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ARTICLE INFO ABSTRACT

Keywords: Cortical oscillations across sleep-wake cycles are essential for coordinating functional brain dynamics. High-

High-density EEG density electroencephalography (HDEEG) combined with electrical source imaging (ESI) provides a noninva-

Sleep/Wake physiology sive approach to map cortical dynamics; however, its ability to capture spatial ongoing oscillations across

ggﬂ;f:li;izia;on analysis different vigilance states remains uncertain. Here, we directly compared HDEEG source imaging by comparing it

Normative intracranial EEG to a normative intracranial EEG (iEEG) atlas from 110 epilepsy patients with electrodes in healthy brain regions

Vigilance states (https://mni-open-ieegatlas.research.mcgill.ca/). Wavelet-based Maximum Entropy on the Mean (WMEM) was
applied to localize oscillatory patterns using overnight HDEEG recordings from 35 healthy adults (16 females,
mean age 31.1 + 6.3 years). Virtual iEEG (ViEEG) signals were estimated by applying an iEEG forward model to
wMEM sources to examine oscillatory patterns across 5 frequency bands, 38 regions, and 4 vigilance states. We
found that HDEEG source imaging exhibited comparable spectral patterns of iEEG in low frequencies but
overestimated oscillatory activities at high frequencies. Lateral cortical regions exhibited more accurate source
estimation than medial regions (p < 0.05). After removing the aperiodic components, the spectral alignment
between VIiEEG and iEEG significantly improved except for N3 sleep (p < 0.05). Oscillatory peak patterns in
VIEEG reflect state-dependent dynamics that are broadly consistent with iEEG peaks (p < 0.05). HDEEG-derived
VIiEEG and magnetoencephalography-derived ViEEG approximated iEEG spectral features, showing comple-
mentary correspondence. These findings reveal that vigilance states significantly shape cortical oscillations by
altering their spectral and spatial profiles. Our results establish HDEEG as a powerful tool for large-scale,
noninvasive investigations of human sleep neurophysiology and brain network dynamics.
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1. Introduction

Cortical oscillations during the sleep-wake cycle reflect the brain’s
intrinsic state, supporting memory consolidation (Herweg et al., 2020),
cognitive behavior (Ward, 2003), and large-scale neural communication
(Buzsaki and Draguhn, 2004, Myrov et al., 2024). These rhythms are
dynamic and state-dependent, varying in power, frequency, and spatial
distribution across sleep stages. Despite their importance, the cortical
oscillations in humans remain poorly understood. High-density elec-
troencephalography (HDEEG) is an increasingly noninvasive technique
for capturing neural activity with millisecond-level temporal resolution
and full-head spatial coverage. These advantages enable detailed
investigation of spontaneous brain activity across frequency bands in
resting-state conditions (Lustenberger and Huber, 2012, Pigorini et al.,
2023, Taberna et al., 2024, Zhou et al., 2023). However, compared to
intracranial EEG (iEEG), the gold standard to measure neural activities,
the spatial resolution of HDEEG remains limited due to the volume
conduction effect (He et al., 2018) and low signal-to-noise ratio (SNR)
(Pizzo et al., 2019).

To estimate the cortical sources, HDEEG must be paired with elec-
trical source imaging (ESI), which aims to estimate the most likely
source of the observed scalp EEG potentials by solving an ill-posed in-
verse problem that admits infinitely many solutions unless constrained
by anatomical and biophysical priors (Michel and He, 2019). Moreover,
ESI accuracy is known to be affected by signal spatial blurring, source
leakage, and the difficulty of localizing deep or subcortical activity,
especially during resting states that are characterized by low SNR in EEG
signals (Kreidenhuber et al., 2019, Quintiliani et al., 2021). While prior
studies have extensively applied noninvasive source imaging to char-
acterize pathological activity, including epileptogenic zone localization
(Abdallah et al., 2022, Sohrabpour et al., 2020), high-frequency oscil-
lations (Cai et al., 2021), and interictal epileptiform discharges (Avigdor
et al., 2024, Seeber et al., 2019, Cao et al., 2022), localizing sponta-
neous, ongoing cortical oscillations in the healthy brain remains a
greater challenge due to low amplitude, lack of event markers, and
variability across sleep stages.

Resting-state iEEG studies have revealed robust, state-specific spec-
tral signatures in healthy cortical regions (Taylor et al., 2022), sug-
gesting that vigilance states may systematically reshape oscillatory
patterns. Yet, it remains unknown to what extent noninvasive ESI pre-
serves this spatial and spectral specificity, especially during sleep. To
address this question, we leveraged the MNI iEEG atlas, a publicly
available dataset developed by our group that aggregates intracranial
recordings from 110 patients with drug-resistant focal epilepsy
(Frauscher et al., 2018, Von Ellenrieder et al., 2020). The atlas includes
only electrodes located in healthy brain regions and provides dense
spatial sampling across 38 cortical regions defined by the Medical Image
Computing and Computer-Assisted Intervention (MICCAI) anatomical
atlas (Landman and Warfield, 2012). It comprises over 2,300 channels
during wakefulness, 2,149 channels during NREM (N2/N3), and 1,490
channels during REM stage, enabling normative characterization of
cortical oscillations across vigilance states. It provides a rare opportu-
nity to benchmark noninvasive source imaging against intracranial re-
cordings across brain states.

In this study, we systematically examine properties of cortical os-
cillations from noninvasive HDEEG source imaging, comparing with
ground-truth iEEG using a cross-modal framework. We hypothesize that
the HDEEG source imaging could preserve the spatial and spectral
oscillatory patterns aligned with those observed in iEEG, and shifts in
vigilance states might influence HDEEG source imaging accuracy. We
applied the wavelet-based Maximum Entropy on the Mean (WMEM)
method to solve the inverse problem in the context of resting state
HDEEG source imaging. wMEM is built upon the MEM source imaging
framework, for which we carefully demonstrated excellent spatial
properties in recovering the spatial extent of underlying generators of
Magnetoencephalography (MEG) and HDEEG data when compared to
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commonly used linear source imaging methods for both MEG and
HDEEG (Chowdhury et al., 2016, Hedrich et al., 2017, Pellegrino et al.,
2020, Afnan et al., 2024). It’s specifically tailored to localize oscillatory
brain activity in EEG/MEG signals by leveraging a discrete wavelet
transform (Daubechies wavelets), enabling frequency-resolved source
estimation, which benefits from the MEM solver’s excellent spatial
properties (Lina et al., 2014). We previously showed that wMEM im-
proves the localization of the spatial extent of underlying generators
compared with minimum norm estimates (MNE) (Afnan et al., 2024)
and improves the localization of resting-state oscillatory patterns
compared with both MNE and beamformers (Afnan et al., 2023). We
notably carefully adapted the wMEM method when applied to low SNR
resting state data, through its initialization and baseline covariance
estimation (using a sliding-window and phase-randomization strategy,
see Appendix in (Afnan et al., 2023)). The wMEM approach has been
successfully applied to recover the location and spatial extent of the
underlying oscillatory generators of fast oscillations (Avigdor et al.,
2021), ictal oscillations (Pellegrino et al., 2016), and oscillatory patterns
during wakefulness (Afnan et al., 2023, Aydin et al., 2020). For those
reasons, we believe the wMEM framework is appropriate to assess the
accuracy of resting state HDEEG source imaging. To our knowledge, this
is the first demonstration of a comprehensive study validating source
imaging derived from HDEEG against the gold standard iEEG across
vigilance states in healthy brain regions.

2. Materials and methods
2.1. Experimental design

Our analysis pipeline is presented in Fig. 1. For all participants,
sections of 60-second ongoing wake and sleep HDEEG data were local-
ized along the cortex using the wMEM framework (Afnan et al., 2024,
Afnan et al., 2023, Lina et al., 2014), a distributed source localization
method dedicated to the localization of oscillatory components. After
co-registering the position of all the iEEG contacts of the MNI iEEG atlas
within each subject-specific space, HDEEG source maps were projected
into the iEEG space by estimated Virtual iEEG (ViEEG) signals, applying
an iEEG forward model to HDEEG source maps (Abdallah et al., 2022,
Afnan et al.,, 2023, Grova et al., 2016). Spectral power, oscillatory
components, and spectral peaks were then computed for ViEEG and
compared against iEEG ground-truth data across 38 cortical regions of
interest (ROIs).

2.2. Study participants

45 healthy adults (range: 18-45 years) were recruited between
March 2022 and December 2024. Participants were screened for eligi-
bility based on the absence of neurological or psychiatric conditions,
sleep disorders, and the use of medications known to affect sleep or
cognitive functions, following previously published criteria (Wei et al.,
2024). Participants were also required to score below 5 on the Pitts-
burgh Sleep Quality Index, indicating good sleep quality. Eligible in-
dividuals underwent overnight HDEEG and polysomnography
recordings at the sleep lab of McGill University Health Centre Research
Institute.

After preprocessing and sleep scoring of data, we further excluded 9
participants with an Apnea-Hypopnea Index (AHI) greater than 15
events per hour and 1 participant due to issues with digitized electrode
positions. (Fig. 2A). The final dataset comprised 35 healthy adults (16
females, mean £ SD age, 31.1 + 6.3 years). The average sleep time is
approximately 333.6 + 81.4 minutes, and sleep efficiency is 80.5 +
13.3% (Fig. 2B).

3. Ethics statements

All study participants signed written informed consent according to
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Fig. 1. Conceptual workflow of data analysis. A HDEEG sections of 60s from wake, N2, N3, and REM stages for each subject. B HDEEG signal pre-processing
employing manual inspection, filtering, down-sampling, and artifact removal with Signal-Space Projection (SSP). C Individual MRI data and co-registered elec-
trodes were combined to generate the head model. D wMEM source mapping using our plugin implemented in Brainstorm (https://neuroimage.usc.edu/brainstor
m/Tutorials/TutBEst). E The positions of the iEEG channels were projected from the template ICBM152 anatomy to the anatomy of each healthy subject. F
VIiEEG potentials at each position of iEEG channels (positions obtained from the MNI iEEG atlas) were estimated from wMEM maps. G 60s iEEG segments were
selected from the iEEG MNI atlas from the wake, N2, N3, and REM stages, respectively. H iEEG signal pre-processing using manual inspection, filtering, down-
sampling, and artifact removal with SSP. I The clean iEEG data was used to compare with the ViEEG after pre-processing. J Parcellation of the iEEG into 38
ROIs: The channels in the atlas were classified into 38 ROIs based on the MICCAI atlas (Landman and Warfield, 2012). K Computation of the power spectral density
(PSD). L Oscillatory components analysis by removing the aperiodic components using the Fitting Oscillations & One Over F (FOOOF) toolbox (Tiwari et al., 2023). M
The distribution of oscillatory peaks in both ViEEG and iEEG data was analyzed in each region using the FOOOF toolbox. Abbreviations: PSD, power spectral density;
VIiEEG, virtual intracranial EEG; iEEG, intracranial EEG; ROIs, Regions of interest ; Fitting Oscillations & One Over F, FOOOF.
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Fig. 2. Selection criteria of healthy subjects and general sleep characteristics. A Post-screening subject inclusion flowchart. B Sleep macrostructure box plot of 35
subjects at the group level, including total record time (TRT), total sleep time (TST), REM latency (REML), N2, N3, and REM duration.
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the study protocol approved by the Research Ethics Board of the Mon-
treal Neurological Hospital and Institute (MP-37-2018-3886), and all
procedures were performed by the 1964 Helsinki Declaration and its
later amendments.

3.1. Ground truth: iEEG atlas

The MNI iEEG Sleep Atlas (Frauscher et al., 2018, Von Ellenrieder
et al., 2020) describes brain activity across vigilance states and cortical
regions. It includes Wake, N2, N3, and REM stage recordings, collected
>72 hours post-stereo-EEG implantation or >1 week after subdural
grid/strip placement, with a minimum sampling rate of 200 Hz. Data
were acquired >12 hours post-generalized seizure and >6 hours
post-focal seizure, with wake-stage recordings taken with eyes closed.
Electrodes were localized peri-implantation, projected onto the
ICBM152 template, and only non-epileptic, non-lesional channels were
included (Wake: 2300; N2/N3: 2149; REM: 1490), each with 60 seconds
of resting-state data. Channels were classified into 38 ROIs using the
MICCALI atlas (Landman and Warfield, 2012), combining both hemi-
spheres. The dataset includes recordings from 110 patients (age: 31 & 10
years, range: 13-62 years), with a total of 2,300 channels during
wakefulness, 2,149 channels during NREM, and 1,490 channels during
REM, projected onto 38 cortical regions based on the MICCAI atlas.
Further methodological and anatomical details are described (Frauscher
et al., 2018, Von Ellenrieder et al., 2020).

3.2. HDEEG data selection

Overnight polysomnography and HDEEG recordings were acquired
using a JE-120 amplifier system (Nihon Kohden, Tokyo, Japan). Elec-
trode placement followed the international 10-10 system (Avigdor
et al.,, 2021). Of these, 83 electrodes were glued to the scalp using
collodion, with impedances maintained below 5 kQ. Data were sampled
at 1000 Hz.

To ensure direct comparability with the ground-truth iEEG atlases,
we matched the same segment duration and selection strategy outlined
in the MNI iEEG wake (Frauscher et al., 2018) and sleep atlases (Von
Ellenrieder et al., 2020), where one artifact-free 60-second segment was
selected for each subject per vigilance state. Previous work (Wiesman
et al.,, 2022) has shown that the duration of short segments(30-120
seconds) allows robust estimation of both rhythmic and arrhythmic
spectral components of intrinsic brain activity, regardless of instrument
technology and resting-state paradigm. Furthermore, 60-second
resting-state segments in intracranial EEG and scalp research are suffi-
cient to provide reliable estimates of power spectral density and oscil-
latory activity (Frauscher et al., 2018, Von Ellenrieder et al., 2020,
Afnan et al., 2023). Accordingly, approximately 60 s of resting-state data
were analyzed per sleep stage in the present study.

Regarding segment selection, resting-state HDEEG data were visually
identified as either continuous recordings or concatenated artifact-free
segments, with each segment lasting at least 5 seconds. This minimum
duration was chosen to balance temporal continuity with sufficient total
data length, consistent with prior work (Frauscher et al., 2018, Von
Ellenrieder et al., 2020). For wakefulness, a single 60-second eyes-closed
resting-state segment was selected per subject, since eyes-closed awake
segments were selected in the MNI iEEG atlas. For sleep, 60-second
HDEEG segments from stages N2, N3, and REM during the first sleep
cycle were analyzed. The first sleep cycle was selected to minimize the
confounding effects of sleep homeostasis and state-dependent changes in
sleep microstructure. If 10 minutes of sleep data were not available
within the first cycle, segments from the second cycle were used to
complete the dataset. This follows the methodology of MNI iEEG atlases
(Frauscher et al., 2018, Von Ellenrieder et al., 2020), with the same
segment selection criteria applied to both HDEEG and iEEG recordings
to ensure comparable experimental conditions across modalities. All
segments were visually inspected and confirmed to be free of artifacts by
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a board-certified polysomnography technologist.
3.3. EEG signals preprocessing

Signal preprocessing was performed using the Brainstorm (Tadel
et al., 2011) software package, implemented in MATLAB (MathWorks,
Natick, MA). It included the following steps: 1) Bandpass filtering the
data between 0.5 to 50 Hz and down-sampling to 200 Hz. 2) Applying a
notch filter at 50 & 60 Hz in iEEG data. 3) Removal of cardiac and eye
movement artifacts using SSP routine (Uusitalo and [lmoniemi, 1997).
4) Visual inspection of HDEEG epochs to ensure the signal quality.

3.4. Head modeling

Each subject underwent a T1-weighted (T1w) structural scan at the
Brain Imaging Centre of the Montreal Neurological Institute and Hos-
pital, using a 3T Siemens Magnetom Prisma-Fit scanner equipped with a
64-channel head coil. Subsequent brain segmentation and reconstruc-
tion of the white/gray matter interface were performed using micapipe
(Cruces et al., 2022), an open-access processing pipeline that utilizes
FreeSurfer for anatomical reconstruction(https://micapipe.readth
edocs.io/).

The HDEEG electrode locations for each subject were digitized using
3D FastTrack by Polhemus and co-registered with their individual
anatomical MRI in Brainstorm by aligning the MRI-derived head surface
with the digitized head shape and fiducial landmarks recorded during
HDEEG acquisition. The cortical mesh used as the source space was
extracted from the mid-layer between white and gray matter boundaries
and then downsampled to result in approximately 9,000 vertices,
covering both lateral and mesial cortical surfaces. We also added the
hippocampus as a surface mesh in our source model (Afnan et al., 2024).
The individual head model was generated using a 3-layer Boundary
Element Model implemented in the OpenMEEG software (Gramfort
et al., 2010), consisting of the brain, skull, and scalp surfaces, with
conductivity values of 0.33, 0.0165, and 0.33 S m’l, respectively (Acar
et al., 2016).

3.5. HDEEG Source imaging using WMEM

The inverse problem of EEG source imaging was solved within the
Maximum Entropy on the Mean framework (Chowdhury et al., 2016,
Amblard et al., 2004). MEM is a distributed source localization tech-
nique that leverages a Bayesian spatial prior model assuming brain ac-
tivity to be organized within cortical parcels. The activity of every parcel
is scaled by the probability of activation of every parcel, which is tuned
through a hidden state variable. When the parcel is active, a Gaussian
distribution is used as the prior of the activity within the parcel. When
the parcel is inactive, a Dirac distribution is considered that allows
shutting down the activity from this parcel. Starting from such a prior
“reference” prior distribution, the model is fitted to data by maximizing
the relative entropy between the solution and the prior. As a result, MEM
can either switch off or switch on the parcels during the localization
process, while still allowing local contrast on the cortical surface within
the active parcels. Parcellation of the whole cortical surface and
initialization of the probability of being active were obtained using a
data-driven approach, based on a Multivariate Source Pre-localization
(MSP) method (Mattout et al., 2005), a projection technique allowing
to define the probability of every source to contribute to the data. MEM
provides accurate localization of the generators together with their
spatial extent, as demonstrated by the standard variants of MEM,
coherent MEM (cMEM) (Abdallah et al., 2022, Chowdhury et al., 2016,
Chowdhury et al., 2013) and wavelet-based MEM (WMEM) (Afnan et al.,
2023, Lina et al., 2014, Afnan et al., 2025). wMEM applies a discrete
wavelet transformation (Daubechies wavelets) of the data before
applying the MEM solver. We demonstrated its distinctive capability to
identify the oscillatory patterns at seizure onset (Pellegrino et al., 2016),
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interictal fast oscillations (Avigdor et al., 2021, von Ellenrieder et al.,
2016), resting state connectivity patterns (Aydin et al., 2020), and
validated its ability to capture resting state oscillations and connectivity
with iEEG (Afnan et al., 2023, Afnan et al., 2025). The wMEM method is
available within the Brain Entropy in space and time (Best) plugin of
Brainstorm software (https://neuroimage.usc.edu/brainstorm/Tutorial
s/TutBEst).

We used the latest WMEM version, which was adapted for localizing
low-SNR resting-state activity (Afnan et al., 2023), and for localizing
deep brain activity by incorporating a depth-weighting parameter pro-
posed and validated in MEG studies (Afnan et al., 2024). This version
was further validated for reconstructing MEG resting-state oscillations
and connectivity during the wake state using the MNI iEEG atlas (Afnan
et al., 2023, Afnan et al., 2025). The depth weighting parameter was set
to 0.5. In terms of baseline estimation for resting-state data, a
quasi-synthetic baseline was generated by randomly altering the Fourier
phase at each frequency (Prichard and Theiler, 1994). We employed a
sliding window approach (window length: 1 s) to generate the baseline,
ensuring a more precise estimation of the noise covariance matrix for
each wavelet sample across the scales (Afnan et al., 2023).

3.6. Estimation of virtual iEEG from HDEEG source map

To enable a quantitative comparison between HDEEG signals and
iEEG recordings, we transformed HDEEG source maps into ViEEG sig-
nals. To achieve this transformation, firstly, the positions of the iEEG
atlas-defined electrode contacts need to be co-registered within each
subject's native MRI coordinate system. Since the iEEG electrodes were
originally projected onto the standardized ICBM152 template, each
subject’s MRI was co-registered with this standard using a three-step
process developed by the minctracc program (Collins et al., 1994) :
(1) estimation of a linear registration to account for the linear part of the
transformation (using bestlinreg_s tool), (2) estimation of a non-linear
transformation to account for the variability between the two maps
(using minctracc tool); (3) application of the resulting non-linear
transformation to the coordinates of the electrode contacts of MNI
iEEG atlas, to convert them from the ICBM152 anatomy to the anatomy
of each healthy subject.

We then estimated the virtual iEEG potentials from the HDEEG
source map for each subject following the method proposed by Grova et
al (Grova et al., 2016). To do so, we considered HDEEG-reconstructed
source map Jypgrg and subject-specific iEEG forward model Giggg,
which quantifies the contribution of each dipolar source to the cortical
surface for each iEEG channel (Grova et al., 2016). Since we did not
intend to solve the inverse problem of source localization from iEEG
data, we considered a simplified iEEG forward model Giggg, assuming an
infinite volume conductor with a conductivity (c) of 0.25 S.m~ L. To
avoid numerical instabilities, when the sources on the cortical surface
were too close to the iEEG contacts (distance < 3 mm), the distance was
set to 3 mm instead in these estimations Giggg, while keeping the original
orientations between the dipolar source orthogonal to the cortical sur-
face and the electrode location, see (Grova et al., 2016) for further
details.

With a total number of iEEG contacts ¢ (c was 2300 for stage W, 2149
for stage NREM, and 1490 for stage REM) and number of cortical sources
(n =9000), Giggg is a ¢ x n matrix that estimates the electrical potential

at each iEEG electrode (i = 1, 2, ... ¢), corresponding to an equivalent
current dipole of unit activity located at vertex Sjand oriented along j,
normal to the cortical surface (j = 1, 2, ... n), calculated as:

Vieze = GigecJupEEG (@]

For each source map obtained from all 35 participants, we estimated
the virtual iEEG (ViEEG) for each iEEG channel across all vigilance
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states. This resulted in more channels in ViEEG compared with the iEEG
atlas. Specifically, it generated data from 2,300 channels in the iEEG
atlas versus 2,300 x 35 channels in the VIiEEG in the wake stage, 2149
channels in the iEEG atlas versus 2149 x 35 channels in the ViEEG in the
NREM stage, while 1490 channels in the iEEG atlas versus 1490 x 34
channels in the ViEEG in the REM stage, as one subject was excluded
from the REMstage analysis due to insufficient artifact-free REM data.

3.7. Analyses of relative power for specific frequency maps

For each iEEG and ViEEG channel, the power spectral density (PSD)
was estimated using Welch's method (Time duration: 0-60 s, 2-s sliding
Hamming windows, overlap: 50%). A relative PSD for each channel was
obtained by dividing each PSD value by the total power across the entire
frequency range. The group average of the relative PSD was calculated
across all channels within a ROI and all frequency bins in each frequency
band of interest: delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta
(13-30 Hz), and low gamma (30-50 Hz). The frequency range (0.5-50
Hz) was divided into 100 bins with 0.5-Hz resolution. To compare the
relative PSD before and after converting the HDEEG source maps into
virtual intracranial space, we also calculated the relative PSD after
HDEEG source imaging directly along the cortical surface in the Sup-
plementary Figure 1 by computing a group average of the relative PSD
from healthy subjects after realigning the cortical surfaces of every
subject to a surface template space.

3.8. Analyses of spectral oscillatory components and peak frequency

The (FOOOF) algorithm (Donoghue et al., 2020) was used to sepa-
rate the periodic and aperiodic components of the power spectra by
modeling the PSD as a combination of both. The algorithm employs an
iterative fit-refit process, where the aperiodic component is represented
by an exponential function, and each periodic component is modeled
using a Gaussian function. For each iEEG and ViEEG channel, we applied
the FOOOF algorithm to decompose the power spectra into periodic and
aperiodic components. The following FOOOF parameters were used:
frequency range = 0.5-50 Hz; peak type = Gaussian; peak width limits
(minimum bandwidth, maximum bandwidth) = 1-8 Hz; maximum
number of peaks = 8; peak threshold = 3.0 dB; proximity threshold = 2
SD; aperiodic mode = knee. Since our focus was on rhythmic activities in
the spectra, we subtracted the aperiodic component (in the log-log scale)
from the raw PSD. The remaining oscillatory component of the spectra
(PSD iEEG and PSD ViEEG) was then used for further analysis and
comparison between iEEG and ViEEG. Additionally, we identified the
specific oscillatory peaks during the fitting process of extracting the
aperiodic components.

3.9. Quantitative comparison of ViEEG and iEEG regarding power spectra
and peak frequency

For spectral comparison, we computed an overlap metric to quantify
the distance between the ViEEG and iEEG power spectra. To do so, first,
we computed the median PSD for both iEEG and VIiEEG. Specifically, the
median of PSDigrg ( MPSDigrg)was calculated based on the available
channels from all participants within the ROI in the iEEG atlas. Simi-
larly, for ViEEG, the median of PSDyigrc (MPSDyigrg) for each ROI was
obtained across the total number of channels (number of channels
within ROI in each subject’s ViEEG x number of healthy subjects). Then,
we calculated the standard deviation of PSDyizrg name as SDyigrg. The
overlap between PSD;grc and PSDy;gr was calculated for each frequency
bin using Equation (2).


https://neuroimage.usc.edu/brainstorm/Tutorials/TutBEst
https://neuroimage.usc.edu/brainstorm/Tutorials/TutBEst

X. Wei et al

|MPSD,EEG — MPSDVLEEG |
SDvigec

overlap =
0, otherwise

The overlap value for each frequency bin ranges between 0 and 1
(calculated for 100 frequency bins). We calculated the overlap for each
ROI before and after removing the aperiodic components of the spectra,
then obtained the average overlap across all the frequency bins within
each frequency band of interest.

In terms of the peak frequency comparison, we calculated the Peak
estimation metric as a percentage that quantifies the overestimation or
underestimation of HDEEG-estimated ViEEG channels showing oscilla-
tory peaks when compared to ground-truth iEEG peaks (Afnan et al.,
2023). For each ROI in individual subjects, we determined the number
of channels (out of the total number of channels in that ROI, Ngo;) that
exhibited an oscillatory peak within a specified frequency band for both
iEEG and ViEEG. Then we computed Peak_Estimation as the percentage
difference in the number of channels showing peaks in ViEEG relative to
iEEG, normalized by the total number of channels in each ROI and fre-
quency band as described in Equation (3)

Npeak_ VIiEEG — Npeak_iEEG
Nror

Peak_Estimation = * 100% 3)

Where Njeq_vigr represents the number of channels exhibiting peaks
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, if |MPSDyiggc — MPSDigrg| < SDyigzc

@

in VIiEEG for a given frequency band, while Ny _irzg denotes the number
of channels exhibiting peaks in iEEG for a given frequency band. We
calculated the median of Peak_Estimation over 35 subjects to obtain the
group-level estimation of channels exhibiting peaks per ROI per fre-
quency band. From the equation, the Peak_Estimation ranges from
-100% to +100%. The +100% presents the 100% overestimation of
VIiEEG compared with iEEG; it indicates that all the ViEEG channels in
that ROI (NROI) showed peaks in that frequency band, whereas no peak
was identified in any of the iEEG channels in that ROI and frequency
band. The -100% represents the complete opposite.

3.10. Statistics analysis

To assess differences in relative PSD between iEEG and VIiEEG, the
normality of the relative PSD distributions was assessed using the Sha-
piro-Wilk test. As many regions violated the assumption of normality (p
< 0.05), the Welch’s unequal variances t-test was employed. A signifi-
cance threshold of p < 0.05 was applied, with Bonferroni correction
implemented to control multiple comparisons across 38 regions of in-
terest (ROIs) and 5 distinct frequency bands. For the comparison of iEEG
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Fig. 3. Group-averaged relative PSD across five frequency bands and 38 ROIs for both iEEG (left) and ViEEG (middle) in each subplot: A (Stage W), B (Stage R), C
(Stage N2), and D (Stage N3). Relative PSD for each channel was computed as the power ratio in each frequency band to the total signal power, yielding values
between 0 and 1. The color bar of relative PSD ranges from the minimum to the maximum value and is specific to each modality. The right panel of each subplot
highlights ROIs exhibiting significant differences in PSD between iEEG and ViEEG (Welch’s t-test, p < 0.05, multiple comparisons Bonferroni correction applied
across 38 ROIs and 100 frequency bins); the t-maps share a common color scale. Negative t-values indicate regions where iEEG power was significantly lower than
VIEEG, reflecting an overestimation of spectral power by ViEEG. Abbreviations: PSD, power spectral density; ViEEG, virtual intracranial EEG; iEEG, intracranial EEG;

ROIs, Regions of interest.
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and ViEEG spectra after the removal of aperiodic components, statistical
differences were evaluated using the non-parametric Mann-Whitney U
test. A significance threshold of p < 0.05 was applied, with Bonferroni
correction accounting for multiple comparisons across 38 ROIs and all
frequency bins. For all Mann-Whitney U tests, effect sizes were quan-
tified using Cliff’s delta (8), which is appropriate for non-parametric
two-sample comparisons and facilitates interpretation of the magni-
tude of observed effects. The reported effect size (8) corresponds to the
median Cliff’s d across all comparisons as the data distribution is not
normal.

4. Results

4.1. VIEEG reliably reconstructs comparable low-frequency spectral
patterns across vigilance states but discrepancies in gamma activities

We examined the power spectral distribution of 38 cortical regions
across canonical frequency bands, both iEEG and HDEEG-derived ViEEG
across four vigilance states: wakefulness, REM, N2, and N3 sleep (Fig. 3).
Supplementary Figure 1 presented a comparison between relative power
estimates obtained along the cortical surface from HDEEG source maps
and estimation within the MNI iEEG space computed from ViEEG data,
demonstrating that ViEEG preserved the overall spectral distribution of
the cortical source estimates.

Overall, we observed ViEEG recovered the canonical low-frequency
spectral power across states, while gamma showed frequency- and
state-specific biases. During wakefulness, both iEEG and ViEEG showed
dominant alpha power in the posterior regions (Fig. 3A, Supplementary
Figure 2A) and beta power in frontal regions. t-maps revealed regional
positive t-values in low-frequency bands (delta, theta, and beta), indi-
cating significantly higher power in iEEG in a few regions (p < 0.05).
Gamma power, by contrast, was overestimated by ViEEG in lateral and
posterior areas. During stage R (Fig. 3B, Supplementary Figure 2B),
alpha activity from VIiEEG resembled iEEG more, and the low-frequency
(delta, theta, and alpha) mismatched between ViEEG and iEEG dimin-
ished, as reflected by smaller regional t-values. Gamma-band over-
estimation remained prominent in posterior regions, while beta
discrepancies were modest. In NREM sleep, especially N2 and N3, ViEEG
closely matched iEEG in delta and theta bands, particularly during N3,
where low-frequency agreement was strongest (Fig. 3C-3D, Supple-
mentary Figure 2C-2D). Beta power showed overestimation in posterior
areas across both NREM stages. Gamma-band discrepancies exhibited
state-dependent variability across NREM stages, with overestimation by
VIiEEG prominent during N2 but reversed during N3 sleep.

4.2. Removal of the aperiodic component improves the ViEEG-IEEG
spectral alignment except for N3 sleep

After characterizing VIEEG power distributions across vigilance
states, we quantified the spectral overlap value across all 38 ROIs both
before and after aperiodic component removal in Fig. 4, and found that
removing the aperiodic (1/f-like) background improved spectral
agreement between VIiEEG and iEEG. Also, to illustrate region-specific
effects, we chose two representative regions (angular gyrus from the
lateral area, anterior cingulate from medial areas) to show statistically
significant differences in each frequency band (Mann-Whitney U test,
Bonferroni corrected p < 0.5). Power spectral comparisons before (blue
line) and after aperiodic removal (orange line) across all 38 ROIs and
vigilance states are shown in Supplementary Figure 3-Figure 6.

During wakefulness, removing aperiodic components markedly
increased spectral overlap across most cortical regions (Fig. 4A). In the
angular gyrus (superficial region, Fig. 4B), for example, the overlap
improved in delta (0.07/0.48), theta (0.19 /0.50), and beta (0.66 /0.75)
bands during wakefulness. In stage R, a similar improvement was
observed primarily in low-frequency bands (Fig. 4C). The overlap
increased in delta (0.59/0.66), theta (0.45/0.81), and alpha (0.3 /0.72),
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while the beta (0.67/0.62) and gamma (0.28/ 0.17) overlap decreased,
indicating a frequency-dependent effect in the angular gyrus (Fig. 4D).
During N2 sleep, the aperiodic removal improved overlap across most
bands (Fig. 4E). In the angular gyrus, overlap rose in delta (0.06/ 0.22),
theta (0.11/0.41), alpha (0.12/0.41), and beta (0.36/0.69) (Fig. 4F). In
contrast, during N3, the overlap between ViEEG and iEEG in the angular
gyrus remained consistently low and even declined slightly following
the removal of the aperiodic component (Fig. 4G-4H). Similar patterns
were also observed in the anterior cingulate regions.

4.3. VIiEEG estimates are more accurate in lateral than medial regions

After removing the aperiodic component, we computed spectral-
overlap maps for 38 cortical regions covering lateral and medial sur-
faces (Fig. 5; Supplementary Figures 3-Figure 6). Across vigilance states,
lateral cortical regions showed consistently higher ViEEG-EEG align-
ment than medial structures (Mann-Whitney U test, Bonferroni-
corrected p < 0.05, median § = 0.39). Representative spectra from the
middle temporal gyrus (lateral) and the hippocampus (medial) illustrate
this pattern (Fig. 5A-5B). In the middle temporal gyrus, ViEEG estimates
(orange) closely matched iEEG (black) spectral profiles across vigilance
states. The spectral overlap metric (numerical values) exceeded 0.5 in
most frequency ranges, and the wake alpha peak was well recovered and
appropriately diminished across sleep stages. By contrast, the hippo-
campus showed markedly lower spectral overlap between ViEEG and
iEEG, especially in the delta and theta ranges, where ViEEG under-
estimated iEEG activity. During NREM sleep, overlap values in the
hippocampus remained below 0.3 in all frequency bands, underscoring
the limits of VIiEEG for deep medial sources.

To more clearly contrast lateral and medial spectral estimation fi-
delity, we also compared the peak distributions (Fig. 5C-5D). In the
middle temporal gyrus, both iEEG and ViEEG showed robust alpha peaks
during wakefulness and stage R, along with visible delta peaks during
NREM sleep. In contrast, the hippocampus showed low-frequency peak
amplitudes in both modalities, with ViEEG systematically under-
estimating peak structure relative to iEEG, while also showing spurious
overestimation of alpha peaks during wakefulness in lateral regions such
as the middle temporal gyrus. These comparisons underscored the in-
fluence of cortical regions and depth on the accuracy of ViEEG source
reconstructions, with lateral neocortical regions showing more reliable
reconstruction than medial and deep structures.

4.4. Oscillatory peaks vary across the different vigilance states

When summarizing periodic peak properties within canonical fre-
quency bands by comparing them with those observed in the MNI iEEG
atlas across vigilance states in 38 regions, we found that oscillatory
peaks vary across sleep stages (Fig. 6, Supplementary Figure 7-Figure 10
for all ROI specific findings). During wakefulness (Fig. 6A), both ViEEG
and iEEG displayed prominent alpha-band peaks, though ViEEG over-
estimated the frontal alpha activity. In stage R (Fig. 6B), alpha peaks
weakened and shifted toward slower frequencies, while variability in
high beta increased, possibly due to lower signal-to-noise. During NREM
sleep (Fig. 6C-6D), both modalities showed strong delta peaks, consis-
tent with slow-wave dominance. Interesting, in N2, there was a peak
around 13Hz in both ViEEG and iEEG in N2, while VIiEEG exhibited the
gamma peak in N3 sleep.

To quantify these differences at a regional level, we calculated the
Peak estimation metric as a percentage difference that quantifies the
overestimation or underestimation of HDEEG-estimated ViEEG channels
showing oscillatory peaks when compared to ground-truth iEEG peaks
(Figure 6E). Warmer colors indicate a higher proportion of channels
exhibiting peaks compared to iEEG, and cooler colors indicate fewer
detected peaks relative to the intracranial reference. ViEEG generally
underestimated delta and theta peaks (<25%), particularly in posterior
regions, though theta underestimation was minimal in REM and N2.
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Fig. 4. Mean overlap between VIiEEG and iEEG for 38 ROIs with and without aperiodic components across stage W, R, N2, and N3. (A, C, E, and G) Spectral overlap
between VIiEEG and iEEG across four sleep stages (Wake, R, N2, N3), before and after removal of aperiodic components using the FOOOF toolbox. Overlap was
computed for each of the 38 ROIs using power spectra in five canonical frequency bands (delta, theta, alpha, beta, and gamma). The overlap value is calculated at
each frequency bin and ranges from 0 to 1. For a RO], if the median of PSD ViEEG perfectly coincides with the median of PSD iEEG at all frequency bins within a
specific frequency band, the overlap is 1. The redder, the more overlap between iEEG and ViEEG. (B, D, F, and H) Comparison of periodic components of HDEEG-
estimated spectra with ground truth iEEG, with aperiodic components (left) and without aperiodic components (right) shown for 2 ROIs (angular gyrus and anterior
cingulate). For each spectrum, we are reporting the median value (black, light blue, and orange straight lines) together with the corresponding standard deviation
(shaded area) over all channels. The frequency bins are marked as red dots when iEEG and ViEEG are statistically different (Mann-Whitney U Test, p < 0.05, multiple
comparisons Bonferroni correction applied across 38 ROIs and 100 frequency bins). Abbreviations: ViEEG, virtual intracranial electroencephalography; iEEG,
intracranial electroencephalography; ROI, region of interest; PSD, power spectral density; HDEEG, high-density electroencephalography; FOOOF, Fitting Oscillations
and One-Over-F; W, Wake; R, REM (rapid eye movement sleep); N2/N3, non-rapid eye movement sleep stages 2 and 3.
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Fig. 5. Analysis of spectral oscillatory components (HDEEG) in the different sleep stages for the iEEG and ViEEG in the middle temporal gyrus and the hippocampus.
Comparison of periodic components of HDEEG-estimated spectra with ground truth iEEG without aperiodic components shown for the middle temporal gyrus(A) and

hippocampus(B). Power spectra are summarized by their median values across

channels, shown as black (iEEG) and orange (ViEEG) curves, with shaded areas

indicating the corresponding standard deviation at each frequency bin. In addition, a spectral overlap metric was computed at each frequency bin to quantify the
similarity between ViEEG and iEEG power spectra. The frequency bins are marked as red dots when iEEG and ViEEG are statistically different (Mann-Whitney U Test,
Bonferroni-corrected p < 0.05). C and D show the probability histogram of identified peaks in delta (0.5- 4Hz), theta (4- 8Hz), alpha (8- 13Hz), beta (13- 30Hz), and
low gamma (30- 50Hz) in iEEG(top) and ViEEG(bottom). The probability histogram is calculated by the number of peaks in each bin divided by the total number of

peaks in all bins. Abbreviations: HDEEG, high-density electroencephalography;

iEEG, intracranial electroencephalography; ViEEG, virtual intracranial electroen-

cephalography; PSD, power spectral density; W, Wake; R, REM (rapid eye movement sleep); N2/N3, non-rapid eye movement sleep stages 2 and 3; NROI, number of

channels within a given region of interest.

Alpha peaks were substantially overestimated during wakefulness
(>50%, especially frontally), underestimated during NREM sleep
(<25%), and quietly concordant during the REM stage compared with
iEEG. During REM sleep, beta-band peaks showed localized over-
estimation, mainly in opercular regions. Gamma-band peak over-
estimation was observed during N3 sleep and was primarily localized to
frontal regions, with relative peak estimation differences exceeding 25%
between ViEEG and iEEG.

4.5. HDEEG-derived ViEEG and MEG-derived ViEEG approximate iEEG
spectral features

To further validate HDEEG source imaging, we applied the wMEM
pipeline analysis for MEG-derived ViEEG data during wakefulness
(Afnan et al., 2023). This allowed us to directly compare the ability of
MEG and HDEEG to reconstruct cortical oscillatory activity relative to
iEEG. Before aperiodic correction, both HDEEG- and MEG-derived
ViEEG approximated iEEG power spectra across canonical bands
(Fig. 7A), with good correspondence in delta, alpha, and beta fre-
quencies. ViEEG from HDEEG exhibited more accurate spectral patterns
in both lateral and medial views compared to MEG-derived ViEEG. Peak
histograms revealed that MEG-derived ViEEG exhibited narrow distri-
butions with sharp alpha-band peaks, whereas HDEEG-derived ViEEG
showed broader peak distributions more similar to iEEG (Fig. 7B).
Alpha-band peaks were substantially overestimated between HDEEG-
and MEG-derived ViEEG when compared to iEEG data.

After removing the aperiodic background using FOOOF, both
HDEEG- and MEG-derived ViEEG closely matched iEEG oscillatory
components (Fig. 7C). By comparing HDEEG-derived ViEEG and MEG-

derived VIiEEG at the ROI level, HDEEG achieved a particularly close
fit in lateral regions, while MEG showed a slightly stronger alignment in
medial structures. These results highlight that both modalities can
approximate iEEG spectral properties after appropriate preprocessing,
with both providing good and complementary correspondence.

5. Discussion

Accurately localizing spontaneous cortical oscillations across sleep-
wake states remains a central challenge. Although HDEEG with source
imaging offers a noninvasive window into large-scale brain dynamics, its
ability to resolve spatially distinct, frequency-specific patterns during
natural sleep is still unclear. Moreover, how vigilance states modulate
the noninvasive source estimates has not been systematically examined.
Using HDEEG combined with the wMEM source localization method, we
systematically assessed how well noninvasive source imaging captures
cortical oscillations across sleep-wake states against the MNI iEEG atlas.
We demonstrated that (i) HDEEG source imaging reliably captured
comparable low-frequency spectral patterns but overestimated gamma
activity across vigilance states, with better accuracy in lateral than
medial cortical regions; (ii) Separating oscillatory from aperiodic com-
ponents significantly improved spectral alignment between HDEEG-
derived and iEEG signals, except for N3 sleep; and (iii) Oscillatory
peak patterns in ViEEG reflected state-dependent dynamics that broadly
align with iEEG peaks.
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Fig. 6. Oscillatory Peak Dominance analysis between ViEEG and iEEG Across Vigilance States. (A)Probability histogram of all identified peaks in all ROIs for iEEG
and VIiEEG during wakefulness, The probability histogram is calculated by the number count of peaks in each bin divided by the total number count of peaks in all
bins; (B) Probability histogram of all identified peaks in all ROIs for iEEG and ViEEG during stage R; (C) Probability histogram of all identified peaks in all ROIs for
iEEG and ViEEG during N2 stage; (D) Probability histogram of all identified peaks in all ROIs for iEEG and ViEEG during N3 stage. (E) Peak estimation matrix
calculated by HDEEG in all spectral bands compared to iEEG across vigilance states. The plotted values represent the group-level median of Peak_estimated across 35
subjects, ranging from —100% (complete underestimation) to +100% (complete overestimation). Abbreviations: ViEEG, virtual intracranial electroencephalography;
iEEG, intracranial electroencephalography; ROI, region of interest; HDEEG, high-density electroencephalography; REM, rapid eye movement; N2/N3, non-rapid eye
movement sleep stages 2 and 3; Peak_estimated, percentage difference in number of oscillatory peaks in VIiEEG relative to iEEG.

5.1. Spectral concordance and discrepancies revealed by HDEEG source
imaging

Validating whether noninvasive source imaging can recover cortical
oscillation dynamics across sleep stages is crucial for advancing EEG-
based brain mapping. Our findings demonstrated that ViEEG, derived
from high-density scalp EEG wMEM source estimates, can reliably
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approximate spatial spectral patterns observed in iEEG in the low-
frequency (delta, theta, and alpha) bands during wakefulness and
sleep, which are consistent with previous studies (Fan et al., 2023,
Kalamangalam et al., 2021, Brancaccio et al., 2020). In contrast, ViEEG
did not reliably capture gamma-band activity across vigilance states,
showing notable discrepancies likely due to contamination from muscle
artifacts and movement-related noise (Murphy et al, 2009,
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Muthukumaraswamy, 2013). Stage R sleep, characterized by minimal
muscle tone, appeared more consistent. Additionally, gamma-band
profiles in stage N3 diverged from those in stage N2, potentially
reflecting relatively lower high-frequency neural activity during deep
sleep. These findings underscore that gamma-band interpretations from
surface EEG require caution and “stage-specific” consideration. Addi-
tionally, the HDEEG estimated relative power was spatially more
smoothly distributed compared to the MNI iEEG atlas, which is consis-
tent with our previous work (Afnan et al., 2023). Explicitly, the iEEG
data displayed clear differences, a broader range of activity from
strongest to weakest among ROIs, whereas the ViEEG displayed more
consistent activation across neighboring ROIs, covering a narrower
range of activity.

5.2. Aperiodic component removal improves spectral alignment

Disentangling periodic and aperiodic components is essential for
accurate interpretation of EEG spectral features, particularly across
varying brain states. Electrophysiological power spectra consist of both
oscillatory rhythms and non-oscillatory aperiodic activity, also referred
to as scale-free or 1/f-like background (He, 2014). We applied the
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FOOOF (Donoghue et al., 2020) to separate the periodic and aperiodic
parts of the spectrum. After aperiodic removal, the ViEEG spectral
power became more comparable to iEEG across all frequency bands
during Wake, REM, and N2 stages. The spectral differences between
ViEEG and iEEG are largely driven by variations in aperiodic compo-
nents, likely reflecting spatial interactions among synchronized neurons
(Mazzetti and Carbone, 2022, Abbas, 2019). iEEG records brain activity
locally with a spatial sensitivity of less than 1 cm (Parvizi and Kastner,
2018), while HDEEG has a broader spatial sensitivity (Mégevand and
Electroencephalography, 2018, Michel and Brunet, 2019). Interestingly,
the N3 sleep was the only stage where overlap values decreased. Dis-
crepancies in N3 likely suggest that aperiodic activity contributes
differentially across sleep stages and may interfere with spectral align-
ment in deeper sleep due to the significant amount of slow sleep waves,
FOOOF's reduced accuracy under low signal-to-noise conditions
(Donoghue et al., 2020, Gerster et al., 2022).

5.3. Reduced accuracy in medial structures highlights spatial constraints

Evaluating how spatial location affects ViEEG accuracy is critical for
understanding the limits of noninvasive source modeling. We found that
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HDEEG-derived ViEEG performed better in lateral cortical regions than
in medial structures. After removal of the aperiodic components, spec-
tral overlap values in lateral regions frequently exceeded 0.5, while
medial areas such as the hippocampus showed limited improvement and
ranged below 0.5. This spatial discrepancy aligns with known limita-
tions of scalp EEG source imaging, which favors superficial sources and
is prone to signal attenuation and spatial smearing at greater depths
(Michel and Brunet, 2019, Zorzos et al., 2021), Even if depth weighting
was added within our MEM framework to improve sensitivity to deep
structure (Afnan et al., 2024), localizing brain activity in deep regions
remains challenging, notably when considering low SNR resting state
data. Supporting this, simultaneous scalp-iEEG studies have shown that
seizures originating from mesial temporal structures often lack clear
scalp correlates (Barborica et al., 2021), and localization accuracy is
markedly reduced for deep generators (Ramantani et al., 2016).

5.4. Oscillatory peak patterns reflect state-dependent differences

Analyzing spectral peak frequencies provides complementary insight
into how well ViEEG captures the dominant rhythms of brain activity
across vigilance states. We observed broadly similar peak distributions
between iEEG and ViEEG with state-dependent differences. During
wakefulness and stage R sleep, both modalities exhibited alpha-band
peaks (8-13 Hz), but VIiEEG overestimated alpha power. As reported
by (Srinivasan et al., 2006), alpha activity becomes more widespread
with eyes closed, potentially contributing to the observed over-
estimation of alpha peaks in frontal regions. Alpha in deep regions may
reflect cortical leakage, as also seen in scalp studies (Afnan et al., 2023,
Srinivasan et al., 2006). Notably, iEEG studies have shown that intrinsic
dominant frequencies often lie closer to ~7 Hz (theta range), not the
classical alpha band (Groppe et al., 2013). In REM, ViEEG also over-
estimated beta peaks in anterior regions, potentially reflecting increased
beta phase synchronization (Ferri et al., 2001, Uchida et al., 1992).
During NREM sleep, iEEG showed delta and theta peaks in fronto-
temporal regions. This aligns with the known increase in delta activity
during deeper sleep (Dijk, 2009, Felice et al., 2013, Ioannides et al.,
2017). A gradual underestimation from N2 to N3 in the alpha and beta
bands is consistent with suppression of alpha band activity in N3 (Benca
et al., 1999) and systematic decrease of beta from light to deep sleep
(Armitage, 1995). A spectral peak near 13 Hz, likely corresponding to
sleep spindle activity, was observed in both ViEEG and iEEG during N2
sleep and to a lesser extent in N3, consistent with previous studies
reporting spindle-related activity predominantly in N2 but occasionally
persisting into early N3 stages (Purcell et al., 2017). In contrast, ViEEG
overestimated gamma peaks in N3, likely driven by limitations in
spectral fitting by FOOOF (Tiwari et al., 2023).

5.5. HDEEG and MEG show complementary spectral correspondence with
iEEG

Comparing noninvasive modalities provides insight into their com-
plementary capacities for reconstructing cortical oscillations. In this
context, we reanalyzed MEG data reported (Afnan et al., 2023) using the
depth-weighted extension of WMEM (Afnan et al., 2024). This harmo-
nized approach ensured that observed differences primarily reflected
intrinsic modality characteristics. Both HDEEG- and MEG-derived
ViEEG demonstrated convergent spectral correspondence with iEEG,
particularly in the delta, alpha, and beta bands, which correspond to
previous works (Seeber et al., 2019, Baillet, 2017). After removing the
aperiodic signal using FOOOF, both modalities improved their corre-
spondence with the iEEG oscillatory patterns. At the same time, there
are subtle differences; HDEEG more consistently reflected oscillatory
patterns broadly, whereas MEG provided complementary information
more specifically. This difference may reflect underlying differences in
the aperiodic component between EEG and MEG. Prior studies have
shown that EEG and iEEG exhibit more similar 1/f scaling properties
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than MEG (Bénar et al., 2019), which likely facilitates more accurate
oscillatory estimation in EEG-based ViEEG. These findings highlight the
importance of accounting for modality-specific 1/f structure when
comparing spectral estimates, and support the use of FOOOF or similar
tools to improve cross-modality alignment.

5.6. Strengths and limitations

This study systematically provides a direct cross-modal comparison
between noninvasive HDEEG source imaging and a large-scale norma-
tive intracranial EEG (iEEG) atlas across 5 frequency bands, 38 regions,
and 4 vigilance states. Our findings highlight the capacity of HDEEG to
capture state-dependent cortical oscillations, with improved alignment
after aperiodic signal removal, offering a robust framework for nonin-
vasive investigations of human sleep neurophysiology. In parallel, we
acknowledge some limitations. A general and unavoidable limitation is
that iEEG recordings come from patients with epilepsy, where both the
disease and antiseizure medications may influence sleep-related brain
signals. We mitigated this by analyzing electrodes in healthy regions.
HDEEG recordings are also susceptible to artifacts during sleep; we
minimized this through strict acquisition protocols and preprocessing. In
addition, subcortical structures remain difficult to localize using scalp
EEG, although wMEM shows the utility for capturing spontaneous
cortical activities. More advanced biophysical models of deep sources (e.
g., hippocampus, thalamus) may aid in recovering deep, low-SNR
activity.

Additionally, we note that hemispheric differences were not explic-
itly examined in the present analysis. Our spectral overlap values were
computed at the regional level by aggregating homologous regions
across hemispheres, an approach chosen to enable robust statistical
comparisons and direct alignment with the normative iEEG atlas
framework. Potential hemispheric asymmetries in cortical oscillatory
organization were not assessed; future studies incorporating
hemisphere-specific analyses and larger datasets may provide additional
insights into lateralized differences in cortical oscillations across vigi-
lance states. Finally, the discrepancy in N3 sleep (decreased overlap
value and overestimated gamma peaks) may show the limitation of the
FOOOF-based spectral decomposition, likely due to flatter spectra and
weaker oscillatory peaks in deep sleep, which challenge the oscillatory
peaks. Emerging alternatives may offer more robust approaches to
disentangle periodic and aperiodic activity under such conditions.

6. Conclusion

In this study, we provide evidence that HDEEG source imaging
reliably captures state-dependent cortical oscillations across the sleep-
wake cycle. The reconstructed spectral profiles from HDEEG align well
with iEEG patterns in low-frequency bands and lateral regions and show
improved correspondence after removal of aperiodic signal components.
These findings reveal that vigilance states substantially modulate the
spatial and spectral features of noninvasive source imaging and support
the use of HDEEG as a powerful tool for mapping human brain dynamics
during natural sleep.

Data and code availability statement

The normative intracranial EEG (iEEG) atlas from 110 epilepsy pa-
tients with electrodes in healthy brain regions is publicly shared in
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recordings (Wei et al., 2024) are available through (https://doi.org/10
.17605/0SF.10/R26FH). HDEEG and iEEG data were analyzed in the
Brainstorm (Tadel et al., 2011) software package, implemented in
MATLAB (MathWorks, Natick, MA). The wMEM method is available
within the Brain Entropy in space and time (Best) plugin of Brainstorm
software(https://neuroimage.usc.edu/brainstorm/Tutorials/TutBEst).
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