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Abstract

We provide an overview of the methods that can be used for
protein structure-based evaluation of missense variants. The
algorithms can be broadly divided into those that calculate the
difference in free energy (AAG) between the wild type and
variant structures and those that use structural features to
predict the damaging effect of a variant without providing a
AAG. A wide range of machine learning approaches have
been employed to develop those algorithms. We also discuss
challenges and opportunities for variant interpretation in view
of the recent breakthrough in three-dimensional structural
modelling using deep learning.
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Introduction

Large scale genetic projects, such as the All of Us
Research Program in the US, the 100 K Genomes
Project in the UK, and similar studies in other coun-
tries, are generating large amount of genetic data the
clinical significance and phenotypic impact for which
is, in most cases, unknown. In ClinVar, one of the most
used genetic databases, there is conflicting informa-
tion regarding the variant categorization (e.g. benign
versus damaging) for 3% of variants which increases to
7% when confidence in the annotation is also

considered (e.g. benign versus likely benign). The
proportion of variants with conflicting annotation is
even greater in commonly sequenced genes, such as
cancer-related ones (e.g. BRAC1 8% and 13%,
respectively) and the LDLR gene, which is associated
with familial hypercholesterolemia [1] (30% and 68%,
respectively) (from https://clinvarminer.genetics.utah.
edu/). In silico analysis is an invaluable tool to aid
prioritization and characterization of genetic variants.
Several bioinformatics resources are available
(reviewed in the study by Zeng et al. [1—4]) and this
review focusses on methods that implement data from
protein three-dimensional (3D) structures.

Recent expansion in the 3D structural
coverage of the proteome

Guidelines for the clinical interpretation of genetic
variants recommend the use of several sources of infor-
mation, including sequence conservation and population
frequency [5]. Although structural interpretation of
genetic variants using protein structures is one the
methods recommended [5], the incomplete 3D struc-
tural coverage of the proteome remains a major limiting
factor. The number of experimentally solved structures
in PDB has massively grown in the last few years,
however only about 17% of human residues have struc-
tural coverage [6]. Although this percentage can be
greatly increased by the use of homology models ob-
tained from algorithms, such as [-Tasser [7], Phyre [8],
SwissModel [9] (reviewed in the study by Kuhlman
et al. [10]), large protein complexes and proteins with
an unusual topology are challenging to solve experi-
mentally or through modelling.

In the last few years, one of the major developments in
the field of structural biology has been the dramatic
improvement in the cryoEM technique, especially its
resolution, thus leading to a large expansion in the
number of cryoEM structures released per year in PDB
(from <1% in 2012 to 29% in 2022, from https://www.
resb.org/stats/growth/growth-released-structures).
CryoEM structures typically provide coordinates for
large, challenging proteins, as well as large protein
complexes [11], allowing the analysis of missense vari-
ants for which 3D coordinates were previously
not available.
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Another major recent breakthrough has been the
development of algorithms based on deep learning, such
as AlphaFold [12], RoseTTAFold [13], ESMFold [14]
and OmegaFold [15]. These can build high quality
models, even for difficult targets [16], thus increasing
the structural coverage of the proteome and of the var-
iants that can be structurally analysed. Experimental
and homology predicted structures cover just over 50%
of the residues in the human proteome and using
AlphaFold models this can be extended to about 60%
[17]. Thus, variants in many residues of the human
proteome, including disordered regions, are not directly
amenable to structure-based analysis. It is, however,
important to remember that the quality of the variant
structure prediction is dependent on the quality of the
model or experimental structure used. Therefore, the
accuracy of the models and/or the resolution of the
experimental structures used for variant prediction
must be considered when selecting the coordinates.
This is particularly important in the case of AlphaFold
models that include regions of high and low confidence
in the same 3D coordinate file [17]. In particular, the
relative positioning of confident substructures, typically
domains, can be uncertain as indicated by the PAE
(predicted aligned error) matrix provided with the
model coordinates, for example, via the European Bio-
informatics Institute. If one uses a structure, then it is
best to divide it into confident substructures either by
visual inspection of the PAE matrix or algorithmically
using, for example, the approach reported in the study
by Oeffner et al. [18].

Figure 1

Structure-based algorithms for variant
prediction

Algorithms that use protein structure data to predict the
effect of an amino acid substitution on protein stability
and/or function can be broadly divided into those that
calculate the difference in free energy (AAG) between
the wild type and variant structures and those that use
structural features but without providing a AAG
(Figure 1). Table 1 presents some of the most popular
methods, many of which are available from a web server.
Molecular dynamics and free energy perturbation
studies can yield valuable assessments of AAG [19] but
require expertise in running these approaches. Accord-
ingly, we will now focus on resources readily accessible
to the community, particularly via web servers.

Machine learning strategies, including decision trees,
support vector machine and neural networks, have been
widely used to develop variant predictors. Most
methods have been trained using thermodynamic da-
tabases of experimentally measured changes in free
energy in proteins and their engineered mutants, such
as ProTherm [20] and SKEMPI [21]. Over the years,
these databases have been greatly enhanced and the
recently released ProthermDB [22] and SKEMPI 2.0
[23] contains 84% and 133% more data, respectively,
compared to their previous versions, thus representing
an invaluable resource for the training of future algo-
rithms. Additional thermodynamic databases that can be
used for the development of energy-based methods
include MPTherm for membrane proteins [24],
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Table 1

Resources for variant interpretation utilizing information from protein structure.

Predictor 3D coordinates file accepted AAG Website Reference
(either PDB Id or model structure)
AUTO-MUTE 2.0 Y Y http://binf.gmu.edu/automute/ [74]
BorodaTM Y N https://www.iitm.ac.in/bioinfo/MutHTP/boroda.php [40]
CUPSAT Y Y http://cupsat.tu-bs.de/ [75]
DDGun3D Y Y https://folding.biofold.org/ddgun/ [76]
Dynamut2.0 Y Y https://biosig.lab.uq.edu.au/dynamut2/ [77]
FlexddG Y Y https://rosie.rosettacommons.org [54]
FoldX Y Y https://foldxsuite.crg.eu/ [78]
HOPE N N https://www3.cmbi.umcn.nl/hope/ [33]
|I-mutant2.0 Y Y https://folding.biofold.org/i-mutant/i-mutant2.0.html [79]
INPS-3D Y Y https://inpsmd.biocomp.unibo.it/inpsSuite/default/index3D [80]
Maestro Y Y https:/pbwww.services.came.sbg.ac.at/maestro/web [81]
mCSM-PPI Y Y https://biosig.lab.uq.edu.au/mesm_ppi2/ [53]
mCSM-TM Y Y https://biosig.lab.uq.edu.au/mcsm_membrane/ [45]
Missense3D Y N http://missense3d.bc.ic.ac.uk/ [34]
Missense3D-PPI Y N http://missense3d.bc.ic.ac.uk/ [55]
MutPred2 N N http://mutpred.mutdb.org/ [31]
PackPred Y N http://cospi.iiserpune.ac.in/packpred/ [82]
PolyPhen2 N N http://genetics.bwh.harvard.edu/pph2/ [83]
PMut Y N https://mmb.irbbarcelona.org/PMut/ [30]
PopMusic 2.0 Y Y https://soft.dezyme.com [84]
PRECOGXx N N https://precogx.bioinfolab.sns.it/ [46]
Rosetta Y Y https://rosie.rosettacommons.org [85]
SAAPdap/SAAPpred N N http://www .bioinf.org.uk/mutations/saapdap/ [35]
SDM Y Y http://marid.bioc.cam.ac.uk/sdm2 [86]
SNAP2 N N https://rostlab.org/services/snap2web/ [87]
SNPMuSIiC Y N https://soft.dezyme.com [88]
SNPs&GO®? Y N https://snps.biofold.org/snps-and-go/snps-and-go-3d.html [89]
StructMan N N https://structman.mpi-inf.mpg.de/upload.php [90]
STRUM Y Y https://zhanggroup.org/STRUM/ [91]
This list presents some of the most popular methods and is not exhaustive.
ProNAB for protein-nucleic acids complexes [25], SAAPDab/SAAPpred and HOPE information on

Platinum for protein-ligand complexes [26] and PINT
[27], dbMPIKT [28] and PROXiMATE [29] for
protein—protein interactions.

3D protein structure data have also been widely used for
non-energy based variant prediction algorithms. In most
cases, the 3D structural features that characterize the
residue harbouring the variant or its local environment,
such as surface accessibility, hydrophobicity, etc., are
combined with sequence based features, for example,
PolyPhen2, PMut [30], MutPred2 [31] and VIPUR [32].
These predictors generally calculate the probability of a
variant being damaging but do not return information on
the mechanism by which the variant affects the
phenotype. This information is instead provided by
methods that use 3D structure coordinates to perform
an in-depth atom-based study of the effect of a missense
variant, e.g. HOPE [33], Missense3D [34] and SAAP-
dap/SAAPpred [35]. These predictors provide informa-
tion on the structural damage, e.g breakage of a cysteine
bond or a steric clash, thus providing the user with in-
formation on the mechanism by which a variant may
disrupt protein folding and/or function. In the case of

sequence conservation is also included in the variant
analysis [35]. Some sequence-based methods have been
shown to have a high number of false positives and,
hence, a low precision score [36] and it has been sug-
gested that using structural data can improve variant
prediction performance. This has recently been
demonstrated in VIPUR, which combines sequence and
structure features in a logistic regression classifier and
has an increased specificity and performance compared
to sequence-only methods [32]. Nevertheless, it is
worth noting that, at least in some cases, developers may
favour a high sensitivity at the expenses of low speci-
ficity and the latter is therefore not necessarily a direct
result of the sequence-based methodology used. Recent
tools, such as E-SNP&GO, which is based on protein
language models, shows similarly high sensitivity and
precision [37].

Pre-calculated structural predictions for large sets of
known, publicly available human variants have been
made freely available from databases, such as
Missense3D-DB [38] (also available via the DECI-
PHER website [39]), BorodaTM [40], PMut repository
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[30] and PDBe-KB [41]. Moreover, visualization of
variants within a 3D structure is also available from re-
sources such as COSMIC3D [42], TopoSNP2 [43] and
PhyreRisk [44] which allows to study the local envi-
ronment surrounding the residue harbouring the variant
of interest.

In addition to considering the tertiary structure of
globular proteins, groups are now developing structure-
based algorithms tailored to variants occurring in trans-
membrane (TM) regions and protein—protein in-
terfaces (PPIs). Several genetic variants occur within
the transmembrane regions of single and multi-pass
proteins, as well as in drug targets, such as GPCRs,
and ion channels. The variant prediction methods so far
described have been trained without distinguishing
between globular and transmembrane proteins. The
membrane lipid bilayer environment is fundamentally
different to the aqueous one, thus requiring dedicated
algorithms. However, to date, methods that use struc-
tures and have been specifically designed to predict the
effect of variants occurring in transmembrane proteins
are scarce, possibly because of the paucity of experi-
mentally determined structures of transmembrane re-
gions/proteins. mCSM-TM [45], BorodaTM [40], and
PRECOGx [46] and our recently developed
Missense3D-TM (soon to be available from the
Missense3D homepage at http://missense3d.be.ic.ac.uk/
) are dedicated resources for TM proteins and use
structural information to predict the effect of TM var-
iants. mCSM-TM calculates the effect of a variant on
TM protein stability by calculating the energy change
using coordinates selected by the user, whereas Boro-
daTM offers precalculated predictions only for variants
occurring in a TM region with an experimentally solved
structure. PRECOGx is specifically designed for variants
in GPCRs and uses sequence and structure features.
The best coordinates are automatically selected by the
machine learning algorithm among all PDB entries and
AlphaFold models. Missense3D-TM predicts the effect
of variants within transmembrane regions and allows the
user to select experimental structures and/or
3D models.

The algorithms described above assess the effect of a
variant using the 3D coordinates of a protein single
chain and are therefore not tailored to analyse variants at
PPI. PPIs are enriched in disease-causing variants
[47,48] and prediction and characterisation of PPI var-
iants can help to assess their effect on biological path-
ways. Experimental and modelled 3D coordinates of
complexes are publicly available from databases, such as
PDB [49], GWYRE [50], PrePPI [51] and Inter-
actome3D [52]. However, currently, there is a limited
number of algorithms that use 3D structures of com-
plexes for the analysis of variants at PPI. Freely available
resources include mCSM-PPI [53], FlexddG [54] and
our recently released Missense3D-PPI [55]. At the time

of writing this review, the structural coverage of the
protein interactome, especially human, is limited,
possibly due to the challenges in solving the structure of
large macromolecule complexes. However, a large in-
crease in the number of modelled 3D coordinates of
protein complexes is expected to occur in the near
future with the use of deep learning approaches [56,57]
and this will likely encourage the development of more
resources for the analysis of variants at PPI.

In this review, we focus on software that analyse the
impact of variants on a protein single chain and on
protein—protein interactions. [t is worth noting that
additional algorithms are available for assessing the
effect of variants on protein-RNA, -DNA, -ligand and
carbohydrates binding, such as mCSM-NA [58],
SAMPDI [59], PremPDI [60], DeepCLIP [61] and
PCA-MutPred [62]. However, a description of these
methods is beyond the scope of this review.

Challenges in the development and
benchmarking of bioinformatics resources
Several groups, for example, the study by Livesey et al.
[4] have highlighted the challenges in developing and
benchmarking variant predictors and noted the widely
different accuracies obtained when a particular algo-
rithm is applied to different data sets. Typically, there
will be training and testing data sets derived from a
particular larger data collection. The first problem is the
errors in the assignment of either the AAG for a variant
or whether it is benign or pathogenic. If AAG data are
used and the aim is to predict pathogenicity, then a cut
off value for the change in AAG must be identified.
Next is the balance of the data set, typically between
benign and pathogenic. Biases in training and evaluation
can result from heavily skewed data sets. Some proteins,
possibly due to their functional role, are enriched in
pathogenic variants whereas other proteins in benign
variants [63]. It is essential therefore not to have the
same protein in the training and testing datasets. In
addition, ideally one should not have proteins from the
same homologous superfamily in the training and testing
datasets and this is particularly important in a structure-
based approach since structure is more conserved than
sequence. However, strict adhesion to the requirement
to remove homologues can cause problems due to the
reduction in the number of training/testing data and
sometimes a compromise removing close homologues is
required. As algorithms become more sophisticated, for
example using deep learning, there is an increased op-
portunity for memorisation between training and testing
and these confounding factors are likely to become
increasingly important to address to obtain the best
evaluation of accuracy. Given these difficulties, the
CAGI (Ciritical Assessment of Genome Interpretation)
provides a route to identify the most accurate ap-
proaches [64—66]. The expansion in available protein
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structures, both experimental and predicted, should
facilitate a large-scale comparative evaluation of
structure-based methods for variant prediction.

Another limitation of structure-based approaches is that
nearly all the methods, particularly those readily acces-
sible to the community via web servers, employ the
fixed backbone approximation and only model the side-
chain conformation of the variant. However, it has been
shown that observing an RMSD between equivalenced
Co atoms in pairs of crystal structures varying by one
amino acid is rarely greater than 1 A [67]. This suggests
that although a limitation, the fixed backbone approxi-
mation is often effective in modelling the impact of a
missense variant as major structural rearrangements to
accommodate the substitution rarely occur.

Future direction and concluding remarks
The remarkable advance in protein structure prediction
obtained by AlphaFold has highlighted the value of
advanced machine learning approaches in protein bio-
informatics [68]. However, a small-scale study suggests
that one cannot assess the impact of a variant by running
AlphaFold on the wild-type and the variant and assessing
if there is a conformational change [69]. This is in
keeping with the previous status that structure predic-
tion programs, particularly those that are template
based, should not be used to assess the impact of a single
missense variant [8].

Accordingly, groups are now developing algorithms
specifically designed as variant predictors employing
sequence information using methods, such as deep
generative models [70], graph attention neural networks
[71] and deep residual networks [72]. Recently, a pre-
print from the Baker group reported enhanced predic-
tion of the mutational effects as the result of mutational
scanning incorporating both sequence and structural
information using a version of RoseT'TAFold [73]. The
challenge will be to develop novel deep learning
approach based on modelling protein structure to yield
enhanced variant predictions together with human
comprehensible explanations for the predicted pheno-
type in terms of protein structure, function
and interactions.
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