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A B S T R A C T

Objective: This study investigates pharmaco-EEG changes induced by Lacosamide (LCM) in drug-naive people 
with focal epilepsy (PwE) and explores the association between quantitative EEG (qEEG) and long-term clinical 
outcome.
Methods: We retrospectively identified 28 PwE and 25 healthy controls (HC). PwE were classified as seizure-free 
(SF) or non-seizure-free (NSF) after two years of LCM. EEGs were acquired before and ~ 6 months after LCM. 
Power spectral density (PSD), amplitude-envelope correlation (AEC), and graph-theoretical metrics were 
compared between PwE and HC. Logistic regression was employed to examine the association between long-term 
outcomes (two-year seizure freedom) and qEEG metrics, in combination with clinical variables (sex, aetiology, 
seizure type, baseline EEG).
Results: LCM did not significantly modify global-averaged qEEG metrics (p > 0.05). Theta-band PSD was higher 
in PwE than HC. PwE exhibited higher alpha-band betweenness centrality (BtwC) than HC only before LCM (p =
0.007). Alpha-band BtwC provided the greatest discriminative value for seizure freedom (accuracy = 0.86; area 
under the curve [AUC] = 0.88).
Conclusions: Although no significant differences were observed between pre- and post-LCM conditions, alpha- 
band BtwC showed a return toward a more physiological state after treatment, suggesting partial network 
normalization. Combining qEEG with clinical data improved long-term outcome discrimination, with alpha-band 
BtwC as the most relevant feature.
Significance: Graph-theoretical qEEG metrics offer additional insight into LCM’s neurophysiological effects in 
focal epilepsy.

1. Introduction

Lacosamide (LCM) is a third-generation antiseizure medication 
(ASM) approved for the treatment of focal-onset seizures with or 

without secondary generalization and primary generalized tonic-clonic 
seizures in both adults and adolescents (Yang et al., 2021). LCM has 
gained clinical relevance due to its unique mechanism of action: it 
selectively enhances the slow inactivation of voltage-gated sodium 
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channels (VGSCs), in contrast to traditional ASMs that primarily affect 
fast inactivation (Errington et al., 2008). This distinctive pharmaco
logical profile contributes to its favorable tolerability and reduced 
interaction potential, making LCM a viable option for people with epi
lepsy (PwE) (Li et al., 2020).

A recent systematic review and meta-analysis involving more than 
12,000 patients confirmed that LCM is generally safe and well-tolerated, 
with an overall adverse event (AE) rate of 38.7 % and a discontinuation 
rate due to AEs of 10.8 % (Yang et al., 2021). The most frequently re
ported AEs were central nervous system-related, including sedation, 
dizziness, and fatigue, followed by gastrointestinal symptoms such as 
nausea and vomiting. When compared with other sodium channel 
blockers like carbamazepine (CBZ) and oxcarbazepine (OXC), LCM 
demonstrated a more favorable safety profile (Chung, 2010).

While LCM’s efficacy and tolerability are well established, its impact 
on cortical network dynamics has yet to be fully elucidated. The use of 
pharmaco-electroencephalography (pharmaco-EEG), the quantitative 
analysis of EEG (qEEG) alterations induced by pharmacological treat
ments, has emerged as a valuable tool to explore the cortical effects of 
ASMs (Höller et al., 2018). qEEG can detect drug-related changes in 
cortical rhythms and network connectivity, offering insights into 
mechanisms of action, therapeutic efficacy, and potential neuro
cognitive side effects (Ricci et al., 2021). qEEG has previously been 
employed to characterize the neurophysiological effects of various 
ASMs, including perampanel, eslicarbazepine acetate, and brivaracetam 
(Lanzone et al., 2021; Pellegrino et al., 2018; Ricci et al., 2022). How
ever, the qEEG profile of LCM remains largely unexplored.

In this context, the present study aims to assess the effects of LCM on 
cortical activity and functional connectivity (FC) using resting-state EEG 
in a population of drug-naive PwE. We also aim to assess whether qEEG 
measures can be associated with long-term clinical outcomes in patients 
with focal epilepsy starting LCM therapy. We hypothesize that qEEG 
analysis can reveal specific alterations in EEG activity and FC following 
the initiation of LCM therapy. To test this hypothesis, we conducted a 
multicenter retrospective qEEG study comparing EEG recordings ob
tained before and after LCM initiation in a cohort of PwE and in a 
population of healthy controls (HC).

2. Materials and methods

2.1. Enrollment and clinical evaluation

We retrospectively reviewed data from 28 drug-naive PwE and 25 
HC. Subjects were enrolled retrospectively at the epilepsy clinic of the 
Department of Human Neurosciences at Policlinico Umberto I Univer
sity Hospital in Rome, the Department of Systems Medicine at the Uni
versity of Rome Tor Vergata, and the “Fondazione Policlinico Campus 
Bio-Medico” in Rome between January 2010 and March 2025.

We included PwE who met the following inclusion criteria: (i) 
diagnosis of new focal-onset epilepsy according to the International 
League Against Epilepsy (ILAE) diagnostic criteria (Beniczky et al., 
2025); (ii) > 18 years old; (iii) no previous ASM therapy (drug-naïve 
patients); (iv) the patients underwent LCM as first antiseizure medica
tion; (v) at least two standard EEGs performed before (<30 days; Pre- 
LCM) and approximately 6 months after LCM introduction (Post-LCM; 
range: 5.5–6.5 months), considering LCM as monotherapy; (vi) for each 
recording, a minimum of three minutes of artifact-free resting-state EEG 
were selected for analysis. Segments containing eye movements, muscle 
artifacts, or electrode noise were visually identified and excluded before 
analysis; (vii) two-years post medication clinical follow-up was 
available.

The exclusion criteria were: (i) PwE taking neuroactive drugs other 
than LCM; (ii) PwE abruptly discontinued ASMs or introduced new 
ASMs during the interval between the two EEG recordings; (iii) clinical 
seizure/s in the 24 h before the EEGs; (iv) EEG signs of drowsiness or 
sleep and excessive sleepiness before EEG recording (>3 on the Stanford 

Sleepiness Scale).
Seizure outcome was assessed during the last clinical outpatient 

follow-up visit, based on patient self-report and/or prospective seizure 
diary review. PwE were classified as seizure-free (SF) if they reported 
complete absence of seizures during the follow-up period, whereas pa
tients reporting any ongoing seizures during the follow-up period were 
classified as non-seizure-free (NSF).

The EEG data of HC have been previously used in other studies 
conducted by our group. In particular, healthy subjects were recruited 
from hospital staff and volunteers and were interviewed by a neurologist 
to exclude conditions that could bias the study. The selection criteria for 
healthy controls were: (i) age > 18 years; (ii) no current substance abuse 
or significant medical or psychiatric conditions; (iii) no psychotropic or 
neuroactive drug assumptions (Ricci et al., 2021).

The study protocol received approval from the ethics committee of 
Policlinico Umberto I Ethic Board-Rome, Campus Bio-Medico University 
Hospital Foundation Ethic Board-Rome, and “Sapienza“ University of 
Rome Ethic Board-Rome. All procedures were performed in agreement 
with the 1964 Helsinki Declaration and its later amendments.

2.2. EEG recording and quantitative EEG analysis

EEG recording was performed using the same methodology as in 
previous works from our group (Pellegrino et al., 2018; Ricci et al., 
2021). Nineteen-channel EEG data were recorded with a Micromed 
recorder (Micromed, Modigliano Veneto, IT). Electrodes were posi
tioned following the international 10–20 system (Fp1, Fp2, F3, F4, C3, 
C4, P3, P4, F7, F8, T3, T4, T5, T6, O1, O2, Fz, Cz, Pz). The reference 
electrode was on FPz, while the ground was on FCz. Electrode imped
ance was maintained below 5 kOhm. In order to reduce inter-center 
variability, the sampling rate was set to 256 Hz. Resting-state EEG re
cordings, lasting 15 min, were conducted with patients and healthy 
controls seated in a comfortable armchair, with closed eyes and in a 
quiet environment (Ricci et al., 2021). qEEG analysis was performed 
using the Brainstorm toolbox (Tadel et al., 2011) and in-house Matlab 
code. Two experienced neurophysiologists (M.S., L.R.) selected, from 
each EEG, a total of 180 s of continuous epoch free of relevant artifacts 
or epileptiform abnormalities to be used for further analysis (Babiloni 
et al., 2020). Brainstorm was utilized for data pre-processing, which 
include: (i) a visual review by two experienced neurophysiologists to 
exclude potential interictal and ictal epileptiform activities; (ii) removal 
of Direct Current offset; (iii) 50-Hz notch filter for powerline noise; (iv) 
band-pass filter ranging from 1 to 70 Hz; (v) re-referencing of EEG to the 
common average; (vi) rectification of pulse and eyeblink artifacts 
through Independent Component Analysis (Ricci et al., 2021).

2.3. EEG power spectrum

We assessed the influence of LCM on resting-state EEG by estimating 
power spectral density (PSD). We derived mean band power by aver
aging the PSD for the following frequency bands: (i) Delta δ: 2–4 Hz; (ii) 
Theta θ: 5–7 Hz; (iii) Alpha α: 8–12 Hz; (iv) Beta β: 13–29 Hz; and 
Gamma γ: 30–60 Hz. We computed PSD measurements per channel and 
then averaged across all channels to obtain a global cortical activity 
index. For each channel, we used Welch’s method (2-second, non- 
overlapping windows). We computed a Fast Fourier Transform (FFT) 
for every window, formed the periodogram (squared magnitude with 
Welch normalization), and averaged across windows to obtain the PSD. 
This procedure gives a 0.5 Hz frequency resolution.

2.4. EEG connectivity

In order to assess the influence of LCM on resting-state EEG, con
nectivity matrices were calculated using Amplitude Envelope Correla
tion (AEC), a frequency-specific, non-directional measure of FC based on 
amplitude coupling, reflecting large-scale neural integration (Godfrey 
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and Singh, 2021; Lachaux et al., 1999). AEC was computed for all the 
frequency bands as aforementioned. To obtain a measure of global 
connectivity index, we averaged AEC measures across all channels per 
frequency band. The EEG pipeline and study flowchart are summarized 
in Fig. 1.

2.5. Graph–theoretical analysis

To investigate global properties of functional brain networks, we 
applied graph theory using the Minimum Spanning Tree (MST) algo
rithm on FC matrices. The network analysis was conducted with an in- 
house MATLAB code. The MST is a subgraph derived from a weighted 
undirected connectivity matrix that links all nodes in the network 
without forming any cycles or closed paths, preserving only the stron
gest and most meaningful connections while ensuring that all nodes 
(electrodes) remain connected without forming any cycles (van Dellen 
et al., 2018). By definition, it consists of m = N − 1 edges, where N 
represents the total number of nodes. Graph theory metrics were 
calculated on the whole network in every subject, for each epoch and 
frequency band, based on AEC global connectivity. We quantified MST 
topology with four centrality measures: betweenness centrality (BtwC), 
degree centrality (DC), closeness centrality (CC), and eigenvector cen
trality (EC). For each frequency-specific MST, node-wise values were 
computed and averaged across nodes to obtain a global index per band.

On a tree the geodesic between any two nodes is unique; therefore, 
BtwC reduces to the normalized count of node pairs whose path tra
verses node i: 

BtwCi =
1

(N − 1)(N − 2)
∑

h∕=j h∕=i, j∕=i
1{i ∈ path(h, j)}

BtwC quantifies the contribution of a node to global integration and 
was employed to test LCM-related changes in long-range routing.

CC uses geodesic distance on the MST and is defined as: 

CC(i) =
N − 1
∑

kdik 

where dik is the number of edges on the unique path between i and k. 
It summarizes how efficiently a node can reach all others (Bröhl and 
Lehnertz, 2022).

DC is defined as: 

ki =
∑

j
aij 

with aij the binary adjacency of the tree. It captures local branching 
and hubness and was used to assess changes in focal or distributed hubs.

EC is given by the dominant eigenvector of the MST adjacency, 

Av = λmaxv 

with ECi = vi. It reflects hierarchical influence through connections 
to well-scored neighbors and was used to characterize organization 
beyond raw degree (Bröhl and Lehnertz, 2022).

All metrics were computed with the same pipeline in every band and 
summarized as global indices (van Dellen et al., 2018).

2.6. Statistical analysis

We performed statistical analysis using the R statistical packages and 
Matlab R2024b (MathWorks). Significance level was set at 0.05. The 
distribution of clinical and demographic data was checked using the 
Shapiro-Wilk test. Non-normally distributed data were reported using 
the median, the range from minimum to maximum, and the interquartile 
range (IQR). Normally distributed data were reported as mean value ±
SD. Patients’ clinical characteristics and LCM-induced modifications in 
PSD and global connectivity were compared between SF and NSF 

Fig. 1. Methodological Pipeline and study flowchart. The study involved two groups: 28 drug-naive adult people with focal-onset epilepsy (PwE) and 25 healthy 
controls (HC). All patients underwent 19-channel EEG before and after approximately 6 months of Lacosamide (LCM) treatment. The 19-channel EEG data of the HC 
were also analyzed. We analyzed quantitative EEG features, including power spectral density (PSD) and functional connectivity (FC) and graph-theoretical metrics 
across all standard frequency bands (delta to gamma). Long-term clinical follow-up (2 years) was conducted for all patients to enable comparison of EEG features 
over time.
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patients using the χ2 test for categorical variables and the Mann- 
Whitney U test for continuous variables.

To test the effect of LCM therapy on the EEG global cortical activity 
(PSD) and global connectivity (AEC), we performed a rank-based 
Kruskal-Wallis test with Bands (five levels: Delta, Theta, Alpha, Beta, 
Gamma), Group (three levels: pre-LCM, post-LCM, HC) and the inter
action term (Group vs. Bands). P-values were obtained by likelihood 
ratio tests. In cases of significant interactions, we performed post-hoc 
tests with Group contrasts based on Dunn’s Comparison method, sepa
rately for each frequency band. We also examined the impact of LCM 
therapy on EEG graph metrics by conducting Kruskal-Wallis tests on 
centrality measures derived from AEC-based global connectivity across 
different frequency bands, using Group as the between-subjects factor 
and Group × Band as the interaction factor. Post-hoc analysis was cor
rected for multiple comparisons using the Bonferroni method.

2.7. Association between qEEG and clinical outcome

A multivariate logistic regression model was performed to assess 
whether quantitative EEG measures could predict patients’ long-term 
clinical outcome and whether EEG analysis added predictive value 
beyond clinical variables. To prevent multicollinearity, variables with a 
Variance Inflation Factor (VIF) of 5 or higher were excluded. The EEG 
model included graph theory metrics computed for each frequency 
band: BtwC, CC, DC, EC (Shi et al., 2025). The clinical model included 
sex, aetiology (structural vs. non-structural), seizure type (focal to 
bilateral tonic-clonic seizures, focal seizures with preserved conscious
ness, focal seizures with impaired consciousness), and baseline EEG 

findings (presence or absence of interictal epileptiform discharges) 
(Ricci et al., 2021). The combined model included both clinical and 
qEEG features.

The saliences of qEEG metrics and clinical variables were repre
sented by odds ratios (ORs) along with the 95 % confidence interval (CI). 
CI was derived from the profile likelihood function test. For each model, 
we generated receiver operating characteristic (ROC) curves and areas 
under the curve (AUCs). Each model was compared using both the 
likelihood-ratio test and the DeLong test. The likelihood-ratio test 
assessed whether adding EEG variables significantly improved the 
overall model fit compared to the clinical model alone. The DeLong test 
evaluated whether the AUC of the combined model was significantly 
different from that of the clinical model. This analysis was conducted on 
resting-state EEGs before (pre-LCM) and after LCM introduction (post- 
LCM). We determined specificity, sensitivity, area under the curve 
(AUC), positive predictive value (PPV), negative predictive value (NPV), 
and Accuracy for each model. For each measure, 95 % CI was calculated 
using the DeLong non-parametric method for AUCs and the Wilson score 
method for binomial proportions. The Youden index determined the 
optimal probability threshold for each model.

3. Results

3.1. Clinical data and grouping

Twenty-eight PwE (13 females) were included in the study. Clinical 
and demographic characteristics of our cohort are reported in Table 1. 
The mean age at the time of LCM introduction was 51.4 ± 18.3 years 

Table 1 
Patients Clinical Information and Outcome.

Patient Age 
(ys)

Sex Aetiology Epilepsy 
Duration (ys)

Seizure 
Type

Seizure 
Frequency

Epileptogenic 
Focus*

Adverse Events Outcome

1 45 F Unknown 3 FTB Yearly Right CT Yes (balance 
impairment)

SF

2 56 M Unknown 4 FTB Single episode Right TP No SF
3 63 F Unknown 3 FTB Yearly Left FT No NSF
4 69 M Structural (Ischemic Stroke) 7 FIC Monthly Left FT No SF
5 66 M Unknown 8 FIC, FTB Yearly Left CT No NSF
6 64 F Unknown 3 FTB Single episode Left TP Yes (balance 

impairment)
NSF

7 36 F Structural (periventricular 
nodular heterotopia)

1 FTB Yearly Right FCT No NSF

8 45 M Structural (Ischemic Stroke) 8 FTB Monthly Right T No SF
9 30 M Structural (periventricular 

nodular heterotopia)
10 FIC Weekly Left T Yes (drowsiness) SF

10 48 M Structural (post neurinoma 
resection)

15 FIC Monthly Left FT No NSF

11 82 F Unknown 3 FPC Yearly Left FCT No SF
12 56 F Structural (Ischemic Stroke) 4 FIC Yearly Left TP No NSF
13 54 M Unknown 4 FIC, FTB Monthly Right CP No NSF
14 29 M Structural (cavernous 

malformation)
0 FPC, FTB Daily Left T Yes (nausea, balance 

impairment)
SF

15 72 M Unknown 6 FPC Weekly Right CT No NSF
16 25 F Unknown 1 FTB Yearly Left FT No SF
17 70 M Unknown 3 FTB Weekly Right FCT No NSF
18 70 F Structural (Ischemic Stroke) 2 FIC, FTB Monthly Right FCT No NSF
19 73 M Unknown 7 FIC Yearly Left T No SF
20 80 M Unknown 5 FTB Yearly Right FT No SF
21 37 F Structural (cortical dysplasia) 19 FIC Weekly Right T No NSF
22 28 F Structural (arteriovenous 

malformation)
3 FTB, FIC Monthly Left TP No NSF

23 44 F Unknown 24 FTB Yearly TO Bil No NSF
24 36 M Structural (Ischemic Stroke) 21 FTB, FIC Yearly Right CT No NSF
25 24 F Unknown 1 FTB, FPC Monthly Left T No SF
26 25 M Unknown 11 FTB Monthly − No SF
27 68 F Unknown 43 FIC Yearly FT Bil No SF
28 44 M Structural (Cyst) 23 FIC Weekly Right T No NSF

Ys = years; M = Male; F = Female; FIC: Focal Impaired Consciousness; FPC: Focal Preserved Consciousness; FTB: Focal To Bilateral tonic-clonic; Bil. = Bilateral; T =
Temporal; FCT = Fronto-Centro-Temporal; CT = Centro-Temporal; CP = Centro-Parietal; FT = Fronto-Temporal; TP = Temporo-Parietal; TO = Temporo-Occipital; SF 
= Seizure-Free; NSF = Non-Seizure-Free; * Presumed epileptogenic focus based on anatomo-electro-clinical correlations.
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(range: 24–82 years). Thirteen PwE were classified as SF after LCM 
(46.4 %), whereas 15 were NSF (53.6 %). Twelve patients (43 %) pre
sented a structural cause of their epilepsy. Four patients (14 %) expe
rienced non-serious adverse events related to LCM therapy. Twenty-five 
healthy subjects (12 females) were considered the control group. The 
mean age was 58.6 ± 18.7 years (range: 28–83 years). The mean age did 
not significantly differ between the epilepsy and control groups (p =
0.16). The median duration of epilepsy was 7.9 years for SF (IQR = 3–8 
years) and 9.3 years for NSF (IQR = 3–17 years), with no significant 
differences between the two groups (p = 0.72). No significant associa
tions were found between the presence of structural etiology and clinical 
outcome (30.7 % for SF and 53.3 % for N-SF; p = 0.412).

3.2. Comparison between epilepsy and control groups: PSD results

The Kruskal-Wallis test revealed a significant difference in the factor 
Group between PwE and HC (p < 0.001). Post-hoc tests revealed that 
PwE had significantly higher PSD theta values compared to HC, both 
before (pre-LCM vs. HC; z = 3.11; p < 0.005) and after LCM therapy 
(post-LCM vs. HC; z = 3.72; p < 0.001). No significant differences were 
found in the comparison of PSD values between pre- and post-LCM (p =
0.532; Fig. 2).

3.3. Graph theory metrics

The Kruskal-Wallis test revealed a significant main effect of the 
factor Group on mean BtwC, derived from AEC global connectivity (p =
0.027). Post-hoc analysis showed that PwE exhibited higher alpha band 
BtwC compared to HC only before LCM therapy (pre-LCM vs. HC; z =
-2.67; p = 0.007). No significant differences were found after LCM 
therapy (post-LCM vs. HC; z = -1.22; p = 0.22) or in the comparison of 
BtwC alpha values between Pre and Post-LCM (pre-LCM vs. post-LCM; z 
= 1.49; p = 0.13; Fig. 3). The Kruskal-Wallis test did not reveal any 
significant effect of factor Group on the other tested centrality measures 
for each of the five frequency bands tested.

3.4. Logistic regression and clinical association of quantitative EEG 
analysis

Among the EEG-derived predictors, only pre-LCM mean BtwC 
derived from AEC global connectivity showed a statistically significant 
association with long-term clinical outcome. The results of multiple lo
gistic regression and cross-validated ROC curve analysis are reported in 
Fig. 4. Mean BtwC in the alpha band performed on pre-LCM EEG re
cordings correlated with seizure outcome at the 2-year follow-up, 
achieving an overall accuracy of 0.86 (95 % CI: 0.70–0.94), AUC 0.88 
(95 % CI: 0.74–1.00), sensitivity 0.85 (95 % CI: 0.58–0.96), specificity 
0.87 (95 % CI: 0.62–0.96), PPV 0.85 (95 % CI: 0.60–0.96) and NPV 0.87 
(95 % CI: 0.62–0.96) for the combined clinical and EEG model; and an 
overall accuracy of 0.71 (95 % CI: 0.54–0.85), AUC 0.71 (95 % CI: 
0.51–0.90), sensitivity 0.77 (95 % CI: 0.50–0.92), specificity 0.67 (95 % 
CI: 0.42–0.85), PPV 0.67 (95 % CI: 0.42–0.85) and NPV 0.77 (95 % CI: 
0.50–0.92) for the clinical model alone. None of the clinical predictors 
were excluded due to low VIP levels.

Most clinical and EEG variables did not significantly improve the 
discriminative performance of the combined model compared to the 
clinical model alone (p > 0.05 for all variables). However, pre-LCM 
mean BtwC in the alpha band was strongly and inversely associated 
with seizure outcome (OR = 0.001; p = 0.02), indicating that higher 
baseline BtwC values in the alpha band were associated with a lower 
probability of achieving seizure freedom. Aetiology also showed a 
borderline inverse association with seizure outcome (OR = 0.07; p =
0.05). The complete results for each clinical and EEG feature are re
ported in Supplementary Table 1.

The combined Clinical + EEG model provided a significantly better 
fit than the clinical model alone (LRT χ2(1) = 9.4, p = 0.002) and 
achieved higher apparent discriminative performance (AUC = 0.88 [95 
% CI 0.74–1.00]) compared to the Clinical model (AUC = 0.71 [95 % CI 
0.55–0.87]).

The difference in AUCs was also statistically significant (DeLong test, 
Z = 1.98, p = 0.04).

Fig. 2. EEG power spectral density (PSD). PSD scalp distribution expressed as average across channels. Pre EEG performed before the initiation of Lacosamide (LCM) 
therapy. Post EEG performed after approximately 6 months of LCM therapy. *p < 0.05.
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4. Discussion

In our study, we analyzed the effects of LCM monotherapy in drug- 
naive PwE compared to HC, and whether qEEG measures can be asso
ciated with long-term clinical outcomes. The main findings of the study 
can be summarized as follows: (i) LCM does not significantly modify 
global-averaged qEEG measures (PSD or connectivity metrics); (ii) PwE 

show increased EEG PSD in the theta-band compared to HC; (iii) Alpha- 
band BtwC decreases after treatment, with no difference from HC, sug
gesting partial normalization of network topology; (iv) The integration 
of qEEG metrics into a clinical model improved long-term outcome 
discrimination.

Fig. 3. EEG Mean Betweenness Centrality (BtwC). Superior panel displays graph configuration of the Mean Betweenness Centrality (BtwC) in the alpha band. The 
size of each electrode (node) is directly proportional to the BtwC level of each channel. Lines represent the edges connecting each node. Inferior panel displays box 
plot distributions and scatter plot distributions of BtwC EEG in the alpha band across Groups (PRE, POST and HC). *p < 0.05. n.s. = non-significant.

Fig. 4. Logistic regression model. A. Receiver operating characteristic (ROC) curves of the clinical and combined (clinical + qEEG) models based on pre-LCM resting- 
state EEG, including alpha-band BtwC. The combined model achieved an AUC of 0.88 [95 % CI 0.74–1.00], while the clinical model showed an AUC of 0.71 [95 % CI 
0.51–0.90]. B. Bar plots showing model performance metrics. Bars (blue = clinical + qEEG model; yellow = clinical model). Accuracy, NPV, PPV, Sensitivity, and 
Specificity are computed at the optimal Youden cut-off.
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4.1. LCM does not induce significant alterations in resting-state EEG

We examined the impact of LCM monotherapy on qEEG features in 
PwE. We found no significant differences in global-averaged qEEG pa
rameters (PSD, AEC-derived Graph Theory metrics) across any of the 
tested frequency bands between pre- and post-LCM. This might be 
related to LCM’s established safety neurophysiological tolerability pro
file. Indeed, our findings align with previous reports on the effects of 
LCM on qEEG activity, indicating that LCM does not cause significant 
changes in resting-state EEG (Giorgi et al., 2013).

In contrast, studies involving older-generation sodium channel 
blockers, such as CBZ and OXC, have demonstrated a notable reduction 
in the PSD within the alpha band (Frost et al., 1995; Giorgi et al., 2013). 
The decrease in alpha-band PSD values has been interpreted as reflecting 
the sedative and cortical-depressant effects of these agents, which tend 
to suppress spontaneous cortical oscillations and decrease network 
synchronization (Assenza et al., 2017). The possible explanation for this 
finding lies in their distinct mechanism of action on VGSCs. VGSCs play 
a key role in initiating and propagating action potentials. Drug-induced 
VGSC inactivation comprises two distinct processes: fast and slow 
inactivation. Fast inactivation is crucial for terminating action potentials 
and defining the refractory period. Slow inactivation contributes to the 
modulation of overall neuronal excitability by increasing the threshold 
required for action potential initiation. Traditional VGSC-blocking 
antiseizure medications, such as phenytoin, CBZ and OXC, primarily 
work by increasing fast inactivation of VGSCs (Rogawski and Löscher, 
2004), leading to phasic inhibition. Unlike older sodium channel 
blockers, LCM exerts its anti-seizure effect by selectively enhancing the 
slow inactivation of VGSCs, which occurs within seconds to minutes. By 
stabilizing VGSCs in the slow inactivated state, LCM prevents their rapid 
recovery to an active state between bursts, thereby limiting sustained 
bursting activity under pathological conditions (Errington et al., 2008). 
This results in a tonic, state-dependent inhibition that preferentially 
targets neurons undergoing sustained and pathological depolarization. 
Therefore, LCM’s mechanism of action may offer a reasonable expla
nation for the lack of significant changes in PSD and FC features across 
different frequency bands. This notion also aligns with the absence of 
subjectively reported significant adverse effects in our cohort during the 
follow-up period, particularly drowsiness or cognitive impairment.

4.2. Increased Theta-Band PSD suggests interictal network dysregulation 
in epilepsy

The use of PSD analysis enabled us to characterize EEG activity by 
frequency-specific oscillatory components, providing a quantitative 
framework for comparing signal power across groups and for identifying 
changes in cortical rhythms associated with epilepsy. In our study, the 
EEG power spectrum in PwE exhibits widespread increases in the theta 
band compared to HC. This result aligns with prior studies reporting 
slow-wave power enhancement as a key feature of resting-state EEG in 
PwE (Lanzone et al., 2021; Ricci et al., 2021). It has been widely re
ported that theta oscillations are linked to drowsiness and the structural 
and functional reorganization of brain networks through long-lasting 
plasticity, including memory formation, attention, and spatial naviga
tion (Assenza et al., 2017a, 2017b; Tan et al., 2024). However, the 
presence of delta and theta rhythms during wakefulness is considered a 
sign of neuropathological processes, including abnormal activity origi
nating in epileptogenic regions (Cassidy et al., 2020; Pellegrino et al., 
2017). To provide an explanation for the neurobiological mechanisms 
underlying our findings, it is plausible that thalamic dysregulation plays 
a crucial role. It is widely recognized that the thalamic nuclei modulate 
long-range synchrony in both focal and generalized epilepsies, and an 
impairment in the thalamocortical network has been associated with 
seizure generation (Chiosa et al., 2017; Lüttjohann and van Luijtelaar, 
2022). The altered theta activity may stem from thalamocortical circuits 
impaired by an imbalance between excitatory and inhibitory processes, 

a well-documented feature of epilepsy pathophysiology that may un
derlie the observed network changes (Assenza et al., 2020; Englot et al., 
2015). In conclusion, the observed increase in theta-band PSD among 
PwE may signal an underlying disruption of neural circuits. It could 
reflect either a compensatory response to epileptic network dysfunction 
or a consequence of chronic seizure burden (Ricci et al., 2022).

4.3. Graph metrics: Brain network modification induced by LCM

The human brain is arguably among the most sophisticated network 
systems in the natural world. It can be conceptualized as a complex, 
network-based algorithm that delineates the parameters defining the 
brain's overarching organizational architecture. Disruptions in these 
networks are recognized as key contributors to neurological dysfunc
tion. Epilepsy, characterized by unpredictable and sudden paroxysmal 
neuronal synchronization, exemplifies this model. Previous studies have 
employed graph theory on EEG data to investigate brain network or
ganization across different conditions, focusing on possible changes in 
global or local metrics (Vecchio et al., 2014, 2017). A brain graph theory 
network is a mathematical model of brain architecture, comprising 
nodes (vertices) and edges (links) that connect them. Nodes typically 
represent brain regions, while edges reflect anatomical, functional, or 
effective connections (Friston, 1994; Rubinov and Sporns, 2010). Over 
time, the concept of hubness has gained increasing attention. Hubs are 
nodes of high strategic importance, playing a crucial role in facilitating 
efficient information integration across the network (van den Heuvel 
and Hulshoff-Pol, 2010; Ridley et al., 2015). Thus, injury to these nodes 
is expected to exert a greater impact on global network organization and 
integrative processes than lesions confined to peripheral nodes (van den 
Heuvel and Sporns, 2013). Graph-theoretical metrics used to identify 
hubs typically include high degree or strength, high centrality, short 
characteristic path length, and low clustering coefficient (van den 
Heuvel and Hulshoff Pol, 2010). The role of brain network hubs in focal 
epilepsy remains unclear. Given their central role in information 
transfer, hubs may also become bottlenecks under pathological condi
tions. In fact, increased hubness in certain nodes might indicate mal
adaptive routing of information, particularly in focal epilepsy, resulting 
in decreased network efficiency and impaired communication. As a 
result, such nodes could serve as potential therapeutic targets (van den 
Heuvel and Sporns, 2013).

To analyze such central nodes we used graph theory with the MST 
algorithm on the AEC-derived connectivity matrices: BtwC, CC, DC, EC.

Within an MST framework, network topology is defined by a unique 
shortest path connecting each pair of nodes. In this context, BtwC 
directly reflects how much individual nodes serve as essential bridges for 
information transfer across the network, making it highly sensitive to 
changes in global network integration and long-distance routing. 
Conversely, DC primarily reflects local connectivity or hubness, CC re
flects how effectively a node can reach all other nodes via shortest paths, 
and EC measures hierarchical influence through connections to highly 
connected neighbors. These metrics represent complementary aspects of 
network organization (local branching, path efficiency, hierarchical 
structure) and may be less sensitive to specific changes or re
organizations in long-range communication pathways within an MST- 
constrained topology (van Dellen et al., 2018).

Consistent with this theoretical framework, we observed that only in 
the alpha band, PwE showed higher BtwC than HC before LCM therapy. 
According to our data, alpha-band BtwC derived from AEC global con
nectivity significantly decreased in PwE after LCM therapy, reaching 
levels that were no longer statistically different from those of HC.

Importantly, although no statistically significant differences were 
observed between pre- and post-LCM conditions, exploratory analyses 
showed that alpha-band BtwC values returned toward a more physio
logical state after treatment. This finding may reflect a transient func
tional disruption of network organization in focal epilepsy, which 
appears partially normalized after antiseizure treatment. Interestingly, 
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the observed “normalization” of BtwC post-LCM may reflect a decrease 
in pathological network centralization, thereby promoting high network 
efficiency and preserving effective neural communication. This suggests 
treatment-related changes, indicating a return to a more physiological 
network state characterized by the absence of nodal strength or cen
trality imbalances and a more uniform, symmetric distribution of FC 
(Ricci et al., 2024).

4.4. Graph-theoretical EEG features and long-term clinical outcome

Our findings provide preliminary evidence supporting the feasibility 
of using resting-state EEG to quantify treatment-related network 
changes and clinical response to LCM after long-term ASM therapy. 
Building on the concept originally introduced by Saletu et al. (1987), 
qEEG has progressively evolved into a quantitative approach for 
assessing drug-related effects on brain function across several neuro
logical and psychiatric conditions (Adler et al., 2004; Iosifescu, 2011; 
Mucci et al., 2006). Within epilepsy research, qEEG approaches have 
been increasingly applied to explore how ASMs influence FC and large- 
scale network organization (Engel et al., 2013; Croce et al., 2021; Ricci 
et al., 2021; Huang and Shen, 1993).

In the present study, we applied a multivariate logistic regression 
framework to evaluate whether EEG-derived connectivity metrics pro
vide additional information beyond conventional clinical variables in 
discriminating long-term outcomes in PwE treated with LCM. Two 
models were tested: a clinical model and a combined model that added 
qEEG features, including graph theory metrics computed for each fre
quency band, to the same clinical predictors.

Among all the features examined, only pre-LCM mean BtwC in the 
alpha band showed a significant association with two-year seizure 
freedom. When this parameter was added to the clinical model, the 
combined model demonstrated better discriminative performance than 
the clinical model alone (AUC = 0.88 [95 % CI 0.74–1.00] vs AUC =
0.71 [95 % CI 0.51–0.90]). The modest but statistically significant 
improvement observed in the combined model suggests that qEEG 
measures convey complementary information to clinical predictors. 
Overall, our findings suggest that graph-theoretical metrics derived from 
resting-state EEG identify features of the large-scale network organiza
tion that are not captured by clinical variables. In particular, alpha-band 
BtwC appears to reflect treatment-related network reorganization 
associated with long-term outcomes after LCM therapy. The specific 
association observed in the alpha band may relate to its role in thalamo- 
cortical and fronto-parietal coupling, a key substrate for large-scale 
integration and functional stability in PwE (Hughes and Crunelli, 2005).

Consistent with previous scalp and intracranial EEG studies linking 
nodal centrality to seizure networks and surgical outcomes (Gong et al., 
2024; Kanai et al., 2024), our data support the potential of alpha-band 
BtwC as a physiologically meaningful descriptor of network organiza
tion. Integrating qEEG-derived connectivity features with standard 
clinical information may therefore enhance the neurophysiological 
characterization of treatment effects and contribute to more physio
logically grounded models of outcome in focal epilepsy. Nevertheless, 
these findings should be interpreted with caution, given the exploratory 
nature of the analysis.

4.5. Limitations and future directions

This study acknowledges several limitations. First, its retrospective 
and non-randomized design. Although we were able to retrospectively 
establish a statistical association between qEEG metrics and seizure 
outcomes, we were unable to evaluate the real-time impact of these 
analyses on clinical decision-making. Secondly, the sample size of PwE 
was relatively limited, particularly when stratified by clinical outcome, 
which may reduce statistical power and generalizability.

Thirdly, the use of a single-center dataset and the absence of an 
external validation cohort prevent firm conclusions regarding the 

predictive value of the proposed combined model.
Additionally, our cohort included a heterogeneous spectrum of focal 

epilepsy types, showing variability in epileptogenic focus, seizure 
semiology, and aetiology. This heterogeneity may have reduced the 
sensitivity of focus-specific or lateralization-based qEEG analyses, which 
limited the ability to detect regional network effects linked to the 
epileptogenic area.

Finally, it is important to consider that standard EEG offers limited 
spatial resolution and does not provide full coverage of deep or 
subcortical brain regions, potentially missing relevant activity.

Future research should include larger, prospectively collected and 
multicenter cohorts to enable external validation and improve model 
generalizability. In particular, studies focusing on more homogeneous 
epilepsy populations will be necessary to further examine lateralized 
network changes and to better characterize focus-specific patterns of 
functional reorganization. Incorporating advanced neurophysiological 
techniques such as high-density EEG and magnetoencephalography 
(MEG) may further refine the characterization of qEEG markers and 
clarify their potential role in guiding individualized therapeutic strate
gies. Efforts to evaluate reproducibility across different recording set
tings and analytical pipelines will be essential to establish the clinical 
utility of network-based EEG metrics in treatment monitoring and 
outcome stratification.

5. Conclusion

This study suggests that LCM monotherapy in drug-naive PwE does 
not significantly affect qEEG parameters (PSD or FC), supporting its 
favorable tolerability profile in terms of side effects. Consistent with 
previous findings, PwE showed increased theta-band PSD values 
compared with HC, reinforcing its role as a potential biomarker of 
interictal network dysfunction in epilepsy.

We observed a reduction in alpha-band BtwC in PwE following LCM 
therapy, suggesting partial normalization of functional network topol
ogy. This modulation is consistent with a reorganization toward a more 
physiological resting-state configuration.

Beyond the characterization of LCM-related network effects, the 
integration of qEEG metrics with clinical variables offered comple
mentary insight into long-term outcomes, with alpha-band BtwC 
emerging as the most informative network descriptor. These findings 
highlight the potential of qEEG as a non-invasive tool to characterize 
ASM-related network changes and to improve the understanding of 
treatment effects in focal epilepsy.
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Errington, A.C., Stöhr, T., Heers, C., Lees, G., 2008. The investigational anticonvulsant 
lacosamide selectively enhances slow inactivation of voltage-gated sodium channels. 
Mol. Pharmacol. 73, 157–169. https://doi.org/10.1124/mol.107.039867.

Friston, K.J., 1994. Functional and effective connectivity in neuroimaging: A synthesis. 
Hum. Brain Mapp. 2, 56–78. https://doi.org/10.1002/hbm.460020107.

Frost, J.D., Hrachovy, R.A., Glaze, D.G., Rettig, G.M., 1995. Alpha rhythm slowing 
during initiation of carbamazepine therapy: implications for future cognitive 
performance. J. Clin. Neurophysiol. 12, 57–63.

Giorgi, F.S., Pizzanelli, C., Pelliccia, V., Di Coscio, E., Maestri, M., Guida, M., et al., 2013. 
A Clinical-EEG Study of Sleepiness and Psychological Symptoms in 
Pharmacoresistant Epilepsy Patients Treated with Lacosamide. Epilepsy Res Treat 
2013, 593149. https://doi.org/10.1155/2013/593149.

Godfrey, M., Singh, K.D., 2021. Measuring robust functional connectivity from resting- 
state MEG using amplitude and entropy correlation across frequency bands and 
temporal scales. Neuroimage 226, 117551. https://doi.org/10.1016/j. 
neuroimage.2020.117551.

Gong, R., Roth, R.W., Hull, K., Rashid, H., Vandergrift, W.A., Parashos, A., et al., 2024. 
Quantifying hubness to predict surgical outcomes in epilepsy: Assessing resection- 
hub alignment in interictal intracranial EEG networks. Epilepsia 65, 3362–3375. 
https://doi.org/10.1111/epi.18128.

van den Heuvel, M.P., Hulshoff Pol, H.E., 2010. Exploring the brain network: a review on 
resting-state fMRI functional connectivity. Eur. Neuropsychopharmacol. 20, 
519–534. https://doi.org/10.1016/j.euroneuro.2010.03.008.

van den Heuvel, M.P., Sporns, O., 2013. Network hubs in the human brain. Trends Cogn. 
Sci. 17, 683–696. https://doi.org/10.1016/j.tics.2013.09.012.
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