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A	  gene	  	  can	  have	  mul3ple	  transcripts!	  
	  
	  

•  We	  want	  to	  iden3fy	  all	  these	  transcripts,	  
whether	  annotated	  or	  not.	  

	  

What	  is	  a	  gene?	  What	  is	  a	  transcript?	  

	  	  	  	  	  	  	  	  	  	  	  	  	  



Back	  to	  the	  big	  picture…	  

Known	  
Genes	  



TUXEDO	  PIPELINE	  



The	  pipeline	  is	  
sequen3al.	  
	  	  
Output	  of	  one	  
step	  becomes	  
input	  of	  next	  step.	  

Figure	  from:	  
Trapnell	  et	  al,	  Nature	  
protocols,	  2012.	  



Of	  course,	  Tuxedo	  Pipeline	  can	  be	  run	  without	  
looking	  for	  novel	  events	  

•  NO	  NOVEL	  JUNCTIONS:	  Simple	  differen3al	  gene	  expression	  
analysis	  against	  a	  set	  of	  known	  transcripts.	  
–  User	  provides	  a	  gff/gU	  file	  containing	  annotated	  features.	  Quan3fy	  
only	  the	  annotated	  features	  and	  id	  DEGs.	  

	  
•  NOVEL	  	  JUNCTIONS	  ALSO:	  	  In	  addi3on	  to	  known	  transcripts,	  

novel	  transcripts	  should	  be	  explored.	  
–  User	  provides	  a	  gff/gU	  file	  containing	  annotated	  features.	  But	  you	  
also	  allow	  the	  search	  for	  novel	  variants	  as	  well.	  Both	  annotated	  and	  
novel	  variants	  are	  quan3fied	  and	  DEGs	  are	  iden3fied.	  

	  
•  ONLY	  NOVEL/DE	  NOVO	  JUNCTIONS:	  	  No	  gff/gU	  file	  is	  provided.	  

Using	  just	  the	  read	  data	  and	  the	  genome	  reference,	  construct	  
de	  novo	  transcripts,	  quan3fy	  them	  and	  id	  DEGs.	  

	  

	  
	  



What	  do	  we	  get	  at	  the	  end	  of	  running	  this	  pipeline?	  

A	  view	  of	  how	  the	  transcriptome	  is	  different	  between	  
condi3on	  C1	  and	  condi3on	  C2	  
•  Both	  in	  terms	  of	  annotated	  genes	  and	  transcripts.	  	  
•  And	  novel	  genes	  and	  transcripts	  
	  
Differen3al	  gene	  expression	  and	  so	  much	  more…	  



STEP	  1:	  TOPHAT	  

What	  does	  Tophat	  do?	  
	  
Tophat	  maps	  your	  data	  to	  your	  reference	  in	  a	  
transcriptome-‐aware	  manner,	  that	  will	  also	  iden3fy	  
junc3ons.	  	  We've	  already	  looked	  at	  how	  you	  can	  turn	  
on	  and	  off	  its	  ability	  to	  iden3fy	  novel	  junc3ons.	  

	  -‐-‐no-‐novel-‐juncs	   Only	  look	  for	  reads	  across	  junc3ons	  indicated	  in	  the	  
supplied	  GFF	  file.	  

-‐G	  <GTF/GFF3	  file>	   Supply	  TopHat	  with	  a	  set	  of	  gene	  model	  annota3ons	  
and/or	  known	  transcripts,	  as	  a	  GTF	  2.2	  or	  GFF3	  
formaaed	  file.	  
	  



STEP	  2:	  CUFFLINKS	  

•  What	  does	  cufflinks	  do?	  

– TRANSCRIPT	  ASSEMBLY	  (also	  referred	  to	  as	  
transcriptome	  reconstruc]on)	  

– Let’s	  see	  first	  what	  that	  entails.	  



Why	  transcript	  assembly? 	  	  

Transcript	  assembly	  =	  assembly	  of	  mapped	  reads	  
into	  transcrip3onal	  units.	  
	  
Why?	  
•  Define	  a	  precise	  map	  of	  all	  transcripts	  expressed	  
in	  a	  sample.	  

•  How	  does	  our	  transcriptome	  look	  in	  comparison	  
to	  the	  known	  transcriptome?	  

•  Look	  for	  novel	  transcripts	  between	  condi3ons/
samples.	  

•  Look	  for	  differences	  in	  expression	  for	  these	  novel	  
transcripts	  between	  condi3ons/samples.	  
	  



Why	  is	  transcript	  assembly	  hard?	  

Difficult	  to	  tell	  which	  read	  came	  from	  which	  
transcript	  
•  	  
Many	  Short	  reads,	  many	  transcripts!	  

•  Transcripts	  are	  expressed	  in	  different	  amounts.	  
So,	  coverage	  of	  reads	  can	  be	  vastly	  different.	  

•  Reads	  can	  come	  from	  mature	  mRNA	  (exons	  only)	  
and	  precursor	  RNA	  (containing	  par3al	  introns).	  



Figure	  :	  
Garber	  et	  al,	  Nature	  Methods,	  2011	  



Figure	  :	  
Garber	  et	  al,	  Nature	  Methods,	  2011	  

Most	  commonly	  used,	  if	  you	  have	  a	  genome.	  
	  
Less	  resource-‐intensive	  

If	  you	  don’t	  have	  a	  genome.	  
If	  you	  believe	  your	  sample	  has	  major	  rearrangements	  
	  
More	  CPU	  and	  RAM	  intensive	  

We’ll	  call	  this	  graph	  based	  approach	  



Genome	  guided	  transcript	  assesmbly	  

Different	  assembly	  methods	  
•  Exon	  Iden]fica]on	  Method	  
–  First	  ID	  puta3ve	  exons	  by	  looking	  for	  coverage	  islands.	  
– Older	  method,	  were	  meant	  for	  shorter	  read	  lengths.	  
– G.MorSe	  
	  

•  Graph	  Based	  approach	  
– Directly	  uses	  mappings	  of	  spliced	  reads	  to	  reconstruct	  
transcriptome.	  

– Uses	  graph	  topology.	  
– Cufflinks	  (part	  of	  tuxedo	  suite),	  scripture	  



How	  do	  these	  tools	  compare?	  
Figure:	  
Grabherr	  et	  al,	  Nature	  Biotech,	  2011	  	  

Figure:	  
Palmieri	  et	  al,	  
PLOS	  One,	  2012	  	  



	  	  	  	  	  	  	  How	  does	  Cufflinks	  do	  transcript	  assembly	  
	  

.	  

Graph	  based	  approach!	  



	  	  	  	  	  	  	  How	  does	  Cufflinks	  do	  transcrip	  

Figure	  :	  
hap://sourceforge.net/
projects/trinityrnaseq/files/
misc/RNASEQ_WORKSHOP/
rnaseq_workshop_slides.pdf	  



RABT	  
•  Reference	  annota3on	  based	  transcript	  assembly	  (RABT)	  
– Uses	  exis3ng	  annota3on	  to	  guide	  assembly	  of	  
transcripts.	  



Aber	  assembly	  
•  Calculates	  abundance	  for	  these	  assembled	  
transcripts.	  

•  Normalized	  using	  FPKM	  (Fragments	  Per	  
Kilobase	  of	  Exon	  Per	  Million)	  	  (varia3on	  of	  
RPKM)	  
– RPKM	  normalizes	  for	  transcript	  length	  varia]ons	  
and	  sequencing	  depth.	  	  

– RPKM=	  (No.of	  Mapped	  reads*10^9)/	  (length	  of	  
transcript	  *total	  no.of	  reads)	  

– FPKM	  just	  exchanges	  reads	  with	  fragments.	  



General	  syntax	  for	  cufflinks	  command	  
	  

	  
cufflinks	  [op3ons]	  <accepted_hits.bam>	  
	  
Some	  of	  the	  important	  op3ons:	  

	  -‐p/-‐-‐num-‐threads	  	  
	  -‐G/-‐-‐GTF	  	  	  	  	  	  (quan3fy	  only	  annotated	  transcripts)	  
	  -‐g/-‐-‐GTF-‐guide	  	  (both	  annotated	  and	  novel	  transcripts)	  
	  -‐b/-‐-‐frag-‐bias-‐correct	  
	  -‐u/-‐-‐mul3-‐read-‐correct	  



-‐b/-‐-‐frag-‐bias-‐correct	  
	  
When	  quan3fying	  abundance,	  corrects	  for	  sequence-‐specific	  
bias	  at	  the	  ends	  of	  reads	  by	  ‘learning’	  from	  the	  data.	  
	  
-‐u/-‐-‐mul3-‐read-‐correct	  
By	  default,	  if	  a	  read	  maps	  to	  2	  genes	  it	  will	  count	  as	  50%	  (half	  
a	  read)	  towards	  each	  gene.	  	  
	  
With	  this	  flag,	  it	  handles	  this	  ques3on	  in	  a	  more	  fine-‐tuned	  
manner.	  
	  

	  General	  syntax	  for	  cufflinks	  command	  
	  



Let’s	  look	  at	  some	  results	  from	  a	  
cufflinks	  transcript	  assembly	  

•  Input:	  
– Tophat	  mapped	  results	  (bam	  files)	  
– Transcriptome	  annota3on	  (genes.gU)	  

	  
•  Let’s	  SWITCH	  TO	  THE	  WIKI	  for	  instruc3ons	  on	  
looking	  at	  these	  results…	  
	  
	  



STEP	  3:	  CUFFMERGE	  

•  Cuffmerge	  is	  used	  to	  merge	  all	  the	  transcripts	  
that	  cufflinks	  assembled	  into	  one	  file.	  
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Cuffmerge is essentially a ‘meta-assembler’—it treats the assem-
bled transfrags the way Cufflinks treats reads, merging them together 
parsimoniously. Furthermore, when a reference genome annota-
tion is available, Cuffmerge can integrate reference transcripts into 
the merged assembly. It performs a reference annotation-based 
transcript (RABT) assembly35 to merge reference transcripts with 
sample transfrags and produces a single annotation file for use in 
downstream differential analysis. Figure 3 shows an example of the 
benefits of merging sample assemblies with Cuffmerge.

Once each sample has been assembled and all samples have been 
merged, the final assembly can be screened for genes and tran-
scripts that are differentially expressed or regulated between sam-
ples. This protocol recommends that you assemble your samples 
with Cufflinks before performing differential expression to improve 
accuracy, but this step is optional. Assembly can be computationally 
demanding, and interpreting assemblies is often difficult, especially 
when sequencing depth is low, because distinguishing full-length 
isoforms from partially reconstructed fragments is not always possi-
ble without further experimental evidence. Furthermore, although 
Cufflinks assemblies are quite accurate when they are provided 
with sufficiently high-quality data, assembly errors do occur and 
can accumulate when merging many assemblies. When you are 
working with RNA-seq data from well-annotated organisms such 
as human, mouse or fruit fly, you may wish to run the alternate 
protocol ‘Quantification of reference annotation only’ (Box 1; see 
also Table 1).

Even for well-studied organisms, most RNA-seq experiments 
should reveal new genes and transcripts. A recent analysis of deep 
RNA-seq samples from 24 human tissues and cell lines revealed 
over 8,000 new long, noncoding RNAs along with numerous poten-
tial protein-coding genes6. Many users of RNA-seq are interested 
in discovering new genes and transcripts in addition to perform-
ing differential analysis. However, it can be difficult to distinguish 
full-length novel transcripts from partial fragments using RNA-seq 
data alone. Gaps in sequencing coverage will cause breaks in tran-
script reconstructions, just as they do during genome assembly. 
High-quality reconstructions of eukaryotic transcriptomes will 
contain thousands of full-length transcripts. Low-quality recon-
structions, especially those produced from shallow sequencing 
runs (e.g., fewer than 10 million reads), may contain tens or even 
hundreds of thousands of partial transcript fragments. Cufflinks 
includes a utility program called ‘Cuffcompare’ that can compare 

Cufflinks assemblies to reference annotation files and help sort out 
new genes from known ones. Because of the difficulty in construct-
ing transcriptome assemblies, we encourage users to validate novel 
genes and transcripts by traditional cloning and PCR-based tech-
niques. We also encourage validation of transcript ends by rapid 
amplification of cDNA ends (RACE) to rule out incomplete recon-
struction due to gaps in sequencing coverage. Although a complete 
discussion of transcript and gene discovery is beyond the scope of 
this protocol, readers interested in such analysis should consult the 
Cufflinks manual to help identify new transcripts6.

Differential analysis with Cuffdiff
Cufflinks includes a separate program, Cuffdiff, which calculates 
expression in two or more samples and tests the statistical signifi-
cance of each observed change in expression between them. The 
statistical model used to evaluate changes assumes that the number 
of reads produced by each transcript is proportional to its abun-
dance but fluctuates because of technical variability during library 
preparation and sequencing and because of biological variability 
between replicates of the same experiment. Despite its exceptional 
overall accuracy, RNA-seq, like all other assays for gene expres-
sion, has sources of bias. These biases have been shown to depend 
greatly on library preparation protocol36–39. Cufflinks and Cuffdiff 

TABLE 1 | Library type options for TopHat and Cufflinks.

Library type RNA-seq protocol Description

fr-unstranded (default) Illumina TruSeq Reads from the leftmost end of the fragment (in transcript coordinates) map to 
the transcript strand, and the rightmost end maps to the opposite strand

fr-firststrand dUTP, NSR, NNSR39 Same as above except we enforce the rule that the rightmost end of the frag-
ment (in transcript coordinates) is the first sequenced (or only sequenced for 
single-end reads). Equivalently, it is assumed that only the strand generated 
during first strand synthesis is sequenced

fr-secondstrand Directional Illumina 
(Ligation), Standard SOLiD

Same as above except TopHat/Cufflinks enforce the rule that the leftmost 
end of the fragment (in transcript coordinates) is the first sequenced (or only 
sequenced for single-end reads). Equivalently, it is assumed that only the strand 
generated during second strand synthesis is sequenced

Cufflinks assemblies
for condition A

Merged assembly
from Cuffmerge

FlyBase reference 
annotation

Replicate 1

Replicate 2

Replicate 3

Cufflinks assemblies
for condition B

Replicate 1

Replicate 2

Replicate 3

Figure 3 | Merging sample assemblies with a reference transcriptome 
annotation. Genes with low expression may receive insufficient sequencing 
depth to permit full reconstruction in each replicate. However, merging 
the replicate assemblies with Cuffmerge often recovers the complete gene. 
Newly discovered isoforms are also integrated with known ones at this stage 
into more complete gene models.



STEP	  3:	  CUFFMERGE	  

•  Input:	  All	  cufflinks	  assembly	  files	  (in	  gU	  format)	  
•  Input:	  Op3onally:	  Annotated	  genes	  (in	  gff/gU	  format)	  

•  Compares	  your	  assembled	  transcripts	  to	  a	  reference	  
annota3on.	  

	  
•  Output:	  merged.gU	  

–  Your	  very	  own	  gU	  file,	  containing	  all	  the	  transcripts	  found	  in	  
your	  samples	  (both	  novel	  and	  otherwise).	  

•  SWITCH	  TO	  THE	  WIKI	  for	  instruc3ons	  on	  viewing	  these	  
results	  



STEP	  4:	  CUFFQUANT	  

•  Op3onal	  but	  recommended	  step	  

•  Computes	  gene	  and	  isoform	  expression	  quan3fica3on	  
values	  and	  stores	  them	  in	  a	  structure	  that	  can	  be	  used	  
by	  cuffdiff	  or	  cuffnorm.	  

•  Input:	  result	  from	  cuffmerge	  
•  Output:	  abundances	  files	  

•  SWITCH	  TO	  THE	  WIKI	  for	  instruc3ons	  on	  viewing	  these	  
commands	  and	  results	  



STEP	  5:	  CUFFDIFF	  

•  Calculates	  differen3al	  expression!	  

•  Input:	  
–  Our	  newly	  created	  merged.gU	  file	  or	  	  a	  gU	  file	  we	  downloaded	  (genes.gU)	  
–  Our	  newly	  created	  cuffquant	  abundances	  file	  

–  Our	  newly	  created	  merged.gU	  file	  or	  	  a	  gU	  file	  we	  downloaded	  (genes.gU)	  
–  Mapped	  bam	  files	  

•  Counts	  the	  number	  of	  fragments(reads)	  generated	  by	  each	  isoform	  to	  
obtain	  isoform-‐level	  expression.	  	  	  

•  Calculates	  difference	  in	  isoform-‐level	  expression	  among	  condi3ons.	  
•  If	  the	  chance	  of	  seeing	  this	  difference	  is	  small	  enough	  under	  the	  chosen	  

sta3s3cal	  model,	  it	  is	  deemed	  	  signficantly	  differen3ally	  expressed.	  



Other	  differen]al	  expression	  tools	  vs	  cuffdiff	  

Others	  	   Cuffdiff	  

Raw	  count	  method	  for	  assigning	  counts	  
to	  genes	  

Isoform	  deconvolu]on	  method	  for	  
assigning	  counts	  to	  genes	  

Count	  the	  reads	  mapping	  to	  exons	  of	  
each	  gene/normaliza3on	  factor	  =	  
expression	  for	  gene	  

Count	  the	  reads	  that	  map	  to	  each	  
isoform	  of	  the	  gene/normaliza3on	  
factor	  =	  expression	  for	  gene	  

If	  all	  isoforms	  of	  the	  gene	  are	  up/down,	  
works	  fine	  

If	  all	  isoforms	  of	  the	  gene	  are	  up/down,	  
works	  fine	  
	  

If	  some	  isoforms	  of	  the	  gene	  are	  up	  and	  
some	  are	  down,	  inaccurate	  results	  

If	  some	  isoforms	  of	  the	  gene	  are	  up	  and	  
some	  are	  down,	  works	  fine	  



STEP	  5:	  CUFFDIFF	  

	  	  

Figure	  from:	  Differen3al	  analysis	  of	  gene	  regula3on	  at	  transcript	  resolu3on	  with	  rNA-‐
seq,	  Trapnell	  et	  al,	  Nature	  Biotechnology,	  2013	  
	  	  
	  



STEP	  5:	  CUFFDIFF	  

•  SWITCH	  TO	  THE	  WIKI	  for	  instruc3ons	  on	  
viewing	  these	  results	  



Limita3ons	  of	  the	  Tuxedo	  Pipeline	  

•  A	  Reference	  is	  needed.	  
	  
•  Not	  quick.	  
– For	  a	  human	  dataset	  with	  say,	  60	  million	  reads,	  
each	  step	  can	  take	  12-‐24	  hours	  on	  lonestar	  and	  on	  
stampede,	  probably	  6-‐12	  hours.	  

– Some	  steps	  (cufflinks,	  cuffdiff)	  can	  run	  out	  of	  
memory	  on	  large	  jobs.	  



DESeq/edgeR	  output	  vs	  Tuxedo	  pipeline	  output	  

•  Yesterday	  we	  generated	  differen3al	  expressed	  
genes	  too.	  	  So,	  why	  the	  big	  fuss?	  

	  
–  They	  were	  all	  from	  annotated	  genes.	  So,	  they	  all	  has	  
flybase	  ids.	  

– Now	  our	  output	  has	  genes	  with	  ids	  ‘CUFF…’	  -‐	  they	  are	  
novel.	  

–  In	  addi3on	  to	  differen3al	  gene	  expression,	  we	  also	  
have	  results	  for	  differen3al	  regula3on.	  

– We	  also	  have	  results	  telling	  us	  where	  our	  novel	  
transcripts	  are	  with	  respect	  to	  the	  annotated	  ones.	  



If	  You	  Don’t	  Have	  A	  Genome	  

•  Trinity	  for	  assembly	  
–  Wrapper	  script	  to	  parallelize	  some	  parts	  of	  trinity:	  

haps://wikis.utexas.edu/display/bioiteam/assemble_trinity	  

–  assemble_trinity	  -‐a	  <your_alloca3on>	  -‐l	  <R1_reads.fq>	  -‐r	  <R2_reads.fq>	  -‐o	  
<output_directory>	  

	  
	  

•  Annotate	  using	  trinotate	  or	  Blast2GO	  
	  
•  Map	  reads	  to	  the	  assembled	  transcriptome	  and	  simply	  quan3fy	  transcripts	  by	  

parsing	  the	  SAM	  file:	  
–  cut	  –f	  3	  samfile|sort|uniq	  -‐c	  
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 displayed altered inclusion of key features, such as DNA binding 
regions, in their protein products.

RESULTS
Raw fragment counts inaccurately estimate changes in expression
Early methods for quantifying gene expression from RNA-seq data 
work by counting the sequencing library fragments that map to the 
exons of each gene and dividing the count for each gene by a scal-
ing factor based on the length of the exons. Expression levels esti-
mated using such approaches are less accurate than later methods27, 
which calculate a gene’s expression level by adding the expression 
values of its alternative isoforms3,16. We refer to the former as ‘raw 
count’ methods and the latter as ‘isoform deconvolution’ methods. 
Current tools for differential gene expression analysis use the raw 
count method, equating the change in a gene’s expression levels with 
the change in the number of fragments originating from it between 
conditions17,20,21,28.

Because the raw count method is not always accurate when calculat-
ing gene expression in a single library, we hypothesized that it would 
be inaccurate when comparing libraries. Simple examples of hypo-
thetical, alternatively spliced genes showed that the change in expres-
sion could be drastically different from the change in raw read count 
(Fig. 1). We compared expression levels from two popular raw count 
schemes to changes in gene expression in simulation experiments. 
When all of a gene’s isoforms are up- or downregulated between two 
conditions, raw count methods recover true change in gene expres-
sion. However, when some isoforms are upregulated and others 
downregulated, raw count methods are inaccurate (Supplementary 
Fig. 1). In contrast, gene expression levels calculated by isoform 
deconvolution correlated well with true gene expression even when 
relative abundance of the isoforms changed between conditions. Thus, 
identifying accurate, statistically significant expression changes at the 
resolution level of genes requires transcript-level calculations.

Cuffdiff 2
Cuffdiff 2 assumes that the expression of a transcript in each condi-
tion can be measured by counting the number of fragments generated 
by it. Thus, a change in the expression level of a transcript is measured 
by comparing its fragment count in each condition. If the chance of 
seeing a change in this count is small enough under an appropriate 
statistical model of the inherent variability in this count (say with 
odds of 1 in 100), the transcript is deemed significantly differentially 
expressed. Choosing a model that adequately controls for variability  
in sequencing depth, biological noise and splicing structure has 
been the subject of debate19. Under one of the simplest models, the 
Poisson model, the variability is estimated by calculating the mean 
count across replicates, which allows one to calculate a P-value for 
any observed changes in a transcript’s fragment count.

The Poisson model is computationally simple, but it fails to account 
for two key issues that arise in differential analysis—count uncertainty 
and count overdispersion. Count uncertainty refers to the observa-
tion that in RNA-seq experiments it is common for up to 50% of 
reads to map ambiguously to different transcripts29. This happens 
because in higher eukaryotes alternative isoforms of most genes share 
large amounts of sequence, and many genes have paralogs with high 
sequence similarity. As a result, the fragment counts for individual 
transcripts cannot be calculated exactly and must be estimated. Count 
overdispersion refers to the fact that experiments that produce count 
data are often more variable across replicates than what is expected 
according to a Poisson distribution17,20.

Our method (Fig. 2) addresses both of these issues by modeling 
how variability in measurements of a transcript’s fragment count 
depends on both its expression and its splicing structure. Previous 
studies observed that overdispersion in RNA-seq experiments 
increases with expression and proposed the negative binomial dis-
tribution as a means of controlling for it17,22. In contrast, ambiguity 
in mapping fragments to transcripts manifests itself in measurement 
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Figure 1 Changes in fragment count for a gene does not necessarily equal a change in expression. (a) Simple read-counting schemes sum the fragments 
incident on a gene’s exons. The exon-union model counts reads falling on any of a gene’s exons, whereas the exon-intersection model counts only reads 
on constitutive exons. (b) Both of the exon-union and exon-intersection counting schemes may incorrectly estimate a change in expression in genes with 
multiple isoforms. The true expression is estimated by the sum of the length-normalized isoform read counts. The discrepancy between a change in the union 
or intersection count and a change in gene expression is driven by a change in the abundance of the isoforms with respect to one another. In the top row, 
the gene generates the same number of reads in conditions A and B, but in condition B, all of the reads come from the shorter of the two isoforms, and thus 
the true expression for the gene is higher in condition B. The intersection count scheme underestimates the true change in gene expression, and the union 
scheme fails to detect the change entirely. In the middle row, the intersection count fails to detect a change driven by a shift in the dominant isoform for the 
gene. The union scheme detects a shift in the wrong direction. In the bottom row, the gene’s expression is constant, but the isoforms undergo a complete 
switch between conditions A and B. Both simplified counting schemes register a change in count that does not reflect a change in gene expression.
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