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Transcriptomics	
  Lecture	
  Overview	
  
•  Overview	
  of	
  RNA-­‐Seq	
  
•  Transcript	
  reconstrucHon	
  methods	
  
•  Trinity	
  de	
  novo	
  assembly	
  
•  Transcriptome	
  quality	
  assessment	
  
	
   	
   	
  (coffee	
  break)	
  

•  Expression	
  quanHtaHon	
  
•  DifferenHal	
  expression	
  analysis	
  
•  FuncHonal	
  annotaHon	
  

	
  	
  	
  	
  	
  	
  	
  (stretch	
  legs	
  break)	
  
•  Case	
  study:	
  salamander	
  transcriptome	
  



Extract	
  RNA,	
  convert	
  to	
  cDNA	
  

RNA-­‐Seq	
  Empowers	
  Transcriptome	
  Studies	
  

Next-­‐gen	
  Sequencer	
  
(pick	
  your	
  favorite)	
  



Genera&ng	
  RNA-­‐Seq:	
  	
  How	
  to	
  Choose?	
  
	
  

Illumina	
   454	
   SOLiD	
   Helicos	
  

Pacific	
  Biosciences	
  Ion	
  Torrent	
   Oxford	
  Nanopore	
  

Slide	
  courtesy	
  of	
  Joshua	
  Levin,	
  Broad	
  InsHtute.	
  

Many	
  different	
  instruments	
  hit	
  the	
  scene	
  in	
  the	
  last	
  decade	
  



From	
  hVps://www.genome.gov/sequencingcostsdata/	
  

Trinity	
  published,	
  	
  
Nature	
  Biotech	
   Trinity	
  protocol,	
  	
  

Nature	
  Protocols	
  

Hello	
  Next-­‐Gen	
  
	
  Sequencing!	
  



RNA-­‐Seq:	
  	
  How	
  to	
  Choose?	
  
	
  

Illumina	
   454	
   SOLiD	
   Helicos	
  

Pacific	
  Biosciences	
  Ion	
  Torrent	
   Oxford	
  Nanopore	
  

Slide	
  courtesy	
  of	
  Joshua	
  Levin,	
  Broad	
  InsHtute.	
  



Genera&ng	
  RNA-­‐Seq:	
  	
  How	
  to	
  Choose?	
  
	
  

Illumina	
   454	
   SOLiD	
   Helicos	
  

Pacific	
  Biosciences	
  Ion	
  Torrent	
   Oxford	
  Nanopore	
  

Popular	
  choices	
  for	
  RNA-­‐Seq	
  today	
  



Genera&ng	
  RNA-­‐Seq:	
  	
  How	
  to	
  Choose?	
  
	
  

Illumina	
   454	
   SOLiD	
   Helicos	
  

Pacific	
  Biosciences	
  Ion	
  Torrent	
   Oxford	
  Nanopore	
  

Popular	
  choices	
  for	
  RNA-­‐Seq	
  today	
  

[Current	
  RNA-­‐Seq	
  
workhorse]	
  

[Full-­‐length	
  single	
  
	
  molecule	
  sequencing]	
  

[Newly	
  emerging	
  
technology	
  for	
  full-­‐length	
  
single	
  molecule	
  sequencing]	
  



RNA-­‐Seq:	
  	
  How	
  do	
  we	
  make	
  cDNA?	
  
	
  

Reverse	
  transcriptase	
  

RNase	
  H	
  
DNA	
  polymerase	
  
DNA	
  Ligase	
  

Prime	
  with	
  Random	
  Hexamers	
  (R6)	
  

cDNA	
  First	
  strand	
  synthesis	
  

cDNA	
  Second	
  strand	
  synthesis	
  

mRNA	
  
5’	
   3’	
  

R6	
   R6	
   R6	
  

R6	
   R6	
  R6	
  

Illumina	
  cDNA	
  Library	
  

Slide	
  courtesy	
  of	
  Joshua	
  Levin,	
  Broad	
  InsHtute.	
  



Overview	
  of	
  RNA-­‐Seq	
  

From:	
  hVp://www2.fml.tuebingen.mpg.de/raetsch/members/research/transcriptomics.html	
  



Common	
  Data	
  Formats	
  for	
  RNA-­‐Seq	
  

>61DFRAAXX100204:1:100:10494:3070/1	
  
AAACAACAGGGCACATTGTCACTCTTGTATTTGAAAAACACTTTCCGGCCAT	
  

FASTA	
  format:	
  
	
  

FASTQ	
  format:	
  

@61DFRAAXX100204:1:100:10494:3070/1	
  
AAACAACAGGGCACATTGTCACTCTTGTATTTGAAAAACACTTTCCGGCCAT	
  
+	
  
ACCCCCCCCCCCCCCCCCCCCCCCCCCCCCBC?CCCCCCCCC@@CACCCCCA	
  

AsciiEncodedQual	
  (‘C’)	
  =	
  64	
  

AsciiEncodedQual(x)	
  =	
  -­‐10	
  *	
  log10(Pwrong(x))	
  +	
  33	
  

So,	
  Pwrong(‘C’)	
  =	
  	
  10^(	
  (64-­‐33/	
  (-­‐10)	
  )	
  	
  =	
  10^-­‐3.4	
  	
  	
  =	
  	
  0.0004	
  	
  	
  	
  

Read	
  

Quality	
  values	
  



Paired-­‐end	
  Sequences	
  

@61DFRAAXX100204:1:100:10494:3070/1	
  
AAACAACAGGGCACATTGTCACTCTTGTATTTGAAAAACACTTTCCGGCCAT	
  
+	
  
ACCCCCCCCCCCCCCCCCCCCCCCCCCCCCBC?CCCCCCCCC@@CACCCCCA	
  

@61DFRAAXX100204:1:100:10494:3070/2	
  
CTCAAATGGTTAATTCTCAGGCTGCAAATATTCGTTCAGGATGGAAGAACA	
  
+	
  
C<CCCCCCCACCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCBCCCC	
  

Two	
  FastQ	
  files,	
  read	
  name	
  indicates	
  
lep	
  (/1)	
  or	
  right	
  (/2)	
  read	
  of	
  paired-­‐end	
  
	
  



From:	
  hVp://www.bioinformaHcs.babraham.ac.uk/projects/fastqc/	
  

Read	
  Quality	
  Assessment	
  



Overview	
  of	
  RNA-­‐Seq	
  

From:	
  hVp://www2.fml.tuebingen.mpg.de/raetsch/members/research/transcriptomics.html	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

Nature	
  Biotech,	
  2010	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

TopHat	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

Cufflinks	
  

TopHat	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

Trinity	
  

GMAP	
  Cufflinks	
  

TopHat	
   The	
  Tuxedo	
  Suite:	
  
End-­‐to-­‐end	
  Genome-­‐based	
  

RNA-­‐Seq	
  Analysis	
  	
  
Sopware	
  Package	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

Trinity	
  

GMAP	
  String	
  Tie	
  

HISAT	
   The	
  “New	
  Tuxedo”	
  Suite:	
  
End-­‐to-­‐end	
  Genome-­‐based	
  

RNA-­‐Seq	
  Analysis	
  	
  
Sopware	
  Package	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

Trinity	
  

GMAP	
  String	
  Tie	
  

HISAT	
   The	
  “New	
  Tuxedo”	
  Suite:	
  
End-­‐to-­‐end	
  Genome-­‐based	
  

RNA-­‐Seq	
  Analysis	
  	
  
Sopware	
  Package	
  Non-­‐model	
  organisms:	
  

	
  “I	
  don’t	
  have	
  a	
  
reference	
  genome!”	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

Trinity	
  

Cufflinks	
  

TopHat	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

Trinity	
  

GMAP	
  Cufflinks	
  

TopHat	
  



Transcript	
  Reconstruc&on	
  from	
  RNA-­‐Seq	
  Reads	
  

	
  
	
  Trinity	
  

GMAP	
  

End-­‐to-­‐end	
  Transcriptome-­‐based	
  
RNA-­‐Seq	
  Analysis	
  	
  
Sopware	
  Package	
  



The	
  General	
  Approach	
  to	
  	
  
De	
  novo	
  RNA-­‐Seq	
  Assembly	
  
Using	
  De	
  Bruijn	
  Graphs	
  



Sequence	
  Assembly	
  via	
  De	
  Bruijn	
  Graphs	
  

From	
  MarHn	
  &	
  Wang,	
  Nat.	
  Rev.	
  Genet.	
  2011	
  



From	
  MarHn	
  &	
  Wang,	
  Nat.	
  Rev.	
  Genet.	
  2011	
  



From	
  MarHn	
  &	
  Wang,	
  Nat.	
  Rev.	
  Genet.	
  2011	
  



Contras&ng	
  Genome	
  and	
  Transcriptome	
  Assembly	
  

Genome	
  Assembly	
   Transcriptome	
  Assembly	
  

•  Uniform	
  coverage	
  
•  Single	
  conHg	
  per	
  locus	
  
•  Double-­‐stranded	
  

•  ExponenHally	
  distributed	
  coverage	
  levels	
  
•  MulHple	
  conHgs	
  per	
  locus	
  (alt	
  splicing)	
  
•  Strand-­‐specific	
  



Trinity	
  Aggregates	
  Isolated	
  Transcript	
  Graphs	
  

Genome	
  Assembly	
  
Single	
  Massive	
  Graph	
  

Trinity	
  Transcriptome	
  Assembly	
  
Many	
  Thousands	
  of	
  Small	
  Graphs	
  

Ideally,	
  one	
  graph	
  per	
  expressed	
  gene.	
  EnHre	
  chromosomes	
  represented.	
  



RNA-­‐Seq	
  
reads	
  

Linear	
  
con&gs	
  

de-­‐Bruijn	
  
graphs	
  

Transcripts	
  
+	
  

Isoforms	
  

Trinity	
  –	
  How	
  it	
  works:	
  

Thousands	
  of	
  disjoint	
  graphs	
  



Inchworm	
  Algorithm	
  
•  Decompose	
  all	
  reads	
  into	
  overlapping	
  Kmers	
  =>	
  hashtable(kmer,	
  count)	
  

AATGTGAAAACTGGATTACATGCTGGTATGTC… 
	
  AATGTGA	
  
ATGTGAA	
  
TGTGAAA	
  
…	
  

Read:	
  	
  

Overlapping	
  kmers	
  of	
  length	
  (k)	
  

Kmer	
   Count	
  among	
  
all	
  reads	
  

AATGTGA 4	
  

ATGTGAA 2	
  

TGTGAAA 1	
  

GATTACA 9	
  

Kmer	
  Catalog	
  (hashtable)	
  



Inchworm	
  Algorithm	
  
•  Decompose	
  all	
  reads	
  into	
  overlapping	
  Kmers	
  =>	
  hashtable(kmer,	
  count)	
  

•  IdenHfy	
  seed	
  kmer	
  as	
  most	
  abundant	
  Kmer,	
  ignoring	
  low-­‐complexity	
  kmers.	
  

GATTACA	
  
9	
  

Kmer	
   Count	
  among	
  
all	
  reads	
  

AATGTGA 4	
  

ATGTGAA 2	
  

TGTGAAA 1	
  

GATTACA 9	
  

Kmer	
  Catalog	
  (hashtable)	
  



Inchworm	
  Algorithm	
  
•  Decompose	
  all	
  reads	
  into	
  overlapping	
  Kmers	
  =>	
  hashtable(kmer,	
  count)	
  

•  Extend	
  kmer	
  at	
  3’	
  end,	
  guided	
  by	
  coverage.	
  
G	
  

A	
  

T	
  

C	
  

•  IdenHfy	
  seed	
  kmer	
  as	
  most	
  abundant	
  Kmer,	
  ignoring	
  low-­‐complexity	
  kmers.	
  

GATTACA	
  
9	
  



Inchworm	
  Algorithm	
  

G	
  

A	
  

T	
  

C	
  

4	
  

GATTACA	
  
9	
  



Inchworm	
  Algorithm	
  

G	
  

A	
  

T	
  

C	
  

4	
  

1	
  
GATTACA	
  

9	
  



Inchworm	
  Algorithm	
  

G	
  

A	
  

T	
  

C	
  

4	
  

1	
  

0	
  

GATTACA	
  
9	
  



Inchworm	
  Algorithm	
  

G	
  

A	
  

T	
  

C	
  

4	
  

1	
  

0	
  

4	
  

GATTACA	
  
9	
  



GATTACA	
  

G	
  

A	
  

T	
  

C	
  

4	
  

1	
  

0	
  

4	
  

9	
  

Inchworm	
  Algorithm	
  



GATTACA	
  

G	
  

A	
  

T	
  

C	
  

G	
   A	
  

T	
  

C	
  

G	
  

A	
  

T	
  C	
  

4	
  

1	
  

0	
  

4	
  

9	
  

1	
  

1	
  

1	
  
1	
  

5	
  

1	
  

0	
  

0	
  

Inchworm	
  Algorithm	
  



GATTACA	
  

G	
  

A	
  

4	
  

9	
  

5	
  

A	
  

T	
  

C	
  

G	
  

T	
  

C	
  

G	
  

A	
  

T	
  C	
  

1	
  

0	
  

4	
   1	
  

1	
  

1	
  
1	
  

1	
  

0	
  

0	
  

Inchworm	
  Algorithm	
  



GATTACA	
  

G	
  

A	
  

4	
  

9	
  

5	
  

Inchworm	
  Algorithm	
  



GATTACA	
  

G	
  

A	
  

4	
  

9	
  

5	
  

G	
  

A	
  

T	
  

C	
  

6	
  

1	
  

0	
  

0	
  

Inchworm	
  Algorithm	
  



GATTACA	
  

G	
  

A	
  

4	
  

9	
  

5	
  

A	
  
6	
  

A	
  
7	
  

Inchworm	
  Algorithm	
  

Remove	
  assembled	
  kmers	
  from	
  catalog,	
  then	
  repeat	
  the	
  enHre	
  process.	
  

Report	
  conHg:	
  	
  	
  	
  	
  	
  ….AAGATTACAGA….	
  	
  



Inchworm	
  ConHgs	
  from	
  Alt-­‐Spliced	
  Transcripts	
  

Isoform	
  A	
  

Isoform	
  B	
  

Expressed	
  isoforms	
  



Inchworm	
  ConHgs	
  from	
  Alt-­‐Spliced	
  Transcripts	
  

Isoform	
  A	
  

Isoform	
  B	
  

Graphical	
  
representaHon	
  

Expressed	
  isoforms	
  
(low)	
  
(high)	
  

Expression	
  



Inchworm	
  ConHgs	
  from	
  Alt-­‐Spliced	
  Transcripts	
  



Inchworm	
  ConHgs	
  from	
  Alt-­‐Spliced	
  Transcripts	
  

+	
   No	
  k-­‐mers	
  
in	
  common	
  



Inchworm	
  ConHgs	
  from	
  Alt-­‐Spliced	
  Transcripts	
  

+	
  



Chrysalis	
  Re-­‐groups	
  Related	
  Inchworm	
  ConHgs	
  

+	
  

Chrysalis	
  uses	
  (k-­‐1)	
  overlaps	
  and	
  read	
  
support	
  to	
  link	
  related	
  Inchworm	
  conHgs	
  



Chrysalis	
  

Integrate	
  isoforms	
  
via	
  k-­‐1	
  overlaps	
   Build	
  de	
  Bruijn	
  Graphs	
  

(ideally,	
  one	
  per	
  gene)	
  



Thousands	
  of	
  Chrysalis	
  Clusters	
  



(isoforms	
  and	
  paralogs)	
  



BuVerfly	
  Example	
  1:	
  	
  
ReconstrucHon	
  of	
  AlternaHvely	
  Spliced	
  Transcripts	
  

BuVerfly’s	
  Compacted	
  
Sequence	
  Graph	
  

Reconstructed	
  Transcripts	
  

Aligned	
  to	
  Mouse	
  Genome	
  



ReconstrucHon	
  of	
  AlternaHvely	
  Spliced	
  Transcripts	
  

BuVerfly’s	
  Compacted	
  
Sequence	
  Graph	
  

Reconstructed	
  Transcripts	
  

Aligned	
  to	
  Mouse	
  Genome	
  



ReconstrucHon	
  of	
  AlternaHvely	
  Spliced	
  Transcripts	
  

BuVerfly’s	
  Compacted	
  
Sequence	
  Graph	
  

Reconstructed	
  Transcripts	
  

Aligned	
  to	
  Mouse	
  Genome	
  



ReconstrucHon	
  of	
  AlternaHvely	
  Spliced	
  Transcripts	
  

BuVerfly’s	
  Compacted	
  
Sequence	
  Graph	
  

Reconstructed	
  Transcripts	
  

Aligned	
  to	
  Mouse	
  Genome	
  

(Reference	
  structure)	
  



Teasing	
  Apart	
  Transcripts	
  of	
  Paralogous	
  Genes	
  
Ap2a1	
   Ap2a2	
  

BuVerfly	
  Example	
  2:	
  



Teasing	
  Apart	
  Transcripts	
  of	
  Paralogous	
  Genes	
  
Ap2a1	
   Ap2a2	
  



Strand-­‐specific	
  RNA-­‐Seq	
  is	
  Preferred	
  
ComputaHonally:	
  fewer	
  confounding	
  graph	
  structures	
  in	
  de	
  novo	
  assembly:	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ex.	
  	
  Forward	
  !=	
  reverse	
  complement	
  	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (GGAA	
  !=	
  TTCC)	
  
Biologically:	
  separate	
  sense	
  vs.	
  anHsense	
  transcripHon	
  
	
  



dUTP	
  2nd	
  Strand	
  Method:	
  	
  Our	
  Favorite	
  

Modified	
  from	
  Parkhomchuk	
  et	
  al.	
  (2009)	
  Nucleic	
  Acids	
  Res.	
  37:e123	
  

RNA	
  

PCR	
  and	
  paired-­‐end	
  sequencing	
  

Adaptor	
  liga&on	
  

U	
   UU	
  U	
   UU	
  U	
  

U	
   UU	
  U	
   UU	
  U	
  

USER™	
  	
  
(Uracil-­‐Specific	
  Excision	
  Reagent)	
  Remove	
  “U”s	
  

Second-­‐strand	
  synthesis	
  with	
  dTTP	
  à	
  dUTP	
  

U	
   UU	
  U	
   UU	
  U	
  

First-­‐strand	
  synthesis	
  with	
  normal	
  dNTPs	
  
cDNA	
  

Slide	
  courtesy	
  of	
  Joshua	
  Levin,	
  Broad	
  InsHtute.	
  



Overlapping	
  UTRs	
  from	
  Opposite	
  Strands	
  

Schizosacharomyces	
  pombe	
  
(fission	
  yeast)	
  



AnHsense-­‐dominated	
  TranscripHon	
  



Trinity	
  output:	
  A	
  mulH-­‐fasta	
  file	
  



Evalua&ng	
  the	
  quality	
  of	
  your	
  transcriptome	
  assembly	
  



De	
  novo	
  Transcriptome	
  Assembly	
  is	
  Prone	
  to	
  Certain	
  Types	
  of	
  Errors	
  	
  

Smith-­‐Unna	
  et	
  al.	
  Genome	
  Research,	
  2016	
  



Smith-­‐Unna	
  et	
  al.	
  Genome	
  Research,	
  2016	
  



Simple	
  Quan&ta&ve	
  and	
  Qualita&ve	
  Assembly	
  Metrics	
  

Read	
  representa8on	
  by	
  assembly	
  

Align	
  reads	
  to	
  the	
  assembled	
  transcripts	
  using	
  BowHe.	
  
A	
  typical	
  ‘good’	
  assembly	
  has	
  ~80	
  %	
  reads	
  mapping	
  to	
  the	
  assembly	
  
and	
  ~80%	
  are	
  properly	
  paired.	
  

Proper	
  pairs	
  

Given	
  read	
  pair:	
  	
   Possible	
  mapping	
  contexts	
  in	
  the	
  Trinity	
  assembly	
  are	
  reported:	
  

Improper	
  pairs	
   Lep	
  only	
   Right	
  only	
  



%	
  	
  samtools	
  tview	
  	
  alignments.bam	
  	
  target.fasta	
  

Assembled	
  transcript	
  con&g	
  is	
  only	
  as	
  good	
  as	
  its	
  read	
  support.	
  



IGV	
  



Can	
  Examine	
  Transcript	
  Read	
  Support	
  Using	
  IGV	
  



Can	
  align	
  Trinity	
  transcripts	
  to	
  genome	
  scaffolds	
  to	
  examine	
  intron/exon	
  structures	
  
(Trinity	
  transcripts	
  aligned	
  to	
  the	
  genome	
  using	
  GMAP)	
  



The	
  ConHg	
  N50	
  staHsHc	
  

“At	
  least	
  half	
  of	
  assembled	
  bases	
  are	
  in	
  conHgs	
  
that	
  are	
  at	
  least	
  N50	
  bases	
  in	
  length”	
  

In	
  genome	
  assemblies	
  –	
  used	
  open	
  to	
  judge	
  ‘which	
  assembly	
  is	
  beVer’	
  

0	
   500000	
   1000000	
   1500000	
   2000000	
   2500000	
   3000000	
   3500000	
   4000000	
  

1	
   1M	
   750k	
   500k	
   250k	
  

N50	
  conHg	
  length	
  =	
  500k	
  

Assemblies	
  ordered	
  by	
  length:	
  



Expression	
  

Oien,	
  most	
  assembled	
  transcripts	
  are	
  *very*	
  lowly	
  expressed	
  
(How	
  many	
  ‘transcripts	
  &	
  genes’	
  are	
  there	
  really?)	
  

20k	
  transcripts	
  

CumulaHve	
  
#	
  of	
  	
  

Transcripts	
  

1.4	
  million	
  Trinity	
  	
  
transcript	
  conHgs	
  
N50	
  ~	
  500	
  bases	
  

*	
  Salamander	
  transcriptome	
  

-­‐1	
  *	
  minimum	
  TPM	
  	
  



N50	
  CalculaHon	
  for	
  Transcriptome	
  Assemblies??	
  

In	
  transcriptome	
  assemblies	
  –	
  N50	
  is	
  not	
  very	
  useful.	
  
•  	
  Overzealous	
  isoform	
  annotaHon	
  for	
  long	
  transcripts	
  drives	
  

higher	
  N50	
  
•  Very	
  sensiHve	
  reconstrucHon	
  for	
  short	
  lowly	
  expressed	
  

transcripts	
  drives	
  lower	
  N50	
  

0	
   10000	
   20000	
   30000	
   40000	
   50000	
   60000	
   70000	
   80000	
   90000	
  

1	
  
…	
  300000	
  

N50	
  length?	
  
(small)	
  



•  Sort	
  conHgs	
  by	
  expression	
  value,	
  descendingly.	
  
•  Compute	
  N50	
  given	
  minimum	
  %	
  total	
  expression	
  data	
  thresholds	
  =>	
  	
  ExN50	
  

N50=3457,	
  
and	
  

24K	
  transcripts	
  

Compute	
  N50	
  Based	
  on	
  the	
  Top-­‐most	
  Highly	
  Expressed	
  Transcripts	
  (ExN50)	
  

90%	
  of	
  	
  
expression	
  data	
  



ExN50	
  Profiles	
  for	
  Different	
  Trinity	
  Assemblies	
  Using	
  Different	
  Read	
  Depths	
  

Note	
  ship	
  in	
  ExN50	
  profiles	
  as	
  you	
  assemble	
  more	
  and	
  more	
  reads.	
  

*	
  Candida	
  transcriptome	
  

Thousands	
  of	
  	
  
Reads	
  

Millions	
  of	
  Reads	
  



Evalua&ng	
  the	
  quality	
  of	
  your	
  transcriptome	
  assembly	
  
Full-­‐length	
  Transcript	
  Detec8on	
  via	
  BLASTX	
  

M	
   *	
   Known	
  protein	
  (SWISSPROT)	
  

Trinity	
  transcript	
  

Haas	
  et	
  al.	
  Nat.	
  Protoc.	
  2013	
  *	
  Mouse	
  transcriptome	
  

Have	
  you	
  
sequenced	
  
deeply	
  
enough?	
  





#Summarized	
  BUSCO	
  benchmarking	
  for	
  file:	
  Trinity.fasta	
  
#BUSCO	
  was	
  run	
  in	
  mode:	
  trans	
  
	
  
Summarized	
  benchmarks	
  in	
  BUSCO	
  nota&on:	
  
	
  	
  	
  	
  	
  	
  	
  	
  C:88%[D:53%],F:4.5%,M:7.3%,n:3023	
  
	
  
Represen&ng:	
  
	
  	
  	
  	
  	
  	
  	
  	
  1045	
  	
  	
  	
  Complete	
  Single-­‐copy	
  BUSCOs	
  
	
  	
  	
  	
  	
  	
  	
  	
  1617	
  	
  	
  	
  Complete	
  Duplicated	
  BUSCOs	
  
	
  	
  	
  	
  	
  	
  	
  	
  139	
  	
  	
  	
  	
  Fragmented	
  BUSCOs	
  
	
  	
  	
  	
  	
  	
  	
  	
  222	
  	
  	
  	
  	
  Missing	
  BUSCOs	
  
	
  	
  	
  	
  	
  	
  	
  	
  3023	
  	
  	
  	
  Total	
  BUSCO	
  groups	
  searched	
  



	
  “RSEM-­‐EVAL	
  [sic]	
  uses	
  a	
  novel	
  probabilisHc	
  model-­‐based	
  method	
  to	
  compute	
  the	
  
joint	
  probability	
  of	
  both	
  an	
  assembly	
  and	
  the	
  RNA-­‐Seq	
  data	
  as	
  an	
  evaluaHon	
  score.”	
  

Li	
  et	
  al.	
  Evalua&on	
  of	
  de	
  novo	
  transcriptome	
  assemblies	
  from	
  RNA-­‐Seq	
  data,	
  Genome	
  Biology	
  2014	
  

Detonate:	
  Which	
  assembly	
  is	
  beter?	
  

“the	
  RSEM-­‐EVAL	
  score	
  of	
  an	
  assembly	
  is	
  defined	
  as	
  the	
  log	
  joint	
  probability	
  
of	
  the	
  assembly	
  A	
  	
  and	
  the	
  reads	
  D	
  	
  used	
  to	
  construct	
  it”	
  



	
  “RSEM-­‐EVAL	
  [sic]	
  uses	
  a	
  novel	
  probabilisHc	
  model-­‐based	
  method	
  to	
  compute	
  the	
  
joint	
  probability	
  of	
  both	
  an	
  assembly	
  and	
  the	
  RNA-­‐Seq	
  data	
  as	
  an	
  evaluaHon	
  score.”	
  

Li	
  et	
  al.	
  Evalua&on	
  of	
  de	
  novo	
  transcriptome	
  assemblies	
  from	
  RNA-­‐Seq	
  data,	
  Genome	
  Biology	
  2014	
  

Detonate:	
  Which	
  assembly	
  is	
  beter?	
  

“the	
  RSEM-­‐EVAL	
  score	
  of	
  an	
  assembly	
  is	
  defined	
  as	
  the	
  log	
  joint	
  probability	
  
of	
  the	
  assembly	
  A	
  	
  and	
  the	
  reads	
  D	
  	
  used	
  to	
  construct	
  it”	
  

Bigger	
  Score	
  =	
  Beter	
  Assembly	
  



	
  “RSEM-­‐EVAL	
  [sic]	
  uses	
  a	
  novel	
  probabilisHc	
  model-­‐based	
  method	
  to	
  compute	
  the	
  
joint	
  probability	
  of	
  both	
  an	
  assembly	
  and	
  the	
  RNA-­‐Seq	
  data	
  as	
  an	
  evaluaHon	
  score.”	
  

Li	
  et	
  al.	
  Evalua&on	
  of	
  de	
  novo	
  transcriptome	
  assemblies	
  from	
  RNA-­‐Seq	
  data,	
  Genome	
  Biology	
  2014	
  

Detonate:	
  Which	
  assembly	
  is	
  beter?	
  
Re

f	
  G
en

om
e	
  
–b

as
ed

	
  m
et
ric

	
  

RSEM-­‐EVAL	
  Genome-­‐free	
  metric	
  

Yay	
  	
  
Trinity!!	
  





Abundance	
  EsHmaHon	
  
(Aka.	
  CompuHng	
  Expression	
  Values)	
  



Slide	
  courtesy	
  of	
  Cole	
  Trapnell	
  

Ex
pr
es
sio

n	
  
Va

lu
e	
  



Slide	
  courtesy	
  of	
  Cole	
  Trapnell	
  

Ex
pr
es
sio

n	
  
Va

lu
e	
  



Normalized	
  Expression	
  Values	
  
	
  
•  Transcript-­‐mapped	
  read	
  counts	
  are	
  
normalized	
  for	
  both	
  length	
  of	
  the	
  transcript	
  
and	
  total	
  depth	
  of	
  sequencing.	
  

•  Reported	
  as:	
  Number	
  of	
  RNA-­‐Seq	
  Fragments	
  	
  
	
  	
  	
  	
  Per	
  Kilobase	
  of	
  transcript	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  per	
  total	
  Million	
  fragments	
  mapped	
  

FPKM	
  
RPKM	
  (reads	
  per	
  kb	
  per	
  M)	
  used	
  with	
  Single-­‐end	
  RNA-­‐Seq	
  reads	
  
FPKM	
  used	
  with	
  Paired-­‐end	
  RNA-­‐Seq	
  reads.	
  



Transcripts	
  per	
  Million	
  (TPM)	
  

iTPM = iFPKM
FPKM
j∑

*1e6

Preferred	
  metric	
  for	
  measuring	
  expression	
  
•  BeVer	
  reflects	
  transcript	
  concentraHon	
  in	
  the	
  sample.	
  
•  Nicely	
  sums	
  to	
  1	
  million	
  

TPM	
  

FPKM	
  

Linear	
  relaHonship	
  between	
  TPM	
  and	
  
FPKM	
  values.	
  

Both	
  are	
  valid	
  metrics,	
  but	
  best	
  to	
  be	
  consistent.	
  



MulHply-­‐mapped	
  Reads	
  Confound	
  
Abundance	
  EsHmaHon	
  

Blue	
  =	
  mulHply-­‐mapped	
  reads	
  
Red,	
  Yellow	
  =	
  uniquely-­‐mapped	
  reads	
  

Isoform	
  A	
  

Isoform	
  B	
  

	
  EM	
  	
  	
  	
  	
  



MulHply-­‐mapped	
  Reads	
  Confound	
  
Abundance	
  EsHmaHon	
  

Blue	
  =	
  mulHply-­‐mapped	
  reads	
  
Red,	
  Yellow	
  =	
  uniquely-­‐mapped	
  reads	
  

Isoform	
  A	
  

Isoform	
  B	
  

	
  EM	
  	
  	
  	
  	
  

Use	
  ExpectaHon	
  MaximizaHon	
  (EM)	
  to	
  find	
  the	
  
most	
  likely	
  assignment	
  of	
  reads	
  to	
  transcripts.	
  
	
  
Performed	
  by:	
  	
  
•  Cufflinks,	
  String	
  Tie	
  (Tuxedo)	
  
•  RSEM,	
  eXpress	
  (genome-­‐free)	
  
•  Kallisto,	
  Salmon	
  (alignment-­‐free)	
  

EsHmate	
  expression,	
  
Compute	
  likelihood	
  
	
  

Adj	
  Model	
  Params,	
  
ProporHoning	
  Reads	
  



Fast	
  Abundance	
  EsHmaHon	
  Using	
  Pseudo-­‐alignments	
  and	
  Equivalence	
  Classes	
  
(Kallisto	
  sopware,	
  Bray	
  et	
  al.,	
  NBT	
  2016)	
  

Adapted	
  from	
  Fig	
  1	
  from	
  Bray	
  et	
  al.	
  



Comparing	
  RNA-­‐Seq	
  Samples	
  

Some	
  Cross-­‐sample	
  NormalizaHon	
  May	
  Be	
  Required	
  



Why	
  cross-­‐sample	
  normalizaHon	
  is	
  important	
  
Absolute	
  RNA	
  

quanHHes	
  per	
  cell	
  

eg.	
  Some	
  housekeeping	
  gene’s	
  expression	
  level:	
  

Ex
pr
es
sio

n	
  

L	
   K	
  

Measured	
  relaHve	
  
abundance	
  via	
  

RNA-­‐Seq	
  

TP
M
	
  

L	
   K	
  

Cross-­‐sample	
  
normalized	
  

(rescaled)	
  relaHve	
  
abundance	
  

Re
sc
al
ed

	
  T
PM

	
  
L	
   K	
  



Cross-­‐sample	
  Normaliza&on	
  Required	
  
Otherwise,	
  housekeeping	
  genes	
  look	
  diff	
  expressed	
  	
  

due	
  to	
  sample	
  composi&on	
  differences	
   Subset	
  of	
  genes	
  
highly	
  expressed	
  
in	
  liver	
  

Technical	
  
	
  replicates	
  

Liver	
  -­‐	
  kidney	
  

Adapted	
  from:	
  Robinson	
  and	
  Oshlack,	
  Genome	
  Biology,	
  2010	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  Log(fold	
  change)	
  	
  	
  	
  	
  	
  	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  Log(fold	
  change)	
  	
  	
  	
  	
  	
  	
   	
  	
  	
  	
  Average	
  log(expression)	
  

	
  	
  	
  
	
  	
  	
  
	
  	
  	
  
Lo
g(
fo
ld
	
  c
ha
ng
e)
	
  	
  	
  
	
  	
  	
  
	
  



Normaliza&on	
  methods	
  for	
  Illumina	
  high-­‐throughput	
  RNA	
  
sequencing	
  data	
  analysis.	
  

From	
  “A	
  comprehensive	
  evaluaHon	
  of	
  normalizaHon	
  methods	
  for	
  Illumina	
  high	
  
throughput	
  RNA	
  sequencing	
  data	
  analysis”	
  Brief	
  Bioinform.	
  2013	
  Nov;14(6):671-­‐83	
  

hVp://www.ncbi.nlm.nih.gov/pubmed/22988256	
  



DifferenHal	
  Expression	
  Analysis	
  

Thx,	
  CharloVe	
  Soneson!	
  J	
  



DifferenHal	
  Expression	
  Analysis	
  Involves	
  

•  CounHng	
  reads	
  mapped	
  to	
  features	
  
•  StaHsHcal	
  significance	
  tesHng	
  

Gene	
  A	
  

Sample_A	
   Sample_B	
  

Gene	
  B	
  

Fold_Change	
   Significant?	
  

1	
   2	
   2-­‐fold	
  

100	
   200	
   2-­‐fold	
  

No	
  

Yes	
  

Beware	
  of	
  small	
  counts	
  leading	
  to	
  notable	
  fold	
  changes	
  



VariaHon	
  Observed	
  Between	
  Technical	
  Replicates	
  

*	
  plot	
  from	
  Brennecke,	
  et	
  al.	
  Nature	
  Methods,	
  2013	
  

Poisson	
  shot	
  noise	
  is	
  high	
  for	
  small	
  counts.	
  

VariaHon	
  observed	
  is	
  well	
  
described	
  by	
  models	
  of	
  

random	
  sampling	
  
(Poisson	
  DistribuHon)	
  



Observed	
  RNA-­‐Seq	
  Counts	
  Result	
  from	
  Random	
  
Sampling	
  of	
  the	
  PopulaHon	
  of	
  Reads	
  

Technical	
  variaHon	
  in	
  RNA-­‐Seq	
  counts	
  per	
  feature	
  is	
  	
  
well	
  modeled	
  by	
  the	
  Poisson	
  distribuHon	
  

(observed	
  read	
  counts)	
  

Mean	
  #	
  fragments	
  

See:	
  hVp://en.wikipedia.org/wiki/Poisson_distribuHon	
  



Example:	
  One	
  gene*not*	
  differen&ally	
  expressed	
  
Example:	
  SampleA(gene)	
  =	
  SampleB(gene)	
  =	
  4	
  reads	
  

(k)	
  number	
  of	
  reads	
  observed	
  

de
ns
ity

	
  

Distribu&on	
  of	
  observed	
  counts	
  for	
  single	
  gene	
  
(under	
  Poisson	
  model)	
  

x	
  =	
  log2(SampleA/SampleB)	
  

de
ns
ity

	
  

same	
  

2-­‐fold	
  diff	
  

4-­‐fold	
  diff	
  

Dist.	
  of	
  log2(fold	
  change)	
  values	
  

SampleA(geneX)	
  
SampleB(geneX)	
  



Sequencing	
  Depth	
  MaVers	
  

From:	
  hVp://gkno2.tumblr.com/post/24629975632/thinking-­‐about-­‐rna-­‐seq-­‐experimental-­‐design-­‐for	
  	
  
and	
  from	
  supplementary	
  text	
  of	
  Busby	
  et	
  al.,	
  BioinformaHcs,	
  2013	
  

Poisson	
  distribuHons	
  for	
  counts	
  based	
  on	
  2-­‐fold	
  expression	
  differences	
  

No	
  confidence	
  in	
  2-­‐fold	
  
difference.	
  Likely	
  
observed	
  by	
  chance.	
  

High	
  confidence	
  in	
  2-­‐fold	
  
difference.	
  Unlikely	
  
observed	
  by	
  chance.	
  

Observed	
  Read	
  Count	
  (k)	
  

P(x=k)	
  



Greater	
  Depth	
  =	
  More	
  StaHsHcal	
  Power	
  

Reads	
  per	
  
sample	
  

Sample	
  A	
  
Number	
  of	
  reads	
  

Sample	
  B	
  
Number	
  of	
  reads	
  

P-­‐value	
  (Fishers	
  
Exact	
  Test)	
  

100,000	
   1	
   2	
   1	
  

1,000,000	
   10	
   20	
   0.099	
  

10,000,000	
   100	
   200	
   8.0e-­‐09	
  

Example:	
  	
  Single	
  gene,	
  reads	
  sampled	
  at	
  different	
  sequencing	
  depths	
  



Technical	
  vs.	
  Biological	
  Replicates	
  

“We	
  find	
  that	
  the	
  Illumina	
  sequencing	
  data	
  are	
  highly	
  replicable,	
  with	
  relaHvely	
  liVle	
  
technical	
  variaHon,	
  and	
  thus,	
  for	
  many	
  purposes,	
  it	
  may	
  suffice	
  to	
  sequence	
  each	
  
mRNA	
  sample	
  only	
  once”	
  	
  	
  Marioni	
  et	
  al.,	
  Genome	
  Research,	
  2008	
  

RNA-­‐Seq	
  Technical	
  replicates	
  aren’t	
  essen&al	
  	
  

(Technical	
  variaHon	
  is	
  well-­‐modeled	
  by	
  the	
  Poisson	
  distribuHon)	
  

total_variance	
  =	
  technical_variance	
  +	
  biological_variance	
  

(Total	
  variance	
  well-­‐modeled	
  by	
  negaHve	
  binomial	
  distribuHon)	
  

	
  “…	
  at	
  least	
  six	
  biological	
  replicates	
  should	
  be	
  used,	
  rising	
  to	
  at	
  least	
  12	
  when	
  it	
  is	
  
important	
  to	
  idenHfy	
  SDE	
  genes	
  for	
  all	
  fold	
  changes.”	
  	
  Schurch	
  et	
  al.,	
  RNA,	
  2016	
  

However,	
  biological	
  replicates	
  *ARE*	
  essen&al	
  



>1.4-­‐fold	
  DE	
   >4-­‐fold	
  DE	
  

DE	
  Accuracy	
  Improves	
  with	
  Higher	
  Biological	
  Replica&on	
  

Respectable	
  goal	
  

At	
  a	
  minimum,	
  do	
  
3	
  bio	
  replicates	
  

*Figure	
  taken	
  and	
  adapted	
  from	
  Shurch	
  et	
  al.,	
  RNA,	
  2016	
  

3	
  reps	
  

6	
  reps	
  

12	
  reps	
  



Planning	
  Experiments:	
  	
  
How	
  many	
  reads	
  and	
  how	
  many	
  replicates?	
  

ScoVy:	
  
Busby	
  et	
  al.,	
  	
  BioinformaHcs,	
  2013	
  	
  	
  

hVp://scoVy.geneHcs.utah.edu/scoVy.php	
  

Input:	
  	
  max	
  total	
  reads,	
  max	
  total	
  replicates,	
  max	
  total	
  $$$	
  

Highest	
  Power	
  



Tools	
  for	
  DE	
  analysis	
  with	
  RNA-­‐Seq	
  

See:	
  hVp://www.biomedcentral.com/1471-­‐2105/14/91	
  

edgeR	
  
ShrinkSeq	
  
DESeq	
  
baySeq	
  
Vsf	
  
Limma/Voom	
  
mmdiff	
  
cuffdiff	
  

ROTS	
  
TSPM	
  
DESeq2	
  
EBSeq	
  
NBPSeq	
  
SAMseq	
  
NoiSeq	
  

(italicized	
  not	
  in	
  R/Bioconductor	
  	
  
but	
  stand-­‐alone)	
  

Soneson	
  &	
  Delorenzi,	
  2013	
  
	
  A	
  comparison	
  of	
  methods	
  for	
  differenHal	
  expression	
  analysis	
  of	
  RNA-­‐seq	
  data	
  



Typical	
  output	
  from	
  DE	
  analysis	
  
                          logFC                    logCPM                PValue             FDR 
TRINITY_DN876_c0_g1_i1   -7.15049572793027     10.6197708379285   0                      0 
TRINITY_DN6470_c0_g1_i1  -7.26777912190146     7.03987604865422   1.687485656951e-287    6.46813252309319e-284 
TRINITY_DN5186_c0_g1_i1  -7.85623682454322     9.18570464327063   1.17049180235068e-278  2.99099671894011e-275 
TRINITY_DN768_c0_g1_i1   7.72884741150304      9.7514619195169    4.32504881419265e-272  8.28895605240022e-269 
TRINITY_DN70_c0_g1_i1    -12.7646078189688     7.86482982471445   3.92853491279431e-253  6.02322972829624e-250 
TRINITY_DN1587_c0_g1_i1  -5.89392061881667     9.07366563894607   6.32919557933429e-243  8.08660221852944e-240 
TRINITY_DN3236_c0_g1_i1  -7.27029815068473     8.02209568234202   3.64955175271959e-235  3.99678053376405e-232 
TRINITY_DN4631_c0_g1_i1  -7.45310693639574     6.91664918183241   4.30540921272851e-229  4.1256583780971e-226 
TRINITY_DN5082_c0_g5_i1  -5.33154406167545     10.6977538760467   2.74243356676259e-225  2.33594396920022e-222 
TRINITY_DN1789_c0_g3_i1  10.2032564835076      7.32607652700285   1.44273728647186e-213  1.10600240380933e-210 
TRINITY_DN4204_c0_g1_i1  4.81030233739325      9.88844409410644   9.27180216086162e-205  6.46160321501501e-202 
TRINITY_DN799_c0_g1_i1   -4.22044475626154     6.9937398638711    1.24746518421083e-197  7.96922341846683e-195 
TRINITY_DN196_c0_g2_i1   4.60597918494257      9.86878463857276   1.9819997623131e-192   1.16877001368402e-189 
TRINITY_DN5041_c0_g1_i1  -4.27126549355785     9.70894399883      1.8930437900069e-185   1.03657669244235e-182 
TRINITY_DN1619_c0_g1_i1  -4.47156415953777     9.22535948721718   1.76766063029526e-181  9.03392426122899e-179 
TRINITY_DN899_c0_g1_i1   -4.90914328409143     7.93768691394594   1.11054513767547e-180  5.32089939088761e-178 
TRINITY_DN324_c0_g2_i1   4.87160837667488      6.84850312231775   2.20092562166991e-179  9.92487989160089e-177 
TRINITY_DN3241_c0_g1_i1  -4.77760618069256     7.94111259715689   1.60585457735621e-173  6.83915621667372e-171 
TRINITY_DN4379_c0_g1_i1  3.85133572453294      7.23712813663389   3.48140532848425e-164  1.4046554341137e-161 
TRINITY_DN1919_c0_g1_i1  4.05998814332136      6.95937301668582   1.8588621194715e-161   7.12501850393425e-159 
TRINITY_DN2504_c0_g1_i1  -6.92417817059644     6.20370039359785   2.42022459856956e-160  8.83497227268296e-158 
… 

Up	
  vs.	
  Down	
  regulated	
   Avg.	
  expression	
  level	
   Significance	
  



VisualizaHon	
  of	
  DE	
  results	
  
and	
  Expression	
  Profiling	
  



Volcano	
  plot	
  
(	
  fold	
  change	
  vs.	
  significance)	
  

MA	
  plot	
  
(abundance	
  vs.	
  fold	
  change)	
  

Significantly	
  differently	
  expressed	
  transcripts	
  have	
  FDR	
  <=	
  0.001	
  
(shown	
  in	
  red)	
  

Plo�ng	
  Pairwise	
  DifferenHal	
  Expression	
  Data	
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Comparing	
  MulHple	
  Samples	
  

Heatmaps	
  provide	
  an	
  effecHve	
  tool	
  
for	
  navigaHng	
  differenHal	
  expression	
  across	
  
mulHple	
  samples.	
  
	
  
Clustering	
  can	
  be	
  performed	
  across	
  both	
  axes:	
  

	
  -­‐cluster	
  transcripts	
  with	
  similar	
  expression	
  
	
  paVers.	
  
	
  -­‐cluster	
  samples	
  according	
  to	
  similar	
  
	
  expression	
  values	
  among	
  transcripts.	
  
	
  	
  



Examining	
  PaVerns	
  of	
  Expression	
  Across	
  Samples	
  
Can	
  extract	
  clusters	
  of	
  transcripts	
  and	
  examine	
  them	
  separately.	
  



FuncHonal	
  AnnotaHon	
  of	
  Transcripts	
  



htp://trinotate.sf.net	
  

GO-­‐Seq	
  



Find	
  Likely	
  Coding	
  Regions	
  
(using	
  TransDecoder)	
  

•  Find	
  all	
  ORFs	
  
•  Score	
  each	
  ORF	
  according	
  to	
  likely	
  coding	
  potenHal	
  (Markov	
  model)	
  
•  Report	
  highest	
  scoring	
  ORFs	
  

htp://transdecoder.github.io	
  



BLAST	
  SwissProt	
  

BLASTX	
  and	
  BLASTP	
  



Pfam	
  Search	
  for	
  Conserved	
  Protein	
  Domains	
  



hVp://www.cbs.dtu.dk/services/SignalP/	
  

Signal	
  Pep&des	
  via	
  SignalP	
  



hVp://www.cbs.dtu.dk/services/TMHMM/	
  

Topology=i36-­‐55o59-­‐81i93-­‐110o125-­‐147i174-­‐196o206-­‐228i241-­‐260o280-­‐302i309-­‐328o338-­‐360i373-­‐395o448-­‐467i	
  
	
  

Trans-­‐membrane	
  Domains	
  via	
  TmHMM	
  



GoSeq	
  for	
  Func&onal	
  Enrichment	
  Tes&ng	
  

SwissProt	
   Pfam	
  
(GO	
  assignments	
  included	
  in	
  records)	
   (Pfam2GO)	
  

Trinotate	
  Gene	
  Ontology	
  Assignments	
  



Gene	
  ontology	
  func&onal	
  enrichment	
  

(+)	
  
Differen&ally	
  
Expressed	
  

(-­‐)	
  Not	
  
Differen&ally	
  
Expressed	
  

Totals	
  

+	
  Gene	
  Ontology	
   50	
   200	
   250	
  

-­‐	
  	
  Gene	
  Ontology	
   1950	
   17800	
   19750	
  

Totals	
   2000	
   18000	
   20000	
  



Trinotate	
  Web	
  for	
  Interac&ve	
  Analysis	
  



Deciphering	
  the	
  Cell	
  Circuitry	
  	
  
of	
  Limb	
  RegeneraHon	
  Via	
  	
  

Single	
  Cell	
  Transcriptome	
  Studies	
  

Work	
  done	
  in	
  collaboraHon	
  with	
  
	
  Jessica	
  Whited’s	
  lab	
  	
  	
  



Axolotl	
  (Ambystoma	
  mexicanum)	
  Transcriptomics	
  

Axolotl	
  "water	
  monster”,	
  aka	
  Mexican	
  
salamander	
  or	
  Mexican	
  walking	
  fish.	
  

•  Model	
  for	
  vertebrate	
  studies	
  of	
  Hssue	
  
regeneraHon	
  

•  Short	
  generaHon	
  Hme	
  

•  Can	
  fully	
  regenerate	
  a	
  severed	
  limb	
  in	
  just	
  
weeks.	
  

•  Genome	
  esHmated	
  at	
  ~30	
  Gb	
  (not	
  yet	
  
sequenced)	
  



Key	
  morphological	
  steps	
  during	
  limb	
  regenera&on	
  

wound	
  epidermis	
  

blastema	
  

24	
  hours	
   1	
  week	
   1	
  week	
   1	
  week	
   2-­‐3	
  weeks	
  



Jessica	
  Whited,	
  Mark	
  Mannucci,	
  Ari	
  Haberberg	
  125	
  



1.	
  	
  Building	
  a	
  reference	
  Axolotl	
  transcriptome	
  

limb	
  &ssues	
  and	
  select	
  
other	
  &ssues	
  with	
  
biological	
  replicates	
  

1.3	
  billion	
  of	
  
	
  100	
  bp	
  paired-­‐end	
  
Illumina	
  reads	
  



Framework	
  for	
  De	
  novo	
  Transcriptome	
  Assembly	
  and	
  Analysis	
  

1.3	
  Billion	
  	
  
Total	
  Reads	
  

86	
  Million	
  	
  
Normalized	
  Reads	
  BowHe	
  &	
  RSEM	
  

EdgeR,	
  
Bioconductor,	
  
&	
  Trinity	
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Normalized	
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In	
  silico	
  NormalizaHon	
  

Trinity	
  con&gs	
  
(transcripts)	
  

1,554,055	
  

Trinity	
  components	
  
(genes)	
  

1,388,798	
  

Axolotl	
  Transcriptome	
  De	
  novo	
  Assembly	
  Sta&s&cs	
  
And	
  Quality	
  Assessment	
  	
  

Counts	
  of	
  Transcripts	
  

Min.	
  length	
  200	
  bases	
  

Percent	
  of	
  Non-­‐normalized	
  Fragments	
  Mapping	
  as	
  Properly	
  Paired	
  to	
  Transcriptome	
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Bone	
   CarHlage	
  
(Long)	
  

Ovaries	
   Testes	
   Blood	
  	
  
Vessel	
  

Blastema	
  
(Distal)	
  

Elbow	
  CarHlage	
  
(Wrist)	
  

Forearm	
  
Gill	
  

Hand	
   Heart	
   Blastema	
  
(proximal)	
  

Skeletal	
  
Muscle	
  

Upper	
  
Arm	
  

✗	
  
✗	
  

✗	
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1.3	
  B	
  

86	
  M	
  

N50=3457,	
  
and	
  

24K	
  transcripts	
  

ExN50	
  looks	
  good!	
  



0.4	
  	
  	
  	
  	
  	
  0.7	
  	
  	
  	
  	
  	
  	
  1	
  

Testes	
  
Skeletal	
  Muscle	
  
Ovaries	
  

Gill	
  Filament	
  

Arm	
  

Heart	
  

Blood	
  Vessel	
  

Blastema	
  
Bone	
  

CarHlage	
  

Tissues	
  

Tissues	
  

Biological	
  Replicates	
  Cluster	
  According	
  to	
  Sample	
  

Pearson	
  CorrelaHon	
  Matrix	
  for	
  Tissue	
  Replicates	
  

CorrelaHon	
  



Testes	
  

Skeletal	
  Muscle	
  

Ovaries	
   Gill	
  Filament	
  

Arm	
  

Heart	
  

Blood	
  Vessel	
  

Blastema	
  

Bone	
  

CarHlage	
  

All	
  
	
  Pairwise	
  DE	
  
Comparisons	
  

2.  IdenHficaHon	
  of	
  Tissue-­‐enriched	
  Expression	
  

EdgeR,	
  min	
  4-­‐fold	
  change,	
  FDR	
  <=	
  1e-­‐3	
  



Arm	
  (193),	
  GO:	
  thick	
  ascending	
  limb	
  development	
  [8.8e-­‐5]	
  	
  

Ovaries	
  (1225)	
  

Skeletal	
  Muscle	
  (539)	
  

Testes	
  (4113),	
  GO:	
  spermatogenesis	
  [2.5e-­‐14]	
  	
  

Blood	
  Vessel	
  (939)	
  

Tissues	
  

Ge
ne

s	
  

Heart	
  (238),	
  	
  
GO:	
  vascular	
  process	
  in	
  circulatory	
  system	
  [2.6e-­‐3]	
  

CarHlage	
  (255),	
  GO:	
  collagen	
  fibril	
  organizaHon	
  [4.5e-­‐10]	
  
Blastema	
  (202):	
  limb	
  morphogenesis	
  [2.5e-­‐5]	
  
Bone	
  (272),	
  GO:	
  myeloid	
  leukocyte	
  differenHaHon	
  [2.2e-­‐3]	
  	
  

Gill	
  Filament	
  (765)	
  

EdgeR,	
  min	
  4-­‐fold	
  change,	
  FDR	
  <=	
  1e-­‐3	
  

IdenHficaHon	
  of	
  Tissue-­‐enriched	
  Gene	
  Expression	
  

FuncTonal	
  enrichment	
  using	
  GO-­‐Seq	
  



Most	
  Highly	
  Expressed	
  Blastema-­‐enriched	
  Genes	
  

CIRBP	
  (cold-­‐inducible)	
  RNA-­‐binding	
  protein	
  

RABP2	
  ReHnoic	
  Acid	
  Binding	
  Protein	
  2	
  
MFAP2:	
  Microfibrillar-­‐associated	
  protein	
  2	
  	
  

MKA:	
  Pleiotrophic	
  factor-­‐alpha-­‐1	
  	
  

GPC6:	
  Glypican	
  
FBN2:	
  Fibrillin	
  
TENA:	
  Tenascin	
  
HES1:	
  transcripHon	
  factor	
  
CXG1:	
  connexin	
  
RAI4:	
  cytoskeleton	
  &	
  cell-­‐cell	
  adhesion	
  

VWDE:	
  von	
  Willebrand	
  factor	
  D	
  and	
  EGF	
  
KERA:	
  Keratacan	
  
K2C6A:	
  KeraHn,	
  cytoskeletal	
  

TWIST:	
  transcripHon	
  factor	
  (pt.	
  1	
  of	
  2)	
  	
  
TWIST:	
  transcripHon	
  factor	
  (pt.	
  2	
  of	
  2)	
  	
  

KAZD1:	
  growth	
  factor	
  binding	
  protein	
  	
  

Log2(FPKM)	
  

Regulator	
  Signaling	
   Structure	
  and	
  Extracellular	
  Matrix	
  Color	
  key:	
  	
  



Func&onal	
  Characteriza&on	
  of	
  Blastema-­‐enriched	
  KAZD1	
  
RT-­‐PCR	
  Timecourse	
  of	
  Kazald1	
  Expression	
  
	
   Days	
  post-­‐amputaHon	
  

In	
  situ	
  hybridiza&on	
  of	
  kazald1	
  over	
  course	
  of	
  regenera&on	
  

Work	
  by	
  Jessica	
  Whited’s	
  group,	
  Cell	
  Reports,	
  2017	
  



Viral-­‐based	
  Delivered	
  Over-­‐expression	
  of	
  KAZD1	
  Leads	
  to	
  Regenera&on	
  Defects	
  

Morpholino	
  Knockdown	
  of	
  Kazald1	
  Expression	
  

Work	
  by	
  Jessica	
  Whited’s	
  group,	
  Cell	
  Reports,	
  2017	
  



A	
  Tissue-­‐Mapped	
  Axolotl	
  De	
  Novo	
  Transcriptome	
  
Enables	
  IdenHficaHon	
  of	
  Limb	
  RegeneraHon	
  Factors	
  

Jan	
  17,	
  2017	
  



Summary	
  of	
  Key	
  Points	
  
•  RNA-­‐Seq	
  is	
  a	
  versaHle	
  method	
  for	
  transcriptome	
  analysis	
  

enabling	
  quanHficaHon	
  and	
  novel	
  transcript	
  discovery.	
  
•  Expression	
  quanHficaHon	
  is	
  based	
  on	
  sampling	
  and	
  counHng	
  

reads	
  derived	
  from	
  transcripts	
  
•  Fold	
  changes	
  based	
  on	
  few	
  read	
  counts	
  lack	
  staHsHcal	
  

significance.	
  
•  Trinity	
  assembly	
  and	
  supported	
  downstream	
  computaHonal	
  

analysis	
  tools	
  facilitate	
  transcriptome	
  studies.	
  
•  The	
  Trinity	
  framework	
  can	
  empower	
  transcriptome	
  studies	
  for	
  

organisms	
  lacking	
  reference	
  genome	
  sequences	
  (	
  ex.	
  Axolotl)	
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