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Cancer	  is	  a	  gene2c	  disease	  



PJ	  Stephens	  et	  al.	  Nature	  486,	  400-‐404	  (2012)	  	  

Breast	  Cancer	  is	  extremely	  heterogeneous	  



Strategies	  for	  Breast	  Cancer	  risk	  assessment	  
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Developed	  by	  Dr.	  Mary-‐Claire	  King	  and	  colleagues	  at	  the	  
University	  of	  Washington	  at	  Seaale	  
	  
“This	  assay	  sequences	  all	  exons	  and	  flanking	  intronic	  
sequences	  of	  50	  cancer	  genes.	  A	  total	  of	  1.1	  Mb	  (1.1	  Million	  
base	  pairs)	  are	  sequenced	  and	  the	  average	  coverage	  ranges	  
from	  320	  to	  >1,000	  sequencing	  reads	  per	  bp.	  Genomic	  regions	  
are	  captured	  using	  bioOnylated	  RNA	  oliognucleoOdes	  
(SureSelect),	  prepared	  in	  paired-‐end	  libraries	  with	  ~200	  bp	  
insert	  size,	  and	  sequenced	  on	  an	  Illumina	  HiSeq2000	  
instrument	  with	  100	  bp	  read	  lengths.”	  

	  
(hap://web.labmed.washington.edu/tests/geneOcs/BROCA)	  

BROCA	  Cancer	  Risk	  Panel	  



Phenotype	   Number	  
early	  age	  onset	  (<50yrs)	   158	  
familial	   20	  

familial	  &	  early	  age	  onset	   19	  
others	   3	  

BROCA	  in	  200	  Nigerian	  breast	  cancer	  cases	  



Real	  muta2ons	  are	  hidden	  in	  the	  noise	  

How	  to	  tell	  which	  mismatch	  is	  real	  mutaOon	  and	  which	  are	  just	  noise?	  
i.e.	  How	  can	  we	  reduce	  false	  posiOve	  and	  false	  negaOve	  detecOon	  
rates?	  



Mo2va2on	  

We	  want	  to	  improve	  sensiOvity	  and	  specificity	  of	  
variant	  idenOficaOon	  using	  next-‐generaOon	  
sequencing	  data	  



GATK	  Best	  Prac2ce	  

Our	  work	  focuses	  on	  this	  step	  
*Image	  courtesy	  of	  Broad	  Ins8tute	  GATK	  Team	  
(h?p://www.broadins8tute.org/gatk/guide/best-‐prac8ces)	  



Joint	  Variant	  Calling	  
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Computa2on	  Performance	  

*Op2miza2ons	  can	  s2ll	  be	  achieved	  by	  running	  mul2ple	  chromosomes	  and	  samples	  on	  the	  same	  
worker	  node	  
	  



Variant	  Calling	  Performance	  -‐	  SNPs	  
Globus	  Genomics	   BROCA	  Default	  

57,430	  	  
Unique	  Variants	  

(Avg.	  2887/person)	  

UG	  	  
(n=~2.2m)	  

HC	  	  
(n=~2.2m)	  

AT	  	  
(n=~0.4m)	  

FB	  	  
(n=~0.7m)	  

UG	  =	  Unified	  Genotyper;	  HC	  =	  Haplotype	  Caller;	  FB	  =	  Freebayes;	  AT	  =	  Atlas2	  

?	  

~2m	  

~2m	  ~0.7m	  



Variant	  Calling	  Performance	  -‐	  Indels	  
Globus	  Genomics	   BROCA	  Default	  

6,777	  
Unique	  Variants	  
(Avg.	  564/person)	  

UG	  	  
(n=100,000)	  

AT	  	  
(n=12,300)	  

FB	  	  
(n=2,112)	  

UG	  =	  Unified	  Genotyper;	  FB	  =	  Freebayes;	  AT	  =	  Atlas2	  

?	  



Summary	  
•  We	  believe	  our	  variant	  calling	  approach	  can	  be	  easily	  adapted	  and	  

modified	  for	  generalizaOon	  and	  implementaOon	  in	  other	  genome-‐
wide	  and	  large-‐scale	  NGS	  variant	  analysis.	  

•  Our	  method	  fully	  uOlizes	  the	  capacity	  of	  Globus	  Genomics	  to	  make	  
the	  workflow	  scalable,	  modular,	  and	  adaptable.	  	  Consequently,	  
analysis	  Ome	  were	  dramaOcally	  shortened	  (oqen	  in	  the	  order	  of	  
magnitude).	  

•  IncorporaOon	  of	  Globus	  Online	  into	  the	  pipeline	  automates	  and	  
facilitates	  transfer	  and	  sharing	  of	  large	  data.	  

•  We	  are	  further	  developing	  the	  previous	  analysis	  method	  to	  include	  
other	  variaOon	  types	  into	  consideraOon	  (e.g.	  indels,	  copy	  number	  
change).	  

•  Our	  ulOmate	  goal	  is	  to	  help	  paOents	  make	  informed	  decision,	  and	  
not	  to	  scare	  them	  with	  false	  alarm.	  
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Data	  Transfer	  

~3	  min/sample	  



Africans	  are	  known	  to	  have	  complex	  
gene2c	  background	  

The	  1000	  Genomes	  Project	  ConsorOum	  Nature	  491,	  56-‐65	  (2012)	  



General	  workflow	  of	  NGS	  
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