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Changes in DNA methylation and gene expression play a major role in the epileptogenic process that 
turns a healthy brain into an epileptic brain. Previous investigations have focused either on changes 
in the transcriptome or epigenome, but rarely on both. The goal of this combined transcriptomic and 
epigenomic investigation was to identify shared and distinct changes in gene expression and DNA 
methylation in two widely used, but mechanistically distinct, rat models of temporal lobe epilepsy: 
intrahippocampal electrical kindling and systemic kainic acid induced epilepsy. RNA sequencing and 
reduced-representation bisulfite sequencing were used to assess differences in gene expression and 
DNA methylation. We found gene expression and methylation changes specific to each model, and 
genes with altered expression (n = 71) or methylation (n = 94) in the same direction in both models. 
Remarkably, there was no overlap between these genes that were either altered in their expression or 
methylation in the same direction in both models. Furthermore, there was no consistent relationship 
between the direction of methylation and expression changes in either model. These observations 
indicate that transcriptomic and epigenetic changes during epileptogenesis are distinct processes, 
which is of importance for the discovery of disease-modifying therapeutics that act on a transcriptomic 
or epigenomic level.
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 The epilepsies are a highly prevalent set of neurological conditions characterized by spontaneous recurrent 
seizures1,2. Currently, there are over 20 anti-seizure medications (ASMs) in common use, with additional ASMs 
being made available with some regularity3,4. Despite the abundance of ASMs, rates of refractory epilepsy 
have remained stable, at approximately one-third, for over four decades5. As a result, it seems unlikely that 
additional traditional ASMs will substantively improve rates of seizure control. Furthermore, many who are 
able to attain seizure freedom with traditional pharmacological therapy must contend with the side effects of 
these medications, which may detrimentally affect their personal and professional lives6,7. Lastly, conventional 
ASMs do not have disease-modifying effects and, as such, their capacity to suppress seizures persists only as long 
as the drug is present in the blood of the patient8,9. There is now a concerted effort to identify treatments that 
directly interfere with epileptogenesis, the process that transforms a healthy brain into an epileptic brain, rather 
than identifying novel ASMs10–12. The development of therapeutic interventions that are effective in a higher 
proportion of patients, have fewer side effects, and have persistent disease-modifying effects necessitates a better 
understanding of the epileptogenic process, which is multifactorial and involves changes in both gene expression 
and epigenetic signatures12–16. Unbiased screens for the changes in gene expression and methylation underlying 
epileptogenesis are promising tools in this enterprise17–19.

The methylation hypothesis of epileptogenesis, first formulated by Kobow et al., is based on findings 
from human epilepsy and preclinical models of temporal lobe epilepsy and implies that acquired DNA 
methylation changes play a major role in the progression of epileptogenesis13,20–23. An early study associated 
increased methylation of the reelin promoter with granule cell dispersion in human temporal lobe epilepsy22. 
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Subsequent sequencing approaches have demonstrated that maladaptive DNA methylation is a major driver 
of the epileptogenic process23–26 and that human epilepsy, as well as acute seizure models, are characterized 
by differential DNA methylation patterns or by increased DNA methyltransferase activity23,25,26. Key findings 
from these studies demonstrate a predominant increase of DNA methylation in a pilocarpine-induced rat model 
of chronic epilepsy with methylation changes mostly confined to gene bodies24. Interestingly, this study also 
identified methylation changes that did not correspond with gene expression changes, which included differential 
gene expression for several epigenetic enzymes and binding motifs for key transcriptional activators (Nfkb, Kat2a, 
Zzz3, Gtf2b, p300) and repressors (Nrsf, Suz12)24. In contrast, a study by Miller-Delaney et al.l showed mostly 
DNA hypomethylation in promoter regions following an experimental status epilepticus26 indicating that DNA 
hypomethylation might be a consequence of prolonged seizures, whereas DNA hypermethylation is associated 
with chronic epilepsy, consistent with the identification of promoter hypermethylation in human resected 
hippocampal tissue from patients with temporal lobe epilepsy undergoing resective surgery25. In our own study 
performed in the rat systemic kainic acid model of epilepsy we identified genes with increased methylation status 
during epileptogenesis and then determined those whose methylation status could be normalized by transient 
antiepileptogenic adenosine treatment. Among these genes we found several polymerases, such as PolD, and 
DNA-interacting zinc finger proteins23. In addition to methylation changes described above, more recent work 
has identified changes in DNA hydroxymethylation (5hmC) in association with epilepsy, exercise, and behavioral 
training27–29. Interestingly, the bulk DNA levels of 5hmC were reduced in human epileptic hippocampus as 
well as in the kainic acid rat model27. Based on 5-hmC hMeDIP-sequencing data, hypo-hydroxymethylation 
of intergenic regions was associated with several epilepsy-related genes, such as Gal, SV2, and Kcnj11 and 
hyper-hydroxymethylation of intergenic regions was associated with Gad65, TLR4, and Bdnf genes27. Although 
the use of more advanced methylation arrays such as MeDIP and hMeDIP sequencing approaches allow the 
distinction between 5mC and 5hmC sites, in contrast to non-specific whole-genome bisulfite sequencing, these 
and other pioneering studies used bulk tissue-level approaches, which lacked cellular specificity. Single-cell 
transcriptomics performed on human epileptic brain tissue has identified specific pro-epileptogenic neuronal 
subtypes and inflammatory mechanisms as key drivers of epilepsy30,31. Novel approaches such as single-cell 
ATAC-seq and single-cell methyl-seq can map chromatin accessibility and DNA methylation patterns at the 
single-cell level and are expected to lead to more refined insights into acquired DNA methylation changes during 
the epileptogenic process.

The goal of this investigation was to identify shared and distinct changes in gene expression and methylation in 
two mechanistically different rat models of temporal lobe epilepsy. We chose the electrical hippocampal kindling 
and systemic kainic acid rat models of epilepsy. In the hippocampal kindling model, seizures are experimentally 
induced and a fully kindled epileptic state is created by periodic, unilateral, sub-convulsive electrical stimulation 
of the hippocampus32,33. In the systemic kainic acid model, acute chemoconvulsant-induced status epilepticus 
precipitates subsequent spontaneous recurrent seizures34. The epileptogenic process in the systemic kainic acid 
model is characterized by more profound cytoarchitectural reorganization, inflammatory processes, and glial 
activation than the hippocampal kindling model35. These models were selected because of their widespread 
use and because, though ostensibly modeling temporal lobe epilepsy, their etiologies are different in substantial 
ways.

Here, we pursued a dual approach to assess both bulk gene expression changes as well as DNA methylation 
changes at the level of the CpG site from hippocampal specimens derived from rats with and without the 
development of temporal lobe epilepsy, in two etiologically different model systems. We focused on hits that 
are common between both models as well as a pairwise comparison analysis for differences between the two 
models. Gene ontology enrichment analysis was performed on both the shared and distinguishing changes in 
methylation and expression between models.

Results
The goal of this investigation was to identify changes in gene expression and methylation associated with 
epileptogenesis that are shared and distinct in two rat models of temporal lobe epilepsy (Fig. 1A). Our approach 
was to use RNA sequencing to assess differences in gene expression and reduced-representation bisulfite 
sequencing (RRBS) to assess differences in gene methylation in the rat hippocampal kindling and systemic 
kainic acid models.

Specifically, the models used to induce epileptogenesis were intra-hippocampal electrical kindling and 
systemic kainic acid-induced status epilepticus. The four conditions for tissue extraction and analysis were: (1, 
Kindling 3ClassV) implanted with intrahippocampal stimulation electrodes, kindled with repeated stimulation, 
and sacrificed after their third evoked Racine Class V seizure; (2, Kindling Sham) implanted with kindling 
electrodes, but not stimulated; (3, Kainic Acid 3ClassV) implanted with intrahippocampal recording electrodes, 
injected with kainic acid, and sacrificed after their third spontaneous Racine Class V seizure; and (4, Kainic Acid 
Sham) implanted with recording electrodes, but injected with saline.

Similarities and differences between the hippocampal kindling and systemic Kainic acid rat 
models of epileptogenesis
Robust seizures were observed following repeated hippocampal stimulation in the kindling model (Fig. 1B) and 
spontaneously following a latent period after chemoconvulsant-induced status epilepticus in the systemic kainic 
acid model (Fig. 1C). The timetable utilized in this study resulted in a latency from the start of epileptogenesis to 
the third Class V seizure (characterized by forelimb clonus, rearing, and falling on a modified Racine scale) that 
was comparable between models (Supplementary Fig. S1A; t(11) = 0.95, p = 0.362). As anticipated, anatomical 
examination of the hippocampus in a subset of animals revealed effectively normal cytoarchitecture in the 
epileptic kindled brain (Fig. 1D-E), whereas the KA-induced epileptic brain was characterized by profound 
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histopathology, most notably a severe loss of CA1 neurons (Fig. 1F-G). Thus, both models are histopathologically 
different, consistent with the neuroinflammatory etiology of the KA model35.

Gene expression analysis using RNA-seq in kindling and systemic kainic acid rat models
An average of 56 million single-end reads per sample were generated by RNA-seq (Supplementary Fig. S1B). 
All samples had high-quality single-end RNA-seq reads, with an average of 99% of reads passing the quality 
filtering process, which removes adapter contamination, poly-N sequences, and reads with quality scores < 30 
(Supplementary Fig. S1B). Approximately 68% of the total reads uniquely aligned to exons in the rn6 reference 
rat genome36. In both the kindling (Fig. 2A) and kainic acid (Fig. 2B) models, the experimental 3ClassV and 
Sham groups showed clear separation on principal component analysis (PCA) plots. DESeq2 identified 3,625 
differentially expressed genes (DEG) between the Sham and 3ClassV groups in the kindling model and 349 

Fig. 1.  Approach for the identification of model-dependent and model-independent epileptogenesis targets 
and electrographic/histological features of the models. (A) Schematic diagram depicting the experimental 
timeline of two well-established animal models of epileptogenesis: the hippocampal electrical kindling model 
(KI; AD, afterdischarge) and the systemic kainic acid model (KA). Hippocampi were dissected from rats in 
these epilepsy models after their third Racine Class V (Class V) seizure or from sham rats. RNA and DNA were 
extracted from the tissue and submitted for RNA sequencing and reduced-representation bisulfite sequencing 
(RRBS), respectively. Data were analyzed to identify model-independent and model-dependent changes 
in gene expression and DNA methylation. Cortical EEG traces of representative Racine Class V seizures 
in the intrahippocampal electrical kindling (B) and post systemic kainic acid-induced status epilepticus 
(contributed equally) rat models of epileptogenesis. Both traces are 90 s in duration. Seizures in the kindling 
model were evoked by a 10 s tetanic electrical pulse; the stimulation and consequent artifact have been 
omitted to avoid confusion with endogenous epileptiform discharges. Seizures in the kainic acid model were 
spontaneous. Representative micrographs of Nissl-stained hippocampal tissue from a sham-operated rat (D), 
a hippocampally kindled rat (E), a sham rat treated with saline (F), and a rat treated with systemic kainic acid 
(G). Insets depict 2x magnified images of CA1 (D1, E1, F1, G1) and the dentate gyrus (D2, E2, F2, G2).
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DEGs in the kainic acid model (Fig. 2C). A total of 123 DEGs were shared between the two models (Fig. 2C). 
Approximately 58% of the shared DEGs (71) showed concordant directionality of gene expression changes 
between the models (Fig. 2D; blue genes in upper-right and lower-left quadrants) and represent genes of interest 
(Fig. 2E, Supplementary Table 1) commonly regulated in the same direction in two etiologically different epilepsy 
models. To statistically evaluate the observed overlaps, we conducted permutation-based significance testing. 
The overlap between the DEG sets from the kindling and kainic acid models, while modest in absolute count (n 
= 123), was highly significant compared to random expectation (Fig. 2C; Z = 10.19, p < 0.001), indicating shared 
gene regulation across models.

As a further quality control measure, we used RT-PCR to validate the expression levels of Mmp9, one of the 
genes most differentially expressed during epileptogenesis in both models (Fig. 2G, I), to corroborate the results 
of the RNA-seq data (Fig.  2F, H). In the kindling model, unpaired two-tailed t-tests revealed an increase in 
Mmp9 expression both in the RNA-seq and the RT-PCR assessments (Fig. 2F-G; RNA-seq, t(7) = 9.86, p < 0.001; 
RT-PCR, t(7) = 2.59, p = 0.036). Similar increases in Mmp9 expression were observed using RNA-seq and RT-
PCR in the systemic kainic acid model (Fig. 2H-I; RNA-seq, t(7) = 3.49, p = 0.010; RT-PCR, t(7) = 2.44, p = 0.045).

To address the potential influence of altered cell-type heterogeneity on gene expression between models, 
we performed a cell-type deconvolution analysis on our RNA-Seq data using CIBERSORT37. Our analysis, 
based on a mouse hippocampus-derived class-level reference from the Allen Brain Cell Atlas (12 classes; top 
100 marker genes per class), mapped to rat genes, and observed non-zero fraction values for 8 classes in our 
dataset (Supplementary Fig. S2). Kruskal-Wallis tests identified overall group differences in broad neuronal 
(glutamatergic and GABAergic) and glial classes, the oligodendrocyte-lineage class did not show a significant 
difference across groups (Supplementary Table S3). Post-hoc testing suggested that these differences were 
primarily driven by the kindling model, whereas no corresponding Sham versus 3ClassV differences were 
observed within the kainic acid model (Supplementary Table S4). Detailed test statistics and adjusted P-values 

Fig. 2.  The effects of hippocampal kindling and systemic kainic acid on gene expression. Principal component 
analysis (PCA) was performed to examine the similarity of expression profiles in the RNA-seq data from the 
kindling (A; sham, black; fully kindled, red) and the kainic acid (B; sham, black; kainic acid, green) models of 
epileptogenesis (n = 3–6 rats). (C) Venn diagram of differentially expressed genes (DEGs) in the kindling model 
(red, 3,625 genes), in the kainic acid model (green, 349 genes), and in both models (123 genes). (D) Scatter 
plot depicting genes that were significantly altered in expression in the kainic acid model (y-axis) and the 
kindling model (x-axis). Concordantly affected genes that were altered in the same direction in both models 
are colored blue, and discordantly affected genes are orange. (E) List of the 10 genes most strongly altered in 
their expression in a concordant direction in both models. Values for each gene represent Log2 fold change 
(FC) from the control group. RNA-seq data from Mmp9, one of the most altered genes in its expression pattern 
between models, is depicted in dot plots (F, H) and validated via reverse transcription polymerase chain 
reaction (RT-PCR) (G, I). Data are mean ± SD, n = 3–6. *, p < 0.05 unpaired two-tailed t-test. Data are plotted as 
mean ± SD. *, p < 0.05 unpaired two-tailed t-test.
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are provided in Supplementary Table S3. Because deconvolution provides computationally inferred cell-type 
fractions rather than direct measurements, these results are interpreted as a composition check and should be 
validated in future studies, ideally using single-cell or single-nucleus assays.

DNA methylation analysis using reduced representation bisulfite sequencing (RRBS) in 
kindling and systemic Kainic acid rat models
To identify genes and pathways epigenetically associated with epileptogenesis, we next examined genome-wide 
DNA methylation changes using RRBS profiling. Over 94% of the reads were high quality, and the bisulfite 
conversion rate was approximately 98% across all samples (Supplementary Fig. S1C). CpG sites on X and Y 
chromosomes were excluded, resulting in a total of 1.6 million CpG sites identified for differential methylation 
analysis. Unlike the RNA-Seq data (Fig. 2A-B), the methylation profiling data did not show a clear separation 
between Sham and 3ClassV groups in their respective PCA plots (kindling model Fig. 3A, kainic acid model 
Fig.  3B). methylKit identified significant differences in CpG site methylation (adjusted p-value < 0.01 and 
methylation difference > 25%). Differentially methylated CpGs were distributed across promoters, exons, 
introns, and intergenic regions without substantial differences between models or conditions (Supplementary 
Fig. S3A-D). When mapped at the gene-level, 1,150 and 1,380 differentially methylated genes (DMGs) were 
observed in the kindling and systemic kainic acid models, respectively (Fig. 3C). Approximately one-third of 
the DMGs (352) were commonly differentially methylated between the two models; however, only 94 genes, 
approximately 27% of the 352 common DMGs, show concordant directionality (Fig. 3D, Supplementary Table 
2; blue genes in upper-right and lower-left quadrants). The 10 genes with the largest concordant changes in 
methylation between the two models are shown (Fig. 3E). To statistically evaluate the observed overlaps, we 
conducted permutation-based significance testing. The overlap between the DMG sets from the kindling and 
kainic acid models was statistically significant (Fig. 3C; Z = 36.69, p < 0.001).

We also assessed region-level methylation using a 1-kb tiling-based differentially methylated region 
(DMR) analysis (methylKit) with gene annotation. Most DMR-associated genes overlapped the DMG sets 
across comparisons: Kainic Acid-Sham (110/151), Kindling-Kainic Acid (153/216), Kindling-Sham (96/166), 

Fig. 3.  The effects of hippocampal kindling and systemic kainic acid on gene methylation. Principal 
component analysis (PCA) was performed to examine the similarity of methylation profiles in the RRBS data 
from the kindling (A; sham, black; fully kindled, red) and the kainic acid (B; sham, black; kainic acid, green) 
models of epileptogenesis (n = 3–6 rats). (C) Venn diagram of differentially methylated genes (DMGs) in the 
kindling model (red, 1,150 genes), in the kainic acid model (green, 1,380 genes), and in both models (352 
genes). (D) Scatter plot depicting genes that were significantly altered in methylation in the kainic acid model 
(y-axis) and in the kindling model (x-axis). Concordantly affected genes that were altered in the same direction 
in both models are colored blue, and discordantly affected genes are orange. (E) List of the 10 genes most 
strongly altered in their methylation in a concordant direction in both models. Values for each gene represent 
the percentage change from the control group.
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and Sham-Sham (53/95), corresponding to ~ 56–73% overlap, about two-thirds overall. Venn diagrams for 
each comparison are shown in Supplementary Fig. S3E-F. DMR-only genes were modest in numbers (41–70) 
compared with the larger DMG-only sets (e.g., Kainic Acid-Sham: 1,270; Kindling-Kainic Acid: 1,539; Kindling-
Sham: 1,054; Sham-Sham: 898), consistent with broader gene-level coverage by CpG-aggregated DMGs. Given 
this substantial overlap and gene-centric downstream integration with expression, we focused subsequent 
analyses on DMGs.

Pairwise comparisons between models
To explore the shared and divergent biological changes between the models in more detail, we performed all 
possible pairwise differential gene expression analyses. The number of DEGs identified in each comparison is 
summarized in Supplementary Fig. S4A. Our analysis revealed minimal gene expression differences between the 
two sham groups, indicating a low level of inherent variability between the naive states of the models. In contrast, 
the comparison between the experimental groups that had undergone epileptogenesis in each model revealed a 
significant number of DEGs. A four-way Venn diagram (Supplementary Fig. S4B) demonstrated that the overlap 
between the DEG sets from the kindling and kainic acid models was limited, suggesting that the two models 
induce largely distinct transcriptional changes. The directionality of these changes was further visualized in an 
alluvial plot (Supplementary Fig. S4C). Subsequent GO enrichment analysis of the DEG sets highlighted that the 
two models drive substantially different biological processes (Fig. 4). For instance, while both models showed 
altered immune-related pathways, the specific enriched terms were distinct, suggesting different mechanisms 
of neuroinflammation. A full hierarchical clustering heatmap showing the relative gene expression levels across 
samples for all DEGs has been created to enable visualization of the data at the level of specific genes for each 
replicate (Supplementary Fig. S5). These findings indicate that while both models lead to the development of 
epilepsy, they do so through divergent molecular and cellular pathways.

  
Complementing these expression results, pairwise methylation analyses yielded broadly similar DMG counts 

across all four comparisons (Supplementary Fig. S4D): Kindling-Sham (1,269), Kainic Acid-Sham (1,532), 
Kindling-Kainic Acid (1,794; the largest), and Sham-Sham (1,031). Unlike the RNA-seq results, substantial 
differences were already evident between the two sham groups, indicating baseline methylomic divergence 
between models. The within-model and between-model epileptogenic comparisons showed comparably large 
methylation remodeling. The four-way Venn and alluvial summaries (Supplementary Fig. S4E-F) indicate 
modest cross-comparison sharing with substantial comparison-specific DMG components.

Overlap analysis between DMGs and DEGs
To understand the relationship between epigenetic regulation and transcriptomic changes, we examined the 
overlap between DMGs and DEGs in both epileptogenesis models. In the kindling model, 181 genes were 
shared between the DMGs and DEGs, while 34 genes were shared in the systemic kainic acid model (Fig. 5A). 
Figure 5B-C illustrates the shared DEGs and DMGs with differential expression levels (log2FC) and methylation 
levels (delta-methylation%). To statistically evaluate the observed overlaps, we conducted permutation-based 
significance testing. The overlap between DEGs and DMGs was statistically significant for the kainic acid model 
(Fig. 5A; Z = 3.04, p = 0.0035), but not for the kindling model (Fig. 5A; Z = −0.65, p = 0.752). These shared genes 
were divided into four categories based on the directional changes in DNA methylation and gene expression: 
“Hypo-Down” for the hypomethylated and downregulated genes, “Hypo-Up” for the hypomethylated and 
upregulated genes, “Hyper-Down” for the hypermethylated and downregulated genes, and “Hyper-Up” for the 
hypermethylated and upregulated genes. While the kindling model included 43% in the “Hyper-Down” and 
“Hypo-Up” categories, 70.5% of the shared genes in the systemic kainic acid model were included in these two 
groups.

Genes that are differentially methylated and differentially expressed, independent of the 
model
Finally, the overlap between the 123 model-independent differentially expressed genes and the 352 model-
independent differentially methylated genes was determined (Fig. 5D) and revealed five new genes that were 
differentially methylated and expressed in both models: Fcgbpl1, Loxhd1, Nedd9, Ptpre, and Adcy4 (Fig. 5D), 
all of which were increased in expression in both models except for Adcy4, which was increased in the kindling 
model and decreased in the kainic acid model. (Fig. 5E-N; Fcgbpl1, kindling t(7) = 3.11. p = 0.017, kainic acid 
t(7) = 4.54, p = 0.003; Loxhd1, kindling t(7) = 2.92, p = 0.022, kainic acid t(7) = 4.69, p = 0.002; Nedd9, kindling 
t(7) = 4.21, p = 0.004, kainic acid t(7) = 3.16, p = 0.016; Ptpre, kindling t(7) = 4.71, p = 0.002, kainic acid t(7) = 2.57, 
p = 0.037; Adcy4, kindling t(7) = 4.82, p = 0.002, kainic acid t(7) = 5.71, p < 0.001).

We further examined the CpG site-specific methylation of the five genes that were commonly differentially 
methylated and expressed in both the kindling and the systemic kainic acid models. Supplementary Fig. S6 
illustrates the relative locations and methylation levels of the measured CpG sites of these genes across the 
two models. Interestingly, those CpG sites that were deemed significantly differentially methylated, indicated 
by pink boxes, were commonly differentially methylated, but their directions of differential methylation was 
opposite between models. For example, the differential CpG site in Fcgbpl1 showed hyper-methylation in the 
3ClassV group of the kindling model, while the same CpG site in the kainic acid model showed significant 
hypo-methylation.

Discussion
Improving the rates of refractory epilepsy beyond those afforded by current antiseizure medications and 
the development of disease-modifying treatments capable of preventing epileptogenesis, both AES/NINDS 
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Epilepsy Research Benchmarks10,11, will likely necessitate the development of interventions that target novel 
mechanisms. For logistical and ethical reasons, the toolset available for identifying target mechanisms is 
stronger in experimental animal models than in naturally occurring human epilepsy. Unfortunately, insights 
derived from any animal model are limited in clinical significance by issues of generalizability. Even insights 
that can be leveraged to prevent seizures or epileptogenesis in the model from which they are derived are of 
limited usefulness if the mechanism is idiosyncratic to that model. In this investigation, we proceeded with 
the supposition that changes in gene regulation would be more likely to represent a generalizable feature of the 
epilepsies and would be more useful in the development of treatments if those changes are (A) generalizable 
between differing animal models (i.e. systemic kainic acid and intrahippocampal electrical kindling in rats) and 
(B) manifested both in changes in gene expression as well as DNA methylation.

We predicted that the kainic acid model would be associated with more differentially expressed and 
methylated genes because (A) the seizures in this model are spontaneous, not evoked like in the kindling model, 
(B) the kainic acid model causes more profound cytoarchitectural reorganization than the kindling model 

Fig. 4.  Functional enrichment analysis of differentially methylated and expressed genes. Enrichment analysis 
was performed using the Gene Ontology (GO)86 and Kyoto Encyclopedia of Genes and Genomes (KEGG)87 
classification systems. Significant GO terms were passed through the DAVID Gene Functional Classification 
Tool88. The ten most strongly altered categories among differentially expressed genes (DEG; A, C) and 
differentially methylated genes (DMG; B, D) for the GO (A-B) and KEGG (C-D) classification systems are 
plotted as a dot. Comparisons are made between kindled and sham rats (KI-Sham), kainic acid-treated and 
sham rats (KA-Sham), kindled and kainic acid-treated rats (KI-KA), and the sham groups in each model 
(Sham-Sham). Dot size corresponds to the number of affected genes in the category and color indicates log10 
(adjusted p value).
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(Fig. 1D-G), and (C) the kainic acid model is precipitated by severe status epilepticus that has no parallel in the 
kindling model. In contrast to our expectations, the kainic acid model resulted in only slightly more differentially 
methylated genes (+ 20%, Fig. 3C) and drastically fewer differentially expressed genes (−90.4%, Fig. 2C) than 
the kindling model.

Why is the kindling model associated with greater changes in gene expression? This finding is intriguing and 
surprising, given the factors listed above that facially make the kindling model appear phenotypically milder. 

Fig. 5.  Model-dependent and model-independent effects on gene expression and methylation. (A) Venn 
diagrams of differentially expressed genes (DEG, blue), differentially methylated genes (DMG, yellow), or both 
differentially methylated and expressed genes in rats having undergone 3 Racine Class V seizures (3ClassV; 
Kindling: 3625 DEG, 1150 DMG, 181 both; Kainic acid: 349 DEG, 1380 DMG, 34 both). Scatter plots depicting 
genes that were significantly altered in expression (y-axis) and methylation (x-axis) in the kindling model (B) 
and the kainic acid model (C). Concordantly affected genes that were altered in the conventionally expected 
direction in expression and methylation are colored blue, and discordantly affected genes are orange. (D) Venn 
diagrams depicting the identification of genes that were differentially expressed in both rat models (123, left), 
genes that were differentially methylated in both rat models (352, right), and genes that were differentially 
methylated and differentially expressed in both rat models (5, center; GM + EGs). Dot plots depicting the 
effect of epileptogenesis in the rat electrical kindling model (upper row) and the rat systemic kainic acid model 
(lower row) as assessed by RNA-seq on Fcgbpl1 (B-C), Loxhd1 (D-E), Nedd9 (F-G), Ptpre (HI), and Adcy4 (J-
K). n = 3–6, data are plotted as mean ± SD. *, p < 0.05 unpaired two-tailed t-test.
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The progressive aggravation of epileptiform discharges following stimulations in the kindling model necessitates 
progressive changes in network excitability. This reprogramming of excitability might have a more profound 
effect on gene expression than the lesional sclerotic damage caused by kainic acid exposure. Alternatively, the 
increased expression in the kindling model may be the result of the brain area sampled. RNAseq analysis was 
performed on the left hippocampus, which is where the stimulation electrode was implanted in the kindling 
model but has no special significance in the kainic acid model. Lastly, the larger change in gene expression seen 
in the kindling model may be the result of greater variability in the gene expression profile within the kainic acid 
model (Fig. 2A-B). High within-group variability is commonly observed in models of traumatic brain injury and 
stroke38,39, likely due to stochastic differences in the physiological reaction of the animal to the injurious event. 
Similar stochastic differences in the physiological reaction to status epilepticus may increase variability in the 
kainic acid model. Indeed, in the systemic kainic acid rodent models it is common practice to titrate kainic acid 
dose based on the response of each animal to ensure comparable status epilepticus severity between animals39.

Matrix metalloproteinase-9, the enzyme that Mmp9 encodes, is upregulated by albumin exposure through 
activation of the mitogen-activated protein kinase (MAPK) signaling pathway40. The role of Mmp9 in dendritic 
spine morphology, long-term potentiation, and seizure-induced cytotoxicity has previously been linked to the 
mechanisms of epileptogenesis41–43. In this dataset, Mmp9 was strongly differentially regulated in its expression 
between the two models. Considering existing interest in Mmp9 during epileptogenesis, the changes in its 
expression observed in the RNA-seq data were confirmed using RT-PCR (Fig. 2F-I).

Why is the kainic acid model associated with greater changes in DNA methylation? Kainic acid exposure 
generates substantial astrogliosis, inflammation, cell death, and activation of astrocytes and microglia44–46. 
Electrical kindling has a milder effect on these processes, which may mediate the increased methylation seen in 
the kainic acid model. Additional experimentation will be necessary to evaluate the role of these processes in the 
epileptogenesis-induced alterations in DNA methylation.

We identified only five genes that were differentially methylated and expressed in both models; however, 
they might have generalizable relevance to epileptogenesis and warrant further discussion (Fig. 5D-N). The gene 
Fcgbpl1 codes IgGFc-binding protein. Though the function of IgGFc-binding protein is not well understood, 
it binds to immunoglobulin G and may serve as a substrate for its sequestration47,48. Immunoglobulin G is the 
most common antibody in blood plasma49. Epilepsy increases immunoglobulin G leakage into the brain50,51, 
which is associated with neurodegeneration50. Our interpretation is that blood-brain barrier dysfunction due 
to repeated seizures increases immunoglobulin G extravasation into the brain, which causes compensatory 
changes in Fcgbp expression and methylation. Nedd9 encodes the protein neural precursor cell expressed 
developmentally down-regulated protein 9 and has been implicated in epileptogenesis by prior investigations 
in humans52 and in experimental models53,54. Reports using the mouse intrahippocampal kainic acid model 
found Nedd9 to be overexpressed at 12 and 24 h following the injection54. Our data suggest that this increase 
in Nedd9 expression is sustained chronically and not idiosyncratic to chemoconvulsant models. Ptpre encodes 
receptor-type tyrosine-protein phosphatase epsilon, an enzyme capable of dephosphorylating the tyrosine 
residues of insulin, JAK2, and Kv2.1 receptors55–58. Ptpre knockout mice display increased phosphorylation of 
voltage-gated potassium channels, decreased activity of these channels, and increased neuronal excitability59. 
The beneficial effect of maintaining adequate potassium channel dephosphorylation on neuronal excitability 
indicates that the increase in Ptpre expression observed across models in this investigation may be an adaptive 
compensatory response. Adcy4 codes the enzyme adenylyl cyclase type 4, which catalyzes the formation of 
cyclic adenosine monophosphate (cAMP). cAMP decreases GABA receptor currents and increases glutamate 
receptor currents60,61. Accordingly, increased cAMP increases neuronal excitability and epileptiform activity62. 
Alterations in Adcy4 expression have been observed in another unbiased screen in a rodent model63. A caveat 
of this approach is that while differentially methylated genes were associated with concordant gene expression 
changes across models, the directionality of the observed DNA methylation changes was different across 
models. This could be due to our analysis of global DNA methylation changes in each gene driving the overall 
directionality of the observed change, whereas individual DNA methylation sites might drive gene expression 
changes.

Principal component analysis (PCA) was performed to examine the similarity of expression profiles in 
the RNA-seq data (Fig.  2A-B) and methylation profiles in the RRBS data (Fig.  3A-B). Large and consistent 
differences in gene expression profiles were found in both models. In contrast, the RRBS data did not indicate 
consistent differences in gene methylation patterns in either model.

It is possible that differences in the death or proliferation of specific cell types between the kindling and kainic 
acid models could have driven some of the observed changes in gene expression or methylation. The bulk tissue 
approach used in this investigation does not enable the examination of changes in gene expression or methylation 
within specific cell types. However, since different cell types generally have different expression profiles, it is 
possible to draw inferences regarding the balance of cell types in the samples from each group. We employed 
the CIBERSORT computational approach to cell type deconvolution using the RNAseq data37. Kindled rats 
had an increased fraction of infered astrocytes and glutamatergic cells, but a reduced fraction of immune cells, 
relative to the sham group. The increase in astrocytes in kindled rats is consistent with epileptogenesis-associated 
astrogliosis, though it is surprising that there was no enrichment in astrocytic markers in kainic acid treated 
rats. The increase in glutamatergic cell markers is suggestive of increased excitatory signaling and is consistent 
with prior transcriptomic examinations of hippocampal kindling in rats64. The reduction in immune markers 
in kindled rats is generally in keeping with the paradigm that kindling, unlike chemoconvulsant models, does 
not induce widespread neuroinflamation44–46. Critically, deconvolution approaches such as this infer cell-type 
fractions based on typical cell-type selective transcription patterns, which may be altered by epileptogenesis. 
These observations should be validated in future studies, ideally using single-cell or single-nucleus assays.
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The central insights of this investigation are: (1) In these disparate models, epileptogenesis had a more 
consistent and robust effect on gene expression than methylation. (2) Though some of the alterations in gene 
expression seen in epileptogenesis may be the result of altered gene methylation, much of the epileptogenesis-
associated gene expression changes are not mediated by a change in gene methylation. If a preponderance 
of altered gene expression was the result of altered methylation, broader or more consistent differences in 
methylation patterns between sham and experimental groups would be expected. (3) Though changes in gene 
expression and methylation between each model were largely non-overlapping (Figs. 2C and 3C), the overlap 
was greater than that which would be predicted by chance, suggesting shared mechanisms of epileptogenesis. 
(4) Finally, while within-model overlaps between differentially methylated and expressed genes were modest in 
number, a greater proportion of the overlapping genes in the kainic acid model exhibited concordant directional 
changes, suggesting a possible tendency toward more coordinated transcriptional and epigenetic regulation in 
this model that warrants further investigation. Given the small gene count, this observation should be interpreted 
cautiously and considered hypothesis-generating rather than definitive.

Several limitations should be considered. The directionality of methylation changes (hypo- vs. 
hypermethylation) is governed by the average change of multiple methylation sites within each gene. This 
contrasts with individual methylation sites driving gene expression changes, which could override the average 
change in gene methylation. This gene-level aggregation approach may under-represent localized regulatory 
effects at functionally important regions, such as promoters, and should be considered as a limitation of the 
current analysis. In addition, our data were generated using standard bisulfite-based RRBS, which does not 
allow the distinction between 5mC and 5hmC; thus, increases in 5mC in conjunction with decreases in 5hmC 
might lead to an apparent ‘neutral’ methylation outcome. Finally, RRBS has restricted, enzyme-biased genomic 
coverage and may miss methylation changes outside CpG-enriched regions; genome-wide profiling (for example, 
whole-genome bisulfite sequencing) could identify additional alterations.

Despite these limitations, the findings from our cross-model comparisons lead us to the following overall 
conclusion: In the development of novel treatments for the epilepsies, promising gene targets identified in one 
model should be systematically investigated in other models. Moreover, lack of generalizability (contradictory 
results emerging from different models) must not be confused with failures of replicability (contradictory results 
emerging from the same model). Interesting context for this conclusion is provided by the successes of the 
Epilepsy Therapy Screening Program (formerly the Anticonvulsant Screening Program). This program also 
uses a combination of two mechanistically distinct electrical and chemoconvulsant models65. If generalizability 
between models is as limited as our results suggest, examinations of genetic and epigenetic factors in multiple 
models is expected to be more insightful than if any one model were used.

Materials and methods
Animals and ethical approval
All procedures and protocols used in this study were approved by the Institutional Animal Care and Use 
Committee (IACUC) of Rutgers University in accordance with the international guidelines set by the Association 
for Assessment and Accreditation of Laboratory Animal Care (AAALAC). Experimentation, analysis, and 
reporting were conducted in compliance with ARRIVE guidelines66. Care was taken to use the minimum 
number of animals possible and to minimize their pain and distress. All animals were housed under a 12:12 
light/dark cycle (lights on at 6 am). Food (5053, PicoLab) and water were available ad libitum. In both epilepsy 
models, rats were randomly assigned to experimental groups. Animals were excluded from the analysis only if 
they failed to develop three Class V seizures.

Systemic Kainic acid rat model
Adult, male, Sprague-Dawley rats of ~ 170 g (001, Charles River Laboratories) were surgically instrumented with 
a bipolar recording electrode in the left hippocampus (from bregma; AP: −4.2 mm, ML: −3.0, DV: −3.3) under 
isoflurane anesthesia (1.5% in O2). The head of the animal was fixed in a Kopf stereotactic frame, and a midline 
incision was made in the scalp after administration of a local anesthetic (bupivacaine, 0.15 ml, 2.5 mg/ml) and 
a systemic analgesic (Ethiqa XR, 0.65 mg/kg). After at least seven days of surgical recovery, these rats received 
incremental kainic acid (KA) injections at regular intervals to induce status epilepticus with comparable severity 
between animals (35–55 mg/kg total) or sham saline injections of comparable volume. In both the kainic acid and 
kindling models, behavioral seizures were scored using a modified Racine scale (0, ‘wet dog’ shakes; I, behavioral 
arrest; II, facial automatisms, head bobbing, eye twitching; III, forelimb clonus; IV, forelimb clonus and rearing; 
V, forelimb clonus, rearing, and falling)67. Only animals that experienced three hours of convulsive, Racine 
Class ≥ IV seizures were included in the investigation. Animals were continuously monitored via video/EEG 
starting two weeks after status epilepticus until they experienced three Racine Class V seizures. The EEG signal 
was relayed via a 6-channel cable (363–363, Plastics One) from the animal to a commutator (SL6C/SB, Plastics 
One) and then to an amplifier (FE232, AD Instruments). The amplified signal was then digitized (PowerLab; AD 
Instruments) and recorded on a PC. EEG files were analyzed by an observer blinded to the treatment condition 
of the animal. EEG seizures were defined as periods of high-frequency, high-amplitude, rhythmic discharges 
with an evolving pattern that lasted at least 5 s. Euthanasia and tissue collection were performed within 24 h of 
the last Class V seizure.

Intrahippocampal electrical kindling rat model
Adult, male, Sprague-Dawley rats of ~ 280 g were used in the kindling protocol. The surgery was conducted 
under isoflurane anesthesia (1.5% in O2). The head of the animal was fixed in a Kopf stereotactic frame, and 
a midline incision was made in the scalp after administration of a local anesthetic and a systemic analgesic 
(bupivacaine and Ethiqa as above). Two burr holes were drilled in the skull (from bregma; AP: +3.0, ML: +2.0 
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and AP: −7.0, ML: −2.0) and threaded with EEG screw electrodes (E363-20, Plastics One). A third burr hole was 
drilled over the left hemisphere, and an insulated, stainless steel, bipolar twisted pair electrode (E363/2-2TW/
SPC, Plastics One) was implanted into the hippocampus (from bregma; AP: −5.0, ML: −5.0, DV: −7.5) and 
fixed in place with dental cement. Prior to the surgery, the tips of the stimulating electrodes were separated by 
~ 0.5 mm, and the insulation was removed from the last ~ 0.5 mm of wire. The socket ends of the EEG screw 
electrodes and hippocampal stimulation electrodes were fixed in a 6-channel polyethylene pedestal (MS363-6, 
Plastics One). The electrodes, wires, and the underside of the pedestal were insulated and adhered to the skull 
using dental cement.

One week following surgical instrumentation, the animals were kindled by twice-daily electrical stimulation 
via the hippocampal electrode. Kindling stimulations were separated by at least one hour. The 10 s, 50 Hz, 5 V, 
biphasic, 1 ms pulse duration, square wave stimulation was provided by a Grass S-88 stimulator. To better match 
the timescale of the systemic kainic acid model, in which Racine grade V seizures appear after a protracted latent 
phase, a two-week break in the kindling stimulation paradigm was given after the fifth stimulation that generated 
hippocampal afterdischarges. Discontinuation of kindling is a common approach to study epileptogenic 
mechanisms, whereby interruption of kindling is not associated with epilepsy progression68. Rats were fully 
kindled after their 3rd Racine grade 5 seizure. Euthanasia and tissue collection were performed 24 h after the 
last seizure.

Hippocampal tissue extraction and processing
The rats in this study were euthanized via decapitation, and whole hippocampi from each animal were surgically 
dissected fresh, flash-frozen in liquid N2, and stored at −80  °C before being processed for deep sequencing 
analysis. Qiagen’s AllPrep DNA/RNA Mini Kit (Product ID: 80204) was used to extract RNA and DNA from 
the left hippocampus of each animal. The left hippocampus was used because that was the hemisphere in which 
the stimulation electrode was placed in the kindling model and consequently the brain area containing the 
epileptogenic zone in that model.

Total RNA isolated from the individual sample was evaluated using a TapeStation system (Agilent). Samples 
with a minimum RNA integrity number of 8 were processed with the NEBNext Ultra II RNA Library Prep 
Kit for Illumina (New England Biolabs) to construct the sequencing library. The RNA-sequencing library was 
sequenced with a single-end read length of 110 bases using an Illumina NovaSeq platform (Illumina) by the 
Rutgers University Genomics Center blinded to the experimental condition of the animal.

The total genomic DNA was processed for reduced representation bisulfite sequencing (RRBS) by the Rutgers 
University Genomics Center using previously described methods69. Briefly, genomic DNA quantity was measured 
using a Qubit fluorometer (ThermoFisher Scientific) and assessed using TapeStation (Agilent). Genomic DNA 
was digested with Msp1 restriction enzyme and purified using phenol: chloroform extraction and ethanol 
precipitation. Following Msp1 digestion, genomic DNA underwent blunt-end digestion, phosphorylation, and 
ligation of adapters with methylated cytosines. Ligated fragments, processed for size selection using agarose gel 
electrophoresis, were bisulfite converted, amplified by PCR, and then cleaned using AMPure XP beads (Beckman 
Coulter Life Sciences). Libraries were established using Qubit fluorometric quantification (ThermoFisher 
Scientific), analyzed using a TapeStation system (Agilent), and then sequenced on an Illumina NovaSeq platform 
(Illumina) with a single-end read length of 110 bases by the Rutgers University Genomics Center.

RNA-Seq and RRBS data processing
The quality of the RNA-Seq data was examined using the FastQC v0.11.9 quality control tool70. Raw sequencing 
reads were cleaned using Trimmomatic v0.3971 to remove and trim reads with adapters, poly-N sequences, or 
sequences with low Phred quality scores (< 30)72. Cleaned reads were mapped to the rat reference genome rn6 
using HISAT2 v2.2.173. Genes with zero expression across samples were omitted from differential expression 
analysis. Mapped reads were assigned to unique genomic features using featureCounts74. Principal Component 
Analysis (PCA) was performed to gain insights into the association between samples and visualized using the 
fviz_pca_ind function of factoextra with addEllipses = TRUE to display 95% confidence regions. Differentially 
expressed genes (DEGs) were identified using the DESeq2 R package with a significance cutoff of < 0.05 adjusted 
p-value75 between the 3ClassV and Sham groups in each of the kainic acid and kindling models.

Quality control assessment of RRBS data was completed using FastQC v0.11.970. Raw sequencing reads were 
cleaned using Trim Galore v0.6.4, to remove and trim reads with adapter contamination and sequences with a 
low Phred quality score (< 30)72. Cleaned reads were mapped to the in-silico bisulfite-converted rat reference 
genome rn6 using Bismark v0.23.0 and Bowtie2 v2.3.5.176,77. CpG sites on X and Y chromosomes were excluded. 
PCA was performed on the most variable 10% of the measured CpG sites. To count uniquely mapped reads 
and to assess changes in methylation between each site, methylKit v1.8.1 was used78 (Fig. 3, Supplementary Fig. 
S3E-H). Differentially methylated CpGs (DMCs) were defined as a ≥ 25% difference in cytosine methylation 
levels between sites with an adjusted p-value < 0.01 between 3ClassV and Sham groups in the kainic acid 
and kindling models. These DMCs were then aggregated into differentially methylated genes (DMGs) based 
on unique gene identifiers. DMCs were annotated with the genomation R package79 (gene-based and CpG-
island features), and their genomic context (promoter, exon, intron, intergenic) was summarized. Annotation 
of murine CpG islands was obtained from the University of California, Santa Cruz, Genome Browser Gateway. 
The gene annotation was obtained from Ensembl and NCBI gene databases80. In addition to single-site DMCs, 
we identified differentially methylated regions (DMRs) by tiling the genome into 1-kb windows and performing 
a similar statistical analysis to detect broader regions of methylation change between groups. Overlap between 
DMR-associated genes and DMGs was quantified and visualized with Venn diagrams, generated by VennDetail 
v1.23.0 (https://github.com/hurlab/VennDetail).
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To perform a more comprehensive comparison of gene expression changes, we also performed all pairwise 
differential gene expression analyses across the four experimental groups (Kindling Sham, Kindling 3ClassV, 
Kainic Acid Sham, and Kainic Acid 3ClassV). Overlap between the resulting DEG sets was visualized using a 
four-way Venn diagram. To compare the direction of gene expression changes, we generated an Alluvial plot. 
Furthermore, to identify the biological pathways affected in each comparison, we conducted Gene Ontology 
(GO) enrichment analysis using our in-house R package, richR (https://github.com/hurlab/richR/). The analysis 
focused on the GO Biological Process terms, and a merged list of significantly enriched terms was generated 
from each DEG set.

To assess the statistical significance of gene set overlaps, including those between differentially expressed 
genes (DEGs), differentially methylated genes (DMGs), and cross-omics overlaps across epilepsy models, we 
performed a random permutation test. For each comparison, we randomly selected gene sets from the total 
gene pool, matching the sizes of the two sets being tested (for example, Kindling vs. Kainic Acid DEGs or DEG 
vs. DMG sets). This process was repeated 10,000 times to generate a null distribution of expected overlaps by 
chance. The significance of the observed overlap was then determined by calculating a Z-score and p-value, 
comparing the observed overlap to the mean and standard deviation of the null distribution.

Cell-type composition analysis
To infer the cell type abundance in our samples based on gene expression, we employed the CIBERSORT81 
computational deconvolution approach. A brain cell-type-specific gene signature was obtained from the Allen 
Brain Cell Atlas for mouse hippocampal single-cell reference at the class level (12 classes)82, using the top 100 
most differentially expressed genes per class as markers and capturing broad neuronal (glutamatergic and 
GABAergic) and non-neuronal (astrocyte and ependymal glia, oligodendrocyte lineage, vascular, and immune) 
populations. To apply this signature as the reference to our data, the mouse gene identifiers were mapped to 
their corresponding rat genes using the biomaRt Bioconductor package83 with the Ensembl Genes database 
v115 annotation. The abundance of each member cell type was then estimated from the RNA-Seq data using 
the CIBERSOFT function from the IOBR 2.0 R package84. Differences in cell-type composition (fraction) across 
the samples were subsequently examined using the Kruskal-Wallis test, followed by Dunn’s post-hoc test for 
pairwise comparisons.

Real-time PCR (RT-PCR)
To validate gene expression changes found in the RNA-seq analysis, the same RNA from that analysis was used 
to perform RT-PCR for specific genes of interest. For the conversion of RNA to cDNA, a standard protocol 
was followed using Promega reagents. Specifically, 1 µL of Oligo dT 15 primer (Promega) was added to 2 µg 
of RNA from each sample and incubated at 70  °C for 5  min to anneal the primer to the template. Samples 
were immediately placed on ice, and M-MLV reverse transcriptase (Promega) was added along with RNasin, 
dNTP mix, buffer, and enough water to bring the volume of the reaction mixture up to 25 µL. The mixture was 
incubated at 42 °C for 50 min to allow reverse transcription, then heated to 95 °C for 5 min to terminate the 
reaction.

Real-time PCR was carried out on an Applied Biosystems StepOne system. Power SYBR™ Green PCR Master 
Mix (Applied Biosystems) was combined with 150 ng cDNA and primers. The primers were designed to include 
only the exons. The procedure was done according to the manufacturer’s instructions. Following pre-incubation 
at 94 °C for 15 min, PCR was performed for 40 cycles of denaturation, annealing, and elongation. Relative 
quantitation of gene expression was performed using GAPDH as an internal control. The ΔΔCT method was 
used to compare the mRNA expression levels of each gene in experimental groups with control groups85.

Data availability
The raw and processed RNA-Seq and RRBS data supporting the conclusions of this article are available in the 
NCBI Gene Expression Omnibus database (GEO Accession IDs: GSE287824 with the token for reviewer’s ac-
cess: mdujgyayplydlun). Analysis scripts used in the current study are freely available at our GitHub site ​(​h​t​t​p​s​:​/​
/​g​i​t​h​u​b​.​c​o​m​/​h​u​r​l​a​b​/​E​p​i​l​e​p​s​y​E​p​i​g​e​n​e​t​i​c​s​)​. All other data generated or analyzed during this study are included in 
this article and its supplementary materials.
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