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A B S T R A C T

Despite recent advances in our understanding of synaptic transmission associated with epileptogenesis, the
molecular mechanisms that control seizure frequency in patients with temporal lobe epilepsy (TLE) remain
obscure. RNA-Seq was performed on hippocampal tissue resected from 12 medically intractable TLE patients
with pre-surgery seizure frequencies ranging from 0.33 to 120 seizures per month. Differential expression (DE)
analysis of individuals with low (LSF, mean= 4 seizure/month) versus high (HSF, mean= 60 seizures/month)
seizure frequency identified 979 genes with ≥2-fold change in transcript abundance (FDR-adjusted p-value
ö0.05). Comparisons with post-mortem controls revealed a large number of downregulated genes in the HSF
(1676) versus LSF (399) groups. More than 50 signaling pathways were inferred to be deactivated or activated,
with Signal Transduction as the central hub in the pathway network. While neuroinflammation pathways were
activated in both groups, key neuronal system pathways were systematically deactivated in the HSF group,
including calcium, CREB and Opioid signaling. We also infer that enhanced expression of a signaling cascade
promoting synaptic downscaling may have played a key role in maintaining a higher seizure threshold in the LSF
cohort. These results suggest that therapeutic approaches targeting synaptic scaling pathways may aid in the
treatment of seizures in TLE.

1. Introduction

Epilepsy is a chronic disorder of the brain that affects approximately
70 million people worldwide (Ngugi et al., 2010). Temporal lobe epi-
lepsy (TLE) is the most frequent form of focal epilepsy in adults, with
about 30% of patients resistant to anti-epileptic drugs (AEDs) (Asadi-
Pooya et al., 2017). Approximately 30% of refractory cases may opt for
a surgical resection, which may include anterior temporal lobectomy
with amygalohippocampectomy (ATL/AH) (Tellez-Zenteno and
Hernandez-Ronquillo, 2012). However, one in three patients continue
with seizures after surgical therapy (Dixit et al., 2016). The etiology of a
patient’s TLE can vary widely from brain insults such as traumatic brain
injury (TBI) to infections, stroke or genetic syndromes. Similarly, the
type and frequency of seizures, as well as the age of onset, can be highly
variable from patient to patient. Both partial and secondarily

generalized seizures occur in TLE patients with generalized tonic-clonic
seizures being the most severe and damaging to the neuronal en-
vironment (Englot et al., 2013). Thus, there is an urgency to understand
the mechanisms of epileptogenesis in order to develop more efficacious
treatments.

While it is clear that epileptogenesis involves a disruption of the
balance between excitation and inhibition, there is still a large gap in
our understanding of how initial seizures begin and how progressive
and chronic seizures affect neuronal pathways in the brain.
Transcriptomic profiling offers an efficient approach to detect aberrant
gene expression patterns in the large number of genes likely to be as-
sociated with chronic epilepsy. Many such studies have been performed
in animal models of TLE (e.g., (Vieira et al., 2016)). While these studies
offer the advantage of access to samples from different regions of the
brain and at different stages of epileptogenesis (Hansen et al., 2014), as
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well as the ability to manipulate the genetics of rodents (McGraw et al.,
2017), these models typically involve the use of exogenous agents to
evoke seizures (Kandratavicius et al., 2014). There have been several
large-scale microarray-based profiling studies comparing the levels of
RNA in epileptic versus normal human brain tissue. As pointed out
previously (Mirza et al., 2015), few of these studies focused on the
signaling pathways in which differentially expressed transcripts func-
tion. There have been only two reports examining gene expression
profiles in brain samples from patients with TLE using the RNA-seq
approach, which has many advantages over microarray-based methods.
These studies focused on comparing TLE patients with controls or TLE
patients with and without hippocampal sclerosis (HS) (Dixit et al.,
2016; Griffin et al., 2016).

To date there have been no RNA-seq studies comparing hippo-
campal tissue from patients with low and high baseline seizure fre-
quency. This is important because differing transcriptional responses
may be associated with variation in seizure threshold, and thus provide
insights into pathways underlying continued increases or stabilization
in seizure frequency (Laxer et al., 2014). Since the concept that “sei-
zures beget seizures” was introduced (Gowers, 1881), there has been an
ongoing debate on the extent to which the establishment of seizures
themselves can lead to a cascade of physiological processes that cul-
minate in further seizures and synaptic reorganization. Here we per-
form RNA-Seq on resected hippocampal tissue from adult TLE patients
with low and high baseline (pre-surgery) seizure frequency and perform
a series of differential expression and pathway enrichment analyses. We
find that higher seizure frequency is associated with a greater number
of altered signaling pathways relative to controls, many of which are
deactivated, and that low seizure frequency in our cohort may be
maintained by increased expression of genes affecting synaptic plasti-
city.

2. Materials and methods

2.1. Tissue samples

The research protocol and consents for all human subjects studied
were approved by the University of Arizona Institutional Review Board.
Hippocampal tissue was obtained from 12 selected patients diagnosed
with medically intractable TLE during anterior temporal lobectomy
with amygalohippocampectomy (ATL/AH) (Table 1). The ages of the 9
males and 3 females spanned 16 to 56 years (mean=32.2yrs) with all
patients recording seizure activity for at least 7 years prior to surgery
(mean seizure duration=20.9yrs). The etiology of seizures included

drug overdose, traumatic brain injury, meningitis, and febrile seizures,
with 8 of unspecified origin. All patients experienced complex partial
seizures. A single patient underwent left ATL/AH while the remaining
11 underwent right ATL/AH. The surgical procedure of ATL/AH was a
minimum of 5.5 cm right- and a 4.5 cm left-lateral temporal lobe re-
section. In all patients, the hippocampus was resected en bloc poster-
iorly to at least the level of the cerebral peduncle and preserved for
analysis as previously described (Fiala et al., 2013). Pre-surgical seizure
frequency data were collected for each patient, which ranged from 0.33
to 120 seizures per month. Patients were followed clinically for 5–94
months post-operatively (mean= 37mos).

2.2. RNA-seq

RNA was isolated and initial QC assessed. Libraries were con-
structed using a stranded mRNA-Seq Kit and average fragment size was
assessed. After concentrations were determined with an adaptor-spe-
cific qPCR kit, equimolar samples were pooled and clustered for se-
quencing on the HiSeq2500 (Illumina). Sequencing was performed
using Rapid-Run SBS 2×100bp chemistry (Illumina). RNA-seq data
from controls came from five healthy post-mortem human hippocampal
tissues (Hwang et al., 2016). Sample data were demultiplexed, trimmed
and quality filtered, and Fastq files were splice aligned against the
GRCh37 reference genome using STAR aligner version 2.5.2b (Dobin
et al., 2013). Gene expression counts were obtained using htseq-count
version 0.6.1 (Anders et al., 2015). Both splice alignment and counting
were performed with Ensembl Annotation of the NCBI reference
genome and raw counts analyzed with edgeR version 3.16.5 (Robinson
et al., 2010). Correlation patterns between protein coding genes were
calculated using weighted gene co-expression analysis R package, ver-
sion 1.66 (Langfelder and Horvath 2008) (see supplementary in-
formation).

2.3. Differential expression analysis

Differential expression (DE) analysis was performed on two groups
of 3 subjects at the extreme ends of the pre-surgery seizure frequency
distribution: 3 males with low seizure frequency (LSF group: 4 seizures/
month) and 3 males with high seizure frequency (HSF group: 30, 60 and
120 seizures/month). The DE analysis utilized edgeR’s exactTest func-
tion, which uses Benjamin-Hochberg correction to compute an upper
bound for the expected FDR. Gene expression counts were first nor-
malized using the calcNormFactors function, which uses the trimmed
mean of M values (TMM) to create a set of scaling factors that elim-
inates composition biases between sample libraries. Due to the variance
between samples, the trended dispersion (the dispersion calculated
from a gene’s abundance) was used for the exactTest calculation. We
performed principal component analysis (PCA) using DESeq2′s plotPCA
function on a set of log2-transformed counts calculated by the rlog
function in DESeq2 (Love et al., 2014). PCA plots were generated based
on read counts for the 500 genes with the greatest variance in expres-
sion.

2.4. Quantitative reverse transcriptase polymerase chain reaction (qRT-
PCR)

cDNA was generated from hippocampal RNA samples with the
SuperScript III kit (Life Technologies). Taqman probes were obtained
from Life Technologies for the genes ARC, CACNA1C, CAMK2A, ERBB3,
FOSL2, GLDN, GRIA1, GRIA2, NPTXR, PRKCE, and SRF. Taqman reac-
tions were performed in 15 u l reaction volumes using the Taqman Fast
Advance Master Mix. RT-PCR reactions were performed comparing HSF
samples versus LSF samples as we did not have RNA from controls. All
reactions were run in triplicate on an ABI 7900 H T using the SDS 2.4
software (Life Technologies) with ABI384 well Optical PCR plates and
AB-1170 Optical PCR film (Fisher Scientific). All samples were run with

Table 1
Clinical characteristics of patients with refractory temporal lobe epilepsy (TLE).

Subject # Sex Age (yr) Duration (yr) Seizures/mo HS Etiology Onset
age
(yr)

1 F 32 8 0.33 * CVA 24
2 M 16 10 4 + Unk 6
3 M 32 17 4 * Unk 15
4 M 32 29 4 − Unk 3
5 M 30 8 4 + OD 22
6 M 21 Unk 8 + Unk Unk
7 F 31 16 8 + Unk 15
8 M 38 37 10 − Feb 1
9 F 41 21 20 + Unk 20
10 M 38 33 30 + Unk 5
11 M 19 7 60 + TBI 12
12 M 56 44 120 + Men 12

Duration= duration of seizures prior to surgery; SZ freq/mo= frequency of
seizures per month prior to surgery; CVA= stroke; OD=drug overdose;
TBI= traumatic brain injury; Men=meningitis; Feb= febrile seizures.
HS= hippocampal sclerosis (* indicates hippocampal atrophy) based on pre-
operative MRI scan.
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the endogenous control GAPDH probe set (Life Technologies
#Mm99999915_g1). Differential expression analysis was performed
using the standard delta-delta CT method (Livak and Schmittgen,
2001).

2.5. Pathway-enrichment analysis

We performed Gene Set Enrichment Analysis v3.0 (Subramanian
et al., 2005) to infer enriched Reactome and KEGG gene-sets based on
the up- or downregulated genes identified in the LSF and HSF versus
control samples. Enrichment Map (Merico et al., 2010) tool was used to
determine the connections between enriched pathways by identifying
functionally coherent gene-sets (i.e., pathways) that are statistically
over-represented in a given gene list. We employed an overlap coeffi-
cient cut-off of 0.25—two pathways were deemed connected only if the
ratio of the size of the intersection over the size of the smallest pathway
was 0.25 or more. The Network Analyzer tool was used to calculate
network parameters, including ‘closeness centrality’ of nodes. We fol-
lowed the commonly employed strategy (Mirza et al., 2015) to filter out
the broadest functional category (i.e., the top hierarchy of biological
processes in Reactome) when ranking the most statistically significant
pathways.

2.6. Ingenuity pathway analysis

Pathway analysis was performed using Qiagen’s Ingenuity Pathway
Analysis (IPA) software. The differential expression results from edgeR
were filtered based on logFC (cutoff 1.0), p-value (≤0.05) and FDR
(≤0.05). This filtered list was enriched for pathways utilizing IPA’s
“core analysis” function, using logFC in order to calculate pathway
directionality (z-scores). IPA uses two scores that address two in-
dependent aspects of inference: an ‘enrichment’ score [Fisher’s exact
test (FET) P-value] that measures overlap of observed and predicted
regulated gene sets, and a z-score assessing the match of observed and
predicted up/down regulation patterns. A z-score is well-suited for this
kind of problem because it serves as both a significance measure and a
predictor for the activation state of the pathway (Kramer et al., 2014).
We also performed upstream regulator analysis in IPA, which identifies
molecules upstream of the genes in the dataset that potentially explain
the observed expression changes.

3. Results

3.1. Patient phenotypes and principal component analysis

The pre-surgery seizure frequency of our 12 patients ranged from
0.33 to 120 seizures per month (Table 1). While there was a trend for
patients with higher seizure frequency to also have hippocampal
sclerosis (HS), there were four ‘low seizure frequency’ patients ex-
hibiting HS (n=2 with 4 seizures/mo and n=2 with 8 seizures/mo),
and one patient with 10 seizures/mo that did not exhibit HS. Ap-
proximately 20 million high quality sequencing reads were obtained
per sequencing run, and> 90% of these reads aligned to the reference
genome. All reads were considered for analysis, leading to a final set of
63,677 transcripts for differential expression analysis.

Fig. 1A shows the results of a principal component analysis that was
conducted with the 500 transcripts with the greatest variance to de-
termine the largest source of variation in the data. The first two prin-
cipal components explain ˜61% of the total variation in gene expres-
sion. The high seizure frequency (HSF) subjects cluster tightly on the
left and right side of the plot, while the low seizure frequency (LSF)
subjects are spread across the upper central to lower right side of the
plot. Two subjects appear to represent exceptions to this pattern (#5
and #9).

We then performed a similar analysis after including RNA-seq data
from five “controls” that derive from five adult autopsy samples from

hippocampal tissue (Hwang et al., 2016). We limited the analysis of our
data to the three males with the lowest seizure frequencies (all with 4
seizures/mo), and the three male subjects with the highest seizure
frequencies (i.e., 30, 60, and 120 seizures/mo). The first two principal
components explain 77% of the gene expression variation (Fig. 1B).
Again the HSF subjects tightly cluster on the left side while the LSF
subjects are positioned on the right side on the perimeter of the five
control samples. These results suggest that seizure frequency is one of
the main determinants of variance within expression data.

3.2. Differential expression (DE) analysis

Initially, we performed DE analysis on the aforementioned LSF
versus HSF groups. In our data, 979 transcripts were identified with a
≥2-fold difference in abundance (FDR-adjusted p-value< 0.05), 722 of
which had higher abundance in the LSF group and 257 had higher
abundance in the HSF group (Table S1). We then examined a set of
genes that are expressed in the human brain during postnatal and adult
developmental stages, and that are differentially expressed in each of
four brain regions (cerebellar cortex, mediodorsal nucleus of the tha-
lamus, striatum, and hippocampus) (Kang et al., 2011). As predicted,
we found that the hippocampus exhibited the largest percentage of
differentially expressed genes (DEGs) in comparisons between the LSF
and HSF groups (e.g., 47% versus 13–26% for the other 3 brain regions).
The same pattern held when we examined each brain region at four
developmental stages: prenatal, prenatal/postnatal, postnatal, and
postnatal/adult stages. The hippocampus exhibited the highest per-
centage of DEGs in all four stages (data not shown). To test for hidden
bias, we performed the same DE analysis on two “mixed” seizure fre-
quency groups, each consisting of a low, a medium and a high seizure
frequency subject (LMH) (i.e., individuals 2, 6 and 10 versus 3, 8, and 11
in Table 1). We identified only 15 genes with ≥2-fold differences in
transcript abundance (FDR-adjusted p-value<0.05).

We then performed DE analysis comparing the RNA-seq data from
the five controls with each of our LSF and HSF groups. In the LSF versus
control comparison we identified 399 significantly downregulated and
834 significantly upregulated transcripts (≥2-fold difference in abun-
dance, FDR-adjusted p-value<0.05) (Fig. 2A; Table S2). The com-
parison with the HSF group revealed a greater number of DEGs: 1676
and 1314 transcripts significantly down- and upregulated, respectively
(≥2-fold difference in abundance, FDR-adjusted p-value< 0.05)
(Table S3). Fig. 2B shows the overlap in DEGs between the two seizure
frequency groups: 525 of the 1617 upregulated transcripts (31.9%) and
344 of the 1725 downregulated transcripts (19.9%) are shared. On the
other hand, with respect to the downregulated genes, only 54 (3.1%)
are unique to the LSF group compared with 1327 (76.9%) that are
unique to the HSF group. Unique upregulated genes comprise 20.3%
(304) and 47.8% (788) of the total for the LSF and HSF groups, re-
spectively. This illustrates the large fraction of downregulated tran-
scripts that are unique to the HSF group and the relatively small frac-
tion of DEGs (especially those that are downregulated) that are unique
to the LSF group.

To check the similarity of comparisons involving RNA-seq data
based solely on our samples and data based on comparisons with au-
topsy controls, we counted the number of shared DEGs in each com-
parison (Fig. 2C). Of the 979 DEGs in the HSF versus LSF comparison,
70% and 13% were shared with the HSF versus Control and LSF versus
Control comparisons, respectively. A total of 22 DEGs (22.6%) were
found only in the HSF versus LSF comparison. When we compare the top
10 DEGs with lower transcript abundance in HSF relative to LSF, we
note that 6 of these were actually downregulated in HSF versus controls,
while 3 were upregulated in LSF versus controls. In the top 10 DEGs
with higher transcript abundance in HSF relative to LSF, 9 were actually
upregulated in HSF versus controls (data not shown).
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Fig. 1. Principal component analysis. A) PCA based on the 500
transcripts with the greatest variance in expression. Numbers in
circles refer to patient numbers in Table 1. Gray circles, open-
circles and black circles refer to monthly seizure frequencies
of< 1-4, 8–20, and ≥30, respectively. The first two principal
components explain ˜61% of the total variation in gene expres-
sion. B) PCA including 5 post-mortem control samples based on
the 500 transcripts with the greatest variance in expression. Gray,
black and open (with C) circles refer to LSF, HSF, and controls,
respectively. The first two principal components explain 77% of
the variance in transcript abundance.

Fig. 2. Differential gene expression between HSF versus LSF patients, and between HSF patients versus controls and LSF patients versus controls. A) Number of
upregulated and downregulated differentially expressed genes (DEGs) in the HSF and LSF relative to controls. B) Number of shared and unique upregulated and
downregulated DEGs in comparisons between HSF and LSF relative to controls. C) Number of DEGs in comparison between HSF and LSF (HvL), and sharing of DEGs
among all three comparisons (HvC, LvC, and HvL). D) Mean fold-change (i.e., net fold-change/number of DEGs) for upregulated and downregulated shared between
LSF and HSF in comparisons relative to controls. E) Mean fold-change for upregulated and downregulated DEGs that are unique to LSF and HSF groups in com-
parisons relative to controls. F) Confirmation of selected RNA-seq data by qRT-PCR. Taq-man assays were carried out as described in Methods. RNAseq and rtPCR
columns represent the ratio of transcript abundance in HSF relative to LSF, while HvC and LvC represent HSF and LSF groups relative to controls.
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3.3. Mean fold-change in transcript abundance

Fig. 2 shows the mean fold-change in transcript abundance (i.e., net
fold-change/#genes) for the LSF and HSF groups relative to controls,
both for gene sets that are unique to the LSF and HSF group (Fig. 2D)
and for the gene sets that are shared by both groups (Fig. 2E). The mean
fold-changes in transcript abundance for the genes that are unique to
the LSF and HSF groups are similar for both the upregulated (FC: +3.8
and +3.0, respectively) and the downregulated gene sets (FC: −7.8
and −5.8, respectively) (Fig. 2D). This pattern holds for the shared
upregulated gene set, which indicates that transcript abundance is in-
creased by an average of 5.0- and 5.3-fold for the LSF and HSF groups,
respectively. On the other hand, there is a much larger effect size for the
downregulated genes in the HSF group, which show an average drop in
transcript abundance of almost 580-fold versus 155-fold for the shared
downregulated LSF genes (note different scales in Fig. 2D and E).

3.4. Confirmation of quantitative changes by qRT-PCR

Eleven transcripts with altered abundance in the RNA-seq data were
subjected to confirmation by qRT-PCR, including genes with both high
and low constitutive expression: ARC, CACNA1C, CAMK2A, ERBB3,
FOSL2, GLDN, GRIA1, GRIA2, NPTXR, PRKCE, and SRF. The predicted
differences between HSF and LSF individuals were confirmed for these
11 transcripts (Fig. 2F), with excellent concordance between RNA-seq
and qRT-PCR for all 11 genes (Pearson correlation coefficient:
r= 0.924, p=4.8×10−5). Note that there is increased expression of
ARC in the LSF relative to controls, and decreased expression in HSF
versus controls.

3.5. Network and pathway enrichment analysis

To visualize relationships among significantly enriched gene sets
and to identify centrally located pathways within sub-networks, we
performed gene set enrichment analyses based on the upregulated and
downregulated DEGs identified in HSF versus LSF, and LSF and HSF
versus controls. The gene enrichment map for HSF vs LSF shown in Fig.
S1 has 52 nodes; however, only 10 of these had a p-value ≤0.05. The
most significant Reactome superpathways include Metabolism,
Neuronal System and Developmental Biology. Within these top-level
groups the most significant pathways include Metabolism of Lipids,
Class A1 Rhodopsin-like receptors, and Axon Guidance, as well as the
KEGG pathway, Cell Adhesion Molecule Cams. Signal transduction was
the most central node in the network, with Calcium and MAPK Signaling
being the two most statistically significant KEGG pathways, and GPCR
Ligand Binding being the most significant Reactome pathway within the
Signal Transduction superpathway. Metabolism and Cell Adhesion are
the only pathways that appear to be more highly enriched (activated) in
the HSF versus LSF, while the opposite is true for almost all other
pathways, including the pathways in Neuronal System and Signal
Transduction.

For the comparisons between the two seizure groups and controls,
we initially created separate networks for the LSF and HSF gene sets
that passed very permissive thresholds in the enrichment analysis (i.e.,
p≤ 1.0 and FDR q-value≤ 1.0). This allowed us to visualize relation-
ships among all pathways (i.e., gene sharing) with positive or negative
enrichment scores. This analysis revealed a highly interconnected net-
work of 228 pathways, with an average of 13.2 links among all nodes
(data not shown). Closeness centrality network analysis identified
‘Signal transduction’ as the most central ‘hub’ pathway (centrality
index= 0.578), which also has the largest number of links to other
nodes (n=147).

We then constructed a combined network showing the Enrichment
Map gene-sets that passed a more stringent threshold (i.e., p-value<
0.05, False Discovery Rate (FDR)<25%). Fig. 3 shows this network
with 51 significantly enriched gene sets (out of> 2000 in the Reactome

knowledge base): 40 are specifically enriched in HSF, 9 are specific to
LSF, and 2 are enriched in both seizure frequency groups. These 51
pathways fall within 14 top-level Reactome superpathways. The top-
ranked pathways identified in HSF and LSF are annotated by numerical
rank on the enrichment map. Four of the top-ranked gene sets enriched
in the HSF are within Signal Transduction, 3 within Neuronal System, and
2 within Disease, while 4 of the top-ranked LSF gene sets are within
Immune System, and 2 are within Gene Expression. Consistent with the
DE results presented above, enrichment analysis reveals that nearly all
of the significant HSF gene sets have a negative enrichment score (i.e.,
blue color in Fig. 3, higher enrichment in control relative to HSF): 11/
11 in Neuronal System, 7/7 in Signaling Transduction (GPCR), 7/7 in
Extracellular Matrix Organization, 3/6 in Transport of Small Molecules, 3/
5 in Metabolism of Proteins, and 3/3 in Muscle Contraction. Eleven en-
riched gene sets in Fig. 3 have positive enrichment scores, 9 of which
are specific to the LSF group and falling within Immune System, Gene
Expression, and Signal transduction.

To confirm and extend these results, we used Ingenuity Pathway
Analysis (IPA) to predict the activation state of significantly altered
pathways based on the distinct up- and down-regulation pattern of the
DEGs. Table 2 lists the activation states of 34 pathways that met the
dual criteria of a z-score value ≥2.0 (score based on the number of loci
in the pathway that are differentially expressed in the direction con-
sistent with predictions of an activated state of the pathway) and p-
value ≤0.05 (number of loci that are significantly differentially ex-
pressed relative to the total number of loci in the pathway). We cate-
gorized these pathways into five more general (non-mutually exclusive)
functional classes: Immune System, Second Messenger Signaling, Neuronal
System, Nuclear Receptor Signaling, and Cellular Growth and Development.
Pathways could be characterized as ‘Shared Activated’ and ‘Shared
Deactivated’ (i.e., activated or deactivated in both LSF and HSF), LSF
Activated or Deactivated (i.e., activated or deactivated in LSF only), and
HSF Activated or Deactivated (i.e., activated or deactivated in HSF
only) (Fig. 4). Of the 34 pathways, nearly half (n= 16) were HSF de-
activated, while none was LSF deactivated.

Pathway activation states are not evenly distributed among func-
tional categories. For instance, Immune System pathways comprise
100% of the Shared Activated category and make up the majority of LSF
and HSF activated pathways (Fig. 4). On the other hand, Signal Trans-
duction and Neuronal System pathways are mostly found in the HSF
Deactivated category, (i.e., 10/14 and 5/6 of the total in each, respec-
tively), making up ˜70% of the pathways in this category.

The most statistically significant pathways in Table 2 are HSF De-
activated within Neuronal System and include Opioid Signaling, Sy-
naptic Long-Term Depression and Long-Term Potentiation, and Neu-
ropathic Pain Signaling in Dorsal Horn Neurons. Additional key HSF
Deactivated pathways are in Second messenger Signaling, including Cal-
cium Signaling, Dopamine-DARPP32 Feedback in cAMP Signaling, and
CREB Signaling. Opioid Signaling and Gβγ Signaling are the only
pathways with significantly positive and negative z-scores in LSF and
HSF, respectively (Fig. 4). Secondarily, the Immune System pathways IL-
6 and HMGB1 Signaling, both Shared Activated, were strongly en-
riched, as were the HSF Deactivated eNOS Signaling and CCR4 Sig-
naling in Macrophages.

Similar results were found when we compared HSF with LSF, with
16 of the 26 significantly altered pathways shared with the analyses
based on comparisons with controls (Table S4). All but two pathways
were HSF deactivated, and 12 of 26 were within the Neuronal System
category. Of the 10 pathways that were unique to this analysis, 4 were
in Neuronal System, 2 within Second Messenger signaling, 1 in Immune
System, and 3 in other categories (Cardiovascular signaling and Cellular
Growth and Development).

4. Discussion

We have employed next generation approaches to sequence
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transcripts present in resected hippocampal tissue from patients with
low and high pre-surgery seizure frequencies to infer the molecular
mechanisms involved in the onset and propagation of seizures. To our
knowledge no previous gene expression study has subdivided TLE pa-
tients into different seizure frequency groups. This strategy allowed us
to identify expression patterns that distinguish TLE patients from non-
epilepsy individuals, as well as to explore differences related to seizure
frequency within a TLE patient cohort. This resulted in a large number
of genes that significantly differed in transcript abundance between the
LSF and HSF groups. Perhaps this is not surprising given the extent of
difference in monthly seizure frequency in the two groups, and the
length of time our patients experienced medically intractable seizures
(Table 1).

We employed two different approaches to interpret our tran-
scriptome data in terms of prior biological knowledge. Our gene en-
richment results for the HSF cohort are similar to those in Mirza et al.’s
(2015) microarray-based expression study in which we find 5 of the 10
most significantly enriched Reactome pathways in the Neuronal System
superpathway, as well as shared enriched gene sets in Signal
Transduction and Transport of Small Molecules (Table 3). In contrast, our
LSF cohort differed, with the 10 most significantly enriched Reactome
pathways clustering in Immune System, Gene Expression, and Cellular
Responses to External Stimuli (Table 3). Similar to Mirza et al. (2015) we
found Signal Transduction (0.609, degrees= 22) to be the most centrally
located hub pathway in the LSF network, while Cellular Responses to
External Stimuli (Cellular Senescence: 0.353, degrees= 29) was the
most centrally located pathway in the HSF network, followed closely by

Disease (0.331, degrees= 30). Thus, our results predict different in-
fluential pathways contributing to the HSF and LSF phenotypes. When
we perform centrality closeness analysis on the combined network in
Fig. 3 we find that Signal Tranduction (0.578, degrees= 147) is the most
centrally located hub. This superpathway is divided into two major
clusters of nodes: one with several closely related G-protein couple
receptor pathways that are connected with Neuronal System nodes, and
a second cluster of highly interconnected Signal Transduction gene sets
with links to Immune System, Transcription, Disease, Metabolism of
Proteins, and other developmental processes (Fig. 3). Many of the sig-
naling pathways identified here are activated by GPCRs, including: the
ERK/MAPK pathway, CREB Signaling, Calcium Signaling, Opioid Sig-
naling, G-protein-gated ion channels including calcium channels, and
G-protein-gated inwardly rectifying potassium channels.

We also made use of the algorithms and knowledge base in
Ingenuity Pathway Analysis (IPA), which is a more powerful approach
than gene-set enrichment because it leverages knowledge about the
direction of effects rather than mere associations (Kramer et al., 2014).
These different methods produced highly consistent results, generating
a cohesive picture that is characterized by 1) widespread deactivation
of multiple signaling pathways with roles in a variety of biological
processes in the HSF group, and 2) a much smaller number of pathway
alterations in the LSF group, mainly in the areas of Immune System,
Second Messenger Signaling, and Transcription. In the following sec-
tions we consider pathways that are uniquely activated or deactivated
in the LSF and HSF groups and explore the possibility that alterations in
these pathways are the cause or consequence of differences in seizure

Fig. 3. Gene enrichment map for gene sets showing positive and/or negative enrichment in LSF and HSF versus controls. Gene-set enrichment results were graphically
mapped to the Enrichment Map (Merico et al. 2013). Nodes are arranged so that highly similar gene-sets are placed close together; these clusters are related to
biological functions. Node size represents the number of genes in the gene-set; edge thickness is proportional to the overlap between gene-sets. The enrichment score
is mapped to the node where node color ranges from red (high enrichment in LSF or HSF) to white (no enrichment) to blue (high enrichment in the control relative to
LSF or HSF). The left side of the node represents enrichment in the LSF and the right side indicated enrichment in the HSF versus controls. Colors are shown only for
nodes that had p-values ≤ 0.05 and FDR≤ 0.25, while nodes without colors were mapped based on a lower stringency analysis (p-values ≤0.1 and FDR≤ 1.0).
Numbers to the left or right of nodes indicate p-value rank order for that gene set in the LSF versus controls and HSF versus controls, respectively. Background color of
cluster indicates trend toward activation of supercluster (light lavender), deactivation of supercluster (light blue), or supercluster inferred to be central hub of entire
network (light yellow).
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frequency.

4.1. Divergent patterns of gene expression associated with differences in
seizure frequency

Visual inspection of Fig. 3 reveals a striking difference in gene set
enrichment between LSF and HSF groups. Of the 40 gene sets that were
significantly enriched solely in the HSF group, 38 show a pattern of
negative enrichment score, while gene sets that were uniquely enriched
in the LSF all had positive enrichment scores. The IPA results also reveal
major differences between seizure frequency groups with respect to
pathway activation/deactivation (Table 2, Fig. 4). In this section, we
focus on those pathways that are uniquely activated/deactivated in
each group.

Numerous studies have suggested a role for inflammation associated
with innate immunity in epileptogenesis and the development of
pharmacoresistance in mesial TLE (mTLE) (Vieira et al., 2016). Indeed
several inflammation-signaling pathways were similarly altered in both

the HSF and LSF groups (Table 2). On the other hand, IL-8, IL-17A and
iNOS pathways are exclusively activated in the LSF, while Th1, Acute
Phase Response, and Dendritic Cell Maturation are exclusively acti-
vated in the HSF. Th1 cells promote cell-mediated immune response
and produce IFN-γ, IL-2, and tumor necrosis factor-β, and have been
shown to play an important role during the acute phase of the patho-
genesis of mumps parotitis (Malaiyan et al., 2016). The acute phase
response is a rapid inflammatory response that provides initial protec-
tion against damage from tissue injury, including sterile inflammation
triggered by seizures (Vezzani et al., 2016). A related HSF activated
pathway involves the maturation of dendritic cells, which are known to
increase in number during neuroinflammation and to be recruited to
the brain from the periphery after induction of seizures in a rat model of
TLE (Li et al., 2013).

Notably, more than half of all differentially altered pathways fall
into the HSF-deactivated category (Table 2, Fig. 4), of which Calcium
Signaling is inferred to be the most strongly deactivated. Calcium sig-
naling is increasingly recognized as an important factor in

Table 2
Statistically enriched1 canonical pathways identified by IPA in the HSF and LSF versus contols comparisons.

LSF vs Ctr HSF vs Ctr

# genes p value z score # genes p value z score #genes Predicted State

Immune System
IL-6 Signaling 16 1.20×10—3 2.00 35 8.21×10—6 2.20 128 Shared Activated
HMGB1 Signaling 15 4.57×10—3 2.67 31 6.12×10—4 2.56 133 Shared Activated
TNFR2 Signaling 6 4.31×10—3 2.00 9 1.06×10—2 2.12 30 Shared Activated
TNFR1 Signaling 8 4.44×10—3 2.65 11 4.89×10—2 2.11 50 Shared Activated
p38 MAPK Signaling 10 0.104 3.00 26 4.69×10—3 2.29 120 HSF Activated
Acute Phase Response Signaling 19 1.70×10—3 1.29 36 1.54×10—3 2.19 170 HSF Activated
Toll-like Receptor Signaling 10 6.60×10—3 1.41 19 2.83×10—3 2.00 76 HSF Activated
Dendritic Cell Maturation 16 5.08×10—3 0.26 39 2.47×10—3 2.14 193 HSF Activated
Th1 Pathway2 7 1.000 −0.82 25 3.64×10—2 2.24 135 HSF Activated
IL-8 Signaling 17 3.28×10—2 2.84 47 5.51×10—5 1.77 197 LSF Activated
IL-17A Signaling in Gastric Cells 6 1.61×10—3 2.24 7 3.35×10—2 0.38 25 LSF Activated
Aryl Hydrocarbon Receptor Signaling2 14 1.75×10—2 2.53 24 0.089 0.94 141 LSF Activated
iNOS Signaling 6 3.03×10—2 2.24 10 0.055 2.33 45 LSF Activated
eNOS Signaling 11 0.303 —1.27 40 1.15×10—4 —3.09 172 HSF Deactivated
CCR5 Signaling in Macrophages 7 0.238 — 29 4.66×10—6 —2.11 95 HSF Deactivated
UVC-Induced MAPK Signaling 2 1.00 — 12 6.41×10—3 —2.11 43 HSF Deactivated
GP6 Signaling Pathway 11 0.099 —2.11 34 5.92×10—5 —3.09 134 HSF Deactivated

Second Messenger Signaling
Gαi Signaling 13 1.10×10—2 2.71 32 3.39×10—5 0.54 120 LSF Activated
cAMP-mediated signaling 20 1.80×10—2 3.44 58 1.42×10—7 —0.96 227 LSF Activated
p38 MAPK Signaling 10 0.104 3.00 26 4.69×10—3 2.29 120 HSF Activated
ERK5 Signaling 5 0.270 2.24 14 3.81×10—2 2.50 66 HSF Activated
G Beta Gamma Signaling 5 1.00 2.00 31 2.96×10—5 —2.34 114 HSF Deactivated
Calcium Signaling 12 0.409 1.27 68 4.18×10—14 —4.24 206 HSF Deactivated
GPCR-Mediated Nutrient Sensing in Enteroendocrine Cells2 9 0.139 1.67 34 8.43×10—7 —2.40 112 HSF Deactivated
Dopamine-DARPP32 Feedback in cAMP Signaling2 11 0.252 0.71 35 1.54×10—3 —3.43 164 HSF Deactivated
Gαs Signaling 6 0.529 1.00 21 3.89×10—2 —2.68 110 HSF Deactivated

Neuronal System
Cholecystokinin/Gastrin-mediated Signaling 13 2.57×10—3 2.50 33 1.83×10—7 0.52 101 LSF Activated
Opioid Signaling 16 0.213 2.67 69 5.94×10—11 —3.05 242 HSF Deactivated
Synaptic Long Term Depression 8 1.00 0.71 46 9.63×10—7 —4.13 174 HSF Deactivated
CREB Signaling in Neurons2 10 1.00 0.45 52 2.31×10—6 —3.18 212 HSF Deactivated
Synaptic Long Term Potentiation 7 0.469 0.38 32 4.83×10—5 —3.65 122 HSF Deactivated
Neuropathic Pain Signaling In Dorsal Horn Neurons 8 0.264 0.71 34 1.65×10—6 —3.77 115 HSF Deactivated
Huntington's Disease Signaling 11 1.00 —1.00 45 1.13×10—2 —2.04 250 HSF Deactivated
GPCR-Mediated Nutrient Sensing in Enteroendocrine Cells2 9 0.139 1.67 34 8.43×10—7 —2.40 112 HSF Deactivated
Dopamine-DARPP32 Feedback in cAMP Signaling2 11 0.252 0.71 35 1.54×10—3 —3.43 164 HSF Deactivated

Nuclear Receptor Signaling
PPAR Signaling 14 4.62×10—4 —2.14 24 7.29×10—4 —2.86 95 Shared Deactivated
Androgen Signaling 8 0.440 2.00 33 2.90×10—4 —2.60 137 HSF Deactivated
Aryl Hydrocarbon Receptor Signaling2 14 1.75×10—2 2.53 24 0.089 0.94 141 LSF Activated

Cellular Growth and Development
Th1 Pathway2 7 1.00 —0.82 25 3.64×10—2 2.24 135 HSF Activated
CREB Signaling in Neurons2 10 1.00 0.45 52 2.31×10—6 —3.18 212 HSF Deactivated

1Only pathways with p-values ≤0.05 and z-scores ≥2.0 are considered statistically significant. Non-significant values are italicized and in the case of p-values are
written as decimals.
2Present in more than a single biological category.
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epileptogenesis, with excess synchronization underlying seizure activity
of neurons linked to various calcium signaling pathways (Steinlein,
2014). The rise in intracellular calcium levels upon synaptic activity
triggers the activation of several kinases critical for the induction and
maintenance of long-term potentiation (LTP) (Moriguchi et al., 2018),
including CAMKII, CAMKIV, PKA, and PKC—all of which are down-
regulated in HSF. NCKX3, a Na+/Ca2+ exchanger that plays a critical
role in mediating calcium homeostasis underlying synaptic transmis-
sion (Moriguchi et al., 2018), was also downregulated in HSF (FC:
−4.8).

cAMP-responsive element binding (CREB)-dependent transcription
plays an important role in the maintenance of LTP and long-term
memory formation in the healthy brain (via phosphorylation by
CAMKIV) (Lakhina et al., 2015); however, in the context of epilepsy,
CREB-dependent transcription contributes to increased seizures
(Beaumont et al., 2012; Zhu et al., 2015). This highlights the “double-
edged sword” of deactivating these signaling pathways in patients with
TLE. Another HSF deactivated pathway intimately related to calcium
and CREB signaling is Dopamine-DARPP32 Feedback in cAMP Sig-
naling (Fig. 3). Deactivation of this pathway may activate a series of
signaling cascades that are important in regulating neuronal excitability
(Bozzi et al., 2011). If similar to results in DARPP-32 knockout mice,
deactivation may have a seizure suppressive effect (O’Sullivan et al.,
2008). On the other hand, deactivation of DARPP32 may also prevent
the activation of key IEGs like c-fos, induction of which results in ac-
tivation of a wide variety of neuron-specific genes that play a role in
neuronal plasticity (Minatohara et al., 2015). Interestingly, both sy-
naptic long-term depression (LTD) and LTP are also HSF-deactivated
pathways (Fig. 4).

Perhaps a stronger case can be made that the deactivation of Opioid
Signaling in HSF is a harbinger of higher seizure frequencies. Several
studies underscore the conclusion that endogenous dynorphin,

mediated via the kappa opioid receptor, is as an anticonvulsant and an
antiepileptogenic agent (Burtscher and Schwarzer, 2017; Loacker et al.,
2007). The modulation of neuronal activity appears to effect a reduc-
tion in glutamate release and reduced postsynaptic hyperpolarization in
glutamatergic neurons (Burtscher and Schwarzer, 2017). We also note
that prodynorphin (PDYN) is one of seven genes in our entire set of
DEGs to have opposite patterns of expression in LSF and HSF groups
(FC: +2.1, −4.8, respectively). Low levels of prodynorphin in humans
and mice increase the risk of epilepsy development (Gambardella et al.,
2003; Kauffman et al., 2008; Loacker et al., 2007; Stogmann et al.,
2002). Endogenous and exogenous opioids also exert antiepileptogenic
and neuroprotective effects in animal epilepsy models (Loacker et al.,
2007; Schunk et al., 2011).

4.2. Common pathways modulating seizure activity in rodent and human
epilepsy

Rodent models of TLE, which employ kainic acid or pilocarpine
injection to initiate seizures, reproduce several of the patterns seen in
human TLE. A recent study focused on the transcription factor serum
response factor (SRF), which is activated through MAP kinase signaling
and stimulates IEG expression, as well as nerve fiber growth and gui-
dance. Lösing et al. (2017) found that SRF deficient mice were prone to
spontaneous recurrent seizures, and that SRF was required for IEG in-
duction, mossy fiber sprouting and inflammation. Table 4 gives a list of
Lösing et al.’s (2017) top 10 genes induced after pilocarpine injection in
control mice, alongside of our DE data for the same genes. The LSF
group showed increased expression in 9 of these genes and all 8 of the
IEGs. Of these 10 genes, NPAS4, FOSB, GADD45G, EGR2, and EGR4
were>10-fold over-expressed in the LSF group relative to controls.
Similar to the results for pilocarpine-injected mice, our data indicate
activation of MAP kinase and ERK5 signaling pathways in both the LSF

Fig. 4. Ingenuity Pathway analysis of DEGs in LSF and HSF versus controls. The 29 pathways in Table 2 that were differentially activated in the LSF and HSF and that
passed the dual threshold of significant p-value (p < 0.05) and z-score (≤-2.0 or ≥+2.0) are shown. Only the activation z-scores are depicted (i.e., with bars). The
pathways are grouped according to their predicted activation state in HSF and LSF. The red horizontal lines indicate statistical significance by z-score. (Dark gray bars
= HSF, light gray bars= LSF). Letters on bars stand for I= Immune System; S= Second Messenger Signaling; N=Neuronal System; R=Nuclear Receptor Sig-
naling.
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and HSF groups (Table 2, Fig. 4). Interestingly, CREB signaling was the
top ranked transcription factor identified in their overrepresentation
analysis of transcription factor binding sites (Lösing et al., 2017). To-
gether these largely overlapping patterns support the hypothesis that
downstream targets of SRF play a role in modulating response to sei-
zures in both rodents and humans. Our RT-PCR results confirm that SRF
is more highly expressed in LSF versus HSF (FC: 1.3) (Fig. 2E); however,
we are not able to determine whether LSF expression is upregulated
relative to controls. Therefore, it is not clear whether our data point to
SRF as a key regulatory step. In sum, the emerging picture suggests that
a core set of genes (e.g., typical IEGs) is induced in both rodent seizure

models and human TLE patients (Beaumont et al., 2012; Lösing et al.,
2017).

4.3. Synaptic scaling: a key pathway for preserving higher seizure
threshold?

The similarity between rodent and human studies suggests con-
servation of regulatory relationships among orthologous target genes in
response to chronic seizures, underscoring the utility of mouse models
of TLE. One of the genes in the SRF pathway that shows the largest
difference in transcript abundance in the LSF versus HSF group is
Neuronal PAS domain protein 4 (NPAS4) (FC: +32.3). NPAS4 is among
the most rapidly induced IEGs, is expressed only in neurons, and is
selectively induced by neuronal activity (Sun and Lin, 2016). It is also
involved in activity-dependent synaptic modulation in both excitatory
and inhibitory neurons, and regulates the expression of a large number
of activity-regulated genes that mediate diverse effects on synapses
(Spiegel et al., 2014). Using a mouse model based on pentylenetetrazol
(PTZ)-induced kindling, Shan et al. (2018) showed that activation of
the Npas4 signaling pathway after convulsive seizures plays a crucial
role in intrinsic homeostatic scaling during epileptogenesis. They also
showed that Npas4 controlled the homeostatic scaling capacity of hip-
pocampal neurons through the induction of Homer1a, which regulates
the surface expression of the α-amino-3-hydroxy-5-methyl-4-iso-
xazolepropionic acid receptor (AMPAR) GluA1 subunit, providing a
molecular link between excessive neuronal hyperexcitability and the
regulation of homeostatic scaling for controlling epilepsy (Shan et al.,
2018). The EVH1-binding domain of Homer1 binds to Shank, group I
metabotropic glutamate receptors (mGluR1/5), inositol-1,4,5-tripho-
sphate (IP3) receptors, and ryanodine receptors (Shiraishi-Yamaguchi
and Furuichi, 2007). Our results show differential expression of all of
these systems, with up-regulation of SHANK1 (FC: +3.9) and GRM4
(FC: +3.4) in the LSF group, and down-regulation of GRIA1 (FC:−6.3),
ITPR1 (FC: −3.5), GRM1 (FC: −7.3), GRM2 (FC: −3.6), GRM5 (FC:
−3.1), RYR2 (FC: −4.0) and RYR3 (FC: −2.2) in the HSF group
(Fig. 5). Homeostatic adaptation is associated with alterations in post-
synaptic AMPAR expression at excitatory synapses, which occurs
through the removal and dephosphorylating of synaptic AMPARs
(Seeburg and Sheng, 2008; Sun and Turrigiano, 2011; Turrigiano,
2008). This process is mediated by alterations in the signaling of pro-
tein kinase A and mGluR1/5 (Cavarsan et al., 2012; Diering et al.,
2017).

Previous rodent experiments using cultured neuronal cells have
shown that when the voltage-gated sodium channel blocker te-
trodotoxin (TTX) is used to block activity for a short period, there is an
accumulation of AMPARs at synapses, which correlates with increases
in AMPAR-mediated miniature excitatory postsynaptic current
(mEPSC) amplitude (known as “scaling up”). On the other hand, in-
cubating neurons in the GABAA receptor antagonist bicucullin (BIC)
mimics neural hypexcitability and leads to decreased synaptic AMPAR
content and AMPAR-mEPSC amplitude (known as “scaling down”) (Ju
et al., 2004; O’Brien et al., 1998; Thiagarajan et al., 2005; Turrigiano,
2008; Wierenga et al., 2005). The long-term effect of the AMPAR ac-
cumulation or loss suggested that the process is transcription dependent
(Ibata et al., 2008). The upstream regulator analysis tool in IPA im-
plicated bicuculline as a significant upstream effector molecule only in
the LSF group (z-score: 4.0, p-value: 1.1× 10−15), consistent with a
gene expression profile that is capable of scaling down in the face of
chronic neuronal excitation.

A plausible explanation for the much lower seizure frequencies in
the LSF group follows from this seminal work showing a link between
synaptic scaling of excitatory synaptic transmission and regulation of
the excitation/inhibition balance (Chowdhury and Hell, 2018). Fig. 5
summarizes our results in a model of synaptic scaling through AMPA
receptor recycling in the postsynaptic compartment of excitatory neu-
rons. This model features two phases, an initial transcriptional response

Table 3
Rank order of the 10 most significantly enriched Reactome pathways among
differentially expressed genes.

Reactome Pathway HSF* LSF* Mirza et al.
(2015)

Signal Transduction
Signaling by GPCR 1
GPCR downstream signaling 2
G-alpha-I signaling events 9
Visual phototransduction 4
GPCR Ligand binding 4
Class A/1 rhodopsi-like receptors 5
Peptide ligand binding receptors 8

Neuronal System 1 6
Transmission across chemical synapses 2 7
Neurotransmitter receptors & postsynaptic
signal transmission

3

Protein-Protein interactions at synapses 9
Potassium channels
Voltage-gated potassium channels 10

Transport of Small Molecules 3
SLC-mediated transmembrane transport 7 10

Immune System
Cytokine Signaling 6
Signaling by Interleukins 1
Interleukin-10 signaling
Interleukin-4 and interleukin-13 signaling 4

Gene Expression (Transcription) 2
RNA Polymerase II Transcription 5
Generic Transcription Pathway 3

Disease
Infectious Disease
Influenza infection 5
Diseases of signal transduction 8

Cellular Responses to External Stimuli 10
Cellular Responses to Stress 9

Metabolism
Metaboilsm of Viatmins and Cofactors 7

Extracellular Matrix Organization 6
Muscle Contraction
Cardiac conduction
Phase 0 rapid depolarization 8

* Rank is based on FDR p-value.

Table 4
Comparison with Lösing et al.'s1 top 10 upregulated genes.

Locus LSF HSF LSF/HSF Fold-change in Lösing

NPAS42 32.3 ns inf 56.0
FOS2 2.8 ns inf 41.2
FOSB2 24.8 9.1 2.7 39.3
CYR612 4.7 2.8 1.7 23.2
GADD45G2 22.1 11.1 2.0 17.8
EGR22 10.4 6.3 1.7 16.2
BTG2 3.5 2.6 1.3 15.6
ATF32 3.6 ns inf 13.7
EGR42 10.1 ns inf 13.6
THBS1 ns ns na 13.6

1See Fig. 2 in Lösing et al. (2017).
2Immediate Early Gene (IEG).
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resulting in expression of transcription factors encoding IEGs, followed
by a second delayed gene expression wave resulting in expression of
further effector genes (Lösing et al., 2017). A key end-point regulating
synaptic homeostasis is the IEG gene, activity-regulated cytoskeleton-
associated protein (ARC). ARC protein associates with the post-synaptic
density and plays a critical role in AMPA receptor endocytosis, thereby
contributing to downregulation of synaptic efficacy at excitatory sy-
napses (Chowdhury et al., 2006; Rial Verde et al., 2006; Shepherd et al.,
2006; Steward et al., 2014).

Interestingly, neuronal pentraxin-1 (NPTX1), a gene that was found
to be necessary for the TTX-induced scaling up effect in mouse cortical
neurons (Schaukowitch et al., 2017), as well as it’s receptor (NPTXR),
are downregulated in the HSF group (FC: −2.7 and −7.3, respec-
tively). The NPTX1 gene has a known role in promoting the clustering
of AMPARs (Sia et al., 2007; Xu et al., 2003). NPTX1 induction is
mediated by calcium influx through T-type voltage-gated calcium
channels, as well as the transcription factors, SRF and ELK1
(Schaukowitch et al., 2017). The T-type calcium channel genes,
CACNA1H and CACNA1I are downregulated in the HSF (FC: −2.4 and
−3.2, respectively) (Fig. 5), while a third T-type channel gene,
CACNA1G, is upregulated in the LSF group (FC: +3.3). Both GluA1 and
GluA2 are important for scaling up and yet are downregulated in HSF
(Fig. 5), as is the glutamate receptor-interacting protein (GRIP1) (HSF
FC: −2.5), which interacts with the cytosolic GluA2 C-terminus
(Chowdhury and Hell, 2018). Additional evidence that HSF may have
diminished capacity to scale up comes from results showing that up-
regulation of AKAP5-anchored PKA activity drives scaling up
(Chowdhury and Hell, 2018); yet we find that both regulatory subunits
of PKA (PRKAR1B and PRKAR2B) are downregulated in HSF, as is
AKAP5 (FC: −4.0).

While HSF is distinguished from LSF in terms of NPAS4 upregulation
and associated alterations on the pathway shown in Fig. 5, there are
additional indications in our data that HSF has lost the capacity to scale
down. For example, two catalytic subunits of calcineurin A (PPP3CA
and PPP3CB are downregulated in HSF (FC: −4.3 and −2.3, respec-
tively). Dephosphorylation of Ser845 by calcineurin in bicuculline-in-
duced downscaling accompanies endocytosis of AMPARs in cultured
neurons. Moreover, two L-type calcium channels CACNA1C and
CACNA1D that participate in calcium signaling cascades required for
NPAS4 activation (Chen et al., 2017) are also downregulated in HSF

(Fig. 5). Together these results are consistent with hypothesis that the
HSF group has diminished capacity in both scaling up and scaling
down.

4.4. Systematic down-regulation of pathways in the HSF group: remodeling
by gene regulation or by neuronal loss?

Upon initial consideration it seems counterintuitive to discover so
many HSF deactivated pathways, many of which are thought to pro-
mote seizures and epileptogenesis (Table 2). One explanation is that
compensatory changes in response to frequent seizures had a cascading
effect on gene expression in many downstream pathways. It is well
known that fluctuations in neuronal activity that induce adaptive
changes in gene expression in the neurotypical brain can be maladap-
tive in the context of epilepsy (Scharfman, 2015; Varvel et al., 2015).
For example, synaptic release of glutamate leading to excessive NMDA
receptor activation and Ca2+ influx would typically induce scaling
down via a reduced surface insertion of GluA1 of AMPA receptors at
synaptic sites. If the scaling down process is impaired there may be
other compensatory mechanisms (e.g., homeostatic reduction in
CAMKII activity (McNamara et al., 2006)) that would have con-
sequences for gene expression in additional pathways. Indeed, several
studies have shown that compensatory mechanisms can act through
switches in GPCR subunit utilization (Narla et al., 2016; Warren et al.,
2017; Watts and Neve, 2005).

Neuronal loss represents an alternative mechanism that does not
depend on numerous changes in gene regulation across multiple path-
ways. For example, selective neuronal cell death in hippocampal
sclerosis is often observed in subregions CA1, CA3 and CA4, while
granule cells of the dentate gyrus are usually spared (Schmeiser et al.,
2017). Support for this model comes from recent work with the pilo-
carpine model of TLE in rats, in which a negative correlation was found
between seizure frequency and the total number of neuronal cells
throughout the life of rats with epilepsy (Lopim et al., 2016). In at-
tempting to explain a similar phenomenon of widespread down-reg-
ulation of synaptic genes across different brain regions in aging and
Alzheimer’s patients, Berchtold et al. (2013) concluded that the decline
in gene expression in AD patients could be due to the loss of neurons
and synapses in the hippocampus, while synaptic remodeling by
changes in gene expression was a more likely explanation for

Fig. 5. A model of synaptic downscaling
through AMPA receptor recycling in the post-
synaptic compartment of excitatory neurons.
Neuronal depolarization leads to increased in-
tracellular levels of the second messenger Ca2+

(via NMDA receptors and L-type calcium
channels) and activation of intracellular ki-
nases. SRF, a constitutively expressed tran-
scription factor (TF), is rapidly activated and,
in turn, induces the expression of NPAS4 and
other inducible TFs and effector molecules that
initiate a second wave of gene expression. Late
and persistent processes acting through
Activity Regulated Cytoskeleton Associated
Protein (ARC) regulate the surface expression
of the AMPAR GluA1 subunit (GRIA1) by en-
docytosis or by lateral diffusion from synaptic
to extrasynaptic sites, leading to a reduction in
AMPAR-mediated synaptic strength (scaling
down). Numbers in boxes represent fold-
change for the particular DEG. The image in
the lower right is a schematic representing
presynaptic and postsynaptic terminals
(yellow), AMPA receptors (maroon ovals), in-
tracellular receptor pools, and glial cells
(shown in gray) (image after Pozo and Goda,
2010).
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neocortical region downregulation in the aging patients. Their micro-
array-based study of synaptic gene expression identified many of the
same genes and pathways in the AD patients as seen here exclusively in
the HSF group, with DEGs enriched in gene sets related to neuro-
transmitter, voltage-gated channels, and synapse stabilization pathways
(Berchtold et al., 2013) (Fig. 6).

5. Limitations

Despite these promising results, there are at least three limitations
to note. First, we performed differential expression analysis on a rela-
tively small cohort (i.e., with only 3 individuals per seizure frequency
group). The small sample sizes reflect the number of resections per-
formed at our center for which we could identify individuals with very
low and high pre-surgery seizure frequency. We also wanted to control
for sex as female-male differences in gene expression and splicing are
widespread in adult human brain and involve ˜2.6% of all expressed
genes (Trabzuni et al., 2013). However, as shown by Schurch et al.
(2016), biological replicates of ≥3 yield a true positive rate greater
than 85% using the methods we have employed here. Indeed, all 11 of
the genes we chose to validate using qRT-PCR gave results that were
quite similar to those based on RNA-seq. Moreover, rather than relying
on any single transcript, we focused on pathways that were enriched by
dozens of DEGs in our analysis, thereby reducing our false positive rate
at the level of pathways. The second limitation is the lack of suitable
control tissue. We relied on post-mortem hippocampal tissue for most of
our comparisons. However, when we performed differential expression
analysis comparing LSF directly with HSF, we also noted a very large
number of DEGs that showed a similar pattern of lower transcript
abundance in the HSF, independent of comparisons with post-mortem
controls (Fig. S1).

To further validate our RNA-seq results, we performed analyses
comparing the same number of individuals in groups with a similar
mean seizure frequency, and looked at expression patterns for genes
that are differentially expressed in different brain regions to confirm
that the DEGs primarily are hippocampal in origin. Because brain tissue
is usually resected at the end-stage of the disease it is difficult to infer
the initial steps in the process of epileptogenesis when using human
hippocampal specimens (Korotkov et al., 2017). Indeed, our patients

had seizures for an average of> 20 years before surgery. On the other
hand, we find consistency with both other human studies and those
utilizing animal models that have the ability to examine earlier stages
of epileptogenesis.

Despite these consistencies, it is challenging to infer cause and effect
in human studies. It is also important to note that the results presented
here represent only a single snapshot in time of gene expression levels
in a single region of the brain. Many TFs act as both a repressor and an
activator under different conditions at different promoters, and as such
the function of the IEG, NPAS4, under different conditions throughout
the brain will be an important area of future investigation. An addi-
tional point of caution comes from the fact that the low and high seizure
frequency patients will have had different probabilities of experiencing
a seizure just prior to surgery. Finally, our results do not distinguish the
cause of the systematic downregulation seen in the HSF group. Further
work is needed to test the predictions of the hypotheses that down-
regulation is a result of remodeling by neuronal loss, or synaptic re-
programming (i.e., by small changes in genes on many pathways).
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