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Motivation

Discovery of the Nuclein
(Friedrich Miescher, 1869) fml

Discovery of Nuclein:
from lymphocyte & salmon

“multi-basic acid” (≥ 4)

Tübingen, around 1869

“If one . . . wants to assume that a single substance . . . is the specific
cause of fertilization, then one should undoubtedly first and foremost
consider nuclein” (Miescher, 1874)
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Motivation

Learning about the Transcriptome
 What is encoded on the genome and how is it processed? fml

Computational Point of View

How to learn to predict what these processes accomplish?

How well can we predict it from the available information?

Biological View

What can we not predict yet? What is missing?

Can we derive a deeper understanding of these processes?
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Motivation

Gene-by-Gene vs. Genome-wide Analyses
fml

Cloning individual genes during the last 30 years revealed
important hints to the complex structure of eukaryotic genes

[ENCODE Project Consortium (2004). Science 306:636]

Comprehensive understanding of gene regulation necessarily has
to include the entire organism’s gene collection as well as its
intergenic regions.
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Motivation

Sequencing Genomes
fml

Concerted effort to sequence genomes of model organisms:

E. coli 4.5 Mb (1997)
S. cerevisiae 6.0 Mb (1997)
C. elegans 98 Mb (1998)
Human 3 Gb (2000)

Estimated cost: $2.7 billion in 1991 dollars
Estimated time in 1990: 15 years

In 2003, NHGRI committed to develop next-generation
sequencing technologies to lower the cost of 30x a human
genome (∼100 Gbp):

$100,000 genome
$1,000 genome
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Motivation

New Sequencing Technologies
fml

short many 

long few 

SoLID (2007) 

Genome Analyzer (2007) 

454 Sequencing (2005) 

SMRT (2010) 

[Slide provided by Ali Mortazavi]
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Motivation

The Encyclopedia of DNA Elements
fml

How to make sense of the genome?

Which nucleotides are functional?
What is their function?

National Human Genome Research Institute started the Encode
project to annotate human and model organism genomes:

2004: Human 1%
2007: Human whole-genome
2008: Drosophila and C. elegans
2010: Mouse
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Motivation

Sequencing for Functional Genomics
fml

[Wold & Myers, Nature Methods, 2007]
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Motivation

contiguous reads 
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RNA-Seq Pipeline

Deep RNA Sequencing (RNA-Seq)
fml

RNA-Seq allows . . .

High-throughput
transcriptome
measurements

Qualitative studies

Quantitative studies at
high resolution

pre-mRNA
intron

exon

mRNA
short reads

junction reads

reference genome
Figure adapted from Wikipedia

Goal: Obtain complete transcriptome for further analyses
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RNA-Seq Pipeline

RNA-Seq Pipeline Overview
fml

PALMapper

mGene.ngs

mTim 
Segmentation

rQuant

Short Reads Transcripts w/ 
QuantitationAlignm

ents

Transcripts

Read alignment Transcript finding Quantitation
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PALMapper Read Alignment Overview

Step 1: PALMapper Read Alignment
(PALMapper = QPALMA + GenomeMapper) fml
GenomeMapper for (unspliced) read mapping:

Alignments based on GenomeMapper developed in Tübingen for
the 1001 plant genome project [Schneeberger et al., 2009]

k-mer based index, well suited for smaller genomes

More info: http://fml.mpg.de/raetsch/suppl/palmapper
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the 1001 plant genome project [Schneeberger et al., 2009]

k-mer based index, well suited for smaller genomes

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT

TCGCGCGCAACG
TCGC
 CGCG
  GCGC
   CGCG
    GCGC
     CGCA
      GCAA
       CAAC
        AACG

...matching
k-mers

DNA

Read

k-mers

...

More info: http://fml.mpg.de/raetsch/suppl/palmapper
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Step 1: PALMapper Read Alignment
(PALMapper = QPALMA + GenomeMapper) fml
GenomeMapper for (unspliced) read mapping:

Alignments based on GenomeMapper developed in Tübingen for
the 1001 plant genome project [Schneeberger et al., 2009]

k-mer based index, well suited for smaller genomes

QPALMA for spliced read alignments:

GenomeMapper identifies seed regions

Spliced alignments by QPALMA [De Bona et al., 2008]

ACCGTCGCGCGCGT...TCGGCG...AGAACGCT

TCGCGCGCAACG

DNA

Read
More info: http://fml.mpg.de/raetsch/suppl/palmapper
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PALMapper Read Alignment Overview

QPALMA: Extended Smith-Waterman Scoring
fml

Classical scoring f : Σ× Σ→ R

Source of information

Sequence matches

Computational splice
site predictions

Intron length model

Read quality
information
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c© Gunnar Rätsch (FML, Tübingen) Methods for Transcriptome Analysis StatSeq Workshop, Gent 13 / 28

http://www.fml.mpg.de


PALMapper Read Alignment Overview

QPALMA: Extended Smith-Waterman Scoring
fml

Classical scoring f : Σ× Σ→ R

Source of information

Sequence matches

Computational splice
site predictions

Intron length model

Read quality
information
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PALMapper Read Alignment Overview

QPALMA: Extended Smith-Waterman Scoring
fml

Quality scoring f : (Σ× R)× Σ→ R [De Bona et al., 2008]

Source of information

Sequence matches

Computational splice
site predictions

Intron length model

Read quality
information
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PALMapper Read Alignment Overview

QPALMA RNA-Seq Read Alignment
fml

Generate set of artificially spliced reads
Genomic reads with quality information
Genome annotation for artificially splicing the reads
Use 10, 000 reads for training and 30, 000 for testing

Al
ig

nm
en

t  
Er

ro
r  

R
at

e

SmithW
14.19%

Intron
9.96% 1.94% 1.78%

Intron+
Splice

Intron+
Splice+
Quality [De Bona et al., 2008]
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PALMapper Read Alignment Overview

QPALMA RNA-Seq Read Alignment
fml

Generate set of artificially spliced reads
Genomic reads with quality information
Genome annotation for artificially splicing the reads
Use 10, 000 reads for training and 30, 000 for testing

Al
ig

nm
en

t  
Er

ro
r  

R
at

e

SmithW
14.19%

Intron
9.96% 1.94% 1.78%

Intron+
Splice

Intron+
Splice+
Quality

8nt12nt12nt8nt
Error vs. intron position

[De Bona et al., 2008]
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PALMapper Read Alignment Overview

Step 2: Transcript Prediction
fml

PALMapper

mGene.ngs

mTim 
Segmentation

rQuant

Short Reads Transcripts w/ 
QuantitationAlignm

ents

Transcripts

Read alignment Transcript finding Quantitation

A. Coverage segmentation algorithm mTiM for general transcripts
(no coding bias/assumption)

B. Extension of the mGene gene finding system to use NGS data
for protein coding transcript prediction (mGene.ngs)
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Next Generation Gene Finding Idea

Computational Gene Finding
 Labeling the Genome fml

DNA

pre-mRNA

mRNA

Protein

polyAcap

TSS

Splice
Donor

Splice
Acceptor

Splice
Donor

Splice
Acceptor

TIS Stop

polyA/cleavage
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Next Generation Gene Finding Idea

mGene-based Transcript Prediction
fml

acc

don

tss

tis

stop

True gene model 2 3 4 5

STEP 1: SVM Signal Predictions

genomic position

genomic position
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Next Generation Gene Finding Modeling Uncertainty

Learning to use Expression Measurements
fml

Two approaches:

Heuristic to incorporate ESTs/reads/tiling array measurements
to refine predictions

Directly use evidence during learning to learn to appropriately
weight its importance

Exon Level Transcript Level
SN SP F SN SP F

ab initio 82.3 82.6 82.5 43.1 49.5 46.1
ESTs heuristic 85.3 84.7 85.0 49.5 56.4 52.7
ESTs trained 84.8 85.8 85.3 50.5 57.8 53.9
RNA-Seq trained
RNA-Seq/ESTs trained

Gene prediction in C. elegans (CDS evaluation)

Behr et al., in prep., 2010
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c© Gunnar Rätsch (FML, Tübingen) Methods for Transcriptome Analysis StatSeq Workshop, Gent 18 / 28

http://www.fml.mpg.de


Next Generation Gene Finding Results

Preliminary Evaluation (C. elegans)
fml

CDS (precision+recall)/2

expression percentiles [%]

 

mGene ab initio
mGene.ngs

10 20 30 40 50 60 70 80 90 1000
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Next Generation Gene Finding Alternative Transcripts

Digestion
fml

mTiM and mGene.ngs predict single transcripts

mTiM exploits “uniformity” of read coverage among exons of
same transcript

mGene.ngs uses more assumptions on structure of transcripts

Alternative Transcripts: Spliced reads for splicing graphs:

Paths through splicing graph define alternative transcripts
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Next Generation Gene Finding Alternative Transcripts

Prediction of Alternative Transcripts
fml

Combine gene finding with prediction of alternative splicing
Machine learning challenge:

Input: DNA sequence
Output: All possible transcripts (not just one)

First step: Predict “simple splicing graphs”

Conceptually works . . .
But, only with clean data we train the model!
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c© Gunnar Rätsch (FML, Tübingen) Methods for Transcriptome Analysis StatSeq Workshop, Gent 21 / 28

http://www.fml.mpg.de


Next Generation Gene Finding Alternative Transcripts

Prediction of Alternative Transcripts
fml

Combine gene finding with prediction of alternative splicing

Machine learning challenge:

Input: DNA sequence
Output: All possible transcripts (not just one)

First step: Predict “simple splicing graphs”

TSS TIS cleaveStop

Don Acc

A-Don A-AccExon
skip

Conceptually works . . .

But, only with clean data we train the model!
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Transcript Quantitation with rQuant

RNA-Seq Pipeline Overview
fml

PALMapper

mGene.ngs

mTim 
Segmentation

rQuant

Short Reads Transcripts w/ 
QuantitationAlignm

ents

Transcripts

Read alignment Transcript finding Quantitation
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Transcript Quantitation with rQuant Biases

RNA-Seq Biases and Quantitation
fml
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Transcript Quantitation with rQuant Approach

rQuant – Basic Idea
fml

A

re
ad

 c
ov

er
ag

e

Short transcript

relative transcript position 5’ -> 3’

Mi = wAAi + wBBi ⇒ minwA,wB
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i ` (Mi , Ri )
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Transcript Quantitation with rQuant Approach

Galaxy-based Web Services for NGS Analyses
fml

Galaxy-based web service http://galaxy.fml.mpg.de

PALMapper http://fml.mpg.de/raetsch/suppl/palmapper

mGene http://mgene.org/web

mTIM http://fml.mpg.de/raetsch/suppl/mtim (in prep.)

rQuant http://fml.mpg.de/raetsch/suppl/rquant/web

[Rätsch et al., in preparation, 2010]
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Transcript Quantitation with rQuant Approach
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Transcript Quantitation with rQuant Approach

Gene Finding + Auxiliary Data
[Behr et al., 2009] fml

Is there other information that may be used by cellular processes that
can improve prediction results?

Preliminary study: (A. thaliana) transcript level (SN + SP)/2

1 mGene (ab initio) . . . 73.3%

2 . . . with DNA methylation (1 tissue) 76.1%

3 . . . with Nucleosome position predictions 78.0%

4 . . . with RNA secondary structure predictions 76.7%

In progress:

Study effect of other information sources for gene prediction

Ideally, consider measurements from the same sample
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Summary

Summary and Conclusions
fml

Methods:

1 PALMapper: Splice site predictions improve alignments

2 mTiM: Identifies transcripts specific to experiment

3 mGene: Best for annotation; also finds lowly expressed genes

4 rQuant: Models library prep., sequencing, alignment biases

Unsolved problems:

1 Better prediction of alternative transcripts (without RNA-seq?)

2 Differential expression detection [Stegle et al., 2010]

3 Multi-modal modelling to handle the many different ways genes
are processed

4 Data integration; very promising for detecting missing
components, for instance, in gene prediction systems
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Summary

rQuant – Iterative Algorithm
fml

1 Optimise transcript weights: minw

∑
i `
(∑

t w (t)p
(t)
i , Ri

)
2 Optimise profile weights: minp

∑
i `
(∑

t w (t)p
(t)
i , Ri

)
3 Repeat 1. and 2. until convergence.
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Summary Results

rQuant Evaluation I
fml

rQuant: Position-wise with profiles (estimating library and mapping bias)

compared to

Position-wise, without profiles

Segment-wise, without profiles (e.g., Jiang and Wong [2009] )

Segment-wise, with profiles (e.g. Flux Capacitor [Sammeth, 2009a])

Estimate transcript abundances

Using simulated data for A. thaliana (Flux Simulator [Sammeth, 2009b])

Subset of alternatively spliced genes

Evaluation: Spearman correlation between

Simulated RNA expression level and

Predicted transcript weights
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Summary Results

rQuant Evaluation II
fml
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c© Gunnar Rätsch (FML, Tübingen) Methods for Transcriptome Analysis StatSeq Workshop, Gent 32 / 28

http://www.fml.mpg.de


Summary Results

rQuant Evaluation II
fml

Position-wise, 
w/o pro!les

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Sp
ea

rm
an

 C
or

re
la

tio
n

Across transcripts

Within genes (mean)

Segment-wise, 
w/o pro!les

Segment-wise, 
w/ pro!les

(Bohnert et al., submitted, 2010)
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