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Motivation

Discovery of the Nuclein
(Friedrich Miescher, 1869) fml
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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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≈ 80 years later ...

[Watson and Crick, 1953]

Gunnar Rätsch (FML, Tübingen) Methods for Quantitative Transcriptome Analyses Sloan-Kettering Institute, New York City 2

http://www.fml.mpg.de


Motivation

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

Computational 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

Machine Learning in Biology
Research Topics fml
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1 Large scale sequence analysis
⇒ Develop fast and accurate classification methods

2 Predicting for structured outputs
⇒ Accurate segmentation and structure prediction

3 Genome annotation
⇒ Predict features encoded on DNA

4 Analysis of polymorphisms
⇒ Discover polymorphisms and associate with phenotypes

5 Biological networks
⇒ Understand interactions between gene products
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Recent Machine Learning Work

Machine Learning Methods
 Develop fast, accurate and interpretable learning methods fml

1 Large scale sequence classification
[Rätsch et al., 2006a, Sonnenburg et al., 2007a, Toussaint et al., 2010, Sonnenburg et al., 2010]

2 Analysis and explanation of learning results

[Rätsch et al., 2006b, Sonnenburg et al., 2008, Zien et al., 2009]

3 Sequence segmentation & structure prediction

[Zeller et al., 2008, Rätsch et al., 2007, Schweikert et al., 2009b]

4 Transfer learning [Schweikert et al., 2008, Widmer et al., 2010b,a]

Algorithms implemented in Shogun toolbox (GPL, ≥ 1000 users)
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Gunnar Rätsch (FML, Tübingen) Methods for Quantitative Transcriptome Analyses Sloan-Kettering Institute, New York City 5

http://shogun-toolbox.org
http://www.fml.mpg.de


Recent Machine Learning Work

Machine Learning Methods
 Develop fast, accurate and interpretable learning methods fml

1 Large scale sequence classification
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Recent Machine Learning Work Signal Recognition

Example: Splice Site Recognition
fml

True Splice Sites

Gunnar Rätsch (FML, Tübingen) Methods for Quantitative Transcriptome Analyses Sloan-Kettering Institute, New York City 6

http://www.fml.mpg.de


Recent Machine Learning Work Signal Recognition

Example: Splice Site Recognition
fml

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

150 nucleotides window around dimer≈

True Splice Sites
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Recent Machine Learning Work 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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Recent Machine Learning Work 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., 2007b]
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Recent Machine Learning Work 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
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Recent Machine Learning Work Signal Recognition

Kernels and String Data Structures
fml

Good news: Use WD kernel to implicitly consider features:

[Rätsch et al., 2007, Rätsch and Sonnenburg, 2004]

Drawback: Training is too expensive for millions of examples

Needs more sophisticated algorithms:

Exploit that features are sparse and can be explicitly represented

String indexing data structures
[Sonnenburg et al., 2007a, Sonnenburg and Franc, 2010]

Use novel optimization techniques

Subgradient-based optimization [Franc and Sonnenburg, 2009]

Implemented in Shogun toolbox [Sonnenburg et al., 2010]
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Gunnar Rätsch (FML, Tübingen) Methods for Quantitative Transcriptome Analyses Sloan-Kettering Institute, New York City 8

http://www.fml.mpg.de


Recent Machine Learning Work Signal Recognition

Kernels and String Data Structures
fml

Good news: Use WD kernel to implicitly consider features:
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Recent Machine Learning Work Signal Recognition

Results on Splice Site Recognition
[Sonnenburg et al., 2007b] fml

Worm Fly Cress Fish Human
Acc Don Acc Don Acc Don Acc Don Acc Don

Markov Chain
auPRC(%) 92.1 90.0 80.3 78.5 87.4 88.2 63.6 62.9 16.2 26.0

SVM
auPRC(%) 95.9 95.3 86.7 87.5 92.2 92.9 86.6 86.9 54.4 56.9

Acceptor Splice Site Recognition:
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Recent Machine Learning Work Gene Prediction

Genome-wide Signal Predictions
fml

cleave

polyA

Stop

Acceptor

Donor

TIS

TSS

[Rätsch et al., 2007, Schweikert et al., 2009b]
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Genome-wide Signal Predictions
fml

[Rätsch et al., 2007, Schweikert et al., 2009b]
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Recent Machine Learning Work Gene Prediction

Genome-wide Signal Predictions
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.

⇒ Structured Output Prediction

[Rätsch et al., 2007, Schweikert et al., 2009b]
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RNA-seq Methods

RNA-seq-based Transcriptome Analyses
fml

ShortSIG 2008: QPalma (∼ Palmapper) [De Bona et al., 2008, Jean et al., 2010]

ShortSIG 2009: rQuant [Bohnert and Rätsch, 2010]

Hitseq 2010: rDiff [Stegle et al., 2010a]
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mGene.ngs strategies

mGene.ngs Overview
fml

Goal: Integrate RNA-seq and genomic sequence information

Learn function f (y |x) that scores gene models y based on
different sources of information x

Choose parameters of scoring function such that

f (y |x)� f (y ′|x) for all y ′ 6= y (“large margin”)

Hidden semi-Markov Support Vector Machines (HsM-SVMs)
[Altun et al., 2003, Rätsch and Sonnenburg, 2007]

Adapts to quality of RNA-seq alignments

Alternative transcripts are predicted by parsimonious
quantitation of paths through splice graph
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mGene.ngs strategies

mGene.ngs Parameter Estimation
fml

acc

don

tss

tis

stop

True gene model 2 3 4 5

STEP 1: SVM Signal Predictions

genomic position

genomic position

Sc
or

e 
f(y

|x
)

Gunnar Rätsch (FML, Tübingen) Methods for Quantitative Transcriptome Analyses Sloan-Kettering Institute, New York City 13

http://www.fml.mpg.de


mGene.ngs strategies

mGene.ngs Parameter Estimation
fml

acc

don

tss

tis

stop

True gene model 2 3 4 5

STEP 1: SVM Signal Predictions

genomic position

genomic position

Sc
or

e 
f(y

|x
)
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intron support 
from spliced reads
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mGene.ngs strategies

Results for C. elegans
fml

RNA-seq:

paired-end, strand-specific RNA ligation based protocol

76bp reads, 50 million reads

Alignment with Palmapper

Evaluation:

Transcript-level F-score of coding transcripts
. . . for different expression levels

Compare mGene (ab initio), mGene.ngs, cufflinks
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mGene.ngs strategies

Results for C. elegans
fml
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mGene.ngs strategies

Digestion
fml

Observations:

RNA-seq helps to improve performance

Genomic signals help much (see cufflinks)

Problems:

Need existing annotation for training

Cannot predict non-coding transcripts
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mGene.ngs strategies

Skimming and Non-coding Transcripts
fml
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mGene.ngs strategies

Discussion
fml

Observations:

60-70% of expressed genes correct, RNA-seq improves by 15%

Lowly expressed genes cannot be predicted (many GPCRs)

Disagreements often in genes with alternative isoforms

Why just 60% correct (20% for human)?
What is missing?

Current methods ignore other important information:

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

Ab initio methods cannot predict alternative transcripts

How much of the annotation is actually exactly correct?
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mGene.ngs strategies Auxiliary Measurements

Gene Finding + Auxiliary Measurements
[Behr et al., 2008] 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%

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

6 . . . with all information combined 84.3%

Measuring vs. modeling transcriptomes

[Wikipedia]
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mGene.ngs strategies Alternative Transcripts

Infer alternative isoforms

mGene.ngs prediction

Build splicing graph
using spliced reads

Generate transcripts
from graph

rQuant: explain
coverage by sparse,
weighted sum of
transcripts
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Gunnar Rätsch (FML, Tübingen) Methods for Quantitative Transcriptome Analyses Sloan-Kettering Institute, New York City 22

http://www.fml.mpg.de


mGene.ngs strategies Alternative Transcripts

Infer alternative isoforms

mGene.ngs prediction

Build splicing graph
using spliced reads

Generate transcripts
from graph

rQuant: explain
coverage by sparse,
weighted sum of
transcripts
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mGene.ngs strategies 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
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mGene.ngs strategies 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”

Now we can use RNA-seq data to train such models . . .
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A. thaliana Resequencing and Annotations

Application: Annotate 19 Arabidopsis Strains
fml

Collaborative project:

Richard Mott (U Cambridge), Richard Clark (U Utah), . . .

Data
DNA Sequencing and reference-guided assembly of
18 Arabidopsis thaliana genomes + reference (“Col 0”)

founder strains for large collection of multi-parent (MAGIC) lines

RNA sequencing of young seedling RNA of
19 founder strains (2 biological replicates)
22 MAGIC lines (1 measurement)

Questions
Extent of polymorphism, variant numbers, genomic patterns
Understand functional consequences of polymorphisms

Large- and small-effect changes
Loss-of-function or alternative annotation?

Understanding differential gene expression
Patterns, effect of polymorphisms, eQTLs, heritability
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A. thaliana Resequencing and Annotations Effects of Polymorphisms

Large-effects and Loss-of-function
fml

Large effects of polymorphisms:

Signal site consensus disruption

Frame-shifts or premature stop codons

To which extend do “large effects” lead to disrupted gene products?

Are there alternative, plausible gene models?

Strategy:

Find gene with large effect change

Predict gene model for locus using mGene.ngs

Compare gene product in reference genome and alternative gene
product on strain’s genome (amino acid similarity ≥ 90%)
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Gunnar Rätsch (FML, Tübingen) Methods for Quantitative Transcriptome Analyses Sloan-Kettering Institute, New York City 26

http://www.fml.mpg.de


Summary
fml

Accurate classification of millions/billions of sequences is
possible

Analysis tools for RNA-seq data: from alignments to significant
results

De novo annotation of newly sequenced genomes by combining
accurate transcriptome models and RNA-seq

Auxiliary measurements improve transcriptome models

Alternative gene models for large effects polymorphisms often
exist

cis-effects. Next: trans-effects and quantitative modeling
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Further information
Slides available at:

fml.mpg.de/raetsch/lectures
Sören

Sonnenburg

Jonas
Behr

Gabriele
Schweikert
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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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