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AN	
  INTRODUCTION	
  TO	
  CANCER	
  
GENOMICS:	
  TOOLS	
  AND	
  WORKFLOWS	
  



Cancer	
  is	
  a	
  geneHc	
  disease	
  

•  Characterized	
  by	
  abnormal	
  cell	
  growth	
  

•  Caused	
  by	
  inherited	
  or	
  acquired	
  geneHc	
  lesions	
  
(mutaHons),	
  allowing	
  affected	
  cells	
  to	
  outcompete/
invade	
  other	
  cells/niches	
  

•  Cause	
  and	
  consequence	
  varies	
  by	
  organ	
  and	
  cell	
  type	
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MutaHons	
  

1 Introduction	
  2 Introduction	
  



Hallmarks	
  of	
  Cancer	
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Cancer	
  is	
  an	
  umbrella	
  of	
  diseases:	
  
The	
  problem	
  of	
  heterogeneity	
  

•  Number	
  of	
  cancer	
  hallmarks	
  acquired	
  vary	
  extensively	
  
between	
  tumors	
  

•  The	
  exact	
  same	
  capability	
  may	
  be	
  acquired	
  by	
  mutaHng	
  any	
  of	
  
k	
  genes	
  

•  Tumors	
  of	
  the	
  same	
  cancer	
  type	
  are	
  geneHcally	
  extremely	
  
heterogeneous	
  

•  Most	
  individual	
  cancer	
  driver	
  events	
  occur	
  in	
  less	
  than	
  5%	
  of	
  
tumors	
  and	
  some	
  likely	
  at	
  <1%	
  frequency	
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Cancer	
  Genomics	
  
Cancer	
  genomics	
  is	
  the	
  study	
  of	
  the	
  totality	
  of	
  DNA	
  sequence	
  and	
  
gene	
  expression	
  differences	
  between	
  tumour	
  and	
  normal	
  cells	
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The	
  Cancer	
  Genome	
  Atlas	
  (TCGA)	
  

2 Resources	
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Aims	
  to	
  catalogue	
  and	
  discover	
  major	
  cancer-­‐causing	
  genomic	
  alteraHons	
  
to	
  create	
  a	
  comprehensive	
  ’atlas’	
  of	
  cancer	
  genomic	
  profiles	
  	
  

•  Clinical	
  

•  DNA	
  sequencing	
  

•  RNA	
  sequencing	
  

•  SNP	
  arrays	
  

•  DNA	
  methylaHon	
  

•  Protein	
  array	
  



Genomic	
  Data	
  Commons	
  Portal	
  
InteracHve	
  data	
  system	
  for	
  researchers	
  to	
  search,	
  
download,	
  and	
  analyze	
  cancer	
  genomic	
  data	
  sets	
  

	
  

7 Resources	
  

haps://gdc-­‐portal.nci.nih.gov/	
  



Exome	
  vs.	
  whole	
  genome	
  sequencing	
  

8 Whole	
  genome	
  sequencing	
  	
  

Exome	
  Sequencing	
  

Targeted	
  Deep	
  Sequencing	
  

Whole	
  genome	
  
sequencing	
  

:	
  somaHc	
  mutaHon	
  



Why	
  whole	
  genomes?	
  

9 Whole	
  genome	
  sequencing	
  studies	
  

98%	
  non-­‐coding	
  

2%	
  protein	
  coding	
  

What	
  are	
  the	
  advantages	
  of	
  WGS	
  compared	
  to	
  WES	
  
•  Structural	
  variaHon	
  (!)	
  
•  Non-­‐coding	
  mutaHons	
  (!)	
  
•  Base-­‐point	
  resoluHon	
  DNA	
  copy	
  number	
  profiles	
  
•  More	
  data	
  points	
  (=beaer	
  fit)	
  for	
  heterogeneity	
  and	
  mutaHon	
  signature	
  analysis	
  
	
  
What	
  are	
  the	
  disadvantages:	
  
•  Higher	
  price	
  (6x,	
  at	
  same	
  depth,	
  but	
  only	
  4-­‐5x	
  if	
  you	
  add	
  a	
  SNP-­‐array)	
  
•  Data	
  analysis	
  (uses	
  >10x	
  resources)	
  
	
  



Recent	
  WGS	
  studies	
  

10 Whole	
  genome	
  sequencing	
  studies	
  

(	
  N=300	
  )	
  

January	
  2013	
  



Pan-­‐Cancer	
  analysis	
  of	
  Whole	
  Genomes	
  
(PCAWG)	
  

•  Co-­‐coordinated	
  by	
  the	
  InternaHonal	
  Cancer	
  Genome	
  
ConsorHum	
  (ICGC)	
  and	
  The	
  Cancer	
  Genome	
  Atlas	
  (TCGA)	
  

•  Analyzing	
  more	
  than	
  2,800	
  whole	
  cancer	
  genome	
  	
  

•  Aims	
  to	
  explore	
  somaHc	
  and	
  germline	
  variaHons	
  in	
  both	
  
coding	
  and	
  non-­‐coding	
  regions,	
  with	
  specific	
  emphasis	
  on	
  cis-­‐
regulatory	
  sites,	
  non-­‐coding	
  RNAs,	
  and	
  large-­‐scale	
  structural	
  
alteraHons	
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Resources:	
  PCAWG	
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haps://dcc.icgc.org	
  



Compare	
  genotypes	
  in	
  normal	
  and	
  tumor	
  DNA	
  

13 Somatic	
  mutation	
  calling	
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BAM	
  file	
  for	
  sequenced	
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  Hssue	
  

What	
  is	
  the	
  possible	
  
genotype	
  
in	
  the	
  normal	
  DNA?	
  
	
  

Compute	
  likelihood	
  of	
  
a	
  genotype	
  difference	
  
between	
  normal	
  and	
  
tumor.	
  



SomaHc	
  mutaHon	
  calling	
  –	
  sources	
  of	
  error	
  

14 Somatic	
  mutation	
  calling	
  

• Cancer	
  Hssue	
  is	
  heterogeneous.	
  	
  Cell	
  populaHons	
  vary	
  within	
  
tumor	
  samples.	
  

• Low-­‐frequency	
  mutaHons	
  are	
  hard	
  to	
  disHnguish	
  from	
  
sequencing	
  errors.	
  

• Sequencing	
  bias:	
  certain	
  sequences	
  are	
  read	
  with	
  greater	
  
frequencies	
  than	
  others.	
  
•  AmplificaHon	
  step	
  in	
  NGS	
  

	
  



MutaHon	
  calling	
  problems	
  and	
  heurisHc	
  
filters	
  

Problem:	
  sequencing	
  errors	
  
HeurisDc:	
  only	
  call	
  mismatches	
  represented	
  by	
  a	
  threshold	
  number	
  of	
  
reads	
  

Problem:	
  noisy,	
  low-­‐confidence	
  reads	
  
HeurisDc:	
  consult	
  per-­‐base	
  read	
  quality	
  scores,	
  and	
  apply	
  a	
  quality	
  
score	
  threshold.	
  

Problem:	
  low-­‐confidence	
  mapping,	
  especially	
  near	
  indels	
  
HeurisDc:	
  do	
  not	
  call	
  mismatches	
  near	
  indels	
  

16	
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MutaHon	
  calling	
  is	
  no	
  solved	
  problem.	
  	
  Different	
  
methods	
  yield	
  differing	
  results	
  

16 Somatic	
  mutation	
  calling	
  

Overlap	
  of	
  mutaHon	
  calls	
  done	
  for	
  the	
  same	
  cancer	
  samples	
  at	
  three	
  different	
  
analysis	
  centers	
  



Standard	
  format	
  for	
  variant	
  calling:	
  VCF	
  files	
  

18	
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Calling	
  the	
  somaHc	
  mutaHons	
  in	
  a	
  tumor	
  is	
  
only	
  the	
  first	
  step	
  

• Which	
  genes	
  are	
  significantly	
  mutated?	
  
• Which	
  mutaHons	
  caused	
  the	
  cancer?	
  
• Which	
  mutaHons	
  caused	
  the	
  cancer	
  to	
  progress?	
  
• Which	
  alteraHons	
  are	
  “acHonable”?	
  

	
  

18 Somatic	
  mutation	
  calling	
  



IdenHficaHon	
  of	
  driver	
  mutaHons	
  

19 Identification	
  of	
  	
  driver	
  mutations	
  

• Driver	
  mutaDons	
  
– Give	
  a	
  selecHve	
  growth	
  advantage	
  to	
  a	
  cancer	
  cell	
  
– Ooen	
  occur	
  in	
  most	
  cells	
  in	
  a	
  tumor	
  (“founders”)	
  

• Passenger	
  mutaDons	
  
– Confer	
  no	
  selecHve	
  growth	
  advantage	
  
– May	
  be	
  present	
  in	
  founder	
  cells	
  or	
  not	
  

	
  
Problem,	
  one	
  tumor	
  may	
  have:	
  	
  

	
  >	
  10	
  000	
  somaHc	
  mutaHons	
  
	
  >	
  100	
  mutaHons	
  in	
  protein-­‐coding	
  regions	
  

The	
  vast	
  majority	
  of	
  these	
  are	
  passenger	
  mutaHons	
  



IdenHfying	
  posiHve	
  selecHon	
  in	
  tumors	
  

• Model	
  a	
  null	
  background	
  mutaHon	
  rate	
  (BGM)	
  
•  Find	
  genes/regions	
  with	
  more	
  mutaHon	
  than	
  expected	
  under	
  the	
  null	
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Parameters	
  used	
  to	
  esHmate	
  the	
  background	
  
mutaHon	
  rate	
  (BMR)	
  

•  Overall	
  mutaHon	
  frequency	
  

•  RelaHve	
  frequencies	
  of	
  different	
  categories	
  of	
  mutaHons	
  
•  TransiHon	
  vs	
  transversion	
  
•  CpG	
  dinucleoHdes	
  
•  Rest	
  of	
  C:G	
  
•  A:T	
  
•  small	
  inserHons	
  and	
  deleHons	
  

Kan	
  et	
  al.,	
  Nature,	
  2010	
  
Seshagiri,	
  Nature,	
  2012	
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Modeling	
  background	
  mutaHon	
  rate	
  in	
  coding	
  
regions	
  

22 Identification	
  of	
  	
  driver	
  mutations	
  

fi =
siri
ni

•  fi=	
  background	
  mutaHon	
  rate	
  for	
  nucleoHde	
  category	
  i	
  
•  ni	
  =	
  #	
  protein-­‐coding	
  nucleoHde	
  of	
  category	
  i	
  
•  si	
  =	
  #	
  synonymous	
  mutaHons	
  of	
  nucleoHde	
  category	
  i	
  
•  ri=NS/S	
  raHo	
  in	
  nucleoHde	
  category	
  i	
  

Kan	
  et	
  al.,	
  Nature,	
  2010	
  
Seshagiri,	
  Nature,	
  2012	
  



Problems	
  with	
  using	
  an	
  uniform	
  BMR	
  

•  mutaHon	
  rates	
  vary	
  across	
  genomic	
  loci	
  
•  mutaHon	
  rates	
  vary	
  across	
  samples	
  
•  longer	
  lists	
  of	
  significant	
  genes	
  with	
  more	
  samples	
  
•  many	
  false	
  posiHve	
  findings	
  
–  olfactory	
  receptors	
  
–  list	
  enriched	
  for	
  long	
  genes:	
  HHn	
  and	
  mucin	
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Factors	
  contribuHng	
  to	
  mutaHonal	
  
heterogeneity	
  in	
  cancer	
  genomes	
  

•  Cancer	
  type	
  
•  Individual	
  tumors	
  
	
  
•  NucleoHde	
  context	
  
•  ReplicaHon	
  Hming	
  
•  Gene	
  expression	
  
•  ChromaHn	
  organizaHon	
  
– cell	
  type	
  specific	
  epigeneHc	
  landscape	
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MutaHon	
  recurrence	
  analysis	
  in	
  coding	
  regions	
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  of	
  	
  driver	
  mutations	
  

MutSigCV	
  –Mutsig	
  with	
  covariates	
  
Builds	
  a	
  BMR	
  model	
  by	
  pooling	
  data	
  from	
  'neighbor'	
  genes	
  in	
  
covariate	
  space	
  
	
  
Genomic	
  covariates:	
  
1.  Gene	
  expression	
  level	
  
2.  ReplicaHon	
  Hme	
  during	
  the	
  cell	
  cycle	
  

Lawrence	
  at	
  al.,	
  Nature	
  2013	
  



MutSigCV:	
  gene	
  specific	
  background	
  rate	
  

•  directly	
  esHmate	
  local	
  BMR	
  from:	
  
1.  synonymous	
  mutaHons	
  
2.  non-­‐coding	
  mutaHons	
  in	
  the	
  UTRs	
  and	
  introns	
  

•  bin	
  genes	
  according	
  to	
  gene	
  expression	
  levels	
  and	
  
DNA	
  replicaHon	
  Hme	
  
–  find	
  a	
  set	
  of	
  nearest	
  neighbors	
  	
  
–  pool	
  data	
  across	
  the	
  set	
  of	
  genes	
  to	
  esHmate	
  BMR	
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Weinhold	
  et	
  al.,	
  Nature	
  Gene/cs,	
  2014	
  

MutaHon	
  recurrence	
  in	
  non-­‐coding	
  regions	
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MutaHon	
  recurrence	
  in	
  non-­‐coding	
  regions	
  

28 Identification	
  of	
  	
  driver	
  mutations	
  

Some	
  covariates	
  to	
  consider	
  when	
  modeling	
  BMR	
  
–  paHent	
  ID	
  
–  replicaHon	
  Hming	
  bin	
  	
  
–  nucleoHde	
  context	
  
–  transcripHon	
  factor	
  binding	
  sites	
  (ENCODE)	
  
–  histone	
  modificaHon	
  profiles	
  (Roadmap	
  epigenomics)	
  
–  local	
  mutaHon	
  rate	
  
–  interacHons	
  among	
  covariates	
  
	
  



Power	
  analysis	
  

29 Identification	
  of	
  	
  driver	
  mutations	
  

Factors	
  affecHng	
  power	
  of	
  detecHon:	
  
•  passenger	
  mutaHon	
  rate	
  
•  mutaHon	
  frequency	
  among	
  

tumors	
  



Common	
  arHfacts	
  
genomic	
  regions	
  that	
  tend	
  to	
  generate	
  mapping	
  errors	
  	
  

30 Identification	
  of	
  	
  driver	
  mutations	
  

mask	
  regions	
  with	
  low	
  alignability/mappability	
  

Reference 	
   	
  TCGATCGATCGATCGATCGATCGA	
  …	
  TCGATCGAACGATCGATCGATCGA	
  
	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  TCGATCGATCGATCGATC	
  	
  	
  	
  	
  	
  …	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  TCGATCGATCGATCGAT	
  

	
  
	
  



Common	
  arHfacts	
  
systemaHc	
  	
  sequencing	
  	
  errors	
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Tumor	
  1	
  

Tumor	
  4	
  

Tumor	
  2	
  
Tumor	
  3	
  

Tumor	
  5	
  
Tumor	
  6	
  

Normal	
  1	
  

Normal	
  4	
  

Normal	
  2	
  
Normal	
  3	
  

Normal	
  5	
  
Normal	
  6	
  

	
  flag/filter	
  mutaHons	
  that	
  also	
  appear	
  in	
  the	
  panel	
  of	
  normal	
  samples	
  



Common	
  arHfacts	
  
•  Germline	
  mutaHon	
  wrongly	
  called	
  as	
  somaHc	
  
–  Filter	
  common	
  SNPs	
  in	
  the	
  general	
  populaHon	
  

•  Misalignment	
  	
  caused	
  	
  by	
  	
  germline	
  	
  inserHons/deleHons 	
  	
  
–  Filter	
  mutaHons	
  close	
  to	
  common	
  germline	
  indels	
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Thank	
  you!	
  

contact:	
  guoy1@gis-­‐astar.edu.sg	
  


