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Wide variation of responses to identical stimuli presented to genetically inbred
mice suggests the hypothesis that stochastic non-genetic variation, such as in
chromatin state or enhancer activity during neurodevelopment, can mediate
such phenotypic differences. However, this hypothesis is largely untested
since capturing pre-existing molecular states requires non-destructive, long-
itudinal recording. Therefore, we tested the potential of Calling Cards (CC) to
record transient neuronal enhancer activity during postnatal development in
mice, and thereby associate such non-genetic variation with a subsequent
phenotypic presentation - degree of seizure response to the pro-convulsant
pentylenetetrazol. We show that recorded differences in enhancer activity at
243 loci predict a severe vs. mild response, and that these are enriched near
genes associated with human epilepsy. We also validated pharmacologically a
seizure-modifying role for two previously unassociated genes, Htr1f and Let7c.
This proof-of-principle supports using CC broadly to discover predisposition
loci for other neuropsychiatric traits and behaviors. Finally, as human disease
is also influenced by non-genetic factors, similar epigenetic predispositions are
possible in humans.

Neuropsychiatric disease risk, while heavily impacted by genetic
makeup, is also influenced by non-genetic factors during develop-
ment. For example, unique epigenetic states may be established early
in life in response to factors such as environmental exposures (e.g.,
infections, head traumas) or psychosocial background, causing some
cells in the body to activate specific sets of enhancers. Thus, inter-
individual differences could be attributed partially to naturally-
occurring variation in enhancer states across the population. This
variation could contribute to brain disorders like epilepsy, which can
have variable presentation even between identical twins' . However, a
substantial challenge in studying any kind of epigenetic risk factors is

disentangling pre-existing molecular states from those occurring as a
consequence of an experimental manipulation or the disease itself.
Overcoming this challenge would represent an important milestone,
as connecting non-genetic variation to stochastic differences in pre-
existing enhancer states could help identify novel mediators of seizure
propensity or other naturally variable neuropsychiatric disease traits.

Epilepsy affects 46 million individuals worldwide and is char-
acterized by unprovoked, recurrent seizures that can be highly vari-
able in onset, frequency, duration, or intensity*”. Human genome-wide
association studies (GWAS) have identified many inherited risk factors
for epilepsy. Many monogenic forms are causally linked to loss- or
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gain-of-function mutations in proteins influencing membrane excit-
ability, such as SCNIA or GABRAI®. Furthermore, other GWAS impli-
cated genes like BCLIIA or RORB are transcription factors that
influence neuron development and identity, rather than membrane
excitability’®, and many gene variants that cause neurodevelopmental
disorders or intellectual disability (ID) broadly also exhibit comorbid
epilepsy’. Nevertheless, even among individuals with the same muta-
tion, seizure frequency and intensity can vary substantially, suggesting
other processes influence risk. Indeed, it is well-established that non-
genetic factors such as traumatic brain injury or stroke also increase
risk for developing seizures, and in some at-risk individuals, stress,
alcohol consumption, or sleep deprivation can trigger an episode'.
These lines of evidence argue that non-genetic risk factors arising
stochastically during typical neurodevelopment, or that are uniquely
acquired, may also influence seizure risk.

Variability in neuropsychiatric phenotypes influenced by non-
genetic factors also exists in animals. For example, mouse models of
acute seizure (e.g., induction with GABA-A receptor antagonist pen-
tylenetetrazol; PTZ), result in a range of seizure responses even in
effectively isogenic mice". Specifically, while most mice with identical
genetic backgrounds experience generalized tonic-clonic activity,
some only exhibit mild freezing while others proceed to death. We
hypothesize that this natural variability in presentation might be due
to stochastic variation in pre-existing epigenetic states established
during brain development. We therefore posited that PTZ induction in
naive mice might represent a model system to examine 1) whether
such pre-existing molecular states can influence subsequent pheno-
type or presentation, and 2) if so, to identify naturally-occurring sus-
ceptibility factors from such molecular states.

However, most methods of assessing molecular state, such as
RNA-seq or ChIP-seq, are destructive, and can therefore only provide a
snapshot of the molecular state at the time of sacrifice. They cannot,
therefore, be used to connect pre-existing cellular states to behavioral
outcomes®. Indeed, several studies using such methods have investi-
gated global epigenetic changes such as genome-wide DNA
methylation™, transcription factor'** and modified histone” bind-
ing, chromatin accessibility and conformation'®, following seizure
induction. However, the prior states that influenced these changes
remain unknown. Calling Cards (CC) is a transposon-transposase
based technology that can create a permanent record of one such
molecular state: transient transcription factor-DNA interactions? %,
The crux of CC is a self-reporting transposon that is directed to a
genomic locus by the transposase hyperPiggyBac, which has a natural
affinity for BRD4 binding sites in the genome. BRD4 is a histone acet-
ylation reader that preferentially binds at active enhancers and pro-
moters; increased levels of BRD4 binding often predict increased gene
expression®?, The transposase-DNA interaction results in a donor
transposon insertion at a TTAA site at that locus, serving as a perma-
nent record (a “calling card”) of nearby BRD4 binding that can be read
out through targeted sequencing after sacrifice. Unlike epigenetic
profiling tools like ChIP-seq or ATAC-seq, CC can record cumulative
enhancer activity across extended time windows (i.e., across devel-
opment prior to PTZ injection). Because CC insertion and subsequent
transposon reporter expression requires relatively long time windows
(24-48 h), minimal recording of molecular state occurs in the few
minutes between PTZ injection and seizure (in contrast to rapid RNA
induction of immediate early genes like c-fos). Therefore, CC could
circumvent the chief challenge of disentangling pre-existing molecular
states from those occurring as a consequence of seizure induction. If
so, then CC could be applied broadly to understanding variability in
many other neurological diseases or behaviors beyond acute seizure
induction (Fig. 1).

Here, we examined whether such a pre-recorded epigenetic
status can predict future seizure susceptibility. We implemented
neuron-specific CC in inbred, isogenic mice immediately after birth

to record cumulative BRD4 binding events through one month of
age. We then induced acute seizures and sacrificed animals after
15min of treatment. Next, we stratified mice based on seizure
responses and tested for differential CC transposon insertions
between severe vs. mild seizure responders. We identified numerous
loci with pre-existing enhancer activity differences between these
groups. Further, these putative enhancer sites mapped near known
epilepsy risk genes, and susceptibility loci were enriched for genes
influencing neurodevelopmental maturity. Finally, we implemented
pharmacological methods to support the identification of two pre-
viously understudied seizure-modifying genes from our dataset. This
work supports the hypothesis that pre-existing molecular states that
affect novel or established epilepsy pathways can influence seizure
susceptibility. Our study thus provides a template for examining
antecedent epigenetic and molecular states for various other neu-
ropsychiatric diseases and traits.

Results

Recording pre-seizure Calling Cards profiles in a pharmacolo-
gical model of acute seizures

Studies in mice have shown that there is substantial variability in
seizure susceptibility across genetically identical individuals”°.
Therefore, we sought to record pre-existing variation in enhancer
activity and correlate inter-individual difference in activity with
seizure severity in a PTZ-induced acute seizure model in isogenic mice.
We delivered conditionally expressed (FLEX, Front Flip), AAV
Calling Cards viral vectors (Fig. 1A) to the cortices of a cohort of PO-1
mouse pups of the Synl::Cre genotype. These CC reagents record
the binding of BRD4, an epigenetic factor which marks active enhancer
regions**2, The FLEX system with neuronal (Synl) Cre ensures
recording occurs in neurons and limits the background contribution
from other cells. At P28, after recording pre-seizure CC occupancy
profiles in each animal, mice were administered acute seizures
through intraperitoneal injection of the GABA-A receptor antagonist
PTZ at 65mg/kg. Mice were observed for 15min and were then
immediately euthanized, reasoning 15 min would allow insufficient
time for any seizure-related CC insertions and expression (especially
relative to the 4 weeks of recording that have already occurred), while
allowing long enough to stratify seizure responses. Cortical tissues
were then collected for CC analysis (Fig. 2A). Seizures were scored
based on a modified Racine scale, ranging from 1 (immobility) to 5
(generalized tonic-clonic seizure) to 8 (death). We therefore trichoto-
mized animals by seizure scores into mild (score 1-4), moderate (score
5), or severe (score 6-8) (Table 1). Of the 32 mice tested, 12 were mild
responders, 9 were moderate, and 11 were severe (Fig. 2B, Supple-
mentary Data 1). Multiple regression analysis revealed that seizure
scores were not related to factors such as sex or weight, likely due to
our controlling for weight with dosing (Supplementary Fig. S1A, B,
Supplementary Data 1).

To confirm that our CC recordings were not influenced by the
15-min seizure, we investigated the dynamics of transposon
hopping (transposition) in a simplified in vitro system. For this,
we used the BrokenHeart (BH) transposon construct, in which the
DsRed coding sequence is interrupted by a donor transposon.
PiggyBac (PB) transposase activity removes the donor transposon
from the construct and inserts it into the genome, leaving an
intact DsRed sequence (Supplementary Fig. S2A). An N2A cell line,
engineered to be constitutively expressing PB, was electro-
porated with BH plasmid and collected for lysis on a time course
starting at 15min following electroporation (Supplementary
Fig. S2B). Transposition was detectable beginning 2-5 h following
electroporation with BH (Supplementary Fig. S2C, D). Therefore,
a 15min seizure would not allow sufficient time for hopping.
Furthermore, this simplified system represents the fastest sce-
nario for transposition, because the PB enzyme is already present.
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Fig. 1| Paradigm for using Calling Cards to identify genomic loci associated
with behavioral outcomes. A Frontflip hyperPiggyBac (hyPB) transposase (top)
and barcoded self-reporting transposon (SRT) (bottom) constructs. ITR, inverted-
terminal repeat. SD splice donor, SA splice acceptor, LTR long-terminal repeat, bc
barcode. B Unfused hyPB transposase naturally interacts with BRD4 and directs
donor transposons to enhancer sites, as marked by histone 3 (H3) acetylation (Ac).
C A self-reporting transposon (red box) is inserted into the genome that reports its
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genomic locus via transcription. D Over days to weeks, SRTs are inserted across the
genome. E Approach to use Calling Cards to connect pre-existing epigenetic states
with behavioral variability in order to identify novel disease mechanisms, ther-
apeutic targets, and epigenetic risk loci. Insertion of CC transposons are denoted
by the presence of red transposon boxes into the genome. A-E Created in BioR-
ender. Dougherty, J. (2025). https://biorender.com/brst9u3. Schoch, K. (2025).
https://biorender.com/tw2kqal. Schoch, K. (2025). https://biorender.com/69p9l0u.

Furthermore, unlike with SRTs, new transcription is not required
for measurement of transposition in this system, as we are only
measuring excision of the transposon from the donor construct.
For the in vivo CC using self-reporting transposons, this step is
followed by insertion of the transposon into the genome and
transcription of the transposon. The additional time required for
these steps would further preclude the detection of new CC
insertions deposited during seizure that could influence the
recording profiles. Therefore, we are confident that our in vivo CC
will measure only pre-existing enhancer profiles.

Calling Cards identifies enhancer loci related to later seizure
responses

To test whether epigenetic enhancer activity (indicated by BRD4-
directed CC insertions) might predict seizure severity, we sought to
compare CC profiles between mice that experienced mild or severe
responses. We hypothesized that the stochastic distribution in seizure
presentation would be matched by stochastic differences at the
molecular level. Therefore, we expected that mice with moderate
responses would appear as an intermediate state that incorporates
both susceptibility and resistance molecular phenotypes. Therefore, a
primary comparison between the mild (-1/3) and the severe (-1/3)
groups would optimize our chance of detecting susceptibility/resis-
tance states. To do this, we prepared and sequenced CC libraries from
all mild (12) and severe (11) responders to recover CC insertions. To
increase our sensitivity to detect unique insertions, libraries were
prepared from separate tissue fragments of each cortex (up to six per
animal). We selected the cortex for analysis because the cortex is
quickly activated following intraperitoneal PTZ administration in
rodents®. CC enhancer profiles were generally very similar across

animals (Supplementary Fig. S3A, B). Animals passing QC metrics
(methods) were included for downstream analysis, leaving 10 mice per
group. As expected, we found that insertions were distributed across
the genome (Supplementary Fig. S3C) and could not be attributed to
any one mouse (Supplementary Fig. S3D). We used peak calling to
define regions of enriched insertion density, for a total of 16,872 peaks
(Supplementary Data 2). We expected that these peaks should include
known enhancer sites. Indeed, peaks were located predominantly
within intergenic regions and introns, rather than promoters, as would
be expected (Supplementary Fig. S3E). Furthermore, overlaying CC
peaks with ChIP-seq datasets of histone modifications from developing
mouse forebrain® revealed strong enrichment of active enhancer-
associated marks H3K27ac (Fig. 3A, B, Supplementary Fig. S3F, I) and
H3K4mel (Supplementary Fig. S3G, I), but not of repressive mark
H3K27me3 (Supplementary Fig. S3H, I), as expected from prior work
establishing the AAV CC system®. CC peak centers had 2.6-fold
enrichment over flanking regions for H3K27ac (p = 0), 1.5-fold enrich-
ment for H3K4mel (p = 0), and no enrichment for H3K27me3 (p = 0.13)
(Supplementary Fig. S3J). This enrichment was specific to CC peaks, as
shifting the peak coordinates by 20 kb resulted in loss of this enrich-
ment (Supplementary Fig. S3F-H).

To test the hypothesis that there might be loci whose develop-
mental epigenetic activity predicts later seizure presentation, we
compared the number of insertions falling within each peak between
mild and severe responders using Fisher’s exact test. We expected this
categorical distinction between mild and severe to provide high sen-
sitivity to detect differences related to seizure score. After Benjamini-
Hocherberg correction, we observed 110 regions enriched for CC
binding in mild-responding animals and 133 for severe responders
(Fig. 3C and Supplementary Data 2).
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A Experimental paradigm of recording molecular states from postnatal day (P)0 to
P28 prior to seizure with Calling Cards. Created in BioRender. Schoch, K. (2025)
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Racine scale after pentylenetetrazol (PTZ) injection. Categorization for seizure
severity into mild, moderate, or severe responses are indicated by teal, gray, or
purple respectively.

We next annotated peaks with nearby genes and plotted the
directionality of peaks toward mild or severe responders. As an
example, we found relative enrichment in CC insertions around the
Ramac/Homer2 gene in mild animals (Fig. 3D). Similarly, we observed
heavy enrichment of CC insertions in peaks around Zici/Zic4 in the
severe-response mice, with seven peaks reaching significance (Fig. 3E).
Among the strongest enrichment in mild responders occurred around
Htrif and Heatr3, and Sall3 and Bche for severe. We found enrichment
near both coding and non-coding genes, such as the microRNA
MirLet7c-1. Next, we conducted a posthoc analysis on these peaks
showing categorical differences to examine whether the magnitude of
change in enhancer utilization is also sometimes linearly correlated
with seizure severity across animals. This complementary analysis
would allow us to explore the quantitative relationship between sei-
zure score and enhancer usage. Overall, within the set of mild or
severe-related peaks, we found 15 sites that were significantly corre-
lated with seizure score (Supplementary Data 2). Insertions near
Gabrbl/Gabra4, Ahcyll, Ramac/Homer2, Ptprk/Themis, Anol0, Kctd16/
Pabpc2, and Mfap5/Aicda were negatively correlated with seizure score
(Gabrbl/Gabra4 and Ramac/Homer2 shown in Fig. 3F, G). Insertions
near Kcncl, Manlia, Ifitm7, Nr2f2, Nyap2/Dock10, Sncaip/Zfp474, Lnpl/
Tmem45a, and Snhgl4/Snrpn were positively correlated with sei-
zure score (Kcncl and Manla shown in Fig. 3H, I). Notably, insertion
numbers from strongly enriched genes like Ramac/Homer2 negatively
correlated with numerical seizure score (p=-0.71, p=0.02), while
others like Zicl/Zic4 did not show strong correlation (p = 0.14, p > 0.3).
These results provide evidence for a subset of peaks having a dose-
dependent relationship between enhancer occupancy and seizure
outcomes.

To ensure that the differential peaks we discovered represented
robust epigenetic differences related to seizure vulnerability and not
mere individual differences, we shuffled the comparison groups 50
times to comprise animals with mixed seizure severity scores and
performed the same peak calling and differential analysis. Indeed, the
number and proportion of differential peaks we observed in our
dataset (1.44%) were significantly higher than those observed in 49/
50 shuffled arrangements (mean 0.44%, st. dev. 0.35%, p=0.02),
indicating there is a biological coherence to these group assignments
that was better than chance (Supplementary Fig. S4A). This suggests a
substantial proportion of the 243 differentially bound regions we
identified represented pre-existing variation in BRD4 binding that was
predictive of later seizure severity. Furthermore, to determine the
sensitivity of our CC approach to discovering differential peaks, we
downsampled our dataset of insertion profiles to various percentages
to reflect reduced sample sizes and quantified the number of differ-
ential peaks retained from the full dataset. Interestingly, while the
number of differential peaks showed a relatively linear relationship

Table 1| Scoring of seizure responses and division into mild,
moderate, and severe seizures

Category Score Behavior
Mild seizure (o] Normal
1 Immobility
2 Twitching or trembling
3 Tail extension
4 Forelimb clonus
Moderate seizure 5 Generalized clonic activity
Severe seizure 6 Jumping and running
7 Full tonic extension
8 Death

Using a modified Racine scale, responses to PTZ are scored from O to 8, spanning “normal”
behavior to “generalized clonic activity” to “death”.

with downsampling percentage, we did observe a plateau in the
number of differential peaks significantly correlated to seizure score
when downsampled to 80% (Supplementary Fig. S4B). Taken together,
these results suggest that our analysis has high specificity (so that most
of the differentially bound peaks we identified are likely bona fide) and
reasonable sensitivity at this power.

Genes associated with seizure responses are associated with
neurodevelopment and epilepsy
If pre-existing variation in neuronal enhancer activity predicts seizure
severity, then genes near differentially active enhancers should be
enriched for neurodevelopmental pathways and genes previously
implicated in seizure disorders. We performed Gene Ontology (GO) for
mild-response genes or severe-response genes against a background
list consisting of all genes annotated near CC peaks. (We note that
because only Syni-Cre positive cells (neurons) had transposase activity,
all loci should be from neurons). Surprisingly, even against this back-
ground of neuron loci, we found enrichment of multiple neurodeve-
lopmental pathways in the severe-response genes, but not in mild-
response genes. For example, enriched processes associated with
severe genes included “generation of neurons” and “neuron differ-
entiation” (Fig. 4A). Interestingly, severe-associated genes were also
enriched for “L-glutamate transmembrane transporter activity,” such
as transporters (Slcla”, Slc7all) and receptors (GrmlI) (Fig. 4A). These
suggest severe responders might carry a greater proportion of neu-
rons in a more neurodevelopmentally immature state and/or might
have cell populations more polarized towards excitatory neurons.
We were specifically interested in whether genes from either list
were enriched with established epilepsy genes, either related to
monogenic forms of epilepsy or identified as a risk factor in common
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Fig. 3 | Enhancer usage near hundreds of genes associates with seizure severity.
A Representative genome browser track depicting number of insertions, insertion
density, peaks annotated by CC pipeline, and H3K27ac ChIP-seq density from PO
mouse forebrain (ENCODE) around the Snx10 and Skap2 loci (chré:
51500K-51900K). Insertions enriched in mild or severe responses are separated,
and annotated peaks represent genomic locations with strong density across
responders. The H3K27ac track demonstrates a presence of established enhancer
sites near peaks. B Enrichment plot (top) and heatmap (bottom) of H3K27ac ChIP-
seq (same as A) relative enrichment, quantified as fold change over ChIP-seq con-
trol, centered on CC peaks. C Volcano plot depicting log2 fold enrichment (x-axis)

and adjusted p-values (y-axis) of differential peaks between mild (teal) and severe
responders (purple) using Fisher’s exact test with Benjamini-Hochberg correction.
Peaks are annotated with nearby genes. D Genome browser track for representative
peak around Ramac/Homer2 (chr7:81775773-81779508) depicting differential
enrichment of mild insertions. E Genome browser track for multiple representative
peaks around Zicl/Zic4 (chr9:91355K-91450K) depicting differential enrichment of
severe insertions. F-1 Two-sided Spearman correlations between individual animal
seizure scores and insertion counts at loci near (F) Gabrbl/Gabra4 (Spearman
p=-0.73, p=0.02), G Ramac/Homer2 (p =-0.71, p=0.02), H Manla (p=0.81,
p=0.004), and I Kcncl (p=0.72, p=0.02).

variant genome-wide association studies. This would be consistent
with a model where slight epigenetic variations in activities across
numerous established epilepsy genes could summate to alter risk. To
measure enrichment for known epilepsy genes, we tested our sig-
nificant mild and severe gene sets for the number of overlaps with
known epilepsy gene lists, and compared this to an expected

distribution of overlaps. We used permutation testing to generate the
expected distributions of overlap using sets of all genes identified by
CC peaks to control for the neuronal bias inherent in genes drawn from
neuronal CC peaks. As a negative control, we also included lists of
genes implicated in cancer, hypertension, and rheumatoid arthritis.
Prevention Genetics clinical panels include a list of seizure and
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Fig. 4 | Seizure response-related genes are enriched in neurodevelopmental
genes and linked with human risk for seizure disorders. A Gene Ontology
enrichment for severe genes. Representative genes are annotated for “L-glutamate
transmembrane transport” and “neuron migration” processes. Graph shows
loglO(p-values) after Benjamini-Hochberg false discovery rate (FDR) correction.
Distribution of expected gene overlaps between CC genes identified for mild (B),
severe (C), or both (D) and comprehensive epilepsy/disease genes list from Pre-
vention Genetics (PG) (list = 1481 genes) using permutation testing. Observed
overlap between significant gene sets indicated by black dashed line. E Distribution

of expected gene overlaps between CC genes identified for both response groups
(mild and severe) and comprehensive epilepsy/disease genes list from Zhang et al.
2024 (list = 2945 genes). F Distribution of expected gene overlaps between CC
genes identified for both response groups and gene list associated with cancer
(list = 1164 genes). G Heatmap summary of z-scores (left, red-blue spectrum) and p-
values (right, magenta-green spectrum) for overlap analysis between seizure
response-associated genes with epilepsy, neuropsychiatric disease, and other gene
lists (not adjusted for multiple comparisons). The gray dotted line marks p <0.05.

epilepsy genes for which seizures are a major clinical feature (Sup-
plementary Fig. SSF-H), as well as a comprehensive list of seizure-and
epilepsy-associated genes (Fig. 4B-D). We found that of the 326 mild
genes, 8 were associated with monogenic epilepsy (z-score 0.42,
p=0.3888) (Supplementary Fig. S5F), and 37 with broader epilepsy
associations (z-score 2.26, p = 0.0187) (Fig. 4B). Among the 381 severe
genes, 15 were associated with monogenic epilepsy (z-score 2.48,
p=0.0152) (Supplementary Fig. S5G), and 47 with broader epilepsy
associations (z-score 3.17, p = 0.0023) (Fig. 4C). A recently updated list
of seizure genes® includes and categorizes genes related to epilepsy

with varying levels of clinical evidence, ranging from monogenic forms
of epilepsy to potentially-associated genes (Supplementary Fig. SSA-E,
Fig. 4E). Of the mild genes, 5 overlapped with monogenic epilepsy
genes (z-score 1.17, p = 0.1828) (Supplementary Fig. S5C). Of the severe
genes, 6 overlapped with monogenic epilepsy genes (z-score 1.35,
p=0.1404) (Supplementary Fig. S3D). In total, 129 genes from both
mild and severe groups (686) overlapped with the list of all epilepsy
genes (z-score 2.85, p = 0.003) (Fig. 4E). Owing to a similar etiology, we
expected to observe overlap with other neurodevelopmental dis-
orders. Indeed, mild and severe genes each showed strong overlap
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with autism genes™ (35 for mild, z-score 3.2, p = 0.0017; 44 for severe,
z-score 4.08, p=0.0001) (Supplementary Fig. S5I1-K) and intellectual
disability genes® (44 for mild, z-score 2.71, p=0.0057; 51 for severe,
z-score 2.89, p=0.003) (Supplementary Fig. SSL-N). As expected, the
overlap with genes for cancer”*® (22 mild, z-score 0.62, p=0.2958;
20 severe, z-score —0.59, p=0.754) and other less related diseases
(hypertension®, rheumatoid arthritis*°) across both response groups
was not significantly different from other genes nearby to CC peaks
(Fig. 4F, Supplementary Fig. S6). Even the overlap with Parkinson’s
disease genes* (5 mild, z-score 0.97, p=0.2329; 6 severe, z-score 1.13,
p=0.1899) did not significantly differ from that of other CC genes
(Supplementary Fig. S50-Q), despite its being a neurological disease,
potentially due to its neurodegenerative rather than neurodevelop-
mental etiology. Overall, our analysis indicates there is significant
overlap between the epigenetic risk loci defined here and previously
defined genetic risk loci.

Manipulation of seizure-response genes modifies seizure sever-
ity or latency

While there was significant overlap with known epilepsy genes, most
CC implicated loci did not contain known epilepsy genes. Therefore,
we predicted that these seizure response-related genes might repre-
sent previously uncharacterized pathways influencing seizure activity,
and further, targetable pathways for future therapeutic leads. We
screened the list of target genes for those that had small molecule
antagonists or agonists using the Gene Drug Interactive Database. We
found 56 such genes that had an interaction score of at least 10,
representing likely target engagement (Supplementary Data 3). Owing
to the availability of highly-selective, blood-brain barrier penetrant
agonists, we selected HtrIf, which encodes the serotonin receptor 1f,
for further study. Additionally, we had previously developed an anti-
sense oligonucleotide (ASO) inhibitor for another potential target non-
coding microRNA Mirlet7c-1 that can be delivered safely to the central
nervous system. A peak at Htrlf was enriched in mild responders (mild/
severe log2FC of 1.96), and two peaks at Mirlet7c-1 were modestly
enriched in severe responders (log2FC 0.59 and 0.16; Fig. 3C, Sup-
plementary Fig. S7, and Supplementary Data 2). Notably, neither HTRIF
nor MIRLET7C has any existing ties to epilepsy disorders.

Htrif encodes the serotonin receptor 1F, which is an inhibitory
G-protein coupled receptor, and its most abundant expression in
the central nervous system is in the retina and cortex'%. To evaluate
whether HTRIF activity can influence seizure responses, we delivered
to P28 wildtype mice either vehicle or 8 mg/kg HTRIF agonist
LY344864 by intraperitoneal injection for 3 days, then administered
PTZ (Fig. 5A). LY344864 is a highly selective serotonin receptor 1F
agonist that can cross the blood-brain barrier****, We evaluated both
the maximal seizure score and the latencies for each mouse to achieve
a given score. LY344864 did not influence seizure score, but sig-
nificantly extended time until mice experienced seizure responses
(Fig. 5B). The first response, usually represented by freezing or
immobility behavior, was delayed by 25s (median) (Fig. 5C). Score 3,
which is marked by a “tail pop”, trended to a delay of 30 s (Fig. 5D).
Score 5, which is the onset of a generalized tonic-clonic seizure, was
delayed by 180 s (Fig. 5E).

Let-7c is a member of the Let-7 miRNA family, which share an
identical seed sequence for target binding. Let-7 miRNAs are widely-
expressed throughout the brain and suppress hundreds of target
mRNAs, including those influencing neuronal synaptic development™®.,
To evaluate whether Let-7 inhibition could influence seizures, we
delivered an ASO to neutralize Let-7 miRNAs by intracerebroven-
tricular injection to 3 month old mice, an age at which ASOs can be
administered ICV easily (Fig. 5A). After one month, we administered
PTZ and recorded seizure responses. Let-7 inhibition worsened seizure
score and hastened the first response by 22.5 s with a trend to delaying
score 3 by 17.5 s (Fig. SF-I).

Discussion

CC provides a unique opportunity to record prior enhancer status for
future readout. Using CC, we sought to evaluate if PTZ-seizure severity
can be predicted by antecedent molecular states. We found activity at
243 genomic loci that distinguished mild from seizure responders, and
upon mapping these sites to nearby genes, we observed an enrichment
with neurodevelopmental pathways and epilepsy risk genes. For a
subset of 15 of these, antecedent enhancer activity was linearly related
to later seizure severity. Finally, we demonstrated the utility of this
strategy to identify seizure-related targets by pharmacologically
manipulating activity of two genes in these loci, Herlf and Mirlet7c-1.
Our results support the hypothesis that epigenetic risk factors during
neurodevelopment can influence seizure vulnerability, and broadly
that CC may be used to probe antecedent events related to non-
genetic risk factors for a variety of outcomes. While our strategy
focused on using BRD4 binding as a proxy for enhancer usage events,
the non-genetic factors that contribute to seizure susceptibility likely
encompass a myriad of other epigenetic changes such as DNA
methylation and histone modifications. By fusing the transposase to
transcription factors or chromatin binding proteins, the CC method
could be used in future studies to correlate other types of pre-existing
epigenetic changes with behavioral outcomes.

Our data suggest that natural variation in epilepsy risk can arise
from stochastic trajectories that are enacted postnatally and that are
tuned across early development. We note that the term ‘epigenetics’
classically encompasses a range of non-genetic influences*. For
example, one could hypothesize differences in either cell proportions
or in cell states could explain some of the observed CC differences
related to seizure vulnerability. Consistent with the first hypothesis, we
found enrichment with specific neuronal markers, such as Bclllb
(Citp2) and Sox2 in severe and Pou3f3 (Brnl) and Pou3f2 (Brn2) in mild
responders*’. This observation hints that differences in proportions of
cells, such as in numbers of Brnl/Brn2 + (Layer 2-4 excitatory neurons)
or Ctip2+(Layer 5 excitatory) neurons, arising during development
could be a contributing factor to seizure responses. Another example
was the enrichment of “glutamate signaling” in GO for severe-response
genes. This might suggest greater abundance of excitatory neurons,
whereas the enrichment of insertions near GABA receptor subunits
(Gabra4, Gabrbl, Kcdt16) and transporters (Slc6al and Slcéall) in the
mild group might suggest enrichment with inhibitory neurons. On the
other hand, epigenetic differences could also reflect cellular states,
circuit wiring, or of course, the more recent definition of epigenetics
meaning chromatin states. Indeed, the presence of GABA receptor
subunits could reflect differences of excitability in each cell, rather
than differences in cell proportions. Future studies implementing a
single-cell Calling Cards approach may help distinguish these possi-
bilities. Nonetheless, our current analysis did still identify key path-
ways with seizure modifying activity.

The precise timing of when the differential enhancer usage
occurred also remains elusive. Because CC records continuously from
delivery (PO-P1)~, epigenetic differences could either be attributed to
trajectory over development or the matured state at sacrifice. Even
within development, our recording window from PO to P28 covers the
periods of synaptogenesis, synaptic pruning, gliogenesis, pro-
grammed cell death, and myelination***°-any of which could have
influenced seizure vulnerability. These questions motivate the need for
inducible CC systems to enable temporal control of recording during
desired windows. Such systems would also allow for examination of
non-genetic factors contributing to a range of phenotypes presenting
on longer time scales.

Nonetheless, we found interesting loci that may act epigenetically
to influence seizure propensity. Most known genetic forms of epilepsy
are related to gain or loss of function mutations in a single gene. We
predicted that slight differences in activity of these genes might be
associated with increased epilepsy risk. Indeed, mild responses were
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Fig. 5 | Pharmacological manipulation of seizure associated genes influences
seizure responses. A Paradigm for treatment of mice with HTRIF agonist
LY344864 or Let-7 antagonist (antisense oligonucleotide [ASO]) and subsequent
administration of PTZ to characterize seizure responses. Created in BioRender.
Schoch, K. (2025) https://biorender.com/y53fyfl. B Mice were treated with HTR1F
agonist or dimethyl sulfoxide (DMSO) vehicle for 3 days at P28 by daily intraper-
itoneal injection and responses to seizure induction were characterized. Seizure
scores were plotted between control treatment versus LY344864 (n=12,12; two-
tailed Mann-Whitney p = 0.5466). Cumulative distribution demonstrating time in
seconds between administration of PTZ and onset of C first response (n=12, 12;

2-way ANOVA; p=0.06), D score 3 (n=11,12), E or score 5 (n=10, 11; p=0.02).
Source data are provided as a Source Data file. F Female mice were treated with Let-
7 ASO or scramble ASO control for 4 weeks from 3 months of age by intracer-
ebroventricular injection, and responses to seizure induction were characterized.
Seizure scores were plotted between scramble ASO sequence and Let-7 ASO
(n=12,12; two-tailed Mann-Whitney p = 0.0474). G-I Survival curves demonstrat-
ing time in seconds between administration of PTZ and onset of G first response
(n=12,12; 2-way ANOVA, p=0.003), H score 3 (n=11, 12; p=0.06), I or score 5
(n=6,10). Error bars in (B, F) represent SEM.

linked with CC activity near epilepsy genes like Gabrbl and Slcé6al, for
example. Severe responses had greater CC activity near genes such as
Chd2 and Kcncl. Compared to established, clinically-used panels of
epilepsy genes (Prevention Genetics and®), we found strong enrich-
ment across both mild and severe genes. This suggests the epigenetic
signatures detected by CC might act in either direction; indeed, BRD4
can act as either a repressor or activator, depending on the
context®2,

Polygenic risk for epilepsy has been explored in GWAS mega-
analyses from The International League Against Epilepsy Consortium
on Complex Epilepsies, and we might expect the CC-tagged risk
might also overlap with such common genetic risk. Genome-wide

mega-analyses in 2018 and 2023 have respectively identified 16 and
26 risk loci related to various epilepsy subtypes’®. Of the five loci
associated with all forms of epilepsy in their analyses, three were linked
with seizure response in our analysis: VRK2/FANCL (mapped to BCL11A,
severe), RORB (mild), and HEATR3 (mild). Of those linked with gen-
eralized epilepsy, six sites associated with seizure response: POU3F3,
PTPRK, PCDH7, COX7B2/GABRA4 (mapped to GABRA2), GRIKI, and
ACVRLI/ACVRLIB (mapped to SCN8A). The locus including VRK2/
FANCL/BCLIIA has been strongly associated with epilepsy risk, and its
mapping to VRK2 or BCL1IA has not been clear®*>. An interesting
observation in our results is the identification of their homologs Vrk1
and Bcll1b as both in loci associated with seizure response, despite
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being in distinct loci. If both can influence severity, this suggests the
human locus’s association may be driven by both genes. Collectively,
our data argue that slight variations in activity at both established
monogenic epilepsy genes and common variant associated loci occur
stochastically, and these variations during neurodevelopment might
be predictive of future risk.

We also hypothesized that previously unassociated genes could
suggest unexplored mechanisms contributing to epilepsy, or targets
for therapeutic intervention. One intriguing example in our dataset
with strong enrichment in severe-responders was the ZIC family (Zicl,
Zic2, Zic4, and Zic5). The genomic locus that contains ZicI and Zic4 had
seven significant peaks, and the region containing Zic2 and Zic5 had
five peaks. Although the ZIC loci did not show a quantitative rela-
tionship with seizure score across the full set of mice, the increased CC
activity of ZIC loci seen in a subset of severe mice might represent loci
with a critical point in which even small changes in enhancer activity
can elicit larger effects on seizure vulnerability, or where a locus has
potential to have a strong effect in individual animals, but is only
perturbed infrequently across the population of animals. ZICs are zinc-
finger proteins and transcriptional activators that direct neural pro-
genitor proliferation in neurodevelopment™. Deficiency of ZIC1/ZIC4
proteins result in Dandy-Walker formation, which involves cerebellar
hypoplasia and delayed motor and cognitive development. Loss of
ZIC2 results in holoprosencephaly in humans and disrupted cortical
lamination in mouse models. In later development, ZIC proteins
influence neuronal migration and axon refinement, both of which
could modify seizure propensities. For example, ZIC2 may regulate
Cajal-Retzius cell migration® through control of tyrosine kinase
receptor EphBI1 expression. The ZIC family may influence seizure sus-
ceptibility through its transcriptional regulation of genes involved in
synaptic control, such as Camk2a®, the serotonin transporter Slcé6a4
(SERT)¥, and the D1 dopamine receptor DRDI®. Given the presence of
multiple peaks in our dataset, we suspect ZIC proteins might them-
selves represent epilepsy genes and anti-seizure targets, but as yet, no
pharmacological agent for this family is available.

Most current anti-epileptic drugs operate by subduing neuronal
excitability, for example by inhibiting sodium channels or aug-
menting GABAergic signaling®, so we sought to evaluate other
mechanisms contributing to seizure activity. One gene target iden-
tified from our dataset that has established pharmacological tools
was the serotonin receptor 1F (Htr1f). HTRIF is an inhibitory G-
protein-coupled receptor that responds to serotonin but has rela-
tively unknown functions. While agonism of HTRIF with LY344864
produced modest seizure-modifying activity in our assay, we predict
that further development may yield a promising anti-epileptic. The
non-coding microRNA Let-7 was also an intriguing target, owing to
the presence of two severe-associated peaks near the Mirlet7c-1
genomic locus. We found that inhibiting Let-7 activity worsened
seizure responses, validating its contribution to seizure activity.
While Let-7 is not an established epilepsy target, this microRNA
regulates many genes controlling neuronal excitability, including
MECP2%, BDNF*°, and multiple autophagy related genes®, which may
contribute to effects seen. We do note that the effect size of these
two manipulations was not nearly as strong as current treatments for
epilepsy like diazepam: when tested in a similar paradigm, pretreat-
ment of diazepam completely blocked PTZ-induced convulsions in 7/
7 mice, rather than simply modifying onset time®’. Notably, our
Calling Cards analysis did identify the GABA receptor locus (i.e., the
targets of diazepam) as associated with seizure severity.

Therefore, we anticipate that further exploring previously
understudied pathways could also inspire additional therapies for
epilepsy once tools to manipulate these pathways have been devel-
oped. Overall, epigenetic risk factors such as those suggested here
might yield novel drug targets or adjuvants for existing therapies
providing untapped strategies to affect disease. However, these need

to be first thoroughly tested in preclinical models of chronic epilepsy
before advancing towards the clinic.

Beyond epilepsy, an individual's outcomes or risk for neu-
ropsychiatric diseases like Alzheimer’s disease or major depression
hinge on natural variation. In these circumstances, epigenetic varia-
bility might manifest in an individual’s unique presentation, disease
course, or response to therapy. In behavioral neuroscience, this
variability might be modeled in “learners” or “non-learners” in social
operant tasks that might stratify mice based on social motivation®?, or
distinguish mice that respond to social defeat stress with longer term
depressive like behavior (vulnerable vs. resilient mice)®*. CC provides
the opportunity to isolate the epigenetic factors in balance during
prodromal states, to reveal what protective pathways support suc-
cessful therapeutic response, or to identify factors that make geneti-
cally identical individual animals respond differently to the same
event. This work should serve as a template for applying this strategy
broadly to reveal mechanisms of disease and targets for therapeutic
intervention.

Methods

In vitro Calling Cards

To investigate the dynamics of transposon hopping, we engineered a
cell line that could constitutively express the PB transposase. To gen-
erate the transposase construct, PB-ERT2 and T2A-GFP inserts were
cloned into the pSMAL backbone. After confirmation of the construct
by sequencing, HEK293T cells were transfected with the PB-ERT2-T2A-
GFP construct (available upon request) to produce lentivirus. Neuro-2a
(N2A) cells were transduced with PB-ERT2-T2A-GFP lentivirus. After
visual confirmation of GFP expression, GFP-positive cells were bulk
sorted to establish a polyclonal stable line.

The N2A parental cell line was obtained from ATCC (cat. no. CCL-
131) and authenticated using ATCC standard procedures including
karyotyping and testing for fungal, bacterial, ectromelia viral, and
mycoplasma contamination. The N2A parental line tested negative for
mycoplasma contamination. The engineered N2A-PB-ERT2-GFP line
was not tested for mycoplasma contamination.

The N2A-PB-ERT2-T2A-GFP cells were cultured in EMEM (Corning
#10-009-CV) +10% fetal bovine serum (Gibco #A56708-01)+1 uM
4-hydroxytamoxifen (4-OHT) (Sigma catalog: H6278-50MG) before
and during the experiment for constitutive expression of PiggyBac
transposase. Three replicate electroporations were performed. For
each, a T-75 flask (6-7 x10° cells) was split and prepared for electro-
poration using the Neon NxT Electroporation System 100uL Kit
(ThermoFisher) following the manufacturer’s instructions. Six pg of
BrokenHeart (BH) transposon plasmid (Addgene: 203394) was elec-
troporated using the following parameters: 1 pulse at 1400 V for 20 ms.
The cells were immediately plated in culture medium into 24-well
plates and collected in technical triplicate at the following timepoints
after electroporation: 15min, 1h, 2h, 5h, 9 h, 24 h, and 48 h. Cell col-
lection occurred by aspirating the culture medium into a 1.5 ml tube,
lifting cells remaining in the well with 0.25% Trypsin-EDTA (Gibco
#25200056), and centrifuging the mixture for 3 min at 500 x g. This
process ensured capture of both adhered and not yet adhered cells to
account for the adherence status at a wide range of timepoints. Fol-
lowing aspiration of the supernatant, cell pellets were frozen until
completion of the time course. Thawed cell pellets were resuspended
and lysed in 25 mM NaOH with 0.2 mM EDTA, pH=12, at 99 °C for
30 min. Following lysis, the lysate was neutralized with 40 mM Tris-
HCI, pH =5.2. Lysates were used as input for PCR amplification of BH
using NEBNext Ultra Il Q5 Master Mix (New England Biolabs #M0544X)
with the following thermal cycling conditions: 98 °C for 30 sec; 35
cycles of 98 °C for 10 sec, 67 °C for 15 sec, and 72 °C for 30 sec; 72 °C
for 2 min. Primer sequences were as follows: DsRed Fwd: 5-CGACTA-
CAAGAAGCTGTCCTTCC-¥, DsRed Rev: 5-GCCCAGAGTCTTCTTCTG-
CAT-3". PCR products were run on a 1.5% agarose gel stained with
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ethidium bromide and imaged on a UVP GelSolo (Analytik Jena). Fiji
was used to quantify band intensities following background
subtraction.

Animals

All practices and procedures using mice were approved by the
Washington University in St. Louis Institutional Animal Care and Use
Committee (protocol numbers 19-0875 and 22-0253) in accordance
with National Institutes of Health (NIH) guidelines. All mice used in this
study were bred and maintained in the Washington University in St.
Louis vivarium, where they were kept on a 12-h light/dark cycle, con-
stant temperature and humidity, and had unlimited access to food and
water. All mice were on a C57BL/6) background from Jackson Labora-
tory (catalog: 000664), and experiments were balanced for sex, except
the Let7 ASO study (see Drug treatment and preparation). SynI-Cre
mice used for implementation of Calling Cards were ordered from
Jackson Laboratory: B6.Cg-Tg(Synl-cre)671)xm/J*° (catalog: 003966)
and were inbred with C57BL/6). Non-transgenic mice were used in drug
studies and were euthanized in their home cage using carbon dioxide.

In vivo Calling Cards constructs, virus production, and
injections

Transposase and donor transposon plasmids were packaged into
AAV9 capsids by the Hope Center Viral Vectors Core at Washington
University School of Medicine. For the donor transposons, we used a
barcoded pool of Self-Reporting Transposons (SRTs) (Addgene:
1000000213). SRTs report their location via RNA transcription and
enable about an order of magnitude more insertions to be recovered
per animal, compared to non-SRT transposons®. Insertions are
recovered following reverse transcription and PCR amplification of the
SRTs in the RNA - and each inserted locus can produce multiple RNA
copies, whereas non-SRTs begin with fewer copies as they are DNA-
based transposons®. The barcoded SRT is a further innovation that
allows us to distinguish insertions at identical genomic locations by
their different barcodes, increasing resolution by a factor of the
number of unique barcodes®. SRTs were co-injected with the ‘Front
Flip’ Cre-dependent Transposase, which cleanly drives activity only in
Cre-expressing cells?. Titers for each virus ranged between 6.8 x 10"
viral genomes/ml. A 1:1 mixture by volume of transposase and donor
transposon viruses was intracranially injected into the cortex of PO-1
Syn1-Cre male and female mice (two sites per hemisphere; 1 pL of viral
mix per site). This injection paradigm results in widespread delivery
throughout the brain®**, though not necessarily evenly within and
between animals. Therefore, QC steps described in the analysis sec-
tions below are performed to ensure sufficient expression of CC
reagents for downstream analysis. Prior to injections, pregnant
females were monitored daily, and newborn pups were injected within
24 h. CC injected pups were not weaned prior to sacrifice at P28.

Seizure induction for Calling Cards and evaluation
Intraperitoneal (i.p.) injection of pentylenetetrazol (PTZ) is the most
well-established method for PTZ-induced seizure induction®. PTZ
delivered by i.p. rapidly enters the brain, typically resulting in epi-
leptiform signs within 1-5 min. Dosing for i.p. PTZ delivery was selec-
ted because a literature-wide review of this approach found that 50% of
mice exhibited generalized tonic-clonic activity (score 5) with a 65 mg/
kg injection®. This dose was selected to achieve sizable groups for
mild (score <5) and severe (score >5).

Mice were injected i.p. with 65 mg/kg PTZ (Sigma catalog: P6500-
25G) and placed in a standard home cage, where they were immedi-
ately evaluated for seizure activity for 15 min while also being recorded
with a video camera. Immediately afterwards, mice were anesthetized
with isoflurane and decapitated. Cortices were extracted, and each
hemi-cortex was dissected into three parts and flash frozen in liquid
nitrogen. For CC libraries, SynI-Cre animals were used at P28; for

validation drug studies, non-transgenic mice were used at either P28 or
at 3 months of age.

A previously defined ‘modified Racine scale’ was used to score
seizure responses during the 15min period of observation™?%%
(Table 1.) For the purposes of this study, we created pre-determined
severity categories to assign scores of 1-4 as “mild” responses; score 5
as “moderate”; and scores 6-8 as “severe.” The time at which each
mouse achieved a score threshold was marked, and the latency from
PTZ injection was calculated for time to “first response”, “score 3” (tail
pop), or “score 5” (generalized tonic clonic activity). Comparisons of
seizure latencies between groups were performed using only mice that
achieved at least that score. Seizures were observed and recorded.
Seizure scoring was performed by a blinded examiner based exclu-
sively on the video recordings.

Calling Cards library preparation and sequencing

Calling Cards protocol proceeded largely as described*. Briefly, RNA
was extracted from cortical tissues according to the manufacturer’s
instructions (Zymo RNA Clean & Concentrator-5 Kit and QIAGEN
RNEasy Plus Mini Kit). SRT sequencing libraries were prepared from
these RNA samples as previously described* and sequenced on the
NovaSeq X Plus platform (Illumina). Multiple cortical pieces (up to six
per animal) were processed separately to further increase our ability to
detect unique insertions even beyond the number of available bar-
codes. Data were then pooled by animals for subsequent analysis.
Libraries were prepared from all mild and severe animals, and suc-
cessfully sequenced for 11 mild and 11 severe animals.

Raw reads were processed into QBED files containing transposon
insertion sites (at TTAA sites) using the nf-core/callingcards®’
Nextflow’®”" pipeline with the default mammalian parameters for
mouse as described”. Briefly, read quality control (QC) was performed
with FastQC’? and reads were split for parallel processing with SeqKit”.
Barcodes were extracted by UMItools’ and reads were trimmed with
Trimmomatic™. Reads were aligned to mmlO using bwamem?2’.
Insertions were counted using callingCardsTools”” and alignment QC
was performed using samtools’®, Picard Tools’’, and RSeQC®*’. QC
data was presented with MultiQC*. QBEDs from each cortical
piece were merged per animal with the ‘cat’ shell command and
sorted using BEDOPS®2.. Reads aligning to the same TTAA site with
separate barcodes, or from spatially separate cortical pieces, were
considered unique insertions. After filtering for insertions with read
depth >1, all unique insertions were considered equally, regardless of
read depth.

Software and package versions are listed in Supplementary Data 4.

Calling Cards peak calling and annotation

Significantly enriched insertion peak calling was performed with the
pycallingcards module®. Insertion profiles for all animals within each
severity category were merged to create mild and severe profiles.
Peaks were called on the mild and severe profiles separately using the
MACCs method, then merged using pybedtools for a final set of peaks.
The following parameters were used for the peak calling: reference =
“mml0”, pvalue_adj_cutoff=0, window_size =2000, step_size =800,
lam_win_size =1000000, pseudocounts =1.

For quality control, pairwise Pearson correlation coefficients were
calculated on insertion counts per million within each peak between
animals. The average pairwise correlation coefficient was then calcu-
lated for each animal. Animals with average correlation coefficients
above >0.91 were used for downstream analysis, including re-calling
the peaks, resulting in 10 mild and 10 severe animals. Principal com-
ponents analysis was also performed on the insertion counts per mil-
lion within each peak between animals to assess similarity among
samples. The two excluded animals with the lowest correlation coef-
ficients, which were also outliers on the PCA, reflected the animals with
the lowest total insertion counts.
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Peak annotation was performed using bedtools®* and HOMER®,
Because enhancers usually exert their effects on nearby genes®**,
genes were assigned to peaks based on proximity. We used bedtools to
find up to five of the closest genes within one megabase of the peak,
filtering out “Gm” and “Rik” genes that have not been assigned names.
Genomic features of the peaks were identified by HOMER.

Histone modification enrichment analysis

Qualitative enrichment analysis of histone modifications at CC peaks
and non-peak loci was performed using deepTools*. The following PO
mouse forebrain ChIP-Seq® datasets from ENCODE* were used:
H3K27ac (ENCSRO94TTT), H3K4mel (ENCSR465PLB), and H3K27me3
(ENCSRO70MOK). Enrichment was quantified by comparing ChIP-Seq
signal at CC peak centers, defined as +0.5 kb from center coordinates,
versus at flanking regions, defined as two standard deviations of peak
length away from peak centers (+6.4-7.4 kb), using paired two-tailed
t-tests.

Differential peak analysis

For the main differential peak analysis, we compared the number of
insertions falling within each peak between mild and severe groups (or
between shuffled groups) using Fisher’s exact test implemented in
pycallingcards®. Peaks with adjusted p-values<0.05 after
Benjamini-Hochberg FDR correction were considered differential
peaks. In addition, as a post-hoc we confirmed the correlation between
insertion counts per million at each of the significant peaks and seizure
score using the Spearman test, with Benjamini-Hochberg correction.

For the label shuffling analysis, animal profiles were shuffled into
two groups in 50 random arrangements such that each group had 4-6
mild and 4-6 severe animals and roughly equal numbers of insertions.
Downstream peak calling and differential analysis proceeded as
described here. An empirical p-value was determined by dividing the
number of arrangements with equal or greater significant peaks than
the observed value by the total number of arrangements.

For the downsampling analysis, insertion profiles for the mild and
severe groups were randomly downsampled three times per percen-
tage to 20-90% of the full dataset using pycallingcards®. Differential
peak analysis was performed as described above using the peaks called
on the full dataset.

Gene ontology enrichment analysis

Gene ontology was performed using Panther classification system to
identify enrichment in “biological” processes. Genes associated with
mild responders or with severe responders were evaluated against a
background of all genes annotated with CC peaks (16,240 genes).
Processes achieving p <0.05 after Benjamini-Hochberg FDR correc-
tion are displayed.

Gene overlap significance testing
The significance of overlap between gene sets was statistically eval-
uated. The observed overlap between significant gene sets (mild,
severe, both) and disease-related genes was compared to an expected
distribution. This distribution was generated through 10,000 random
permutations. In each permutation, genes were randomly sampled
without replacement from the list of all genes annotated to CC peaks,
with the sample size matched to each significant gene set being tested.
The overlap between these random gene sets and the disease gene list
was calculated. An empirical p-value was determined by dividing the
number of permutations with equal or greater overlap than the
observed value by the total number of permutations. Note the random
gene lists and the significant sets are both drawn from peaks found in
neurons, and thus this controls for any general neuron-specific bias to
any disease.

The following disease gene datasets were used for the overlap
analysis (Supplementary Data 5): monogenic epilepsy (Prevention

Genetics Epilepsy and Seizure Panel, test code 7347; https://www.
preventiongenetics.com/testinfo?val=Epilepsy-and-Seizure-Panel),
epilepsy-related (Prevention Genetics Comprehensive Epilepsy and
Seizure Panel, test code 16005; https://www.preventiongenetics.com/
tests/pgmax-comprehensive-epilepsy-and-seizure-panel), monogenic
and all epilepsy-related®, autism (SFARI genes; https://gene.sfari.org/
database/human-gene/)®, ID (SysNDD phenotype search “intellectual
disability”, category: definitive; https://sysndd.dbmr.unibe.ch/
Phenotypes)®, Parkinson’s disease (Gene4PD, rare genes; http://
genemed.tech/gene4pd/download)*, cancer (OncoKB; https://www.
oncokb.org/cancer-genes)*”%, hypertension (CVD Atlas, PedAM
Disease-variant  association;  https://ngdc.cncb.ac.cn/cvd/disease/
CVDD000096)*, rheumatoid arthritis (RADB: http://www.bioapp.
org/RADB/index.php/Index/index)*°. Human disease gene IDs were
converted to mouse gene IDs prior to overlap testing based on the
Mouse Genome Informatics nomenclature.

Drug treatment and preparation

Experimental drug testing was performed in non-transgenic mice.
Mice were randomly allocated into each group with balancing for sex,
except for the Let-7 ASO study. This experiment only used female mice
because there were differences in (expected) weight gain between
male/female mice when using this ASO, which would interfere with
PTZ dosing. Investigators were blinded to treatment groups in drug
studies and during seizure scoring.

The HTRIF agonist LY344864 was ordered from Med Chem
Express (Cat. No.: HY-13788). LY344864 was reconstituted in DMSO to
stock concentration of 60 mg/mL, aliquoted, and kept at —80 °C. On
the day of use, LY344864 was resuspended as 0.5% DMSO/drug in corn
oil. LY344864 was delivered by intraperitoneal injection at 8 mg/kg.
Corn oil containing 0.5% DMSO was used as vehicle control. Non-
transgenic mice were injected once-daily for 3 days from P28-P30. One
hour after the final injection, PTZ was administered, and seizure
responses were recorded.

The Let-7 inhibitor was ordered from Integrated DNA Technolo-
gies with the sequence AACTATACAACCTACTACCTCA. A non-
targeting scrambled sequence ATAACACTCTAACCACTATCAC was
used as a control. Each oligonucleotide was fully modified with
2-methoxyethyl bases and a phosphorothioate backbone. 20 nano-
moles of Let7 inhibitor, corresponding to 173.4 micrograms, was
delivered by intracerebroventricular injection at age 3 months as
previously described’’. A total volume of 10 microliters was injected at
arate of 1 microliter per second, with the needle left in place for 2 min
both before and after injection. Coordinates from bregma were the
following: X=-1.0mm lateral (right), Y=+0.3mm anterior,
Z=-3.0mm ventral. Let7 inhibition in the CNS using the indicated
sequence has previously been validated” . Four weeks after injection,
mice were administered PTZ, and seizure responses were recorded.

Behavioral statistics

Multiple linear regressions were used to examine association between
seizure score with mouse sex or weight. Seizure scores were non-
normally distributed ordinal values, therefore non-parametric two-
tailed Mann-Whitney tests were used to compare between treatment
groups. Seizure latencies were compared between treatment groups
using log-rank (Mantel-Cox) test.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The raw and processed CC data generated in this study have been
deposited in the Gene Expression Omnibus (GEO) under accession no.
GSE305773. Source data are provided with this paper.

Nature Communications | (2026)17:300


https://www.preventiongenetics.com/testInfo?val=Epilepsy-and-Seizure-Panel
https://www.preventiongenetics.com/testInfo?val=Epilepsy-and-Seizure-Panel
https://www.preventiongenetics.com/tests/pgmax-comprehensive-epilepsy-and-seizure-panel
https://www.preventiongenetics.com/tests/pgmax-comprehensive-epilepsy-and-seizure-panel
https://gene.sfari.org/database/human-gene/
https://gene.sfari.org/database/human-gene/
https://sysndd.dbmr.unibe.ch/Phenotypes
https://sysndd.dbmr.unibe.ch/Phenotypes
http://genemed.tech/gene4pd/download
http://genemed.tech/gene4pd/download
https://www.oncokb.org/cancer-genes
https://www.oncokb.org/cancer-genes
https://ngdc.cncb.ac.cn/cvd/disease/CVDD000096
https://ngdc.cncb.ac.cn/cvd/disease/CVDD000096
http://www.bioapp.org/RADB/index.php/Index/index
http://www.bioapp.org/RADB/index.php/Index/index
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE305773
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-65346-2

Code availability
Code is publicly available on GitHub: https://github.com/Dougherty-
Lab/seizure-calling-cards.
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