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Abstract 
 
Epilepsy is a neurological brain disorder that affects social life by causing seizures, loss 
of consciousness, and muscle contractions. The causes of epilepsy include tumors, 
genetic diseases, brain injuries during childbirth, and infections affecting the body. 
Antiepileptic drugs are commonly used for treatment, but about one-third of 
individuals continue to experience seizures despite medication. These drugs effectively 
prevent seizures but do not address the underlying mechanisms of the disease. 
Inflammation, i.e. biological response of the body's immune system to harmful stimuli, 
can be the result or cause of various diseases and is recognized as one of the 
contributing factors to epilepsy. This study investigates the molecular-level connection 
between inflammation and epilepsy through mapping transcriptomic data to 
reconstructed protein-protein interaction (PPI) network, reveal important 
subnetworks and detect potential common drug targets for inflammation and 
epilepsy.  The most connected hub proteins of the subnetwork related to 
inflammation, derived from the expression data mapping are AKT1, IL6, and TLR4. 
After conducting molecular docking studies of anti-inflammatory drugs with these 
targets, Resveratrol and Fentanyl were identified as potential drugs with anti-
inflammatory effects and suitable for epilepsy. Thus, we suggest further experimental 
studies for validation of using anti-inflammatory drugs Resveratrol and Fentanyl 
against epilepsy.  

 

Introduction 
 

Epilepsy is a prevalent neurodegenerative disease 
that impacts approximately 46 million individuals 
worldwide, being the third most common chronic brain 
illness, causing seizures, convulsions, and altered 
consciousness (Zhu et al., 2021). The symptoms are 
seizures, convulsions, and altered consciousness, 
caused by unexpected discharges within neurons (Beghi, 
2020). Epilepsy was first classified based on six criteria: 
etiology, age, seizure type, interictal and ictal features 
of electroencephalogram (EEG), and anatomical status 
(Gastaut, 1970). In this classification, the difference 
between epileptic syndrome and epileptic convulsions 
was also highlighted. Epilepsies are further classified 

into three subgroups based on etiology: idiopathic 
epilepsy is often associated with hereditary 
predisposition; in symptomatic epilepsy, a specific cause 
can be identified; and cryptogenic epilepsy is believed to 
be symptomatic (Shorvon, 2011). Additionally, seizures 
can be classified based on their onset type (Scheffer et 
al., 2017). Seizures starting from a specific cortical area 
are called focal seizures. Generalized seizures involve 
widespread and symmetrical involvement of both sides 
of the cortical region. The starting point is unclear in 
unknown onset seizures. These classifications help 
differentiate epilepsies based on their etiological and 
clinical characteristics, enabling more accurate 
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diagnosis and treatment approaches (Scheffer et al., 
2017). 

Epilepsy treatment is long-term and aims to 
control neuronal hyperexcitability. Surgery and 
antiepileptic drug (AED) therapies are the main 
treatments for epilepsy (Beghi, 2020). Treatment 
typically involves starting medication after the second 
seizure. Ideal characteristics of an antiepileptic drug 
(AED) include good oral bioavailability, no side effects, 
simple pharmacokinetics, no drug interactions, low cost, 
and the ability to be taken once or twice a day (Akdağ et 
al., 2016). A variety of AEDs are available, but 
approximately one-third of patients do not respond to 
medication and continue to experience seizures (Beghi, 
2020). It is important to note that while AEDs can 
effectively prevent seizures in those who respond to 
treatment, they do not address the underlying cause of 
the disease (Beghi, 2020). 

Epilepsy is frequently linked to a history of prior 
nervous system injuries where the activation of 
inflammatory cells is dysregulated and neuronal tissue is 
damaged, leading to epilepsy development (Rana & 
Musto, 2018). However, the specific mechanisms 
through which this imbalance in inflammation, i.e., the 
immune system response to injuries, contribute to 
epilepsy remain poorly understood. Inflammation is a 
mechanism that occurs when immune cells are 
activated and produce inflammatory mediators. Natural 
killer (NK) cells, granulocytes (neutrophils, eosinophils, 
basophils, mast cells), mononuclear cells (monocytes, 
macrophages, microglia), dendritic cells, and Toll-like 
receptors (TLRs) are cells that activate the innate 
immune response (Vezzani et al., 2011). Acute 
inflammation is short-term and rapidly developing 
inflammation, usually in response to infections, injuries, 
or toxic agents. Symptoms include redness, fever, 
swelling, pain, and difficulty moving. Some conditions 
are minor and can heal on their own, while others may 
require treatment. Chronic inflammation lasts for a long 
time and is usually the result of untreated acute 
inflammation or triggered by autoimmune diseases, 
infections, or environmental factors (Hannoodee & 
Nasuruddin, 2024). Inflammation can be one of the 
results as well as an underlying cause of epilepsy (Beghi, 
2020) and thus, the relation between inflammation and 
epilepsy is not clear at the molecular level. Gaining 
insight into the neurobiology of inflammation related to 
epileptogenesis (complex biological processes leading to 
the development and progression of epilepsy) can aid in 
novel biomarker identification and new therapeutic 
target discovery for the prevention and treatment of 
epilepsy (Rana & Musto, 2018). 

Transcriptomic and genetic analyses can help in 
finding drivers and offer new perspectives on the origin 
and persistence of seizures in epilepsy (Guelfi et al., 
2019). Moreover, these analyses can also help in 
revealing neuronal subtypes of epilepsy and gene 
expression underlying epileptogenesis (Pfisterer et al., 
2020). Integrating transcriptomic and genetic analysis 

results with proteomic data is a comprehensive and 
valuable approach in many diseases (Uzuner et al., 2021; 
Maden & Acuner, 2021). Protein-protein interaction 
(PPI) networks related to the development of 
inflammation in the body can be a guide in 
understanding the effect of gene expression changes in 
disease conditions and analysis of important 
subnetworks can aid in the discovery of important drug 
targets in the PPI network (Maden & Acuner, 2021). 
These approaches typically include integrating 
transcriptomic data into PPI networks, functional 
enrichment of important subnetworks as well as 
topological analyses for discovering vital elements of the 
networks, such as hubs with a high number of 
interactions (Hollander et al., 2021; Maden & Acuner, 
2021; Steinkellner et al., 2024). 

In this work, to understand how inflammation 
contributes to epilepsy at a molecular level, we 
reconstructed the protein-protein interaction network 
related to inflammation and epilepsy, and detected and 
analyzed the subnetworks by mapping the 
transcriptomic data related to epilepsy onto the 
reconstructed network. As such, we have combined 
transcriptomic and proteomic data to reveal important 
subnetworks simultaneously contributing to 
inflammation and epilepsy. Finally, we investigated the 
anti-inflammatory drugs targeting key proteins in the 
network to indicate anti-inflammatory drugs potentially 
suitable for epilepsy treatment. 
 

Materials and Methods 
 

Here we describe the computational methods used 
in the reconstruction of a protein-protein interaction 
(PPI) network for inflammation- and epilepsy-related 
genes, mapping transcriptomic data for epilepsy on the 
PPI network for detection of important subnetworks, 
and analyzing them for inflammation- and epilepsy-
related important pathways and hubs targetable by 
anti-inflammatory drugs. 

 
Reconstruction of the PPI network 

In the first stage, the inflammation- and epilepsy-
related PPI network was reconstructed and visualized 
based on the protein/gene data related to inflammation 
and epilepsy. Proteins related to inflammation and 
epilepsy were retrieved (on 04.08.2022) from the 
Uniprot database (Wang et al., 2021) and some proteins 
encoded by genes related to both, namely TNF, IL11, and 
IL15, were manually added after a literature review 
(Vezzani et al., 2011; Vezzani et al., 2016; Medina-Ceja 
et al., 2019). The PPI network was reconstructed using 
these seed proteins and extended further via the 
STRING database (Szklarczyk et al., 2023). The resulting 
network was uploaded to Cytoscape (Shannon et al., 
2003). Visualization, topological analysis, and functional 
enrichment of the network were also performed in 
Cytoscape. 
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Determination of differentially expressed genes 
The second step is the identification of genes with 

significant changes related to the epilepsy condition 
(differentially expressed genes, DEGs). To find data on 
epilepsy gene expression, we conducted a search on the 
Gene Expression Omnibus (GEO) database (Barrett et 
al., 2013). From the available datasets, we selected the 
most suitable ones, which are identified as the 
GSE143272 and GSE20977. GSE143272 dataset contains 
142 samples, comprising 34 recently diagnosed epilepsy 
patients (including idiopathic, cryptogenic, and 
symptomatic epilepsy) who are not on medication 
(drug-naïve), 57 patients who are undergoing treatment 
with antiepileptic drugs, and 51 healthy individuals 
(Rawat et al., 2020). We included 34 drug-naïve epilepsy 
patients in the “patient” group, and the healthy control 
group comprised 51 “control” samples. The GSE20977 
dataset includes seven epilepsy patients with 
heterozygous chr16p13.11 deletion and eight controls 
with no deletion at this locus to evaluate the deletion as 
a risk factor in epilepsy patients (Heinzen et al., 2010). 
Thus, the “patient” group had 7 individuals with epilepsy 
who had a deletion, while the “control” group had 8 
healthy samples without the deletion.  

We analyzed the comparative gene expression 
levels after acquiring the suitable datasets and groups 
using the interactive web tool GEO2R in GEO. DEGs are 
decided based on the p-value, such that those with a 
value less than 0.05 are considered as a gene whose 
expression changes significantly in the disease state. The 
false discovery rate (FDR) p-value threshold (p-value < 
0.05) was applied to elucidate DEGs (Thiese et al., 2016) 
such that 0.05 indicates the amount of possible errors 
we will make when we decide whether there is a 
statistically significant difference. Moreover, Log2-fold 
change (logFC) values calculated between two 
experimental conditions were used to find the up- and 
down-regulated genes with the threshold of the 
absolute value of logFC being greater than or equal to 1. 
Lastly, heatmaps were created for the top 20 DEGs of 
each dataset based on the logFC values, using Python’s 
Heatmap function in the Seaborn library. 
 
Discovery and topological analysis of PPI subnetworks 
related to inflammation and epilepsy 

The third step was the discovery of the important 
subnetwork(s) in the reconstructed PPI network for 
inflammation and epilepsy by mapping expression data 
(DEGs) to the PPI network and analysis of subnetwork(s) 
to find enriched pathways and hub proteins as potential 
antiepileptic drug targets through the use of Cytoscape's 
KPM and ClueGO plugins as well as topological analysis 
options.  

KPM (KeyPathwayMiner) is a highly preferred 
subnet discovery algorithm due to its easy-to-use for 
parameter changes and module display and better 
results compared to other subnet discovery algorithms 
(Alcaraz et al., 2012). The KPM algorithm utilizes p-
values as '1' and '0'. In the KPM input, a p-value less than 

0.05 is set to '1' for significantly expressed genes, while 
a p-value greater than 0.05 is set as '0' for genes whose 
expression is not significant. In KPM, the K parameter 
value is a crucial factor representing the maximum 
allowable number of unchanged genes in a discovered 
subnetwork. The optimal K value was chosen as 5 
because it was observed in a study that no new 
significant genes were added when it was above 5 
(Alcaraz et al., 2016). To create a KPM input file for 
epilepsy, specific conditions were applied to the 
transcriptome data: data other than the gene name and 
p-value were deleted, and the p-values less than 0.05 
were recorded as 1, or else as 0. In Cytoscape, subnet 
discovery was performed using the method of mapping 
the protein-protein interactions of inflammation and 
epilepsy and the expression data obtained for epilepsy. 
The combined PPI networks opened in the Cytoscape 
application, and transcriptome data from the 
GSE143272 and GSE20977 datasets were integrated 
through KPM. As a result, epilepsy-related protein-
protein interaction subnetworks were determined. The 
hub proteins (genes with the highest number of 
interactions, that is, the degree) in the subnetwork we 
obtained were determined through topological analysis, 
and the discovered subnetwork was functionally 
enriched by using the ClueGO plugin of Cytoscape to 
reveal the related pathways to this critical subnetwork. 
 
Evaluation of potential antiepileptic usage of anti-
inflammatory drugs through docking 

The final step was finding suitable anti-
inflammatory drugs targeting the subnetwork through 
analyzing drug-gene interactions and applying 
molecular docking for molecular details. The hub 
proteins in the subnet were searched in the drug-gene 
interactions section of DGIdb (Freshour et al., 2021). 
Based on these drug-gene interactions results, we 
selected anti-inflammatory drugs with multiple targets 
in the subnet; namely, Resveratrol and Fentanyl, as our 
candidate drugs. Molecular docking studies were the 
final step in understanding drug-protein interactions at 
the atomic detail.  

Firstly, the structures of the drugs were 
downloaded from DrugBank, and target proteins from 
the PDB (Berman et al., 2000; Wishart et al., 2018). In 
the Chimera application, water molecules in the target 
protein structures were removed, and other molecules 
were excluded if present. Drug molecules were also 
prepared in Chimera for binding. Blind docking studies 
were conducted without selecting a specific interaction 
region and considering the entire protein for both the 
prepared protein and drug molecules. These procedures 
were repeated separately for each drug and protein 
pair. The docking score is a scoring function that predicts 
the binding affinities of a ligand and target after docking. 
Chimera version 1.16 was used to prepare the structures 
and perform molecular docking via Autodock Vina (Trott 
& Olson, 2010). We performed docking studies with four 
target proteins for two drugs, resulting in eight different 



21 
Biotech Studies 34(SI), 18-28 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
Tablo 1. Common DEGs between GEO datasets GSE20977 and GSE143272 

ABLIM1 ESYT2 LAT POMT1 STAMBP BCCIP FBXO18 LUC7L PRRG4 TAF15 

ACOT7 EXOSC10 LAT2 PPP6R2 STK24 BLVRB FBXO30 MAX PSME1 TALDO1 

AGFG1 EYA3 LOC105377348 PRKAB1 SUGP2 BTBD10 FEZ1 METTL17 QPCT TATDN3 

ARF3 EZH2 LRFN3 PRKCB SUMO1P1 BTG1 FGGY MPRIP QSOX1 TBC1D9B 

ARRB1 FAR2 LSMEM1 PRR5 SVIL CAPN5 FGL2 MPZL2 RAB11FIP1 TFRC 

CASP4 GPAT3 MSRB3 RAC1 TM9SF1 CLEC4A HIST2H2BE NME3 RNF125 TSPO 

CASP8 GTF2H4 MUT RAD51D TMED4 CLIP1 HM13 NOL12 RNF145 TSPOAP1 

CD47 GTF3C6 NAB1 RBM4 TNFSF14 CPSF4 HMGB2 NPEPPS RNF146 UBA3 

CDC14A HACD3 NAE1 RBM43 TRMT11 CREBBP HSD17B11 NRBP2 RNFT1 URGCP 

CHKA HIST2H2AA3 NDUFAF7 RIT1 TROVE2 CRELD2 HSH2D NT5C3A RORA UROS 

CRIPT IKBIP NUP210 RPIA USP15 DYNLRB1 KIFC2 PDPK1 SMARCA4 ZDHHC8 

CUL4A IL7R NUP214 RPS15 VMA21 DYNLT1 KLRC3 PELO SMIM12 ZMAT3 

CXCL8 ISCU ORM1 RPS19 VPS13B ECHDC2 KLRG1 PFDN6 SNHG8 ZMYND19 

CYFIP2 ITPR3 PANK2 RTN3 WTAP EIF4G1 KMT2A PGAM4 ST13P4 ZNF200 

DDIAS KIAA0430 PDIA3P1 SIAH1 ZBTB44 ELF2 LAS1L PILRA ST3GAL6 ZNF337 

ZNF791 
    

    

 

drug-protein complex structure models. The obtained 
docking models were analyzed and visualized using 
Discovery Studio (Gao & Huang, 2011) and binding 
regions were compared with the known binding sites of 
the target proteins using the PDBsum (Pictorial database 
of 3D structures in the Protein Data Bank) web server 
(Laskowski et al., 2018). 
 

Results and Discussion 
 

Information about the PPI network 
To obtain a Protein-Protein Interaction (PPI) 

network for inflammation and epilepsy, we scanned the 
literature for relevant proteins and added them to the 
lists of 'Inflammation' and 'Epilepsy' proteins 
downloaded from the UniProt database. The number of 
inflammation proteins obtained from the UniProt 
database is 539, and the number of epilepsy proteins is 
532. Gaps and duplicates in the obtained protein lists 
were removed. Additionally, three proteins associated 
with inflammation found in the literature (TNF, IL11, 
IL15) were added, bringing the total number of proteins 
to 953. By increasing the interaction count in the STRING 
database, an interaction network was obtained with 
10,463 interactions and 910 nodes. The reconstructed 
inflammation-epilepsy PPI interaction network was 
downloaded, visualized, and topologically analyzed via 
Cytoscape. The top 5 hub proteins according to their 
number of degrees within this network were found to 
be TNF (243), IL1B (211), IL6 (206), AKT1 (187), and 
GAPDH (187). The top three hubs with the highest 
number of interactions were previously shown to be 
chemical mediators relevant to neuro-inflammation 
that may contribute to epileptogenesis (Rana & Musto, 
2018). 

Identification of DEGs in epilepsy patients 
DEG analysis resulted in the identification of 1,682 

and 3,279 DEGs in the GSE20977 and GSE143272 
datasets, respectively. The common DEGs between 
these two datasets (151) are shown in Table 1, and the 
top 20 DEGs for each dataset are represented as heat 
maps in Figure 1. Although we could not find any up- or 
down-regulated genes for the GSE143272 dataset, in the 
GSE20977 dataset; as an impact of the deletion of the 
chr16p13.11 on epilepsy patients’ gene expression, we 
observed 1 up-regulated (RNA28S5 with logFC 1.35) and 
2 down-regulated genes, namely NDE1 (with logFC -
1.12, Figure 1A) and CXCL8/IL8 (with logFC -1.09).  

Nuclear distribution factor E (NDE1) was shown to 
be an epilepsy-causing candidate gene located at 
16p13.11, and the protein encoded by NDE1 is 
important for cortical development (Heinzen et al., 
2010; Liu et al., 2012; Pei et al., 2014). Moreover, it was 
reported that the 16p13.11 deletion led to the reduction 
of NDE1 expression levels (Heinzen et al., 2010). Thus, 
these results support our observation of the down-
regulation of NDE1 in epilepsy patients with 
heterozygous chr16p13.11 deletions. Moreover, the 
other down-regulated gene, CXCL8/IL8, is a chemokine 
having a significant role in inflammation. Evidence 
indicates that CXCL1-IL-8 signaling is activated in 
epilepsy patients, leading to acute and chronic seizures, 
and this pathway can be targeted for anti-ictogenic 
effects, i.e., to prevent or reduce seizure activity by 
targeting mechanisms that trigger seizures (Di Sapia et 
al., 2021). Although a direct relation could not be found 
in the literature, we observe that chr16p13.11 deletions 
also cause a down-regulation of CXCL8 gene expression, 
indicating a possible relation between this gene and/or 
interaction partners with chr16p13.11. 
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Figure 1. Heatmaps based on logFC values of top 20 differentially expressed genes (DEGs) in analyzed datasets. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Subnetwork analysis 
In the first part of this study, we identified protein-

protein interactions related to inflammation and 
epilepsy. In the second part, we analyzed differential 
gene expression data for epilepsy. We then combined 
these findings using Cystoscape’s KPM implementation, 
which allowed us to map the expression data onto the 
established PPI network. Through this process, we 
discovered a significant subnetwork that contained 
common elements between inflammation and epilepsy 
(Figure 2). This subnet consists of 200 nodes and 856 
edges, and the top 5 hub proteins within this subnet 
based on their number of degrees, namely AKT1 (56), IL6 
(52), TLR4 (50), CTNNB1 (41), and RELA (38), are 
considered as potential drug targets. 

 
Figure 2. Inflammation- and epilepsy-related PPI subnetwork 

obtained by Cytoscape-KPM. Round-shaped white nodes 
indicate mapped but inactive genes in both expression 
datasets. Round and light green colors indicate genes mapped 

in two datasets; one active and the other inactive. Rounded 
and dark green colors are active genes in both datasets. The 
hexagon and white shape means that the gene is in one 
dataset but not in the other and is not active. Genes with 
hexagons and greens are present and active in one dataset but 
absent in the other. 

Our research findings have revealed proteins 
associated with inflammation and epilepsy, and these 
proteins, referred to as hub proteins, are supported by 
the literature. AKT1, one of three closely related 
serine/threonine-protein kinases (AKT1, AKT2, and 
AKT3), is termed AKT kinase and regulates various 
processes such as metabolism, proliferation, cell 
survival, growth, and angiogenesis (Rönnstrand, 2004). 
Bittigau et al. proposed a potential mechanism on rats 
to explain cognitive impairment and decreased brain 
mass associated with prenatal or postnatal exposure to 
antiepileptic drugs (AEDs). They tested whether 
common AEDs induced neurodegeneration in the 
developing rat brain. Rats aged 3-30 days were 
administered phenytoin, phenobarbital, diazepam, 
clonazepam, vigabatrin, or valproic acid. Histological 
examination of the brains revealed widespread and 
dose-dependent apoptotic neurodegeneration during 
the brain growth spurt period in developing rat brains. 
The findings suggested that the depression of MAPK and 
PI3-AKT pathways by AEDs contributed to the induction 
of neuronal apoptosis in the developing brain (Bittigau 
et al., 2003). Chouchi et al. extensively reviewed 
numerous research studies that used pharmacogenetics 
in interventions aiming to improve therapeutic 
responses based on personalized treatment for epilepsy 
(Chouchi et al., 2019). They found that ABCB1 
polymorphism increased the risk of developing AED 
resistance (Chouchi et al., 2019). Uddin et al. stated that 
CCL2, CXCL8, and CXCL10 are chemokines playing a 
significant role in inflammation in the central nervous 
system (Uddin et al., 2005). Octavio Fabián Mercado-
Gómez et al. (2018) measured the gene expression of 
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Figure 3. Functional enrichment of the inflammation- and epilepsy-related PPI subnetwork. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

inflammatory-related and nitric oxide synthase genes in 
olfactory bulb (OB) tissue from patients with frontal lobe 
epilepsy (FLE). They conducted qPCR for IL-1β, IL-6, TNF-
α, RELA, and Toll-like receptor 4 (TLR4) and found a 
significant increase in downstream transcription factor 
NFκB p65 (Mercado-Gómez et al., 2018). The pro-
inflammatory cytokine IL6 and Toll-like receptor 4 (TLR4) 
involved in signaling related to ictogenesis are examples 
of neuro-inflammation-related chemical mediators and 
receptors contributing to epileptogenesis (Rana & 
Musto, 2018). Moreover, tumor-suppressor CTNNB1 
was found to be involved in neurodevelopmental 
disorders, such as epilepsy (Zhuang et al., 2023). 

Enrichment analysis reveals that the subnetwork is 
significantly enriched with amino or fatty acid 
catabolism (Figure 3). In line with this finding, it was 
recently observed that disorders in organic acid 
metabolism, specifically catabolism, have been 
associated with the occurrence of epileptic seizures due 
to the toxic accumulation of metabolites (Yu & Pearly, 
2013; Shi et al., 2024).  

 
Anti-inflammatory drugs and molecular docking 

In the final section, the hub proteins obtained (51 
proteins with a degree ≥ 10) were used as input for the 
drug-gene interaction in DGIdb. The drugs targeting 
these proteins with the highest number of interactions 
are shown in Table 2. Each of the top five drugs 
(Resveratrol, Fentanyl, Nelfinavir, Lauroguadin, and 
Paclitaxel) interacts with four hub proteins in the 
subnetwork. Cenisertib, on the other hand, interacts 
with five proteins, making it the drug targeting the 
highest number of hubs simultaneously. However, 
further structural analyses were not conducted as it is a 
drug primarily designed for cancer, and it does not align 
with our research objectives. 

Among these drugs, Resveratrol and Fentanyl, 
which have anti-inflammatory effects and exhibit strong 
interactions with important proteins in the epilepsy 

subnetwork, were selected as potential drugs for further 
structural analysis via molecular docking. Four hub 
proteins interacting with these two drugs and the three-
dimensional structures of the drugs were obtained from 
PDB and DrugBank (Table 3). Docked models shown in 
Figures 4 and 5 correspond to the best poses obtained 
based on their scores (Table 3). The interactions 
between drugs and proteins, including hydrogen (H) 
bonds, van der Waals forces, π-anion, π-π stacking, π-
cation, alkali, and π-sigma interactions, are also 
illustrated in Figures 4 and 5. It is expected that the 
complexes with higher numbers of H bonds and/or non-
bonded interactions have better prediction scores, i.e., 
lower negative values (Table 3). These docking models 
are obtained through blind docking (ligands target the 
whole structures of proteins without prior specification 
of binding sites), therefore, we also checked the 
literature to validate predicted binding sites (Table 3, 
Figures 4 and 5). Resveratrol drug is docked with the 
following hub targets, and there are common binding 
sites between predicted and experimental binding sites 
for AKT1, RIPK1, and PRKCA (Table 3, red residues). 
Binding site information for Fentanyl hub targets found 
in the literature is in line with the predicted residues of 
ABCB1 (Mora Lagares et al., 2020; Cheema et al., 2024), 
CXCL8, and IL6 (Nada et al., 2023; Tran et al., 2023) 
(Table 3). Although we do not have exact residue 
matches for RELA and ARRB1 models, the residues are 
not very far away from the experimental counterparts 
(Table 3). 

Table 2. Most interacting drugs and their target proteins 

Drugs Target Genes 

Resveratrol AKT1, RELA, RIPK1, PRKCA 
Fentanyl ABCB1, ARRB1, CXCL8, IL6 
Nelfinavir ABCB1, AKT1, IL6, TLR4 
Lauroguadin AKT1, CHUK, PAK1, PRKCZ 
Paklitaksel ABCB1, AKT1, CXCL8, SYK 
Cenisertib AKT1, LYN, PAK1, PRKCZ, SYK 
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Figure 4. Complex structure models of Resveratrol with target 

proteins (PDB:Chain IDs) A) AKT1 (3O96:A), B) RELA (3GUT:A), 

C) RIPK1 (4NEU:A) and D) PRKCA (3IW4:A). 

Targeting these hub proteins, Resveratrol and 
Fentanyl, which demonstrated the highest interactions, 
can be considered as candidates for epilepsy treatment 
in line with the project objectives. The connection 
between these drugs and epilepsy is also supported in 
the literature. Resveratrol is considered a potential 
therapeutic agent for the treatment of various diseases 
such as inflammation, pain, tissue damage, diabetes, 
and cancer (Acungil & Özşahin Delibaş, 2022). 
Resveratrol possesses anti-inflammatory, anti-aging, 
and anti-cancer properties. Shetty highlighted its ability 
to enter the brain without any adverse effects on the 
brain or body after peripheral administration, making it 
an interesting feature for use as a therapy in brain 
damage or neurodegenerative diseases (Shetty, 2011). 
The article discussed the application of Resveratrol to 
treat acute seizures, prevent chronic epilepsy resulting 
from acute seizures or status epilepticus (SE), and 
alleviate chronic epilepsy characterized by spontaneous 
recurring motor seizures (Shetty, 2011). Resveratrol was 
also proposed as a promising drug candidate for 
epilepsy treatment in another study (Li et al., 2017). To 

confirm this, they tested the protective effect of 
Resveratrol on a kainic acid (KA)-induced epilepsy model 
in rats and investigated the underlying mechanism (Li et 
al., 2017). Fentanyl is an opioid, and there are studies 
showing high doses of pain-relievers can induce epilepsy 
seizures, however, there is also evidence that using 
opioids can modulate anti-inflammatory microglial 
activation, leading to a reduction in the frequency and 
intensity of seizures (Lankhuijzen & Ridler, 2024). It was 
also recently mentioned that Fentanyl usage could 
extend epilepsy treatment (Ramos-Matos et al., 2023). 

 
Figure 5. Complex structure models of Fentanyl with target 

proteins (PDB:Chain IDs) A) ABCB1 (6QEX:A), B) ARRB1 

(7SRS:C), C) CXCL8 (5D14:A) and D) IL6 (1ALU:A). 

 

Conclusion 
 

Overall, this study investigated the link between 
epilepsy and inflammation, and some of the genes 
important for both of the conditions were found to be 
AKT1, IL6, TLR4, CTNNB1, and RELA, and significantly 
enriched pathways are related to amino or fatty acid 
catabolism. We computationally investigated the 
connection between inflammation and epilepsy at the 
molecular level and demonstrated that the antioxidant 
Resveratrol and the opioid Fentanyl drugs, carrying anti-
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Table 3. Docking details of Resveratrol and Fentanyl drugs 

Drug Target 
PDB:Chain 

IDs 
Partners of 

Targets in PDB 
PDBsum Binding Site Information on 

Targets 

Docking 
score 

(kcal/mol) 

Predicted Binding 
Residues 

R
e

sv
e

ra
tr

o
l 

 

AKT1 3O96:A 
Allosteric inhibitor 

(IQO) 

Hbond: SER205, Nonbonded: 80, 83-85, 
210, 211, 264, 268, 272, 273, 274, 190, 

292, 296 
-8.4 

Hbonds:THR81, THR82, 
ASP292 Nonbonded: 79, 
179, 211, 227, 270-272, 

290, 291 

RELA (TF 
p65 of 

HIV-1 LTR 
region 

3GUT:A NF-kappa-B p105 

Hbonds: ASN200, CYS216, ASP243, 
HIS245, ARG246 

Salt Bridges: ARG198, ASP217, ASP243, 
ARG246 Nonbonded: 197-200, 213, 

215-217, 243, 245, 246, 248, 251 

-5.6 
Hbonds: GLU49, ALA192 

Nonbonded: 28-30, 50-52, 
191, 194, 274, 279 

RIPK1 4NEU:A 
1-

aminoisoquinoline 
inhibitor (Q1A) 

Hbonds: GLU63, MET95, ASP156 
Nonbonded: 31, 43, 63, 66, 67, 70, 75, 

76, 92-95, 145, 155-157 
-7.6 

Hbonds: MET95, LEU157 
Nonbonded: 23, 25, 31, 

43, 45, 63, 67, 92, 94, 98, 
145, 155, 156 

PRKCA 3IW4:A 
NVP-AEB071 

inhibitor (LW4) 

Hbonds: GLU418, VAL420 Nonbonded: 
345, 350, 353, 366, 368, 387, 401, 417-

420, 467, 468, 470, 480, 481 
-7.5 

Hbonds: GLU387, GLU418 
Nonbonded: 345, 350, 

353, 368, 387, 391, 401, 
415, 417, 419, 420, 470, 

480, 481 

Fe
n

ta
n

yl
 

 

ABCB1 6QEX:A 
UIC2 fab and taxol 

(TA1) 

Hbonds: TYR307, TYR310, GLN725 
Nonbonded: 69, 232, 307, 310, 336, 

339, 340, 343, 344, 347, 725, 946, 953, 
983, 986, 990 

PHE303, ILE306, TYR310, LEU339, 
PHE343, GLN990 (Mora Lagares et al., 

2020) TRP232, PHE303, GLN990 
(Cheema et al., 2024) 

-8.6 

Nonbonded: 69, 228, 229, 
302, 303, 306, 307,  310, 
336, 339, 340, 725, 728, 

983, 990 

ARRB1 7SRS:C 
5-HT2B receptor 
with LSD (7LD) 

(7SRS:R) 

Hbonds: VAL8, LYS11, ARG25, TYR63 
Nonbonded: 6-11, 25, 63, 65, 67, 70, 

72-74, 76, 107, 241, 244, 245, 249, 285 
ASP67, LYS160, ARG165, VAL167, 

LYS292 (Kushwah, 2024) 

-7.2 
Nonbonded: 26, 171-173, 

296-299, 352, 354-356 

CXCL8 

5D14:A 
(Binding 
info from 

8IC0:F) 

None (CXCR1 
partner from 

8IC0:A) 

Hbonds: GLU2, ARG4, LYS9, PRO30, 
ARG45, GLU46 

Salt Bridges: GLU2, ARG4, LYS9, 
Nonbonded: 1-6, 9, 11, 13, 26, 28-30, 

32, 38, 45-48 

-6.4 
Nonbonded: 11, 14-17, 19, 

41, 47, 59 

IL6 
1ALU:A 

 
None 

 

LEU 57, TRP157 (Nada et al., 2023) 
SER47, GLU106, GLN156, TRP157, 

ASP160 (Tran et al., 2023) 
-6.1 

Nonbonded: 42, 43, 46, 
104-107, 157, 160, 163 

 

 

 

 

 

 

 

 

 

 

 

 

 

inflammatory properties, could also be candidate 
antiepileptic drugs targeting epilepsy-related proteins 
and pathways. However, further experimental research 
(in vitro and in vivo experiments) is needed to confirm 
the efficiency of these drugs in epilepsy therapy. 
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