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Factors	  to	  consider	  

1.  Length	  of	  the	  element	  
	  



Factors	  to	  consider	  

2. 	  Trinucleo3de	  muta3on	  rates	  and	  sequence	  composi3on	  
	  

	  E.g.:	  C>T	  at	  CpGs	  tend	  to	  have	  a	  rate	  per	  bp	  ~40x	  higher	  than	  other	  subs3tu3ons	  

	  

ACGTCTGACCTATAATCCTTCTATCTGTGTC	  

Random	  muta*ons:	  

Element	  1	  

Element	  2	  (e.g.	  TFBS,	  phosphoryla*on	  site…)	  
could	  be	  significant	  with	  uniform	  models	  	  



Factors	  to	  consider	  

3.  Regional	  varia3on	  of	  the	  muta3on	  rate	  

an independent test, we confirmed that these two genomic features
correlated strongly with the overall frequency of silent substitutions in
coding regions and mutations in introns (Fig. 3c, d and Supplementary
Table 6). However, we note that silent substitutions alone provide
inadequate data to correct mutation frequencies on a gene-by-gene
basis in most tumour types and for most genes, owing to the sparsity
of the data and the resulting uncertainty in estimated rates.

Using the observations above, we developed a new integrated
approach to identify significantly mutated genes in cancer. The
method (MutSigCV) corrects for variation by using patient-specific
mutation frequency and spectrum, and gene-specific background
mutation rates incorporating expression level and replication time
(Supplementary Methods 3). MutSigCV is freely available for non-
commercial use (http://www.broadinstitute.org/cancer/cga/mutsig).

When we applied MutSigCV to the lung cancer example earlier, the
list of significantly mutated genes shrank from 450 to 11 genes. Most of
the genes in this shorter list have been previously reported to be
mutated in squamous cell lung cancer (TP53, KEAP1, NFE2L2,
CDKN2A, PIK3CA, PTEN, RB1; refs 11, 16) or in other tumour types
(MLL2 (also known as KMT2D), NOTCH1, FBXW7). An additional
novel gene in the list, HLA-A, suggests that mutations in immune-
related genes may help tumours evade immune surveillance, a finding
that requires follow-up experimental work. These significantly mutated

genes are discussed in the TCGA lung squamous publication10, in
which we applied our novel methodology.

With the ability to eliminate many obviously suspicious genes, it is
now feasible to start analysing large cancer collections, including com-
bined data sets across many cancer types.

We note that other forms of heterogeneity in tumours merit further
investigation. These include the co-occurrence of many mutations in
proximity to each other (‘kataegis’19 or ‘clustered mutations’20) (see
Supplementary Fig. 10) and transcription-coupled repair (see Sup-
plementary Fig. 11). In addition, it will be crucial to have a full under-
standing of heterogeneity across cancer cells within a tumour, reflecting
the evolutionary process of a tumour29.

Our results make clear that the accurate identification of new cancer-
associated genes will require accurate accounting of mutational pro-
cesses. Although MutSigCV resolves the most serious current problems,
the ultimate solution will probably involve using empirically observed
local mutation rates obtained from massive amounts of whole-genome
sequencing.

METHODS SUMMARY
All samples were obtained under Institutional Review Board approval and with
documented informed consent. A complete list of samples is given in Supplemen-
tary Table 2. Whole-exome capture libraries were constructed and sequenced on
Illumina HiSeq flowcells to an average coverage of 1183. Whole-genome sequen-
cing was done with the Illumina GA-II or Illumina HiSeq sequencer, achieving an
average of ,303 coverage depth. Reads were aligned to the reference human
genome build hg19 using an implementation of the Burrows-Wheeler Aligner,
and a BAM file was produced for each tumour and normal sample using the Picard
pipeline6. The Firehose pipeline was used to manage input and output files and
submit analyses for execution. The MuTect30 and Indelocator (A. Sivachenko et al.,
manuscript in preparation) algorithms were used to identify somatic single-nuc-
leotide variants and short somatic insertions and deletions, respectively. Mutation
spectra were analysed using NMF. Significantly mutated genes were identified
using MutSigCV, which estimates the background mutation rate for each gene–
patient–category combination based on the observed silent mutations in the gene
and non-coding mutations in the surrounding regions. Because in most cases these
data are too sparse to obtain accurate estimates, we increased accuracy by pooling
data from other genes with similar properties (for example, replication time,
expression level). Significance levels (P values) were determined by testing whether
the observed mutations in a gene significantly exceeded the expected counts based
on the background model. False-discovery rates (q values) were then calculated,
and genes with q # 0.1 were reported as significantly mutated. Full details on
methods used are listed in Supplementary Information.
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Figure 3 | Mutation rate varies widely across the genome and correlates with
DNA replication time and expression level. a, b, Mutation rate, replication
time and expression level plotted across selected regions of the genome. Red
shows total non-coding mutation rate calculated from whole-genome
sequences of 126 samples (excluding exons). Blue shows replication time27.
Green shows average expression level across 91 cell lines in the Cancer Cell Line
Encyclopedia determined by RNA sequencing. Note that low expression is at
the top of the scale and high expression at the bottom, in order to emphasize the
mutual correlations with the other variables. Panels show entire chromosome
14 (a) and portions of chromosomes 1 and 8 (b), with the locations of two
specific loci: a cluster of 16 olfactory receptors on chromosome (chr)1 and the
gene CSMD3 on chromosome 8. These two loci have very high mutation rates,
late replication times and low expression levels. The local mutation rate at
CSMD3 is even higher than predicted from replication time and expression,
suggesting contributions from additional factors, perhaps locally increased
DNA breakage—the locus is a known fragile site. c, d, Correlation of mutation
rate with expression level and replication time for all 100 Kb windows across the
genome. e, f, Cumulative distribution of various gene families as a function of
expression level and replication time. Olfactory receptor genes, genes encoding
long proteins (.4,000 amino acids (aa)) and genes spanning large genomic loci
(.1 Mb) are significantly enriched towards lower expression and later
replication. By contrast, known cancer-associated genes (as listed in the Cancer
Gene Census) trend towards slightly higher expression and earlier replication.
See also Supplementary Fig. 9 and Supplementary Tables 4, 5 and 6.
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Possible	  solu*ons:	  
	  -‐	  Use	  local	  density	  of	  muta3ons	  (e.g.	  silent	  sites,	  10kb	  around…)	  
	  -‐	  Use	  covariates	  (e.g.	  expression,	  repl	  3me…)	  

	  
But	  uncertainty	  in	  the	  es*mates	  needs	  to	  be	  

	  included	  in	  the	  calcula*on	  of	  pvalues.	  



607	  pilot	  (gene	  analysis	  only)	  

Simula3on	  of	  random	  data	  to	  test	  the	  specificity	  of	  the	  models	  
	  
I	  have	  simulated	  a	  random	  version	  of	  the	  607	  pilot	  while	  retaining:	  

-‐  Same	  trinucleo3de	  rates	  
-‐  Same	  regional	  varia3on	  of	  muta3on	  rates	  (per	  Mb)	  
-‐  Same	  distribu3on	  of	  muta3ons	  across	  samples	  and	  3ssue	  types	  
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Not	  as	  challenging	  as	  true	  data.	  But	  significant	  hits	  with	  low	  q-‐values	  
would	  evidence	  that	  the	  background	  models	  are	  inadequate.	  

hYps://www.dropbox.com/s/ci9vhbr5xe3g2wc/simulated_607_dataset.tgz	  
	  



Our	  approach	  on	  genes	  

e.g.	  frequency	  of	  synonymous	  and	  missense	  A>C	  muta3ons	  

λsyn,AtoC	  =	  (t)*(AtoC)*(Lsyn,AtoC)	  
	  

λmis,AtoC	  =	  (t)*(AtoC)*(Lmis,AtoC)*(wMIS)	  
	  

Local	  density	  of	  
muta3ons	  

(coverage	  and	  
muta3on	  rate)	  

Rela3ve	  rate	  
(spectrum)	  

Number	  sites	  
(sequence)	  

Selec3on	  
(obs/exp	  ra3o)	  

Greenman	  et	  al.	  Gene3cs,	  2006	  



Context	  effects	  easily	  incorporated	  as	  mul3plica3ve	  rates	  

λmis,CtoT	  =	  (t)*(CtoT)*(Lmis,CtoT)*(wMIS)	  

λmis,CtoT	  =	  (t)*(CtoT)*(Lmis,CtoT)*(wMIS)*(CpGctx)*(TpCctx)	  
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Adding	  context-‐dependence	  

λmis,CtoT	  =	  (t)*(ACGtoATG)*(Lmis,ACGtoATG)	  

12	  rates	  model	  

16	  rates	  model	  

192	  rates	  model	  



Local	  muta3on	  rates	  

Number	  of	  coding	  muta*ons	  
1,000	   10,000	   100,000	   1,000,000	  

Pan-‐cancer	  

False	  posi*ves	  

Low	  sensi*vity	  

Model	  1:	  	  	  	  	  	  bg	  =	  t	  
	  
Assumes	  no	  varia3on	  between	  genes.	  
Gives	  hundreds	  of	  FP	  in	  large	  datasets.	  

Model	  2:	  	  	  	  	  	  bg	  =	  Pois(t|n_syn)	  
	  
Very	  conserva3ve.	  
Clean	  results	  for	  large	  datasets.	  
It	  does	  not	  exploit	  info	  from	  other	  genes.	  



Local	  and	  global	  model	  

Exploi.ng	  covariates:	  nega.ve	  binomial	  regression	  (t*trinuc_rates*L)	  
	  
-‐  Trinucleo3de	  rates	  and	  sequence	  composi3on	  included	  as	  the	  offset	  (fixed	  factors)	  
-‐  Nega3ve	  binomial:	  muta3ons	  are	  Poisson,	  rates	  among	  genes	  Gamma	  distributed	  
-‐  Adding	  covariates	  reduces	  the	  uncertainty	  (dispersion)	  of	  the	  background	  -‐>	  higher	  power	  

expression	  
m
ut
	  ra

te
	  

Obs_syn	   Exp_syn	   Expression	   Repl	  *me	  
Gene	  A	   10	   8.53	   20012	   4.35	  
Gene	  B	   38	   30.76	   1782	   2.67	  
Gene	  C	   1	   2.45	   59927	   -‐8.6	  

…	   …	   …	   …	   …	  
Gene	  Z	   290	   263	   306	   4.56	  

Nega*ve	  binomial	  regression	  
glm.nb(obs	  ~	  offset(expected)	  +	  expr	  +	  rep3me	  …)	  

Covariates	  are	  fiAed	  to	  each	  
dataset,	  not	  assumed	  

bg	  =	  	  Gamma(t|covariates)	  



Local	  muta3on	  rates	  

Model	  3	  

bg	  =	  Pois(t|n_syn)	  *	  Gamma(t|cov)	   bg	  =	  Pois(t|n_syn)	  *	  Gamma(t|cov)	  

bg	  =	  	  	  	  Pois(t|n_syn)	  *	  Gamma(t|covariates)	  

expression	   chroma3n	  

rep	  3me	   any	  other	  

Number	  of	  coding	  muta*ons	  
1,000	   10,000	   100,000	   1,000,000	  

Pan-‐cancer	  



607	  pilot	  (gene	  analysis	  only)	  

Random	  dataset:	  
9	  false	  posi3ves	  
Lowest	  qval	  =	  4e-‐9	  	  
	  
Obviously	  the	  background	  

model	  is	  not	  realis3c	  



607	  pilot	  (gene	  analysis	  only)	  

ABAT
PTEN

UBE2D2
MLL3

CASP8
KRAS
MYC

AXIN1
NF1
TCF4

CREBBP
PTCH1
CBFB
ID3

LDB1
PRKAR1A

RHOA
SMAD4
MLL2
SMO

NXPH4
STK11

SMARCA4
FGFR1
CDH1

FBXW7
ARID1A
TP53

PA
NC

AN
CE

R
Br
ea
st

CL
L

Li
ve
r

Lu
ng
_a
de
no

L\
P
SK
RP

DB
%ï

FH
OO

0
HG
XO
OR
bO
DV
WR
P
D

PD
QF
UH
DV

3L
OR
F\
WLF
BD
VW
UR
F\
WR
P
D

St
ad

0.0

0.2

0.4

0.6

0.8

1.0

Random	  dataset	  shows	  	  
very	  good	  behaviour	  

0	  false	  posi3ves	  
Lowest	  qval	  =	  0.86	  



607	  pilot	  (gene	  analysis	  only)	  

Some	  conclusions	  and	  ideas	  for	  noncoding	  sites:	  
	  
-‐  Need	  to	  account	  for	  extreme	  trinucleo3de	  rates:	  especially	  for	  hotspot	  analysis	  

and	  recurrence	  in	  small	  mo3fs	  (e.g.	  TFBS,	  phosphosites,	  func3onal	  bias…)	  

-‐  Need	  to	  account	  for	  variable	  muta3on	  rates	  
-‐  Local	  es*mates	  and/or	  covariates	  
-‐  And	  explicitly	  consider	  the	  uncertainty	  that	  remains	  in	  the	  model	  

-‐  Increasing	  power	  within	  this	  framework:	  
-‐  Site	  recurrence	  or	  local	  hotspots	  (same	  model	  applies	  to	  a	  single	  site)	  
-‐  Classify	  sites	  by	  importance:	  nonsense	  vs	  missense,	  polyphen,	  TFBS	  within	  

promoters…	  

-‐  FDR	  correc3on	  has	  to	  be	  decided	  a-‐priori	  (e.g.	  correct	  for	  all	  genes/sites	  even	  if	  
p-‐values	  were	  calculated	  only	  for	  those	  than	  had	  muta3ons)	  


