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Abstract

Electro/Magneto-EncephaloGraphy (EEG/MEG) source imaging (EMSI) of epileptic
activity from deep generators is often challenging due to the higher sensitivity of
EEG/MEG to superficial regions and to the spatial configuration of subcortical struc-
tures. We previously demonstrated the ability of the coherent Maximum Entropy on
the Mean (cMEM) method to accurately localize the superficial cortical generators
and their spatial extent. Here, we propose a depth-weighted adaptation of cMEM to
localize deep generators more accurately. These methods were evaluated using realis-
tic MEG/high-density EEG (HD-EEG) simulations of epileptic activity and actual
MEG/HD-EEG recordings from patients with focal epilepsy. We incorporated depth-
weighting within the MEM framework to compensate for its preference for superfi-
cial generators. We also included a mesh of both hippocampi, as an additional deep
structure in the source model. We generated 5400 realistic simulations of interictal
epileptic discharges for MEG and HD-EEG involving a wide range of spatial extents
and signal-to-noise ratio (SNR) levels, before investigating EMSI on clinical HD-EEG
in 16 patients and MEG in 14 patients. Clinical interictal epileptic discharges were
marked by visual inspection. We applied three EMSI methods: cMEM, depth-
weighted cMEM and depth-weighted minimum norm estimate (MNE). The ground
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truth was defined as the true simulated generator or as a drawn region based on clinical
information available for patients. For deep sources, depth-weighted cMEM improved
the localization when compared to cMEM and depth-weighted MNE, whereas depth-
weighted cMEM did not deteriorate localization accuracy for superficial regions. For
patients' data, we observed improvement in localization for deep sources, especially for
the patients with mesial temporal epilepsy, for which cMEM failed to reconstruct the
initial generator in the hippocampus. Depth weighting was more crucial for MEG (gradi-
ometers) than for HD-EEG. Similar findings were found when considering depth
weighting for the wavelet extension of MEM. In conclusion, depth-weighted cMEM
improved the localization of deep sources without or with minimal deterioration of the

localization of the superficial sources. This was demonstrated using extensive simula-
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source imaging.

1 | INTRODUCTION

In addition to seizures, patients with epilepsy present interictal epilep-
tic discharges (IED), characterized by spontaneous abnormal neuronal
discharges usually generated from regions overlapping with the
regions generating seizures (Hauf et al., 2012), but without clinical
manifestation. IEDs occur more frequently than seizures and the local-
ization of IED generators is crucial during the pre-surgical evaluation
of patients with drug-resistant epilepsy (Bautista et al., 1999;
Hufnagel et al., 2000).

Electro/Magneto- EncephaloGraphy (EEG/MEG) are widely used
non-invasive techniques to detect IEDs and delineate the seizure
onset zone and irritative zone (Rosenow & Liiders, 2001). The ability
of EEG/MEG to detect deep brain activity is often debated, especially
for MEG (Barkley & Baumgartner, 2003; Kaiboriboon et al., 2010;
Leijten et al., 2003; Rampp & Stefan, 2007; Shigeto et al., 2002).
Detection and localization of deep subcortical sources by EEG/MEG
is challenging for several reasons: (i) rapid attenuation of the signals
generated from deep structures as a function of the distance of the
generator to the EEG/MEG sensors, which is more pronounced for
MEG when considering gradiometers (Barkley & Baumgartner, 2003;
Malmivuo & Plonsey, 1995). (i) ‘closed field’ structure of the subcorti-
cal regions such that the generators cancel each other (Lorente De
N6, 1947; Murakami & Okada, 2006) and are difficult to detect by dis-
tant sensors and (iii) signals from deep structures propagate rapidly to

the lateral cortex resulting in the superposition of the low signal to

tions with MEG and HD-EEG and clinical MEG and HD-EEG for epilepsy patients.

deep brain activity, epilepsy, HD-EEG, MEG, source imaging

e Proposed depth-weighted Maximum Entropy on the Mean (MEM) methods for EEG/MEG

e Evaluation using realistic EEG/MEG simulations and actual EEG/MEG recordings from
patients with focal epilepsy.

e Improvement in source reconstruction especially for deep sources in low SNR environment
compared to standard MEM and depth-weighted MNE.

noise ratio (SNR) signals from deep structures and high SNR signals
from superficial regions; this makes it difficult to disentangle those
sources (Attal & Schwartz, 2013; Benar et al., 2021). This is especially
true for mesial temporal lobe epilepsy, a common type of epilepsy
where the IEDs generated in mesial temporal regions propagate to
neocortical temporal regions with a 10 to 50 ms delay (Merlet &
Gotman, 1999). However, compelling evidence is available now sug-
gesting that deep brain activity can be recorded by EEG (Seeber
et al.,, 2019) and MEG (Alberto et al., 2021; Kaiboriboon et al., 2010),
as demonstrated by simultaneously recorded intracranial EEG (Dalal
et al., 2009; Koessler et al., 2015; Pizzo et al., 2019).

The spatiotemporal localization of underlying neuronal generators
from EEG/MEG sensors, called EEG/MEG source imaging (EMSI), is
an ill-posed inverse problem. Solving the ill-posed EMSI problem
requires making assumptions (constraints added for regularization),
which vary for different methods. Minimum-norm estimate (MNE) is a
widely used EMSI method (Hamaliinen & limoniemi, 1994) choosing
the solution that best fits the sensor data with a minimum overall
energy of brain activity. As the amplitude of electrical potentials or
magnetic fields decreases with the square of the distance from gener-
ators to sensors, EEG and MEG sensors have a higher sensitivity
to superficial compared to deep generators (Heller & van
Hulsteyn, 1992). Because of the constraint of minimum energy, stan-
dard MNE solutions have natural preferences toward localizing activ-
ity in superficial sources for which the sensors are more sensitive

(Jeffs et al., 1987; Uutela et al., 1999), resulting in an underestimation

85US017 SUOWIWIOD) SAIIS.1D 3|edldde ay) Aq pausenob e sSpie YO ‘8sn J0 3| oy AfeiqiT auluQ AS|IA UO (SUONIPUOD-PUR-SLLBIWOD" A3 1M A g 1 pul|uo//:Sd1Y) SUOIPUOD pue SWis | 8U) 89S *[202/80/T0] Uo ArigiauliuQ 43| “Ineiadns a1Bojouyds | 8@ 81003 A 02292"WqU/Z00T OT/I0p/Wod* A8 | 1M Afelq 1 pul|uo//sdny woj papeojumod ‘0T ‘¥20Z ‘€6T0L60T



AFNAN ET AL.

WILEY_| 32

of deep sources. A depth-weighted version of MNE was proposed
(Fuchs et al., 1999; Jeffs et al., 1987; Lin et al., 2006) to improve the
accuracy of source localization for deep sources, by weighting
the covariance structure of the source to allow enhancing activity
from deep generators. In parallel, two noise-normalized versions of
MNE have been proposed, dynamic statistical parametric mapping
(dSPM) (Dale et al., 2000) and standardized low-resolution electro-
magnetic tomography (sLORETA) (Pascual-Marqui, 2002). These
noise-normalized versions of MNE also allow for enhancing the con-
tribution of deep sources when solving the EMSI problem (Lin
et al., 2006). Exploiting the depth-weighted and noise-normalized ver-
sions of MNE, while using a realistic anatomical and electrophysiologi-
cal model of deep brain activity, Attal and Schwartz (2013) showed
that signals from subcortical sources can be detected by MEG with
good accuracy, especially when considering single source activation.
The localization from subcortical regions becomes more challenging
when a cortical source is simultaneously active. In Attal and Schwartz
(2013), for accurate localization, the simulated subcortical activity had
an energy SNR of 20 (amplitude SNR of ~4.5 or 13 dB), which roughly
corresponds to an evoked cortical MEG response obtained after aver-
aging ~100 to 200 trials. In a low SNR scenario, which is usually the
case for single events generated from deep structures, EEG/MEG
source localization remains quite challenging. In addition, to study
deep brain activity, an interesting anatomical and electrophysiological
model was proposed by Attal et al. (2009) and Attal and Schwartz
(2013). Depending on the types of neural generators (open and closed
field cells) and their preferred orientation, subcortical structures were
modeled as volume grids or surface meshes. The thalamus, striatum,
and amygdala were modeled by placing current dipoles on the volume
grid with random orientation; the hippocampus was modeled as a sur-
face mesh placing the current dipoles orthogonally to the surface (sim-
ilar to cortical source space) (Attal & Schwartz, 2013; Meyer
et al., 2017).

In the context of epilepsy, recovering the spatial extent of the
generator is also of importance in addition to localizing its origin. It
has been reported that the generators of IEDs often are associated
with a large area of cortex, for instance with a minimum area of 4-
8cm? for EEG (Ebersole, 1997: Merlet & Gotman, 1999; Tao
et al, 2007; Von Ellenrieder et al., 2014) and 3-4 cm? for MEG
(Hari, 1990; Mikuni et al., 1997; Oishi et al., 2002). The Maximum
Entropy on the Mean (MEM) is an EMSI technique that can accurately
localize the superficial generators together with their spatial extent,
which we previously demonstrated for coherent MEM (cMEM), the
standard variant of MEM, assuming a stable parcellation of the brain
along time in the prior model and which is ideal for localization of epi-
leptic spikes (Abdallah et al., 2022; Chowdhury et al., 2013, 2016;
Grova et al., 2006). Our team also developed the wavelet MEM
(WMEM) which is another variant of MEM, designed to localize the
oscillatory components by transforming the data in the time-
frequency domain before applying MEM localization (Afnan
et al.,, 2023; Lina et al., 2012). In the present study, we propose a
depth-weighted extension of cMEM and wMEM, following the depth-
weighted strategy implemented by Cai et al. (2022) to reconstruct

functional Near-InfraRed Spectroscopy data. We also added the hip-
pocampus as a surface mesh in our source model, as proposed by
Attal et al. (2009). Our objective is to demonstrate the ability of
depth-weighted MEM methods to localize deep generators accurately
while largely retaining their ability to localize superficial generators.
We considered high-density EEG (HD-EEG) and MEG realistic simula-
tions of single-source epileptic activity (Chowdhury et al., 2013;
Grova et al., 2006) as well as more complex scenarios involving epilep-
tic activity in the hippocampus and neocortical regions. The mixed
sources scenario was generated to mimic IEDs in mesial temporal lobe
epilepsy characterized by initial mesial activity followed by propagated
neocortical activity (Merlet & Gotman, 1999). Finally, we evaluated
the performance of depth-weighted MEM methods with IEDs
recorded from HD-EEG and MEG in patients with focal epilepsy for
whom the presumed localization of the focus was defined as a region
along the cortical surface (including the hippocampus) using all avail-

able information from presurgical evaluation.

2 | MATERIALS AND METHODS

21 | Experimental design

The analysis pipeline is summarized in Figure 1. We propose depth-
weighting in cMEM implementation (Section 2.2). The depth-weighted
cMEM was first evaluated using realistic simulations of IED on MEG
and HD-EEG (Section 2.3), before localizing actual IEDs from MEG,
and HD-EEG (Section 2.4) from patients with drug-resistant focal epi-
lepsy. The proposed method was compared with standard cMEM and
depth-weighted MNE. We included a surface of both hippocampi, as
an additional deep structure in the source model (Section 2.5).

2.2 | Maximum entropy on the mean method and
depth weighting

The EEG/MEG inverse problem was solved using the Maximum
Entropy on the Mean (MEM) (Amblard et al, 2004; Chowdhury
et al., 2013). The key feature of this method is that it relies on a flexi-
ble spatial prior, assuming that brain activity is organized in cortical
parcels. The activity of every parcel is scaled by the probability of acti-
vation 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 to shut down the activity from
this parcel. Starting from such a prior “reference” 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 allow-
ing local contrast on the cortical surface within the active parcels.
MEM provides accurate localization of the generators together with
their spatial extent, as demonstrated by the standard variant of MEM,
cMEM (Abdallah et al., 2022; Chowdhury et al., 2013; Chowdhury
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Evaluation using realistic simulations
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EEG simulations of epileptic discharges, as well as actual interictal epileptic discharges from MEG and HD-EEG in patients with focal epilepsy.

et al,, 2016; Grova et al., 2016), as well as the wavelet-based exten-
sion, WMEM (Lina et al., 2012; Pellegrino et al., 2016; von Ellenrieder
et al., 2016). For coherent MEM (cMEM), the term “coherent” refers
to the fact that we are using a coherent spatial prior, that is, a data
driven parcellation which is fixed along time (Abdallah et al., 2022;
Chowdhury et al., 2013; Chowdhury et al., 2016; Grova et al., 2016).
WMEM consists in applying first a discrete wavelet transformation
(Daubechies wavelets) to characterize the oscillatory patterns in the
data before considering the MEM solver to solve the EMSI problem
(Lina et al., 2012). cMEM and wMEM implementations are available in
the BrainEntropy plugin of Brainstorm software (Tadel et al., 2011)
(https://neuroimage.usc.edu/brainstorm/Tutorials/TutBEst/).
cMEM/WMEM for EMSI have a preference toward superficial
solutions (Afnan et al., 2023; Grova et al., 2006), since so far, we have
not considered any depth-weighted strategy for both methods. On
the other hand, depth weighted strategy is commonly considered for
MNE (Hamaldinen & limoniemi, 1994) and Beamformer (Van Veen
et al., 1997). To solve the EMSI inverse problem for each source loca-
tion, the uncertainty of the activity of the underlying sources is mod-
eled by the source covariance matrix. Deeper sources tend to have
greater uncertainty in EMSI, resulting in higher values in the covari-
ance matrix compared to superficial sources. Therefore, an a priori
source covariance matrix should appropriately account for the vari-
ance differences across source locations. To do so, the diagonal of the
source covariance can be weighted by the forward model of each
source, quantifying the influence of source depth of each source at a
specific power w. This standard approach is used as a default imple-
mentation of depth-weighted MNE (Fuchs et al, 1999; Lin
et al, 2006). A similar depth-weighted strategy was implemented
within the cMEM framework by Cai et al. (2022) for the reconstruc-
tion of functional Near-InfraRed Spectroscopy data. We weighted the
source covariance for each parcel when generating the spatial prior
(see additional details in the Appendix A). The depth weighting param-
eter was set to w=0.5 as this is also used as a default value for
depth-weighted MNE

implemented in Brainstorm. We also

investigated the depth weighting parameter o for a range of values:
®»=0.1, 0.3, 0.5, 0.7, and 0.9. The results are presented in the
Data S1.

Here, we evaluated the newly proposed depth-weighted cMEM
(cMEM,,, ® being the depth weighting factor) and compared with orig-
inal cMEM (not depth-weighted) and depth-weighted MNE (MNE,)
using first simulated IEDs (Section 2.3) and then actual IEDs from
MEG and HD-EEG (Section 2.4). To calculate the noise covariance, we
used 2 s of resting state data from each subject. For MNE,, we esti-
mated the regularization hypermeter A by using the SNR of the data,
as A = 1/SNR?, with the SNR set to 3 (default value in Brainstorm).

We applied a similar depth weighting strategy for WMEM and val-
idated it using the same dataset of simulated IEDs. Since wMEM con-
siders discrete wavelets and is designed to localize oscillatory
components of the signals, IEDs signals might not be ideal for valida-
tion of wMEM. However, our focus was on the improvement of
depth-weighted wWMEM (WMEM,)) compared to original WMEM, not
on the comparison between WMEM and cMEM. We compared
wMEM, with cMEM, wMEM, ctMEM,,, and MNE,, in Section 3.5 and
Data S1. However, since this study focuses mainly on cMEM
and cMEM,, the wWMEM results are reported in Supplementary
Data S1.

2.3 | MEG and HD-EEG realistic simulations

2.3.1 | Realistic simulation parameters

The realistic simulation framework was developed by adding simu-
lated epileptic activity to a real MEG or HD-EEG resting state back-
ground (Chowdhury et al., 2016; Grova et al., 2006; Lina et al., 2012)
using the following steps: (i) the time course of an interictal epileptic
spike was modeled with three gamma functions for each vertex within
a specific generator defined along the cortical surface; (ii) the simu-

lated time courses of the generator defined in the source space were
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multiplied by the forward model to obtain sensor level data (more
details in Chowdhury et al. (2013) and Grova et al. (2006)); (iii) the
simulated sensor level data was finally superimposed on real resting
state MEG or HD-EEG background obtained from a healthy subject.
The maximum amplitude of each vertex of the simulated source was
set to 2.85 nA.m. This value has been chosen to mimic the realistic
amplitude of a typical epileptic spike. In each simulation, one trial of
background HD-EEG/MEG was used, thus mimicking the occurrence
of a single non-averaged epileptic spike. The simulations were pre-
pared separately for MEG and HD-EEG using resting state data and
head models obtained from two different healthy subjects.

The spatial extent (SE) of the generator was obtained by expand-
ing the region around a randomly chosen location (called the seed) in
a geodesic manner on the cortical surface (or hippocampus surface),
using different spatial neighborhood order. The actual SNR of the sim-
ulated sensor signal was defined as the ratio of maximum activity at
the peak of the simulated epileptic activity to the standard deviation
estimated within 300 ms background activity for the channel exhibit-
ing this peak (Equation 1).

|maximum activity at the peak |
standard deviation for 300 ms background

SNR (dB) = 20l0g10 (1)

Depending on the location and spatial extent of the generator,
the SNR of the sensor-level signal varied, although the signal strength
of the generators for each vertex was kept equal to So = 2.85 nA.m at
the peak of the simulated spikes. In other words, the SNR of the simu-
lations varied depending on the location, spatial extent and orienta-
tion of the sources. As expected, it was higher for the superficial
sources and lower for the deep sources and resulted in relatively real-
istic SNR expected at the sensor level (see Figures S1 and S2 for
actual sensor level SNR of the simulated signals).

Simulation of a single epileptic source: For each modality
(MEG/HD-EEG), we generated 2700 simulations for three levels of
the spatial extent (i.e., spatial neighborhood order around the seed)
of the generators (SE =2 [~5cm?], 3 [~10 cm?], 4 [20 cm?]), and
three levels of source amplitude strength (2S5, 3So, 4So where
So = 2.85 nA.m), while keeping the amplitude of sensor level back-
ground at the same level. Since changing source amplitude strength
directly impacted SNR at the sensor level, for simplification purposes,
we denoted these three levels of source strengths as the SNR of 2, 3,
4 in this document. For each combination of SE and SNR, 300 simula-
tions were performed where the location of each generator was
selected randomly on the cortical or hippocampal surfaces. The pro-
portion of simulated generators involving the hippocampus for each
combination was 2.2 £ 0.8% for MEG and 1.9 + 0.3% for HD-EEG.
The resulting sensor level SNRs of those hippocampal generators
were 11.3+4.09dB for MEG and 18 +4.6 dB for HD-EEG. In
Figure S3, we showed all the single hippocampal sources generated
among the total 300 MEG simulations, considering one combination
of SE and SNR (SE3 SNR2). We also reported the amplitude of the

sensor exhibiting the highest amplitude and the corresponding

sensor-level SNR. In addition, Figure S4 illustrates the decomposition
of the simulated signals into the simulated spike and the MEG back-
ground for two examples in Figure S3.

Simulation of the mixture of cortical and hippocampal sources in
MEG: We also simulated 100 sets of epileptic activity on MEG, involv-
ing a mixture of two generators, one in the hippocampus and the
other in the lateral temporal cortex with a 15 ms delay. These simula-
tions mimicked typical epileptic discharges in a mesial temporal epi-
lepsy case, where the signal is generated in the hippocampus and
rapidly propagates to the lateral part of the temporal cortex (Merlet &
Gotman, 1999). The seeds were chosen randomly but restricted to
the hippocampus and the ipsilateral temporal cortex. Unlike the single
source simulations in the hippocampus (low SNR), we generated
higher SNR signals in the hippocampus for this set by increasing the
number of vertices in the hippocampus (see Section 2.5). The resulting
sensor level SNR of the simulated signals was 14 + 4.3 dB for the hip-
pocampal generators and 20 + 5.4 dB for the cortical generators. The
average spatial extent was ~6 cm? for hippocampal sources and
~10 cm? for cortical sources.

2.3.2 | Resting-state data acquisition for simulation
The resting state MEG and HD-EEG trials were acquired from two dif-
ferent healthy subjects (Hedrich et al., 2017). These studies were
approved by the Research Ethics Board of the Montreal Neurological
Institute and Hospital and a written informed consent was signed by
all participants before the procedures. MEG: We acquired MEG in a
magnetically shielded room at the MEG center of the Montreal Neu-
rological Institute (MNI) using a 275-channel CTF system (MISL, Van-
couver, Canada) with a sampling rate of 1200 Hz. The participant was
seated and instructed to keep eyes open. Continuous head localiza-
tion was obtained using three localization coils attached to the nasion
and left and right peri-auricular points on each subject. The exact
position of the localization coils, as well as the shape of the head of
the subject, were digitized with a 3D Polhemus localizer for subse-
quent coregistration with the anatomical MRI. The co-registration was
done using the skin surface segmented from a high-resolution
T1-weighted MRI acquired on the same subject at the MRI center of
the MNI. The iterative closest point algorithm implemented in Brain-
storm (Tadel et al., 2019) was used to ensure accurate coregistration
between the skin mesh segmented from the MRI and the head shape
digitized using the 3D Polhemus localizer, to estimate a rigid transfor-
mation matrix (3 rotations, 3 translations). HD-EEG: HD-EEG was
recorded using a 256-electrode EGI system (Magstim Electrical Geo-
desics Inc., Eugene, OR) with a sampling rate of 1000 Hz. A high-
resolution T1-weighted MRI was acquired on the same subject using
the scanner located at the MNI. Co-registration was done using indi-
vidual T1 MRI and EEG sensor positions estimated using the Geodesic
Photogrammetry System (GPS, Electrical Geodesic Inc., Eugene, OR)
(Hedrich et al., 2017). The same coregistration approach employed for
MEG was applied to HD-EEG and MRI.
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2.3.3 | Data preprocessing

The selected data were investigated to remove artifacts from eye
blinks and muscle activity. Cardiac artifact and eye movement artifacts
were removed from HD-EEG and MEG using Signal Space Projection
method (Uusitalo & limoniemi, 1997). The preprocessing included
applying a bandpass filter between 0.3 and 70 Hz, a notch filter at
60 Hz, noisy channels removal, and downsampling to 600 Hz. For
MEG, the third-order gradient compensation was also applied. A total
of 105 segments each lasting 0.7 s were extracted from the clean
MEG data. A total of 50 segments of 0.7 s were extracted from the
clean HD-EEG data. These segments were selected to be added as
background realistic noise to simulated epileptic spikes.

2.4 | IEDs from patients with focal epilepsy

For patients' data, both MEG and HD-EEG studies were approved by
the Research Ethics Board of the Montreal Neurological Institute and
Hospital and a written informed consent was signed by all participants
before the procedures.

MEG: MEG from 14 patients with focal epilepsy (7 F; mean age,
31.4 £ 11.0Y, 8 mesial temporal) were acquired in supine position on
the same 275-channel CTF system as mentioned in Section 2.3.2 at
1200 Hz sampling rate. MEG data were acquired between 2008 and
2018 for presurgical evaluation (see Table S1). We included patients
for whom at least five IEDs were marked by visual inspection and
enough clinical information was available to estimate a reasonable
ground truth (by C.A and V. R). MEG was performed with the patient
lying down in a supine position, lasting ~1 h (10 runs of é min each).
HD-EEG: The HD-EEG patient cohort included 16 patients (7 F; mean
age, 33.6 £ 10.9 Y, 9 mesial temporal) with drug-resistant focal epi-
lepsy who underwent 24-48 h long HD-EEG recordings (83 elec-
trodes, sampling 1000 Hz) during presurgical evaluation at the MNI
epilepsy unit between 2019 and 2022 (see Table S2). The HD-EEG
dataset was part of another study published by our group (Avigdor
et al., 2024). HD-EEG was performed using the Nihon Koden system
(Tokyo, Japan) using 83 collodion glued electrodes (10-10 EEG sys-
tem). Note that we used a different HD-EEG system (256-electrode
Magstim EGI system) for recording background activity from healthy
participants. Co-registration for MEG and HD-EEG with correspond-
ing anatomical MRI was done as described in Section 2.3.2. Prepro-
cessing of data included: bandpass filtered between 0.3 and 70 Hz,
notch filter at 60 Hz, downsampling to 600 Hz and removal of chan-
nels with artifacts by visual inspection. EEG data were analyzed using
average reference montage.

Marking of IEDs and clinical ground truth: IEDs were visually
marked by a board-certified epileptologist (MEG: C.A. and V.R., HD-
EEG: C.A and B.F.). The number of IEDs marked for each patient is
summarized in Tables S1 and S2. We analyzed the average IED for
each patient, considering a 200 ms window around the peak of the
IED. To quantify the accuracy of source imaging, the presumed clinical

ground truth for each patient was drawn as a region on the cortical

surface (including the hippocampus) using all clinical information
available from presurgical evaluation with long-term video EEG moni-
toring, anatomical MRI, fluorodeoxyglucose-positron emission tomog-
raphy, neuropsychological evaluation, intracranial EEG results or
surgical cavity drawn using pre- and post-surgical MRI for patients
who became seizure-free (for MEG), varying based on the availability
of the information. Our evaluation was therefore performed based on
a semi-quantitative definition of the presumed ground truth, as
reported in our previous studies (Pellegrino et al., 2018; Pellegrino,
Xu, et al., 2020).

2.5 | Source space and forward model estimation
Brain segmentation and reconstruction of the white/gray matter
interface for the cortex were obtained using recon-all from FreeSurfer
software package (Dale et al., 1999). The subcortical structures were
also segmented using FreeSurfer. The subsequent analysis to create
the source model and forward model was conducted in Brainstorm
(Tadel et al., 2011). We considered the cortical mesh of the middle
layer which is equidistant from the white matter and pial surfaces con-
sisting of ~300,000 vertices. We included the two hippocampi from
the subcortical structures. Each hippocampus consisted of ~3000-
4000 vertices (depending on the subject anatomy). For both the cor-
tex and the hippocampus, the sources were located on the surface of
the structures with a fixed orientation orthogonal to the surface at
each point. Then we merged the cortical and hippocampal surfaces
and downsampled the source space to ~8000 vertices. This resulted
in ~4 vertices/cm? on the cortical and the hippocampal surface. A uni-
form density of vertices was used for both surfaces for simulations of
single source generators and patients' data. Only for the simulations
of mixed sources in MEG (Section 2.3.1), we used a source model
where the density of vertices was double in the hippocampus (~8 ver-
tices/cm?). The reason was to generate higher SNR simulations in the
hippocampus while keeping other simulation parameters similar com-
pared to single source simulations. Once our source space was
defined, the forward model was computed using OpenMEEG soft-
ware using a 3-layer Boundary Element model (BEM) (Kybic
et al., 2005) consisting of brain, skull, and scalp surfaces with conduc-
tivity values of 0.33, 0.0165, and 0.33 S m™?, respectively (Zhang
et al., 2006).

2.6 | Validation metrics

The performance of three source imaging methods (c(MEM, cMEM,,
and MNE,) was assessed using the following three validation metrics:
(i) Area Under the ROC Curve (AUC): A detection accuracy index to
assess the sensitivity to the spatial extent of the sources in the con-
text of distributed sources model (adapted by Grova et al. (2006) for
the specific problem of EMSI validation while allowing unbiased esti-
mates, more details provided in Chowdhury et al. (2013)). (i) Dpin: the

minimum distance localization error was the Euclidean distance in mm
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from the maximum of the map to the closest vertex belonging to the
ground truth. When this maximum was located inside the simulated
source, Dyin was set to 0 mm (Hedrich et al., 2017). (iii) Spatial disper-
sion (SD): the SD metric measured the spatial spread (in mm) of the
localization around the Ground Truth. To estimate SD, we considered
the root mean square of the square of the distance from the esti-
mated source to the ground truth weighted by the energy of the
source localization map at each vertex (Hedrich et al., 2017). For each
IED, we estimated those metrics at the peak of the IEDs for simula-
tions, and at the midpoint of the rising spike for patients' averaged
IEDs. We assessed AUC, SD, and D, of each simulated source as a
function of the eccentricity of the source, defined as the mean of the
distance between all the vertices in the ground truth and the center
of the head. Deep sources have therefore low eccentricity and super-
ficial sources have high eccentricity. We applied the non-parametric
Friedman test to compare the three source imaging methods (Durbin-
Conover test for pair-wise comparisons, p value corrected for multiple
comparisons using Bonferroni). Similar analyses were also performed
to evaluate WMEM and wMEM,, methods, results are reported in the
Data S1.

3 | RESULTS

3.1 | Simulation of single epileptic source: MEG
Figure 2 summarizes the performance of our three validation
metrics—AUC, SD, and D, for cMEM, cMEM,,, and MNE,, estimated
for 300 MEG simulations with spatial extent SE = 3 (11.8 + 2.1 cm?)
and SNR = 2 (11.6 + 5.4 dB). Figure 2d shows the average eccentric-
ity values for those 300 generators. In Figure 2, the metrics are shown
as colormap for 300 generators, where all the vertices within a gener-
ator are represented by one color associated with the value of the
corresponding metric. The AUC values were overall improved when
considering cMEM,, in comparison to cMEM, especially in mesial
regions. cMEM,, performances in terms of SD and D, were also
improved in deeper regions when compared to cMEM. Both cMEM
and cMEM,, exhibited smaller SD values when compared to MNE,,.

The improvement in localization for deep sources by cMEM,
compared to cMEM is more clearly presented in Figure 3, which illus-
trates that cMEM,, improved the localization mostly on the medial
side (deep sources) without or with minimal worsening of the localiza-
tion in the lateral and superficial regions. The statistical comparisons
for these maps are presented in Figure 4 for deep sources and
Figure S5 for superficial sources.

Figure 4a presents the detailed distributions of validation metrics
AUC, SD, and D, as a function of eccentricity for the 300 MEG sim-
ulations shown in Figures 2 and 3. Similar to Figure 3, Figure 4 shows
that the localization improved for regions with low eccentricity
(0-60 mm, deep sources). We compared the metrics for cMEM,,
cMEM and MNE, for regions with eccentricity <60 mm (Figure 4b1,
b2, b3). The localization for those regions was significantly improved
by cMEM,, compared to cMEM in terms of AUC, SD and Dpin

(p <.001, AUCmemMo-cvem: 0.14 £0.11, SDcMvEM-cMEMo: 3.9 £
2.8 mm, Dmingvem-cMemo: 3-1 £ 3.3 mm), the effect being reported as
median + median absolute deviation of the difference between
cMEM,, and cMEM. Compared to MNE,, the localization was also
significantly improved by cMEM,, in terms of AUC and SD (p < .001,
AUC MEMo-MNEo: 0.11 £ 0.07, SDMNEw-cMEMe 19.5 £ 5.6 mm). Dy, by
cMEM,, was also improved when compared to MNE,, but did not pass
the significance threshold (DminyNEe-cMEMe: 0.3 £ 7.6 mm).

For regions with eccentricity >60 mm (Figure S5), the AUC and
Dpin for ctMEM,, were overall similar to cMEM (AUC MmeMo-cMEM:
—0.01 £0.02, DmincmeM-cMEMe: 0.0+ 0.0 mm). The SD was
slightly worsened by cMEM, when compared to cMEM (p < .001,
SDcMEM-cMEMo: —2.9 £ 1.8 mm). However, the SD was significantly
improved by cMEM,, compared to MNE,, (p < .001, SDMNEw-cMEMo:
23.8+ 5.3 mm). In terms of SD, both cMEM and cMEM,, were still
largely significantly lower than MNE,, (p < .001, SDmNEe-cmem: 26.0 +
4.9 mm). The lowest median D,,, was found for MNE,, however, it
was not significantly lower than ctMEM,,. See also Figures S6-S16
for 2400 MEG simulations with other combinations of SE and SNR.
Similar improvement by cMEM,, was found compared to cMEM and
MNE,, for all combinations.

Figure S17 presents the distribution of AUC, SD, and D,,, for
300 MEG simulations as a function of eccentricity for cMEM,, for five
different values of depth weighting parameter o (o = 0.1, 0.3, 0.5,
0.7, and 0.9). As o increases, the localization accuracy for deep
sources improves. However, for higher o values, localization for
superficial sources deteriorates, as observed in SD for = 0.7, 0.9,
and in AUC, SD, and D, for ® = 0.9.

3.2 | Simulation of mixed sources in the
hippocampus and the neocortex in MEG

Figure 5 shows an example simulation of a complex or mixed source
scenario, the first simulated generator is in the hippocampus (peak at
358 ms) and is followed by another generator along the lateral tempo-
ral cortex after a 15 ms delay (peak at 373 ms), mimicking a situation
likely occurring in patients with mesial temporal lobe epilepsy. We cal-
culated the metrics at 358 ms for the hippocampus and at 373 ms for
the neocortex, considering the two sources are independent. We con-
sidered the whole cortex when estimating the metrics for both
sources. For the hippocampal source, cMEM,, localized the generator
whereas cMEM failed, as reflected by AUC, SD and D,;,. The metrics
by ctMEM and ctMEM,, were (cMEM/cMEM,): AUC:0.38/0.74, SD:
25.9 mm/20.2 mm, Din: 25.3 mm/24.9 mm. The metrics for MNE,,
for the hippocampal source were: AUC: 0.71, SD: 34.5 mm, Dpn:
23.5 mm. For the superficial source at 373 ms, both cMEM and
cMEM,, localized the generator. The metrics for cMEM and cMEM,,
were (C(MEM/cMEM,)): AUC:0.93/0.90, SD: 12.2 mm/15.3 mm, D in:
0 mm/0 mm. The metrics for MNE, for the superficial source were:
AUC: 0.81, SD: 28.8 mm, D,i: O mm.

Figure 6 summarizes the metrics for 100 simulations of mixed

sources, following a complex scenario similar to the one illustrated
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FIGURE 2 (a) AUC, (b) SD, and (c) Dy, for three source imaging methods are shown on the cortical surface at the locations of 300 simulated
sources in MEG. The average eccentricity values for those 300 generators are shown in (d). Each parcel is one simulated source with the color
representing the metric value associated with it. Regions where no sources were generated are shown as grey. When there was overlap between
sources, a line was superimposed on the new color to illustrate the overlap from the previous source. Increases in AUC and decreases in SD and
Dpin by cMEM,, were observed mostly for the medial regions, whereas cMEM,, and cMEM presented similar performances for superficial sources.
Brain maps are shown for six views: right lateral, left lateral, right medial, left medial, hippocampi top, and hippocampi bottom.

in Figure 5. The first column shows the AUC, SD, and D, at MNE,, (p <.001, AUCmeMo-cmem: 0.26 £ 0.08, AUC MmEMo-MNEo:
358 ms for the source simulated in the hippocampus. AUC and SD 0.11 £ 0.09, SD(MEM-cMEMe: 4.3 £ 2.6 mm, SDMmNEo-cMEMo: 17.6
were significantly improved by cMEM,, compared to cMEM and + 6.2 mm). Dy, Was significantly improved by cMEM,, compared to
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FIGURE 3 The differences in AUC, SD, and Dy, between cMEM,, and cMEM (cMEM,, - cMEM) are shown on the cortical surface at the
locations of 300 simulated sources in MEG. Increases in AUC and decreases in SD and D, (warmer color) were observed mostly for the deeper
regions. Regions where no sources were generated are shown as grey. When there was overlap between sources, a line was superimposed on the
new color to illustrate the overlap from the previous source. Brain maps are shown for six views: right lateral, left lateral, right medial, left medial,

hippocampi top, and hippocampi bottom.

cMEM (p <.001, DmincmeM-cMEMo: 3.3 £ 3.3 mm). Compared to
MNE,, Dnin was also significantly improved by cMEM,, (p < .05,
DminuNEe-cMEMo: 5.2 £ 8.1 mm).

For the neocortical generator simulated at 373 ms, cMEM,,
showed similar AUC but slightly decreased SD compared to cMEM
(AUCmEMo-cmem: 0.01 + 0.03, SDcmem-cMEMe: —1.7 + 2.6 mm). Both
cMEM and cMEM,, showed improved AUC and SD compared to
MNE,, (p < .001, AUCMmEMo-MNEw: 0.09 + 0.05, AUC MEM-MNEo: 0.06
+ 0.06, SDMNEw-cMEMo: 20.6 = 5.1 mm, SDuNEe-cmem: 21.5 £ 5.3 mm).
Dmin Was slightly improved in ctMEM,, compared to cMEM (p < .01,
Dmincvem-cMeMe: 0.0 £ 2.8 mm). Similar D,;, was found for cMEM,,
and MNE,, (DminmnEs-cMEMo: 0.0 £ 3.7 mm).

3.3 | Simulation of single epileptic source: HD-EEG

Similar to the MEG results in Figure 3, Figure 7 shows the improve-
ment in AUC, SD and D, for 300 EEG simulations of epileptic

activity (SE = 3, SNR = 2). The HD-EEG equivalent of Figure 2 is
shown in Figure S18. Figure 7 illustrates that HD-EEG localization
improved mostly on the medial side (deep sources) without or with
minimal worsening of the localization in the lateral and superficial
regions.

Figure 8 presents the metrics as a function of eccentricity for
the 300 HD-EEG simulations (SE = 3 and SNR = 2), showing that
the localization accuracy improved with cMEM,, for regions with
low eccentricity (deep sources, eccentricity <45 mm). The eccen-
tricity threshold was chosen based on the results from 2700 HD-
EEG simulations where the localization accuracy from cMEM and
cMEM,, started to converge at ~45 mm, (Figures 8 and S19-S21).
For MEG, this threshold was ~60 mm. We summarized the results
from cMEM, cMEM,, and MNE, as boxplots for regions with
eccentricity <45 mm (Figure 8) and regions with eccentricity
>45 mm (Figure 522).

For sources with eccentricity <45 mm, the localization was signifi-

cantly improved by cMEM,, in terms of all three metrics compared to
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Improvement in localization by depth weighted cMEM: MEG
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For 300 MEG simulations at SE = 3 and SNR = 2, the plot of AUC (a1), SD (a2), and D, (a3) as a function of eccentricity for

cMEM, cMEM,, and MNE,,. The comparison of the three methods is summarized for AUC (b1), SD (b2), and D, (b3) for 99 (out of 300) sources
with an eccentricity of <60 mm. On each boxplot, the central mark indicates the median, and the bottom and top edges of the box indicate the
25th and 75th percentiles, respectively. If the groups are statistically different after post-hoc analysis, the significance levels are shown as:

***p <.,001, **p < .01, and *p < .05.

cMEM (p < 001, AUCcMEMw-CMEM: 0.05+ 003, SDCMEM-CMEMw: 24
+2.8 mm, Dmincgvem-cMEMo: 5.5 5.0 mm) and MNE, (p <.001,
0.20 + 0.05, 17.1 £ 3.2 mm,

DminMNEm_CMEMw: 11.8 + 10.0 mm)

AUCMEMo-MNEw:! SDMNEw-cMEMo:

For regions with eccentricity >45 mm (Figure 522), AUC and Dy,
for cMEM,, were similar to cMEM (AUC meme-cmem: 0.00 £ 0.02,

Dmincmem-cMeMe: O £ 0 mm). In terms of SD, cMEM, worsened

slightly but significantly compared to cMEM (p < .001, SDcMmEM-cMEMo:
—2.1 £ 1.1 mm). On the other hand, AUC and SD for cMEM _ were sig-
nificantly improved compared to MNE,, (p <.001, AUCMEMo-MNEo:
0.13 £ 0.05, 13.3+£3.8mm). Even if we
observed slight worsening of cMEM,, compared to cMEM for SD

SDMNEw-cMEMo:

(SDcMEM-cMEMo: —2.1 = 1.1 mm), SD values remained low for both
cMEM and cMEM,, when compared to MNE,, (SDmNEw-cmMem: 15.2 £
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FIGURE 5 Example of two
simulated generators first in the
hippocampus (a) and then in the
lateral neocortex after 15 ms
delay (b). Three source imaging
methods were applied to the
averaged interictal epileptic
discharges. The surface of the
hippocampus is included in the
source model (and presented in
the figure as separate
structures). The metrics AUC,
SD, and Dy, were calculated at
358 ms (peak of the source in
the hippocampus) and at

373 ms (peak of the neocortical
source). The scale is different
for the three methods but
source maps have been
interpreted relatively for each
method.

3.0 mm, SDMmNEow-cMEMo: 13.3 £ 3.8 mm). In terms of D,,,, all three
methods exhibited similar accuracy (Dminguvem-cMeme: 0-0 £ 0.0 mm,

DMinpmNEs-cMEMo: 0.0 £ 3.8 mm,  Dmincvem-mnes: 0.0 = 1.8 mm).

(a) Simulated generator in the hippocampus (peak at 358 ms)
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See also Figures S23-S30 for 2400 HD-EEG simulations with other
combinations of SE and SNR. Similar improvement by cMEM,, was

found compared to cMEM and MNE,, for all combinations.
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Simulated mixed generators in the hippocampus and the neocortical regions at 15 ms delay
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FIGURE 6 Source imaging for 100 simulations of mixed generators in the hippocampus and the ipsilateral neocortex after 15 ms delay. AUC,
SD, and D, are calculated separately for each generator at the peak of the spike (358 ms for hippocampal generator and 373 ms for neocortical
generator). On each boxplot, the central mark indicates the median, and the bottom and top edges of the box indicate the 25th and 75th

percentiles, respectively. If the groups are statistically different after post-hoc analysis, the significance levels are shown as: ***p < .001, **p < .01,

and *p < .05.

3.4 | Evaluation on clinical MEG/HD-EEG data
from patients with focal epilepsy

MEG: Figure 9a shows an example of MEG source localization for a
patient with mesial temporal lobe epilepsy. The source imaging
methods were applied on an averaged IED (number of IEDs: 16, sensor
level SNR at the peak: 30 dB). The metrics were calculated at the mid-
point of the rising phase of the spike (—10 ms, sensor level SNR at
—10 ms: 26 dB). cMEM was not able to localize the underlying hippo-
campal generator, whereas the depth-weighted methods, cMEM,, and
MNE,, could localize this deep generator during the rising phase of
the averaged IED. The metrics for cMEM/cMEM,, were: AUC:
0.43/0.79, SD: 21.7/16.6 mm and D,»: 18.3/10.6 mm. The results
for MNE,, were: AUC: 0.76, SD: 27.5 mm, Dp,in: 13.0 mm. All three
methods mainly retrieved the propagated activity within temporal
neocortical regions. Figure 9b compares the metrics for three source
imaging methods in MEG for eight patients with mesial temporal lobe

epilepsy, where the clinical ground truth involved the mesio-temporal
structures including the hippocampus. The sensor level SNR of the
averaged IEDs were 22.7 + 6.6 dB at the peak and 20.33 + 7.05 dB at
the midpoint of the rising phase of the spike. The localization was sig-
nificantly improved by cMEM,, compared to cMEM in terms of AUC,
SD (AUCcmeEMo-cmMem: 0.19 £0.04, SDcMeEM-cMEMo: 4.9 £ 0.3 mm,
p <.001) and Dyin (DMiNcMmEM-cMEMo: 7-6 £ 6.3 mm, p < .05). Com-
pared to MNE,, cMEM,, improved the localization significantly in
terms of AUC (p <.05, AUC.memMo-MNEs: 0.13+£0.04) and SD
(p < .001, SDMNEw-cMEMo: 11.7 £ 1.7 mm). The median D, was lower
for cMEM,, compared to MNE,, (DminpnEw-cMEM: 0.0 £ 2.8 mm), but
not statistically significant.

Figure S31a summarizes the metrics estimated for 14 patients
including the mesial temporal cases and also other superficial cases.
The sensor level SNR of the averaged IEDs were 24.0 + 7.7 dB at the
peak and 20.7 + 7.4 dB at the midpoint of the rising phase of
the spike. Overall improvement by cMEM,, was observed compared
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FIGURE 7 The differences in AUC, SD, and D, between cMEM,, and cMEM (cMEM,, - cMEM) are shown on the cortical surface at the
locations of 300 simulated sources in HD-EEG. Increases in AUC and decreases in SD and D, (presented warmer color) were observed mostly
for the deeper regions. Regions where no sources were generated are shown as grey. When there was overlap between sources, a line was
superimposed on the new color to illustrate the overlap from the previous source. Brain maps are shown for six views: right lateral, left lateral,

right medial, left medial, hippocampi top and hippocampi bottom.

to cMEM (not statistically significant). Compared to MNE,, cMEM,,
slightly improved the localization in terms of AUC (not statistically sig-
nificant) and SD (p < .001). The lowest median of D, was found for
MNE,, when compared to cMEM and cMEM,,. We also verified that
the improvement brought by depth weighting was not dependent on
the overall quality of the ground truth data, when comparing results
between the seizure-free group and the other group for both MEG
and HD-EEG data (see details in the Data S2).

HD-EEG: Figure 10a presents an example of HD-EEG source locali-
zation for a patient with mesial temporal lobe epilepsy. Unlike the MEG
result shown in Figure 9a, cMEM could localize the hippocampal genera-
tor for HD-EEG. cMEM,, improved the localization compared to cMEM
in terms of AUC, SD and Dg,. The metrics for cMEM/cMEM,, were:
AUC: 0.60/0.67, SD: 21.0/15.6 mm and Dyin: 30/0 mm. The results for
MNE,, were: AUC: 0.36, SD: 47 mm, Din: 30 mm.

Figure 10b shows the boxplots summarizing the metrics for
cMEM, cMEM® and MNEw for nine patients with mesial temporal
lobe epilepsy, for which the ground truth involved the mesio-temporal

structures that include the hippocampus. The sensor level SNR of the
averaged |IEDs were 28.60 + 4.95 dB at peak and 26.92 + 5.88 dB at
the midpoint of the rising phase of the spike. cMEM,, significantly
improved the localization compared to cMEM in terms of AUC
(p <.001, AUC MmEMe-cmem: 0.04 = 0.01) and SD (SDcmeM-cMEMa: 2.9
+ 0.7 mm). Dy, was also improved by cMEM, compared to cMEM
(DMingmeM-cMEMo: 0-4 £ 1.1 mm) but not statistically significant. Com-
pared to MNE, cMEM, provided improved AUC (p < .001,
AUCMEMo-MNEw: 0.10 £0.03), SD (p <.001, SDmNEw-cMEMe: 16.0

+ 3.2 mm) (DMiNMNEo-cMEMo: 3.2

and slightly improved Dpin
+ 5.2 mm, not statistically significant).
Figure S31b summarizes the metrics for all 16 HD-EEG
patients including mesial temporal cases and other extra-
temporal cases. The sensor level SNR of the averaged IEDs
were 28.09 + 4.40 dB at the peak and 25.40 + 5.00 dB at the mid-
point of the rising phase of the spike. Overall improvement by
cMEM,, was observed compared to cMEM (not statistically signifi-

cant). Compared to MNE,, cMEM,, significantly improved the
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Improvement in localization by depth weighted cMEM: HD-EEG
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For 300 HD-EEG simulations at SE = 3 and SNR = 2, the plot of AUC (al), SD (a2), and D, (a3) as a function of eccentricity for

three source imaging methods. The comparison of the three methods is summarized for AUC (b1), SD (b2), and Dy, (b3) for 56 (out of 300) deep
sources with an eccentricity <45 mm. For each boxplot, the central mark indicates the median, and the bottom and top edges of the box indicate
the 25th and 75th percentiles, respectively. If the groups are statistically different after posthoc analysis, the significance levels are shown as:

***p < 0.001, **p < 0.01, and *p < 0.05.

localization in terms of AUC (AUC.meMo-MNEo: 0.11 £ 0.06), SD
(SDMNEo-cMEMo: 167 £6.0mm)  and  Dpin  (DMiNvNEe-cMEMo
3.0 £ 9.0 mm).

3.5 | Depth-weighted wWMEM

Similar to cMEM, depth weighting improved the localization for deep
sources for WMEM method as well. Figure S32 shows the metrics
AUC, SD and D, as a function of eccentricity for the 300 MEG simu-
lations presented in Figure 4, but also this time considers WMEM and

its depth weighted implementation, WMEM,,. Overall, the findings for
WMEM versus wMEM,, were similar to cMEM versus cMEM,,.
Detailed statistical comparisons are presented in the Supplementary
material (section S1, Figures S32 and S33). We also provided wMEM
results as a function of eccentricity for all combinations of SE and
SNR levels for MEG simulations in Figures S34-S36 and HD-EEG sim-
ulations in Figures S37-S39. For all combinations of MEG and HD-
EEG, similar trends were found as described in Figures S32 and S33.
We decided not to provide detailed statistical comparisons for WMEM
results for other combinations of HD-EEG and MEG simulations. Our
results were overall similar to the ones reported in Figures S32 and
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(a) Source localization of averaged MEG spike (averaged 16 spikes)
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MEG source imaging methods for 8 patients with mesial temporal lobe epilepsy
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FIGURE 9 (a) Example of a MEG patient with mesial temporal lobe epilepsy. The source imaging methods were applied to the average of

16 selected interictal epileptic discharges. The surface of the hippocampus is

included in the source model (shown as separate structures). The

metrics AUC, SD, and D,,;, were calculated at the midpoint of the rising phase of the spike (—10 ms). The scale is different for the three methods,
but source maps are interpreted relatively for each method. (b) Comparison of the MEG source imaging methods in terms of the validation metrics

AUC, SD and D, for eight patients with mesial temporal lobe epilepsy. Each

boxplot represents metrics from one source imaging method. On each

boxplot, the central mark indicates the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. If the
groups are statistically different after post-hoc analysis, the significance levels are shown as: ***p < .001, **p < .01, and *p < .05.

S33, suggesting that depth weighting also improved the ability of
WMEM to localize deep generators, while preserving good accuracy
when localizing superficial generators, which could be of great interest
when localizing specific oscillations using this wavelet extension of
MEM framework.

4 | DISCUSSION

In this study, we proposed a depth-weighted implementation of
cMEM for EEG/MEG source imaging to localize deep source activity

accurately, while maintaining cMEM's ability to recover the spatial
extent of the underlying generators for both deep and cortical genera-
tors. We assessed the ability of the depth-weighted method, cMEM,,
to localize simulated epileptic activity at different locations on the cor-
tical and hippocampal surface. Compared to cMEM and MNE as
benchmarks, the new version could estimate the deep generators
more accurately, without or with minimal worsening of the localiza-
tion for superficial regions. This was robust for HD-EEG and MEG, dif-
ferent spatial extents of the generator, and different SNR levels. A
similar improvement was found for the wavelet version of the MEM

method. We also demonstrated the utility of cMEM,, in localizing
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(a) Source localization of averaged EEG spike (averaged 28 spikes)
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FIGURE 10 (a) Example localization of HD-EEG source imaging methods for a patient with mesial temporal lobe epilepsy. The source imaging

methods were applied to an average of 28 interictal epileptic discharges. The surface of the hippocampus is included in the source model (shown
as separate structures). The metrics AUC, SD, and D,,,i, were calculated at the midpoint of the rising phase of the spike (—10 ms). The scale is
different for the three methods but source maps are interpreted in a relative manner for each method. (b) Comparison of the EEG source imaging
methods in terms of the validation metrics AUC, SD and D, for nine patients with mesial temporal lobe epilepsy. Each boxplot represents
metrics from one source imaging method. On each boxplot, the central mark indicates the median, and the bottom and top edges of the box
indicate the 25th and 75th percentiles, respectively. If the groups are statistically different after posthoc analysis, the significance levels are
shown as: ***p < .001, **p < .01, and *p < .05.
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EEG/MEG epileptic spikes from patients with mesial temporal lobe
epilepsy.

4.1 | Including hippocampus in the source model

The source model included the surface mesh of the cortex, with an
additional subcortical structure, the hippocampus. The sources were
located along the surface of the structures, with a fixed orientation
normal to the surface as proposed by Attal and Schwartz (2013) and
used in other studies (Calvetti et al., 2019; Meyer et al., 2017). Such
modeling is motivated by the morphological and organizational simi-
larity of the layer of the pyramidal cells in the hippocampus and neo-
cortex (Meyer et al., 2017). Other subcortical structures such as the
thalamus, amygdala, or brainstem can be modeled as a volume grid for
better anatomical approximation (Attal & Schwartz, 2013). Including
those structures in the volume grid would require handling parcella-
tion in both surface and volume for the MEM framework, which was
out of the scope of this study, as in MEM the parcellation is guided

along the surface in a geodesic manner.

4.2 | Depth-weighted cMEM improved localization
for deep sources

For MEG and HD-EEG simulations of epileptic activity involving dif-
ferent locations covering the whole brain, cMEM,, provided more
accurate localizations for deep sources than cMEM and MNE,. For
superficial regions, cMEM,, exhibited similar performance as cMEM in
terms of AUC and D, but worsened slightly the SD. Compared to
MNE,,, cMEM,, localizations for superficial regions were also better in
terms of AUC and SD, along with our previous findings comparing
non depth-weighted cMEM to MNE, (Chowdhury et al., 2013;
Chowdhury et al., 2016; Chowdhury et al., 2018). Although cMEM,,
slightly worsened the SD compared to cMEM (by ~3 mm), it still pro-
vided improved SD compared to MNE, (by ~24 mm in MEG
and ~ 14 mm for HD-EEG) and therefore excellent sensitivity to the
spatial extent of the generators.

Our simulation results showed that the cMEM,, was sensitive to
mesial sources, and we found rare spurious localization of deep struc-
tures when they were not simulated. MEG and HD-EEG source imag-
ing results were robust for all other combinations of spatial extent
and SNR levels. Compared to HD-EEG, we observed high variance in
SD and Dy, for MEG simulations and worsening of SD and D, for
some superficial regions (Figures S5 and S22 and Figures 3 and 7).
This was related to the lower level of sensor level SNR for MEG simu-
lations compared to HD-EEG. The sensor level SNR of the simulated
signal for MEG/HD-EEG is reflective of the sensitivity of the sensors
to different source locations and orientations. For instance, EEG is
more sensitive to radial and deep sources whereas MEG using gradi-
ometers is more sensitive to tangential and superficial sources
(Goldenholz et al., 2009; Kakisaka et al., 2013). This is also why the
improvement in MEG due to depth weighting was more pronounced

compared to HD-EEG (Figures 3 and 7). However, the low SNR of
MEG simulations also resulted from the simulation model used in this
study. As we used a uniform signal strength for all the vertices within
a patch, the generators that consisted of two opposite walls of the
sulcus would lead to more signal cancellation for MEG than EEG
(Chowdhury et al., 2015; Chowdhury et al., 2016). Therefore, several
MEG sources simulated in this study resulted in lower sensor level
SNR when compared to HD-EEG. This could explain the large vari-
ance observed in SD and D, in MEG localizations for both deep and
superficial sources even after applying depth weighting.

Although c¢MEM, improved localization accuracy for deep
sources compared to cMEM and MNE,, the localization accuracy was
still associated with source depth (i.e., lower accuracy for deeper
sources). This is consistent with the findings reported in previous
studies using EEG (Krings et al, 1999; Mikulan et al, 2020;
Unnwongse et al, 2023; Whittingstall et al, 2003) and MEG
(Chowdhury et al., 2015). Using simultaneously acquired HD-EEG and
intracerebral stimulation as ground truth, Pascarella et al. (2023) com-
pared 10 source imaging methods and explored different depth
weighting parameters. They found the lowest localization error (within
10 mm) was obtained for dipolar and sparsity-promoting localization
methods. Larger localization errors (mean ~ 15-20 mm) were found
for distributed source imaging methods such as the MNE,,, sSLORETA,
eLORETA (Pascual-Marqui et al., 2006) and Beamformer (Van Veen
et al, 1997), with large localization errors associated with deeper
sources, even after applying depth weighting. In our HD-EEG simula-
tions, we observed a similar range of localization error and SD for
MNE,, as reported by Pascarella et al. (2023). We found the lowest
localization error (4.8 + 6.8 mm) for cMEM,,. Both cMEM and ctMEM,,
provided much lower SD compared to MNE,, consistent with our pre-
vious studies (Chowdhury et al., 2013; Chowdhury et al., 2016; Pelle-
grino, Hedrich, et al., 2020) reporting the ability of the MEM method
to recover the spatial extent accurately. Pascarella et al. (2023) used
real intracerebral stimulations resulting in very focal generators asso-
ciated with high SNR, whereas we used realistic numerical simulations
involving spatially extended generators and different SNR levels.
Another important difference is we considered a fixed value of depth
weighting factor (o = 0.5) for cMEM,, and MNE,, in the whole study.
However, we also investigated the depth weighting parameter o for a
range of values: ® = 0.1, 0.3, 0.5, 0.7, and 0.9 for one set of 300 MEG
simulations (Figure S17). For deep sources, increasing the depth
weighting parameter o improved localization accuracy as expected,
but choosing higher @ values penalized the localization of superficial
sources. This observation aligns with Pascarella et al. (2023), who
investigated different depth weightings between 0 and 5 in MNE,
Mixed Norm Estimate (Gramfort et al., 2012), dSPM and Beamformer
for various sources and found optimal localizations with either @ = 0
or 1. This suggests that for superficial sources, ® = O would provide
the best localization, while for deep sources, ® = 1 would be optimal.
Without a ground truth, determining whether a source is superficial or
deep is unknown. Therefore, choosing o = 0.5 appears as a reason-
able compromise, whereas using O or 1 could potentially lead to com-

plete mislocalization of sources. Moreover, the depth weighting factor
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also depends on the sensitivity of the modality. For instance, Lin et al.
(2006) reported the best localization accuracy for MNE,, for a depth
weighting factor ranging from 0.6 to 0.8 for MEG, and from 2 to 5 for
EEG. Recently, in Cai et al. (2022), our group evaluated a range of o
when reconstructing functional Near-InfraRed Spectroscopy data
using cMEM,,, most accurate results were found for depth weighting
factors ranging between 0.3 and 0.5.

The simulations generated in this study were controlled to remain
within a realistic range. Most of the hippocampal IEDs were nearly
obscured by the background (as depicted in Figures S3 and S4). In
contrast to single simulations in MEG, for the mixture of cortical and
hippocampal sources, we intentionally applied a higher SNR for the
hippocampus to highlight that even with a good SNR signal, the stan-
dard cMEM failed to localize accurately to the hippocampus. In sce-
narios with very low SNR, none of the methods would be able to
effectively localize deep sources when they are obscured by the
superficial component. However, this limitation would be due to
the low SNR of deep sources rather than the methods themselves.

We also demonstrated the applicability of cMEM,, by evaluating
the source localization of actual IEDs from patients with focal epi-
lepsy. For the patients with mesial temporal lobe epilepsy, localization
was significantly improved by cMEM,, compared to cMEM and MNE,,.
The MEG localizations of IEDs by cMEM were almost blind to the
deep hippocampal or the mesial part of the sources. Depth weighting
was necessary to localize these hippocampal sources during the rising
phase of the spike. In contrast, HD-EEG localizations by cMEM were
still behaving better (when compared to MEG) and some activity in
the hippocampus and other deep regions was localized with cMEM,

but incorporating depth weighting improved the localization accuracy.

43 | Complex simulations involving mesial and
neocortical sources

It is evident from simultaneous recording of scalp EEG/MEG and
intracerebral EEG that the IEDs generated in deep mesial structures
are hardly observable (often missed during visual interpretation) from
scalp measurements when confined to mesial structures only
(Merlet & Gotman, 1999). The spikes generated from mesial struc-
tures are more detectable on the sensors when they propagate and
involve the activation of neocortical sources (Koessler et al., 2015;
Merlet & Gotman, 1999). To mimic such concurrent activation of
mesial plus neocortical interictal spikes, we simulated complex epilep-
tic spikes on MEG, including the first generator at the hippocampus
propagating to a second generator on the temporal neocortex after
15 ms. We only ran these simulations for MEG, not HD-EEG, because
it was more difficult for MEG data acquired with gradiometers to
localize deep sources without depth weighting, when compared
to our HD-EEG results. We considered source imaging at the peak of
the hippocampal sources, which corresponded approximately to the
midpoint of the rising phase of the spike we used when localizing clin-
ical data. Compared to cMEM and MNE,, cMEM,, was more accurate

when localizing the hippocampal source. cMEM could not localize the

hippocampal source, mistakenly placing it on the lateral neocortex.
cMEM,, localized the source in the hippocampus, but also exhibited
spurious localizations on the lateral neocortex, reflected by a large
localization error (~20 mm) and SD (~25 mm). MNE, also showed
this spurious localization on the lateral neocortex reflected by large
localization error (~28 mm) and spatial spread (SD: ~48 mm). For
superficial regions, localizations by both MEM methods were more
accurate than MNE,, in terms of AUC and SD, not in terms of Dy, as
we previously reported (Hedrich et al., 2017).

Although cMEM,, was more accurate than cMEM in localizing the
deep hippocampal activity, the maximum activity was mostly found on
the lateral cortex (see D,;, in Figure 6). This activation in the lateral cor-
tex was also contributed by the simulation of the neocortical generator
that already started at that point. However, we also observed spurious
activity on the lateral neocortex for the single sources simulated in the
hippocampus only, which was reflected by high SD. Thus, the challenge
to completely disentangle the mesial from neocortical sources remains
(Benar et al., 2021; Krishnaswamy et al., 2017), even if depth weighting
shows improved accuracy in localizing deep generators. Independent
component analysis (ICA) based source separation techniques could be
employed to disentangle deep versus superficial sources (Pizzo
et al., 2019). However, ICA-based approach has been found to worsen
MEG source localization accuracy for interictal activity and is suggested
to be applied with caution (Pellegrino, Xu, et al., 2020).

44 |
activity

Sensitivity of EEG/MEG sensors to deep

As the simulations for MEG and HD-EEG were implemented using
background activity and anatomical head models from two different
subjects, it was difficult to compare different source localization
methods between these modalities directly. However, MEG was
found overall less sensitive to deep sources than HD-EEG. One of the
main reasons is that we considered gradiometers only, whereas mag-
netometers have a higher sensitivity to deep sources, at the price of
more sensitivity to environmental noise (Malmivuo & Plonsey, 1995;
Parkkonen et al., 2009). Our results are therefore consistent with
studies using MEG gradiometers and suggesting that MEG is less sen-
sitive to deep sources (Agirre-Arrizubieta et al., 2009; Baumgartner
et al, 2000; Leijten et al., 2003; Shigeto et al., 2002; Wennberg
et al,, 2011). Few studies localizing subcortical activity using gradiom-
eters benefitted from evoked responses with large SNR data (Barry
et al,, 2019; Coffey et al., 2016; Taylor et al., 2011). In contrast, most
studies reporting that deep activity is indeed detectable by MEG, used
magnetometers (Dalal et al., 2013; Lopez-Madrona et al., 2022; Pizzo
et al, 2019; Plummer et al., 2019; Santiuste et al., 2008). Fusion of
EEG and MEG can also be exploited to recover some deep activity
which we previously demonstrated using cMEM (Chowdhury
et al., 2015; Chowdhury et al., 2018). Even though gradiometers are
less sensitive to deep sources, we showed that the proposed cMEM,,
method would be useful for localizing deep source activity, even for

gradiometers.
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4.5 | Depth-weighted WMEM

WMEM represents the data on the time-frequency domain, using dis-
crete wavelets, before applying MEM solver for localization. Since
discrete wavelets only consider the oscillatory part of the signal,
WMEM was therefore proposed as a method particularly adapted to
localize brain oscillations (Lina et al, 2012). The depth-weighted
WMEM (WMEMuw), the wavelet version of cMEM,, showed similar
improvement for MEG and HD-EEG simulations. Compared to
cMEM,,, wMEM,, results exhibited similar performances in terms of
AUC and Dy, but slightly larger SD values. We expect that WMEM
localization of epileptic spikes, mainly characterized by a transient
shape and not by oscillations, will often result in higher SD than
cMEM. The depth-weighted version of wMEM is more suitable for
the localization of resting state oscillations (Afnan et al., 2023), epilep-
tic burst activity, or high-frequency oscillations from deep sources
(Avigdor et al., 2021; von Ellenrieder et al., 2016) and oscillatory activ-
ity at seizure onset (Pellegrino et al., 2016).

4.6 | Limitations

One limitation of this study is that the MEG and EEG simulations
were generated using anatomical head models and background
recordings from different subjects, thus it was difficult to directly
compare these two modalities. Simultaneous recording of EEG and
MEG on the same subject would allow a comparison of the sensitiv-
ity of detecting deep source activity by EEG versus MEG. Moreover,
the ground truth used for patients was still semi-quantitative. Fur-
ther examination showed that the differences in localization
improvement by depth weighting between the seizure-free group
and the other group were not likely influenced by the quality of
ground truth and possibly by the number of patients with deep gen-
erators included in that group (see Data S2, Tables S1 and S2). Com-
parison of simultaneous scalp recording with intracranial EEG will be

considered in our future investigations.

5 | CONCLUSION

We proposed depth-weighted cMEM (cMEM,)) source imaging and
demonstrated that it improved the EEG/MEG localization of deep
sources compared to standard cMEM and depth-weighted MNE. We
validated this method using extensive MEG and EEG realistic
simulations of epileptic spikes, covering all brain regions including the
hippocampus. We demonstrated the improvement by cMEM,, in local-
izing deep brain activity, especially in a low SNR environment. Finally,
we showed that cMEM,, could localize the hippocampal activity more
accurately for patients with mesial temporal lobe epilepsy, in cases for
which standard cMEM would fail in recovering these deep generators.
It is notable that the localization of superficial sources was hardly
affected by depth weighting both for MEG and HD-EEG.
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APPENDIX A

A.1 | Coherent maximum entropy on the mean (cMEM)
The relationship between source amplitudes and EEG/MEG measure-

ments is expressed by the following linear model:

m(t) = Gj(t) +e(t) (A1)

m(t) is the g-dimensional measurement vector for EEG or MEG signal
at time t where g denotes the number of EEG/MEG sensors, j(t) is the
r-dimensional vector denoting current density of r dipolar sources at
time t and G is the lead field matrix with a dimension of g xr. e(t)
models an additive measurement noise at time t. We assume an ana-
tomical constraint that the dipoles are orientated orthogonally to the
surface of the cortex and hippocampus.

Within the MEM framework (Amblard et al., 2004), j denoting the
intensities of r dipolar sources is considered as a random variable
described by the probability distribution dp(j) =p(j)dj. To regularize

the inverse problem, we incorporate prior information on j in the form
of a reference distribution dv(j). The Kullback Leibler divergence or v-

entropy is defined by:

S.(eb) =~ [ tog (G0 ) ot = [ ) oa(f)a)  (A2)
i u(j) j

where f is a v-density of dp defined as dp(j) =f(j)dv(j). The v-entropy

S,(dp) measures the amount of information brought by the data with

respect to the prior dv. We introduce a data fit constraint as the set of

probability distributions on j that explains the data on average.

m— [GlI;][¢*" | =0.dp e Cu (A3)

where Cy; is the set of probability distributions on j that explains the
data on average, Eg[j] = J'Rj dp(j) is the mathematical expectation of j
with respect to the probability distribution dp and I, is a q x g identity
matrix. Among all the possible distributions of dp(j) that explain the
data m on average, MEM solution is derived from maximizing the
v-entropy (Amblard et al., 2004; Grova et al., 2006). More details on
MEM formulations are described in Chowdhury et al. (2016). The key
feature of this framework is a spatial prior model, assuming that brain
activity is organized within a set of K non-overlapping and indepen-
dent parcels. The reference distribution dv(j) for K parcels is defined

as a joint distribution:
dv(j) = dva (i )dva (i2)dva (s )--...dvic (i ) -----Avic (i) (A4)

The spatial parcellation used in MEM method uses a data driven
parcellation technique (Lapalme et al., 2006). Each parcel k is charac-
terized by an activation state Sy, which is a hidden state variable con-
trolling the activation of the parcel. The reference distribution for

each parcel is defined as:
dui(Jic) = [(1 — aw)8 (i) + oV (pge, Zic) (i)l (A5)

where a is the probability of the kth parcel to be active
(Prob(Sx =1)).  is a Dirac function which is used to switch off the
parcel when S, =0. N (=) is a Gaussian distribution of the intensi-
ties of the kth parcel, p; describing the mean and X, describing the
covariance of all the sources within that kth parcel.

In this study, we considered the “coherent” version of MEM, enti-
tled cMEM, originally introduced in Chowdhury et al., 2013 and fully
described in Chowdhury et al., 2016. The term “coherent” refers to
the fact that we are using a coherent spatial prior, that is, a data
driven parcellation in K parcels which is fixed along time, while the
probability of being active o, can evolve dynamically. In cMEM imple-
mentation, we also included local spatial smoothness within each par-
cel of the model.

Therefore, in cMEM, to initialize the spatial prior model, y, is set

to zero and X, is defined as follows:
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i (t) = mi () Wk (o) Wi (o) (A6)

where X (t) is the source covariance of parcel k at each time sample t,
W (o) is a spatial smoothness matrix which controls the local smooth-
ness within the parcel (¢ set to 0.6; Chowdhury et al., 2013; Friston
et al., 2008) and 7 (t) is defined as 5% of the energy of minimum norm
estimate (MNE) solution (Lin et al., 2006) of all the r, sources within
the parcel kth.

1 2.
i (t) :O'OSEZ,»E“JMNE("U (A7)

The MNE solutionj?MNE was calculated using:

n . .12 2 T -1
v = argmin ([m— i3, + i) = (6"%G+1T) G'Zqm (A8)

where X, is the inverse of the noise covariance, X is the inverse of the
source covariance (=1, an r xr identity matrix), and X is a hyper-
parameter to regularize the inversion. Standard L-Curve method was
used to estimate A.

After the reference distribution dv is initialized, the MEM solution
is finally obtained through an optimization of a convex function
obtained from the dual formulation of the maximum entropy principle
(Amblard et al., 2004; Chowdhury et al., 2013, 2016).

A.2 | Depth-weighted cMEM (cMEM,,)

We are introducing a new parameter for cMEM implementation.
Depth weighting within cMEM framework was first proposed and
implemented by Cai et al. (2022) for functional Near InfraRed Spec-
troscopy 3D reconstruction. Similarly to the depth weighting strategy
proposed for MNE (Lin et al., 2006), we introduced a location penalty
in the source covariance by scaling it with the forward model and thus
penalizing the superficial sources that exhibit larger amplitude and
enhancing the contribution from deep sources. This penalization was
tuned by the weighting parameter w. Therefore, @ =0.0 refers to no
depth weighting whereas increasing the value of @ would refer to
more contribution from deep sources.

Therefore, in cMEM,, depth weighting was implemented when
initializing the spatial prior. The parcels are initialized using the source
covariance of the parcel, X, (Equation Aé). The source covariance in
Equation A6 was weighted by the forward model of each vertex,
quantifying the influence of source depth, to a specific power w.
Therefore, following the method proposed and validated by Cai et al.
(2022), depth weighting was added at two levels:

1. To initialize the spatial prior model, we applied depth weighting in
the source covariance for each parcel, Zi(t),, as:

12}

i (1), = Ar ik () ,Wic(0) Wi (o) (A9)

where A,, is the depth weighting matrix defined as the diagonal matrix

of (GkTGk) m, where Gy is the gain matrix for ry sources in parcel k.

2. For ctMEM, 5, (t) was defined as 5% of the energy of MNE solution
of r, sources within the parcel k (Equation A7). In ctMEM,, we
replaced the MNE solution with the depth-weighted MNE solu-

tion. Equations A7 and A8 are modified as follows:

1 .
Mk(), =0.05- Twne, (i.t)° (A10)

ier

where ]\MNEA, is the depth-weighted version of TMNE in Equation A8,
where we used the diagonal of the source covariance matrix X,

weighted by the forward model, as follows:

s=1, (GTG> - (A11)

In this study, we considered a fixed depth weighting factor,
o =0.5 (zero would represent no depth-weighting) for the two levels
reported in Equations A9 and A11. This is different from Cai et al. (2022),
where they explored different pairs of weighting factors for
Equations A9 and A1l using realistic simulations of Functional Near-
infrared spectroscopy data and reported the best reconstruction accuracy
for ®=0.3 for Equation A9 and w=0.5 for Equation Al11l. In our
EEG/MEG study, ®=0.5 was chosen to be consistent with the
default value used in depth-weighted MNE (MNE,) implementation
for EEG/MEG source imaging in Brainstorm (Tadel et al., 2011). We
also explored o values ranging between 0.1 and 0.9 for one set of
MEG simulations and observed that higher o values enhanced the
localization of deep sources but adversely affected the localization of
superficial sources. Therefore, choosing » = 0.5 appeared as a reason-

able compromise.

A3 | Wavelet-based maximum entropy on the mean (WMEM)
WMEM is another version of MEM specifically designed to localize
brain oscillatory patterns. wMEM applies a discrete wavelet transfor-
mation (Daubechies wavelets) to characterize the oscillatory patterns
in the data before applying the MEM solver (Lina et al., 2012). In this
work, we are introducing a new parameter for wWMEM implementation
to allow depth weighting, resulting in the method wMEM,, with
w=0.5. wWMEM, method was validated using the same simulation
datasets as cMEM,, and MNE,, for localizing epileptic spikes. More
details on wMEM implementation can be found in Lina et al. (2012)
and Afnan et al. (2023).

In WMEM, the time expansion of data is substituted with a time-
scale representation. In terms of wavelet expansion, Equation A1 can
be written as:

dsp =GWsp +WSspy (A12)
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where ds,, Wsp, and wes, are the wavelet coefficients for the data,
the sources, and the measurement noise, respectively, for a particular
discrete time index n and scale s (s=1, 2, 3, ... with s=0 being the
sampling scale). Depth weighting is implemented for the step when
we initialize the spatial prior (as described for cMEM,,). The time-scale
representation of Equations A6 and A7 are:

Ee(5.1) = (5,1 Wi(0) Wi(o) (A13)

1
Mk(5,1) =005 e (5,n)° (A14)

ien

where X (s,n) is the source covariance of parcel k at a particular dis-
crete time index n and scale s. 7, (s,n) is defined as 5% of the energy
of MNE solution of all the sources (r,) within the parcel k for a particu-
lar discrete time index n and scale s. The MNE solution TMNE is calcu-

lated in time-scale domain as:

~ -1
i = argmin (s — GWo I3, + w5 3) = (624G +1E) G Eqd
(A15)

where X =1, an r x r identity matrix.

A4 | Depth-weighted WMEM (WMEM,,)

Similar to cMEM,,, the depth weighting was applied in wMEM at two
levels. First, we applied depth weighting in the source covariance for
each parcel, Z(s,n),, as:

®

2k (5.n),, = Ar i (5.:1),, Wi (o) Wi (o) (A16)

where A, is the depth weighting matrix defined as the diagonal
-
matrix of (GkTGk) , Where Gy is the gain matrix for ry sources in

parcel k. Second, we defined #,(s,n), as 5% of the energy of

the depth-weighted MNE solution, for which we modified
Equation A15 by using the diagonal of the source covariance matrix
X, weighted by the forward model (see Equation A11:
E:I,<GTG>7(U). Similar to cMEM,, we considered a fixed depth
weighting factor, @ = 0.5 for WMEM,, at the two levels described by

Equations A11 and A16.
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