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Goals	  of	  the	  Class	  

•  When	  considering	  an	  RNA-‐Seq	  experiment	  
– What	  kind	  of	  opJons	  are	  available	  for	  library	  
prep?	  

	  
•  When	  you	  have	  an	  RNA-‐Seq	  dataset	  

– What	  kind	  of	  opJons	  are	  available	  for	  analysis?	  
	  



LogisJcs	  

•  Commands	  that	  I	  will	  run	  today	  also	  on	  
BIoIteam	  wiki:	  
– h:ps://wikis.utexas.edu/display/bioiteam/
IntroducJon+to+RNA+Seq+Short+Course
+Commands	  

	  
	  	  

	  

	  



Resources	  
•  BioIteam	  Wiki-‐	  Bookmark	  it!	  
	  	  	  	  h:ps://wikis.utexas.edu/display/bioiteam	  
	  
•  Summer	  School	  course	  materials:	  
h:ps://wikis.utexas.edu/display/bioiteam/
IntroducJon+to+RNA+Seq+Course+2015	  

•  Other	  CCBB	  Short	  courses:	  
h:p://ccbb.biosci.utexas.edu/shortcourses.html	  

	  
•  CCBB	  BioinformaJcs	  consultants	  
	  



The	  Purpose	  of	  RNA-‐Seq	  
•  Examine	  the	  state	  of	  the	  	  
	  	  	  	  	  transcriptome.	  
	  
•  Genes	  expression	  pa:erns	  vary	  in:	  

–  Tissue	  types	  
–  Cell	  types	  
–  Development	  stages	  
–  Disease	  condiJons	  
–  Time	  points	  

	  
•  RNA-‐Seq	  measures	  these	  expression	  variaJons	  using	  high-‐

throughput	  sequencing	  technologies.	  

•  AddiJonally,	  RNA-‐Seq	  allows	  detecJon	  of	  novel	  isoforms	  of	  
genes.	  
	  



Other	  Uses	  of	  RNA-‐Seq	  

l  Assembling	  and	  annotaJng	  a	  transcriptome	  
l  CharacterizaJon	  of	  alternaJve	  splicing	  
pa:erns	  

l  Gene	  fusion	  detecJon	  
l  Small	  RNA	  profiling	  
l  Targeted	  approaches	  using	  RNA-‐Seq	  
l  Direct	  RNA	  sequencing	  



Advantages	  of	  RNA-‐Seq	  



What	  are	  your	  ques)ons	  ?	  

•  This	  determines	  how	  you	  set	  up	  your	  experiment	  
and	  how	  you	  analyze	  the	  data.	  

•  What	  are	  you	  looking	  for?	  
– AnnotaJng	  a	  transcriptome?	  
– DifferenJal	  expression?	  

•  Novel	  transcripts,	  juncJons?	  
•  DifferenJal	  gene	  expression?	  
•  DifferenJal	  exon	  level	  counts?	  
•  DifferenJal	  regulaJon?	  

–  Small	  RNA?	  
	  



From	  RNA-‐seqlopedia	  

Actually	  important!	  



RNA-‐Seq…	  at	  it’s	  Most	  Basic	  Form	  

Samples	  from	  two	  
condiJons	  

Isolate	  RNA	   Generate	  cDNA	  

Create	  sequencing	  library	  by	  
size	  selecJon	  and	  adding	  

adaptors	  

Run	  sequencer	  Generate	  short	  
reads	  

IdenJfy	  differenJally	  
expressed	  genes	  



RNA-‐Seq	  Libraries…	  with	  More	  Details	  

Isolate	  RNA	   Generate	  cDNA	   Fragment,	  ligate	  adapters	  
to	  create	  seq	  library	  

A.	  rRNA	  Deple)on	  

Ribominus	  kit	  

B.	  Normalized	  library	  

Image	  from	  :www.genxpro.info	  

C.	  Size	  selec)on	  

Reserved	  for	  
miRNA,	  
siRNA	  
profiling	  



RNA-‐Seq	  Libraries…	  with	  More	  Details	  

Isolate	  RNA	   Generate	  cDNA	   Fragment,	  ligate	  adapters	  
to	  create	  seq	  library	  

A.	  Poly	  A	  Priming	  

B.	  Random	  Priming	  

C.	  Priming	  using	  pre-‐ligated	  oligo	  

Illumina	  Small	  RNA	  kit	  
SOLiD	  RNA	  kits	  



RNA-‐Seq	  Libraries…	  with	  More	  Details	  

Isolate	  
RNA	  

Generate	  
cDNA	  

Fragment,	  ligate	  adapters	  
to	  create	  seq	  library	  

Second	  Strand	  Synthesis-‐	  	  
Many	  Strand	  Specific	  
Methods.	  

Strand-‐specific	  libraries	  for	  high	  
throughput	  RNA	  sequencing	  prepared	  
without	  poly(A)	  selecJon,	  Zhang	  et	  al.	  



RNA	  Illumina	  Tru-‐Seq	  library	  prep	  
2	  days	  for	  8	  sam

ples	  

Size	  selecJon	  step	  

Adaptor	  ligaJon	  and	  
standard	  library	  
preparaJon	  



RNA-‐Seq…	  at	  it’s	  Most	  Basic	  Form	  

Samples	  from	  two	  
condiJons	  

Isolate	  RNA	   Generate	  cDNA	  

Create	  sequencing	  library	  by	  
size	  selecJon	  and	  adding	  

adaptors	  

Run	  sequencer	  Generate	  short	  
reads	  

IdenJfy	  differenJally	  
expressed	  genes	  



Types	  of	  Illumina	  Fragment	  Libraries	  Types of Illumina fragment libraries 



Comparing	  Stranded	  RNA-‐Seq	  Library	  Protocols	  

Figure 2. Key criteria for evaluation of strand-specific RNAseq libraries
Four categories of quality assessment. Double stranded genome (black parallel lines), with
Gene ORF orientation (thick blue arrow) and UTRs (thin blue line), along with mapped
reads (short black arrows – reads mapped to sense strand; red – reads mapped to antisense
strand). (a) Complexity. (b) Strand Specificity. (c) Evenness of coverage. (d) Comparison to
known transcript structure‥
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Comprehensive	  compara)ve	  analysis	  of	  strand-‐specific	  RNA	  
sequencing	  methods,	  Levin	  et	  al,	  	  2010	  



Why	  is	  RNA-‐Seq	  Difficult?	  

•  Biases	  may	  mean	  what	  we	  are	  
seeing	  is	  not	  reflecJve	  of	  true	  
state	  of	  the	  transcriptome.	  

•  Ugh,	  splicing!	  
•  Gene	  level,	  exon	  level?	  
•  MulJmapping,	  parJal	  mapping,	  
not	  mapping.	  

•  NormalizaJon	  issues	  
–  	  some	  datasets	  are	  larger	  than	  
others,	  some	  genes	  are	  larger	  than	  
others	  

From	  Wikipedia-‐	  alternaJve	  splicing	  
	  



How	  do	  we	  analyze	  RNA-‐Seq	  data?	  

•  STEP	  1:	  EVALUATE	  AND	  MANIPULATE	  RAW	  
DATA	  

•  STEP	  2:	  MAP	  TO	  REFERENCE,	  ASSESS	  RESULTS	  
•  STEP	  3:	  ASSEMBLE	  TRANSCRIPTS	  
•  STEP	  4:	  QUANTIFY	  TRANSCRIPTS	  
•  STEP	  5:	  TEST	  FOR	  DIFFERENTIAL	  EXPRESSION	  
•  STEP	  6:	  VISUALIZE	  AND	  PERFORM	  OTHER	  
DOWNSTREAM	  ANALYSIS	  



STEP	  1	  -‐	  Evaluate	  Raw	  Data	  

FASTQ	  FORMAT	  
	  
	  	  	  	  	  	  	  	  	  	  	  	  @HWI-‐EAS216_91209:1:2:454:192#0/1	  	  
	  	  	  	  	  	  	  	  	  	  	  	  GTTGATGAATTTCTCCAGCGCGAATTTGTGGGCT	  	  
	  	  	  	  	  	  	  	  	  	  	  	  +HWI-‐EAS216_91209:1:2:454:192#0/1	  	  
	  	  	  	  	  	  	  	  	  	  	  	  B@BBBBBB@BBBBAAAA>@AABA?BBBAAB??>A?	  	  

	  
Line	  1:	  @read	  name	  	  
Line	  2:	  called	  base	  sequence	  	  
Line	  3:	  +read	  name	  (opJonal	  aper	  +)	  	  
Line	  4:	  base	  quality	  scores	  



Illumina	  Base	  Quality	  Scores	  
Deciphering base quality scores 

Quality character  !"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHI!
                   |         |         |         |         | !
ASCII Value        33        43        53        63        73!
Base Quality (Q)   0         10        20        30        40!

* Very low quality scores can mean something special – 
Illumina Q ≤ 3 means something like: "I'm lost, you might 
want to stop believing sequencing cycles from here on out." 

* In older FASTQ files, the formula and ASCII offset might differ. 
 Consult: http://en.wikipedia.org/wiki/FASTQ_format 

Probability of Error = 10–Q/10 
(This is a Phred score, also used for other types of qualities.)  

h"p://www.asciitable.com/2

Phred	  Quality	  Score	   Probability	  of	  incorrect	  
base	  call	  

Base	  call	  accuracy	  

10	   1	  in	  10	   90%	  

20	   1	  in	  100	   99%	  

30	   1	  in	  1000	   99.9%	  

Quality	  scores	  are	  ASCII	  encoded	  in	  fastq	  files.	  Different	  plasorms/older	  sequencing	  
data	  can	  have	  different	  encoding!	  Illumina	  HiSeq	  2500	  produces	  Sanger	  encoded	  data.	  	  

	   	   	   	   	   	  Phred	  +33	  =ASCII	  

	  	  	  Q=	  -‐10log10P	  	  

STEP	  1	  -‐	  Evaluate	  Raw	  Data	  



STEP	  1	  -‐	  Evaluate	  Raw	  Data	  
•  Count	  your	  reads!	  
•  Assess	  quality	  using	  FastQC	  reports	  

	  



STEP	  1	  -‐	  Evaluate	  Raw	  Data	  
•  Sequence	  duplicaJon	  levels	  does	  not	  always	  indicate	  
PCR	  amplicaJon	  issues.	  

	  

Image	  created	  by	  Anna	  Ba:enhouse	  

Library	  complexity	  is	  a	  func)on	  of	  
experiment	  type…	  	  



STEP	  1	  –	  Manipulate	  Raw	  Data	  
•  Trim	  low	  quality	  bases	  

–  Fastx	  toolkit-‐	  	  fastx_trimmer	  	  
•  Trim	  X	  number	  of	  low	  quality	  bases	  from	  each	  
read.	  

•  Filter	  out	  low	  quality	  reads	  
–  Fastx	  toolkit-‐	  	  fastq_quality_filter	  

•  Filter	  out	  reads	  with	  more	  than	  X	  percent	  of	  
low	  quality	  	  bases.	  	  

	  
•  Trim	  Adaptor	  

–  Fastx	  toolkit-‐	  fastx_clipper	  
•  Look	  for	  and	  clip	  a	  given	  sequence	  from	  the	  
end	  of	  reads	  

–  Cutadapt	  
•  Allows	  for	  mismatches	  
•  Paired	  -‐end	  support	  

	  



RNA-‐Seq	  Analysis	  Pipelines	  
BWA/

BOWTIE2	   TOPHAT	  MAP	  TO	  
REFERENCE	  

DESeq/DEXSeq/edgeR/
CUFFDIFF	  

CUFFLINKS	  

CUFFMERGE	  

CUFFDIFF	  

ASSEMBLE	  
TRANSCRIPTS	  

ID	  DEGs	  

Looking	  for	  
DEGs,	  no	  
splice	  events	  

No	  novel	  
transcripts	  

Novel	  transcripts	  

CUMMERBUND/IGV	  
GOSeq	  

VISUALIZE,	  DOWNSTREAM	  
ANALYSIS	  



Figure:	  	  
Garber	  et	  al,	  Nature	  Methods,	  2011	  
	  	  



STEP	  2	  	  -‐	  Map	  to	  Reference	  	  
BWA/

BOWTIE2	   TOPHAT	  MAP	  TO	  
REFERENCE	  

DESeq/DEXSeq/edgeR/
CUFFDIFF	  

CUFFLINKS	  

CUFFMERGE	  

CUFFDIFF	  

CUMMERBUND/IGV	  
GOSeq	  



Unspliced	  Mapping	  

Figure	  :	  
Garber	  et	  al,	  Nature	  Methods,	  2011	  

Split-read alignment (SRA) 

•  Useful for predicting splice variants or 
structural variants.  

•  Not many mappers do this directly, usually 
happens in a post-processing step. 

Trapnell, C. & Salzberg, S. L. How to map 
billions of short reads onto genomes. 
Nature Biotech. 27, 455–457 (2009). 



Spliced	  mapping	  

•  Needed	  for	  idenJfying	  and	  quanJfying	  splice	  
variants	  from	  RNA	  Seq	  data.	  

•  Tools:	  
– Tophat	  
– SpliceMap	  
– MapSplice	  
– STAR	  
– RUM	  
	  

Split-read alignment (SRA) 

•  Useful for predicting splice variants or 
structural variants.  

•  Not many mappers do this directly, usually 
happens in a post-processing step. 

Trapnell, C. & Salzberg, S. L. How to map 
billions of short reads onto genomes. 
Nature Biotech. 27, 455–457 (2009). 

Split-read alignment (SRA) 

•  Useful for predicting splice variants or 
structural variants.  

•  Not many mappers do this directly, usually 
happens in a post-processing step. 

Trapnell, C. & Salzberg, S. L. How to map 
billions of short reads onto genomes. 
Nature Biotech. 27, 455–457 (2009). 



Spliced	  mapping	  

Figure	  :	  
Garber	  et	  al,	  Nature	  Methods,	  2011	  



What	  to	  know	  about	  your	  data	  before	  mapping?	  

KNOW	  YOUR	  DATA!	  
•  Paired	  end?	  Single	  end?	  	  	  	  	  	  	  	  	  	  	  	  	  	  
•  TradiJonal	  RNA-‐Seq?	  3’	  tag	  ?	  
•  Insert	  size	  esJmate?	  
	  
PREPROCESSING	  
•  Adaptor	  sequences	  trimmed?	  
•  Primer	  sequences/barcodes	  removed?	  
•  Poor	  quality	  regions	  trimmed?	  
	  



What	  to	  know	  about	  your	  reference	  before	  
mapping?	  

•  Mapping	  to	  genome	  vs	  transcriptome?	  
	  	  	  	  	  	  	  	  	  	  	  	  	  

•  Is	  your	  reference	  the	  right	  version?	  
•  Does	  your	  annotaJon	  match	  your	  reference?	  



What	  will	  your	  reference	  look	  like?	  
•  FASTA	  Format	  	  

	  >gi|254160123|ref|NC_012967.1|	  Escherichia	  coli	  B	  str.	  REL606	  	  
	  agc::ca:ctgactgcaacgggcaatatgtctctgtgtgga:aaaaaaagagtgtc	  	  
	  tgatagcagc:ctgaactgg:acctgccgtgagtaaa:aaaa::a:gac:agg	  	  
	  tcactaaatac:taaccaatataggcatagcgcacagacagataaaaa:acagagtac	  	  
	  acaacatccatgaaacgca:agcaccacca:accaccaccatcacca:accacaggt	  	  
	  ....	  	  

•  Using	  complex	  reference	  sequence	  names	  is	  a	  common	  problem	  
during	  analysis.	  Might	  rename:	  	  
	  	  
	  >REL606	  	  
	  agc::ca:ctgactgcaacgggcaatatgtctctgtgtgga:aaaaaaagagtgtc	  	  
	  tgatagcagc:ctgaactgg:acctgccgtgagtaaa:aaaa::a:gac:agg	  	  



What	  will	  your	  annota)on	  look	  like?	  
•  GFF3	  Format	  	  

–  seqname	  -‐	  The	  name	  of	  the	  sequence.	  
–  source	  -‐	  The	  program	  that	  generated	  this	  feature.	  
–  feature	  –	  Examples:	  "CDS",	  "start_codon",	  "stop_codon",	  and	  "exon".	  
–  start	  -‐	  The	  starJng	  posiJon	  of	  the	  feature	  in	  the	  sequence.	  
–  end	  -‐	  The	  ending	  posiJon	  of	  the	  feature	  (inclusive).	  
–  score	  -‐	  A	  score	  between	  0	  and	  1000.	  
–  strand	  -‐	  Valid	  entries	  include	  '+',	  '-‐',	  or	  '.'	  (for	  don't	  know/don't	  care).	  
–  Frame	  –	  reading	  frame	  
–  group	  –	  ID	  and	  other	  informaJon	  about	  the	  entry	  
	  
Example:	  
	  Rel606 	  refseq 	  cds 	  1450 	  1540 	  500	  + 	  . 	  Gene_id=«	  test_gene	  »	  
	  

•  Make	  sure	  the	  GFF3	  file	  matches	  your	  reference	  fasta	  file.	  
	  	  
	  	  



Mapping	  with	  BWA	  

•  BWA	  is	  a	  fast	  short	  read	  aligner	  that	  uses	  the	  
burrows-‐wheeler	  transform	  to	  perform	  alignment	  in	  
a	  Jme	  and	  memory	  efficient	  manner.	  

	  
•  BWA	  Variants	  

– For	  reads	  upto	  100	  bp	  long	  
•  BWA-‐backtrack:	  BWA	  aln/samse/sampe	  

– For	  reads	  upto	  1	  Mbp	  long	  
•  BWA-‐SW	  
•  BWA-‐MEM:	  Newer!	  Typically	  faster!	  
	  



Mapping	  with	  BWA	  
•  Create	  an	  index	  of	  your	  reference	  –	  bwa	  index	  
•  Run	  mapping	  	  -‐	  bwa	  mem	  

•  Help!	  I	  have	  a	  large	  number	  of	  reads.	  Make	  
BWA	  go	  faster!	  
– Use	  threading	  opJon	  	  (bwa	  –t	  <threads>)	  
– Split	  one	  data	  file	  into	  smaller	  chunks,	  run	  
mulJple,	  parallel	  BWA	  instances,	  concatenate	  
results.	  

• Wait!	  We	  have	  a	  pipeline	  for	  that	  on	  lonestar	  –	  
runBWA_mem.sh	  in	  $BI/bin	  



Mapping	  
with	  	  

Tophat	  

h:p://genomebiology.com/2013/14/4/R36	  	  



Mapping	  with	  Tophat	  	  
Steps:	  
1.  Index	  the	  genome	  using	  bowJe	  
2.  	  Map	  using	  tophat	  
	  
Let’s	  look	  at	  the	  command.	  

	  
Help!	  I	  have	  a	  large	  number	  of	  reads.	  Make	  tophat	  go	  faster!	  

Use	  threading	  opJon	  	  (tophat	  	  -‐p	  <threads>)	  
Split	  one	  data	  file	  into	  smaller	  chunks,	  run	  mulJple,	  parallel	  tophat	  instances,	  
concatenate	  results.	  

Wait!	  We	  have	  a	  pipeline	  for	  that	  on	  lonestar	  –	  fastTophat.sh	  in	  $BI/bin	  
	  



•  “Spliced	  Transcripts	  Alignment	  to	  a	  Reference”	  
•  Faster	  splice-‐aware	  mapper	  

Mapping	  with	  STAR	  

2 ALGORITHM

Many previously described RNA-seq aligners were developed as
extensions of contiguous (DNA) short read mappers, which were
used to either align short reads to a database of splice junctions
or align split-read portions contiguously to a reference genome,
or a combination thereof. In contrast to these approaches, STAR
was designed to align the non-contiguous sequences directly to
the reference genome. STAR algorithm consists of two major
steps: seed searching step and clustering/stitching/scoring step.

2.1 Seed search

The central idea of the STAR seed finding phase is the sequential
search for a Maximal Mappable Prefix (MMP). MMP is similar
to the Maximal Exact (Unique) Match concept used by the
large-scale genome alignment tools Mummer (Delcher et al.,
1999, 2002; Kurtz et al.) and MAUVE (Darling et al., 2004,
2010). Given a read sequence R, read location i and a reference
genome sequence G, the MMP(R,i,G) is defined as the longest
substring (Ri,Riþ 1, . . . ,RiþMML" 1) that matches exactly one or
more substrings of G, where MML is the maximum mappable
length. We will explain this concept using a simple example of a
read that contains a single splice junction and no mismatches
(Fig. 1a). In the first step, the algorithm finds the MMP starting
from the first base of the read. Because the read in this example
comprises a splice junction, it cannot be mapped contiguously to
the genome, and thus the first seed will be mapped to a donor
splice site. Next, the MMP search is repeated for the unmapped
portion of the read, which, in this case, will be mapped to an
acceptor splice site. Note that this sequential application of
MMP search only to the unmapped portions of the read
makes the STAR algorithm extremely fast and distinguishes it
from Mummer and MAUVE, which find all possible Maximal
Exact Matches. This approach represents a natural way of find-
ing precise locations of splice junctions in a read sequence and is
advantageous over an arbitrary splitting of read sequences used
in the split-read methods. The splice junctions are detected in a
single alignment pass without any a priori knowledge of splice
junctions’ loci or properties, and without a preliminary contigu-
ous alignment pass needed by the junction database approaches.

The MMP in STAR search is implemented through
uncompressed suffix arrays (SAs) (Manber and Myers, 1993).
Notably, finding MMP is an inherent outcome of the standard
binary string search in uncompressed SAs, and does not require
any additional computational effort compared with the full-
length exact match searches. The binary nature of the SA
search results in a favorable logarithmic scaling of the search
time with the reference genome length, allowing fast searching
even against large genomes. Advantageously, for each MMP the
SA search can find all distinct exact genomic matches with little
computational overhead, which facilitates an accurate alignment
of the reads that map to multiple genomic loci (‘‘multimapping’’
reads).
In addition to detecting splice junctions, the MMP search,

implemented in STAR, enables finding multiple mismatches
and indels, as illustrated in Figure 1b. If the MMP search does
not reach the end of a read because of the presence of one or
more mismatches, theMMPs will serve as anchors in the genome
that can be extended, allowing for alignments with mismatches.
In some cases, the extension procedure does not yield a good
genomic alignment, which allows identification of poly-A tails,
library adapter sequences or poor sequencing quality tails
(Fig. 1c). The MMP search is performed in both forward and
reverse directions of the read sequence and can be started from
user-defined search start points throughout the read sequence,
which facilitates finding anchors for reads with errors near the
ends and improves mapping sensitivity for high sequencing error
rate conditions.
Besides the efficient MMP search algorithm, uncompressed

SAs also demonstrate a significant speed advantage over the
compressed SAs implemented in many popular short read
aligners (Supplementary Section 1.8). This speed advantage is
traded off against the increased memory usage by uncompressed
arrays, which is assessed further in Section 3.3.

2.2 Clustering, stitching and scoring

In the second phase of the algorithm, STAR builds alignments of
the entire read sequence by stitching together all the seeds that
were aligned to the genome in the first phase. First, the seeds are
clustered together by proximity to a selected set of ‘anchor’ seeds.
We found that an optimal procedure for anchor selection is
through limiting the number of genomic loci the anchors align
to. All the seeds that map within user-defined genomic windows
around the anchors are stitched together assuming a local linear
transcription model. The size of the genomic windows deter-
mines the maximum intron size for the spliced alignments. A
frugal dynamic programming algorithm (see Supplementary
Section 1.5 for details) is used to stitch each pair of seeds, allow-
ing for any number of mismatches but only one insertion or
deletion (gap).
Importantly, the seeds from the mates of paired-end RNA-seq

reads are clustered and stitched concurrently, with each
paired-end read represented as a single sequence, allowing for
a possible genomic gap or overlap between the inner ends of
the mates. This is a principled way to use the paired-end infor-
mation, as it reflects better the nature of the paired-end reads,
namely, the fact that the mates are pieces (ends) of the same
sequence. This approach increases the sensitivity of the

Map Map again

MMP 1 MMP 2

exons in the genome

RNA-seq read

Map
MMP 1

mismatches

Extend
Map
MMP 1

A-tail, or adapter,
or poor quality tail 

Trim

(a)

(b) (c)

Fig. 1. Schematic representation of the Maximum Mappable Prefix
search in the STAR algorithm for detecting (a) splice junctions, (b) mis-
matches and (c) tails
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Mappers	  comparisons	  Some Comparisons 

Mapping Accuracy - Spliced Data to Whole Genome
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Data courtesy Dhivya Arasappan, GSAF Bioinformatician 



Mappers	  comparisons	  
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Junction Detection Performance 
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New	  benchmarking	  analysis	  performed	  
by	  Raghav	  Shroff	  



Mappers	  comparison	  Some Comparisons 

Data courtesy Dhivya Arasappan, GSAF Bioinformatician 
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Mappers	  comparison	  

New	  benchmarking	  analysis	  performed	  
by	  Raghav	  Shroff	  



Mapping	  Output:	  SAM	  file	  format	  

•  Alignment	  results	  generated	  in	  Sequence	  Alignment/
Map	  format	  

•  Tab	  delimited,	  with	  fixed	  columns	  followed	  by	  user-‐
extendable	  key:data	  values.	  

	  
•  Most	  mappers	  also	  output	  unmapped	  reads	  in	  SAM	  
file.	  

	  
•  SAMTOOLS	  –	  toolkit	  to	  manipulate,	  parse	  SAM	  files.	  



Mapping	  Output:	  SAM	  File	  Format	  SAM File Format 

h"p://samtools.sourceforge.net/2SAM fixed fields: 

SRR030257.2645292 299 2NC_012967 21521 229 234M2S 2= 21564
279 2CTGGCCATTATCTCGGTGGTAGGACATGGCATGCCC 22
2AAAAAA;AA;AAAAAA??A%.;?&'3735',()0*, 22
2XT:A:M22NM:i:322SM:i:2922AM:i:2922XM:i:322XO:i:022XG:i:022MD:Z:23T0G4T42



Mapping	  Output:	  Mapping	  Quality	  

•  Mapping	  quality	  is	  the	  probability	  that	  a	  read	  is	  
aligned	  to	  the	  wrong	  place.	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  p=	  10**	  (-‐q/10)	  
	  

•  BWA	  mapping	  quality	  calculated	  by	  considering:	  
•  Repeat	  structure	  of	  reference	  
•  Read	  base	  quality	  
•  Read	  alignment	  quality	  (mismatches	  etc)	  
•  Number	  of	  mappings	  

	  
	  



Mapping	  Output:	  CIGAR	  score	  
Sometimes a CIGAR is a just a way of 

describing how a read is aligned... 

Ref  CTGGCCATTATCTC--GGTGGTAGGACATGGCATGCCC!
Read        aaATGTCGCGGTG.TAGGAggatcc!

2S5M2I4M1D4M6S2

*Rarer / newer 

CIGAR = "Concise Idiosyncratic Gapped Alignment Report" 

* 

* 
* 

* 
* 



Mapping	  Output:	  BAM	  format	  

•  SAM	  files	  are	  converted	  to	  BAM	  format	  through	  
SAMTOOLS	  command:	  

•  samtools	  view	  –b	  –S	  samfile	  >	  bamfile	  

	  
•  BAM	  file	  is	  binary	  format.	  
•  BAM	  file	  is	  compressed.	  
•  BAM	  files	  are	  usually	  what	  you	  need	  for	  post	  
mapping	  analysis	  and	  visualizaJon.	  



Assess	  Mapping	  Results	  -‐	  Samtools	  

•  For	  parsing	  and	  manipulaJng	  mapping	  output	  
files	  in	  SAM	  and	  BAM	  formats.	  
– SorJng	  mapping	  output	  files	  
– Merging	  mulJple	  mapping	  output	  files	  
– ConverJng	  from	  SAM	  to	  BAM	  and	  vice	  versa	  
– Retrieving	  reads	  based	  on	  different	  criteria:	  reads	  
mapping	  to	  a	  parJcular	  region,	  	  unmapped	  reads	  
etc	  

– CollecJng	  staJsJcs	  about	  your	  mapping	  results	  



1.  Convert	  SAM	  file	  to	  BAM	  format	  
samtools	  view	  

2.	  Sort	  and	  index	  newly	  created	  BAM	  file	  
	  samtools	  sort	  
	  samtools	  index	  

3.	  Mapping	  StaJsJcs	  
	  samtools	  flagstat	  

	  	  	  	  	  samtools	  idxstats	  
	  

Assess	  Mapping	  Results	  -‐	  Samtools	  



Assess	  Mapping	  Results	  -‐	  RNASEQC	  



Mapping	  Summary	  

•  Unspliced	  mappers	  (BWA,	  bowJe2)	  ok	  when	  
mapping	  to	  the	  transcriptome.	  

•  Spliced	  mappers	  (tophat,	  STAR)	  are	  good	  for	  
mapping	  to	  the	  genome.	  

•  Samtools	  can	  be	  used	  to	  gather	  basic	  mapping	  
staJsJcs,	  RNASEQC	  for	  RNA	  specific	  staJsJcs	  	  



STEP	  4	  and	  5:	  Quan)fy	  Expression	  and	  ID	  DEGs	  
BWA/

BOWTIE2	   TOPHAT	  MAP	  TO	  
REFERENCE	  

DESeq/DEXSeq/edgeR/
CUFFDIFF	  

CUFFLINKS	  

CUFFMERGE	  

CUFFDIFF	  ID	  DEGs	  

Looking	  for	  
DEGs,	  no	  
splice	  events	  

No	  novel	  
transcripts	  

CUMMERBUND/IGV	  
GOSeq	  



STEP	  4:	  Quan)fy	  Expression	  
•  Bedtools	  

– Bedtools	  mul)cov	  :	  Takes	  a	  feature	  file	  (GFF)	  and	  
counts	  how	  many	  reads	  in	  the	  mapped	  output	  file	  
(BAM)	  	  overlap	  the	  features.	  

– Remember	  that	  the	  chromosome	  names	  in	  your	  
gff	  file	  should	  match	  the	  chromosome	  names	  in	  
the	  reference	  fasta	  file	  used	  in	  the	  mapping	  step.	  



STEP	  4	  :	  Quan)fy	  Expression	  

	  	  	  	  	  HTSeq	  –	  
– Gives	  you	  fine	  
grained	  
control	  over	  
how	  to	  count	  
genes,	  
especially	  
when	  a	  read	  
overlaps	  more	  
than	  one	  
gene/feature.	  



STEP	  5:	  ID	  Differen)ally	  Expressed	  Genes	  

•  Normalize	  gene	  counts	  
	  
•  Represent	  the	  gene	  counts	  by	  a	  distribuJon	  that	  
defines	  the	  relaJon	  between	  mean	  and	  variance.	  

	  
•  Perform	  staJsJcal	  test	  to	  compare	  this	  
distribuJon	  between	  condiJons.	  

	  
•  Provide	  fold	  change,	  P-‐value	  informaJon,	  false	  
discovery	  rate	  for	  each	  gene.	  



STEP	  5:	  ID	  Differen)ally	  Expressed	  Genes	  

DESeq2	   edgeR	   DEXSeq	   Cuffdiff	  

NormalizaJon	   Median	  scaling	  
size	  factor	  

Median	  scaling	  
size	  factor/TMM	  

Median	  scaling	  
size	  factor	  

FPKM,	  but	  also	  
has	  provisions	  for	  
others	  

DistribuJon	   NegaJve	  
binomial	  

NegaJve	  
binomial	  

NegaJve	  
binomial	  

NegaJve	  binomial	  

StaJsJcal	  Test	   NegaJve	  
binomial	  test	  

Fisher	  exact	  test	   Modified	  T	  test	   T	  test	  

Advantages	   Straighsorward,	  
fast,	  good	  with	  
small	  number	  of	  
replicates.	  
Allows	  for	  	  
complicated	  
study	  designs,	  
with	  mulJple	  
factors.	  

Straighsorward,	  
fast,	  good	  with	  
small	  number	  of	  
replicates.	  

Good	  for	  
idenJfying	  
exon-‐usage	  
changes	  	  

Good	  for	  
idenJfying	  
isoform-‐level	  
changes,	  splicing	  
changes,	  
promotor	  	  
changes.	  	  	  
Not	  as	  
straighsorward	  



STEP	  5:	  ID	  Differen)ally	  Expressed	  Genes	  

•  DESeq2	  Input:	  RAW	  count	  data	  ,	  with	  each	  column	  
represenJng	  a	  biological	  replicate/condiJon.	  	  	  

•  DESeq2	  R	  commands	  available	  at:	  
h:ps://wikis.utexas.edu/display/bioiteam/TesJng+for
+differenJal+expression	  

•  Let’s	  look	  at	  bedtools,	  htseq,	  DESeq2	  results	  for	  now.	  

•  Cuffdiff	  covered	  further	  down	  the	  line.	  



STEP	  3:	  Assemble	  Transcripts	  
BWA/

BOWTIE2	   TOPHAT	  

DESeq/DEXSeq/edgeR/
CUFFDIFF	  

CUFFLINKS	  

CUFFMERGE	  

CUFFDIFF	  

ASSEMBLE	  
TRANSCRIPTS	  

Novel	  transcripts	  

CUMMERBUND/IGV	  
GOSeq	  



A	  gene	  	  can	  have	  mulJple	  transcripts!	  
	  
	  

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

	  

What	  is	  a	  gene?	  What	  is	  a	  transcript?	  

	  	  	  	  	  	  	  	  	  	  	  	  	  



Why	  transcript	  assembly? 	  	  

Transcript	  assembly	  =	  assembly	  of	  mapped	  reads	  
into	  transcripJonal	  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	  condiJons/
samples.	  

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



TUXEDO	  PIPELINE	  



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

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



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

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



A.	  TOPHAT	  

Tophat	  maps	  your	  data	  to	  your	  reference	  in	  a	  splice-‐
aware	  manner,	  that	  will	  also	  idenJfy	  juncJons.	  	  We've	  
already	  looked	  at	  to	  run	  it.	  
	  
	  
Output:	  Mapped	  output	  in	  bam	  format	  

	  



B.	  CUFFLINKS	  
	  

Reconstructs/assembles	  transcript	  for	  each	  sample.	  	  
	  
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	  parJal	  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	  coverage	  islands	  method	  



Genome	  guided	  transcript	  assesmbly	  

Different	  assembly	  methods	  
•  Coverage	  islands	  

–  ID	  putaJve	  exons	  by	  looking	  for	  coverage	  islands.	  
– Older	  method,	  were	  meant	  for	  shorter	  read	  lengths.	  
– G.MorSe	  
	  

•  Exon	  first	  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	  	  



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



	  	  	  	  	  	  	  How	  does	  Cufflinks	  do	  transcript	  assembly	  
	  

.	  

Exon	  first	  method!	  



RABT	  
•  Reference	  annotaJon	  based	  transcript	  assembly	  (RABT)	  

– Uses	  exisJng	  annotaJon	  to	  guide	  assembly	  of	  
transcripts.	  



Aner	  assembly	  
•  Calculates	  abundance	  for	  these	  assembled	  
transcripts.	  

•  Normalized	  using	  FPKM	  (Fragments	  Per	  
Kilobase	  of	  Exon	  Per	  Million)	  	  (variaJon	  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	  [opJons]	  <accepted_hits.bam>	  
	  
Some	  of	  the	  important	  opJons:	  
	  -‐p/-‐-‐num-‐threads	  	  
	  -‐g/-‐-‐GTF-‐guide	  	  (both	  annotated	  and	  novel	  

transcripts)	  
	  -‐b/-‐-‐frag-‐bias-‐correct	  
	  -‐u/-‐-‐mulJ-‐read-‐correct	  



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

•  Input:	  
– Tophat	  mapped	  results	  (bam	  files)	  
– Transcriptome	  annotaJon	  (genes.gs)	  

	  
•  Let’s	  look	  at	  the	  	  wiki	  and	  the	  output	  files.	  

	  
	  



C.	  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.



C.	  CUFFMERGE	  

•  Input:	  All	  cufflinks	  assembly	  files	  (in	  gs	  format)	  
	  
•  Output:	  merged.gs	  

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

– Also	  informaJon	  about	  how	  the	  novel	  transcripts	  
relate	  to	  the	  known	  transcripts	  

•  SWITCH	  TO	  THE	  WIKI	  for	  instrucJons	  on	  viewing	  
these	  results	  



D.	  CUFF	  QUANT	  

•  Given	  alignment	  output	  files	  and	  an	  
annotaJon	  file,	  quanJfies	  isoform	  expression.	  

	  
– Don’t	  care	  about	  novels?	  Just	  provide	  an	  exisJng	  
annotaJon	  (gs)	  file	  

– Care	  about	  novels?	  Just	  provide	  a	  cufflinks/
cuffmerge	  assembled	  (gs)	  file	  	  

	  



E.	  CUFFDIFF	  

•  Calculates	  differenJal	  expression!	  

•  Input:	  
–  Our	  newly	  created	  merged.gs	  file	  or	  	  A	  gs	  file	  we	  downloaded	  
(genes.gs)	  

–  Mapped	  bam	  files/cuffquant	  quanJficaJon	  output	  

•  Calculates	  difference	  in	  isoform-‐level	  expression	  among	  
condiJons.	  

•  If	  the	  chance	  of	  seeing	  this	  difference	  is	  small	  enough	  
under	  the	  chosen	  staJsJcal	  model,	  it	  is	  deemed	  	  
signficantly	  differenJally	  expressed.	  



E.	  CUFFDIFF	  

	  	  

Figure	  from:	  DifferenJal	  analysis	  of	  gene	  regulaJon	  at	  transcript	  resoluJon	  with	  rNA-‐
seq,	  Trapnell	  et	  al,	  Nature	  Biotechnology,	  2013	  
	  	  
	  



E.	  CUFFDIFF	  

•  SWITCH	  TO	  THE	  WIKI	  for	  instrucJons	  on	  
viewing	  these	  results	  



OPTIONAL	  STEP	  	  
D2.	  CUFFNORM	  

•  Generates	  normalized	  tables	  
of	  expression	  values.	  

	  
•  Ready	  to	  take	  outside	  the	  
tuxedo	  pipeline	  for	  any	  
further	  analysis	  



DESeq/edgeR	  output	  vs	  Tuxedo	  pipeline	  output	  

•  We	  generated	  differenJal	  expressed	  genes	  using	  
DESeq	  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	  addiJon	  to	  differenJal	  gene	  expression,	  we	  also	  
have	  results	  for	  differenJal	  regulaJon.	  

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



LimitaJons	  of	  the	  Tuxedo	  Pipeline	  
•  A	  Reference	  is	  needed.	  

•  Kind	  of	  a	  black	  box.	  
	  
•  Not	  quick.	  

–  Step	  1,	  align	  the	  RNA-‐seq	  reads	  to	  the	  genome:	  ~6	  h	  
–  Steps	  2–4,	  assemble	  expressed	  genes	  and	  transcripts:	  ~6	  h	  
–  Step	  5,	  idenJfy	  differenJally	  expressed	  genes	  and	  transcripts:~6	  h	  

	  

If	  you	  don’t	  have	  a	  genome:	  
•  De	  novo	  transcriptome	  assembly	  using	  trinity.	  
•  Map	  your	  data	  to	  this	  to	  calculate	  gene	  expression	  changes.	  



STEP	  6:	  Visualize	  and	  Perfom	  Other	  
Downstream	  Analysis	  

•  Visualize	  using	  Cummerbund	  

	  

	  



STEP	  6:	  Visualize	  and	  Perfom	  Other	  
Downstream	  Analysis	  

Visualize	  using	  Cummerbund	  



STEP	  6:	  Visualize	  and	  Perfom	  Other	  
Downstream	  Analysis	  

•  VisualizaJon	  using	  IGV	  
	  



STEP	  6:	  Perfom	  Other	  Downstream	  Analysis	  

•  ID	  enriched	  gene	  ontology	  (GO)	  terms	  in	  our	  DEGs	  using	  GOSeq	  

•  Commands	  and	  the	  examples	  on	  the	  wiki.	  
	  
	  

•  For	  GO	  enrichment,	  we	  take	  the	  following	  things	  into	  account:	  
A.	  Total	  number	  of	  genes	  we	  are	  looking	  at.	  
B.	  Number	  of	  genes	  of	  interest,	  that	  is,	  in	  our	  DEG	  list.	  
C.	  Total	  number	  of	  genes	  in	  the	  GO	  term	  
D.	  Number	  of	  genes	  from	  our	  genes	  of	  interest	  that	  are	  also	  in	  the	  GO	  
term.	  

	  
If	  the	  number	  of	  genes	  from	  our	  list	  that	  belong	  to	  GO	  term	  (D)	  is	  
significant	  compared	  to	  the	  total	  number	  of	  genes	  in	  that	  GO	  term	  
(C)	  and	  the	  total	  number	  of	  genes	  in	  our	  experiment	  (A),	  we	  
consider	  that	  GO	  term	  to	  be	  enriched	  in	  our	  data.	  

	  



•  Enrichr-‐	  GUI	  for	  GO/pathway	  enrichment	  analysis	  
	  	  	  	  	  	  amp.pharm.mssm.edu/Enrichr	  

	  
	  

STEP	  6:	  Perfom	  Other	  Downstream	  Analysis	  

negative regulation of DNA biosynthetic process (GO:2000279)

negative regulation of type I interferon production (GO:0032480)

transferrin transport (GO:0033572)

ruffle organization (GO:0031529)

positive regulation of transcription elongation from RNA polymerase II promoter (GO:003296

regulation of type I interferon production (GO:0032479)

oxygen transport (GO:0015671)

regulation of vesicle fusion (GO:0031338)

DNA-templated transcription, initiation (GO:0006352)

response to caffeine (GO:0031000)

GO	  terms	  network	  graph	  

Biocarta	  pathways	  bar	  chart	  

OMIM	  Expanded	  terms	  

ENCODE	  histone	  
modificaJons	  



Thank	  you!	  

•  Visit	  the	  BioinformaJcs	  Consultants	  at	  GDC	  
•  Come	  to	  Byte	  Club	  meeJngs	  

–  Join	  UT	  Lists-‐bioiteam	  



APPENDIX:	  Submiqng	  Jobs	  to	  Lonestar	  

•  h:ps://wikis.utexas.edu/display/bioiteam/
Submi�ng+Jobs+to+Lonestar	  
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Levin	  et	  al.	  
Page	  10	  
Figure	  1.	  Methods	  for	  strand-‐specific	  RNA-‐Seq	  
Salient	  details	  for	  seven	  protocols	  for	  strand-‐specific	  RNA-‐Seq,	  
differenJal	  adaptor	  methods	  (a)	  and	  differenJal	  marking	  methods	  (b).	  
mRNA	  is	  shown	  in	  grey,	  and	  cDNA	  in	  black.	  For	  differenJal	  adaptor	  
methods,	  5’	  adaptors	  are	  shown	  in	  blue,	  and	  3’	  adaptors	  in	  red.	  

Figure 1. Methods for strand-specific RNA-Seq
Salient details for seven protocols for strand-specific RNA-Seq, differential adaptor methods
(a) and differential marking methods (b). mRNA is shown in grey, and cDNA in black. For
differential adaptor methods, 5’ adaptors are shown in blue, and 3’ adaptors in red.

Levin et al. Page 10
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SAM	  FILE	  FLAGS	  EXPLAINED	  
	  

	  	  
QNAME 	  SRR035022.262	  
FLAG 	  163	  
	  
The	  QNAME	  is	  the	  query	  name.	  For	  the	  FLAG	  of	  163	  we	  transform	  this	  into	  a	  binary	  
string:	  10100011.	  So	  accordingly	  to	  the	  flag	  table:	  
	  

	  
0 	  mate	  is	  not	  unmapped	  
0 	  forward	  strand	  
1 	  mate	  strand	  is	  negaJve	  
0 	  the	  read	  is	  not	  the	  first	  read	  in	  a	  pair	  
1 	  the	  read	  is	  the	  second	  read	  in	  a	  pair	  

	  
1 	  the	  read	  is	  paired	  in	  sequencing,	  no	  
ma:er	  whether	  it	  is	  mapped	  in	  a	  pair	  
1 	  the	  read	  is	  mapped	  in	  a	  proper	  pair	  
0 	  not	  unmapped	  

APPENDIX	  



APPENDIX	  
Of	  course,	  Tuxedo	  Pipeline	  can	  be	  run	  without	  

looking	  for	  novel	  events	  
•  NO	  NOVEL	  JUNCTIONS:	  Simple	  differenJal	  gene	  expression	  

analysis	  against	  a	  set	  of	  known	  transcripts.	  
–  User	  provides	  a	  gff/gs	  file	  containing	  annotated	  features.	  QuanJfy	  
only	  the	  annotated	  features	  and	  id	  DEGs.	  

	  
•  NOVEL	  	  JUNCTIONS	  ALSO:	  	  In	  addiJon	  to	  known	  transcripts,	  

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

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

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

	  

	  
	  



APPENDIX	  
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/normalizaJon	  factor	  =	  
expression	  for	  gene	  

Count	  the	  reads	  that	  map	  to	  each	  
isoform	  of	  the	  gene/normalizaJon	  
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	  
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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.

Figure	  from:	  DifferenJal	  analysis	  of	  gene	  regulaJon	  at	  transcript	  
resoluJon	  with	  rNA-‐seq,	  Trapnell	  et	  al,	  Nature	  Biotechnology,	  2013	  
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