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Neighbourhood topology unveils pathological 
hubs in the brain networks of epilepsy-surgery 
patients
Leonardo Di Gaetano,1 Fernando A. N. Santos,2 Federico Battiston,1 Ginestra Bianconi,3,4

Nicolò Defenu,5 Ida A. Nissen,6 Elisabeth C. W. van Straaten,6,7 Arjan Hillebrand6,8,9

and Ana P. Millán6,10

Pathological hubs in the brain networks of epilepsy patients are hypothesized to drive seizure generation and propagation. In epilepsy- 
surgery patients, these hubs have traditionally been associated with the resection area (RA): the region removed during the surgery 
with the goal of stopping the seizures, and which is typically used as a proxy for the epileptogenic zone. However, recent studies hy
pothesize that pathological hubs may extend to the vicinity of the RA, potentially complicating post-surgical seizure control. Here we 
propose a neighbourhood-based analysis of brain organization to investigate this hypothesis. We exploit a large dataset of pre-surgical 
magnetoencephalography-derived whole-brain networks from 91 epilepsy-surgery patients. Our neighbourhood focus is 2-fold. 
Firstly, we propose a partition of the brain regions into three sets, namely resected nodes, their neighbours and the remaining network 
nodes. Secondly, we introduce generalized centrality metrics that describe the neighbourhood of each node, providing a regional meas
ure of hubness. Our analyses reveal that both the RA and its neighbourhood present large hub status, but with significant variability 
across patients. For some, hubs appear in the RA; for others, in its neighbourhood. Moreover, this variability does not correlate with 
surgical outcome. These results highlight the potential of neighbourhood-based analyses to uncover novel insights into brain connect
ivity in brain pathologies, and the need for individualized studies, with large enough cohorts, that account for patient-specific 
variability.
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Graphical Abstract

Introduction
The network description of complex systems, such as the 
brain, provides a remarkable tool to unveil its underlying or
ganization and emergent dynamics. Such a description has en
riched our understanding of brain organization both at the 
macroscopic1-4 and microscopic5 levels and has found re
markable clinical applications.6,7 A notable example, which 
is the focus of this study, is the case of epilepsy surgery. 
This is the recommended treatment for drug-resistant epi
lepsy patients, and it entails the removal or disconnection of 
a set of brain regions—the epileptogenic zone (EZ)—with 
the goal of stopping seizure generation and propagation.8-10

In practice, there is no gold standard to identify the actual 
EZ; instead, the EZ may be approximated by the resection 
area (RA) in combination with surgical outcome: for patients 
with a good outcome, the EZ is included in the RA, whereas 
for patients with a bad outcome, the EZ was at least partially 
preserved by the surgery. Epilepsy surgery is preceded by an 
extensive pre-surgical evaluation, involving different imaging 

modalities such as MRI or electro- and magneto- 
encephalography (E/MEG). However, positive outcome rates 
(i.e. seizure freedom after the surgery) are not optimal, and 
around 30% of the patients continue to present seizures 1 
year after the resection, although this number can go up to 
50% for cohorts with complicated aetiology.11 With the 
goal of improving these outcome rates, network-based stud
ies have investigated in detail the brain network organization 
of epilepsy patients to unveil pathological effects that may 
predict surgical outcome.12,13

Within this context, a big conceptual leap has taken place, 
from the notion of individual EZs to the consideration of epi
leptogenic networks that arise from the interplay between 
different brain regions in promoting and inhibiting ictal ac
tivity.14-17 According to this perspective, the effect of a given 
surgery cannot be determined alone by the characteristics of 
one or more regions but needs to be measured against the 
whole epileptogenic network.18 Data-driven and modelling 
studies seem to support this hypothesis, and thus, network 
mechanisms are recognized to participate in the generation 
and propagation of seizures.19-28
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Substantial evidence underscores changes in structural 
and functional brain networks in epilepsy,29,30 particularly 
related to the EZ.31-33 Whether there is an increase or de
crease in connectivity of the EZ compared to healthy indivi
duals, however, remains an open question. fMRI-based 
studies initially pointed towards a disconnection of the 
EZ,34-37 which has been supported by some invasive 
EEG38 and MEG studies.39-41 However, recently several 
M/EEG studies have suggested hyperconnectivity of the EZ 
and neighbouring regions.15,31,42-48

Pathological changes in brain connectivity in epilepsy are 
disproportionally associated with the network hubs49— 
highly central or important regions in the network architec
ture of the brain—a finding echoed in other neurophysio
logical disorders such as Alzheimer’s disease, multiple 
sclerosis or stroke.29,50 In the case of epilepsy, pathological 
hubs that facilitate seizure generation and propagation 
may be present. Indeed, the properties of the brain hubs, 
including their spatial distribution and overlap with the 
RA, are associated with epilepsy-surgery outcome.51-56

Notably, however, hubs can also have an inhibitory effect 
to prevent the ictal state,38,55 and it should be noted that 
hub removal can lead to increased side effects from the sur
gery. The RA and the EZ have been associated with brain 
hubs by several studies, both in the ictal57-60 and interic
tal45,57,59 states. Such studies found associations between 
hub removal and seizure freedom with different 
MEG-based connectivity measures,45,61 although in a re
cent study involving a large cohort (n = 91) of epilepsy- 
surgery patients, we could not confirm these findings.46

In a recent MEG study with a smaller cohort of 31 epilepsy 
patients, Ramaraju et al.48 were able to classify epilepsy- 
surgery patients according to surgical outcome (79% ac
curacy and 65% specificity) by comparing the degree cen
trality (a measure of hubness given by the number of 
neighbours of a node) of the RA to the remaining network 
nodes, in the pre-surgical brain-network.

Overall, although hub removal has been associated with a 
favourable outcome of epilepsy surgery, this does not seem 
to be a necessary condition for a good outcome. Indeed, 
brain hubs do not always overlap with the RA, even for 
seizure-free (SF) patients.21,22,24,46 These findings motivated 
the hypothesis that the seizure onset zone (SOZ, the region 
where seizures start) need not coincide with the pathological 
hubs but may be strongly connected to them, in which case 
removal of either the SOZ, the pathological hub, or even 
the connection between them may be enough to prevent seiz
ure propagation and achieve a good outcome.21,46 Thus, re
gional brain organization around the SOZ—as opposed to 
only its centrality— becomes a promising target for under
standing the effect of a given resection.

To study the role of regional brain organization in epilepsy 
surgery, we propose here a neighbourhood-based descrip
tion of brain connectivity and of the effect of a resective sur
gery in epilepsy. Firstly, we explicitly consider the role of the 
connectivity of the RA neighbours by implementing a parti
tion of the brain regions, namely into RA nodes, their 

neighbourhood and the remaining network. By doing so, 
we are able to specifically address the question of the emer
gence of pathological hubs in the vicinity of the RA, and their 
relation to surgical outcome. Secondly, we introduce a novel 
analysis framework to quantify regional brain organization 
based on the notion of extended neighbourhoods, following 
a previous theoretical study that generalizes the notion of the 
clustering coefficient.62 The extended neighbourhood of a 
node describes its area of influence, providing a mesoscopic 
description of brain organization that can inform us of, 
e.g. the existence of regions with strong recurrent connectiv
ity.62 By characterizing the extended neighbourhood of each 
brain region through topological data analysis,63 we propose 
the generalization of local node-based centrality metrics to 
regional descriptors that encode regional organization. As 
we go on to show, the neighbourhood-based description un
veils the distinctive properties of the neighbours of the RA. In 
this multi-frequency study (including six specific frequency 
bands as well as the broadband), we found that the RA 
and its neighbours shared a highly central status that was sig
nificantly larger than that of the remaining brain regions. 
The relative centrality of the RA and its neighbours varied 
within the population (and between frequency bands and 
network metrics), and whether the RA or its neighbours 
were more central was not an indicator of surgical outcome 
[Area Under the Curve (AUC) = 0.46 for the classification of 
patient outcome for the broadband network]. In contrast, we 
achieved a fair classification of the patient groups (AUC =  
0.62, 0.64, respectively) when considering either the hub sta
tus of the RA or of its neighbourhood in relation to the re
maining brain regions. These findings support the notion 
of the emergence of pathological hubs in the brain of epilepsy 
patients that may not coincide with the SOZ but appear in its 
neighbourhood. Overall, our findings highlight the need to 
consider regional brain connectivity in epilepsy-surgery stud
ies, for instance, with the notion of node neighbourhoods as 
proposed here.

Methods
Patient group
The patient cohort derived from the one presented by Nissen 
et al.46 Three cases were removed, two due to the existence of 
a previous resection, and one due to withdrawal of patient 
consent. The final patient cohort thus consisted of 91 pa
tients with refractory epilepsy, with heterogeneous seizure 
aetiology and including both temporal and extra-temporal 
resections. More details can be seen in Supplementary 
Table 1. All included patients (i) received a clinical MEG re
cording as part of their pre-surgical evaluation between 2010 
and 2015 at Amsterdam University Medical Center, location 
VUmc; (ii) subsequently underwent epilepsy surgery at the 
same centre; and (iii) surgery outcome information was 
available following the Engel classification9 either 1 year 
(88 patients) or at least 6 months (3 patients) after the 
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surgery. Patients who were Engel class 1A and 1B were 
classified as SF. A waiver of ethical review was obtained 
from the institutional review board (Medisch Ethische 
Toetsingscommissie Vrij Universiteit Medical Center) as no 
rules or procedures were imposed other than routine clinical 
care.

The patient group was heterogeneous with temporal and 
extratemporal resections and different aetiology. Surgical 
outcome was classified according to the Engel classification.9

Sixty-two patients were deemed SF.

Individualized brain networks
Individualized brain networks were derived for each patient 
from 10 to 15 min resting-state MEG recordings, using the 
Automated Anatomical Labeling (AAL) atlas64-66 to define 
a brain parcellation of 90 Regions of Interest (ROIs), with 
78 cortical and 12 subcortical ROIs, excluding the cerebel
lar ROIs.67 The pre-processing steps, as well as the proce
dures used to reconstruct the activity of each source, 
are described in detail in Nissen et al.46 We derived seven 
brain networks for each patient: a broadband network 
(B, 0.5–48.0 Hz) and six frequency-band specific networks: 
δ (0.5–4.0 Hz), θ (4.0–8.0 Hz), α1 (8.0–10.0 Hz), α2 (10.0– 
12.0 Hz), β (12.0–15.0 Hz) and γ (15.0–30.0 Hz), by filter
ing the source-reconstructed data in the corresponding 
frequency bands.

Each ROI defined one node in the network, and the coup
ling strength or link weight between each pair of nodes wij 

was estimated with the Phase Lag Index (PLI). The PLI is a 
functional connectivity metric that measures the asymmetry 
in the distribution of instantaneous phase differences be
tween two time series.67 The PLI is insensitive to zero-lag 
coupling and thus it is robust against volume conduction 
or field spread.67 A total of 174 epochs of 4096 samples 
(3.28 s) were used for each patient to estimate functional 
coupling.

Raw PLI matrices were thresholded and binarized with a 
disparity-filter method.68 The disparity filter extracts the 
connectivity backbone (aij > 0 if there is a significant connec
tion between i and j and 0 otherwise) of a network by remov
ing connections that are not statistically significant. The 
disparity filter accounts for node heterogeneity in the edge 
weight distribution: weak edges are identified on a 
node-by-node basis, by comparing their strength to that of 
the remaining node’s edges with a given significance thresh
old α, which we set to 0.1. This resulted in sparse networks 
(with network densities of ∼5%; range: 0.047–0.051, see 
Supplementary Table 2) with giant components spanning 
the majority of the nodes (range: 84.49–89.1).

Local node metrics
We characterized the local structure of the network by three 
nodal properties. In particular, for each node i, we consid
ered its centrality (as given by the betweenness centrality 
BCi), clustering coefficient CCi and curvature Ci. The 

‘betweenness centrality’ of a node measures its influence 
over the flow of information on the graph: BCi indicates 
the fraction of shortest paths in the network that pass 
through node i. The ‘local clustering coefficient’ of a node in
dicates the fraction of triads involving node i that are closed, 
i.e.

CCi = 2
No. connected triangles including node i

ki(ki − 1)
, 

CCi = 2

􏽐
1≤j<l≤N,j,l≠i aijaila jl

ki(ki − 1)
, 

where aij indicates an element (i, j) of the adjacency matrix A, 
which is equal to 1 if i and j are connected by a link or 0 
otherwise, N is the number of nodes in the network and ki = 
􏽐

j aij is the degree of node i. Finally, the local curvature of a 
network generalizes the concept of curvature of a surface, 
which intuitively measures how the surface bends in distinct 
directions69:

Ci =
􏽘mmax

m=1

(−1)m+1 Clℑ
m

, 

where Clim is the number of m-cliques, to which i belongs, 
and mmax represents the size (i.e. number of nodes) of the lar
gest clique in the network. Here, we have considered the size 
of interactions up to three nodes (mmax = 3).

Simplicial complex description
Simplicial complexes represent higher-order networks, 
which allow for interaction between not only two but also 
more nodes, described by simplices. A d-simplex is formed 
by a set of d + 1 nodes and all their possible connections. 
For instance, a 0-simplex is simply a node, a 1-simplex is a 
link and the two corresponding nodes, a 2-simplex is a tri
angle, a 3-simplex is a tetrahedron and so on. A simplicial 
complex K is formed by a set of simplices such that (i) if a 
simplex belongs to K, then any simplex formed by a subset 
of its nodes is also included in K, and (ii) given two simplices 
of K, their intersection either also belongs to K, or it is a null 
set.62 A simplicial complex representation of a network can 
be built deterministically by defining the clique complex of 
the network. A k-clique is a subgraph of the network formed 
by k all-to-all connected nodes. That is, 1-cliques correspond 
to nodes, 2-cliques to links, 3-cliques to triangles and so on. 
Thus, to build a simplicial complex of dimension d from a 
network, we identify all d + 1-cliques.62,70 This choice for 
creating simplices from cliques has the advantage of using 
pairwise signal processing to create a simplicial complex 
from brain networks.71 Other strategies to build simplicial 
complexes beyond pairwise signal processing have been pro
posed, such as approaches combining information theory 
and algebraic topology.63,72-76
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Extended neighbourhood
The mesoscopic structure of a complex network can be de
scribed in terms of extended neighbourhoods or ego net
works,62 as illustrated in Fig. 1. Starting from a given node 
i, we define its d-extended neighbourhood ENd

i as the sub
graph induced by the set of nodes at a hopping distance δ 
equal or smaller to d, δ ≤ d (see Fig. 1B). ENd

i generalizes 
the concept of the clustering coefficient, as it allows us to cap
ture the connectivity not only between the first neighbours of 
a node, but of its general area of influence characterized by 
the hopping distance parameter d.

ENd
i can be characterized by its size (number of nodes 

NENd
i
) and connectivity (number of links, EENd

i
). NENd

i 
gener

alizes the notion of node degree, and indeed the degree of a 
node equals to NENd=1

i
. Similarly, the local clustering coeffi

cient reduces to CCi = 2
E

ENd=1
i

N
ENd=1

i
(N

ENd=1
i

−1).

Finally, we also characterized the topological organiza
tion of the extended neighbourhoods by the notion of 
‘Betti numbers’. The first Betti number β0 measures the num
ber of connected components in a network. Subsequent Betti 
numbers βi describe the topology of the simplicial complex 
associated with the network. Generally, the Betti numbers 
βi, i ≥ 1 are topological invariants derived from the simplicial 
complex that measure the number of linearly independent 
i-dimensional holes in the simplicial complex. Thus, β1 pro
vides the number of 1D cycles that are not boundaries of 2D 
simplices of the associated simplicial complex, and similarly, 
β2 indicates the number of 2D cycles (i.e. over triangles) that 
are not boundaries of 3D simplices of the simplicial complex. 
β0 indicates the number of connected components of the lo
cal neighbourhood. Thus, large values indicate a hub that 
connects otherwise disconnected regions of the network.62

β1 indicates the number of cycles forming 1D holes. 
Therefore, a large value of the ratio β1/β0 indicates a sparse 
neighbourhood. Similarly, larger values of β2 indicate the 
tendency to form planar (i.e. triangular) structures. The 

Betti numbers are non-linearly influenced by the size and 
density of the neighbourhood and integrate information on 
the mesoscopic structure of the network in a non-trivial 
manner.

Resection area and node sets
The RA was determined for each patient from the 3-month 
post-operative MRI. This was co-registered to the pre- 
operative MRI (used for the MEG co-registration) using 
FSL FLIRT (version 4.1.6) 12-parameter affine transform
ation. The RA was then visually identified and assigned to 
the corresponding AAL ROIs, namely those for which at 
least 50% of the centroid had been removed during surgery.

Based on the RA, we identified four sets of nodes: RA, or 
resected nodes, are the nodes that belong to the RA. RA, or 
non-resected nodes, are the nodes that do not belong to RA. 
We further considered two subsets of RA. This partition was 
based on the connectivity of the RA and was thus different 
for each frequency band: N, or neighbours, are the nodes 
that are connected to RA nodes and that do not themselves 
belong to the RA. O, or other nodes, are the remaining nodes 
in the network, that is, nodes that do not belong to the RA 
and are not connected to any RA nodes. In Supplementary 
Fig. 1, we report the distribution of the sizes of each node 
set, for each frequency band, over the patient cohort.

Statistical analyses
We first performed an individualized, node-based analysis, 
by which we tested whether the hub status of the different 
node sets differed significantly for each patient and metric 
X. We considered two types of comparisons: (i) two-node-set 
setting, where we tested whether X(RA) > X(RA), and 
(ii) three-node-set setting, where we tested whether 
X(RA) > X(N), X(RA) > X(O) and X(N) > X(O). We quan
tified whether the hubness distributions were significantly 
different via bootstrapping analyses to determine the z-score 

Figure 1 Schematic description of extended neighbourhoods. (A) Illustrative representation of the extraction of a node’s 
neighbourhood for d = 2. The nodes are colour-coded to show the ROI (central node, shown in red), its first (orange) and second (yellow) 
neighbours and the remaining network nodes (green). (B) Extended neighbourhood of the node. The central node is not included in its 
neighbourhood, therefore it is shown here with low opacity (light pink node) and its edges are removed (dashed lines). The topological 
organization of the neighbourhood can be observed. In this case, e.g. two different connected components emerge, as well as two closed triangles.
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and P-value of the difference. In particular, the statistical sig
nificance of the difference between the two data sets was as
sessed by performing 104 bootstrapping replicas of each data 
set, which were drawn randomly, independently and with re
placement from each data set. For each pair of samples, we 
calculated the difference between their means. From the re
sulting distribution of mean differences, we computed the 
mean and standard deviation, deriving a z-score and corre
sponding two-tailed P-value. The sign of the difference indi
cated whether it was in the direction of the hypothesis or 
against it. The z-score was computed as the mean of the dif
ferences of the bootstrapped samples divided by the standard 
deviation of these differences. The two-tailed P-value asso
ciated with the z-score was determined using the cumulative 
distribution function of a standard normal distribution. 
Considering the large number of comparisons performed, 
we applied the Bonferroni correction to account for multiple 
testing and control the false discovery rate (FDR). 
Specifically, the Bonferroni correction was applied by divid
ing the original significance level (α = 0.05) by the number of 
comparisons made for each patient (n = 56, seven frequency 
bands times eight generalized centrality metrics), resulting in 
the new significance level α′ = 0.05

56 ≈ 8.9 · 10−4.
To determine whether the results held at the group level, 

for each patient, we estimated the average generalized cen
trality of each of the four node sets, for each frequency 
band and network metric. Then, we performed pairwise stat
istical comparisons of the node sets at the population level. 
Therefore, each test comprised n = 91 data points, one for 
each patient. The difference was measured via the z-score 
and P-value of a paired bootstrapping analysis, performed 
as described above. The P-values were then Bonferroni cor
rected to account for multiple comparisons (n = 56).

We subsequently utilized the results of the node-based 
analyses to perform a receiver operating characteristic 
(ROC) curve classification of the patients [SF or non-seizure 
free (NSF)]. The result of each node-based test was quanti
fied in the variable ri

n1,n2(X) for each patient i, hubness metric 
X and node sets n1 and n2. ri

n1,n2(X) = 1, − 1 or 0 indicating 
whether the node sets were significantly different in the dir
ection of the hypothesis, contrary to it, or not significantly 
different, respectively. We then summed over hubness me
trics to define a ‘distinguishability’ score Di

n1,n2 for each pa
tient and node-based comparison.43 To sum up the results of 
the three-node-set analysis, we defined a combined distin
guishability score, Di

comb, by summing over the correspond
ing three pairwise comparisons. The distinguishability score 
according to each test was then used to classify the patients 
with a ROC curve analysis, and the goodness of the classifi
cation was measured with the AUC. We performed a boot
strap analysis to derive confidence intervals for the AUC 
values. For each frequency band and type of comparison, 
we created n = 104 bootstrap samples by resampling the ori
ginal data with replacement and performed the ROC curve 
analysis on each sample. This resulted in a distribution of 
104 bootstrap AUC estimations, from which we derived 
90% confidence intervals. To assess whether the AUCs of 

different tests (i.e. type of comparison and frequency band) 
differed significantly, we compared the measured AUC of 
one test against the bootstrap distribution of the other, for 
all test pairs. Let Bi and Bj denote the sets of bootstrap repli
cates for tests i and j, i ≠ j, with respective AUCs denoted as 
AUCi and AUCj. We computed the fraction of bootstrap 
samples Bi smaller than AUCj, and vice-versa, the fraction 
of bootstrap samples Bj smaller than AUCi. The average 
yielded a two-sided P-value for the null hypothesis that there 
was no significant difference between AUCi and AUCj. The 
P-values were then FDR corrected for multiple comparisons 
with the Benjamini–Hochberg procedure, and the signifi
cance threshold was set at 0.05.

Finally, to enable a more direct comparison with the pre
vious study by Englot et al.,43 we also estimated the distin
guishability score as originally proposed, by calculating the 
AUC of the node ROC classification (instead of using 
ri
n1,n2(X)), for each metric X and pair of node sets. Patient 

classification based on this score was then performed similar
ly to the previous analysis. For this test, we also considered 
the node strength (the sum of its non-zero weights after 
thresholding) as a metric to allow for a more direct compari
son with Ramaraju et al.48

Results
We considered a cohort of 91 epilepsy-surgery patients de
rived from a previous study.46 The cohort included patients 
with both temporal and extra-temporal resections (see 
Supplementary Table 1 for details, including patient demo
graphics). For each patient, we derived their resting-state 
functional brain connectivity from MEG recordings (see 
Methods for details), considering the AAL (Automated 
Anatomical Labelling) atlas (n = 90 ROIs) and the PLI con
nectivity metric.

Extended neighbourhoods
To characterize regional brain organization, we have consid
ered the notion of the extended neighbourhood EN of a 
node.62 Extended neighbourhoods, also called ego-centred 
networks, define the area of influence of a node. Mathemat
ically, the extended neighbourhood of node i, ENd

i , is defined 
as the subgraph formed by nodes at distance δ, 0 < δ ≤ d, of 
node i (which, crucially, excludes node i, see Methods for a 
detailed definition), as depicted in Fig. 1. By changing the ra
dius d of the extended neighbourhood, we can access differ
ent scales of network organization, going from the local to 
the global perspective. To quantify the structure of ENd

i , 
and thus regional network organization, we have considered 
five topological measures: the size or number of nodes Nd

i , 
the number of edges Ed

i and the first three Betti numbers, 
quantifying the number of connected components βd

0,i, the 
number of loops βd

1,i (not accounting for triads, which are 
always considered to be filled, see Methods) and the number 
of cavities or 2D loops, βd

2,i. These metrics quantify the 
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topology of the extended neighbourhood of each node. The 
number of nodes and edges indicates the regional connectiv
ity of the node and can be interpreted as centrality metrics. 
Similarly, a high value of the first Betti number indicates 
that node i acts as a broker between different otherwise dis
connected components of its neighbourhood.62 In Fig. 2, we 
provide an illustration of these different metrics. A more de
tailed description of each metric can be found in the Methods 
and in the Supplementary Material.

As a benchmark, we have also considered three node- 
based metrics, namely the betweenness centrality BCi, the lo
cal clustering coefficient ci and the local curvature Ci. The be
tweenness centrality is a standard measure to quantify 
node-centrality and define hubness.21,29,45 It quantifies the 
extent to which a node lies on the shortest paths between 
other nodes, thus capturing its role in controlling informa
tion flow in the network.77 Node curvature measures how 
paths in the simplicial complex diverge or converge around 
a node, capturing the local geometric properties of the space. 
Specifically, in a simplicial complex, curvature reflects how 
higher-dimensional simplices (such as triangles or tetrahe
dra) connect around a node, influencing the shape and flow 
of the network structure. It is associated with network ro
bustness and also identifies brain hubs, with large negative 
values being indicative of hub status.78 The clustering coeffi
cient captures the connectedness of a node’s neighbours and 
has previously been associated with epilepsy-surgery 
outcomes.20

Topological characterization of the 
epileptogenic zone
Following the hypothesis that the EZ is either a hub or con
nected to a hub, we hypothesized that RA nodes and their 
neighbourhoods will be more central than other nodes in 
the network. To test this hypothesis, we considered an exist
ing database comprising 91 patients who underwent epilepsy 
surgery at Amsterdam UMC, location VUmc. This database 
had been studied with a combination of network metrics and 

machine learning previously.46 The brain organization for 
each patient was encoded in a functional brain network com
prised of 90 ROIs (according to the AAL atlas64), derived 
from resting-state MEG, and thresholded to keep only the 
strongest links (see Methods for details). MEG networks 
were derived in different frequency bands, which account 
for different aspects of brain function. For simplicity, we 
have considered here first the broadband (0.5–48.0 Hz) but 
refer back to a multi-frequency analysis in later sections. 
The RA of each patient was derived from post-operative 
MRI and was encoded in terms of AAL nodes. We note 
that this hypothesis is better-suited for SF patients, for 
whom the EZ is known to be included in the RA, than 
for NSF patients, for whom we know that at least part of 
the EZ remained unresected. Therefore, besides whole- 
cohort analyses, we analysed the SF and NSF subgroups 
independently.

Each node in the network was described by means of the 8 
metrics defined in the previous section, with high values of 
these metrics associated with higher generalized centrality, 
except for the curvature, where the direction is the opposite 
as discussed above. Initially, two sets of nodes were defined 
for each patient and network: resected nodes RA and non- 
resected nodes RA. We analysed whether these nodes dif
fered at the individual level in any of the 8 metrics considered 
(bootstrapping and a Bonferroni correction were used to es
tablish statistical significance, see details in the Methods). 
Details of this analysis for an exemplary case are shown in 
Supplementary Fig. 2. We found that, at the individual level, 
RA nodes were significantly more central according to all 
neighbourhood metrics, except β0, for 15–30% of patients 
(respectively for 23, 27, 20 and 14 cases for N, E, β1 and 
β2). Traditional node-based metrics were less efficient at de
tecting differences between the node groups: according to 
these metrics, RA nodes were significantly more central 
than RA nodes only for a handful of patients (respectively 
6, 3 and 6 for c, C and BC). We note that, for a few patients, 
the opposite result was found and RA nodes were significant
ly less central than RA nodes, both with the node- and 

Figure 2 Illustration of the properties of simplicial complexes and extended neighbourhoods. (A) Schematic network where we 
highlight two nodes: a regional hub (node H ) with a high degree (seven neighbours) and high Betweenness Centrality BC since it brokers two 
communities, and a local hub (node W ) with a high degree (five neighbours) but low BC. (B) and (C) illustrate extended neighbourhoods of W and 
H, respectively. The different topology of the extended neighbourhoods ENW and ENH is encoded by the regional and local metrics, as shown in 
(D). Whenever there is a closed clique in the original network, simplices are built in the extended neighbourhood. For instance, in B, the grey 
triangle represents a 2D simplex built according to this rule.
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neighbourhood-based metrics (respectively 5, 5, 7 and 3 
cases for N, E, β1 and β2; and 3 and 1 cases for c and C; 
whereas no case was found for BC). These results are sum
marized in Fig. 3, Panel A, whereas numerical results can 
be found in Supplementary Tables 3–5. On average (across 
network metrics and frequency bands), 5.02% of patients 
had a significant difference in the direction of the hypothesis 
(positive), and 2.32% in the direction against it (negative). 
We found that these results were replicated both in the SF 
and the NSF subgroups (see Supplementary Fig. 3 and 
Supplementary Tables 3 and 4) with similar dependencies 
on the type of node-test, frequency band and generalized cen
trality metric.

Our results agree with previous studies, according to 
which the RA is not always a network hub, but it is often 
strongly connected to a pathological hub.21,29,46 Conse
quently, the RA node set may include both nodes that are 
less and more central than RA nodes. To take into account 
this effect, we split the RA set into two: nodes that were 

neighbours of the RA (neighbours, N set) and nodes that 
were not (other, O set). According to our initial hypothesis, 
within this division of the node sets, we expected that both 
RA and N nodes were more central than O nodes, and that 
RA and N nodes were similarly highly central. As expected, 
we found that RA nodes were significantly more central than 
O nodes for 13.80% of patients on average (over frequency 
bands and network metrics), whereas the opposite was true 
only for 2.10% of patients. Similarly, N nodes were signifi
cantly more central than O nodes for 37.94% of cases, 
whereas the opposite was true only for 0.60% (Fig. 3, Panels 
B and D). As before, neighbourhood-based metrics were able 
to capture this difference more consistently across patients 
than node-based metrics. Regarding the relative hub status 
of the RA and its neighbourhood, we only found significant 
differences between RA and N nodes for a small fraction of 
the patients (1.66% in the positive direction and 5.75% in 
the negative direction, see Fig. 3, Panel C). These went in 
both directions, with a tendency towards a higher centrality 
of N nodes at the group level, as we discuss below. For in
stance, for the metric that picked up the most differences in 
the broadband, β1, RA nodes were more central than N 
nodes for 10 cases, but the opposite was true for 12 cases. 
These findings indicate heterogeneity in the patient popula
tion regarding the relative hub status of the RA and its neigh
bours. For most cases, these two sets could not be 
distinguished based on centrality metrics (either node- or 
neighbourhood-based), indicating a similar highly-central 
status (note that the remaining nodes were found to be less 
central).

Group-level analyses
To gain a population-level perspective of the relative hub sta
tus of the RA, we repeated the previous analyses at the group 
level. To do so, we measured the average centrality of the 
nodes in each node set, for each patient and frequency 
band. We found that, when all patients were pooled to
gether, the differences between node sets became more sub
tle, likely due to patient-specific variability, as shown in 
Fig. 4 (numerical data are reported in Supplementary 
Tables 6 and 7). Overall, we found in the two node-group 
analysis that the RA and RA node sets could not be signifi
cantly distinguished at the group level, for most metrics 
and frequency bands, with the most notable exception of 
the broadband. The three node-group analysis recovered 
for the most part the findings of the individual-level analyses, 
i.e. O nodes were the least central, and N were somewhat 
more central than RA. At the group level, the betweenness 
centrality became the most robust metric across frequency 
bands, and the broadband network was the network for 
which differences between node groups were more prevalent 
across metrics. Notably, three of the metrics, the local clus
tering c, β0 and β2, performed poorly for the remaining fre
quency bands.

We repeated this analysis on the SF and NSF subgroups 
separately (see Supplementary Fig. 4 and Supplementary 
Tables 8–11). The main findings remain the same in both 

Figure 3 Results of the patient-specific node-type 
comparison. Patient-specific comparison of different node groups 
for the two-group (A) and the three-group (B)–(D) set-ups. For each 
panel, the hypothesis of the relation in centrality between the two 
groups is shown in the panel title. The fraction of patients for whom 
there was a significant difference in the direction (opposite direction) 
of the hypothesis is shown by the blue (red) triangles in the upper-right 
(bottom-left) corner of each cell, respectively, for each frequency band 
(rows) and metric (columns), colour-coded as indicated by the 
colorbar. The corresponding numerical values are shown in 
Supplementary Tables 3 and 4. The vertical black line separates 
node-based (left) from neighbourhood-based (right) metrics. X (S) 
stands for the generalized centrality metric X measured on the nodes 
in set S. Significance (threshold = 0.05) was established with a 
bootstrapping analysis (see Methods, nreplicas = 104). The number of 
samples in each test was different for each patient since it was 
determined by the size of each node set. The P-values were Bonferroni 
corrected for multiple comparisons (n = 56).
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subgroups, with some loss of significance, which is expected 
due to the reduced group sizes, particularly for the NSF 
group. Notably, most changes appear in the X(RA) > X(N) 
and X(RA) > X(O) comparisons for the NSF group. In the 
first case, no significant differences are found in the slow fre
quency bands and the broadband. In the latter, most signifi
cant differences vanish, particularly for the fast frequency 
bands. This result suggests that weaker differences might 
be found for the NSF group under the three-node-set parti
tion, at least at the group level. We will explore this result 
in more detail in the next section.

Topological signatures of the 
resection area and surgical outcome
To investigate whether the hub status of the RA was asso
ciated with surgical outcome in this dataset, we assigned 
each patient a ‘distinguishability’ score DRA,RA to quantify 

the distinguishability between the RA and RA node sets.48

For each patient, DRA,RA measures the number of tests 

(over the eight network metrics considered) for which the hy
pothesis of the hub status of the RA is significantly fulfilled 
(see Methods for details on data and how the statistical ana
lyses have been performed, see also Supplementary Fig. 5). 
Following our previous findings that a three-node-group div
ision is more informative at the node level, we also assigned 
distinguishability scores to the pairwise comparisons be
tween the three node sets RA, N and O, namely DRA,N, 
DRA,O and DN,O. Next, to summarize the results of the 
three-node-group analysis into one score, we defined a com
bined score of the three-node-group analysis Dcomb by sum
ming over the corresponding three pairwise comparisons 
(see Methods for details). The derivation of these metrics is il
lustrated in Supplementary Fig. 3. We used each distinguish
ability score to classify the patients between the SF and NSF 
groups, as shown in Fig. 5 (a statistical comparison between 
the two groups was also performed, see Supplementary Fig. 6, 
but no statistical differences between the two groups survived 
after FDR correction). We found that patient classification 

Figure 4 Results of the group-level comparison of node types. Group-level comparison between node sets, for each considered 
frequency band (y-axis) and network metric (x-axis). From left to right, the panels indicate the difference between the node sets: (i) RA versus RA 
(A), (ii) RA versus N (B), (iii) RA versus O (C), (iv) N versus O (D). X (S) stands for the generalized centrality metric X measured on the nodes in set 
S. The colour code indicates the z-score of the difference between the average values of each node set, computed by bootstrapping the data 
(sampling size of 104). Single asterisks indicate significant differences (P < 0.05, according to the bootstrapping analysis) that did not survive the 
Bonferroni correction (n = 56, see Methods), and double asterisks the ones that did (P < 8.9 · 10−4). The number of paired samples in each test 
was equal to the number of patients, N = 91. The corresponding numerical values are shown in Supplementary Tables 6 and 7.
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was fair at best for any of the frequency bands or node-group 
montages (Panel C, see also Supplementary Table 12 for the 
numerical values and 90% confidence intervals, and 
Supplementary Fig. 7 for the exemplary ROC curves for the 
broadband). There were differences in AUC values depend
ing on the frequency band and type of comparison consid
ered. As shown in Supplementary Fig. 8 (and as it can be 
inferred also from the data in Fig. 5C), for a given type of 
node comparison, main differences appear between the 
slow and fast frequency bands, with slow frequency bands 
(except for the δ band) showing in general higher AUC values 
(>0.5), and fast frequency bands showing lower AUC 
values (smaller than 0.5). These results suggest that the 
hub distribution of SF and NSF cases changes differentially 
with the frequency band. The best results were found for 
the broadband when considering the combined information 
of the three-node-group analyses, which resulted in an 
AUC = 0.68.

We analysed whether there were differences in the patient- 
classification analysis between patients with temporal and 
extra-temporal resections (see Supplementary Fig. 9 for de
tails). We found that patients in the extra-temporal subgroup 
could be classified significantly better overall, particularly for 
some specific tests. No clear dependency of the difference in 
the classification on the frequency band or type of node com
parison was observed. Similarly, there were no significant 
differences at the individual test level (after FDR correcting 
for multiple comparisons).

Finally, to better contextualize and validate our findings, we 
considered an alternative definition of the node distinguishabil
ity, D′ , as introduced by Ramaraju et al.48 In this case D′ is sim
ply the AUC resulting from the classification of RA and RA 
nodes (see Supplementary Fig. 6). In their original study, 

Ramaraju et al.48 found that they could classify the patients ac
cording to surgical outcome with an AUC of 0.76 using D′

based on the degree-centrality as a metric. For our dataset, 
however, we found a maximum AUC of only 0.65 when using 
D′ based on the degree-centrality (see Supplementary 
Table 13). When applying D′ to the 8 metrics considered in 
the main part of this study, we found AUC values ranging 
from 0.68 (for the neighbourhood metric N in the α1 band) 
and 0.36 (neighbourhood metric β1, α1 band) for the 
two-node-set analysis, with similar results also for the 
three-node-set partition (see Supplementary Figs 10 and 11).

Discussion
In our study involving 91 patients who underwent epilepsy 
surgery, we investigated the hub status of the RA and its re
gion of influence to shed new light on the presence of patho
logical hubs in the brains of epilepsy-surgery patients and 
their role in the outcome of epilepsy surgery. We proposed 
a novel methodology based on node-neighbourhoods and 
topological data analysis to quantify node centrality at a me
soscopic level. As a validation of our novel approach, we 
compared our findings against established node-based me
trics such as the betweenness centrality and clustering coeffi
cient. Moreover, by leveraging the same database previously 
analysed by Nissen et al.46 with traditional methodologies, 
we enabled a direct comparison between the two studies.

In our study, we found that (i) the neighbours of the RA 
play an important role in brain-network organization in epi
lepsy and are significantly different from the remaining 
nodes in the networks (thus a three-group partition of the 
brain regions, where RA neighbours are separated from the 

Figure 5 Results of the patient classification analyses. Classification of SF and NSF patients based on the two-node-group (A) and 
three-node-group (B) distinguishability scores. X (S) stands for the generalized centrality metric X measured on the nodes in set S. A and B show 
the ROC curves corresponding to the broadband, showing the True Positive Rate (TPR) as a function of the False Positive Rate (FPR) for each 
classification threshold; the remaining bands are shown in Supplementary Fig. 7. The resulting AUC is indicated by the figure legends. C shows the 
resulting AUC for all frequency bands for this same analysis. In this representation, the SF group is assigned to be the positive class. The colour 
scale is centred around AUC = 0.5, which indicates a lack of association. Blue colours stand for an association in the direction of the hypothesis 
(AUC > 0.5, i.e. the SF group presents a higher distinguishability score), whereas yellow colours stand for the opposite (AUC < 0.5, the NSF group 
presents a higher distinguishability score).
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remaining brain network, is more representative than a 
two-group partition); (ii) the RA and its neighbours are 
more central than the remaining brain regions, which holds 
true at the group level and also individually for most pa
tients, and both for patients with good and bad outcome; 
(iii) the RA and its neighbours are similarly highly central, 
with only some differences at the individual level (for 10– 
20% of patients) that go in both directions, whereas at the 
group level the neighbours are weakly but significantly 
more central; and (iv) the difference in hub status between ei
ther the RA or its neighbours and the remaining network 
nodes, but not between them, is weakly associated with sur
gical outcome (AUC = 0.62, 0.64 and 0.46, respectively). A 
main consequence of our findings is that a three-node-group 
partition of the brain regions, as we have introduced here, 
such that the RA-neighbouring regions are separated from 
the remaining brain regions and considered specifically, is 
more representative than a two-node-group partition, in par
ticular yielding better node-classification results. These find
ings support the hypothesis of the emergence of pathological 
hubs in refractory epilepsy that do not necessarily overlap 
with the RA, a finding that was valid for patients with 
good and bad outcomes. These results further highlight the 
need for individualized studies that take into account 
patient-specific brain connectivity.

Hub status of the resection area
In this study, we considered the emergence of pathological 
hubs in epilepsy and their overlap with the RA.29,45 The 
RA has been associated with brain hubs both in functional 
and structural studies15,22,43-48,57-59,79,80 (see also Stam29

and Xu et al.81 for recent reviews), and their overlap has 
been related to surgical outcome, with several MEG studies 
finding that hub removal was associated with good post- 
surgical outcomes.45,47,48,80 In particular, Nissen et al.45

found that the brain network hubs [defined via the between
ness centrality on a minimum-spanning-tree (MST), descrip
tion] were localized within the resection cavity in 8 out of 14 
SF patients and none (out of 8) NSF patients (73% accuracy). 
Similarly, Fujiwara et al.80 found that removal of the most 
central hubs (defined via the eigenvector centrality on 
weighted PLI networks) had predictive value in a study 
with 31 patients (17 SF). Considering a simple correlation 
metric as the basis for connectivity, Ramaraju et al.48 found, 
in a study with 31 patients (12 SF), that SF patients had sig
nificantly more hubs surgically removed. Finally, Corona 
et al.47 also found higher functional connectivity (defined 
via both the amplitude-envelope coupling and phase- 
locking-value on the MST description) inside than outside 
the RA for SF patients, and a few differences between the 
two for NSF patients in a study with 37 (22 SF) patients in
volving both children and young adults with refractory epi
lepsy. The functional connectivity measures predicted 
weakly the EZ location and surgical outcome (sensitivity 
and specificity > 0.55 with leave-one-out cross-validation).

However, the relationship between hub-removal and sur
gical outcome could not be validated in our previous study46

(94 patients, 64 SF), which used the same patient cohort as 
we have considered here. Nissen and colleagues defined the 
hub status on the basis of the MST betweenness centrality, 
and only a weak association with the RA was found 
(60.34% accuracy with a random forest classifier) and 
none with surgical outcome (49.03% accuracy). In line 
with the suggestion that the relationship between the RA 
and the brain hubs is not straightforward, several studies 
have pointed towards the functional isolation of the EZ, 
both in invasive EEG38 and MEG.39 In particular, Aydin 
et al.39 found that SF patients presented a more isolated 
RA (relative to the contralateral hemisphere) than NSF 
patients in a study with 12 patients (7 SF) based on 
amplitude-envelope-correlation networks. Johnson et al.38

found that the SOZ and the early propagation zone pre
sented increased inwards and decreased outwards functional 
connectivity in an invasive EEG study involving 81 
drug-resistant epilepsy patients undergoing pre-surgical 
evaluation. Interestingly, they found that the largest differ
ence between SF and NSF patients appeared in the propaga
tion zone: the connectivity profile of the propagation zone 
was intermediate to that of the SOZ and the remaining net
works for SF patients, whereas for NSF patients it consistent
ly and closely resembled that of the remaining network. It is 
worth noting that this result may just reflect a difference in 
invasive EEG sampling between SF and NSF patients, such 
that, e.g. the true propagation zone of NSF patients may 
have been undersampled.38

The existence of pathological hubs can reconcile these 
findings: a pathological hub that may or may not coincide 
with the SOZ may be present, facilitating seizure propaga
tion. Then, removal of either the SOZ, the pathological 
hub, or even the connection between them could lead to seiz
ure freedom.24,45 In a previous modelling study, for instance, 
we found that the link-based resections that led to the best 
post-surgical outcome in the model were those linking the 
RA to the network hubs.21 Our findings in the current study 
support this hypothesis, as we have found that the relative 
hub status of the RA varies largely within the patient cohort, 
and that whether it is more or less central than its neighbours 
does not determine outcome. Therefore, removal of a hub re
gion was not necessary in this study to achieve seizure free
dom. Of note, in this study, we have considered the RA as 
a proxy for the EZ, as is commonly done in epilepsy-surgery 
studies.23,46,48 However, this adds a level of inaccuracy: for 
NSF cases, it is known to be inaccurate, but even for SF cases, 
it might have been larger than needed.21,22 This can lead to 
inaccuracies in the definition of the RA, and as a consequence 
in the neighbourhood regions. In contrast, the differences be
tween either the RA or its neighbours with the remaining 
brain regions proved to be a stronger indicator of surgical 
outcome (albeit still weak, with AUC = 0.62 and 0.64, re
spectively). The proposed three-node-set partition may 
thus provide new insight into the effect of a particular resec
tion, which may be missed with the standard two-node-set 
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partition approach. This is in agreement with the method
ology and findings by Johnson et al.,38 but here we propose 
a methodology based only on resting-state MEG brain con
nectivity, without the need for invasive or ictal recordings, 
as the notion of the propagation zone is substituted by that 
of the neighbours of the RA. Given that the type of resection 
(temporal versus extra-temporal) plays a major role not only 
in surgical outcome but also in the expected centrality of the 
RA, we analysed whether there were differences between 
the temporal and extra-temporal subgroups regarding the 
patient-classification analyses. We found that, overall, the 
extra-temporal subgroup yielded larger AUC values than 
the temporal subgroup. This finding suggests that centrality 
measures might provide more information on the expected 
surgical outcome for patients with extra-temporal resec
tions. This is the subgroup with the worse prognosis (only 
50% were SF in this data set, relative to 77.05% of patients 
with temporal resections, see Supplementary Table 1), and 
which thus could benefit the most from innovative analyses. 
This can be a promising line of research for further studies 
that focus on the population of patients with extra-temporal 
resections.

Finally, we note other possible interpretations of our find
ing that pathological hubs are associated with the RA in epi
lepsy surgery. Firstly, the emergence of pathological hubs in 
the functional brain networks of epilepsy patients might be 
driven by the presence of interictal epileptogenic activity, 
such as spikes or high-frequency oscillations, which can 
drive connectivity metrics. The measure considered here as 
an indicator of functional connectivity, the PLI, should min
imize such effects by considering only phase coherence and 
neglecting zero-lag coupling. Secondly, the association be
tween the RA and network hubs might be driven by actual 
network hubs—not pathological ones. This poses a general 
problem in epilepsy-surgery planning, as resections with 
the best outcome—by targeting the brain hubs—may also 
have important side-effects.

Centrality metrics and node 
neighbourhoods
In this study, we proposed the use of regional centrality me
trics to better account for the effect of a given resection, fol
lowing previous theoretical works.62,82,83 Most previous 
clinical studies have considered traditional centrality metrics 
that do not take the local network-neighbourhood into ac
count, of which the degree,45-48 betweenness centrality,45,46

and eigenvector centrality21,84,85 are predominant. Here we 
found that neighbourhood-based metrics, with the exception 
of β0 (which equaled 1 in most cases for the considered para
meters, as a consequence of the high level of recurrent con
nectivity in the networks), were able to more consistently 
pick up differences between RA and RA nodes at the individ
ual level across all frequency bands, and in particular for the 
broadband, than nodal measures such as the betweenness 
centrality or the clustering coefficient (Fig. 3). These findings 
indicate that the neighbourhood of the RA is significantly 

different from the neighbourhood of other nodes in the brain 
network, in particular denoting a higher (generalized) cen
trality. In contrast, at the group level (Fig. 4), the metric 
that revealed the strongest difference between RA and RA 
nodes was the betweenness centrality, which is also the met
ric most often considered in the literature. We note this as an 
interesting avenue for future research: at the theoretical level 
to understand whether different centrality metrics might be 
more or less sensitive to individual variations, and at the clin
ical level to validate the generalizability of these findings. 
Notably, whereas the betweenness centrality requires global 
information, extended neighbourhood metrics can be com
puted with only regional information, and are thus more ef
ficient to compute for large systems.

In the case of the three-node-set partition, at the group le
vel, the differences between local and regional centrality me
trics were larger (Fig. 4 and Supplementary Table 6). This 
may be caused by the neighbourhood-based partition of 
the node sets, such that the RA neighbourhood is considered 
explicitly, even for the node-based metrics. At the individual 
level, the neighbourhood-based metrics were also slightly 
more sensitive to differences between both the RA (RA set) 
and its neighbours (N set), with the remaining network 
nodes (O set). Differences between the RA and N node sets 
were sparse as discussed above, and generally all metrics per
formed similarly except for the clustering coefficient c, and 
the first and third Betti numbers, β0 and β2, with very low 
sensitivity. In particular, β0 and β2 showed little variation 
across nodes for the parameters considered. At the group le
vel, however, the betweenness centrality and curvature 
found the strongest and most consistent differences between 
node sets. Further studies, considering e.g. larger networks 
or different connectivity thresholds, could validate the gener
alizability of these findings.

To better contextualize our study, we also considered the 
node strength (or weighted degree) as a centrality metric, fol
lowing Ramaraju et al.48 In their original study the authors 
found that this metric could classify RA and RA nodes for 
8 out of 12 SF patients, and that, using the AUC of this clas
sification (distinguishability D′) as a patient score, they could 
classify SF and NSF patients with an AUC of 0.76. In our 
study, however, we have only found an AUC of 0.65 when 
implementing their methodology, and an optimal value of 
AUC = 0.68 for the α1 band with the combined distinguish
ability score. These results are in agreement with those found 
in the main part of our study and with our previous findings 
with this same dataset.46 Further studies are needed to eluci
date the origin of the lower performance found here com
pared to Ramaraju et al.48 We identify methodological 
considerations, such as the choice of connectivity metric— 
we considered here a phase metric, the PLI, that is insensitive 
to volume conduction, whereas Ramaraju et al.48 used un
corrected amplitude correlations—or the thresholding pro
cedure used (simple thresholding versus the disparity filter 
considered here). Moreover, the small dataset considered 
by Ramaraju et al.48 could have driven the higher perform
ance of the classification analysis. The findings may also 
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reflect intrinsic differences between the patient populations: 
the cohort in this study is highly heterogeneous, including 
patients with different etiologies.

Multi-frequency analysis
In our study, we considered a multi-band description, in ana
logy with some previous studies.39,51,80,86-89 These studies 
found for the most part comparable results across frequency 
bands, with significant differences in brain network organ
ization between epilepsy patients and controls, or between 
SF and NSF epilepsy-surgery patients, arising predominantly 
in the θ and α bands,39,51,87-89 although differences have also 
been observed in the δ and γ bands86 and in the ripple and fast 
ripple bands.86,87

In our study, we also found comparable results across fre
quency bands for the node-based analyses, both at the indi
vidual and group level. Some metrics, such as the local 
clustering c, β0 and β2, however, only picked up differences 
between node sets in the broadband network. Notably, 
only in this band were the sizes of the N and O node groups 
markedly different (when considering all ROIs and patients, 
see Supplementary Fig. 1 for more details). Regarding the pa
tient classification analysis, we found the best classification 
for the broadband and α1 bands in agreement with the litera
ture.39,51,87,89 Remarkably, we found the strongest varia
tions across frequency bands in the patient classification 
analysis (Fig. 5C, see also Supplementary Fig. 8 for details 
of the comparisons). Whereas in the broadband and the low
er frequency bands (in particular δ and α1) we found a some
what better outcome for patients with a high 
distinguishability score, this was not the case for higher fre
quency bands (in particular β and γ, see Fig. 5). Overall, these 
results suggest that the hub-distribution changes differently 
across frequency bands for patients with good and bad out
comes. This finding highlights the need for further multi- 
frequency studies of epilepsy surgery to explore this effect 
in depth and determine its potential role in improving 
epilepsy-surgery planning.

Methodological considerations
In this study, we considered the same patient database as in our 
previous study.46 In this previous study, a machine learning 
analysis was used to classify network nodes as belonging or 
not to the RA, and to classify patients as having good (SF) or 
bad (NSF) outcomes. The performance of the node classifier 
was fair (60.37% accuracy), but the patient classification failed 
(49.03% accuracy). We have introduced several methodologic
al changes relative to this original study, from the consideration 
of multiple frequency bands, the three-node-group partition, 
and the inclusion of node-neighbourhoods and topological 
data analysis. The methodologies of the two studies can be 
compared via the betweenness centrality, a benchmark central
ity measure considered in both studies: Nissen et al.46 found 
that hub nodes overlapped more than expected by chance 
with the RA. This is in qualitative agreement with our finding 

that RA nodes are, at the group level, significantly more central 
than RA nodes.

Regarding patient classification, Nissen et al.46 performed a 
classification based on a combination of individual and average 
metrics, namely the averages over (i) RA nodes, (ii) the resection 
lobe, (iii) nodes contralateral to the RA, (iv) RA nodes, and two 
metrics measuring the difference between the average over RA 
and the contralateral nodes, and over RA and RA nodes. No 
significant differences between SF and NSF patients were iden
tified at the group level, and a machine learning analysis was 
also unable to classify the patients according to surgical out
come. In our study, instead of using the centrality values direct
ly, we exploited the results of the node-based analyses to 
perform a patient classification analysis, similarly to the ana
lysis by Ramaraju et al.48 In particular, we defined a distin
guishability score based on the difference between each of 
the node sets, and we found an AUC of 0.68 for the broad
band network (the same as used by Nissen et al.46). In this 
manner we were able to exploit a patient-specific analysis, 
accounting for heterogeneity in the patient population, 
which can be lost if comparisons of absolute values among 
patients are performed. The differences in findings between 
the two studies, and our finding that a population-based 
analysis is less sensitive than the patient-specific analysis, 
highlight the need to consider methodologies that allow 
for individualized patient characterization.23,24

Whereas some of the studies mentioned above,48 as well 
as other recent studies,23 have found better classification re
sults than the ones found in this study, the strength of this 
study lies in the much larger patient cohort considered 
here, which is two to three times larger than typical cohort 
sizes in similar studies. Moreover, we further validated 
the robustness of our findings with respect to several meth
odological choices, including the frequency band of the 
MEG-based brain networks and specific analysis details, 
benchmarking our findings and analysis pipelines against 
previous studies.46,48

Conclusion
Pathological hubs occur in the brain networks of refractory 
epilepsy patients that do not necessarily overlap with the 
EZ, but may instead be strongly connected to it. Thus, a posi
tive surgical outcome may also be obtained if the surgical re
section does not include a pathological hub. In this study, we 
have found that a three-group partition of the brain regions, 
where the neighbours of the RA are separated from the re
maining brain regions, can provide novel information re
garding the organization of the epileptogenic network. 
Regional descriptors of hub status and network organiza
tion, as the ones we propose here based on the notion of ex
tended neighbourhoods, provide new tools to characterize 
the effect of a proposed resection. Our findings also evidence 
the heterogeneity of the patient population, and the need for 
individualized studies that allow for a patient-specific con
sideration of brain connectivity.

Neighbourhood topology in epilepsy surgery                                                                         BRAIN COMMUNICATIONS 2025, fcaf431 | 13

D
ow

nloaded from
 https://academ

ic.oup.com
/braincom

m
s/article/7/6/fcaf431/8307546 by C

EU
 Library user on 24 M

arch 2026

http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcaf431#supplementary-data
http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcaf431#supplementary-data


Supplementary material
Supplementary material is available at Brain Communications
online.

Funding
Funding for open access charge: Universidad de Granada / 
CBUA. A.P.M. acknowledges financial support by the 
‘Ramón y Cajal’ program of the Spanish Ministry of 
Science and Innovation (grant RYC2021-031241-I) and 
from the Spanish State Research Agency, Project PID2020- 
113681GBI00, financed by MICIN/AEI/10.13039/ 
501100011033. A.P.M. and I.N. were supported by 
ZonMw and the Dutch Epilepsy Foundation, project num
ber 95105006, and Dutch Epilepsy Foundation project 
14-16 (I.N.) L.D.G. acknowledges financial support from 
the Clinical Neurophysiology Department (KNF) at the 
Amsterdam University Medical Center (AUMC). N.D. ac
knowledges funding by the Swiss National Science Foun
dation (SNSF) under project funding ID: 200021 207537 
and by the Deutsche Forschungsgemeinschaft (DFG, Ger
man Research Foundation) under Germany’s Excellence 
Strategy EXC2181/1-390900948 (the Heidelberg STRUC
TURES Excellence Cluster). This work was partially sup
ported by a grant from the Simons Foundation (G.B.). 
G.B. and A.P.M. would like to thank the Isaac Newton In
stitute for Mathematical Sciences, Cambridge, for support 
and hospitality during the programme Hypergraphs: The
ory and Applications, where work on this paper was under
taken. This work was supported by grant EP/R014604/1 of 
the Engineering and Physical Sciences Research Council 
(EPSRC). The funding sources had no role in study design, 
data collection and analysis, interpretation of results, deci
sion to publish, or preparation of the manuscript.

Competing interests
The authors declare that they have no competing interests.

Data availability
The data used for this manuscript are not publicly available 
because the patients did not consent for the sharing of their 
clinically obtained data. Requests for access to the data 
should be directed to the corresponding author. All user- 
developed codes are available on GitHub: https://github. 
com/LeonardoDiGaetano/TDA-Epilepsy.

References
1. Sporns O. Contributions and challenges for network models in cog

nitive neuroscience. Nat Neurosci. 2014;17(5):652-660.
2. Bullmore E, Sporns O. Complex brain networks: Graph theoretical 

analysis of structural and functional systems. Nat Rev Neurosci. 
2009;10(3):186-198.

3. Boccaletti S, Latora V, Moreno Y, Chavez M, Hwang D-U. 
Complex networks: Structure and dynamics. Phys Rep. 2006; 
424(4-5):175-308.

4. Bassett DS, Sporns O. Network neuroscience. Nat Neurosci. 2017; 
20(3):353-364.

5. Oh SW, Harris JA, Ng L, et al. A mesoscale connectome of the 
mouse brain. Nature. 2014;508(7495):207-214.

6. Stam CJ. Modern network science of neurological disorders. Nat 
Rev Neurosci. 2014;15(10):683-695.

7. Blanken TF, Bathelt J, Deserno MK, Voge L, Borsboom D, Douw L. 
Connecting brain and behavior in clinical neuroscience: A network 
approach. Neurosci Biobehav Rev. 2021;130:81-90.

8. Englot DJ, Nagarajan SS, Imber BS, et al. Epileptogenic zone local
ization using magnetoencephalography predicts seizure freedom in 
epilepsy surgery. Epilepsia. 2015;56(6):949-958.

9. Engel J  Jr. Outcome with respect to epileptic seizure. In: Surgical 
treatment of the epilepsies. Vol. 2. Raven Press; 1993:609–621.

10. Lüders HO, Najm I, Nair D, Widdess-Walsh P, Bingman W. The 
epileptogenic zone: General principles. Epileptic Disord. 2006;8: 
S1-S9.

11. Spencer S, Huh L. Outcomes of epilepsy surgery in adults and chil
dren. Lancet Neurol. 2008;7(6):525-537.

12. Sinha N, Johnson GW, Davis KA, Englot DJ. Integrating network 
neuroscience into epilepsy care: Progress, barriers, and next steps. 
Epilepsy Curr. 2022;22(5):272-278.

13. Taylor PN, Kaiser M, Dauwels J. Structural connectivity based 
whole brain modelling in epilepsy. J Neurosci Methods. 2014; 
236:51-57.

14. Kramer MA, Cash SS. Epilepsy as a disorder of cortical network or
ganization. Neuroscientist. 2012;18(4):360-372.

15. Bartolomei F, Lagarde S, Wendling F, et al. Defining epileptogenic 
networks: Contribution of SEEG and signal analysis. Epilepsia. 
2017;58(7):1131-1147.

16. van Diessen E, Diederen SJ, Braun KP, Jansen FR, Stam CJ. 
Functional and structural brain networks in epilepsy: What have 
we learned? Epilepsia. 2013;54(11):1855–1865.

17. Wei PH, Nicolelis MA, Zhao G-G. Rethinking the neurosurgical ap
proach to brain disorders from the network neuroscience perspec
tive. Sci Bull (Beijing). 2022;67(23):2376-2380.

18. Hebbink J, Meijer H, Huiskamp G, van Gils S, Leijten F. 
Phenomenological network models: Lessons for epilepsy surgery. 
Epilepsia. 2017;58(10):e147-e151.

19. Khambhati AN, Davis KA, Lucas TH, Litt B, Bassett DS. Virtual 
cortical resection reveals push-pull network control preceding seiz
ure evolution. Neuron. 2016;91(5):1170-1182.

20. Taylor PN, Sinha N, Wang Y, et al. The impact of epilepsy surgery 
on the structural connectome and its relation to outcome. 
Neuroimage Clin. 2018;18:202-214.

21. Nissen IA, Stam CJ, van Straaten ECW, et al. Optimization of epi
lepsy surgery through virtual resections on individual structural 
brain networks. Sci Rep. 2021;11(1):19025.

22. Millán AP, van Straaten ECW, Stam CJ, et al. Epidemic models 
characterize seizure propagation and the effects of epilepsy surgery 
in individualized brain networks based on MEG and invasive EEG 
recordings. Sci Rep. 2022;12(1):4086.

23. Millán AP, van Straaten ECW, Stam CJ, et al. Individualized epi
demic spreading models predict epilepsy surgery outcomes: A 
pseudo-prospective study. Netw Neurosci. 2024;8(2):437-465.

24. Millán AP, van Straaten ECW, Stam CJ, et al. The role of epidemic 
spreading in seizure dynamics and epilepsy surgery. Netw Neurosci. 
2023;7(2):811-843.

25. Jirsa VK, Proix T, Perdikis D, et al. The Virtual Epileptic Patient: 
Individualized whole-brain models of epilepsy spread. 
Neuroimage. 2017;145:377-388.

26. Sinha N, Dauwels J, Kaiser M, et al. Predicting neurosurgical out
comes in focal epilepsy patients using computational modelling. 
Brain. 2017;140(1):319-332.

14 | BRAIN COMMUNICATIONS 2025, fcaf431                                                                                                              L. Di Gaetano et al.

D
ow

nloaded from
 https://academ

ic.oup.com
/braincom

m
s/article/7/6/fcaf431/8307546 by C

EU
 Library user on 24 M

arch 2026

http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcaf431#supplementary-data
https://github.com/LeonardoDiGaetano/TDA-Epilepsy
https://github.com/LeonardoDiGaetano/TDA-Epilepsy


27. Sip V, Hashemi M, Vattikonda AN, et al. Data-driven method to in
fer the seizure propagation patterns in an epileptic brain from intra
cranial electroencephalography. PLoS Comput Biol. 2021;17(2): 
e1008689.

28. Sip V, Guye M, Bartolomei F, Jirsa V. Computational modeling of seiz
ure spread on a cortical surface. J Comput Neurosci. 2022;50(1):17-31.

29. Stam CJ. Hub overload and failure as a final common pathway in 
neurological brain network disorders. Netw Neurosci. 2024;8(1): 
1-23.

30. Ponten S, Bartolomei F, Stam C. Small-world networks and epi
lepsy: Graph theoretical analysis of intracerebrally recorded me
sial temporal lobe seizures. Clin Neurophysiol. 2007;118(4): 
918-927.

31. Centeno M, Carmichael MW. Network connectivity in epilepsy: 
Resting state fMRI and EEG-fMRI contributions. Front Neurol. 
2014;5:93.

32. Sinha N, Wang Y, Moreira da Silva N, et al. Structural brain net
work abnormalities and the probability of seizure recurrence after 
epilepsy surgery. Neurology. 2021;96(5):e758-e771.

33. Royer J, Bernhardt BC, Larivière L, et al. Epilepsy and brain net
work hubs. Epilepsia. 2022;63(3):537-550.

34. Bettus G, Guedj E, Joyeux F, et al. Decreased basal fMRI functional 
connectivity in epileptogenic networks and contralateral compensa
tory mechanisms. Hum Brain Mapp. 2009;30(5):1580-1591.

35. Ortega GJ, Peco IH, Sola RG, Pastor J. Impaired mesial synchron
ization in temporal lobe epilepsy. Clin Neurophysiol. 2011; 
122(6):1106-1116.

36. Pittau F, Grova C, Moeller F, Dubeau F, Gotman J. Patterns of al
tered functional connectivity in mesial temporal lobe epilepsy. 
Epilepsia. 2012;53(6):1013-1023.

37. Sainburg LE, Englot DJ, Morgan VL. The impact of resective epi
lepsy surgery on the brain network: Evidence from post-surgical im
aging. Brain. 2025;148, awaf026.

38. Johnson GW, Doss DJ, Morgan VL, et al. The interictal suppression 
hypothesis in focal epilepsy: Network-level supporting evidence. 
Brain. 2023;146(7):2828-2845.

39. Aydin Ü, Pellegrino G, Ali OBK, et al. Magnetoencephalography 
resting state connectivity patterns as indicatives of surgical outcome 
in epilepsy patients. J Neural Eng. 2020;17(3):035007.

40. Nissen IA, van Klink NE, Zijlmans M, Stam CJ, Hillebrand A. Brain 
areas with epileptic high frequency oscillations are functionally iso
lated in MEG virtual electrode networks. Clin Neurophysiol. 2016; 
127(7):2581-2591.

41. Cao M, Vogrin SJ, Peterson ADH, Woods W, Cook MJ, Plummer 
C. Dynamical network models from EEG and MEG for epilepsy sur
gery—A quantitative approach. Front Neurol. 2022;13:837893.

42. Bettus G, Ranjeva J-P, Wendling F, et al. Interictal functional con
nectivity of human epileptic networks assessed by intracerebral 
EEG and BOLD signal fluctuations. PLoS One. 2011;6(5):e20071.

43. Englot DJ, Konrad PE, Morgan VL. Regional and global connectiv
ity disturbances in focal epilepsy, related neurocognitive sequelae, 
and potential mechanistic underpinnings. Epilepsia. 2016;57(10): 
1546-1557.

44. Yaffe RB, Borger P, Megevand P, et al. Physiology of functional and 
effective networks in epilepsy. Clin Neurophysiol. 2015;126(2): 
227-236.

45. Nissen IA, Stam CJ, Reijneveld JC, et al. Identifying the epileptogen
ic zone in interictal resting-state MEG source-space networks. 
Epilepsia. 2017;58(1):137-148.

46. Nissen IA, Stam CJ, van Straaten ECW, et al. Localization of the epi
leptogenic zone using interictal MEG and machine learning in a large 
cohort of drug-resistant epilepsy patients. Front Neurol. 2018;9:647.

47. Corona L, Tamilia E, Perry MS, et al. Non-invasive mapping of epi
leptogenic networks predicts surgical outcome. Brain. 2023;146(5): 
1916-1931.

48. Ramaraju S, Wang Y, Sinha N, et al. Removal of interictal 
MEG-derived network hubs is associated with postoperative seizure 
freedom. Front Neurol. 2020;11:563847.

49. Jin S-H, Jeong W, Chung CK. Mesial temporal lobe epilepsy with 
hippocampal sclerosis is a network disorder with altered cortical 
hubs. Epilepsia. 2015;56(5):772-779.

50. Crossley NA, Mechelli A, Scott J, et al. The hubs of the human con
nectome are generally implicated in the anatomy of brain disorders. 
Brain. 2014;137(8):2382-2395.

51. van Dellen E, Douw L, Hillebrand A, et al. Epilepsy surgery out
come and functional network alterations in longitudinal MEG: A 
minimum spanning tree analysis. Neuroimage. 2014;86:354363.

52. Bernhardt BC, Chen Z, He Y, Evans AC, Bernasconi N. 
Graph-theoretical analysis reveals disrupted small-world organiza
tion of cortical thickness correlation networks in temporal lobe epi
lepsy. Cereb Cortex. 2011;21(9):2147-2157.

53. Douw L, DeSalvo MN, Tanaka N, et al. Dissociated multimodal 
hubs and seizures in temporal lobe epilepsy. Ann Clin Transl 
Neurol. 2015;2(4):338-352.

54. Gleichgerrcht E, Keller SS, Drane DL, et al. Temporal lobe epilepsy 
surgical outcomes can be inferred based on structural connectome 
hubs: A machine learning study. Ann Neurol. 2020;88(5):970-983.

55. Grobelny BT, London D, Hill TC, North E, Dugan P, Doyle WK. 
Betweenness centrality of intracranial electroencephalography net
works and surgical epilepsy outcome. Clin Neurophysiol. 2018; 
129(9):1804-1812.

56. Ofer I, LeRose C, Mast H, et al. Association between seizure free
dom and default mode network reorganization in patients with uni
lateral temporal lobe epilepsy. Epilepsy Behav. 2019;90:238-246.

57. Wilke C, Worrell G, He B. Graph analysis of epileptogenic networks 
in human partial epilepsy. Epilepsia. 2011;52(1):84-93.

58. Mao J-W, Ye X-L, Li Y-H, Liang P-J, Xu J-W, Zhang P-M. Dynamic 
network connectivity analysis to identify epileptogenic zones based 
on stereo-electroencephalography. Front Comput Neurosci. 2016; 
10:113.

59. Varotto G, Tassi L, Franceschetti S, Spreafico R, Panzica F. 
Epileptogenic networks of type II focal cortical dysplasia: A 
stereo-EEG study. Neuroimage. 2012;61(3):591-598.

60. Rijal S, Corona L, Scott Perry M, et al. Functional connectivity dis
criminates epileptogenic states and predicts surgical outcome in 
children with drug resistant epilepsy. Sci Rep. 2023;13(1):9622.

61. Zubler F, Gast H, Abela E, et al. Detecting functional hubs of icto
genic networks. Brain Topogr. 2015;28:305-317.

62. Kartun-Giles AP, Bianconi G. Beyond the clustering coefficient: A 
topological analysis of node neighbourhoods in complex networks. 
Chaos Solitons Fractals: X. 2019;1:100004.

63. Gatica M, Cofré R, Mediano PA, et al. High-order 
interdependencies in the aging brain. Brain Connect. 2021;11(9): 
734-744.

64. Rolls ET, Huang C-C, Lin C-P, Feng J, Joliot M. Automated ana
tomical labelling atlas 3. Neuroimage. 2020;206:116189.

65. Tzourio-Mazoyer N, Landeau B, Papathanassiou D,  et al. 
Automated anatomical labeling of activations in SPM using a 
macroscopic anatomical parcellation of the MNI MRI single-sub
ject brain. Neuroimage. 2002;15(1):273–289.

66. Gong G, He Y, Concha L, et al. Mapping anatomical connectivity 
patterns of human cerebral cortex using in vivo diffusion tensor im
aging tractography. Cereb Cortex. 2009;19(3):524–536.

67. Stam CJ, Nolte G, Daffertshofer A. Phase lag index: Assessment of 
functional connectivity from multi channel EEG and MEG with di
minished bias from common sources. Hum Brain Mapp. 2007; 
28(11):1178-1193.

68. Serrano MA, Boguña M, Vespignani A. Extracting the multiscale 
backbone of complex weighted networks. Proc Natl Acad Sci. 
2009;106(16):6483-6488.

69. Santos FA, Raposo EP, Coutinho-Filho MD, Copelli M, Stam CJ, 
Douw L. Topological phase transitions in functional brain net
works. Phys Rev E. 2019;100(3):032414.

70. Centeno EGZ, Moreni G, Vriend C, Douw L, Santos FAN. A hands- 
on tutorial on network and topological neuroscience. Brain Struct 
Funct. 2022;227(3):741-762.

Neighbourhood topology in epilepsy surgery                                                                         BRAIN COMMUNICATIONS 2025, fcaf431 | 15

D
ow

nloaded from
 https://academ

ic.oup.com
/braincom

m
s/article/7/6/fcaf431/8307546 by C

EU
 Library user on 24 M

arch 2026



71. Giusti C, Pastalkova E, Curto C, Itskov V. Clique topology reveals 
intrinsic geometric structure in neural correlations. Proc Natl Acad 
Sci. 2015;112(44):13455-13460.

72. Baudot P. Elements of qualitative cognition: An information top
ology perspective. Phys Life Rev. 2019;31:263-275.

73. Baudot P. The Poincare-Shannon machine: Statistical physics and 
machine learning aspects of information cohomology. Entropy. 
2019;21(9):881.

74. Barbarossa S, Sardellitti S. Topological signal processing over sim
plicial complexes. IEEE Trans Signal Process. 2020;68: 
682992–683007.

75. Baudot P, Tapia M, Bennequin D, Goaillard J-M. Topological infor
mation data analysis. Entropy. 2019;21(9):869.

76. Rosas FE, Mediano PA, Gastpar M, Jensen HJ. Quantifying high- 
order interdependencies via multivariate extensions of the mutual 
information. Phys Rev E. 2019;100(3):032305.

77. Newman M. Networks. Oxford University Press; 2018.
78. Farooq H, Chen Y, Georgiou TT, Tannenbaum A, Lenglet C. 

Network curvature as a hallmark of brain structural connectivity. 
Nat Commun. 2019;10(1):4937.

79. Morgan RJ, Soltesz I. Nonrandom connectivity of the epileptic den
tate gyrus predicts a major role for neuronal hubs in seizures. Proc 
Natl Acad Sci. 2008;105(16):6179-6184.

80. Fujiwara H, Kadis DS, Greiner HM, et al. Clinical validation of mag
netoencephalography network analysis for presurgical epilepsy 
evaluation. Clin Neurophysiol. 2022;142:199-208.

81. Xu N, Shan W, Qi J, Wu J, Wang Q. Presurgical evaluation of epi
lepsy using resting-state MEG functional connectivity. Front Hum 
Neurosci. 2021;15:649074.

82. Serrano DH, Gómez DS. Centrality measures in simplicial com
plexes: Applications of topological data analysis to network science. 
Appl Math Comput. 2020;382:125331.

83. Conceiçao P, Govc D, Lazovskis J, Levi R, Riihimäki H, Smith JP. 
An application of neighbourhoods in digraphs to the classification 
of binary dynamics. Network Neurosci. 2022;6(2):528-551.

84. Lopes MA, Richardson MP, Abela E, et al. An optimal strategy for 
epilepsy surgery: Disruption of the rich-club? PLoS Comput Biol. 
2017;13(8):e1005637.

85. da Silva NM, Forsyth R, McEvoy A, et al. Network reorganisation 
following anterior temporal lobe resection and relation with post- 
surgery seizure relapse: A longitudinal study. Neuroimage Clin. 
2020;27:102320.

86. Wu C, Xiang J, Jiang W, et al. Altered effective connectivity network 
in childhood absence epilepsy: A multi-frequency MEG study. Brain 
Topogr. 2017;30:673-684.

87. Wang B, Meng L. Functional brain network alterations in epilepsy: 
A magnetoencephalography study. Epilepsy Res. 2016;126:62-69.

88. Foldvary N, Nashold B, Mascha E, et al. Seizure outcome after tem
poral lobectomy for temporal lobe epilepsy: A Kaplan-Meier sur
vival analysis. Neurology. 2000;54(3):630-630.

89. Niedermeyer E. Alpha rhythms as physiological and abnormal phe
nomena. Int J Psychophysiol. 1997;26(1-3):31-49.

16 | BRAIN COMMUNICATIONS 2025, fcaf431                                                                                                              L. Di Gaetano et al.

D
ow

nloaded from
 https://academ

ic.oup.com
/braincom

m
s/article/7/6/fcaf431/8307546 by C

EU
 Library user on 24 M

arch 2026


	Neighbourhood topology unveils pathological hubs in the brain networks of epilepsy-surgery patients
	Introduction
	Methods
	Patient group
	Individualized brain networks
	Local node metrics
	Simplicial complex description
	Extended neighbourhood
	Resection area and node sets
	Statistical analyses

	Results
	Extended neighbourhoods
	Topological characterization of the epileptogenic zone
	Group-level analyses

	Topological signatures of the resection area and surgical outcome

	Discussion
	Hub status of the resection area
	Centrality metrics and node neighbourhoods
	Multi-frequency analysis
	Methodological considerations

	Conclusion
	Supplementary material
	Funding
	Competing interests
	Data availability
	References


