
Epigene'cs  




Resources


• Papers	
  from	
  Irizarry	
  (Harvard),	
  Fienberg	
  (JHU),	
  Esteller	
  (Spain)	
  
	
  
	
  



Overview


•  Epigene?c	
  events	
  regulate	
  ac?vi?es	
  of	
  genes	
  without	
  changing	
  DNA	
  
sequence.	
  

• Different	
  genes	
  are	
  expressed	
  depending	
  on	
  the	
  methyl-­‐marks	
  
aMached	
  to	
  DNA	
  itself	
  and	
  by	
  changes	
  in	
  the	
  structure	
  and/or	
  
composi?on	
  of	
  chroma?n.	
  

• Histones	
  are	
  main	
  components	
  of	
  chroma?n	
  which	
  come	
  in	
  bundle	
  of	
  
8	
  units.	
  	
  

• DNA	
  winds	
  around	
  histones	
  (146	
  bp)	
  to	
  form	
  a	
  structure	
  called	
  
nucleosome	
  



Epigene'cs  Primer


Thanks	
  to	
  Stefan	
  Kubicek	
  



Epigene?c	
  effects	
  on	
  
nucleosome:	
  	
  
•  Chemical	
  modifica?on	
  via	
  

molecular	
  addi?ons	
  to	
  
histone	
  tails	
  or	
  DNA	
  

•  Posi?on/shape	
  changes	
  via	
  
chroma?n	
  remodeling	
  
proteins	
  

•  Varia?on	
  in	
  histone	
  
subtypes	
  

	
  



Epigene?c	
  effects	
  cri?cal	
  for	
  
cell	
  differen?a?on:	
  	
  
•  Neuronal	
  cell	
  expresses	
  

genes	
  that	
  help	
  it	
  develop	
  
dendrites	
  and	
  axons.	
  

•  Liver	
  cell	
  will	
  have	
  same	
  
genes	
  marked	
  with	
  
epigene?c	
  tags	
  that	
  cause	
  
?ghter	
  binding	
  of	
  neuron-­‐
specific	
  DNA,	
  making	
  it	
  
inaccessible	
  to	
  
transcrip?on	
  machinery.	
  	
  



Epigene?c	
  marks	
  to	
  inac?vate	
  
genes:	
  
•  Methyla?on	
  at	
  certain	
  

posi?ons	
  on	
  histone	
  tails	
  
made	
  by	
  histone-­‐
modifying	
  enzymes	
  and	
  
recognized	
  by	
  other	
  
chroma?n	
  regulators.	
  

•  Noncoding	
  RNAs	
  may	
  be	
  
regula?ng	
  these	
  enzymes.	
  

•  Histone	
  modifica?ons	
  that	
  
inac?vate	
  genes	
  are	
  
reversible!!	
  	
  	
  





•  DNA	
  methyla?on	
  occurs	
  at	
  clusters	
  
of	
  cytosine	
  (CpG	
  islands)	
  that	
  
commonly	
  occur	
  within	
  gene	
  
promoters.	
  	
  

•  Direct	
  methyla?on	
  of	
  DNA	
  causes	
  a	
  
permanent	
  and	
  heritable	
  change	
  in	
  
gene	
  expression.	
  	
  

•  Heritability	
  occurs	
  in	
  early	
  stages	
  of	
  
development	
  allowing	
  cells	
  to	
  keep	
  
irrelevant	
  genes	
  silenced	
  in	
  
successive	
  genera?ons.	
  	
  	
  



•  How	
  to	
  reac?vate	
  silenced	
  
genes?	
  

•  Acetyla?on,	
  phosphoryla?on,	
  
methyla?on	
  on	
  certain	
  
posi?ons	
  on	
  a	
  histone	
  tail	
  can	
  
cause	
  DNA	
  to	
  unwind,	
  releasing	
  
genes	
  that	
  are	
  otherwise	
  
inaccessible.	
  

•  Modifica?ons	
  occur	
  at	
  
accessible	
  posi?ons	
  of	
  histone	
  
tail	
  with	
  the	
  help	
  of	
  ac?va?ng	
  
proteins.	
  

•  Histone-­‐remodeling	
  complexes	
  
can	
  also	
  make	
  genes	
  accessible	
  
to	
  transcrip?on.	
  	
  







•  During	
  early	
  development,	
  
methyla?on	
  paMerns	
  are	
  
ini?ally	
  established	
  by	
  the	
  
de	
  novo	
  DNA	
  
methyltransferases:	
  
DNMT3A	
  and	
  DNMT3B	
  



•  When	
  DNA	
  replica?on	
  and	
  
cell	
  division	
  occurs,	
  methyl	
  
marks	
  are	
  maintained	
  in	
  
daughter	
  cells	
  by	
  the	
  
maintenance	
  
methyltransferase,	
  DNMT1,	
  
which	
  has	
  a	
  preference	
  for	
  
hemi-­‐methylated	
  DNA.	
  



•  If	
  DNMT1	
  is	
  inhibited	
  or	
  
absent	
  when	
  the	
  cell	
  
divides,	
  the	
  newly	
  
synthesized	
  strand	
  of	
  DNA	
  
will	
  not	
  be	
  methylated	
  and	
  
successive	
  rounds	
  of	
  cell	
  
division	
  will	
  result	
  in	
  passive	
  
demethyla?on.	
  



•  Ac?ve	
  demethyla?on	
  can	
  
occur	
  through	
  enzyme	
  
replacement	
  of	
  5-­‐
methylcytosine	
  (5meC)	
  with	
  C.	
  





•  Sensi?ve	
  and	
  quan?ta?ve	
  detec?on	
  of	
  hypermethylated	
  tumor-­‐suppressor	
  genes	
  in	
  all	
  types	
  of	
  biologic	
  fluids	
  and	
  biopsy	
  
specimens.	
  

•  Establishment	
  of	
  DNA	
  methyla?on	
  and	
  histone-­‐modifica?on	
  profiles	
  of	
  the	
  primary	
  tumor	
  specimen	
  might	
  be	
  a	
  valuable	
  tool	
  
in	
  determining	
  the	
  prognosis	
  and	
  predic?ng	
  the	
  pa?ent’s	
  response	
  to	
  therapies.	
  

	
  



Computa'onal  Methods


• CpG	
  island	
  detec?on	
  
• Bisulfite	
  sequencing	
  +	
  alignment	
  

•  bSmooth	
  

• Deconvolu?on	
  for	
  heterogeneity	
  
• CpG	
  shores	
  and	
  cancer	
  epi	
  (possibly	
  next	
  week)	
  



Cartoon illustrating how DNA methylation is 
inherited in cell division on how it could be 

involved in tissue differentiation.  

Wu H et al. Biostat 2010;11:499-514 

© The Author 2010. Published by Oxford University Press. All rights reserved. For permissions, 
please e-mail: journals.permissions@oxfordjournals.org. 



A genomic region of 40 000 bases from chromosome 1 is shown.  

Wu H et al. Biostat 2010;11:499-514 

© The Author 2010. Published by Oxford University Press. All rights reserved. For permissions, 
please e-mail: journals.permissions@oxfordjournals.org. 

A genomic region of 40 000 bases from chromosome 1 is shown. The 
ticks on the x-axis represent CpG locations. The points represent 
CpG rates in segments of length 256 bases The curve is the result of 
a kernel smoother of the points. Approximately 20% of the genome 
are Cs and 20% are Gs. Thus, we expect about 4% of dinucleotides 
to be CpG. However, most points are well below rates 4% with 2 
clusters well above 4%. The latter are CGI. 



CGI  defini'ons


Gardiner-­‐Garden	
  and	
  Frommer	
  (1987)	
  	
  
• At	
  least	
  200	
  bp	
  with	
  the	
  propor?on	
  of	
  Gs	
  or	
  Cs,	
  ‘GC’	
  content,	
  more	
  
than	
  50%	
  and	
  observed	
  to	
  expected	
  CpG	
  ra?o	
  (O/E)	
  >	
  0.6	
  

• N	
  number	
  of	
  bp	
  in	
  the	
  segment	
  under	
  considera?on	
  
• UCSC	
  Genome	
  browser	
  maintains	
  an	
  extensive	
  list	
  



CGI  defini'ons


Takai	
  and	
  Jones	
  
• Min	
  length	
  of	
  500	
  bp,	
  min	
  GC	
  content	
  >=	
  55%	
  and	
  O/E	
  >=	
  0.65	
  
•  Alu-­‐repe??ve	
  elements	
  get	
  excluded	
  nicely	
  (Alu	
  sequence	
  appears	
  more	
  
than	
  1M	
  ?mes)	
  

Glass	
  and	
  others	
  (2007)	
  	
  
•  For	
  every	
  CpG,	
  they	
  recorded	
  the	
  length	
  of	
  a	
  segment	
  needed	
  to	
  cover	
  the	
  
nearest	
  27	
  CpGs.	
  They	
  then	
  observed	
  that,	
  for	
  certain	
  species,	
  a	
  histogram	
  
of	
  these	
  lengths	
  shows	
  a	
  bimodal	
  distribu?on.	
  The	
  histogram	
  was	
  used	
  to	
  
select	
  a	
  cutoff	
  and	
  regions	
  associated	
  with	
  the	
  first	
  mode	
  are	
  defined	
  as	
  
CpG	
  “clusters”	
  (their	
  terminology	
  for	
  CGI).	
  	
  



The observed to expected ratio (green) and percentage of G + C (orange) 
are shown for 2 regions of the human genome.  

Wu H et al. Biostat 2010;11:499-514 

© The Author 2010. Published by Oxford University Press. All rights reserved. For permissions, 
please e-mail: journals.permissions@oxfordjournals.org. 

Limita?ons	
  of	
  
exis?ng	
  methods	
  

The observed to expected ratio (green) and 
percentage of G + C (orange) are shown for 2 regions 
of the human genome. CpG clusters are denoted with 
bars along the bottom or top of the plot. (a) For a 
region covering the 5′ end of CLSTN3 a CpG dense 
region that is not in current CGI list is denoted by the 
lime green bar at the bottom. (b) The top (pink) bar 
denotes one of Glass and others (2007) CGI that 
engulfs 3 Genome Browser CGIs (denoted with 
purple bars at the bottom). The regions between the 
Genome Browser CGI have low observed to expected 
ratio. 



HMMs  that  we  studied  before  require  
modifica'ons

•  If	
  CGIs	
  are	
  simply	
  a	
  cluster	
  of	
  CpGs,	
  then	
  a	
  procedure	
  that	
  scans	
  through	
  
the	
  genome	
  searching	
  for	
  regions	
  with	
  larger	
  than	
  expected	
  CpG	
  rates	
  
would	
  suffice.	
  	
  

•  However,	
  the	
  evolu?onary	
  theory	
  for	
  CGI	
  mo?vates	
  a	
  more	
  sophis?cated	
  
approach.	
  	
  

•  Briefly,	
  the	
  human	
  genome	
  is	
  depleted	
  of	
  CpG	
  because	
  the	
  muta?on	
  rate	
  
for	
  this	
  specific	
  dinucleo?de	
  is	
  higher	
  than	
  others	
  (Lander	
  and	
  others,	
  
2001).	
  	
  

•  CGIs	
  are	
  believed	
  to	
  be	
  the	
  result	
  of	
  certain	
  segments	
  of	
  the	
  genome	
  being	
  
somewhat	
  protected	
  from	
  the	
  mechanism	
  that	
  leads	
  to	
  this	
  muta?on.	
  This	
  
is	
  a	
  possible	
  explana?on	
  for	
  the	
  associa?on	
  of	
  CGI	
  and	
  loca?ons	
  relevant	
  
to	
  development.	
  	
  



Rethinking  CGIs


•  This	
  evolu?onary	
  argument,	
  based	
  on	
  differing	
  muta?on	
  rates,	
  
suggest	
  that	
  the	
  fundamental	
  property	
  that	
  defines	
  a	
  CGI	
  is	
  not	
  the	
  
CpG	
  density	
  per	
  se	
  but	
  the	
  CpG	
  density	
  condi?oned	
  on	
  GC	
  content.	
  

•  This	
  is	
  because	
  regions	
  that	
  originally	
  had	
  high	
  GC	
  content	
  had	
  more	
  
CpG	
  dinucleo?des	
  which,	
  even	
  unprotected,	
  resulted	
  in	
  rela?vely	
  
high	
  CpG	
  counts.	
  

• Gardiner-­‐Garden	
  and	
  Frommer’s	
  defini?on,	
  based	
  on	
  the	
  observed	
  to	
  
expected	
  ra?o	
  as	
  opposed	
  to	
  just	
  the	
  number	
  of	
  CpG,	
  agrees	
  with	
  the	
  
above	
  described	
  theory.	
  



Insight  from  
stra'fica'on


Histogram	
  of	
  CpG	
  rates	
  in	
  nonoverlapping	
  
genomic	
  segments	
  of	
  length	
  256	
  bases,	
  
stra?fied	
  by	
  the	
  GC	
  contents	
  
in	
  each	
  segment.	
  GC	
  content	
  strata	
  is	
  
shown	
  on	
  top	
  of	
  each	
  histogram.	
  x-­‐axis	
  is	
  
the	
  CpG	
  rate.	
  y-­‐axis	
  shows	
  the	
  
percentage	
  of	
  segments	
  belonging	
  to	
  each	
  
CpG	
  rate	
  category.	
  
	
  



GC content plots.  

Wu H et al. Biostat 2010;11:499-514 

© The Author 2010. Published by Oxford University Press. All rights reserved. For permissions, 
please e-mail: journals.permissions@oxfordjournals.org. 

2-­‐state	
  HMM	
  
needed	
  

GC content plots. A region with no Alu repeats was divided into 
nonoverlapping segments of length 256 bases. The points are the GC 
content of each segment. The curve is the result of a kernel smoother 
of the points. 
	
  



Statistical characteristics of model-based CGI list for human (hg18).  

Wu H et al. Biostat 2010;11:499-514 

© The Author 2010. Published by Oxford University Press. All rights reserved. For permissions, 
please e-mail: journals.permissions@oxfordjournals.org. 

(a) GC content versus O/E. 
The red vertical and horizontal 
lines represent the cutoffs 
used by the Gardiner-Garden 
and Frommer definition: O/E > 
0.6, GC content > 0.5. (b) 
Histogram of CGI lengths. The 
vertical line is at the minimum 
length requirement of 
Gardiner-Garden and 
Frommer CGI definition (200 
bp). 
	
  



Bisulfite    
sequencing


Sodium	
  bisulfite	
  treatment	
  
converts	
  unmethylated	
  
cytosine	
  C	
  nucleo?des	
  to	
  
uracils	
  (U),	
  	
  which	
  are	
  reported	
  
as	
  thymines	
  (T)	
  by	
  the	
  
sequencers	
  and	
  leaves	
  
methylated	
  cytosines	
  
unmodified.	
  



Whole  genome  bisulfite  sequencing  (WGBS)


• WGBS	
  comprehensive	
  but	
  costly	
  
•  Lister	
  et	
  al	
  compared	
  DNA	
  methyla?on	
  profiles	
  of	
  an	
  embryonic	
  stem	
  cell	
  line	
  
and	
  a	
  fibroblast	
  cell	
  line.	
  	
  

•  Both	
  sequenced	
  to	
  about	
  30x	
  coverage	
  
•  Use	
  computa?onal	
  methods	
  to	
  reduce	
  this	
  to	
  4x	
  

• Different	
  genomic	
  regions	
  exhibit	
  different	
  levels	
  of	
  DNA	
  methyla?on	
  
varia?on	
  among	
  individuals	
  (see	
  figure	
  next),	
  but	
  WGBS	
  can	
  be	
  
expensive	
  to	
  run	
  on	
  all	
  replicates	
  

	
  



Cancer-­‐specific  differen'ally  methylated  
regions:  need  for  biological  replicates


•  methyla?on	
  profiles	
  for	
  three	
  normal	
  samples	
  (blue)	
  and	
  matched	
  cancers	
  (red)	
  from	
  the	
  Hansen	
  data	
  [1].	
  
•  smoothed	
  methyla?on	
  profile	
  for	
  an	
  IMR90	
  cell-­‐line	
  (black)	
  from	
  the	
  Lister	
  data	
  [3].	
  	
  
•  If	
  only	
  analyzed	
  normal-­‐cancer	
  pair	
  3	
  (thick	
  lines)	
  were	
  to	
  be	
  analyzed,	
  there	
  would	
  appear	
  to	
  be	
  a	
  

methyla?on	
  difference	
  between	
  cancer	
  and	
  normal	
  in	
  this	
  genomic	
  region.	
  	
  
•  When	
  all	
  three	
  cancer-­‐normal	
  pairs	
  are	
  considered,	
  however,	
  this	
  region	
  does	
  not	
  appear	
  to	
  be	
  a	
  cancer-­‐

specific	
  differen?ally	
  methylated	
  region.	
  
	
  



WGBS  Analysis


•  Align	
  bisulfite	
  converted	
  reads	
  (lots	
  of	
  work	
  done)	
  
•  Iden?fy	
  differen?ally	
  methylated	
  regions	
  (DMRs)	
  between	
  two	
  or	
  more	
  
condi?ons	
  

•  Post-­‐alignment	
  analysis	
  limited:	
  
•  Iden?fy	
  DMRs	
  and	
  group	
  them	
  into	
  regions	
  (ad	
  hoc	
  rules)	
  
•  Do	
  not	
  take	
  biological	
  variability	
  into	
  account	
  

• What	
  we	
  need:	
  
•  Take	
  unbiased	
  and	
  bisulfite-­‐aware	
  read	
  alignment	
  step	
  
•  Compile	
  quality	
  assessment	
  metrics	
  based	
  on	
  stra?fying	
  methyla?on	
  es?mates	
  by	
  
read	
  posi?on	
  

•  Apply	
  local	
  averaging	
  to	
  improve	
  precision	
  of	
  methyla?on	
  measurements	
  
•  Detect	
  DMRs	
  accoun?ng	
  for	
  biological	
  variability	
  when	
  replicates	
  are	
  available	
  



Alignment  of  WGBS  data


•  Sodium	
  bisulfite	
  treatment	
  converts	
  unmethylated	
  cytosine	
  C	
  
nucleo?des	
  to	
  uracils	
  (U),	
  which	
  are	
  reported	
  as	
  thymines	
  (T)	
  by	
  the	
  
sequencers	
  and	
  leaves	
  methylated	
  cytosines	
  unmodified	
  

• Align	
  sequencing	
  reads	
  derived	
  from	
  treated	
  DNA	
  to	
  a	
  reference	
  
genome	
  and	
  infer	
  methyla?on	
  status	
  of	
  reference	
  genome	
  

•  C	
  in	
  bisulfite-­‐treated	
  read	
  overlaps	
  a	
  C	
  in	
  the	
  reference,	
  this	
  indicates	
  that	
  
reference	
  C	
  is	
  methylated	
  in	
  at	
  least	
  one	
  molecule	
  in	
  the	
  sample	
  

• Reference	
  C’s	
  methyla?on	
  status	
  affects	
  the	
  scores	
  of	
  alignment	
  
covering	
  it	
  =>	
  bias	
  either	
  toward	
  or	
  against	
  alignments	
  covering	
  
methylated	
  cytosines	
  



Alignment  Bias


• Avoid	
  bias	
  by	
  removing	
  the	
  penalty	
  associated	
  with	
  aligning	
  a	
  C	
  or	
  T	
  
in	
  the	
  read	
  to	
  a	
  C	
  in	
  the	
  reference	
  genome.	
  One	
  such	
  approach	
  is	
  ‘in	
  
silico	
  bisulfite	
  conversion’,	
  whereby	
  C	
  nucleo?des	
  both	
  in	
  the	
  reads	
  
and	
  in	
  the	
  reference	
  genome	
  are	
  converted	
  to	
  T	
  nucleo?des	
  prior	
  to	
  
alignment	
  	
  

• Or	
  convert	
  only	
  the	
  reference	
  genome	
  in	
  this	
  way	
  but	
  this	
  results	
  in	
  
bias	
  against	
  reads	
  overlapping	
  both	
  methylated	
  and	
  unmethylated	
  
cytosines	
  



Quality  control  to  offset  systema'c  sequencing  
and  base-­‐calling  errors  that  are  common


(a)	
  M-­‐bias	
  plot	
  for	
  the	
  Hansen	
  data,	
  a	
  WGBS	
  experiment	
  on	
  cancer	
  samples.	
  Each	
  sample	
  was	
  sequenced	
  on	
  two	
  
flowcells.	
  We	
  show	
  the	
  methyla?on	
  propor?on	
  across	
  each	
  possible	
  read	
  posi?on.	
  This	
  plot	
  shows	
  limited	
  evidence	
  of	
  
methyla?on	
  bias	
  across	
  the	
  read	
  posi?ons.	
  Ver?cal	
  lines	
  indicate	
  cutoffs	
  used	
  for	
  M-­‐bias	
  filtering.	
  (b)	
  M-­‐bias	
  plots	
  for	
  the	
  
Lister	
  data,	
  a	
  WGBS	
  experiment	
  in	
  a	
  fibroblast	
  cell	
  line.	
  These	
  data	
  were	
  aligned	
  using	
  itera?ve	
  trimming	
  and	
  each	
  read	
  
length	
  is	
  depicted	
  separately	
  (different	
  colors).	
  The	
  plot	
  shows	
  methyla?on	
  bias	
  toward	
  the	
  end	
  of	
  reads	
  for	
  all	
  read	
  
lengths.	
  (c)	
  M-­‐bias	
  plot	
  for	
  the	
  Hansen-­‐capture	
  data,	
  a	
  capture	
  bisulfite	
  sequencing	
  experiment	
  on	
  cancer	
  samples.	
  The	
  
plot	
  shows	
  methyla?on	
  bias	
  at	
  the	
  start	
  of	
  the	
  reads.	
  



Hansen	
  et	
  al.	
  Genome	
  Biology	
  2012	
  13:R83	
  	
  	
  doi:10.1186/gb-­‐2012-­‐13-­‐10-­‐r83	
  

Bsmooth

a.	
  Points	
  represent	
  
single-­‐CpG	
  methyla?on	
  
es?mates	
  ploMed	
  
against	
  their	
  genomic	
  
loca?on.	
  Large	
  points	
  
are	
  based	
  on	
  greater	
  
than	
  20×	
  coverage.	
  The	
  
orange	
  circle	
  denotes	
  
the	
  loca?on	
  for	
  which	
  
we	
  are	
  es?ma?ng	
  the	
  
methyla?on	
  profile.	
  The	
  
blue	
  points	
  are	
  those	
  
receiving	
  posi?ve	
  
weight	
  in	
  the	
  local	
  
likelihood	
  es?ma?on.	
  
The	
  orange	
  line	
  is	
  
obtained	
  from	
  the	
  fiMed	
  
parabola.	
  The	
  black	
  line	
  
is	
  the	
  methyla?on	
  
profile	
  resul?ng	
  from	
  
repea?ng	
  the	
  procedure	
  
for	
  each	
  loca?on.	
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Bsmooth
(b)	
  The	
  curve	
  
represents	
  the	
  
kernel	
  used	
  in	
  the	
  
weighted	
  regression	
  
and	
  the	
  points	
  are	
  
the	
  actual	
  weights,	
  
which	
  are	
  also	
  
influenced	
  by	
  
coverage.	
  (c)	
  Points	
  
are	
  as	
  in	
  (a)	
  for	
  the	
  
25×	
  coverage	
  Lister	
  
data.	
  The	
  pink	
  line	
  is	
  
obtained	
  by	
  applying	
  
BSmooth	
  to	
  a	
  the	
  full	
  
data.	
  The	
  black	
  line	
  
is	
  the	
  es?mate	
  from	
  
BSmooth	
  based	
  on	
  a	
  
5×	
  subset	
  of	
  the	
  
Lister	
  data.	
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Bsmooth
	
  (d)	
  The	
  points	
  are	
  
as	
  in	
  (a)	
  but	
  for	
  the	
  
Hansen-­‐capture	
  
data	
  with	
  average	
  
35×	
  coverage,	
  and	
  
average	
  across	
  
three	
  replicates.	
  
The	
  black	
  line	
  is	
  
the	
  BSmooth	
  
es?mate	
  obtained	
  
from	
  the	
  4×	
  
Hansen	
  data,	
  
averaged	
  across	
  
three	
  replicates.	
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(A)	
  The	
  points	
  show	
  methyla?on	
  
measurements	
  from	
  the	
  
colon	
  cancer	
  dataset	
  ploMed	
  
against	
  genomic	
  loca?on	
  from	
  
illustra?ve	
  region	
  on	
  chromosome	
  
2.	
  Eight	
  normal	
  and	
  eight	
  
cancer	
  samples	
  are	
  shown	
  in	
  this	
  
plot	
  and	
  represented	
  by	
  eight	
  blue	
  
points	
  and	
  eight	
  red	
  points	
  at	
  each	
  
genomic	
  loca?on	
  
for	
  which	
  measurements	
  were	
  
available.	
  The	
  curves	
  represent	
  the	
  
smooth	
  es?mate	
  of	
  the	
  popula?on-­‐
level	
  methyla?on	
  
profiles	
  for	
  cancer	
  (red)	
  and	
  normal	
  
(blue)	
  samples.	
  The	
  green	
  bar	
  
represents	
  a	
  region	
  known	
  to	
  be	
  a	
  
cancer	
  DMR.20	
  	
  

Example	
  of	
  a	
  differen<ally	
  methyla<on	
  region	
  (DMR)	
  	
  



(B)The	
  black	
  curve	
  is	
  an	
  es?mate	
  
of	
  the	
  popula?on-­‐level	
  difference	
  
between	
  normal	
  and	
  cancer.	
  We	
  
expect	
  the	
  curve	
  to	
  vary	
  
due	
  to	
  measurement	
  error	
  and	
  
biological	
  varia?on	
  but	
  to	
  rarely	
  
exceed	
  a	
  certain	
  threshold,	
  for	
  
example	
  those	
  represented	
  by	
  
the	
  red	
  horizontal	
  lines.	
  Candidate	
  
DMRs	
  are	
  defined	
  as	
  the	
  regions	
  
for	
  which	
  this	
  black	
  curve	
  is	
  
outside	
  these	
  boundaries.	
  
Note	
  that	
  the	
  DMR	
  manifests	
  as	
  a	
  
bump	
  in	
  the	
  black	
  curve	
  

Example	
  of	
  a	
  differen<ally	
  methyla<on	
  region	
  (DMR)	
  	
  



How	
  blood	
  composi?on	
  drives	
  observed	
  age	
  differences	
  

(A)	
  Heatmap	
  of	
  the	
  cell	
  sorted	
  
data	
  shows	
  very	
  clear	
  and	
  
consistent	
  DNAm	
  profiles	
  for	
  
each	
  cell	
  type.	
  We	
  show	
  600	
  
probes	
  selected	
  for	
  es?ma?ng	
  
composi?on	
  propor?ons	
  used	
  to	
  
demonstrate	
  differences	
  here.	
  



How	
  blood	
  composi?on	
  drives	
  observed	
  age	
  differences	
  

	
  (B)	
  To	
  simplify	
  the	
  illustra?on	
  we	
  selected	
  a	
  
sec?on	
  of	
  (A)	
  displaying	
  only	
  the	
  two	
  most	
  
abundant	
  cell	
  types:	
  CD4+	
  T	
  cells	
  and	
  
granulocytes.	
  (C)	
  Heatmap	
  of	
  a	
  randomly	
  
selected	
  sample	
  of	
  30	
  whole	
  blood	
  samples	
  
(from	
  the	
  data	
  in	
  Addi?onal	
  file	
  1)	
  across	
  three	
  
age	
  groups	
  (10	
  per	
  group):	
  between	
  1	
  and	
  
5	
  years	
  of	
  age,	
  between	
  30	
  and	
  40,	
  greater	
  
than	
  60	
  years.	
  The	
  same	
  probes	
  as	
  in	
  (B)	
  are	
  
used.	
  When	
  the	
  samples	
  are	
  ordered	
  by	
  their	
  
es?mated	
  granulocyte	
  propor?on,	
  the	
  samples	
  
roughly	
  cluster	
  by	
  age	
  and	
  a	
  similar	
  paMern	
  
to	
  (B)	
  is	
  observed.	
  The	
  es?mated	
  cell	
  count	
  
propor?ons	
  for	
  each	
  of	
  the	
  samples	
  are	
  shown	
  
below.	
  Note	
  the	
  strong	
  confounding	
  between	
  
age	
  and	
  cell	
  composi?on.	
  



How	
  blood	
  composi?on	
  drives	
  observed	
  age	
  differences	
  

	
  (D)	
  For	
  the	
  two	
  samples	
  highlighted	
  with	
  an	
  arrow	
  
in	
  (C),	
  we	
  show	
  how	
  a	
  weighted	
  average	
  of	
  the	
  cell	
  
type	
  profiles	
  can	
  reconstruct	
  the	
  observed	
  DNAm	
  
profiles.	
  The	
  numbers	
  shown	
  are	
  the	
  es?mated	
  
propor?ons.	
  Note	
  how	
  different	
  weights	
  (cell	
  
counts)	
  for	
  old	
  and	
  young	
  result	
  in	
  very	
  different	
  
observed	
  DNAm	
  paMerns.	
  Note	
  that	
  the	
  
differences	
  in	
  CD4+	
  T	
  cells	
  and	
  granulocytes	
  drive	
  
much	
  of	
  the	
  differences	
  in	
  DNAm.	
  NK,	
  CD56+	
  
natural	
  killer	
  cells;	
  CD8T,	
  CD8+	
  T	
  cells;	
  CD4T,	
  CD4+	
  
T	
  cells,	
  Gran,	
  granulocytes;	
  Bcell,	
  CD19+	
  B	
  cells;	
  
Mono,	
  CD14+	
  monocytes;	
  DNAm,	
  propor?on	
  of	
  
DNA	
  methyla?on	
  at	
  individual	
  CpGs	
  (Illumina	
  'beta'	
  
values,	
  bound	
  between	
  0	
  and	
  1);	
  Prop,	
  cell	
  count	
  
propor?on,	
  between	
  0	
  and	
  1	
  for	
  each	
  component,	
  
such	
  that	
  they	
  sum	
  to	
  1.	
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