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Non-invasive mapping of epileptogenic 
networks predicts surgical outcome

Ludovica Corona,1,2 Eleonora Tamilia,3 M. Scott Perry,1 Joseph R. Madsen,4 

Jeffrey Bolton,5 Scellig S. D. Stone,4 Steve M. Stufflebeam,6 Phillip L. Pearl5 

and Christos Papadelis1,2,7

Epilepsy is increasingly considered a disorder of brain networks. Studying these networks with functional connect
ivity can help identify hubs that facilitate the spread of epileptiform activity. Surgical resection of these hubs may 
lead patients who suffer from drug-resistant epilepsy to seizure freedom. Here, we aim to map non-invasively epi
leptogenic networks, through the virtual implantation of sensors estimated with electric and magnetic source 
imaging, in patients with drug-resistant epilepsy. We hypothesize that highly connected hubs identified non- 
invasively with source imaging can predict the epileptogenic zone and the surgical outcome better than spikes 
localized with conventional source localization methods (dipoles). We retrospectively analysed simultaneous 
high-density electroencephalography (EEG) and magnetoencephalography data recorded from 37 children and young 
adults with drug-resistant epilepsy who underwent neurosurgery. Using source imaging, we estimated virtual sen
sors at locations where intracranial EEG contacts were placed. On data with and without spikes, we computed undir
ected functional connectivity between sensors/contacts using amplitude envelope correlation and phase locking 
value for physiologically relevant frequency bands. From each functional connectivity matrix, we generated an un
directed network containing the strongest connections within sensors/contacts using the minimum spanning tree. 
For each sensor/contact, we computed graph centrality measures. We compared functional connectivity and their 
derived graph centrality of sensors/contacts inside resection for good (n = 22, ILAE I) and poor (n = 15, ILAE II–VI) out
come patients, tested their ability to predict the epileptogenic zone in good-outcome patients, examined the associ
ation between highly connected hubs removal and surgical outcome and performed leave-one-out cross-validation 
to support their prognostic value. We also compared the predictive values of functional connectivity with those of 
dipoles. Finally, we tested the reliability of virtual sensor measures via Spearman’s correlation with intracranial 
EEG at population- and patient-level. We observed higher functional connectivity inside than outside resection 
(P < 0.05, Wilcoxon signed-rank test) for good-outcome patients, on data with and without spikes across different 
bands for intracranial EEG and electric/magnetic source imaging and few differences for poor-outcome patients. 
These functional connectivity measures were predictive of both the epileptogenic zone and outcome (positive and 
negative predictive values ≥55%, validated using leave-one-out cross-validation) outperforming dipoles on spikes. 
Significant correlations were found between source imaging and intracranial EEG measures (0.4 ≤ rho ≤ 0.9, 
P < 0.05). Our findings suggest that virtual implantation of sensors through source imaging can non-invasively iden
tify highly connected hubs in patients with drug-resistant epilepsy, even in the absence of frank epileptiform activity. 
Surgical resection of these hubs predicts outcome better than dipoles.
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Introduction
Epilepsy is the most frequent chronic neurological condition affect
ing ∼50 million people worldwide including children (0.5–1%) and 

young adults.1,2 Approximately 20–30% of these patients are unable 

to control their seizures with antiseizure drugs and suffer from 

drug-resistant epilepsy (DRE).3 Children and young adults with 

DRE are at increased risk for poor long-term intellectual and psy

chological outcomes, along with a poor health-related quality of 

life.4–9 For these patients, neurosurgery is the best available treat

ment because it offers higher rates of seizure freedom and better 

outcome with respect to behaviour and quality of life compared 

to antiseizure drug therapy alone.10 Epilepsy surgery requires the 

precise delineation of the epileptogenic zone (EZ), the brain area 

that is indispensable for the generation of seizures.11 Current clin

ical practice uses the seizure onset zone (SOZ), the brain area where 

seizures initiate, as an EZ surrogate. Yet, its delineation is often 

challenging as several stereotyped seizures should be recorded at 

the expense of considerable human and financial resources. 

Moreover, the SOZ may not represent the full EZ extent.12,13

These SOZ limitations have given renewed interest to the develop

ment of interictal biomarkers of epileptogenicity.
Epileptogenic activity is often generated by brain networks14

and spreads across them, rather than by single sources.15

Studying these networks with functional connectivity (FC) and its 
derived graph theory metrics may help identifying highly con
nected hubs that facilitate the spread of epileptiform activity to 
the rest of the brain. Surgical resection of these hubs may lead to 
seizure freedom. Recent intracranial electroencephalography 
(iEEG) studies have demonstrated high interictal FC within resec
tion, which was associated with favourable outcome.16–20

Moreover, FC within resected regions of good-outcome patients 
has been shown to play a more synchronizing role in the overall 
network compared to poor-outcome patients, suggesting the exist
ence of pathological hubs in the vicinity of the epileptic focus that 
may facilitate seizure propagation.21,22 Although iEEG can identify 
the EZ in ∼60% of patients,23 it presents limitations because of its in
vasiveness.24 Moreover, it has limited spatial resolution because its 
contacts record activity only in their direct vicinity and are blind to 
other brain areas. Thus, the actual focus of the EZ may be missed 
leading to surgical failure.

Non-invasive electrophysiological techniques, which can re
cord interictal activity from the whole brain, could overcome the 
iEEG limitations. Recent magnetoencephalography (MEG) studies 
showed that FC measures could identify the EZ in patients with 
DRE,25–27 even from recordings with no frank epileptiform activity. 
This approach of using FC metrics as epilepsy biomarkers regard
less the presence of interictal epileptiform discharges (IEDs) would 
be highly valuable particularly for the ∼10% of patients with DRE 
who do not show IEDs in their recordings.25 Yet, these studies did 
not assess whether FC presents any additive value to conventional 
electric and magnetic source imaging (ESI/MSI).

Here, we aim to map non-invasively the epileptogenic network 
in children and young adults with DRE undergoing epilepsy surgery 
by analysing interictal high-density EEG (HD-EEG) and MEG data 
and assess the prognostic value of resecting the non-invasively lo
calized hubs of this network. We hypothesize that highly connected 
hubs (i.e. brain areas with high interictal FC) estimated non-inva
sively through virtual sensors (VSs) with ESI/MSI can predict the 
EZ and the patient’s surgical outcome better than IEDs localized 
with conventional ESI/MSI methods (i.e. dipoles).

Materials and methods
Cohort

We retrospectively reviewed children and young adults with DRE 
who underwent epilepsy surgery at Boston Children’s Hospital be
tween June 2011 and June 2018. We included patients with: (i) pre
operative HD-EEG and MEG; (ii) long-term monitoring with iEEG; 
(iii) presurgical MRI, postimplantation CT and post-surgical MRI; 
and (iv) post-surgical follow-up after ≥2 years. Surgical outcomes 
were established based on follow-up visits by a paediatric epileptol
ogist using the International League Against Epilepsy (ILAE) scale28

and classified as good (ILAE I) or poor outcome (ILAE II–VI). The 
protocol was approved by our Institutional Review Board.

HD-EEG and MEG recordings

MEG data were recorded using a 306-channel system (VectorView, 
MEGIN). HD-EEG was recorded simultaneously with a 70-electrode 
cap (EASYCAP Brain Products). Two extra electrodes covering tem
poral areas were also placed. Electrodes were placed according to 
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the 10–10 system.29 The recordings were performed for ∼1 h in a su
pine position. Patients were instructed to rest or sleep during re
cordings. The sampling rate was ≥600 Hz.

Long-term iEEG

Long-term iEEG was performed with subdural grids (2.3 mm diam
eter and 10 mm inter-contact distance) and/or depth electrodes 
(6–16 linearly arranged contacts with ∼1 mm diameter and 
∼3–5 mm inter-contact distance; Ad-Tech) using the XLTEK 
NeuroWorks (Natus Inc). For each patient, the location, number 
and contacts type were prospectively decided independently from 
this study. Implanted contacts were kept for an average of 
5.6 days, 12.6 h and 25.3 min. Data were acquired with ≥500 Hz 
sampling rate. Paediatric epileptologists reviewed each patient’s 
iEEG and extracted multiple 5–10 min segments with frequent 
IEDs or segments with no (or minimum) IEDs. Channels with arte
facts were excluded from further analysis.

Localization of iEEG contacts

MRI scans were performed before and after surgical resection with 
standard magnetization-prepared rapid acquisition gradient-echo 
sequences using a 3 T scanner (TIM TRIO, Siemens AG). After im
plantation, CT scans (0.5 × 0.5 × 0.5 mm3) were acquired to docu
ment iEEG contacts’ locations. We determined these locations by 
co-registering postimplantation CT with preoperative MRI.30 We 
defined visually the contacts’ locations based on their intensity 
on the co-registered CT-MRI and mapped them on patient’s cortical 
surface reconstructed from the preoperative MRI.31 To account for 
brain shift that occurs after electrocorticography implantation, 
we projected subdural electrodes onto this cortical surface and ad
justed the depth contacts’ locations to compensate this shift.32,33

Virtual sensor reconstruction

To build the forward model, we extracted the cortical surfaces from 
the preoperative MRI using Freesurfer,31 and constructed the realis
tic head models, as a three-layer (i.e. scalp, inner skull and outer 
skull) geometric model, using boundary element method (BEM),34

for both HD-EEG and MEG. The source space included the entire 
brain volume.

To solve the inverse problem, we used the linearly constrained 
minimum variance (LCMV) beamformer35 for localizing the neural 
activity of each brain location in source space. We computed the 
data covariance matrix on artefact-free data portions; the noise co
variance matrix was set as an identity matrix.

We used the output of beamformer to reconstruct the activity at 
VSs locations. We placed the VSs at the same locations where iEEG con
tacts were implanted during the invasive monitoring enabling a direct 
comparison between the non-invasively estimated epileptogenic net
works and the invasive benchmark [Fig. 1A(i)]. To calculate VSs, we de
fined non-overlapping regions of interest for each iEEG contact and 
included the closest volume points surrounding each contact’s centre: 
5 and 10 mm for depth and subdural electrodes, respectively.32,36 Thus, 
each region of interest was represented as a volume in source space 
characterized by vertices with Euclidian distance <5 or 10 mm (de
pending on the iEEG channel type) from each iEEG contact’s centre. 
To reconstruct each VS’s time series, we then computed the mean 
source activation of each VS (i.e. mean across volume points) for 
HD-EEG and MEG data, separately.30,32 Finally, these VSs’ time series 
were used as inputs in FC analysis. For clarity, we will refer to those 

VSs time series obtained from HD-EEG and MEG as HD-EEG-VSs and 
MEG-VSs, respectively [Fig. 1A(ii)].

Functional connectivity analysis

We filtered the iEEG, HD-EEG-VSs and MEG-VSs data between 1 and 
50 Hz. We limited our analysis between 1 and 50 Hz to avoid spuri
ous FC estimates due to ambient and/or biological artefacts in fre
quencies >50 Hz, which are frequent in scalp EEG and MEG 
recordings from children,37,38 and to render our findings compar
able with previous studies in the field.22,25,26,39–42 We identified 
data segments of 3-s duration characterized by specific activity pat
terns, i.e. epochs with and without (or minimal) IEDs [Fig. 1A(iii)] on 
each modality. Such selection allowed conducting two parallel ana
lyses on different types of interictal activity, exploring how con
nectivity networks change in the presence or absence of frank 
interictal activity. Thus, for each signal (i.e. iEEG, HD-EEG-VSs and 
MEG-VSs), we analysed a total of 4 min of data (80 epochs of 3 s 
each) for each type of activity (with or without IEDs). We estimated 
undirected functional connections between regions with: (i) ampli
tude envelope correlation (AEC)43,44 and phase locking value (PLV)45

[Fig. 1B(i)]. For minimizing the effect of source leakage,46 we ortho
gonalized AEC before computing the correlation between each 
epoch’s envelope. We computed AEC and PLV for different physio
logically relevant frequency bands: delta (1–4 Hz), theta (4–8 Hz), 
alpha (8–12 Hz), beta (12–30 Hz), gamma (30–50 Hz) and broadband 
(1–50 Hz). Hence, we obtained two FC matrices for each epoch, char
acterized by n × n contacts that describe the pairwise connectivity 
between n number of nodes of the network corresponding to iEEG 
contacts or VSs [Fig. 1B(i)]. Finally, AEC and PLV matrices were aver
aged across epochs for data with and without IEDs.

To evaluate the consistency of FC over time, we performed a 
multiple comparison of AEC and PLV measures extracted from 
four randomly selected segments of iEEG, HD-EEG-VSs and 
MEG-VSs data (1-min duration each) using the Kruskal–Wallis 
test. For each signal, we found no significant differences among 
segments (P > 0.05) for any measure in data both with and without 
IEDs (Fig. 1C). Thus, we further analysed data of 1-min duration for 
each type of activity allowing direct comparison of our findings 
with previous studies showing that segments of this duration are 
sufficient to capture robust FC information.39,47

Graph centrality analysis

The averaged AEC and PLV matrices represent each patient’s brain 
activity as a graph consisting of a set of nodes equal to the number 
of iEEG contacts (or VSs) and edges equal to the inverted FC va
lues.26,41 We used the minimum spanning tree (MST) to generate 
undirected subgraphs, characterized by n number of nodes with 
(n − 1) inverted FC values.14,48 Such an approach maximizes the 
synchronizations among regions (i.e. minimizes the total edge con
nections) without forming loops between the connected 
nodes.14,41,48 For each patient, we estimated the MST from each 
AEC and PLV matrix, separately for data with and without IEDs of 
iEEG, HD-EEG-VSs and MEG-VSs signals [Fig. 1B(ii)]. We estimated 
the importance of each node (iEEG contact or VS) within the net
work by estimating graph centrality measures49: (i) betweenness 
centrality: number of times a node act as a ‘bridge’ along the short
est path between two other nodes, defined as the fraction of all 
shortest paths passing through that node; (ii) closeness centrality: 
average length of the shortest path between the node and all graph 
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nodes; (iii) degree: number of edges connected to a node; and (iv) 
eigenvector centrality: measure of the influence of the node, based 
on the quantity and quality of its connections [Fig. 1B(iii)].

Each FC measure (i.e. AEC, PLV and their relative centrality me
trics) was normalized by its maximum value per patient.

Definition of resected areas

To identify which contacts were resected, we manually drew on 
consecutive slices the boundaries of the resected area by 
co-registering preoperative and postoperative MRIs and then com
puted the geometric (Euclidean) distance between each iEEG con
tact’s centre (or VS) and the closest resection’s margin. We then 
classified each contact (or VSs) as ‘resected’ or ‘non-resected’ if hav
ing a distance from resection below or above 10 mm, respective
ly.32,44 Geometric distance between brain network elements is a 

parameter for modelling information transfer among regions50,51

and is related to FC measures.52,53 In epilepsy ESI/MSI studies, 
Euclidean distance from resection in patients with good versus 
poor outcome is regarded as a quantification measure of epilepto
genicity.32,54,55 The assumption behind this notion is that a shorter 
distance to resection in patients with good outcomes (proof of suc
cessful EZ deactivation)—but not in poor-outcome patients—is an 
indicator of precise localization of the EZ.

Prediction of the EZ and surgical outcome

We defined the EZ as ‘the area of cortex that is necessary and suffi
cient for initiating seizures and whose removal (or disconnection) is 
necessary for complete abolition of seizures’.56 There is currently 
no direct preoperative measurement of the EZ; its delineation is a 
purely conceptual exercise incorporating data derived from 

Figure 1 Overview of the data analysis pipeline. [A(i)] VSs reconstructed at brain locations that matched the iEEG implantation. (ii) For each VS, com
putation of its mean source activation across time acquired from data recorded by the HD-EEG and MEG sensors to reconstruct VS time series for 
HD-EEG (HD-EEG-VSs) and MEG (MEG-VSs), respectively. IEEG and VS time series filtered between 1 and 50 Hz. (iii) Selection of 4-min (80 epochs of 
3-s duration each) data with and without IEDs on each signal (i.e. iEEG, HD-EEG-VSs and MEG-VSs). [B(i)] Computation of undirected FC between brain 
regions with amplitude envelope correlation (AEC) and phase locking value (PLV), for each frequency band, type of activity (data with and without IEDs) 
and signal (i.e. iEEG, HD-EEG-VSs and MEG-VSs). In each FC matrix, rows and columns represent the sensors (iEEG or VSs) and each pixel represents the 
pairwise connectivity of two selected sensors. (ii) Estimation of brain networks (as undirected subgraphs) from each FC matrix using the minimum 
spanning tree (MST) that maximizes the synchronizations between nodes (i.e. minimizes the total edge connections). Each node (iEEG contact or 
VS) of the brain network is colour-coded based on its FC value: connectivity range is from lower (0) to higher (1) values. (iii) Estimation of each node’s 
importance within the network via four centrality measures of the MST: betweenness, closeness, degree and eigenvector. (C) Comparison of AEC meas
ure across four segments (1-min duration each) on data with and without IEDs extracted from each signal (i.e. iEEG, HD-EEG-VSs and MEG-VSs). No 
significant differences were found among segments; n.s. = non-significant P-value (P > 0.05; Kruskal–Wallis test). In the box plots, the horizontal lines 
indicate the median value, lower and upper edges represent the 25th and 75th percentiles, whiskers extend to the minimum and maximum values 
(excluding outliers) and points outside the whiskers represent the outliers (i.e. values that are at least 1.5 times the interquartile range below the 
25th percentile or above the 75th percentile).
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multiple tests and various components of presurgical evaluation.57

Yet, rigorously quantified information about resection combined 
with surgical outcome data can serve as a proxy of the EZ.20 Here, 
we presumed that in good-outcome patients, vital parts of the EZ 
were contained in the resection. In contrast, in poor-outcome pa
tients, resection did not include critical EZ regions. Based on this 
presumption, we explored whether highly connected hubs can de
lineate the EZ and predict outcome.

To explore whether resection of highly connected hubs can de
lineate the EZ, we examined whether these hubs were located in
side (or outside) the EZ in good-outcome patients. For each FC 
measure, we defined as true positive (TP) a resected node above 
threshold; as true negative (TN) a non-resected node below thresh
old; as false positive (FP) a non-resected node above threshold; and 
as false negative (FN) a resected node below threshold. The selected 
threshold ranged from 0% to 100% (5% step). We then calculated the 
positive (PPV = TP / [TP + FP]) and negative predictive values 
(NPV = TN / [TN + FN]), which were used to define prediction per
formance (PPV + NPV − 1) and accuracy ([TP + TN] / [TP + TN + FP + 
FN]). The optimal threshold to predict whether a node was inside 
(or outside) resection was the one with the highest performance.

To assess the association between highly connected hubs re
moval and outcome, we defined a threshold that varied from 0% 
to 100% (5% step) to classify each node with its own FC value in 
good- and poor-outcome patients. Considering nodes with FC 
above threshold, we tested whether their classification, as resected 
or non-resected, was confirmed by seizure-free state or not. We re
garded as TP a resected node following by good outcome; as TN a 
non-resected node following by poor outcome; as FP a resected 
node following by poor outcome; and as FN a non-resected node fol
lowing by good outcome. After estimating the PPV and NPV, we 
computed the prediction performance and accuracy. The best 
threshold that defined which nodes should be removed to predict 
outcome was the one with the highest performance.

Equivalent current dipoles

We marked IEDs on iEEG, HD-EEG and MEG independently, by se
lecting the peak of spike deflection.54 IEDs of portions contami
nated by biological artefacts were excluded from this analysis for 
all modalities. Source analysis was performed with an uncon
strained equivalent current dipole (ECD) scanning method at the 
peak of each IED for all modalities.30 Only ECDs with goodness-of- 
fit ≥ 60% were considered.54,58

For each ECD, we estimated its Euclidian distance from resection, 
and defined it as ‘resected’ if having a distance from resection 
≤10 mm or ‘non-resected’ otherwise. Then, we tested the associ
ation between the ECDs’ surgical removal and outcome. Based on 
TP, TN, FP and FN estimates, we computed the PPV and NPV that 
were then used to estimate the ECDs’ prediction performance and 
accuracy.

Statistical analysis

To quantify the relationship between FC measures with the EZ, we 
performed a Wilcoxon signed-rank test comparing values be
tween sensors inside versus outside resection, respectively, for 
good- and poor-outcome patients. The false discovery rate meth
od was used to correct significance for multiple comparisons.59

We tested both whether highly connected hubs were inside (or 
outside) resection and the association between their removal 
and patients’ outcome using Fisher’s exact test. Moreover, 

Spearman’s rank correlation was used to compare each measure 
estimated non-invasively with the same one estimated invasively, 
separate for resected and non-resected areas. Correlation coeffi
cients between 0.4 and 0.7 were regarded as moderate, ≥ 0.7 as 
strong and ≥ 0.9 as very strong.60 We also compared the averages 
of each FC measure inside resection with age at surgery 
(Spearman’s rank correlation) and gender (Kruskal–Wallis test). 
Statistical analysis was performed in MATLAB®; we considered a 
statistical significance for P < 0.05.

Data availability

Data supporting the results of this study are available from the cor
responding author upon request.

Results
Patient cohort

Thirty-seven patients (17 female, age at surgery: 2–23 years, mean: 
13.7 years, median: 13.3 years) met our criteria. Median age at epi
lepsy onset was 4 years (range: 0–15) and median epilepsy duration 
prior to surgery was 9 years (range: 1–21). All patients had frequent 
disabling seizures before surgery. Patient demographics are sum
marized in Table 1. Eleven patients had normal MRI or subtle lesion 
of doubtful clinical significance. Seizures were recorded from the 
dominant and non-dominant hemispheres in 21 (56.76%) and 16 
(43.24%) patients, respectively.

IEEG data were recorded through the implantation of subdural 
(13 patients), depth (10 patients) or both types of electrodes (14 pa
tients). We analysed an average of 22.09 min (range: 4.82–67.50) of 
iEEG data from a mean number of 120 (range: 64–236) channels 
and 12.14 min (range: 11.9–12.6) of HD-EEG and MEG data. We ex
cluded a mean of four channels for iEEG and 17 channels for 
HD-EEG and MEG owing to artefacts. We performed ECDs fitting 
on an average number of 239.4 (range: 56–627), 49.2 (range: 6– 
226) and 62.2 (range: 6–436) IEDs for the iEEG, HD-EEG and MEG 
data, respectively. The mean resected volume was 24.07 ± 20.12 
cm3 (range: 1.81–74.89). Twenty-two patients (59.5%) had good 
outcome [median: 5 years (range: 2–9) post-surgery]. We did not 
find differences between good- and poor-outcome patients in 
terms of age at epilepsy onset (Wilcoxon rank-sum test, P = 
0.82), epilepsy duration prior to surgery (Wilcoxon rank-sum 
test, P = 0.85), pathology (Pearson chi-squared test, P = 0.44), gen
der (Fisher’s exact test, P = 0.19) or resection location (Fisher’s ex
act test, P = 0.71).

Functional connectivity on iEEG

We observed increased FC inside (compared to outside) resection 
in good-outcome patients for: (i) AEC in theta (P = 0.006), alpha 
(P = 0.010), beta (P = 0.010), gamma (P < 0.001) and broad (P = 0.016) 
bands on data with IEDs (Fig. 2A); (ii) AEC in theta (P = 0.014) and 
gamma (P = 0.003) bands on data without IEDs (Fig. 2A); and (iii) 
PLV in alpha (P = 0.005) on data with IEDs. Few differences were 
found in poor-outcome patients [i.e. AEC alpha (P = 0.007), beta 
(P = 0.004) and gamma (P = 0.003)] only on data with IEDs.

We observed increased centrality inside resection in good- 
outcome patients for all metrics computed from AEC or PLV on 
data with and without IEDs across different bands (Table 2). 
Few differences were found in poor-outcome patients 
(Table 2). All P-values were corrected for multiple comparisons 
using FDR.
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Functional connectivity on virtual sensors

For the HD-EEG-VSs, we observed higher FC inside resection in 

good-outcome patients for: (i) AEC in alpha (P = 0.001), beta 

(P = 0.001), gamma (P = 0.008) and broad (P = 0.002) bands on data 

without IEDs; and (ii) PLV in delta (P = 0.042), theta (P = 0.033) and al

pha (P = 0.039) bands on data without IEDs. We did not observe dif

ferences for poor-outcome patients. For the MEG-VSs, 

good-outcome patients showed increased FC inside resection for: 

(i) AEC in beta band (P = 0.006) on data with IEDs; (ii) AEC in beta 

(P = 0.013) and broad (P = 0.005) bands on data without IEDs; (iii) 

PLV in all bands (delta: P = 0.017; theta: P = 0.011; alpha: P = 0.012; 

beta: P = 0.007; gamma: P = 0.002; broadband: P = 0.009) on data 

with IEDs; and (iv) PLV in all bands (delta: P = 0.050; theta: 

P = 0.022; alpha: P = 0.019; beta: P = 0.009; gamma: P = 0.002; broad

band: P = 0.012) on data without IEDs. We did not observe differ

ences for poor-outcome patients. P-values were corrected for 

multiple comparisons using FDR.

Good-outcome patients showed increased centrality for the 
HD-EEG-VSs inside resection for: (i) PLV closeness and eigenvector 
on data with and without IEDs; and (ii) AEC degree on data without 
IEDs (Table 2). We did not observe differences for poor-outcome pa
tients, except for PLV closeness on data without IEDs (Table 2). 
MEG-VSs showed centrality differences among resected versus 
non-resected areas in good-outcome patients for: (i) PLV closeness 
on data with IEDs; and (ii) PLV betweenness and closeness on data 
without IEDs (Table 2). We did not observe differences for poor- 
outcome patients.

Comparison with benchmark

Several FC metrics computed non-invasively provided similar re
sults as those computed invasively, with significant increases (P < 
0.05) of FC located inside resection (compared to outside) for good- 
outcome patients. Thus, some measures computed from iEEG 
shared these differences only with one of the two VSs modalities, 

Table 1 Patient demographics

ID/Sex Age,a years Epilepsy  
onset, years

iEEG (n) Side MRI findings Pathology Engel ILAE  
(f/u, years)

Resection  
volume, cm3

1/M 11 4 SE (80) R Normal NL IA I (5) 13.09
2/M 11 2 SE, DE (88 + 10) L Normal DEV IA I (4) 8.24
3/F 7 3 DE (90) L FCD (T and Ins) DEV IB III (8) 13.7
4/F 11 8 SE, DE (144 + 10) R Normal DEV IA I (6) 55.92
5/F 10 0.3 DE (140) L Hippocampal sclerosis DEV IVB V (6) 8.48
6/F 14 10 SE (72) L Normal NL IA I (5) 18.66
7/M 18 9 SE, DE (72 + 20) L Tumour (T) ACQ IC I (6) 38.54
8/M 2 0.3 SE (112) R TSC (multifocal) DEV IA I (7) 53.79
9/F 9 4 SE, DE (80 + 20) R FCD (P) DEV IIIA IV (9) 23.71
10/M 19 8 SE (64) L FCD (mesial T) DEV IA I (4) 32.39
11/F 18 15 DE (88) L Normal NL IA I (7) 26.79
12/M 16 4 DE (88) L Normal NL IA I (5) 10.9
13/M 20 4 DE (88) L Mild gliosis Unknown IIIA IV (5) 5.81
14/M 18 1.5 DE (128) R Known resection cavity P-O DEV IIIA IV (4) 15.8
15/F 10 1 SE, DE (112 + 10) R Low-grade neoplasm (Fr) ACQ IB II (4) 25.21
16/F 19 4 SE, DE (144 + 10) L FCD (Fr) DEV IA I (3) 7.38
17/F 15 6 SE (72) L FCD (mesial P) DEV IIIA IV (6) 8.18
18/M 13 8 SE, DE (72 + 30) L Encephalomalacia (P, superior T) ACQ IC I (3) 13.36
19/M 13 7 SE, DE (112 + 10) L FCD (T) DEV IIIA V (6) 69.85
20/M 13 0 SE (136) L Infarct (MCA territory) ACQ IC I (5) 47.26
21/M 23 5 SE, DE (64 + 30) L FCD DEV IA I (3) 21.86
22/F 12 1 DE (70) L Normal DEV IA I (4) 29.58
23/M 13 1.5 SE (92) L FCD (mesial T) DEV IA I (9) 45.5
24/M 18 5 DE (212) L FCD DEV IIIA V (6) 4.64
25/F 23 14 SE (120) R Bilateral ACQ IIB III (5) 24.04
26/M 10 7 SE, DE (64 + 60) L Polymicrogyria (Fr, P) DEV IIIA IV (7) 59.97
27/F 10 8 SE (96) L FCD (F) DEV IIIA V (5) 1.81
28/F 7 4 SE, DE (72 + 40) R FCD (Fr operculum) DEV IC I (8) 8.91
29/M 4 2 SE, DE (128 + 10) R R frontal pole, superior Fr gyrus DEV IIIA IV (4) 74.89
30/F 16 3 DE (212) L Normal NL IIIA IV (5) 4.07
31/M 23 2 DE (162) L Normal DEV IA I (5) 52.07
32/F 8 6 DE (164) L FCD (posterior Fr) DEV IA I (4) 12.42
33/M 15 6 DE (102) R Normal DEV IA I (2) 7.64
34/F 18 3 SE, DE (72 + 40) L FCD (Fr) DEV IA I (2) 5.42
35/M 15 6 DE (236) L Normal NL IC I (4) 19.06
36/M 13 0 SE, DE (72 + 24) L Inferior Fr sulcus, pars Tr DEV IC I (5) 16.79
37/F 15 3.5 DE (166) L Hippocampal asymmetry ACQ IIIA IV (4) 4.93

ACQ = acquired (i.e. stroke, neoplasm and traumatic brain injury); DE = depth electrodes (stereo-EEG); DEV = malformation of cortical development (i.e. focal cortical dysplasia, 
polymicrogyria, tuberous sclerosis complex, dysembryoplastic neuroepithelial tumour and glioma); F = female; FCD = focal cortical dysplasia; f/u = follow-up; Fr = frontal; IE = 
inter-hemispheric; Ins = insula; L = left; M = male; MCA = middle cerebral artery; NL = non-lesional; O = occipital; P = parietal; R = right; Res = resection; SE = subdural electrodes 

(electrocorticography); T = temporal; Tr = triangularis; TSC = tuberous sclerosis complex. 
aAge = age at epilepsy surgery.
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Figure 2 FC findings of iEEG and VS analyses. (A) AEC computed on iEEG data with and without IEDs for good-outcome patients inside versus outside 
resection for the delta, theta, alpha, beta, gamma and broad frequency bands. Significant differences are indicated by asterisks: *P < 0.05, **P < 0.01, ***P < 
0.001 (P-values corrected for multiple comparisons using the FDR method). (B) PLV closeness on data with (for the gamma band) and without (for the 
alpha band) IEDs for patients with good and poor surgical outcome inside versus outside resection. PLV values are displayed for HD-EEG-VSs, MEG-VSs 
and iEEG data. FC values inside resection are displayed in the left box plot of each panel; FC values outside resection are displayed in the right box plot of 
each panel; P-values (Wilcoxon signed-rank test) are corrected for multiple comparisons using the FDR method; n.s. = not significant P-value. In the 
box plots, the horizontal line indicates the median value, lower and upper edges represent the 25th and 75th percentiles, whiskers extend to the min
imum and maximum values (excluding outliers) and points outside the whiskers represent the outliers (i.e. values that are at least 1.5 times the inter
quartile range below the 25th percentile or above the 75th percentile).
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Table 2 FC measures from invasive and non-invasive (VSs) data

iEEG

Betweenness Closeness Degree Eigenvector

Good Poor Good Poor Good Poor Good Poor

AEC
Delta
Theta 0.005 (0.001) 0.004 (0.002) 0.007 (0.004) (0.002) 0.002
Alpha 0.019 0.008
Beta 0.008 0.002 0.012
Gamma 0.001 0.005 0.003 (0.005) 0.004 *** 0.003 0.016
Broadband

PLV
Delta 0.031 (0.011)
Theta 0.039 (0.010) 0.007
Alpha 0.002 (0.003) 0.003 (0.001)
Beta 0.016 (0.040) 0.005
Gamma 0.050 (0.049) 0.017
Broadband 0.005 (0.033)

ESI

Betweenness Closeness Degree Eigenvector

Good Poor Good Poor Good Poor Good Poor

AEC
Delta
Theta
Alpha (0.002)
Beta
Gamma
Broadband

PLV
Delta 0.014 (0.006)
Theta 0.033 (0.050) (0.004)
Alpha 0.014 (0.006)
Beta 0.006 (***) (0.006)
Gamma 0.003 (***) 0.007 (0.002)
Broadband 0.048 (0.002) (0.012)

MSI

Betweenness Closeness Degree Eigenvector

Good Poor Good Poor Good Poor Good Poor

AEC
Delta
Theta
Alpha
Beta
Gamma
Broadband

PLV
Delta
Theta (0.022) (0.002)
Alpha (0.050) (0.046)
Beta (0.013) (0.004)
Gamma 0.007 (0.004)
Broadband (0.031) (0.013)

Values are presented as data with IEDs (data without IEDs). Empty cells represent the non-statistical significance of the measure of interest for that specific surgical outcome. 

Statistically significant P-values (Wilcoxon signed-rank test) after FDR correction are displayed; ***P < 0.001.
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and only in few cases with both (Table 2). Examples of congruent re
sults among all modalities are shown in Fig. 2B. To highlight the re
lationship of highly connected hubs with the EZ, we mapped the 
PLV closeness alpha for two representative patients: one with 
good and one with poor outcome (Fig. 3). For the good-outcome pa
tient, we observed high FC mostly within the EZ and lower FC in dis
tant regions. Notably, non-invasive FC measures were concordant 
with invasive ones. Contrarily, we observed high FC in several 
non-resected regions for the poor-outcome patient.

At the population level, we found moderate correlations for 
HD-EEG-VSs and MEG-VSs versus iEEG for several AEC and PLV cen
trality measures for resected areas, as well as for non-resected 
areas (Supplementary Table 1). FC measures did not correlate 
with either age at surgery or gender except a few of them. We found 
a weak correlation between AEC eigenvector (broadband) on data 
with IEDs and age (rho < 0.4, P < 0.05). This measure was also corre
lated with gender (P = 0.044). AEC degree (delta) on data without 
IEDs was correlated with age (rho < 0.4, P < 0.05) and AEC degree 
(theta) on data with IEDs was correlated with gender (P = 0.010). In 
Fig. 4, we report correlation results (rho ≥ 0.4, P < 0.05) at the patient 
level of FC measures between iEEG and VSs analyses, as well as be
tween HD-EEG-VSs and MEG-VSs for resected (Fig. 4A) and non-re
sected (Fig. 4B) areas. Comparing iEEG with HD-EEG-VSs, we found 
that 92%, 16% and 3% of patients obtained moderate, strong and 
very strong correlations, respectively, for resected areas, whereas 
for non-resected areas, we found 86% and 19% of patients that 
showed moderate and strong correlations, respectively 
(Supplementary Table 1). Comparing iEEG with MEG-VSs, we ob
served that 89% and 13% of patients showed moderate and strong 
correlations, respectively, for resected areas, as well as 89% and 
22% of patients who obtained these findings for non-resected areas 
(Supplementary Table 1).

Prediction of EZ and outcome

For the iEEG FC measures in good-outcome patients, we found that re
section of highly connected hubs predicted the EZ for the: (i) AEC 
(gamma) and PLV betweenness (theta and beta) with PPVs = 73% 
and NPVs = 61% on data with IEDs; and (ii) AEC betweenness, close
ness and eigenvector (theta) with PPVs ≥ 74% and NPVs ≥ 60%, on 
data without IEDs. Furthermore, we found that other FC measures 
were predictive of the EZ (Supplementary Table 2). For the 
HD-EEG-VSs FC measures in good-outcome patients, resection of 
highly connected hubs predicted the EZ for the: (i) AEC betweenness 
and closeness (broadband) and PLV eigenvector (theta and gamma) 
with PPVs ≥ 75% and NPVs ≥ 60% on data with IEDs; and (ii) AEC be
tweenness (broadband) and PLV eigenvector (gamma) with PPVs ≥ 
75% and NPVs = 61% on data without IEDs. Other FC metrics were pre
dictive of the EZ for the HD-EEG-VSs (Supplementary Table 3). For the 
MEG-VSs FC measures in good-outcome patients, resection of highly 
connected hubs predicted the EZ for the: (i) PLV (alpha and beta) with 
PPVs = 73% and NPVs = 61% on data with IEDs; and PLV (theta and 
gamma) with PPVs ≥ 73% and NPVs = 61% on data without IEDs. 
Other predictive metrics of the EZ are presented in Supplementary 
Table 4. To validate our results, we performed leave-one-out cross- 
validation using all patients but one as training set, repeatedly for 
37 (total number of patients) times, separately for each analysis. 
These results are summarized in Supplementary Tables 2–4.

For iEEG, hubs resection predicted outcome for PLV closeness 
(gamma and theta) on data with and without IEDs (Fig. 5A). For 
HD-EEG-VSs, hubs resection predicted outcome for PLV between
ness (gamma and alpha) on data with and without IEDs (Fig. 5A). 

For MEG-VSs, hubs resection predicted outcome for PLV between
ness (gamma) on data with and without IEDs (Fig. 5A). For each 
measure, the leave-one-out cross-validation results are summar
ized in Table 3, together with other predictive measures in different 
bands. FC measures that predicted both the EZ in good-outcome pa
tients as well as the surgical outcome are reported in Table 3.

To assess if the predictive network hubs were located within the 
EZ, we investigated whether their distance from resection was lower 
in good- versus poor-outcome patients (Wilcoxon rank-sum test). For 
each patient, we therefore considered hubs of those FC metrics 
(Table 3) that had values above (or equal) to their connectivity thresh
olds and extracted their distance from resection for iEEG, HD-EEG-VSs 
and MEG-VSs, separately. For those patients who had more than one 
hub with FC higher than their threshold, we computed their mean dis
tance from resection. From the iEEG prediction analysis, we found 
that hubs of PLV (delta, alpha, gamma and broadband) on data with 
IEDs had lower distance from resection in good- versus poor-outcome 
patients (P = 0.025, P = 0.046, P = 0.014 and P = 0.034). From the 
HD-EEG-VSs prediction analysis, we found hubs with lower distance 
from resection in good- versus poor-outcome patients for: (i) PLV (the
ta) on data with IEDs (P = 0.019); (ii) AEC (alpha; P = 0.010), PLV (delta, 
beta and broadband; P = 0.003, P = 0.015 and P = 0.013) on data without 
IEDs; (iii) PLV betweenness (theta, beta, gamma and broadband; P = 
0.001, P = 0.022, P = 0.001 and P = 0.044) and eigenvector (gamma; P = 
0.047) on data with IEDs; and (iv) PLV betweenness (alpha and gamma; 
P = 0.045 and P = 0.011) and eigenvector (gamma; P = 0.015) on data 
without IEDs. From the MEG-VSs prediction analysis, we observed 
that hubs of PLV betweenness and closeness (gamma; P = 0.046 and 
P = 0.037) on data with IEDs and PLV eigenvector (delta; P = 0.025) on 
data without IEDs showed lower distances from resection in good- 
versus poor-outcome patients.

Outcome prediction through FC metrics (from iEEG and VSs) ob
tained better results compared to ECDs (Fig. 5B), which did not show 
significance in any modality. Although ECDs did not predict out
come, they identified dipoles within resection in good-outcome pa
tients (PPV = 100%) both for HD-EEG and MEG.

Discussion
We here propose a novel non-invasive method that maps epilepto
genic networks and identifies pathological hubs in the brain of pa
tients with DRE through the ‘implantation’ of VSs based on ESI/ 
MSI. By applying this method on interictal MEG and HD-EEG data, 
we non-invasively reconstruct brain signals with similar FC features 
with those obtained invasively through iEEG and predict non-inva
sively the EZ and the patient’s surgical outcome—even in the ab
sence of frank epileptiform activity—better than conventional 
source localization. This notion derives from our main findings: (i) 
higher FC for interictal iEEG data (with and without IEDs) recorded 
from contacts inside resection for patients with good outcome; (ii) 
higher FC inside resection for interictal MEG and HD-EEG data 
(with and without IEDs) estimated via VSs in good-outcome pa
tients; (iii) highly connected hubs predicted the EZ in good-outcome 
patients; (iv) moderate and strong correlations between invasive 
and non-invasive FC at population- and patient-level; (v) resection 
of highly connected hubs, identified by both invasive and non-in
vasive methods, were associated with good outcome for data with 
and without IEDs; (vi) hubs (predictive of outcome) computed from 
both invasive and non-invasive data are closer to resection in 
good- than poor-outcome patients; (vii) hubs overlapped with re
section in ≥60% of good-outcome patients; and (viii) conventional 
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Figure 3 FC results for a patient with good and poor surgical outcome. Left: Relative location of electrodes for iEEG and VSs for HD-EEG and MEG with 
respect to patients’ preoperative MRI [Patient 23 (ILAE I) and Patient 25 (ILAE III)]. Resected zone is displayed as a volume. Middle: Heat maps of PLV 
closeness estimated on data without IEDs in the alpha frequency band. Connectivity range is from lower (0.4) to higher (1) values. Right: 
Representation of pathological hubs (i.e. nodes with FC higher than a threshold) for the good- and poor-outcome patients; for visualization purposes, 
FC values ≥ 0.85 are displayed. ECoG = electrocorticography; ESI = electric source imaging (through HD-EEG-VSs); MSI = magnetic source imaging 
(through MEG-VSs).
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ESI/MSI with ECDs did not predict outcome in contrast to FC 
measures.

Functional connectivity is higher inside the EZ for 
interictal iEEG data with and without IEDs

Several iEEG studies have shown that FC is a potentially useful bio
marker for the EZ delineation.17,18,20 Yet, most of these studies ana
lyse either ictal or pre-ictal data.42,61 More recent evidence suggests 
that interictal recordings are also informative for delineating the 
epileptogenic network.19 Nevertheless, the available findings are 
contradictory: most studies report increased FC in more epilepto
genic areas compared to others,16–18,20,26,42,61 but others report the 
opposite effect.41,47,62 Moreover, only few iEEG studies relate FC 
with outcome.20,42 Thus, despite extensive literature in the field, 
network organization in epilepsy remains incompletely under
stood. Here, we fill this gap by correlating the removal of highly con
nected hubs with favourable outcomes. Our iEEG data indicate a 

relationship between FC and the EZ. More importantly, they pro
vide an added value for predicting the EZ. We observed increased 
FC inside resection for good-outcome patients but very few differ
ences in poor-outcome patients. High FC was found in all frequency 
bands (except delta for AEC); yet the findings were more prominent 
in the theta and gamma bands for AEC and alpha band for PLV, in 
line with previous studies.16,17 We also observed increased central
ity inside resection for all metrics on data with and without IEDs 
across different bands. In summary, FC measures, such as AEC 
and PLV, and their estimated graph-theory metrics, can predict 
the EZ even in the absence of IEDs.

Functional connnectivity is higher inside the EZ for 
non-invasively estimated virtual sensor data

Several non-invasive studies have explored source-space FC as a 
biomarker of the EZ.25,39,47,63 Most of them explore brain regions 
that generate and spread seizures to the rest of the network reveal
ing abnormal connectivity alterations that differ from those of 
healthy controls.47,63–65 It is still largely unknown how reliable 
these non-invasive FC findings are compared to the ones estimated 
via iEEG. So far, only one MEG study correlated FC measures derived 
from VSs with those obtained from iEEG,26 showing how invasive 
time series can be non-invasively approximated with VSs. By com
paring iEEG and MEG, Juárez-Martinez et al.26 found correlations for 
spectral metrics and FC, and highly central nodes included in re
sected areas. Similarly, Cao et al.27 reported that reconstructed vir
tual iEEG signals from ictal MEG have morphological and spatial 
characteristics comparable with ictal iEEG, and their FC estimates 
can help identify the EZ and predict its clinical localization.27 Yet, 
MEG is blind to deep generators or those having radial orientation, 
such as activity at the gyral crowns or sulcal depths,66 and thus it 
may provide an incomplete estimation of the epileptiform activity 
derived from these sources. Here, we correlate functional networks 
computed via VSs from both HD-EEG and MEG data with the ones 
estimated with iEEG. Using VSs, we observed the same connectivity 
trend as with iEEG, in which FC was increased inside resection in 
good- but not in poor-outcome patients. These source-level con
nectivity findings were consistent on data with and without IEDs. 
With HD-EEG-VSs, we obtained increased AEC and PLV within re
section of good-outcome patients in all frequencies (except delta 
and theta for AEC and beta, gamma and broadband for PLV), while 
with MEG-VSs, for AEC in beta and broad bands and for PLV in all 
frequencies. These findings are in line with previous studies47,64

showing that increased connectivity (at the source level) predicts 
accurate localization of the EZ. Here, we report similar findings 
from both interictal MEG and HD-EEG showing their ability to pro
vide complementary information to the iEEG. Overall, our findings 
indicate that highly connected brain regions, estimated non-inva
sively via VSs, can localize the EZ in the brain of children and young 
adults with DRE even in the absence of frank epileptiform activity 
on MEG or HD-EEG recordings.

Interictal functional connectivity predicts outcome 
outperforming conventional methods

To establish a relationship between FC and outcome, we investi
gated the role of network hubs in propagating the epileptogenic 
activity across regions by assessing if their resection leads to 
favourable outcome. Previous studies have shown that seizure- 
freedom is associated with resection of regions containing patho
logical hubs.25,39 Here, we report findings from interictal iEEG, 

Figure 4 Correlation results of FC measures at the patient’s level. For 
each patient, correlation coefficients (rho) were obtained by comparing 
normalized FC measures of (i) iEEG with the same ones of electric source 
imaging (ESI; i.e. HD-EEG-VSs); (ii) iEEG with the same ones of MSI (i.e. 
MEG-VSs); and of (iii) ESI with the same ones estimated through MSI. 
Correlation coefficients ≥ 0.4 (P < 0.05) are displayed for both resected 
areas (top) and non-resected areas (bottom). Correlation coefficients be
tween 0.4 and 0.7 are regarded as moderate, ≥ 0.7 as strong and ≥ 0.9 
as very strong (Spearman’s rank correlation).
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Figure 5 Surgical outcome prediction results. (A) Resection of network hubs (i.e. brain regions with high FC) was associated with good surgical outcome 
for the: (i) PLV closeness at gamma and theta bands on data with and without IEDs, respectively, for iEEG; (ii) PLV betweenness at gamma and alpha 
bands on data with and without IEDs, respectively, for HD-EEG-VSs; and (iii) PLV betweenness at gamma band on data with and without IEDs for 
MEG-VSs. P-values < 0.05 are displayed (Fisher’s exact test). (B) Resection of dipoles computed at the peak of each IED was not predictive of surgical 
outcome for iEEG, HD-EEG and MEG (P > 0.05; Fisher’s exact test).
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Table 3 Prognostic value of FC: leave-one-out cross-validation

Threshold (%) Fisher’s exact test Performance PPV NPV Accuracy

iEEG
PLV broadbanda,b 100 0.045 36 (33–40%) 78 (76–82%) 58 (56–61%) 68 (67–69%)
PLV deltaa,b 100 0.045 36 (33–40%) 78 (76–82%) 58 (56–61%) 68 (67–69%)
PLV alphaa 95 0.017 21 (12–30%) 60 (57–65%) 61 (52–69%) 61 (55–66%)
PLV gammaa 95 *** 31 (22–36%) 67 (60–74%) 64 (55–73%) 65 (59–69%)
PLV gammac 95 *** 32 (22–37%) 69 (63–76%) 63 (53–72%) 65 (58–70%)
PLV degree deltaa,b 75 0.002 19 (13–26%) 59 (53–66%) 60 (52–67%) 60 (57–63%)
PLV degree thetaa 75 *** 22 (14–28%) 61 (56–68%) 61 (52–66%) 61 (57–63%)
PLV eigenvector thetaa 50 0.024 18 (14–22%) 63 (58–68%) 55 (51–59%) 59 (56–61%)
PLV betweenness alphaa,b 85 0.012 25 (18–31%) 65 (60–69%) 60 (50–67%) 63 (60–65%)
PLV closeness alphaa 95 *** 26 (22–31%) 67 (62–72%) 59 (53–66%) 64 (60–66%)
PLV closeness gammaa 100 0.025 39 (35–43%) 78 (76–82%) 61 (57–64%) 68 (67–70%)
PLV betweenness thetac 80 *** 26 (22–36%) 68 (62–77%) 58 (50–74%) 62 (59–69%)
PLV closeness thetac 95 *** 37 (30–45%) 78 (74–82%) 60 (51–71%) 66 (61–72%)
ESI
AEC betaa,b 90 *** 26 (19–30%) 57 (52–63%) 68 (61–74%) 63 (59–65%)
PLV thetaa,b 95 0.003 25 (21–31%) 69 (67–75%) 56 (51–62%) 62 (60–64%)
AEC alpha b,c 100 0.041 37 (34–41%) 78 (76–82%) 59 (56–62%) 69 (68–71%)
PLV broadbandb,c 100 0.041 37 (34–41%) 78 (76–82%) 59 (56–62%) 69 (68–71%)
PLV deltab,c 100 0.015 43 (41–49%) 82 (81–87%) 61 (59–65%) 71 (71–73%)
PLV betab,c 100 0.041 37 (34–41%) 78 (76–82%) 59 (56–62%) 69 (68–71%)
AEC betweenness broadbanda,b 95 0.012 42 (39–50%) 74 (71–81%) 68 (65–76%) 71 (70–75%)
AEC closeness broadbanda,b 100 0.041 38 (33–43%) 71 (70–75%) 67 (61–71%) 69 (68–71%)
AEC betweenness betaa,b 55 0.007 25 (20–31%) 65 (62–73%) 59 (54–63%) 62 (60–65%)
AEC closeness betaa,b 85 0.035 19 (13–22%) 63 (60–68%) 56 (50–59%) 59 (57–61%)
AEC degree betaa,b 70 0.006 30 (22–34%) 63 (57–67%) 67 (59–71%) 65 (61–67%)
AEC closeness gammaa,b 70 *** 25 (19–30%) 68 (65–73%) 57 (50–61%) 62 (59–64%)
PLV betweenness broadbanda 95 0.009 41 (34–46%) 82 (79–87%) 59 (51–62%) 66 (62–68%)
PLV betweenness thetaa,b 100 0.015 44 (42–50%) 81 (80–87%) 63 (61–67%) 71 (71–73%)
PLV eigenvector thetaa,b 95 0.009 43 (38–47%) 78 (75–82%) 65 (60–69%) 72 (70–74%)
PLV betweenness betaa,b 95 0.038 32 (26–40%) 76 (74–80%) 56 (50–64%) 65 (63–70%)
PLV betweenness gammaa,b 95 *** 52 (40–56%) 81 (79–85%) 71 (59–74%) 74 (68–76%)
PLV eigenvector gammaa,b 95 0.007 48 (46–52%) 79 (78–83%) 69 (67–73%) 74 (73–76%)
AEC betweenness broadbandb,c 100 0.007 40 (38–45%) 76 (75–80%) 64 (61–69%) 71 (71–73%)
AEC closeness betac 85 *** 24 (18–27%) 65 (61–70%) 59 (53–63%) 61 (58–64%)
PLV betweenness broadbandb,c 85 *** 39 (34–48%) 78 (74–84%) 61 (54–74%) 67 (63–74%)
PLV closeness deltac 95 *** 30 (26–33%) 67 (64–70%) 62 (58–67%) 64 (62–66%)
PLV betweenness alphab,c 90 *** 53 (46–58%) 79 (77–84%) 73 (67–79%) 76 (73–79%)
PLV eigenvector alphab,c 65 0.019 24 (17–28%) 66 (63–70%) 58 (51–61%) 62 (59–64%)
PLV closeness betac 90 *** 30 (26–34%) 71 (69–75%) 59 (55–64%) 64 (62–66%)
PLV betweenness gammab,c 100 0.018 41 (39–46%) 79 (78–83%) 62 (60–67%) 71 (71–73%)
PLV degree gammac 85 0.002 30 (26–33%) 66 (62–71%) 64 (55–70%) 65 (61–67%)
PLV eigenvector gammab,c 90 0.011 38 (35–49%) 70 (68–81%) 68 (65–75%) 69 (68–75%)
MSI
AEC alphaa 85 *** 22 (18–28%) 59 (55–64%) 63 (56–70%) 61 (59–65%)
AEC degree deltaa 65 0.004 23 (18–26%) 67 (61–70%) 56 (51–59%) 60 (58–62%)
PLV closeness broadbanda 85 *** 16 (13–21%) 59 (56–64%) 57 (54–61%) 58 (56–60%)
PLV betweenness gammaa,b 85 *** 27 (22–36%) 65 (59–75%) 62 (57–69%) 63 (60–67%)
PLV closeness gammaa 85 *** 26 (23–30%) 67 (64–71%) 60 (55–63%) 63 (61–65%)
AEC betweenness betac 45 *** 21 (18–25%) 66 (63–71%) 55 (51–58%) 60 (58–62%)
AEC degree betab,c 90 0.028 31 (26–34%) 76 (71–79%) 56 (52–58%) 66 (63–67%)
AEC closeness gammac 90 0.011 21 (18–27%) 64 (61–70%) 57 (54–60%) 60 (58–62%)
PLV closeness broadbandc 95 0.016 16 (11–20%) 60 (57–66%) 55 (50–60%) 58 (55–60%)
PLV eigenvector deltac 85 0.012 33 (24–42%) 73 (68–83%) 59 (51–62%) 65 (61–68%)
PLV closeness betac 90 *** 24 (20–28%) 64 (60–69%) 60 (56–65%) 62 (60–64%)
PLV betweenness gammab,c 90 *** 35 (26–40%) 65 (57–76%) 69 (62–75%) 68 (65–71%)
PLV closeness gammac 95 *** 33 (29–40%) 65 (63–73%) 69 (62–71%) 68 (64–70%)

aComputed on data with IEDs. 
bFC measure that is both predictive of the EZ and the surgical outcome. 
cComputed on data without IEDs. 

***P-value < 0.001.
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HD-EEG and MEG using graph-theory measures revealing the 
centrality of regions involved in causing seizures. Our findings 
showed that FC from iEEG and HD-EEG/MEG-VSs were predictive 
of outcome with PPV and NPV of 57–82% and 55–73% (validated 
using leave-one-out cross-validation, Table 3), respectively. 
Furthermore, these predictive network hubs (with FC values above 
or equal to their connectivity thresholds) had lower distance from 
resection in good- compared to poor-outcome patients. These 
hubs overlapped to resection in an average of 60% (range: 54– 
64%), 66% (range: 40–76%) and 70% (range: 50–82%) of good-outcome 
patients, for iEEG, HD-EEG-VSs and MEG-VSs, respectively. Our 
findings were also evident even at the patient’s level: non-invasive 
FC measures were concordant with invasive ones despite being re
corded at different times (Fig. 3). Moreover, resection of highly con
nected hubs was associated with seizure freedom. Contrarily, 
scattered areas of such hubs, which were not all resected, were as
sociated with poor outcome. For example, in poor-outcome Patient 
25 (Fig. 3), brain areas with high FC overlapped with the primary 
motor cortex that was preserved to avoid permanent motor deficits.

State of the art epilepsy surgery care involves using multiple 
data forms to formulate a treatment plan. Deactivation of the EZ 
is usually performed when several stereotyped seizures are re
corded during long-term iEEG monitoring. Yet, interictal data can 
assist the decision-making, as for example, when no ictal activity 
is recorded. To assess the additive value of FC in the presurgical 
evaluation, we used the ECD as a comparative technique.67 We 
tested whether surgical removal of regions where ECDs were lo
cated predicted outcome as FC did. We found that outcome predic
tion through FC (from iEEG and VSs) obtained better results 
compared to ECDs. Taken together, our findings highlight the addi
tive value of our method in the non-invasive localization of highly 
connected hubs. Yet, our method is not intended to be used in iso
lation but rather in conjunction with existing techniques. Such 
methodology may augment the planning of iEEG placement by pre
dicting, through non-invasive data, pathological hubs that should 
be recorded during long-term monitoring and hence minimizing 
the risk for insufficient coverage leading to surgical failure. It may 
also be beneficial in cases where the EZ overlaps eloquent areas 
preventing its complete resection. In these cases, the identification 
and disconnection of neighbouring pathological hubs (located out
side eloquent areas) that are responsible for the early spread of 
seizure activity to the rest of the network may also lead to favour
able outcome.

Limitations and future perspective

Despite its innovation, our study presents some limitations. 
Simultaneous MEG and HD-EEG recordings were performed at dif
ferent times than iEEG, and thus this did not capture the exact 
same activity. Also, we did not take advantage of the full-head 
coverage that HD-EEG and MEG provide; instead, we constructed 
VSs at the locations of iEEG contacts. Moreover, we limit our ana
lysis in frequencies up to 50 Hz. Future studies should use whole- 
brain VSs and include higher frequencies (up to 200 Hz) using so
phisticated signal processing methods specifically tailored for the 
robust detection of high-frequency oscillations.68,69 To account 
for FC differences between HD-EEG and MEG, further investigations 
may use combined electromagnetic source imaging that provide a 
more complete reconstruction of the underlying generators.70,71

Our findings may also be considered in the context of patient- 
specific dynamical network models based on the principle of 
‘sources’ and ‘sinks’.72 Future studies may estimate source–sink 

metrics from VSs time series extracted non-invasively from 
HD-EEG and MEG data to also validate their role as a non-invasive 
interictal biomarker of the EZ. Finally, our tool has the ability to re
construct brain signals with similar FC features with those obtained 
invasively through iEEG. Thus, it can be applied to cohorts where 
iEEG cannot be obtained, such as in typically developing children, 
helping us to understand the concept of FC in healthy brain and 
how this change in pathology.

Conclusions
We reveal for the first time the non-invasive mapping of patho
logical hubs in the brain of children and young adults with DRE 
through the ‘implantation’ of VSs based on ESI/MSI. Non-invasive 
mapping of these hubs can predict surgical outcome better than 
conventional ESI/MSI. Our method may augment surgical planning 
by optimizing iEEG recordings and reducing surgical mortality. 
Most importantly, it may improve the outcome of patients with 
DRE undergoing surgery, particularly those who were previously in
eligible for neurosurgery due to minimal or absent epileptiform ac
tivity in their electrophysiological recordings.
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