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Introduction

Machine Learning in Biology
Research Topics fml

M
ol
ec
ul
ar

Bi
ol
og
y

M
ac
hi
ne

Le
ar
ni
ng 1. Inference methods for structured data

⇒ Develop fast and accurate learning methods

2. Genome annotation
⇒ Predict features encoded on DNA

3. Biological networks
⇒ Understand interactions between gene products

4. Analysis of polymorphisms
⇒ Discover polymorphisms and associate with phenotypes
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Introduction

From Genome to Products fml
DNA

pre-mRNA

mRNA

Protein

polyAcap

TSS Donor Acceptor Donor Acceptor

TIS Stop

polyA/cleavage

Directly measure the transcriptome

I Whole genome tiling arrays

I Transcriptome sequencing (Sanger or Next Generation Sequencing)
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Introduction

From Measurements to Products fml

mRNA

Protein

polyAcap

DNA

Directly measure the transcriptome

I Whole genome tiling arrays

I Transcriptome sequencing (Sanger or Next Generation Sequencing)

Gunnar Rätsch (FML, Tübingen) Machine Learning in Transcriptome Analysis Jun 28, 2009 2 / 29

http://www.fml.mpg.de


Tiling Arrays Technology and Limitations

Whole-genome Tiling Arrays fml

25 nt

~35 nt

I Whole-genome, quantitative measurements of expression

I Allows to cost-effectively analyze many conditions (replicates)

I Variants: exon arrays,

exon junction arrays

I Hybridization data is noisy, analysis challenging

see Mockler et al. [2005], Yazaki et al. [2007] for comprehensive reviews
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Tiling Arrays Technology and Limitations

Tiling Array Analysis Challenges (I) fml

Repeats cause cross-hybridization

Hybridization intensity

Hybridizing mRNA transcript

⇒ Discard tiling probes with high sequence similarity
to >1 location in the genome
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Tiling Arrays Technology and Limitations

Tiling Array Analysis Challenges (I) fml

Repeats cause cross-hybridization

Hybridization intensity

Hybridizing mRNA transcript

Genome structureRepeats

⇒ Discard tiling probes with high sequence similarity
to >1 location in the genome
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Tiling Arrays Technology and Limitations

Tiling Array Analysis Challenges (II) fml
Hybridization intensity exhibits a probe sequence bias

Probe GC content
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Sequence-normalization approaches:
I Rescaling by probe GC content [Samanta et al., 2006]

I Rescaling using genomic DNA hybridization [David et al., 2006]

nij =
xij−bj (yi )

yi

for probe i on replicate array j with RNA hybridization signal xij

to obtain normalized signal nij ; DNA hybridization signal yi is
transformed into RNA background signal by bj estimated from
intergenic probes.

I Regression techniques [Royce et al., 2007, Zeller et al., 2008b]
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Tiling Arrays Learning the Normalization

Tiling Array Normalization fml
I Transcript normalization assumes constant transcript intensities

y i (median estimate) [Zeller et al., 2008b]

I Learns intensity deviation from transcript intensity δi := yi − y i

I Takes probe sequence xi (positional information on mono-, di-
and tri-mer occurrence) as input for regression.
Models probe sequence effect depending on yi : f (xi , yi) ≈ δi
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transcript intensity

observed intensity
annotated exonic
annotated intronic
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Discretize y into Q = 20
quantiles and estimate
Q independent functions
f1(x), . . . , fQ(x)

Linear regression
fq(x) = wT

q x
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Tiling Arrays Learning the Normalization

Transcript Normalization Results fml
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Raw intensities:

Transcript normalization:

AUC = 0.704

area under the curve (AUC) = 0.762 [Zeller et al., PSB 2008]

Transcript normalization (TN) results in better separation between
background and exon signals → improves transcript identification

www.fml.mpg.de/raetsch/research/tiling/

Gunnar Rätsch (FML, Tübingen) Machine Learning in Transcriptome Analysis Jun 28, 2009 7 / 29

www.fml.mpg.de/raetsch/research/tiling/
http://www.fml.mpg.de


Tiling Arrays Learning the Normalization

Transcript Normalization Results fml

0 20 40 60 80 100
0

20

40

60

80

100

Recall [%]

Pr
ec

is
io

n 
[%

]

Raw intensities:

Transcript normalization:

Sequence quantile normalization:

PM-MM intensities:
Naef & Magnasco normalization:

AUC = 0.704
AUC = 0.684
AUC = 0.627
AUC = 0.586

area under the curve (AUC) = 0.762 [Zeller et al., PSB 2008]

[see Munch et al., BMC Bioinf. 2006]
[Royce et al., Bioinf. 2007]

Transcript normalization (TN) results in better separation between
background and exon signals → improves transcript identification
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Gunnar Rätsch (FML, Tübingen) Machine Learning in Transcriptome Analysis Jun 28, 2009 7 / 29

www.fml.mpg.de/raetsch/research/tiling/
http://www.fml.mpg.de


Tiling Arrays Learning the Normalization

Detection of Alternative Transcripts (I) fml
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tissue-specific
intron retention

Annotated transcripts

Arabidopsis tissues:

Goal: Identify exon/intron segments that are differentially spliced in
the analyzed samples. [Eichner, 2008, Eichner et al., 2009]
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Tiling Arrays Learning the Normalization

Detection of Alternative Transcripts (II) fml
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partial
intron retention Annotated transcripts

Goal: Identify exon/intron segments that show different intensities
than other exons/introns in at least one analyzed sample.

[Eichner, 2008, Eichner et al., 2009]
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Tiling Arrays De Novo Transcript Discovery

Tiling Array Segmentation fml

Hybridization intensity

Hybridizing mRNA transcript

Desired segmentation

Goal: Characterize tiling probes either as intergenic, exonic or intronic

margin-based segmentation of tiling array data (mSTAD)

www.fml.mpg.de/raetsch/research/tiling/

[Zeller et al., 2008b]
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Tiling Arrays De Novo Transcript Discovery

The mSTAD Approach fml

intergenic exonic intronic

E IS

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

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

[Zeller et al., 2008b]
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Tiling Arrays De Novo Transcript Discovery

The mSTAD Approach fml
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Tiling Arrays De Novo Transcript Discovery

The mSTAD Approach fml
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Tiling Arrays De Novo Transcript Discovery

Method Comparison fml
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Substantially improved exon probe recognition
over the most widely used “transfrag” method

[Zeller et al., 2008b]
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Tiling Arrays De Novo Transcript Discovery

Transcriptionally Active Regions (TARs) fml

new TAR, not previously apparent from ESTs or cDNAs

www.weigelworld.org/resources/microarray/at-tax/

Applications:
I Discovery of novel transcripts
I Stress induced changes
I Analysis of RNA-processing mutants

[Laubinger et al., 2008b,a, Zeller et al., 2009]
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Next Generation Sequencing Technology & Limitations

Sequencing Techniques & Applications fml
Applications of DNA/RNA sequencing:

I De novo genome sequencing

I Genome resequencing

I Transcriptome sequencing

I Methylation analysis

Sequencing Technology

I Capillary/Sanger sequencing

I Pyrosequencing (Roche/454)

I SOLiD sequencing (ABI)

I Flow cell sequencing (Illumina)

I Single molecule sequencing (Nano
pores, etc.)

} Next Generation Se-
quencing
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Next Generation Sequencing Technology & Limitations

Illumina Sequencing fml
I Solexa released a sequencing machine in 2006
I Fragment sizes from 28− 100nt
I Probes are fixed to a glass plate “flow cell”
I Reagents are directed through flow cell

(see Movie [Ossowski, 2007])
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Next Generation Sequencing Technology & Limitations

Overview / Extensions fml
Technology Read length Output/run Run time

Illumina GA II 40− 100 bp ≈6-20 Gbp 5− 8d
ABI SOLiD 35− 50 bp ≈6-15 Gbp 6− 7d
Roche/454 300− 500 bp ≈100 Mbp 7h

Sanger 1000 bp ≈67 kbp 1h

There are several extensions
available:

I mate-pair / paired-end

I bisulfite treatment

I multiplexing 8× 12
; 96 samples per flow cell

[Sutskever, 2008]
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Sanger 1000 bp ≈67 kbp 1h

There are several extensions
available:

I mate-pair / paired-end

I bisulfite treatment

I multiplexing 8× 12
; 96 samples per flow cell

[Sutskever, 2008]
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Next Generation Sequencing Data Analysis Challenges

Short Reads Analysis - Methods fml
After sequencing:

I Base Calling (image analysis & phasing correction)

I Assembly (generate larger contigs)

I Mapping/Alignments (map reads to reference genome)

I Identification and quantification of transcripts

[Erlich et al., 2008]
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Next Generation Sequencing Data Analysis Challenges

Short Reads Analysis - Methods fml
After sequencing:

I Base Calling (image analysis & phasing correction)
I Assembly (generate larger contigs)

I Mapping/Alignments (map reads to reference genome)
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[Zerbino and Birney, 2008, Sutskever, 2008]
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Next Generation Sequencing Data Analysis Challenges

Short Reads Analysis - Methods fml
After sequencing:

I Base Calling (image analysis & phasing correction)

I Assembly (generate larger contigs)

I Mapping/Alignments (map reads to reference genome)

I Identification and quantification of transcripts

[Ossowski et al., 2008, Rumble et al., 2009, Li et al., 2009]
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Short Reads Analysis - Methods fml
After sequencing:

I Base Calling (image analysis & phasing correction)
I Assembly (generate larger contigs)
I Mapping/Alignments (map reads to reference genome)
I Identification and quantification of transcripts

[Behr et al., 2008, Jiang and Wong, 2009, Bohnert et al., 2009, Sammeth, 2009a]
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Next Generation Sequencing Data Analysis Challenges

Short Reads Analysis - Methods fml
After sequencing:

I Base Calling (image analysis & phasing correction)

I Assembly (generate larger contigs)

I Mapping/Alignments (map reads to reference genome)

I Identification and quantification of transcripts

Problem: 100 million reads of short length often with many errors

⇒ Big computational challenge
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Next Generation Sequencing Data Analysis Challenges

Spliced vs. Unspliced Alignments fml

[Wikipedia]
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Next Generation Sequencing Data Analysis Challenges

Spliced vs. Unspliced Alignments fml

I Find matching region on genome with a few mismatches

I Efficient data structures for mapping many reads

I Most current mapping techniques are limited to unspliced reads
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Next Generation Sequencing Accurate Spliced Alignments

Extended Smith-Waterman Algorithm 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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Next Generation Sequencing Accurate Spliced Alignments

Extended Smith-Waterman Algorithm 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
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Next Generation Sequencing Accurate Spliced Alignments

QPalma’s Accurate Alignments 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

SmithW Intron Intron+Splice Intron+Splice
   +Quality

A
lig

nm
en

t  
Er

ro
r  

Ra
te

14.19% 9.96% 1.94% 1.78%

[De Bona et al., 2008]
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Next Generation Sequencing Biases

RNA Sequencing and Biases fml

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

AAAAAAA

mRNA

fragmentation

sequence library

RT

fragmen-
tation

RT

Biases due to . . .
I cDNA library construction

I Sequencing

I Read mapping

exonic reads

genome

transcripts

junction reads

aligned 
reads
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Next Generation Sequencing Biases

Priming and Fragmentation Biases fml
Profile: normalised positional read coverage along the transcript
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AAAAAAA

AAAAAAA

AAAAAAA
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sequence library

RT
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tation
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Transcript profiles for different lengths

 1.5

relative transcript position 5’ -> 3’

re
ad
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ov

er
ag

e

 0

0.5

1

1.0 - 1.4 kb
1.4 - 1.8 kb
1.8 - 2.3 kb
2.3 - 17.0 kb

Data generated for A. thaliana with Flux Simulator v1.0 [Sammeth, 2009b]

I Oligo-dT priming

I Physical cDNA fragmentation
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Next Generation Sequencing Biases

Other Biases fml
PCR Bias

sequence library

Sequencer short sequence reads

M
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Figure provided by Georg Zeller

RNA-Seq data (A. thaliana)

I Exonic GC content
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Next Generation Sequencing Biases

Other Biases fml
Read Mapping Bias

exonic reads

genome

transcripts

junction reads

aligned 
reads

position relative to intron

re
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RNA-Seq data (A. thaliana)

I Exon boundaries
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Next Generation Sequencing RNA Quantification

rQuant – Basic Idea fml
re

ad
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ov
er

ag
e

relative transcript position 5’ -> 3’

Short transcript

A

Mi = wAAi + wBBi ⇒ minwA,wB

∑
i ` (Mi , Ri)
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Gunnar Rätsch (FML, Tübingen) Machine Learning in Transcriptome Analysis Jun 28, 2009 24 / 29

http://www.fml.mpg.de


Next Generation Sequencing RNA Quantification

rQuant – Basic Idea fml
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

re
ad

 c
ov

er
ag

e

genome position 5’ -> 3’

Mixture of transcripts

A

B

M

R

expected

observed

Mi = wAAi + wBBi ⇒ minwA,wB

∑
i ` (Mi , Ri)
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Next Generation Sequencing RNA Quantification

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.

gene AT1G01240
chromosome 1,  forward strand

99,960 100,368 100,776 101,184 101,592
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0

re
ad
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ou
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s

[Bohnert et al., 2009]

Gunnar Rätsch (FML, Tübingen) Machine Learning in Transcriptome Analysis Jun 28, 2009 25 / 29

http://www.fml.mpg.de


Next Generation Sequencing RNA Quantification

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.

gene AT1G01240
chromosome 1,  forward strand

AT1G01240.1   +
110 1,178

625

AT1G01240.2   +
190 1,178

436

AT1G01240.3   +
1,941

99,960 100,368 100,776 101,184 101,592

6.00

4.80

27.20

6.00
4.80

70

60

50

40

30

20

10

0

re
ad

 c
ou

nt
s

27.20

38.00

[Bohnert et al., 2009]
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Next Generation Sequencing RNA Quantification
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Next Generation Sequencing RNA Quantification

Evaluation I fml
Our method rQuant: Position-wise, with profiles

compared to

I Position-wise, without profiles

I Segment-wise, without profiles [Jiang and Wong, 2009]

I Segment-wise, with profiles [Sammeth, 2009a]

Estimate transcript abundances

I Using simulated data for A. thaliana (Flux Simulator)

I Subset of alternatively spliced genes

Evaluation: Spearman correlation between

I Simulated RNA expression level and

I Predicted transcript weights
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Next Generation Sequencing RNA Quantification

Evaluation II fml
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Conclusions

Conclusions fml
I Biases in Tiling array and RNA-Seq data are severe

I Computational models help to deal with the biases and to
increase the value of the data

I Computational models of how the gene expression/processing
works helps to more accurately deal with the measurements

I Proper learning-based techniques often perform considerably
more accurate than ad hoc methods

I More information on
www.fml.mpg.de/raetsch/research/transcriptomics

I The slides can be found on
www.fml.mpg.de/raetsch/lectures

Thank you for your attention!
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I Computational models help to deal with the biases and to
increase the value of the data

I Computational models of how the gene expression/processing
works helps to more accurately deal with the measurements

I Proper learning-based techniques often perform considerably
more accurate than ad hoc methods

I More information on
www.fml.mpg.de/raetsch/research/transcriptomics

I The slides can be found on
www.fml.mpg.de/raetsch/lectures

Thank you for your attention!
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J. Eichner, G. Zeller, S. Laubinger, D. Weigel, and G. Rätsch. Analysis of alternative transcripts
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