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Machine Learning in Biology
Research Topics fml
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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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Machine Learning
 Develop fast, accurate and interpretable learning methods fml
Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models
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Machine Learning
 Develop fast, accurate and interpretable learning methods fml
Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models

Example:

Two different classes of observations
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Machine Learning
 Develop fast, accurate and interpretable learning methods fml
Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models

Example:

Inferred classification rule
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Machine Learning
 Develop fast, accurate and interpretable learning methods fml
Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models

1 Large scale sequence classification

2 Analysis and explanation of learning results

3 Sequence segmentation & structure prediction
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Learning about the Transcriptome

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

Machine Learning View

How to learn to predict what these processes accomplish?

How well can we predict it from the available information?

Biological View
1 What can we not predict yet? What is missing?
2 Can we derive a deeper understanding of these processes?
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Learning about the Transcriptome Gene Finding

1st Step: Computational Gene Finding
fml

DNA

Protein

Given a piece of DNA sequence

Predict gene products
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Learning about the Transcriptome Gene Finding

1st Step: Computational Gene Finding
fml

DNA

pre-mRNA

mRNA

Protein

5' UTR 

exon

intergenic

3' UTR

intron

genic

exon exonintron

polyAcap

Given a piece of DNA sequence

Predict gene products inluding the intermediate processing steps
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Learning about the Transcriptome Gene Finding

1st Step: Computational Gene Finding
fml

DNA

pre-mRNA

mRNA

Protein

polyAcap

TSS

Splice
Donor

Splice
Acceptor

Splice
Donor

Splice
Acceptor

TIS Stop

polyA/cleavage

Predict signals used during processing
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Learning about the Transcriptome Gene Finding

1st Step: Computational Gene Finding
fml

DNA

pre-mRNA

mRNA

Protein

polyAcap

TSS Donor Acceptor Donor Acceptor

TIS Stop

polyA/cleavage

Predict signals used during processing

Predict the correct corresponding label sequence with labels
“intergenic”, “exon”, “intron”, “5’ UTR”, etc.
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Gene Prediction Signal Recognition

Example: Splice Site Recognition
fml

True Splice Sites
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Gene Prediction Signal Recognition

Example: Splice Site Recognition
fml

CT...GTCGTA...GAAGCTAGGAGCGC...ACGCGT...GA

150 nucleotides window around dimer≈

True Splice Sites

Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 6 / 26

http://www.fml.mpg.de


Gene Prediction Signal Recognition

Example: Splice Site Recognition
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CT...GTCGTA...GAAGCTAGGAGCGC...ACGCGT...GA

150 nucleotides window around dimer≈

Potential Splice Sites
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Gene Prediction Signal Recognition

Example: Splice Site Recognition
fml

CT...GTCGTA...GAAGCTAGGAGCGC...ACGCGT...GA

150 nucleotides window around dimer≈

Potential Splice Sites

...
True sites: fixed window around a true splice site
Decoy sites: all other consensus sites

⇒ Millions of examples from EST databases
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Gene Prediction Signal Recognition

Example: Splice Site Recognition
fml

CT...GTCGTA...GAAGCTAGGAGCGC...ACGCGT...GA

150 nucleotides window around dimer≈

Potential Splice Sites

Basic idea:

For instance, exploit that exons
have higher GC content

or

that specific motifs appear near
splice sites.

[Sonnenburg et al., 2007]
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Gene Prediction Signal Recognition

Example: Splice Site Recognition
fml

CT...GTCGTA...GAAGCTAGGAGCGC...ACGCGT...GA

150 nucleotides window around dimer≈

Potential Splice Sites

Basic idea:
In practice: Use one feature per
possible substring (e.g. ≤20) at all
positions

150·(41+. . .+420) ≈ 2·1014 features

Needs efficient algorithms

Leads to most accurate
predictors that currently exist
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Gene Prediction Signal Recognition

Example: Predictions in UCSC Browser
fml

[Rätsch et al., 2007, Schweikert et al., 2009b]
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Gene Prediction Signal Recognition

Example: Predictions in UCSC Browser
fml

[Rätsch et al., 2007, Schweikert et al., 2009b]
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Gene Prediction Signal Recognition

Example: Predictions in UCSC Browser
fml

Signals have to appear in the right order

TSS TIS cleaveStop

Don Acc

Based on known genes, learn how to combine
predictions for accurate gene prediction.

⇒ Prediction of “Structured Outputs”

[Rätsch et al., 2007, Schweikert et al., 2009b]
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Gene Prediction Signal Recognition

Results using mGene
fml

Most accurate ab initio method in the nGASP genome
annotation challenge for C. elegans [Coghlan et al., 2008]

Validation of gene predictions for C. elegans: [Schweikert et al., 2009b]

No. of genes No. of genes Frac. of genes
analyzed w/ expression

New genes 2,197 57 ≈ 42%
Missing unconf. genes 205 24 ≈ 8%

Annotation of other nematode genomes: [Schweikert et al., 2009b]
Genome Genome No. of No. exons/gene mGene best other

size [Mbp] genes (mean) accuracy accuracy
C. remanei 235.94 31503 5.7 96.6% 93.8%
C. japonica 266.90 20121 5.3 93.3% 88.7%
C. brenneri 453.09 41129 5.4 93.1% 87.8%
C. briggsae 108.48 22542 6.0 87.0% 82.0%

Web service for ab initio gene predictions [Schweikert et al., 2009a]
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Gene Prediction Limitations and Extensions

Limitations/Extensions
fml

Gene finding (by far) still not perfect

New ab initio techniques more accurate
Many genes mis-predicted (C. elegans: ≈ 50%; human: ≈ 80%)

What is missing?

Not enough examples for training?
Model complexity?
Other information?

Transcriptome is the result of many complex processes

Current methods also ignore other important information:

Chromatin structure and methylation patterns
RNA structure and processing regulation . . .

Ab initio methods cannot predict alternative transcripts
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Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 10 / 26

http://www.fml.mpg.de


Gene Prediction Limitations and Extensions

Limitations/Extensions
fml

Gene finding (by far) still not perfect

New ab initio techniques more accurate
Many genes mis-predicted (C. elegans: ≈ 50%; human: ≈ 80%)

What is missing?

Not enough examples for training?
Model complexity?
Other information?

Transcriptome is the result of many complex processes

Current methods also ignore other important information:

Chromatin structure and methylation patterns
RNA structure and processing regulation . . .

Ab initio methods cannot predict alternative transcripts
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Gene Prediction Auxiliary Data

Gene Finding + Auxiliary Measurements
[Behr et al., 2009, in prep.] 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 human gene
prediction

Ideally, consider measurements from the same sample
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Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 11 / 26

http://www.fml.mpg.de


Gene Prediction Alternative Transcripts

Alternative Transcripts: First Steps
fml

Predictions of alternative splicing

Predict novel alternative splicing as independent events

Only use sequence information [Rätsch et al., 2005]

Requires known gene structures: Use ab initio predictions
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Gene Prediction Alternative Transcripts

Alternative Transcripts: More Steps
fml

Combine gene finding with prediction of alternative splicing

Machine learning challenge:

Input: DNA sequence
Output: Splicing graph

mGene approach can be extended to

Predict “simple splicing graphs”

But, without clean data we cannot train the model . . .
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TSS TIS cleaveStop

Don Acc

A-Don A-AccExon
skip
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Reconstructing the Transcriptome

Reconstructing the Transcriptome
fml

mRNA

Protein

polyAcap

DNA

Directly measure the transcriptome

Whole genome tiling arrays

Transcriptome sequencing (Sanger or Next Generation Sequencing)
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Reconstructing the Transcriptome

mRNA Deep Sequencing
fml

[Wikipedia]
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Reconstructing the Transcriptome

RNA-Seq Analysis Steps
fml

RNA-Seq
Reads

Read-to-Genome 
Alignment

Read Counting Significance 
Testing

Differentially 
Processed Transcripts/

Segments
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Reconstructing the Transcriptome

RNA-Seq Analysis Steps
fml

RNA-Seq
Reads

Read-to-Genome 
Alignment

Read Counting Significance 
Testing

Differentially 
Processed Transcripts/

Segments

De novo 
Assembly

Transcript 
Quantitation

Transcript 
Reconstruction

TARs and 
Transcripts
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Reconstructing the Transcriptome Read Alignment

RNA-Seq Read Alignment
fml

...ACGGTGGTCAATGTACCTTAAATGGTGTAAATTTGACCACACGTGAAGAGAGCCCTCC...

ACGGTGGTCAATGTACCTTAAATGGTGT
GTCAATGTACCTTAAATGGTGTAAATTTG

ATGGTGTAAATTTGACCACACGTGAAGA

coverage

0
1
2
3

RNA-Seq data

gene structure
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Reconstructing the Transcriptome Read Alignment

RNA-Seq Read Alignment
fml

RNA-Seq data

Gene structure

Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 17 / 26

http://www.fml.mpg.de


Reconstructing the Transcriptome Read Alignment

RNA-Seq Read Alignment
fml

RNA-Seq data

Gene structure
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Reconstructing the Transcriptome Read Alignment

RNA-Seq Read Alignment
fml

RNA-Seq data

Gene structure
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Reconstructing the Transcriptome Read Alignment

Extended Smith-Waterman Algorithm
⇒ Combine heterogeneous evidence for accurate alignment 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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Quality scoring f : (Σ× R)× Σ → R [De Bona et al., 2008]
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Reconstructing the Transcriptome Read Alignment

QPalma’s Accurate Alignments
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

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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Combining Gene Finding and Measurements

Gene Finding + Transcriptome Measurements
fml

DNA

pre-mRNA

mRNA

Protein

polyAcap

TSS Donor Acceptor Donor Acceptor

TIS Stop

polyA/cleavage

Combination
Higher accuracy
Condition/tissue specific predictions
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Combining Gene Finding and Measurements Transcriptome Measurements

Gene Finding + Transcriptome Measurements
[Behr et al., 2009, in prep.] fml

Idea: 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%

Transcriptome measurements certainly help, but predictions
are still quite far from perfect.
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Combining Gene Finding and Measurements Biases

RNA Quantification and Biases
fml
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Combining Gene Finding and Measurements Biases

Priming and Fragmentation Biases
fml

Profile: normalised positional read coverage along the transcript
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Oligo-dT priming

Physical cDNA fragmentation
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Combining Gene Finding and Measurements Biases

Sequencing Bias
fml

PCR Bias

sequence library

Sequencer short sequence reads
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Figure provided by Georg Zeller

RNA-Seq data (A. thaliana)

Exonic GC content
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Combining Gene Finding and Measurements Biases

Mapping Bias
fml
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Combining Gene Finding and Measurements RNA Quantification

rQuant – Basic Idea
fml
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Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 25 / 26

http://www.fml.mpg.de


Combining Gene Finding and Measurements RNA Quantification

rQuant – Basic Idea
fml

re
ad

 c
ov

er
ag

e

relative transcript position 5’ -> 3’

Long transcript

re
ad

 c
ov

er
ag

e

relative transcript position 5’ -> 3’

Short transcript

A

B

Mi = wAAi + wBBi ⇒ minwA,wB

∑
i ` (Mi , Ri)
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Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 25 / 26

http://www.fml.mpg.de


Combining Gene Finding and Measurements 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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Conclusions
fml

Methods for characterizing transcriptomes
in different organisms
under different conditions (development/environment)

Gene finding methods
Improved accuracy due to novel inference methods
Limitations: no alternative transcripts or expression information

Analysis of transcriptome measurements
Identification of alternative transcripts
Quantification of transcript abundances

Combination of predictions and measurements
Measurements help to predict more accurately
Allows us to train more sophisticated models predicting
alternative transcripts
Help to uncover the full complexity of transcriptomes

Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 26 / 26

http://www.fml.mpg.de


Conclusions
fml

Methods for characterizing transcriptomes
in different organisms
under different conditions (development/environment)

Gene finding methods
Improved accuracy due to novel inference methods
Limitations: no alternative transcripts or expression information

Analysis of transcriptome measurements
Identification of alternative transcripts
Quantification of transcript abundances

Combination of predictions and measurements
Measurements help to predict more accurately
Allows us to train more sophisticated models predicting
alternative transcripts
Help to uncover the full complexity of transcriptomes
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Human Splice Sites with WD Kernel
[Sonnenburg et al., 2007] fml

Performance (=Area under PRC curve) keeps increasing.
⇒ Use all available data!
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Priming and Fragmentation Biases
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Profile: normalised positional read coverage along the transcript
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Discriminative Gene Prediction (simplified)
fml

[Rätsch, Sonnenburg, Srinivasan, Witte, Müller, Sommer, Schölkopf, 2007]

Simplified Model: Score for splice form y = {(pj , qj)}J
j=1:

F (y) :=
J−1∑
j=1

SGT (f GT
j ) +

J∑
j=2

SAG (f AG
j )︸ ︷︷ ︸

Splice signals

+
J−1∑
j=1

SLI
(pj+1 − qj) +

J∑
j=1

SLE
(qj − pj)︸ ︷︷ ︸

Segment lengths

Tune free parameters by solving quadratic optimization problem.
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Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 30 / 26

http://www.fml.mpg.de


References

rQuant – Iterative Algorithm
fml

1 Optimise transcript weights: minw

∑
i `

(∑
t w (t)p

(t)
i , Ri

)
2 Optimise profile weights: minp

∑
i `
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t w (t)p

(t)
i , Ri

)
3 Repeat 1. and 2. until convergence.
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Using simulated data for A. thaliana (Flux Simulator)

Subset of alternatively spliced genes
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S. Sonnenburg, G. Rätsch, A. Jagota, and K.-R. Müller. New methods for splice-site
recognition. In Proc. International Conference on Artificial Neural Networks, 2002.

S Sonnenburg, G Schweikert, P Philips, J Behr, and G Rätsch. Accurate splice site prediction
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Gunnar Rätsch (FML, Tübingen) Inference Methods for Transcriptome Analysis Future of CB, 22.9.2009 37 / 26

http://www.fml.mpg.de

	Learning about the Transcriptome
	Gene Finding

	Gene Prediction
	Signal Recognition
	Limitations and Extensions
	Auxiliary Data
	Alternative Transcripts

	Reconstructing the Transcriptome
	Read Alignment

	Combining Gene Finding and Measurements
	Transcriptome Measurements
	Biases
	RNA Quantification

	
	References
	References

