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Cancer	  genomes	  are	  burdened	  with	  soma/c	  
muta/ons	  from	  a	  variety	  of	  muta/onal	  

processes	  ac/ve	  during	  the	  life/me	  of	  the	  cell	  

mitochondrial genomes have been reported in many human cancers,
although their role in the development of the disease is not clear14.

Acquisition of somatic mutations in cancer genomes
The mutations found in a cancer cell genome have accumulated over
the lifetime of the cancer patient. Some were acquired when ancestors
of the cancer cell were biologically normal, showing no phenotypic
characteristics of a cancer cell (Fig. 1). DNA in normal cells is con-
tinuously damaged by mutagens of both internal and external origins.
Most of this damage is repaired. However, a small fraction may be
converted into fixed mutations and DNA replication itself has a low
intrinsic error rate. Our understanding of somatic mutation rates in
normal human cells is still relatively rudimentary. However, it is likely
that the mutation rates of each of the various structural classes of
somatic mutation differ and that there are differences among cell types
too. Mutation rates increase in the presence of substantial exogenous
mutagenic exposures, for example tobacco smoke carcinogens,

naturally occurring chemicals such as aflatoxins, which are produced
by fungi, or various forms of radiation including ultraviolet light.
These exposures are associated with increased rates of lung, liver
and skin cancer, respectively, and somatic mutations within such
cancers often exhibit the distinctive mutational signatures known to
be associated with the mutagen15. The rates of the different classes of
somatic mutation are also increased in several rare inherited diseases,
for example Fanconi anaemia, ataxia telangiectasia, mosaic variegated
aneuploidy and xeroderma pigmentosum, each of which is also assoc-
iated with increased risks of cancer16,17.

The rest of the somatic mutations in a cancer cell genome have been
acquired during the segment of the cell lineage in which predecessors
of the cancer cell already show phenotypic evidence of neoplastic
change (Fig. 1). Whether the somatic mutation rate is always higher
during this part of the lineage is controversial18,19. For some cancers
this is clearly the case. For example, colorectal and endometrial
cancers with defective DNA mismatch repair due to abnormalities
in genes such as MLH1 and MSH2, exhibit increased rates of acquisi-
tion of single nucleotide changes and small insertions/deletions at
polynucleotide tracts20. Other classes of such ‘mutator phenotypes’
may exist, for example leading to abnormalities in chromosome num-
ber or increased rates of genomic rearrangement, although these are
generally less well characterized20. The merit of an increased somatic
mutation rate with respect to the development of cancer is that it
increases the DNA sequence diversity on which selection can act.
However, it has been suggested that the mutation rates of normal cells
may be sufficient to account for the development of some cancers,
without the requirement for a mutator phenotype18,19.

The course of mutation acquisition need not be smooth and pre-
decessors of the cancer cell may suddenly acquire a large number of
mutations. This is sometimes termed ‘crisis’21, and can occur after
attrition of the telomeres that normally cap the ends of chromosomes,
with the cell having to substantially reorganize its genome to survive.

Although complex and potentially cryptic to decipher, the catalogue
of somatic mutations present in a cancer cell therefore represents a
cumulative archaeological record of all the mutational processes the
cancer cell has experienced throughout the lifetime of the patient. It
provides a rich, and predominantly unmined, source of information
for cancer epidemiologists and biologists with which to interrogate the
development of individual tumours.

Driver and passenger mutations
Each somatic mutation in a cancer cell genome, whatever its structural
nature, may be classified according to its consequences for cancer
development. ‘Driver’ mutations confer growth advantage on the cells
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Figure 1 | The lineage of mitotic cell divisions from the fertilized egg to a
single cell within a cancer showing the timing of the somatic mutations
acquired by the cancer cell and the processes that contribute to them.
Mutations may be acquired while the cell lineage is phenotypically normal,
reflecting both the intrinsic mutations acquired during normal cell division
and the effects of exogenous mutagens. During the development of the

cancer other processes, for example DNA repair defects, may contribute to
the mutational burden. Passenger mutations do not have any effect on the
cancer cell, but driver mutations will cause a clonal expansion. Relapse after
chemotherapy can be associated with resistance mutations that often
predate the initiation of treatment.
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Figure 2 | Figurative depiction of the landscape of somatic mutations
present in a single cancer genome. Part of catalogue of somatic mutations
in the small-cell lung cancer cell line NCI-H2171. Individual chromosomes
are depicted on the outer circle followed by concentric tracks for point
mutation, copy number and rearrangement data relative to mapping
position in the genome. Arrows indicate examples of the various types of
somatic mutation present in this cancer genome.
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In	  a	  given	  cancer	  genome,	  the	  observed	  catalogue	  of	  soma/c	  
muta/ons	  is	  the	  sum	  of	  each	  muta/onal	  signature	  weighted	  

by	  its	  ac/vity	  during	  the	  life/me	  of	  the	  cell	  lineage.	  

We can generalize Equation 2 for all K mutation types and
G genomes by expressing exposures to mutational pro-
cesses and mutational catalogs as matrices (Experimental
Procedures):
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or this equation can be simplified in a matrix form as:

MzP3E: (Equation 3)

Deciphering the Signatures of Mutational Processes
from Somatic Mutational Catalogs of Cancer Genomes
The signatures of N different mutational processes and their
respective exposures need to be extracted from a set of muta-
tional catalogs M that contain G cancer genomes (Figure 1B).
This is equivalent to finding P and E in Equation 3 while only
knowing M. The problem can be considered as a specific case
of the classic ‘‘cocktail party’’ problem, where multiple people
attending a party are speaking simultaneously while several

Figure 1. Modeling Signatures of Mutational Processes Operative in Cancer Genomes
(A) Simulated example of three mutational processes operative in a single cancer genome. The mutational catalog of the cancer genome is modeled as a linear

superposition of the signatures of the three processes and the respective number of mutations contributed by each signature, plus added nonsystematic noise.

(B) Simulated example illustratingmutational processes operative in a set ofG cancer genomes. Themutational catalogs of theseG cancer genomes can be used

to decipher the signatures ofNmutational processes as well as the number of mutations caused by each of the processes in each of the genomes. The extracted

signatures and contributions do not allow an exact reconstruction of the original set, thus resulting in genome-specific reconstruction error.
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Given	  a	  set	  of	  muta/on	  catalogues	  from	  many	  cancer	  samples,	  
can	  decipher	  signatures	  of	  the	  underlying	  muta/onal	  processes	  
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Original	  approach:	  	  
non-‐nega/ve	  matrix	  factoriza/on	  
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New	  approach:	  	  
hierarchical	  Dirichlet	  process	  

Nonparametric	  Bayesian	  approach	  for	  muta/onal	  signatures	  analysis.	  
	  
Advantages	  over	  NMF:	  
•  Model	  rela%onships	  between	  samples	  

–  different	  cancer	  types,	  different	  samples	  from	  the	  same	  pa/ent,	  different	  subclones	  
from	  the	  same	  sample,	  etc.	  

•  Sta/s/cal	  analysis	  of	  significant	  differences	  in	  signature	  prevalence	  across	  
samples	  and	  groups	  
–  formal	  probabilis/c	  model	  with	  credibility	  intervals	  for	  every	  parameter	  

•  Simultaneous	  signature	  discovery	  and	  matching	  to	  known	  signatures	  

Original	  paper:	  	  
Teh	  et	  al.	  Hierarchical	  Dirichlet	  Processes,	  JASA	  (2006)	  
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What	  is	  a	  Dirichlet	  process?	  
Defined	  by	  ‘base’	  probability	  distribu/on	  H	  (and	  concentra/on	  parameter	  α)	  
	  
A	  DP	  draw	  is	  a	  probability	  distribu/on	  built	  with	  random	  samples	  from	  
H	  with	  increasingly	  small	  weights.	  It	  is	  a	  much	  clumpier	  and	  discre/zed	  
distribu/on	  over	  the	  domain	  of	  H.	  	  

Example	  of	  a	  base	  distn	  H	  

Examples	  of	  DP	  draws	  

α	  =	  10	  

α	  =	  1	  

α	  =	  100	  

α	  =	  1000	  

h@p://commons.wikimedia.org/wiki/File:Dirichlet_process_draws.svg	  



DP	  design	  for	  muta/onal	  signatures	  

As	  a	  prior,	  base	  
distribu/on	  H	  is	  
uniform	  over	  all	  
possible	  signatures	  
(uniform	  Dirichlet)	  

Distribu/on	  of	  
signatures	  in	  a	  
collec/on	  of	  
cancer	  genomes	  

Each	  signature	  is	  a	  discrete	  
probability	  distribu/on	  over	  
k	  muta/on	  classes	  (e.g.	  k=6)	  

Draw	  from	  a	  DP	  

H	  
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HDP	  design	  for	  mul/ple	  sample	  groups	  

All	  possible	  signatures	  

Distn	  of	  sigs	  in	  whole	  dataset	  

Distn	  of	  sigs	  in	  group	  N	  

Each	  blue	  arrow	  
represents	  a	  DP	  draw	  

…	   …	  

A	  
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Distn	  of	  sigs	  in	  sample	  i	  
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Example	  –	  TCGA	  exome	  seq	  data	  

Cancer	   Breast	   Colorect.	   Glioma	   Lung	   Melanoma	   Ovary	   Prostate	   Stomach	   Total	  

Samples	   844	   559	   217	   636	   396	   471	   330	   212	   3665	  

Total	  
muts	  

39822	   204630	   20601	   211762	   280918	   22307	   15176	   77345	   872561	  

Tallied	  single	  base	  muta/ons	  in	  96	  categories	  defined	  by	  trinucleo/de	  context	  	  

4 6 4 96	  
base	  
before	  

subs/tu/on	  
muta/on	  

base	  
aoer	  

muta/on	  
classes	  



COSMIC	  10:	  
POLE	  muta/ons	  

COSMIC	  2&13:	  	  
AID/APOBEC	  cy/dine	  
deaminases	  

COSMIC	  11:	  
alkyla/ng	  agents	  

COSMIC	  4:	  
tobacco	  
mutagens	  

COSMIC	  5:	  
intrinsic	  error?	  

COSMIC	  7:	  
UV	  radia/on	  

COSMIC	  1:	  	  
deamina/on	  of	  	  
5-‐methylcytosine	  

COSMIC	  6:	  
defec/ve	  DNA	  
mismatch	  repair	  



Sigs	  of	  note	  
4:	  APOBEC	  
5:	  Alkyla/ng	  agents	  
6:	  tobacco	  
7:	  UV	  radia%on	  
8:	  POLE	  muta/on	  
9:	  intrinsic	  error	  
10:	  deamina%on	  of	  

	  5-‐methylcytosine	  
11:	  defec%ve	  DNA	  

	  mismatch	  repair	  
	  







HDP	  design	  condi/oned	  on	  previous	  data	  

All	  possible	  signatures	  

Distn	  of	  sigs	  in	  whole	  dataset	  

… …

A	   B	  

…

N	  

…

…	  

M	  

Frozen	  HDP	  
(previous	  data)	  

New	  
data	  
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