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Read Alignment – GenomeMapper/QPALMA fml
GenomeMapper for (unspliced) read mapping:

I Alignments based on GenomeMapper developed in Tübingen for
the 1001 plant genome project (Schneeberger et al., 2009a)

I k-mer based index, well suited for smaller genomes with many
mismatches/gaps

QPALMA for spliced read alignments:

I GenomeMapper identifies seed regions for spliced alignments

I Alignments are performed using QPALMA (De Bona et al., 2008)

I QPALMA is individually adapted to every SR dataset

Web server available at http://galaxy.tuebingen.mpg.de.
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the 1001 plant genome project (Schneeberger et al., 2009a)

I k-mer based index, well suited for smaller genomes with many
mismatches/gaps

QPALMA for spliced read alignments:

I GenomeMapper identifies seed regions for spliced alignments

I Alignments are performed using QPALMA (De Bona et al., 2008)

I QPALMA is individually adapted to every SR dataset

Web server available at http://galaxy.tuebingen.mpg.de.
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Read Alignment – QPALMA fml

Classical scoring f : Σ× Σ→ R

Source of information
I Sequence matches

I Computational splice
site predictions

I Intron length model

I Read quality
information
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Read Alignment – QPALMA fml

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

Source of information
I Sequence matches

I Computational splice
site predictions

I Intron length model

I Read quality
information

Gunnar Rätsch (FML, Tübingen) Next Generation Genome Annotation Hinxton, Nov 10, 2009 3 / 17

http://www.fml.mpg.de


RNA-Seq Read Alignment – QPALMA fml
Generate set of artificially spliced reads

I Genomic reads with quality information
I Genome annotation for artificially splicing the reads
I Use 10, 000 reads for training and 30, 000 for testing
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Step 2: Transcript Prediction fml

1. Extension of mGene gene finding system to use NGS data for
protein coding transcript prediction

2. Coverage segmentation algorithm mTIM for general transcripts
(no coding bias/assumption)

3. Splice graph construction by extending splice graph with spliced
reads (connecting exons)

Approaches 1 & 2 use read coverages and spliced reads.
Approach 3 uses existing transcripts and spliced reads.
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mGene-based Transcript Prediction I fml
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mGene-based Transcript Prediction II fml
mGene with RNA-Seq (Behr et al., unpublished; Schweikert et al., 2009a,b)

I Use transcriptome measurements to enhance recognition of
exonic regions

Results for A. thaliana: (Comparison with known gene models)

transcript level (SN + SP)/2

1. mGene (ab initio) . . . 73.3%

2. . . . with tiling arrays (11 tissues) 82.1%

3. . . . with mRNA-seq (1 tissue) 81.1%

Similar observations for RGASP predictions.
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Tiling Array/Read Coverage Segmentation
fml

Goal: Characterize each “probe” as either intergenic, exonic or intronic
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Novel segmentation method (“mSTAD”/“mTIM”)

I accounts for spliced transcripts

I provides very accurate predictions

(Zeller et al., 2008a)
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The mSTAD/mTIM Approach
fml

intergenic exonic intronic

E IS

I Learn to associate a state with each probe given its hybridization
signal and local context

I For mTIM: also score spliced reads and splice sites

I HM-SVM training: Optimize transformations: signal → score

G. Zeller et al., Pac. Symp. Biocomp. (2008)
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fml
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Digestion . . . fml

I mGene and mTIM predict single transcripts (no alternative
transcripts)

I mGene uses more assumptions on structure of transcripts

I mTIM exploits “uniformity” read coverage among exons of same
transcript

I Spliced reads used to generate a more complete splicing graph

I Paths through splicing graph define transcripts for quantitation
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RNA-Seq Biases and Quantitation fml
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rQuant – Basic Idea fml
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relative transcript position 5’ -> 3’

Mi = wAAi + wBBi ⇒ minwA,wB

∑
i ` (Mi , Ri)
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rQuant – Basic Idea fml

re
ad

 c
ov

er
ag

e

genome position 5’ -> 3’

Mixture of transcripts

expected

observed

re
ad

 c
ov

er
ag

e

genome position 5’ -> 3’

Short transcript

re
ad

 c
ov

er
ag

e

genome position 5’ -> 3’

Long transcript

MA

B R

Mi = wAAi + wBBi ⇒ minwA,wB

∑
i ` (Mi , Ri)
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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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rQuant – Iterative Algorithm fml
1. Optimise transcript weights: minw
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t w (t)p

(t)
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)
3. Repeat 1. and 2. until convergence.
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Preliminary Evaluation I fml
CDS (precision+recall)/2
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Preliminary Evaluation II fml
CDS (precision+recall)/2
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Conclusions fml
I GenomeMapper/QPalma

I Splice site predictions improve alignment performance
I Integrating QPALMA scoring into other read mappers promising

I mGene
I Higher recall
I Identifies also non-expressed genes ⇒ good for annotation

I mTIM
I Higher precision
I Better for identifying transcripts specific to experimental data

I Adding alternative transcripts increases recall

I rQuant-based filtering improves precision
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Supplement Results

Evaluation I fml
Our method rQuant: Position-wise, with profiles
(estimating library and mapping bias)

compared to

I Position-wise, without profiles

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

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

Estimate transcript abundances

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

I Subset of alternatively spliced genes

Evaluation: Spearman correlation between

I Simulated RNA expression level and

I Predicted transcript weights
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