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Abstract 

Background Genetic generalized epilepsy is characterized by transient episodes of spontaneous abnormal neural 
activity in anatomically distributed brain regions that ultimately propagate to wider areas. However, the connectome-
based mechanisms shaping these abnormalities remain largely unknown. We aimed to investigate how the norma-
tive structural connectome constrains abnormal brain activity spread in genetic generalized epilepsy with generalized 
tonic–clonic seizure (GGE-GTCS).

Methods Abnormal transient activity patterns between individuals with GGE-GTCS (n = 97) and healthy controls 
(n = 141) were estimated from the amplitude of low-frequency fluctuations measured by resting-state functional 
MRI. The normative structural connectome was derived from diffusion-weighted images acquired in an independent 
cohort of healthy adults (n = 326). Structural neighborhood analysis was applied to assess the degree of constraints 
between activity vulnerability and structural connectome. Dominance analysis was used to determine the potential 
molecular underpinnings of these constraints. Furthermore, a network-based diffusion model was utilized to simulate 
the spread of pathology and identify potential disease epicenters.

Results Brain activity abnormalities among patients with GGE-GTCS were primarily located in the temporal, cin-
gulate, prefrontal, and parietal cortices. The collective abnormality of structurally connected neighbors significantly 
predicted regional activity abnormality, indicating that white matter network architecture constrains aberrant activity 
patterns. Molecular fingerprints, particularly laminar differentiation and neurotransmitter receptor profiles, constituted 
key predictors of these connectome-constrained activity abnormalities. Network-based diffusion modeling effectively 
replicated transient pathological activity spreading patterns, identifying the limbic-temporal, dorsolateral prefrontal, 
and occipital cortices as putative disease epicenters. These results were robust across different clinical factors and indi-
vidual patients.

Conclusions Our findings suggest that the structural connectome shapes the spatial patterning of brain activity 
abnormalities, advancing our understanding of the network-level mechanisms underlying vulnerability to abnormal 
brain activity onset and propagation in GGE-GTCS.
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Background
Genetic generalized epilepsy with generalized tonic–
clonic seizure (GGE-GTCS) is a seizure disorder typically 
characterized by bilateral spike-wave discharges that 
spread from anatomically distributed regions to disrupt 
large-scale brain networks [1, 2]. The amplitude of low-
frequency fluctuation (ALFF) on functional magnetic 
resonance imaging (fMRI) is a particularly sensitive met-
ric for localizing spontaneous activity [3]. While the spa-
tial distribution of ALFF abnormalities is heterogeneous 
among GGE-GTCS patients, the most pronounced usu-
ally appear in the posterior cingulate cortex, prefrontal 
lobe, and temporal lobe [4–6]. Despite numerous studies 
describing the location and nature of these brain activity 
anomalies [4–6], the network-level mechanisms shaping 
their characteristic spatial pattern remain unclear.

The human brain is composed of multiple, intercon-
nected, hierarchically organized networks, and under-
standing how these networks interact at a brain-wide 
level has proven crucial for elucidating the pathogenesis 
of brain diseases [7, 8]. The complex connectome archi-
tecture fundamentally shapes brain disorder occurrence, 
manifestations, and progression [9, 10]. Thus, anatomi-
cal connections likely serve as conduits for propagating 
pathological and physiological events. The connectome 
enables pathogenic processes, such as neuronal activity, 
to spread from lesions or epicenters to other regions, dis-
rupting global information processing [11, 12]. Recently, 
network neighborhood analysis [13] was proposed to 
predict regional abnormality based on mean abnormali-
ties in topologically connected neighborhoods, and suc-
cessfully applied to neurodegenerative and psychiatric 
disease research [13–16]. These studies support the 
hypothesis that the spread of brain dysfunction reflects 
underlying network architecture. The spatial patterning 
of ALFF alterations in GGE-GTCS is anchored to specific 
networks [4, 5], raising the possibility that connectome 
architecture constrains and shapes the spread of GGE-
GTCS pathology.

Network-based diffusion models have contributed 
immensely to a deeper mechanistic understanding of 
pathological propagation in brain disease [17–19]. These 
models simulate the interregional diffusive spread of 
pathology by utilizing topological information from the 
structural connectome [20, 21]. For instance, a diffusion 
mechanism mediated through brain networks can effec-
tively recapitulate the spread of gray matter atrophy in 
neurodegenerative conditions [22, 23]. Network-based 
spreading processes may also be involved in general-
ized epilepsy. Recent studies have applied network-based 
atrophy modeling to identify disease epicenters in gener-
alized epilepsy [8, 14], suggesting that specific epicent-
ers’ connectivity profiles constrain the pathophysiology’s 

spread. Disease epicenter mapping can identify regions 
whose connectivity profiles closely resemble syndrome-
specific dysfunction patterns [8]. The application of such 
models to generalized epilepsy is justified because the 
syndrome is related to brain network pathology [24, 25]. 
Therefore, network-based modeling may elucidate how 
abnormal neural activity spreads from disease epicent-
ers into connected brain regions, providing an innovative 
approach to test hypotheses regarding vulnerability to 
the spread of pathological brain activity in GGE-GTCS.

In the current study, utilizing neuroimaging, connec-
tome, molecular fingerprints, and network-based com-
putational models, we tested the hypothesis that the 
normative structural connectome constrains the spread 
of transient brain activity anomalies in GGE-GTCS by (i) 
mapping distributed ALFF alteration patterns in patients, 
(ii) assessing the degree of constraints between regional 
ALFF abnormality and its structurally connected neigh-
bors, (iii) quantifying the contribution of molecular pro-
files to connectome-constrained ALFF abnormalities, 
and (iv) utilizing a network-based diffusion model to sim-
ulate the spread of transient activity and identify poten-
tial disease epicenters.

Methods
Participants
All study procedures were conducted according to 
the Helsinki Declaration of 1975 and approved by the 
medical ethics committee of Jinling Hospital, School of 
Medicine, Nanjing University, China (approval number: 
2014GJJ-056). Written informed consent was obtained 
from all participants.

All patients were diagnosed as GGE with only GTCS 
by two experienced neurologists following the Interna-
tional League Against Epilepsy (ILAE) criteria [1]. Patient 
inclusion criteria were as follows: (1) typical clinical 
symptoms of GTCS, including limb twitching and loss 
of consciousness, without preceding symptoms of partial 
seizures; (2) presence of generalized spike-and-wave dis-
charges on electroencephalogram (EEG); (3) no apparent 
etiology history, and (4) no remarkable abnormalities on 
structural MRI. Moreover, patients were excluded if they 
had (1) progressive diseases, tumors, or previous neu-
rosurgery, (2) incomplete MRI scanning results, or (3) 
head motion exceeding 3 mm or 3°. Eventually, the study 
included 97 patients with GGE-GTCS (n = 97; 32 females; 
age = 24.89 ± 7.71 years) who met patient inclusion and 
exclusion criteria.

Antiseizure medications (ASMs) are a significant cause 
of sudden unexpected death in epilepsy [26]. Medication 
information was not available for six patients. The mean 
number of ASMs per patient was 1.03, ranging from 0 
to 4 ASMs. Specifically, twenty-eight patients were not 
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on any medication, forty were on monotherapy, and the 
remaining patients had polytherapy. Additionally, the 
patients did not undergo neuropsychological assessment 
[27–29].

A demographically matched cohort of healthy controls 
(HCs) (n = 141; 62 females; age = 27.47 ± 6.34 years) was 
included. Healthy participants had no history of neu-
rological or psychiatric disorders. The detailed demo-
graphic and clinical characteristics are summarized 
in Additional file  1: Table  S1. There were no significant 
differences in sex, age, and handedness ratio between 
groups (all P > 0.05).

Data acquisition and preprocessing
Structural and functional images were acquired on a Sie-
mens Trio 3 T scanner (Siemens, Munich, Germany) at 
Jinling Hospital. We employed foam padding to reduce 
head motion. All participants were required to keep their 
eyes closed, keep their heads still, and avoid falling asleep. 
Resting-state fMRI data were obtained using an echo pla-
nar imaging (EPI) sequence (repetition time (TR) = 2000 
ms, echo time (TE) = 30 ms, flip angle = 90°, field of 
view (FOV) = 240 × 240  mm2, matrix size = 64 × 64, 30 
transverse slices, slice thickness = 4 mm, and interslice 
gap = 0.4 mm) aligned along the anterior commissure-
posterior commissure line. Each participant was scanned 
with a total of 250 volumes. The total scan time was 500 
s. Subsequently, the T1-weighted (T1w) images were 
acquired using a magnetization-prepared rapid gradi-
ent echo sequence (TR = 2300 ms, TE = 2.98 ms, flip 
angle = 9°, FOV = 256 × 256  mm2, matrix size = 256 × 256, 
slice thickness = 1 mm, and slices = 176).

The T1w images were preprocessed using the Free-
Surfer pipeline (v6.0.1, https:// surfer. nmr. mgh. harva 
rd. edu/) [30], which includes skull-stripping, tissue 
segmentation, and surface reconstruction. Functional 
data were preprocessed following the Computational 
Brain Imaging Group (CBIG) pipeline (v1.5.1, https:// 
github. com/ Thoma sYeoL ab/ CBIG.) as in previous stud-
ies [31–33]. Steps included exclusion of the initial four 
volumes, slice timing, and motion correction, followed 
by co-registration to the T1w images. Frame-wise dis-
placement (FD) was computed using the FSL toolbox. 
Time frames exhibiting FD > 0.5 mm and neighboring 
time frames were identified as outliers and interpolated 
using the least-square interpolation of neighboring time 
frames. Participants with a mean FD (mFD) exceed-
ing 0.5 mm were excluded from the analysis. To further 
control for noise and motion effects, 18 nuisance regres-
sors were regressed, including the six head-motion esti-
mates, the white matter signal, the ventricular signal, 
the global brain signal, and their temporal derivatives 
[31]. All preprocessed time courses were band-pass 

filtered at 0.01–0.08 Hz to eliminate noise effects. 
Finally, denoised functional signals were resampled into 
a standard"fsaverage6"space and smoothed with a 6-mm 
full-width at half-maximum of Gaussian kernel.

Normative structural connectome
Diffusion-weighted imaging (DWI) data were obtained 
from 326 unrelated healthy adults (n = 326; 181 females; 
age: 22–35 years) of the Human Connectome Project 
[34]. DWI data were acquired on a Siemens Skyra 3 T 
scanner using a spin-echo EPI sequence with the fol-
lowing parameters [34]: TR = 5520 ms, TE = 89.5 ms, 
FOV = 210 × 180  mm2, voxel size = 1.25  mm3, b-val-
ues = 1000, 2000, and 3000 s/mm2, 270 diffusion direc-
tions, and 18 b0 images.

DWI data were preprocessed via the MRtrix3 software 
(v3, https:// www. mrtrix. org/) [35]. Briefly, fiber orienta-
tion distributions were generated using a constrained 
spherical deconvolution algorithm. Probabilistic stream-
line tractography was applied to reconstruct white mat-
ter streamlines. Then, spherical-deconvolution-informed 
filtering of tractograms (SIFT2) was utilized to optimize 
the streamlines. The reconstructed streamlines were 
projected onto the Schaefer-400 atlas [36] to gener-
ate individual structural connectivity. Finally, the group 
consensus normative structural connectome (SC) was 
constructed to preserve the density and edge length dis-
tribution across participants [37]. The weights of edges 
in a group-level network were defined by the logarithmic 
transformation of non-zero streamline counts.

Fluctuation amplitude quantification
To estimate fluctuation amplitude, we first transformed 
the preprocessed surface-based fMRI time series from 
the time domain to the frequency domain, and generated 
the power spectrum within the 0.01 to 0.08 Hz range. The 
average square root of the power spectrum was then cal-
culated as the ALFF [3]. Surface-based brain activity was 
used to measure ALFF, ensuring more precise cross-sub-
ject matching of functional anatomy [4, 38]. Finally, the 
vertex-wise ALFF was parcellated into 400 cortical areas 
using the Schaefer-400 atlas [36] to acquire the mean 
ALFF value within individual regions.

Case–control analysis of regional ALFF
A general linear model was constructed to estimate 
regional ALFF abnormalities between patient and HC 
groups, with regional ALFF values as the dependent 
variable, sex, age, and head motion (mFD) as regres-
sion covariates, and group as the main effect. This model 
was constructed to fit each cortical region and generate 
t-values and P-statistics to represent between-group dif-
ferences. The significance threshold was set at P < 0.05 

https://surfer.nmr.mgh.harvard.edu/
https://surfer.nmr.mgh.harvard.edu/
https://github.com/ThomasYeoLab/CBIG
https://github.com/ThomasYeoLab/CBIG
https://www.mrtrix.org/
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with false-discovery rate (FDR) correction across 400 
regions. We applied unthresholded t-values as inputs for 
our models, enabling us to model the spatial pattern of 
ALFF abnormalities across the entire brain, rather than 
only differences that survived a statistical threshold.

To test whether the spatial patterning of ALFF abnor-
malities was anchored to specific brain systems, we first 
divided cortical regions into intrinsic functional net-
works defined by the Yeo atlas [39] and laminar differen-
tiation classes based on the Mesulam atlas [40]. We then 
calculated the mean ALFF difference values within each 
network and compared the empirical values to a null 
distribution of mean difference magnitudes generated 
through a spatial permutation test (spin test) (see Addi-
tional file 1: Method S1 for details) [41, 42]. Significance 
was set at Pspin < 0.05 with false discovery rate (FDR)-
correction for multiple comparisons. The mean t-values 
of each system were converted to z-scores relative to this 
null distribution. A positive z-score represents a greater 
difference than expected, and vice versa.

Structural neighborhood analysis
We evaluated the relationships between regional ALFF 
abnormality (t-value between GGE-GTCS and HC 
groups) and its directly structurally connected neighbor 
to test whether structural connectome constrains ALFF 
abnormalities. Briefly, the collective abnormality of struc-
tural neighbors of region i was quantized as the average 
abnormality of all regions that were connected to region i 
by a structural connectome (see Additional file 1: Method 
S2 for details) [13]. We then assessed the spatial correla-
tion between empirical ALFF abnormalities (t-values) 
and collective ALFF abnormality values using Pearson’s 
correlation coefficients. Finally, we assessed the varia-
tion in spatial constraint at the system level by examining 
if the constraint was stronger in specific intrinsic func-
tional networks [39] and laminar differentiation classes 
[40].

Molecular fingerprints underpinning SC‑constrained 
activity abnormalities
If the structural connectome constrains ALFF abnor-
malities, it is essential to clarify whether this constraint 
is associated with molecular attributes. We constructed a 
multilinear regression model with four molecular predic-
tors to illustrate the molecular contributions to the con-
straints of ALFF abnormalities by SC.

Gene expression gradient
The principal axis of disease-specific gene expression 
profiles (gene PC1) represents a hierarchical gradient of 
transcriptomic specialization [43], which reflects disease 
pathophysiology associated with generalized epilepsy. 

Microarray expression data was derived from six post-
mortem brains (one female, age: 24–57 years) provided 
by the Allen Human Brain Atlas (AHBA) [44]. The AHBA 
data was preprocessed and mapped to the Schaefer-400 
atlas using the abagen toolbox [45], yielding a 400 
(region) × 15,633 (gene) expression matrix.

Leveraging findings from a recently published genome-
wide association study (GWAS) conducted by the ILAE 
Consortium [46], we extracted 43 risk genes linked to 
significant genome-wide loci in generalized epilepsy 
(Additional file  1: Table  S2) [47]. We then analyzed the 
correlations between regional ALFF values and cortical 
expression levels of these genes derived from the AHBA 
[48]. Notably, this analysis was performed separately 
in GGE-GTCS patients and healthy controls to identify 
specific patterns associated with generalized epilepsy 
[48]. We identified 15 risk genes (Pspin < 0.05) that showed 
significant associations with ALFF values in GGE-GTCS 
but no significant correlations in the control group 
(Additional file  1: Table  S3). Among the 43 risk genes, 
15 disease-specific genes were used to calculate the 
gene expression gradient through principal component 
analysis (PCA). The principal axis (gene PC1) explained 
48.78% of the total variance in gene expression, with 
SCN9A and SCN1A exhibiting high gene weights in PC1 
(Additional file 1: Fig. S1).

Neurotransmitter receptor gradient
The principal axis of receptor density (receptor PC1) rep-
resents the primary variation of receptor density [14, 49]. 
Neurotransmitter receptor densities were constructed 
using open positron emission tomography (PET) tracer 
images from 1238 healthy participants (520 females) [50]. 
Receptor densities were acquired for 19 neurotransmitter 
receptors and transporters across nine neurotransmit-
ter systems, namely serotonin (5-HT1A, 5-HT1B, 5-HT2A, 
5-HT4, 5-HT6, 5-HTT), dopamine  (D1,  D2, DAT), hista-
mine  (H3), norepinephrine (NET), acetylcholine (α4β2, 
 M1, VAChT), cannabinoid  (CB1), opioid (MOR), gluta-
mate  (mGluR5, NMDA), and GABA  (GABAA) [50]. The 
volumetric PET images were registered to MNI space 
and parcellated into the Schaefer-400 atlas. Parcellated 
PET maps were standardized using z-scores normaliza-
tion, yielding a 400 (region) × 19 (receptor/transporter) 
matrix. This matrix was applied to derive the receptor 
gradient through PCA, which captures 42.16% of the 
total variance in receptor density.

Excitatory/inhibitory ratio
The excitatory-inhibitory ratio for each region was calcu-
lated as the ratio between the average density of excita-
tory receptors and the average density of inhibitory 
receptors [14, 50]. Excitatory receptors include 5-HT2A, 
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5-HT4, 5-HT6,  D1, α4β2,  M1,  mGluR5, and NMDA. Inhibi-
tory receptors include 5-HT1A, 5-HT1B,  CB1,  D2,  H3, 
MOR, and  GABAA.

Laminar thickness gradient
The principal gradient of microstructural laminar thick-
ness covariance (laminar PC1) represents the topo-
graphical variation in cytoarchitectural similarity across 
cortical laminae, and reflects changes in laminar dif-
ferentiation and cytoarchitectural complexity [51, 52]. 
Laminar thickness was obtained from the BigBrain his-
tological atlas of a post-mortem human brain (male, aged 
65) [53]. The data was derived on “fsaverage” space using 
the BigBrainWarp toolbox [54], and parcellated into the 
Schaefer-400 atlas. The laminar similarity matrix was 
computed by pairwise partial correlation, controlling for 
mean laminar thickness across cortical regions [51, 52]. 
Finally, the principal axis of the laminar similarity was 
calculated by PCA, which explains 46.84% of the total 
variance in laminar thickness.

An element of the dependent variable was computed 
as the collective ALFF abnormality of structural neigh-
bors of region i. The dependent variable characterized 
the extent to which the spatial patterning of ALFF abnor-
malities is constrained by SC (SC-constrained ALFF 
abnormalities). The predictor variables included four 
molecular profiles. We then estimated the relative impor-
tance of each molecular fingerprint in contributing to the 
overall fit of the linear regression model using dominance 
analysis in the R package relaimpo  (v2.2–5) [55].

Network‑based diffusion model and disease epicenter 
identification
To investigate whether abnormal transient neuronal 
activity spreads along the connectome via a diffusion pro-
cess, we developed a network-based diffusion model [20] 
combining random walk and support vector regression 
(SVR). We first computed the diffusive probabilities of a 
seed region utilizing an n-step random walk algorithm 
[19] to depict the nodal diffusion characteristic at nth 
neighboring scales (see Additional file 1: Method S3 for 
details) [19, 20]. We then trained an SVR model at each 
neighboring scale to predict regional ALFF abnormalities 
using diffusive properties as input features. The model 
was trained by a tenfold cross-validation procedure with 
a linear kernel, and predictive performance was evaluated 
by calculating the Pearson correlation between empirical 
and predicted ALFF abnormalities at each scale.

To identify potential epicenters of ALFF abnormalities, 
we calculated the cosine similarity between the spatial 
patterns of ALFF abnormalities (t-values) and the diffu-
sive properties of a seed region at each scale. The statisti-
cal significance was evaluated by applying a spin test [41, 

42]. The regions were identified as putative disease epi-
centers if they showed significantly more spatial similar-
ity than empirical similarity (Pspin < 0.05).

Associations with neuroimaging measures and clinical 
factors
We investigated the effects of various clinical factors on 
network-based spreading of brain activity abnormali-
ties. Epilepsy is increasingly conceptualized as a dynamic 
pathological progression disease [56, 57]. We thus exam-
ined whether the relationships between brain activity 
abnormalities and structural connectome vary across dif-
ferent disease stages. To this end, we used a median split 
method [47] to categorize patients into two subgroups: 
short-duration patients (< 37 months, n = 50; 17 females; 
age = 24.50 ± 8.22 years) and long-duration patients (≥ 37 
months, n = 47; 15 females; age = 25.30 ± 7.19 years). Dis-
ease duration-related ALFF abnormalities were identi-
fied by independently comparing ALFF differences in 
short- and long-duration patients with matched healthy 
controls. Subsequently, structural neighborhood analysis 
and epicenter models were re-computed for each disease 
stage and compared accordingly. Finally, we identified 
unique and shared epicenters across both disease stages.

Seizure frequency and antiepileptic medications may 
be implicated in the brain structure–function coupling 
of epilepsy [28, 58–60]. We investigated whether seizure 
frequency-related and medication-related brain activ-
ity abnormalities are constrained by connectome anat-
omy. We used a median split approach [47] to stratify 
patients into two subgroups based on seizure frequency: 
low-frequency patients (< 4 per year, n = 43; 11 females; 
age = 23.74 ± 7.15 years) and high-frequency patients 
(≥ 4 per year, n = 44; 15 females; age = 26.20 ± 8.01 years). 
Seizure frequency-related ALFF abnormalities were 
obtained by independently comparing ALFF differ-
ences in low- and high-frequency patients with matched 
healthy controls. Additionally, we divided patients 
into three subgroups based on the number of ASMs: 
no-medication group (ASMs = 0, n = 28; 11 females; 
age = 23.89 ± 6.03 years), monotherapy group (ASMs = 1, 
n = 40; 13 females; age = 25.40 ± 8.12 years) and polyther-
apy group (ASMs > 1, n = 23; 7 females; age = 24.78 ± 8.30 
years). Medication-related ALFF abnormalities were 
identified by comparing each patient subgroup and 
matched healthy controls. Finally, we assessed the rela-
tionships between seizure frequency-related and med-
ication-related brain activity abnormalities and their 
directly structurally connected neighbor.

Patient‑tailored activity abnormality modeling
We examined whether network-based models could be 
generalized to individual patients with GGE-GTCS and 
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how individual clinical variables influenced them. First, 
we used normative modeling [61] to obtain patient-spe-
cific ALFF deviation W-score maps. Specifically, we used 
multivariate linear models with age and sex as covari-
ates to generate a normative model of ALFF values from 
healthy participants. Each patient’s empirical ALFF val-
ues were compared against model estimates to generate 
region-wise W-score maps. Then, we calculated patient-
specific correlations between individual W-scores and 
the average scores of their structurally connected neigh-
bors. We assessed the relationships between these sub-
ject-level correlations and clinical features, including 
disease duration, seizure onset age, seizure frequency, 
and the number of ASMs. Finally, we identified each 
patient’s disease epicenters as those regions where dif-
fusive properties exhibited a significant cosine similarity 
with the patient’s ALFF deviation W-score maps. Sub-
ject-level network modeling could identify fluctuations 
that may be linked to pathologically relevant variables, 
which is crucial for advancing the clinical translation of 
our approach [28, 62].

Sensitivity and replication analyses
We performed additional analyses to verify the robust-
ness of the main results. First, to measure the effect of 
structural connectome threshold selection on predict-
ing neighborhood ALFF abnormalities, we repeated the 
analyses using three thresholds (i.e., SC values higher 
than 0.3, 0.4, and 0.5). Second, we considered the associa-
tions between regional ALFF abnormality and the aver-
age abnormality observed in non-connected structural 
neighborhood regions to investigate the spatial proxim-
ity effect. Third, we repeated the analysis after regress-
ing Euclidean distance to ensure that distance alone did 
not affect connected neighborhood ALFF abnormali-
ties. Finally, we repeated the main analyses using the 
Schaefer-100 and Schaefer-800 atlases [36].

We further replicated the main analyses using the 
split-half analysis [63, 64]. We divided patients into 
two subgroups: GGE-GTCS1 (n = 49; 16 females; 
age = 25.06 ± 7.71 years) and GGE-GTCS2 (n = 48; 16 
females; age = 24.71 ± 7.79 years), and demographi-
cally matched health controls (HC1: n = 71; 31 females; 
age = 25.51 ± 6.27 years; HC2: n = 70; 31 females; 
age = 25.43 ± 6.46 years) (all P > 0.05). We performed 
case–control ALFF difference (t-value) maps on the sub-
groups (i.e., GGE-GTCS1 vs. HC1, and GGE-GTCS2 vs. 
HC2), while controlling for age, sex, and mFD. We then 
computed spatial correlation for the t-maps between sub-
groups and the main result. Furthermore, we performed 
structural neighborhood analysis and disease epicenter 
identification for each subgroup analogously to the 
whole-group analysis.

Results
System‑specific abnormalities of brain activity
We constructed whole-cortex difference (t-value) maps 
of ALFF between patients with GGE-GTCS and matched 
controls using a general linear model (Fig. 1A). We iden-
tified 18 cortical regions with significant ALFF differ-
ences, of which 17 showed stronger activity (increased) 
in GGE-GTCS (positive t-values) (Fig. 1B). These hyper-
active regions were located primarily in the temporal, 
cingulate, prefrontal, and parietal cortices, whereas spon-
taneous activity was weaker (negative t-values) in the left 
inferior parietal area (all PFDR < 0.05; Additional file  1: 
Table S4).

We assessed the relationships between ALFF val-
ues of significantly abnormal regions and clinical vari-
ables (Additional file  1: Table  S5). We found that the 
right paracentral lobule and right middle cingulate cor-
tex (PFDR < 0.05) exhibited negative correlations with the 
duration of illness. The left anterior cingulate cortex, 
right inferior parietal lobule, right precuneus, and right 
middle cingulate cortex (PFDR < 0.05) negatively corre-
lated with seizure onset age. Moreover, the right inferior 
parietal lobule (PFDR < 0.05) also negatively correlated 
with the number of ASMs. In contrast, no significant 
correlations (PFDR > 0.05) were found with the seizure 
frequency. These findings suggest that brain activity in 
GGE-GTCS may be progressively inhibited with increas-
ing disease duration and more ASMs.

We further investigated whether these ALFF abnormal-
ities were pronounced in specific brain systems. Among 
intrinsic functional networks [39] (Fig.  1C), the group 
difference in ALFF was stronger within the somatomotor 
network (z-score = 2.06, PFDR = 0.024) and weaker within 
the default mode network (z-score =  -2.15, PFDR = 0.016). 
Among laminar differentiation classes [40] (Fig. 1D), dif-
ferences were greater in the idiotypic class (z-score = 2.32, 
PFDR = 0.016) and lower in the heteromodal laminar class 
(z-score =  -2.246, PFDR = 0.008) compared to the null dis-
tributions. Consistent results were found at the other two 
parcellation resolutions (Additional file 1: Fig. S2 and S3). 
Collectively, neuronal activity abnormalities in patients 
with GGE-GTCS were most pronounced in the primary 
sensorimotor cortices and relatively weaker in high-order 
association cortices.

Structural connectome constrains abnormalities of brain 
activity
We tested whether the distribution of ALFF abnor-
malities was conditioned by structural connectome. 
We evaluated the relationships between regional 
ALFF abnormality (t-value) and the average abnor-
mality of structurally connected neighbors (Fig.  2A), 
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which revealed a significant positive spatial correlation 
(r = 0.55, Pspin/rewired < 0.001; Fig.  2B), suggesting that 
spatial patterning of ALFF abnormalities in patients 
with GGE-GTCS reflects the underlying structural 
connectome architecture. Furthermore, the direct 
structural connectome within heteromodal cortices, 
particularly within and between the limbic and default 
mode networks, conferred significant constraints on 
these ALFF abnormalities among patients, indicating 
that SC constrains aberrant neuronal activity at the sys-
tems levels (Fig. 2C).

We repeated the analyses with three different con-
nection thresholds (Additional file  1: Fig. S4), confirm-
ing that correlations were not biased by the choice of a 
particular connection threshold. In addition, the corre-
lations between structurally connected neighbors were 
significantly higher than those for structurally discon-
nected neighbors. Furthermore, we regressed the mean 
Euclidean distance between a given region and its con-
nected neighbors, showing that observed correlations 
were not affected by the effect of spatial proximity (Addi-
tional file  1: Table  S6). These findings were consistent 

Fig. 1 The spatial patterning of ALFF abnormalities in GGE-GTCS. A Case–control comparison of regional ALFF (t-value, unthresholded). B Eighteen 
cortical areas showed statistically significant differences in ALFF (PFDR < 0.05). C and D Each system’s mean ALFF alteration scores were calculated 
for Yeo intrinsic functional networks [39] and Mesulam laminar differentiation classes [40]. The observed mean difference scores (red circles) were 
compared to the null distribution of mean difference magnitudes generated through spin tests [41, 42] (boxplots; 10,000 repetitions; Pspin < 0.05, 
two-tailed; FDR-corrected). The mean t-values of each system were converted to z-scores relative to the null distribution. A positive z-score 
represents a greater difference than expected, and vice versa. List of intrinsic functional networks: DA, dorsal attention; DM, default mode; FP, 
frontoparietal; LIM, limbic; SM, somatomotor; VIS, visual; VA, ventral attention. List of laminar differentiation classes: HM, heteromodal; IT, idiotypic; PL, 
paralimbic; UM, unimodal
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across all three parcellation resolutions (Additional file 1: 
Fig. S5), proving that structural connectome architecture 
shapes the spatial distribution of ALFF abnormalities in 
GGE-GTCS.

We investigated whether brain activity abnormalities 
related to clinical factors are constrained by the struc-
tural connectome. We found that ALFF abnormalities 
associated with disease duration were significantly cor-
related with structurally connected neighbors in short-
duration (r = 0.57, Pspin/rewired < 0.001) and long-duration 

(r = 0.48, Pspin/rewired < 0.001) groups (Additional file  1: 
Fig. S6), suggesting that ALFF alterations may be strongly 
constrained by connectome architecture in early illness 
stages. Similarly, the collective abnormalities of structur-
ally connected neighbors were correlated with seizure 
frequency-related ALFF abnormalities in patients with 
low-frequency (r = 0.37, Pspin/rewired < 0.001) and high-fre-
quency (r = 0.53, Pspin/rewired < 0.001) groups (Additional 
file  1: Fig. S7). Additionally, medication-related ALFF 
abnormalities were correlated with their structurally 

Fig. 2 Normative structural connectome (SC) constrains ALFF abnormalities in GGE-GTCS. A Schematic diagram of structural neighborhood 
analysis [13]. The collective ALFF abnormality of structural neighbors for a given region (red) was modeled as the average abnormality of its directly 
structurally connected neighbors (blue). B SC-constrained ALFF abnormalities. Brain rendering shows the associations between ALFF abnormalities 
and SC. The edge thickness on the brain plot indicates the SC strength, and the node size and color represent the degree of SC constraint on ALFF 
abnormalities (i.e., the larger and redder, the greater the constraint degree). The scatterplot reveals a significant correlation between regional ALFF 
abnormality and that of structurally connected neighbors. The boxplots show the observed correlation against surrogate correlations generated 
from spin tests [41, 42] (“Nullspin,” 10,000 repetitions) and rewired tests [65, 66] (“Nullrewired,” 1000 repetitions). Asterisks denote statistical significance 
(*P < 0.001, one-tailed). C The spatial correlation at the system levels. The statistically significant correlations are depicted in red (Pspin < 0.05, 
one-tailed, FDR-corrected). List of intrinsic functional networks: DA, dorsal attention; DM, default mode; FP, frontoparietal; LIM, limbic; SM, 
somatomotor; VIS, visual; VA, ventral attention. List of laminar differentiation classes: HM, heteromodal; IT, idiotypic; PL, paralimbic; UM, unimodal
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connected neighbors in patients receiving no medica-
tion (r = 0.42, Pspin/rewired < 0.001), monotherapy (r = 0.49, 
Pspin/rewired < 0.001), and polytherapy (r = 0.51, Pspin/

rewired < 0.001) (Additional file  1: Fig. S8). These find-
ings suggest that higher epilepsy severity may be linked 
to more profound manifestations of network spreading 
of abnormal brain activity. Consequently, the structural 
connectome represents a fundamental constraint on ill-
ness-related ALFF abnormalities in GGE-GTCS.

Molecular fingerprints associated with SC‑constrained 
activity abnormalities
We next investigated whether molecular fingerprints 
modulate the constraints imposed by the SC on ALFF 
abnormalities. A multilinear regression model (Fig.  3A) 
was constructed to determine the relationships between 
SC-constrained ALFF abnormality patterns and molecu-
lar fingerprints, including disease-related gene expression 
gradient, neurotransmitter receptor gradient, excitatory/
inhibitory ratio, and laminar thickness gradient (Fig. 3B). 
The dependent variable was SC-constrained ALFF abnor-
malities, which represents the degree to which SC con-
strains the spatial patterning of ALFF abnormalities.

The regression model explained 27.16% of the vari-
ance in the constraints of ALFF abnormalities by the 
SC (F(4,395) = 36.81, Pspin < 0.001). We found a significant 

positive correlation between observed and fitted SC-
constrained ALFF abnormalities (r = 0.52, Pspin < 0.01) 
(Fig.  3C). Dominance analysis revealed that laminar 
thickness gradient (Pspin = 0.029, FDR-correction) and 
neurotransmitter receptor gradient (Pspin = 0.038, FDR-
correction) are the important predictors in the model, 
with laminar thickness profile (56.75%) showing the 
most considerable dominance (Fig. 3D; Additional file 1: 
Table  S7). These findings suggest that molecular finger-
prints contribute to the constraints of ALFF abnormali-
ties by the structural connectome.

Network‑based spreading and disease epicenters
The strong associations between ALFF abnormalities 
and structural network suggest that pathological activity 
propagates along the connectome. However, structural 
neighborhood analysis provides limited insights into the 
spreading processes and fails to identify disease epicent-
ers. Thus, we next applied a network-based diffusion 
model [20] to explore whether these disease-associated 
ALFF abnormalities propagate along the connectome via 
a diffusion process and whether specific brain regions 
function as epicenters of this spread.

The diffusion processes across multiscale structural 
network edges were applied to predict the abnormal 
activity patterns. First, we generated the nodal diffusion 

Fig. 3 Molecular profiles contributing to structural connectome (SC)‑constrained ALFF abnormalities in GGE-GTCS. A A multiple linear regression 
model was constructed to determine the relationships between regional heterogeneous constraints and molecular profiles. B Heatmap 
shows Pearson’s correlation coefficients between pairs of molecular profiles. C The scatter plot displays the relationship between observed 
and fitted SC-constrained ALFF abnormalities. D Dominance analysis was used to evaluate the relative importance of molecular profiles to the fit 
of the model. Error bars represent 95% bootstrap confidence intervals (10,000 repetitions). Asterisks denote the statistical significance regression 
coefficient (*Pspin < 0.05, FDR-correction). Gene PC1, first component of 15 disease-related gene expression; Receptor PC1, first component of 19 
neurotransmitter receptor densities; E/I ratio, excitatory/inhibitory receptor density ratio; Laminar PC1, first component of laminar thickness 
covariance
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characteristic at nth neighboring scales using a random 
walk algorithm (Fig. 4A) [19, 20]. Second, we computed 
the mean diffusive probabilities within the same Yeo 
intrinsic functional network (Fig.  4B), which revealed 
that diffusion probability decreased with neighbor-
ing scales, suggesting greater system segregation at 
smaller scales during the diffusion process. Third, we 
performed SVR prediction of ALFF abnormalities using 
diffusion features, and found that predicted disease pat-
terns were significantly related to ALFF abnormalities 

in GGE-GTCS across five neighboring scales (r1–5 scale 
ranged from 0.42 to 0.58, all Pspin/rewired < 0.001). Specially, 
the second neighboring scale showed the highest predic-
tive performance (r = 0.58, Pspin/rewired < 0.001; Fig.  4C). 
The highest positive contributive features were in the 
somatomotor and limbic networks, and the highest nega-
tive contributive features were in the dorsal attention and 
default mode networks (Additional file 1: Fig. S9). These 
findings remained consistent across all three resolutions 
(Additional file  1: Fig. S10). Therefore, the multiscale 

Fig. 4 Network-based spreading of ALFF abnormalities and epicenter identification in GGE-GTCS. A Schematic illustration of the network-based 
diffusion model [20]. The red nodes and edges represent the nth neighboring scale of a given region (orange). B The mean diffusive probability 
curves within the same system in Yeo intrinsic functional networks. C Model predictive performance. The empirical correlations (red circles) were 
compared to surrogate correlations generated from spin tests (“Nullspin,” 10,000 repetitions) and rewired tests (“Nullrewired,” 1000 repetitions). Asterisks 
denote statistical significance (*P < 0.001, one-tailed). The scatter plot displays the best predictive performance at the second neighboring scale. 
D Schematic of the disease epicenter mapping approach [20]. E The epicenter likelihood maps (top panels) and epicenter regions (bottom panels; 
Pspin < 0.05, one-tailed) at five neighboring scales. F The conjunction map of disease epicenters illustrates the probability of each region being 
recognized as an epicenter across five scales. G Diffusive probability distribution of two robust epicenters depicted in the limbic-temporal cortex 
(LTPC, top panels) and dorsolateral prefrontal cortex (DLPFC, bottom panels) at each scale. The right panels display the diffusive probability of two 
epicenters within and between networks. DA, dorsal attention; DM, default mode; FP, frontoparietal; LIM, limbic; SM, somatomotor; VIS, visual; VA, 
ventral attention
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diffusion profiles of structural networks largely shape the 
spatial patterning of ALFF abnormalities in GGE-GTCS.

We constructed epicenter likelihood maps by calculat-
ing the cosine similarity between regional ALFF abnor-
malities and the diffusive properties for each seed region 
at nth neighboring scales (Fig. 4D). These epicenter like-
lihood maps exhibited similarity across five neighbor-
ing scales, with regions of high similarity corresponding 
to the fusiform gyrus, occipital gyrus, inferior temporal 
gyrus, and prefrontal cortices (Fig.  4E). Furthermore, 
regions with significantly higher spatial similarities were 
identified as potential epicenters. The conjunction map of 
epicenters across five scales revealed that the most stable 
epicenters were predominantly in the limbic-temporal 
cortex (LTPC), dorsolateral prefrontal cortex (DLPFC), 
and occipital cortex (Fig. 4F; Additional file 1: Fig. S11), 
suggesting that these regions are dominant drivers of 
pathological spread in GGE-GTCS. Similar results were 
obtained using other parcellation resolutions (Additional 
file 1: Fig. S12).

To illustrate the pathological spread processes from 
epicenters at each neighboring scale, we constructed the 
diffusive distribution of the two most robust epicenters 
in the LTPC (Fig.  4G, top panels) and DLPFC (Fig.  4G, 
bottom panels). With the expansion of the neighborhood 
scale, LTPC pathology spread mainly to visual (VIS), 
default mode (DM), and ventral attention (VA) systems, 
and DLPFC pathology spread primarily to DM, VA, and 
frontoparietal (FP) systems. These results indicate system 
separation at small neighboring scales and system inte-
gration at large neighboring scales during the spread of 
pathology in GGE-GTCS.

We further identified the epicenters of abnormal brain 
activity at different stages of disease duration. Based on 
previous evidence of network-based disease progression 
[15, 16, 62, 67], we hypothesized that these epicenters 
would exhibit spatial propagation from some regions to 
broader network areas with disease progression. The con-
vergent epicenters across two disease stages were primar-
ily localized in the occipital, limbic-temporal, and lateral 
prefrontal cortices (Additional file  1: Fig. S13). Notably, 
we observed a progressive spatial shift in epicenter locali-
zation with increasing disease duration, characterized by 
a transition from orbitofrontal and prefrontal cortices 
in early stages to temporal and parietal cortices in later 
stages, reflecting the network-based spreading of abnor-
mal brain activity across different stages of GGE-GTCS.

Patient‑tailored activity abnormality modeling
Next, we assessed the generalizability of network-
based models for individual patients with GGE-GTCS. 
Although the subject-level data showed lower sensitiv-
ity due to increased heterogeneity in ALFF patterns 

among patients, we found that patient-specific corre-
lations between individual ALFF deviations and their 
directly structurally connected neighbors closely mir-
rored the group-level findings (Additional file  1: Fig. 
S14A). Notably, these correlations were significant for 
almost all patients with GGE-GTCS (r ranged from 0.27 
to 0.74; Pspin < 0.05 in all individuals, and Prewired < 0.05 
in 84.54% of individuals). Similarly, disease epicenters 
were consistent across individual patients, with the pre-
frontal and occipital cortices being the most common 
locations in GGE-GTCS (Additional file  1: Fig. S14B). 
Individual level of SC-constrained ALFF vulnerability 
indicated by patient-specific higher positive correlation 
coefficients was consistently associated with seizure fre-
quency (r = 0.22, P = 0.038). No significant association 
was observed with either disease duration, seizure onset 
age, or the number of ASMs (Additional file 1: Fig. S15).

Reproducibility analysis
We further carried out split-half analyses to test the 
reproducibility of our main results. The results of 
subgroup analysis were highly consistent with those 
obtained using whole-group analysis (Additional file  1: 
Fig. S16). We observed that the spatial t-maps were simi-
lar between GGE-GTCS1 vs. HC1 and the main result 
(r = 0.89, Pspin < 0.001), as well as between GGE-GTCS2 
vs. HC2 and the main result (r = 0.88, Pspin < 0.001). 
Regional ALFF abnormality (t-value) significantly cor-
related with the collective abnormality of structurally 
connected neighbor for each subgroup (GGE-GTCS1: 
r = 0.58; GGE-GTCS2: r = 0.43; all Pspin/rewired < 0.001). 
Moreover, disease epicenters were mainly located in the 
limbic-temporal, prefrontal, and occipital cortices. Col-
lectively, these results suggest a high reproducibility of 
our findings.

Discussion
We demonstrated that structural connectome architec-
ture provides a conduit for the spread of transient neu-
ronal activity in GGE-GTCS and that local molecular 
attributes influence this process. Furthermore, network-
based diffusion modeling effectively simulated the patho-
logical spread of abnormal transient activity, identifying 
the limbic-temporal, prefrontal, and occipital cortices as 
putative epicenters. These results were repeatable across 
different clinical variables and individual patients.

Brain activity abnormalities in patients with GGE-
GTCS were most pronounced in the sensorimotor net-
work and relatively less prominent in the default mode 
network (DMN). Convergent evidence from simultane-
ous EEG-fMRI studies has reported abnormal neuronal 
activity in both the sensorimotor network and the DMN 
of epileptic patients [68–70]. The sensorimotor network 
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demonstrated functional activity hypersynchrony, which 
has been characterized as a state-independent endophe-
notype of GGE [69]. The synchronization of unbalanced 
activity within the sensorimotor network may propa-
gate across large-scale brain circuits, ultimately leading 
to generalized seizures [69]. Moreover, previous studies 
have shown abnormal motor task-induced activation in 
GGE, providing evidence that the susceptibility of the 
motor system plays a pivotal role in the instability of the 
epileptic brain state [71, 72]. Alternatively, DMN dys-
function has been widely implicated in consciousness 
and cognitive impairments pathophysiology. Consistent 
with prior findings [68, 70], the weaker neuronal activity 
observed in the DMN of the patients may indicate a tem-
porary suspension of the default state of brain function. 
This specific pattern of aberrant activity may explain the 
transient loss or disturbance of awareness during gener-
alized epileptic seizures concomitant with sensorimo-
tor symptoms [73]. Collectively, these findings highlight 
the critical role of specific brain networks in shaping the 
spatial patterning of neuronal activity abnormalities in 
GGE-GTCS.

The topology of the structural connectome constrains 
the spatial patterning of ALFF abnormalities in GGE-
GTCS. Previous studies have similarly shown that brain 
morphometric abnormalities in neurological and psy-
chiatric disorders were conditioned by the underlying 
network architecture [13–15, 62, 74]. Our results sug-
gest that the collective abnormalities of structurally con-
nected neighborhoods can predict cross-sectional ALFF 
differences. These results were confirmed by multiple 
recent studies [28, 75, 76]. Structural organization influ-
enced the pathological spread of large-scale brain activity 
waves in epilepsy [28]. Structural disconnections within 
and between hemispheres may contribute to pathogenic 
activity synchronization [75].  Moreover, the atypical 
organization of functional activity was partially driven 
by white matter microstructure alterations [76]. Beyond 
cross-sectional differences, our results further showed 
that brain activity abnormalities related to disease dura-
tion, seizure frequency, and medication exposure are also 
constrained by connectome architecture, suggesting that 
network organization may guide brain activity dysfunc-
tion at different clinical factors of GGE-GTCS. Therefore, 
understanding disease onset and progression requires 
elucidation of how the structural connectome influences 
the pathology propagation. In the case of GGE-GTCS, 
this requires greater knowledge of how ALFF abnormali-
ties propagate along specific vulnerable axonal tracts.

We also found that multiple molecular features regu-
late the constraints imposed by the structural con-
nectome on ALFF abnormalities. White matter tracts 
transmit neural activity (action potentials) and molecules 

essential for growth, plasticity, and repair, including 
neurotransmitter receptors, kinases, transporters, and 
neurotrophic/growth factors [77]. Numerous studies 
have indicated that pathological synaptic development, 
plasticity, and signaling in GGE-GTCS may be due to 
genetic mutations [78], neurotransmission system altera-
tions [79], and cortical microstructural changes [80]. The 
heterogeneity of molecular profiles across the brain may 
predispose specific regions to epilepsy, ultimately lead-
ing to disease onset and progression [14]. The disease-
specific gene expression gradient represents a hierarchy 
of transcriptomic specialization and reflects the possible 
pathophysiology of generalized epilepsy [43, 81]. Bridg-
ing macroscale neuroimaging phenotypic variations with 
microscale gene expression profiles may reveal the rela-
tionships between specific transcriptomic signatures and 
GGE-GTCS pathology [64]. Furthermore, neurotrans-
mitter receptor gradients indicate that individual brain 
regions process endogenous signals differently, which 
may confer greater or less susceptibility to epilepsy [14]. 
Aberrant changes in receptor profiles may play a criti-
cal role in the pathogenesis of epilepsy, particularly those 
shifting the excitatory and inhibitory balance [78, 79]. 
Additionally, topographic variations in cortical micro-
structure gradient reflect large-scale laminar organiza-
tion [51, 52], potentially providing insights into how 
laminar differentiation disruptions contribute to abnor-
mal neural activity and seizure propagation [80]. There-
fore, elucidating the relationships between molecular 
fingerprints and connectome-constrained ALFF abnor-
malities may help advance our understanding of GGE-
GTCS pathogenesis.

We applied a network-based diffusion model to sim-
ulate the spreading of abnormal transient activity in 
GGE-GTCS. Pathological perturbations often propagate 
from focal lesions through axonal pathways, ultimately 
impacting the functioning of more extensive networks 
[9]. Numerous network-based diffusion models have 
been used successfully to describe the progressive spread 
of pathological events along the brain connectome [18, 
19]. For instance, these diffusive models have revealed 
that the progression of brain atrophy follows the connec-
tome. In line with these findings [18–20], our network 
diffusion model, combining random walks and machine 
learning, successfully simulated the spatial patterns of 
ALFF abnormalities in GGE-GTCS, suggesting that the 
propagation of other pathogenic processes may be simu-
lated using the knowledge of network topology. Impor-
tantly, we found that anatomically connected neighbors 
determined the pattern of regional activity vulnerability, 
which could be explained by polysynaptic communica-
tion between distant anatomically connected neurons 
[19]. Therefore, the structural connectome’s multiscale 
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diffusion profiles constrain the ALFF abnormalities 
spread in GGE-GTCS.

We further identified potential epicenters of ALFF 
abnormalities in GGE-GTCS using this diffusion model, 
thereby providing additional support for the notion that 
the structural connectome guides the spread of pathol-
ogy [8]. The most common epicenter locations were 
limbic-temporal, dorsolateral prefrontal, and occipital 
cortices.  Illness duration-related epicenters were appar-
ent in orbitofrontal and prefrontal cortices early in the 
illness and shifted to temporal and parietal cortices 
with illness progression. The occipital, limbic-temporal, 
and lateral prefrontal cortices consistently emerged as 
potential epicenters across disease stages. These regions 
are frequently implicated in GGE-GTCS due to abnor-
malities in cortical morphometry [64], white matter fiber 
bundle organization [82], intrinsic brain activity [4–6], 
and functional connectivity [32]. The limbic-temporal 
cortex is responsible for critical processes such as audi-
tory processing, memory, and emotion and is among the 
most epilepsy-prone regions of the human brain [83]. 
Similarly, a meta-analysis identified the dorsolateral 
prefrontal cortex as a common epicenter in GGE based 
on morphological abnormalities [8]. Furthermore, the 
involvement of the occipital cortex as an epicenter may 
explain the deficits in higher social perception based on 
dynamic social cues in GGE, as the so-called third visual 
pathway mediates these functions [84]. Together, our 
findings suggest that limbic-temporal, dorsolateral pre-
frontal, and occipital cortices drive the onset and spread 
of GGE-GTCS-associated pathology.

This study has several methodological limitations. First, 
the case–control design precludes causal inferences on 
the associations of connectome structure with patterns 
of abnormal neuronal activity in GGE-GTCS. Specifi-
cally, it is still uncertain whether abnormal spontane-
ous neural activity drives structural disconnection or if 
white matter lesions alter regional spontaneous activity 
in patients with GGE-GTCS [82]. Second, our analyses 
did not include subcortical areas contributing to gener-
alized epilepsy [85]. Third, since local abnormal intrinsic 
activity may alter the connectivity with other regions, 
we constructed the connectome from the DWI data 
of a healthy population. However, widespread changes 
in the structural networks of GGE-GTCS patients 
may reroute the spread of pathology [86]. Future stud-
ies are needed to examine how the individual patient’s 
structural connectome impacts the pathology’s spread. 
Fourth, molecular fingerprints were also derived from 
publicly available datasets in healthy populations. Still, 
they may not fully capture individual variability [14], 
which is critical for understanding the pathophysiology 
of GGE-GTCS. Future studies should investigate how 

disease-associated molecular fingerprints influence the 
spread of pathology in GGE-GTCS. Finally, future works 
should incorporate neuropsychological testing to assess 
cognitive and behavioral deficits and explore the relation-
ships between structure–function network spreading and 
cognitive performance [27–29].

Conclusions
In summary, we demonstrated that large-scale structural 
connectome architecture constrains the spread of abnor-
mal brain activity in GGE-GTCS and that local molecular 
attributes can modulate these constraints. The limbic-
temporal, dorsolateral prefrontal, and occipital cortices 
may be common epicenters of pathological spread. Col-
lectively, these findings enhance our understanding of 
the network-level mechanisms controlling the spread of 
pathological brain activity in GGE-GTCS.
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