Improved Tumor-Only Somatic Variant Calling Using a Gradient Boosted Machine Learning Algorithm
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Accurate identification of somatic variants in a tumor sample is often accomplished by utilizinga EBaseline Tumor-Only Calling Model Interpretation

paired normal tissue sample from the same patient to enable the separation of private germline
mutations from somatic variants. However, a paired normal sample is not always available,
making accurate somatic variant calling more challenging. Composite proxy normals and other
filtering approaches can be used in lieu of a paired normal sample, but the resulting somatic call
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To improve interpretability of our model, we employed Shapely additive explanations (SHAP) to
obtain feature importance values. Our analysis revealed that, for filtration, the most important
features are cancer database annotations, allelic fraction, and quality scores. For the rescue model,
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The problem of somatic variant calling was framed as two independent subtasks: filtering of
non-somatic “germline bleedthrough” variants from the tumor-only callsets, and “rescuing”
somatic variants missed by variant callers from the pileup data. For each subtask, we trained a
gradient-boosted decision tree to predict the somatic likelihood of each candidate variant. Model f”& |
hyperparameters were optimized using a random search during stratified cross-validation, and wl |
model performance was evaluated on a hold-out test set.
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Our machine learning approach greatly enhances the performance of somatic variant calling when a
paired normal sample is not available. On a held out test set, we demonstrated a significant
improvement to average precision of somatic small variant calls, with only a minor reduction in average

0.6 0.6 1

:§ :§ recall. Depending on the use-case, model operating points can be adjusted to fine-tune the tradeoff
Final £ g between variant recall and the precision of the resulting callset. Finally, model interpretation has
Eiltration Somatic Rescuing revealed a subset of highly discriminative features, which may prove useful for variant interpretation,
- . . .
LightGBM VCE LightGBM ‘@ future feature engineering, or model tuning.
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