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RNA-­‐seq	
  Workflows	
  and	
  Tools.	
  Stephen	
  Turner.	
  Figshare.	
  hFp://dx.doi.org/10.6084/m9.figshare.662782	
  



Goals	
  
I	
  am	
  not	
  planning	
  on	
  trying	
  to	
  provide	
  any	
  sort	
  of	
  overview	
  of	
  
sta7s7cal	
  methods	
  for	
  genomic	
  data.	
  Instead	
  I	
  am	
  going	
  to	
  
provide	
  a	
  few	
  short	
  ideas	
  to	
  think	
  about.	
  
	
  
	
  
Sta7s7cs	
  (like	
  bioinforma7cs)	
  is	
  a	
  rapidly	
  developing	
  area,	
  in	
  
par7cular	
  with	
  respect	
  to	
  genomics.	
  Rarely	
  is	
  it	
  clear	
  what	
  the	
  
“right	
  way”	
  to	
  analyze	
  your	
  data	
  is.	
  
	
  
Instead	
  I	
  hope	
  to	
  aid	
  you	
  in	
  using	
  some	
  common	
  sense	
  when	
  
thinking	
  about	
  your	
  experiments	
  for	
  using	
  high	
  throughput	
  
sequencing.	
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Designing	
  your	
  experiment	
  before	
  you	
  
start.	
  

Sampling	
  
	
  
Replica7on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Over	
  all	
  we	
  are	
  going	
  to	
  be	
  thinking	
  
about	
  how	
  	
  to	
  avoid	
  Confounding	
  
sources	
  of	
  varia7on	
  in	
  the	
  data.	
  
	
  
All	
  of	
  these	
  are	
  larger	
  topics	
  that	
  are	
  
part	
  of	
  Experimental	
  Design.	
  



Sampling	
  

Sampling	
  
	
  
Replica7on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Sampling	
  design	
  is	
  all	
  about	
  making	
  sure	
  that	
  
when	
  you	
  “pick”	
  (sample)	
  observa7ons,	
  you	
  
do	
  so	
  in	
  a	
  random	
  and	
  unbiased	
  manner.	
  	
  
	
  
Proper	
  sampling	
  aims	
  to	
  control	
  for	
  
unknown	
  sources	
  of	
  varia7on	
  that	
  influence	
  
the	
  outcome	
  of	
  your	
  experiments.	
  
	
  
This	
  seems	
  reasonable,	
  and	
  oien	
  intui7ve	
  to	
  
most	
  experimental	
  biologists,	
  but	
  it	
  can	
  be	
  
very	
  insidious.	
  
Whiteboard…	
  
	
  
	
  



Sampling	
  

Sampling	
  
	
  
Replica7on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  



Replica7on	
  

Sampling	
  
	
  
Replica9on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Imagine	
  you	
  have	
  an	
  experiment	
  with	
  one	
  factor	
  (sex),	
  with	
  two	
  
treatment	
  levels	
  (	
  males	
  and	
  females).	
  
	
  
You	
  want	
  to	
  look	
  for	
  sex	
  specific	
  differences	
  in	
  the	
  brains	
  of	
  your	
  
criFers	
  based	
  on	
  transcrip7onal	
  profiling,	
  so	
  you	
  decide	
  to	
  use	
  
RNA-­‐seq.	
  
	
  
Perhaps	
  you	
  have	
  a	
  limited	
  budget	
  so	
  you	
  decide	
  to	
  run	
  one	
  
sample	
  of	
  male	
  brains,	
  and	
  one	
  sample	
  of	
  female	
  brains,	
  each	
  in	
  
one	
  lane	
  of	
  a	
  flow	
  cell.	
  
	
  
	
  What	
  (useful)	
  informa7on	
  can	
  you	
  get	
  out	
  of	
  this?	
  
	
  
	
  Not	
  much	
  (but	
  there	
  may	
  be	
  some).	
  	
  Why?	
  



Replica7on	
  

Sampling	
  
	
  
Replica9on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Why?	
  
	
  
	
  No	
  replica7on.	
  How	
  will	
  you	
  know	
  if	
  the	
  differences	
  you	
  observe	
  
are	
  due	
  to	
  differences	
  in	
  males	
  and	
  females,	
  random	
  (biological)	
  
differences	
  between	
  individuals,	
  or	
  technical	
  varia7on	
  due	
  to	
  
RNA	
  extrac7on,	
  processing	
  or	
  running	
  the	
  samples	
  on	
  different	
  
lanes.	
  
	
  
	
  
All	
  of	
  these	
  sources	
  of	
  varia7on	
  are	
  confounded,	
  	
  and	
  there	
  are	
  
no	
  par7cularly	
  good	
  ways	
  of	
  separa7ng	
  them	
  out.	
  
	
  
	
  But	
  there	
  are	
  lots	
  of	
  sources	
  of	
  varia7on,	
  so	
  how	
  do	
  we	
  account	
  
for	
  these?	
  



Replica7on	
  

Sampling	
  
	
  
Replica9on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

To	
  date,	
  several	
  studies	
  have	
  suggested	
  that	
  “technical”	
  
replicates	
  for	
  RNA-­‐seq	
  show	
  very	
  liFle	
  varia7on/	
  high	
  
correla7on.	
  
	
  
	
  
	
  

Mortazavi	
  et	
  al.	
  2008	
  

How	
  might	
  such	
  a	
  statement	
  be	
  misleading	
  about	
  varia7on?	
  



Replica7on	
  

Sampling	
  
	
  
Replica9on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

This	
  study	
  looked	
  at	
  a	
  single	
  source	
  of	
  technical	
  varia7on.	
  
	
  
Running	
  exactly	
  the	
  same	
  sample	
  on	
  two	
  different	
  lanes	
  on	
  a	
  
flow	
  cell.	
  
	
  
	
  This	
  completely	
  ignores	
  other	
  sources	
  of	
  “technical	
  varia7on”	
  
	
  	
  varia7on	
  due	
  to	
  RNA	
  purifica7on	
  
	
  	
  varia7on	
  due	
  to	
  fragmenta7on,	
  labeling,	
  etc..	
  
	
  	
  lane	
  to	
  lane	
  varia7on	
  
	
  	
  flow	
  cell	
  to	
  flow	
  cell	
  varia7on	
  
	
  
All	
  of	
  these	
  may	
  be	
  important	
  (although	
  unlikely	
  interes7ng)	
  
sources	
  of	
  varia7on…	
  
	
  
However…..	
  



Replica7on	
  

Sampling	
  
	
  
Replica9on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Many	
  studies	
  have	
  ignored	
  the	
  BIOLOGICAL	
  SOURCES	
  of	
  
VARIATION	
  between	
  replicates.	
  In	
  most	
  cases	
  biological	
  
varia7on	
  between	
  samples	
  (from	
  the	
  same	
  treatment)	
  are	
  
generally	
  far	
  more	
  variable	
  than	
  technical	
  sources	
  of	
  varia7on.	
  
	
  
	
  
While	
  it	
  would	
  be	
  nice	
  to	
  be	
  able	
  to	
  par77on	
  various	
  sources	
  of	
  
technical	
  varia7on	
  (such	
  as	
  labeling,	
  RNA	
  extrac7on),	
  it	
  oien	
  
too	
  expensive	
  to	
  perform	
  such	
  a	
  design	
  (see	
  white	
  board).	
  
	
  
	
  IF	
  you	
  have	
  limited	
  resources,	
  it	
  is	
  generally	
  far	
  beFer	
  to	
  have	
  
biological	
  replica7on	
  (independent	
  biological	
  samples	
  for	
  a	
  
given	
  treatment)	
  than	
  technical	
  replica7on.	
  
	
  
Does	
  these	
  lead	
  to	
  confounded	
  sources	
  of	
  varia7on?	
  



Blocking	
  

Sampling	
  
	
  
Replica7on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Blocks	
  in	
  experimental	
  design	
  represent	
  some	
  factor	
  
(usually	
  something	
  not	
  of	
  major	
  interest)	
  that	
  can	
  strongly	
  
influence	
  your	
  outcomes.	
  More	
  importantly	
  it	
  is	
  a	
  factor	
  
which	
  you	
  can	
  use	
  to	
  group	
  other	
  factors	
  that	
  you	
  are	
  
interested	
  in.	
  
	
  
	
  For	
  instance	
  in	
  agriculture	
  there	
  is	
  oien	
  plot	
  to	
  plot	
  
varia7on.	
  You	
  may	
  not	
  be	
  interested	
  in	
  the	
  plot	
  themselves	
  
but	
  in	
  the	
  variety	
  of	
  crops	
  you	
  are	
  growing.	
  
	
  
	
  But	
  what	
  would	
  happen	
  if	
  you	
  grew	
  all	
  of	
  strain	
  1	
  on	
  plot	
  1	
  
and	
  all	
  of	
  strain	
  2	
  on	
  plot	
  2?	
  
	
  
	
  
Whiteboard.	
  
	
  
These	
  plots	
  would	
  represent	
  blocking	
  levels	
  



Blocking	
  

Sampling	
  
	
  
Replica7on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

In	
  genomic	
  studies	
  the	
  major	
  blocking	
  levels	
  are	
  oien	
  the	
  
slide/chip	
  for	
  microarrays	
  (i.e.	
  two	
  samples	
  /slide	
  for	
  2	
  
color	
  arrays,	
  16	
  arrays/slide	
  for	
  Illumina	
  arrays).	
  
	
  
For	
  GAII/HiSeq	
  RNA-­‐seq	
  data	
  the	
  major	
  blocking	
  effect	
  is	
  
the	
  flow	
  cell	
  itself,	
  or	
  lanes	
  within	
  the	
  flow	
  cell.	
  

Auer	
  and	
  Doerge	
  2010	
  



Blocking	
  

Sampling	
  
	
  
Replica7on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Incorpora7ng	
  lanes	
  as	
  a	
  blocking	
  effect	
  

Auer	
  and	
  Doerge	
  2010	
  



Blocking	
  designs	
  

Sampling	
  
	
  
Replica7on	
  
	
  
Blocking	
  
	
  
Randomiza7on	
  
	
  

Balanced	
  Incomplete	
  Blocking	
  
Design	
  (BIBD)	
  

Let’s	
  dissect	
  these	
  subscripts.	
  

Balanced	
  for	
  treatments	
  across	
  flow	
  cells..	
  Randomized	
  for	
  loca7on	
   Auer	
  and	
  Doerge	
  2010	
  



You	
  have	
  designed	
  and	
  run	
  the	
  
experiment…	
  now	
  what?	
  

First	
  a	
  couple	
  of	
  quotes	
  from	
  a	
  great	
  sta7s7cian:	
  
	
  
An	
  approximate	
  answer	
  to	
  the	
  right	
  problem	
  is	
  worth	
  a	
  good	
  deal	
  more	
  than	
  an	
  exact	
  
answer	
  to	
  an	
  approximate	
  problem.	
  
John	
  Tukey	
  
	
  
	
  
Numerical	
  quan77es	
  focus	
  on	
  expected	
  values,	
  graphical	
  summaries	
  on	
  unexpected	
  values.	
  
John	
  Tukey	
  	
  



RNA-­‐seq	
  Workflows	
  and	
  Tools.	
  Stephen	
  Turner.	
  Figshare.	
  hFp://dx.doi.org/10.6084/m9.figshare.662782	
  



Visually	
  examine	
  your	
  data	
  at	
  every	
  
step	
  of	
  the	
  analysis!!!!!	
  

By	
  far	
  the	
  single	
  most	
  important	
  thing	
  you	
  should	
  be	
  thinking	
  about	
  with	
  your	
  data,	
  
at	
  every	
  stage	
  of	
  the	
  analysis	
  (raw,	
  filtered,	
  aligned,	
  normalized,	
  modeled)	
  is	
  how	
  
to	
  present	
  the	
  data	
  graphically.	
  
	
  
Plots	
  are	
  a	
  very	
  good	
  way	
  to	
  pick	
  out	
  if	
  something	
  wacky	
  is	
  going	
  on	
  with	
  your	
  
data.	
  
	
  
Even	
  if	
  your	
  data	
  is	
  of	
  the	
  highest	
  quality,	
  different	
  soiware	
  can	
  produce	
  very	
  
different	
  results	
  (in	
  unaFended	
  ways).	
  	
  Plenty	
  of	
  Bugs	
  and	
  features.	
  



R	
  



Exploratory	
  Data	
  Analysis	
  

•  What	
  is	
  EDA?	
  
•  An	
  approach	
  to	
  data	
  analysis,	
  largely	
  using	
  
graphical	
  techniques	
  to	
  help	
  refine	
  
hypotheses	
  and	
  aid	
  in	
  the	
  model	
  building	
  
process.	
  

•  Some	
  advocates	
  suggest	
  it	
  can	
  be	
  used	
  for	
  
hypothesis	
  genera7on	
  (we	
  will	
  discuss	
  when	
  
and	
  where	
  this	
  might	
  be	
  sensible).	
  



Objec7ves	
  of	
  EDA	
  
•  Propose/refine	
  models	
  to	
  explain	
  the	
  
observed	
  paFerns	
  of	
  the	
  data.	
  

•  Assess	
  assump)ons	
  on	
  which	
  sta)s)cal	
  
modeling	
  is	
  based	
  	
  

•  Provide	
  	
  a	
  context	
  for	
  further	
  data	
  collec)on.	
  
•  Help	
  in	
  determining	
  the	
  appropriate	
  form	
  of	
  
sta)s)cal	
  modeling	
  (LS,	
  MLE<	
  Bayesian,	
  
resampling…).	
  



Useful	
  online	
  tutorial	
  on	
  EDA	
  
hFp://www.itl.nist.gov/div898/handbook/eda/eda.htm	
  

	
  



EDA	
  

•  EDA	
  emphasizes	
  “robust”	
  and	
  non-­‐parametric	
  
approaches	
  to	
  examining	
  the	
  data.	
  



Cri7ques	
  of	
  EDA	
  

•  “Data-­‐Dredging”.	
  Using	
  it	
  as	
  “free	
  lunch”	
  with	
  
respect	
  to	
  a	
  posteriori	
  hypothesis	
  tes7ng.	
  

•  Observing	
  paFerns	
  that	
  are	
  not	
  real.	
  
	
  	
  “	
  Under	
  torture,	
  the	
  data	
  readily	
  yields	
  false	
  

confessions”	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (MainDonald	
  &	
  Braun	
  2003)	
  



sugges7ons	
  
Bolker	
  (2007)	
  suggests	
  an	
  honest	
  approach:	
  prior	
  to	
  

examining	
  your	
  data	
  you	
  write	
  down	
  a	
  list	
  of	
  the	
  
paFerns	
  you	
  are	
  looking	
  for	
  so	
  that	
  you	
  can	
  
dis7nguish	
  between:	
  

	
  
1)	
  PaFerns	
  you	
  were	
  ini7ally	
  looking	
  for	
  
2)	
  Unan7cipated	
  paFerns	
  that	
  answer	
  the	
  same	
  
ques7on	
  in	
  different	
  ways.	
  

3)	
  Novel	
  (but	
  likely	
  spurious)	
  paFerns.	
  



Cross-­‐valida7on	
  
Subset	
  your	
  data	
  (cross-­‐valida7on):	
  
	
  
	
  The	
  other	
  useful	
  approach	
  is	
  to	
  use	
  a	
  random	
  subset	
  of	
  

all	
  of	
  your	
  data	
  (No	
  more	
  than	
  40%	
  of	
  it)	
  for	
  data	
  
explora7on,	
  and	
  then	
  you	
  can	
  perform	
  the	
  model	
  
firng	
  based	
  on	
  the	
  en7re	
  data	
  set	
  (or	
  beFer	
  yet	
  the	
  
remaining	
  60%).	
  

	
  
Of	
  course,	
  this	
  only	
  works	
  if	
  you	
  have	
  enough	
  data	
  to	
  do	
  

so!	
  



Bi-­‐variate	
  scaFerplot	
  with	
  loess.	
  Is	
  
this	
  data	
  dredging?	
  



This	
  would	
  not	
  be	
  considered	
  EDA..	
  
Why	
  not?	
  



Some	
  examples:	
  Digital	
  Gene	
  
Expression	
  (Sequence	
  tags)	
  for	
  RNA	
  

quan7fica7on	
  
A	
  comparison	
  of	
  two	
  lanes	
  of	
  DGE	
  sequence	
  tags.	
  

What’s	
  the	
  
difference	
  
between	
  these	
  
plots?	
  



Some	
  examples:	
  Digital	
  Gene	
  
Expression	
  (Sequence	
  tags)	
  for	
  RNA	
  

quan7fica7on	
  
A	
  comparison	
  of	
  two	
  lanes	
  of	
  DGE	
  sequence	
  tags.	
  

What’s	
  the	
  
difference	
  
between	
  these	
  
plots?	
  

MA	
  plot	
  



Whole	
  genome	
  analysis	
  can	
  be	
  
messy,	
  how	
  do	
  we	
  deal	
  with	
  this.	
  

Every	
  SNP	
  

Sliding	
  window&	
  binning	
  



Genome	
  level	
  Correla7ons	
  are	
  not	
  a	
  
good	
  measure	
  of	
  repeatability	
  

•  One	
  BIG	
  mistake	
  people	
  make	
  with	
  BIG	
  
genomics	
  data	
  sets	
  is	
  treat	
  each	
  gene	
  (or	
  
genomic	
  interval)	
  as	
  an	
  independent	
  data	
  
point.	
  In	
  par7cular	
  for	
  correla7on	
  analysis.	
  	
  

•  	
  This	
  is	
  almost	
  never	
  the	
  case…	
  	
  
	
  chalkboard.	
  



Nookaew	
  et	
  al	
  2102	
  NAR	
  



What	
  does	
  this	
  tell	
  us?	
  

Nookaew	
  et	
  al	
  2102	
  NAR	
  

These	
  cells	
  are	
  
biological	
  
replicates	
  
(diagonals)	
  

These	
  cells	
  are	
  
for	
  different	
  
soiware	
  



Nookaew	
  et	
  al	
  2102	
  NAR	
  

Differen7ally	
  expressed	
  genes	
  based	
  on	
  soiware	
  for	
  quan7fica7on	
  
Differen7ally	
  
expressed	
  
genes	
  based	
  
on	
  soiware	
  
for	
  mapping	
  



One	
  right	
  way?	
  

•  At	
  this	
  point	
  it	
  is	
  safest	
  to	
  assume	
  that	
  there	
  is	
  no	
  
one	
  single	
  “right	
  way”	
  to	
  analyze	
  your	
  NGS	
  data	
  
(for	
  RNAseq	
  or	
  anything	
  else).	
  

•  While	
  a	
  number	
  of	
  studies	
  have	
  demonstrated	
  
that	
  several	
  pipelines	
  give	
  similar	
  results,	
  it	
  is	
  
best	
  to	
  try	
  several	
  approaches.	
  

•  Even	
  firng	
  what	
  seems	
  like	
  the	
  “same”	
  model	
  
can	
  give	
  different	
  results	
  from	
  different	
  soiware.	
  

•  Let’s	
  discuss	
  why.	
  



Is	
  performing	
  your	
  analysis	
  mul7ple	
  
ways	
  enough?	
  

•  Just	
  because	
  you	
  create	
  mul7ple	
  forks	
  in	
  your	
  
analysis	
  (different	
  read	
  mappers,	
  different	
  
tools	
  for	
  quan7fica7on),	
  does	
  not	
  mean	
  you	
  
are	
  out	
  of	
  the	
  woods.	
  

•  Always	
  generate	
  lots	
  of	
  plots	
  to	
  help	
  you	
  
visualize	
  your	
  data	
  in	
  as	
  many	
  ways	
  as	
  
possible.	
  	
  



Simula7ng	
  your	
  analysis	
  

•  One	
  other	
  important	
  tool	
  (that	
  is	
  very	
  
straighsorward)	
  is	
  to	
  use	
  simple	
  simula7on	
  or	
  
resampling	
  approaches	
  to	
  “rig”	
  the	
  analysis.	
  

•  White	
  board.	
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