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ABSTRACT
Unravelling the genotype–phenotype relationship in
humans remains a challenging task in genomics
studies. Recent advances in sequencing technologies mean there are now thousands of sequenced
human genomes, revealing millions of single nucleotide variants (SNVs). For non-synonymous SNVs
present in proteins the difficulties of the problem
lie in first identifying those nsSNVs that result in a
functional change in the protein among the many
non-functional variants and in turn linking this functional change to phenotype. Here we present VarMod (Variant Modeller) a method that utilises both
protein sequence and structural features to predict
nsSNVs that alter protein function. VarMod develops recent observations that functional nsSNVs are
enriched at protein–protein interfaces and protein–
ligand binding sites and uses these characteristics
to make predictions. In benchmarking on a set of
nearly 3000 nsSNVs VarMod performance is comparable to an existing state of the art method. The
VarMod web server provides extensive resources to
investigate the sequence and structural features associated with the predictions including visualisation
of protein models and complexes via an interactive
JSmol molecular viewer. VarMod is available for use
at http://www.wasslab.org/varmod.
INTRODUCTION
The ability to sequence genomes has resulted in the identification of millions of genetic variants, particularly single
nucleotide variants (SNVs), within the human population
as highlighted by the 1000 genomes project (1,2). Additionally, other studies have demonstrated that individuals have
many rare SNVs (3,4). The data generated by such studies
provide a unique resource for investigating the genotype to
phenotype relationship. However, this is a complex problem as demonstrated by Genome Wide Association Studies (GWAS), which have identified many variants associated
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with disease risk but have only explained a limited amount
of heritability (5). Additionally, in these studies, it is difficult to identify causal variants from a selection of candidate
SNVs in the regions of the genome associated with the particular disease.
There is therefore a need to develop methods to identify SNVs, in our case non-synonymous SNVs (nsSNVs),
that are likely to affect the function of the protein in which
they are present and are more likely to be associated with a
change in phenotype. A number of methods have been developed previously (reviewed in (6)), with the Sorting Intolerant From Tolerant algorithm (SIFT, 7) and PolyPhen (8)
being among the most well known. SIFT uses residue conservation in multiple sequence alignments to identify function altering nsSNVs, while PolyPhen uses machine learning
to combine features from both sequence and structure.
Here we have developed VarMod a new method for identifying functional nsSNVs. VarMod develops our recent research in which we demonstrated that disease associated
nsSNVs are enriched at protein–protein interfaces (9). Additionally, in GWAS, we have previously used structural
modelling of ligand binding sites to identify likely candidates for association with disease (10–12). For example, in
a kidney disease genome wide association study (10), we
demonstrated that the variant rs13538 results in a phenylalanine to serine change located in the acetyl Co-enzymeA
binding site of the protein NAT8 and proposed that the variant may have an effect on the activity of the enzyme (10).
VarMod builds upon these observations and uses structural
modelling of ligand binding and protein–protein interface
sites to generate features that are combined with other features such as residue to conservation to identify functional
nsSNVs. The VarMod web server provides an overall prediction made using a machine learning approach (a support
vector machine) to combine the data from the different individual analyses. Additionally the server provides users with
extensive resources to investigate the results from the separate analyses.
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METHODS
The VarMod algorithm

Generating a test set
Dataset 5 from VariBench (30) was used to train and test
VarMod. This dataset contains human pathogenic and neutral variants, excludes cancer mutations and is clustered so
that protein sequences share no >30% sequence identity.
This set was initially split with 1401 pathogenic and 1527
neutral variants retained for final testing. The remaining
11 336 pathogenic and 12 737 neutral variants were split
into five groups by protein sequence to perform 5-fold crossvalidation to ensure that variants from each individual sequence appear in only 1-fold.
SVM training
The SVMs were generated by SVMlight (31) using a linear
kernel. For each of the 5-folds, three were used for training,
a further fold was used for validation and the SVM tested
on the remaining fold. The SVMs were optimised for the
trade off between training error and margin and also the
cost factor to identify how training errors on positive examples should outweigh those on negative examples.
Comparison with PolyPhen-2
To compare VarMod performance with PolyPhen-2, the final test set of nsSNVs was run on the PolyPhen-2 web server
(on 1 March 2014). Predictions were made using the two
different classifiers available (HumDiv and HumVar) with
default settings. The ROC and Precision–Recall analyses
of PolyPhen-2 were performed by varying the ‘pph2 prob’
score.
EVALUATING VARMOD PERFORMANCE
The performance of VarMod was assessed using the set
of sequences from VariBench that were not used in crossvalidation. The performance of VarMod on the test set of
sequences was assessed using the measures of specificity,
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VarMod obtains features from multiple analyses, which are
combined using a support vector machine (SVM) (13) to
make an overall prediction. The data sources used are described below. Sequence conservation is calculated using
Jensen–Shannon divergence (14). Homologues of the query
sequence are identified by PSI-BLAST (15) using an approach shown to optimise results (16), where the query sequence is initially searched against UniRef50 to generate
a sequence profile that is used to search against the full
UniProt sequence database (17). The query sequence and
homologues are aligned using MUSCLE (18) and the resulting multiple sequence alignment used to calculate the
Jensen–Shannon divergence.
To perform the structural analysis, a structural model of
the query protein is generated. To do this, template structures in the protein databank (PDB) (19) are identified using
hhblits (20) by searching a PDB sequence database representative at 70% sequence identity. Templates are selected
with an hhblits probability (probability that the template
and query sequence are homologous) score >80% and such
that as much of the sequence is covered without redundantly
modelling the same region of the protein multiple times.
Initial structural models are generated using an approach
based on the one used by Phyre2 (21,22). Side chains are
added and optimised using pulchra (23). Small molecule
binding sites are modelled using 3DLigandSite (with default parameters) (24) with the structural model used as the
input.
Protein–protein interface sites are modelled using an approach based on Interactome3D (25). The Interactome3D
high confidence set of protein–protein interactions with
template complexes in the PDB was used to generate models
of the complexes. For each sequence–template pair the sequence is modelled using the template by applying the structural modelling approach described above.
The features used in the SVM fall into two areas of sequence and structural features (a full list is available in Supplementary Table S1). The sequence features include residue
conservation (the Jensen–Shannon convergence) and three
features that represent the change of amino acid properties
of size/mass, charge and functional group. The size/mass
change of the amino acid is represented by the ratio of the
mass of the two amino acids. To consider the change in
charge between the two amino acids, the 20 amino acids
are grouped according to charge (Supplementary Table S2).
The feature representing the change in the charge of the
amino acid considers changes between these charge groups,
with values set in Supplementary Table S3. A further feature
represents the change of chemical functional group present
in the amino acid side chain. The amino acids are grouped
as described by Innis et al. (26) (Supplementary Table S4)
and the feature captures changes between these functional
groups.
The structural features use the ligand binding site, interface site and general structural features of the model. Where
ligand-binding sites have been identified the distance of the
variant to the binding site is calculated and used as a fea-

ture. When a variant is in a binding site, two further features
capture results from the 3DLigandSite analysis. Where interface sites have been predicted, a further feature represents
the distance of the variant to an interface site. Two features
represent the type of secondary structure that the variant is
located in. The first uses the secondary structure types classified by DSSP (27,28), while a second feature reduces these
to the three main categories of helix, sheet and coil. A final
feature represents the solvent accessibility (calculated using
DSSP).
The features generated are input into each of the five optimised SVM models generated during cross-validation (details below) to predict whether each variant is functional or
non-functional. The outputs from each of the SVM models
are converted to probabilities as described in Platt (29). An
ensemble approach is taken with the probability from each
SVM model weighted according to its accuracy in cross validation. The weighted probabilities are summed and normalised to generate a final probability for the VarMod prediction.
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sensitivity (recall), precision and a Receiver Operator Characteristic (ROC) analysis. The ROC curve and Precision–
Recall graph in Figure 1 show the performance of VarMod
and the comparison with PolyPhen-2. It shows that VarMod performance is comparable to PolyPhen-2. Interestingly, in the ROC analysis, neither of the PolyPhen-2 classifiers reaches the point 0,0 which is due to a small number of high confidence false positive predictions (i.e. neutral variants predicted to be pathogenic). This may reflect
that PolyPhen-2 has been trained using different sets of
pathogenic and neutral variants. It has also been previously
observed that there is limited overlap between the predictions of different methods (32).
THE VARMOD WEB SERVER
The VarMod web server is available at http://www.wasslab.
org/varmod. Users are required to submit a protein sequence (raw sequence or FASTA formatted) or a UniProt
accession, and a list of variant positions (e.g. A45C, where
the single letter code is used to define the amino acids).
A UniProt accession is required to perform the protein–
protein interface analysis (optional). Processing time for
each submission varies from 5 min to a few hours. Structural data has been pre-computed for all of the UniProt human principal protein isoforms, so submissions using these
sequences are processed in a few minutes. Where other sequences are submitted, the structural models and binding
sites need to be modelled thereby increasing the running
time to a few hours.
Results output
The display of VarMod results is split into multiple sections (Figures 2 and 3). The first section provides a sum-

mary table of the analyses performed and the overall prediction made for each of the submitted nsSNVs. This table is colour coded to highlight the results from the individual analyses/features to indicate if they suggest the variant
could affect protein function. For example, the binding site
column is coloured red if the variant is in the binding site
and the colour changes to blue the more distant the variant is from a known ligand-binding site. The summary table enables the user to see the overall result and to identify
analyses that may be of interest for further inspection.
The sequence and structure sections display the main
analyses. The sequence section displays the protein sequence, colour coded to highlight multiple features including residue conservation, ligand binding sites and protein–
protein interfaces. The summary results and sequence view
can be downloaded as a PDF file.
The structural section first displays the details of the
structural templates and models of the protein that have
been generated (one for each region/domain for which a
template was identified). A JSmol (www.jmol.org) molecular viewer forms the main part of the structural section
and initially displays the model with the highest confidence
(probability from hhblits alignment). The JSmol viewer enables visualisation of the modelled protein and by default
is coloured to highlight the functional regions of the protein (ligand-binding and protein–protein interface sites) and
the nsSNVs (red). A control panel to the right of the display enables the user to investigate the nsSNVs by displaying a different model, or modifying the display style
(cartoon/spacefill or sticks representations) and colour of
the whole protein, nsSNVs or functional sites. The user is
able to generate high quality images of the displayed model
by clicking on the ‘generate image’ button, enabling the
analysis to be used for reports or publications.
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Figure 1. Benchmarking VarMod. Analysis of the VarMod and PolyPhen-2 predictions on the non-cross validation test set. (A) ROC analysis, (B) precision–
recall graph.
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The location of the nsSNVs in relation to the protein–
protein interface sites can be explored further via the modelled complexes. The complex models are listed in a table,
which also indicates the nsSNVs that are present in the
model and if they occur within an interface. The complexes
can be viewed in a separate JSmol viewer accessed from a
link for each of the entries in the list.

CONCLUDING REMARKS
VarMod was developed to use recent observations that disease associated nsSNVs are frequently located at ligandbinding and protein–protein interface sites and to automate
manual approaches that we have previously used to analyse
GWAS candidate nsSNVs. We have demonstrated that VarMod performance on a large and established benchmark
set is comparable to an existing state of the art method
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Figure 2. Display of VarMod results. The results for variants in Phosphorylase b kinase gamma catalytic chain (UniProt accession P15735). The variants
shown are known to have a role in Glycogen storage disease 9C. (A) The prediction summary table, showing the overall VarMod prediction and summarising
the output from the different analyses. Results are colour coded to indicate the likely relevance of the changes, with features that suggest the variant is
likely to be functional coloured red with the colour scale ranging to blue for features that are least likely to lead to functional changes. (B) The VarMod
sequence display, residues are coloured to indicate conservation and the presence of ligand binding and interface sites. (C) The VarMod structural view.
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(PolyPhen-2). The VarMod server provides a resource for
users to identify functional nvSNVs and to investigate the
individual features associated with these variants. Plans for
future improvements to the server include increasing the
number of interface and binding site features such as considering how variants may alter binding energies and options to submit variants in alternative formats such as Variant Call Files (VCF), which will facilitate high throughput
analysis of nsSNVs identified from sequencing studies.
SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.
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