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Discovery of the Nuclein
(Friedrich Miescher, 1869)

Tubingen, around 1869

Discovery of Nuclein:

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

Tubingen, around 1869

M
i

Discovery of Nuclein:

o 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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Transcriptome Analysis

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

= fml
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Transcriptome Analysis

~» What is encoded on the genome and how is it processed?
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Then we can (try to) understand:
o Differences of active components between conditions/organisms?
o What changes when perturbing the biological system?
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Transcriptome Analysis

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

= fml
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Then we can (try to) understand:
o Differences of active components between conditions/organisms?
o What changes when perturbing the biological system?
How to get the transcriptome?

@ Infer transcriptome from genomic DNA
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Then we can (try to) understand:
o Differences of active components between conditions/organisms?
o What changes when perturbing the biological system?
How to get the transcriptome?
@ Infer transcriptome from genomic DNA

@ Measure properties of transcriptome

© Gunnar Ritsch (FML, Tibingen) Methods for Computational Transcriptome Analysis NBIC Conference 2009 3/35


http://www.fml.mpg.de

Transcriptome Analysis

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

= fml
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protein
transcriptional RNA
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NUCLEUS | | CYTOSOL
Then we can (try to) understand:
o Differences of active components between conditions/organisms?
o What changes when perturbing the biological system?

How to get the transcriptome?
@ Infer transcriptome from genomic DNA
@ Measure properties of transcriptome

@ Combine predictions with measurements
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Computational Gene Finding

Protein

o Given a piece of DNA sequence

o Predict proteins (or non-coding RNAs)
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Computational Gene Finding
~» Labeling the Genome

__DNA ienic intergenic -
pre-mRNA
exon intron exon intron exon
mRNA
5' UTR 3'UTR
@ polyA —
Protein
I

o Given a piece of DNA sequence

o Predict the correct corresponding label sequence with labels
“intergenic”, “exon”, “intron”, “5" UTR", etc.
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Computational Gene Finding
~» Labeling the Genome

DNA TSS polyA/cleavage

Splice Splice Splice Splice
pre-mRNA Donor Acceptor Donor Acceptor

=0

mRNA TS

Stop
( A

@ polyA —
\/ \/

Protein

o Given a piece of DNA sequence

o Predict the correct corresponding label sequence with labels
“intergenic”’, “exon”, “intron”, “5" UTR", etc.
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Computational Gene Finding
~» Labeling the Genome
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o Given a piece of DNA sequence

o Predict the correct corresponding label sequence with labels
“intergenic”’, “exon”, “intron”, “5" UTR", etc.
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Computational Gene Finding
~» Labeling the Genome

= fml
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Example: Splice Site Recognition

True Splice Sites
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Example: Splice Site Recognition

True Splice Sites
o

D
D

4
4

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

~ 150 nucleotides window around dimer
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Example: Splice Site Recognition

Potential Splice Sites
N am ﬁ\ (?T\ N\ VAN JTAAWA
o N7 N\eZ

D
D
D

¢
q
¢
q
q
q
q
q

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

~ 150 nucleotides window around dimer
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Example: Splice Site Recognition

(2}

it
e W YWY

Potential Splice

L)yt Gy ) (o) ey ) (1)
N8 NN INTE PN /R

CT... GTCETA. . . GAAGCTAGGAGCGC. . .ACG}IGT ..

~ 150 nucleotides window around dimer

AGAACGTTTCAACCATTTTGAG
[ ATTACAGATATAATAATCTAATT
ITTCACTAACACATCCGTCTGTGCC

! TCATCAATCTCCAAAACCAACAC

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

.GA
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Example: Splice Site Recognition

Potentid Plce 3es A~ A\ A A A A .
S 1 N ) 11 1 O O 1 0 I
Nt N Nt P RS Nd Nt N

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

~ 150 nucleotides window around dimer

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

= Millions of labeled instances from EST databases
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Example: Splice Site Recognition

Potential Splice Sites
AT (T
\_/ \/

A NG/ N/ N/ £ -
[] (T T | (THTT (1] (] (TJ] T .
\/ NI N/ N /

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

~ 150 nucleotides window around dimer

Basic idea:
A

For instance, exploit that exons
<\ decoy ' P

. spicestes  have higher GC content
g _—
56 true or
0 splice sites
g P e .
£ — = that specific motifs appear near
o
3 — x splice sites.
> [Sonnenburg et al., 2007]
GC content 3' of 'AG'
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Example: Splice Site Recognition

Potential Splice Sites
AT (T
\_/ \/

A NG/ N/ N/ £ -
[] (T T | (THTT (1] (] (TJ] T .
\/ NI N/ N /

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

~ 150 nucleotides window around dimer

Basic idea:
3

For instance, exploit that exons
have higher GC content

or

that specific motifs appear near
splice sites.

GC content 5' of 'AG'

[Sonnenburg et al., 2007]
GC content 3' of 'AG'
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Example: Splice Site Recognition

Potentiallice Sites
AT (T
\_/ N

A NG/ N/ N/ £ -
[] (T T | (THTT (1] (] (TJ] T .
\/ NI N/ N /

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

~ 150 nucleotides window around dimer

Basic idea:

A

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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Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:

k(s1,s2) = w7 +w1 + w2+ w2 + W3

$1—>—AGTC GGACATCAGTAGACAGA| A—m>

Il
$2—>—TTAT CAAAGACATCAGTAGAC T—>

[Ratsch & Sonnenburg, 2004; Ratsch et al., 2007]
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Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:

k(s1,s2) = w7 +w1 + w2+ w2 + W3

$1—>—AGTC GGACATERGTEGACAGAREAL — >
[0l
S2—>—TTAT CAAAGACATCAGTAGAC T—>
[Ratsch & Sonnenburg, 2004; Ratsch et al., 2007]
Bad news: Need to compute kernel between all pairs of sequences

o 1,000,000? examples ~ 10'? kernel elements :-(

o Needs sophisticated algorithms
o lteratively consider smaller sub-problems [Schélkopf & Smola, 2006]
o SMO type optimization
o Exploit that features are sparse
o String indexing data structures
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Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:

k(s1,s2) = w7 +w1 + w2+ w2 + W3

S1—>——AGTC GGACATEAGTRBACAGA) A—>
[0l
S2—>—TTAT, CAAAGACATCAGTAGAC T—>
[Ratsch & Sonnenburg, 2004; Ratsch et al., 2007]
Bad news: Need to compute kernel between all pairs of sequences
o 1,000,000? examples ~ 10'? kernel elements :-(
o Needs sophisticated algorithms
o lteratively consider smaller sub-problems [Schélkopf & Smola, 2006]
o SMO type optimization
o Exploit that features are sparse
o String indexing data structures
Implemented in a freely available software package
http://www.shogun-toolbox.org [Sonnenburg, Rieck, Ratsch, 2007]
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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" T \worm MC
g0 ——worm SVM
- - ~human MC
- - ~human SVM

positive predictive value [1-FDR] (%)

10~

0

[o] 20

© Gunnar Ritsch (FML, Tibingen)

40 0
true positive rate (%)

positive predictive value [1-FDR] (%)

Donor Recognition Performance

o] 20

A 60 80
true positive rate (%)

[Sonnenburg, Schweikert, Philips, Behr, Ratsch, 2007]
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Human Splice Sites
[Sonnenburg et al., 2007]

0.7 T T T
== acceptor
donor

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

0 . SO0 U U ST
10° 10 10° 10° 107 10 10° 10° 10° 10
Number of training examples Number of training examples
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Human Splice Sites with WD Kernel
[Sonnenburg et al., 2007]

== acceptor
=8 donor

0.7

0.6

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

10° 10°
Number of training examples Number of training examples

! 10° 10° 10 10 10° 10

Performance (=Area under PRC curve) keeps increasing.
= Use all available data!
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Example: Predictions in UCSC Browser ol
—1m
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12
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[Schweikert et al., 2009]
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Example: Predictions in UCSC Browser

chri: 110800 111000 111100 111200 111300 111400 111500 111600 111700 111800 111900 112000 112100 112200
| | I | | I | | | | I | | |

WormBase Gene Annotations

F53G12,10.1 s
F53G12.10.3
F53G12.10.

F53G12.10

0.0

Accep1tbr ||

09

09

12
Doner | || | |

02
Stop
o Based on known genes, learn how MUMA

02_

polyA'  to combine predictions for accurate
cleave - gene structure prediction M
0.0 Joat

[Schweikert et al., 2009]
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Discriminative Gene Prediction (simplified)

fml

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAAGAAACAATTCTGATTTCAGGAAC AATAA
SVMar

detactor ”

output F [ ’J

SVMua o

detector N H

true splicing

| dajs

wrong splicing  EE——————— —
candidate

q 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(£°7) + > Sac(F*) + > Si,(pjs1 — ) + > Stela; — py)
=1 =2 =1 =1

Splice signals Segment lengths
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Discriminative Gene Prediction (simplified) -
—1m

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAAGAAACAATTCTGATTTCAGGAAC AATAA
SVMar

detactor H

output F [

SVMus o ’J

detector N H

true splicing

| dajs

wrong splicing  EE——————— —
candidate

q 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-1 J J-1 J
F(y) =Y Ser(£°7) + > Sac(F*) + > Si,(pjs1 — ) + > Stela; — py)
=1 =2 =1 =1

Splice signals Segment lengths

Tune free parameters (in functions Sgr, Sag, Si., Si,) by solving

linear program using training set with known splice forms
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E)

Discriminative Gene Prediction (simplified)

chncnr_c AATCAACGTTGGCTCCACGAATACGGATCGOGCTGOGACGAGGATATCGGTCCTACTTAAACAAACAATTCTGATTTCAGGAACAATAA
SWMar T
detector ”
g" output I U
= SVMus T ﬂ
detector n
I | {
true splicing | I
,, "mnasicng Take-Home Message —
& candidate
o a e g a q o
~amiave  Discriminative learning techniques can: rgin
splice score
o Exploit state-of-the-art signal  nelkont, 2007]
D g redictions
Simplified P
-1 o Benefit from auxiliary data
F = - ;
(y) Zl o Predict accurately )
Splice signals Segment lengths

Tune free parameters (in functions Sgr, Sag, Siz, Si,) by solving

linear program using training set with known splice forms
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Results using mGene

o Most accurate ab initio method in the nGASP genome
annotation challenge (C. elegans) [Coghlan et al., 2008]
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Results using mGene

o Most accurate ab initio method in the nGASP genome
annotation challenge (C. elegans)

o Validation of gene predictions for C. elegans:

[Coghlan et al., 2008]

[Schweikert et al., 2009]

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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Results using mGene
il

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

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

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

New genes 2,197 57 ~ 42%
Missing unconf. genes 205 24 ~ 8%
o Annotation of other nematode genomes: [Schweikert et al., 2009]
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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Transcriptome/Proteome Comparison
(Schweikert et al., 2009)

O No similarity
40000 — 3O Protein similarity

B Other orthologs

E One:one orthologs
30000 —

686

20000 —
o i ﬁ
og

885
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mGene.web: Gene Finding for Everybody ;-)

(Schweikert et al., 2009, submitted)

= fml

Galaxy
+ | @ http://galaxy.fml.tuebingen.mpg.de/ ~(Q- Google L)

<Jr](e](s

[0 Mywiki nGASP ISI MyWiki send print LEO CiteSeer PubMed Boosting #G Nematode Net PubMed Bankingv Rewardsv Transportvy Flightsy >

fo: report bugs | wiki | screencasts | blog  Logged in as Gunnar.Raetsch@

Tools [ History Options
Upload file Sucesfully ran workflow "mGeneTrainWorkflow", the following datasets & 36: Log File ® (R
Get Data have been added to the queue.
Toy Data 2: Genome Annotation in GFF3 format & 35: Trained Content® () X
SVM Toolbox ;
3: Genome Sequence in FASTA format
KIRMES 4 34: Log File @ R
mGene Workflows 4: Log File
wlars 5: mGene Genome Information #33: Trained Content® (/
= Examples and Instructions Predictor
Instructions on how to use the 6: Log File
mGene tools with predefined « 32: Log File ® R
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
. o o - 9: Log File
= Transcript2Anno Aligns a set of , " N
- - « 30: Log File @
mRNA or protein sequences 10: Content label file in CPF format . R
against the genome and ) o |
creates a genome annotation 11: Log File 29: Label filein SPF ® (J %
format
= GFF2Anno Generates an 12: Content label file in CPF format
annotation object r
13: Log File 26: Log File @0 R
= Anno2SignalLabel Generates
labeled positions from an 14: Content label file in CPF format 27: Label file @
annotation format
anarrain T | 15: Log File
= SignalTrain Trains a signal =
sarin. S tebotad 16: Contant Iahal filn in COE farmat 26: Log File ® )X

neadickae cina. —
Loading “http://galaxy.fml.tuebingen.mpg.de/", completed 13 of 14 items

http://mgene.org/webservice
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mGene.web: Gene Finding for Everybody ;-)

(Schweikert et al., 2009, submitted)
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Limitations/Extensions

o Gene finding accuracy still far from perfect
o Misses genes, predicts incorrect gene models
o Does not (yet) predict alternative transcripts
o Cannot predict when transcripts are
expressed /modified /degraded. . .
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Limitations/Extensions

o Gene finding accuracy still far from perfect
o Misses genes, predicts incorrect gene models
o Does not (yet) predict alternative transcripts
o Cannot predict when transcripts are
expressed /modified /degraded. . .

o Accurate enough to accurately predict the effects of SNPs?
o Annotate all the newly sequenced variations of genomes
o Consensus site changes just the first step [Clark et al., 2007]
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Limitations/Extensions

o Gene finding accuracy still far from perfect
o Misses genes, predicts incorrect gene models
o Does not (yet) predict alternative transcripts
o Cannot predict when transcripts are
expressed /modified /degraded. . .

o Accurate enough to accurately predict the effects of SNPs?
o Annotate all the newly sequenced variations of genomes
o Consensus site changes just the first step [Clark et al., 2007]

o Needs to be adapted to new genomes
o Requires sufficient number of known gene models for “training”
o Develop methods that exploit evolutionary information and gene
models from other genomes [Schweikert et al., 2008]
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Limitations/Extensions

o Gene finding accuracy still far from perfect
o Misses genes, predicts incorrect gene models
o Does not (yet) predict alternative transcripts
o Cannot predict when transcripts are
expressed /modified /degraded. . .

o Accurate enough to accurately predict the effects of SNPs?
o Annotate all the newly sequenced variations of genomes
o Consensus site changes just the first step [Clark et al., 2007]

o Needs to be adapted to new genomes
o Requires sufficient number of known gene models for “training”
o Develop methods that exploit evolutionary information and gene
models from other genomes [Schweikert et al., 2008]

= Model and understand the differences in transcription, RNA
processing & translation.
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Alternative Transcripts: First Steps

Predictions of alternative splicing

- e 2.

SPASS

NS

o Predict novel alternative splicing as independent events
o Only use sequence information (e.g. Ratsch et. al, ISMB'05)
o Requires known gene structures: Use ab initio predictions
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Alternative Transcripts: More Steps

o Combine gene finding with prediction of single alternative
splicing events
o Predict the splice graph of a gene

o Machine learning challenge:

o Input: DNA sequence
o Output: Splice graph
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Alternative Transcripts: More Steps

o Combine gene finding with prediction of single alternative
splicing events
o Predict the splice graph of a gene

o Machine learning challenge:

o Input: DNA sequence
o Output: Splice graph

o mGene approach can be extended to

o Include predictions of alternative splicing events
o Predict “simple splice graphs”

= We tried ... It is difficult!
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Alternative Transcripts: More Steps

o Combine gene finding with prediction of single alternative
splicing events

o Predict the splice graph of a gene
o Machine learning challenge:

o Input: DNA sequence
o Output: Splice graph
o mGene approach can be extended to

o Include predictions of alternative splicing events
o Predict “simple splice graphs”
= We tried ... It is difficult!

o Predicting arbitrary graphs is considerably harder
o With more data this may become feasible
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From Genome to Proteins o
—TMm

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage

TIS Stop

Protein
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DNA
1 =
mRNA
polyA —
Protein
I

Directly measure the transcriptome
o Whole genome tiling arrays
o Transcriptome sequencing (Sanger or Next Generation Sequencing)
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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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Tiling Arrays for Transcriptome Analysis

hybridizing mRNA transcript

<P

O H B

hybridization intensity

o Whole-genome quantitative measurements

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

hybridizing mRNA transcript

<P

O H B

hybridization intensity

o Whole-genome quantitative measurements
o Cost-effective
= Replicates affordable, many tissues / mutants / conditions
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Tiling Arrays for Transcriptome Analysis

hybridizing mRNA transcript

<P

O H B

hybridization intensity

o Whole-genome quantitative measurements
o Cost-effective
= Replicates affordable, many tissues / mutants / conditions

o Unbiased

= Do not rely on annotations or known cDNAs
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Tiling Arrays for Transcriptome Analysis

hybridizing mRNA transcript

<P

O H B

hybridization intensity

o Whole-genome quantitative measurements
o Cost-effective
= Replicates affordable, many tissues / mutants / conditions
o 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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Intensities are Noisy Measurements

o oObserved intensity
10~ .
> o annotated exonic
2 ¢ annotated intronic
i
£
D 5-
(@)
-
transcript
0

[Zeller et al., 2008b]
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Intensities are Noisy Measurements

@/@&ﬁ M o oObserved intensity
10 - i
annotated exonic
annotated intronic
— — “ideal noise-free intensity”

transcript

<S>0

Log-intensity

Systematic bias induced by probe sequence effects

= Model effect for normalization [Zeller et al., 2008b]
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Alternatively Spliced Transcripts

15

Arabidopsis tissues:
—— roots

—=— seedlings

—— young leaves

—=— senescing leaves
stems

veg. shoot meristems
infl. shoot meristems
inflorescences
—— flowers

—=— fruits

—— clv3-7 inflorescences

o

partial
| intron retention

Annotated transcripts

Hybridization intensity (log,)

(&)

O s — @ — ... EST-based isoform
Cas—a I ... AT4G10970.1

L L L L L
6719.5 6720 6720.5 6721 6721.5
Position on Chr IV [Kb]

Goal: Identify exon/intron segments that show different intensities

than other exons/introns in at least one analyzed sample.
[Eichner et al., 2009]
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Differentially Spliced Transcripts

15~

Arabidopsis tissues:
—— roots

—— seedlings

—— young leaves
senescing leaves
stems

veg. shoot meristems
infl. shoot meristems
—— inflorescences
flowers

—— fruits

—— clv3-7 inflorescences

10+

5 tissue-specific Annotated transcripts
intron retention

- - - - .. AT5G09660.3
e - - - AT5G09660.2
e s . AT5G09660.1

L L L 1
2993.5 2994.0 2994.5 2995.0
Position on Chr V [Kb]

Hybridization intensity (log,)

Goal: Identify exon/intron segments that are differentially spliced in

the analyzed samples.

[Eichner et al., 2009]
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Genome-wide Analyses of Alternative Splicing

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

o First exon/intron-resolution analysis in plants [Laubinger et al., 2008b]

© Gunnar Ritsch (FML, Tibingen) Methods for Computational Transcriptome Analysis NBIC Conference 2009 23 /35


http://www.fml.mpg.de

Genome-wide Analyses of Alternative Splicing

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

o First exon/intron-resolution analysis in plants [Laubinger et al., 2008b]

o Identified few thousand intron retentions (est. FDR=14%)
o Many of them show differential splicing [Eichner et al., 2009]
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Genome-wide Analyses of Alternative Splicing

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

o First exon/intron-resolution analysis in plants [Laubinger et al., 2008b]

o Identified few thousand intron retentions (est. FDR=14%)
o Many of them show differential splicing [Eichner et al., 2009]

o Profiling cap-binding/miRNA processing mutants
= Influence splicing efficiency
= 1°* intron often retained [Laubinger et al., 2008a]

© Gunnar Ratsch (FML, Tibingen) Methods for Computational Transcriptome Analysis NBIC Conference 2009 23 /35


http://www.fml.mpg.de

Tiling Array Segmentation -
m

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

» oObserved intensity
10+ .
> o annotated exonic
% o annotated intronic
€ o annotated intergenic
D 5F
o
-
0

[Zeller et al., 2008b]
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Tiling Array Segmentation -
—m

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

. observed intensity
10 .
> o annotated exonic
% ¢ annotated intronic
< o annotated intergenic
D 5F
o
-
0

[Zeller et al., 2008b]
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Tiling Array Segmentation -
m

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

. observed intensity
10 .
> o annotated exonic
% ¢ annotated intronic
< o annotated intergenic
D 5F
o
-
transcript
.
0

[Zeller et al., 2008b]
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Tiling Array Segmentation -
m

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

. observed intensity
o annotated exonic
¢ annotated intronic
o annotated intergenic

Log-intensity

transcript

0

Novel segmentation method (“mSTAD")
o accounts for spliced transcripts

o provides very accurate predictions
P y P [Zeller et al., 2008b]
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Discovery of New Transcripts

Predicted
intronic / Predicted exonic
intergenic 35.1%
64.9%
http://www.weigelworld.org/resources/microarray/at-tax [Laubinger et al., 2008b]
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Discovery of New Transcripts

Predicted

intronic / Predicted exonic
intergenic 35.1%
64.9%

High—confidence
exon segments
17.6%

http://www.weigelworld.org/resources/microarray/at-tax [Laubinger et al., 2008b]
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Discovery of New Transcripts

Predicted

intronic / Predicted exonic
intergenic 35.1%
64.9%

High—confidence
exon segments

17.6%
Unannotated
0.4%
http://www.weigelworld.org/resources/microarray/at-tax [Laubinger et al., 2008b]
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Discovery of New Transcripts

Predicted
intronic / Predicted exonic
intergenic 35.1%

64.9%

o Between 1,107 and 1,947 predicted high-confidence exons per

Unannotated
0.4%

High—confidence
exon segments
17.6%

sample (total length 242 to 406 kb) are absent from annotation
and not covered by ESTs/cDNAs.

http://www.weigelworld.org/resources/microarray/at-tax
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Discovery of New Transcripts

Predicted

intronic / Predicted exonic
intergenic 35.1%
64.9%

High—confidence
exon segments
17.6%

Unannotated
0.4%

o Between 1,107 and 1,947 predicted high-confidence exons per
sample (total length 242 to 406 kb) are absent from annotation
and not covered by ESTs/cDNAs.

o 37 of 47 (>75%) RT-PCR validations successful.

http://www.weigelworld.org/resources/microarray/at-tax [La ubinger et al., 2008b]
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Discovery of New Transcripts

20258K. 20153 20070K. 20071k, 20072K. Z0073K.
Protein-coding genes
sssssssssssssssssss

05 stem, 2nd internode
- e e—-= = o= —

06 vegegative shoot meristem
- _—- = = P m e m— 0 —

1 fruits

- e e—-= = o= —

05 stem, 2nd internode

telaasadill, [P0 (115 PO S| R | PO | bl cinune sl Junsllion &

06 vegetative shoot meristem

TP TP |11 111111 TP T [T TR OONY N PR 1118 S ST AT TN | TTTYINPTL 111 PYPA T [ 1T T

1 fruits

alitin watssasalanseemansen 8 EBREAEEL TR DAER AL0h0R RO 0okt ntatangs MRkt be b bt s bt AR b SR 31000

Segment supported by ESTs; new exon segment (no ESTs)

o Between 1,107 and 1,947 predicted high-confidence exons per
sample (total length 242 to 406 kb) are absent from annotation
and not covered by ESTs/cDNAs.

o 37 of 47 (>75%) RT-PCR validations successful.

http://www.weigelworld.org/resources/microarray/at-tax [Laubinger et al., 2008b]
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Next Generation Sequencing

o Produces huge amounts of data
o Competes with Sanger sequencing and tiling arrays
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Next Generation Sequencing

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

o Differences to Sanger sequencing:

o Much faster and cost effective per base
o Much more and shorter fragments
o Much more errors
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Next Generation Sequencing

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

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

©

o

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

o ...

©

Transcriptome sequencing
o Discovery of new genes
o ldentification of alternative splice forms
o ...

© Gunnar Ratsch (FML, Tibingen) Methods for Computational Transcriptome Analysis NBIC Conference 2009 26 / 35


http://www.fml.mpg.de

Spliced vs. Unspliced Alignments

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

o Find matching region on genome with a few mismatches
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Spliced vs. Unspliced Alignments

. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT. . . .CCGTAGAATTGACTGTGTTG. . .

GCAAACCAGTGACCTGACTACTACGTCGTAACGTAC
CAAACCAGTGACCTGACTACTACGTCGTAACGTACA
AAACCAGTGACCTGACTACTACGTCGTAACGTACAC
AACCAGTGACCTGACTACTACGTCGTAACGTACACG

o Find matching region on genome with a few mismatches
o Efficient data structures for mapping many reads
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Spliced vs. Unspliced Alignments

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

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

o Find matching region on genome with a few mismatches
o Efficient data structures for mapping many reads
o Most current mapping techniques are limited to unspliced reads
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Spliced vs. Unspliced Alignments

. .GCAAACCAGTGACCTGACTACTACGTCGTAACGTACACGGTAGCT . . . . CCGTAGAATTGACTGTGTTG. . .
GCAAACC g™ == s == omnmmm e oo s
canacc Challenge
AAACC

Aace Develop learning method that accurately

c aligns all reads by appropriately combining
the available information.

TGACCTGACTACTACGTCGTAACGTACACG —  AATTGA

o Find matching region on genome with a few mismatches
o Efficient data structures for mapping many reads
o Most current mapping techniques are limited to unspliced reads
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GTAGCT. .. .CCGTAGT\?\TTG/?\CTGTGTTG
AATT&A
ap A C G T N Source of Information
9ap 033 03 012 0.3 0.3 0.55 o Sequence matches

A 031 012 0.12 0.3 0.55 0.33

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

0.55 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 X — R
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= fml

Alignment Scoring Function

CTGTGTTG. ..

Source of Information
9ap 033 03 012 0.3 0.3 0.55 o Sequence matches

A 0.31 0.12 0.12 0.3 0.55 0.33 Q Computatlonal Sphce

C 044 012044 03 0.59 0.12 site predictions
G 0.13 0.85 0.31 0.33 0.51 0.3
T
N

0.55 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 X — R
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AATTGACTGTGTTG
il
o A C G T N Source of Information
9ap 033 03 012 0.3 0.3 0.55 o Sequence matches
A 031012012 0.3 055 0.33 o Computational splice
C 044 0.12 0.44 0.3 0.59 0.12 site predictions

G 0.13 0.85 0.31 0.33 0.51 0.3

o Intron length model
T 0.55 0.12 013 0.12 0.11 0.1

N 0.12 00103 0.12 0.3 0.01

Classical scoring f : & x X — R
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,‘iulb\'ll"er/i‘\CTGTGTTG .
AATTGA
b A C G T N Source of Information
gap 0.33 £,O) 1.0 £.O £.0) £,0 o Sequence matches
0.31 £, 1O 10 £0O 10 o Computational splice
0.44 £ £0 T £O £0) site predictions

0.13 £0) £ £ O £0

o Intron length model
0.55 T,0) 10O 1O £0O 10O )

012 1) 1) £0 10 £0 O T G
information

Quality scoring f : (I xR) x L —= R
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Proof of Concept

Generate set of artificially spliced reads
o Genomic reads with quality information
o Genome annotation for artificially splicing the reads
o 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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From Genome & Transcriptome to Proteins

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage

TIS Stop

Protein

Combine ab initio predictions with transcriptome measurements
o Higher accuracy
o Condition/tissue specific predictions
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Learning to Integrate Data Sources
[Behr et al., 2008]

genomic position

True genemocel I I\ =

STEP 1: SVM Signal Predictions
(== [ | T |.II...|| |I||||I| ‘I all, 1 L | 1
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Learning to Integrate Data Sources
[Behr et al., 2008]

genomic position

True genemocel I I\ =

STEP 1: SVM Signal Predictions
(== [ | T |.II...|| |I||||I| ‘I all, 1 L | 1

transform features

STEP 2: Integration

Flxy)
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Learning to Integrate Data Sources

[Behr et al., 2008] = fml

genomic position
True genemocel I I\ =
Wrong gene model . [

STEP 1: SVM Signal Predictions
(== [ | T |.II...|| |I||||I| ‘I all, 1 L | 1

transform features

STEP 2: Integration
’/—‘—,‘ I large margin
F(x,y) Y ——me-boo .
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Learning to Integrate Data Sources
[Behr et al., 2008]

genomic position

True gene mocel I EEE— I\
Wrong gene model - [N [

STEP 1: SVM Signal Predictions
(== [ | T |.II...|| |I||||I| ‘I all, 1 L | 1

stop |

Tiling Array Data ‘

T||||||.|||

STEP 2: Integration

Flxy)
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Results: How much does the data help?
[Behr et al., 2008]

Experimental setup (Arabidopsis thaliana):
o 60% of known genes for training signals in step 1
o 400 genes for training of step 2
@ 300 regions around cDNA confirmed genes for evaluation
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Results: How much does the data help?
[Behr et al., 2008]

Experimental setup (Arabidopsis thaliana):
o 60% of known genes for training signals in step 1
o 400 genes for training of step 2
@ 300 regions around cDNA confirmed genes for evaluation

transcript level [%]
SN | SP| F
Ab initio 737786 | 76.0
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Results: How much does the data help?

[Behr et al., 2008]

Experimental setup (Arabidopsis thaliana):

o 60% of known genes for training signals in step 1

o 400 genes for training of step 2

@ 300 regions around cDNA confirmed genes for evaluation

transcript level [%]

SN | SP F
Ab initio 73.7 786 | 76.0
Tiling arrays (young leaves) | 78.0 | 829 | 80.4
Tiling arrays (inflorescence) | 77.1|81.6| 79.3
Tiling arrays (root) 76.2 | 815 | 78.9
Tiling arrays (combined) 7741814 | 79.4
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Results: How much does the data help?

[Behr et al., 2008]

Experimental setup (Arabidopsis thaliana):

o 60% of known genes for training signals in step 1

o 400 genes for training of step 2

@ 300 regions around cDNA confirmed genes for evaluation

transcript level [%]

SN | SP F
Ab initio 73.7 786 | 76.0
Tiling arrays (young leaves) | 78.0 | 829 | 80.4
Tiling arrays (inflorescence) | 77.1|81.6| 79.3
Tiling arrays (root) 76.2 | 815 | 78.9
Tiling arrays (combined) 7741814 | 79.4
RNA-seq (w/o spliced reads) | 76.8 | 80.8 | 78.7
RNA-seq (with spliced reads) | 79.6 | 82.1 | 80.8
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Results: How much data is needed?
[Behr et al., 2008]

Experimental setup (Arabidopsis thaliana):
o 60% of known genes for training signals in step 1
o 400 genes for training of step 2
@ 300 regions around cDNA confirmed genes for evaluation

transcript level [%)]
SN | SP F
Ab initio 73.7 | 78.6 76.0
RNA-seq 796 821 80.8
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Results: How much data is needed?

[Behr et al., 2008]

Experimental setup (Arabidopsis thaliana):

o 60% of known genes for training signals in step 1

o 400 genes for training of step 2

@ 300 regions around cDNA confirmed genes for evaluation

transcript level [%)]

SN | SP F

Ab initio 73.7 | 78.6 76.0
RNA-seq 1/128 | 75.5 | 78.7 77.1
RNA-seq 1/64 | 76.8 | 79.5 78.1
RNA-seq 1/32 | 76.2 | 79.6 77.9
RNA-seq 1/16 | 77.1 | 79.1 78.1
RNA-seq 1/8 78.6 | 80.1 79.4
RNA-seq 1/4 77.4 | 79.6 78.5
RNA-seq 1/2 79.3 | 82.1 80.6
RNA-seq 79.6 | 82.1 80.8
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Results: Combining helps!
[Behr et al., 2008]
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Results: Combining helps!
[Behr et al., 2008]
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Extension to Alternative Transcripts?

(Preliminary)

AT1G01630
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1 2 - 4

228971 229372 229773 230174 230575

Read count
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Extension to Alternative Transcripts?

(Preliminary)
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Extension to Alternative Transcripts?

(Preliminary)

AT1G01630
Chromosome CHR1 +

1 2 4 5 6
is012 w=11.093 85 414 99 +
342 506 111 355
1509 W=6.827 85 104 414 99 +
342 296 106 111 355
229307 229710 230113 230516 230919

Determine isoforms and abundance estimate simultaneously.
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o Methods for characterizing transcriptomes
o in different organisms
o under different conditions (development/environment)
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Conclusions

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

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

o Analysis of tiling array data & short reads
o ldentification of alternative and differential splicing
o Segmentation of tiling array data to identify transcribed regions
o Read alignments difficult, but very promising data

o Combination of predictions and transcriptome measurements
o Lead to improved gene finding
o Condition specific transcriptome predictions
o Help to uncover the full complexity of transcriptomes
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