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This	
  talk	
  is	
  about	
  going	
  beyond	
  Venn	
  diagrams	
  
for	
  comparing	
  call-­‐no	
  call	
  algorithms	
  

Look	
  at	
  these	
  diagrams.	
  We	
  see	
  disturbing	
  levels	
  of	
  
disagreement,	
  but	
  what	
  can	
  we	
  learn	
  from	
  them?	
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Published	
  Venn	
  diagrams	
  on	
  the	
  same	
  topic	
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Aim	
  and	
  Synopsis	
  
The	
  purpose	
  of	
  this	
  talk	
  is	
  to	
  introduce	
  you	
  to	
  some	
  of	
  the	
  
challenging	
  sta6s6cal	
  problems	
  that	
  arise	
  in	
  the	
  analysis	
  of	
  
cancer	
  genome	
  data,	
  and	
  go	
  beyond	
  Venn	
  diagrams.	
  	
  The	
  
new	
  material	
  is	
  	
  published,	
  and	
  so	
  people	
  wan6ng	
  more	
  
detail	
  can	
  go	
  to	
  the	
  papers	
  (see	
  end).	
  	
  I’ll	
  spend	
  much	
  of	
  my	
  
6me	
  seWng	
  the	
  scene,	
  and	
  just	
  sample	
  the	
  results.	
  
	
  
•  Some	
  very	
  basic	
  molecular	
  gene6cs	
  
•  Background	
  to	
  this	
  talk	
  
•  The	
  technology,	
  data	
  and	
  algorithms	
  
•  Comparing	
  muta6on	
  callers	
  
•  Combining	
  muta6on	
  callers	
  
•  References	
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Nucleo0de	
  =	
  unit	
  of	
  DNA	
  =	
  base	
  +	
  sugar	
  +	
  phosphate	
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Base	
  pairs	
  (bp)	
  	
  Complementarity	
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1,000	
  bp	
  =	
  1	
  kilobasepair	
  =	
  1	
  kbp	
  of	
  DNA	
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Human	
  
chromosomes:	
  

tens	
  to	
  
hundreds	
  	
  
of	
  millions	
  	
  
of	
  base	
  pairs	
  

	
  
av	
  ~150	
  Mbp	
  

Chromosomes	
  	
  
are	
  long	
  DNA	
  	
  
molecules	
  (there	
  	
  
are	
  excep6ons)	
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Genomes	
  

consist	
  of	
  chromosomes	
  

Human:	
  23	
  

Human	
  genome:	
  3×109	
  bp	
  =	
  3	
  Gbp	
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single	
  nucleo0de	
  subs0tu0on	
  
Germline	
  

tumor	
  



Background	
  to	
  this	
  talk	
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The	
  problem	
  

Single	
  nucleo6de	
  subs6tu6ons	
  rela6ve	
  to	
  the	
  germline	
  
genome	
  are	
  an	
  important	
  and	
  common	
  feature	
  of	
  
tumor	
  genomes.	
  We’ll	
  call	
  these	
  soma0c	
  muta0ons.	
  
	
  
germline	
  =	
  what	
  you	
  are	
  born	
  with	
  
soma0c	
  =	
  “of	
  the	
  body”,	
  develops	
  later	
  
	
  
There	
  are	
  3	
  billion	
  possible	
  loca6ons	
  for	
  a	
  soma6c	
  
muta6on,	
  and	
  people	
  want	
  to	
  find	
  them	
  in	
  tumors.	
  
(Why?	
  See	
  later.)	
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Why	
  is	
  muta0on-­‐detec0on	
  hard,	
  I?	
  

•  Soma6c	
  muta6ons	
  are	
  rare,	
  ~	
  1	
  in	
  a	
  million.	
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Soma0c	
  muta0on	
  frequencies	
  observed	
  in	
  
exomes	
  from	
  3,083	
  tumor–normal	
  pairs.	
  	
  

Lawrence	
  et	
  al	
  Nature	
  2013	
  

The	
  human	
  exome	
  (see	
  later)	
  is	
  ~30Mb,	
  so	
  mul6ply	
  the	
  numbers	
  
above	
  by	
  30	
  to	
  get	
  the	
  total	
  per	
  tumor	
  exome.	
   14	
  



Why	
  is	
  muta0on-­‐detec0on	
  hard,	
  I?	
  

•  Soma6c	
  muta6ons	
  are	
  rare,	
  ~	
  1	
  in	
  a	
  million.	
  
•  The	
  tumor	
  6ssue	
  whose	
  DNA	
  we	
  sequence	
  is	
  

invariably	
  contaminated	
  with	
  non-­‐tumor	
  cells,	
  
having	
  germline	
  (normal)	
  DNA.	
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Normal	
  cells	
  “contamina0ng”	
  a	
  tumor	
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Why	
  is	
  muta0on-­‐detec0on	
  hard,	
  I?	
  

•  Soma6c	
  muta6ons	
  are	
  rare,	
  ~	
  1	
  in	
  a	
  million.	
  
•  The	
  tumor	
  6ssue	
  whose	
  DNA	
  we	
  sequence	
  is	
  

invariably	
  contaminated	
  with	
  non-­‐tumor	
  cells,	
  
having	
  germline	
  (normal)	
  DNA.	
  	
  	
  

•  Tumors	
  ohen	
  have	
  local	
  copy	
  number	
  aberra6ons,	
  
i.e.	
  regions	
  of	
  the	
  genome	
  with	
  one	
  of	
  both	
  copies	
  
lost,	
  and	
  other	
  regions	
  with	
  gains.	
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Why	
  is	
  muta0on-­‐detec0on	
  hard,	
  I?	
  

•  Soma6c	
  muta6ons	
  are	
  rare,	
  ~	
  1	
  in	
  a	
  million.	
  
•  The	
  tumor	
  6ssue	
  whose	
  DNA	
  we	
  sequence	
  is	
  

invariably	
  contaminated	
  with	
  non-­‐tumor	
  cells,	
  
having	
  germline	
  (normal)	
  DNA.	
  	
  	
  

•  Tumors	
  ohen	
  have	
  local	
  copy	
  number	
  aberra6ons,	
  
i.e.	
  regions	
  of	
  the	
  genome	
  with	
  one	
  of	
  both	
  copies	
  
lost,	
  and	
  other	
  regions	
  with	
  gains.	
  

•  Tumors	
  are	
  frequently	
  heterogeneous,	
  that	
  is,	
  they	
  
harbor	
  dis6nct	
  subclones.	
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Figure	
  1	
  	
  

Adapted	
  from	
  Fischer	
  et	
  al,	
  Cell	
  Reports	
  2014	
  

Tumor	
  heterogeneity	
  =	
  subclonality	
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Why	
  do	
  we	
  care?	
  

Many	
  large-­‐scale	
  cancer	
  projects	
  are	
  currently	
  scanning	
  for	
  
soma6c	
  muta6ons	
  (and	
  other	
  aberra6ons)	
  in	
  tumors	
  of	
  
various	
  types,	
  prior	
  to	
  conduc6ng	
  downstream	
  analyses.	
  
These	
  include	
  detec6ng	
  significantly	
  mutated	
  genes	
  or	
  
pathways,	
  inferring	
  clonal	
  history,	
  and	
  characterizing	
  the	
  
landscape	
  of	
  the	
  soma6c	
  muta6ons.	
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Ding et al. Nature 2008 

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Significantly	
  mutated	
  pathways	
  in	
  lung	
  adenocarcinomas	
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Figure	
  1	
  	
  

Adapted	
  from	
  Fischer	
  et	
  al,	
  Cell	
  Reports	
  2014	
  

Inferring	
  subclonality	
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L D Wood et al. Science 2007 

Cancer genome landscapes	
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Why	
  do	
  we	
  care?	
  

Many	
  large-­‐scale	
  cancer	
  projects	
  are	
  currently	
  scanning	
  for	
  
soma6c	
  muta6ons	
  (and	
  other	
  aberra6ons)	
  in	
  tumors	
  of	
  
various	
  types,	
  prior	
  to	
  conduc6ng	
  downstream	
  analyses.	
  
These	
  include	
  detec6ng	
  significantly	
  mutated	
  genes	
  or	
  
pathways,	
  inferring	
  clonal	
  history,	
  and	
  characterizing	
  the	
  
landscape	
  of	
  the	
  soma6c	
  muta6ons.	
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Why	
  do	
  we	
  care?	
  

Many	
  large-­‐scale	
  cancer	
  projects	
  are	
  currently	
  scanning	
  for	
  
soma6c	
  muta6ons	
  (and	
  other	
  aberra6ons)	
  in	
  tumors	
  of	
  
various	
  types,	
  prior	
  to	
  conduc6ng	
  downstream	
  analyses.	
  
These	
  include	
  detec6ng	
  significantly	
  mutated	
  genes	
  or	
  
pathways,	
  inferring	
  clonal	
  history,	
  and	
  characterizing	
  the	
  
landscape	
  of	
  the	
  soma6c	
  muta6ons.	
  
	
  	
  	
  
Some,	
  but	
  by	
  no	
  means	
  all	
  of	
  these	
  genomic	
  aberra6ons	
  
will	
  be	
  responsible	
  for	
  the	
  cancer	
  phenotype,	
  and	
  for	
  
metastases.	
  	
  We	
  want	
  to	
  find	
  out	
  which	
  are,	
  for	
  treatment.	
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The	
  technology,	
  data	
  and	
  algorithms	
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Whole	
  exome	
  sequencing	
  

The	
  muta6on	
  calling	
  process	
  
starts	
  with	
  what	
  is	
  known	
  as	
  
whole	
  exome	
  sequence	
  data	
  
on	
  matched	
  tumor-­‐normal	
  
genomic	
  DNA.	
  	
  Algorithms	
  
are	
  used	
  to	
  “call”	
  soma6c	
  
muta6ons.	
  They	
  are	
  in	
  the	
  
tumor,	
  and	
  not	
  the	
  normal.	
  
Our	
  star6ng	
  point	
  is	
  the	
  
algorithms’	
  output,	
  called	
  
the	
  VCF	
  =	
  variant	
  call	
  format	
  
file,	
  see	
  later.	
  
	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  
An	
  Illumina	
  HiSeq	
  2000	
  similar	
  
to	
  the	
  one	
  on	
  which	
  the	
  data	
  
we	
  discuss	
  was	
  generated.	
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Let’s	
  visualize	
  some	
  mapped	
  reads,	
  and	
  variants,	
  but	
  first…	
  



What	
  is	
  the	
  exome?	
  

•  This	
  term	
  describes	
  the	
  1-­‐2%	
  of	
  the	
  genome	
  consis6ng	
  of	
  
known	
  protein-­‐coding	
  genes	
  (plus	
  a	
  bit	
  on	
  the	
  edges).	
  

•  It	
  is	
  an	
  abbrevia6on	
  of	
  expressed	
  genome,	
  	
  but	
  that	
  is	
  
now	
  outdated,	
  as	
  lots	
  more	
  of	
  the	
  genome	
  gets	
  
expressed,	
  not	
  just	
  the	
  protein	
  coding	
  genes.	
  	
  

•  Nevertheless,	
  the	
  name	
  has	
  stuck.	
  Biologists	
  now	
  know	
  
that	
  much	
  more	
  than	
  protein-­‐coding	
  genes	
  is	
  relevant	
  to	
  
cancer,	
  but	
  these	
  insights	
  are	
  recent.	
  

•  Partly	
  as	
  a	
  result	
  of	
  this,	
  partly	
  because	
  of	
  cost,	
  most	
  
scanning	
  for	
  soma6c	
  muta6ons	
  is	
  restricted	
  to	
  the	
  
tradi6onal	
  exome.	
  	
  

•  The	
  genome	
  is	
  ~3Gbp,	
  and	
  so	
  the	
  exome	
  is	
  between	
  
30Mbp	
  and	
  60Mbp.	
  The	
  alterna6ve	
  is	
  deep,	
  whole	
  
genome	
  sequencing,	
  currently	
  much	
  more	
  expensive.	
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30 Image produced with Interactive Genomics Viewer http://www.broadinstitute.org/igv/ 22nd June 2012	





31 Image produced with Interactive Genomics Viewer http://www.broadinstitute.org/igv/ 22nd June 2012	



Coverage	
  	
  
track	
  

Reference	
  
genome	
  	
  
sequence	
  



32 Image produced with Interactive Genomics Viewer http://www.broadinstitute.org/igv/ 22nd June 2012	



Here	
  we	
  can	
  see	
  that	
  about	
  half	
  the	
  reads	
  support	
  the	
  
reference	
  base	
  C	
  (not	
  marked)	
  and	
  the	
  other	
  half	
  

	
  support	
  the	
  alternate	
  base	
  T	
  	
  at	
  posi6on	
  95,496,882.	
  	
  
Scaqered	
  calling	
  errors	
  can	
  also	
  be	
  seen.	
  	
  



Variant	
  allele	
  frac0on	
  (vaf)	
  	
  
	
  Detec6ng	
  a	
  variant	
  in	
  an	
  aligned	
  sequence	
  is	
  looking	
  for	
  the	
  
existence	
  of	
  a	
  variant	
  base	
  that	
  is	
  different	
  from	
  the	
  reference	
  
base.	
  In	
  principle,	
  the	
  more	
  reads	
  carrying	
  the	
  variant	
  allele,	
  
the	
  stronger	
  the	
  evidence	
  for	
  it	
  being	
  a	
  true	
  variant.	
  	
  Thus,	
  the	
  
frac6on	
  of	
  reads	
  carrying	
  the	
  variant	
  allele	
  (the	
  variant	
  allele	
  
frac6on,	
  vaf)	
  	
  is	
  frequently	
  used	
  in	
  variant	
  calling	
  analyses.	
  	
  
For	
  soma6c	
  muta6on-­‐calling,	
  the	
  tumor	
  and	
  its	
  matched	
  
normal	
  sample	
  are	
  considered	
  together.	
  	
  Therefore,	
  a	
  variant	
  
is	
  determined	
  by	
  the	
  joint	
  status	
  in	
  tumor-­‐normal	
  sequence	
  
pairs:	
  
•  soma0c:	
  the	
  variant	
  is	
  found	
  in	
  the	
  tumor	
  but	
  not	
  in	
  the	
  

normal	
  	
  
•  germline:	
  variant	
  found	
  in	
  both	
  the	
  tumor	
  and	
  the	
  normal	
  	
  
•  wildtype:	
  no	
  variant	
  found	
  in	
  either	
  the	
  tumor	
  or	
  the	
  

normal	
  
33	
  



Why	
  is	
  muta0on	
  detec0on	
  hard,	
  II?	
  

Finding	
  muta6ons	
  is	
  challenging,	
  even	
  with	
  high-­‐
throughput	
  sequencing	
  technology.	
  	
  	
  
Coverage	
  of	
  the	
  exome	
  can	
  be	
  highly	
  variable,	
  even	
  
when	
  we	
  have	
  high	
  average	
  coverage.	
  
Ar6facts	
  can	
  appear	
  during	
  targeted	
  capture	
  or	
  PCR	
  
amplifica6on,	
  machine	
  sequencing	
  errors	
  occur,	
  as	
  do	
  
incorrect	
  local	
  alignments	
  of	
  reads.	
  
All	
  in	
  all,	
  it’s	
  a	
  hard	
  problem,	
  and	
  so	
  many	
  methods	
  
have	
  been	
  proposed	
  to	
  solve	
  it.	
  How	
  do	
  they	
  compare?	
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Muta0on-­‐calling	
  algorithms	
  

Several	
  are	
  published	
  and	
  more	
  are	
  sure	
  to	
  appear.	
  Here	
  are	
  
the	
  names	
  of	
  some:	
  
Strelka:	
  Saunders	
  et	
  al,	
  Bioinforma)cs	
  2012	
  
VarScan2:	
  Koboldt	
  et	
  al,	
  Genome	
  Research	
  2012	
  
Soma0cSniper:	
  Larson	
  et	
  al,	
  Bioinforma)cs	
  2012	
  
JointSNVMix:	
  Roth	
  et	
  al,	
  Bioinforma)cs	
  2012	
  
Mutect:	
  Cibulskis	
  et	
  al,	
  Nature	
  Biotechnology	
  2013	
  
EBCall:	
  Shiraishi	
  et	
  al,	
  Nucleic	
  Acids	
  Research	
  2013	
  
There	
  are	
  also	
  several	
  unpublished	
  in-­‐house	
  algorithms.	
  In	
  
what	
  follows,	
  we’ll	
  use	
  a	
  mix	
  of	
  data	
  from	
  older	
  versions	
  of	
  
published	
  callers,	
  and	
  unpublished	
  ones.	
  None	
  will	
  be	
  named,	
  
as	
  that’s	
  not	
  necessary	
  for	
  what	
  we	
  are	
  doing.	
  Besides,	
  the	
  
current	
  versions	
  of	
  these	
  algorithms	
  will	
  differ	
  from	
  those	
  
leading	
  to	
  the	
  data	
  we	
  discuss,	
  in	
  part	
  because	
  of	
  our	
  results.	
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What	
  I’m	
  not	
  and	
  what	
  I	
  am	
  discussing	
  

I’m	
  not	
  discussing	
  the	
  inner	
  workings	
  of	
  the	
  muta6on	
  
detec6on	
  algorithms,	
  although	
  it	
  will	
  be	
  helpful	
  to	
  know	
  
(where	
  possible)	
  which	
  features	
  of	
  the	
  data	
  they	
  use.	
  	
  
Our	
  aims	
  in	
  this	
  talk	
  are	
  simple:	
  	
  
•  to	
  try	
  to	
  go	
  beyond	
  Venn	
  diagrams,	
  when	
  comparing	
  

callers	
  for	
  which	
  no	
  truth	
  is	
  known,	
  and	
  
•  	
  to	
  combine	
  the	
  results	
  of	
  different	
  callers	
  into	
  a	
  beqer	
  

caller	
  when	
  some	
  truth	
  is	
  known.	
  	
  
These	
  are	
  sta6s6cal	
  analyses	
  which	
  can	
  be	
  carried	
  out	
  
almost	
  independently	
  of	
  the	
  nature	
  of	
  the	
  callers.	
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Why	
  not	
  just	
  build	
  a	
  caller	
  beber	
  
than	
  all	
  of	
  the	
  exis0ng	
  ones?	
  

•  Every	
  caller	
  will	
  tackle	
  the	
  problem	
  differently,	
  and	
  different	
  callers	
  
are	
  likely	
  to	
  deal	
  more	
  successfully	
  with	
  some	
  issues	
  and	
  less	
  well	
  on	
  
others.	
  	
  	
  

•  As	
  a	
  consequence,	
  finding	
  a	
  single	
  best	
  performing	
  caller	
  is	
  not	
  easy,	
  
and	
  is	
  perhaps	
  not	
  even	
  feasible.	
  

•  With	
  mul6ple	
  callers	
  on	
  hand,	
  anyone	
  conduc6ng	
  a	
  muta6on	
  
analysis	
  can	
  apply	
  all	
  of	
  the	
  callers	
  to	
  his/her	
  data	
  with	
  the	
  aim	
  of	
  
later	
  construc6ng	
  a	
  list	
  of	
  final	
  calls.	
  	
  

•  In	
  essence,	
  combining	
  calls	
  from	
  mul6ple	
  callers	
  amounts	
  to	
  
developing	
  a	
  strategy	
  to	
  sort	
  the	
  calls	
  to	
  be	
  included	
  as	
  final	
  calls.	
  
This	
  can	
  be	
  done	
  effec6vely	
  if	
  one	
  can	
  systema6cally	
  assign	
  a	
  
confidence	
  measure	
  to	
  being	
  a	
  soma6c	
  muta6on	
  across	
  the	
  full	
  list.	
  	
  

•  In	
  general,	
  pursuing	
  this	
  goal	
  requires	
  a	
  valida6on	
  dataset,	
  at	
  least	
  
to	
  some	
  extent.	
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Comparing	
  muta0on	
  callers	
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  Lung	
  squamous	
  cell	
  carcinoma	
  (LUSC)	
  dataset	
  

•  	
  Muta6on	
  calling	
  was	
  done	
  by	
  four	
  callers	
  (named	
  A,	
  
B,	
  C	
  and	
  D)	
  using	
  Illumina	
  exome-­‐seq	
  tumor-­‐normal	
  
pairs	
  from	
  16	
  LUSC	
  pa6ents.	
  	
  

•  Some	
  addi6onal	
  data	
  exist	
  for	
  the	
  same	
  pa6ents.	
  One	
  
lot	
  is	
  high-­‐coverage	
  Illumina	
  sequencing	
  data	
  available	
  
for	
  tumor-­‐normal	
  pairs	
  on	
  a	
  pre-­‐selected	
  set	
  of	
  76	
  
genes	
  (540	
  Kb).	
  	
  

•  It	
  is	
  ∼3-­‐fold	
  higher	
  coverage	
  than	
  the	
  original	
  exome-­‐
seq	
  of	
  ∼80x,	
  and	
  called	
  deep-­‐sequencing	
  data	
  below.	
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Counts	
  of	
  the	
  muta0ons	
  detected	
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  four	
  callers	
  in	
  
the	
  16	
  LUSC	
  	
  tumor-­‐normal	
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  classified	
  based	
  on	
  the	
  number	
  

of	
  callers	
  detec0ng	
  the	
  muta0ons.	
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B.  Exome (tumor) vs Exome (normal)

Variant allele fraction (normal)
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Somatic
Wildtype
RNAseqDepth<10x

Scaber	
  plots	
  of	
  tumor	
  vs	
  normal	
  variant	
  allele	
  
frac0ons,	
  using	
  deep-­‐seq	
  pairs	
  (A),	
  exome-­‐seq	
  pairs	
  

(B)	
  from	
  39	
  LUSC	
  pa0ents	
  

45	
  Soma6c:	
  tumor	
  vaf	
  >	
  10%,	
  normal	
  vaf	
  <2	
  %;	
  wildtype:	
  tumor	
  vaf	
  <	
  2%,	
  normal	
  vaf	
  <2%.	
  



Other	
  results	
  

In	
  the	
  paper,	
  we	
  described	
  several	
  other	
  plots,	
  and	
  
carried	
  out	
  a	
  sta6s6cal	
  modelling	
  exercise,	
  fiWng	
  a	
  
latent	
  class	
  model	
  to	
  the	
  data,	
  assuming	
  that	
  the	
  
callers	
  gave	
  results	
  that	
  were	
  condi6onally	
  
independent,	
  given	
  the	
  true	
  muta6on	
  status	
  at	
  a	
  site.	
  	
  
	
  
We	
  also	
  made	
  use	
  of	
  RNA-­‐seq	
  data	
  on	
  the	
  expression	
  
levels	
  of	
  genes	
  in	
  these	
  tumors.	
  Such	
  data	
  has	
  more	
  
variable,	
  but	
  frequently	
  very	
  high	
  coverage	
  of	
  genes.	
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Combining	
  muta0on	
  callers	
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Coming	
  up	
  

•  We	
  build	
  a	
  combined	
  caller	
  using	
  the	
  muta6on	
  outputs	
  
generated	
  by	
  the	
  3	
  callers	
  based	
  on	
  the	
  same	
  paired	
  tumor-­‐
normal	
  sequence	
  data	
  

•  The	
  most	
  basic	
  informa6on	
  available	
  in	
  each	
  muta6on	
  
output	
  is	
  the	
  list	
  of	
  posi6ons	
  detected	
  as	
  point	
  muta6ons.	
  
The	
  output	
  may	
  also	
  include	
  addi6onal	
  features	
  such	
  as	
  
muta6on	
  subs6tu6on	
  type,	
  a	
  muta6on	
  quality	
  score,	
  and	
  
perhaps	
  details	
  of	
  filters	
  applied	
  to	
  remove	
  ar6factual	
  or	
  
low-­‐quality	
  variants.	
  	
  

•  When	
  the	
  raw	
  sequence	
  data	
  are	
  available,	
  genomic	
  features	
  
can	
  be	
  computed	
  for	
  each	
  muta6on	
  site	
  such	
  as	
  sequencing	
  
depth	
  and	
  the	
  variant	
  allele	
  frac6on	
  (the	
  frac6on	
  of	
  reads	
  
carrying	
  the	
  variant	
  allele)	
  for	
  each	
  tumor	
  and	
  normal	
  
sample.	
  	
  

•  The	
  more	
  informa6on	
  that	
  is	
  available,	
  the	
  more	
  powerful	
  
are	
  the	
  callers	
  that	
  can	
  be	
  constructed.	
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The	
  TCGA	
  endometrial	
  cancer	
  data	
  

•  For	
  194	
  tumor-­‐normal	
  Illumina	
  exome-­‐sequence	
  pairs,	
  
soma6c-­‐muta6on	
  calling	
  was	
  done	
  by	
  three	
  centers.	
  In	
  
total,	
  51,648	
  single	
  nucleo6de	
  variant	
  muta6ons	
  were	
  
detected.	
  

•  A	
  large	
  frac6on	
  of	
  the	
  muta6ons	
  were	
  targeted	
  for	
  
custom	
  capture	
  valida6on.	
  These	
  sites	
  were	
  captured	
  
using	
  the	
  Nimblegen	
  technology	
  and	
  then	
  re-­‐sequenced	
  	
  	
  	
  
independently	
  using	
  an	
  Illumina	
  HighSeq	
  2000.	
  

•  	
  In	
  par6cular,	
  impar6al	
  valida6on	
  (i.e.	
  valida6ng	
  all	
  calls	
  
from	
  all	
  callers)	
  was	
  carried	
  out	
  for	
  (1)	
  all	
  muta6ons	
  in	
  	
  
a	
  randomly	
  selected	
  20	
  pa0ents	
  and	
  (2)	
  an	
  addi0onal	
  
243	
  genes	
  of	
  interest	
  from	
  the	
  remaining	
  174	
  pa6ents.	
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  the	
  muta0ons	
  detected	
  by	
  3	
  callers	
  on	
  	
  	
  
20/194	
  endometrial	
  tumor-­‐normal	
  exome-­‐seq	
  pairs.	
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We	
  have	
  valida6on	
  	
  
data	
  on	
  all	
  these	
  calls	
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Taking	
  intersec0ons	
  or	
  unions	
  

Cumula0vely	
  adding	
  muta0on	
  sets	
  based	
  
on	
  combina0on	
  call	
  status	
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Valida0on	
  results	
  for	
  the	
  seven	
  disjoint	
  muta0on	
  
sets	
  (all	
  genes	
  in	
  20	
  pa0ents)	
  from	
  the	
  Venn	
  diagram	
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Combina0on	
  
call	
  status	
  

Val.	
  rate	
  
(%)	
  

FP	
  
count	
  

TP	
  count	
   Cum	
  FP	
  
rate	
  

Cum	
  TP	
  
rate	
  

All	
  callers	
   99.4	
   12	
   1,914	
   1.2	
   55.3	
  

Caller	
  A	
  and	
  C	
  only	
   96.4	
   11	
   294	
   2.4	
   63.8	
  

Caller	
  A	
  and	
  B	
  only	
   96.3	
   7	
   184	
   3.1	
   69.1	
  

Caller	
  B	
  and	
  C	
  only	
   94.4	
   2	
   34	
   3.3	
   70.1	
  

Caller	
  C	
  only	
   79.6	
   11	
   43	
   4.4	
   71.3	
  

Caller	
  A	
  only	
   59.7	
   632	
   935	
   69.1	
   98.4	
  

Caller	
  B	
  only	
   15.9	
   302	
   57	
   100	
   100	
  



Stacking,	
  including	
  feature-­‐weighted	
  
(logis0c)	
  linear	
  stacking	
  

Wolpert	
  DH:	
  Stacked	
  generaliza6on.	
  Neural	
  Networks	
  1992	
  
Breiman	
  L:	
  Stacked	
  regressions.	
  Machine	
  Learning	
  1996.	
  

Sill	
  J,	
  Takács	
  G,	
  Mackey	
  L,	
  Lin	
  D:	
  Feature-­‐weighted	
  linear	
  stacking.	
  arXiv	
  2009.	
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Stacking	
  builds	
  a	
  linear	
  (logis6c)	
  func6on	
  of	
  the	
  calls	
  which	
  	
  
predicts	
  the	
  true	
  status	
  of	
  each	
  site	
  as	
  accurately	
  as	
  possible.	
  	
  
Each	
  site	
  is	
  	
  represented	
  by	
  its	
  calls	
  from	
  the	
  different	
  callers,	
  	
  
and	
  a	
  new	
  classifier	
  of	
  muta6on	
  sites	
  is	
  learned	
  in	
  this	
  feature	
  	
  
space.	
  Other	
  features	
  can	
  be	
  added	
  when	
  they	
  are	
  available.	
  



Logis0c	
  models	
  (fibed	
  by	
  maximum	
  	
  
likelihood)	
  for	
  combining	
  the	
  callers:	
  	
  

Let	
  cik	
  =	
  1	
  if	
  caller	
  k	
  calls	
  site	
  i	
  as	
  mutant,	
  and	
  cik	
  =	
  0	
  
otherwise.	
  (Later	
  we’ll	
  men6on	
  con6nuous	
  scores.)	
  
•  (Logis6c)	
  linear	
  predictor:	
  	
  Σkβkcik	
  	
  	
  	
  (similar	
  to	
  the	
  above)	
  

Suppose	
  now	
  that	
  we	
  have	
  genomic	
  features	
  gij	
  on	
  each	
  
site.	
  These	
  can	
  be	
  used	
  to	
  enlarge	
  the	
  feature	
  space.	
  The	
  
linear	
  predictor	
  becomes	
  (adding	
  interac6ons	
  with	
  calls)	
  
•  (Logis6c)	
  linear	
  predictor:	
  	
  Σk	
  	
  Σj	
  αjkgijcik	
  	
  
We	
  fit	
  this	
  with	
  a	
  sparsity	
  constraint	
  on	
  the	
  αs	
  using	
  the	
  
R	
  package	
  glmnet.	
  We	
  then	
  form	
  an	
  ROC	
  curve	
  by	
  
thresholding	
  the	
  fiqed	
  probability.	
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Genomic	
  features	
  used	
  

	
  For	
  each	
  point	
  muta6on	
  site	
  in	
  our	
  final	
  dataset,	
  we	
  know	
  the	
  
valida6on	
  status	
  (‘soma6c’	
  or	
  ‘non-­‐soma6c’),	
  the	
  call	
  status	
  (i.e.,	
  
whether	
  or	
  not	
  it	
  was	
  detected)	
  by	
  each	
  of	
  the	
  three	
  callers,	
  the	
  
muta6on	
  subs6tu6on	
  type	
  (combina6on	
  of	
  the	
  reference	
  allele	
  
and	
  the	
  variant	
  allele),	
  and	
  the	
  sequencing	
  depth	
  and	
  the	
  variant	
  
allele	
  frac6on	
  in	
  each	
  tumor	
  and	
  normal	
  sample	
  based	
  on	
  the	
  
exome	
  sequence	
  data	
  that	
  was	
  used	
  for	
  muta6on-­‐calling.	
  	
  
	
  
Caller	
  B	
  provided	
  more	
  informa6on	
  besides	
  the	
  posi6ons	
  of	
  the	
  
detected	
  muta6ons.	
  For	
  a	
  broader	
  set	
  of	
  soma6c	
  variants	
  
(candidate	
  muta6ons),	
  it	
  reported	
  the	
  muta6on	
  quality	
  score	
  as	
  
well	
  as	
  the	
  pass/fail	
  status	
  of	
  individual	
  filters	
  at	
  each	
  site.	
  
Although	
  the	
  detailed	
  descrip6on	
  of	
  each	
  filter	
  was	
  not	
  
available,	
  the	
  filter	
  outcomes	
  were	
  available,	
  which	
  we	
  were	
  
able	
  to	
  use	
  for	
  improving	
  Caller	
  B’s	
  performance.	
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Model	
  fiWng	
  
was	
  done	
  using	
  
the	
  point	
  
muta6ons	
  in	
  
243	
  genes	
  of	
  
interest	
  	
  from	
  
174	
  pa6ents	
  
excluding	
  the	
  	
  
20	
  pa6ents,	
  
and	
  evalua6on	
  
was	
  done	
  on	
  
the	
  point	
  
muta6ons	
  in	
  
the	
  20	
  selected	
  
pa6ents.	
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The	
  distribu6on	
  of	
  the	
  
variant	
  	
  allele	
  frac6on	
  
(VAF)	
  in	
  the	
  tumor	
  	
  
exome-­‐seq	
  (leh)	
  and	
  	
  
the	
  normal	
  	
  exome-­‐
seq	
  (right	
  column).	
  



Variant	
  Call	
  Format	
  (VCF)	
  	
  

•  All	
  four	
  centers	
  agreed	
  on	
  one	
  annota6on	
  represen6ng	
  
exome	
  regions	
  and	
  generated	
  calls	
  only	
  within	
  those	
  
regions.	
  	
  

•  Outputs	
  were	
  provided	
  in	
  a	
  modified	
  Variant	
  Call	
  
Format	
  (VCF),	
  which	
  reports	
  the	
  genomic	
  posi6on,	
  
soma6c	
  status,	
  filter	
  	
  status,	
  sequence	
  informa6on	
  from	
  
each	
  tumor	
  and	
  normal	
  sample.	
  	
  

•  The	
  filter	
  status	
  indicates	
  whether	
  the	
  variant	
  
(candidate	
  muta6on)	
  passes	
  all	
  the	
  filters	
  implemented	
  
by	
  each	
  caller	
  or	
  not.	
  The	
  full	
  details	
  of	
  all	
  filters	
  were	
  
not	
  given	
  in	
  the	
  VCF	
  files	
  though,	
  partly	
  because	
  the	
  
modified	
  VCF	
  format	
  was	
  under	
  ac6ve	
  development.	
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