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those tools with a numerical output (SIFT, PolyPhen-2, REVEL 
and ClinPred) to more accurately compare their performance. A 
unique threshold was selected for each tool to calculate the speci-
ficity when sensitivity was set to 0.9. In order to include GAVIN in 
this analysis, a third analysis was performed, whereby each tool's 
specificity was measured when the threshold was adjusted to set 
the sensitivity identical to that of GAVIN.

RESULTS
Classification of variant sources
We compared the feature list of all tools benchmarked in this 
study (PolyPhen-2, SIFT, REVEL, GAVIN and ClinPred) and, in 
the case of the meta-predictors, the tools that they use as part of 
their algorithm (MPC,30 MutPred,31 VEST,32 CADD,33 DANN,34 
SNPEff,35 FATHMM,36 FitCons37 and MutationTaster38). 
Features were split into five broad categories: Conservation, 
Genetic variation, Functional evidence (nucleotide), Functional 
evidence (protein) and Amino acid properties (see figure 2 and 
online supplementary figure S1). In general, the meta-predictors 
employ a wider variety of sources and are less heavily reliant on 
conservation alone. CADD/DANN and FitCons, and by exten-
sion GAVIN and ClinPred, are the only predictors with features 
within the Functional (nucleotide) category and are therefore 
able to predict the pathogenicity of a variant in the context of 
its nucleotide change, regardless of whether there is a resultant 
amino acid change.

Benchmarking predictor performance in the open and clinical 
datasets
Initially, each of the tools was benchmarked according to the 
threshold provided by the tools’ authors. This analysis involved a 
dichotomisation of scores with no intermediate range (see table 1).

The distribution of scores from SIFT, PolyPhen-2, REVEL 
and ClinPred is shown in figure 3 and receiver operating char-
acteristic (ROC) curves are shown in figure 4. Of the tools with 
numerical outputs, ClinPred has the highest discriminatory 
power for the open dataset with an area under the ROC curve 
(AUC) of 0.993, while REVEL has the highest AUC for the clin-
ical dataset of 0.818. The two meta-predictors outperformed 
SIFT and PolyPhen-2 in both datasets. In agreement with tool 
author benchmarking,12–14 the meta-predictors REVEL, Clin-
Pred and GAVIN were highly proficient at classifying the vari-
ants in the open dataset, achieving sensitivities of 0.87, 0.90 
and 0.95, and specificities of 0.95, 1.00 and 0.98, respectively. 
For variants in the clinical dataset, although the sensitivity of 
each tool remained largely constant, the specificity of all tools 
dropped considerably. For REVEL, ClinPred and GAVIN, spec-
ificity is reduced to 0.60, 0.27 and 0.25, respectively (table 1).

It was apparent that the threshold suggested by the tools’ 
authors was not well suited to both datasets, given the tools’ 
high sensitivity but low specificity in the clinical dataset. In 
order to correct for this, we performed a supplementary anal-
ysis for those predictors which gave a numerical output (SIFT, 

Figure 3  Violin plot showing variant scores for SIFT, PolyPhen-2, REVEL and ClinPred using two datasets. Open dataset—blue; clinical dataset—red; 
pathogenic variants—filled; benign variants—unfilled. Plot was generated in R using the 'vioplot' function in the 'vioplot' library. For ease of comparison, 
SIFT scores have been inverted.
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PolyPhen-2, REVEL and ClinPred). Here, a variable threshold 
was allowed for each tool to give a common sensitivity of 0.9 
(ie, pathogenic variation is called correctly 90% of the time). 
The threshold required to give a sensitivity of 0.9 in each tool 
is shown in online supplementary table S2. The specificity of 
each tool at the determined threshold is shown in online supple-
mentary figure S2. When allowed a variable threshold, the tools’ 
specificity increased significantly, with PolyPhen-2, SIFT, REVEL 
and ClinPred achieving a specificity of 0.67, 0.63, 0.93 and 0.99 
for the open dataset, and 0.34, 0.33, 0.52 and 0.51 for the clin-
ical dataset, respectively. In order to include GAVIN in this anal-
ysis, a third analysis was performed in which each tool was given 
a threshold to match the sensitivity achieved by GAVIN in each 
of the datasets. The specificity of all five tools is shown in online 
supplementary figure S3, and the sensitivity and threshold for 
each tool is shown in online supplementary table S3.

Use of individual tools versus a consensus-based approach 
between multiple tools
In accordance with current variant classification guidelines, we 
investigated the effect of performing a consensus-based analysis, 

using two commonly used tools, SIFT and PolyPhen-2, and two 
meta-predictors, REVEL and ClinPred, to determine whether 
this combined approach has improved sensitivity/specificity over 
the individual tools. Figure 5 shows the true concordance rate 
(correct classification by all tools), false concordance rate (incor-
rect classification by all tools) and discordance rate (disagreement 
between tools) for each of these tool pairings for the pathogenic 
and benign variants in both datasets. Within the clinically rele-
vant dataset, the tools are either falsely concordant or discor-
dant for ~15% of pathogenic variants but ~78% of benign 
variants. The sensitivity and specificity of this approach is shown 
in table  1. Use of a consensus-based approach may introduce 
a third ‘discordance’ category to the classification where tools 
disagree and no in silico evidence can be used, which applied to 
21% and 16% of variants when considering the concordance of 
PolyPhen-2 and SIFT, and 8% and 23% when considering the 
concordance between REVEL and ClinPred, for the open and 
clinical datasets, respectively.

An alternative ‘majority rule’ method can instead be applied. 
Here, more than three tools are used, and the result agreed by 
>50% of tools selected. This method eliminates the ‘discordance’ 

Figure 4  Receiver operating characteristic (ROC) curves for SIFT, PolyPhen-2, REVEL and ClinPred using two datasets. Open dataset—blue; clinical 
dataset—red. Generated in R using the ‘roc’ and ‘plot.roc’ functions in the ‘pROC’ library. Area under the ROC curve (AUC) was calculated in R using the 
‘roc’ function. For ease of comparison, SIFT scores have been inverted.
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category, as dissenting tools are ignored. Two majority-based 
analyses were performed using (1) all five tools (SIFT, Poly-
phen-2, REVEL, GAVIN and ClinPred) and (2) using only the 
meta-predictors (REVEL, GAVIN and ClinPred). The sensi-
tivity and specificity of this majority-based approach is shown in 
online supplementary table S4. While this approach did improve 
on the strict concordance approach outlined previously, and is 
commonly applied in clinical genomics, the false concordance 
was still high and the highest specificity in the clinical dataset, 
achieved using a majority voting based approach with all five 
tools, was 0.32 (in contrast to the specificity of 0.60 achieved by 
REVEL in the same dataset).

DISCUSSION
We have compared the performance of five in silico pathoge-
nicity predictors—two tools used routinely in variant classi-
fication (SIFT and PolyPhen-2) and three recently developed 
clinical meta-predictors (REVEL, ClinPred and GAVIN)—using 
two variant datasets: an open dataset collated using the selec-
tion strategy commonly employed when benchmarking tool 
performance, and a clinically representative dataset composed 

of rare and novel variants identified through high-throughput 
research and clinical sequencing with manual classification. 
Overall, the data herein show that meta-predictors have a 
greater sensitivity and specificity than the classic tools in both 
variant datasets. However, despite the increased accuracy of the 
meta-predictors, all tools performed substantially worse in the 
clinical dataset compared with the open dataset. This difference 
in tool performance illustrates the importance of considering 
the provenance of variants when benchmarking tools and how 
overfitting of a classifier to the training dataset can occur when 
increasingly large sets of variant features are used. The two data-
sets herein were constructed using very different methodologies, 
which determine the variants present within each. The open 
dataset, composed of variants derived from online repositories, 
is modelled on the methods commonly used when constructing 
test datasets. The tools performed universally well when char-
acterising this dataset, indicating that these variants inherently 
possess features easily identifiable to the in silico predictors. In 
contrast, the clinical dataset is composed of variants identified 
through research and clinical next-generation sequencing pipe-
lines, which had undergone multiple rounds of variant filtering 

Figure 5  Concordance between tools separated by dataset and classification (pathogenic and benign). Open dataset—blue; clinical dataset—red; 
pathogenic variants—top graph; benign variants—bottom graph. True concordance indicates that the tools agree and were correct. False concordance 
indicates that the tools agree but were incorrect. Discordance indicates that the tools disagreed on the classification.
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and selection. Many variants within the open dataset would be 
automatically filtered out of the clinical dataset, based on MAF 
for example, and this dataset therefore gives a more representa-
tive assessment of the performance of such tools in genomic diag-
nostics laboratories—an assessment not previously performed.

Our analysis suggests that REVEL performs best when clas-
sifying rare variants routinely identified in clinical sequencing 
pipelines, with an AUC for our clinical dataset of 0.818, followed 
closely by ClinPred with an AUC of 0.808 (figure 4) and with a 
higher specificity than GAVIN in a direct (although suboptimal) 
comparison (online supplementary figure S3). While the REVEL 
team does not suggest a strict threshold for categorisation, in 
our analysis for the clinical dataset, a threshold of 0.43 gave a 
sensitivity of 0.9, and a specificity of 0.52, which is comparable 
with previous studies’ threshold of 0.5.14

Current guidelines on the classification of variants indicate 
that evidence should only apply when multiple tools are concor-
dant.1 However, the use of concordance may introduce a third 
category to variants classification (discordance), where there 
is disagreement between tools and therefore the tools cannot 
be used as evidence to categorise the variant as either benign 
or pathogenic. The use of a majority-voting system appears to 
improve performance over a strict concordance approach, but 
our data show that both concordance methodologies give a 
lower sensitivity and specificity than the use of either of these 
tools in isolation, and furthermore that their performance is 
below that of the meta-predictors.

As with all similar studies, we were limited by the availability 
of novel variants absent from online databases such as gnomAD. 
The use of under-represented and genetically isolated popula-
tions, such as the Amish, allowed for the identification of several 
novel benign variants and suggests that such populations may be 
a rich source for future studies. We also identified several both 
pathogenic and benign variants in a clinical population through 
a translational research study (DDD). While steps were taken to 
ensure that the benign variants attained from this group were 
indeed benign (all variants were present within either monoal-
lelic genes or in biallelic genes in a homozygous state, and were 
annotated by the referring clinician as having no contribution 
towards the patient’s clinical phenotype), nonetheless it cannot 
be guaranteed that the variants had no impact of protein func-
tion. The study underlines the need for improved data-sharing 
between clinical laboratories, including both pathogenic and 
benign rare variants.

This study supports the adoption of in silico meta-predictors 
for use in variant classification but recommends the use of a 
single meta-predictor over a consensus-based approach, as 
recommended by current ACMG guidelines.1 Each of the tools 
uses different though heavily overlapping data sources and the 
feature list used by a tool should be carefully considered before 
the tool is used. Our results also suggest that tools that use 
gnomAD data directly may have low specificity when classi-
fying rare or novel variants and that care should be taken when 
using these tools in conjunction with the ACGS guidelines, as 
presence in or absence from the gnomAD database is already 
accounted for in other evidence criteria. Although use of a 
meta-predictor tool offers advantages over the use of previously 
available and widely adopted in silico tools, there remain issues 
to be addressed before they can be used at a level greater than 
supporting evidence for clinical variant interpretation.
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