PLOS

Check for
updates

G OPEN ACCESS

Citation: BoBelmann CM, Hedrich UBS, Lerche H,
Pfeifer N (2023) Predicting functional effects of ion
channel variants using new phenotypic machine
learning methods. PLoS Comput Biol 19(3):
€1010959. https://doi.org/10.1371/journal.

pchi. 1010959

Editor: Steven A. Niederer, King’s College London,
UNITED KINGDOM

Received: December 6, 2022
Accepted: February 19, 2023
Published: March 6, 2023

Copyright: © 2023 BoBelmann et al. This is an
open access article distributed under the terms of
the Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the original
author and source are credited.

Data Availability Statement: All data and code
generated during this study are available on
Zenodo (DOI 10.5281/zenodo.7113318). The web-
based user interface is available both on GitHub
(https://github.com/christianbosselmann/SCION)
and as a Shiny app (https:/cbosselmann.
shinyapps.io/SCION/).

Funding: This work was supported by intramural
funding of the Medical Faculty, University of
Tuebingen (PATE F.1315137.1 to CB), the Federal
Ministry for Education and Research (Treat-ION,

RESEARCH ARTICLE

Predicting functional effects of ion channel
variants using new phenotypic machine
learning methods

Christian Malte BoBelmann'?, Ulrike B. S. Hedrich', Holger Lerche'**,
Nico Pfeifer®?3+

1 Department of Neurology and Epileptology, Hertie Institute for Clinical Brain Research, University of
Tuebingen, Tuebingen, Germany, 2 Methods in Medical Informatics, Department of Computer Science,
University of Tuebingen, Tuebingen, Germany, 3 Institute for Bioinformatics and Medical Informatics,
University of Tuebingen, Tuebingen, Germany

® These authors contributed equally to this work.
* holger.lerche @ med.uni-tuebingen.de (HL); nico.pfeifer @ uni-tuebingen.de (NP)

Abstract

Missense variants in genes encoding ion channels are associated with a spectrum of severe
diseases. Variant effects on biophysical function correlate with clinical features and can be
categorized as gain- or loss-of-function. This information enables a timely diagnosis, facili-
tates precision therapy, and guides prognosis. Functional characterization presents a bottle-
neck in translational medicine. Machine learning models may be able to rapidly generate
supporting evidence by predicting variant functional effects. Here, we describe a multi-task
multi-kernel learning framework capable of harmonizing functional results and structural
information with clinical phenotypes. This novel approach extends the human phenotype
ontology towards kernel-based supervised machine learning. Our gain- or loss-of-function
classifier achieves high performance (mean accuracy 0.853 SD 0.016, mean AU-ROC
0.912 SD 0.025), outperforming both conventional baseline and state-of-the-art methods.
Performance is robust across different phenotypic similarity measures and largely insensi-
tive to phenotypic noise or sparsity. Localized multi-kernel learning offered biological insight
and interpretability by highlighting channels with implicit genotype-phenotype correlations or
latent task similarity for downstream analysis.

Author summary

Genetic variants can impact the function of voltage-gated ion channels, which are trans-
membrane channels that are important for the electrical signalling of neurons. Individuals
affected by these variants may have severe neurological or cardiac disease. Knowing the
functional effects of variants can help us improve the diagnosis and clinical care for these
individuals, and may also enable precision medicine aimed at correcting channel function.
Machine learning methods are capable of predicting these functional effects, but previous
models have only included information from protein sequence and structure. Here, we
have developed a novel algorithm that can integrate clinical information by using the
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Human Phenotype Ontology (HPO), a standardized vocabulary of phenotypic features
encountered in human disease. These different sources of information are used to train a
multi-kernel support-vector machine. Our results suggest that this model is robust, inter-
pretable, and more accurate than previous methods. Variant functional effect prediction
engines will be useful tools for clinical geneticists, neurologists and biophysicists.

Introduction

Variants in genes encoding voltage-gated sodium channels are associated with a broad spec-
trum of often severe neurodevelopmental, neuromuscular, and cardiac diseases. Complemen-
tary genetic and electrophysiological investigations have contributed towards a growing list of
these ion channel disorders or ‘channelopathies’ [1]. For example, variants in sodium channel
protein type 1 subunit alpha (SCN1A, Nay1.1) are the second-most common finding in
cohorts of individuals with monogenic epilepsy [2]. The majority of these variants are associ-
ated with Dravet syndrome, a severe developmental and epileptic encephalopathy (DEE) and
the most common drug-resistant genetic epilepsy [3]. Likewise, variants in SCN5A are respon-
sible for >75% of cases with genetically confirmed Brugada syndrome (BrS), an abnormality
of cardiac conduction with a significant risk of sudden death in young individuals [4]. Lastly,
variants in SCN9A are associated with paroxysmal extreme pain disorder (PEPD), a rare auto-
somal-dominant disorder of pain processing and autonomic function with neonatal to infan-
tile onset, where individuals experience sudden attacks of excruciating pain with no response
to conventional analgesic medication [5]. These examples serve to illustrate the high burden of
disease and unmet medical need in the affected individuals.

Missense variants can have an impact on the biophysical function of the mutant ion chan-
nel. Amino acid substitutions may alter the physiochemical properties including polarity, resi-
due weight and size, disulphide linkage, or hydrophobicity of residues that are located in
domains or functional motifs that are critical to channel function [6-8]. This may affect every
aspect of channel function including voltage sensing, expression level or membrane traffick-
ing, all parameters of channel gating such as the voltage-dependence or time constants of acti-
vation and fast or slow inactivation, incomplete channel inactivation leading to persistent
sodium current, or loss of ion selectivity [9-12]. In the majority of cases, the sum of the func-
tional consequences of a variant can be categorized as an overall net gain-of-function (GOF)
or loss-of-function (LOF) [13]. Less often, mixed effects on channel function, downstream
effects on neuronal firing or network dysfunction, or different functional results depending on
the expression system contribute towards a variant for which an overall GOF or LOF may be
difficult to determine [14,15].

These functional effects of missense variants correlate with distinct clinical phenotypes,
which have been described for almost all voltage-gated sodium channels. While SCN1A-LOF
is associated with Dravet syndrome, SCN1A-GOF causes familial hemiplegic migraine type 3
(FHM3) or a spectrum of DEE including movement disorder and arthrogryposis (NDEEMA)
[16,17]. In SCN5A, LOF by altered channel inactivation or non-conducting channels leads to
Brugada syndrome type 1, while GOF by increased persistent inward sodium current and lon-
ger action potential duration results in familial long QT syndrome type 3 (LQT3) [18-21]. Per-
haps most strikingly, SCN9A-LOF causes paroxysmal extreme pain disorder, yet SCN9A-GOF
leads to congenital insensitivity to pain [22]. For SCN2A and SCN8A, GOF is associated with
an early-onset epilepsy phenotype including self-limited (familial) infantile epilepsy (SeLIE) or
DEE. Individuals with these variants respond well to treatment with sodium channel blockers
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(SCBs). Conversely, SCN2A-LOF or SCN8A-LOF leads to a later seizure onset and unfavour-
able response to SCBs [23,24]. Evidently, individual phenotypic features contain valuable
information to guide variant interpretation.

Knowledge of variant functional effects and genotype-phenotype correlations facilitates a
timely diagnosis, informs genetic counselling, and offers therapeutic and prognostic guidance
to the clinician [25]. However, variant interpretation requires causal evidence generated by
electrophysiological experiments which are relatively time-consuming and expensive. Recent
advances in next-generation sequencing techniques have generated a wealth of genetic varia-
tion which threatens to outpace the ability of experimental assays to keep up with the increased
demand, resulting in a growing number of individuals affected by variants of unknown func-
tional consequence [26]. Positioned at this interface between clinical genetics and electrophysi-
ology, novel computational tools may be helpful to generate supporting evidence. Previously,
Heyne et al. demonstrated the use of a machine learning method, gradient boosting, to predict
the overall functional effect of missense variants in voltage-gated sodium or calcium channels
[27]. They used known genotype-phenotype correlations to infer likely functional labels for
supervised learning, which may not make full use of available clinical information and risks
introducing bias and uncertainty to the training data set. In this study, we extend our own pre-
vious work on kernel-based multi-task learning methods applied to potassium channel vari-
ants [28] by designing a framework capable of integrating functional, structural and clinical
data while leveraging prior knowledge on channel family structure.

Results

Learning with phenotypic similarity outperforms both conventional
baseline and state-of-the-art models

We first trained naive baseline models, one channel-specific support-vector machine (SVM)
for variants from every single voltage-gated sodium channel (Dirac), and one global SVM for
variants from all voltage-gated sodium channels (Union). We then implemented a method
from our previous work: Multi-task learning (MTL) SVM embeds explicit prior knowledge on
the structural and evolutionary pairwise similarity between ion channels in the feature space
induced by our kernel function, which enables the model to assign more weight when learning
from variants of similar channels [28]. MTL-SVM outperformed the baseline models across all
metrics (Table 1). Finally, our novel multi-task multi-kernel learning model (MT)MKL
approach for GOF/LOF prediction was trained with the Jaccard similarity measure and uni-
form kernel weights. Including phenotypic similarity information in the machine learning
model further improves predictive performance (Table 1 and Fig 1). For comparison to cur-
rent state-of-the-art methods, we trained a gradient boosting machine as used in previous
work by Heyne et al. and the decision rule introduced by Brunklaus et al. [27,29]. For internal
validation, these methods were trained and tested on the same data splits of our pre-processed
training data using the k-fold nested cross-validation procedure described above. For external

Table 1. Nested cross-validation (outer folds) model performance estimates for naive baseline models (Dirac, Union), our previous state-of-the-art multi-task
learning model (MTL), and phenotypic multi-task multi-kernel learning (MKL). Metrics are reported as mean + standard deviation (SD).

Kernel ACC F; score Cohen’s k MCC AU-PRC AU-ROC
Dirac 0.741 £ 0.033 0.698 £ 0.038 0.472 £ 0.066 0.475 £ 0.065 0.694 £ 0.049 0.731 £ 0.036
Union 0.693 £ 0.063 0.649 £ 0.089 0.379 £0.127 0.382 £0.124 0.679 £ 0.154 0.761 £ 0.082
MTL 0.760 = 0.025 0.698 + 0.049 0.501 £+ 0.059 0.508 £ 0.058 0.798 £ 0.040 0.818 £ 0.017
MKL 0.837 £ 0.035 0.824 + 0.029 0.673 + 0.067 0.677 £ 0.064 0.837 £ 0.039 0.890 = 0.023

https://doi.org/10.1371/journal.pcbi.1010959.t001
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Fig 1. Phenotypic multi-task multi-kernel learning outperforms both conventional and state-of-the-art models. a: Cross-validation model performance
estimates of mean accuracy for each task (channel). b: ROC curves. The AU-ROC for each model is shown in Table 1. Abbreviations: MTL-multi-task learning;
MKL-multi-kernel learning; ROC-receiver operator characteristics.

https://doi.org/10.1371/journal.pcbi.1010959.9001

validation, all three models were used to obtain predictions for a list of novel missense variants
in voltage-gated sodium channels (S1 Table). Results are shown in Table 2. In both validation
procedures, our multi-task multi-kernel learning model performed best.

Learning with phenotypic similarity is robust across different similarity
measures and largely insensitive to phenotypic noise or sparsity

We compared three commonly used similarity measures: Jaccard, Lin, and Resnik. The Jaccard
similarity measure always results in a positive semi-definite kernel matrix, which extends natu-
rally to kernel-based learning methods [30]. Measures based on information content (IC),
such as Lin and Resnik, lead to indefinite kernel matrices for the human phenotype ontology,
as it allows for multiple parent terms. This invalidates the underlying theory and would lead to
anon-convex SVM optimization problem, which is computationally expensive to solve and is
not guaranteed to find the global optimal solution. For similarity-based classification, three
methods are available to approximate the nearest positive semi-definite similarity matrix to be

Table 2. Performance estimates for other state-of-the-art models and phenotypic multi-task multi-kernel learning (MKL). For internal validation, each model was
assessed by nested k-fold cross-validation. For external validation on a set of novel missense variants, the web-based tools for the Gradient boosting and decision rule
method were used (see ‘Validation’). Note that AU-PRC and AU-ROC are not available for the decision rule as it is not a probabilistic classifier. Phenotypic learning out-
performs other models across all metrics and is shown in bold. Abbreviations: ACC-accuracy; AU-PRC-area under the precision recall curve; AU-ROC-area under the
receiver operator characteristics curve.

Method ACC Sensitivity Specificity F, score Cohen’s k MCC AU-PRC AU-ROC
Internal validation
Decision rule 0.136 + 0.021 0.138 £ 0.019 0.712 + 0.007 0.241 +0.031 0.073 £ 0.011 0.196 + 0.015 - -
Gradient boosting 0.659 + 0.049 0.603 + 0.059 0.702 + 0.069 0.607 + 0.051 0.306 + 0.096 0.307 +0.097 0.639 + 0.085 0.722 +0.061
MKL 0.837+£0.035 | 0.866 +0.033 | 0.814+0.066 | 0.824+0.029 | 0.673+0.067 | 0.677 £0.064 | 0.837+0.039 | 0.890 + 0.023
External validation
Decision rule 0.033 0.025 0.672 0.048 0.000 0.000 - -
Gradient boosting 0.667 0.500 0.750 0.500 0.250 0.250 0.730 0.595
MKL 0.967 0.900 1.000 0.947 0.923 0.926 1.000 1.000

https://doi.org/10.1371/journal.pcbi.1010959.t1002
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Fig 2. Phenotypic multi-task multi-kernel learning performs well across different similarity measures or matrix correction methods and is largely
insensitive to sparse or noisy phenotypic information. a: Dot chart of MKL model mean accuracy and standard deviation for each similarity measure and
methods for approximating the nearest PSD matrix. The Jaccard index does not require matrix correction but is shown for comparison. b: Dot chart of MKL
model mean accuracy and standard deviation for each similarity measure across levels of simulated phenotypic sparsity and noise. Noise is shown as human
phenotype ontology term ratio (e.g. noise ratio 0.25 removes 3 out of 4 terms from the set, while noise ratio 4 adds 3 random terms for each original term in the
set).

https://doi.org/10.1371/journal.pchi.1010959.g002

used as kernel matrix: spectrum clip, flip and shift [31]. The choice of matrix correction
method did not have an impact on MKL model performance (Fig 2A and Table 3).

Information content measures are insensitive to varying taxonomic link distances and
adapt the static knowledge structure of an ontology to different contexts by including probabi-
listic estimates [32]. We hypothesized that these measures may perform better in imperfectly
phenotyped cases. Traditional phenotyping is expensive and prone to misclassification error.
Recent studies have introduced ‘silver standard” phenotyping from data mining of electronic
health records and demonstrated advances in automated phenotyping pipelines [33,34]. We
simulated sparse phenotypes by removing terms from the set of all terms for each variant at
random before computing semantic similarity. As more terms were removed, the information
from the phenotype kernel matrix was reduced and the mean accuracy of the MKL model
approached that of the MTL model (Fig 2B and Table 4). Likewise, we simulated noisy pheno-
types by sampling (without replacement) additional terms from the set of all possible terms
and adding these to the set of terms for each variant before computing semantic similarity. We
observed that all semantic similarity measures resulted in models with a stable accuracy even
at high levels of simulated noise (Fig 2B and Table 4).

Table 3. Nested cross-validation (outer folds) model performance estimates. Model performance of semantic similarity measures over methods of approximating the
nearest PSD matrix. The Jaccard index does not require matrix correction but is shown for comparison.

Method Clip Flip Shift
ACC AU-ROC ACC AU-ROC ACC AU-ROC
Jaccard 0.843 + 0.029 0.903 + 0.027 0.843 + 0.029 0.903 £ 0.027 0.843 +0.029 0.903 £ 0.027
Lin 0.832 + 0.042 0.899 £ 0.025 0.832 £ 0.042 0.899 + 0.024 0.832 + 0.042 0.899 + 0.024
Resnik 0.832 £ 0.043 0.900 £ 0.025 0.832 £ 0.043 0.900 + 0.025 0.837 + 0.040 0.899 + 0.025

https://doi.org/10.1371/journal.pchi.1010959.t003
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Table 4. Model performance of semantic similarity measures across levels of simulated phenotypic sparsity and noise (see Fig 2). Abbreviations: ACC-accuracy;
AU-ROC-area under the receiver operator characteristics curve.

Method Noise 0.25 Noise 0.5 Noise 1 Noise 2 Noise 4
ACC AU-ROC ACC AU-ROC ACC AU-ROC ACC AU-ROC ACC AU-ROC
Jaccard | 0.789 +0.033 | 0.855 + 0.045 | 0.829 + 0.048 | 0.895 + 0.040 | 0.843 +0.029 | 0.903 + 0.027 | 0.821 £ 0.012 | 0.896 + 0.024 | 0.795 + 0.056 | 0.875 + 0.053
Lin 0.741 £ 0.059 | 0.830 £ 0.061 | 0.827 + 0.040 | 0.889 +£0.033 | 0.832 £ 0.042 | 0.899 + 0.025 | 0.821 +£0.028 | 0.896 + 0.023 | 0.816 + 0.032 | 0.885 + 0.021
Resnik | 0.739 +£0.054 | 0.829 + 0.063 | 0.832 +0.041 | 0.891 + 0.030 | 0.837 + 0.040 | 0.899 + 0.025 | 0.824 + 0.024 | 0.896 + 0.025 | 0.805 + 0.020 | 0.884 + 0.023

https://doi.org/10.1371/journal.pchi.1010959.t004

Localized multi-task multi-kernel learning with hierarchical
decomposition offers biological insight

Previously, we trained the model under the assumption that each kernel matrix (modality)
contributes equally by assigning uniform global weights. The global weights for the best convex
combination of kernel matrices can also be conveniently learnt from the data with wrapper
methods, which have previously been demonstrated as promising tools to work with multi-
source genomic data [35]. Here, we observed no significant difference in model performance
between uniform weights and learnt global weights (Table 5). This is not surprising, as learn-
ing weights is most useful when we are working with a large set of kernel matrices and aim to
achieve a sparse solution. If we have the prior knowledge to select a small set of adequate kernel
matrices, uniform weights are usually sufficient. For theoretical guarantees, see Bach et al. [36].
Global weights assign the same weight to a kernel for all pairs of samples. Therefore, local-
ized weights for each task in the input space may be more appropriate for precision medicine
approaches [37]. We implemented hierarchical decomposition multi-task multi-kernel learn-
ing, which makes efficient use of our prior knowledge on channel taxonomy to learn localized
weights for each task and each subset of tasks that are leaves of subtrees rooted at each node
[38]. Thus, we could identify tasks and subsets of related tasks where the weight of our pheno-
typic similarity kernel was high. These tasks were likely to contain phenotypic information
that contributed towards classification between GOF and LOF, which may be useful for down-
stream analysis. A dendrogram of voltage-gated sodium channels and their local weights is
shown in 3 Fig. The model correctly identified channels with known or shared genotype-phe-
notype correlations, e.g. SCN1A, SCN2A, SCN3A, and SCN5A. A weighted linear combination
of these subset kernel matrices was then used as a composite kernel matrix for the model,
where the weights were learnt with wrapper methods. Here, the weight vector favoured the
kernel matrix of the subset of all tasks (root, wt = 0.93). Thus, the model recognized that volt-
age-gated sodium channels were similar enough to be learnt together. Overall, hierarchical
decomposition offered a modest improvement in model performance (Table 5).

Finding difficult-to-predict variants in the reproducing kernel Hilbert space

Kernel-SVMs are considered ‘black box’ machine learning models. However, we may still be
able to indirectly gather insight on model decisions. Fig 3A shows the histogram of projections
for our model, as introduced by Cherkassky et al. [39]. Training data were projected onto the

Table 5. Nested cross-validation (outer folds) model performance estimates for each multi-kernel learning method. Uniform weights correspond to the sum of kernel
matrices. For global weights, a wrapper method is used to learn the optimal weighted sum of kernel matrices. Hierarchical decomposition learns both localized weights and
an optimal weighted sum of subset kernel matrices. The highest mean metric for each method is shown in bold.

Method ACC F, score Cohen’s ¥ MCC AU-PRC AU-ROC
Uniform weights 0.837 £ 0.035 0.824 £ 0.029 0.673 £ 0.067 0.677 £ 0.064 0.837 £ 0.039 0.890 £ 0.023
Global weights 0.843 = 0.038 0.832 £ 0.029 0.684 £ 0.071 0.691 = 0.069 0.880 + 0.046 0.915 £ 0.018
Hierarchical decomposition 0.853 £ 0.016 0.838 £ 0.028 0.705 = 0.031 0.715 £ 0.018 0.858 £ 0.058 0.912 £ 0.025

https:/doi.org/10.1371/journal.pcbi.1010959.t005
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https://doi.org/10.1371/journal.pcbi.1010959.g003

normal vector and plotted by their feature space distance to the optimally separating hyper-
plane. Samples within the range {x € R : —1 < x < 1} were support vectors. If a sample is
close to the hyperplane, model prediction confidence decreases. The set of samples within an
arbitrary distance of {x € R : —0.5 < x < 0.5} (“low confidence”) was compared to the set of
samples outside this range (“high confidence”) by feature correlation with an unpaired two-
samples Wilcoxon test. We adjusted p-values for multiple testing with the Benjamini-Hoch-
berg method. Features that were significantly (o = 0.05) associated with variants that were
hard to predict (“low confidence”) are shown in Fig 3B and 3C. This included variants in hot-
spots along the channel family sequence alignment corresponding to repeat domain IV, as well
as variants with a high accessible surface area. For the final model, “low confidence” variants
(n = 171) were predicted with a mean accuracy of 0.760, while “high confidence” variants

(n = 204) were predicted with a mean accuracy of 0.931.

Discussion

Learning with phenotypic similarity as features represents a natural extension of previous
sequence- and structure-based machine learning algorithms [27,28]. Previous studies have
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demonstrated that clinical features represent an important source of information that may be
sufficient to clearly delineate between GOF and LOF in several channelopathies [41,42]. Here,
we introduce the concept of extending semantic similarity analysis of human phenotype ontol-
ogy (HPO) terms towards kernel-based machine learning methods. Beyond the gain in predic-
tive performance, this method has several distinct advantages: i) HPO terms have become the
standardized language in clinical genetics. They have been used to structure phenotypic infor-
mation in large-scale sequencing consortia [34], enable deep phenotyping at the point of care
[43], and drive phenotype matching software such as Exomiser [44]; ii) Conventionally, all fea-
tures used for model training must be available at time of prediction. That is, presence or
absence of all clinical information would have to be explicitly coded which quickly becomes
intractable for complex models. The underlying knowledge graph of the ontology and use of
similarity as features solves this issue; iii) Likewise, genotype-phenotype correlations do not
have to be explicitly provided to the model but are instead learnt from the data. Identifying
channels with high phenotypic similarity matrix weight offers insight for downstream analysis.

Extending our previous multi-task learning framework with multiple kernels allows us to
include more information in the feature space. As the kernel matrix represents the information
bottleneck for the analysis method [45], including more information has recently contributed
towards data integration in multi-omics approaches [46,47]. Accordingly, we observed a large
gain in performance for our model when compared to conventional baseline and current
state-of-the-art methods. Model performance was robust across different semantic similarity
measures. For the final model, we chose the Jaccard index as it represents a computationally
efficient method that is guaranteed to result in a similarity matrix that fulfils model assump-
tions, avoiding theoretical consistency issues that may arise with the Lin and Resnik measures
[31]. Encouragingly, model performance remained largely stable across simulated sparse and
noisy phenotypes which more closely reflects the reality of routinely collected health data such
as electronic health records and heterogeneous patient cohorts.

Localized multi-kernel learning by hierarchical decomposition offered insight into implicit phe-
notype correlations, identifying channels where clinical information is of additional use. The
method is also capable of refining prior knowledge on task similarity with latent task similarity
learnt from the data. Model performance only increased modestly when compared to the global
model as the tasks were overall similar to each other. While this is true for the family of voltage-
gated sodium channels [48,49], this general framework is a promising approach that we expect to
scale well to larger task structures (such as unified models of different ion channel families) and to
taxonomies with unequal edge lengths [38]. Lastly, feature correlation from the histogram of pro-
jections of our model identified two features that are associated with hard-to-predict variants:
Location in repeat domain IV and a high residue accessible surface area. This information reflects
our current mechanistic and structural understanding of sodium channels [48], and helps users
identify whether their prediction is in a low-confidence region. That said, localized multi-kernel
learning failed to accurately identify some channels with known genotype-phenotype correlations.
For SCN4A, the clinical spectrum of myopathies is well known [1,50]. For SCN8A, recent work by
Johannesen et al. has elegantly demonstrated that age at seizure onset and type of epilepsy can
delineate between functional effects [24]. It is likely that our model currently does not have the res-
olution necessary to accurately discriminate based on detailed concepts such as myopathy subtypes
or age at seizure onset, as the training data set contained only coarse key phenotypes. Additionally,
SCNY9A was learnt with low phenotypic weight likely due to class imbalance as the training data
only included a single SCN9A-LOF. Phenotypic learning will benefit from large deeply phenotyped
cohorts and more granular representation of concepts within the ontology [34].

While our model represents a large step forward in functional variant prediction, several
limitations still apply. Our model predicts functional effect at the alpha subunit level, but does
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not include data from auxiliary beta subunits (SCN1B-SCN3B) or other modulator proteins
(e.g. FGF12) which may themselves affect channel expression levels, gating kinetics, or neuro-
nal network activity [51-53]. The model is trained on data from whole-cell patch-clamp
recordings of mammalian cells but includes no further information on experimental metadata.
Hence, results may differ depending on the choice of expression system [14]. Regarding the
results of internal and external validation, filtering variants with a clear net gain- or loss-of-
function introduces selection bias by neglecting those variants with complex or mixed func-
tional effects. For these variants in particular, electrophysiology remains the gold standard for
evaluating functional effects. Most importantly, in silico tools like our model must not be con-
sidered strong or causal evidence by the genetic testing standards of the American College of
Medical Genetics and Genomics [54], and should not be solely used to establish variant patho-
genicity or to directly inform diagnosis and management of affected individuals. These novel
tools require further validation and should currently be considered as prediction engines for
research use, not as treatment decision support systems.

Learning with phenotypic similarity represents a novel step from harmonized ontological
representations of clinical concepts towards kernel-based machine learning methods. Our
framework is robust to phenotypic noise, computationally efficient, scalable to different chan-
nelopathies, and outperforms other state-of-the-art methods. The model generates supporting
evidence for variant interpretation, and may aid clinicians and biophysical researchers in gen-
erating new clinical and experimental hypotheses.

Materials and methods
Data

Recently, Brunklaus et al. conducted a systematic literature search of variants in voltage-gated
sodium channels that were functionally assessed in whole-cell patch-clamp recordings of
mammalian cells [29]. We refer to their Supplementary Methods for the criteria used to assign
functional labels to each variant. Of 437 variants, 62 variants were similar to wildtype function
or did not have a clear overall gain- or loss-of-function. We removed these variants from fur-
ther analysis. Our training data set included 375 unique non-synonymous missense variants
across the 9 voltage-gated sodium channels (Nay1.1-Nay1.9). 164 variants were labelled as
GOF, 211 variants were labelled as LOF.

Features

Each variant was identified by its channel, sequence position, and amino acid substitution.
Sequence- and structure-based features were extracted and pre-processed as previously described
[28]. These 62 features included amino acid physicochemical properties, radicality of substitution,
paralog and ortholog conservation, secondary and tertiary structure, residue accessibility, disor-
dered regions, and protein-protein interaction or binding sites (S2 Table). Variant-level informa-
tion on primary disease and reference for phenotypes were extracted from the training data set
and mapped onto Phenotype MIM numbers of the Online Mendelian Inheritance in Man
(OMIM) [55]. Each OMIM ID is associated with a set of human phenotype ontology (HPO)
terms which represent a standardized vocabulary of phenotypic features in human disease [44].
These mappings were requested via the HPO REST API (last accessed 22/June/2022 13:35 pm,
release v2022-06-11) and resulted in an average of 9 HPO terms per variant (median 9, range
3-42 terms). All parents of the HPO terms in the directed acyclic graph from the parent « child
relationships were added to the respective HPO term sets, which resulted in 446 unique terms
across the set of all variants, with each variant enriched to an average of 40 terms (median 38,
range 12-226). Ontology analysis was performed with the ontologyX suite [56].
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We considered three different measures for semantic similarity analysis. For the Jaccard
index, we take the ratio of the number of elements in the intersection and the number of ele-
ments in the union of the two variant sets. A more rigorous definition and proof of positive
definiteness of the function has been provided by Gértner et al. [30]. For the Resnik measure,
the similarity between two variants is given as the information content (IC) of their most infor-
mative common ancestor (MICA) term [32]. The IC is defined as —log,(f) where fis the term
frequency over all sets and the MICA is the common ancestor term with the highest IC. Lastly,
the Lin measure extends the Resnik measure by incorporating the IC of the individual terms
[57]. Further detail and a visual overview on phenotypic feature extraction and processing are
shown in S1 Fig.

Both Resnik and Lin measures do not lead to positive semi-definite (PSD) similarity matri-
ces in ontologies with multiple ancestors such as the HPO, where terms may have more than
one parent term each. Before proceeding with kernel-based learning, we approximated the
nearest PSD matrix with three methods suggested by Chen et al. [31]. In short, these are: i)
clip, where each negative eigenvalue in our similarity matrix S is set to zero; ii) flip, where we
flip the sign of each negative eigenvalue, which is equivalent to replacing the original eigenval-
ues of S with its singular values; iii) and shift, where we shift the spectrum of S by the absolute
value of the minimum eigenvalue. For more rigorous definitions and an in-depth comparison
of each method, see Chen et al. [31].

Models

When we consider phenotypic semantic similarity analysis as a kernel function and assert its
positive semidefinite properties, we satisfy Mercer’s condition and can make implicit use of
the reproducing kernel Hilbert space (RKHS) induced by our so-called phenotype kernel. We
can avoid explicit representation of each variant in a Euclidean space and instead consider
only their inner product, also thought of as pairwise similarity in the high-dimensional pheno-
typic feature space. This similarity-based learning represents a natural extension of semantic
similarity analysis towards kernel-based machine learning methods.

For each variant, the vector of sequence- and structure-based features is transformed into pair-

wise similarities with a radial basis function (RBF) kernel K,, with k (xi, xj) = exp (— %) VX,
x;€X [58]. Task similarity, i.e. the hierarchical taxonomy of voltage-gated sodium channels across
the channel superfamily, is represented as an alignment-based tree distance measure and enables
multi-task (parallel transfer) learning. Both methods have been previously described [28]. We can
consider each of these three data input types of our variants (channel, sequence/structure, and
phenotype) as different measurement modalities with individual kernel matrices for each modal-
ity. First, each kernel matrix is normalized in feature space:

k(x.2) = (3(x), 3(2)) —k<k(>k)<>

Multiple kernel learning then allows us to represent these modalities in a single kernel

matrix K, either by assigning uniform weights or by learning a linear combination of matrices
K,,, with weights f3,,, such that:

K:iﬁme, p > 0.

Global weights assign the same weight over the whole input space, which may not be desir-
able. Several methods of localized multiple kernel learning have instead been proposed [37].
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We implemented hierarchical decomposition multi-task multi-kernel learning (MTMKL) by
Widmer et al. [38]. This method makes use of prior knowledge in the form of a tree structure
G, which in our setting is the taxonomy that relates voltage-gated sodium channels, where
each channel is a task ; corresponding to a leaf in G. Given the set of tasks T = {t;, ,,. . .,t7}, let
the subsets of tasks S;C T be the leaves of the sub-tree rooted at each node # of G, that is leaves
(n) = {l|l is descendant of n} [38]. The following definition for the kernel function is given:

k = ZBiKleaves(n,-)

n€G

A visualization of these kernel matrices is shown in S2 Fig. This method also offers addi-
tional insight [38]. First, the localized kernel weights of each task allow us to see which modal-
ity is important for which task. Secondly, we can refine our prior task similarity by learning
latent task similarity from the data. If two tasks t; and t; are present in subsets S; that are
assigned weights f3;, we can define their latent similarity by summing up the weights of their
shared task sets where the set of tasks sets containing task #; is defined as
T, = {S|t, € SA'S € T}, where T'is the set of all tasks, such that the pairwise similarity of
tasks yy is given as:

Vit = Z B;

S;ETNT;

We trained a support-vector machine (C-SVM) on the resulting kernel matrix. Hyperpara-
meter tuning was performed via grid search across cost C = {le—4, le-2,.. ., 1e4}, the RBF ker-
nel hyperparameter o = {le-5, le—4,. . .,1e0}, and hierarchical multi-task learning baseline
similarity parameter a = {1, 3, 5, 10, 100}. The choice of semantic similarity measure and PSD
matrix approximation were included in the set of hyperparameters. Hyperparameter tuning
and model assessment were done with nested k-fold cross validation, k = 5, where the model is
trained and tested on different random sub-partitions of the data throughout multiple exhaus-
tive iterations to obtain an estimate of the generalization performance. For illustrative pur-
poses, a pseudocode and graphical representation of k-fold cross validation is provided in our
previous work [28]. We report the following metrics: i) Accuracy, the number of correct classi-
fications divided by the number of all classifications; ii) Sensitivity, or true positive rate (TPR);
ii) Specificity, or true negative rate (TNR); iv) Matthews correlation coefficient (MCC), a sym-
metric correlation coefficient between true and predicted classes; iii) Cohen’s Kappa (x), a
measure of agreement between true and predicted classes; iv) F; score, the harmonic mean of
precision and recall; v) The area under the receiver operator characteristics (AU-ROC) curve;
vi) and the area under the precision-recall curve (AU-PRC).

Further model information is available in our AIMe Registry report (aime.report/xmSKHj).

Validation

For baseline comparison, we trained one SVM on variants from each task (channel-specific
model, Dirac) and one SVM on variants from all tasks (global model, Union). For internal vali-
dation, we implemented gradient boosting as described by Heyne et al. [27], training and test-
ing their method on the same splits of our data set. We also implemented the decision rule
model proposed by Brunklaus et al., assigning labels based on missense pairs of identical para-
log variants across the sodium channel family [29]. For external validation, we conducted a
systematic literature search of PubMed with the search string (((SCN1A) OR (SCN2A) OR
(SCN3A) OR (SCN4A) OR (SCN5A) OR (SCN8A) OR (SCN9A) OR (SCN10A) OR
(SCN11A)) AND ((gain-of-function) OR (loss-of-function)) OR ((GOF) OR (LOF)) AND
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((electrophysiology) OR (patch clamp) OR (voltage clamp))) AND (("2021/04/28"[Date—Pub-
lication]: "2022/07/13"[Date—Publication])). This query captures all publications after the last
update of the training data set. 55 studies were identified and screened for missense variants in
voltage-gated sodium channels with experimental evidence of whole-cell patch-clamp record-
ings that yielded an overall gain- or loss-of-function effect (n = 91). Variants that were present
in the training data set, i.e. those known from previous functional experiments, were removed
from further analysis (n = 61). Predictions were obtained from our own model and the web
interfaces of Heyne et al. (funNCion, http://funncion.broadinstitute.org/), and Brunklaus et al.
(SCN viewer, https://scn-viewer.broadinstitute.org/).

Software

This study was carried out in the R programming language, version 4.1.0, with RStudio, ver-
sion 1.4.1106.

Supporting information

S1 Fig. Human phenotype ontology (HPO) terms and phenotypic learning. a: Clinical
descriptions from medical records or literature are harmonized by extracting relevant concepts
and mapping them to the standardized vocabulary of HPO terms [1]. b: Each term represents
anode in a directed acyclic graph. Edges denote directional IS-A (parent-child) relationships.
During propagation, for each term in the set of terms, each parent of a term is included in the
set of terms until the root node (HP:0000001 All) is included. Thus, the underlying knowledge
graph allows the model to understand that, e.g., HP:0001249 Intellectual disability IS-A
HP:0012759 Neurodevelopmental abnormality. Nodes are colored by term, with gray nodes
not being present in the set of terms. ¢: Given two sets of terms, their pairwise semantic simi-
larity is calculated as described above (Methods). In this example, the most informative com-
mon ancestor (MICA) method is shown. The information content (IC) of this node is —log,(f)
where fis the frequency of the term over all sets of terms. In Resnik’s measure, the IC of the
MICA is the pairwise similarity between the two sets of terms. d: The pairwise phenotypic sim-
ilarity for each pair of n observations (variants) in the training data set is represented by a n-
by-n square matrix. This matrix is a Gram matrix (or kernel matrix) if it is positive semi-defi-
nite. Here, a simplified low-dimensional representation of the resulting phenotypic similarity
feature space is shown. The bold line is the hyperplane of our support-vector machine classi-
fier, with the dashed lines being the soft margin.

(PDF)

S2 Fig. Kernel matrix visualization as correlation plots ordered by hierarchical clustering.
a: Sequence- and structure-based pairwise similarity matrix. b: Task similarity matrix. c:
Multi-task learning kernel matrix. d: Phenotypic similarity matrix. e: Multi-task multi-kernel
learning matrix.

(PDF)

$3 Fig. Dendrogram of hierarchical decomposition multi-task multi-kernel learning for
voltage-gated sodium channels. Node size and weight labels on the branches correspond to
localized phenotypic similarity kernel weights. Weights were assumed to be uniform for
SCNI11A, as the sample size of the leaf subset was too small. Leaf-to-leaf distance on the den-
drogram corresponds to the task similarity used for multi-task learning, with similar tasks
clustered together.

(PDF)
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S1 Table. Variants used for external validation. Details on data curation and validation pro-
cedure are available in the Methods section. Primary disease corresponds to the core pheno-
type, while phenotype terms refers to the information provided to the MKL model. For the
decision rule, exact matches are shown in bold. Abbreviations: BrS-Brugada syndrome; DEE-
developmental and epileptic encephalopathy; DS-Dravet syndrome; ERS-Early repolarization
syndrome; ESES—electrical status epilepticus during slow-wave sleep; GOF-gain-of-function;
LOF-loss-of-function; LQT3 -long-QT syndrome 3; PMC-paramyotonia congenita; SeLIE-
self-limited (familial) infantile epilepsy.

(PDF)

$2 Table. List and description of sequence- and structure-based features, sorted by column
vectors in the training data set. Raw and preprocessed feature tables are available as part of
our ‘Availability of data and materials’ statement.

(PDF)
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