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Single nucleotide variants (SNVs) are single base substitutions that could influence many biological functions in
the cell including gene expression, protein folding, and protein-protein interactions among many others. Thus,
predictions of functional effects of cancer-related variants are crucial for drug responses and treatment options in
clinical oncology. Experimental identification of these effects could be slow, inefficient, and inconvenient, hence
in silico methods are gaining popularity in predicting the variants’ effects. There are many studies on the cancer
variants, however, up to date, none of these have been aimed to assess the performance metrics of in silico
pathogenicity methods on functional relevance of cancer variants obtained from ClinVar. To this end, we
examined the pathogenicity predictions of cancer-related variant datasets of 8 cancer types (bladder, breast,
colon, colorectal, kidney, liver, lung, and pancreas cancer) retrieved from ClinVar using 13 different in silico
methods including SIFT, CADD, FATHMM-weighted, FATHMM-unweighted, GERP++, MetaSVM, Mutation
Assessor, MutationTaster, MutPred, PolyPhen-2, Provean, Revel and VEST4. A combination of statistical per-
formance metric analysis, prediction distribution frequency data and ROC curve analysis results have suggested
that; among all in silico prediction tools, top three tools with the highest discriminatory power were found to be
MutPred (AUC = 0.677), MetaSVM (AUC = 0.645) and Revel (AUC = 0.637).

1. Introduction

The widespread use of next-generation sequencing (NGS) and single
nucleotide variant array technologies in clinical diagnosis has resulted
in the discovery of an increasing number of single nucleotide variants
(SNVs) [1,2]. Both genome-wide association studies (GWAS) and
candidate gene association studies provide valuable insights about SNVs
[3], but other challenges, such as classification and prediction of func-
tional effects of the variants have emerged [4]. As functional classifi-
cation of variants with experimental methods can be time-consuming
and labor-intensive, computational predictor tools and algorithms are
gaining more popularity for identifying pathogenic variants based on
biochemical and biological features [5]. Currently (February 2022),
there are more than 1.9 million germline variants submitted in ClinVar
[6], and more than 23 million somatic variants in COSMIC (the Cata-
logue Of Somatic Mutations In Cancer) [7]. Continuous increase in the
submission of disease-related variants to the publicly available data-
bases create the necessity of developing functional prediction compu-
tational tools [8,9]. Investigation of functional effects of variants on
molecular mechanisms and disease pathogenesis is vital for genesis and

* Corresponding author.

prognosis of many diseases including cancer [10]. Relationship between
cancer phenotype and molecular mechanism of variants remains unclear
despite the presence of panel gene sequencing of cancer-related genes
with NGS [11,12].

SNVs are the most common cause of differences in human genomes
that can influence biological functions in the cell such as gene expres-
sion, disease susceptibility and protein-protein interactions among other
things [13,14]. The variants can result in beneficial, neutral or negative
effects on the phenotypic consequences and are defined as benign,
neutral or pathogenic, respectively [15,16]. Benign and neutral variants
generally have mild to tolerable or beneficial effects, whereas most
pathogenic variants cause damaging effects on individuals and lead to
decrease the frequency of these individuals in population [17]. There-
fore, benign variants are transmitted through generations and are found
at high frequencies among the population [18,19].

There are several country-specific consensus guidelines for the
interpretation and classification of variants such as American College of
Medical Genetics (ACMG) [20] and UK Association for Clinical Genomic
Science (UK-ACGS) [21]. Other guidelines for the clinical interpretation
of cancer related variants have been created by the Association for
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Molecular Pathology (AMP), American Society of Clinical Oncology
(ASCO) and College of American Pathologists (CAP) [22]. As a major
classification, cancer variants are generally divided into somatic and
germline variants based on cell type and location in the body [23]. In
clinical oncology, somatic variants have received more attention than
germline variants since they have a more influence on drug responses
and treatment options [24]. Both somatic and germline variants have
recently been thought to be important in drug sensitivity, toxicity and
selection, and thus affect cancer pathogenesis [25,26]. Another valid
classification for cancer variants is dividing them as ‘driver’ or ‘pas-
senger’. Driver variants are the ones that provide a biological benefit to
the tumor cell, whereas passenger variants do not contribute to tumor
progression and are only significant for increased mutation rates and
loss of cell division control [24,25].

The ACMG, UK-ACGS, and AMP-ASCO-CAP guidelines all recom-
mend using in silico tools and algorithms for the prediction and classi-
fication of variants in clinics. In silico predictor algorithms and tools use
different methodologies that are classified as consensus-based tools,
sequence-structure based tools, sequence homology-based tools and
ensemble-supervised learning-based tools [16,27]. These methods
generally include evolutionary, structure- and sequence-based parame-
ters to gain insights on the impact of variants [28]. PolyPhen-2 [29],
FATHMM [30], GERP++ [31] and MutationTaster [32] are examples of
sequence-structure based tools. SIFT [33], Provean [34] and Mutation
Assessor [35] are examples of sequence-homology based tools. CADD
[36], MutPred [37], Revel [38], VEST4 [39], and meta-SVM [40] are
examples of ensemble-supervised learning based tools. Meta-SNP [41]
and PredictSNP [42] are example of consensus-based tools.

The need for a curated variant database arose upon generation of
large amount of data using NGS [43]. Therefore, many variation data-
bases have been created for the collection, curation and organization of
the variants to help the bioinformaticians, clinicians and experimen-
talists [44,45]. The majority of disease-causing variants, including
cancer variants, have been compiled in open variation databases such as
ClinVar [6] and the genome aggregation database (gnomAD) [46,47].
ClinVar [6] is the most comprehensive variation database that includes
clinical consequence data as well as genotype and disease information of
variations. Furthermore, it gathers data from variant submissions with
clinically or experimentally observations, and computes a cumulative
interpretation to determine whether there is agreement or disagreement
among submitters [6,48]. Although many cancer variants have been
deposited into this database, a large group of these variants do not have
true interpretation and classification [49]. Misinterpretation problem of
cancer variants lead to several problems in clinics such as wrong clinical
diagnosis, faulty pathogenicity effect mechanism of the variants and
outdated submissions [50]. In addition, there are many variants in
human variation databases whose clinical implications, interpretation,
or classification have been unknown and are referred to as “variants of
uncertain significance (VUS)” [51].

Performance assessment of in silico prediction tools [48,52]; [17,51,
53,54] have been conducted with different benchmark variant datasets
that use different set of tools. Several challenges were reported due to
the high number of variants and prediction tools. A remarkable issue has
arisen due to over-fitting of variant interpretation data, as the predictor
tools’ algorithms are trained with redundant data [48,55]. Another
challenge is that the performance of a tool can vary significantly
depending on the dataset type [17,56]. To eliminate both over-fitting
and tool performance variability, datasets from online variation data-
bases such as gnomAD [46], dbSNP [57], the 1000 Genomes Project
[58] and ClinVar [6] have been proposed. Variant datasets were also
classified according to their purpose such as effect-specific datasets,
molecule-specific datasets and disease-specific datasets [59].
Cancer-specific datasets are disease-specific datasets that consist of
cancer-related variations [60]. Since experimental verification of func-
tional effects of cancer variations is generally missing, cancer-specific
datasets do not contain many genes and variants [60-65]. Also,
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several molecular-specific datasets, including KinMutBase [66], KinMut
[67], Kin-Driver [68], consist of several cancer variations.

There exist numerous studies on cancer variants [69-72] but, to date,
none of these aimed to assess the functional relevance of cancer variants
obtained from ClinVar [6] by using different in silico pathogenicity
methods. To this end, we aimed to examine the functional effects of
cancer-related variants with known clinical significance and VUSs from
8 different cancer types (bladder, breast, colon, colorectal, kidney, liver,
lung and pancreas cancer) retrieved from ClinVar [6] using 13 different
in silico methods. Also, we have evaluated the performance metrics of
these tools on cancer-related variants from ClinVar.

2. Materials-methods
2.1. Retrieval of variants and formation of cancer datasets

Dataset in this study was created in January 2021 based on ClinVar
[6] for 8 different cancer types; including bladder, breast, colon, colo-
rectal, kidney, liver, lung, and pancreas cancers resulting in a total of
17549 variants. As a search keyword “cancer type” was used, “missense”
molecular consequences were chosen, and variation type was set to
“single nucleotide” when retrieving data from ClinVar. Furthermore,
variants were filtered based on their ClinVar review status, with those
with a “No assertion criteria” review status being removed. Duplicate
variants were also excluded from the dataset. The dataset was split into
two groups as variants with known clinical significance and VUSs. De-
tails of the final dataset used in this study are given in Table 1.

2.2. Prediction scores of variants from in silico prediction tools

For each dataset, the functional effects of the variants were predicted
using 13 in silico tools, including SIFT [33], CADD [36],
FATHMM-weighted [30], FATHMM-unweighted [30], GERP++ [31],
MetaSVM [40], Mutation Assessor [35], MutationTaster [32], MutPred
[37], PolyPhen-2 [29], Provean [34], Revel [38] and VEST4 [39].
Pathogenicity scores of Provean [34], FATHMM-weighted [30] and
FATHMM-unweighted [30] were obtained using these tools’ own web-
sites. Other tools were annotated via Variant Effect Predictor (VEP) [73].
While SIFT [33], CADD [36] and PolyPhen-2 [29] scores were generated
through tools’ own modules in VEP platform, remaining tools’ scores
were annotated using dbNSFP [74] modules in VEP. When the tools did
not return any scores for a variant, it is indicated as “Not found”. All the
scores were converted into binary functional effect predictions as
“Benign” and “Pathogenic” according to each tools’ pathogenicity
thresholds (Table 2). The pathogenicity prediction frequencies of vari-
ants in each cancer dataset were calculated based on this binary
classification.

Table 1
The number of variants and genes of each cancer dataset retrieved from ClinVar

[6].

Cancer Number of Number of Number of Number
type variants with variants with total of genes
known uncertain variants
significance significance
Bladder 362 966 1328 50
Breast 1559 6101 7660 98
Colon 658 3931 4588 46
Colorectal 137 1888 2025 73
Kidney 246 440 686 42
Liver 85 115 201 29
Lung 114 788 902 12
Pancreas 86 74 160 24
Cancer 3246 14303 17550 257
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Table 2

Pathogenicity score thresholds of 13 in silico prediction tools used in this study.
Tool Name Pathogenicity Threshold Ref.
SIFT Pathogenic <0.05 [33]
CADD Pathogenic >15 [36]
FATHMM-weighted Pathogenic < —1.5 [30]
FATHMM-unweighted Pathogenic < —3 [30]
GERP++ Pathogenic >0 [31]
MetaSVM Pathogenic >0.08207 [40]
Mutation Assessor Pathogenic >1.9 [35]
MutationTaster Pathogenic >0.31733 [32]
MutPred Pathogenic >0.5 [37]
PolyPhen-2 Pathogenic >0.446 [29]
Provean Pathogenic <2.5 [34]
Revel Pathogenic >0.5 [38]
VEST4 Pathogenic >0.75 [39]

2.3. Tool performance assessment and statistical analysis of predictions
and scores

ClinVar’s clinical consequence data is converted into a binary clas-
sification form as “Benign” and “Pathogenic” as well. For the perfor-
mance assessment of in silico tools and statistical classification of
variants in different cancer datasets, several metrics such as accuracy,
precision, specificity, sensitivity, negative predictive value (NPV),
Matthews correlation coefficient (MCC) and false positive rate were
utilized with a confusion (contingency) matrix. These performance
metrics were evaluated via comparing each tools’ predictions with
clinical consequence data obtained from ClinVar [6]. Performance
metrics were only evaluated for the group of variants with known
clinical significance, not for VUSs. The following equations were used,
where true positives, true negatives, false positives, and false negatives
were shortened as TP, TN, FP, and FN, respectively.

TP + TN
Accuracy = —————————
TP+ TN + FP + FN
Precision = i
- TP+FP
N
Specificty = ———
pecificty IN + FP
.. TP
Sensitivty = ———
TP + FN

N
Negative predictive value (NPV):m

TP x TN — FN x FP
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the group of variants with known clinical significance.

Correlations between the tools’ prediction scores in both groups of
variants with known clinical significance and VUSs were calculated
using Spearman’s rank correlation coefficient method, and heat-maps
were created with the Seaborn statistical Python package [76].

3. Results and discussion
3.1. Information about variants in cancer datasets

The dataset (n = 17549) was created from ClinVar for 8 different
cancer types including; bladder (n = 1328), breast (n = 7660), colon (n
= 4588), colorectal (n = 2025), kidney (n = 686), liver (n = 200), lung
(n = 902) and pancreas (n = 160) cancer. The dataset was split into two
groups as variants with known clinical significance (n = 3246) and VUSs
(n = 14303). For each cancer dataset, gene distribution data (Supple-
mentary Figure-1 and Supplementary Tables 1-8) revealed that the
number of tumor suppressor genes is greater than the number of onco-
genes among the top 10 genes of each cancer datasets. These same genes
were also found to exist in Cancer Gene Census (CGC) [77], which is a
curated gene catalogue involving cancer driving mutations in human.
This finding confirms the validity of using an open dataset as well.

Distribution of the clinical significance data of the variants as ob-
tained from ClinVar is displayed in Figure-1 and Supplementary Figure-
2. To detect the effect of VUS on the performance of the tools, variants
with uncertain significance were filtered out in from the group of vari-
ants with known significance (Figure-1A). In the dataset, variants con-
taining a ‘Pathogenic’ keyword in their clinical significance were
considered as ‘Pathogenic’, while variants with ‘Benign’ keywords were
considered as ‘Benign’. The distribution of clinical significance in each
dataset showed that the highest pathogenic variant percentage is
observed in breast cancer (84%, n = 1304), while liver cancer dataset
has the lowest (49%, n = 42).

3.2. Pathogenicity prediction frequencies and prediction scores of the
variants obtained from in silico tools

For the evaluation of in silico prediction tools, we compared the
features and sources used in these tools in detail (Table-3). Initially,
features and sources were evaluated in five broad categories: DNA
sequence, biological function, protein, epigenetics, and transcriptomics.
Each category includes sub-topic(s) that are used as parameters in the
prediction score calculation. All the other tools use a sequence conser-
vation/identity score. On the other hand, only CADD [36] and GERP++
[31] use the epigenetic and transcriptomics sources and features.

From a general perspective, the prediction distribution frequencies
of the variants obtained from in silico tools revealed that the benign

Matthews correlation coefficient (MCC)=

False positive rate (FPR)=1 — Specificity

Receiver operating characteristic (ROC) curve analysis was per-
formed using roc curve() function in Scikit-learn [75], a Python package
for machine learning, to assess the discrimination power of each tool for
the pathogenicity of variants. For this purpose, this analysis was carried
out showing the performance metrics in different classification thresh-
olds of each in silico method. ROC curve analysis was performed only for

\/(TP + FN)(TP + FP)(TN + FN)(IN + FP)

variant frequencies of GERP++ (19%, n = 614) [31], Mutation Assessor
(30%, n = 983) [35], CADD (31%, n = 998) [36] and MutPred (31%, n
=1000) [37] give the most similar results to ClinVar (22%, n = 713) in
variants with known clinical significance dataset (Figure-2A). The only
feature in scoring and classification that these tools have in common is
the sequence conservation/identity score (Table-3), since most predic-
tion tools rely on sequence conservation score in evolutionary aspect to
predict the pathogenicity effects [14,78]. Functional annotation in
variation databases and protein domain information are other common
features among MutPred [37] and CADD [36] except GERP++ [31] and
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Fig. 1. The distribution of pathogenicity of

A = || E E:‘s";‘“‘ B each cancer datasets A) variants with known
) clinical significance group and B) all variants
in each cancer datasets separately. Cancer
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Table 3
Features and sources of in silico prediction tools’ scoring and classification.
SIFT M.A* M.P* Cc* Revel A M.T* M.S* G* Pro* Poly* F-W* F-U*
DNA sequence Sequence conservation/identity score X X X X X X X X X X X X X
Predicted mutational rate X X X X
Biological Function  Functional annotation in variation database X X X X X X
Protein Protein domain X X X X X X X X
Residue function information X X X
Protein-specific functional properties X X X X X
Physiochemical parameters X X X X
Epigenetics Epigenetic Factors X
Transcriptomics Regulatory DNA/RNA sequence information X X
Gene expression information X

eM.A: Mutation Assessor, M.P: MutPred, C: CADD, V: VEST4, M.T: Mutation Taster, M.S: MetaSVM, G: GERP-++, Pro: Provean, Poly:PolyPhen-2, F-W:FATHMM-
weighted, F-U:FATHMM-unweighted.
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Fig. 2. The frequency distributions of pathoge-
nicity predictions of A) variants with known
clinical significance and B) VUSs in all cancer
datasets. The pathogenicity scores of variants
with known clinical significance (n = 3246) and
VUSs (n = 14303) were retrieved from 13
different in silico tools. When no scores were
returned from the tools for a variant, it is anno-
tated as “Not found”. After retrieval of pathoge-
nicity scores, the scores were annotated as
“Benign” (blue) and “Pathogenic” (red) according
to each tools’ pathogenicity thresholds.

Table 4
Performance assessment metrics of in silico tools and statistical classification of variants with known clinical significance group according to each tool’s pathogenicity
threshold.
True Positive True Negative False Positive False Negative Accuracy Precision Sensitivity Specificity NPV MCC FPR(1-Sensitivity)

SIFT 540 493 129 1326 0.415 0.807 0.289 0.793 0.271 0.047 0.207

M.A 928 260 167 723 0.572 0.847 0.562 0.609 0.264 0.091 0.391

M.P 943 211 90 789 0.568 0.913 0.544 0.701 0.211 0.096 0.299

CADD 1800 267 440 731 0.638 0.804 0.711 0.378 0.268 0.067 0.622

Revel 1158 519 171 1362 0.522 0.871 0.46 0.752 0.276 0.107 0.248

VEST4 930 516 115 1326 0.501 0.89 0.412 0.818 0.28 0.116 0.182

M.T 1596 376 317 926 0.613 0.834 0.633 0.543 0.289 0.107 0.457

M.S 1060 561 127 1459 0.505 0.893 0.421 0.815 0.278 0.117 0.185

GERP 2059 151 543 463 0.687 0.791 0.816 0.218 0.246 0.038 0.782

Poly 1250 423 211 1113 0.558 0.856 0.529 0.667 0.275 0.103 0.333

F-W 637 88 255 151 0.641 0.714 0.808 0.257 0.368 0.088 0.743

F-U 478 206 137 310 0.605 0.777 0.607 0.601 0.399 0.156 0.399

Provean 573 276 104 897 0.459 0.846 0.39 0.726 0.235 0.055 0.274

M.A: Mutation Assessor, M.P: MutPred, M.T: Mutation Taster, M.S: MetaSVM, F-W:FATHMM-weighted, F-U:FATHMM-unweighted, NPV: Negative predictive value,
MCC: Matthews correlation coefficient, FPR: False positivity rate.
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Fig. 3. Heatmap of performance assessment metrics of variants with known clinical significance. M.A: Mutation Assessor, M.P: MutPred, M.T: Mutation Taster, M.S:
MetaSVM, F-W:FATHMM-weighted, F-UW:FATHMM-unweighted, NPV: Negative predictive value, MCC: Matthews correlation coefficient, FPR: False positivity rate.
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Fig. 4. Receiver operating characteristic (ROC) curve analysis of variants with known clinical significance group with 13 different in silico tools The ROC curve
analysis was done via using Scikit-learn [75], a Python package for machine learning.
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Mutation Assessor [35]. Functional annotation from biological function
information was demonstrated to boost the variant effect analysis in
both common and rare variants in genetic association studies, thus this
feature was utilized in several tools [79]. Protein domain analysis can
support variant pathogenicity prediction via investigation of variants in
protein families with similar domain functionality [80]. In VUS group,
the prediction frequencies of the variants are generally close to the
known clinical significance group for each tool (Figure-2B).

3.3. The performance assessment and statistical classification of in silico
tools in cancer associated variant datasets

Initially, performance assessment metrics of in silico tools and the
statistical classification of variants were analyzed using pathogenicity
thresholds defined for each tool as given in literature. The performance
assessment metrics of variants with known clinical significance group
were formed via confusion (contingency) matrix method in all cancer
and different cancer types (Table-4,Supplementary Table-9). Heatmaps
are used to display the metrics of both datasets (Figure-3, Supplemen-
tary Figure-4). Accordingly, the top three tools with the highest sensi-
tivity values in variants with known clinical significance group were
GERP++ (0.820), FATHMM-weighted (0.810) and CADD (0.710).
However, the top three tools with highest specificity values were VEST4
(0.820), MetaSVM (0.820) and SIFT (0.790). Tools or tests with
powerful performance should have higher specificity and sensitivity
values at same time [81,82]. Besides this, these values in powerful tools
should also be balanced indicating their ratio to each other is close to 1.
Among 13 tools used in this study, MutPred, Mutation Assessor and
MutationTaster displayed a balanced and high value of
sensitivity-specificity, while also having high accuracy values. Thus, it
can be deduced that the thresholds of the tools suggested by the authors
would not be proper for this dataset due to the low specificity and
sensitivity values, so more precise thresholds are needed for this kind of
variant datasets [51,54]. To assess performance, Matthews Correlation
Coefficient (MCC) is another metric that shows the degree of correlation
between observed and predicted binary classification [83]. According to
Figure-3, FATHMM-unweighted, MetaSVM and VEST4 have the highest
MCC values thus these methods have stronger positive correlations be-
tween observed and predicted binary predictions of the methods.

The discriminatory power of the tools was compared via ROC curve
analysis in variants with known clinical significance (Figure-4, Supple-
mentary Figure-5). Among all in silico prediction tools, top three tools
with the highest discriminatory power were found to be MutPred (AUC
= 0.677), MetaSVM (AUC = 0.645) and Revel (AUC = 0.637). When
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ROC curve analysis, performance metrics and prediction distribution
frequency results are combined, these tools are found to exhibit the best
overall performance. We can conclude that ensemble and supervised
learning-based methods have generally higher discriminatory powers
than other prediction methods in the prediction of ClinVar cancer-
related variant datasets.

3.4. Correlation of the normalized mean scores of the in silico methods

For both VUSs and variants with known clinical significance groups,
we calculated Spearman’s rank correlation of prediction scores to find
out which tool’s scores are correlated (Figure-5). First group consists of
Mutation Assessor, MutPred, CADD, Revel, VEST4, MutationTaster,
MetaSVM, GERP++, PolyPhen, and the other group comprises of Pro-
vean, SIFT, FATHMM-weighted and FATHMM-unweighted. In both
datasets, 2 tool groups (in Figure-5, marked with dashed squared and
straight line squared) were positively correlated within each other and
negatively correlated with the other. The first group generally consists of
ensemble and supervised learning-based tools, and second group con-
tains sequence conservation or sequence-structure based tools or algo-
rithms. In literature, ensemble and supervised learning methods like
MetaSVM and Revel were suggested to be highly correlated with ClinVar
deleterious variant dataset [17,51]. Also, another study on correlation
analysis of cancer mutations indicate that the algorithms derived from
the same study or features end up being correlated [11]. The superiority
of the ensemble and supervised learning methods depend on using a
combination of multiple predictive features but sequence-structure
based methods can only utilize very few parameters such as DNA or
protein sequence conservation, biochemical features etc. [38]. In the
literature, ensemble and supervised learning methods were recom-
mended to be used for disease-related variants to increase the predictive
power [16,84,85].

4. Conclusion

Identifying the functional effects of cancer-related variants are the
most common purpose in the era of precision cancer medicine. Many
studies have aimed to assess the performance of prediction tools and
cancer related variants [69-72] however, to date, none of these aimed to
assess the functional relevance of cancer variants obtained from ClinVar
[6]. In addition, detailed analysis of cancer related variants from ClinVar
have not been performed computationally with in silico prediction tools
for so many different cancer types up to date. For this purpose, we
evaluated the functional relevance and performance metrics of 13

na .
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Fig. 5. Heatmap of Spearman’s rank correlation of normalized prediction scores of A) variants with known significance group and B) VUS group in all cancer
datasets combined obtained from in silico prediction tools. M.A: Mutation Assessor, M.P: MutPred, M.T: Mutation Taster, M.S: MetaSVM, F-W: FATHMM-weighted, F-

UW: FATHMM-unweighted.
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functional prediction methods on cancer-related variant datasets for 8
cancer types (bladder, breast, colon, colorectal, kidney, liver, lung and
pancreas cancer) retrieved from ClinVar.

In comparison of both group of variants, it is shown that prediction
distributions of the VUS group are generally close to the known clinical
significance group of each tool. According to statistical performance
metric analysis, prediction distribution frequency data and ROC curve
results, MutPred has the highest discriminatory power for cancer-related
variant datasets retrieved from ClinVar. Also, it can be referred that
thresholds of each tool would be more flexible for different dataset in
order to make an increase in specificity and sensitivity values. Ensemble
and supervised learning-based methods have generally higher discrim-
inatory power than other prediction methods for the prediction when
ClinVar cancer-related variant datasets are used. Increased predictive
performance of ensemble and supervised learning methods in variant
pathogenicity prediction is the reason why these methods have higher
discriminatory power. Boosted predictive performance of these methods
create superiority over the sequence-structure based methods because
they utilize a combination of multiple predictive parameters but
sequence-structure based methods can only use very few features.
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