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*®* VaRTK is trained on large number of manually curated diverse clinically
classified variants. The benign set is also picked systematically to obtain a
training set unbiased by specific features.

Figure 1. VaRTK model development

The figure illustrates the model development process which involves
curating unique training set from our in-house variant database which
stores all pathogenic, likely pathogenic and variants of uncertain
significance reported in the clinical diagnosis of a sample. We have
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** A set of 36 features are selected from 200+ variant features that provides
the best performance.
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positive set is derived from pathogenic and likely pathogenic variants B raise Positive Rate ¢ VaRTK model achieves an F1 and Recall score of 0.98 with AUC as 0.99.
reported in the clinical reports. The negative set (benign) is derived 100+ 100 .

from the pathogenic/likely pathogenic case reports. Variants are 90} *%* VaRTK model is able to rank 90.7% of the manually selected variants in
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randomly sampled from the pathogenic/likely pathogenic reports after top 20 among all the variants in the exomes.

removing the pathogenic variant in the report. We performed a careful
random sampling to balance genes, variant class and variant allele
frequency. We also performed study of more than 200 variant features
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‘:‘Comparison with other in-silico model shows that VaRTK achieves better
performance metrics over other tools including Google AlphaMissense.

% of of P/LP variant

and identified a set of 36 features which are used for model building. A o
well studied list of features are extracted for each of the variants which 10
incorporates in-silico tool prediction scores, allele frequencies, disease t 2 3 4 5 6 7 8 9 10 1120 >=20 Refel’ences

databases, internal frequency databases and few variant level
identifiers. The dataset is then split into train and test. The training set
Is used as the input for the random forest model. The model gives us a
prediction score between 0 to 1, the higher scores denoting deleterious
nature of the variant.

Variant ranking

Figure 3. Performance metrics

(A) ROC on the test using unbalanced model. (B) Performance of VaRTK
model on 166 clinical cases which were manually resolved. The model
was able to capture the causative variant in the top 20 ranks in 90.66% of
the cases without any gene based filter applied on the variants.
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