
Methods	
  for	
  producing	
  somatic	
  Single	
  Nucleotide	
  Variant	
  (sSNV)	
  calls	
  
in	
  tumors	
  with	
  Whole	
  Genome	
  Sequence	
  (WGS)	
  data	
  

	
  
To	
  identify	
  noncoding	
  single-­‐nucleotide	
  variants	
  and	
  predict	
  which	
  were	
  likely	
  to	
  be	
  
functional,	
  a	
  high-­‐confidence	
  set	
  of	
  whole	
  genome	
  sSNV	
  calls	
  were	
  generated.	
  	
  	
  
	
  
Alignment.	
  HiSeq	
  paired-­‐end	
  reads	
  were	
  aligned	
  to	
  the	
  hg19	
  human	
  reference	
  genome	
  using	
  
bwa-­‐mem,	
  an	
  implementation	
  of	
  BWA	
  v0.7.3	
  (1)	
  that	
  permits	
  gapped	
  alignments.	
  Output	
  sam	
  
files	
  were	
  converted	
  to	
  bam,	
  sorted,	
  and	
  indexed	
  using	
  samtools	
  v0.1.17	
  (2).	
  MarkDuplicates,	
  
part	
  of	
  Picard	
  Tools	
  v1.51	
  (3),	
  was	
  used	
  to	
  remove	
  duplicate	
  reads	
  generated	
  during	
  the	
  PCR	
  
amplification	
  stage.	
  Duplicate	
  removal	
  identifies	
  all	
  reads	
  that	
  have	
  identical	
  5’	
  coordinates	
  
and	
  keeps	
  only	
  the	
  read	
  pair	
  with	
  the	
  highest	
  base	
  quality	
  sums.	
  After	
  duplicate	
  removal,	
  fine-­‐
tuning	
  of	
  the	
  alignment	
  was	
  performed	
  using	
  GATK	
  v2.1	
  (4)	
  as	
  outlined	
  in	
  (5)	
  and	
  
summarized	
  here:	
  Local	
  positions	
  to	
  target	
  for	
  realignment	
  were	
  called	
  using	
  
RealignerTargetCreator	
  and	
  then	
  realigned	
  using	
  IndelRealigner.	
  Quality	
  scores	
  were	
  then	
  
recalibrated	
  using	
  BaseRecalibrator	
  and	
  PrintReads,	
  which	
  bins	
  reads	
  based	
  on	
  the	
  original	
  
quality	
  score,	
  the	
  dinucleotide,	
  and	
  the	
  position	
  in	
  the	
  read.	
  
	
  
Variant	
  calling	
  and	
  filtering.	
  After	
  creating	
  high-­‐quality	
  alignments	
  for	
  each	
  tumor	
  and	
  
normal	
  sample,	
  somatic	
  single-­‐nucleotide	
  were	
  called	
  by	
  comparing	
  the	
  tumor	
  samples	
  to	
  
their	
  matched	
  normal.	
  Somatic	
  single-­‐nucleotide	
  variants	
  (sSNVs)	
  were	
  called	
  using	
  MuTect	
  
v1.1.5	
  (6)	
  and	
  Strelka	
  v1.0.13	
  (7).	
  
	
  
MuTect	
  has	
  high	
  sensitivity	
  and	
  calls	
  many	
  variants	
  even	
  in	
  regions	
  of	
  lower	
  coverage.	
  To	
  
reduce	
  false	
  positives,	
  we	
  performed	
  three	
  filtering	
  steps:	
  sample-­‐level,	
  dataset-­‐level,	
  and	
  
caller-­‐level.	
  In	
  the	
  sample-­‐level	
  filtering,	
  which	
  considered	
  each	
  sample	
  independently,	
  called	
  
sSNVs	
  were	
  discarded	
  if	
  they	
  had	
  fewer	
  than	
  14	
  reads	
  in	
  the	
  tumor,	
  fewer	
  than	
  10	
  reads	
  in	
  the	
  
normal,	
  less	
  than	
  10%	
  variant	
  reads	
  in	
  the	
  tumor,	
  or	
  more	
  than	
  2%	
  variant	
  reads	
  in	
  the	
  
normal.	
  They	
  were	
  also	
  discarded	
  if	
  they	
  were	
  suspected	
  to	
  be	
  a	
  single-­‐nucleotide	
  
polymorphism	
  (SNP).	
  Our	
  in-­‐house	
  SNP	
  database	
  includes	
  all	
  SNPs	
  in	
  dbSNP	
  v134	
  (8)	
  and	
  
those	
  found	
  by	
  the	
  NHLBI	
  Exome	
  Sequencing	
  Project	
  (downloaded	
  17Dec2012)(9,10).	
  with	
  
the	
  exception	
  of	
  the	
  cancer-­‐related	
  variants	
  found	
  in	
  COSMIC	
  v60	
  (11).	
  	
  
	
  
The	
  dataset-­‐level	
  filtering	
  step	
  took	
  into	
  consideration	
  variants	
  called	
  across	
  samples.	
  By	
  
comparing	
  calls	
  across	
  samples,	
  we	
  can	
  identify	
  and	
  discard	
  variants	
  that	
  are	
  likely	
  to	
  be	
  high	
  
sequencing	
  error	
  sites	
  or	
  common	
  germline	
  variants	
  not	
  found	
  in	
  the	
  SNP	
  database.	
  Candidate	
  
sSNVs	
  were	
  discarded	
  if	
  insertions	
  or	
  deletions	
  in	
  the	
  region	
  prevented	
  them	
  from	
  being	
  
reliably	
  quantified	
  in	
  the	
  majority	
  of	
  samples.	
  They	
  were	
  also	
  discarded	
  if	
  reads	
  matching	
  the	
  
variant	
  were	
  seen	
  in	
  greater	
  than	
  10%	
  of	
  reads	
  in	
  a	
  sample	
  from	
  another	
  patient	
  but	
  were	
  not	
  
called	
  by	
  MuTect.	
  Lastly,	
  to	
  remove	
  variants	
  that	
  had	
  a	
  low	
  read	
  frequency	
  in	
  many	
  samples,	
  
the	
  Binomial	
  distribution	
  was	
  used	
  to	
  determine	
  if	
  the	
  number	
  of	
  reads	
  matching	
  a	
  called	
  
variant	
  exceeded	
  the	
  background	
  rate,	
  which	
  was	
  estimated	
  using	
  the	
  proportion	
  of	
  reads	
  
matching	
  that	
  variant	
  in	
  samples	
  from	
  the	
  other	
  patients.	
  The	
  variant	
  was	
  discarded	
  if	
  the	
  
Binomial	
  p-­‐value	
  exceeded	
  1e-­‐8.	
  The	
  combination	
  of	
  these	
  dataset-­‐level	
  filtering	
  steps	
  is	
  
highly	
  effective	
  at	
  removing	
  false	
  positive	
  whole	
  genome	
  sequence	
  sSNV	
  calls	
  while	
  retaining	
  
true	
  positives.	
  We	
  determined	
  this	
  two	
  ways	
  by	
  comparing	
  pre-­‐	
  and	
  post-­‐filtering	
  MuTect	
  



whole	
  genome	
  calls	
  to:	
  1.	
  The	
  higher-­‐coverage	
  higher-­‐confidence	
  whole	
  exome	
  calls	
  from	
  the	
  
same	
  samples,	
  and	
  2.	
  The	
  pre-­‐	
  and	
  post-­‐filtering	
  whole	
  genome	
  calls	
  using	
  a	
  secondary	
  sSNV	
  
caller,	
  Strelka.	
  The	
  same	
  sample-­‐	
  and	
  dataset-­‐level	
  filtering	
  steps	
  were	
  applied	
  to	
  both	
  the	
  
MuTect	
  and	
  Strelka	
  calls.	
  	
  Finally,	
  to	
  produce	
  the	
  highest	
  confidence	
  sSNV	
  call	
  set	
  for	
  analysis	
  
of	
  function,	
  only	
  the	
  calls	
  made	
  by	
  both	
  the	
  MuTect	
  and	
  Strelka	
  pipelines	
  were	
  kept.	
  
	
  
[[JAS]]	
  
Finally,	
  to	
  rank	
  these	
  variants	
  in	
  terms	
  of	
  patiently	
  functional	
  impact	
  we	
  used	
  the	
  FunSeq2	
  
algorithm	
  (1)	
  based	
  on	
  an	
  earlier	
  version	
  (2).	
  Breifly,	
  we	
  use	
  an	
  enrichment	
  of	
  rare	
  
nonsynonymous	
  SNPs	
  (derived	
  allele	
  frequency	
  (DAV)	
  <	
  0.5%)	
  as	
  a	
  proxy	
  for	
  the	
  existence	
  of	
  
purifying	
  selection.	
  Regions	
  with	
  comparable	
  fractions	
  of	
  rare	
  variants	
  are	
  labeled	
  sensitive	
  
(DAV=68.8%)	
  and	
  ultrasensitive	
  (65.7%).	
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