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Abstract

Estimating the effects of variants found in disease driver genes opens the door to personalized therapeutic opportunities.
Clinical associations and laboratory experiments can only characterize a tiny fraction of all the available variants, leaving
the majority as variants of unknown significance (VUS). In silico methods bridge this gap by providing instant estimates on
a large scale, most often based on the numerous genetic differences between species. Despite concerns that these methods
may lack reliability in individual subjects, their numerous practical applications over cohorts suggest they are already help-
ful and have a role to play in genome interpretation when used at the proper scale and context. In this review, we aim to
gain insights into the training and validation of these variant effect predicting methods and illustrate representative types of
experimental and clinical applications. Objective performance assessments using various datasets that are not yet published
indicate the strengths and limitations of each method. These show that cautious use of in silico variant impact predictors is

essential for addressing genome interpretation challenges.

Introduction
The need of estimating variant impact

The drastic reduction in the cost of genome sequencing over
the last decade (DNA Sequencing Costs: Data 2020) led
to a proliferation of large-scale next-generation sequenc-
ing (NGS) datasets (Pereira et al. 2020). The NCBI dbGaP
database (Mailman et al. 2007) hosts a vast collection of
genotype—phenotype data in a common repository, but many
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other data sets of broad interest reside elsewhere and not all
have simple access (Gutierrez-Sacristan et al. 2021). Cur-
rently, dbGaP contains more than 500 NGS case—control
studies, including studies of such diseases as Alzheimer's
(Beecham et al. 2017), Parkinson's (Rosenthal et al. 2016),
autism spectrum disorder (ASD) (Fischbach and Lord 2010),
and others (Taliun et al. 2021). Additional case—control stud-
ies on the same or similar traits are available through other
independent initiatives (Marek et al. 2018; Petersen et al.
2010). Other sources, called biobanks, contain sequencing
data and clinical diagnostics from individuals represent-
ing a population, without a focus on any particular disease.
Examples include the UK Biobank, which currently holds
genetic data from about 500,000 individuals (Backman
et al. 2021; Bycroft et al. 2018), as well as the All of Us
Research Program (All of Us Research Program et al. 2019)
among others (Wichmann et al. 2011). Some datasets focus
on ethnic differences, such as The 1000 Genomes Project
(The 1000 Genomes Project Consortium 2015) and vari-
ous population-specific cohorts (Genome of the Netherlands
Consortium 2014; Jeon et al. 2020; Kim et al. 2018; Naga-
saki et al. 2015). Each of these sources contains rich data on
human genetic variations over which we can address ques-
tions of disease etiology for mechanistic understanding, risk
for prevention and early screening, personalized therapy for
precision medicine, epistatic effects for complex epidemiol-
ogy, pharmacogenomics for patient stratification, and ethnic
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diversity for health equity. Accurate metrics for the impact
of individual variants is critical to guide answers to these
questions.

There are many types of genetic variants, broadly grouped
by the region in which the variant occurs and the number of
nucleotides affected. Variants can occur in protein coding
regions or non-coding regions of the genome. Although the
protein coding region represents only 1.2% of the human
genome (Encode Project Consortium 2012), past variant
interpretation efforts focused on these variants due to their
effects in protein synthesis. However, a large proportion of
the non-coding genome is functional and harbors variants
that drive diseases by influencing regulatory regions con-
trolling gene expression and untranslated regions affecting
mRNA translation (French and Edwards 2020). Variants
can also encompass single or multiple nucleotides. Substi-
tutions that add or remove nucleotides are called insertions
or deletions, respectively, and they are rare compared to sin-
gle nucleotide variants (SNVs) that account for about 90%
of the variants (1000 Genomes Project Consortium et al.
2010). Protein coding insertion and deletion (indel) vari-
ants may be pathogenic when they shift the reading frame
of mRNA or map to functionally important sites (Lin et al.
2017; Mullaney et al. 2010). Protein coding SNVs may trun-
cate the protein (stop gain and start loss), cause no change
to the protein sequence (synonymous), or alter one amino
acid (non-synonymous/missense). Stop gain and start loss
variants exert profound effects on protein function, result-
ing in strong selection against them (Bartha et al. 2015).
Synonymous variants are assumed to be benign, although
they can cause various pre-translational changes (Zeng and
Bromberg 2019) and affect codon usage bias (Plotkin and
Kudla 2011). The impact of non-synonymous variants is
challenging to predict, since they may affect a number of
protein characteristics, such as folding (Wang and Moult
2001), protein interactions (Teng et al. 2009), dynamics
(Uversky et al. 2008), post-translational modifications (Yang
et al. 2019), solubility (Monplaisir et al. 1986), and others
(Stefl et al. 2013), with approximately 30% of variants hav-
ing a strong impact (Chasman and Adams 2001). Purify-
ing selection accounts for all the above effects and reduces
diversity within species (Cvijovic et al. 2018), allowing only
beneficial and nearly neutral variants to spread and become
fixed (Fu and Akey 2013; Patwa and Wahl 2008). Assuming
the variant effects differ little between homologous proteins,
the genetic differences between the species offer valuable
information for estimating the overall effect of a variant (Ng
and Henikoff 2001). The 3D structures of proteins can also
provide additional complementary insights (Orengo et al.
1999; Ramensky et al. 2002). Consequently, homology
and structure information have been the two main types of
input for estimating the effects of coding variants on protein
function.

@ Springer

Available methods for predicting variant effects

Many computational methods estimate variant effects
(Hu et al. 2019), but their aims may differ. Some methods
focus on specific aspects of protein function, such as fold-
ing stability of the mutated protein (Capriotti et al. 2005,
2008; Cheng et al. 2006; Dehouck et al. 2011; Fariselli
et al. 2015; Guerois et al. 2002; Parthiban et al. 2006;
Pires et al. 2014; Quan et al. 2016; Worth et al. 2011;
Zhou and Zhou 2002) or a combination of folding stabil-
ity and binding affinity (Berliner et al. 2014). Typically,
these folding prediction methods estimate the free energy
change of folding (AAG) due to mutation from 3D struc-
tures in addition to scores derived from different force-
fields or evolutionary information. Encouragingly, about
three-fourths of variants that cause Mendelian disorders
affect protein stability (Wang and Moult 2001; Yue et al.
2014), suggesting that folding stability prediction methods
can prioritize candidate disease drivers (Bocchini et al.
2016; Pey et al. 2007; Siekierska et al. 2012) for chaper-
one treatment (Chaudhuri and Paul 2006). However, these
methods are partially limited by the availability of protein
structure data. Although the Research Collaboratory for
Structural Bioinformatics Protein Data Bank (RCSB PDB)
currently contains more than 50,000 human protein struc-
tures, many are redundant and 30% of the human proteins
have no PDB structure that corresponds to their sequence
or any homologous sequence with as low as 30% sequence
identity (Somody et al. 2017). Alternatively, stability pre-
diction methods may take advantage of the recent devel-
opment of high-quality protein structure predictors, such
as AlphaFold (Jumper et al. 2021) and RosettaFold (Baek
et al. 2021), which broaden the available number of protein
structures. However, evolution-based stability prediction
methods have competitive performance, despite the fact
they do not use any structure information (Fariselli et al.
2015; Montanucci et al. 2019).

Toward broader genome interpretation of variant
effect, other prediction methods rely on protein sequence
homology primarily, supported when available by func-
tion annotations and structural information. Table 1 lists
well-established representatives of these methods, grouped
according to the type of input data they use and whether
the input includes scores from available predicting meth-
ods (Ensemble). Homology-based methods hypothesize
that the frequent substitutions across clades are benign,
under the implied assumption that homologous proteins
share identical functions. Inversely, substitutions that do
not occur across phylogenetic branches indicate negative
selection and possible pathogenicity (Ng and Henikoff
2001). To overcome limitations that stem from this
hypothesis, homology-based prediction methods employ
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various techniques, such as pseudocounts (Henikoff and
Henikoff 1996), phylogenetic distances (Davydov et al.
2010; Katsonis and Lichtarge 2014; Reva et al. 2011),
Hidden Markov Models (Garber et al. 2009; Rogers
et al. 2018; Shihab et al. 2013, 2015; Siepel et al. 2005;
Thomas et al. 2003), similarity scores (Choi et al. 2012),
normalized probabilities in localized sequence segments
(Capriotti et al. 2006), and restricting sequence align-
ments to mostly orthologous proteins (Mathe et al. 2006).
These homology-based prediction methods are differ-
ent from methods of residue importance (see a selected
list in Table 2), which provide a "conservation" score
for each protein residue rather than for each amino acid
substitution.

To further improve variant effect predictions, additional
insights into molecular functions (Calabrese et al. 2009) and
physicochemical characteristics (Stone and Sidow 2005) can
be considered, posing the problem of how to weigh the con-
tributions of heterogeneous information sources. For this
reason, machine learning techniques are routinely used to
select and combine the numerous features that may indicate
pathogenic or benign effects. Developers may select different
techniques that work best for their purpose, including Sup-
port Vector Machines (Kircher et al. 2014; Yue et al. 2006),
Random Forests and other Decision Trees (Carter et al.
2013; Raimondi et al. 2016, 2017; Ramensky et al. 2002;
Zhou et al. 2018a), Neural Networks (Hecht et al. 2015; Qi
et al. 2021; Quang et al. 2015; Sundaram et al. 2018), Naive
Bayes (Adzhubei et al. 2010), Logistic Regression (Baugh
et al. 2016), or combinations of these (Li et al. 2009).

Some methods pool pre-existing prediction methods to
estimate the protein function effects of variants with bet-
ter accuracy. In Table 1, we labeled as "Ensemble" the
meta-methods that combine multiple pre-existing methods
to obtain a single overall protein function impact score.
Machine-learning approaches are typically used for such

Table 2 Predictors of residue importance

purposes. However, some of these methods have used pre-
existing prediction method scores together with additional
features in their training, so we labeled them as "Ensem-
ble+". The method DANN (Quang et al. 2015) used the
same feature set and training data as the method CADD
(Kircher et al. 2014), but a different learning approach, and
we subsequently labeled it "Ensemble +". Figure 1 reflects
the popularity for a large collection of available methods,
indicated by the citations of the original articles as a func-
tion of the publication year.

The aim of this review

In view of this diversity and importance of variant impact
prediction methods, several reviews discuss the most com-
mon tools for predicting pathogenic variations, focusing on
their underlying principles (Cline and Karchin 2011; Hassan
et al. 2019; Katsonis et al. 2014; Tang and Thomas 2016),
their clinical value (Ghosh et al. 2017; Yazar and Ozbek
2021; Zhou et al. 2018b), their mutual agreement (Castel-
lana and Mazza 2013), or the integration of large-scale data
(Cardoso et al. 2015; Chakravorty and Hegde 2018). Here,
this review assesses the agreement of variant effect predic-
tion methods with experimental and clinical data, summa-
rizes their performance in objective blind challenges, and
presents some of their successful applications to interpret
variant impact and link genes to phenotypes. We find that,
despite common concerns regarding performance (Castel-
lana and Mazza 2013; Flanagan et al. 2010; Mahmood et al.
2017), numerous practical applications show that variant
effect prediction methods prove reliable when used cau-
tiously in the proper context. Thus, objective assessment
exercises (Andreoletti et al. 2019; Hoskins et al. 2017) are
critical to define appropriate use cases for each method, to
set expectations for accuracy, and to evaluate performance
improvements due to methodological refinements. Together

Type Method name Input features

Validating datasets

Paper

Homology ConSurf

Homology Evolutionary Trace Multiple sequence alignment ligand binding sites (SH2, SH3 domains, DNA bind-
ing)/PDB structures with ligands bound

Homology GERP+ +
Homology PhastCons
Homology PSIC

Homology Rate4Site

Multiple sequence alignment —

Multiple sequence alignment —

Homology SiPhy

PhyloP 4 conservation scores: LRT,

SCORE, SPH, GERP

Ensemble

Multiple sequence alignment SH2 and PTB signaling domains/Bcl-XL/Bak peptide
complex

Multiple sequence alignment Polll binding regions (ENCODE)

Multiple sequence alignment Src SH2 domain
Multiple sequence alignment ENCODE regions
ENCODE

Armon et al. (2001)
Glaser et al. (2003)

Lichtarge et al. (1996)
Mihalek et al. (2004)

Davydov et al. (2010)
Siepel et al. (2005)
Sunyaev et al. (1999)
Pupko et al. (2002)
Garber et al. (2009)
Pollard et al. (2010)

Methods citations (Armon et al. 2001; Davydov et al. 2010; Garber et al. 2009; Glaser et al. 2003; Lichtarge et al. 1996; Mihalek et al. 2004;
Pollard et al. 2010; Pupko et al. 2002; Siepel et al. 2005; Sunyaev et al. 1999)
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Fig. 1 Number of citations to the primary paper of variant prediction
methods as a function of the year it was published. The number of
citations were obtained by Google Scholar search on the 7th of March
2022. When methods could be matched to multiple primary papers or
newer versions were introduced, the paper with the most citations was
used here. Methods are classified as (i) analytical models not trained

with the interpretation of other variant types (Liu et al. 2019;
Spurdle et al. 2008; Zeng and Bromberg 2019) and the inte-
gration with multi-omics data (Gomez-Cabrero et al. 2014;
Huang et al. 2017a; Subramanian et al. 2020), variant effect
prediction methods can help in understanding the geno-
type—phenotype relationship.

Main text
Method training and validation

Most methods estimate variant impact by weighing homol-
ogy and/or structural information in unique ways. Homol-
ogy-based predictors use multiple sequence alignments
(MSA) to achieve their goal, which may either be narrow
sets of orthologous sequences or larger sets that include dis-
tant homologs and paralogs. The choice of MSA affects the
performance of the prediction methods and using the MSA
provided by each method does not guarantee optimal perfor-
mance (Hicks et al. 2011). MSA are also useful in predictors
that go beyond basic homology and infer additional proper-
ties. Distinct properties are captured by conservation scores
(Sunyaev et al. 1999), phylogenetic correlations of residues
(Lichtarge et al. 1996), amino acid substitution frequency
(Henikoff and Henikoff 1992), biochemical properties at the
position of interest (Grantham 1974) and whole substitution
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on available variant annotations (red color), (ii) machine learning
approaches trained on variant annotations (blue color), (iii) ensemble
models that integrate scores from available predictors (purple color),
and (iv) models that combine scores from available predictors and
additional features (black color)

profiles. These properties may define the context in which
the mutation is observed, together with protein structure
variables when a protein structure is available. Solvent
accessibility (Ahmad et al. 2004; Lee and Richards 1971),
secondary structure (Kabsch and Sander 1983), B-factors
(Sun et al. 2019), intrinsic disorder (Dunker et al. 2002), and
ligand binding sites (Hendlich et al. 1997; Yang et al. 2013)
provide insights into changes occurring in the protein that
can only be minimally inferred by homology-based methods.
Given the plethora of features to choose and combine, differ-
ences between variant impact predictors are not surprising.
In addition, many methods make use of various training data
to refine predictions and select the most important features.
The type of data chosen to train a method will likely influ-
ence the predicted impact to be more relevant to experimen-
tal, clinical, or evolutionary effects.

Experimental data to train and validate prediction
methods

To validate, benchmark, and compare methods, predictors
may turn to the experimental outcomes of large mutagen-
esis studies. For this purpose, four readily accessible data-
sets gained special popularity and were frequently used:
(1) the repression activity of 4041 lac repressor mutations
in E. coli (Markiewicz et al. 1994), (ii) the transactivation
activity of 2314 human p53 mutations (Kato et al. 2003),
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(iii) the break-up of the host cell walls due to 2015 lysozyme
mutations in bacteriophage T4 (Rennell et al. 1991), and
(iv) the cleavage of Gag and Gag-Pol due to 336 HIV-1
protease mutations (Loeb et al. 1989). More broadly, some
dedicated databases curate experimental variation data for
benchmarking (Kawabata et al. 1999; Sasidharan Nair and
Vihinen 2013). In addition, many more large mutagenesis
studies are now available and could be used for additional
benchmarking (Gray et al. 2017; Livesey and Marsh 2020;
Sruthi et al. 2020). Overall, variant impact prediction meth-
ods using these large datasets perform well, if not superbly,
according to developer benchmark analyses. Pearson’s cor-
relations were nearly perfect when the experimental data
were binned (Katsonis and Lichtarge 2014), showing excel-
lent agreement with the overall trend despite point-by-point
fluctuations. Accuracy was about 70% for SNAP (Bromberg
and Rost 2007), 68-80% for SIFT (Ng and Henikoff 2001),
and slightly better for MAPP (Stone and Sidow 2005).
Areas under the ROC curve (AUC) have been reported to
be 81-87% for PROVEAN (Choi et al. 2012) and from 86 to
89% for Evolutionary Action (Katsonis and Lichtarge 2014).

Clinical data to train and validate prediction
methods

For further training and validation, prediction methods can
also call upon databases of clinical annotations. A well-
known source of clinical associations is the ClinVar reposi-
tory which reports associations between genetic variation
and clinical phenotypes (Landrum et al. 2018). Variants
in this database were found in patient samples and anno-
tated according to the guidelines of the American College
of Medical Genetics (ACMG) and of the Association for
Molecular Pathology (AMP) (Richards et al. 2015), with
the goal to provide clinicians with the most robust con-
sensus assessment. The ClinGen group convened Variant
Curation Expert Panels to validate genetic annotations for
specific genes or sets of genes and update variant annota-
tions in ClinVar (Rehm et al. 2015; Rivera-Munoz et al.
2018). An alternative dataset that is frequently used in
training variant impact predicting methods is the Human
Gene Mutation Database (HGMD) (Stenson et al. 2020).
HGMD is a manually curated, proprietary collection of
published germline mutations in nuclear genes associated
with human inherited disease. Also, HumSavar is an open
access collection of missense variant reports, curated from
literature according to ACMG/AMP guidelines (Richards
et al. 2015), and it is available through UniProtKB/Swiss-
Prot (Wu et al. 2006). Moreover, Cancer-specific sources are
available for somatic and germline variants, such as COS-
MIC (Tate et al. 2019), International Agency for Research on
Cancer (IARC) (Petitjean et al. 2007), Database of Curated
Mutations (DoCM) (Ainscough et al. 2016), CanProVar (Li

et al. 2010), and BRCA Exchange (Cline et al. 2018). Other
sources include LOVD (Fokkema et al. 2005), HuVarBase
(Ganesan et al. 2019), and disease-specific collections,
such as Pompe disease (Kroos et al. 2008), Wilson disease
(Kumar et al. 2020), and others (Gout et al. 2007; Peltomaki
and Vasen 2004). The mouse-specific database Mutagenetix
(Wang et al. 2018, 2015) also contains genotype—phenotype
correlations, using various phenotype assays. Using these
databases, many studies showed that the disease driver
variants are strongly enriched for pathogenic predictions.
Performance, however, varies with the choice of reference
dataset and the confidence level of the clinical association,
and typically ranges between AUCs of 70% and 90% (Choi
et al. 2012; Dong et al. 2015; Ioannidis et al. 2016; Niroula
et al. 2015; Pejaver et al. 2020; Qi et al. 2021). Nearly per-
fect AUCs are occasionally reported (Alirezaie et al. 2018;
Ghosh et al. 2017), but such outstanding performances may
be overly optimistic and prone to indirect circularity (Grimm
et al. 2015).

Population fitness effect data to train and validate
prediction methods

Population-wide sequencing efforts are also used to train or
validate predictions. The pioneering 1000 Genomes Project
ran from 2008 to 2015 and sequenced more than 2500 indi-
viduals across 26 populations from five continental groups
(The 1000 Genomes Project Consortium 2015). Since 2015,
the International Genome Sample Resource (IGSR) main-
tains The 1000 Genomes Project (Clarke et al. 2017) and
added, thus far, samples from sources such as The Gambian
Genome Variation Project (Malaria Genomic Epidemiol-
ogy Network 2019), The Simons Genome Diversity Project
(Mallick et al. 2016), and The Human Genome Diversity
Project (Bergstrom et al. 2020). Larger population-wide
sequencing datasets, such as the Exome Aggregation Con-
sortium (ExAC) (Karczewski et al. 2017; Lek et al. 2016)
and the more recent Genome Aggregation Database (gno-
mAD) (Karczewski et al. 2020), seek to aggregate variants
from various projects. These projects mostly include data
from disease-specific studies. EXAC and gnomAD provide
allele frequency information instead of the individuals’
genomes and may contain more disease driver variants than
expected in healthy individuals. Other databases describ-
ing population-wide variation include the UK Biobank
(Sudlow et al. 2015), dbSNP (Markiewicz et al. 1975), the
Exome Variant Server (NHLBI Exome Sequencing Pro-
ject 2011), HapMap (The International HapMap Consor-
tium 2003), and various population-specific data sets (All
of Us Research Program et al. 2019; Ameur et al. 2017,
GenomeAsia 100K Consortium 2019; Jain et al. 2021;
John et al. 2018; Jung et al. 2020). These sources of human
polymorphisms often provide the benign set of variants for
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training many predictors (such as FATHMM —-MKL and
—XF, M-CAP, MISTIC, MPC, MutationTaster, PON-P, Pri-
mateAl, REVEL, and VEST). The underlying hypothesis is
that human polymorphisms have been under negative selec-
tion pressure that may eliminate or prevent the spread of
many pathogenic variants. Therefore, most of the observed
variants, especially those with high allele frequency should
have nearly neutral or positive effects on protein function
(Kimura 1979). Prediction scores that were not trained on
human polymorphisms supported this hypothesis, showing
that human polymorphisms were enriched in low patho-
genicity scores, with the enrichment becoming stronger
for variants with higher minor allele frequency (Katsonis
and Lichtarge 2014). Another study used VEST to show
that sources based on complete genomes, such as The 1000
Genomes Project, contain less pathogenic-predicted vari-
ants than sources of compiled clinical data, such as Swis-
sProt (Carter et al. 2013). However, pathogenic variants exist
within clinical genomes and studies suggest that predictors
of protein function effects can prioritize them to identify
candidate disease variants (Chennen et al. 2020; Ioannidis
et al. 2016; Jagadeesh et al. 2016).

Performance assessment of variant impact
prediction methods - CAGI challenges

The performance of variant impact prediction methods is
hard to assess unambiguously. Independent studies (Chan
et al. 2007; Dong et al. 2015; Ghosh et al. 2017; Gunning
et al. 2020; Leong et al. 2015; Li et al. 2018; Livesey and
Marsh 2020; Michels et al. 2019; Miosge et al. 2015; Suy-
beng et al. 2020; Tian et al. 2019; Yadegari and Majidzadeh
2019) have compared a limited number of methods each,
using specific sets of variants and evaluation tests, but
ignoring potential training circularities, and making cutoff
assumptions that may not fit each method equally well. In
contrast, efforts to systematically and objectively assess
variant impact prediction methods come from the Critical
Assessment of Genome Interpretation (CAGI) community.
CAGI, so far, has organized five assessment experiments
that include many different challenges, with a new, sixth
assessment currently in progress. The challenges may evalu-
ate prediction performance with respect to the impact of
variants on a specific protein function (Clark et al. 2019;
Kasak et al. 2019a; Xu et al. 2017), clinical sequalae (Car-
raro et al. 2017; Cline et al. 2019; Voskanian et al. 2019), or
global fitness, such as in yeast competition assays (Zhang
etal. 2019, 2017a). Critically, all CAGI challenges use new
and unpublished data, developer groups make predictions
blind to pathogenic associations, and independent judges use
multiple criteria to score success blind to the developer iden-
tity. The aims of these challenges are to recognize advan-
tageous strategies used by the developers and bottlenecks
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that prevent the field from advancing. This goal is achieved
through direct comparison of each method’s performance
and the features they use. In our view, the performance on
the CAGI challenges did not point to obvious links between
the type of predictor and the type of challenge, because it
was subject to several cofounding factors (including input
data availability, participation, predictor adjustments and
approximations, assessor choices, assay or clinical data
interpretation). Some methods clearly performed better
than others according to multiple assessment metrics, but
often different metrics indicated different top methods for
the same challenge, highlighting the need for combining
multiple metrics. Consistently top-ranked predictions come
from the Evolutionary Action (Katsonis and Lichtarge 2017,
2019), MutPred (Pejaver et al. 2017), SNAP (Kasak et al.
2019a), and ensemble methods (Yin et al. 2017). It is worth
noting that many less well-known participating methods
showed better performance than PolyPhen2 and SIFT, which
are very popular and widely used variant impact prediction
methods (Katsonis and Lichtarge 2017). Very simple predic-
tive models, such as baseline sequence conservation predic-
tors, may perform on par or better than sophisticated meth-
ods (Zhang et al. 2019, 2017a). Also, for a given approach
(submissions from the Yang & Zhou lab on the cell pro-
liferation rates upon CDKN2A variants), gradually adding
features to the prediction model led to gradual performance
improvements (Carraro et al. 2017), indicating that future
development should focus on the aggregation, refinement,
and validation of new features. In the PCM1 challenge
that evaluated 38 human missense mutations implicated in
schizophrenia with a zebrafish model assay (Monzon et al.
2019), all submitted predictions had poor performance and
yielded a nearly random distribution of balanced accuracy
(Katsonis and Lichtarge 2019), leaving questions about the
source of disagreement (Miller et al. 2019). In the CALM1
gene challenge, the performance of all submitted predictions
improved when the yeast complementation assay data points
were limited to those with gradually smaller experimental
standard deviation (Katsonis and Lichtarge 2019), indicat-
ing a potential underestimation of the performance in CAGI
challenges due to experimental errors.

In addition to these variant-level challenges, exome-level
CAGI challenges have suggested that variant effect predic-
tion methods can help in finding the disease risk of indi-
viduals (Cai et al. 2017; Chandonia et al. 2017; Daneshjou
et al. 2017). However, addressing such challenges requires
weighing the contribution of genes to each trait and combin-
ing the effects of multiple variants, which are not straightfor-
ward, so the successes were limited. Three CAGI challenges
were related to predicting the risk of Crohn's disease, with
two of them resulting in unreliable performance evaluations
due to sample stratification issues and the third one showing
AUC:s of up to 0.7 (Giollo et al. 2017). The performance
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was slightly worse for predicting the risk for venous throm-
boembolism, with AUCs up to 0.65 and accuracies up to
0.63 (Mclnnes et al. 2019). In a more complex challenge,
two methods performed significantly better than chance for
matching the clinical descriptions of undiagnosed patients
(Kasak et al. 2019b). However, it proved harder to distin-
guish between individuals of different intellectual disability
phenotypes (Carraro et al. 2019). Overall, predicting the risk
of individuals for complex diseases remains challenging and
methods predicting variant effect may complement current
efforts to solve the etiology of more cases.

Applications of variant impact prediction methods

The methods predicting variant impact are already used in
numerous practical applications, as indicated by the thou-
sands of citations of PolyPhen2 (Adzhubei et al. 2010),
SIFT (Kumar et al. 2009), and CADD (Kircher et al. 2014),
amongst other methods. Typically, they are used to assess
the impact of new variants of unknown significance, narrow
down driver candidates, and to support evidence for patho-
genic effects. The ACMG and AMP guidelines encourage
using multiple lines of computational evidence to support
pathogenic or benign classification (Richards et al. 2015). In
addition, variant impact prediction methods have been used
to guide mutagenesis studies and associate genes to pheno-
type. Next, we discuss representative practical applications
of predicting methods that illustrate their value in genome
interpretation. Although these applications regard specific
predicting methods each, the CAGI experiments suggest
that other methods could be equally or more successful in
addressing the same scientific questions.

Guiding mutagenesis studies

Targeted mutagenesis experimental studies can take advan-
tage of the variant impact predicting methods to reduce
experimental cost and effort while maximizing return with-
out missing key results (Sruthi and Prakash 2020). How-
ever, such applications are rare and typically complement
other prioritization strategies that account for the available
protein structures and methods that predict protein residue
importance, such as the methods in Table 2. For example,
evolutionarily important residues were used to identify func-
tional motifs in the DNA-dependent protein kinase catalytic
subunit and the analysis of variant impact unveiled func-
tional insights and implications (Lees-Miller et al. 2021).
Variant effect prediction methods indicated human NAGK
polymorphisms that reduced its binding to the dynein subu-
nit DYNLRBI, an interaction that promotes cellular growth
and other functions (Dash et al. 2021). Mutation impact
and important residues also guided mutagenesis studies
aiming to uncover the interaction between the RecA and

LexA protein in E. coli, which controls antibiotic resistance
(Adikesavan et al. 2011; Marciano et al. 2014). In G-protein-
coupled receptors, variant impact scores correlated with the
phenotypic change (Gallion et al. 2017; Schonegge et al.
2017), and they were used in selecting targeted mutations
that recode the allosteric pathway specificity (Peterson et al.
2015; Rodriguez et al. 2010; Schonegge et al. 2017). More
recently, variant impact score analysis guided the devel-
opment of a mutant esterase that gained stereospecificity
properties while maintaining a 53-substrate repertoire (Cea-
Rama et al. 2021). These examples show that variant effect
prediction methods can effectively prioritize and reduce the
workload of mutagenic experimental studies.

Supporting clinical associations

Methods predicting variant impact can help with the asso-
ciation of variants to traits, which currently relies on obser-
vational statistics in family studies (Borecki and Province
2008) and genome-wide association studies (GWAS) (Bush
and Moore 2012; MacArthur et al. 2017). Because of link-
age disequilibrium (Pritchard and Przeworski 2001), GWAS
variants do not necessarily indicate causal effects (Cooper
and Shendure 2011), highlighting the need for a transition to
functional associations (Gallagher and Chen-Plotkin 2018).
Currently, predicting methods are used in both monogenic
and polygenic traits, supporting pathogenic effects for vari-
ants observed in cases and showing that candidate disease
drivers are enriched in pathogenic scores, collectively. Any
predicting method or the consensus of multiple methods
can serve this supporting role. Few examples are variants
causing FARS?2 deficiency (Almannai et al. 2018), ANOS
variants causing Gnathodiaphyseal Dysplasia (Otaify et al.
2018), DHCR24 variants causing Desmosterolosis (Schaaf
et al. 2011), variants in multiple genes causing ALS (Gibson
et al. 2017; Kenna et al. 2016), Parkinson's disease (Olu-
wole et al. 2020), and Alzheimer’s disease (Vardarajan et al.
2015). Similar analyses for somatic mutations in tumors
revealed strong selection patterns, either on numerous candi-
date genes (Bailey et al. 2018) or on specific genes such as in
PTPN12 (Nair et al. 2018), BAP1 (Sharma et al. 2019), and
TP53 (Li et al. 2016). Therefore, computational approaches
can prioritize somatic variants for their role in cancer, using
variant effect predictors and gene features (Kaminker et al.
2007). Predicting methods may also prioritize germline
variants of trait-associated genes for further examination,
such as in cardiovascular diseases (Rababa'h et al. 2013;
Suryavanshi et al. 2018; Wang et al. 2021b). With the spread
of SARS-CoV-2, computational prediction methods have
presented a functional site overview for all SARS-CoV-2
proteins (Wang et al. 2021a) and suggested that their muta-
tional hotspots can alter protein stability and binding affinity
(Teng et al. 2021; Wu et al. 2021; Zou et al. 2020). These
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studies show that predicting methods have practical value
in a variety of clinical associations, in both Mendelian and
complex diseases, including cancer.

Informing diagnoses and clinical decision making

Variant impact predictors may extend from the bench to the
bedside. First tier clinical tests typically use chromosomal
microarrays, with reported diagnostic yield of 15-20%
in patients with developmental disabilities or congenital
anomalies (Miller et al. 2010). Unexplained cases may pro-
ceed to whole exome sequencing (WES) or whole genome
sequencing (WGS) to fill this gap. Variant impact predic-
tors can aid in the interpretation of the sequenced variants,
offering significant increase in diagnostic yield (Grunseich
et al. 2021; Stavropoulos et al. 2016). Pharmacogenomics
studies may take advantage of predicting methods to inter-
pret the impact of amino acid variations on drug metabo-
lism (Isvoran et al. 2017; Matimba et al. 2009). Additionally,
the predicted pathogenicity of somatic mutations in cancer
was used in a classification system that may inform patient
management (Sukhai et al. 2016). In a study of how TP53
variants affect the health of head and neck cancer patients,
Evolutionary Action was able to stratify the overall sur-
vival and time to metastasis (Neskey et al. 2015), indicated
resistance to cisplatin therapy (Osman et al. 2015b), and
provoked suggestions for personalized treatment (Osman
et al. 2015a). Similarly, survival stratification was obtained
in two independent studies for colorectal liver metastases
patients (Chun et al. 2019) and myelodysplastic syndrome
patients (Kanagal-Shamanna et al. 2021). Therefore, predict-
ing methods contribute in clinical diagnosis and can open
paths toward precision medicine.

Associating genes to phenotype

Variant impact scores may lead to associations of genes to
traits. Typically, gene-trait associations rely on detecting
selection patterns within a group of individuals who share
the trait (cases) compared to unaffected individuals (con-
trols). These selection patterns arise because trait driver
genes harbor several pathogenic variants in cases, in addi-
tion to non-pathogenic variants that may appear in either
the cases or the controls. Current gene discovery methods
may quantify patterns such as whether the gene has more
mutations compared to the expected number (Lawrence
et al. 2013), the mutations cluster in the protein structure
or sequence compared to homogeneous spread (Tamborero
et al. 2013), and the characteristic nucleotide context of the
mutations differs from the context of all other mutations
(Dietlein et al. 2020). Since the driver variants have larger
predicted pathogenicity values compared to random nucle-
otide substitutions, methods that predict protein function
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effects offer an additional pattern toward pointing to candi-
date trait-driver genes. This selection pattern is orthogonal
and complementary to the aforementioned measures, making
variant impact prediction methods valuable for gene discov-
ery. Next, we note such applications to somatic, de novo, and
inherited variants.

Genes under selection in somatic mutations

Many cancer studies use variant impact prediction methods
either as supporting evidence for the pathogenicity of gene
variants (Bailey et al. 2018; Cancer Genome Atlas Research
Network 2011) or as the main evidence to establish a gene-
cancer link through an automated discovery process (Davoli
et al. 2013; Gonzalez-Perez and Lopez-Bigas 2012; Hsu
et al. 2022; Parvandeh et al. 2022). The underlying hypoth-
eses are that most somatic mutations are passengers (i.e. they
do not contribute to oncogenesis) and that driver mutations
(i.e. they contribute to the development of cancer) occur
selectively in specific genes (Greenman et al. 2007; Strat-
ton et al. 2009). Because the driver variants affect protein
function, predicting methods should statistically score driver
variants as more pathogenic than passenger variants (Carter
et al. 2009; Chen et al. 2020; Cline et al. 2019; Mullany et al.
2015; Reva et al. 2011) and point to cancer driver genes.
Moreover, protein effect prediction methods can inform
regarding the role of each gene in cancer, with tumor sup-
pressor genes having mostly loss-of-function variants with
high impact scores and oncogenes having mostly gain-of-
function variants with intermediate to high scores (Hsu et al.
2022; Shi and Moult 2011). Gene pathway information may
complement variant impact prediction methods in finding
cancer driver genes (Cancer Genome Atlas Research Net-
work 2017), even for small patient sets, such as 29 patients
with sporadic Parathyroid Cancer (Clarke et al. 2019). These
applications suggest that variant impact prediction methods
can help in finding candidate driver genes within whole can-
cer cohorts and within their cancer type divisions.

Genes under selection in de novo mutations

Variant impact prediction methods are commonly used in
prioritizing the functional effects of de novo variants (Hu
et al. 2016; Pejaver et al. 2020; Wang et al. 2019; Willsey
et al. 2017). However, de novo variants are typically absent
from the general population, with each individual harboring
less than two coding de novo variants (Iossifov et al. 2012;
Sevim Bayrak et al. 2020). This fact limits the gene-level
analysis of de novo variants, even for large datasets, such as
the Simons Simplex Collection (SSC) (Fischbach and Lord
2010), which contains sequencing data from more than 2500
families with at least one child diagnosed with autism spec-
trum disorder (ASD) (Iossifov et al. 2012; Lord et al. 2020,



Human Genetics (2022) 141:1549-1577

1561

2018). Typically, such data are analyzed in the contexts of
known gene-phenotype associations and the human inter-
actome network (Chen et al. 2018). Variant impact predic-
tion methods, such as MutPred2 (Pejaver et al. 2020) and
VIPUR (Buja et al. 2018), have shown that de novo variants
in ASD cases have a higher fraction of predicted pathogenic
variants compared to healthy siblings. Going one step fur-
ther, a study using the Evolutionary Action (EA) method
and gene pathway information without prior knowledge of
phenotype associations identified 398 genes (representing
23 pathways) as candidate drivers for ASD, based on the
enrichment of de novo variants to pathogenic scores (Koire
et al. 2021). The same study proposed polygenic risk scores
based on the EA scores of either de novo or rare inherited
variants on candidate genes and showed that these scores
correlated with the Intelligence Quotient (IQ) of patients.
These correlations were stronger when the contribution of
each gene was weighted by Residual Variation Intolerance
Scores (RVIS), a measure of genic intolerance to muta-
tions (Petrovski et al. 2013). Similar analyses can be done
for more phenotypes, such as congenital heart disease (Jin
et al. 2017), where cases appear to have a higher fraction of
predicted pathogenic variants compared to healthy controls
(Qi et al. 2021). Such large family datasets provide de novo
mutations that can use variant impact predictions together
with other information to discover new genes toward decod-
ing the genotype—phenotype relationship.

Genes under selection in inherited mutations

Case—control studies are routinely designed for the discovery
of genes associated with a particular trait. For Mendelian
traits, these associations are straightforward, and methods
predicting protein function effects can help (Carter et al.
2013; Hu et al. 2013). For complex traits, the standard is
gene-based GWAS for the trait of interest using all variants
within a gene rather than each variant individually (Huang
et al. 2011; Liu et al. 2010), but phenome-wide association
studies can also serve the same purpose (Denny et al. 2010).
However, spurious associations resulting from correlations
with the true risk factors can lead to false-positive results
(Risch 2000). Mendelian randomization may be used to
overcome confounding (Grover et al. 2017) and complemen-
tary analyses including, but not limited to, literature text-
mining (Bhasuran and Natarajan 2018; Zhou and Fu 2018)
and gene co-expression analyses (van Dam et al. 2018) can
also help. Additionally, variant impact predictors can aid
in deprioritizing variants predicted to have low functional
impact, thus reducing such false positive discoveries (Lee
et al. 2014; Wei et al. 2011). For example, FATHMM-XEF,
SIFT, PolyPhen2, and CADD were used to prioritize 190
candidate genes for driving neuroticism (Belonogova et al.
2021) and similarly for other traits (Bacchelli et al. 2016;

Zhang et al. 2018). In CAGI challenges, many participants
predicted the risk of individuals based on genomic data and
matched genotypes to phenotypes better than random (Kasak
et al. 2019b; Katsonis and Lichtarge 2019; Pal et al. 2017,
2020; Wang and Bromberg 2019). The imputed Deviation
in Evolutionary Action Load (iDEAL) approach used pro-
tein function predictions to discover trait drivers (Kim et al.
2021). Specifically, it was applied to late-onset Alzheimer's
disease (AD) patients that paradoxically carried the AD-
protective APOE ¢2 allele compared to healthy individuals
that carried the AD-risk APOE ¢4 allele. This study identi-
fied 216 genes with differential Evolutionary Action load
between the two populations. These genes showed a robust
predictive power even in the independent set of APOE €3
homozygote individuals and are potential drug targets.
Therefore, there is strong evidence that methods predicting
protein function effects have the potential to help in genome
interpretation of complex diseases in a post-GWAS era.

Discussion

This review of current computational estimates of protein
function effects due to variants illustrates several practical
applications. They routinely guide experimental studies of
protein structure and function and clinical studies of variants
of unknown significance that are candidate disease drivers.
Most recently, they played a major role in identifying new
genes associated with traits, for either somatic, de novo, or
inherited variants. This ability to translate genomic data into
quantitative traits raises hope for improved diagnostic tests
with polygenic risk scores that account for functional effects
rather than relying only on observational statistics. A caveat
is that the basis for most methods remains rooted in homol-
ogy information. The scores will thus tend to assess long-
term "evolutionary" effects. Generally, and depending on the
prediction method and the test data, these effects will tend
to align with clinical or experimental impact as shown by
strong correlations through extensive validation studies and
objective assessments. In other words, the fitness landscape
may appear similar at different scales.

Criticism and value

In the past, variant impact prediction methods sustained
pointed criticism (Flanagan et al. 2010; Mahmood et al.
2017; Tchernitchko et al. 2004) and this curtailed their use
as prognostic tools. Most often, the criticism was fed on
the one hand by a demand for nearly perfect accuracy in
clinical diagnostics (Walters-Sen et al. 2015), and on the
other hand by disagreements, first, between different meth-
ods (Chun and Fay 2009), and second, between prediction
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methods and experimental data or clinical annotations
(Mahmood et al. 2017; Miller et al. 2019). At some degree,
these discrepancies are due to misalignments between the
hypotheses adopted by the method developers and the data
analysts: a key is useful only when it is properly applied to
the right lock. In the light of epistatic interactions, inac-
curacy is expected for single variant estimations, since
each individual has a unique genetic, epigenetic, and envi-
ronmental background that may modify the impact of this
variant. These factors may result in incomplete penetrance,
where two individuals with the same genetic variant can
have either benign or disease phenotype linked to that
variant (Cooper et al. 2013; Waalen and Beutler 2009;
Zlotogora 2003). Predictors can explicitly capture resi-
due dependencies between positions to improve accuracy
(Hopf et al. 2017) and focused methods can detect covari-
ation signals in multiple sequence alignments to identify
residue pairs with epistatic effects (Jones et al. 2012; Mor-
cos et al. 2011; Salinas and Ranganathan 2018; Shen and
Li 2016). However, most predictors of protein function
effects provide estimates in a broader view, as when indi-
vidual background effects are averaged out over cohorts
of individuals, suggesting they are more informative in
high-penetrance genes and disorders. Literally, homology-
based prediction methods ignore the context and answer
whether a specific variant is pathogenic in an "evolution-
ary sense," which at best matches the human population at
large rather than addressing the context-dependent effects
of the variants (DiGiammarino et al. 2002). The choice of
a multiple sequence alignment input defines the “average
context” of the computation and its potential biases and
errors will affect the accuracy of the predictions (Hicks
et al. 2011). Each algorithmic approach weighs input
features differently from the other methods, which may
influence prediction accuracy dramatically. Since both the
sequence alignment input and the algorithmic approach
affect prediction accuracy, we should avoid generalizing
the performance conclusions based on a single analysis.
Moreover, the assessors should ensure their hypothesis
does not conflict those underlying each prediction method.
The CAGI challenges offer useful insights into the perfor-
mance of different methods since method developers are
able to modify their approach according to the needs of
each challenge and independent assessors ensure objectiv-
ity. These assessments demonstrate progress in the field
of variant impact prediction and the need to adjust pre-
dictors given specific tasks. Newer approaches achieve
strong correlations with experimental assay data and per-
form consistently better than well-known methods (Kat-
sonis and Lichtarge 2017). Such correlations may improve
when the impact of experimental noise is reduced, using
only data points with small standard deviations (Katsonis
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and Lichtarge 2019) or combining multiple experimental
assays (Gallion et al. 2017). This suggests that even sys-
tematic assessments may under-estimate the performance
of predicting methods.

Predicting the impact of other variant types

Whole genome sequencing shows that non-synonymous var-
iants are less than 0.3% of the total calls (Shen et al. 2013).
There is therefore growing interest in prediction methods
of other variant types. Stop-gain and frameshift insertion
and deletion (fs-indel) variants result in protein sequence
truncation and are traditionally viewed as pathogenic, but
many of them appear frequently in human genomes even
in a homozygous state (MacArthur and Tyler-Smith 2010).
Non-frameshifting insertion and deletion (indel) variants are
also of interest due to their link to diverse clinical effects
and their substantial genetic load in most humans (Mullaney
et al. 2010). Methods such as SIFT Indel (Hu and Ng 2012),
DDIG-in (Folkman et al. 2015), VEST-Indel (Douville et al.
2016), and MutPred-LOF/-Indel (Pagel et al. 2017, 2019)
may use homology, structure, intrinsic disorder predictions,
and gene importance features to prioritize nonsense and
indel variants with reported balanced accuracy of 80-90%
(Douville et al. 2016). PROVEAN (Choi et al. 2012) and
MutationTaster2 (Schwarz et al. 2014) also provide predic-
tions to non-frameshifting indel variants following the same
framework they used for predicting the impact of missense
variants. CADD (Kircher et al. 2014) is designed to predict
the impact of all classes of genetic variation, including splice
sites (Rentzsch et al. 2021) and non-coding variations. Meth-
ods that focus on predicting splicing effects use as input the
genomic sequence of the pre-mRNA transcripts and include
SpliceAl (Jaganathan et al. 2019), MutPred Splice (Mort
et al. 2014), Human Splicing Finder (Desmet et al. 2009),
SPiCE (Leman et al. 2018), and Skippy (Woolfe et al. 2010).
Methods that focus on predicting noncoding variant effects
rely on functional genomics data, such as various sequence
conservation and constraint scores (Dousse et al. 2016;
Garber et al. 2009; Siepel et al. 2005), in silico predictions
of transcription factor binding sites, enhancer regions, and
long noncoding RNAs (IncRNAs) (Abugessaisa et al. 2021;
Fu et al. 2014; Loots and Ovcharenko 2004; Pachkov et al.
2013), and experimental evidence provided by the Ency-
clopedia of DNA Elements (ENCODE) (Davis et al. 2018;
Encode Project Consortium 2012), including transcription
factor ChIP-seq, DNA methylation arrays, and small RNA-
seq projects. Some non-coding functional impact predictors
include, but are not limited to, LINSIGHT (Huang et al.
2017b), GenoCanyon (Lu et al. 2015), FATHMM-MKL
(Shihab et al. 2015), FATHMM-XF (Rogers et al. 2018),
PAFA (Zhou and Zhao 2018), DIVAN (Chen et al. 2016),
and GWAVA (Ritchie et al. 2014). Synonymous variants,
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despite often assumed to be benign, are implicated in many
diseases (Zeng and Bromberg 2019). SiVA (Buske et al.
2013), TraP (Gelfman et al. 2017), DDIG-SN (Livingstone
et al. 2017), regSNPs-splicing (Zhang et al. 2017b), IDSV
(Shi et al. 2019), and synVep (Zeng et al. 2021) have used
conservation, RNA, DNA, splicing, and protein features to
prioritize synonymous variants with typical performances
of 0.85-0.90 AUC (Zeng and Bromberg 2019). Although
we still need to objectively assess these methods, they may
be useful for a transition to whole-genome interpretation.

Significance in personalized therapy

Genome interpretation relies on the classification of genetic
variants as pathogenic or benign, which necessitates the
estimation of impact for all single variants. Clinical asso-
ciations and experimental data are too limited for charac-
terizing all variants, since more than 98% of the variants
in human exomes have frequency of less than 1% (Karc-
zewski et al. 2020; Van Hout et al. 2020) and over 40% of
the ClinVar entries are catalogued as variants of unknown
significance (Henrie et al. 2018). Protein function effect
prediction methods have shown strong correlations with
established associations and may be cautiously used to start
bridging the gap in genome interpretation. With the advent
of less costly sequencing technologies, clinicians can read
patient’s genomes and search for precise therapies tailored
to the genetic etiology of the disease. The insights provided
by variant impact prediction methods may assist clinicians
in selecting beneficial treatments.
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