) 11/6 (65%) 9/13 (41%) p=0.14, x2=2.17
Epilepsy lateralisation (L/R) (%) N/A 14/8 (64%) N/A
Age of epilepsy onset (yr; mean, SD) | N/A 12.9,8.3 N/A
Duration of epilepsy (yr; mean, SD) N/A 21.3,13.2 N/A

Table 1. Descriptive statistics of the healthy controls and patient data.
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Figure 1. Scalp EEG processing pipeline. (A) Digitised electrode locations are projected on a cortical surface
for visual verification and raw time series from 8 selected electrodes (n.b. 8 are shown for visualisation only, all
are used for processing). (B) Data is filtered and source localised MRI in ICBM152 standard space, followed

by parcellation. The resulting time series in source space are imported into MATLAB to extract a 60-s epoch.
Source space recordings are computed to allow comparison to other modalities iEEG, MEG). (C) The absolute
power is normalised to compute relative power of five frequency bands across different cortical regions.

Generating normative maps. Source time series output were imported into MATLAB and one 60-s
continuous epoch was selected for each recording for further analysis. Individual epochs were manually checked
for any remaining artefacts. The power spectral density in each neocortical region was computed using Welch’s
method with a 2-s sliding window and 50% overlap for five frequency bands; delta 1-4, theta 4-8, alpha 8-13,
beta 13-30 and gamma 30-47.5Hz. We scaled relative band power contributions by the total power within each
band (Fig. 1¢).

To investigate the robustness of the normative maps to the choice of epoch, we constructed three new
normative maps using 30-s non-overlapping epochs; robustness was evaluated by plotting the mean and standard
deviations of regional band powers and quantified using the Spearman correlation, (Fig. 2¢, d). Additional epoch
comparisons can be found in Supplementary Material 2.

Lateralising a quantified abnormality. As a proof-of-principle investigation, we next propose a
potential clinical application of scalp EEG normative mapping to identify abnormalities in a temporal lobe
epilepsy cohort. To this end we computed a measure of patient band-power abnormality based on the maximum
band power within each ROI in the form of band power z-scores relative to the normative (healthy controls)
spectral map using the equation:
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Xij = Mij
Oij

|2ij] =

(1)

where x;; is the patient band power and y;;, 0;; are the healthy control band power mean and standard deviations,
respectively, for ROI i and frequency band j. As there was no prior frequency band-related hypothesis, for any
given ROI we used the maximum abnormality across bands as the abnormality indicator. For the purpose of this
demonstration, we focused our analysis on the 26 temporal lobe ROI of the Lausanne scale60 atlas parcellation, to
test the hypothesis that abnormal band power is ipsilateral to the epileptogenic zone. We plotted the abnormality

indicator (ROI maximum z-score across bands) on a representation of the temporal lobe.

MEG and iEEG subjects. We compared our scalp EEG normative maps to maps derived from iEEG and
also from magnetoencephalography (MEG) data. Eyes-closed resting-state MEG recordings were acquired for
70 healthy controls (27 males and 43 females, mean age 26.9 years), and were processed as described previously.
Specifically, we extracted MEG normative data between 1 and 47.5Hz (rather than to 77.5Hz as in Owen et al.,
(2023)) to match the frequency range of our scalp EEG data. In brief, relative band power spatial maps were
computed using source localised MEG recordings to neocortex of healthy controls.

No iEEG recordings from healthy subjects were available. Instead, we used data from areas outside of the
seizure onset zone in patients using SEEG and grid electrodes as described by”. In brief, electrodes were localised
to cortical regions according to the parcellations described above from interictal intracranial recordings from
234 participants (117 males and 117 females, mean age 36.2 years) and the band powers extracted. Again, only
power between 1 and 47.5Hz was analysed in the present study. Note that, normative data was collected from
different subjects in each of the three modalities; MEG, scalp and intracranial EEG.

Results

The normative distribution of power across cortical regions for each frequency band in the healthy subjects is
shown in Fig. 2a. We note relatively elevated delta power in most-anterior temporal and frontal regions, while
alpha was prominent in the parietal and occipital regions. Furthermore, there is good right-left symmetry across
frequency bands (Fig. 2b). Other normative parcellation profiles show similar patterns (Supplementary Mate-
rial 3).

Normative map estimation robustness. The normative maps for different choices of epoch were highly
correlated across ROI and bands, for the means and standard deviations (see Fig. 2 parts c and d for epoch 1 and
2 comparison; and Supplementary Material 2 for epoch 3.)

Comparison of Scalp EEG, iEEG and MEG normative maps. Comparison of the EEG-derived
normative maps with those generated from iEEG and MEG showed positive correlation values for all
comparisons except one (Fig. 3). The greatest (positive) correlations between scalp EEG and the other modalities
were observed in the delta and alpha bands. In the gamma band, the scalp EEG map was positively correlated
with MEG (rho=0.27), but negatively with iEEG (rho = —0.42).

Lateralisation of scalp EEG abnormality intemporal lobe epilepsy.  We next investigated a potential
application of the normative mapping approach to identify abnormality in a temporal lobe epilepsy cohort. We
therefore focus our next analysis on the temporal lobe regions only. The patient cohort was normalised against
the scalp normative map to extract abnormalities (maximum absolute z-scores) across 13 bilateral temporal
regions, defined as per Lausanne parcellation scheme. Scalp EEG band power abnormality in the temporal lobe
epilepsy cohort was found to be more ipsilateral to the epileptogenic cortex than contralateral across all but
two RO, and maximally so in the entorhinal region (t=2.6, Fig. 4). An example patient from Fig. 4b, is visually
illustrated in Fig. 4c showing the abnormality distribution, with the entorhinal cortex indicated by the blue
arrow.
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Figure 2. Normative band power variation across regions and time. (A) Relative ROI band power averaged
across the healthy subjects for the five individual frequency bands (from top to bottom: delta, theta, alpha, beta,
gamma). The power density colour scales are normalised to each band’s power range. (B) Left vs. right mean
relative ROI band power correlation, across the five bands [same colour scheme as (A)], (tho=0.98). Each data
point represents a ROI mean relative band power. Each region is therefore represented five times with different
colours representing different frequencies. The identity line is plotted in black. (C, D) Reproducibility analysis.
ROI band power calculated for two, 30-s, non-overlapping epochs: mean relative band power (C) (rho=0.997),
and standard deviation (D) (rho=0.97).

Discussion
In this study, we used scalp EEG relative band power to build a normative map across the cortex. Given the previ-
ous success of normative mapping using other modalities such as intracranial EEG and MEG, we broadened this
approach by using a less expensive, and less invasive modality; scalp EEG. We present three main contributions.
First, we built scalp EEG normative maps across 114 brain regions for five main frequency bands which we share
openly with the scientific community, demonstrating inter-hemispheric symmetry and consistency of normative
maps across time and duration. Second, we showed similarity of scalp EEG normative mapping across band
power, with MEG and intracranial EEG. Third, we suggest a potentially useful clinical application by employing
the normative map to lateralise regional abnormalities, across a patient cohort and within individual patients.
In our first analysis we found the temporal consistency of our normative map across epochs was extremely
high for the three normative epochs. This is important to establish as high variability would render its subsequent
use to localise abnormalities very challenging. Of note, however, is that our epochs were temporally proximal.
For non-proximal epochs different brain states may occur. Specifically, it is well known that different brain states
can affect EEG dynamics, for example daydreaming has been shown to enhance alpha power*>*, and the impact
of circadian and ultradian rhythms remains a complex area of research*!. Greater variations between states and
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Figure 3. Correlating scalp EEG to intracranial and MEG normative maps. Illustrating the similarity of the
scalp EEG normative map with (A) intracranial EEG and (B) MEG normative maps across five individual band
powers. The relative band powers are more positively correlated with scalp and MEG than scalp and intracranial
across all frequency bands. Mean relative gamma band power is negatively correlated between intracranial and
scalp maps (rtho= —0.42). Note that, the x and y axes are on different scales.
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Figure 4. Applying scalp EEG normative map to lateralise abnormality in temporal regions in individual
patients. (A) Paired T-test effect size of ipsilateral versus contralateral absolute z-score illustrating abnormality
gradient across 13 bilateral temporal regions. (B) Entorhinal cortex data from panel a, shown as an absolute
z-score in the ipsilateral and contralateral hemispheres of the 22 patients with a greater abnormality in the
ipsilateral hemisphere (t=2.6). (C) Visualisation of max absolute z-score distribution in an example temporal
epilepsy patient with score intensity indicating abnormality strength. The anterior temporal lobe is outlined by
the blue contour, including entorhinal cortex (blue arrow), shows greater ipsilateral abnormality.
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duration may proportionally result in greater temporal differences, however this was not realisable in this study.
Recordings of longer duration would be required to investigate such effects.

We next investigated inter-modality differences. The scalp normative map had strongly correlated spa-
tial profiles with intracranial EEG and MEG>”>1645_ Relative alpha power was most spatially reproducible
across all modalities, dominating the occipital and parietal regions in our work and in agreement with previous
studies>*>"13-1, We also found relative alpha oscillation dominance in scalp EEG compared to intracranial EEG.
This is an agreement with prior work showing alpha dominance in MEG compared to intracranial EEG**". High
cross-modality similarity was also found in delta and theta band power profiles, reflecting strong signal in these
bands. Normative maps were less similar across modalities for beta, and particularly gamma frequencies, and
a negative correlation was found with intracranial EEG. High frequency activity originating from deep brain
sources is hypothesised not to reach scalp surface and to be attenuated by the skull*®. Given that intracranial
EEG electrodes are closer to the signal source, they are more sensitive to low amplitude fast frequencies such as
gamma®, potentially explaining this finding. High inter-modality similarities across scalp, intracranial EEG and
MEG propose future opportunities to explore multimodal analysis and to test abnormality correlations across
modalities within subjects, with addition of high-density scalp EEG™"".

In our exploratory clinical analysis we investigated the potential for lateralising abnormalities in a cohort of
individuals with TLE who later had surgery to the hippocampus, amygdala and other temporal lobe areas. The
amygdalohippocampal complex is one of the most important ictal generators as a common part of the epilep-
togenic network®>>>3. However, as signal generated within deep tissue attenuates substantially before reaching
cortical surface*®, amygdalae and hippocampi were excluded from this study. Despite this, the temporal pole was
amongst the most asymmetrically abnormal regions. Other studies suggested a key role of the temporal pole in
seizure networks®*>**. Alternative ictal generators including the parahippocampal and entorhinal cortex have
been proposed'>**-%, and the fusiform gyrus in a single-patient case study®. Our results should be interpreted
with caution however as a key limitation is that they are cohort based and not individualised. Therefore, for
clinical translation an individual, personalised abnormality mapping may be useful to lateralise abnormalities.

This study has several strengths and limitations. One strength is the robustness of scalp normative maps across
time and parcellations. Furthermore, similarity of our scalp normative maps with intracranial EEG and MEG
modalities, also supported by the literature, collectively give confidence in our results. The limitations of this
study include limited sample size from a single-site origin, narrowing the variability spectrum. The small number
of scalp contacts limits signal precision. Additionally, eye closure during data collection were not enforced in
iEEG. It is known that eye response is a powerful modulator of electrical brain power”. This event transitions
low-amplitude, non-rhythmic activity to high-amplitude, oscillating activity on eye closure®®. This limitation
may have directly influenced the iEEG results. Furthermore, previous work suggests a potential age effect on
band power profiles in children® and in elderly®"%?, which was not investigated in our study of adult partici-
pants. We also used a single template MRI (ICMB152) to build realistic head models that limits the anatomical
precision of source localisation.

Low-density scalp EEG has known spatial limitations in terms of localisation error, given the low spatial
resolution® and poor conductivity of skin and other tissue®. Furthermore, the skull imitating a low-pass filter
further diminishes electrical potentials***. There is view that interelectrode spacing of 3 cm is a minimum
requirement to avoid undersampling scalp potential, which requires approximately 100 electrodes'*4%°. Pre-
vious studies confirm reduced localisation error with increased number of scalp electrodes® . There is also
improved locasation with high density scalp electrodes*®**¢”. However, absolute improvement in localisation
accuracy decreases with more electrodes®. Ultimately, the ideal electrode configuration number is unknown. In
this study, we used 30 scalp electrodes as this is commonly used in clinical settings*!'"%.

Many patients with focal epilepsy choose not to operate due to various reasons. Clinical utilisation of scalp
EEG from a quantitate perspective may broaden diagnostic options, especially for difficult-to-treat patients by
improving localisation. Further potential clinical application could be for other epilepsy syndromes and for
predicting treatment outcomes (e.g. surgery, medication or stimulation), or even for diagnosis following first
seizure. Taken together, this study presents a potential quantitative electrographic tool, which paves the way
for further research of scalp EEG normative mapping and its possible clinical application in epilepsy and other
neurological conditions.

Data availability
Scalp EEG normative maps in four parcellations, including cortical region lists are available at the following
location: https://zenodo.org/record/8252171.
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