
Genomics Proteomics Bioinformatics 21 (2023) 414–426
Genomics Proteomics Bioinformatics

www.elsevier.com/locate/gpb
www.sciencedirect.com
APPLICATION NOTE
mvPPT: A Highly Efficient and Sensitive

Pathogenicity Prediction Tool for Missense

Variants
1

* Corresponding authors.

E-mail: ying_zhu@fudan.edu.cn (Zhu Y), ycyu@fudan.edu.cn

(Yu YC).

Peer review under responsibility of Beijing Institute of Genomics,

Chinese Academy of Sciences / China National Center for Bioinfor-

mation and Genetics Society of China.

https://doi.org/10.1016/j.gpb.2022.07.005
1672-0229 � 2023 The Authors. Published by Elsevier B.V. and Science Press on behalf of Beijing Institute of Genomics, Chinese Academy of S
China National Center for Bioinformation and Genetics Society of China.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Shi-Yuan Tong
1
, Ke Fan

1
, Zai-Wei Zhou

2
, Lin-Yun Liu

1
, Shu-Qing Zhang

1
,

Yinghui Fu 1, Guang-Zhong Wang 3, Ying Zhu 4,*, Yong-Chun Yu 1,*
Jing’an District Central Hospital of Shanghai, State Key Laboratory of Medical Neurobiology, MOE Frontiers Center for Brain
Science, Institutes of Brain Science, Fudan University, Shanghai 200032, China

2Shanghai Xunyin Biotechnology Co., Ltd., Shanghai 201802, China
3CAS Key Laboratory of Computational Biology, Shanghai Institute of Nutrition and Health, University of Chinese Academy
of Sciences, Chinese Academy of Sciences, Shanghai 200031, China

4Huashan Hospital, State Key Laboratory of Medical Neurobiology, MOE Frontiers Center for Brain Science, Institutes of

Brain Science, Fudan University, Shanghai 200032, China
Received 14 September 2021; revised 19 May 2022; accepted 29 July 2022
Available online 5 August 2022

Handled by Jingfa Xiao
KEYWORDS

Machine learning;

Missense variant;

Genomics;

Computational biology;

Pathogenicity prediction
A
bstract Next-generation sequencing technologies both boost the discovery of variants in the

human genome and exacerbate the challenges of pathogenic variant identification. In this study,

we developed Pathogenicity Prediction Tool for missense variants (mvPPT), a highly sensitive and

accurate missense variant classifier based on gradient boosting. mvPPT adopts high-confidence

training sets with a wide spectrum of variant profiles, and extracts three categories of features,

including scores from existing prediction tools, frequencies (allele frequencies, amino acid frequen-

cies, and genotype frequencies), and genomic context. Compared with established predictors,

mvPPT achieves superior performance in all test sets, regardless of data source. In addition, our

study also provides guidance for training set and feature selection strategies, as well as reveals

highly relevant features, which may further provide biological insights into variant pathogenicity.

mvPPT is freely available at http://www.mvppt.club/.
Introduction

Whole-exome sequencing (WES) and whole-genome sequenc-
ing (WGS) enable large-scale parallel assessment of genetic
variants and have been increasingly adopted in clinical diagno-

sis, which makes interpreting the effect of the identified
ciences /
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variants a serious challenge [1,2]. Unlike synonymous variants
and loss-of-function variants for which the impact on the pro-
tein can be relatively easy to predict, missense variants that

often lead to inconclusive genomic outcomes remain a major
challenge in pathogenicity interpretation. Compared with the
reference genome, a human exome on average contains around

20,000 single nucleotide variants (SNVs) and approximately
half are missense variants [3,4]. Nevertheless, the effects of
most missense variants on proteins are unclear, as experimen-

tal validation of large numbers of variants is limited by
efficiency and cost. To address these limitations, many compu-
tational tools have been developed to predict the potential
impact of variants [5–21]. Early prediction models compute

pathogenicity scores based on a single property of variants,
such as evolutionary conservation [8,10,15] and protein
structure/function [16,17]. And recent ensemble methods

achieve higher classification accuracy by integrating informa-
tion from individual predictors [5–7,9,11–13,20]. Although
these existing tools have made significant contributions to

the prediction of the hazard of genetic variants, the sensitivity
of prediction still needs to be improved when assessing the
pathogenicity of massive variants in clinical scenarios.

While the existing tools provide positive predictive power,
their prediction results are often inconsistent with each other
[6,18]. It is believed that the predictive power of current ensem-
ble methods is hampered by the lack of appropriate training

data and incomplete features [7,8,22]. For training set inclu-
sion, the widely-adopted strategies to create training sets
include using variants from disease databases only [7,9] or

using variants from both disease and population databases
to balance the ratio of benign and pathogenic variants in the
dataset [5,6]. However, there is no conclusion on which strat-

egy results in the best performance. Specifically, existing
ensemble tools mostly train machine learning models on vari-
ants with known labels in disease databases such as ClinVar

[23] and/or Human Gene Mutation Database (HGMD) [24].
However, variants in disease databases may cluster around
well-described disease genes, i.e., the more a gene has been
studied, the more variants on this gene are likely to be discov-

ered. Unfortunately, it is not clear yet whether the clustering of
variants on certain genes introduces bias in the prediction of
variant pathogenicity. Moreover, since each resource main-

tains different variant inclusion criteria, vast variants in Clin-
Var and HGMD databases were labeled with conflict or
even opposite clinical significance [25,26], which might attenu-

ate the prediction accuracy of the computational tools. To fur-
ther expand the training data, some existing tools include
sequence variants from population databases, such as Exome
Sequencing Project (ESP) [6,11,27]. Most of these tools con-

sider the sequence variants in general populations above a cer-
tain allele frequency (AF) as benign; however, how to choose a
proper AF threshold for defining neutral training variants

remains a question.
The common features adopted by most of the present

ensemble models are scores computed by individual predictors

based on amino acid or nucleotide conservation, and biochem-
ical properties of the amino acid substitutions [5,6,9,12,13].
While these scores are proven to be highly relevant to variant

deleteriousness, other features linked to variant pathogenicity
have been shown strong correlations with human diseases.
For example, AF has been used as an important criterion in
deleterious selection in practice for a long time but was rarely
considered in an ensemble model. ClinPred adds AF as input
features for the first time and is shown to be more effective
than many other ensemble machines [7]. Similarly, genotype

frequency (GF) and amino acid frequency (AAF) contain hints
of natural selection, which may provide extra information for
pathogenicity inference. Additionally, recent studies have

shown that intolerance to variation is a strong predictor of
human disease relevance, emphasizing the role of genomic con-
text in variant pathogenicity prediction [28–30].

As the algorithm is the ‘‘brain” of a machine learning model,
the efficiency of a model is largely dependent on algorithm
selection. Varieties of machine learning approaches, such as
logistic regression [9,13], support vector machine (SVM) [9],

random forest [6,13], and boosting algorithms [5,7] have been
implemented in variant classification. In general, tree-based
approaches achieve higher accuracy and precision according

to prior studies [5–7,19]; however, few studies have systemati-
cally evaluated the effects of different algorithms on pathogenic
variant prioritization. LightGBM is a gradient boosting frame-

work that uses tree-based learning algorithms [31]. Unlike ran-
dom forests where the component trees are trained
independently, in gradient boosting, trees are built in a stepwise

manner, where each successive tree is optimized on the residuals
of the prediction of the preceding tree. In a previous study, it
has been demonstrated that compared with other gradient
boosting frameworks such as XGBoost and Catboost,

LightGBM converges on a solution that generalizes better [32].
Considering the aforementioned observations, we introduce

Pathogenicity Prediction Tool for missense variants (mvPPT),

a novel gradient boosting machine for missense variant
pathogenicity prediction. By selecting 62 features (including
scores from individual predictors, AF/GF/AAF, and genomic

context information) and adopting high-confidence variant
training sets, mvPPT demonstrates a best-to-date performance
in variant pathogenicity prediction, paving its way in molecu-

lar diagnosis and clinical scenario applications. mvPPT and
pre-computed scores of missense variants in the human exome
can be accessed through http://www.mvppt.club/.
Method

Web resources

Web resources of all databases and software used in this study

are listed in Table S1.

Missense variant annotation

Variants were annotated by the latest version of ANNOVAR

software (version 2019Oct24) [33], with gene-based annotation
set to ensGene (assembly version hg19). Variants whose func-
tional consequences were marked as nonsynonymous SNVs

were selected. Further removing loss-of-function (stop gain
or stop loss) variants ensured that our model was trained
and evaluated nearly exclusively on missense variants.

Training set

Training set variants were collected from disease databases:

ClinVar (2020.7), HGMD (Pro version 2020.3), and UniProt
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(2020.6) [34], as well as a population database from Genome
Aggregation Database (gnomAD) genomes (version 2.1.1)
[28]. Each variant in ClinVar has a review status tag reporting

the level of review supporting the assertion of clinical signifi-
cance, and a clinical significance tag labeling variants as patho-
genic, likely pathogenic, uncertain significance, likely benign,

and benign. To select variants with reliable tags, we kept vari-
ants with review status of ‘‘criteria provided” from submitters
and ‘‘reviewed by expert panel”. The variants were further fil-

tered according to their significance tag: variants that were cat-
egorized as (1) benign or likely benign and (2) pathogenic or
likely pathogenic were selected as negative (benign) and posi-
tive (pathogenic) labels, respectively. The variants in HGMD

were labeled by seven different tags, including disease-
causing mutation (DM), disease-causing mutation? (DM?),
disease-associated polymorphism (DP), disease-associated

polymorphism with supporting functional evidence (DFP),
in vitro/laboratory or in vivo functional polymorphism (FP),
polymorphic or rare variants reported in the literature

(FTV), and retired entry (R). The variants with the DM and
DM? labels were reported to be disease-causing in the original
literature report. The question mark denotes that a degree of

doubt has been found regarding pathogenicity. We only kept
the variants with the ‘‘DM” label in this study. For UniProt,
there are three variant labels: Disease, Polymorphism, and
Unclassified. These labels were curated from literature reports.

We kept the variants labeled with ‘‘Disease” and ‘‘Polymor-
phism” in this study. All variants with conflict labels in differ-
ent databases were excluded. Population variants were

obtained from gnomAD genomes (version 2.1.1), which com-
bines variation data from 15,708 individuals. To avoid any
bias, the population variants were further filtered to remove

any variants in disease databases. Ten-fold cross-validation
was implemented through the Python package scikit-learn
(version 0.23.2).

Cross-validation in algorithm selection and feature selection

To avoid overfitting, we designed the ten-fold cross-validation
procedure as follows: (1) we divided the variants from disease

and 1000 Genomes Project (1KGP) [35] databases into ten
subsets; (2) in each round, we selected nine subsets of variants
from disease databases to generate the training set, and com-

bined the remaining one subset of variants from disease data-
bases with one subset of 1KGP variants to form the test set.

Cross-validation in training set analysis

The same cross-validation procedure was conducted as above,
except that in each round, the training set was generated by

using variants from disease databases only, or by adding vari-
ants from gnomAD as benign variants. More specifically, we
first divided the variants from disease databases into ten sub-
sets. In each round, we selected 90% of variants from the dis-

ease databases and combined them with variants in gnomAD
genomes passing different AF thresholds (all, removing single-
ton, AF > 0.0001, AF > 0.001, and AF > 0.01) to generate

the training sets for comparison; the remaining 10% of vari-
ants from disease databases were then combined with 10%
variants from 1KGP to form the test set.
Test set

An independent test set was generated by combining variants
from Vereniging Klinisch Genetische Laboratoriumdiagnos-
tiek (VKGL, 2020.9) [36], VariSNP (2017.2.16) [37], Database

of Curated Mutations (DoCM, version 3.2) [38], Database of
Pathogenic Variants (DPV, 2020.12.29) [39], Consequence-
Agnostic Pathogenicity Interpretation of Clinical Exome
(CAPICE, version 4) test [19], and MetaLR/SVM_Test [9].

To guarantee a second independent test set with variants that
have never been used in any tools’ training set, we used
PubMed to search for papers reporting new genetic disease-

causing genes. In total, we found five papers covering seven
genes, and none of these genes include pathogenic variants in
the training or the test sets in our study [40–44]. All missense

variants on these genes reported in the literature were col-
lected. Population variants were obtained from 1KGP. For
each simulated exome, we randomly selected 1000 neutral vari-

ants from 1KGP without replacement and added one disease-
causing variant. The random seed was set to 1. To validate the
robustness of our model and avoid overfitting, variants that
were used in any training set or our features’ training data were

discarded from all test sets, and only variants with comprehen-
sive scores required by all comparator models were included.

Features

mvPPT adopted 62 features from three categories: (A)
pathogenicity likelihood scores assessed by different compo-

nent tools, including Sorting Tolerant From Intolerant (SIFT)
[10], MutationAssessor [15], Protein Variation Effect Analyzer
(PROVEAN) [45], GERP++RS [46], phyloP [47], phastCons
[48], and SIte-specific PHYlogenetic analysis (SiPhy) [49]. (B)

AFs, GFs, and AAFs of variants estimated from 125,748
exomes in gnomAD (version 2.1.1); and (C) genomic context
of the variant, i.e., region/gene-based information from Gene

Variation Intolerance Rank (GeVIR) [29], VIRLoF [29],
oe_mis_upper (from gnomAD), Haploinsufficiency Predic-
tions (HIP) [50], Constrained Coding Regions (CCRs) [51],

Interpro domain [52], and amino acid sequences before and
after mutation. To avoid overfitting, the seven tools we used
in category A did not generate scores based on machine learn-

ing algorithms. We annotated datasets with ANNOVAR using
the database for nonsynonymous SNPs’ functional predictions
(dbNSFP, v.4.1a) [53,54] to generate some of the required pre-
diction scores from different component tools, including Inter-

pro domain, MutationAssessor, phyloP, GERP++RS,
phastCons, PROVEAN, and SiPhy. Mutations located in the
Interpro domains were recorded as 1 and the rest were

recorded as 0. AFs, GFs, and AAFs of each variant in differ-
ent populations were obtained from the gnomAD exomes.
AFs, AAFs, homozygous frequencies (HomFs), and heterozy-

gous frequencies (HetFs) were assigned 0, and wild-type fre-
quencies (WtFs) were assigned 1, if the variant was not
present in the database. The GeVIR, VIRLoF, oe_mis_upper,

HIP, and CCRs scores were downloaded from their respective
websites. One-hot encoding has been applied to amino acid
sequence, representing each amino acid with a binary vector
of length 20 with a single non-zero value. All the features were

selected to provide complementary information, and they
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either did not require training or their training data are pub-
licly available to allow exclusion from our data.

Outlier detection and Gene Ontology enrichment analysis

The interquartile range (IQR) was used to identify outliers.
The IQR criterion is summarized as follows:

1. Compute the first and third quartiles, Q1j and Q3j, for each

peptide j, and then its IQR: IQRj ¼ Q3j �Q1j.

2. For each peptide j, observation yij is flagged as an outlier if

yij < Q1j � k� IQRj or yij > Q3j þ k� IQRj, where k ¼ 1:5.

Gene Ontology (GO) enrichment analysis was performed
with the R package clusterProfiler [55–58].

Metrics for performance evaluation

We used 11 different metrics to evaluate the performance of

the prediction tools. A detailed description of the metrics is
provided in Table S2.

mvPPT training

mvPPT was trained using the Python package LightGBM (ver-
sion 2.3.1) [31], and parameters were tuned by Bayesian opti-

mization (version 1.2.0). The random status was set as 1
throughout the model training process. For Bayesian opti-
mization process, the number of iterations was set as 100
(n_iter = 100) and the number of steps of random exploration

was set as 15 (init_points = 15). The ranges of the
hyperparameters in the LightGBM for Bayesian optimization
were set as follows: num_leaves (24, 45), feature_fraction

(0.1, 0.9), bagging_fraction (0.8, 1), max_depth (5, 8.99),
lambda_l1 (0, 5), lambda_l2 (0, 3), min_split_gain (0.001,
0.1), and min_child_weight (5, 50). After the parameter

optimization process, the final used values of the parameters
were as follows: num_leaves = 45, min_child_weight = 6.163,
learning_rate = 0.01, bagging_fraction = 0.870, feature_

fraction = 0.632, lambda_l1 = 0. 921, lambda_l2 = 0.193,
min_gain_to_split = 0.039, and max_depth = 9.

Scores from existing tools

The scores for REVEL [6], ClinPred [7], PrimateAI [8],
MetaSVM/MetaLR [9], VEST4 [11], MVP [12], PolyPhen-2
[16], and FATHMM-XF [20] were obtained from dbNSFP

v4.1a. The scores for Mendelian Clinically Applicable
Pathogenicity (M-CAP) [5], MISsense deleTeriousness predIC-
tor (MISTIC) [13], CAPICE [19], Combined Annotation

Dependent Depletion (CADD) [21], and ReVe [22] were down-
loaded from their respective websites.

Statistical analysis

Wilcoxon matched-pairs signed-rank test was conducted using
the stats module in SciPy Python package (version 1.5.4).
Adjusted P value in GO enrichment analysis was calculated

by the R package clusterProfiler. All the metrics in
this study were calculated based on the scikit-learn Python
package.
Results

The prediction model was refined with various algorithm and

feature selection

The performance of a machine learning model is mainly deter-

mined by the algorithm, the features, and the training set used.
Therefore, we designed mvPPT by careful selection of the algo-
rithm, features, and training set (Figure 1).

We first benchmarked the performance of ten commonly

used algorithms, including SVM, naive Bayes, logistic regres-
sion, decision tree, random forest, extra forest, gradient boost-
ing machine (GBM), AdaBoost, LightGBM, and bagging on

the data test set mentioned above. The performance of each
algorithm was evaluated using the area under the receiver
operating characteristic curve (AUROC) and the area under

the precision-recall curve (AUPRC). We found that the perfor-
mance of the ensemble learning (random forest, extra forest,
GBM, AdaBoost, LightGBM, and bagging) achieved the

higher AUROC and AUPRC (Figure 2). Among them,
LightGBM has the highest AUROC (0.970 ± 0.001) and
AUPRC (0.952 ± 0.002) (Figure 2).

To obtain a proper feature space, we extracted three types

of features, including prediction scores (category A), frequency
features (category B), and region-based features (category C)
(Figure 1; Table 1). We evaluated the performance of models

with the following combinations of feature categories: A,
A + B, A + C, and A + B + C (Table 1). Overall, adding
category B or category C greatly boosted the performance,

compared with the model including only category A, which
is the case of most previous ensemble machines. Specifically,
the model including A + B + C achieved the highest perfor-

mance (Figure 3A and B). As pathogenic variants in databases
may be enriched with low-frequency variants, we also assessed
the performance of different models on rare variants. When all
the variants in the test set were rare (AF = 0, based on gno-

mAD exomes), the main contributions came from category
A and category C, and adding category B showed few but
slightly positive impacts (Figure 3C and D). Altogether, both

category B and category C improved forecasting accuracy
and were thus included in mvPPT.

As population variants tend to have higher AFs than

pathogenic variants, modes including AFs as features may per-
form better in test sets including population variants. There-
fore, we excluded 1KGP variants from the test set and re-
conducted the comparison models that displayed similar per-

formance on test sets with or without population variants
(Figure S1).
Training data prefiltration improves the model performance

We observed that genomic locations of variants recorded in
disease databases are likely to be biased by interests of the

research field, i.e., variants in the databases are likely to be
enriched in ‘‘hotspots” of the human genome. To evaluate
the enrichment pattern of variants from different databases

on genome, we calculated the ratio between the number of mis-
sense variants in each gene and the length of the gene’s protein-
coding sequence (VPR). We found that VPR in disease



Figure 2 Performance comparison of different algorithms

Performance comparison of models using different algorithms. A. The ROC for models trained on different algorithms. B. The PRC for

models trained on different algorithms. Below: barplot quantifications of the AUROC and the AUPRC values by using ten-fold cross-

validation. P value was calculated by Wilcoxon matched-pairs signed-rank test. ROC, operating characteristic curve; PRC, precision-

recall curve; AUROC, area under the receiver operating characteristic curve; AUPRC, area under the precision-recall curve.

Figure 1 mvPPT workflow

The detailed mvPPT construction process is shown. High-confidence variant sets were extracted from ClinVar, HGMD, and UniProt.

Models were trained using LightGBM with parameters tuned by Bayesian global optimization. Ten-fold cross-validation is carried out to

verify the effectiveness of the prediction model. mvPPT is built after algorithm selection, feature selection, and training set analysis.

mvPPT, Pathogenicity Prediction Tool for missense variants; HGMD, Human Gene Mutation Database; 1KGP, 1000 Genomes Project;

SVM, support vector machine; GBM, gradient boosting machine; gnomAD, Genome Aggregation Database; AF, allele frequency.
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databases is much variable than that in gnomAD, with the
coefficient of variation (CV) of 0.815% for gnomAD and
2.35% for disease databases (Figure 4A–C). Outlier detection
based on IQR detected 1.12% of the genes as outliers

(VPR > mean + 1.5 � IQR) in gnomAD, but 13.48% of
the genes as outliers in disease databases (Figure 4D;
Table S3). Likewise, when plotting the number of variants

against the length of the coding sequence, we observed a signif-
icant positive correlation for variants in gnomAD, but not for
variants in the pathogenic databases (Figure 4E and F). GO

enrichment analysis revealed that outlier genes in gnomAD
are enriched in pathways associated with immune response,
which are known to be hotspots of positive selection (Fig-

ure 4G). In contrast, top enriched pathways of outlier genes
in pathogenic databases include gland development (adjusted
P = 1.33E�12), regulation of body fluid levels (adjusted
P = 8.61E�12), and response to an inorganic substance (ad-
justed P = 9.70E�11) (Figure 4H), reflecting that different

variant enrichment patterns are there in the disease and popu-
lation databases.

To further test if aggregation of genetic variants on genes

impairs the model performance, we down-sampled pathogenic
variants on genes with large numbers of pathogenic variants.
Specifically, on genes with VPR greater than a set threshold

(0.008, 0.015, 0.040, 0.065, and 0.090), we randomly selected
a fixed number of variants and combined them with variants
from other genes to form the down-sampled training sets (Fig-

ure S2A). The down-sampled training sets were then fed to
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models using different feature combinations (A + B and
A + B + C). To avoid a similar variant enrichment pattern
in the test set, we randomly selected one pathogenic variant

from each gene to form a test set. Ten test sets were created
in each round of the ten-fold cross-validation. We found that
the predictive power of the models reduced with down-

sampling (Figure S2B and C), which is possible because the
number of variants available for learning is largely reduced
with down-sampling. Adding category C slowed down the

reduction. However, overall, down-sampling appears to
attenuate the performance of the model, and thus is disfavored
(Figure S2B and C).

Next, we compared the performance of models trained on

six training sets generated by different strategies. In our assess-
ment, we found that adding variants from the population data-
base skewed the distribution of benign variant AFs toward

zero, making it similar to that of pathogenic variants (Fig-
ure S3). Including neutral variants from the population data-
base have a positive impact on the model, with adding

variants without singletons displaying the highest performance
(Figure 4I and J). In contrast, adding the full variants from
gnomAD jeopardizes the model performance, possibly due to

the inclusion of variants in the population database that are
not true benign variants (Figure 4I and J). To further investi-
gate whether this improvement is due to the correlation of AFs
between training and test sets, we divided the original test sets

into bins based on AFs (based on gnomAD exomes) and tested
the performance of the models on variants within a specific AF
range. We found that including population variants removing

singletons slightly enhances the performance of the model in
most of the bins, especially the low-AF bins, where most of
the pathogenic variants are located, likely because it expands

the training set while excluding unreliable (singleton) samples
(Table S4). In contrast, the performance of the model drops
with AF cutoff increases, probably due to the lack of rare

benign variants in the training set.
Based on the aforementioned analyses, mvPPT was finally

trained using LightGBM (tuned by Bayesian optimization)
on variants from three disease databases and gnomAD with

singletons removed, using all features from categories A, B,
and C. The correlation among the individual features and rel-
ative importance of these features are shown in Figure S4 and

the description of the training set is shown in Table S5.

mvPPT outperforms existing prediction tools

For assessment, we collected variants from VariSNP, VKGL,
DPV, DoCM, MetaLR/SVM_Test, and CAPICE_Test, to
generate an independent test set. Variants that were used in
any training set or in our features’ training data were discarded

from the test set, and only variants with comprehensive scores
required by all comparators were included. In total, there are
175,144 variants in the test set with 168,222 benign variants

and 6922 pathogenic variants (Table S6).
Using the new test set, the performance of mvPPT was

benchmarked against 15 prediction tools that are widely used

and readily implemented, including MVP, CAPICE,
FATHMM-XF, REVEL, M-CAP (version 1.4), ClinPred,
ReVe, PrimateAI, MetaSVM, MetaLR, MISTIC, CADD (ver-

sion 1.4), PolyPhen-2 HDIV, PolyPhen-2 HVAR, and VEST
(version 4). Among all these tools, mvPPT has the highest



Figure 3 The prediction power of features by category

A. AUROC obtained from models trained on each combination of categories. B. AUPRC obtained from models trained on each

combination of categories. C. AUROC evaluating the performance of models trained on different combinations of categories when all the

variants in the test set were rare (AF = 0, based on gnomAD exomes). D. AUPRC evaluating the performance of models trained on

different combinations of categories when all the variants in the test set were rare (AF = 0, based on gnomAD exomes). AUROC and

AUPRC from ten-fold cross-validation were plotted. P value was calculated by Wilcoxon matched-pairs signed-rank test.

420 Genomics Proteomics Bioinformatics 21 (2023) 414–426
AUROC of 0.960 and the highest AUPRC of 0.791 (Figure 5).
MISTIC has the second-best overall performance, with

AUROC of 0.920 and AUPRC of 0.565. Besides, we also cal-
culated other metrics include accuracy, precision [also known
as positive predictive value (PPV)], sensitivity [also known as

true positive rate (TPR)], F1 score, log loss, Matthews correla-
tion coefficient (MCC), true negative rate (TNR; also known
as specificity), false positive rate (FPR), and diagnostic odd
ratio (DOR) (Table 2). M-CAP has the highest sensitivity of

0.953 (second-best: mvPPT, 0.888), but this comes at the cost
of a low precision of 0.078 (best: mvPPT, 0.323). PrimateAI
has the highest specificity of 0.925 (second-best: mvPPT,

0.923) and lowest FPR of 0.075 (second-best: mvPPT,
0.077). Here, mvPPT has the highest accuracy of 0.922, the
highest F1 score of 0.473, the highest DOR of 95.102, the high-

est MCC value of 0.508, the highest precision of 0.323, and the
lowest log loss of 2.697 (Table 2).

To further evaluate the robustness of mvPPT, we proceeded

to random sampling. We repeated the random sampling for 20
rounds. In each round, 20% of the variants in the independent
test set were sampled. The results showed that mvPPT dis-
played the highest efficiency and robustness (Figure S5). Since

mvPPT included AFs as features, we then tested the perfor-
mance of our model when lacking AF information. We com-
pared the predictive power of mvPPT with existing methods

on variants with different AF levels (based on gnomAD
exomes). As shown in Figure S6, mvPPT performed the best
on variants with different AF levels.

For further assessment, we assembled a test set with patho-
genic variants from DoCM, a highly curated database of
known, disease-causing mutations in cancer-derived from liter-
ature, and benign variants randomly selected from VariSNP

and VKGL. mvPPT again achieved the best performance in
this test set (Figure S7).

Performance of mvPPT on pathogenic variants within novel

disease-causing genes

To further evaluate the performance of our predictor on vari-

ants in new disease-causing genes (i.e., genes which were
reported as causative genes of Mendelian diseases for the first
time but have not been included in disease database yet), we

collected seven disease-causing genes from five recent publica-
tions [40–44], and 62 missense variants were retained with
complete scores on all comparators (Table S7). We simulated
62 exomes of Mendelian diseases, by selecting one



Figure 4 The enrichment pattern of variants from different databases and AFs selected

The VPR was calculated. A. After being centered, VPR in gnomAD genomes was plotted against the ranking of protein-coding sequence

length. B. After being centered, VPR in pathogenic databases was plotted against the ranking of protein-coding sequence length. C. The

CV for VPR in gnomAD genomes and pathogenic databases. D. The percentage of outlier genes related to gnomAD genomes and

pathogenic databases. E. Variant number profile across all genes in gnomAD genomes. F. Variant number profile across all genes in

pathogenic databases. R2 corresponds to the coefficient of determination. G. Bubble chart showing GO enrichment analysis of variants in

gnomAD genomes. H. Bubble chart showing GO enrichment analysis of variants in pathogenic databases. I. AUROC obtained from

models trained on training sets combining gnomAD variants selected according to different AF thresholds. J. AUPRC obtained from

models trained on training sets combining gnomAD variants selected according to different AF thresholds. ‘‘Control” represents the

model without incorporating gnomAD variants, ‘‘No singleton” represents the model incorporating gnomAD variants with

singletons removed, and ‘‘All” represents the model with all gnomAD variants incorporated. VPR, ratio between the number of

missense variants in each gene and the length of the gene’s protein-coding sequence; CV, coefficient of variation; GO, Gene Ontology.
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disease-causing variant and randomly selecting 1000 neutral
variants from 1KGP. For each simulated exome, we calculated
the percentage of predicted pathogenic variants obtained by

different predictors, according to the authors’ recommended
threshold (Figure 6A; Table S8). The ranking of pathogenic
variants among all variants in each simulated exome is pre-

sented in Figure 6B. Among all predictors, PrimateAI gener-
ated the shortest list of pathogenic variants, followed by
MISTIC and mvPPT. However, only 41 and 44 of the 62 vari-
ants were predicted as pathogenic by PrimateAI and MISTIC,

respectively (Table S8). CADD identified 100% of these 62
variants as pathogenic, but may cause a plenty of false posi-
tives (PPV = 0.615 ± 0.002) (Figure 6A; Table S8). Instead,
mvPPT performed relatively well in both sensitivity (60/62)

and PPV (0.137 ± 0.001) (Figure 6A; Table S8). To further
evaluate the ability of each predictor in prioritizing the patho-
genic variants, we computed the ranking of pathogenic vari-

ants among all variants in simulated exomes (Figure 6B).
Pathogenic variants showed the best ranking in mvPPT
(29 ± 9), significantly better than the rest of the tools
(second-best: ClinPred 75 ± 11, P = 2.12E�08, Wilcoxon

matched-pairs signed-rank test), further demonstrating the



Figure 5 Performance comparison of mvPPT and existing prediction tools

A. ROCs of mvPPT and 15 established prediction methods when tested on an independent test set. B. PRCs of mvPPT and 15 established

prediction methods.

Table 2 Overview of the performance of mvPPT in comparison to other tools in an independent test set

Predictor AUROC AUPRC Accuracy Precision Sensitivity F1 score Log loss MCC TNR FPR DOR

mvPPT 0.960 0.719 0.922 0.323 0.888 0.473 2.697 0.508 0.923 0.077 95.102

MISTIC 0.920 0.565 0.863 0.203 0.839 0.327 4.718 0.371 0.864 0.136 33.238

M-CAP 0.901 0.360 0.551 0.078 0.953 0.144 15.507 0.190 0.534 0.466 23.381

MVP 0.896 0.323 0.773 0.134 0.869 0.232 7.853 0.285 0.769 0.231 22.063

MetaLR 0.890 0.418 0.830 0.160 0.782 0.266 5.889 0.303 0.831 0.169 17.726

REVEL 0.888 0.342 0.849 0.171 0.733 0.278 5.204 0.305 0.854 0.146 16.087

MetaSVM 0.886 0.320 0.847 0.175 0.772 0.286 5.271 0.320 0.851 0.149 19.266

ClinPred 0.846 0.289 0.683 0.096 0.829 0.171 10.942 0.208 0.677 0.323 10.157

ReVe 0.838 0.282 0.608 0.080 0.856 0.147 13.545 0.179 0.598 0.402 8.817

CAPICE 0.812 0.334 0.733 0.101 0.731 0.178 9.224 0.200 0.733 0.267 7.457

VEST 0.792 0.189 0.634 0.079 0.780 0.144 12.638 0.163 0.628 0.372 5.997

FATHMM-XF 0.755 0.165 0.586 0.069 0.761 0.127 14.285 0.134 0.579 0.421 4.388

Polyphen2_HVAR 0.724 0.099 0.687 0.079 0.651 0.141 10.809 0.141 0.689 0.311 4.128

PrimateAI 0.711 0.124 0.901 0.145 0.308 0.197 3.426 0.164 0.925 0.075 5.505

CADD 0.706 0.087 0.417 0.054 0.835 0.102 20.153 0.093 0.399 0.601 3.354

Polyphen2_HDIV 0.684 0.073 0.545 0.061 0.737 0.114 15.711 0.107 0.537 0.463 3.250

Note: mvPPT, Pathogenicity Prediction Tool for missense variants; AUROC, area under the receiver operating characteristic curve; AUPRC, area

under the precision-recall curve; MCC, Matthews correlation coefficient; TNR, true negative rate; FPR, false positive rate; DOR, diagnostic odd

ratio. The best scores in each column are bolded.

Figure 6 Evaluation of the different prediction tools using simulated disease exomes

A. Distribution of the percentage of predicted pathogenic variants in the simulated disease exomes. B. Ranking of the pathogenic variants

in the simulated disease exomes.
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advantages of mvPPT on detecting pathogenic variants within
novel disease-causing genes.

Discussion

Missense variants as the most common category of SNVs have

important implications for human genetic diseases. Although a
variety of variant pathogenicity assessment tools have been
established and have made important contributions to genetic

variant evaluation, there is still room for improvement in pre-
diction accuracy and precision, which is of great importance
for the explanation of the tremendous number of genetic vari-
ants. In this study, we present a comprehensive prediction tool,

mvPPT, and demonstrate that the performance of mvPPT is
superior to other existing comparators in AUROC, AUPRC,
F1 score, and many other metrics. We found that the improve-

ment in prediction probably resulted from the careful selection
of the algorithms, the features, and the training sets.

Boosting algorithms are widely adopted by many ensemble

models of variant classification to improve the accuracy of pre-
diction. mvPPT adopted a recently developed LightGBM algo-
rithm proven to outperform the existing boosting frameworks
on both efficiency and accuracy. Other than the boosting algo-

rithms, we also tried a deep neural network framework and
found that our model gave higher accuracy and precision than
10-layer, 15-layer, and 20-layer fully connected neural net-

works (data not shown). Compared with traditional machine
learning algorithms, deep learning performs better as the scale
of data increases [59]. We expect more accurate prediction

models based on deep neural networks in the near future, with
the accumulation of larger amounts of high-confidence train-
ing data. Recently developed deep learning models such as pri-

mateAI, SpliceAI [60], and EVE [61] provided new
perspectives of variant pathogenicity prediction, which use sur-
rounding DNA sequences as input, without requiring explicit
features. These approaches could be possibly further improved

with larger training data, as well as incorporating sequence
conservation, constraints, and protein structure information.

In this study, mvPPT adopted 62 features belonging to

three categories. Other than commonly used features extracted
from previous predictors (category A), mvPPT included two
categories of features associated with allele/genotype/amino

acid frequencies (category B) and genetic constraint of adjunc-
tion regions (category C). Our benchmarking studies revealed
that category B and category C contributed significantly to the

prediction. Among them, features in category C contributed
the most as a whole, and adding category B further promotes
the performance (Figure S4). The high predictive power of fea-
tures in categories B and C could be explained by the fact that

natural selection constantly eliminates deleterious variants
during evolution, and thus deleterious variants tend to locate
in more conserved and intraspecies constrained genomic

regions with lower AF/GF/AAF in human populations com-
pared with neutral mutations. Considering that the pathogenic
variants in disease databases are likely to have small AF and

GF due to existing pathogenic variant selection criteria, we
further tested our model on rare variants with AF = 0 and
confirmed that the model works well even AF is not function-
ing as a feature in this case. Other than the features we used,

protein structural changes corresponding to changes in amino
acid sequence may also be critical predictors of variant
pathogenicity. Newly developed protein structure prediction
tools, such as AlphaFold2 [62,63], have made it possible to
include protein structure information in future tools.

In addition to the algorithm and feature selection, the
improvement in the performance of mvPPT also came from a
cautious selection of the training set. While most of the prevail-

ing variant classifiers trained their models on single databases,
previous studies have uncovered considerable disagreement
among databases [7,9]. Some tools also enrolled variants in gen-

eral population databases (e.g., Exome Aggregation Consor-
tium [64]) as benign variants, to increase the size of the
training set. However, this setting may add noise to the training
data, as not all variants in population databases are truly

benign. In this study, we found that adding full sets of variants
from gnomAD attenuates the predictive performance of our
model. On the contrary, applying appropriate filters to popula-

tion variants assures high-quality training data, and improves
the predictive ability of our model. The possible explanation
of this observation is that the singletons are more likely to be

contaminated with false benign variants or less confident vari-
ants compared with non-singletons. Therefore, we examined
the labels of singletons from gnomAD that we added to the

training set in ClinVar. Among gnomADwith labels in ClinVar,
we found that 8.1% of them were benign (labeled as ‘‘benign”,
‘‘likely benign”, and ‘‘benign/likely benign”), 78.5% were
labeled as ‘‘uncertain”, 7.4% were labeled as ‘‘conflicting inter-

pretations of pathogenicity”, and 6.0%were pathogenic (labeled
as ‘‘pathogenic”, ‘‘likely pathogenic”, and ‘‘pathogenic/likely
pathogenic”). In contrast, among the overlapping non-

singleton missense variants, 47.8% were benign, 34.8% were
labeled as ‘‘uncertain”, 15.3%were labeled as ‘‘conflicting inter-
pretations of pathogenicity”, and 2.1% were pathogenic. Over-

all, our observation highlights the importance of maintaining a
balance between size and purity of the training set, as well as
provides practical guidance of training set selection.

As reported by previous studies, we observed that the
pathogenic variants in disease databases are enriched in certain
genes. However, our down-sampling experiments suggest that
the aggregation of variants has few effects on pathogenicity

prediction. This can be possibly explained by the fact that most
features of variants are independent of genes. Furthermore, we
found that adding region/gene-based information (category C)

slowed down the effects of down-sampling, suggesting that
incorporating genomic context further lessens the impacts on
the variant aggregation (Figure S2B and C).

In conclusion, we developed an ensemble classifier, mvPPT,
for predicting the pathogenicity of missense variants, and
demonstrated that mvPPT achieved superior performance
compared with other established prediction tools. Particularly,

in clinical data, mvPPT showed the highest accuracy and
robustness in classifying variants associated with both Men-
delian diseases and cancer. Therefore, mvPPT promises to

facilitate a better clinical interpretation of missense variants
with uncertain significance. For convenient use, we built a
searchable website and all pre-computed mvPPT scores are

available at http://www.mvppt.club/.

Code availability

The mvPPT scores for potential missense variants in the
human genome are available at http://www.mvppt.club/. The
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mvPPT codes are available at https://ngdc.cncb.ac.cn/bioco-
de/tools/BT007292 as well as at https://github.com/tong-
shiyuan/mvPPT for noncommercial purposes.
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