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Summary

Malfunctions of voltage-gated sodium and calcium channels (SCN and CACNA1 genes) have
been associated with severe neurologic, psychiatric, cardiac and other diseases. Altered
channel activity is frequently grouped into gain or loss of ion channel function (GOF or LOF,
respectively) which is not only corresponding to clinical disease manifestations, but also to
differences in drug response. Experimental studies of channel function are therefore important,
but laborious and usually focus only on a few variants at a time. Based on known gene-
disease-mechanisms, we here infer LOF (518 variants) and GOF (309 variants) of likely
pathogenic variants from disease phenotypes of variant carriers. We show regional clustering
of inferred GOF and LOF variants, respectively, across the alignment of the entire gene family,
suggesting shared pathomechanisms in the SCN/CACNA1 genes. By training a machine
learning model on sequence- and structure-based features we predict LOF- or GOF-
associated disease phenotypes (ROC = 0.85) of likely pathogenic missense variants. We then
successfully validate the GOF versus LOF prediction on 87 functionally tested variants in
SCN1/2/8A and CACNA1I (ROC = 0.73) and in exome-wide data from > 100.000 cases and
controls. Ultimately, functional prediction of missense variants in clinically relevant genes will

facilitate precision medicine in clinical practice.
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Introduction

Voltage-gated sodium (Na,s) and calcium channels (Ca,s) play a critical role in initiating and
propagating action potentials across a broad variety of excitable cells and physiological
functions. Upon membrane depolarisation, Na,s and Ca,s are activated and inactivated
within milliseconds, leading to a transient influx of sodium or calcium ions into the cell
(Catterall, 1995). Genes encoding the channel protein (in humans, Na,s’ channel proteins are
encoded by 10 SCN and Ca,s’ channel proteins are encoded by 10 CACNA1 genes) have
been associated with multiple predominantly neurological and neurodevelopmental diseases.
These diseases include developmental and epileptic encephalopathy (SCN71A, SCNZ2A,
SCNBA, CACNA1E, CACNA1A), episodic ataxia (CACNA1A), migraine (CACNATA,
SCN1A), autism spectrum disorder (SCN2A, CACNA1C) and pain disorders (SCNYA,
SCN10A, SCN11A). Disorders affecting cardiac (SCNS5A CACNA1C) or skeletal muscle
(SCN4A, CACNA1S), or the retina (CACNA1F) have also been associated with variants in
these gene families (for references see Table 1). Pathogenic variants in these genes often
contribute to severe early onset disorders which are less frequently passed on to the next
generation. This selective pressure is captured by the depletion of functional variants in those
genes in the general population (median loss-of-function observed/expected upper bound
fraction of 0.29 (Karczewski et al., 2019). Beyond rare diseases and high-penetrance
variants, common variants at CACNA1 or SCN loci have also been associated with highly
related common disease endpoints. For example, GWAS have identified genome-wide
significant SNP-associations at loci including CACNA1C and CACNA1I for schizophrenia
(Ripke et al., 2014), SCN1A for epilepsy (ILAE et al., 2018) and SCN710A and SCN5A for
atrial fibrillation (Roselli et al., 2018).

Phylogenetic analyses have found that Na,s and Ca,s share a common ancestral gene (Yu
and Catterall, 2004) and they have previously been defined as one gene family (Vilella et al.,
2009). Nays and Cays accordingly share a similar structure composed of four very similar
domains I, Il, lll and IV, each consisting of six membrane-spanning segments S1-S6
(Catterall, 1995; Catterall and Swanson, 2015). These four domains come together, as a
pseudo-heterotetramer, to form a functional channel. In the center of the structure is the pore
domain which is composed of S5-S6 segments, surrounded by four voltage sensor domains
(VSD) formed by S1-S4 segments. The general architecture of Na,s’ and Ca,s’ voltage-
sensing and pore modules is comparable (Catterall and Swanson, 2015) and their function
and structure have been extensively studied. Protein domains are associated with specific
functions and diseases across channels (Brunklaus et al., 2014; Catterall and Swanson,
2
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2015; Huang et al., 2017). It has therefore previously been suggested that mutations in
similar structural domains entail similar functional outcomes in Na,s (Brunklaus et al., 2014),
Cays (Stockner and Koschak, 2013) and Na,s and Ca,s (Moreau et al., 2014). It has also
been suggested that pathogenic variants in Na,s and Cays occur preferentially at functionally
equivalent amino acids across the gene family alignment of Na,s and Ca,s (Walsh et al.,
2014). While functional differences between channels exist, particularly among calcium
channels (Heyes et al., 2015), with only few amino acid (aa) changes a bacterial sodium
channel was shown to be experimentally turned calcium-selective (Heinemann et al., 1992)
thus illustrating the great degree of functional homology between Na,s and Ca,s. In addition,
disease-associated missense variants are enriched at aa sites that are conserved across
paralogs, i.e., gene family members, (Lal et al.,, 2017) including in sodium and calcium
channels (Walsh et al., 2014; Ware et al., 2012). This further supports the hypothesis that
similar biophysical pathomechanisms are involved across Na,s and Ca,s and analyzing them
jointly should increase statistical power to identify disease-associated protein features.
Disease-associated biological features such as protein structure and conservation metrics
have been successfully used in predicting pathogenic versus neutral effects of aa changes
(Adzhubei et al., 2013; Kircher et al., 2014). In voltage-gated potassium channels pathogenic
variant prediction of only one gene, KCNQ1, (Li et al., 2017) or the K, gene family (Stead et
al., 2011) have been conducted with the aim of improving specificity of variant prediction in
comparison to genome-wide scores. There have also been attempts to predict functional
readouts using electrophysiology data in SCN5A, with limited success potentially due to

sparse training data (Clerx et al., 2018).

Genetic variants that inactivate protein-coding genes by nonsense mediated mRNA decay
such as stop-gain, essential splice, or frameshift variants have by definition loss-of-function
(LOF) effects. Missense variants, however, can alter protein function in different ways. These
functional alterations can be pathogenic (i.e. disease-causing), neutral (e.g. effects are small
or can be compensated), or rarely beneficial. Pathogenic missense variants in SCN/CACNA1
genes can lead to disease through various changes in channel properties. These can for
example affect the voltage dependence of steady-state activation or inactivation, the kinetics
of the inactivation process or its recovery, ion selectivity, and other metrics that can be
recorded in electrophysiological experiments (Yu and Catterall, 2004). In a simplified disease
context, these variants are usually classified as having either gain- or loss-of-function (GOF
or LOF) effects, depending on whether the net ion flow is increased or decreased. However,
a variant may change more than one of the properties described above, with potential
opposite functional effects, e.g. slowing down the inactivation process (causing GOF) on one

hand and a low protein expression (causing LOF) on the other. In such cases, it may be
3


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

estimated which of the functional alterations dominates to define it either as a net GOF or
LOF variant, but this may also be difficult to determine. Clear LOF or GOF effects in different
genes are associated with specific channelopathies. For example, in SCN5A, LOF variants
can cause Brugada syndrome, whereas GOF variants can lead to Long QT syndrome
(Kroncke et al., 2018). (All known such gene-function-disease associations are displayed in
Table 1). That a pathogenic variant has a LOF or GOF effect may therefore also be inferred
from disease phenotypes. In multiple genes, however, including SCN2A (Sanders et al.,
2018) and SCNB8A (Liu et al., 2019), phenotypic differences between LOF and GOF variants
are not clear-cut or not always present at the time of diagnosis. Knowing an individual
variant’s functional effect can improve prognosis, enable precision therapy (Chiron et al.,
2000; Jen et al., 2007; Larsen et al., 2015; Schoonjans et al., 2015; Wolff et al., 2017) and
potentially avoid incorrect treatment that could have aggravating consequences (e.g.
treatment with sodium channel blockers in individuals with loss-of-function variants in SCN2A
(Wolff et al., 2017) or SCN1A (Brunklaus et al., 2012)). However, current variant prediction
usually only focusses on whether a variant has a disease-causing or neutral effect. We
therefore introduce here a machine learning- based statistical model that can classify
variants in Nay,s and Ca,s as LOF, GOF or neutral thus providing a valuable resource for

clinical genetics, gene discovery as well as the experimental ion channel community.
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Results

Similar molecular mechanisms in different Na,s/Ca,s lead to LOF and GOF

Genetic variants in different Nays/Cays lead to disease in diverse contexts. Comparing
expression data (GTEx, 2015) and gene phenotype associations (Kohler et al., 2017), we
show that tissue-specific gene expression was correlated with tissue-associated phenotypes
(Figure S1) thus confirming longstanding hypotheses. For example, pathogenic variants in
SCN5A contribute to heart diseases (Brugada Syndrome and Long QT syndrome), and the
SCN5A encoded protein Na,1.5 is predominantly expressed in heart tissue. Expression in
different tissues and cell types could thus explain the clinically diverse disease spectrum of
Na,s/Ca,s, while allowing the possibility that similar alterations on protein structure cause
heterogeneous diseases across different channels.

We therefore gathered variants in SCN/CACNA1 genes in individuals with disease
from different sources (Helbig et al., 2018; Heyne et al., 2019; Heyne et al., 2018; Landrum
et al.,, 2016; Stenson et al., 2017; Wolff et al., 2017), Table S1. We filtered these to 1521
likely pathogenic variants using ACMG-criteria (Richards et al., 2015) where possible (see
Methods). Most diseases associated with Na,s/Ca,s are caused by either GOF or LOF
effects. Thus, we infer whether a likely pathogenic variant has a GOF or LOF effect from
disease phenotypes based on known gene-disease mechanisms. For example, in an
individual with Brugada syndrome and a pathogenic variant in SCN5A, we assume that the
variant has a LOF effect, as it has been previously described that most pathogenic SCN5A
variants cause Brugada syndrome via a LOF mechanism (Chen et al., 1998; Kroncke et al.,
2018). We screened the literature for such known gene-disease-mechanisms (for an
overview, see Table 1). Applying this knowledge, from the 1521 likely pathogenic variants,
we were able to classify 518 variants as likely LOF and 309 variants as likely GOF in 12
different genes across 19 diseases. 11 diseases had inferred LOF variants, 8 had inferred
GOF variants. We set out to show that variants with inferred LOF or GOF effects were
clustered at corresponding aa sites in Na,s/Ca,s as it would greatly boost our power to be
able to jointly analyze LOF and GOF variants of different Na,s/Ca,s. In order to compare
variant location of different Na,s and Ca,s, we mapped variants on a combined gene family
alignment of all 20 Na,/Ca, sequences (details see methods). We then correlated variant
densities between all 19 diseases (method: Kendall correlation, Figure 1A). When variant
densities of two diseases are significantly correlated, their variants are clustered at
corresponding aa sites. We obtained 40 unique variant density correlations between
diseases. 37 of the 40 significant correlations involved GOF variants of which 31 occurred
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between two diseases that were both inferred to be caused by GOF variants. This suggests
that GOF variants are clustered at similar aa sites in different channels. We performed a
principal component analysis to summarize all disease-disease correlations as measured by
Kendall’s tau. The first principal component (PC1) perfectly separated diseases with inferred
LOF from those with inferred GOF variants (Figure 1B). This indicates regional clustering of
LOF and GOF variants and thus shared mechanisms lead to LOF or GOF in different ion
channels. We hence combined LOF and GOF variants of Na,s and Cays in further analyses

(see variants of all Na,s/Ca,s mapped on SCN2A in Figure 2).

Figure 1

Clustering of inferred GOF or LOF variants in different genes. Inferred GOF and LOF
variants were mapped on the gene family alignment of all SCN/CACNA1 genes and aa sites
with gaps in the alignment removed. Variants were counted in a sliding window of 3aa. A)
Correlation of variant densities (method: Kendall). Positive values of fau are blue, negatives
are red (see legend). Correlations withstanding Bonferroni correction are marked with **,
correlations with p-value < 0.01 are marked with *. Genes are sorted by the first principal
component of the correlations (tau, see panel B). B) Principal component analysis of the
correlations (fau). LOF variants are blue, GOF red. GOF variants in SCN9A are subdivided
into the diseases erythromelalgia (“Ery”) and paroxysmal pain syndrome (“pain”). LOF variants
in CACNA1A are subdivided into the diseases neurodevelopmental disorder ("NDD”) and
episodic ataxia ("EA”).
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Figure 2

Missense variants in SCN (Na,s) and CACNA1 genes (Ca,s) are mapped on the linear
protein structure of SCN2A (Sanders et al., 2018). Panel A shows inferred GOF (red) vs.
LOF (blue) missense variants. Panel B shows likely pathogenic variants (orange) vs. neutral
variants (purple). In both panels, upper plots show individual variants and lower plots show
variant densities in a sliding window of 3aa. Na,s and Ca,s are composed of four similar
domains |, II, Il and IV that associate to form a channel. In each domain, transmembrane
segments S1-6 are labelled with 1-6. S5-6 form the channel pore and S4 contains the voltage
sensor which is labelled with “+” to illustrate the positive gating charges. The * at site 1151
refers to a cluster of GOF variants in CACNA1C in individuals with LongQT syndrome, ** at
site 1882 refers to a cluster of GOF variants in SCN2/8A (see discussion). Variants with MAF
> 10 in gnomAD (non-neuro) (Karczewski et al., 2019) were selected as neutral variants.

Variants were inferred to be LOF or GOF from disease phenotypes (see Table 1, methods).
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Machine learning method predicts LOF vs GOF variant effects

We gathered 89 structure-based and sequence-based protein features putatively enriched for
LOF versus GOF or neutral versus pathogenic effect variants. Structure-based annotations
included protein secondary structure, protein’s accessible surface area and structural (e.g.
cytoplasm) and functional (e.g. channel pore, selectivity filter) protein domains. Sequence-
based features included conservation metrics across the 20 genes (including our own
ancestry conditional selection score, see Methods), physicochemical properties of aa and
deleteriousness of aa changes like “missense badness” (Samocha et al., 2017). We tested
all binary protein features (features that can only take the values true or false) for an
enrichment of inferred LOF, GOF, pathogenic or neutral variants with Fisher's Exact tests
(Figure 3). 6 out of 9 structure-based features and 3 out of 12 sequence-based features were
enriched for 518 LOF (e.g. pore, selectivity filter) or 309 GOF variants (e.g. S4-5 linker helix,
cytoplasm). In Figure 2 and Figure S2 variants are mapped on the linear sequence of
SCN2A, in Figure S3 they are mapped onto the 3D protein structure of SCN2A, Figure S4

shows quantitative protein features of GOF, LOF and neutral variants.

Figure 3

GOF, LOF and neutral variants are enriched in multiple protein features. In this figure, we
show which protein features contain significantly more GOF variants than LOF variants (first
column) and significantly more pathogenic than neutral variants (second column), for SCN and
CACNA1 combined. Associations that are significant after Bonferroni correction for 2 x 21
tests (p-value < 0.001) are labelled red. We used Fisher’'s exact tests to compare variant
counts. Point estimates (log10 odds ratios) > 0 indicate a protein feature’s enrichment for GOF
variants (first column) or pathogenic variants (second column). The features labelled with * are
only present in Na,s (inactivation gate, DEKA motif of the selectivity filter) or Ca,s (gating
break). The horizontal bars show the 95%-confidence intervals of the odds ratio point
estimates that are log10-transformed and cut at -1.7 and 1.7 for clarity. Log10 odd’s ratios >

1.7 or < -1.7 are shown as arrows.


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

LOF vs GOF
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We next sought to leverage these associations of protein features with variant effects to train

a prediction tool that outputs the probability that a variant results in GOF or LOF. For this, we

trained a machine learning model on all 89 protein features of all 518 LOF and 309 GOF

variants (Table S1). We also separately predicted neutral versus pathogenic effects (see next

section). To assess the performance of our model, we set aside a test data set of 82

randomly chosen variants before the modelling process. We measured performance with the
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following metrics: balanced accuracy (BA), Cohen's kappa (kappa), Matthew’s Correlation
Coefficient (MCC) and Receiver Operating characteristic (ROC). The aim is usually to
maximize these or similar metrics during model training. BA, kappa and MCC are
performance metrics aiming to summarize a 2x2 contingency table of true positive/negative
and false positive/negative predictions with a single number (Baldi et al., 2000) (see
methods). The ROC curve is created by plotting the true positive rate against the false
positive rate at various probabilities (Figure 4A-D). Predicting the test data of 82 variants our
model reached following performance: balanced accuracy (BA) 0.80, Cohen's kappa (kappa)
0.57, Matthew’s Correlation Coefficient (MCC) 0.59, ROC 0.85 (for ROC curves see Figure
4A-D, for performance during training see Figure S5B and C). These results indicate good
predictive power when compared with other variant prediction methods (Adzhubei et al.,
2013; Kircher et al., 2014, Li et al., 2017). Using this model, we ranked the relative influence
of the 89 features on the prediction of LOF versus GOF effects (Figure 4E). The top two
features were GOF variant density features. The ten most important features also included
three different aa hydrophobicity scores, three different conservation features and the
Grantham score. Our tool named “FunNCion” (functional variant prediction in voltage-gated
Na*/Ca® ion channels) with predictions of all possible single nucleotide missense variants in

Na,s/Ca,s can be found at http://funNCion.broadinstitute.org.

We then asked whether modeling variants in Na,s + Ca,s jointly actually improves
variant prediction over modelling Na,s and Ca,s separately. When using only the 573 Na,
variants during model training, prediction performance in Na,s was comparable to model
training with all Na,s + Ca,s variants (BA 0.79, ROC 0.80, MCC 0.55 vs BA 0.80, ROC 0.85,
MCC 0.58). Predicting Ca,s with a model only trained on 171 Ca,s gave however worse
results compared to predicting Ca,s with a model trained on Na,s + Ca,s (BA 0.60, ROC
0.61, MCC 0.20 vs BA 0.79, ROC 0.88, MCC 0.58). In fact, it was better to predict Ca,s with
a model just using Na,s compared to just Ca,s (BA 0.75, ROC 0.76, MCC 0.49). These
results suggest that the increased power obtained by combining Na,s and Ca,s outweighs

the differences between these channel types.
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Figure 4

Variant prediction of LOF and GOF effects in Na,s and Ca,s. Our statistical model (method
GBM) was trained on 746 variants whose functional effects were inferred from disease
phenotypes. Here, we show how the model predicts LOF/GOF variant effects in two
independent test data sets: 82 disease phenotypes, randomly picked from training data before
model training (panels A and C) and 87 functionally tested variants, described in paragraph
Validation of funNCion with functionally tested variants (panels B and D). A) prediction of LOF
disease phenotypes, sensitivity=0.76, specificity=0.83. B) prediction of LOF electrophysiology
experiments, sensitivity= 0.74, specificity= 0.72. C) prediction of GOF disease phenotypes,
sensitivity=0.83, specificity=0.76. D) prediction of GOF electrophysiology experiments,
sensitivity= 0.72, specificity= 0.74. The area under the Receiver Operating Characteristic curve
was 0.85 for phenotype based LOF/GOF prediction and 0.73 for electrophysiology-based
LOF/GOF prediction. E) Feature importance for prediction of GOF versus LOF. The relative
influence of features on the prediction normalized to sum to 100 is computed as described in
(Friedman, 2001). Of 89 features that went into the prediction, only the 18 features are

shown that have a relative influence > 0.05 on the prediction.
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Machine learning method predicts pathogenic vs neutral variant effects

We also set out to predict whether a variant has a "neutral” or a potentially disease-causing
("pathogenic”) effect using the same features, the GBM method, and variants as in the
functional variant prediction. We used the 1521 likely pathogenic variants described above
including the 827 variants with LOF/GOF annotations plus 694 likely pathogenic variants for
which we could not annotate with certainty whether they had LOF or GOF effects (see
Methods). We used 2328 variants in gnomAD (Karczewski et al., 2019) in individuals who
were ascertained to have no neuropsychiatric phenotypes as putative neutral effect variants.
Before model training, we filtered neutral variants by frequency according to the level of genic
constraint to remove rare potentially mildly deleterious variants from the neutral data set (see
Methods). Similar to our functional variant prediction, we also randomly split our data set
before modelling to retain 10% of variants for testing. Predicting the test data of 233 variants
with our model, we obtained a BA 0.90, MCC 0.78, ROC 0.95 (for ROC curve see Figure
S6A). As further validation, we predicted 89% of additional 1466 variants in genes in
gnomAD that were not part of the modelling process as neutral. We predicted 466 variants in
SCN genes with BA 0.86, MCC 0.64, ROC 0.93 and 1379 variants in CACNA1 genes with
BA 0.93, mcc 0.32, ROC 0.97. The top 3 features with the largest relative influence on the
prediction were part of a paralog-specific conservation metric “parsel” we developed for this
project that estimates selection pressure while accounting for the shared evolutionary history
of SCN/CACNA1 genes (see Methods). A further four conservation features were present in
the top 10 features (see Figure S6B) in contrast to the LOF vs. GOF prediction dominated by
variant density features (see Figure 4E). To test the performance of our model, we compared
it to other popular variant pathogenicity prediction methods. To do this, we combined the two
test datasets to a total of 1824 variants and removed 21 variants used in the training of
PolyPhen-2. Our method performed comparably (ROC 0.95) to the three popular variant
prediction tools CADD (Kircher et al., 2014) (ROC 0.79), PolyPhen-2 (Adzhubei et al., 2013)
(ROC 0.85) and MPC (Samocha et al., 2017) (ROC 0.86, see Figure S6B). Pathogenicity
predictions of all possible single nucleotide variants in Na,s/Ca,s can also be found at

http://funNCion.broadinstitute.org.

Validation of funNCion with functionally tested variants

To validate our model, we curated 119 functionally tested variants (96 unique variants, some
tested in multiple studies) in the genes SCN7A (Brunklaus et al., in preparation), SCN2A
(Ben-Shalom et al., 2017; Lauxmann et al., 2018) and SCN8A (Table S4) and performed

functional experiments of 50 variants in CACNA1/ (Table S5). In this and all subsequent
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validation analyses, we excluded functionally tested variants from the training data prior to
modelling. In the published SCN1/2/8A data, out of the 119 variants 43 were GOF, 51 LOF,
13 mixed, 7 unclear, and 5 neutral. We removed 10 unique variants in individuals with benign
familial infantile seizures as some variants had opposite effects in different studies (Figure
S7). Our model then predicted the results of 87 electrophysiological experiments with an
outcome of either LOF or GOF with a BA of 0.69, ROC 0.71 and MCC 0.38 (Figure 4,
permutation p-value < 1x10'4). When subsetting to 57 variants that either fulfilled our
phenotype/pathogenicity criteria of being included in our functional variant prediction training
data or were associated with a severe phenotype, our model predicted the variants with BA
0.77, ROC 0.80 and MCC 0.54. All five variants with neutral effects were predicted to be
neutral by our pathogenicity prediction method, significantly more than other functionally
tested variants (Fisher's Exact test, p-value 0.002, OR= Inf, 95%-CIl 2.4-Inf). Our functional
validation data also included 11 SCN2A variants in individuals where age of seizure onset
was unavailable or outside of the cutoffs we used to infer GOF/LOF (see methods). We
correctly predicted 9/11 of them emphasizing the benefit of our functional variant prediction
when using phenotype as a proxy for variant function is unreliable.

We also tested our prediction on electrophysiology experiments of 50 variants in
CACNA1I present in 12,332 individuals with and without psychiatric disease (Genovese et
al., 2016) (Table S5). The functionally tested variants were present at different population
frequencies. However, common variants are unlikely to have strong pathogenic effects —
despite considerable efforts in GWAS, exome chip and exome sequencing, no common
strong acting variants have been identified consistent with the fact that these would not be
permitted by the strong selection against schizophrenia (Power et al., 2013). As our LOF-
GOF prediction is trained and should hence only be used on likely pathogenic variants we
sought to first predict whether variants were likely pathogenic or neutral using our own
method described above. Variants that were more rare were more likely to be predicted
pathogenic despite variant frequency not being a component of the model (Spearman Rank
correlation between minor allele frequency (MAF) in the population cohort gnomAD
(Karczewski et al., 2019) and pathogenic prediction, rho= -0.60, p-value= 3.3x10®, Figure
5A). Interestingly, we found that whether a variant was predicted pathogenic correlated with
whether a variant had a functional effect when considering variants that were present in only
one individual (BA 0.75, ROC 0.77 and MCC 0.44). There was however no association of
pathogenicity and functional effect in 19 variants that were present in >10 individuals in
gnomAD (BA 0.46, ROC 0.36 and MCC -0.14). That is consistent with the above-mentioned
statement, that common variants should have no strong pathogenic effects suggesting
functional effects found at higher variant frequencies were likely milder or not disease-

causing. Given, that a variant is pathogenic, we predict its functional effect (LOF or GOF)
14


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

with BA 0.83, ROC 0.78 and MCC 0.58 (see Table S5, Figure 5B). We then combined the z-
scores of four electrophysiology parameters to investigate how well we could predict variants
with different magnitudes of functional effects. Firstly, pathogenicity probability positively
correlated with the combined experimental z-score in variants with functional effects
(Spearman correlation, p-value: 0.02, rho: 0.43, Figure 5C). In a logistic regression model,
we also found that the strength of the functional effect (combined experimental z-score)
influenced whether funNCion correctly predicted LOF or GOF functional effects (coefficient
0.29, p-value 0.02, Figure 5D). Accordingly, when only analyzing the ten variants with a
combined z-score of four experimental parameters >=16, we predicted functional effect (LOF
or GOF) with BA 0.94, ROC 0.89 and MCC 0.67. Taken together, these results suggest, we
can successfully predict LOF vs. GOF in functionally tested variants, with an increased
performance in variants with larger functional effects and variants that are more likely

pathogenic.

Figure 5

Functional and pathogenicity prediction of 50 experimentally tested variants in
CACNA1I. This figure shows that 10 out of 12 variants that our method labelled as pathogenic
also show functional effects in experiments and are rare in the general population (gnomAD).
Given that a variant is pathogenic, we predict its functional effect (LOF or GOF) correctly with
BA 0.83, ROC 0.78 and MCC 0.58. In panels A-C, the y-axis indicates the probability to be
pathogenic. If the probability to be pathogenic is > 0.5, we label the variant as pathogenic. In
panels A and D, a combined z-score indicating how much the four electrophysiology
parameters differ from wildtype (see Methods) is shown on the x-axis or y-axis. In panels A, C
and D, we show minor allele frequency (MAF, log10) in gnomAD on the x-axis. In panels A
and B variants are labelled according to classification in electrophysiology experiment (GOF:
red, LOF: blue, neutral: black). In panel C and D variants are labelled according to the
agreement of functional variant prediction (LOF or GOF) with electrophysiology experiments
given that they are functional (correctly predicted: turquoise, wrongly predicted: yellow, neutral
variants: black).
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Validation of funNCion with large datasets of population controls and neuropsychiatric

diseases

We first predicted functional and pathogenicity effects of missense variants in 114,704

individuals without severe pediatric and neurological disorders in gnomAD (Karczewski et al.,

2019). We set out to test which factors predict a variant’s probability to be pathogenic (method:

linear regression). The most significant predictor was -log10 MAF in gnomAD (p-value 2x107*,

coefficient: -0.07) i.e. pathogenic variants were at significantly lower frequencies in gnomAD.

This is expected, as selection should not allow deleterious variants to rise to high population

frequencies (Power et al., 2013); see CACNA1/ in previous paragraph. We also observe this in
individual genes (Bonferroni corrected p<0.0025 for 8 CACNA1 and 5 SCN genes, p<0.01 for
3 genes) except SCN7A, SCN10A, SCN11A and CACNA1TF (see Figure 6A). A positive

predictor of variant pathogenicity was a gene’s LOEUF (loss-of-function observed/expected

upper bound fraction ((Karczewski et al., 2019), p-value 2x10°, coefficient: 0.21). A low

LOEUF value means that the respective gene has significantly fewer protein-truncating

variants (PTVs), here labelled “loss-of-function” variants as they have by definition a LOF

effect, in gnomAD than expected. The equivalent value for missense variants (here termed

“MOEUF”) was also significant (p-value 1x10™, coefficient: 0.06). It is again expected that
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genes which are most intolerant to functional variants would harbor mostly neutral rather than
pathogenic missense variants in a cohort of primarily healthy individuals. LOEUF being more
strongly associated with pathogenicity than MOEUF suggests that Na,s/Ca,s may be generally
more intolerant to loss-of-function (including LOF missense and truncating) than gain-of-
function variants. To test this, we ran a linear regression model of GOF probability as a
response variable. Overall, pathogenicity probability was positively associated with GOF
probability (p-value 2x10°, coefficient: 0.37), and LOEUF was negatively associated with
GOF probability (p-value 5x10°, coefficient: -0.07) while MOEUF was slightly positively
associated with GOF probability (p-value 0.01, coefficient: 0.06). This is in line with the notion
that most Na,s/Ca,s, but in particular those with a lower PTV tolerance, tolerate LOF missense
variants less than GOF missense variants. In contrast, genes with particularly low tolerance for
missense variants harbored fewer GOF than LOF variants in gnomAD (see Figure 6B). We
find the association of pathogenicity and GOF probability in all individual genes (p-value <
0.0025 to correct for 20 tests) except SCN2A, SCN8A, CACNA1A, CACNA1B, CACNA1C,
CACNA1D and CACNATE. Fittingly, all of them except CACNA1B are implicated in severe
GOF disorders and SCN8A, SCN2A, CACNA1C and CACNATE have the lowest MOEUF

values of all Navs/Cavs. Overall, these biologically meaningful results validate our method.

We finally tested our prediction in large datasets of individuals with and without diseases to
replicate known disease associations and mechanisms. We compared numbers of ultra-rare
missense variants with Fisher’'s exact tests between 9170 individuals with and 8436 without
epilepsy from the Epi25 Collaborative (Feng et al., 2019), de novo variants (DNV) in 4186
individuals with and 2179 without ASD from the autism sequencing consortium (ASC)
(Satterstrom et al., 2018a); and 8347 individuals with ASD and/or ADHD to 5214 controls
from the Danish bloodspot cohort (DBS)/ iPSYCH consortium (Satterstrom et al., 2018b). We
found an enrichment of pathogenic LOF, but not GOF missense variants in genes, where
PTVs are known to cause specific diseases. These included 29 LOF in SCN1A (Catterall et
al., 2010) in several non-lesional epilepsies and 14 LOF in SCN2A in 5252 cases of autism
with ID (Sanders et al., 2018) (see Figure 6C and Table S8). CACNA1G, a recent candidate
for genetic generalized epilepsy (GGE, n=3108) was also enriched for LOF missense but not
GOF variants and combining 3 LOF missense with 2 PTVs improved disease association to
p=1x102. In contrast, only missense variants are known to cause EE in SCN8A and
CACNA1E which were accordingly only enriched for 2 GOF missense variants in EE (p=0.01
and 0.03, respectively). We can also nominate CACNA1B as a potential new candidate gene
for GGE. Similar to CACNA1G, it was enriched for 6 missense LOF variants (p=2x10") with
an overall missense signal of p=7x10™. Further, bi-allelic PTVs in CACNA1B have recently

been implicated in a severe epilepsy syndrome (Gorman et al., 2019). It would therefore be
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plausible, that heterozygous LOF in CACNA 1B may lead to a milder epilepsy phenotype.
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Figure 6

Predicting GOF, LOF, pathogenic and neutral variant effects in large cohorts of
individuals with and without disease. In panel A, we show that predicted pathogenic
variants (pathogenicity probability on y-axis) are at significantly lower minor allele frequencies
(MAF, x-axis) in the gnomAD population cohort (rho and log10 p-value are given per gene,
correlation method: Spearman, Bonferroni p-value: 0.0025). Variants predicted to be neutral
are colored black. Variants predicted to be pathogenic are colored according to their predicted
functional effect; GOF in blue, LOF in red. In panel B we show the 90%-CI of the observed-
over-expected ratio (oe) of missense (y-axis) and truncating variants (x-axis) of SCN/CACNA1
genes in gnomAD. We plotted oe values of 3000 random genes in gnomAD in grey in the
background. We colored genes red if pathogenicity probability was significantly (p-value <
0.0025 to correct for 20 tests) associated with GOF probability, potentially indicating those
genes tolerate LOF missense variants less than GOF missense variants. Genes without that
association (blue, p-value > 0.0025) also had the lowest oe ratios for missense variants in
gnomAD (SCN2A, SCN8A, CACNA1C, and CACNATE). In panel C we show our prediction in
large datasets of individuals with diseases. We compared ultra-rare missense variants in
individuals with and without epilepsy (Feng et al., 2019), ASD (Satterstrom et al., 2018a), and
ADHD (Satterstrom et al., 2018a) (method: Fisher's exact test). We found statistically
significant associations withstanding Bonferroni correction (p-value threshold 8x107°) only in
SCN1A. However, nominally significant associations (orange) of known disease genes were
enriched in the directions we would expect them to be (see further description in Results,
Table S8). The horizontal bars show the 95%-confidence intervals of the odds ratio point
estimates that are log10-transformed and cut at -1.7 and 1.7 for clarity. Odd’s ratios > 1.7 or <

-1.7 are shown as arrows.
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Discussion

Tailoring treatment to individual patients’ genetic variants has made significant progress in
many fields of medicine in recent years (Ashley, 2016). Studying variants’ functional effects - in
ion channels with electrophysiology experiments - has enabled development of precision
therapies, often accelerated by repurposing existing drugs (EpiPMConsortium, 2015; Mgller et
al., 2019; Oyrer et al.,, 2018). These functional studies require considerable effort and
expertise and therefore usually focus on few variants. In Na,s and Ca,s, multiple precision
medicine approaches have been described (Chiron et al., 2000; Fertleman et al., 2006; lig et
al., 2014; Mgller and Johannesen, 2016; Wolff et al., 2017), however their success is
dependent on the type of functional changes of pathogenic variants. Here, we present a
method that predicts LOF versus GOF effects in likely pathogenic variants in SCN and
CACNA1 genes - applicable across a wide range of diseases and tissues where Na,s and

Ca,s are of functional relevance.

Relation to electrophysiology experiments

In our study, we infer LOF and GOF effects of variants from disease phenotypes without
functionally testing them. This poses several challenges. Phenotypes are ascertainment-
biased and there is often variable expressivity of the same variant in multiple individuals.
Therefore, we carefully curated our data to clearly distinguish LOF- or GOF-associated
disease phenotypes.. While few variants may still be miscategorized, specifically in the large
validation cohorts the in silico and experimental validation rates of our method suggest that
enough of them were inferred correctly to successfully train a statistical model predicting LOF
versus GOF probabilities with a performance similar or better than popular variant prediction
tools. Further, with the goal of predicting disease-contributing variant effects, it has also some
advantages to use disease phenotypes as a quasi-functional readout. While only experiments
can lead to functional insight, any experimental setup constitutes a model system. Hence, a
variant may have a functional effect in a lab setting, which may not always translate to a
pathophysiological effect on the organismal level. A phenotype-based model considers these
additional layers of complexity that in vitro systems are not able to reproduce. This is illustrated
for example by our data for CACNA1/, where pathogenicity prediction correlates with functional
effects only for rare variants. This is expected, as natural selection should prevent deleterious

variants from rising in population frequency.

As an example, where phenotypic and functional interpretation are occasionally contradicting,
we highlight the selectivity filter domain of the channel proteins. In this region, 42 out of 43
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likely pathogenic variants are in individuals with LOF phenotypes including the DEKA maotif in
Nays that conveys selectivity to Na+ ions. However, there are examples of GOF effects in
electrophysiology experiments. The p.G1662S variant in SCN70A encoding Nay1.8 was
implicated in small fiber neuropathy and showed GOF functionally (Han et al., 2014). However,
this variant was found at a frequency of 0.0014 in the gnomAD population database including
four homozygous individuals and therefore rated benign by two independent laboratories in
ClinVar. Thus, the variant’s functional changes are unlikely to contribute to disease. The
second one is the variant p.K1422E in SCN2A carried by an individual with NDD and epilepsy
who was 13 months old at the onset of seizures thus corresponding to a LOF disease
phenotype. In previous studies, the variant rendered the channel much elevated permeability
to divalent cations like Ba®* and Ca*" while selectivity of Na* was significantly reduced (Schlief
et al, 1996). We could experimentally replicate that the variant acted as a GOF
electrophysiologically in terms of permeability to Ca?* (data not shown). However, we also
found that the Nav1.2 p.K1422E variant carried significantly lower overall current density
compared to Nav1.2 wild-type and the Nav1.2 p.T1420M isogenic variant stable cell line
(Figure S8 and Methods). The current density reduction we see potentially reflects biological
defects in either forward trafficking, reduced single channel conductance, increased
permeability to outward Na/Cs current, or enhanced endocytosis/degradation. The apparent
LOF effect in current density may override the GOF effects in Ca* influx thus explaining the
overall LOF disease phenotype. These effects would be difficult to properly evaluate in

transient expression systems thus illustrating the difficulty of experimentally modelling those

complex proteins.

Limitations

Our approach has several limitations. We acknowledge that the classification of variant effects
into LOF and GOF oversimplifies complex electrophysiological mechanisms, even if frequently
done in the literature. In SCN9A for example, two different types of GOF mechanisms
impairing channel activation and inactivation have been shown to lead to two different
diseases: erythromelalgia and paroxysmal pain syndrome, respectively (Waxman et al., 2014).
With large-scale experimental electrophysiology data, it may be possible to further subdivide
the GOF and LOF categories or introduce more quantitative GOF/LOF scoring systems for
predictions in the future. Further, we have more functional variant and experimental validation
data in Na,s. Therefore, predictions in Na,s should be more reliable than in Ca,s. Also, our
model was trained on likely pathogenic variants in mostly severe diseases. It remains to be

properly validated in individuals with milder diseases with potentially milder variant effects.
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Associations of GOF/LOF with protein’s functional regions

Our results gain important insights into which functional protein domains and motifs in Na,s
and Ca,s are associated with inferred GOF or LOF effects in 827 curated likely pathogenic
variants. This may provide a valuable resource for experimental follow-up studies to potentially
identify new mechanistically important sites and drug targets. We can also confirm
associations across diseases with much higher statistical power that have thus far been shown
mechanistically or only for few pathogenic variants.

As a positive control, we recapitulate known structure-function associations such as that
pathogenic variants are enriched in transmembrane segments and functionally important
domains like the channel pore or inactivation machinery. As mentioned above, LOF variants
were clearly associated with the ion conduction structural motifs of the pore domain (S5-S6
segments) and the selectivity filter. We confirm that the structural motifs associated with the
inactivation process (Catterall and Swanson, 2015; Kellenberger et al., 1997) as well as the
S4-S5 linker helix were associated with GOF variants, with the latter previously implicated in
pain disorders caused by variants in SCN9A (Waxman et al., 2014) and in developmental and
epileptic encephalopathy caused by variants in CACNA1E (Helbig et al., 2018) and SCN2A
(Sanders et al., 2018). Worth noting is also a slight extension of the GOF variant cluster
beyond the linker helices towards the start of S5 consistently across the four transmembrane
domains. Another interesting takeaway is that GOF and LOF variants are not equally
associated with transmembrane segments S1-6 at the four different transmembrane domains
I-IV. This corroborates previous findings that different domains in Ca,s and Na,s have an
overall structural similarity but a different contribution to the channel functioning (Chanda and
Bezanilla, 2002; Pantazis et al., 2014; Savalli et al., 2016). We observe an accumulation of
Na, and Ca, GOF variants in the cytoplasmic part downstream of each transmembrane
segment S6. Exploring this further may yield interesting mechanical insights.

We highlight an accumulation of four likely pathogenic variants in CACNA1C encoding
Cav1.2 in individuals with long QT syndrome (transcript: ENST00000347598; variants:
p.P857L, p.P857R, p.R858H, p.R860G). Two of these variants were previously functionally
investigated. Peak calcium currents were significantly larger in mutant channels than those of
wild-type for p.R858H (Fukuyama et al., 2014) and p.P857R (Boczek et al., 2013). (Boczek et
al., 2013) also identified increased surface membrane expression of the channel compared to
wild type. The authors found that those variants overlapped with the so-called PEST domain
(proline, glutamic acid, serine, and threonine) which is involved in protein degradation
signaling, leading to increased numbers of Cav1.2 channels at the cell membrane.
Interestingly, this domain as well as the cluster of GOF variants are not present in other Ca,s

or Nays pointing to a distinct GOF mechanism in Ca,1.2.
24


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

We also report a GOF variant cluster of nine likely pathogenic SCN variants (genes
SCN2A, ~4A and ~8A). When mapped onto SCN2A they are located in the C-terminal domain
at aa sites 1875-1887 which is in close proximity to an FGF/FHF1 binding site of a
Calmodulin(CaM)-FGF complex also present in Na,1.4 and Na,1.5 (Gabelli et al., 2016).
FHF1-4 interact with the C-terminal domain of Na,s to modulate the channels' fast and long-
term inactivation (Goldfarb, 2012). One of these variants, p.R1882Q in SCN2A, also showed a
slower time course of inactivation (Berecki et al., 2018). Further, de novo GOF variants in
FHF1 have been associated with epileptic encephalopathy (Al-Mehmadi et al., 2016) and
variants in FHF2 with generalized epilepsy with febrile seizures plus (GEFS+). Interestingly,
the C-terminal lobe of the CaM-FGF complex interacts with the conserved IQ-motif of helix a-
VI of the C-terminus of all Na, channels (Gabelli et al., 2016), suggesting that it may serve as
an anchor for the control of activation of the channels by CaM. In contrast to the FHF binding
site, the | of the potential “IQ motif’ overlaps with two LOF variants in SCN71A. These
observations could yield interesting starting points for hypotheses about this interaction.

We also identify secondary structural protein features associated with LOF and GOF
variants. As expected, LOF variants are more likely to be buried in the protein where they can
potentially disrupt protein stability so the probability for an aa to be buried therefore becomes a
predictive feature in the machine learning model.

There exist generally more LOF than GOF variants, for SCN2A, a recent study estimates
the incidence of LOF cases to be approximately fivefold higher than GOF cases (Sanders et
al., 2018). The most important reason for this is likely that GOF can be achieved at fewer sites
across the genes than LOF even though other factors like frequency of genetic testing, variant
penetrance and expressivity also play a role. That GOF variants can be more easily identified
by their location than LOF variants is also indicated by the fact that the two top predictors of
LOF/ GOF are GOF variant density features.

Outlook

In the future, our method could potentially be used clinically, for example to predict which
individuals with pathogenic variants may be likely to benefit from a particular treatment based
on their variants’ LOF or GOF effects. This may potentially be relevant in an acute clinical
setting when treatment decisions must be made before functional work can be done.
Examples include SCN2A or SCN8A-related epileptic encephalopathy where basically any
ancillary information supporting a GOF effect would help to guide treatment. tOur method
could potentially be refined with large-scale experimental data, for example introducing more
types of predictions than mere LOF and GOF. Beyond individual variant interpretation, our
method may also be useful to stratify drug trial cohorts into functionally meaningful subgroups

of patients with variants in a given gene, especially as drug trials in rare disease are difficult to
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scale up. This is exemplified by two new drugs specifically targeting SCN8A function with a
goal of rectifying the effects of a GOF variant, currently in Phase | clinical trials XEN901
(https://clinicaltrials.gov/ct2/show/NCT03467100) and GS967/PRAX-330
(https://adisinsight.springer.com/drugs/800050600). As most SCN/CACNA1 genes are
depleted for functional variants in the general population it is likely that more SCN/CACNA1
genes could contribute to disease for which disease associations and/or mechanisms have not
yet been elucidated. In the future, our method could therefore potentially be applied in even
more diseases. Finally, our study introduces disease-phenotype-based functional variant

prediction that can also be used in other genes or gene families.
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Tables

Table 1

Gene - disease mechanism. This table lists references for the associations of CACNA1/SCN

genes with diseases and GOF or LOF mechanisms.

Predicted
Gene Disease Evidence Reference
mechanism
familial hemiplegic (Ophoffetal.
CACNA1A o GOF electrophysiology 1996; Pietrobon,
migraine 2005)
mouse model, (Damaj et al.,
. 2015; Epi4K,
CACNA1A NDD (+ epilepsy) LOF same phenotype of
2016; Oyrer et
PTV and missense al., 2018)
mouse model (Fletcher et al.,
. . . 1996; Mori et al.,
CACNA1A | episodic ataxia LOF same phenotype of
2000; Ophoff et
PTV and missense al., 1996)
. . (Boczek et al.,
Timothy syndrome, Lon electrophysiology,
CACNA1C yey 9 GOF Py 9 2013; Splawski
QT syndrome (heart) ECG et al., 2004)
APAs and primar Scholl et al.,
CACNA1D g y GOF electrophysiology (Scholl et a
aldosteronism 2013)
(Helbig et al.,
CACNA1E | NDD (+ epilepsy) GOF electrophysiology 2018; Heyne et
al., 2018)
mouse model,
congenital stationary night (Mansergh et
CACNA1TF _ LOF same phenotype of | al., 2005; Strom
blindness
PTV and missense | étal. 1998)
(Bulman et al.,
hypokalaemic periodic ] . 1999; Cannon,
CACNA1S _ LOF electrophysiology
paralysis 2015; Matthews
et al., 2009)
electrophysiology, (Catterall et al.,
SCN1A Dravet (NDD + epilepsy) LOF same phenotype of | 2010; Claes et
PTV and missense | 2l-2001)
familial hemiplegic (Cestéle etal,
SCN1A GOF electrophysiology 2013; Dichgans

migraine

et al., 2005)
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NDD + epilepsy

electrophysiology,

response to

(Ben-Shalom et
al., 2017;

SCN2A (epilepsy onset > 1 year) LOF _ Sanders et al.,
_ _ sodium channel 2018 Wolff
or no epilepsy + autism » Wollf et
blockers (no) al., 2017))
electrophysiology,
NDD + epilepsy response to (Sanders etal.
SCN2A _ GOF _ 2018; Wolff et
(epilepsy onset < 10 days) sodium channel
al., 2017)
blockers (yes)
hyperkalaemic periodic (Cannon, 2015;
paralysis, Paramyotonia Mitrovié et al.,
SCN4A congenita (von GOF electrophysiology 1994; Ptacek et
Eulenburg), Potassium al., 1992; Ptacek
. etal., 1991)
aggravated myotonia
(Bulman et al.,
hypokalaemic periodic 1999: C ,
SCN4A y _ LOF’ electrophysiology annon
paralysis (HypoPP) 2015; Matthews
et al., 2009)
electrophysiology, Chen et al.,
SCN5A Brugada syndrome (heart) | LOF Y i (Chen et 2
ECG 1998)
electrophysiology, (Wang et al.,
SCN5A Long QT syndrome (heart) | GOF
ECG 1995)
(Blanchard et
. . . al., 2015; Larsen
SCNBA Epileptic encephalopathy GOF electrophysiology _
et al., 2015; Liu
etal., 2019)
paroxysmal extreme pain Fertl t
SCNIA _ Y GOF electrophysiology (Fertleman e
disorder al., 2006)
(Cummins et al.,
SCNIA erythromelalgia GOF electrophysiology 2004; Yang et

NDD - Neurodevelopmental disorder

al., 2004)

Footnote 1: We assume that pathogenic variants in SCN4A and CACNA1S predominantly cause HypoPP via

reducing the main current resulting in LOF, in agreement with a clustering with LOF variants in other channels

(Figure 1B). However, we acknowledge that (Sokolov et al., 2007) showed that pathogenic variants at the gating

charges of the voltage sensor can also lead to an additional gating pore or omega current leading to a partial GOF

effect. See also Figure 10 in (Cannon, 2015).
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Methods

CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources should be directed to and will be fulfilled by

the Lead Contact, Henrike O. Heyne (hheyne@broadinstitute.org).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Automated patch-clamp

The electrophysiology experiments of 50 variants in Ca,3.3 and variant Na,1.2 p.K1422E were
performed with automated patch-clamp experiments using the SyncroPatch 384PE platform
(Nanion Technologies®). This automatic high-throughput patch-clamp system is able to record
simultaneously up to 384 independent cells with GQ resistance seals. The position within the
chip of the different variants and wt cells was randomized to avoid artifacts due to the
recording position. Cells were harvested 72h after induction for recording, as described in
recent protocols for automated patch clamp for calcium channel recordings (Pan et al., 2018).
Cells were rinsed with PBS (5 mL) and treated with 3 mL Accutase (STEMCELL technologies)
for 5 min at 37°C, re-suspended in 10 mL of serum-free media and pelleted at 1000 rpm for 3
min at RT. The supernatant is discarded and cells are re-suspended in serum-free DMEM
F12-GlutaMAX (ThermoFisher Scientific) and pECS 50% (v:v). The cells were kept until the
moment of the experiment in a temperature controlled dedicated reservoir at 10° C and
shaken at 200 rpm. The experiments were performed within one hour after the harvesting
process. The assays were carried in single-hole chips with resistances between 4-5 MQ after
priming the chip with the following solutions (in mM), physiological extracellular solution
(pECS) 10 HEPES, 140 NaCl, 5 Glucose, 4 KCI, 2 CaCl2, 1 MgCl2, 295-305 mOsm pH 7.4
(NaOH). Internal recording solution (in mM) 20 EGTA, 10 HEPES, 50 CsCl, 10 NaCl, 60 CsF,
285 mOsm pH 7.2 (by 1N CsOH). The junction potential (~ 12 mV) and the fast capacitive
component were compensated, then 15 uL of the cell suspension (50% v/v pECS/DMEM no
serum) was added to each well to a final density of 50-80K cells/mL. Cell capture was
promoted by holding a negative pressure of -100 mbar for 20 s. After the capture the seal was
enhanced by successive hyperpolarization steps from -30 mV to -100 mV followed by the
transient addition of a high Ca2+ extracellular solution (in mM) 10 HEPES, 80 NaCl, 5
Glucose, 60 NMDG, 4 KCI, 10 CaCl2, 1 MgCI2, 310 mOsm and pH 7.4 (HCI). High Ca2+
solution is washed out by successive external exchanges replacing half of the volume of the
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well each time with the external recording solution (in mM) 10 HEPES, 80 NaCl, 5 Glucose, 60
NMDG, 4 KCI, 6 CaCl2, 1 MgCI2, 300 mOsm and pH 7.4 (HCI). All recording solutions were
prepared with ultrapure MilliQ water (18 MQ-cm). All of the salts were purchased from Sigma-
Aldrich. Hygroscopic reagents were kept in a salt desiccator container; moist salts may lead to
inadequate osmolarity, a key parameter in planar electrophysiology experiments. All the
solutions were filtrated with 0.22 ym PES membrane and stored at 4°C until use. The whole-
cell configuration was achieved by a brief negative pressure pulse of -250 mbar. The holding
potential was set at -100 mV for all the voltage protocols. Once in whole-cell configuration, the
slow capacitive component (Cslow) was canceled and the series resistance (Rs)
compensation was set at 80%. The data were acquired at 20 kHz and filtered at 10 kHz using
Nanion proprietary software PatchControl 384 software (v.1.4.5). The data was processed on
DataControl384 Version 1.5.0 previous to the analysis using the quality checkpoints along the
experiment, using the seal resistance, capacitance and series resistance as qualitative
parameters. The peak current and the activation steady-state parameters were obtained from
currents elicited by a two-pulse protocol. During the preconditioning pulse (TP1) the cells were
held for 1s to a range of voltages from -120 to 20 mV with a 10 mV increase per sweep,
followed by a 200 ms test pulse at -20 mV (TP2). The peak current density value was
calculated as the maximum peak current from the preconditioning pulse normalized by the
capacitance. The normalized chord conductance (G/Gn.x) was calculated from the I-V
relationship constructed with the peak current values for each voltage during TP1, using the

following equation:

G(V)=(lpear(V))/((V-Vrev)),
where Vrev is the reversal potential obtained using a linear extrapolation of the last four
points of the I-V relationship mentioned above. The voltage activation process was fitted
using a single Boltzmann function:

G(V)=Gmax/(1+e(-z6F(V-V}))/RT) ).
The Gax was defined as the maximum value of G when the first derivative of G is minimal, zo
corresponds to the slope of the function and represent the voltage dependency of the
activation, Vh is the voltage at which half of the G,,.x. R, T and F refer to the gas, temperature
and Faraday constant.
The steady-state inactivation parameters were obtained from the peak current values during
TP2 which represent the fraction of channels able to be opened at the end of TP1. The
voltage inactivation was fitted by the sum of two Boltzmann distributions according to the
following equation:

Vimax=A/(1+e/((z_1 SF(V- [Vh] _1 )/RT) )+(1-A)(1+e7((z_2 SE(V- [Vh] _2 ))/RT)
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Where A represents the contribution of each individual Boltzmann to the final function
normalized between 0 and 1, all the other parameters have the same meaning described
above. The recovery from inactivation was obtained applying paired-pulse protocol. The
protocol corresponds to a preconditioning pulse at -20 mV for 200 ms was followed by
recovery inter-pulse with a variable length, ranging from 10 ms to 1600 ms. The peak current
in the second pulse was normalized by the current in the first pulse, the current fraction was
plotted as a function of the inter-pulse time. The data was well fitted by a mono-exponential
function as follows:

1_2/1_1=A_end+(A_0-A_end)*e™-/1).
In order to compare the different variants across different parameters with different physical
domains (voltage, time and current density) we transformed the different magnitudes into
standard scores (Z scores), where each mean value in each parameter is represented as a
standard deviation distance from the wt channel according to the following equation:

Z=(X_wt-X_var)/V((a_wt'2)/n_wt +(g_var*2)/n_var).

Where X, 02 and n stand for mean, standard deviation, and size of the sample respectively

Manual patch

Conventional Patch-clamp experiments under the whole-cell configuration were carried out
72h after induction. The currents traces were amplified using a MultiClamp 700B amplifier
(Molecular Devices Inc.). The amplified electrical signals were acquired with a Digidata
1440A (Molecular Devices Inc.) using the pClamp10 software (Molecular Devices Inc.).
Extracellular recording solution contained in mM: 2CaCl2, 10HEPES, 140 NaCl, pH
adjusted to 7.2 with NaOH. The internal electrode was fabricated from borosilicate capilars
with the puller P1000 (Sutter inst), and polished using a microforge (Narishige, Inc.) to final
diameter of 1-2 um, the resistance of the internal electrode was 3-5 Mohms, when was filled
with the following solution in mM: 126 CsCl, 10 EGTA, 10 HEPES, 1 EDTA, and 4 MgATP,

Vjp was estimated ~18 mV.

Cell lines used for investigation of Nav1.2 K1422E and T1420M mutants

Human Nav1.2 wild-type as well as Nav1.2 K1422E and Nav1.2 T1420M were introduced
into Flpln TREx 293 cell lines and selected single clone in the presence of 100 ug/mL
Zeomycin and 15 ug/mL Blasticidin to generate stable cell lines. Flpin TREx 293 cell lines
were cultured and maintained in DMEM/F12 medium supplemented with 10% FBS. Cells are
passaged with 0.25% trypsin at 80% confluence. The expression of Na,1.2 wild-type and
mutants was induced by 1ug/ml Doxycycline addition to the culture for 48 hrs in T175 flasks

for automated patch-clamp recording.
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Interpretation of variants’ functional changes as LOF and GOF effects

Functionally tested CACNA1/ variants were defined as LOF or GOF according to how the
different parameters influence the Ca2+ influx during simulated afterhyperpolarization (AHP)
rebound in (Andrade et al., 2016). Only variant effects with Z scores significantly higher than
observed in wildtype negative controls were interpreted as functional changes. Leftward
shifts in the activation midpoint, rightward shift in the inactivation midpoint, increases in the
peak current density were interpreted as GOF. Rightward shifts in the activation
midpoint, leftward shift in the inactivation midpoint and decreases in the peak current density
were defined as LOF. When two or more parameters were affected, the preponderant
functional outcome was the effect in the Ca2+ influx of the different parameters combined
during the AHP rebound. A combination of opposite effect parameters was interpreted as

“neutral” predictions.

METHOD DETAILS

Variants used in variant prediction

Likely pathogenic variants

Assuming that diseases caused by variants in SCN/CACNA1 are caused by an ultimate GOF
or LOF of Nays/Cays, we inferred LOF or GOF effects of likely pathogenic variants from
disease phenotypes from in total 19 different diseases (see Results section for examples and
Table S1 for all disease mechanisms with references). We curated published variants from
ClinVar (Landrum et al., 2016)(version 05/2018), Human Gene Mutation Database ((Stenson
et al., 2017) HGMD, version 05/2018), (Heyne et al., 2019; Heyne et al., 2018), and curated
variants in genes CACNA1D, CACNA1A and SCN2A from the literature including
unpublished phenotype data for SCN2A resulting in 303 inferred GOF and 524 inferred LOF
variants. We only included variants for which we could infer LOF or GOF effects with high
confidence. In individuals with pathogenic variants in SCN2A, pathogenic variants have
previously been suggested to have a LOF effect for individuals with seizure onset > 3 months
and GOF effect for seizure onset < 3 months (Ben-Shalom et al., 2017; Wolff et al., 2017).
However, exceptions to those cutoffs have been reported (Lauxmann et al.,, 2018). In
SCN2A, we therefore classified variants in individuals with seizure onset < 10 days as GOF
due to a clear accumulation of 93 individuals with seizure onset in the first 10 days of life. We

classified variants in individuals with seizure onset > 1 year as LOF. We used criteria based
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on ACMG guidelines (Richards et al., 2015) to classify variants as likely pathogenic wherever
possible. For example, if a variant is de novo and not present in controls it can be classified
as “likely pathogenic” according to ACMG criteria PS2 and PM2. To increase specificity for
variants in HGMD and ClinVar, we only used high-confidence likely pathogenic variants (in
ClinVar corresponding to Review Status “criteria provided” or “reviewed by expert panel”, in
HGMD corresponding to “high confidence”). We only included variants annotated as “Likely
pathogenic" or "Pathogenic" in ClinVar and “Damaging Mutation” in HGMD. We curated
HGMD and ClinVar phenotypes while also providing the original phenotype annotation for
reproducibility (see Table S1). We applied a MAF filter to all disease variants. Disease-
specific MAF thresholds were inferred from disease prevalence, inheritance mode and
penetrance (see Table S2) as described in (Whiffin et al., 2017) using the authors app
(www.cardiodb.org/allelefrequencyapp). In SCN5A, we only used pathogenic variants with
penetrance of at least 0.7 as described in (Kroncke et al., 2018). For training of pathogenic
versus neutral variant prediction we used the same variants as in the functional variant
prediction in addition to 694 likely pathogenic variants for which we could not infer LOF or

GOF mechanisms.

Neutral Variants

We used 3794 variants in the Genome Aggregation Database (gnomAD) (Karczewski et al.,
2019) as variants with inferred neutral effects (see Table S2) during training of pathogenic
versus neutral variant prediction. We excluded neuropsychiatric disease cohorts from the
gnomAD data. We only included variants in genes where pathogenic as well as neutral
variants were available in order to upsample to the same number of pathogenic and neutral
variants per gene before training. We filtered neutral variants for MAF according to genic
constraint with the rationale that mildly constrained genes might tolerate pathogenic noise-
introducing variants at higher frequencies than very constrained genes. Specifically, we
excluded singletons in all genes and excluded variants with MAF < 10 for mildly constrained
genes as indicated by pRec > 0.9 and pLI < 0.9 and missense-z < 3.09. We also excluded
variants with MAF < 10 in SCN5A, as the associated cardiological diseases have a high
prevalence of up to 1 in 2000 individuals (see Table S3), and variants often have reduced

penetrance (Kroncke et al., 2018).

All variants were annotated with Variant Effect Predictor (VEP) (McLaren et al., 2016) of
Ensembl GRCh37 release 94. For comparisons with other variant prediction methods we
used CADD, version v1.4 (Kircher et al., 2014), PolyPhen-2, version 2.2.2 (Adzhubei et al.,
2013) and MPC (Samocha et al., 2017). Prior to these calculations variants used for training

in Polyphen-2 were removed.
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Features used in variant prediction

Variant density in other paralog genes.

We performed gene family alignments of the UniProt (UniProt Consortium, 2018) canonical
isoform sequence with the program MUSCLE (Edgar, 2004). We then mapped all variants in
a functional category of either LOF, GOF or neutral onto the gene family alignment (family
alignment files deposited at GitHub). For use as feature in our prediction, we mapped
variants in functional categories back to the individual genes. We then counted variants in a
sliding window of 3 and 10 aa, respectively, to account for different-sized windows of local
sequence context. We used different ways to avoid overfitting in the pathogenicity and
functional LOF vs GOF prediction. In the pathogenicity prediction, we computed variant
densities for each gene only with variants in other genes, as we could sample to the same
number of variants per gene and functional category before training. In the LOF vs GOF
prediction, we could not sample to the same number of variants per functional category and
gene in the training data as most genes did not have GOF as well as LOF variants.
Therefore, we calculated GOF and LOF variant density on half of the training variants and
used those variant densities as covariates during model training with the other half of the

data.

Protein-based features

The experimentally solved 3D protein structures for Na,s/Ca,s are only available in parts or not
of all genes (Pan et al., 2019). We therefore computationally predicted the 3D structures of all
20 channels using experimentally solved homologous protein structures from the Protein Data
Bank (PDB, http://www.wwpdb.org) with the raptorX web server (Kallberg et al., 2012) (see
GitHub depository for p-values and scores of protein model predictions). Using the same web
server, we collected the predicted likelihood of an aa residue being buried, medium and
exposed (accessible surface area), and the likelihood of a residue conforming one out of the
eight secondary structural types for all Na,s/Ca,s. We extracted protein structural features
such as transmembrane, cytoplasm etc. from UniProt (UniProt Consortium, 2018) version
10/2017. We inferred the functionally important motifs in 3D protein structures linker helix (AA
sites between transmembrane segments S4 and S5 (Catterall and Swanson, 2015)) and
voltage sensor (positively charged aa K and R in transmembrane segment S4 (Catterall and
Swanson, 2015)) for all proteins from the literature. We annotated the inactivation gate from
SCN2A (aa sites 1472 to 1522) and the gating break from CACNA1/ (aa sites 401 to 460) and

mapped them via the gene family alignment to all Na,s or Ca,s, respectively. We annotated
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the selectivity filter from SCN2A (aa sites 378 to 389, 936 to 947, 1416 to 1427 and 1708 to

1719) and mapped it via the gene family alignment to all Na,s and Ca,s.

Amino acid-based features

We annotated physicochemical features of reference and alternative aa’ side chains by
classifying them into the different physiochemical groups annotated in
www.sigmaaldrich.com/life-science/metabolomics/learning-center/amino-acid-reference-
chart.html. We considered Cysteine (with a reactive sulfhydryl group) and the “unique” aas
(Proline and Glycine) together as “special aas”. Additionally, we used measures of aa
deleteriousness such as the “missense badness” annotation from (Samocha et al., 2017),
which quantifies tolerance of different types of missense aa exchanges in the general
population by comparing expected versus observed numbers of all possible aa exchanges in
EXAC (Lek et al., 2016). We included also the aa deleteriousness metrics “Grantham score”
(Grantham, 1974) and BLOSUM score (Henikoff and Henikoff, 1992). All features of all

potential aa changes have been deposited at github.com/heyhen/funNCion.

Ancestry conditional site-specific selection score

We constructed several features that estimate conservation within and between Na,s and
Cays that were particularly informative in pathogenic versus neutral variant prediction. First,
we simply counted how many genes have the same reference aa as the consensus
sequence in the gene family alignment, similar to the parazscore (Lal et al., 2017). Secondly,
we constructed estimates of ancestry informed selection pressure to explicitly account for the
shared evolutionary history of paralog genes. We first estimate the ancestry of paralogs
using the gene family transcript alignment using RAXML (Stamatakis, 2014) with the
GTRGAMMA model. We use the best maximum likelihood tree across 100 bootstrap
searches to define a strict prior on the ancestral history of paralog sequence alignments.
Conditional on this tree structure and alignment, we estimate parameters of a codon model of
sequence evolution (Goldman and Yang, 1994) modified to incorporate indels (Wilson and
McVean, 2006) using MCMC. MCMC moves are as described previously (Palmer et al.,
2017; Wilson and McVean, 2006), with ancestry conditional likelihoods evaluated using
Felsenstein's tree-pruning algorithm (Felsenstein, 1981). Code implemented in C, which we
call “parsel” (paralog selection) and all sequences used for development of the score are
freely available at github.com/astheeggeggs/parsel under the GNU General Public License,
V2.

Differences between canonical transcripts and canonical isoforms
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One Table deposited at github.com/heyhen/funNCion includes genomic coordinates of all
possible single nucleotide changes that can lead to all possible missense variants in
SCN/CACNA1. To maintain compatibility with UniProt protein features we only included those
transcripts whose aa sequence was 100% identical to the respective UniProt canonical
isoform. In 14 out of the 20 genes, this was the Ensembl canonical transcript. The two genes
for which no Ensembl or RefSeq transcript mapped to the canonical isoform were CACNA1A
and CACNA1C. To maintain compatibility with the genomic coordinates, we decided to use the
canonical transcripts as reference, which were the best-matching transcripts for both genes.
We introduced a single aa deletion of G at aa 419 and a two-aa QQ insertion after aa 2312 in
CACNA1A’s uniprot canonical isoform to align UniProt-derived features with the canonical
transcript. In CACNA1C, the first 1863 aa are identical in the UniProt and Ensembl canonical

transcripts, where all UniProt transmembrane features are located.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were done with the R and the C programming languages. We used the R
package caret for most machine learning-related functions and packages ggplot and plotROC

for plotting.
Comparison of tissue - associated phenotypes and tissue expression

We calculated similarity of genes’ HPO terms (Kohler et al., 2017) available at

https://hpo.jax.org, July 2018 release) to HPO terms that are specifically associated with a

given tissue using Resnik’s method as implemented in the R package ontologySimilarity. We
extracted daughter HPO terms using the R package ontologylndex. Per tissue, we correlated
genes’ tissue expression with genes’ similarity with tissue-associated phenotypes using
Spearman rank correlation. P-values of correlations within different tissues were combined

with Fisher’s method.
Clustering of inferred LOF and GOF variants of Na,s and Ca,s

In order to compare variant location between all Na,s and Ca,s, we mapped the aa sites on a
combined gene family alignment of all 20 Na,/Ca, sequences (details see method’s
paragraph “variant density in other paralog genes”). We then removed alignment gaps
obtaining 1268 aa sites mappable to all sodium and calcium channels (61% of their canonical
isoforms length of 2064 aa + 222 [mean + SD]). 726 of all 827 LOF/GOF variants could be
mapped on to the 1268 family-aligned aa sites. We then counted the LOF or GOF variant
density on the 1268 family-aligned sites in sliding windows of 3 aa hereby considering LOF or
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GOF effects of variants’ directly neighboring aa sites.

Machine learning based prediction of GOF vs LOF and pathogenic vs neutral variant effects

We used a table of all 89 protein features by all 827 variants (Table S1) to train a prediction
tool that outputs the probability that a variant results in GOF or LOF. We used the R package
caret’s train function to evaluate, using a 10-fold cross-validation resampling, the effect of
model tuning parameters on performance and to choose the optimal parameters for the final
model. Prior to resampling, we up-sampled the data to the same number of LOF versus GOF
or pathogenic versus neutral variants, respectively and also to the same number of variants in
SCN or CACNA1 genes. Before training of the pathogenicity model, we additionally up-
sampled to the same number of variants per gene. Prior to model training, we randomly split
our dataset to retain 10% of variants as a test data set for validation. We used all available
features relying on inbuilt feature selection algorithms. We included whether a gene was a Ca,
or Na, as covariate in our model, however we did not include the individual gene as covariate.
We computed GOF and LOF variant density slightly differently for LOF vs GOF and
pathogenic vs neutral prediction (see method section “Variant density in other paralog genes”).
Comparing different machine learning methods, the decision-tree based algorithms Random
Forest and Stochastic Gradient Boosting, also known as Gradient Boosting Machine (GBM)
outperformed logistic regression, eXtreme Gradient Boosting and support vector machine (t-
tests, Bonferroni-corrected p-values 2x10° to <2x107'°, see Figure S5A). GBM performed best
so we chose GBM as the final method for our prediction model with standard parameters.
During the modelling process, tuning parameter 'shrinkage' (how quickly the algorithm adapts)
was held constant at a value of 0.1. Parameter 'n.minobsinnode' (minimum number of training
set samples in a node to commence splitting) was held constant at a value of 10. Maximizing
accuracy was used to select parameters for the optimal model. The final values were: number

of tree iterations = 50, interaction.depth (complexity of the tree) = 1, see also Figure S5.
Performance metrics of machine learning based prediction

We used following measures to assess the performance of our model: balanced accuracy
(BA), Matthew’s Correlation Coefficient (MCC), Cohen's kappa (kappa) and the Receiver
Operating Characteristic (ROC). Using true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN) of the 2x2 contingency table of LOF vs. GOF or

pathogenic vs. neutral predictions, those metrics are defined as follows (Baldi et al., 2000).

TP/(TP+FP)+TN/(TN+FN)
2

BA=
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_ TP x TN—FP x FN
J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

MCC

The Kappa Statistic compares the accuracy of the prediction to the accuracy of a random

prediction.

totalAccuracy—randomAccuracy
1-randomAccuracy

kappa=

TP+TN
totalAccu raCY=1pITNTFPTFN

(TN+FP) x (TN+FN)+(FN+TP) x (FP+TP)
(TP+TN+FP+FN) x (TP+TN+FP+FN)

randomAccuracy=

ROC is the area under the curve which is created by plotting the true positive rate against the

false positive rate at various probabilities.

DATA AND SOFTWARE AVAILABILITY

Supplementary Tables

Table S1: All likely pathogenic variants used in functional and pathogenic variant prediction.
Table S2: All inferred neutral variants used in pathogenic variant prediction.
Table S3: Minor allele frequencies cutoffs of different diseases.

Table S4: Functional and pathogenic variant prediction of functionally tested variants in
SCN1A/ SCN2A/ SCN8A

Table S5: Functional and pathogenic variant prediction of functionally tested variants in
CACNA1I

Table S6: Prediction of variants in diseases (autism, ADHD, epilepsy)

PDB files to load 3D model of variants mapped on SCN2A (Figure S3) and homology models
used to compute protein features into PyMOL.: https://github.com/heyhen/funNCion

Functional (LOF vs GOF) and pathogenic variant prediction of all possible single nucleotide

genomic changes that can lead to aa changes in Na,s and Ca,s:
https://github.com/heyhen/funNCion

http://funNCion.broadinstitute.org
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The R code used to perform functional variant prediction and associated data tables:
https://github.com/heyhen/funNCion

The C code used to perform ancestry conditional site-specific selection and associated data

tables: https://github.com/astheeggeggs/parsel

ClinVar public repository (Landrum et al., 2016) provides further information for ClinVar variant

identifiers referenced in Table S1: https://www.ncbi.nlm.nih.gov/clinvar/

ADDITIONAL RESOURCES

Please find functional and pathogenic predictions of all possible variants in Na,s and Ca,s,
available as genomic or protein coordinates, on our website

http://ffunNCion.broadinstitute.org.

41


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

References

Adzhubei, I., Jordan, D.M., and Sunyaev, S.R. (2013). Predicting functional effect of human missense
mutations using PolyPhen-2. Curr Protoc Hum Genet Chapter 7, Unit7.20.

Al-Mehmadi, S., Splitt, M., Ramesh, V., DeBrosse, S., Dessoffy, K., Xia, F., Yang, Y., Rosenfeld, J.A.,
Cossette, P., Michaud, J.L., et al. (2016). FHF1 (FGF12) epileptic encephalopathy. Neurol Genet 2, e115.
Andrade, A., Hope, J., Allen, A., Yorgan, V., Lipscombe, D., and Pan, J.Q. (2016). A rare schizophrenia
risk variant of CACNA1I disrupts Ca. Sci Rep 6, 34233.

Ashley, E.A. (2016). Towards precision medicine. Nat Rev Genet 17, 507-522.

Baldi, P., Brunak, S., Chauvin, Y., Andersen, C.A., and Nielsen, H. (2000). Assessing the accuracy of
prediction algorithms for classification: an overview. Bioinformatics 16, 412-424.

Ben-Shalom, R., Keeshen, C.M., Berrios, K.N., An, J.Y., Sanders, S.J., and Bender, K.J. (2017). Opposing
Effects on Nay1.2 Function Underlie Differences Between SCN2A Variants Observed in Individuals With
Autism Spectrum Disorder or Infantile Seizures. Biol Psychiatry 82, 224-232.

Berecki, G., Howell, K.B., Deerasooriya, Y.H., Cilio, M.R., Oliva, M.K., Kaplan, D., Scheffer, I.E., Berkovic,
S.F., and Petrou, S. (2018). Dynamic action potential clamp predicts functional separation in mild
familial and severe de novo forms of. Proc Natl Acad Sci US A 115, E5516-E5525.

Blanchard, M.G., Willemsen, M.H., Walker, J.B., Dib-Hajj, S.D., Waxman, S.G., Jongmans, M.C,,
Kleefstra, T., van de Warrenburg, B.P., Praamstra, P., Nicolai, J., et al. (2015). De novo gain-of-function
and loss-of-function mutations of SCN8A in patients with intellectual disabilities and epilepsy. J Med
Genet 52, 330-337.

Boczek, N.J., Best, J.M., Tester, D.J., Giudicessi, J.R., Middha, S., Evans, J.M., Kamp, T.J., and Ackerman,
M.J. (2013). Exome sequencing and systems biology converge to identify novel mutations in the L-type
calcium channel, CACNAI1C, linked to autosomal dominant long QT syndrome. Circ Cardiovasc Genet 6,
279-289.

Brunklaus, A., Ellis, R., Reavey, E., Forbes, G.H., and Zuberi, S.M. (2012). Prognostic, clinical and
demographic features in SCN1A mutation-positive Dravet syndrome. Brain 135, 2329-2336.

Brunklaus, A., Ellis, R., Reavey, E., Semsarian, C., and Zuberi, S.M. (2014). Genotype phenotype
associations across the voltage-gated sodium channel family. ] Med Genet 51, 650-658.

Bulman, D.E., Scoggan, K.A., van Oene, M.D., Nicolle, M.W., Hahn, A.F., Tollar, L.L., and Ebers, G.C.
(1999). A novel sodium channel mutation in a family with hypokalemic periodic paralysis. Neurology
53,1932-1936.

Cannon, S.C. (2015). Channelopathies of skeletal muscle excitability. Compr Physiol 5, 761-790.
Catterall, W.A. (1995). Structure and function of voltage-gated ion channels. Annu Rev Biochem 64,
493-531.

Catterall, W.A., Kalume, F., and Oakley, J.C. (2010). NaV1.1 channels and epilepsy. J Physiol 588, 1849-
1859.

Catterall, W.A., and Swanson, T.M. (2015). Structural Basis for Pharmacology of Voltage-Gated Sodium
and Calcium Channels. Mol Pharmacol 88, 141-150.

Cestele, S., Schiavon, E., Rusconi, R., Franceschetti, S., and Mantegazza, M. (2013). Nonfunctional
NaV1.1 familial hemiplegic migraine mutant transformed into gain of function by partial rescue of
folding defects. Proc Natl Acad Sci US A 110, 17546-17551.

Chanda, B., and Bezanilla, F. (2002). Tracking voltage-dependent conformational changes in skeletal
muscle sodium channel during activation. J Gen Physiol 120, 629-645.

Chen, Q., Kirsch, G.E., Zhang, D., Brugada, R., Brugada, J., Brugada, P., Potenza, D., Moya, A., Borggrefe,
M., Breithardt, G., et al. (1998). Genetic basis and molecular mechanism for idiopathic ventricular
fibrillation. Nature 392, 293-296.

Chiron, C., Marchand, M.C., Tran, A., Rey, E., d'Athis, P., Vincent, J., Dulac, O., and Pons, G. (2000).
Stiripentol in severe myoclonic epilepsy in infancy: a randomised placebo-controlled syndrome-
dedicated trial. STICLO study group. Lancet 356, 1638-1642.

42


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Claes, L., Del-Favero, J., Ceulemans, B., Lagae, L., Van Broeckhoven, C., and De Jonghe, P. (2001). De
novo mutations in the sodium-channel gene SCN1A cause severe myoclonic epilepsy of infancy. Am J
Hum Genet 68, 1327-1332.

Clerx, M., Heijman, J., Collins, P., and Volders, P.G.A. (2018). Predicting changes to Iy, from missense
mutations in human SCN5A. Sci Rep 8, 12797.

Cummins, T.R., Dib-Hajj, S.D., and Waxman, S.G. (2004). Electrophysiological properties of mutant
Nav1.7 sodium channels in a painful inherited neuropathy. J Neurosci 24, 8232-8236.

Damaj, L., Lupien-Meilleur, A., Lortie, A., Riou, E., Ospina, L.H., Gagnon, L., Vanasse, C., and Rossignol,
E. (2015). CACNA1A haploinsufficiency causes cognitive impairment, autism and epileptic
encephalopathy with mild cerebellar symptoms. Eur J Hum Genet 23, 1505-1512.

Dichgans, M., Freilinger, T., Eckstein, G., Babini, E., Lorenz-Depiereux, B., Biskup, S., Ferrari, M.D.,
Herzog, J., van den Maagdenberg, A.M., Pusch, M., et al. (2005). Mutation in the neuronal voltage-
gated sodium channel SCN1A in familial hemiplegic migraine. Lancet 366, 371-377.

Edgar, R.C. (2004). MUSCLE: multiple sequence alignment with high accuracy and high throughput.
Nucleic Acids Res 32, 1792-1797.

Epi4K (2016). De Novo Mutations in SLC1A2 and CACNA1A Are Important Causes of Epileptic
Encephalopathies. Am J Hum Genet 99, 287-298.

EpiPMConsortium (2015). A roadmap for precision medicine in the epilepsies. Lancet Neurol 14, 1219-
1228.

Felsenstein, J. (1981). Evolutionary trees from DNA sequences: a maximum likelihood approach. J Mol
Evol 17, 368-376.

Feng, Y.-C.A., Howrigan, D.P., Abbott, L.E., Tashman, K., Cerrato, F., Singh, T., Heyne, H., Byrnes, A.,
Churchhouse, C,, Lal, D., et al. (2019). Ultra-rare genetic variation in the epilepsies: a whole-exome
sequencing study of 17,606 individuals. bioRxiv, 525683.

Fertleman, C.R., Baker, M.D., Parker, K.A., Moffatt, S., Elmslie, F.V., Abrahamsen, B., Ostman, J.,
Klugbauer, N., Wood, J.N., Gardiner, R.M., et al. (2006). SCN9A mutations in paroxysmal extreme pain
disorder: allelic variants underlie distinct channel defects and phenotypes. Neuron 52, 767-774.
Fletcher, C.F., Lutz, C.M., O'Sullivan, T.N., Shaughnessy, J.D., Hawkes, R., Frankel, W.N., Copeland, N.G.,
and Jenkins, N.A. (1996). Absence epilepsy in tottering mutant mice is associated with calcium channel
defects. Cell 87, 607-617.

Friedman, J.H. (2001). Greedy function approximation: A gradient boosting &#x9;&#x9;&#x9; machine.
Ann Statist 29, 1189-1232.

Fukuyama, M., Wang, Q., Kato, K., Ohno, S., Ding, W.G., Toyoda, F., Itoh, H., Kimura, H., Makiyama, T.,
Ito, M., et al. (2014). Long QT syndrome type 8: novel CACNA1C mutations causing QT prolongation
and variant phenotypes. Europace 16, 1828-1837.

Gabelli, S.B., Yoder, J.B., Tomaselli, G.F., and Amzel, L.M. (2016). Calmodulin and Ca(2+) control of
voltage gated Na(+) channels. Channels (Austin) 10, 45-54.

Genovese, G., Fromer, M., Stahl, E.A., Ruderfer, D.M., Chambert, K., Landén, M., Moran, J.L., Purcell,
S.M., Sklar, P., Sullivan, P.F., et al. (2016). Increased burden of ultra-rare protein-altering variants
among 4,877 individuals with schizophrenia. Nat Neurosci 19, 1433-1441.

Goldfarb, M. (2012). Voltage-gated sodium channel-associated proteins and alternative mechanisms of
inactivation and block. Cell Mol Life Sci 69, 1067-1076.

Goldman, N., and Yang, Z. (1994). A codon-based model of nucleotide substitution for protein-coding
DNA sequences. Mol Biol Evol 11, 725-736.

Gorman, K.M., Meyer, E., Grozeva, D., Spinelli, E., McTague, A., Sanchis-Juan, A., Carss, K.J., Bryant, E.,
Reich, A., Schneider, A.L., et al. (2019). Bi-allelic Loss-of-Function CACNA1B Mutations in Progressive
Epilepsy-Dyskinesia. Am J Hum Genet 104, 948-956.

Grantham, R. (1974). Amino acid difference formula to help explain protein evolution. Science 185,
862-864.

GTEx (2015). Human genomics. The Genotype-Tissue Expression (GTEx) pilot analysis: multitissue gene
regulation in humans. Science 348, 648-660.

43


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Han, C., Vasylyev, D., Macala, L.J., Gerrits, M.M., Hoeijmakers, J.G., Bekelaar, K.J., Dib-Hajj, S.D., Faber,
C.G., Merkies, I.S., and Waxman, S.G. (2014). The G1662S NaV1.8 mutation in small fibre neuropathy:
impaired inactivation underlying DRG neuron hyperexcitability. ] Neurol Neurosurg Psychiatry 85, 499-
505.

Heinemann, S.H., Terlau, H., Stihmer, W., Imoto, K., and Numa, S. (1992). Calcium channel
characteristics conferred on the sodium channel by single mutations. Nature 356, 441-443.

Helbig, K.L., Lauerer, R.J., Bahr, J.C,, Souza, |.A., Myers, C.T., Uysal, B., Schwarz, N., Gandini, M.A.,
Huang, S., Keren, B., et al. (2018). De Novo Pathogenic Variants in CACNA1E Cause Developmental and
Epileptic Encephalopathy with Contractures, Macrocephaly, and Dyskinesias. Am J Hum Genet 103,
666-678.

Henikoff, S., and Henikoff, J.G. (1992). Amino acid substitution matrices from protein blocks. Proc Natl
Acad Sci U S A 89,10915-10919.

Heyes, S., Pratt, W.S., Rees, E., Dahimene, S., Ferron, L., Owen, M.J., and Dolphin, A.C. (2015). Genetic
disruption of voltage-gated calcium channels in psychiatric and neurological disorders. Prog Neurobiol
134, 36-54.

Heyne, H.O., Artomov, M., Battke, F., Bianchini, C., Smith, D.R., Liebmann, N., Tadigotla, V., Stanley,
C.M., Lal, D., Rehm, H., et al. (2019). Targeted gene sequencing in 6994 individuals with
neurodevelopmental disorder with epilepsy. Genet Med.

Heyne, H.O., Singh, T., Stamberger, H., Abou Jamra, R., Caglayan, H., Craiu, D., De Jonghe, P., Guerrini,
R., Helbig, K.L., Koeleman, B.P.C., et al. (2018). De novo variants in neurodevelopmental disorders with
epilepsy. Nat Genet 50, 1048-1053.

Huang, W., Liu, M., Yan, S.F., and Yan, N. (2017). Structure-based assessment of disease-related
mutations in human voltage-gated sodium channels. Protein Cell 8, 401-438.

ILAE, Epilepsy, I.L.A., and Epilepsies), C.0.C. (2018). Genome-wide mega-analysis identifies 16 loci and
highlights diverse biological mechanisms in the common epilepsies. Nat Commun 9, 5269.

llg, W., Bastian, A.J., Boesch, S., Burciu, R.G., Celnik, P., ClaalRen, J., Feil, K., Kalla, R., Miyai, 1.,
Nachbauer, W., et al. (2014). Consensus paper: management of degenerative cerebellar disorders.
Cerebellum 13, 248-268.

Jen, J.C., Graves, T.D., Hess, E.J., Hanna, M.G., Griggs, R.C., Baloh, R.W., and investigators, C. (2007).
Primary episodic ataxias: diagnosis, pathogenesis and treatment. Brain 130, 2484-2493.

Karczewski, K.J., Francioli, L.C., Tiao, G., Cummings, B.B., Alf6ldi, J., Wang, Q., Collins, R.L., Laricchia,
K.M., Ganna, A., Birnbaum, D.P., et al. (2019). Variation across 141,456 human exomes and genomes
reveals the spectrum of loss-of-function intolerance across human protein-coding genes. bioRxiv,
531210.

Kellenberger, S., West, J.W., Scheuer, T., and Catterall, W.A. (1997). Molecular analysis of the putative
inactivation particle in the inactivation gate of brain type IIA Na+ channels. J Gen Physiol 109, 589-605.
Kircher, M., Witten, D.M., Jain, P., O'Roak, B.J., Cooper, G.M., and Shendure, J. (2014). A general
framework for estimating the relative pathogenicity of human genetic variants. Nat Genet 46, 310-315.
Kohler, S., Vasilevsky, N.A., Engelstad, M., Foster, E., McMurry, J., Ayme, S., Baynam, G., Bello, S.M.,
Boerkoel, C.F., Boycott, K.M., et al. (2017). The Human Phenotype Ontology in 2017. Nucleic Acids Res
45, D865-D876.

Kroncke, B.M., Glazer, A.M., Smith, D.K., Blume, J.D., and Roden, D.M. (2018). SCN5A (NaV1.5) Variant
Functional Perturbation and Clinical Presentation. Circ Genom Precis Med 11, e002095.

Kallberg, M., Wang, H., Wang, S., Peng, J., Wang, Z., Lu, H., and Xu, J. (2012). Template-based protein
structure modeling using the RaptorX web server. Nat Protoc 7, 1511-1522.

Lal, D., May, P., Samocha, K.E., Kosmicki, J.A., MacArthur, D.G., Palotie, A., and Daly, M.J. (2017). Gene
family information facilitates variant interpretation and identification of disease-associated genes.
bioRxiv.

Landrum, M.J.,, Lee, J.M., Benson, M., Brown, G., Chao, C., Chitipiralla, S., Gu, B., Hart, J., Hoffman, D.,
Hoover, J., et al. (2016). ClinVar: public archive of interpretations of clinically relevant variants. Nucleic
Acids Res 44, D862-868.

44


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Larsen, J., Carvill, G.L., Gardella, E., Kluger, G., Schmiedel, G., Barisic, N., Depienne, C., Brilstra, E.,
Mang, Y., Nielsen, J.E., et al. (2015). The phenotypic spectrum of SCN8A encephalopathy. Neurology
84, 480-489.

Lauxmann, S., Verbeek, N.E., Liu, Y., Zaichuk, M., Miiller, S., Lemke, J.R., van Kempen, M.J.A., Lerche,
H., and Hedrich, U.B.S. (2018). Relationship of electrophysiological dysfunction and clinical severity in
SCN2A-related epilepsies. Hum Mutat 39, 1942-1956.

Lek, M., Karczewski, K.J., Minikel, E.V., Samocha, K.E., Banks, E., Fennell, T., O'Donnell-Luria, A.H.,
Ware, J.S., Hill, A.J., Cummings, B.B., et al. (2016). Analysis of protein-coding genetic variation in
60,706 humans. Nature 536, 285-291.

Li, B., Mendenhall, J.L., Kroncke, B.M., Taylor, K.C., Huang, H., Smith, D.K., Vanoye, C.G., Blume, J.D.,
George, A.L., Sanders, C.R., et al. (2017). Predicting the Functional Impact of KCNQ1 Variants of
Unknown Significance. Circ Cardiovasc Genet 10.

Liu, Y., Schubert, J., Sonnenberg, L., Helbig, K.L., Hoei-Hansen, C.E., Koko, M., Rannap, M., Lauxmann,
S., Hug, M., Schneider, M.C., et al. (2019). Neuronal mechanisms of mutations in SCN8A causing
epilepsy or intellectual disability. Brain 142, 376-390.

Mansergh, F., Orton, N.C., Vessey, J.P., Lalonde, M.R., Stell, W.K., Tremblay, F., Barnes, S., Rancourt,
D.E., and Bech-Hansen, N.T. (2005). Mutation of the calcium channel gene Cacnalf disrupts calcium
signaling, synaptic transmission and cellular organization in mouse retina. Hum Mol Genet 14, 3035-
3046.

Matthews, E., Labrum, R., Sweeney, M.G., Sud, R., Haworth, A., Chinnery, P.F., Meola, G., Schorge, S.,
Kullmann, D.M., Davis, M.B., et al. (2009). Voltage sensor charge loss accounts for most cases of
hypokalemic periodic paralysis. Neurology 72, 1544-1547.

MclLaren, W., Gil, L., Hunt, S.E., Riat, H.S., Ritchie, G.R., Thormann, A., Flicek, P., and Cunningham, F.
(2016). The Ensembl Variant Effect Predictor. Genome Biol 17, 122.

Mitrovié, N., George, A.L., Heine, R., Wagner, S., Pika, U., Hartlaub, U., Zhou, M., Lerche, H., Fahlke, C.,
and Lehmann-Horn, F. (1994). K(+)-aggravated myotonia: destabilization of the inactivated state of the
human muscle Na+ channel by the V1589M mutation. J Physiol 478 Pt 3, 395-402.

Moreau, A., Gosselin-Badaroudine, P., and Chahine, M. (2014). Biophysics, pathophysiology, and
pharmacology of ion channel gating pores. Front Pharmacol 5, 53.

Mori, Y., Wakamori, M., Oda, S., Fletcher, C.F., Sekiguchi, N., Mori, E., Copeland, N.G., Jenkins, N.A.,
Matsushita, K., Matsuyama, Z., et al. (2000). Reduced voltage sensitivity of activation of P/Q-type Ca2+
channels is associated with the ataxic mouse mutation rolling Nagoya (tg(rol)). J Neurosci 20, 5654-
5662.

Mgller, R.S., Hammer, T.B., Rubboli, G., Lemke, J.R., and Johannesen, K.M. (2019). From next-
generation sequencing to targeted treatment of non-acquired epilepsies. Expert Rev Mol Diagn 19,
217-228.

Mgller, R.S., and Johannesen, K.M. (2016). Precision Medicine: SCN8A Encephalopathy Treated with
Sodium Channel Blockers. Neurotherapeutics 13, 190-191.

Ophoff, R.A., Terwindt, G.M., Vergouwe, M.N., van Eijk, R., Oefner, P.J., Hoffman, S.M., Lamerdin, J.E.,
Mohrenweiser, H.W., Bulman, D.E., Ferrari, M., et al. (1996). Familial hemiplegic migraine and episodic
ataxia type-2 are caused by mutations in the Ca2+ channel gene CACNL1A4. Cell 87, 543-552.

Oyrer, J., Maljevic, S., Scheffer, I.E., Berkovic, S.F., Petrou, S., and Reid, C.A. (2018). lon Channels in
Genetic Epilepsy: From Genes and Mechanisms to Disease-Targeted Therapies. Pharmacol Rev 70, 142-
173.

Palmer, D.S., Turner, |, Fidler, S., Frater, J., Goulder, P., Goedhals, D., Huang, K.-H.G., Oxenius, A.,
Phillips, R., Shapiro, R., et al. (2017). Mapping the drivers of within-host pathogen evolution using
massive data sets. bioRxiv, 155242.

Pan, J.Q., Baez-Nieto, D., Allen, A., Wang, H.R., and Cottrell, J.R. (2018). Developing High-Throughput
Assays to Analyze and Screen Electrophysiological Phenotypes. Methods Mol Biol 1787, 235-252.

Pan, X., Li, Z., Huang, X., Huang, G., Gao, S., Shen, H., Liu, L., Lei, J., and Yan, N. (2019). Molecular basis
for pore blockade of human Na. Science 363, 1309-1313.

45


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Pantazis, A., Savalli, N., Sigg, D., Neely, A., and Olcese, R. (2014). Functional heterogeneity of the four
voltage sensors of a human L-type calcium channel. Proc Natl Acad Sci US A 111, 18381-18386.
Pietrobon, D. (2005). Migraine: new molecular mechanisms. Neuroscientist 11, 373-386.

Power, R.A., Kyaga, S., Uher, R., MacCabe, J.H., Langstrom, N., Landen, M., McGuffin, P., Lewis, C.M.,
Lichtenstein, P., and Svensson, A.C. (2013). Fecundity of patients with schizophrenia, autism, bipolar
disorder, depression, anorexia nervosa, or substance abuse vs their unaffected siblings. JAMA
Psychiatry 70, 22-30.

Ptacek, L.J., George, A.L., Barchi, R.L., Griggs, R.C., Riggs, J.E., Robertson, M., and Leppert, M.F. (1992).
Mutations in an S4 segment of the adult skeletal muscle sodium channel cause paramyotonia
congenita. Neuron 8, 891-897.

Ptacek, L.J., George, A.L., Griggs, R.C., Tawil, R., Kallen, R.G., Barchi, R.L., Robertson, M., and Leppert,
M.F. (1991). Identification of a mutation in the gene causing hyperkalemic periodic paralysis. Cell 67,
1021-1027.

Richards, S., Aziz, N., Bale, S., Bick, D., Das, S., Gastier-Foster, J., Grody, W.W., Hegde, M., Lyon, E.,
Spector, E., et al. (2015). Standards and guidelines for the interpretation of sequence variants: a joint
consensus recommendation of the American College of Medical Genetics and Genomics and the
Association for Molecular Pathology. Genet Med 17, 405-424.

Ripke, Schizophrenia, Working, Group, and PGC (2014). Biological insights from 108 schizophrenia-
associated genetic loci. Nature 511, 421-427.

Roselli, C., Chaffin, M.D., Weng, L.C., Aeschbacher, S., Ahlberg, G., Albert, C.M., Almgren, P., Alonso, A.,
Anderson, C.D., Aragam, K.G., et al. (2018). Multi-ethnic genome-wide association study for atrial
fibrillation. Nat Genet 50, 1225-1233.

Samocha, K.E., Kosmicki, J.A., Karczewski, K.J., O'Donnell-Luria, A.H., Pierce-Hoffman, E., MacArthur,
D.G., Neale, B.M., and Daly, M.. (2017). Regional missense constraint improves variant
deleteriousness prediction. bioRxiv.

Sanders, S.J., Campbell, A.J., Cottrell, J.R., Moller, R.S., Wagner, F.F., Auldridge, A.L., Bernier, R.A.,
Catterall, W.A., Chung, W.K., Empfield, J.R., et al. (2018). Progress in Understanding and Treating
SCN2A-Mediated Disorders. Trends Neurosci 41, 442-456.

Satterstrom, F.K., Kosmicki, J.A., Wang, J., Breen, M.S., De Rubeis, S., An, J.-Y., Peng, M., Collins, R.L.,
Grove, J., Klei, L., et al. (2018a). Novel genes for autism implicate both excitatory and inhibitory cell
lineages in risk. bioRxiv, 484113.

Satterstrom, F.K., Walters, R.K., Singh, T., Wigdor, E.M., Lescai, F., Demontis, D., Kosmicki, J.A., Grove,
J., Stevens, C., Bybjerg-Grauholm, J., et al. (2018b). ASD and ADHD have a similar burden of rare
protein-truncating variants. bioRxiv, 277707.

Savalli, N., Pantazis, A., Sigg, D., Weiss, J.N., Neely, A., and Olcese, R. (2016). The a26-1 subunit
remodels CaV1.2 voltage sensors and allows Ca2+ influx at physiological membrane potentials. J Gen
Physiol 148, 147-159.

Schlief, T., Schénherr, R., Imoto, K., and Heinemann, S.H. (1996). Pore properties of rat brain Il sodium
channels mutated in the selectivity filter domain. Eur Biophys J 25, 75-91.

Scholl, U.l., Goh, G., Stélting, G., de Oliveira, R.C., Choi, M., Overton, J.D., Fonseca, A.L., Korah, R,,
Starker, L.F., Kunstman, J.W., et al. (2013). Somatic and germline CACNA1D calcium channel mutations
in aldosterone-producing adenomas and primary aldosteronism. Nat Genet 45, 1050-1054.
Schoonjans, A.S., Lagae, L.,, and Ceulemans, B. (2015). Low-dose fenfluramine in the treatment of
neurologic disorders: experience in Dravet syndrome. Ther Adv Neurol Disord 8, 328-338.

Sokolov, S., Scheuer, T., and Catterall, W.A. (2007). Gating pore current in an inherited ion
channelopathy. Nature 446, 76-78.

Splawski, 1., Timothy, K.W., Sharpe, L.M., Decher, N., Kumar, P., Bloise, R., Napolitano, C., Schwartz,
P.J., Joseph, R.M., Condouris, K., et al. (2004). Ca(V)1.2 calcium channel dysfunction causes a
multisystem disorder including arrhythmia and autism. Cell 119, 19-31.

Stamatakis, A. (2014). RAXxML version 8: a tool for phylogenetic analysis and post-analysis of large
phylogenies. Bioinformatics 30, 1312-1313.

46


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/671453; this version posted June 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Stead, L.F., Wood, I.C., and Westhead, D.R. (2011). KvSNP: accurately predicting the effect of genetic
variants in voltage-gated potassium channels. Bioinformatics 27, 2181-2186.

Stenson, P.D., Mort, M., Ball, E.V., Evans, K., Hayden, M., Heywood, S., Hussain, M., Phillips, A.D., and
Cooper, D.N. (2017). The Human Gene Mutation Database: towards a comprehensive repository of
inherited mutation data for medical research, genetic diagnosis and next-generation sequencing
studies. Hum Genet 136, 665-677.

Stockner, T., and Koschak, A. (2013). What can naturally occurring mutations tell us about Ca(v)1.x
channel function? Biochim Biophys Acta 1828, 1598-1607.

Strom, T.M., Nyakatura, G., Apfelstedt-Sylla, E., Hellebrand, H., Lorenz, B., Weber, B.H., Wutz, K.,
Gutwillinger, N., Rither, K., Drescher, B., et al. (1998). An L-type calcium-channel gene mutated in
incomplete X-linked congenital stationary night blindness. Nat Genet 19, 260-263.

UniProt Consortium, T. (2018). UniProt: the universal protein knowledgebase. Nucleic Acids Res 46,
2699.

Vilella, A.J., Severin, J., Ureta-Vidal, A., Heng, L., Durbin, R., and Birney, E. (2009). EnsemblCompara
GeneTrees: Complete, duplication-aware phylogenetic trees in vertebrates. Genome Res 19, 327-335.
Walsh, R., Peters, N.S., Cook, S.A., and Ware, J.S. (2014). Paralogue annotation identifies novel
pathogenic variants in patients with Brugada syndrome and catecholaminergic polymorphic ventricular
tachycardia. ) Med Genet 51, 35-44.

Wang, Q., Shen, J., Splawski, ., Atkinson, D., Li, Z., Robinson, J.L., Moss, A.J., Towbin, J.A., and Keating,
M.T. (1995). SCN5A mutations associated with an inherited cardiac arrhythmia, long QT syndrome. Cell
80, 805-811.

Ware, J.S., Walsh, R., Cunningham, F., Birney, E., and Cook, S.A. (2012). Paralogous annotation of
disease-causing variants in long QT syndrome genes. Hum Mutat 33, 1188-1191.

Waxman, S.G., Merkies, 1.S.)., Gerrits, M.M., Dib-Hajj, S.D., Lauria, G., Cox, J.J., Wood, J.N., Woods,
C.G., Drenth, J.P.H.,, and Faber, C.G. (2014). Sodium channel genes in pain-related disorders:
phenotype-genotype associations and recommendations for clinical use. Lancet Neurol 13, 1152-1160.
Whiffin, N., Minikel, E., Walsh, R., O'Donnell-Luria, A.H., Karczewski, K., Ing, A.Y., Barton, P.J.R., Funke,
B., Cook, S.A., MacArthur, D., et al. (2017). Using high-resolution variant frequencies to empower
clinical genome interpretation. Genet Med 19, 1151-1158.

Wilson, D.J., and McVean, G. (2006). Estimating diversifying selection and functional constraint in the
presence of recombination. Genetics 172, 1411-1425.

Wolff, M., Johannesen, K.M., Hedrich, U.B., Masnada, S., Rubboli, G., Gardella, E., Lesca, G., Ville, D.,
Milh, M., Villard, L, et al. (2017). Genetic and phenotypic heterogeneity suggest therapeutic
implications in SCN2A-related disorders. Brain.

Yang, Y., Wang, Y., Li, S., Xu, Z,, Li, H., Ma, L., Fan, J., Bu, D, Liu, B., Fan, Z,, et al. (2004). Mutations in
SCN9A, encoding a sodium channel alpha subunit, in patients with primary erythermalgia. ] Med Genet
41,171-174.

Yu, F.H., and Catterall, W.A. (2004). The VGL-chanome: a protein superfamily specialized for electrical
signaling and ionic homeostasis. Sci STKE 2004, re15.

47


https://doi.org/10.1101/671453
http://creativecommons.org/licenses/by/4.0/

