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Abstract: ClinVar is a web platform that stores around 774k curated entries, which allows exploring
genetic variants and their associations with complex phenotypes. A partial set of ClinVar’s genetic
associations were reported with conflict of interpretation or uncertain clinical impact significance,
which currently challenges clinicians and geneticists. Here, we evaluate the performance of data
pre-processing methods combined with classical prediction methods, such as Naive Bayes, Random
Forest, and Support Vector Machine to build a meta-prediction model aiming to improve genetic
pathogenicity interpretation. Models were trained with ClinVar data (September 2020), and genetic
variants were annotated with eight functional impact predictors catalogued with SnpEff/SnpSift
(v4.3). A 10-fold cross-validation strategy was performed for evaluation by accuracy, F1-Score,
Receiver Operating Characteristic, Area Under Curve. The best meta-prediction model raises by
combining one-hot encoding with tree-based classifiers as Random Forest, which shows Area Under
Curve > 0,93. We predict pathogenicity for 109k genetic variants, which were found labeled as
uncertain significance or conflict of interpretation. Additionally, we implemented AmazonForest
(https:/ /www.lghm.ufpa.br/amazonforest), a web tool to query data for a set of 5k variants that
were predicted with high pathogenic probability (RF,,, >= 0.9).

Keywords: Meta-prediction, Encoding data, ClinVar, Classification, Random Forest, Naive Bayes,
Support Vector Machine

1. Introduction

Next-generation sequencing (NGS) methods have allowed genome-wide analyses of the human
genome. Genome-wide association studies (GWAS) and candidate gene studies produced a large
volume of genetic associations between single nucleotide polymorphisms (SNPs), insertions/deletions
(INDELs) and complex diseases. Most of these associations show variable effects and genetic diversity
among populations [1,2]. Variants with highly pathogenic effects have been shown to be responsible
for the development of several types of cancer [3], Type 2 diabetes [4], and Alzheimer’s disease [5,6].
Understanding the biological role and impact of these variants at a clinical and personalized level is a
complex task.

ClinVar is an online database that stores around 774,000 curated entries that show relationships
between phenotypes and genetic variants (SNPs or INDELs) and their clinical relevance (classified
as either benign or pathogenic) [7]. ClinVar has improved our understanding of the functional role
of genetic variants as research increasingly focuses towards precision medicine [8]. However, many
genetic variants are yet to be functionally classified and remain with conflicting interpretations (CI) or
with uncertain significance (VUS).

Distinct machine learning (ML) meta-prediction models have been proposed for pathogenicity
prediction of new genetic variants. Generally, each meta-prediction models have been suggested
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for the analysis of a single variant class (synonymous or non-synonymous variants) [9-13] and
most meta-predictors were used for the pathogenicity prediction of VUS and CI variants [9,10,12,13].
Interestingly,the majority of the recently proposed meta-predictors are based on decision trees or
ensembles of decision trees, which constitute models with clear interpretations. Ensemble-based
methods, such as Random Forest, are promising for pathogenicity prediction of coding and non-coding
variants [9-11,13]. However, these models have shown differences regarding data training methods,
specifically on the number of features used to build each classification models.

To the best of our knowledge, the performance of data encoding methods combined with machine
learning techniques has not yet been assessed when training with categorical data or handling missing
data. Thus, this study focused on building a meta-predictor model based on categorical data for
pathogenicity interpretation. Here, we proposes a pathogenicity meta-predictor based on a dataset of
42,000 records without missing data. Genetic variants were functionally annotated by eight functional
predictors that show only categorical data. We investigated the performance of encoding strategies for
categorical data with classical machine learning methods, such as Naive Bayes, Random Forest, and
Support Vector Machine. Among 167,412 identified variants with data for all predictors, only 42,813
were classified as benign or pathogenic, and the remaining were classified as uncertain significance
(VUS) or with interpretation conflict (CI). Our best model was applied to reclassify 124,000 genetic
variants.

2. Materials and Methods

2.1. ClinVar data

ClinVar data in stored in a .vcf file with a high volume of genetic variants of clinical importance
(obtained on October 2, 2020. https:/ /ftp.ncbi.nlm.nih.gov/pub/clinvar/vcf_GRCh38/). Initially, the
dataset showed 774,921 genetic variants. Each variant is classified according to the ACMG-AMP[14]
which labels, wich correspond to the following categories: benign, likely benign, variant of uncertain
significance, likely pathogenic, pathogenic or interpretation conflict. For our data pre-processing,
we grouped these classes into four labels: i) benign/likely benign into benign; ii) pathogenic/likely
pathogenic into pathogenic; iii) variant of uncertain significance (VUS); iv) Conflicting interpretations
(CI). Subsequently, the variant dataset was dived into: Benign (N = 263,742), Pathogenic (N = 124,299),
VUS (N = 345,246), and CI (N = 41,634).

2.2. Functional impact annotation

SnpEff and SnpSift (v.4.3) configured with dbNSFP4.0 were used to extract prediction data from
ClinVar variants. Hence, our meta-predictor was built based on categorical data extracted from seven
in silico predictors: FATHMM, SIFT, Polyphen-2, PROVEAN, MutationAssessor, MutationTaster2, and
LRT. Each predictor is independent and based on distinct approaches such as sequence characteristics,
conservation, and amino acid changes. All predictors are described in detail as follows:

e FATHMM predicts the functional effects of coding and non-coding variants. It is done through
the combination of wild type and mutated sequences in a hidden Markov model, which identifies
mutations in peptide chains, showing the alignment of homologous sequences and conserved
protein domains [15].

e SIFT (Sorting Intolerant From Tolerant) is a prediction tool that codes an algorithm for amino
acid substitution analysis. It assumes that important positions in a protein sequence have been
conserved throughout evolution and therefore substitutions at these positions may affect protein
function. The algorithm sorts changes in a polypeptide chain as tolerant or intolerant according
to its evolutionary conservation [16].

¢ Polyphen-2 (Polymorphism Phenotyping v2) predicts the impact of amino acid substitutions
on structural stability, physical interactions, and human proteins function. The probability of
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a mutation being pathogenic is based on the extraction of sequence annotations, structural
attributes, and conservation profiles in protein-coding regions [17].

* PROVEAN (Protein Variation Effect Analyzer) is a predictor that provides a generalized approach
to predict the functional effects on variations in a peptide chain. These effects include SNPs,
INDELS, or multiple amino acid substitutions. Prediction is performed employing a mutation
database obtained from UniProtKB/Swiss-Prot and other experimental data previously generated

from mutagenesis experiments [18].
¢ MutationAssessor predicts the functional impact of amino acid substitutions on proteins using

the evolutionary conservation of the affected amino acid in protein counterparts. Multiple
Sequence Alignment is used to reflect functional specificity, represent the functional impact of a
missense variant, and generate conservation scores. Variants with higher scores are more likely
to be pathogenic [19].

* MutationTaster2 predicts functional changes in DNA sequences. It is designed to predict
consequences based on amino acid substitutions, and intronic substitutions such as synonymous
changes, short insertion or exclusion mutations, and variants that cover the limits of intron and
exons [20].

¢ Likelihood Ratio Test (LRT) is a metric that evaluates the proportion of synonymous and

non-synonymous mutations in protein-coding regions. When the proportion of mutations
is irregular it means that a negative selection process occurred over that region during evolution,
which consequently modifies codons in peptide chains [21].

2.3. Data pre-processing and label encoding

Following functional annotation, the ClinVar dataset was preprocessed using in-house scripts
for data extraction, and encoding methods implemented in scikit-learn. For this study, we investigate
three data encoding strategies, namely a) label encode, b) ordinal with Min-Max scaler, and c) One-hot
encoding that transforms categorical variables using a dummy strategy. In this last case, a new variable
is created to hold binary values, for each column category.

2.4. Classification methods and model evaluation

The data encoding strategies were combined with three supervised machine learning methods: a)
Naive Bayes, b) Random Forest, and c) Support Vector Machines.

* Naive Bayes (NB) is a probabilistic classifier algorithm based on Bayes’ rule that makes a
conditional independence assumption between the predictor variables, given an outcome [22].
When applying Bayes’ theorem we analyze the probability of an event (A) occurring, given that
another event has already accurred (B). The method concedes that the predictors involved are
independent, so one predictor does not influence the other. Bayes’ theorem can be calculated as
follows:

P(B|A)P(A)

P(AIB) = 5

@
Naive Bayes is a simplistic classifier that has been reported to have an excellent performance

regarding execution time and accuracy, even when considering analyses of large datasets [23].
* Random Forest (RF) was created to circumvent the limitations of a single decision tree. RF is an

ensemble classification method that combines a set of fitted trees for classification or regression
problems [24]. Essentially, each tree is built using a subset of data by bootstrapping the original
set of samples, and also a random subset of features [25]. This random sampling provides a
low correlation between individual trees avoiding over-fitting. The final decision is based on
averaging the probabilistic prediction for each class, instead of majority vote.

* Support Vector Machine (SVM) is a learning machine that can be used in regression or

classification problems. It uses a constructive universal learning procedure based on statistical
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| Clinical impact | Original dataset | Training dataset | Reclassification dataset |
| Benign | 263.742 | 18.891 | - \
| Pathogenic | 124.299 | 16.471 | - \
‘ Conflict interpretation ‘ 41.634 - ‘ 7.560 ‘
| Uncertain Significance - VUS | 345.246 | - | 100.974 \

Table 1. Distribution of genetic variants in ClinVar original dataset (September 27, 2020). Training
dataset comprises variants fully annotated for eight functional predictors as well as the reclassification
dataset

learning theory [26]. SVM aims to find the hyperplane that best separates the classes [27] and
can find a nonlinear mapping of high-dimensional data, determining optimal hyperplanes. SVM
leads to the nonlinear separation of data in the input space using functions called kernels.

For model evaluation, we calculated the average for accuracy, Fl-score, Receiver Operating
Curve (ROC), and Area Under Curve (AUC) taking the achievement of 10-fold cross-validation into
consideration. All models and metrics were implemented using scikit-learn packages.

3. Results

3.1. Selection of meta-prediction model

In order to build the training database, we filtered ClinVar’s original data aiming to remove
variants with missing data, leaving only variants that were classified by all eight single predictors.
The filtering strategy for ClinVar’s database resulted in a slightly unbalanced training dataset without
missing data, since we observed that more benign variants were catalogued than pathogenic genetic
variants. The final set of variants in this process is shown in Table 1, which highlights the significant
decrease in the number of genetic variants with completed predictor annotations.

All data were encoded using the three aforementioned strategies, Label encoding, Min-Max
Scalar, and One-hot encoding. Such strategies were combined with NB, RF, and SVM, and nine binary
classification models were produced. All binary classification models were evaluated by performing
10-fold cross-validation. The average accuracy and Fl-score for all models show a similar model
performance (see Table 2). The whole distribution of accuracy and F1-score showed low variance
values, namely 2e-4 and 5e-3, respectively.

‘ ‘ Label Encoding ‘ Min-Max Scaler ‘ One-hot Encoding ‘
\ | Accuracy | F1-Score | Accuracy | F1-Score | Accuracy | F1-Score |
| Naive Bayes | 0.827 | 0.828 | 0.837 | 0832 | 0.844 | 0.840 |
| Random Forest | 0.861 | 0.851 | 0.861 | 0.851 | 0.861 | 0721 |
| SVM-SVC | 0.856 | 0.848 | 0.856 | 0.844 | 0.860 | 0850 |

Table 2. Average accuracy and average F1-Score based on 10-fold cross validation.

We choose the best RF model based on F1-Score and AUC. RF accuracy remained at the same level
for all encoding strategies (accuracy = 0.86). Acknowledging that our training dataset was unbalanced
(had a higher number of benign variants than pathogenic), RF showed better performance than NB
and SVM on predicting pathogenicity, except when data were one-hot encoded (F1-Score = 0.72). In a
ranking through AUC, RF models achieved better and more consistent predictions for all encoding
data strategies with AUC = 0.93. Figure 1 shows ROC and AUC for all nine models.
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Figure 1. Results of 10-cross validation and ROC plots for all models Naive Bayes (NB) models,
Random Forest (RF), and Support Vector Machine (SVM) considering each data encoding method.

3.2. Reclassification of VUS and CI variants

We applied the RF model trained with Label Encoding to reclassify 108,534 genetic variants. As
a result, 34,522 (31.8%) VUS and 2,468 (2.27%) CI variants were labeled as pathogenic variants. The
distribution of all VUS and CI variants was specified as indicated in Table 3. For a deeper variant
analysis, we investigated the RF pathogenic probability distribution for VUS and CI variants (in Figure

2).
‘ Previous Classification ‘ Reclassification ‘ Count ‘ % ‘
Benign 66,452 | 65.81
‘ Vus ‘ Pathogenic ‘ 34,522 ‘ 34.19 ‘
I Benign 5,092 67.35
Pathogenic 2,468 32.65

Table 3. Counts of benign/pathogenic variants after reclassification by Random Forest model.

We identified a set of 5,297 genetic variants with RF high-probability of pathogenicity according
to Random Forest analyses(RF,,,;>=0.9) 2. These variants were distributed throughout 1,019 gene
regions. Reactome pathway analysis was performed for those genes, which revealed a set of 24
enriched pathways (see Table 4).
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Figure 2. Histogram and density of pathogenicity probability predicted by Random Forest model.

Table 4. Pathway enrichment of genes mapped for VUS and CI genetic variants with 0.9 pathogenicity

probability.
Reactome Pathway Number of Genes FDR
Diseases of metabolism 76 3.19E-07
Extracellular matrix organization 56 1.40E-04
Muscle contraction 42 0.00200118
Degradation of the extracellular matrix 37 4.41E-06
Diseases of glycosylation 35 0.0048245
Cardiac conduction 30 0.00821261
Signaling by PDGF 26 1.15E-05
ECM proteoglycans 25 1.07E-05
Integrin cell surface interactions 25 4.56E-05
Collagen formation 25 4.92E-04
Collagen degradation 24 4.41E-06
Signaling by MET 23 3.34E-04
Collagen biosynthesis and modifying enzymes 22 1.40E-04
Assembly of collagen fibrils and other multimeric structures 21 9.67E-05
NCAM signaling for neurite out-growth 21 1.40E-04
Collagen chain trimerization 20 1.97E-06
Non-integrin membrane-ECM interactions 19 2.27E-04
NCAM1 interactions 16 2.27E-04
MET promotes cell motility 14 0.0035418
MET activates PTK2 signaling 13 5.12E-04
Laminin interactions 12 0.00177183
Signaling by PDGFRA extracellular domain mutants 9 0.00355751
Signaling by PDGFRA transmembrane, juxtamembrane and kinase domain mutants 9 0.00355751
Anchoring fibril formation 8 0.00399627

The enriched pathways are associated with many important cell functions, such as metabolic
processes, cell growth and division, extracellular matrix organization and degradation, muscle
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contraction and cardiac conduction. Thus, missense variants related to these pathways may disrupt
biological process activity.

3.3. AmazonForest: web platform for variant classification

We developed the AmazonForest to improve user experience towards pathogenicity prediction.
AmazonForest was implemented as an online platform that performs our best meta-prediction model
to predict pathogenicity of VUS, CI, and new genetic variants. AmazonForest can be accessed at
https:/ /www2 lghm.ufpa.br/amazonforest. The platform is divided into two components:

* The user interface component. AmazonForest was developed as a web tool with an interface
that allows performing pathogenicity prediction of SNPs or INDELs with in silico analysis
employing the aforementioned best meta-predictor model. The simple web interface enables the
user to predict pathogenicity in two ways: first, by providing genomic or dbSNP information
(chromosome, chromosome position, or rsID), and second, the user can combine predictor’s
results to query pathogenicity status (v4.3).

* Model administrator component. We implemented a model administrator component to
further assess the evolution and performance of the model. This model component enables
reproducibility of up-to-date data.

We detailed the business process model and notation as well as use cases in
Supplementary Material Section 1. In Supplementary Material Section 2, we show
a usage example of AmazonForest’'s web interface for querying and meta-model
prediction of pathogenicity. The web module was developed using Python [28],
Javascript  (https://developer.mozilla.org/en-US/docs/Web /JavaScript/Reference), =~ HTML5
(https:/ /developer.mozilla.org/pt-BR/docs/Web/HTML/HTMLS5), and using frameworks such as
Flask (https:/ /palletsprojects.com/p/flask/), scikit-learn [29], Pandas [30], Numpy [31].

4. Discussion

In this study, we evaluated the performance of data pre-processing methods (Label Encoding,
Min-Max Scalar and One-hot encoding) combined with classical prediction methods, such as Naive
Bayes, Random Forest, and Support Vector Machine to produce a meta-prediction model (AmazonTree).
The best RF model was adopted for classification of VUS and CI variants.

Some previously proposed meta-prediction approaches were proposed each containing different
machine learning or statistical methods, and differ in training datasets [9-11,13]. Futher, most of the
reviewed meta-predictors used decision tree methods, [9,11,13]. Decision tree-based models deal with
categorical predictors without the need to transform them [32]. However, they are unclear about
how they handle missing data, which may produce biased models. To avoid data bias and to obtain
a reliable and robust model, our study excluded variants with missing data from the training set,
and also VUS and ClI variants were also classified if they showed data for the aforementioned eight
predictors.

This study is the first to investigates different encoding methods and their influence on pathogenic
predictions by NB, RF, and SVM. We found that encoding methods had little influence on models (see
ROC and AUC in Figure 1) and that RF is more robust than NB and SVM, except in the case when
one-hot strategy was used for data encoding [32].

Accuracy is the predominant metric in meta-prediction studies. Despite being widely employed,
accuracy parameters are not enough to evaluate model performance. Global accuracy may be
predisposed to bias in training or test data. Therefore, other evaluation metrics are combined for a
solid decision and model adoption [33,34].

To the best of our knowledge, there are no similar works that offer or provide tools for
user interaction with the user. [9-11,13]. Thus, here we have provided an online tool for a
better understanding of the training process and variants reclassification. The tool also allows the
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visualization of each steps and results of applying the selected models. In addition, the AmazonForest
toold can be applied for new adaptations of other models and their results.

Our proposed model was used for pathogenicity prediction of VUS and CI variants. After
prediction, we identified a valuable set of 5,297 variants, at an RF probability cut-off >= 0.9. This cut-off
produces a variant set with a high-probability of being pathogenic. Pathway enrichment analysis
revealed that sets of genes mapped for new pathogenic variants (VUS and CI), were associated with
crucial pathways, that may play important functions at a cellular level. This information could further
improve our understanding of well-known diseases, as well as clarify molecular mechanisms involved
in rare disorders. Therefore, our tool can help to conduct more careful and accurate analyses of variants
of uncertain significance and CI.

5. Conclusion

Finally, our benchmark shows that single machine learning (Naive Bayes and SVM) and ensemble
methods present satisfactory prediction results (AUC > 0.91) regarding categorical data and encoding
strategies for eight functional predictors. Our results also revealed that when comparing these three
machine learning approaches, Random Forests obtained better results. Here, we provide a new web
database for the reclassification of a large set of VUS and CI variants. Clinicians may consider this new
genetic variant data and web tool to assist their decision process during treatments, while geneticists
could research the pathogenicity of diseases in the study of population genomics. Future studies will
include research on how model performance is affected by missing data.
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Abbreviations

The following abbreviations are used in this manuscript:
NGS Next Generation Sequencing

GWAS  Genome Wide Association Studies

SNP Single Nucleotide Polymorphism
ML Machine Learning

VUS Variants of uncertain significance
CI Conflicting interpretations

NB Naive Bayes

RF Random Forest

SVM Support Vector Machine
ROC Receiver Operating Curve
AUC Area Under Curve
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