A Comparative Analysis of EEG Network
Construction Strategies for Discriminating PNES
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Abstract. Network-based EEG analysis has recently attracted atten-
tion as a tool for studying alterations in the functional organisation of
the brain associated with neurological conditions such as epilepsy and
psychogenic non-epileptic seizures (PNES), which represent a diagnos-
tic challenge due to their clinical similarity to epileptic seizures and the
absence of epileptiform activity in EEG recordings. In this work, we pro-
pose a systematic framework for the construction and analysis of EEG-
based functional brain networks, with the aim of evaluating the impact
of phase-based connectivity estimators and graph construction strategies
on network topology. Functional connectivity matrices were calculated
using the phase lag value (PLV), phase locking index (PLI), and weighted
phase locking index (WPLI) across multiple frequency bands. Brain net-
works were constructed using four binarisation and filtering approaches:
median threshold, minimum connected component, minimum spanning
tree, and orthogonal minimum spanning tree. Global and local graph-
theoretic measures were analysed to characterise network organisation
in healthy controls, epileptic patients, and PNES patients. The results
demonstrate that methodological choices have a marked impact on net-
work topology and critically affect the sensitivity of graph-theoretical
measures in distinguishing between clinical groups.

Keywords: Electroencephalogram (EEG) - Functional connectivity -
Networks Analysis - Graph theory.

1 Introduction
Psychogenic non-epileptic seizures (PNES) are events of psychological origin, of-
ten associated with stress or traumatic experiences, which can closely resemble

* Lazzaro and Popello contributed equally to this work.
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epileptic seizures in their clinical manifestation. This similarity poses a significant
diagnostic challenge, as patients are often unaware of the non-epileptic nature of
their seizures [1]. In this context, electroencephalography (EEG) remains a fun-
damental tool for investigating brain activity, providing a non-invasive measure
of neuronal activity. The EEG signal is non-stationary and is typically analysed
within canonical frequency bands, conventionally defined as delta, theta, alpha,
beta, and gamma, each associated with specific neurophysiological mechanisms
[2]. In epilepsy, seizures are commonly accompanied by pathological EEG sig-
natures, such as spikes or sharp waves, while PNES episodes generally do not
present epileptiform discharges. Consequently, the current diagnostic gold stan-
dard for PNES is based on prolonged video-EEG monitoring, which integrates
electrophysiological recordings. In recent years, the analysis of EEG signals has
progressively adopted a network-based paradigm [3, 4], modelling the brain as a
graph of interacting regions to investigate functional organisation and dynamical
properties of brain activity [5, 6]. Numerous studies have applied this framework
to brain disorders, reporting alterations in global and local network topology
across multiple frequency bands using phase-based functional connectivity mea-
sures such as Phase Locking Value (PLV), Phase Lag Index (PLI), and Weighted
Phase Lag Index (WPLI) [7, 8]. Alongside connectivity estimation, the construc-
tion of functional brain networks represents a critical methodological step. Dif-
ferent strategies—including fixed or proportional thresholding, minimum span-
ning tree (MST)-based approaches or Minimum Connected Component (MCC),
have been proposed to ensure network comparability and interpretability [9].
Recent works have shown that the choice of binarisation or graph construction
method can substantially influence network topology and derived graph met-
rics [10, 11]. However, most existing studies focus on single clinical populations,
and systematic comparisons across epilepsy, PNES, and healthy controls remain
scarce. In this context, we propose a systematic framework for the construction
and analysis of EEG-based functional brain networks, aimed at evaluating the
impact of phase-based connectivity estimators and binarisation strategies on net-
work topology. Functional connectivity matrices are computed using PLV, PLI,
and WPLI across multiple frequency bands. In addition to binarised networks,
a weighted (non-binarised) functional network is also constructed; however, as
these networks are fully connected, they are not considered for the extraction
and analysis of graph-theoretical measures. Brain networks are then derived us-
ing four graph construction approaches: median thresholding (MED), Minimum
Connected Component (MCC), Minimum Spanning Tree (MST), and Orthog-
onal Minimum Spanning Tree (OMST). Global and local topological measures,
including global efficiency, local efficiency, degree, strength, and betweenness
centrality, are analysed to characterise network organisation in healthy controls,
epilepsy patients, and patients with psychogenic non-epileptic seizures. The rest
of this paper is organised as follows. Section 2 presents the materials and meth-
ods, while Section 3 outlines the experimental results obtained and discusses the
findings. Finally, Section 4 presents the conclusions and future work.
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2 Materials and Methods

This section describes the methodological framework adopted in the study. After
providing a brief description of the dataset and the EEG signal pre-processing
pipeline, in detail, the construction of functional connectivity matrices and the
procedures used for functional network binarisation are presented.

2.1 Dataset

EEG recordings were collected at the Neurology Unit of the Renato Dulbecco
University Hospital, Catanzaro, Italy, from three groups of subjects in resting-
state conditions: healthy controls (CNT), patients with psychogenic non-epileptic
seizures (PNES), diagnosed through video-EEG evaluation in the absence of ic-
tal activity, and patients with epilepsy (EPI). The acquisition protocol, clinical
assessment, and data quality procedures followed the methodological framework
previously described in [12].

In particular, for the present study, a balanced cohort of 69 subjects was
considered, including 23 individuals for each group (CNT, PNES, and EPI). All
procedures were conducted in accordance with the Declaration of Helsinki and
approved by the local ethics committee. Signals were acquired using a 19-channel
Ag/AgCl montage based on the International 10-20 System (Fpl, Fp2, F3, F4,
F7,F8, Fz, C3, C4, Cz, P3, P4, Pz, T3, T4, T5, T6, O1, and O2) with a sampling
rate of 256 Hz. Recordings were performed in a dimly lit room with participants
seated comfortably, with a duration ranging from 10 to 20 minutes. Given the
well-known susceptibility of EEG to physiological and environmental artefacts,
the raw traces were first visually reviewed by expert neurologists to identify
corrupted segments. An automatic preprocessing stage was subsequently applied,
including the detection and removal of amplifier saturation events and severely
noisy epochs. The cleaned signals were filtered using a Butterworth band-pass
filter (0.1-70 Hz) together with a 50 Hz notch filter to attenuate power-line
interference. Afterwards, the data were decomposed into five standard frequency
bands—delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz),
and gamma (>30 Hz)—via dedicated digital filters. These band-specific signals
constituted the basis for the computation of functional connectivity matrices
and for the subsequent comparative framework adopted to evaluate different
connectivity construction methods and binarization procedures.

2.2 Connectivity Matrix

Starting from pre-processed EEG signals, we calculated functional connectivity
matrices using phase-based synchronisation measures.

These measures were selected to capture functional interactions between EEG
channels while minimising spurious correlations arising from volume conduction
and the use of a common reference. Specifically, the following connectivity met-
rics were employed:
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— Phase Locking Value (PLV): quantifies the degree of phase synchroniza-
tion between two EEG signals by measuring the temporal stability of their
phase difference. The PLV ranges between 0 and 1, with higher values indi-
cating stronger synchronization between signal pairs.

Formally, given two EEG signals x(t) and y(t), the PLV is defined as illus-
trated in Eq. 1[13].

T
1 .
PLV,, = ‘T E elreu®)| (1)
t=1

where ¢, (t) = ¢z (t) — ¢y (t) denotes the instantaneous phase difference be-
tween the two signals at time sample ¢, T is the total number of samples,
and j is the imaginary unit. Despite its simplicity and widespread use due to
its high sensitivity and straightforward interpretability, the PLV is particu-
larly susceptible to zero-lag interactions, which may be partially attributed
to volume conduction effects or common source activity rather than true
functional interactions [14].

— Phase Lag Index (PLI): evaluates the asymmetry of the distribution of
phase differences between two EEG signals by considering exclusively non-
zero phase-lag interactions. By ignoring phase differences centered around
zero, the PLI reduces the influence of volume conduction and common sources,
thereby providing a more robust estimate of the functional interactions of
genuine neurophysiological origin [15].

The mathematical definition of PLI is defined in Eq. 2 [16].

PLI = [{sign (sin(6. (n) — 6, (n))))] (2)

where (-) denotes temporal averaging.

— Weighted Phase Lag Index (WPLI): it represents an extension of the
Phase Lag Index (PLI). In which the contribution of phase differences is
weighted according to the magnitude of the imaginary component of the
cross-spectrum. This weighting strategy improves the statistical stability of
the measure and reduces its sensitivity to noise, thereby providing a more
reliable estimate of functional connectivity in EEG data [17].

The WPLI is formally defined as follows in Eq. 3 [18].

|3 o [ (S2,)| sign (m (52,))|
WPLL,, = TN -
N Don=1 |Im (Szy)’

where Im(S,,) denotes the imaginary part of the cross-spectrum between
signals & and y, and (-) indicates temporal averaging.

: (3)

2.3 Functional Network Construction Methods

Once the previously described functional connectivity matrices were obtained,
brain networks were constructed by applying different binarisation strategies
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directly to the connectivity matrices [19], in order to compare alternative rep-
resentations of network topology and to assess the impact of methodological
choices on the extracted graph-theoretical measures. Specifically, binarisation
procedures were employed to reduce the dependence of network metrics on the
absolute distribution of connectivity weights, and to enable robust and repro-
ducible inter-subject and inter-group comparisons. In this study, the binarisa-
tion methods considered include median-based thresholding, the Minimum Con-
nected Component (MCC) criterion, the Minimum Spanning Tree (MST) and
the Orthogonal Minimum Spanning Tree (OMST) are all applied to the func-
tional connectivity matrices derived from the phase-based synchronisation mea-
sures. Specifically, the techniques for binarisation were employed:

— Median Thresholding (MED): is set to the median connectivity weight
in the matrix. Connections with weights exceeding the median are retained,
while all remaining connections are discarded. This approach yields networks
with comparable density across subjects and reduces the influence of extreme
connectivity values [20]. However, it may be sensitive to the underlying dis-
tribution of connectivity weights and does not explicitly guarantee network
connectedness [21].

— Minimum Connected Component (MCC): determines the lowest con-
nectivity threshold that guarantees the resulting binary network to be fully
connected, i.e., that at least one path exists between every pair of nodes [22].
By explicitly enforcing global network connectedness, this method prevents
fragmentation into disconnected components and preserves the integrative
structure of the network, which is essential for the reliable computation of
graph-theoretical measures that assume connected graphs. This adaptive
property makes the MCC particularly suitable for EEG-based functional
connectivity analyses, where inter-subject variability in overall connectivity
strength is pronounced.

— Minimum Spanning Tree (MST): constructs a connected and cycle-
free subgraph that links all N nodes using exactly N — 1 edges, selected
to maximise the overall connectivity strength. By definition, the MST en-
forces a fixed network density across subjects and groups, thereby elim-
inating potential confounding effects related to differences in edge density
and enabling meaningful topological comparisons. Recent investigations have
demonstrated that MST-based representations are effective in capturing
disease-related alterations in network organisation, including disruptions in
network integration and hub structure in neuropsychiatric and neurodegen-
erative conditions [23, 24].

— Orthogonal Minimum Spanning Tree (OMST): extends the classical
Minimum Spanning Tree (MST) framework by iteratively extracting multiple
spanning trees that are mutually orthogonal, i.e., constructed on residual
connectivity matrices after the removal of edges selected in the previous
step iterations. The final network is obtained by combining these orthogonal
trees, thereby progressively increasing network density while preserving strict
control over connectedness and sparsity [25].
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2.4 Network Measures

Topological measures provide a quantitative characterisation of a network’s struc-
tural organisation by describing how nodes and edges are interconnected. These
measures are essential for assessing key properties of complex systems, including
efficiency, robustness, and modular organisation, and are particularly relevant
for the analysis of biological and brain networks [26, 27]. In this study, both
global and local topological measures were computed to comprehensively char-
acterise network organisation at the whole-network and node-specific levels. The
measures that we considered are:

— Local Efficiency: quantifies how efficiently information is exchanged among
its neighbours when that node is removed.
In Eq. 4, the mathematical details of the local efficiency are shown.

1 1 D i he N h Qiiin|din(N)] 71
E sz:E ,:72: J,hE€Nsj#i,h#i 4
T ieN AT iEN ki(ki —1) ’ @

where d;;,(N;) is the shortest path length between nodes j and h restricted
to the subgraph formed by the neighbours of i. Local efficiency reflects the
system’s ability to sustain efficient information transfer within local clusters
[28];

— Global Efficiency: provides an alternative but complementary view of in-
tegration.
In Eq. 5 shows the mathematical formula of global efficiency.

1 1 odit
P = 5 Yo Bi= 1 3 S ®)
1EN i€EN

In general, global efficiency is high in networks that maintain short paths
even between distant nodes, such as functional brain networks during task
activation [29)].

— Degree: it is defined as the number of edges connected to node i and the
formula is illustrated in Eq. 6.

ki = Z aij7 (6)
JEN

where IV is the set of all nodes in the network, and a;; denotes the presence
(1) or absence (0) of an edge between nodes i and j. Nodes with high degree,
known as hubs, are critical for maintaining network connectivity, while nodes
with low degree (non-hubs) often play peripheral roles. The collection of
all degree values defines the degree distribution, an important indicator of
network organisation and growth [30].

— Strength: extends the concept of degree to weighted networks by taking
into account the magnitude of the connections.
Node strength is defined as the sum of the weights of all edges connected to
node ¢, as shown in Eq. 7.
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S; = Z Wij, (7)
JEN

where w;; represents the weight of the edge between nodes ¢ and j, and NV
is the set of all nodes in the network.
Strength reflects not only the number of connections a node has, but also
the strength of these connections.
At the network level, the distribution of node strength provides important
information about the organisation and heterogeneity of connection weights,
complementing the degree distribution in unweighted graphs [31]

— Betweenness Centrality: quantifies the proportion of shortest paths that
pass through a given node.
In particular, Eq. 8 illustrates the mathematical definition of betweenness
centrality.

S 10} (8)

1
(=D =2) ) s eNmips T

where n is the total number of nodes, o,; is the number of shortest paths
between nodes h and j, and op;(¢) is the number of such paths passing
through node i. Nodes with high betweenness act as communication bridges
and are often critical for information flow in the brain or metabolic networks
[32, 33].

3 Results and Discussion

After constructing functional brain networks from EEG connectivity matrices,
we proceeded with the analysis by evaluating the global and local topological
measures of the resulting networks. This analysis was designed to characterise the
organisation of the functional brain network across multiple spatial scales, start-
ing from EEG data from our clinical domain. The main objective of this study
is to evaluate how methodological choices in network construction influence net-
work analysis results, both in terms of connectivity metrics (PLI, PLV, WPLI)
and binarisation and graph-construction strategies (MED, MST, MCC, OMST).
The first set of metrics examined comprises global network measures, with a par-
ticular focus on global efficiency shown in Fig. 1; it summarises frequency bands,
connectivity estimators, and graph construction strategies. The distributions of
global efficiency reveal a strong dependence on both the frequency band and
the connectivity matrix used to construct the network. In particular, networks
constructed using PLV and WPLI in the alpha and theta bands show greater
separation of groups (CNT, PNES, EPI). In contrast, PLI-based networks and
gamma-band networks show largely overlapping distributions, suggesting limited
discriminatory power of global measures in these configurations. Furthermore,
when comparing binarisation and graph construction strategies, additional dif-
ferences emerge: more conservative approaches, such as Minimum Spanning Tree
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(MST), tend to produce lower, more compressed global efficiency values, further
reducing variability between groups. Conversely, denser and more informative
strategies, including MCC and OMST, retain a greater proportion of functional
connections and exhibit increased variability in global measures.
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Fig. 1: Global efficiency across frequency bands, connectivity metrics, and graph
construction strategies. No statistically significant differences were observed
across groups, but results depend on the connectivity metric and graph con-
struction method, with MCC and OMST showing greater variability than MST.

In contrast to global efficiency, local efficiency captures the efficiency of infor-
mation within the neighbourhood of nodes, providing a measure of local segrega-
tion and short-range functional organisation. As shown in Fig. 2, local efficiency
is strongly influenced by both the connectivity estimator and the graph con-
struction strategy. Compared to MCC and OMST, MED-based networks exhibit
reduced local efficiency values and limited between-group variability, whereas
MST-based networks display strongly compressed or near-zero values, reflecting
their tree-like topology and the absence of local clustering. In contrast, denser
construction strategies such as MCC and OMST preserve local neighbourhood
structure and consistently yield higher local efficiency values, particularly when
combined with PLV and WPLI in the alpha, beta, and theta bands, where clearer
group-level differences can be observed.
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Fig. 2: Local efficiency across frequency bands, connectivity metrics, and graph
construction strategies. No statistically significant differences were observed
across groups, but MCC and OMST show higher values and variability com-
pared to MED and MST.

Although no statistically significant differences were observed in the joint
comparison across the three groups, pairwise analyses revealed significant effects
under specific methodological configurations. As shown in Fig. 3, these effects
are primarily observed in the delta and theta frequency bands, depending on the
graph construction strategy adopted. In particular, the CNT vs PNES compari-
son did not show statistically significant differences in local efficiency across any
of the evaluated configurations. This finding is consistent with previous reports
indicating a substantial overlap in EEG-derived functional connectivity patterns
between healthy controls and PNES patients, which may limit discriminability
at the network level [34]. In contrast, for the CNT vs EPI comparison, signifi-
cant effects were mainly observed in the delta band, emerging under graph con-
struction strategies that preserve a broader set of connections, such as MED and
OMST. In these configurations, EPI networks consistently exhibited higher local
efficiency than CNT, suggesting increased local clustering and enhanced short-
range information processing. These effects were most pronounced for PLV-based
connectivity, indicating that phase synchronisation metrics are particularly sen-
sitive to epilepsy-related alterations in local network organisation. Conversely,
no significant differences were detected when MST-based graphs were employed,
suggesting that overly sparse network representations may obscure group-specific
topological alterations. In the theta band, the CNT vs EPI comparison revealed
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fewer but still discernible effects, again primarily associated with PLV connec-
tivity combined with OMST filtering. This pattern suggests that theta-band
alterations in epilepsy are more subtle and become detectable only when the
graph construction strategy balances sparsity with the retention of redundant
yet informative connections. A similar trend was observed in the comparison
between PNES and EPI, where statistically significant differences emerged un-
der specific graph construction strategies. In particular, with graphs constructed
using MED, PNES networks tended to show lower local efficiency than EPI net-
works, suggesting less local segregation. Conversely, using the MCC strategy,
PNES networks showed higher local efficiency than EPI networks, while main-
taining the statistical significance of the comparison. This reversal suggests that
the differences between PNES and EPI are not unambiguous but critically de-
pend on the filtering criterion adopted, reflecting the varying balance between
network density, control of inter-modular connections, and preservation of local
topological structure. Overall, the presence of significant effects with both MED
and MCC, albeit in opposite directions, suggests that the alterations in local
efficiency observed in the PNES vs EPI comparison are sensitive to methodolog-
ical choices, but at the same time confirms the existence of relevant topological
differences between the two clinical conditions.

CNT vs PNES CNTvs EPI EPIvs PNES
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Fig. 3: Pairwise comparisons of local efficiency between clinical groups across
delta and theta frequency bands.
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After evaluating global efficiency (EG) and local efficiency (EL) across net-
work configurations, the topographical distribution of node degree (node size)
and node strength (colour coding) was analysed for all considered cases. Across
all graph construction strategies, PLV-based networks exhibit higher and more
spatially homogeneous degree and strength values. This behaviour reflects the
sensitivity of PLV to zero-lag synchronisation, which tends to produce denser
network representations. In contrast, PLI and WPLI yield more conservative and
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spatially heterogeneous nodal patterns. When comparing binarisation strategies,
OMST-based networks show a marked reduction in redundant connections while
preserving structurally meaningful hubs. This effect is particularly evident for
the OMST-PLI 4a and OMST-WPLI 4b configurations, EPI subjects tend to ex-
hibit increased nodal strength in specific regions, consistent with enhanced local
synchronisation, whereas CNT and PNES display more distributed connectivity
patterns.
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Fig. 4: Topographical distribution of node degree (node size) and node strength
(colour) for OMST-based networks constructed using PLI (a) and WPLI (b).

In addition, we also calculated betweenness centrality (BC) to reflect the
topological role of a node within the network structure. In fact, PLV-based net-
works tend to generate dense networks due to their sensitivity to zero-delay
synchronisation and have an inflated number of hubs. The PLI configuration par-
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tially mitigates this problem by discarding zero-delay interactions. In contrast,
WPLI does not introduce additional information but removes spurious connec-
tions to a sufficient extent to make the betweenness centrality interpretable.
The betweenness centrality (BC) measure was calculated to characterise the
topological role of each node within the network structure. Topographic maps
of BC were generated for all connectivity metrics and graph construction strate-
gies; however, Fig 5 shows only the WPLI-based comparison between EPI and
PNES, as this configuration showed the most stable and interpretable effects
among the filtering methods. Node-level BC values are projected onto the scalp
using interpolated topographic maps, with warmer colours indicating higher BC
values.

EPI- Beta® EPI - Beta ™ EPI-Beta* EPI-Beta®

PNES - Beta * PNES - Beta * PNES -Beta*

(a) (b) (c) (d)

Fig.5: Topographic maps of betweenness centrality (BC) in the beta band
for the WPLI-based EPI vs PNES comparison across different graph con-
struction strategies: (a) WPLI-MED, (b) WPLI-MCC, (¢) WPLI-MST, (d)
WPLI-OMST.

Specifically, in the WPLI-based comparison between EPI and PNES, the beta
band consistently showed statistically significant differences in BC between the
MED, MCC, MST and OMST configurations. These differences were visible not
only at the global network level but also at the electrode level in the correspond-
ing topographic maps. This convergence between frequency band, connectivity
metric, and threshold strategy strongly suggests that the effects observed in the
beta band are not determined by a specific filtering choice but are associated
with clinical characteristics such as cortical integration, network stabilisation,
and maintenance of functional states [34].

4 Conclusions

In this paper, we propose a systematic framework for the construction and anal-
ysis of EEG-based functional brain networks, aimed at assessing the impact of
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connectivity estimators and graph construction strategies on network topology.
By combining phase-based connectivity measures (PLI, PLV, WPLI) with mul-
tiple binarisation approaches (MED, MCC, MST, OMST), the study highlights
how methodological choices substantially influence the resulting network rep-
resentations. The results indicate that global efficiency alone provides limited
discriminative power, while local efficiency and nodal-level analyses offer more
informative insights, particularly when denser and data-driven strategies such as
MCC and OMST are adopted. Epilepsy-related alterations are more consistently
detected in the delta and theta bands, especially when PLV-based connectivity
is combined with graph constructions that preserve local clustering. In addition,
betweenness centrality contributed to identifying network hubs and communi-
cation pathways that differ across clinical groups, providing indications on the
reorganisation of information flow within functional brain networks. Despite the
encouraging results, this study is limited by the use of a single resting-state EEG
dataset and a relatively small sample size. Future work will focus on extending
the proposed workflow to larger and more diverse datasets, exploring alternative
brain network methodologies, and integrating machine learning approaches to
enhance the clinical applicability of EEG-based functional network analysis.
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