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About	
  the	
  name	
  

•  NIMBUS	
  (proposed	
  by	
  Jason	
  Liu):	
  	
  
•  1.	
  a	
  luminous	
  cloud	
  or	
  a	
  halo	
  surrounding	
  a	
  
supernatural	
  being	
  or	
  a	
  saint	
  

•  2.	
  a	
  large	
  gray	
  rain	
  cloud	
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Other	
  candidates	
  

•  CRISIS:	
  Cancer	
  Muta&onal	
  Hotspot	
  Detec&on	
  
using	
  Regression	
  based	
  Integra&ve	
  SomatIc	
  
Buden	
  Analysis	
  	
  

•  BRISC:	
  a	
  Nega&ve	
  Binomial	
  Regression	
  based	
  
Integra&ve	
  Scheme	
  for	
  Cancer	
  muta&on	
  
burden	
  analysis	
  

•  REsIST:	
  A	
  REgression	
  based	
  Integra&ve	
  
SomatIc	
  buden	
  analysis	
  Tool	
  in	
  Cancer	
  
genomes	
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Other	
  candidates	
  

•  aROMA:	
  a	
  Regression	
  based	
  Framework	
  
sOma&c	
  Muta&on	
  Burden	
  Analysis	
  Tool	
  

•  aRISE:	
  a	
  REgression	
  based	
  Integra&ve	
  
Framework	
  for	
  Soma&c	
  Muta&on	
  Burden	
  
analysis	
  in	
  Cancer	
  genomes	
  

•  REFOrM:	
  A	
  REgression	
  based	
  Framework	
  
sOma&c	
  Muta&on	
  Burden	
  analysis	
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BRCA 119

GACA 100

LICA 88

LUAD 46

MB 100

PA 101

PRAD 95

number of samples per cancer type

•  Supp.	
  1	
  cancer	
  type	
  and	
  sample	
  
number	
  

•  Selec&on	
  Criterion:	
  
o  Decent	
  number	
  of	
  samples	
  
o  Decent	
  number	
  of	
  total	
  

variants	
  
•  Otherwise	
  no	
  need	
  to	
  do	
  

background	
  correc&on!	
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Problem:	
  lots	
  of	
  overdispersion	
  in	
  the	
  observed	
  variant	
  count	
  data	
  
Method:	
  per	
  cancer	
  type	
  

1.  Training	
  data	
  n	
  bins,	
  es&mate	
  Poisson	
  lambda	
  
2.  Randomly	
  generate	
  n	
  variant	
  counts,	
  calculate	
  KS	
  sta&s&c	
  of	
  observed	
  VS.	
  generated	
  
3.  Repeat	
  2	
  for	
  100	
  &mes	
  and	
  plot	
  C.D.F	
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Key	
  Problem	
  in	
  driver	
  detec&on	
  
•  Control	
  heterogeneity	
  for	
  strict	
  false	
  posi&ve	
  
and	
  nega&ve	
  control	
  

•  Source	
  of	
  heterogeneity	
  
– Challenge	
  1:	
  Cancer	
  heterogeneity:	
  separate	
  
cancer	
  types	
  

– Challenge	
  2:	
  Sample	
  heterogeneity:	
  nega&ve	
  
binomial	
  	
  

– Challenge	
  3:	
  Baseline	
  changes	
  due	
  to	
  external	
  
covariates	
  :	
  regression	
  

12/15/15	
   9	
  

NIMBUS:	
  Nega&ve-­‐binomial	
  regression	
  based	
  
Integra&ve	
  Method	
  for	
  BUrden	
  analysis	
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NIMBUS:	
  Nega&ve-­‐binomial	
  regression	
  based	
  
Integra&ve	
  Method	
  for	
  BUrden	
  analysis	
  

Why	
  not	
  separate	
  cancer	
  samples?	
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Challenge1	
  &	
  2:	
  Lots	
  of	
  cancer	
  type	
  &	
  sample	
  heterogeneity	
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•  MB:	
  Medulloblastoma,	
  #1	
  children	
  brain	
  cancer	
  
•  PA:	
  Pilocy&c_Astrocytoma,	
  more	
  in	
  children	
  and	
  young,	
  very	
  

quite	
  genome	
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Challenge3:	
  regional	
  heterogeneity	
  due	
  to	
  external	
  variants	
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Result	
  of	
  challenge	
  1-­‐3:	
  overdispersion	
  of	
  muta&on	
  counts	
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NIMBUS	
  Model	
  

 

Y z ∼ Pois λz( ) = e
−λz λz( )y
y!

z ∼Gamma θ ,θ( ) = θθzθ−1e−θz

Γ θ( )

Incoming	
  rate	
  is	
  a	
  Gamma	
  
random	
  variable	
  

NBI y,µ,σ( ) =
Γ 1
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Marginal	
  distribu&on	
  of	
  Y	
  

µ = λ,σ = 1
θ
,σ ↑⇒θ ↓⇒ overdispersion ↑
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o  Muta&on	
  rate	
  varies	
  among	
  cancer	
  types	
  
o  Different	
  cancer	
  types	
  have	
  quite	
  different	
  muta&onal	
  pajerns	
  

 g1 µi( ) = xi,1β1 + xi,2β2 +!+ xi,kβk +!xi,KβK

By	
  pooling	
  the	
  variants	
  together	
  we	
  are	
  assuming	
  the	
  same	
  covariate	
  coefficients	
  

Covariate	
  list:	
  	
  
o GC	
  content	
  	
  
o replica&on	
  &ming,	
  	
  
o 7	
  histone	
  modifica&ons	
  marks	
  from	
  Roadmap	
  
o chroma&n	
  status	
  from	
  Roadmap	
  
o 	
  mRNA-­‐seq	
  
o DNA-­‐Methyla&on	
  



Toy	
  Example	
  of	
  how	
  the	
  fimng	
  works	
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Replica&on	
  &ming	
  

GC	
  content	
  



Step	
  1.	
  Chopping	
  the	
  chromosome	
  
into	
  bins,	
  remove	
  the	
  gap	
  regions	
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Step	
  2.	
  Parameter	
  es&ma&on	
  

Step	
  3.	
  Target	
  gridding	
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Scheme	
  of	
  the	
  gridding	
  method	
  in	
  NIMBUS	
  



Flowchart	
  of	
  NIMBUS	
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Calculate	
  covariant	
  matrix	
  

Tissue	
  1	
   Tissue2	
   …	
  

Histone	
  Modifica&ons	
  

Chroma&n	
  Accessibility	
  

GC,	
  CpG	
  

expression	
  

Replica&on	
  &ming	
  

PCA based regression for neighbor definitions  

µ̂1i :  estimate of k g−1 Xib̂1( )− g−1 Xkb̂1( ) < ξ{ }⇒ pi,1

µ̂2i :  estimate of k g−1 Xib̂2( )− g−1 Xkb̂2( ) < ξ{ }⇒ pi,2

µ̂ki :  estimate of k g−1 Xib̂n( )− g−1 Xkb̂n( ) < ξ{ }⇒ pi,n
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•  Features	
  are	
  sorted	
  according	
  to	
  its	
  correla&on	
  with	
  BRCA	
  muta&on	
  counts	
  
•  Correla&on	
  with	
  different	
  cancer	
  types	
  fluctuates,	
  so	
  regression	
  need	
  to	
  be	
  run	
  

separate	
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•  Total	
  variant	
  counts	
  affect	
  the	
  

regression	
  performance	
  

•  Matched	
  data	
  is	
  good,	
  but	
  non	
  

match	
  data	
  s&ll	
  helps	
  quite	
  a	
  

lot	
  due	
  to	
  the	
  correlated	
  

nature	
  of	
  features	
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Poisson
Negative Binomial

o  Nega&ve	
  binomial	
  regression	
  can	
  successfully	
  reduce	
  the	
  
variance	
  in	
  the	
  muta&on	
  count	
  data	
  

o  ((Obs-­‐predict)/predict)	
  ^2	
  value	
  is	
  much	
  smaller	
  aqer	
  
regression	
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BRCA	
  lincRNAs	
   BRCA	
  promoters	
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