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Abstract 
 
Objective To investigate whether expression of proteins related to tumor-related epilepsy in the 
tumor area is directly correlated with neural network characteristics in glioma patients. There is 
increasing evidence that abnormal organization of brain networks plays an important role in 
tumor-related epilepsy, but the molecular basis of this observation is unknown.  
Methods Glioma patients underwent magnetoencephalography (MEG) and MRI after 
neurosurgery. Furthermore, tumor tissue was collected from each patient during neurosurgical 
intervention, after which immunohistochemical staining was performed on the tissue. We then 
characterized network topology based on MEG in the area of the tumor and related it to protein 
expression.  
Results Tumoral protein expression and network topology were interdependent, and in particular 
between-module connectivity proved to be selectively associated with expression of synaptic 
vesicle 2A (SV2A) and poly-glycoprotein (P-gp). Moreover, this relation was associated to clinical 
status in terms of number of epileptic seizures.  
Interpretation These findings suggest that network topology may serve as an intermediate level 
between molecular features and functional status of the brain. In glioma patients, these results 
may pertain to improvement of diagnosis and treatment in these patients.  
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Introduction 
 
The brain is increasingly studied with mathematical tools based on network theory, investigating 
the organization of communication patterns on multiple spatial and temporal scales.337;338 
Although neural networks are studied both macroscopically and microscopically, it is largely 
unknown how global communication patterns arise from cellular processes, and vice versa. The 
topology of an ‘optimal’ brain network at any scale includes characteristics that are pivotal in most 
networks, such as localized segregation combined with overall integration: a 'small-world' 
network.150  
The brain also consists of strongly intra-connected modules, where interactions with areas outside 
of the module are largely absent.339 A hierarchy of modules is present on multiple spatial scales, 
with each module being subdivided in lower-level modules. The specific role of regions in the 
network can be quantified, and 'hub' nodes are highly important in the network because of their 
extensive connectivity.340 In the brain, hub nodes are most prevalent in the parietal association 
cortex, the posterior part of the default mode network.341;342 According to a seminal study linking 
networks to microscopy, hub neurons are important for gamma-aminobutyric acid (GABA) 
mediated neural communication in epileptic rodents.322 Furthermore, areas with many amyloid 
plaques in Alzheimer’s patients tend to be hub areas.343 Brain hubs have been related to 
epilepsy,344;345 further indicating the importance of hubs.  
Most primary brain tumors are gliomas, arising from the supporting tissue of the brain. Epileptic 
seizures are the presenting symptom in 20-45% of patients, and are a major burden to quality of 
life. Previous studies have shown that lower frequency functional connectivity is pathologically 
increased in brain tumor patients, and that the small-world configuration is 
disturbed.153;156;294;309;346 These changes involve brain-wide networks and are related to epilepsy 
and cognitive deficits. Although global and local brain networks have been described, the 
relationship between network characteristics and molecular features of the tumor is unclear. 
We studied functional network topology and protein expression in glioma patients, investigating 
synaptic vesicle protein 2A (SV2A), poly-glycoprotein (P-gp), and glutamate decarboxylase (GAD) 
65/67 because of their role in (tumor-related) epilepsy. Both increased and decreased SV2A 
expression are related to seizure proneness.181;347;348 Higher P-gp levels are related to increased 
incidence of epilepsy.349;350 Lower GAD65/67 expression is correlated with lower gamma-amino 
butyric acid (GABA) production and increased vulnerability to seizures.351  
We hypothesized that protein expression in the tumor area is directly related to local tumoral 
network characteristics such as clustering coefficient and path length. Furthermore, we expected 
measures of ‘hubness’ in the tumoral area to be related to molecular features.322;344;345 

 
 
Methods 
 
Patients 
Data from previously described glioma patients were used.53 Patients were recruited from three 
tertiary referral centers for brain tumor patients in The Netherlands. Twenty-four of forty patients 
in the original study underwent MEG recording. Nine patients were excluded, because of MEG 
artifacts (n=7) or unusable post-operative MRI (n=2), leaving 15 patients for further analysis. 
Inclusion criteria were a diagnosis of novel/recurrent glioma (WHO grades II-IV) confirmed by 
pathological diagnosis after tumor resection, partial or (secondary) generalized seizures, and 
levetiracetam monotherapy. All patients had undergone gross total resection, except one who 
underwent stereotactic biopsy, and histopathological diagnoses were obtained (table 1). 
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Note. HPD = histopathological diagnosis, Lat. = tumor lateralization, Loc. = tumor localization, Epi. = epilepsy 
type, Cogn. = overall cognitive z-score, F = female, M = male, OII = oligodendroglioma WHO grade II, AII = 
astrocytoma WHO grade II, OAII = oligoastrocytoma WHO grade II, GBM = glioblastoma multiforme, B = bilateral, 
R = right, L = left, Fr = frontal, Temp = temporal, Par-temp = parieto-temporal, GS = generalized seizures, PS = 
partial seizures. 

MEG recordings took place on average six weeks after neurosurgery (range 1-18). Magnetic 
resonance imaging (MRI) was done within on average six weeks of the MEG recording (range 1-18). 
Patients underwent neuropsychological testing.156 An average cognitive z-score per patient was 
calculated, based on the mean and standard deviation of all patients.  
Patients gave written informed consent, and study approval was obtained from all centers’ ethics 
committees. The research was performed in agreement with the Declaration of Helsinki. 
 

 
 
 
 
 
 
Neuropathology 
Methods used for immunohistochemistry were described previously and can be found in the 
supplementary material.53;83 All tissue was paraffin-fixed. The staining intensity for SV2A was 
evaluated using optical density (OD) measurements in tumor tissue.53 For P-gp and GAD65/67 
expression, we evaluated the approximate proportion of blood vessels showing IR to give 
information about the relative number (‘frequency’ score) of positive blood vessels within the 
specimens. The product of the intensity and frequency scores gave the overall score 
(immunoreactivity total score, IR score).83 
 
Magnetoencephalography 
Magnetic fields were recorded inside a magnetically shielded room (Vacuumschmelze GmbH, 
Hanau, Germany) using a 151-channel MEG system (CTF Systems Inc., Port Coquitlam, BC, Canada). 
A third-order software gradient was used with a recording pass band of 0.25–125 Hz. Fields were 
measured during a no-task eyes-closed condition, with a sample frequency of 625 Hz. Head 
movements of up to 0.5 cm during a recording session were accepted. MEG channels that were 
defect or contained artifacts were excluded from further  analyses. 

Table 1 Patient characteristics 

  Gender Age HPD Lat. Loc. SV2A P-gp GAD65/67 Epi. Cogn. 

1 M 57 OIII B Fr 42,2 2 6,72 PS -0,03 

2 M 43 AII R Fr 8,2 4 2,4 PS -0,19 

3 F 46 OIII L  Fr 63,1 4 8,64 GS 0,06 

4 M 49 GBM L  Fr 41 3 10,64 GS 0,12 

5 M 68 GBM R Temp 0 3 12 PS 0,20 

6 M 36 AIII B Fr 45,1 4 9,6 GS -0,34 

7 M 50 AIII B Temp 21,2 4 2 GS -0,26 

8 M 40 AIII R Temp 45,3 6 12 PS -0,31 

9 M 61 OAIII L  Fr 45,6 6 7,2 GS -0,19 

10 M 61 GBM R Fr 61 4 0,48 GS 0,20 

11 M 45 OIII R Temp 64,1 6 8,4 GS 0,51 

12 F 37 GBM R Par-temp 45,2 4 12 Both -0,33 

13 F 40 OAII  R Fr 41,8 4 12 PS 0,04 

14 M 47 AIII L  Fr 5,7 6 12 GS 0,70 

15 M 29 GBM R Fr 42,1 6 12 GS -0,16 
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Time-series estimation for regions-of-interest 
The technique used was recently described (and see supplementary material).352 First, patients’ 
MRIs were co-registered with MEG data. The co-registered MRI was spatially normalized to a 
template using SPM99.353 The Talairach Daemon database was used to label voxels in patients’ 
normalized MRI.354;355 Subcortical structures were removed, leaving 68 regions of interest (ROIs).   
Neuronal activity was reconstructed using synthetic aperture magnetometry (SAM).356 SAM works 
sequentially: activity for each voxel is reconstructed by selectively weighing the contribution from 
each MEG sensor to a voxel’s time-series. The result is a time-series for each voxel. We then 
selected, for each ROI and frequency band separately, the voxel with maximum power in that 
frequency band.352 The time-series for this voxel was used for further analysis, resulting in a total 
of 68 time-series for each frequency band, where we used five classic frequency bands: delta (0.5-
4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (30-48 Hz). For each frequency 
band, five artifact-free epochs of 4096 samples (6.554 sec) were selected using BrainWave (version 
0.9.10, http://home.kpn.nl/stam7883/brainwave.html), which was also used for subsequent  
analyses. 
 
Connectivity and network analysis 
The phase lag index (PLI) calculates the asymmetry of the distribution of (instantaneous) phase 
differences between two time-series (see supplementary material).314 Volume conduction causes a 
zero phase lag between two time-series, but the presence of a consistent, non-zero, phase lag 
between two time-series reflects true interactions that are unaffected by volume conduction or 
common sources.314;352 
Each ROI is a node and the PLI value determines the strength of the links between each node pair. 
Subsequently, network parameters can be calculated using graph-theoretical tools (see 
supplementary material). The weighted clustering coefficient C refers to the likelihood that 
neighbors of a ROI will also be connected, characterizing the tendency of ROIs to form local 
clusters. This is a measure of local segregation of the graph. The weighted path length L signifies 
the weight of the shortest path between two nodes, and is a measure of global integration of the 
graph. Furthermore, eigenvector centrality (EC) was calculated, which not only depends on a ROI’s 
own connection strength, but also takes the importance of its neighbors into account.357 Hubs 
were determined based on the role of ROIs in their modules, by means of between-module 
connectivity (participation coefficient, PC) and within-module connectivity.340 ‘Connector hubs’ are 
characterized by high between-module as well as high within-module connectivity. ‘Provincial 
hubs’ are characterized by high within-module connectivity only.  
In order to relate local protein expression to local characteristics of the brain network, nodal 
network characteristics for ROIs containing tumor tissue, as based on radiological signs of tumor 
tissue on MRI, were averaged and denoted as ‘tumor'. Every ROI with radiological signs of tumor 
tissue was grouped into the ‘tumor’ average. In order to test the specificity of potential 
correlations to the tumor area, the 'non-tumor' average (over all non-tumor ROIs) was also 
determined. A whole-brain average was also calculated for each network characteristic.  
 
Statistical analysis 
All statistical  analyses were performed using PASW Statistics Data Editor, version 18.0. Differences 
between tumor and non-tumor network characteristics were tested by means of related samples t-
tests.  
In order to test whether local network topology was related to protein expression, backward 
regression  analyses with one of the protein expressions as dependent variable were performed. 
The p-value for the overall model was set to p<.016 after Bonferroni, taking three tests (one per 
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Figure 1. Illustrative example of connectivity and participation coefficient for each region-of-interest in a 
single patient. 
Note. In (A), the average phase lag index of each region-of-interest (ROI) with all other areas is shown, while 
(B) depicts the average participation coefficient of each ROI. The purple areas indicate subcortical 
structures that were excluded from the analysis, and the areas containing tumor tissue (in this patient right 
anterior temporal).   

protein) into account. In order to further control for multiple comparisons, all tumor network 
characteristics were used as predictors in a single model. Median power of the signals was also 
added to this regression, to control for effects due to group differences in the power spectrum.  
Only if this regression yielded significant results, post-hoc  analyses were performed to determine 
whether the effect of the tumoral network was specific, or general for the non-tumor and whole-
brain networks also. Furthermore, clinical associations of tumor network topology and protein 
expression were tested by subsequently adding clinical patient characteristics, namely total 
number of seizures since diagnosis and cognitive z-score. 
 
 
Results 
 
Tumor versus non-tumor ROIs 
Mean broadband power was lower (M=7.1 Hz, SD=2.7) in the tumor area than in the rest of the 
brain (M=9.7 Hz, SD=1.9; t(14)=-5.425, p<.001). Therefore, median power was entered as a 
covariate in all regression  analyses. There were differences in network topology between the 
average of the tumor and non-tumor ROIs (table 2). An example of average connectivity between 
each ROI and the other ROIs in the non-tumor areas are depicted in figure 1 
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SV2A and network topology 
In the delta band, the tumor participation coefficient was the single significant predictor of SV2A 
expression in the tumor (table 3, figure 2): higher SV2A expression was related to increased tumor 
participation coefficient. In order to test whether this predictive value was specific for participation 
coefficients in the tumor area only (and not a more general effect throughout all ROIs), post-hoc 
regression analysis was performed, this time entering tumor, non-tumor, and whole-brain 
participation coefficients in the model. Again, only tumor participation coefficient was a significant 
predictor.  
In the beta band, predictive values were found for the tumor indices of PLI, participation 
coefficient, eigenvector centrality, and clustering coefficient (table 3), although these results did 
not remain significant after Bonferroni correction. Exploratory post-hoc analysis tested the 
specificity of these results to tumor network topology; only tumor clustering and non-tumor 
clustering remained significant predictors of SV2A expression.  
 
P-gp and network topology 
In the beta band, several tumor network characteristics were significant predictors of P-gp 
expression in the tumor (table 4), but post-hoc  analyses showed that only the tumor participation 
coefficient remained a significant predictor (figure 2).  
 
GAD65/67 and network topology 
In the theta band, tumor participation coefficient was predictive of GAD65/67 expression (table 5). 
However, post-hoc analysis showed only the non-tumor participation coefficient to be a significant 
predictor. In the alpha band, several tumor network characteristics were predictive of GAD65/67 
expression, but post-hoc tests yielded no significant results. In the gamma band, tumor path length 
was a significant predictor of expression (figure 2).  
 
Associations with clinical patient features 
In order to investigate whether associations between tumor network topology and protein 
expression were explained by and/or related to clinical features, cognitive z-score and total 
number of seizures since diagnosis were added to post-hoc regression  analyses. For SV2A, delta 
band tumor participation coefficient and beta band tumor and non-tumor clustering coefficients 
were still significant predictors. Clinical features did not carry significant predictive value, 
indicating that delta band tumor participation coefficient is an independent predictor of SV2A 
expression. When added to the beta band model using clustering coefficients, the total number of 
seizures since diagnosis was also a significant predictor. 
P-gp was significantly predicted by both beta band tumor participation coefficient and total 
number of seizures. Higher total number of seizures since diagnosis proved to be related to 
increased P-gp expression 
 
Tumor grade and levetiracetam dose 
The possible influence of WHO tumor grade on our findings was explored by adding this variable to 
the significant regression  analyses, but it was not significant. Similarly, daily dose of levetiracetam 
and lateralization of the tumor did not alter the results described. 
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Table 2. Significant differences between tumor and non-tumor ROI averages 

Frequency           

band Network char. Tumor Non-tumor t (df) p-value 

Delta EC 0.123 (0.005) 0.119 (0.001) 3.02 (14) 0,009 

PLI 0.152 (0.012) 0.147 (0.008) 3.14 (14) 0,007 

Alpha PC 0.725 (0.020) 0.721 (0.018) 3.68 (14) 0,002 

Table 3. Significant associations between SV2A expression and network topology 
Delta band       

Variable Adj. R square F (df) p-value Beta t p-value 

PC tumor 0,34 8.19 (1,13) 0,013 0,622 2,86 0,013 

Beta band       

Step 1: All network characteristics within tumor area, SV2A as dependent variable   

Variable Adj. R square F (df) p-value Beta t p-value 

PC tumor 0,443 3.78 (4,10) 0,04 -0,465 -2,199 0,053 

EC tumor    -1,449 -2,589 0,027 

C tumor    -1,495 -3,47 0,006 

PLI tumor    1,836 2,757 0,02 

Step 2: Significant network characteristics overall, and within and outside tumor area  

Variable Adj. R square F (df) p-value Beta t p-value 

C tumor 0,294 3.91 (2,12) 0,049 -1,913 -2,648 0,021 

C non-tumor    1,617 2,237 0,045 

Step 3: Significant network characteristics with other clinical variables   

Variable Adj. R square F (df) p-value Beta t p-value 

C tumor 0,44 4.66 (3,11) 0,025 -2,479 -3,535 0,005 

C non-tumor    1,824 2,799 0,017 

Total no seizures    -0,553 -2,031 0,067 

Note. EC = eigenvector centrality, PLI = phase lag index, PC = participationcoefficient. Mean (SD) are depicted in 

the tumor and non-tumor columns. 

Note. Only significant predictors of SV2A expression are shown. PC = participation coefficient, EC = eigenvector 
centrality, C = clustering coefficient, PLI = phase lag index. 
In step 1, all tumor network parameters were entered into the regression analysis. Step 2 concerned a post-hoc 
analysis, entering  significant tumor predictors in a regression with non-tumor and whole-brain network indices. 
In step 3, significant predictors from step 1 and 2 were entered into the regression, as well as clinical variabels 
(i.e. total number of seizures and cognitive z-score). 
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Figure 2. Significant correlations between tumor network topology and protein expression. 
Note. SV2A = synaptic vesicle protein 2A, P-gp = Poly-glycoprotein, GAD65/67 = glutamate 
decarboxylase  PC = participation coefficient, C = clustering coefficient. In (A), the association between SV2A 
expression and delta band PC is seen. (B) Shows the correlation between SV2A expression and beta band 
clustering coefficient. This correlation was not significant after correcting for multiple comparisons. (C) Depicts 
the association between P-gp expression and delta band PC, and in (D) the correlation between GAD65/67 
expression and overall path length is shown. 

Note. Only significant predictors of P-gp expression are shown. PC = participation coefficient, WM = within-
module connectivity, PLI = phase lag index.In step 1, all tumor network parameters were entered into the 
regression analysis.Step 2 concerned a post-hoc analysis, entering  significant tumor predictors in a regression 
with non-tumor and whole-brain network indices.In step 3, significant predictors from step 1 and 2 were 
entered into the regression, as well as clinical variabels (i.e. total number of seizures and cognitive z-score). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

Table 4. Significant associations between P-gp expression and network topology in the beta band  
Step 1: All network characteristics within tumor area, P-gp as dependent variable   
Variable Adj. R square F (df) p-value Beta t p-value 
Median freq. 0,721 10.06 (4,10) 0,002 -0,355 -2,46 0,034 
PC tumor -0,612 -3,731 0,004 
WM tumor 0,399 2,085 0,04 
PLI tumor -0,365 -2,092 0,063 
Step 2: Significant network characteristics overall, and within and outside tumor area   
Variable Adj. R square F (df) p-value Beta t p-value 
PC tumor 0,528 16.68 (1,13) 0,001 -0,75 -4,084 0,001 
Step 3: Significant network characteristics with other clinical variables     
Variable Adj. R square F (df) p-value Beta t p-value 
PC tumor 0,726 19.58 (2,12) <0.001 -0,84 -5,89 <0.001 
Total no seizures       0,46 3,225 0,007 
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Note. Only significant predictors of GAD65/67 expression are shown. PC = participation coefficient, C = 
clustering coefficient, EC = eigenvector centrality, L = path length In step 1, all tumor network parameters were 
entered into the regression analysis.. Step 2 concerned a post-hoc analysis, entering  significant tumor 
predictors in a regression with non-tumor and whole-brain network indices. 

 
 
 
 
 
 
 
Discussion 
 
Higher SV2A expression is related to increased delta band connectivity between different modules 
in the tumor area. This result is specific to the tumor area, and is not related to cognition or total 
number of seizures. Previous studies have shown that SV2A is related to neuronal excitability: 
SV2A knock-out mice tend to have severe epilepsy, while kindling is related to increased SV2A 
expression.181;348 Increased SV2A expression in brain tumor patients is related to better seizure 
control with levetiracetam.53 Interestingly, both decreased and increased SV2A expression may be 
associated with pathological synchronization and thus epilepsy.347 Higher between-module 
connectivity in the tumor area may be important for synchronizability, i.e. the vulnerability of the 
network to hypersynchronization and thus seizure-like behavior. For instance, a recent 
computational study shows that higher betweenness-centrality, which is a measure of the 
importance of a node in the network, decreases the ease with which a network synchronizes.358 On 
the other hand, decoupling may also be harmful in terms of seizure proneness.358;359 The current 
results show that these parabolic distributions of both network connectivity and SV2A expression 
go hand in hand in the delta band.  
 
The beta band is implicated with respect to GABA and its receptors,360;361 and over-expression of P-
gp is related to pharmaco-resistance as well as changes in GABA receptors.362;363 Indeed, higher P-
gp expression was related to lower between-module connectivity in the beta band, and to a higher 
number of seizures. These results are in line with previous research showing seizure proneness is 

Table 5. Significant associations between GAD65/67 expression and network topology 
Theta band             
Step 1: All network characteristics within tumor area, GAD65/67 as dependent variable   
Variable Adj. R square F (df) p-value Beta t p-value 
PC tumor 0,3 4.00 (2,12) 0,047 -0,432 -1,93 0,078 
Step 2: Significant network characteristics overall, and within and outside tumor area   
Variable Adj. R square F (df) p-value Beta t p-value 
PC non-tumor 0,229 5.17 (1,13) 0,041 -0,533 -2,27 0,041 
Alpha band             
Variable Adj. R square F (df) p-value Beta t p-value 
PC tumor 0,628 6.91 (4,10) 0,006 -0,513 -2,71 0,022 
C tumor -0,61 -3,17 0,01 
EC tumor -0,342 -2,06 0,067 
Gamma band             
Step 1: All network characteristics within tumor area, GAD65/67 as dependent variable   
Variable Adj. R square F (df) p-value Beta t p-value 
L tumor 0,474 13.62 (1,13) 0,003 0,715 3,69 0,003 
Step 2: Significant network characteristics overall, and within and outside tumor area   
Variable Adj. R square F (df) p-value Beta t p-value 
L whole-brain 0,545 17.78 (1,13) 0,001 0,76 4,22 0,001 
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related to increased P-gp expression,349 and suggest that local network topology forms an 
intermediate level between molecular tissue features and the clinical status of the patient. We 
found no consistent associations between GAD65/67 expression and tumoral network topology. 
Instead, GAD65/67 expression patterns were related to whole-brain network topology: higher 
expression was related to increased path length in the gamma band. GAD65/67 is an enzyme that 
synthesizes GABA from glutamate, and is thought to be an essential component for regulation of 
GABA-related epileptiform activity.351 Low levels of GAD65/67 and GABA are thought to be related 
to increased hypersynchronization due to inadequate inhibition.364;365 A study in epileptic rodents 
showed that hippocampal hub neurons determine synchronization in their area.322 These hub 
neurons were mostly GABA-ergic, indicating the importance of this inhibitory neurotransmitter in 
epileptogenesis and seizure propagation.364;365 Pharmacological MEG studies have shown 
correlations between neural activity and the use of medication influencing the GABA-ergic 
system,361 indicating that medications acting upon GABA receptors may alter (local) network 
functioning. The association between GABA and seizure proneness may however be very complex. 
GAD65/67 expression changes when seizures start; although lower GAD65/67 expression is related 
to increased vulnerability to epilepsy, GAD65/67 increases as seizures endure in animals.366 
Moreover, the adaptable and phasic nature of particularly GAD65 expression may mask consistent 
associations with network topology.367 One study in human patients showed that GABA increases 
in the epileptic hippocampus during and after seizures, but increases even more in the non-
epileptic hippocampus.368 The fact that GAD65/67 is minimally expressed in tumor tissue, as it is a 
neuronal, not a glial protein, further hampers interpretation of these results.These findings may 
have interesting implications for future diagnosis and treatment of tumor-related epilepsy. 
Network connectivity may be useful in diagnosis of epilepsy: theta band functional connectivity 
based on a standard EEG is a significant predictor of the development of an epilepsy syndrome in 
people experiencing a first seizure,155 while functional connectivity calculatedusing fMRI helps to 
determine the location of epileptic discharges in the brain.369 With respect to treatment, several 
studies report that neurosurgical strategies may benefit from the use of network parameters: 
areas with high connectivity are most important for seizure propagation, and more importantly, 
resection of these nodes results in improved postoperative outcome.344  

Some limitations of this study should be mentioned. Firstly, our sample consisted of only 15 
patients. Secondly, the best method of translating MEG signals to source-space is still under 
discussion. However, the analysis framework used here is rather robust.352 Thirdly, the choice of 
parcellation scheme may have influenced our results. However, a finer-grained parcellation is 
hardly justified in MEG, which has variable spatial sensitivity and resolution.370 The parcellation 
could also have influenced the division of ROIs into tumor and non-tumor: any ROI containing 
glioma was indexed as ‘tumor’, while the percentage of tumor tissue in each ROI may have varied. 
A fourth limitation is the normalization of the individual brain tumor patient’s MRI to a template 
(healthy) MRI. However, our aim was not to relate a specific brain area, or areas, to any other 
endpoint; we only used specifics of the tumor area, disregarding detailed spatial information and 
thereby reducing the influence of the non-optimal normalization. Also, our MEG recordings and 
MR scans were collected after neurosurgery, while one would ideally gather these recordings 
before craniotomy. Fifthly, in addition to the network characteristics used in this study, many more 
are available. Our choice of network parameters to investigate was based on two factors, the first 
of which was comparability with previous studies (clustering coefficient and path length). Nodal 
parameters (eigenvector centrality, participation coefficient, within-module connectivity) were 
chosen because of their relevance to the hypothesis of this study. And lastly, we only investigated 
three proteins, namely those that were most relevant for this specific patient sample as described 
in the introduction. Our study is the first to link local network topology to protein tissue 
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expression. Furthermore, we revealed the functional significance of this correlation in terms of 
seizure characteristics. Decreasing between-module connectivity is related to lower SV2A 
expression and higher P-gp expression, which may render the local network more vulnerable to 
seizures. These results emphasize the importance of neural network topology when attempting to 
understand mechanisms underlying tumor-related epilepsy, even on a local scale. Possible clinical 
implications of our results include the use of network topology (non-invasively recorded) to infer 
characteristics of the tumor in terms of protein expression.  
 
 
Supplementary material 
 
Neuropathology 
Tissue was fixed in 10% buffered formalin and embedded in paraffin. Paraffin-embedded tissue 
was sectioned at 6 µm, mounted on organosilane-coated slides (Sigma, St. Louis, MO). Antibodies 
specific for glial fibrillary acidic protein (polyclonal rabbit, DAKO, Glostrup, Denmark; 1:4,000; 
monoclonal mouse; DAKO; 1:50), vimentin (mouse clone V9; DAKO; 1:1,000), neuronal nuclear 
protein (mouse clone MAB377; Chemicon, Temecula, CA; 1:2,000), and synaptophysin (mouse 
clone Sy38; DAKO; 1:200; rabbit anti-synaptophysin; DAKO; 1:200) were used in the routine 
immunohistochemical analysis of glial tumors. For the detection of SV2A, we used mouse anti-
SV2A (15E11; 1:50, Abcam, Cambridge, UK). We used the mouse anti-P-gp (PgP; monoclonal 
mouse, clone JSB-1; 1:20) to detect P-gP and GAD65/67 to detect GAD65/67. The staining intensity 
for SV2A was evaluated using optical density (OD) measurements in tumor tissue as previously 
reported.53 Sections were digitized using a microscope equipped with a DP-10 digital camera 
(Olympus, Japan). Images from consecutive, non-overlapping fields (of 0.0655mm x 0.0655mm 
width; each corresponding to 4.290 µm83; using a square grid inserted into the eyepiece, 
magnification x10) were collected using image acquisition and analysis software (phase 3 Image 
System integrated with Image Pro Plus; Media Cybernetics, Silver Spring, MD). The absolute pixel 
staining density and the background from fields lacking immune-reactive profiles were 
determined. 
For P-gp and GAD65/67 we used the immunoreactivity score. The staining intensity was evaluated 
using the intensity score: a semi-quantitative scale where IR is defined as: 0, absent; 1, weak; 2, 
moderate; 3, strong staining. This score represents the predominant staining intensity found in 
each group (0, no efficacy; 1, >50% seizure reduction; 2, seizure free) as averaged from the 
selected fields and the different sections per group. The evaluation of the IR in tumor specimens 
was performed in the center of the lesion, the infiltration zone was disregarded. Subsequently, we 
evaluated the approximate proportion of blood vessels showing IR [for P-gp: (1) single to 10%, (2) 
11-50%, (3) >50%, and for GAD65/67: (1) single to 25%, (2) 26-50%, (3) 51-75%, (4) >75%] to give 
information about the relative number (‘frequency’ score) of positive blood vessels within the 
specimens. As proposed previously,83 the product of the intensity and frequency scores was taken 
to give the overall score (immunoreactivity total score, IR score). 
 
Functional connectivity and network analysis 
 
Time-series estimation for regions-of-interest 
First, patients’ MRIs were co-registered with the MEG data through identification of the same 
anatomical landmarks in the MRI as where the head-localization coils were placed before the MEG 
recording (i.e. left and right pre-auricular and nasion). Only data from patients where the 
estimated co-registration error was smaller than 1 cm were accepted for further analysis. The co-
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registered MRI was then spatially normalized to a template MRI using SPM99.353 The Talairach 
Daemon database (from mri3dX https://cubric.psych.cf.ac.uk/Documentation/mri3dX) was used to 
label the voxels in patients’ normalized co-registered MRI.354;355 Subcortical structures were 
removed, and the voxels in the remaining 68 regions of interest (ROIs) were used for further 
analysis, after inverse transformation to the patient’s co-registered MRI.  Neuronal activity for the 
labeled voxels in the ROIs was reconstructed using a beamforming approach known as synthetic 
aperture magnetometry (SAM356). SAM works in a sequential fashion, where the activity for each 
voxel is reconstructed by selectively weighing the contribution from each MEG sensor to a voxel’s 
time-series. This weighting is done such that the activity at a voxel is reconstructed without 
distortion, and at the same time the contribution from external (noise) sources is minimized.371 
The beamformer weights are based on the covariance of the data and the forward solution (lead 
field) of a dipolar source at the voxel location, where data were band-pass filtered from 0.5-48 Hz. 
A time-window of, on average, 227.1 seconds (range: 98-308 sec.) was used for the computation of 
the data covariance matrix. Broadband data were used for the estimation of the beamformer 
weights, hereby avoiding overestimation of covariance between channels. The result of the 
beamformer technique is a time-series for each voxel. Each ROI contains many voxels, hence, in 
order to represent a ROI by a single time-series, we selected, for each ROI and frequency band 
separately, the voxel with maximum power in that frequency band.352 The time-series for this voxel 
was used for further analysis, resulting in a total of 5 sets of 68 time-series (one for each frequency 
band, using five classic frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-
30 Hz), and gamma (30-48 Hz)). Five artifact-free epochs of 4096 samples (6.554 sec) were chosen 
from these time-series, based on careful visual inspection [LD] using BrainWave (version 0.9.10, 
available from http://home.kpn.nl/stam7883/ brainwave.html), which was also used for all 
subsequent  analyses. 
 

Phase Lag Index (PLI) 
As a measure of functional connectivity, the phase lag index (PLI) was used,314 which calculates the 
asymmetry of the distribution of (instantaneous) phase differences between two time-series. This 
asymmetry can be obtained from a time series of phase differences ΔΦ (tk), k = 1... N in the 
following way (with N the number of samples): 
 
(1)     PLI =  =   |<sign[sin(Δφ(tk))]>| 
 
where the phase difference is defined in the interval [− π, π] and <> denotes the mean value. 
 

Weighted clustering coefficient 
The weighted clustering coefficient C refers to the likelihood that neighbors of a ROI will also be 
connected. ‘Weighted’ refers to the fact that the actual value of the connectivity between two 
ROIs is used in the calculation, instead of applying a threshold and binarizing the network. The 
clustering coefficient characterizes the tendency of ROIs to form local clusters and is thus a 
measure of segregation of the graph. The clustering index Ci of a node i generally represents the 
likelihood that other nodes j that are connected to the node i will also be connected to each other. 
This notion can be adopted for use with weighted graphs in various ways.372 Here we use a simple 
definition,373 which only requires symmetry (wij =wji) and that 0 ≤ wij ≤ 1 holds. Indeed, both 
conditions are readily fulfilled when using PLI as weight definition. The (weighted) clustering index 
of node i is then defined as: 
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(2)  

 

with the W being the weight of the PLI between triangles of nodes in the network. For isolated 
nodes, i.e. nodes that do not have any connections, all weights wij vanish, and the clustering index 
is defined as Ci = 0. We calculated the clustering coefficient of each ROI separately, as well as a 
whole-brain average.  
 
Weighted path length 
The weighted path length L signifies the weight of the shortest path between two nodes. We used 
the approach described previously.373;374 In detail, we define the length of an edge as the inverse of 
the aforementioned edge weight, i.e. Lij = 1/wij if wij ≠ 0, and Lij = +∞ if wij = 0; recall that wij is 
positive because we use the PLI as edge weight. The length of a weighted path between two nodes 
is then defined as the sum of the lengths of the edges of this path. The shortest path lij between 
two nodes i and j is the path between i and j with the shortest length. Again, nodal path length 
(also termed ‘closeness centrality’) and average whole-brain path length (using the harmonic 
mean375) were calculated.  
 
Eigenvector centrality 
The eigenvector centrality (EC) was calculated, which not only depends on a ROI’s own connection 
strength, but also takes the importance of its neighbors into account.357 The eigenvector centrality 
ECi of node i is defined as the i-th entry in the normalized eigenvector belonging to the largest 
eigenvalue of the (weighted) adjacency matrix.357 
 
Modularity: participation coefficient and within module connectivity 
First, to describe modularity in the whole-brain network we used a modification of previously 
described approaches,340;376 adapted for weighted networks376;377: 
 

(3)  

 
where m is the number of modules, ls is the sum of the weights of all links in module s, L is the total 
sum of all weights in the network, and ds is the sum of the strength of all nodes in module s. In 
short, the relation between intra- and intermodular connections determines the strength of each 
module. For any given network partition, this measure describes the strength of the total 
modularity by summing the relative strength of all the modules in the network. A strongly modular 
network has modularity value close to 1, and in a network without modular organization it will 
approach 0. Finding the optimal modular organization in a network is a computationally intensive 
problem. One of the most effective methods to date is simulated annealing.340 This method was 
used to find the optimal way to divide the network into modules376: initially, each of the N nodes 
was randomly assigned to one of m possible clusters, where m was taken as the square of N. At 
each step, one of the nodes was chosen at random, and assigned a different randomly chosen 
module number from the interval [1,N]. Modularity was calculated before and after this. The cost 
C was defined as . The new partitioning was preserved with probability p: 
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(4)  

 

Here, Cf is final cost and Ci is initial cost. The temperature T was 1 initially, and was lowered once 
every 100 steps as follows: Tnew=0.995 Told. In total, the simulated annealing algorithm was run for 
106 steps. The partition with the strongest modular organization was identified separately for each 
epoch of every person for all the different frequency bands, and subjected to further graph 
analysis. 

Once the modular organization in a network has been determined, the topological role of 
individual nodes can be described in greater detail340: nodes can be mainly involved in 
communication with other nodes in the same module, but can also interact with other modules. 
This aspect is quantified by two properties: the within-module degree (Zi), and the participation 
coefficient (PC). The within-module degree measures the connectivity of the node within the 
module compared to the other nodes in the same module, and thus describes the relative 
importance within the module. The weighted within module degree can be defined as follows: 

 

(5)  

 

 
where Mi is the module containing node i, is the within module degree of i (the sum 

of all links between i and all other nodes in mi), and are the respective 
mean and standard deviation of the within-module mi degree distribution. 

The participation coefficient expresses how strongly a node is connected to other modules, and 
the weighted version is defined as: 

 

(6)  

 

Where M is the set of modules, and ki(m) is the sum of all links between i and all nodes in module 
m. The within module degree and the participation coefficient determine the identity of a node in 
the modular network structure. 
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