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Abstract

There remains a need to reduce next-generation sequencing (NGS)
turnaround for time sensitive applications (1,2). Reducing turnaround
requires faster sequencing and accelerated data analysis. We recently
iIntroduced the Singular Genomics G4™ platform for rapid sequencing-by-
synthesis (SBS), which can deliver four human whole genomes at ~30x
coverage In under 19 hours. Here we present accelerated pipelines for
whole genome and whole exome germline variant detection on the G4 that
leverage the NVIDIA Clara Parabricks platform and custom DeepVariant (3)
models.

Results -- Performance of Default and Custom DeepVariant Models

To test performance, whole exome or whole genome libraries were prepared
from enzymatically-fragmented HGOOT or Covaris-sheared HGO02 gDNA,
respectively, followed by sequencing via the F2 flowcell (150M reads) with
2x150bp reads. Alignment was performed with Parabricks, trained
DeepVariant models were used for variant detection, and performance was

assessed with hap.py.
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Table 1. hap.py metrics for default and custom DeepVariant models, as assessed on
high confidence regions of HG002 (WGS) or HGOO1 (WES).
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Figure 4. Performance of default and trained WGS models on select challenging
genome features (4). The G4 shows robust performance with homopolymers. Model
training preferentially improved Indel performance, particularly over homopolymeric
and high GC content regions.
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Conclusion

We have successtully trained and implemented accelerated DeepVariant

Figure 2. Training and evaluation
parameter influence on performance.
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