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Discovery of the Nuclein
(Friedrich Miescher, 1869)

Tubingen, around 1869

Discovery of Nuclein:

@ from lymphocyte & salmon
o “multi-basic acid” (> 4)
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Discovery of the Nuclein
(Friedrich Miescher, 1869)

Tubingen, around 1869

Discovery of Nuclein:

@ from lymphocyte & salmon
o “multi-basic acid” (> 4)

“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) [Dahm, 2008]
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Learning about the Transcriptome

Learning about the Transcriptome

~» What is encoded on the genome and how is it processed?

RNA protein
transport  translation  activity
control control control
RNA 3 4 5 @ .
DNA transcript __, 'mRNA = mRNA —.protein.—.nactive
1 2 protein
transcriptional RNA
control processing
control
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Learning about the Transcriptome

Learning about the Transcriptome

~» What is encoded on the genome and how is it processed?

RNA protein

transport  translation activity

control control control

RNA 5 g :
DNA transcript ___ mRNA mRNA —. protein inactive
protein
transcriptional RNA
control processing

control

NUCLEUS CYTOSOL

Machine Learning View
@ How to learn to predict what these processes accomplish?
@ How well can we predict it from the available information?
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Learning about the Transcriptome

Learning about the Transcriptome

~» What is encoded on the genome and how is it processed?

RNA protein

transport  translation  activity

control control control

RNA 5 g .
DNA transcript ___ mRNA mRNA —. protein —nactive
protein
transcriptional RNA
control processing

control

NUCLEUS CYTOSOL

Machine Learning 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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Learning about the Transcriptome Gene Finding

1%' Step: Computational Gene Finding

Protein

@ Given a piece of DNA sequence

@ Predict gene products
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Learning about the Transcriptome Gene Finding

1%' Step: Computational Gene Finding

DNA

. ﬂenic intergenic .
pre-mRNA
exon intron exon intron exon
mRNA
5' UTR 3'UTR
@ polyA —
Protein

@ Given a piece of DNA sequence
@ Predict gene products inluding the intermediate processing steps
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Learning about the Transcriptome Gene Finding

1%' Step: Computational Gene Finding

DNA TSS polyA/cleavage

Splice Splice Splice Splice
pre-mRNA Donor Acceptor Donor Acceptor
mRNA TIS S

Protein

top
( \ A

@ polyA —
\/ \_/

@ Predict signals used during processing
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Learning about the Transcriptome Gene Finding

1%' Step: Computational Gene Finding

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage

TIS Stop

Protein

@ Predict signals used during processing
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Learning about the Transcriptome Gene Finding

1%' Step: Computational Gene Finding

TSS Donor Acceptor Donor Acceptor polyA/cleavage

Stop

Protein

@ Predict signals used during processing

@ Predict the correct corresponding label sequence with labels
“intergenic”’, “exon”, “intron”, “5" UTR", etc.
PRIB, September 7, 2009 4 /39
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Learning about the Transcriptome  Signal Recognition

Example: Splice Site Recognition

True Splice Sites
| | | ]
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Learning about the Transcriptome  Signal Recognition

Example: Splice Site Recognition

True Splice Sites

CT...GTC

Gunnar Ratsch (FML, Tiibingen)

GTA...GAAGCTAGGAGCGC. . .ACG

CGT..

~ 150 nucleotides window around dimer

Inference Methods for Transcriptome Analysis PRIB, September 7, 2009
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Learning about the Transcriptome  Signal Recognition

Example: Splice Site Recognition

Potential Splice Sites

.- AN VAN VAN
. () () Cieny () (1l [HRIEE] L) (1)
N/ N NS/ X 7\ =7/

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

~ 150 nucleotides window around dimer
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Example: Splice Site Recognition

Potential S
A

CT..

Learning about the Transcriptome  Signal Recognition

plice Sites

.GT

TA...GAAGCTAGGAGCGC. . .ACG

CGT...GA

~ 150 nucleotides window around dimer

AAACAAATAAGT CGTTTCAACCATTTTGAG
AAGATTAAAA \GATATAATAATCTAATT
CACTCCCC TAACACATCCGTCTGTGCC
TTAATTTCA \ATCTCCAAAACCAACAC

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

Gunnar Ratsch (FML, Tiibingen)

= Millions of examples from EST databases
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Learning about the Transcriptome  Signal Recognition

Example: Splice Site Recognition

Potential Splice Sites

. /N /2 VAN

L T (T IO (T 1T T TTT |
N/ N NS N\ \AX

D
D

d
d

CT... GTC|GTA. . .GAAGCTAGGAGCGC. . .ACGFGT ...GA

Basic idea: ~ 150 nucleotides window around dimer
For instance, exploit that exons
@ <\ decoy .
- /spucesites have higher GC content
<
S true or
o splice sites
(7] P . e .
£ | that specific motifs appear near
o
3 — splice sites.

[Sonnenburg et al., 2007b]
GC content 3' of 'AG'
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Learning about the Transcriptome  Signal Recognition

Example: Splice Site Recognition

Potential Splice Sites
.. /N /2
L T (T I (17 II}I

D
D

I
[IRINE] [ 11
NI/

d
d

CT... GTC|GTA. . .GAAGCTAGGAGCGC. . .ACGFGT ...GA

. . ~ 150 nucleotides window around dimer
Basic idea:

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

GC content 5' of 'AG'

150-(4'+. . .+4%°) ~ 2.10" features

GC content 3' of 'AG'
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Learning about the Transcriptome  Signal Recognition

Kernels and String Data Structures

=tml

Good news: Use WD kernel to implicitly consider features:

k(s1,82) = w7 +W1 + w2+ w2 + W3

$1—>—AGTC GGACATCAGTAGACAGA A—>
[
$2—>—TTAT CAAAGACATCAGTAGAC T—>

[Ratsch et al., 2007, Ritsch and Sonnenburg, 2004]
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Learning about the Transcriptome  Signal Recognition

Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:

k(s1,82) = w7 +W1 + w2+ w2 + W3

S1—>—AGTC GGACATCAGTAGACAGA A—>

[
S$2—>—TTAT CAAAGACATCAGTAGAC T—>

[Ratsch et al., 2007, Ratsch 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

e String indexing data structures [Sonnenburg et al., 2007a]
@ Use novel optimization techniques
e Use subgradient-based optimization [Franc and Sonnenburg, 2009]
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Learning about the Transcriptome  Signal Recognition

Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:
k(s1,82) = w7 +W1 + w2+ w2 + W3

S1—>—AGTC GGACATCAGTAGACAGA A—>

[
S$2—>—TTAT CAAAGACATCAGTAGAC T—>

[Ratsch et al., 2007, Ratsch and Sonnenburg, 2004]
Drawback: Training was too expensive for millions of examples

Needs more sophisticated algorithms:
@ Exploit that features are sparse and can be explicitly represented

e String indexing data structures [Sonnenburg et al., 2007a]
@ Use novel optimization techniques
e Use subgradient-based optimization [Franc and Sonnenburg, 2009]

Implemented in a freely available software package
www.shogun-toolbox.org [Sonnenburg et al., 2007a]
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Learning about the Transcriptome  Signal Recognition

Machine Learning Open Source Software

mlss.org

Contains more than 200 open software packages implementing
machine learning algorithms.

jmlr.csail.mit.edu/mloss

JMLR supports track on open source software, e.g.

@ implementations of machine learning algorithms
@ toolboxes

@ languages for scientific computing

Check out the JMLR paper “The Need for Open Source Software in
Machine Learning” by Sonnenburg et al. [Sonnenburg et al., 2007c]
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Learning about the Transcriptome

Signal Recognition

Results on Splice Site Recognition

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 | 83.2 || 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

60-
50-
40-

30" worm MC
2p}  ——worm SVM
- - -human MG
- - -human SVM

positive predictive value [1-FDR] (%)

10-

positive predictive value [1-FDR] (%)

30-

10~

——worm MC
20/  —worm SVM
- - ~human MC
- - -~human SVM

Donor Recognition Performance

OO 20 40 0 80 100 00 20 40 0 80 100
true positive rate (%) true positive rate (%)
[Sonnenburg, Schweikert, Philips, Behr, Ratsch, 2007]
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Learning about the Transcriptome  Signal Recognition

Human Splice Sites with WD Kernel

—8— acceptor
=6 donor

0.6 h

Area under the precision recall curve
CPU time in seconds required for training

q [ N S S
10° 10' 10° 10° 107 10° 10 10° 10° 10

Number of training examples Number of training examples

[Sonnenburg et al., 2007b]
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Learning about the Transcriptome  Signal Recognition

Human Splice Sites with WD Kernel

8
—8— acceptor —8— acceptor
=6 donor =t clonor

o
@

o
«

o
b

Area under the precision recall curve
CPU time in seconds required for training
)

03
10°
0.2
10'
01
10 10 10° 10 10 10 10 10 10 10

Number of training examples Number of training examples

Performance (=Area under PRC curve) keeps increasing.
= Pays off to use all available data!

[Sonnenburg et al., 2007b]
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Learning about the Transcriptome Gene Prediction

Example: Predictions in UCSC Browser

fml

chrl: 110900 111000 111100 111200 111800 111400 111500 111600 111700 111800 111900 112000 112100 112200
I I | I I I I | I I | | |

WormBase Gene Annotations

F53G12.10.1m
F53G12.10.3m
F53G12.10.2m
F53G12.1
1
TSS I
00 all 1l N T Al |
01_
TIS | | |
0(1) i 1 i
Acceptor | | | |
08 I 1
17
Doner | | | |
09 I
02_
Stop | |
00 I 1 1
02_
polyA I |
00 ] ]

04_
cleave
0.0 L ™ .I

[Ratsch et al., 2007, Schweikert et al., 2009b]

Gunnar Ratsch (FML, Tiibingen) Inference Methods for Transcriptome Analysis PRIB, September 7, 2009 11 /39


http://www.fml.mpg.de

Learning about the Transcriptome Gene Prediction

Example: Predictions in UCSC Browser

fml

chrl: 110900 111000 111100 111200 111800 111400 111500 111600 111700 111800 111900 112000 112100 112200
I I | I I I I | I I | | |

WormBase Gene Annotations

F53G12.10.1m
F53G12.10.3/w
F53G12.10.2m
F53G12.1
1_
TSS
00 all 1l .I:.. il A |
01_
TIS | | |
0(1) i 1 i
Acceptor | | | |
08 I 1
17
Doner | | | |
09 I
02_
Stop | |
00 I 1 1
02_
polyA I |
00 ] ]

04_
cleave
0.0 L ™ .I

[Ratsch et al., 2007, Schweikert et al., 2009b]
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Learning about the Transcriptome Gene Prediction

Example: Predictions in UCSC Browser

chrl: 110900 111000 111100 111200 111300 111400 111500 111600 111700 111800 111900 112000 112100
I I | I I I I | I I

WormBase Gene Annotations

F53G12.10.1 s>

= fml

112200

F53G12.10.3(m
F53G12.10.2m
F53G12.10
1_
TSSOO . . I|l||”||||| hoa |
ns O Signals have to appear in the right order
00____
Acce;::t'or TSS TIS | m
09
1
e —
on%l; (ﬁ)—v( Acc )
Stop )

>— Based on known genes, learn how to combine
P°'VA __predictions for accurate gene prediction.

O

cleave
» — = Structured Output Prediction
[Rétsch et al., 2007, Schweikert et al.,
Gunnar Ratsch (FML, Tiibingen) Inference Methods for Transcriptome Analysis PRIB, September 7, 2009
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Learning about the Transcriptome Gene Prediction

Discriminative Gene Prediction (simplified) -
—Tm

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAAGAAACAATTCTGATTTCAGGAAC AATAA
SVMar
detactor ”

output I [ ’J

SVMua o

detector N H

true splicing

| dajs

wrong splicing  EE——————— —
candidate

i large
cumulative Y margin
splice score

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

z dois

Simplified Model: Score for splice form y = {(p;, g;)}7_;:

J-1 J J-1 J
F(y) ==Y Ser(f°T) + > Sac(F9)+ Y St(pi1— ) + > Sie(q; — p)
=1 =2 =1 =1

Splice signals Segment lengths
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Learning about the Transcriptome Gene Prediction

Discriminative Gene Prediction (simplified) -
—1m

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAAGAAACAATTCTGATTTCAGGAAC AATAA
SVMar
detactor H

output I [ ’J

| dajs

SVMua o

detector N H

true splicing

wrong splicing  EE——————— —
candidate

i large
cumulative Yy margin
splice score

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

z dois

Simplified Model: Score for splice form y = {(p;, g;)}7_;:

J

J-1 J J-1
F(y) ==Y Ser(f°T) + > Sac(F9)+ Y St(pi1— ) + > Sie(q; — p)
=1 =2 =1 =1

Splice signals Segment lengths

Tune free parameters by solving quadratic optimization problem.
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Learning about the Transcriptome Gene Prediction

Discriminative Gene Prediction (simplified) -
—Tm

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAAGAAACAATTCTGATTTCAGGAAC AATAA
SVMar

detactor ”

output F [ J

SVMas
detector T N H

| dajs

true splicing

wrong splicing  EE——————— —
candidate [

z dois

large
Yy margin

3 cumulative
splice score

Take-Home Message et 2007]

Simplified © Avoid solving a huge optimization
J-1 problem by splitting it into two parts

Fly) = Zl o Exploit state-of-the-art signal Pi)
- predictions -

@ Predict more accurately than
Tune free generative models oblem.
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Learning about the Transcriptome Gene Prediction

Results using mGene

=tml

@ Most accurate ab initio method in the nGASP genome
annotation challenge for C. elegans [Coghlan et al., 2008]
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Learning about the Transcriptome Gene Prediction

Results using mGene

@ 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%
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Learning about the Transcriptome

Results using mGene

Gene Prediction

@ Most accurate ab initio method in the nGASP genome

annotation challenge for C. elegans

@ Validation of gene predictions for C. elegans:

[Coghlan et al., 2008]

[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%
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Learning about the Transcriptome Gene Prediction

Results using mGene

@ 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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Learning about the Transcriptome Gene Prediction

mGene.web: Gene Finding for Everybody ;-)

(Schweikert et al., NAR Webserver Issue, 2009)

fml

Galaxy
<> ][e + | @ hup://galaxy.fml.tuebingen.mpg.de/ ~(Q- Google a
[T] MyWiki nGASP ISI MyWiki send print LEO CiteSeer PubMed Boosting #G Nematode Net PubMed Bankingv Rewardsv Transportv Flightsv >
Galaxy/Rétsch Lab Info: report bugs | wiki | screencasts | blog  Logged in as Gunnar.Raetsch@tuebi
Tools History Options
Upload file X Sucesfully ran workflow "mGeneTrainWorkflow", the following datasets & 36: Log File ® 0 R
Get Data have been added to the queue.
Toy Data 2: Genome Annotation in GFF3 format % 35: Trained Content® § X
SVM Toolbox Predictor
3: Genome Sequence in FASTA format
KIRMES 1 34: Log File ® (
mGene Workflows 4: Log File
mGene Tools 5: mGene Genome Information ed Content®
= Examples and Instructions
Instructions on how to use the 6: Log File
mGene tools with predefined 32: Log File @
datasets 7: GFF2Anno on data 5 and data 2
= GenomeTool Creates genome 8: Content label file in CPF format 31: Trained Content® (
object from FASTA sequences Predictor
9: Log File
= Transcript2Anno Aligns a set of < 30: i
: ; 7% 30: Log Fill ®
MRNA or protein sequences 10: Content label file in CPF format 0q Tle 4
against the genome and ) — ‘
creates a genome annotation 11: Log File 29: Label filein SPE ® X
format
= GFF2Anno Generates an 12: Content label file in CPF format
annotation object 5
. i 28: Log File
13: Log File 28: Log File ® ) %
= Anno2Signallabel Generates
labeled positions from an 14: Content label file in CPF format 27: Labelfilein SPE @ ) %
annotation format
‘ 15: Log File "

= SignalTrain Trains a signal
St e e mtant lahal fila in CDE farmat *| |1 26: Log File ® ) R
Loading “http://galaxy.fml.tuebingen.mpg.de/", (cmplued T3 of 14 tems

mgene.org/web
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Learning about the Transcriptome Limitations and Extensions

Limitations/Extensions

@ Gene finding (by far) still not perfect

e New ab initio techniques more accurate
o Many genes mis-predicted (C. elegans: ~ 50%; human: =~ 80%)
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Learning about the Transcriptome Limitations and Extensions

Limitations/Extensions

@ Gene finding (by far) still not perfect
e New ab initio techniques more accurate
o Many genes mis-predicted (C. elegans: ~ 50%; human: =~ 80%)
o What is missing?
@ Not enough examples for training?

e Model complexity?
@ Other information?
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Learning about the Transcriptome Limitations and Extensions

Limitations/Extensions

@ Gene finding (by far) still not perfect
e New ab initio techniques more accurate
o Many genes mis-predicted (C. elegans: ~ 50%; human: =~ 80%)
o What is missing?
@ Not enough examples for training?

e Model complexity?
@ Other information?

@ Transcriptome is the result of many complex processes

e Ab initio methods cannot predict alternative transcripts
e Current methods also ignore other important information:

o Chromatin structure and methylation patterns
@ RNA structure and processing regulation ...
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Learning about the Transcriptome Limitations and Extensions

Alternative Transcripts: First Steps

Predictions of alternative splicing

@ Predict novel alternative splicing as independent events
@ Only use sequence information [Ratsch et al., 2005]

@ Requires known gene structures: Use ab initio predictions
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Learning about the Transcriptome Limitations and Extensions

Alternative Transcripts: More Steps

@ Combine gene finding with prediction of alternative splicing
e Machine learning challenge:

Input: DNA sequence
Output: Splicing graph
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Learning about the Transcriptome

Limitations and Extensions

Alternative Transcripts: More Steps

e Machine learning challenge:
Input: DNA sequence
Output: Splicing graph
@ mGene approach can be extended to

e Predict “simple splicing graphs”

(stop)
skip

Gunnar Ratsch (FML, Tiibingen) Inference Methods for Transcriptome Analysis

PRIB, September 7, 2009

= fml

@ Combine gene finding with prediction of alternative splicing
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Learning about the Transcriptome

Limitations and Extensions

Alternative Transcripts: More Steps

e Machine learning challenge:
Input: DNA sequence
Output: Splicing graph
@ mGene approach can be extended to

e Predict “simple splicing graphs”

(stop)
skip

@ But, without clean data we cannot train the model . ..
Gunnar Ratsch (FML, Tiibingen)

Inference Methods for Transcriptome Analysis

PRIB, September 7, 2009

= fml

@ Combine gene finding with prediction of alternative splicing
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Transcriptome Measurements

From Transcriptome to Products

DNA
] i
mRNA
polyA —
Protein
I

Directly measure the transcriptome
@ Whole genome tiling arrays
@ Transcriptome sequencing (Sanger or Next Generation Sequencing)
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Transcriptome Measurements  Tiling Array Technology

Tiling Arrays for Transcriptome Analysis

25 nt ~35 nt
probe spacing

microarray

(Work in collaboration with Detlef Weigel's lab, Max Planck Institute for Developmental Biology)
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Transcriptome Measurements  Tiling Array Technology

Tiling Arrays for Transcriptome Analysis

hybridizing mRNA transcript

<

O H B

hybridization intensity

@ Whole-genome quantitative measurements

(Work in collaboration with Detlef Weigel's lab, Max Planck Institute for Developmental Biology)
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Transcriptome Measurements  Tiling Array Technology

Tiling Arrays for Transcriptome Analysis

hybridizing mRNA transcript

<

O H B

hybridization intensity

@ Whole-genome quantitative measurements
o Cost-effective
= Replicates affordable, many tissues / mutants / conditions
@ Unbiased
= Do not rely on annotations or known cDNAs
= For known genes, gives similar results as traditional microarrays
[Laubinger et al., 2008b]
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Transcriptome Measurements  Tiling Array Normalization

Intensities are Noisy Measurements

« observed intensity
10 .
> o annotated exonic
@ ¢ annotated intronic
2
£
D 5-
(o]
—
transcript
0
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Transcriptome Measurements  Tiling Array Normalization

Intensities are Noisy Measurements

observed intensity

10+ - .
annotated exonic

annotated intronic

— “ideal noise-free intensity”

<& 0O

Log-intensity

transcript

Systematic bias induced by probe sequence effects
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Transcriptome Measurements  Tiling Array Normalization

Intensities are Noisy Measurements

observed intensity

annotated exonic

annotated intronic

— “ideal noise-free intensity”

fold difference 6 between
observed and transcript
intensity

<& 0O

Log-intensity

transcript

Systematic bias induced by probe sequence effects

= Model effect for normalization [Zeller et al., 2008b]
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Transcriptome Measurements  Tiling Array Normalization

Tiling Array Normalization

=fml

@ Transcript normalization assumes constant transcript intensities
y; (median estimate) [Zeller et al., 2008b]

« oObserved intensity

ol @@J M . _
> o annotated exonic
@ ¢ annotated intronic
_‘E — — transcript intensity
> 50
o
-

transcript
0
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Transcriptome Measurements  Tiling Array Normalization

Tiling Array Normalization

=fml

@ Transcript normalization assumes constant transcript intensities
y; (median estimate) [Zeller et al., 2008b]
@ Learns intensity deviation from transcript intensity §; .= y; — y;

« Observed intensity
o annotated exonic
¢ annotated intronic
— ‘“ideal noise-free intensity”
fold difference & between
observed and transcript
intensity

Log-intensity

transcript

0

Gunnar Ratsch (FML, Tiibingen) PRIB, September 7, 2009 21 /39
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Transcriptome Measurements  Tiling Array Normalization

Tiling Array Normalization

=fml

@ Transcript normalization assumes constant transcript intensities
y; (median estimate) [Zeller et al., 2008b]
@ Learns intensity deviation from transcript intensity §; .= y; — y;
@ Takes probe sequence x; (positional information on mono-, di-
and tri-mer occurrence) as input for regression.
Models probe sequence effect depending on y;: f(xi,yi) =~ 0;

« observed intensity
o annotated exonic

>

[ ¢ annotated intronic

% ‘ — ‘“ideal noise-free intensity”

D 5+ ' fold difference § between

o .

i observed and transcript
intensity

transcript

0
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Transcriptome Measurements Tiling Array Normalization

Tiling Array Normalization

=fml
@ Transcript normalization assumes constant transcript intensities
y; (median estimate) [Zeller et al., 2008b]

@ Learns intensity deviation from transcript intensity §; .= y; — y;
@ Takes probe sequence x; (positional information on mono-, di-
and tri-mer occurrence) as input for regression.
Models probe sequence effect depending on y;: f(xi,yi) =~ 0;

fa (x) Discretize y into @ = 20
ol : quantiles and  estimate
fo () @ independent functions

f(x),. .., fo(x)

f1(x)

Log-intensity

Linear regression
w7
fa(x) = wy x

0
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Transcriptome Measurements  Tiling Array Normalization

Transcript Normalization Results

100
80
9
= 60
[
Rel
R
O
o 40
DL. Transcript normalization:
area under the curve (AUC) = 0.762 [Zeller et al., PSB 2008]
20 | Raw intensities: AUC =0.704
0 . . . . ,
0 20 40 60 80 100

Recall [%]

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

www.fml.mpg.de/raetsch/research/tiling
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Transcriptome Measurements  Tiling Array Normalization

Transcript Normalization Results

100
80
o
o~
[
— 60
C
Q
R
O
o 40
DL. Transcript normalization:
area under the curve (AUC) = 0.762 [Zeller et al., PSB 2008]
20 Raw intensities: AUC =0.704
PM-MM intensities: AUC = 0.684
Sequence quantile normalization: AUC = 0.586 [Royce et al., Bioinf. 2007]
0 . . . . ,
0 20 40 60 80 100

Recall [%]

Transcript normalization (TN) results in better separation between
background and exon signals — improves transcript identification
www.fml.mpg.de/raetsch/research/tiling
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Transcriptome Measurements  Tiling Array Analysis Pipeline

Analysis Pipelines

Tiling Array
Measurements

Quantile Transcript
Normalization Normalization
T
|
|
v \4
Summarization +---- .| iggiisanse
Testing

Differentially
Processed Transcripts/
Segments
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Transcriptome Measurements Tiling Array Analysis Pipeline

Analysis Pipelines

Tiling Array
Measurements

Quantile Transcript Transcript
Normalization Normalization Segmentation
T
|
|
v \

SR ) .| Significance TARs and
Testing Transcripts
\i

Differentially
Processed Transcripts/
Segments

Gunnar Ratsch (FML, Tiibingen) Inference Methods for Transcriptome Analysis PRIB, September 7, 2009
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Transcriptome Measurements

Tiling Array Segmentation

Tiling Array Segmentation

=tml

Goal: Characterize each probe as either intergenic, exonic or intronic

Log-intensity
I

S0

observed intensity
annotated exonic
annotated intronic
annotated intergenic

Gunnar Ratsch (FML, Tiibingen)

Inference Methods for Transcriptome Analysis

[Zeller et al., 2008b]

PRIB, September 7, 2009
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Transcriptome Measurements

Tiling Array Segmentation

Tiling Array Segmentation

=tml

Goal: Characterize each probe as either intergenic, exonic or intronic

Log-intensity
I

S0

observed intensity
annotated exonic
annotated intronic
annotated intergenic

Gunnar Ratsch (FML, Tiibingen)

Inference Methods for Transcriptome Analysis

[Zeller et al., 2008b]

PRIB, September 7, 2009
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Transcriptome Measurements

Tiling Array Segmentation

Tiling Array Segmentation

=tml

Goal: Characterize each probe as either intergenic, exonic or intronic

Log-intensity
I

S0

observed intensity
annotated exonic
annotated intronic
annotated intergenic

transcript

Gunnar Ratsch (FML, Tiibingen)

Inference Methods for Transcriptome Analysis

[Zeller et al., 2008b]

PRIB, September 7, 2009
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Transcriptome Measurements  Tiling Array Segmentation

Tiling Array Segmentation

=fml

Goal: Characterize each probe as either intergenic, exonic or intronic

« Observed intensity
annotated exonic
annotated intronic
o annotated intergenic

S
\
e

Log-intensity
I

transcript

.

0

Novel segmentation method (“mSTAD")

@ accounts for spliced transcripts

@ provides very accurate predictions [Zeller et al., 2008b]
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Transcriptome Measurements  Tiling Array Segmentation

TAR Identification: Method Comparison

(Combining Normalization and Segmentation Method)

100%
| Lad¥ 5 . >.< XX X x
r'- p }?\.-“ X Xxx
80t N, X
- N
X
‘c 60t
Qo
K]
& 40|
o
X mSTAD (HM-SVM)
20t
o Affymetrix TAS
O n n n 1 J
0 20 40 60 80 100

Recall [%]

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

www.fml.mpg.de/raetsch/research/tiling
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Transcriptome Measurements  Tiling Array Studies

Genome-wide Analyses of Alternative Transcript

= fml
@ A. thaliana transcriptomes in 11 different tissues, 5 different

abiotic stresses, RNA processing mutants (3 replicates)

@ 1° exon/intron-resolution analysis in plants [Laubinger et al., 2008b]
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Transcriptome Measurements  Tiling Array Studies

Genome-wide Analyses of Alternative Transcriptf |
—1m

@ A. thaliana transcriptomes in 11 different tissues, 5 different
abiotic stresses, RNA processing mutants (3 replicates)

@ 1° exon/intron-resolution analysis in plants [Laubinger et al., 2008b]

@ Identified ~7,000 cases of intron retentions (est. FDR=14%)
@ Many of them show differential splicing [Eichner et al., 2009, in prep.]
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Transcriptome Measurements  Tiling Array Studies

Genome-wide Analyses of Alternative Transcript

@ A. thaliana transcriptomes in 11 different tissues, 5 different
abiotic stresses, RNA processing mutants (3 replicates)

@ 1° exon/intron-resolution analysis in plants [Laubinger et al., 2008b]

@ Identified ~7,000 cases of intron retentions (est. FDR=14%)
@ Many of them show differential splicing [Eichner et al., 2009, in prep.]

@ Profiling cap-binding/miRNA processing mutants (CBP80/CBP20)
= Influence splicing efficiency
= 1°" intron often retained [Laubinger et al., 2008a]
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Transcriptome Measurements  Tiling Array Studies

Genome-wide Analyses of Alternative Transcript

@ A. thaliana transcriptomes in 11 different tissues, 5 different
abiotic stresses, RNA processing mutants (3 replicates)

@ 1° exon/intron-resolution analysis in plants [Laubinger et al., 2008b]

@ Identified ~7,000 cases of intron retentions (est. FDR=14%)
@ Many of them show differential splicing [Eichner et al., 2009, in prep.]

@ Profiling cap-binding/miRNA processing mutants (CBP80/CBP20)
= Influence splicing efficiency
= 1°" intron often retained [Laubinger et al., 2008a]

Other analyses: under stresses & in small RNA biogenesis mutants
[Zeller et al., 2009, Laubinger et al., 2009, submitted]
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Transcriptome Measurements

From Transcriptome to Products

DNA
I =
mRNA
polyA —
Protein
I

Directly measure the transcriptome

@ Whole genome tiling arrays
e Transcriptome sequencing (Sanger or Next Generation Sequencing)
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Transcriptome Measurements Next Generation Sequencing

Next Generation Sequencing

@ Produces huge amounts of data
@ Competes with Sanger sequencing and tiling arrays
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Transcriptome Measurements Next Generation Sequencing

Next Generation Sequencing

@ Produces huge amounts of data
@ Competes with Sanger sequencing and tiling arrays

@ Differences to Sanger sequencing:

e Much faster and cost effective per base
e Much more and shorter fragments
e Much more errors
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Transcriptome Measurements Next Generation Sequencing

Next Generation Sequencing

©

Produces huge amounts of data
Competes with Sanger sequencing and tiling arrays

(]

Differences to Sanger sequencing:
e Much faster and cost effective per base
e Much more and shorter fragments
e Much more errors

(]

Genome (re-)sequencing
e ldentification of polymorphisms
e De novo genome sequencing
o ...

Transcriptome sequencing
o Discovery of new genes
o lIdentification of alternative splice forms

o ...
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Transcriptome Measurements Next Generation Sequencing

MRNA Deep Sequencing

pre-mRNA

mRNA
Short reads

Short read is split by
intron when aligning

to reference Genome —.::;J

[Wikipedia]
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Transcriptome Measurements Next Generation Sequencing

RNA-Seq Analysis Steps

RNA-Seq
Reads

Read-to-Genome

Alignment

Significance

Read Counting Testing

Differentially
Processed Transcripts/
Segments

Gunnar Ratsch (FML, Tiibingen) Inference Methods for Transcriptome Analysis

PRIB, September 7, 2009
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Transcriptome Measurements Next Generation Sequencing

RNA-Seq Analysis Steps

RNA-Seq B De novo

- —

Reads Assembly

Read-to-Genome Transcript TARs and
Alignment Reconstruction Transcripts

) Significance Transcript
Raad Couniing Testing Quantitation

Differentially
Processed Transcripts/
Segments
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Transcriptome Measurements Read Alignment

RNA-Seq Read Alighment

coverage

3

, [ 1
1| —

0l I
ACGGTGGTCAATGTACCTTAAATGGTGT
GTCAATGTACCTTAAATGGTGTAAATTTG

ATGGTGTAAATTTGACCACACGTGAAGA
...ACGGTGGTCAATGTACCTTAAATGGTGTAAATTTGACCACACGTGAAGAGAGCCCTCC...

RNA-Seq data

gene structure

Gunnar Ratsch (FML, Tiibingen)
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Transcriptome Measurements Read Alignment

RNA-Seq Read Alighment

=fml

.. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. . . .CCGTAGAATTGACTGTGTTG. . .
GCAAACCAGTGACCTGACTACTACGTCGTAACGTAC

RNA-Seq data
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Transcriptome Measurements Read Alignment

RNA-Seq Read Alighment

=fml

.. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. . . .CCGTAGAATTGACTGTGTTG. . .
GCAAACCAGTGACCTGACTACTACGTCGTAACGTAC
CAAACCAGTGACCTGACTACTACGTCGTAACGTACA
AAACCAGTGACCTGACTACTACGTCGTAACGTACAC
AACCAGTGACCTGACTACTACGTCGTAACGTACACG

RNA-Seq data
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Transcriptome Measurements Read Alignment

RNA-Seq Read Alighment

=fml

.. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. . . .CCGTAGAATTGACTGTGTTG. . .
GCAAACCAGTGACCTGACTACTACGTCGTAACGTAC
CAAACCAGTGACCTGACTACTACGTCGTAACGTACA
AAACCAGTGACCTGACTACTACGTCGTAACGTACAC
AACCAGTGACCTGACTACTACGTCGTAACGTACACG

ACCAGTGACCTGACTACTACGTCGTAACGTACACG —— A
CCAGTGACCTGACTACTACGTCGTAACGTACACG ————  AA
CAGTGACCTGACTACTACGTCGTAACGTACACG ——  AAT
AGTGACCTGACTACTACGTCGTAACGTACACG ——  AATT
GTGACCTGACTACTACGTCGTAACGTACACG —  AATTG
TGACCTGACTACTACGTCGTAACGTACACG ——— AATTGA

RNA-Seq data

Gunnar Ratsch (FML, Tiibingen) Inference Methods for Transcriptome Analysis PRIB, September 7, 2009 31/39


http://www.fml.mpg.de

Transcriptome Measurements Read Alignment

Extended Smith-Waterman Algorithm

= Combine heterogeneous evidence for accurate alignment

GTAGCT. .. .CCGTAG,‘iulATlT?,T\CTGTGTTG
AATTGA
a0 A C G T N Source of Information
gap 0.33 0.3 0.12 0.3 0.3 0.55 o Sequence matches

A 0.31 0.12 0.12 0.3 0.55 0.33
0.44 0.12 0.44 0.3 0.59 0.12

0.55 0.12 013 0.12 0.11 0.1

C
G 0.13 0.85 0.31 0.33 0.51 0.3
T
N

0.12 0.01 0.3 0.12 0.3 0.01

Classical scoring f : ¥ x ¥ — R
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Transcriptome Measurements Read Alignment

Extended Smith-Waterman Algorithm

= Combine heterogeneous evidence for accurate alignment

a0 A C G T N Source of Information
gap 0.33 0.3 0.12 0.3 0.3 0.55 o Sequence matches

A 03101201203 055033 @ Computational splice

0.44 0.12 0.44 0.3 0.59 0.12 Site predictions
0.13 0.85 0.31 0.33 0.51 0.3

G
T o055 0.12 013 0.12 0.11 0.1
\|

0.12 0.01 0.3 0.12 0.3 0.01

Classical scoring f : ¥ x ¥ — R
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Transcriptome Measurements Read Alignment

Extended Smith-Waterman Algorithm

= Combine heterogeneous evidence for accurate alignment

AATTGACTGTGTTG.
ity
a0 A C G T N Source of Information
gap 0.33 0.3 0.12 0.3 0.3 0.55 o Sequence matches
A 03101201203 0550.33 o Computational splice
0.44 0.12 0.44 0.3 0.59 0.12 Site predictions

@ Intron length model
0.55 0.12 013 0.12 0.11 0.1

C
G 0.13 0.85 0.31 0.33 0.51 0.3
T
N

0.12 0.01 0.3 0.12 0.3 0.01

Classical scoring f : ¥ x ¥ — R
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Transcriptome Measurements Read Alignment

Extended Smith-Waterman Algorithm

= Combine heterogeneous evidence for accurate alignment

:‘i\,‘r'll"ll'lG:i‘\CTGTGTTG
AATTGA
g A C G T N Source of Information
gap 033 ,0) 1.0 £ £O £,0 @ Sequence matches
A 031 10 10 10 £O £0 e Computational splice
C 044 1O TO O HO £O site predictions
) £0) £0) £0) £
G 01310 TO 1O HO 1O @ Intron length model
T o055 £,0 O 10O £O 10 i
N 012 £0 10 10 £0 10 2 IR qUei;
information )
Quality scoring f : (X xR) x X — R [De Bona et al., 2008]
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Transcriptome Measurements Read Alignment

QPalma’s Accurate Alignments

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

Alignment Error Rate

14.19% 9.96% 1.94% 1.78%

Smithw Intron Intron+Splice  Intron+Splice
+Quality [De Bona et al., 2008]
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Combining Gene Finding and Measurements

Gene Finding + Transcriptome Measurements

=tml

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage
TIS Stop
pre-mRNA

Protein

Combination
@ Higher accuracy

e Condition/tissue specific predictions
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Combining Gene Finding and Measurements Method

Learning to Integrate Data Sources

genomic position

True gene mocel I I\ I

STEP 1: SVM Signal Predictions

tss TJ FTUTIN PURTTOR || 1[0 TP low us I
tis I | |

genomic position
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Combining Gene Finding and Measurements Method

Learning to Integrate Data Sources

=fml

genomic position

True gene mocel I I\ I

STEP 1: SVM Signal Predictions
tss TJ FTUTIN PUNTTOR || 1[0 TP Liw s
is | I L1

transform features

STEP 2: Integration

Flxy)

genomic position
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Combining Gene Finding and Measurements Method

Learning to Integrate Data Sources

genomic position

True gene mocel I I\ I

Wrong gene model ' -
STEP 1: SVM Signal Predictions
tss TJ FTUTIN PUNTTOR || 1[0 TP N
is | I L1

transform features
STEP 2: Integration

Y I large margin
F(xy) Y —

genomic position
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Combining Gene Finding and Measurements Method

Learning to Integrate Data Sources

=fml

genomic position

True gene mocel I I\ I
Wrong gene model I -

STEP 1: SVM Signal Predictions
S RTIT sl gy At ot Liw us 1
tis I | |
ace L1 . | [ |
don | 1 | |

stop 1

Tiling Array Data

T||||||.|||‘I||||||

STEP 2: Integration

Flxy)

genomic position
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Combining Gene Finding and Measurements ~ Transcriptome Measurements

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

Idea: Use transcriptome measurements to enhance recognition of
exonic regions.
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Combining Gene Finding and Measurements ~ Transcriptome Measurements

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

=tml

Idea: Use transcriptome measurements to enhance recognition of
exonic regions.

Results for A. thaliana: (Comparison with known gene models)
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Is there other information that can improve prediction results?
transcript level (SN + SP)/2

@ mGene (ab initio) . ..

@ ... with tiling arrays (11 tissues)

@ ... with mRNA-seq (1 tissue)

© ... with DNA methylation (1 tissue)
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So far: Transcriptome measurements
Is there other information that can improve prediction results?
transcript level (SN + SP)/2

@ mGene (ab initio) . .. 73.3%
@ ... with tiling arrays (11 tissues) 82.1%
© ...with mRNA-seq (1 tissue) 81.1%
Q ... with DNA methylation (1 tissue) 76.1%
© ...with Nucleosome position predictions 78.0%
@ ...with RNA secondary structure predictions 76.7%
@ ...with all information combined 84.3%
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Conclusions

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

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

@ Analysis of transcriptome measurements
o lIdentification of alternative and differential transcripts
e Quantification of transcript abundances

@ Combination of predictions and measurements
e Measurements help to predict more accurately
e Condition specific transcriptome predictions
e Help to uncover the full complexity of transcriptomes
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