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Research Topics

Group established in 2005 focusing on:

© Machine learning methods
=> Develop fast, accurate and interpretable learning methods

@ Genome annotation
= Predict features encoded on DNA

© Analysis of polymorphisms
=> Discover polymorphisms and associate them with phenotypes

@ Biological networks
=> Understand interactions between gene products
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of the DNA of C. elegans

Friedrich Mlescher Laboratory
of the Max Planck St

150 000

>CHROMOSOME_I

GCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGC
CTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCT
AAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAE3
GCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGC
CTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCT
AAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAA
GCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGC
CTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCT
AAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAAAAATTGAGATAAGAAAA
CATTTTACTTTTTCAAAATTGTTTTCATGCTAAATTCAAAACGTTTTTTT
TTTAGTGAAGCTTCTAGATATTTGGCGGGTACCTCTAATTTTGCCTGCCT
GCCAACCTATATGCTCCTGTGTTTAGGCCTAATACTAAGCCTAAGCCTAA
GCCTAATACTAAGCCTAAGCCTAAGACTAAGCCTAATACTAAGCCTAAGC
CTAAGACTAAGCCTAAGACTAAGCCTAAGACTAAGCCTAATACTAAGCCT
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Ab initio Gene Prediction

Friedrich Miescher Laboratory
of the Max Planck Society

Genes

Gene 1 Gene 2 Gene 3

&« & @

Protein 1 Protein 2 Protein 3

)99 3

@ Find stretches in the DNA coding for proteins
@ 70-99% of the DNA sequence is non-coding
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Genome Annotation

Friedrich Miescher Laboratory
of the Max Planck Society

@ lIdentification of Genes
=- Basis for subsequent biological analyses
@ Detailed description of genes

= Function
= Cellular localization
= |nteractions
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Genome Annotation

Friedrich Miescher Laboratory
the Max Planck Society

@ lIdentification of Genes
=- Basis for subsequent biological analyses
@ Detailed description of genes

= Function
= Cellular localization
= |nteractions

First steps:

@ Alignment of known genes

= e.g. known mRNA or peptide sequences ...
. possibly from related organisms

@ Prediction of new genes

= Recognition of various signals on DNA
= Prediction of mRNA & gene products
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Friedrich Miescher Laboratory
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Genome Annotation Challenge

Rate of genome sequencing

@ Since 1995 already 180 genomes sequenced -
@ Many computational tools are available for . k==
gene prediction (usually HMM based) §

@ Yet, gene predictions are very inaccurate! E“”-]'H"

2

2008
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Rate of genome sequencing

@ Since 1995 already 180 genomes sequenced -

@ Many computational tools are available for . k== :
gene prediction (usually HMM based) 5

=aandil

@ Yet, gene predictions are very inaccurate! ““ﬂ"

Example: Nematodes:
o C. elegans sequenced in 1998, C. briggsae in 2002

@ Several more nematode genomes have recently been
sequenced (C. remanei, C. japonica, P. pacificus, . ..)

@ Genomes need to be annotated! Which gene finder?
@ nGASP competition:

e Controlled competition conditions
o ldentify the most accurate method
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Genome Annotation Challenge

Friedrich Miescher Laboratory
e M

@ Since 1995 already 180 genomes sequenced

@ Many computational tools are available for
gene prediction (usually HMM based)

@ Yet, gene predictions are very inaccurate!
Example: Nematodes:
o C. elegans sequenced in 1998, C. briggsae in 2002

@ Several more nematode genomes have recently been
sequenced (C. remanei, C. japonica, P. pacificus, . ..)

@ Genomes need to be annotated! Which gene finder?

@ nGASP competition:

e Controlled competition conditions
o ldentify the most accurate method
Our contribution: A novel accurate gene finding system
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___DNA genic intergenic
pre - mRNA
exon intron exon intron exon
mRNA
5'UTR N /" \ 3'UTR
protein
|

Problem is slightly more difficult: genes have structure
@ Given a DNA sequence x € {'A",’C''G','T'}*
@ Find the correct label sequencey = y1y> ...y
(y; € Y = {'intergenic’, 'exon’, 'intron’, ... })
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Hidden Markov Models

Friedrich Miescher Laboratory
of the Max Planck Society

MOdel Sequence Content: i;i&“:
@ One state per segment type PR iwen gon aron aaon

5'UTR S~ N\ 7\ 3'UTR

mRNA

protein

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 9 /56



Hidden Markov Models

Friedrich Miescher Laboratory
f the Max Planck Society

Model sequence content: O —— —
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Hidden Markov Models

Model sequence content:

@ One state per segment type
@ Allow only plausible transitions
@ Content statistics at each state

e Derived from known genes

A:30%
C:20%
G:20%
T:30%

Friedrich Miescher Laboratory
of the Max Planck Society

DNA genic intergenic _
pre - mRNA
exon intron exon __intron __exon
mRNA
5'UTR 7N /\___3'UTR
protein
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Hidden Markov Models

Model sequence content:
@ One state per segment type
@ Allow only plausible transitions
@ Content statistics at each state

e Derived from known genes
Prediction:

Friedrich Miescher Laboratory
f the Max Planck Society

genic

intergenic _

pre - mRNA

exon intron exon __intron _exon

mRNA

5'UTR ~ N 7\ 3'UTR

protein

@ Given DNA, find most likely state sequences

A:30%
C:20%
G:20%
T:30%
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Model sequence content:
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genic

intergenic _

pre - mRNA

exon intron exon __intron _exon

mRNA
5'UTR ~ N 7\ 3'UTR

protein

@ Given DNA, find most likely state sequences

A:30%
C:20%
G:20%
T:30%

@ Focuses on “content” e

@ "Signals” often poorly modeled

Gunnar Ratsch (FML, Tibingen)

>

p(x,y) = TT=7 p(xilyi)p(yisalyi)
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Gunnar Ratsch (FML, Tibingen)

Our Approach: Modeling Signals & Content

¢ Max Planck Society

@ States correspond to sequence signals

e Depends on recognition of signals on the DNA
@ Transitions correspond to segments

e Model length and content of segment

DNA CGTATAAGCTTATAACCGATTAAGTATGTAGTCTGTTAAGTGTAGCATAGTAGAGAAGTAATAAACGTCAACC

CONTENTS Intergenic 5'UTR Exon Intron Exon 3'UTR Intergenic

TATAA AUG GU AG UAG AATAAA CA

SIGNALS TSS IS |
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Our Approach: Modeling Signals & Content

e Max Planck Society

@ States correspond to sequence signals
e Depends on recognition of signals on the DNA

@ Transitions correspond to segments
e Model length and content of segment

@ Markovian on segment level, non-Markovian within segments
o Allows efficient decoding and modeling of segment lengths
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Friedrich Miescher Laboratory
e Max Planck Society

Our Approach: Modeling Signals & Content

@ States correspond to sequence signals
e Depends on recognition of signals on the DNA

@ Transitions correspond to segments
e Model length and content of segment

@ Markovian on segment level, non-Markovian within segments
o Allows efficient decoding and modeling of segment lengths

DNA CGTATAAGCTTATAACCGATTAAGTATGTAGTCTGTTAAGTGTAGCATAGTAGAGAAGTAATAAACGTCAACC
CONTENTS Intergenic 5'UTR Exon Intron Exon 3'UTR Intergenic
[ —
TATAA GU AG UAG AATAAA CA

SIGNALS { TIS

m%

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 10 / 56




Recognition of Signals and Content

Friedrich Miescher Laboratory

the Max Planck Society

Sensors to recognize signals:
@ Transcription start and cleavage site, polyA site
@ Translation initiation site and stop codon
@ Donor and acceptor splice sites
Discriminate true signal positions against all other positions

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 11 / 56



Recognition of Signals and Content

Sensors to recognize signals:
@ Transcription start and cleavage site, polyA site
@ Translation initiation site and stop codon
@ Donor and acceptor splice sites
Discriminate true signal positions against all other positions

Sensors to recognize contents:
@ Exons
@ Introns
@ Intergenic

Distinguish one content type from all others

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 11 / 56



Friedrich M|escher Laboratory
of the Max Planck Si

Recognition of Signals and Content

Sensors to recognize signals:
@ Transcription start and cleavage site, polyA site
@ Translation initiation site and stop codon
@ Donor and acceptor splice sites
Discriminate true signal positions against all other positions

Sensors to recognize contents:
@ Exons
@ Introns
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Typical approach: PSSMs or higher order Markov chains
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Recognition of Signals and Content
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Sensors to recognize signals:
@ Transcription start and cleavage site, polyA site
@ Translation initiation site and stop codon
@ Donor and acceptor splice sites
Discriminate true signal positions against all other positions

Sensors to recognize contents:
@ Exons
@ Introns
@ Intergenic

Distinguish one content type from all others

Typical approach: PSSMs or higher order Markov chains

Here: Support Vector Machines

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 11 / 56



Example: SVMs for Splice Site Recognition

Friedrich Miescher Laboratory
of the Max Planck Society

~ 150 nucleotides window around dimer

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

@ True sites: fixed window around a true splice site

@ Decoy sites: all other consensus sites

CGTTTCAACCATTTTGAG
CAGATATAATAATCTAATT
AACACATCCGTCTGTGCC
CAATCTCCAAAACCAACAC

= Very unbalanced problem (1 positive against ~ 200 negatives)
= Millions of points from EST databases
= Large scale methods necessary
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Example: SVMs for Splice Site Recognition

CT...GTC

Basic idea:

Gunnar Ratsch (FML, Tibingen)

Friedrich Miescher Laboratory
the Max Planck Society

~ 150 nucleotides window around dimer

GTA...GAAGCTAGGAGCGC. . .ACGCGT...GA

GC content 5' of 'AG'

() d
.& spli::?iQes

splice sites

(L
AG —
AG

AG

GC content 3' of 'AG'

mGene: A Novel Discriminative Gene Finding System

For instance, exploit that
exons have higher GC con-
tent

or

that certain motifs appear
near splice sites.
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~ 150 nucleotides window around dimer
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~ 150 nucleotides window around dimer

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

Basic idea:
For instance, exploit that

g exons have higher GC con-
s tent

5

£ or

o

(&)

(0

that certain motifs appear
near splice sites.

GC content 3' of 'AG'
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Example: SVMs for Splice Site Recognition Frietich Miescher Laboratry

of the Max Planck Socie

~ 150 nucleotides window around dimer

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

Basic idea:
For instance, exploit that

g exons have higher GC con-
s tent

5

£ or

o

(&)

(0

that certain motifs appear
near splice sites.

GC content 3' of 'AG'

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

150 - (4 + 42 + ... +4%) =~ 210" features
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Kernels and String Data Structures

Friedrich Miescher Laboratory
e Max Planck Society

Good news: Can use kernel to implicitly consider features:

k(s1,82) = w7 +W1 + w2+ w2 + w3

S1—>—AGTC GGACATCAGTAGACAGA A—>

[
$2—>—TTAT CAAAGACATCAGTAGAC T—>

[Ratsch, Sonnenburg, Srinivasan, Witte, Miiller, Sommer, Schélkopf, 2007]

Bad news: Need to compute kernel between all pairs of sequences
@ 1,000, 0007 kernel elements :-(

@ Need more sophisticated algorithms [Schalkopf & Smola, 2006]
e lteratively consider smaller subproblems
@ SMO type optimization
e Exploit that features are sparse
e String indexing data structures

Implemented in a freely available software package
http . //WWW . ShOgun—toolbOX . Org [Sonnenburg, Rieck, Ratsch, 2007]
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Example 1: Splice Site Recognition

Friedrich Miescher Laboratory

e Max Planck Society

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 Recognition Performance Donor Recognition Performance

60-

@
S

50+

@
S

40-

B
t=}

positive predictive value [1-FDR] (%)
positive predictive value [1-FDR] (%)

30 T \worm MC H 30 T—wormMC
2p | ——worm SVM L 20/ | ——worm SVM
- - -human MC A - - ~human MC
10" |- - -human SVM 3 10~ - - - human SVM
\
\
00 20 80 100 00 20 80 100

40 0 A 60
true positive rate (%) true positive rate (%)

[Sonnenburg, Schweikert, Philips, Behr, Ratsch, 2007]
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Example 2: Transcription Start Prediction

Friedrich Miescher Laboratory
the Max Planck Society

Performance for human:
@ Important to detect gene

PRC dbtssv5 - dbtssv4 (chunksize 50)

boundaries
@ Depends on many factors 3
[}
. . >
o Weakly defined signal ©
oL 3 e
@ Use combination of features § 0.1| MCPromoter
e TSS Signal g P
o Physical properties of 2 | = '
FirstEF (* Lo
MCPromoter|" *
0.01

0.01 0.1
true positive rate

= 35% true positives at a false positive rate of 1/1000
(best other method finds about half (18%))

[Sonnenburg, Zien, Ratsch, 2006]
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SVMs vs. Markov Chains

Friedrich Miescher Laboratory
f the Max Planck Society

Pro SVMs:

@ Much more accurate than Markov chains (and many other methods)

@ Continue to improve with more data

[Sonnenburg, Zien, Ratsch, 2006, Sonnenburg et al., 2007]
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Pro SVMs:

@ Much more accurate than Markov chains (and many other methods)

@ Continue to improve with more data

[Sonnenburg, Zien, Ratsch, 2006, Sonnenburg et al., 2007]

Contra SVMs:
@ (Originally) not large scale

o New developments: can deal with 10 million examples

[Sonnenburg, Rieck, Ratsch, 2007]
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Pro SVMs:
@ Much more accurate than Markov chains (and many other methods)

@ Continue to improve with more data

[Sonnenburg, Zien, Ratsch, 2006, Sonnenburg et al., 2007]

Contra SVMs:
@ (Originally) not large scale

o New developments: can deal with 10 million examples
[Sonnenburg, Rieck, Ratsch, 2007]

@ Difficult to interpret

e New visualization technique: POIMs

[Sonnenburg, Zien, Philips, Ratsch, ISMB, 2008]
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SVMs vs. Markov Chains

Friedrich Miescher Laboratory
e Max Planck Society

Pro SVMs:

@ Much more accurate than Markov chains (and many other methods)

@ Continue to improve with more data
[Sonnenburg, Zien, Ratsch, 2006, Sonnenburg et al., 2007]
Contra SVMs:
@ (Originally) not large scale

o New developments: can deal with 10 million examples
[Sonnenburg, Rieck, Ratsch, 2007]
@ Difficult to interpret
o New visualization technique: POIMs
[Sonnenburg, Zien, Philips, Ratsch, ISMB, 2008]
@ No probabilistic outputs
o Prerequisite for use in generative models like HMMs
e Need new approach for combining predictions!

[Tsochantaridis et al., 2005, Ratsch & Sonnenburg 2006]
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Exa m ple P red ICtIOﬂ S | n U CS C B rowser FﬁiGinCh Mjgsgjer Laboratory
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Example: Predictions in UCSC Browser

Friedrich Miescher Laboratory
the Max Planck Society

chri: 110900 111000 111100 111200 111300 111400 111500 111600 111700 111800 111900 112000 112100 112200

WormBase Gene Annotations

F53G12.10.1
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F53G12 {0
1

155
00 ]“.ll.... |.I|...||H||”|“|||]|.‘|.|I| il A |
01

tis 1 | | |
0.0 L

- | | |
09 I | 1

02_

stop | |
0.0 FRENY I " 1 1
02_
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00 1 ]
04 _

cleave IH_I_
00 1 o I
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Large Margin Learning (simplified)

Friedrich Miescher Laboratory
of the Max Planck Society

Sequence AATCAACGTTGGECTCCACGAATACGGATCGOGCTGOGACGAGGATATCGGTCCTACTTARAC AAACAATTCTGATTTCAGGAACAATAA

SVMar
detector n

% output F [ -
© aVMas T

detector |'|

. I

true splicing  EE——

wrong splicing  I———————— — —
% candidate y
=] Y y =r
™ cumulative Y margin

splice score

[Ratsch, Sonnenburg, Srinivasan, Witte, Miiller, Sommer, Schélkopf, 2007]
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Friedrich Miescher Laboratory
he Max Planck Society

Large Margin Learning (simplified)

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGCGACGAGGATATCGGTCCTACTTAAACAAACAATTCTGATTTCAGGAACAATAA
SVMar

detector ”

output r [ -
SVMas T ’J

detector H

| days

true splicing  EE——

wrong splicing  I———————— —
candidate
Y =

cumulative Y
splice score

¢ dais

rge
margin

LTI

[Ratsch, Sonnenburg, Srinivasan, Witte, Miiller, Sommer, Schélkopf, 2007]

o Simplified Model: Score for splice form y = {(p;, ¢;) }/_;:

J

J-1 J J-1
f(y) == Z SGT(ﬂGT) + Z SAG(GAG) + Z Su(piv1 — @) + Z Sie(q = py)
j=1 j=2 j=1 j=1

Splice signals Segment lengths
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The Learning Problem

Friedrich M|escher Laboratory
of the Max Planck Si

Given a sequence of observations (features) x € X
We want to learn a function:

f:X—=Y

which yields a label sequence (or path) 7 € Y
(of equal length: |x| = |y|).

Employ a function

Fo: XxY—=R (path scoring)

with which

f(x) = argmax F(x, ) (Viterbi decoding)

TeY

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 20 / 56



The Learning Problem

Friedrich Miescher Laboratory
he Max Planck Society

The discriminant function Fg (simplified)

Fe(x,m) = ZZ[[WP = K]] gjk(xip) + O(mp-1,7p)

p=1 j,k

@ gj: feature scoring contributions, for each pair of features
Jj€1l ..., Mandstates ke l,....S

@ ¢: transition scores

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 21 / 56
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The Learning Problem
The discriminant function Fg (simplified)

Fe(x,m) = Z Z[[Wp = K]] gjk(xip) + O(mp-1,7p)

p=1 j,k

@ gj: feature scoring contributions, for each pair of features

Jj€1l ..., Mandstates ke l,....S

@ ¢: transition scores
Fo(x',m) — Fo(x',®) >0 Vm#7 Vi

Large margin separation
21 /56

between the correct labeling 7/
and any other (wrong) labeling 7.
mGene: A Novel Discriminative Gene Finding System
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Training: Solve Optimization Problem

1~
i - (7
S 50

s.t. F@(x(i),w(i)) — F@(x(i),f) =l = £(i)
v £x) Vi=1,...,n,

o &: slack variables

@ : linear regularization term
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Training: Solve Optimization Problem

1~
i - (7
Jit 52T Ce)

s.t. Fo(x®, ) — Fo(xD,7w) > 1 —¢0)
vae £ Vvi=1,...n,

o &: slack variables

@ : linear regularization term

Exponentially number of margin constraints !
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Training: Solve Optimization Problem

6,£>0

1<
- il (1)
min - ;g + CQ(O)

s.t. Fo(x®, () — Fo(x), 7)) >

v A7) Vi=1,...,n

of the Max Planck S

1—¢0

Friedrich M|escher Laboratory

o &: slack variables

@ : linear regularization term

Employ “Column Generation" strategy

o Initialize with empty set of constraints, random ©

@ Compute paths that maximally violates the margin constraints

@ Add constraint and solve intermediate LP

@ Run until convergence

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System
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Results Summary
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e Comparison with other methods

e Analysis of a few disagreeing cases

@ Splice forms only [Rétsch et al., PLoS Comp. Biol., 2007]

e Predictions available on http://www.wormbase.org
o Full gene predictions

o Participation at nGASP competition

e Preliminary evaluation

e Predictions available on http://www.wormbase.org

Gunnar Ratsch (FML, Tibingen)

mGene: A Novel Discriminative Gene Finding System
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Results | (Splice forms only)

Friedrich Miescher Laboratory
of the Max Planck Society

~3,800 gene models derived from cDNAs and ESTs
e 60% for training and validation
o 40% for testing (exclude alt. spliced genes)

@ Out-of-sample accuracy (/1100 gene models):

° Splice form error rate 400 with ORF information  without ORF information
) i @ 36.8%
o 4.8% (coding) |
e 13.1% (mixed)
e Much lower error rates than
state-of-the-art

o Exonhunter (Brejova et al.,
ISMB'05)

@ Snap (Korf, BMC
Bioinformatics 2004)

13.1%

Error rate in out-of-sample evalutation

[Ratsch et al., PLoS Comp. Biology, 2007]
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Results Il (Splice form only)

Friedrich Miescher Laboratory
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100% 100%

«
3
*

e Validation by RT-PCR & direct sequencing
o Consider 20 disagreeing cases
e Annotation was never correct
e 75% of our predictions were correct
(In collaboration with the Sommer lab.)

N IS x
3 3 3
® B ®

Experimental error rate on “hard” set

3
*

Prediction 46 47 54 42 44 389 58 48
=S 2 2 ) e A 2™
38 137 289 173 75 128 101 137 116
EST 54 42 44 389 58
"R A A mEEE
47 173 75 128 101 26
Annotation: 46 47 931 48
B ) s s | s ) o L
38 137 234 325 116
0 500 1000 1500
T12C9.7

[Ratsch et al., PLoS Comp. Biology, 2007]
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Results I1l: nGASP Competition

@ Controlled competition conditions:

e 10% for training methods
e 10% for evaluation

(4

Phase |: single predictors
Phase Il: combining algorithms

Four categories:

Ab initio gene finders

Dual/Multi-genome gene finders

Gene finders that use sequences alignments

Gene finders that combine any of above information

Preliminary evaluation on WS160 fully confirmed genes
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nGASP Cat. 1 evaluation (prelim.)

0.4

mean(sensitivity, specificity)

o
(S

0

nGASP CAT 1, confirmed

Friedrich Miescher Laboratory
of the Max Planck Society

nucleotides

Gunnar Ratsch (FML, Tibingen)

exon

transcript

mGene: A Novel Discriminative Gene Finding System

Il mGene NEW
Il mGene

Il AUGUSTUS
I FGENESH

[ IGLIMMERHMM
[ JEUGENE

[ JCRAIG

[ JGENEID

I SNAP

I AGENE

Il GENEMARKERHMM
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Discussion

Friedrich Miescher Laboratory

=—  of the Max Planck Society

@ Very good on nucleotide and exon level

@ Substantial improvements on transcript level
@ Re-annotation of C. elegans in official wormbase annotation

e total: 19532 genes predicted
e 635 new genes
e 350 unconfirmed genes are not predicted

@ Wetlab confirmations (preliminary results)

e Confirmed 55 of 103 newly predicted genes
e Confirmed only 4 of 50 annotated genes that were not predicted

@ Annotation of 6 other nematodes (http://www.wormbase.org)

@ Annotations of Arabidopsis species is under way

Gunnar Ratsch (FML, Tibingen) mGene: A Novel Discriminative Gene Finding System 28 / 56
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Summary and Future Work

Friedrich M|escher Laboratory
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(]

High accuracy on constitutively spliced genes for nematodes

First version of new gene finder system seems very promising
e Further improvements seem possible

Computational challenge: Include alternative splicing
e Often incomplete information
e Needs more data!?
o New sequencing technologies
o Tiling arrays

Re-annotation of Caenorhabditis and other genomes

©

e How can we learn from one organism for others?
@ General method for sequence segmentation
e mRNA to DNA alignments
(Schulze et al., 2007, De Bona et al., 2008)Schulze et al. [2007], Bona
et al. [2008]
e Segmentation of Resequencing Data (Zeller et al., 2008)
e Transcript Mapping from Tiling Arrays (Zeller et al., 2008)
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@ mSplicer contributors: Soren Sonnenburg, Jagan Srinivasan,
Hanh Witte, Ralf Sommer, Klaus-Robert Miiller, Bernhard
Scholkopf

@ mGene contributors: Gabriele Schweikert, Georg Zeller,
Alexander Zien, Cheng Soon Ong, Soren Sonnenburg

@ Group homepage:
http://www.fml.mpg.de/raetsch

@ Details, data sets & predictions (soon):
http://www.msplicer.org and http://www.mgene.org

@ A large scale open source ML toolbox:
http://www.shogun-toolbox.org

@ Other projects:
http://www.fml.mpg.de/raetsch/projects
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Machine Learning for Polymorphism
|dentification in Arabidopsis thaliana
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Introduction

Friedrich Miescher Laboratory
t Society

he Max Planck S

Arabidopsis distribution
+ Accession collected

What is the genetic basis of variation?

Modified from Koornneef et al. 2004. Ann. Rev. Plant Biology, 55, 141-172.
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Introduction
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Questions:
@ What sequence changes occur in short time frames? P
@ Which polymorphisms and genes underlie adaption?-

@ What are the consequences for gene function?
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Questions:
@ What sequence changes occur in short time frames? N
@ Which polymorphisms and genes underlie adaption?-

@ What are the consequences for gene function?

Arabidopsis thaliana:
@ 119 Mb finished euchromatic sequence (Col- 0)
@ Resources comparable to Drosophila and C. elegans~
@ Collections of >1000 wild strains from 3 continents
@ Strains are largely homozygous
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Introduction

Friedrich Miescher Laboratory
he Max Planck Society

Questions:
@ What sequence changes occur in short time frames?

@ Which polymorphisms and genes underlie adaption?

@ What are the consequences for gene function?

Arabidopsis thaliana:
@ 119 Mb finished euchromatic sequence (Col-0)
@ Resources comparable to Drosophila and C. elegans~
@ Collections of >1000 wild strains from 3 continents
@ Strains are largely homozygous

Resequencing of 20 wild strains S5
@ Genome-wide identification of sequence polymorphisms

@ High-density oligo-nucleotide arrays for high-throughput
resequencing
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Resequencing Array Basics |

Friedrich Miescher Laboratory
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reference DNA sequence

v

ACGTAAAGTCGAATGAAATGACCCCTTTTGAGAGCCCCGTT

hybridization
reference call intensity
l— ACGTAAAGTCGAATGAAATGACCCC []a
|— ACGTAAAGTCGACTGAAATGACCCC [ c
SNP
I— ACGTAAAGTCGAGTGAAATGACCCC e
RERNRRRRRRRRARARAnRnNANY
TGCATTTCAGCTCACTTTACTGGGGAAAACTCTC-O
|— ACGTAAAGTCGATTGAAATGACCCC m T
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Resequencing Array Basics |l

Reference DNA sequence Hybridization

1222222/ intensity

ACGTAAAGTCGAATGAAATGACCCCTTTTGAGAGCCCCGTT

ACGTAAAGTCGAATGAAATGACCCC
CGTAAAGTCGAATGAAATGACCCCT
GTAAAGTCGAATGAAATGACCCCTT
TAAAGTCGAATGAAATGACCCCTTT
AAAGTCGAATGAAATGACCCCTTTT
AAGTCGAATGAAATGACCCCTTTTG
AGTCGAATGAAATGACCCCTTTTGA

ACGT
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Resequencing Array Basics |l

Friedrich Miescher Laboratory

of the Max Planck Society

Reference DNA sequence Hybridization

1222222/ intensity

ACGTAAAGTCGAATGAAATGACCCCTTTTGAGAGCCCCGTT

ACGTAAAGTCGAATGAAATGACCCC
CGTAAAGTCGAATGAAATGACCCCT
GTAAAGTCGAATGAAATGACCCCTT
TAAAGTCGAATGAAATGACCCCTTT
AAAGTCGAATGAAATGACCCCTTTT
AAGTCGAATGAAATGACCCCTTTTG
AGTCGAATGAAATGACCCCTTTTGA

ACGT
>09.99% of bases represented

Each base queried with forward and reverse strand probe quartets
Nearly 1 billion oligos per ecotype

1941 ecotypes surveyed representing worldwide distribution
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Resequencing Data
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g 10 Data analysis challenge
5 e
£ 0s ° .Hybrld_lgatlon
5 intensities depend on
] N
= 00 CAAAGCTCGTGATCCACCAAGTGTTGCATTCCCACACCACGAGCTTGTC o Oligomer
o Ecotype
o Repeats
@ Measurement noise
@ Identify SNPs

Quality scores [T
0 16 32
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Resequencing Data

Friedrich Miescher Laboratory
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z 0] Data analysis challenge
g
£ @ Hybridization
Q - - .
5 intensities depend on
& .
o Oligomer
> o Ecotype
5 o Repeats
2 @ Measurement noise
2 S g - .
a - CAAAGCTCGTGATCCACCAAGTGTCGCATTCCCACACCACGAGCTTGTC o |dent|fy SNPS

Quality scores [T
0 16 32
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Resequencing Data

Friedrich Miescher Laboratory
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Data analysis challenge

@ Hybridization
intensities depend on

1.0

Relative intensity

o Oligomer
o Ecotype
o Repeats

@ Measurement noise
@ Identify SNPs

T aa Bayo Problematic cases

@ Highly polymorphic
regions

Relative intensity

Relative intensity

CAAAGCTCGTGATCCACCAAGTGTCACATTCCCACACCACGAGCTTGTC

@ Deletions/insertions

v

Quality scores [ T
0 16 32
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SVMs for SNP Identification
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Large Margin Learning

@ Extract 302 features

N\N\A Frfeature1 o .
- A feature 2 /\ ° Hybrldlzatlon
\my e +4nt around pos.
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SVMs for SNP Identification

Feature 2

4 " @ Extract 302 features
bt | .. .
U, H e Hybridization
e *4nt around pos.
i
““M ﬁ‘\‘\
;\‘Jr‘ww‘%
\
w\‘\‘l",{ " (M‘\h
JEL VAL
Il il \‘(‘
\M M N 1 T
A AT
>
Feature 1

Friedrich Miescher Laboratory
the Max Planck Society

Large Margin Learning

Gunnar Ratsch (FML, Tibingen) Machine Learning for Polymorphism Identification
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SVMs for SNP Identification

| A
9_) AU |
3 )
[y
[b] JI
L L=
:rL ! g L
(Y |
Feature 1

Gunnar Ratsch (FML, Tibingen)

\J

Machine Learning for Polymorphism Identification

Friedrich Miescher Laboratory
of the Max Planck Society

Large Margin Learning

@ Extract 302 features
o Hybridization
e +4nt around pos.

@ Use ~600kbp/strain
labeled positions
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Feature 2

SVMs for SNP Identification

Friedrich Miescher Laboratory
of the Max Planck Society

Large Margin Learning

@ Extract 302 features
e Hybridization
e *4nt around pos.
@ Use ~600kbp/strain
labeled positions
@ Use SVMs to find
non-linear separation
@ Tricks:
o Use filters to
reduce number of
negatives

Feature 1 o Use information
across strains
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Application to SNP Discovery
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@ Classification using Support Vector Machines with 302 features
@ ~22,400 known SNPs/ecotype (Nordborg et al., PLoS Biol., 2005)
@ Out-of-sample evaluation and prediction on whole genome

o Comparison with Perlegens model based method (Hinds et al., Science, 2005)

0.60

0.50

0.40 ~

0.30 4

0.20

(Nordborg et al. 2005 dataset)

Mean recovery over accessions

010 4
.[/ T

Gunnar Ratsch (FML, Tibingen)

A

+*

200,000

160,000

120,000

80,000

Mean no. SNP predictions
(per accession, whole genome)

40,000

Sites MB ML

0.01

T T LI — T ————————|0

Al . —
0.03 005 007 0.09
Coding P

False discovery rate UTR+intron

Intergenic * —

4 e *

AT LI — LI B S —

001 003 005 0.07 008

False discovery rate

Clark et al., Science, 2007.
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Limitations of the Technique

-
o

0.5

Relative intensity

Gunnar Ratsch (FML, Tibingen)

Friedrich Miescher Laboratory
=— of the Max Planck Society

@ Performance drops, when
other SNPs are in vicinity

@ Least predicted SNPs in
highly polymorphic regions!

@ ML more sensitive

Machine Learning for Polymorphism Identification 39 / 56



Limitations of the Technique

—_
o

Relative intensity
o
o

0.0

0.5 +

0.3 -

0.2 -

SNP recovery frequency
(summed across ecotypes)

0.1

0.0 -

iedrich Miescher Laboratory
e Max Planck Society

T.C |
G:A f? ga{ Results

I(
_/\YA

@ Performance drops, when

AT et et o highly polymorphic regions!

"b\/ ‘f’/ \%/ .{b/ A7

other SNPs are in vicinity
@ Least predicted SNPs in

Ve @ ML more sensitive
[0 MLFDR =0.02

® S P R 9 0

Distance to nearest polymorphic feature (bp)

Gunnar Ratsch (FML, Tibingen)
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Limitations of the Technique

—_
o

Relative intensity
o
o

I

e Max Planck Society

AN N
00 . other SNPs are in vicinity
e S P L P PSS ° L‘east predicted S.N Ps |‘n
06 4 0 NN Yoy e en e highly polymorphic regions!
— 05 m Ve @ ML more sensitive )
? é [ MLFDR =0.02
$2 o4 New Approach
8 o5 @ Polymorphic Region
§8 o0 | Prediction (PRP)
a £ 7
£ -
53 o . @ Novel ML techniques for
oo predicting genomic
Y @\’@ » > %\,@ Cﬁ)/@ o o N segments )

Friedrich Miescher Laboratory

@ Performance drops, when

Distance to nearest polymorphic feature (bp)

Gunnar Ratsch (FML, Tibingen)

Machine Learning for Polymorphism Identification
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Modeling Polymorphic Regions

Example sequence from Bor-4
SNPs

Friedrich Miescher Laboratory
of the Max Planck Society
Ins7rtion Deletion
|2 A~
w " Known labels
LR XX 44
t f t
50 100 150

260
Segmentation of measurement data into
o Conserved and

@ Polymorphic regions (distance <18nt)

Gunnar Ratsch (FML, Tibingen)

Machine Learning for Polymorphism Identification

Zeller et al., 2008.
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Modeling Polymorphic Regions

Example sequence from Bor-4

SNPs Insertion Deletion
A
‘ &\ w " Known labels
¢ 4 0 e

R I | I

segmentation

t

50 160 1%0 260
Segmentation of measurement data into

@ Conserved and

@ Polymorphic regions (distance <18nt)

Gunnar Ratsch (FML, Tibingen) Machine Learning for Polymorphism Identification

J Zeller et al., 2008.
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Modeling Polymorphic Regions

Example sequence from Bor-4

SNPs Insertion Deletion
A
‘ &\ w " Known labels
¢ 4 0 e

R I | I

segmentation

t

50 160 1%0 260
Segmentation of measurement data into

@ Conserved and

@ Polymorphic regions (distance <18nt)
Predict segmentation using state-model

@ Similar to Hidden Markov Models

@ Discriminative training with HM-SVMs

4

Friedrich Miescher Laboratory
he Max Planck Society

conserved

et
o

polymorphic

Zeller et al., 2008.
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Exon Intron Exon

Log max intensity

] [— [ E—— [—]
Known polymorphisms ‘ ¢ SNP == Deletion v Insertion |
Labels ’ mm Not polymorphic mm PR |
Predictions ‘ ¢ MBML2 SNP mm PR I
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Exon Intron Exon

Log max intensity

] [— [ E—— [—]
Known polymorphisms ‘ ¢ SNP == Deletion v Insertion |
Labels ‘ mm Not polymorphic mm PR |
Predictions ‘ ¢ MBML2 SNP mm PR ‘

Count prediction as correct if it overlaps by 75%
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Detection Performance
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A B
0.9 0.9}
0.8} 0.8}
>
0.7} 9 o7t
]
c 06} o 06+
(<} 2
1} =
G 0.5¢ : o 051
4 2
O 4t Al S o4l
£
0.3p Coding 3 o3f
0.2t 0.2t
01 Intergenic ol e
0 L L L L L L L L L . o Lt L L L L L
0 01 02 03 04 05 06 07 08 09 1 0 5 10 15 20 25
Recall Distance to nearest polymorphism (bp)

A. Precision-recall curves aver-
aged over cross-validation test
subsets for different sequence

types

B. Precision at the nucleotide
level as calculated for each posi-
tion within a prediction.
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Complementing SNP Calls
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1.0

-+ SNPsin PRs
3 0.8 + + + + + O SNPs in MBML2
g 00 T o @
% 04 fo)
®» 02
00 gm gl mem B0 0 7] mom mom
1 23] [45 [6.10] [11,20] [21,50] [51,100] >100
Distance from SNP to nearest polymorphism (bp)
Fraction of called/covered polymorphisms (test set):
| SNP calling (MB+ML) Region predictor
clustered SNPs ~12% ~T4%
all SNPs (exclusive) ~32% (8%) ~64% (42%)
Deletions (per base) ~53%
Insertions ~39%
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Predicted Effects on Gene Products
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SNPs may interfere with signal recognition

@ Transcription start & stop
@ Splice sites
@ Translation start & stop

@ Regulatory elements
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Predicted Effects on Gene Products

Friedrich Miescher Laboratory
of the Max Planck Society

SNPs may interfere with signal recognition

@ Transcription start & stop

@ Splice sites
@ Translation start & stop

@ Regulatory elements

Consequences

e Modification of consensus sequence (e.g. splice sites)

e Permanent change
= Easy to check
@ Weaker or stronger recognition of signals
e Different expression levels
o (Alternative) splicing pattern may change
= Needs ab initio gene finding
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Effects on Genes
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SNPs (MB+ML) leading to ...
109,976 amino acid changes

1,227 premature stops, 198 removed stops
156 initiation methionine changes
435 splice site changes

Major changes in 573 genes validated by dideoxy sequencing
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Effects on Genes
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SNPs (MB+ML) leading to ...
@ 109,976 amino acid changes

@ 1,227 premature stops, 198 removed stops
@ 156 initiation methionine changes

@ 435 splice site changes

@ Major changes in 573 genes validated by dideoxy sequencing

AT3G07030.1 AT3G07040.1 AT3G07050.1
_— —t—
Bor-4
C24 IR R !
Cvi-0 W ] RN
Fei-0 ul e T ! " ! e e
RRS_10 ] L — 1 ] " ] 1 1 1
Tsu-1 \ " . vl e
Known deletion e
Chr3 2224k 2225k 2226k 2227k 2228k 2229k 2230k 2231k
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Effects on Genes
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Major-effect changes by gene category (%)

LI . U N . S

Cytoplasmic ribosomal 230 |
MYB transcription factor 131 |
bHLH transcription factor 158 [
Glycosyltransferase related 277 [
Organic solute cotransporter 357 |
Acyl lipid metabolism 603 |\ Bl Large-effect SNP
EF-hand containing 187 | B Coding region in PRs
Glycoside hydrolase 303 (Il |
Cytochrome P450 215 |
RING 463 (I
Receptor-ike kinase 613 (I
Foox eco |
ne-LRR 125 |

Gene family
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Ab initio Gene Finding
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Given the DNA, predict resulting mRNA and protein

@ Requires very accurate identification of

e Splice sites, translation & transcription starts & stops
o Sites of regulation (transcription, splicing, etc.)
= Accurate large scale ML techniques

@ Develop methods to integrate single site predictions

= Novel learning methods for structured outputs
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Friedrich Miescher Laboratory

Ab initio Gene Finding fadich Miesch

Given the DNA, predict resulting mRNA and protein

@ Requires very accurate identification of
e Splice sites, translation & transcription starts & stops
o Sites of regulation (transcription, splicing, etc.)
= Accurate large scale ML techniques
@ Develop methods to integrate single site predictions
= Novel learning methods for structured outputs

Newly developed system “mSplicer” and “mGene”
@ Performance illustrated on C. elegans
@ Highly accurate gene structure prediction (drastic improvements)

@ Prediction of alternative splicing

Ratsch et al., 2004-2007

= Use system to predict effects of SNPs on splicing
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Predicted Effects by Gene Finding (Preliminary) T,
e Max Planck Society

Splice form (\!

Col sequence

Cvi sequence A A A— AN

predict
splice form

—

case I: case II:
identical splice form changed splice form
16664 genes 1366 genes
~92 % ~8 %
intron retentions: sl
single exon skips: 380
alt. 5 prime sites: 325
alt. 3 prime sites: 477
multiple exon skips: 23
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Example of Predicted Splice Form Change
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AT4G02980
Chromosome 4 +

e m—— e ——

annmanon—*/”ssa\mo\w/’sw\m}* +
Col—%mm +
van-— 383 90 397 8 +

ts—1 383 90 397 8 +
tamm- 383 90 397 85 +
sha 383 90 397 85 +
rrs—74T”’383\W‘ﬂ/as\?— +
rrs—1 = 383 90 397 85 = +
fei 145 383 Too, o0 mm=rs 87 oy oo 351 *
95(714T/’383\W7 +
bay- 45 196 Qe 105 e o0 V=0 397 DN So1 +
tou~1—m— 796 g 105 mm—50 — 397 85 = +
nfa— +
Iov754?/’383\ﬁ/go\m— +
Ier—1—mm/"3w\m/8?ﬁik +
got-7- 383 90 397 85 +
ovi-0 383 90 397 85 +
c24 383 90 397 85 +
br—U +
bor-4— M 195 U 100 SN COYEENSmS— 007 NN 65 SRS
bur-o— SN 333 EE G0 EEEmmm— g7 EEN 0 EEESSem—

768 1152 1536 1920 2304
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Conclusions
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@ Created inventory for polymorphisms in Arabidopsis thaliana
e Highly polymorphic: ~0.5% in SNPs, ~25% in PRPs
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@ Created inventory for polymorphisms in Arabidopsis thaliana
e Highly polymorphic: ~0.5% in SNPs, ~25% in PRPs

@ New method for SNP calling; more accurate than Perlegen’s
@ Accurate polymorphic region predictions
o Important for further analysis (e.g. dideoxy sequencing)
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Created inventory for polymorphisms in Arabidopsis thaliana
e Highly polymorphic: ~0.5% in SNPs, ~25% in PRPs

©

New method for SNP calling; more accurate than Perlegen’s

(]

Accurate polymorphic region predictions
o Important for further analysis (e.g. dideoxy sequencing)

(]

Large number of major effect changes
e Overrepresented in R genes, F-box genes, Receptor-like kinases

More predicted changes by ab initio gene finding
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Conclusions

Friedrich Miescher Laboratory
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Created inventory for polymorphisms in Arabidopsis thaliana
e Highly polymorphic: ~0.5% in SNPs, ~25% in PRPs

©

New method for SNP calling; more accurate than Perlegen’s

(]

Accurate polymorphic region predictions
o Important for further analysis (e.g. dideoxy sequencing)

(]

Large number of major effect changes
e Overrepresented in R genes, F-box genes, Receptor-like kinases

More predicted changes by ab initio gene finding

Application to other genomes (rice, mouse, human?)
@ Study variations using mRNA tiling arrays
e Expression levels, splicing, ...
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