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Abstract 

Modern clinical genetic tests utilize next-generation sequencing (NGS) approaches to comprehensively analyze genetic variants from patients. 
Out of millions of variants, clinically relevant variants that match the patient’s phenotype must be identified accurately and rapidly. As manual 
e v aluation is not a feasible option for meeting the speed and volume requirements of clinical genetic testing, automated solutions are needed. 
Various machine learning (ML), artificial intelligence (AI), and in silico variant pathogenicity predictors ha v e been de v eloped to solve this challenge. 
These solutions rely on comprehensive data and struggle with the sparse genetic annotations. T heref ore, careful treatment of missing data is 
necessary, and the selected methods ma y ha v e a huge impact on the accuracy , reliability , speed and associated computational costs. We present 
an open-source frame w ork called AMISS that can be used to e v aluate perf ormance of different methods f or handling missing genetic v ariant 
data in the context of variant pathogenicity prediction. Using AMISS, w e e v aluated 14 methods for handling missing v alues. T he perf ormance 
of these methods varied substantially in terms of precision, computational costs, and other attributes. Overall, simpler imputation methods and 
specifically mean imputation performed best. 
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ntroduction 

enetic variant pathogenicity prediction 

ext-generation sequencing (NGS) technologies have greatly
mproved the scalability of genetic sequencing in both research
nd clinical settings. Whole-exome sequencing (WES) and
hole-genome sequencing (WGS) are now becoming stan-
ard methodology, and detection of variants is now feasible
n a much broader set of loci than previously. However, the
arge numbers of variants from each sample present prob-
ems especially in clinical contexts. The often time-critical pro-
ess of identifying clinically relevant genetic variants requires
he manual and painstaking exploration of long variant lists.
ighly accurate computational tools could further improve

he filtering or prioritization process. 
Many tools applicable for this purpose already exist.

hough often developed for use in research contexts, many are
lso used in clinical variant interpretation (see ACMG / AMP
uidelines) [ 1 ]. In silico variant effect and pathogenicity pre-
iction tools have been developed to inform the selection of
ariants for further testing (e.g. SIFT [ 2 ], PROVEAN [ 3 ], Mu-
ationTaster2 [ 4 , 5 ], LRT [ 6 ] and FATHMM [ 7 ]). Similarly,
ene and variant prioritization tools have been developed
o rank variants for exploration (e.g. VAAST [ 8 ], PHEVOR
 9 ], FunSeq [ 10 ], PHIVE [ 11 ] and Phen-Gen [ 12 ]). Peterson
t al . [ 13 ], Niroula & Vihinen [ 14 ], and Eilbeck et al . [ 15 ]
iscuss the already diverse set of prediction tools. 
The primary feature of most deleteriousness prediction

ools is a metric of sequence conservation supplemented with
dditional features, sometimes derived from outputs of previ-
eceived: March 25, 2025. Revised: August 21, 2025. Accepted: August 24, 2025
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hich permits unrestricted reuse, distribution, and reproduction in any medium, 
ously developed tools [ 13 ]. Machine learning (ML) methods
including such input features form the class of metapredictors
or ensemble predictors . 

Metapredictors often report high performance [ 16 , 17 ] and
are applicable to a wider range of variants by simultaneously
utilizing inputs describing variants with different predicted
consequences, e.g. by combining missense as well as splic-
ing effect prediction tools. Examples of metapredictors are
REVEL [ 18 ], CADD[ 19 , 20 ], DANN [ 21 ], Eigen [ 22 ], PON-P
[ 23 ], and MetaSVM and MetaLR [ 24 ]. 

Even tools whose use cases match can differ in their domain
of prediction due to different data and methods. Building a
metapredictor that incorporates several existing tools without
restricting domain of prediction thus requires handling input
features with missing values . Missing values can also arise in
features representing experimentally obtained data. For exam-
ple, allele frequency information will have missing values for
variants that were not observed in the aggregated cohorts. 

Missingness handling in existing metapredictors 
Strategies for missingness handling vary widely between dif-
ferent existing metapredictors. REVEL [ 18 ] uses k-NN im-
putation when a variant’s missingness is ≤50%, and mean
imputation when missingness is > 50%. CADD [ 19 , 20 ] and
DANN [ 21 ] use a mix of manually defined default values
to replace missing values, with added missingness indicators
for certain features, and mean imputation for genome-wide
measures (see Supplementary information for [ 19 ]). M-CAP
replaces missing values with constants representing the
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maximally pathogenic prediction for each component tool
[ 25 ]. Eigen [ 22 ] utilizes separate strategies for training and
test phases, and builds several weighted linear combinations
of its features depending on variant type, requiring only anno-
tations applicable to a specific variant to be available. Learn-
ing the weights is based on pairwise correlation, which can be
estimated in the presence of some missing values. In the test
phase, Eigen performs mean imputation for features that are
applicable to the specific variant. KGGSeq ignores any vari-
ants that has missing values in its features [ 26 ]. PRVCS [ 27 ]
removes variants with missing values in the training phase and
replaces missing values of a feature by its population mean in
the test phase. 

Missingness handling in prediction 

The traditional classification of missing data processes to
missing completely at random (MCAR), missing at random
(MAR), and missing not at random (MNAR), depending on
whether the missingness probability depends on the observed
or unobserved values of the dataset. The validity of imputa-
tion techniques in statistical inference depend on which of
these classes are assumed to appear in the data [ 28 ]. Fur-
ther, using even highly accurate single imputation methods
will cause underestimation of standard errors [ 29 , subchapter
2.6]. The uncertainty can be incorporated into the estimates
by likelihood-based approaches or by multiple imputation (see
[ 28 ]). 

However, Sarle [ 30 ] notes that ‘The usual characterizations
of missing values as MAR or MCAR are important for esti-
mation but not prediction’, and Ding & Simonoff [ 31 ] pro-
vide evidence in support of this statement in the use of clas-
sification trees. In an interesting reversal, the presence of in-
formative missingness [ 30 , 31 ] in the data (i.e. missingness
being dependent on the response variable conditional on ob-
served values) may lead to improved predictive accuracy com-
pared to complete data [ 31 ]. The approach and concerns
of a researcher building a model for the prediction of a re-
sponse variable differ significantly in both approach and con-
cerns to that of the statistician looking to assess whether
data supports a hypothesis (see [ 32 , 33 ]). However, many
missingness handling methods are developed for use in sta-
tistical inference, and their applicability to prediction is still
unclear. 

Causes for missingness in variant annotation data 

Most missingness in variant annotation data can be attributed
to the following causes: 

• Insufficient information related to the variant 
• Inapplicability to the variant 

For an example of the first, consider protein function
change prediction tools based on multiple alignment. When
sufficient matches to the input sequence are not found, the tool
has no information on which to base its estimates. Another
example is values estimated from scientific studies (e.g. allele
frequencies, functional properties of proteins or expression
levels of transcripts). Variants that are unobserved in the co-
horts, excluded from genotyping microarrays, or inside hard-
to-sequence loci will have no observed allele frequency. 

The second cause refers to attempts to annotate a variant
with information that is inapplicable to its predicted molec-
ular consequence. For example, trying to predict or measure 
change in protein function for an intronic variant. 

Uttermost caution must be exercised in performing any hy- 
pothesis testing on imputed data with the latter missingness 
cause. However, predictive models can still make use of such 

data to learn patterns in other features. For example, patterns 
in conservation scores may be better estimated from a full 
dataset including variants of many types, even if the impu- 
tation of a protein function prediction produces a meaning- 
less value for an intronic variant. The improvement in per- 
formance from the patterns might in some cases exceed the 
decrease due to noise introduced by the imputation. The de- 
crease in performance can further be mitigated if the model 
type is chosen to be flexible enough to learn to disregard fea- 
tures with meaningless imputation depending on variant type.
One way to facilitate this is to use missingness indicator aug- 
mentation [ 34 ], where additional missingness indicator fea- 
tures are added, after which each feature is imputed with zero.
The downside of missingness indicator augmentation is dou- 
bling of the dimensionality of the feature space in the worst 
case. We include missingness indicator augmentation in our 
comparison. 

A domain expert could also in some cases choose an a pri- 
ori appropriate value to reflect a biological interpretation, e.g.
assign zero to missing values in the example of measured pro- 
tein change for variants outside coding regions. We utilize this 
approach for certain features. However, this is cumbersome 
for large numbers of features, and essentially corresponds to 

constant imputation on the feature. 
Missingness due to mismatch to molecular consequence 

could be avoided by training separate models on each conse- 
quence and using only features fully applicable to each conse- 
quence. A general approach in this vein is to use reduced mod- 
els [ 35 ] or reduced-feature models [ 36 ], in which one trains a 
separate predictor for each combination of missing features 
using only the available features for each subset. This is ob- 
served by Saar-Tsechansky & Provost to perform well consis- 
tently [ 36 ]. However, a naïve implementation of reduced mod- 
els easily leads to extremely high computational time and stor- 
age requirements, and the hybrid and on-demand approaches 
described by Saar-Tsechansky and Provost [ 36 ] are not trivial 
to implement. Note that partial application of this paradigm 

via training multiple models by training different models de- 
peding on molecular consequence would still contain missing 
values due to the first cause, and thus still require additional 
missingness handling. This solution also requires each con- 
sequence category to have sufficiently many observations to 

train a classifier. 

Aim 

The high prevalence of missing values in annotated variant 
data implies that missingness handling will have a major role 
in the performance of variant pathogenicity metapredictors 
and ML / AI based variant classification and interpretation 

tools. Our aim is to identify missingness handling methods 
most likely to enable good performance in this context. For 
this purpose, we compare missingness handling methods by 
difficulty of implementation, by required computation time,
and by classification performance on treated data. 

We focus on the comparison of imputation methods as well 
as the missingness indicator augmentation method, as they are 
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he most generally applicable and allow use of any ML / AI
ethod on the treated dataset. 
We limit our evaluation to imputation of numerical fea-

ures, as categorical features have a relatively natural treat-
ent through an additional category denoting missingness. In

ddition, we choose to focus on building a single classifier for
ingle-nucleotide variants (SNVs) and small indels, rather than
eparate classifiers per variant consequence class. 

To further improve the relevance of our results, we utilize
linGen [ 37 ], an expert-reviewed subset of ClinVar [ 38–40 ]
s the basis of our analyses. 

To support the experiments and enable possible future
ork, we also implement and present a framework called
MISS implemented in the R language [ 41 ] to automatize
ommon tasks between the experiments. 

aterials and methods 

e present a framework implemented in R that enables
omparison of imputation methods by their contribution to
he performance of machine-learning classification of variant
athogenicity. The framework preprocesses variant data to
 usable format, performs imputation, trains a classifier, and
omputes relevant performance statistics. 

This framework is used to perform three experiments: 

• an additional missingness experiment, where additional
missing values are generated in the dataset several times,
and the framework is used on each resulting dataset, de-
scribed in the ‘Additional missingness experiment’ sec-
tion, 

• a cross-validation experiment, where the framework is
used on datasets produced using repeated random sub-
sampling, described in the ‘Cross-validation experiment’
section, and 

• a main experiment, where the framework is used once
with more comprehensive hyperparameter ranges for im-
putation methods, described in the ‘Main experiment’
section. 

ramework 

he AMISS framework performs imputation and classifier
raining and evaluation on a preprocessed training and test
ataset pair. The preprocessed training set is used to fil-
er out features that have insufficiently unique values or
hat are heavily correlated with some other feature, and
his filtering is matched on the test set (see the ‘Features’
ection). 

Each imputation method is used on the training set, produc-
ng at least one imputed dataset for each combination of hy-
erparameters (see below), and classifiers are trained on each
ataset. 
To avoid obfuscation of the effect of imputation in conse-

uence classes where class imbalance is too large, we removed
ariants with consequences where either class had < 5% of
verall variants of that consequence. See the description for
upplementary Table S2 for details. 

To minimize issues due to singular matrices with some im-
utation methods [e.g. multiple imputation by chained equa-
ion (MICE) linear regression, MICE predictive mean match-
ng], we removed features with fewer than 1% unique values.
or feature pairs with high correlation (Pearson correlation
oefficient > 0.9), we kept only one of the features. Removal
of features with few unique values or high correlation is per-
formed as part of the training process, just before imputa-
tion, since they may be affected by introduction of additional
missing values in the additional missingness experiment (see
the ‘Additional missingness experiment’ section). However, we
chose to use the same restricted feature set for all imputation
methods for simplicity and comparability. 

To maximize the performance of each imputation method,
hyperparameter grids were defined for each method. For the
additional missingness and cross-validation experiments we
decided to save computational time by using fewer hyperpa-
rameter configurations, sampling a maximum of eight hyper-
parameter configurations for each imputation method used
on a dataset. The hyperparameter grids are described in
Table 5 . 

Categorical features were transformed to dummy variables
with an extra category denoting a missing value. It is im-
portant to note that thus no imputation methods designed
specifically for categorical features were tested, and categori-
cal features were not treated by the used numerical imputation
methods. 

For each method, after training set imputations and classi-
fier training, we select the classifier (or classifier set, for multi-
ple imputation) with the highest performance with respect to
(mean) MCC (Matthews’ correlation coefficient) on the im-
puted training set(s). The associated imputation hyperparam-
eters and the classifier itself are stored. The stored classifier’s
performance is then estimated on the test set, which is imputed
using the stored hyperparameters. 

The process is depicted visually in Fig. 1 . 
We restricted our analysis to two common classifica-

tion methods: logistic regression (LR), a standard statisti-
cal method for two-class problems, and random forest (RF)
[ 42 ], a highly flexible machine-learning method. Both meth-
ods have been used in existing variant pathogenicity predic-
tors (e.g. KGGSeq [ 26 ] and later versions of CADD [ 20 ] uti-
lize LR, while e.g. MutPred [ 43 ], PON-P [ 23 ], REVEL [ 18 ],
and Meta-SNP [ 44 ] utilize RF). 

LR is used with the base R glm , and RF is used via the
package randomForest [ 45 ]. Both are trained and applied
to test data via functionality from the caret package [ 46 ]. 

The RF was trained using the out-of-bag performance for
model selection, optimizing over the mtry parameter across
values 7, 15, 23, 31 and 39. glm does not offer any tuning
parameters. 

Data 

The dataset consists of ClinGen[ 37 ] expert-reviewed SNVs
from ClinVar [ 38–40 ], downloaded on 28 June 2019. We as-
sume that all variants have been classified where they arose as
individual variants, and any multinucleotide variants would
have been submitted as one variant, and thus that the vari-
ants are independent. We annotated the variants using the
Ensembl Variant Effect Predictor (VEP) [ 47 ] version 96 with
Ensembl transcripts and dbNSFP3.5 [ 48 , 49 ]. We selected and
retained transcripts annotated canonical by VEP for each vari-
ant and removed the other transcripts and their associated val-
ues, when present. Variants whose canonical VEP-annotated
transcript ID did not match that from dbNSFP were discarded.
In addition, we incorporated annotations used by CADD [ 20 ],
matching them by transcript to the VEP-annotated Ensembl
transcripts. At this stage, the dataset contained 12282 rows. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
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Figure 1. Flo w chart depicts the flow of data in the framework. In the diagram square boxes represent datasets, and stacked square boxes represent a 
set of multiple datasets. Rounded boxes represent actions, and arrows depict the flow of data. Arrows from an action to itself represents repeating of 
the action. Multiple arrows from multiple datasets represents the flow of a set of datasets. Features are filtered on the training data according to their 
correlations and variance, and the feature set of the test data is synchronized to match the filtered feature set. Afterwards, the training data is imputed 
using each imputation method, with each hyperparameter configuration. In the main experiment, multiple imputation methods and MissForest are set to 
produce 10 imputed datasets per hyperparameter configuration. Only one dataset is set to be produced in the additional missingness and 
cross-v alidation e xperiments. Ev ery dataset is then used to train a classifier, and f or each imputation method the best-perf orming h yperparameter 
configuration is selected by the training-set performance of the corresponding classifier. For multiple imputation methods, the mean performance with 
respect to MCC of the corresponding classifier set is used. The test set is then imputed with the selected hyperparameter configuration for each 
method, and corresponding classifier is used to predict on the imputed test set(s). Classifier performance is then evaluated on each set of predictions. 
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Figure 2. Preprocessing is divided into annotation, data parsing, and preprocessing steps. The VCF (Variant Call Format) file is first annotated using VEP 
to incorporate values from dbNSFP3.5. In data parsing, the annotated VCF is read and parsed, CADD annotations are merged, and canonical transcripts 
are selected. In preprocessing, categorical variables and response variables are encoded, duplicated feature vectors are removed, variants in highly 
imbalanced consequence classes are remo v ed, and the dataset is split into training and test sets. Some preprocessing actions are deferred to the 
training phase, as their results may change due to additional generated missing values. 

Table 1. Features imputed with default values 

Feature name Feature interpretation 
Default 
value 

motifDist ‘Reference minus alternate 
allele difference in nucleotide 
frequency within an predicted 
overlapping motif’ [ 19 , 
Supplementary information] 

0 

gnomAD_exomes_AF gnomAD allele frequency 
from exomes 

0 

gnomAD_genomes_AF gnomAD allele frequency 
from genomes 

0 
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Table 2. Dataset composition 

Total Training set Test set 

Total 3736 2606 1130 
Positive 1564 1088 476 
Negative 2172 1518 654 
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reprocessing 

he overall preprocessing process is depicted in Fig. 2 . 

eatures 
he initial feature set was defined manually to include a vari-
ty of traditional tools and annotations from both dbNSFP3.5
nd the annotation set for CADD while excluding any
etapredictors from the feature set, and includes 47 numerical

nd 3 categorical features (listed in Supplementary Table S3 ).
or histograms of observed values, correlations between
umeric features and correlations to the positive outcome
ndicator for each feature, see Supplementary Figs S9 and
11 –S19 . Some variants may have equal (i.e. duplicated)
eature vectors. We removed all except one variant from each
quivalence class formed by duplicated feature vectors
 N = 320 removed). We also chose to drop vari-
nts of uncertain significance ( N = 1157) from the
ataset. 
For features where the missingness implied the default value

 priori , missing values were replaced by default values. These
eatures are listed in Table 1 . 

ata split 
he data was randomly split into training and test subsets,
ith 70% ( N = 7536) of variants in the training set and 30%

 N = 3269) of variants in the test set. 
We formed a binary outcome vector by defining variants

lassified as pathogenic or likely pathogenic to belong to the
ositive class ( N = 5090 in the training set, N = 2218 in the
test set), and variants classified as benign or likely benign to
belong to the negative class ( N = 2446 in the training set, N
= 1051 in the test set). 

We removed variants with consequences where either class
had < 5% of overall variants of that consequence. This lead to
removal of 4930 variants from the training and 2139 variants
from the test set. 

The final dataset contains 3736 variants divided into a
training set with a total of 2606 variants, of which 1088 be-
long to the positive class and 1518 belong to the negative class,
and a test set with a total of 1130 variants, of which 476 be-
long to the positive class and 654 belong to the negative class.
The final dataset is summarized in Table 2 . 

A mock-up illustrating the preprocessed data format is
shown in Table 3 . 

Missingness 
Missingness percentages of the features conditional on the
VEP-predicted variant or transcript consequence are pre-
sented in Fig. 3 . As expected, INTRONIC , UPSTREAM , DOWN-
STREAM , NON-CODING_CHANGE, and 5PRIME_UTR vari-
ants exhibit large missingness percentages across protein-
related features and microRNA (miRNA) predictions. Avail-
able features in these variants describe regulation. INFRAME
variants have similar pattern, but have observed values
in features describing variant position in coding sequence
and protein codon. Such features are partially observed in
SPLICE_SITE variants, possibly due to some of them also
being interpretable as coding variants. SPLICE_SITE vari-
ants have the distance to a splice site completely observed.
NON-SYNONYMOUS variants have nearly completely observed
feature vectors, except for mostly unobserved miRNA down-
regulation scores [ 50 ] and incompletely observed gnomAD
allele frequencies, MutPred predictions and REMAP2 [ 51 ]

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
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Table 3. Mockup of data after preprocessing 

Variant SIFT DNase-seq gnomAD AF mirSVR Non-synon. Intronic …

1:215625828:T:C NA 0.3126 0.0 NA 0 0 
2:39022774:T:C 0.001 0.2607 4.070e −06 NA 1 0 
2:47410217:G:A 0.033 0.3818 0.0 NA 1 0 
2:47797737:C:T NA 0.5263 0.0 NA 0 1 
13:32399139:A:G NA 0.0750 0.0 −0.1513 0 0 

Variant identification information is not used in imputation or training. gnomAD allele frequency has a value exactly 0 on rows 1, 3, 4, and 5 due to a priori 
imputation. 

Figure 3. Missingness clusters based on predicted molecular consequence in the training set. Each cell displa y s the proportion of missing values of the 
indicated feature (horizontal axis) in the predicted molecular consequence class (vertical axis). 

Table 4. Included imputation methods 

Imputation method Description Implementation 

Zero imputation Replace by 0 Custom 

Maximum imputation Replace by maximum observed value within feature Custom 

Minimum imputation Replace by minimum observed value within feature Custom 

Median imputation Replace by median observed value within feature Custom 

Mean imputation Replace by mean observed value within feature Custom 

Outlier imputation Given observed values F obs of feature F , replace by 
|max( F obs ) − min( F obs )| × 10 

Custom 

Missingness indicator 
augmentation 

For each feature, perform zero imputation and create 
a binary feature indicating original missing values 

Custom 

Predictive mean matching Sampling from observed values similar to a predicted 
value 

pmm in package mice 

Random forest (RF) Predict values using RF rf in package mice 
Linear regression Predict values from a linear regression model norm.predict in package mice 
Bayesian linear regression Predict values from a linear regression model with 

added uncertainty modeling noise and variability of 
parameter estimates 

norm in package mice 

Bayesian principal components 
analysis (BPCA) [ 55 ] 

Predict values via BPCA bpca in package 
pcamethods [ 57 ] 

k-NN Predict values as mean of k nearest neighbors wrt 
other features 

knnimput a tion in package 
dmwr [ 58 ] 

MissForest [ 56 ] Predict values using RF missforest in package 
missforest [ 59 ] 
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Table 5. Statistics on hyperparameter grids for imputation methods 

Method Varied Number of 
h yperpar ameters combinations 

MICE PMM donors , ridge , matchtype 180 
MICE regression None 1 
MICE Bayes 
regression 

None 1 

MICE RF ntree 36 
k-NN k 5 (effectively 2) 
BPCA npcs , maxsteps 112 
MissForest: mtry , ntree 12 
Simple methods None 1 each 

For k-NN, only two values of k succeed, see the ‘Included missingness han- 
dling methods’ section. 
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Many features are only applicable to specific consequences,
eading to few complete cases. The complete cases are the very
ew variants that have both splicing predictions as well as the
eatures available for non-synonymous variants. 

To assess whether there is informative missingness in the
ata, we computed each feature’s missingness indicator’s
orrelation to the outcome indicator (see Supplementary 
ig. S10 ). Some correlation is present for most features. Also,
ost correlations are negative, implying lower likelihood of
athogenicity when the feature is missing. However, corre-
ations for EncodetotalRNA.sum , gnomAD_exomes_AF,
nd gnomAD_genomes_AF are positive, implying that their
issingness is linked to higher likelihood of pathogenicity. 

ncluded missingness handling methods 

e include, in total, 14 missingness handling methods, con-
isting of six simple imputation methods, specificially mean,
edian, minimum, maximum, and zero imputation, four mul-

iple imputation by chained equations (MICE) methods [ 52–
4 ], three other popular imputation methods, specifically k-
N, BPCA [ 55 ], and missForest [ 56 ], and finally missingness

ndicator augmentation (see Table 4 ). 
For k-NN, you must have enough complete cases to start

mputation, depending on k . As the data had very few com-
lete cases, the largest k that could be used was 2. 
In the case of missingness indicators, features with identi-

al missingness patterns produce identical indicator vectors,
f which only one is kept. 
Implementations of imputation methods often do not pro-

ide an easy way to reuse learned parameters from an ear-
ier run. This makes it difficult to use parameters from the
raining set on the test set. We implement learned parame-
er use for simple imputation methods, and k-NN supports
his directly in the DMwR package [ 58 ]. For simplicity of
mplementation, we choose to ignore the issue when out-of-
he-box parameter reuse is not available. There is a possibil-
ty that this will give an advantage to simple methods and
-NN even if MICE, BPCA, and MissForest would other-
ise outperform them. However, this comparison still repre-

ents the situation as it presents itself to the practitioner that
ay not have the time or expertise to make use of the other
ptions. 
The package mlr [ 60 ] offers wrapper functionality that al-

ows use of any prediction method offered by the package
lso for univariate imputation, along with functionality for
orrect reimputing data with previously learned parameters.
Using this option is difficult in a dataset with very few com-
plete cases to use as training data, and as such we did not
explore this possibility in this work. Investigation of the im-
putation performance of methods originally intended for pre-
diction might merit further study. 

Experiments 

Additional missingness experiment 
We performed an experiment with additional, randomly gen-
erated missing values in the data in order to study 

• the effect of missingness level to imputation method per-
formance, 

• the relation of an imputation method’s predictive perfor-
mance to classifier performance. 

Many imputation studies specifically assess an imputation
method’s capability to predict the underlying values of a
dataset with missing data, and use the root-mean-square error
(RMSE) as a metric of performance of the imputation method.
However, an imputation method with the lowest RMSE is not
in general the best one in the statistical inference context: Van
Buuren [ 29 , chapter 2.6] uses the example of single imputation
using a linear model fitted using least squares and thus mini-
mizing RMSE. Analysis using single imputed data with mini-
mal RMSE would still fail to account for the uncertainty from
missing values, which would be correctly handled by multi-
ple imputation (see the ‘Missingness handling in prediction’
section). 

It is unclear whether RMSE remains a useful metric in im-
puting data for prediction. To investigate whether low RMSE
on the training set predicts high classifier performance on the
test set, we compute the RMSE of each imputation method on
each dataset with additional missing values. 

In many studies missing values are generated either on fully
artificial data, or on the complete subsets of real datasets.
However, there are very few complete cases in our dataset. 

Thus, we chose to instead take the full, incomplete dataset
as the basis of the experiment, and then used the following
strategy: 

• Induce varying amounts of missing values using ampute
[ 61 ] on the original dataset 

• Impute each generated dataset with each imputation
method 

• Compute RMSE for generated missing values against the
original observed value 

• Train a classifier on each imputed training dataset, and
evaluate performance on imputed original test set 

We generate 100 datasets for each of nine percentage cate-
gories of additional missingness, ranging from 10% to 90%.
We therefore execute the framework on 900 datasets in total.
Since MissForest is significantly more computationally expen-
sive than other imputation methods, it is not included in the
additional missingness experiment. 

We impute each generated dataset using a sparser hyperpa-
rameter grid (downsampled to eight hyperparameter config-
urations separately for each dataset) and producing only one
dataset each when using multiple imputation methods. 

A classifier of each type is trained on the imputed datasets,
the best performing imputation hyperparameter configuration

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
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is chosen by the highest performing classifier trained on a
dataset imputed via that configuration. 

Due to the removal of features with fewer than 1% unique
values and features that highly correlate with another feature,
the addition of missing values may lead to differing feature
sets between different datasets with additional missingness.
Especially large numbers of additional (MCAR) missing val-
ues may lead to fewer unique values, and both increase or
decrease correlation between features by chance. 

Cross-validation experiment 
In the cross-validation experiment, we use repeated random
sub-sampling with a 70% split over the training data to pro-
duce 100 training / test dataset pairs. The framework is run
separately on each pair, after which the results can be used
to estimate imputation methods’ relative robustness to varia-
tion from sampling. For speed, hyperparameters for imputa-
tion methods are downsampled to eight hyperparameter con-
figurations each, and multiple imputation methods are set to
produce only a single dataset. However, due to the fewer re-
quired executions of the framework (when compared to the
additional missingness experiment), it was feasible to also in-
clude MissForest in the set of methods. 

Main experiment 
In the main experiment, the framework is run once with the
full hyperparameter grid for each imputation method on the
full training and test datasets, and MissForest is included in
the set of methods. We also utilize the capability of multi-
ple imputation methods and MissForest to produce multiple
datasets to estimate the performance variability that arises
from randomness in the imputation of both training and test
sets using such methods. The methods are used to produce 10
imputations of both the training and the test sets. For each
completed dataset, we train a separate classifier (performing
its usual hyperparameter search and model selection proce-
dure separately on each dataset). 

Note that dynamic removal of features after splitting data
to training and test sets may lead to duplicated feature vectors
between training and test sets, i.e. a variant in the training set
may end up sharing its feature vector with a different vari-
ant in the test set. We checked this for the main experiment
and discovered 4 test set variants that became identical with
a training set variant with the final feature set. Additionally,
2 variants had ended up with duplicated feature vectors with
another variant within the training set, and 1 variant had been
similarly duplicated within the test set. We removed all such
duplicated variants from the test set in the main experiment. 

Metrics 

We use Matthews’ correlation coefficient (MCC) as our
main evaluation metric since it is less misleading than other
common classification performance metrics in imbalanced
datasets [ 62 ]. 

MCC is defined as 

MCC = 

TP × TN − FP × FN √ 

( TP + FN )( TP + FP )( TN + FP )( TN + FN ) 
. 

We also present results with the area under receiver operat-
ing characteristic curve (AUC-ROC, or just AUC) metric, de-
fined as the area under the receiver operating characteristic

curve. 
Finally, we compute the RMSE to compare imputed and 

original values in the additional missingness experiment.
RMSE is defined as 

√ √ √ √ 

1 

N 

N ∑ 

i =1 

( ̂  y i − y i ) 2 

where y i is the i th true value, ˆ y i is the i th imputed value and 

N is the number of imputed values. 

Implementation 

The framework and experiments were implemented with R 

[ 41 ] and organized into 11 executable scripts, presented in 

Table 6 . 
The scripts are intended to be executed in order, but users 

may choose only run a subset if they are only interested in 

a subset of the results. To run the main experiment, one 
must run 1., 2., 4., 5., and 8.; to run the additional miss- 
ingness experiment, one must run 1., 2., 6., 7., 9., and 10.; 
to run the cross-validation experiment, one must run 1., 2.,
and 11. 

Availability of source code and requirements 

Project name: AMISS 
Project home page: https:// github.com/ blueprint-genetics/ 

amiss 
Operating system(s): Linux, MacOS, Windows 
Programming language: R [ 41 ] 
Other requirements: The software was run with R 3.6.0 

with packages vcfR [ 63 ], futile.logger [ 64 ], tidyr [ 65 ], here 
[ 66 ], magrittr [ 67 ], ggcorrplot [ 68 ], mice [ 54 ], foreach [ 69 ],
doParallel [ 70 ], ggplot2 [ 71 ], iterators [ 72 ], missForest [ 56 ,
59 ], DMwR [ 58 ], doRNG [ 73 ], rngtools [ 74 ], lattice [ 75 ],
itertools [ 76 ], randomForest [ 45 ], ModelMetrics [ 77 ], stringr 
[ 78 ], gridExtra [ 79 ], digest [ 80 ], purrr [ 81 ], caret [ 46 , 82 ], test-
that [ 83 ] and e1071 [ 84 ], and pcaMethods [ 57 ] via BioCon- 
ductor [ 85 ] and BiocManager [ 86 ]. 

DMwR has since been removed from CRAN and k-NN 

imputation now depends on multiUS [ 87 ] in the repository.
xgboost [ 88 ], ranger [ 89 ] and rjson [ 90 ] have been added as
dependencies during further development. 

License: MIT 

Any restrictions to use by non-academics: CADD annota- 
tions require commercial users to contact authors for licens- 
ing. dbNSFP [ 49 ] annotations may require licenses for com- 
mercial use and must be reviewed individually. 

Results 

This section is arranged as follows. First, we present re- 
sults from the additional missingness experiment. We eval- 
uate both the relation between classifier performance and 

RMSE, and how increasing missingness percentage affects 
classifier performance. Next, we present results from the 
repeated random sub-sampling cross-validation experiment,
to evaluate the robustness of missingness handling methods 
to dataset composition. We then present results from the 
main experiment, comparing the classifier performances be- 
tween missingness handling methods. Finally, we compare the 
missingness handling methods with respect to their running 

times. 

https://github.com/blueprint-genetics/amiss
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Table 6. Available scripts and their descriptions 

Number Description File name 

1. Parsing of VCF file 01_parse_vcf.R 
2. Preprocessing 02_preprocess_data.R 
3. Computation of descriptive statistics 03_descriptive_stats.R 
4. Execution of training set imputation and classifier training for main 

experiment 
04_run_impute_and_train.R 

5. Execution of test set imputation and prediction for main experiment 05_run_prediction.R 
6. Generation of datasets with additional missing values 06_generate_simulated_data.R 
7. Execution of imputation and classifier training on datasets with 

additional missing values 
07_run_simulations.R 

8. Process and plot test set performance statistics for main experiment 08_analyze_results.R 
9. Process test set performance statistics for classifiers trained on 

datasets with additional missing values 
09_analyze_simulation_results.R 

10. Plot test set performance statistics for classifiers trained on datasets 
with additional missing values 

10_simulations_plots.R 

11. Perform repeated random sub-sampling cross-validation and 
process and plot its results 

11_crossvalidation.R 
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dditional missingness experiment 

MSE 

upplementary Figures S3 –S6 plot RMSE against MCC for
ach imputation method. We found that RMSE and classifi-
ation performance as measured by MCC did not correlate in
atasets with additional missing values. This is especially clear
n the case of outlier imputation, where RMSE is–as expected–
uch higher than with any other method, while MCC was

omparable to other methods. 

issingness percentage 
he effect of additional MCAR missingness on MCC perfor-
ance of classifiers is displayed in Fig. 4 and Supplementary 
ig. S1 . Fitted LOESS (locally estimated scatterplot smooth-

ng) curves are shown. 
When the classifier is a RF, missingness indicator augmenta-

ion as well as mean, minimum, zero and median imputations
how similar curves, with their average performances drop-
ing from slightly below MCC = 0.85 at 30% missingness
o slightly above MCC = 0.75 at 70% missingness. MICE
F and MICE PMM have overall slightly lower mean per-

ormance than the previously mentioned methods, but other-
ise show similar shapes. Outlier and maximum imputations

uffer more drastically, with mean performances dropping to
ust above MCC = 0.70 at 70% missingness. MICE regres-
ion and MICE Bayes regression demonstrate a curious effect
here average classifier performance increases at first as miss-

ngness increases, before starting their descent. BPCA shows
ints of a similar but more muted trend. This may be related
o a phenomenon noted by Poulos & Valle [ 91 ] in the context
f prediction on categorical variables, where introduction of
dditional missing values prior to imputation may improve
lassifier performance. 

When the classifier is LR, outlier imputation shows a
ramatic drop immediately between 30% and 40% miss-

ngness and stabilizes slightly above MCC = 0.20. Maxi-
um imputation shows a clear linear downward trend, while
inimum imputation, zero imputation, and BPCA show a
uch smaller one. Missingness augmentation and all MICE
ethods show very light reductions in average performance

s missing value percentage grows. Median and especially
ean imputation show practically no performance reduction
ue to increasing MCAR missingness. MICE Bayes regres-
sion, BPCA, and PMM and especially MICE regression all
show much larger variability in their performance than other
methods. 

Cross-validation experiment 

The variability of classifier performance evaluated via re-
peated random sub-sampling cross-validation is displayed in
Fig. 5 . 

The RF classifier outperforms LR regardless of imputation
method, and the lowest performing imputation method wrt
RF classifiers (MissForest) has higher mean performance than
the highest performing imputation method wrt LR (missing-
ness indicators). 

For both LR and RF, single imputation methods and k-NN
appear to have equivalent performance, though in conjunction
with LR outlier imputation seems to perform slightly worse.
With regard to RF classifiers, MICE RF, BPCA, MICE Bayes
regression, and MICE PMM perform slightly or somewhat
worse than simple imputation methods, but display greater
differences in conjunction with LR, where MICE RF and
BPCA are clearly preferable to MICE Bayes regression and
MICE PMM. MICE ordinary regression and MissForest per-
form worse on average with both classifier types, but when
combined with LR, MICE ordinary regression brings mean
classification performance down close to that of a coin flip. 

Main experiment 

In order to assess the differences in classifier performance due
to selection of imputation method, we computed mean per-
formance metrics for classifiers trained on datasets produced
by each missingness handling method, sorted by MCC, for
RF classifiers (Table 7 ) and for LR classifiers ( Supplementary 
Table S1 ). Single imputation methods (mean, missingness indi-
cator, median, k-NN, zero, minimum, maximum, outlier) pro-
duced only a single dataset, and as such also produced only a
single set of performance statistics. MICE ordinary regression
imputation was unable to produce imputations in the main
experiment, and is thus excluded. 

In the case of RF classification, maximum imputation has
the best average performance with respect to MCC ( = 0.847).
It is very closely followed by missingness indicator augmenta-
tion, k-NN imputation, and mean imputation, and then zero,

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
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Figure 4. RF MCC on the test set against observed missingness percentage in the additional missingness experiment, with fitted LOESS curves. In the 
experiment, additional missing values are randomly generated to produce 100 datasets each for nine levels of additional missingness. Each imputation 
method is used on each dataset and classifiers are trained on the resulting complete datasets, and tested on the original test set completed by the 
same imputation method. The horizontal axis represents the observed missingness percentage, which includes both original and additional 
missingness. The vertical axis represents the test-set performance of the classifier. 
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median, minimum, and outlier imputation methods. MICE
predictive mean matching is the highest performing MICE
method (MCC = 0.814), with slightly better MCC than Bayes
regression and MICE RF. The final group, with distinctly
worse classifier MCC, consists of BPCA (MCC = 0.781),
MICE ordinary regression (MCC = 0.775), and MissForest
(MCC = 0.759). 

Mean classification performance is lower across the board
for LR see Supplementary Table S1 . Missingness indicator
augmentation is the winner in this scenario with MCC =
0.699. k-NN imputation (MCC = 0.681) and BPCA (MCC =
0.676) receive second and third place, after which mean im-
putation, zero imputation, minimum imputation, maximum
imputation, outlier, and median imputations have essentially 
equal performance (MCC ranging from 0.672 to 0.667). Miss- 
Forest and most MICE methods (MCC between 0.650 and 

0.596) perform noticeably worse. MICE ordinary regression 

leads to abysmal results (MCC = 0.133). 
The MCC performance of classifiers is illustrated in Fig. 6 .

See Supplementary Fig. S2 for AUC-ROC performance. For 
multiple imputation and MissForest the variability of perfor- 
mance due to randomness in the imputation is also visible.
Variability in classifier performance is seen to be smaller for 
RF compared to LR in all methods except for MissForest,
and variability in general larger in methods with lower mean 

performance. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
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Figure 5. Classifier performance with respect to MCC measured by 
repeated random sub-sampling cross-validation in the ‘Cross-validation 
experiment’ section. In the experiment, the training set was randomly 
split 100 times into 70% / 30% subsets. For each of the resulting pairs 
and each imputation method, both sets were imputed using the same 
method, and a classifier was trained on the larger subset and its 
perf ormance w as estimated using the smaller subset. Perf ormance on 
the smaller subset is presented with boxplots (horizontal axis) per 
imputation method (vertical axis). Diamonds were added to emphasize 
median values. 

 

d  

a  

A  

a  

F  

a  

e  

i  

s  

a  

M
 

e  

p  

m  

a  

s  

c  

i  

p  

m  

v  

t  

o  

t

R
T  

w  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/7/4/lqaf133/8285774 by Library of M

edical Faculty user on 21 O
ctober 2025
Using AUC-ROC to measure performance makes it more
ifficult to compare imputation methods due to the very small
bsolute differences. For a RF classifier (Table 7 ), the mean
UC-ROC of all methods, with the exception of MissForest
nd MICE ordinary regression, is within 0.003 of each other.
or LR ( Supplementary Table S1 ), the range is wider, and is
lso visually distinguishable in Supplementary Fig. S2 . Inter-
stingly, here MissForest has the upper hand. However, look-
ng back at Supplementary Table S1 we notice that MissForest
hows the highest specificity but also the lowest sensitivity of
ll methods. The imbalance is reflected in the relatively poor
CC and F 1 scores, but ignored by AUC-ROC. 
The results are not very different from the cross-validation

xperiment results in Fig. 5 . When compared using MCC, sim-
le imputation methods are largely interchangeable, though
issingness indicators dominate when using a LR classifier,

nd maximum imputation is dominant when using a RF clas-
ifier . However , when considering the variance shown in the
ross-validation experiment, the differences between simple
mputation methods are likely to be due to chance. It is im-
ortant to note that here the variance for multiple imputation
ethods (see Supplementary Tables S5 and S6 for standard de-

iations of performance metrics) is due to the multiple impu-
ation (or multiple runs of a probabilistic imputation method)
f training and test sets, and thus is not directly comparable
o that of the cross-validation experiments. 

esults grouped by consequence 
o assess whether the distinct missingness patterns exhibited
ithin different variant consequence classes truly affect clas-
sification, we also computed performance statistics separately
within certain consequence classes, specifically DOWNSTREAM ,
UPSTREAM , and INTRONIC , and finally Other , an aggregate
of all remaining consequence classes. Other is formed by the
consequence classes for which either (i) there are overall few
variants, and the class indicator gets filtered out due to non-
zero variance, or (ii) there is high correlation with another
feature. Results are shown in Fig. 7 . 

Performances show large differences in different conse-
quence classes. Other is mostly non-synonymous variants, as
described above, and shows good performance for both clas-
sifier types, though RF is always superior. Mean imputation
performs best with the RF classifier, while missingness indi-
cator augmentation and minimum imputation maximize LR
performance. The results are essentially equal to the general
results depicted in Fig. 6 where consequence classes are not
distinguished. 

The consequence class INTRONIC shows a very different
and interesting situation. First it is important to note that even
after the preprocessing steps which removed variants in conse-
quence classes with high class imbalance, only ∼8.1% of IN-
TRONIC variants are positive, and we rely on the robustness
of MCC to class imbalance allowing us to compare the per-
formances. In this consequence class, LR is virtually useless,
though missingness indicator augmentation and maximum
imputation seem to allow some discriminatory power. It seems
that in INTRONIC , LR learns to classify almost everything as
negative (see Supplementary Figs S7 and S8 ). With most impu-
tation methods, MCC is barely above zero. In contrast, the RF
classifier performs well with any imputation method, though
the high variation in MissForest imputations seems to allow
also for instances of poor performance. 

Compared to Other , prediction on variants of DOWN-
STREAM consequence shows lower performance in both clas-
sifiers. For RF, the relative orders of imputation methods are
basically the same as in the main experiment and the cross-
validation experiment. Unlike in all other consequence classes,
LR seems to perform better with MICE methods and MissFor-
est than most simple imputation methods and k-NN, though
maximum and outlier imputation do seem to outperform
them even here. 

In UPSTREAM variants, performance is again lower than in
Other , but not as low as in DOWNSTREAM . RF classification
shows the common pattern, where simple imputation meth-
ods and k-NN seem slightly preferable to MICE methods,
and MissForest performs noticeably worse. LR classification
looks, in this case, to be disadvantaged by the same methods
that dominated DOWNSTREAM (that is, maximum and outlier
imputation). 

Running time 

Elapsed real time as well as CPU running time were recorded
in the main experiment for the best hyperparameter configu-
rations of all imputation methods and are presented in Table
8 and Supplementary Table S4 , respectively. For methods that
were used to produce multiple datasets (MICE methods and
MissForest) the overall time was recorded and then divided
by the number of produced datasets (10). The machine used
to run the software was a CentOS Linux server with two In-
tel Xeon CPU E5-2650 v4 @ 2.20GHz processors and 512
GiB of memory. The analysis was run with parallelization
using 24 processes. Each imputation was run inside a single

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data
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Table 7. Mean test set performance metrics for a RF classifier trained and tested on data sets treated with each missingness handling method 

Method MCC A UC-R OC Sensitivity Specificity F 1 Precision 

Maximum 0.847 0.974 0.911 0.937 0.912 0.913 
Missingness ind. 0.845 0.975 0.907 0.937 0.910 0.913 
k-NN imputation 0.844 0.972 0.918 0.929 0.911 0.904 
Mean 0.843 0.974 0.913 0.934 0.911 0.909 
Zero 0.839 0.975 0.905 0.933 0.906 0.907 
Median 0.838 0.975 0.915 0.925 0.907 0.898 
Minimum 0.838 0.975 0.903 0.934 0.906 0.909 
Outlier 0.836 0.973 0.907 0.929 0.905 0.903 
MICE PMM 0.814 0.975 0.867 0.940 0.889 0.914 
MICE Bayes regr. 0.812 0.975 0.879 0.929 0.890 0.901 
MICE RF 0.811 0.975 0.878 0.930 0.889 0.901 
BPCA 0.781 0.974 0.763 0.982 0.853 0.968 
MICE regr. 0.775 0.964 0.788 0.960 0.854 0.937 
MissForest 0.759 0.956 0.818 0.930 0.854 0.895 

Figure 6. Classifier performance with respect to MCC on the test set in 
the ‘Main experiment’ section. In the experiment, each imputation 
method was executed on the full training set, classifiers were trained on 
the imputed dataset and the classifier’s performance was measured on 
the full test dataset imputed with the imputation method. Full 
hyperparameter grids for the imputation methods were used, and 
MissForest was included in the imputation methods. Classifier 
performance on the test set as measured with MCC is represented with 
bo xplots (horiz ont al axis) per imput ation method (vertical axis). Diamonds 
were added to emphasize median values. Variance, when present, is due 
to the production of 10 imputations of the same dataset by probabilistic 
or multiple imputation methods. A separate classifier is trained for each 
of the 10 imputed training sets, and each such classifier is e v aluated on 
each of the 10 imputed test sets. 
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process, and thus running times should not be affected based
on whether an imputation method itself offers parallelization
features. 

MICE regression and MICE Bayes regression show simi-
lar running times and finish between 5 and 6 s, while k-NN,
MICE PMM, and BPCA take somewhat longer. MICE RF
and especially MissForest take much longer. Simple imputa-

tion methods are much faster than all other methods. 
Discussion 

RF classifiers outperformed LR overall, with the worst- 
performing combination of missingness handling method and 

RF still reaching higher performance than best-performing 
combination of missingness handling method and LR. This 
was expected, due to both the inherent capability of tree pre- 
dictors such as those in RF to ignore irrelevant features, and 

the more flexible decision boundary that RFs are able to form.
Choice of missingness handling method thus cannot compen- 
sate for an unsuitable classification method. 

The high comparative performance of k-NN with both clas- 
sifiers is surprising. The depletion of complete cases greatly 
limits the possible values for k . Even more importantly, the few 

complete cases are the only possible neighbors to any point; 
when k equals the number of complete cases, every missing 
value in a specific feature will be imputed with the average 
value of that feature in the set of complete cases. k-NN im- 
putation with k equaling the number of complete cases can 

thus be interpreted to be a form of unconditional imputation,
since in such a case every missing value will be imputed with 

a single value, irrespective of the values of other features. 
The computational cost of different methods varies dramat- 

ically. Many of the highest-performing methods take a minus- 
cule portion of time spent during the overall training and pre- 
diction process, while more costly methods dominate the time 
requirements. The difference between zero imputation (0.006 

s runtime on our dataset) to MissForest (362.352 s) may be 
inconsequential for a single sample, but is compounded with 

large cohorts or high-throughput diagnostic work. For exam- 
ple, for 100 000 WGS samples the difference in total computa- 
tional time with the simplest and most complex method will be 
over a year, potentially translating into hundreds of thousands 
of euros of additional cloud computing and storage costs. 

Simple imputation methods overall could be considered 

the winning group of the comparison presented in this pa- 
per, and mean imputation might further be pointed out as 
the favorite in that group. In addition to the consistently high 

MCC in all experiments, it also displays high resilience to per- 
formance degradation due to increasing MCAR missingness,
and low variance in relation to sampling. It is also one of the 
fastest methods to compute, trivial to implement and is always 
applicable. 

Considering the complexity of the prediction task, the fea- 
tures, the large degree of missingness, and the sophistication 

of available missingness handling strategies, it is somewhat 
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Figure 7. Classifier performance with respect to MCC in the the ‘Main experiment’ section, conditional on variant consequence. In the experiment, each 
imputation method was executed on the full training set, classifiers were trained on the imputed dataset and the classifier’s performance was measured 
on the full test set imputed with the imputation method. Full hyperparameter grids for the imputation methods were used, and MissForest was included 
in the imputation methods. Classifier performance on the test set as measured with MCC is represented with boxplots (horizontal axis) per imputation 
method (vertical axis), stratified by predicted variant consequence. Diamonds were added to emphasize median values. Variance, when present, is due 
to the production of 10 imputations of the same dataset by probabilistic or multiple imputation methods. A separate classifier is trained for each of the 
10 imputed training sets, and each such classifier is e v aluated on each of the 10 imputed test sets. 
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urprising that the best performance is gained using simple
nconditional imputation strategies. 
In contrast, Perez-Lebel et al . [ 92 ] find that for predicting

n health databases, supervised learning methods with built-in
issingness handling perform best. We did not include built-in
issingness handling in our analysis, so results are not directly

omparable. However, they also find that constant imputation
ith additional missingness indicator variables perform well.

ffect of missingness mechanism 

hough the we only induce MCAR missingness in the simu-
ations, it is very likely that MAR and MNAR missingness is
resent in the data, as the data consists of real-world variants
nd their real annotations. MAR and MNAR mechanisms are
hus not ignored by the experiments, though their effects are
ifficult to isolate. 
Still, we can attempt to a priori analyze the effect of miss-

ngness mechanism on downstream classifiers. 
A missingness mechanism on one feature that is dependent

n the observed values of another is classified as MAR. Any
orrelation of the observed values of the second feature to the
esponse variable is equal to the informativeness of the first
eature. Any information used to impute the underlying val-
es beneath missingness generated by the missingness mech-
nism is also already available to the classifier to predict the
esponse without imputation. When a missingness mechanism
s (at least partially) dependent on unobserved values, then the
informativeness of the feature with missingness is still avail-
able to predict the response, but less information is available
to impute the feature itself. At worst, imputation may con-
found the classifier by producing values that only by chance
correlate with the response. Any correlation of the underly-
ing values of the feature with missingness to the response is
unavailable to the classifier. 

This suggests that informativeness is a key property of fea-
tures for prediction, and it is essential that the classifier is able
to distinguish imputed values in order to make use of infor-
mativeness. Our results corroborate this, as missingness indi-
cators and single imputation methods obtain the best down-
stream classifier performance. 

Informativeness 

Indeed, informativeness may be one major factor to the ob-
served rankings between imputation methods. 

If the presence of a missing value in certain variables cor-
relates with the pathogenicity of the variant, simple imputa-
tion methods would be given an advantage: when every im-
puted value (within a given feature) is replaced by a single
specific value, the classifier may learn to correlate that single
value with the outcome. This is less likely to happen when
using more sophisticated imputation methods, which make it
harder for the classifier to learn which values were likely im-
puted. However, LR is less flexible and thus less capable of
representing such potentially discontinuous dependencies, and
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Table 8. Running time for imputing the training set with the best hyper- 
parameter configurations in the main experiment 

Method LR [elapsed (s)] RF [elapsed (s)] 

Zero 0 .006 0 .006 
Maximum 0 .007 0 .007 
Minimum 0 .007 0 .007 
Mean 0 .009 0 .009 
Median 0 .011 0 .011 
Outlier 0 .014 0 .014 
Missingness indicator 
augmentation 

0 .478 0 .478 

MICE Bayes regression 5 .379 5 .379 
MICE regression 5 .839 5 .839 
k-NN 12 .792 12 .948 
BPCA 14 .884 19 .511 
MICE PMM 15 .427 14 .921 
MICE RF 107 .036 104 .278 
MissForest 362 .352 362 .352 
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missingness indicator augmentation performs slightly better
than most simple imputation methods when combined with
LR. Further gains might be impeded by the dimensionality in-
crease due to the additional indicator features. 

Inability to transfer training parameters to test set 
As described in the ‘Included missingness handling methods’
section, many available implementations of imputation meth-
ods do not allow reuse of parameters between imputation
of training and test sets. Thus the estimated distributions on
which imputed values are based will differ at least slightly,
and thus disadvantage any methods for which parameter reuse
was not possible. 

However, the variability in imputations of the test set by
stochastic and multiple imputation methods allows some es-
timation of the effect. If we assume that the performance gain
from parameter reuse at best matches the upper range of per-
formance variation on the test set, we see from Fig. 6 that
MICE methods and MissForest at best match the performance
of single imputation methods. 

Additional challenges 

Grimm et al . [ 93 ] described several biasing factors in VEP
training and performance evaluation using data from com-
monly used variant databases, e.g. the tendency for variants
within the same gene being classified as all pathogenic or all
neutral, or simply due to difficulty of finding datasets com-
pletely disjoint with the training set. Mahmood et al . [ 94 ]
further analyzed existing VEPs using datasets generated from
functional assays, and found drastically lower performance
compared to earlier reported estimates. 

Our approach is not immune to these biases, and we expect
that any reported performance metrics will be overoptimistic.
However, we expect that the main result of the study, the rel-
ative performance rankings of missingness handling methods,
is not affected by the biases. The classifiers built described in
this work are not intended to outperform earlier approaches
or be directly used for variant effect prediction. 

Conclusions 

It appears that it is unnecessary to use sophisticated missing-
ness handling methods to treat missing values when building
variant pathogenicity metapredictors. Instead, simple uncon-
ditional imputation methods and even zero imputation give 
higher performance and save significant computational time,
leading to considerable cost savings if adopted. This high- 
lights the conceptual separation between missingness handling 
methods for prediction and imputation for statistical infer- 
ence, the latter of which requires carefully constructed tech- 
niques to reach correct conclusions. 

Further work 

There are several ways to improve and expand on this work.
The dataset could be extended to include variants from wider 
sources, and the effect of circularity could be estimated using 
additional datasets. It would likely also be possible to make 
changes to or reimplement methods whose implementation 

does not currently support reuse of parameters. Reduced mod- 
els and its hybrid variants would make an interesting point of 
comparison if implemented. Another possible extension of the 
work would be to broaden the focus from missingness han- 
dling to various other design choices that may affect predic- 
tor performance, such as using random search in place of grid 

search or downsampling data to improve class balance. Ex- 
tending simulations by allowing MAR, MNAR, or informa- 
tive missingness and related experiments would also clarify 
the impact of missingness mechanism on imputation method 

choice. 

Potential implications 

We compared a variety of commonly used missingness han- 
dling methods in order to assess their suitability in building 
ML based variant pathogenicity metapredictors. The analy- 
sis will help pathogenicity predictor developers choose miss- 
ingness handling methods that maximize the performance of 
their tools, resulting in better accuracy, faster computation,
and lower costs. 

A c kno wledg ements 

Author contributions : J.P. conceived and supervised the study.
M.S. performed the study and prepared the manuscript. S.M.
performed testing and code review. S.M., I.S., K.M., V .F ., L.L.,
and J.P. reviewed and approved the manuscript. 

Supplementary data 

Supplementary data is available at NAR Genomics & Bioin- 
formatics online. 

Conflict of interest 

M.S., S.M., K.M., I.S., and J.P. were employed by Blueprint 
Genetics during the study. LL has received compensation as a 
scientific advisor for Blueprint Genetics. 

Funding 

No external funding. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf133#supplementary-data


Missing data handling for variant pathogenicity predictors 15 

D

T  

a  

1

R

 

 

1

1

1
 

1

1

1

1
 

1

1  

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/7/4/lqaf133/8285774 by Library of M

edical Faculty user on 21 O
ctober 2025
ata availability 

he result files from experiments described in this
rticle are available in the Zenodo repository, DOI
0.5281 / zenodo.6656616 [ 95 ]. 

eferences 

1. Richards S, Aziz N, Bale S et al. Standards and guidelines for the 
interpretation of sequence variants: a joint consensus 
recommendation of the American College of Medical Genetics and
Genomics and the Association for Molecular Pathology. Genet 
Med 2015; 17 :405–23. https:// doi.org/ 10.1038/ gim.2015.30 

2. Ng PC, Henikoff S. Predicting deleterious amino acid 
substitutions. Genome Res 2001; 11 :863–74.

3. Choi Y, Sims GE, Murphy S et al. Predicting the functional effect 
of amino acid substitutions and indels. PLoS One 2012; 7 :e46688. 
https:// doi.org/ 10.1371/ journal.pone.0046688 .

4. Schwarz JM, Rödelsperger C, Schuelke M et al. MutationTaster 
evaluates disease-causing potential of sequence alterations. Nat 
Methods 2010; 7 :575–6. https:// doi.org/ 10.1038/ nmeth0810-575 .

5. Schwarz JM, Cooper DN, Schuelke M et al. MutationTaster2: 
mutation prediction for the deep-sequencing age. Nat Methods 
2014; 11 :361–2. https:// doi.org/ 10.1038/ nmeth.2890 

6. Chun S, Fay JC. Identification of deleterious mutations within 
three human genomes. Genome Res 2009; 19 :1553–61. 
https:// doi.org/ 10.1101/ gr.092619.109 

7. Shihab HA, Gough J, Cooper DN et al. Predicting the functional, 
molecular, and phenotypic consequences of amino acid 
substitutions using hidden Markov models. Hum Mutat 
2013; 34 :57–65. https:// doi.org/ 10.1002/ humu.22225 

8. Yandell M, Huff C, Hu H et al. A probabilistic disease-gene finder 
for personal genomes. Genome Res 2011; 21 :1529–42. 
https:// doi.org/ 10.1101/ gr.123158.111 

9. Singleton MV, Guthery SL, Voelkerding KV et al. Phevor combines
multiple biomedical ontologies for accurate identification of 
disease-causing alleles in single individuals and small nuclear 
families. Am J Hum Genet 2014; 94 :599–610. 
https:// doi.org/ 10.1016/ j.ajhg.2014.03.010 

0. Khurana E, Fu Y, Colonna V et al. Integrative annotation of 
variants from 1092 humans: application to Cancer Genomics. 
Science 2013; 342 :1235587. 
https:// doi.org/ 10.1126/ science.1235587 

1. Robinson PN, Köhler S, Oellrich A et al. Improved exome 
prioritization of disease genes through cross-species phenotype 
comparison. Genome Res 2014; 24 :340–8. 
https:// doi.org/ 10.1101/ gr.160325.113 .

2. Javed A, Agrawal S, Ng PC. Phen-Gen: combining phenotype and 
genotype to analyze rare disorders. Nat Methods 2014; 11 :935–37.
https:// doi.org/ 10.1038/ nmeth.3046 

3. Peterson TA, Doughty E, Kann MG. Towards precision medicine: 
advances in computational approaches for the analysis of human 
variants. J Mol Biol 2013; 425 :4047–63. 
https:// doi.org/ https:// doi.org/ 10.1016/ j.jmb.2013.08.008 

4. Niroula A, Vihinen M. Variation interpretation predictors: 
principles, types, performance, and choice. Hum Mutat 
2016; 37 :579–97. https:// doi.org/ 10.1002/ humu.22987 

5. Eilbeck K, Quinlan A, Yandell M. Settling the score: variant 
prioritization and Mendelian disease. Nat Rev Genet 
2017; 18 :599–612. https:// doi.org/ 10.1038/ nrg.2017.52 

6. Li J, Zhao T, Zhang Y et al. Performance evaluation of 
pathogenicity-computation methods for missense variants. Nucleic
Acids Res 2018; 46 :7793–804. https:// doi.org/ 10.1093/ nar/ gky678 

7. Ghosh R, Oak N, Plon SE. Evaluation of in silico algorithms for 
use with ACMG / AMP clinical variant interpretation guidelines. 
Genome Biol 2017; 18 :225. 
https:// doi.org/ 10.1186/ s13059- 017- 1353- 5 

8. Ioannidis NM, Rothstein JH, Pejaver V et al. REVEL: an ensemble
method for predicting the pathogenicity of rare missense variants. 
Am J Hum Genet 2016; 99 :877–85. 
https:// doi.org/ https:// doi.org/ 10.1016/ j.ajhg.2016.08.016 

19. Kircher M, Witten DM, Jain P et al. A general framework for 
estimating the relative pathogenicity of human genetic variants. 
Nat Genet 2014; 46 :310–5. https:// doi.org/ 10.1038/ ng.2892 

20. Rentzsch P, Witten D, Cooper GM et al. CADD: predicting the 
deleteriousness of variants throughout the human genome. Nucleic
Acids Res 2018; 47 :D886–94. https:// doi.org/ 10.1093/ nar/ gky1016

21. Quang D, Chen Y, Xie X. DANN: a deep learning approach for 
annotating the pathogenicity of genetic variants. Bioinformatics 
2014; 31 :761–3. https:// doi.org/ 10.1093/ bioinformatics/ btu703 

22. Ionita-Laza I, McCallum K, Xu B et al. A spectral approach 
integrating functional genomic annotations for coding and 
noncoding variants. Nat Genet 2016; 48 :214–20. 
https:// doi.org/ 10.1038/ ng.3477 

23. Olatubosun A, Väliaho J, Härkönen J et al. PON-P: integrated 
predictor for pathogenicity of missense variants. Hum Mutat 
2012; 33 :1166–74. https:// doi.org/ 10.1002/ humu.22102 

24. Dong C, Wei P, Jian X et al. Comparison and integration of 
deleteriousness prediction methods for nonsynonymous SNVs in 
whole exome sequencing studies. Hum Mol Genet 
2014; 24 :2125–37. https:// doi.org/ 10.1093/ hmg/ ddu733 

25. Jagadeesh KA, Wenger AM, Berger MJ et al. M-CAP eliminates a 
majority of variants of uncertain significance in clinical exomes at 
high sensitivity. Nat Genet 2016; 48 :1581–6. 
https:// doi.org/ 10.1038/ ng.3703 

26. Li MX, Gui HS, Kwan JSH et al. A comprehensive framework for 
prioritizing variants in exome sequencing studies of Mendelian 
diseases. Nucleic Acids Res 2012; 40 :e53. 
https:// doi.org/ 10.1093/ nar/ gkr1257 

27. Li MJ, Pan Z, Liu Z et al. Predicting regulatory variants with 
composite statistic. Bioinformatics 2016; 32 :2729–36. 
https:// doi.org/ 10.1093/ bioinformatics/ btw288 

28. Little RJA, Rubin DB. Statistical Analysis with Missing Data . 2nd 
ed. Hoboken, New Jersey: John Wiley & Sons, Inc., 2002.

29. van Buuren S. Flexible Imputation of Missing Data . 2nd ed. New 

York: Chapman & Hall / CRC Interdisciplinary Statistics, CRC 

Press LLC, 2018.
30. Sarle WS. Prediction with missing inputs. In: JCIS’98 Proceedings, 

Vol.II . Research Triangle Park, Durham, North Carolina: 
Association for Intelligent Machinery, 1998, 399–402.

31. Ding Y, Simonoff JS. An investigation of missing data methods for
classification trees applied to binary response data. J Mach Learn 
Res 2010; 11 :131–70 

32. Shmueli G. To explain or to predict? Statist Sci 2010; 25 :289–310. 
https:// doi.org/ 10.1214/ 10-STS330 

33. Breiman L. Statistical modeling: the two cultures (with comments 
and a rejoinder by the author). Stat Sci 2001; 16 :199–231. 
https:// doi.org/ 10.1214/ ss/ 1009213726 

34. Jones MP. Indicator and stratification methods for missing 
explanatory variables in multiple linear regression. J Am Stat 
Assoc 1996; 91 :222–30.

35. Marlin BM. Missing data problems in machine learning, PhD 

thesis, University of Toronto. 2008.
36. Saar-Tsechansky M, Provost F. Handling missing values when 

applying classification models. J Mach Learn Res 2007; 8 :1623–57.
37. Rehm HL, Berg JS, Brooks LD et al. ClinGen – the clinical genome

resource. New Engl J Med 2015; 372 :2235–42. 
https:// doi.org/ 10.1056/ NEJMsr1406261 

38. Landrum MJ, Lee JM, Riley GR et al. ClinVar: public archive of 
relationships among sequence variation and human phenotype. 
Nucleic Acids Res 2013; 42 :D980–5. 
https:// doi.org/ 10.1093/ nar/ gkt1113 

39. Landrum MJ, Lee JM, Benson M et al. ClinVar: public archive of 
interpretations of clinically relevant variants. Nucleic Acids Res 
2015; 44 :D862–8. https:// doi.org/ 10.1093/ nar/ gkv1222 

40. Landrum MJ, Lee JM, Benson M et al. ClinVar: improving access 
to variant interpretations and supporting evidence. Nucleic Acids 
Res 2017; 46 :D1062–7. https:// doi.org/ 10.1093/ nar/ gkx1153 

https://doi.org/10.1038/gim.2015.30
https://doi.org/10.1371/journal.pone.0046688
https://doi.org/10.1038/nmeth0810-575
https://doi.org/10.1038/nmeth.2890
https://doi.org/10.1101/gr.092619.109
https://doi.org/10.1002/humu.22225
https://doi.org/10.1101/gr.123158.111
https://doi.org/10.1016/j.ajhg.2014.03.010
https://doi.org/10.1126/science.1235587
https://doi.org/10.1101/gr.160325.113
https://doi.org/10.1038/nmeth.3046
https://doi.org/10.1016/j.jmb.2013.08.008
https://doi.org/10.1002/humu.22987
https://doi.org/10.1038/nrg.2017.52
https://doi.org/10.1093/nar/gky678
https://doi.org/10.1186/s13059-017-1353-5
https://doi.org/10.1016/j.ajhg.2016.08.016
https://doi.org/10.1038/ng.2892
https://doi.org/10.1093/nar/gky1016
https://doi.org/10.1093/bioinformatics/btu703
https://doi.org/10.1038/ng.3477
https://doi.org/10.1002/humu.22102
https://doi.org/10.1093/hmg/ddu733
https://doi.org/10.1038/ng.3703
https://doi.org/10.1093/nar/gkr1257
https://doi.org/10.1093/bioinformatics/btw288
https://doi.org/10.1214/10-STS330
https://doi.org/10.1214/ss/1009213726
https://doi.org/10.1056/NEJMsr1406261
https://doi.org/10.1093/nar/gkt1113
https://doi.org/10.1093/nar/gkv1222
https://doi.org/10.1093/nar/gkx1153


16 Särkkä et al. 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/7/4/lqaf133/8285774 by Library of M

edical Faculty user on 21 O
ctober 2025
41. Core Team R. R: a language and environment for statistical 
computing. Vienna, Austria, 2019. https:// www.R-project.org/ (5 
September 2025, date last accessed).

42. Breiman L. Random Forests. Mach Learn 2001; 45 :5–32. 
https:// doi.org/ 10.1023/ A:1010933404324 

43. Li B, Krishnan VG, Mort ME et al. Automated inference of 
molecular mechanisms of disease from amino acid substitutions. 
Bioinformatics 2009; 25 :2744–50. 
https:// doi.org/ 10.1093/ bioinformatics/ btp528 

44. Capriotti E, Altman RB, Bromberg Y. Collective judgment predicts
disease-associated single nucleotide variants. BMC Genom 

2013; 14 :S2. https:// doi.org/ 10.1186/ 1471- 2164- 14- S3- S2 
45. Liaw A, Wiener M. Classification and regression by randomForest.

R News 2002; 2 :18–22 
46. Kuhn M. Building predictive models in R using the caret package. 

J Stat Softw Articles 2008; 28 :1–26. 
https:// doi.org/ 10.18637/ jss.v028.i05 

47. McLaren W, Gil L, Hunt SE et al. The Ensembl variant effect 
predictor. Genome Biol 2016; 17 . 
https:// doi.org/ 10.1186/ s13059- 016- 0974- 4 

48. Liu X, Jian X, Boerwinkle E. dbNSFP: a lightweight database of 
human nonsynonymous SNPs and their functional predictions. 
Hum Mutat 2011; 32 :894–9. https:// doi.org/ 10.1002/ humu.21517 

49. Liu X, Wu C, Li C et al. dbNSFP v3.0: a one-stop database of 
functional predictions and annotations for human 
nonsynonymous and splice-site SNVs. Hum Mutat 
2016; 37 :235–41. https:// doi.org/ 10.1002/ humu.22932 

50. Betel D, Koppal A, Agius P et al. Comprehensive modeling of 
microRNA targets predicts functional non-conserved and 
non-canonical sites. Genome Biol 2010; 11 :R90.

51. Chèneby J, Gheorghe M, Artufel M et al. ReMap 2018: an 
updated atlas of regulatory regions from an integrative analysis of 
DNA-binding ChIP-seq experiments. Nucleic Acids Res 
2018; 46 :D267–75.

52. Buuren SV, Brand JPL, Groothuis-Oudshoorn CGM et al. Fully 
conditional specification in multivariate imputation. J Stat 
Comput Simul 2006; 76 :1049–64. 
https:// doi.org/ 10.1080/ 10629360600810434 

53. van Buuren S. Multiple imputation of discrete and continuous data
by fully conditional specification. Stat Methods Med Res 
2007; 16 :219–42. https:// doi.org/ 10.1177/ 0962280206074463 

54. van Buuren S, Groothuis-Oudshoorn K. mice: multivariate 
imputation by chained equations in R. J Stat Softw Articles 
2011; 45 :1–67. https:// doi.org/ 10.18637/ jss.v045.i03 

55. Oba S, Sato Ma, Takemasa I et al. A Bayesian missing value 
estimation method for gene expression profile data. Bioinformatics
2003; 19 :2088–96. https:// doi.org/ 10.1093/ bioinformatics/ btg287 

56. Stekhoven DJ, Buehlmann P. MissForest – non-parametric missing 
value imputation for mixed-type data. Bioinformatics 
2012; 28 :112–8.

57. Stacklies W, Redestig H, Scholz M et al. pcaMethods—a 
bioconductor package providing PCA methods for incomplete 
data. Bioinformatics 2007; 23 :1164–7. 
https:// doi.org/ 10.1093/ bioinformatics/ btm069 

58. Torgo L. Data Mining with R, learning with case studies. 
Chapman and Hall / CRC, 2010. R package version 0.4.1. 
https:// www.dcc.fc.up.pt/ ∼ltorgo/ DataMiningWithR/ (5 
September 2025, date last accessed).

59. Stekhoven DJ. missForest: nonparametric missing value 
imputation using Random Forest. 2013. R package version 1.4. 
https:// cran.r-project.org/ package=missForest (5 September 2025, 
date last accessed).

60. Bischl B, Lang M, Kotthoff L et al. Machine Learning in R. J Mach
Learn Res 2016; 17 :1–5 

61. Schouten RM, Lugtig P, Vink G. Generating missing values for 
simulation purposes: a multivariate amputation procedure. J Stat 
Comput Sim 2018; 88 :2909–30. 
https:// doi.org/ 10.1080/ 00949655.2018.1491577 
62. Chicco D, Jurman G. The advantages of the Matthews correlation 
coefficient (MCC) over F1 score and accuracy in binary 
classification evaluation. BMC Genom 2020; 21 :6. 
https:// doi.org/ 10.1186/ s12864- 019- 6413- 7 

63. Knaus BJ, Grünwald NJ. VCFR: a package to manipulate and 
visualize variant call format data in R. Mol Ecol Resources 
2017; 17 :44–53 

64. Rowe BLY. futile.logger: a logging utility for R. 2016. R package 
version 1.4.3. https:// CRAN.R-project.org/ package=futile.logger 
(5 September 2025, date last accessed).

65. Wickham H, Henry L. tidyr: easily tidy data with ‘spread()’ and 
‘gather()’ functions. 2019. R package version 0.8.3. 
https:// CRAN.R-project.org/ package=tidyr (5 September 2025, 
date last accessed).

66. Müller K. here: a simpler way to find your files. 2017. R package 
version 0.1. https:// CRAN.R-project.org/ package=here (5 
September 2025, date last accessed).

67. Bache SM, Wickham H. magrittr: a forward-pipe operator for R. 
2014. R package version 1.5. 
https:// CRAN.R-project.org/ package=magrittr (5 September 2025, 
date last accessed).

68. Kassambara A. ggcorrplot: visualization of a correlation matrix 
using ‘ggplot2’. 2019. R package version 0.1.3. 
https:// CRAN.R-project.org/ package=ggcorrplot (5 September 
2025, date last accessed).

69. Microsoft, Weston S. foreach: provides foreach looping construct 
for R. 2017. R package version 1.4.4. 
https:// CRAN.R-project.org/ package=foreach (5 September 2025, 
date last accessed).

70. Corporation M, Weston S. doParallel: foreach parallel adaptor for 
the ‘parallel’ package. 2018. R package version 1.0.14. 
https:// CRAN.R-project.org/ package=doParallel (5 September 
2025, date last accessed).

71. Wickham H. ggplot2: elegant graphics for data analysis. New 

York: Springer-Verlag. 2016. R package version 3.2.0. 
https:// ggplot2.tidyverse.org/ (5 September 2025, date last 
accessed).

72. Analytics R, Weston S. iterators: provides iterator construct for R. 
2018. R package version 1.0.10. 
https:// CRAN.R-project.org/ package=iterators (5 September 2025,
date last accessed).

73. Gaujoux R. doRNG: generic reproducible parallel backend for 
‘foreach’ loops. 2018. R package version 1.7.1. 
https:// CRAN.R-project.org/ package=doRNG (5 September 2025, 
date last accessed).

74. Gaujoux R. rngtools: utility functions for working with random 

number generators. 2019. R package version 1.4. 
https:// CRAN.R-project.org/ package=rngtools (5 September 2025, 
date last accessed).

75. Sarkar D. Lattice: multivariate data visualization with R. New 

York: Springer, 2008. R package version 0.20-38. 
http://lmdvr.r -forge.r -project.org (5 September 2025, date last 
accessed).

76. Weston S, Wickham H. itertools: iterator tools. 2014. R package 
version 0.1-3. https:// CRAN.R-project.org/ package=itertools (5 
September 2025, date last accessed).

77. Hunt T. ModelMetrics: rapid calculation of model metrics. 2018. 
R package version 1.2.2. 
https:// CRAN.R-project.org/ package=ModelMetrics (5 September 
2025, date last accessed).

78. Wickham H. stringr: simple, consistent wrappers for common 
string operations. 2019. R package version 1.4.0. 
https:// CRAN.R-project.org/ package=stringr (5 September 2025, 
date last accessed).

79. Auguie B. gridExtra: miscellaneous functions for ‘Grid’ graphics. 
2017. R package version 2.3. 
https:// CRAN.R-project.org/ package=gridExtra (5 September 
2025, date last accessed).

https://www.r-project.org/
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1093/bioinformatics/btp528
https://doi.org/10.1186/1471-2164-14-S3-S2
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.1186/s13059-016-0974-4
https://doi.org/10.1002/humu.21517
https://doi.org/10.1002/humu.22932
https://doi.org/10.1080/10629360600810434
https://doi.org/10.1177/0962280206074463
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.1093/bioinformatics/btg287
https://doi.org/10.1093/bioinformatics/btm069
https://www.dcc.fc.up.pt/\protect $\relax \sim $ltorgo/DataMiningWithR/
https://cran.r-project.org/package=missForest
https://doi.org/10.1080/00949655.2018.1491577
https://doi.org/10.1186/s12864-019-6413-7
https://cran.r-project.org/package=futile.logger
https://CRAN.R-project.org/package=tidyr
https://CRAN.R-project.org/package=here
https://CRAN.R-project.org/package=magrittr
https://CRAN.R-project.org/package=ggcorrplot
https://CRAN.R-project.org/package=foreach
https://CRAN.R-project.org/package=doParallel
https://ggplot2.tidyverse.org/
https://CRAN.R-project.org/package=iterators
https://CRAN.R-project.org/package=doRNG
https://CRAN.R-project.org/package=rngtools
http://lmdvr.r-forge.r-project.org
https://CRAN.R-project.org/package=itertools
https://CRAN.R-project.org/package=ModelMetrics
https://CRAN.R-project.org/package=stringr
https://CRAN.R-project.org/package=gridExtra


Missing data handling for variant pathogenicity predictors 17 

8

8  

8

8
8

8

8

8

 

R
©
T
d

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/articl
0. with contributions by Antoine Lucas DE, Tuszynski J, Bengtsson 
H et al. digest: create compact hash digests of R objects. 2019. R 

package version 0.6.20. 
https:// CRAN.R-project.org/ package=digest (5 September 2025, 
date last accessed).

1. Henry L, Wickham H. purrr: functional programming tools. 2019.
R package version 0.3.2. 
https:// CRAN.R-project.org/ package=purrr (5 September 2025, 
date last accessed).

2. from Jed Wing MKC, Weston S, Williams A et al. caret: 
classification and regression training. 2019. Last accessed: 
September 5th, 2025, R package version 6.0-84. 
https:// CRAN.R-project.org/ package=caret (5 September 2025, 
date last accessed).

3. Wickham H. testthat: get started with testing. R J 2011; 3 :5–10.
4. Meyer D, Dimitriadou E, Hornik K et al. e1071: misc functions of 

the department of statistics, probability theory group (formerly: 
E1071), TU Wien. 2019. R package version 1.7-2. 
https:// CRAN.R-project.org/ package=e1071 (5 September 2025, 
date last accessed).

5. Huber W, Carey VJ, Gentleman R et al. Orchestrating 
high-throughput genomic analysis with Bioconductor. Nat 
Methods 2015; 12 :115–21.

6. Morgan M. BiocManager: access the bioconductor project 
package repository. 2018. R package version 1.30.4. 
https:// CRAN.R-project.org/ package=BiocManager (5 September 
2025, date last accessed).

7. Žiberna A, Marjan C. multiUS: functions for the courses 
multivariate analysis and computer intensive methods. 2023. R 

package version 1.2.3. 
eceived: March 25, 2025. Revised: August 21, 2025. Accepted: August 24, 2025 
The Author(s) 2025. Published by Oxford University Press. 

his is an Open Access article distributed under the terms of the Creative Commons Attribution Lice
istribution, and reproduction in any medium, provided the original work is properly cited. 
https:// doi.org/ 10.32614/ CRAN.package.multiUS (5 September 
2025, date last accessed).

88. Chen T, He T, Benesty M et al. xgboost: extreme gradient 
boosting. 2025. R package version 1.7.11.1. 
https:// doi.org/ 10.32614/ CRAN.package.xgboost (5 September 
2025, date last accessed).

89. Wright MN, Ziegler A. ranger: a fast implementation of random 

forests for high dimensional data in C++ and R. J Stat Softw 

2017; 77 :1–17. https:// doi.org/ 10.18637/ jss.v077.i01 
90. Couture-Beil A. rjson: JSON for R. 2024. R package version 

0.2.23. https:// doi.org/ 10.32614/ CRAN.package.rjson (5 
September 2025, date last accessed).

91. Poulos J, Valle R. Missing data imputation for supervised learning.
Appl Artif Intell 2018; 32 :186–96. 
https:// doi.org/ 10.1080/ 08839514.2018.1448143 

92. Perez-Lebel A, Varoquaux G, LeMorvan M et al. Benchmarking 
missing-values approaches for predictive models on health 
databases. GigaScience 2022; 11 :giac013. 
https:// doi.org/ 10.1093/ gigascience/ giac013 

93. Grimm DG, Azencott CA, Aicheler F et al. The evaluation of tools 
used to predict the impact of missense variants is hindered by two 
types of circularity. Hum Mutat 2015; 36 :513–23. 
https:// doi.org/ 10.1002/ humu.22768 

94. Mahmood K, Jung Ch, Philip G et al. Variant effect prediction 
tools assessed using independent, functional assay-based datasets: 
implications for discovery and diagnostics. Hum Genom 

2017; 11 :10. https:// doi.org/ 10.1186/ s40246- 017- 0104- 8 
95. Särkkä M, Myöhänen S, Marinov K et al. Comparison of missing 

data handling methods for variant pathogenicity predictors. 
Zenodo, 2022. https:// doi.org/ 10.5281/ zenodo.6656616 
nse (https: // creativecommons.org / licenses / by / 4.0 / ), which permits unrestricted reuse, 

e/7/4/lqaf133/8285774 by Library of M
edical Faculty user on 21 O

ctober 2025

https://CRAN.R-project.org/package=digest
https://CRAN.R-project.org/package=purrr
https://CRAN.R-project.org/package=caret
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=BiocManager
https://doi.org/10.32614/CRAN.package.multiUS
https://doi.org/10.32614/CRAN.package.xgboost
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.32614/CRAN.package.rjson
https://doi.org/10.1080/08839514.2018.1448143
https://doi.org/10.1093/gigascience/giac013
https://doi.org/10.1002/humu.22768
https://doi.org/10.1186/s40246-017-0104-8
https://doi.org/10.5281/zenodo.6656616

	Introduction
	Materials and methods
	Results
	Discussion
	Potential implications
	Acknowledgements
	Supplementary data
	Conflict of interest
	Funding
	Data availability
	References

