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Transcription & RNA Processing in Eukaryotes

Newly synthesized
pre-mRNA is
capped.
[CBP20 & CBP80:

cap-binding proteins]

Introns are spliced
from pre-mRNA.
[U1, U2, U4-6:
spliceosome

SF1, U2AF, SR proteins:

splicing factors]

A polyA-tail is
added to the 3’
terminus of
pre-mRNA.

[Bergkessel et al., 2009]
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Key Research Questions

Characterize an organism’s full complement of genes

⇒ Find new, possibly noncoding genes
⇒ Compare genes among organisms, strains, individuals, tissues
⇒ Identify alternative splice forms or transcript ends

Understand transcriptome regulation

⇒ Monitor transcriptome changes between tissues
or in response to environmental changes (e.g. stress)

⇒ Knock-out / knock-down analysis of regulators

 Identify regulated targets with significant expression changes

⇒ Identify binding sites used in regulation (e.g. ChIP-seq)

Understand differences between populations, individuals, cells

⇒ QTL-Mapping of transcriptome-phenotypes
⇒ Effect of rare or somatic mutations
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RNA-Seq Basics

Sequencer sequenced reads
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fragmentation

sequence library

RT

fragmen-
tation

RT

exonic reads

genome

transcripts

junction reads

aligned 
reads
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Biological Question ⇒ Analysis

New genome & variation qualitative
Sequence DNA ⇒ assemble [ ⇒ align ⇒ detect ]
Sequence ⇒ align to DNA ⇒ detect

New gene/transcript qualitative
Sequence RNA ⇒ assemble [ ⇒ align ⇒ detect ]
Sequence RNA ⇒ align to DNA ⇒ detect

Gene/transcript expression quantitative
Sequence RNA ⇒ align to known RNAs ⇒ count
Sequence RNA ⇒ align to DNA ⇒ count

DNA/RNA-Protein binding quant- & qualitative
Binding assay ⇒ Sequence ⇒ align ⇒ identify peaks

Methylation quant- & qualitative
Bisulfite assay ⇒ Sequence DNA/RNA ⇒ align⇒ count

. . .
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Sequencing Genomes

Goal: reconstruct chromosome sequences

Sequence fragments of DNA

Assemble fragments into whole genome (hard)

Works best for long fragments

PacBio, 454
Long-insert size paired-end sequencing

Hybrid strategies often work best, e.g.

Illumina for contigs, PacBio for scaffolds
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RNA Transcripts and Library Preparation

There are many different kinds of RNAs:

Protein-coding mRNAs

Noncoding RNAs

Structural RNAs (e.g. rRNAs, tRNAs, . . .)
Small RNAs (e.g. miRNAs, endogenous siRNAs, . . .)
Antisense / promoter-associated transcripts
. . .

Analysis of biological sample starts with sample/library preparation.

Depending on which RNAs should be targeted, different preparation
strategies have to be used.
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Sample/Library Preparation Choices

Directly sequencing total-RNA is suboptimal in most cases:

rRNA, tRNAs constitute the largest fraction of RNA (> 90%)

Sample preparation choices:

ribo-minus (rRNA depletion, if it works)

oligo-dT (selection of poly-adenylated transcripts)

exonuclease treatment (degrade 5’-P RNAs)

Library preparation options (depend on sequencing technology)

Strand information

paired-end, mate-pair sequencing

Most of these steps distort RNA transcript concentrations.
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Common RNA-Seq Analysis Steps

RNA-Seq
Reads

Read Alignment

Expression level
~ #reads

Significance 
Testing

Differentially 
Processed Transcripts/

Segments
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Basic Reads Analysis

Assembly
⇒ generate contigs
Mapping/Alignments
⇒ map/align reads back to a known genome

CCGTTT TATTTTTT
TCTAAG AGATAAA

 CTCTGTA TGACTC

ACGTACCGTTTGACTCTAGTATCTTCTAGTAGATATTTTTTTTTTAGATAAAA

 

Assembled genome

Reads

?

magic

??

?

?

?

?

?

?

 CTCTGTA

TATTTTTT

AGATAAA

CCGTTT

CCGTTT

[Sutskever, 2008]
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Basic Reads Analysis

Assembly
⇒ generate contigs
Mapping/Alignments
⇒ map/align reads back to a known genome

DNA
Read 1
Read 2364
Read 32442
...

Problem: hundreds of millions of reads of short length

⇒ Big computational challenge

Costs of sequencing are comparable with costs of analysis!

≈ $1000 for sequencing (1 lane) vs. ≈ $250 for analysis (cloud)
(Analysis often performed more than once . . . )
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Basic Read Analysis II

Experiment leads to millions of reads 36− 200nt
Reads may have a position-wise varying quality

Quality corresponds to error probability:

q = −10 · log10

(
p

1− p

)
Example: p = 10−3 per base corresponds to q = 30
Typical read error probability for Illumina reads ≈ 1%

c© Gunnar Rätsch (cBio@MSKCC) An Introduction to RNA-seq Analysis I @ Sloan-Kettering Institute, NYC 12

Memorial Sloan-Kettering Cancer Center 

http://cbio.mskcc.org
http://www.mskcc.org


Read Analysis - Mapping

Read mapping problem
For each read find its target regions on the reference genome such
that there are at most k mismatches/indels between read and target.

Global/local alignment of all reads prohibitive
A read stems from a certain small region
Find this region and then do an alignment

(Spaced) seeds Suffix trees/arrays Burrows-Wheeler

Common tools: bowtie [Langmead et al., 2009], bwa [Li and Durbin, 2009, 2010],
GenomeMapper [Schneeberger et al., 2009a], Shrimp [Rumble et al., 2009],
SOAP(2) [Li et al., 2009], VMATCH, MAQ [Li et al., 2008], ELAND,
segemehl [Hoffmann et al., 2009], . . . (≈50 more)

Main issues:
Accuracy Speed Memory Consumption
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Data Structures for Efficiently Finding Strings

k-mer index Suffix Tree Suffix Array BWT & FM Index

Space 4L + ‖Σ‖k ≈ 12L ≈ 4L � L

Time O(p) O(p log L) O(p log L) O(p + N log L)
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Indexing based on k-mers

Steps to generate a k-mer index

Take the genome as a linear string of alphabet A,C ,G ,T

Generate a list of all words of length k in the genome string
(k-mer) and create a unique list

Store for each k-mer all positions in the genome where it occurs

Genome

HTS Reads
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c© Gunnar Rätsch (cBio@MSKCC) An Introduction to RNA-seq Analysis I @ Sloan-Kettering Institute, NYC 15

Memorial Sloan-Kettering Cancer Center 

http://cbio.mskcc.org
http://www.mskcc.org


Indexing based on k-mers

Steps to generate a k-mer index

Take the genome as a linear string of alphabet A,C ,G ,T

Generate a list of all words of length k in the genome string
(k-mer) and create a unique list

Store for each k-mer all positions in the genome where it occurs

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGTC

ACCG
CCGT
CGTC
GTCG
....

0    5    10       50       95   100
|    |    |        |        |    |

 2  97

 0
 1

 3  65  70

k-mer list list of position pointers
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Read Alignment with PALMapper

Case for DNA read mapping:

Alignments based on GenomeMapper

Based on a k-mer index, long seeds (16) are best suited for large
genomes

Connect seed hits into segments that trigger local alignments

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT

TCGCGCGCAACG
TCGC
 CGCG
  GCGC
   CGCG
    GCGC
     CGCA
      GCAA
       CAAC
        AACG

[Schneeberger et al., 2009b, Jean et al., 2010]
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Read Alignment with PALMapper

Case for DNA read mapping:

Alignments based on GenomeMapper

Based on a k-mer index, long seeds (16) are best suited for large
genomes

Connect seed hits into segments that trigger local alignments

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT

TCGCGCGCAACG
TCGC
 CGCG
  GCGC
   CGCG
    GCGC
     CGCA
      GCAA
       CAAC
        AACG

Seed Regions

[Schneeberger et al., 2009b, Jean et al., 2010]
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Spaced Seeding∗

Use the same number of positions k , but ...

... introduce gaps in the word

... use different gap-patterns for different words

... use different spacing of the words

ACCGTCGCGCGCGT...TCGGCG...AGAACGTC

0    5    10       50       95   100
|    |    |        |        |    |

AC--TC--GC
 CC--CG--CG
  CG--GC--GC
      ...
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Spaced Seeding∗

Use the same number of positions k , but ...

... introduce gaps in the word

... use different gap-patterns for different words

... use different spacing of the words

ACCGTCGCGCGCGT...TCGGCG...AGAACGTC

0    5    10       50       95   100
|    |    |        |        |    |

AC--TC--GC
 CCG-----CGC
  C--CGCG--C
      ...
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Spaced Seeding∗

Use the same number of positions k , but ...

... introduce gaps in the word

... use different gap-patterns for different words

... use different spacing of the words

ACCGTCGCGCGCGT...TCGGCG...AGAACGTC

0    5    10       50       95   100
|    |    |        |        |    |

AC--TC--GC
   GT--CG--CG
     CG--CG-GT
      ...
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Suffix of a String

Given a string S = TAGAGA, a suffix Si is the substring of S that
starts at position i :

Example

S = TAGAGA

S2 = AGAGA
S5 = GA
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

1234567
TAGAGA$

empty
root

string S

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

$
7

1234567
TAGAGA$
      $ 7
     
    
   
  

su�x

starting position

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

$
A

$
7

6

1234567
TAGAGA$
      $ 7
     A$ 6
    
   
  

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

$
A

G
A

$

$
7

6

5

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   
  

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

$
A

G
A

$

AG
$ $

7

6 4

5

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

$
A

G
A AG $

$

AG
$ $

7

6 4

3

5

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

$
A

G
A AG $

$

AG
$ $

$

7

6 4

3

5

2

G A

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 AGAGA$ 2

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree

Start with full string S and an empty root

Add successively each suffix, such that edge labels on path from
root to leaf spell the suffix; label leaf with position

Use existing edges where possible

T

$
A

G

A
G A AG $

A AG $

$

AG
$ $

$

7

6 4

3

5

2

1

G A

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 AGAGA$ 2
TAGAGA$ 1

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree (cont)

Contract edges that have no branches and concatenate labels

Repeat for all edges

The number of leaves does not change!

$
A

G

TAGAGA$

A AG $

$

AG
$ $

$

7

6 4

3

5

2

1

G A

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 AGAGA$ 2
TAGAGA$ 1

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree (cont)

Contract edges that have no branches and concatenate labels

Repeat for all edges

The number of leaves does not change!

$
A

G

TAGAGA$

A GA$

$

AG
$ $

$

7

6 4

3

5

2

1

G A

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 AGAGA$ 2
TAGAGA$ 1

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree (cont)

Contract edges that have no branches and concatenate labels

Repeat for all edges

The number of leaves does not change!

$
A

GA

TAGAGA$

GA$

$

AG
$ $

$

7

6 4

3

5

2

1

G A

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 AGAGA$ 2
TAGAGA$ 1

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree (cont)

Contract edges that have no branches and concatenate labels

Repeat for all edges

The number of leaves does not change!

$
A

GA

TAGAGA$

GA$

$

AG
$ $

7

6 4

3

5

2

1

GA$

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 AGAGA$ 2
TAGAGA$ 1

[Weiner, 1973]
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Suffix Trees

Building a Suffix Tree (cont)

Contract edges that have no branches and concatenate labels

Repeat for all edges

The number of leaves does not change!

$
A

GA

TAGAGA$

GA$

$

GA
$ $

7

6 4

3

5

2

1

GA$

1234567
TAGAGA$
      $ 7
     A$ 6
    GA$ 5
   AGA$ 4
  GAGA$ 3
 AGAGA$ 2
TAGAGA$ 1

[Weiner, 1973]
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Suffix Trees

Pattern Matching

Start at root

Traverse tree according to pattern

Stop, if leaf or end of pattern is reached

Find start positions of P in S in the leaves below of current
sub-tree

S = TAGAGA
P = AGA

$
A

GA

TAGAGA$

GA$

$

GA
$ $

7

6 4

3

5

2

1

GA$
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Suffix Trees

Pattern Matching

Start at root

Traverse tree according to pattern

Stop, if leaf or end of pattern is reached

Find start positions of P in S in the leaves below of current
sub-tree

S = TAGAGA
P = AGA

$
A

GA

TAGAGA$

GA$

$

GA
$ $

7

6 4

3

5

2

1

GA$

A
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Suffix Trees

Pattern Matching

Start at root

Traverse tree according to pattern

Stop, if leaf or end of pattern is reached

Find start positions of P in S in the leaves below of current
sub-tree

S = TAGAGA
P = AGA

$
A

GA

TAGAGA$

GA$

$

GA
$ $

7

6 4

3

5

2

1

GA$

A
AGA
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Suffix Trees

Pattern Matching

Start at root

Traverse tree according to pattern

Stop, if leaf or end of pattern is reached

Find start positions of P in S in the leaves below of current
sub-tree

S = TAGAGA
P = AGA

$
A

GA

TAGAGA$

GA$

$

GA
$ $

7

6 4

3

5

2

1

GA$

A
AGA

positions 2 and 4
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Suffix Trees

Complexity

Construction for string S of length n:

O(n) for a constant size alphabet (O(n log n) general)

On-line construction after Ukkonen O(n)

Tasks:

Search in S for a pattern P of length p: O(p)

Find matching statistics for P with p longest match between S
and P : Θ(p)

Search complexity is defined by the length of the pattern!
Very useful for alignment.

[McCreight, 1976, Ukkonen, 1995]
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Suffix Trees

Complexity

Construction for string S of length n:

O(n) for a constant size alphabet (O(n log n) general)

On-line construction after Ukkonen O(n)

Tasks:

Search in S for a pattern P of length p: O(p)

Find matching statistics for P with p longest match between S
and P : Θ(p)

Search complexity is defined by the length of the pattern!
Very useful for alignment.

[McCreight, 1976, Ukkonen, 1995]
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Suffix Arrays

Definition and Generation

Sorted list of all suffixes of a string S

Generate list of suffixes, sort them lexicographical and

Can be generated by a depth-first traversal of the suffix tree

TAGAGA
 A 6
    GA 5
   AGA 4
  GAGA 3
 AGAGA 2
TAGAGA 1

position in S

[Manber and Myers, 1993]
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Suffix Arrays

Definition and Generation

Sorted list of all suffixes of a string S

Generate list of suffixes, sort them lexicographical and

Can be generated by a depth-first traversal of the suffix tree

TAGAGA
 A 6
    GA 5
   AGA 4
  GAGA 3
 AGAGA 2
TAGAGA 1

A      6
AGA    4
AGAGA  2
GA     5
GAGA   3
TAGAGA 1

sort

[Manber and Myers, 1993]
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Suffix Arrays

Definition and Generation

Sorted list of all suffixes of a string S

Generate list of suffixes, sort them lexicographical and

Can be generated by a depth-first traversal of the suffix tree

$
A

GA

TAGAGA$

GA$

$

GA
$ $

7

6 4

3

5

2

1

GA$

Su�x Array

A = 7 6 4 2 5 3 1

[Manber and Myers, 1993]
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Suffix Arrays

Pattern Matching

Suffix Array A: A[k] is the start pos. of k-th smallest suffix in
{S0, S1, ..., Sn−1}, where Si is the suffix at pos. i in S

Search Pattern P : is a substring of length p ≤ n

Left Boundary LP = min(k : P ≤ SA[k] or k = n)

Right Boundary RP = max(k : SA[k] ≤ P or k = −1)
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Suffix Arrays

Pattern Matching

Suffix Array A: A[k] is the start pos. of k-th smallest suffix in
{S0, S1, ..., Sn−1}, where Si is the suffix at pos. i in S

Search Pattern P : is a substring of length p ≤ n

Left Boundary LP = min(k : P ≤ SA[k] or k = n)
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Suffix Arrays

Pattern Matching

Suffix Array A: A[k] is the start pos. of k-th smallest suffix in
{S0, S1, ..., Sn−1}, where Si is the suffix at pos. i in S

Search Pattern P : is a substring of length p ≤ n

Left Boundary LP = min(k : P ≤ SA[k] or k = n)

Right Boundary RP = max(k : SA[k] ≤ P or k = −1)

A      6
AGA    4
AGAGA  2
GA     5
GAGA   3
TAGAGA 1

=  AGA
=  2    ==>    A[2] = 4    ==>   S  =  AGA
=  3    ==>    A[3] = 2    ==>   S  =  AGAGA

P
L
R

P

P

4

2
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Suffix Arrays∗

Search and Complexity

LP and RP fully define all matches of P in S

Boundaries can be efficiently computed with binary search,
pattern matching in O(|P |+ log |S |) time

Construction and storage of A in O(|S |)
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Burrows-Wheeler Transformation (BWT)

How does it work?

Start with the full genome string (TAGAGA)

Generate all rotations of the genome string

Sort the matrix lexicographically

Keep only the last column L and the index of the original string

  TAGAGA

[Burrows and Wheeler, 1994]
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Burrows-Wheeler Transformation (BWT)

How does it work?

Start with the full genome string (TAGAGA)

Generate all rotations of the genome string

Sort the matrix lexicographically

Keep only the last column L and the index of the original string

1 TAGAGA
2 ATAGAG
3 GATAGA
4 AGATAG
5 GAGATA
6 AGAGAT

[Burrows and Wheeler, 1994]
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Burrows-Wheeler Transformation (BWT)

How does it work?

Start with the full genome string (TAGAGA)

Generate all rotations of the genome string

Sort the matrix lexicographically

Keep only the last column L and the index of the original string

1 TAGAGA
2 ATAGAG
3 GATAGA
4 AGATAG
5 GAGATA
6 AGAGAT

6 AGAGAT
4 AGATAG
2 ATAGAG
5 GAGATA
3 GATAGA
1 TAGAGA

sort

[Burrows and Wheeler, 1994]
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Burrows-Wheeler Transformation (BWT)

How does it work?

Start with the full genome string (TAGAGA)

Generate all rotations of the genome string

Sort the matrix lexicographically

Keep only the last column L and the index of the original string

1 TAGAGA
2 ATAGAG
3 GATAGA
4 AGATAG
5 GAGATA
6 AGAGAT

6 AGAGAT
4 AGATAG
2 ATAGAG
5 GAGATA
3 GATAGA
1 TAGAGA

sort

6 AGAGA T
4 AGATA G
2 ATAGA G
5 GAGAT A
3 GATAG A
1 TAGAG A

L

reduce

6

[Burrows and Wheeler, 1994]
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Burrows-Wheeler Transformation (BWT)

Useful Properties

String L shows long stretches of the same symbol

Allows for very efficient compression (compressed genomes)

String L and index of original string are sufficient to reconstruct
the original string TAGAGA!

After sorting, indices are equivalent to suffix array

6 AGAGAT
4 AGATAG
2 ATAGAG
5 GAGATA
3 GATAGA
1 TAGAGA

[Burrows and Wheeler, 1994]
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Full-Text Minute-Space (FM) Index

Motivation

Combination of the Suffix Array for efficient search and
Burrows-Wheeler Transform for genome compression

Allows for efficient search in a compressed genome representation

Proposed by Ferragina and Manzini

[Ferragina and Manzini, 2001]
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Full-Text Minute-Space (FM) Index

Construction

Add $-symbol to the genome end ($ is lexicographically smaller
than any other symbol, so no suffix can be the prefix of another
suffix)

Apply Burrows-Wheeler Transformation to string (compressible
genome L)

  TAGAGA$
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Full-Text Minute-Space (FM) Index

Construction

Add $-symbol to the genome end ($ is lexicographically smaller
than any other symbol, so no suffix can be the prefix of another
suffix)

Apply Burrows-Wheeler Transformation to string (compressible
genome L)

1 TAGAGA$
2 AGAGA$T
3 GAGA$TA
4 AGA$TAG
5 GA$TAGA
6 A$TAGAG
7 $TAGAGA

7 $TAGAGA
6 A$TAGAG
4 AGA$TAG
2 AGAGA$T
5 GA$TAGA
3 GAGA$TA
1 TAGAGA$

sort reduce

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L
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Full-Text Minute-Space (FM) Index

Last-Columns-to-First-Column Mapping (LF)

Important property that enables efficient search

The k-th occurence of character c in L corresponds to the k-th
occurence of character c in F

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L

L[4] = F[7] = T
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Full-Text Minute-Space (FM) Index

Helpers to compute LF

C : C [k] = total number of occurrences of the characters < c

Occ(c , k) = number of times c occurs in L[1, k]

Array C

$ A G T
0 1 4 6

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L
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Full-Text Minute-Space (FM) Index

Helpers to compute LF

C : C [k] = total number of occurrences of the characters < c

Occ(c , k) = number of times c occurs in L[1, k]

Array C

$ A G T
0 1 4 6

Matrix Occ

  1 2 3 4 5 6 7
$ 0 0 0 0 0 0 1
A 1 1 1 1 2 3 3
G 0 1 2 2 2 2 2
T 0 0 0 1 1 1 1

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L
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Full-Text Minute-Space (FM) Index

Compute Last-to-First Mapping LF

Provable correspondence between last col. L and first col. F

LF (i) = C [L(i)] + Occ(L[i ], i ])

Array C

$ A G T
0 1 4 6

Matrix Occ

  1 2 3 4 5 6 7
$ 0 0 0 0 0 0 1
A 1 1 1 1 2 3 3
G 0 1 2 2 2 2 2
T 0 0 0 1 1 1 1

LF(4) = C[L[4]] + Occ(L[4], 4)
LF(4) = C[T] + Occ(T, 4)
LF(4) = 6 + 1
LF(4) = 7

LF

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L

[Ferragina and Manzini, 2001]
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FM Index Demo

http://blog.avadis-ngs.com/2012/04/

elegant-exact-string-match-using-bwt-2/
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Full-Text Minute-Space (FM) Index∗

Locate Pattern Range:

i ← p, c ← P[p]
sp ← C [c] + 1
ep ← C [c + 1]
while (sp ≤ ep) and (i ≥ 2) do

c ← P[i − 1]
sp ← C [c] +Occ(c , sp− 1) + 1
ep ← C [c] + Occ(c , ep)
i ← i − 1

end while
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Full-Text Minute-Space (FM) Index∗

Locate Pattern Range:

i ← p, c ← P[p]
sp ← C [c] + 1
ep ← C [c + 1]
while (sp ≤ ep) and (i ≥ 2) do

c ← P[i − 1]
sp ← C [c] +Occ(c , sp− 1) + 1
ep ← C [c] + Occ(c , ep)
i ← i − 1

end while

Array C

$ A G T
0 1 4 6

Matrix Occ

  1 2 3 4 5 6 7
$ 0 0 0 0 0 0 1
A 1 1 1 1 2 3 3
G 0 1 2 2 2 2 2
T 0 0 0 1 1 1 1

Example

P = AGA, p = |P| = 3
Init:

c ← P[3] =A
sp ← C [A] + 1 = 2
ep ← C [A+1] = C [G] = 4

Iteration 1:
c ← G
sp ← C [G]+Occ[G, 1]+1 = 5
ep ← C [ G] + Occ[G, 4] = 6

Iteration 2:
c ← A
sp ← C [A]+Occ[A, 5]+1 = 3
ep ← C [ A] + Occ[A, 6] = 4
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Full-Text Minute-Space (FM) Index∗

LF-Mapping for Search

Search algorithm provides hit-range for pattern P in
BWT-Matrix index

Translation into original Coordinates for S necessary

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L

1
2 
3 
4 
5 
6 
7 

P = AGA

sp
ep

= 3 = AGA
= 4 = AGAGA

sp

ep

[Ferragina and Manzini, 2001]
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Full-Text Minute-Space (FM) Index∗

LF-Mapping for Search

Search algorithm provides hit-range for pattern P in
BWT-Matrix index

Translation into original Coordinates for S necessary

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L

1
2 
3 
4 
5 
6 
7 

P = AGA

sp
ep

= 3 = AGA
= 4 = AGAGA

sp

ep

S = 
123456
TAGAGA
   AGA

[Ferragina and Manzini, 2001]
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Full-Text Minute-Space (FM) Index∗

LF-Mapping for Search

Search algorithm provides hit-range for pattern P in
BWT-Matrix index

Translation into original Coordinates for S necessary

7 $ TAGAG
6 A $TAGA
4 A GA$TA
2 A GAGA$
5 G A$TAG
3 G AGA$T
1 T AGAGA

A
G
G
T
A
A
$

F       L

1
2 
3 
4 
5 
6 
7 

P = AGA

sp
ep

= 3 = AGA
= 4 = AGAGA

sp

ep

S = 
123456
TAGAGA
 AGAGA

[Ferragina and Manzini, 2001]
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Alignments with Bowtie

Details

Bowtie uses FM-Index on a compressed BWT of the genome

Search read pattern P in genome S → list of start positions

Longer patterns decrease the number of hit positions

(Slides provided by Cole Trapnell, U Maryland & UC Berkeley)
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Mapping Tools

Common Tools

bowtie [Langmead et al., 2009]

bwa [Li and Durbin, 2009, 2010]

GenomeMapper [Schneeberger et al., 2009a]

Shrimp [Rumble et al., 2009]

SOAP(2) [Li et al., 2009]

VMATCH

MAQ [Li et al., 2008]

ELAND

segemehl [Hoffmann et al., 2009]

. . . (≈50 more)

Main Issues

Accuracy

Speed

Memory Consumption
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Spliced vs. Unspliced Alignments

[Wikipedia]
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Spliced vs. Unspliced Alignments

Details

Find split-read mapping in genome with a few mismatches

Efficient data structures for mapping many reads

Initially, most mapping techniques were limited to unspliced
reads
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Tools for Spliced Read Alignments

Spliced Alignment of cDNA

BLAST [Altschul et al., 1990]

spliced alignments [Gelfand et al., 1996]

SIM4 [Florea et al., 1998]

GeneSeqer [Usuka et al., 2000]

Spidey [Wheelan SJ, 2001]

BLAT [Kent, 2002]

EXALIN [Zhang and Gish, 2006]

PALMA [Schulze et al., 2007]

⇒Too slow for RNA-seq read alignment
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Tools for Spliced Read Alignments

Spliced Alignment of NGS Reads

Erange [Mortazavi et al., 2008]

GEM [Marco-Sola et al., 2012]

MapNext [Bao et al., 2009]

MapSplice [Wang et al., 2010]

PALMapper [De Bona et al., 2008, Rätsch et al., 2010]

PASS [Campagna et al., 2009]

STAR [Dobin et al., 2013]

TopHat [Trapnell et al., 2009],
TopHat2 [Kim et al., 2013]

. . .

Main Issues

Assumptions on splice consensus

Accuracy of intron predictions

Speed (often higher than for unspliced alignments)

Memory consumption (similar to unspliced mappers)
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RNA-seq Read Alignments with PALMapper

Index and Seeding

Indexing genome with k-mer based index or bwt-based index

Lookup read k-mers in the genome index

Generate long and short seed regions for further alignment

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT
ACCG
 CCGT
  CGTC
   ...
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RNA-seq Read Alignments with PALMapper

Index and Seeding

Indexing genome with k-mer based index or bwt-based index

Lookup read k-mers in the genome index

Generate long and short seed regions for further alignment

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT

TCGCGCGCAACG
TCGC
 CGCG
  GCGC
   CGCG
    GCGC
     CGCA
      GCAA
       CAAC
        AACG
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RNA-seq Read Alignments with PALMapper

Index and Seeding

Indexing genome with k-mer based index or bwt-based index

Lookup read k-mers in the genome index

Generate long and short seed regions for further alignment

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT

TCGCGCGCAACG
TCGC
 CGCG
  GCGC
   CGCG
    GCGC
     CGCA
      GCAA
       CAAC
        AACG

Seed Regions
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Genomic Sequence Reduction in PALMapper

Projection to Pseudo Chromosomes

Rank and combine seed regions from previous step

Integrate with splice site prediction and coverage information

Project to genome and form Pseudo Chromosome Sequences

LL L L

> L

(1) (2)

(a) Short and long hits 
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Genomic Sequence Reduction in PALMapper

Projection to Pseudo Chromosomes

Rank and combine seed regions from previous step

Integrate with splice site prediction and coverage information

Project to genome and form Pseudo Chromosome Sequences

LL L L

> L

(1) (2)

(a) Short and long hits 

(b) Strong splice 
     site predictions

DonAcc
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Genomic Sequence Reduction in PALMapper

Projection to Pseudo Chromosomes

Rank and combine seed regions from previous step

Integrate with splice site prediction and coverage information

Project to genome and form Pseudo Chromosome Sequences

LL L L

> L

(1) (2)

(a) Short and long hits 

(b) Strong splice 
     site predictions

(c) Mapped reads

DonAcc
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Genomic Sequence Reduction in PALMapper

Projection to Pseudo Chromosomes

Rank and combine seed regions from previous step

Integrate with splice site prediction and coverage information

Project to genome and form Pseudo Chromosome Sequences

LL L L

> L

(1) (2)

(a) Short and long hits 

(b) Strong splice 
     site predictions

(c) Mapped reads

(d) Region summary

DonAcc
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Genomic Sequence Reduction in PALMapper

Projection to Pseudo Chromosomes

Rank and combine seed regions from previous step

Integrate with splice site prediction and coverage information

Project to genome and form Pseudo Chromosome Sequences

LL L L

> L

(1) (2)

(a) Short and long hits 

(b) Strong splice 
     site predictions

(c) Mapped reads

(d) Region summary

(e) Pseudo Chromosome 
Sequences

DonAcc
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Dynamic Program (DP) in PALMapper

The inferred seed region guides a Smith-Waterman alignment:

QPALMA Scores are functions of:

 - splice site strengths

 - intron length

 - quality information

 - error pro�le

Semi-Global

Align whole read to

part of pseudo

chromosome

Banded

Limit number of gaps

from perfect

alignment

Spliced

Allow long gaps

corresponding to

introns
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Need for Variation-aware Alignments

1000 Genome Project

Arabidopsis
1001 Genomes

Mouse 
Genome Project

Resource Name Organism Strains/Individuals SNPs/SNVs InDels Reference
Mouse Genome Project M. musculus 17 strains 129,260,574 21,683,297 Keane (2011)
19 Genomes Project A. thaliana 19 strains 3,070,000 1,200,000 Gan (2011)
Panzea T. mays 103 strains 55,061,920 3,200,000 Chia (2012)
Million Mutation Project C. elegans 2,047 strains 800,000 220,000 Thompson (2013)
1000 Genomes Project H. sapians 1,092 individuals 36,700,000 1,380,000 The 1000 Genomes 

Project Consortium (2012)

source: sanger.ac.uk

source: nature.com
source: 1001genomes.org

source: genome.sfu.ca/mmp/

Panzea

source: alpha.maizegdb.org

c© Gunnar Rätsch (cBio@MSKCC) An Introduction to RNA-seq Analysis I @ Sloan-Kettering Institute, NYC 48

Memorial Sloan-Kettering Cancer Center 

http://cbio.mskcc.org
http://www.mskcc.org


Variation-Aware Alignment with PALMapper

k-mer Indexing (variant case)

Include available variation into index
(dbSNP, COSMIC, ENCODE, 1000 Genomes . . . )

Principle for querying the index stays the same

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT
ACCGTCGAGCGCGT...TCGGCG...AGAACGCT

TCGC
TCGA
 CGCG
 CGAG
  GCGC
  GAGC
   ...
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Variation-Aware Alignment with PALMapper

k-mer Indexing (variant case)

Include available variation into index
(dbSNP, COSMIC, ENCODE, 1000 Genomes . . . )

Principle for querying the index stays the same

Genome

HTS Reads

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT
ACCGTCGAGCGCGT...TCGGCG...AGAACGCT

TCGC
TCGA
 CGCG
 CGAG
  GCGC
  GAGC
   ...

TCGAGCGCAACG Read
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Variation-Aware Alignment with PALMapper

Dynamic Program Alignment Against Graph

Integrate substitutions as IUPAC codes for ambiguous bases

Integrate deletions as jumps

Integrate insertions as jumps

Collapse all variations into graph-like structure

Align against variation graph

Genome

Substitutions

ACCGTACGGT

ACGGTACAGT
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Variation-Aware Alignment with PALMapper

Dynamic Program Alignment Against Graph

Integrate substitutions as IUPAC codes for ambiguous bases

Integrate deletions as jumps

Integrate insertions as jumps

Collapse all variations into graph-like structure

Align against variation graph

Genome

Substitutions

Deletions

ACCGTACGGT

ACGGTACAGT

ACCG--CGGT
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Variation-Aware Alignment with PALMapper

Dynamic Program Alignment Against Graph

Integrate substitutions as IUPAC codes for ambiguous bases

Integrate deletions as jumps

Integrate insertions as jumps

Collapse all variations into graph-like structure

Align against variation graph

Genome

Substitutions

Deletions

Insertions

ACCGTACGGT

ACGGTACAGT

ACCG--CGGT

ACCGTACGAAGT
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Variation-Aware Alignment with PALMapper

Dynamic Program Alignment Against Graph

Integrate substitutions as IUPAC codes for ambiguous bases

Integrate deletions as jumps

Integrate insertions as jumps

Collapse all variations into graph-like structure

Align against variation graph

Genome

Substitutions

Deletions

Insertions

Pseudo Chromosome

ACCGTACGGT

ACGGTACAGT

ACCG--CGGT

ACCGTACGAAGT

ACSGTACRAAGT
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Variation-Aware Alignment with PALMapper

Dynamic Program Alignment Against Graph

Integrate substitutions as IUPAC codes for ambiguous bases

Integrate deletions as jumps

Integrate insertions as jumps

Collapse all variations into graph-like structure

Align against variation graph

Genome

Substitutions

Deletions

Insertions

Pseudo Chromosome

ACCGTACGGT

ACGGTACAGT

ACCG--CGGT

ACCGTACGAAGT

ACSGTACRAAGT

A C S G T A C R A A G T
0
  0
    0
      0
        - - 0
              0
                0
                  0
                    0
                      0

A
C
G
G
C
A
A
A
G
T
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Read Alignment Summary

Ungapped mapping strategies:
1 find k-mers and extend alignment

many hits are possible, heuristics necessary

2 find the whole read in suffix tree/array or BWT/FM index

Exact matches found very fast
mismatches/indels require backtracking ⇒ slower

Gapped Mapping strategies:

1 Build index containing junctions

2 Split reads, align separately, extend to merge

3 Collect regions, perform gapped/banded alignment

4 ...

Great differences between mapping tools: speed (100x), accuracy,
completeness, etc.
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Common RNA-Seq Analysis Steps

RNA-Seq
Reads

Read Alignment

Expression level
~ #reads

Significance 
Testing

Differentially 
Processed Transcripts/

Segments

De novo 
Assembly

Transcript 
Quantitation

TARs and 
Transcripts

Transcript 
Reconstruction
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RGASP Submission Evaluation

1 C. elegans
TAlioto 17G 126,161,293 algnmts.
LPachter 18G 83,882,605 algnmts.
TWu 16G 112,614,991 algnmts.
CIseli 15G 76,782,527 algnmts.
MStanke 12G 56,175,582 algnmts.
GRaetsch 16G 73,180,783 algnmts.

2 D. melanogaster (not shown)

3 Human (chr.1)
TAlioto 3.2G 23,787,964 algnmts.
LPachter 1.9G 8,689,830 algnmts.
TWu 1.6G 10,925,662 algnmts.
CIseli 1.3G 6,512,751 algnmts.
Ger 1.6G 7,494,284 algnmts.
SWhite 0.4G 6,245,126 algnmts.
GRaetsch 1.6G 6,898,023 algnmts.

Legend:

CIseli Christian Iseli et al., CH

LPachter Lior Pachter et al., USA
(TopHat)

TAlioto Tyler Alioto et al., ES

SWhite Simon White et al., UK
(Ensembl)

TWu Thomas Wu, USA
(GSnap)

MStanke Mario Stanke, DE
(Blat)

GRaetsch Gunnar Rätsch et al., DE
(Palmapper)
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Gapped Alignment Accuracy
(Mapping: Human - Junction F-score )
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Filter: combination of edit ops, segment length, and splice support
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Effects on Downstream Analysis
(Cufflinks: Human - Exon F-score)
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mm ≤ 0

mm ≤ 2

mm ≤ 4

mm ≤ 6

mm ≤ 8

Filter: by max edit ops (0 – 8); prediction F-Score (exon level)
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RGASP SummaryE↵ect on Quantitation
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Gunnar Rätsch (FML, Tübingen) Evaluation of RGASP.2 Read Alignments RGASP.3, April 6, 2011 17 / 1
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Overview
Part I

RNAs, RNA-seq & research questions
Common analysis steps
Read mapping

The problem
String data structures
Programs
Extensions

Differences between read mappers

Part II
Transcript quantification & biases
Differential “expression”
Transcript reconstruction by . . .

alignment
assembly

Genome annotation
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