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Abstract

We present a workflow that generates fast, highly accurate variant callsets from paired-end DNA samples. When measured against the
Genome in a Bottle Callset, precision/recall rates on the precisionFDA whole genome sample are 98.5/ 99.5% on the entire callset and
97.2/ 96.2% on indels. Against the GATK best-practices workflow, whole exome concordances are similarly excellent and persist across a
variety of capture techniques and samples. Depending on the sample, Strand NGS is up to twice as fast as GATK best-practices. Addition-
ally, each stage of the Strand NGS workflow supports in-depth visualization and interrogation tools absent from its GATK counterpart.
Finally, the DNA sequence analysis workflow is also heavily storage-optimized, making only incremental demands on disk space beyond
the alighment stage. The DNA-Seq workflow presented here is part of Strand NGS v3.0, our flagship bioinformatics tool.

DNA-Seq in Strand NGS

Calling variants (Figure S) from paired-end data starts with alignment, in which reads are mapped to the reference genome on a per-frag-
ment basis. After mapping, reads are sorted by chromosome and position, and duplicates removed. Reads are pairwise duplicate if they
have same start, mate start, and alignment length. Duplicate removal retains at most one copy of pairwise duplicate reads, with ties
broken by mapping quality and average base quality in that order.

Local realignment follows deduplication. Candidate haplotypes are identified in heuristically determined windows, and each read in the
window is aligned against the reference as well as several candidate haplotypes. The haplotype chosen for any given read maximizes a
probabilistic Phred-scaled metric.

The final stage is variant calling. A Bayesian variant caller is used to determine the Phred-scaled probability that a given variantis a
mutation. The Bayesian prior matrix is computed from empirically determined quantities such as the Ti/Tv ratio and the heterozygosity

ratio. The resulting variant callset contains single and multi base substitutions, indels, and complex variants, each of which is assigned a
Phred score proportional to the probability that it is a variant.
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Figure S. The Strand NGS workflow.
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Figure G. The GATK best-practices workflow, without base quality recalibration.

We measure the accuracy of the DNA-Seq workflow in Strand NGS v3.0 (Figure S) in two ways. On the whole genome dataset (Table D),
we do comparisons against the Genome in a Bottle callset [Zook et. al]; on three whole exome datasets (Table D), we use the GATK best
practices workflow [Li, DePristo et. al] (Figure G). Both workflows involve paired-end read alignment, deduplication and variant calling. In
lieu of the local reassembly step internal to the GATK haplotype caller, the Strand NGS workflow performs local realignment around indels.
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We omit base quality recalibration from both workflows. This is due to a practical consideration: for relatively small whole exome
samples, the statistical effect of recalibration is likely to be small. On the other hand, the whole genome sample on which we
benchmark Strand NGS has relatively high base qualities, and calls are unlikely to be affected by recalibration. Note that Strand NGS
supports base quality recalibration.

A paired-end sample subject to the workflows in Figures S and G generates a pair of variant callsets, respectively V. and V. Both
callsets are thresholded on locations with a minimum coverage of 10 reads. We chose a minimum cutoff of ten after considering
high-confidence variants® in the Genome in a Bottle callset: an overwhelming majority (>=99.99%) of these have a Strand NGS
read depth of 10 or greater. Further, all whole-exome samples (Table D) in this study have a mean coverage significantly greater
than 10.

Using V. as a baseline, the rtg [Cleary et. al] tool is used to compute the accuracy of V on a suitable subset of of the whole
genome. In addition, for the whole genome precisionFDA sample, the set V corresponds to the Genome in a Bottle (GiaB) v3.2.2
callset, restricted as before to locations with a minimum Strand NGS coverage of 10 reads.

For a given input sample, we adopt a widely-accepted subsetting approach [see, for instance, Chapman et. al]. The subset is the
intersection of regions R and R,, where R _is the manifest specified by the capture method used to sequence the sample, and R, is
a set of genomic high confidence regions. High confidence regions are those on which comparisons can be reliably made; we use
v3.2.2 of the GiaB high confidence set [Zook et. al]. In the case of the precisionFDA whole genome sample (Table D), there is no
manifest, so we use the high confidence set directly.

Accuracy is measured with respect to precision and recall. Precision is the ratio of the number of true positives to the number of
true and false positives; recall is the ratio of true positives to the number of true positives and false negatives. Both figures are
expressed as a percentage.

DNA-Seq in Strand NGS

Table D: Datasets, capture methods and manifest sizes

Capture

method/Type L/C/S (Gbp) Individual
SRR2106343 bl 100bp/
SureSelect NA12878 745 67.4
B3 Exome V6/WEX LD
lllumina
(SSRR%lOSBM Nextera Rapid 1882%6 3 NA12878 45 394
Capture/WEX '
Roche
'(3513839932 Nimblegen 159bp/70x/15.3 | NA18948? s o
v3.0/WEX
HGOO1 lllumina TruSeq
(SRA) PCR-free/WGS 150bp/50x/162 NA12878 NA 2529

Table D. The paired-end whole exome datasets used in this study. L, Cand S stand respectively for the length of each read in the
dataset, the mean coverage and the size of the dataset. R_and R, stand respectively for the manifest and the high confidence
regions.

Datasets

tHigh-confidence variants: variants in high-confidence regions.

°The only sample from an individual other than NA12878. Nonetheless, we use GiaB 3.2.2 high confidence regions for comparison:
while high-confidence callsets are unique to a given individual, it is probable that high-confidence regions are conserved across
a large population.
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Results

Accuracy

Table A: SNP and Indel Accuracy (100% callset)

strandngs i

P/R (%)
Agilent 99.43/ 98.0° 32,579/ 2,333
SSCR/WEX - : . .
Illumina
Nextera/WEX 98.9/97.1° 22,738/ 1,467
Roche
Nimblegen/WEX 98.6/96.6 42,222/ 3,280
lllumina
TruSeq 98.5/99.5 3,485,648/ 332,298

Table A. Strand NGS precision and recall on three whole exome samples and one whole genome sample, subsetted by the capture
manifest restricted to the Genome in a Bottle high confidence regions. S; and | stand respectively for the number of substitutions

and indels in the truth callset.

Table A(i): Indel Accuracy (*10% callset)

Agilent 97.8/91.9° 98.22/ 946 36
SSCR/WEX

lllumina s

Nextera/WEX 95.3/86.6 97.8/93.5 31
Roche

Nimblegen/WEX 96.1/86.3° 98/ 91 49
lllumina 97.2/96.2 T .
TruSeq

Table A(i). Strand NGS indel precision and recall on three whole exome samples and one whole genome sample, subsetted by the

u_n

capture manifest restricted to the Genome in a Bottle high confidence regions. The superscript “n” denotes comparisons after
disregarding homopolymer regions and other low-complexity stretches in the reference. LtDi is the length of the longest true
positive indel detected by Strand NGS. Indels constitute about 10% of the entire callset.

3Lower-bounds on precision and recall. Since these figures use the GATK best-practices callset as a baseline, the true precision and recall

are probably higher, especially for indels.
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The results, in Table A and Table A(i), show that Strand NGS v3.0 produces callsets with consistently high precision and recall. On
the precisionFDA whole genome sample, callset precision and recall is close to 99% overall, whereas indel precision and recall is at
97 and 96% respectively. Precision and recall remain high on the whole exome samples as well. Callset accuracy is greater than
indel accuracy, suggesting that indels remain harder to call despite significant advances in variant calling.

The whole exome figures in Table A and A(i) are lower bounds on precision and recall. This is because the GATK callset used as
baseline for those experiments has not itself been subject to the same type of cross-validation as the whole genome GiaB callset.
This lack of baseline callset validation, combined with the significantly higher figures we achieve for the precisionFDA sample
(Table A and A(i)), means that the true Strand NGS precision/recall rates are probably higher for whole exomes as well.

Speed

Strand NGS v3.0 is significantly faster than the GATK best-practices workflow. On typical whole exome samples, Strand NGS v3.0
takes less than half the time taken by its GATK counterpart (Table SE). Times for whole-genome samples are favourable, too: on
the precisionFDA sample, Strand NGS v3.0 is 1.5 times as fast overall, with significant speedups in the post alighment stage (Figure
SW). These fast execution times are despite the in-depth visualization and interrogation support in Strand NGS, support that is
entirely absent from the command-line GATK-best practices workflow.

Table SE: Whole-Exome Timings

Strand NGS time (min) BWA + GATK time (min)

Alighment 22 14
View + Sort 12 24
Dedup + realign (Strand NGS only) 18 13
Variant calling 03 69
Total time 55 120
Speedup factor 2.2 1

Table SE: Strand NGS DNA-Seq execution times on whole exome sample SRR2106343. See Appendix for system configuration.
Note that realignment is not performed in the GATK best-practices workflow.

Table SW: Whole-Genome Timings

Strand NGS time (hrs) BWA + GATK time (hrs)

Alignment 8 10
View + Sort 53 8
Dedup + realign (Strand NGS only) 8.93 5
SNPs 1.83 12
Total time 24 35
Speedup factor 145 1

Table SW: Strand NGS DNA-Seq execution times on the whole genome precisionFDA sample. See Appendix for system
configuration.
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Storage
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Figure ST: Strand NGS and GATK best-practices storage footprints for the post-alignment workflow.

Strand NGS is frugal with storage. On a typical whole exome sample (Figure ST), storage increases incrementally past the
alignment stage. This is in contrast to open-source workflows like the GATK best practices, in which storage scales linearly with the
number of stages involved.

Divergent variants

Much of the 1-3% divergence between the GATK best practices workflow and Strand NGS v3.0 is attributable to two causes:
differences at the hom/het frontier and differences in repeat regions (Table A(i)).

1) Hom/het frontier. A high fraction of the divergent indels are called homozygous and heterozygous in GATK and
Strand NGS respectively. In general, the Strand NGS workflow is more frugal with homozygous variants than GATK. The
allele fraction threshold at which a Strand NGS heterozygous call turns homozygous ranges from 85 to 95%, and
depends most importantly on base quality: the higher the base quality of the support, the higher the probability that
Strand NGS calls a heterozygous variant.

2) Repeat regions. Two features of repeat regions lead to differences in called variants. The first relates to zygosity in
homopolymer runs. Homopolymer runs lead to sequencing errors, which lead in turn to reads with the wrong number of
repeat bases. These reads can sometimes lead to differences in zygosity, as they contribute to an allele different from
the major allele at the location. A second feature of repeat stretches is that they are often covered by reads that
specify multiple alleles. In these cases the alleles involved in the Strand NGS call may differ from the one in the GATK
callset.

Conclusions

We have shown that Strand NGS produces fast and accurate SNP and indel calls from whole exome and whole genome samples
while being frugal with storage. A majority of the remaining small discordance is due to differences in zygosity and in repeat
stretches.
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The benchmark we present here is significant for two reasons.

1) Workflow-to-workflow. The only commonality between the rival workflows evaluated here is the input sample, with
accuracy measured between the output VCFs. This is in contrast to studies [Chapman et.al, some of the precisionFDA
studies] where the aligner, usually BWA or bowtie, is also common, and only variant callers are compared. Our
workflow-to-workflow benchmark ensures that the cumulative inaccuracy across the various complex stages in
DNA-Seq is kept to @ minimum.

2) Local reassembly can be replaced by local realignment + locus-based calling. The GATK HaplotypeCaller performs
local reassembly to infer the most probable haplotype supporting a set of contiguous locations. Strand NGS replaces
local reassembly with a local realignment step and a locus-based Bayesian SNP caller. Our benchmarks demonstrate the
near equivalence of these approaches. More significantly, our approach is both faster and less demanding of computa-
tional resources, implying in turn a better scalability to larger as well as a greater number of samples.
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Appendix: System configuration and software versions

All experiments in this whitepaper were run on an server with a dual Intel Xeon €5-2680 (16 cores, 32 threads @ 2.7GhZ) with
64GB of 1600MhZ DDR3 RAM and RAID-5 network attached storage.

Timing and accuracy benchmarks were obtained on Strand NGS v3.0 as well as the third-party BWA, samtools, GATK and rtg
software. Versions and computing resource limitations are in Table A-S.

Table A-S: Software versions and resource limitations

Version Subcommands Number of threads Memory (GB)
Strand NGS 3.0 - 16 32
bwa 0.7.12 mem 16 S
samtools 1.3.1-43 view/sort/rmdup 1/8/1 -
GATK 3.7 HaplotypeCaller 16 32
rtg 371 vcfeval 1 -

Table A-S: Versions of software used in this whitepaper.



