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Friedrich Miescher Laboratory
of the Max Planck Society

Discovery of the Nuclein (Friedrich Miescher, 1869)

Tibingen, around 1869

o from lymphocyte & salmon
e “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)
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Research Topics

@ Statistical inference methods for structured data

2 _E’ = Develop fast and accurate learning methods
£ C
[T} B
§§ @ Convergence properties of iterative algorithms
=> Boosting-like algorithms and semi-infinite LPs
/0 Genome annotation )
= Predict features encoded on DNA
s .
§§ @ Biological networks
< g => Understand interactions between gene products
s
© Analysis of polymorphisms
9 = Discover polymorphisms and associate with phenotypes )
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Research Topics

@ Statistical inference methods for structured data
=> Develop fast and accurate learning methods

Machine
Learning

©

Convergence properties of iterative algorithms
=> Boosting-like algorithms and semi-infinite LPs

/0 Genome annotation h
= Predict features encoded on DNA y
@ Biological networks

Biology

=> Understand interactions between gene products

Molecular

© Analysis of polymorphisms
Y = Discover polymorphisms and associate with phenotypes )
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Machine Learning

Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models
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Machine Learning

Friedrich Miescher Laboratory
of the Max Planck Society

Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models

Example:

GC Content before 'AG'
©)
O)

GC Content after 'AG'

Two different classes of observations
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Friedrich Miescher Laboratory
of the Max Planck Society

Machine Learning

Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models

Example:

GC Content before 'AG'

GC Content after 'AG'

Inferred classification rule
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Friedrich Miescher Laboratory
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Machine Learning

Given: Observations of some complex phenomenon
Goal: Learn from data & build predictive models

Recent contributions:

@ Large scale sequence classification
@ Analysis and explanation of learning results

© Sequence segmentation & structure prediction
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GC Content after 'AG"
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Learning about the Transcriptome

Friedrich Miescher Laboratory
of the Max Planck Society

RNA protein

transport  translation  activity

control control control

RNA . .
DNA transcript __ mRNA = mRNA protein inactive
1 2 o protein
transcriptional RNA
control processing
control
NUCLEUS CYTOSOL
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Learning about the Transcriptome
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RNA ) protein
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; protein
transcriptional RNA
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Learning about the Transcriptome

RNA ) protein

transport  translation  activity

control control control
RNA 5V n 5
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

RNA ) protein

transport  translation  activity

control control control

RNA 5 m—
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?
Biological View
© What can we not predict yet? What is missing?
@ Can we derive a deeper understanding of these processes?
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- genic intergenic___
pre-mRNA
exon intron exon intron exon
mRNA
5'UTR 3'UTR
@ Pl A —
Protein
I

Simplest formulation:
@ Given a DNA sequence x € {'A",'C','G','T'}t
@ Find the correct label sequencey = y1y> ...y
(y; € Y = {"intergenic”, “5' UTR", “coding”, “intron”, ... })
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Example: C. elegans (I: 43,500 - 52,050

of the Max Planck Society

CAGGTAGCTTCAGCATCTAAGCAGC CTGTAATCCATCATATTACATTGOCCACTTTCACCGCTGCTTGCCCACTGAATAC °AC
GCTGAGACTACCTGATTTTCATAACGAGACOK TTCAAC “GAAAATCTCGACTTTTTCACC CTCAAAACTTTITCAGCGGTC
TGCCARAACGATTTTC TGTATTCAGTGGGCARGCAGC YGGGAATACAAAACCTARAACTTTTTCTGAAACATGATAC TTARAT
TCCTCACGAGGGAC TAGGOCATGGCCGAGGGGCCGACAAGTTTCATCGGCCATTTATCTTC “CGCCTGITTTCTTTCGTTTTTCACAGCTTTTTOCCATTTITTC
GGC TCGCCACGATGTATC TAAATTGCCATGTCGTGACGAGACCCTCIC ‘ACTGCAACTTTT
"GTGACGAGACCCAC TTIC “CCTCC ACARAC
GIGCTGARACCTATTTC "GATAAATC OGAC \TTTC “CCACATGOGCC C
¢ TGATCGCTGCGATCC CC TCC YGATTC YGOGGAACACGGACCAATTCARGCGGX
TIX “GCTTTTTTCOGTTTTCGAAC TAGGCGGGGCTCAGGCACCCATCTACCTAC TGCATCARCCGAACGGCOGTCTCGCATTG
GoCecs e TTCGAACCAAAAGTTCGCAAAAAC TCTCACACAGATTGACGCGC C "CCCGCCCC "CAAAT
"GCGGTGOGGTTC CAC ACTC TTTCTTGCARGACCTACTGCAATTTC “CGAATTTTC ccC
TTCTGAAGC C SCGAGTTGC C YGTGGCTTTTTCAGTAAGCAC
TIC TTCGTGCTTGGGCCC e C "GOGTGGCC 0K AGTT
TACCGATTGATCCGC TAGACACGCCCACACGGTTTTACGAGAAGC GTTTTTCGIGTCGGGACCC GOGOGGC \ACCTTTTC
TGATCTCTCTTCARARATCGC AAATGTC X XCTTC o "COGATCCCGAACTGCCGGGA
CTGC TTGTTIC YGATTGCTTCGCGAGACCCARACTCACACATTTACC X T
TC AC X TATTTIC ACTGATTTTCTATATTCTGCCACTARAGCTTAAARACTTGCCCTGC
GACGAC 2 GATCACTCACTTGTTCACTTATCACTICK "CTCCAGTGATTCC “CAGTTTTGC! X GCl AT
TACTTICIC T TTCCAGARRACAGTCCATTTTCCAGGCACGTTCGAGTCCTTGGACCCCAGCGATCTCGTGTCTCCACAACGAATCGAATATTCACCGGAGAACCACACGGACCGATTCCC ACT
AAAAAATCGAAAC X C TC CTARAATTCARA
(CGAAGCAGGCGTAGGTCGCCTOC ¢ “CTGGTCCCAGCACGAATGCTATTTTIC CGAGCCT! CACG
‘ACAATTTGICC TTATTCCG TC C TCAGACCTCGTAGGC]
TTTC AATTTCCAACTAAARTC TTTIC Ar\"w‘nu AAC “AACAATTTTT
"CGAATOGC TTCARGTAC AGAATCATC IC yee
AC JGACTTTCAAC “AGAATIC TCTCACC TCARACARAA T ABCCRO00 TTTATCGATTTACGCGAC!
AAGCTTTTTC! YGTGCCGAGACCCATGTCCTTTTARACTTC CC TTTTGGCCCARAACCTCCARAAAGT
AC TAGCTTTTIC TGAC CAAACTGTC TATTTTICACTT TCTGC YGAGGARAC
CCGIC: TTTTTCAAACK ‘AATGAAACACTGAATATC TC CTAAARAACGGCGATTTTTCACTAGCTTTIC
GGCATCGACGAGCTCCTATCCGACE \AGOGATGGOCCGCAGCOGCACACGATTCTTCTAGAATTCC “CGACGTGGC YGACGAGTCTTATAC
ACACACCGTTGCTCGATATATCTTCTCAGGC GCTTTCC CGACTTTC "GAAATTACTTC TC "GAATTCTTTCAGGATTC
AAAGTCGTTGCTCGTAC TTTTCACATX TCCTCCATTTTTCCAGTARAT “GACGAGACAAAGCTGACCGACGGOGCAAGCGGCTGGETGOCGAGTATCCCGACAGATATCGATTCARAAG
« GATTTTTCAACCTATTTIC TCOGTGC GGC "GGTGCAG
GGCCTGC ACACARACCGTANTCCCCTTOGCGCTAAACAACACGOGCAACGATGCTCCGCTTGAGGAL TC ACT
GCC “ACCGCAGCGCGTGC AGCATTTGCGOGTGAC “ACARATTACACCGAATGGTCGAGCTC \CACGTGCACAC CC
ACGCCCGC TTTCTTTGC "CTTTGTC ACACC \TTCAGCTCGACCAACGCCTC GGC
OGRARAC TGOGTCTCTTTTCCCGCATTTTTOGAAGATC TTTCTGACTCCAC YGACGGACCCTEGCC TCGGGCAC
TAACAGACGGAACGACTCC T \ACACGTTGIGTCAGGCTGTCTCATTGC TAC C "GTCAGCACGCTCTTAACCATG
TTTTCGGACCC AGCAC TGC TAC AGCAC TTGC GATTAIC TT
GTAACAAAAAGACCCAGTAATTCAATTACTTIC ARAAAATCATC C TTTCAAGTGACTCTTIC AGEAC CTGCTGCACTAT
TGCAGCAC TGICGTACTACTGGAGACTGCAGC "GAACGGCTACTGIC AC “ACAAARGC AGAAATTC T ACTTTT
\ACGOGCAAAAACCARATTCAGC JGGTGTTTC GG CACGTACCGTATATTCTCTATCTAATTTCCAGGIC
TTTIC TACGACAGAACIC AC \ACTGOGGGACTCCTICC TCACATGCIC AACCTC
\ACCACACTTGCACCGAACTGC TTTACC TCOGCTTTTTACTC TGAGC TTOGCGGGARAC GAGAC TC e
GICATAGCAANTC] AGAGCTAGTC TAGCTAGIC CCTAGIC "AGAGCTAGGC YGTGGTTACTCCGAGT
GGTTGAC TAAGC TCTAC ¢ “GTTTCCTAC YCCCTTTIC ‘AGARTCAK
TGGCAGGTTGCCACTAACCTGACGCGGTTTACC SGGCGCGTGCATAGC TAGTAATCAGAAGATCGGGGTTCGGGARACGGCAGGRGRC TATGAAGCAGGGCGARG
« “CTAATACGGAATY ~CTGACACAAACCTGACGTTGACCTGTTGCCGGCOCGOGGCGCCTTAGTGTCARCTTGACAGOGGGTOGCGAT TTICACCTGCCAGTTGTTCICCATTCAGCAGCCAGCGACCTGC
CCAGATAIX TTCTTATCAGAAGCTG! GGTTGAC "ACTGATTTCGACC CACTGCC AGT
GOGRRAC TGGTTATC TTIC AAAC TACTACGGGCGTGAAG
TCAAATCAGGATTCARATCCARGACAACTCGAACGCATTCCAAAGATCGTATCATAACGATCCACAACCTTCATCAGCCGARGAAC TGAGTACGGAGCTCABRATGCCTTAAG
AT GCGGAGCCCACCAGGATCAACCATTANTOGCARCACTCTTCCGCARTCACATICH CACTCTATTTCTGTGCGAGAAC \AGSCTCGAACTGCGG
TTTATTCCC! TTCAGGTGCCACTGC \ACCGCTTCGCTTCATCAATGCTC TATTCARAAC “ACTGTTTCCGTTCAGAGGTCATCARCCAAGTTCTTCATGTIC
C YGTGAAC \TGGGCARAAC "CGATGGAACTATGACTGCARAGGCTTGTTC “CTAC TCTCTCG
AAC] JGICTICTAGTGATCATACTTTTOGOCAGATTOCC YGGAARAC GAATTCGTTICATC ‘ACTAGCAAT
\AGTTCACCGATTCTCGARACACAGTCATCTGGOGGTGCGGAACTTGACGARGTTAC JGAGC TAGCGA TCAGAAGTACCARATGTCTTATCTAT

C TGC TGCCCATIC TTCCAAC "GARAC “CTC GGARAG
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Example: C. elegans (l:

CAGGTAGCTTCAGCATCTARGCAGC

43,500 - 52,050

Friedrich Miescher Laboratory
of the Max Planck Society

"CTGTAATCC TTAC

TCAT T GOOCACT TTCACOGCTGCT TGCCCACTGART A
CCTGAGACTACCTGATTTCATANCGAGACOR. TTCAAC “GAARATCTCG \ACTTTTTCAGOGGIX
\CGATTTTC TGTATTCAGTGGGCARGCAGC YCGGAATACAARACCT! AAm'rr'rmrm ACATGATAC TTARAT
TCCTCACGAGGGAC TAGGOCATCGCCGAGGGGCCGACAAGTTTCATCGGCCATTTATCTTC COCCICT T ICT T IO T T ICACASCTTTTTOCCAT TG
GGC TCGCCACGATGTAIC TAAATTGCCATGTCGTGACGAGACCCTCIC \CTGCAACTTTT
"GTGACGAGACCCAC TTIX “CCTCC ACARAC
GIGCTGARACCTATTTC JGATARATC \COGAC! TTTC; CCACATGOGCC CTC
TGTAGTC ¢ TGATCGCTGCGATCC JOGAAAAATCC T1C SGOGGAACACGGACCAATICARGCGGOE
AR TCA T OGCT T TTTO0GT TTTOGAA TAGGCGGEGCTCAGGCACCCATCTACCTAC TGCATCARCCGAACGGCGTCTCGCATTG
GoCecs AATTCGAACCAAAAGTTCGCARARAC TCTCACACAGATTGACGCGC "CCCGCCCC "CAAAT
r:w*wm.n TTTCTTGCARGACCTACTGCAATTTC "GAATTTTC ccC
TTCTGAAGC C JGAGTTCC "GTGGCTTTTTCAGTAAGCAC
TIC TTCGTGCTTGRGCCC GOGTGGCC YOGOOCCTIC AGTT
TACCGATTGATCCGC TAGACACGOCCACACGOTTTTACGAGARCC GTTTTTCGIGTCGGGACCC GOGOGGC TCCARACCTTTTC
T CCGATCCCGAACTGCCGGC
TTGTTIC X mrmmmrmr ACTCACACATTTACC e
AC TATTTIC ACTGATTTTCTATATTCTGCCACTARAGCTTAAARACTTGCCCTGE
GATCACTCACTTGTTCACTTATCACTICK "CTCCAGTGATTCC “CAGTTTTGC! X A
TACTTICIC T TTCCAGARAACAGTCCATTTTCCAGGCACGTTCGAGTCCTTGGACCCCAGCGATCTCGTGTCTCCACARCGAATCGAATATTCACCGGAGAACCACACGGACGATTCCC ACT
cces \ATCGA X TC CTAARATTCARA
CGAAGCAGGCGTAGGTCGCCTCGC ¢ CTGGTCCCAGCACGAATGCTATTTTIC A CACG
GARAGGC( CACAATTTGTCC TTATTOCC TC C TCAGACCTCGTAGGC]
TTTC AATTTCCAACTARRATC TTTIC r\"v\" AAARAC “AACAATTTTT
"CGAATOGC TTCAAGTAC AGAATCATC IC yee
ACI 'GACTTTCAAC “AGAATIC TCTCACC T ARACARAA T ABCERO00 TTTATCGATTTACGCGACARA
AAGCTTTTTC! YGTGCOGAGACCCATGTGCTTTTARACTTC CC TTTTGGCCCARAACCTCCARAAAGT
AC TAGCTTTTIC TGAC CARACTGTC TATTTTTCACTTAAAATCTGC YGAGGARAC
CCGTC TTTTTCAAACK ‘AATGAAACACTGAATATX TC CTAAARAACGGCGATTTTTCACTAGCTTTIC
GGCATCGACGAGCTCCTATCCGAC AGCGATGGOCCGCAGCCGCACACGATTCTTCTAGAATTCC GACGTGGCT TC ‘T.N‘CA{‘R‘T'T‘ \TAC}
ACACACCGTTGCTCGATATATCTTCTCAGGC 'GCTTTCC JOGACTTTC TTACTTCTT! GGATTC
AAAGTCGTTGCTCGTAC TTTTCAC TTTTTCCAGTAAAT CACGACA AT GGG OB AN TGARTECCGAGTAT CCGACAGATATCGATTCARAG
« “GATTTTTCAACCTATTTTCAATT! GGC "GGTGCAG
GGCCTGC “ACACAAAACCGTAATCCCCTTCGCGCTAAACAACACGOGCAACGATGCTCCGCTTGRGRAC TC ACT
GCC “ACCGCAGCGOGTGC AGCATTTGCGOGTGAC ACAAATTACACCGAATGGTCGAGCTGAAAACACGTGCACAC e
ACGCCCGC TTTCTTTGC "CTTTGTC ACACC GACCARCGCCTC GGC
OGRARAC TGOGTCTCTTTTCCCGCATTTTTOGAAGATC TTTCTGACTCCAC YGACGGACCCTEGCC TCGGGCAC
TAACAC TCC T ACACOTTGTGTCAGGCTOTCTCATTE TAC X "GTCAGCACGCTCTTAACCATG
TTTTCGGACCC AGCAC TGC TAC AGCAC TTGC JGATTATC TT
GTAACAAAAAGACCCAGTAATTCAATTACTTIC ARAAAATCATC X TTTCAAGTGACTCTTIC AGEAC TGCTGCACTAT
TGCAC TGICGTACTACTGGAGACTGCAGC "GAACGGCTACTGIC "AC “ACAAARGC TTC TATTGCGAACTTTT
AAACGCGCAAAAACCAAN JGGTGTTTC GG "CACGTACCGTATATICTCTATCTAATTTCCAGGTC
TTTIC TACGACAGAACIC AC \ACTGOGGGACTCCTICC TCACATGCIC \ACCTC
AAARCCACACTTGCACCGAACTGC TTTACC TCOGCTTTTTACTC TGAGC TTOGCGGGARAC GAGAC TC e
GICATAGCAANTC] AGAGCTAGTC TAGCTAGIC “CTAGTC "AGAGCTAGGC YGTGGTTACTCCGAGT
GGTTGAC TCTAC ¢ “GTTTCCTAC YCCCTTTIC ‘AGARTCAK
TGGCAGGTTGCCACTAACCTGACGCGGTTTACC YGGOGOGTGCATA TAGTAATCAGAAGATCGGGGTTCGGGARACGGCAGGRGRC TATGAAGCAGGGCGARG
“CTAATACGGAATY CTGACACAAACCTGACGTTGACCTGTTGCCGGCCCGOGGCGCCTTAGTGTCAACTTGACAGCGGGTCGCGATTTCACCTGCCAGTTGTTCTCCATTCAGCAGCCAGCGACCTGE
CCAGATATC TTCTTATCAGAAGCTGAATC] GAC TGTGT GACC
GOGRRAC TGGTTATC TTIC AAAC TACTACGGGCGTGAAG
TCARATCAGGATTCAAATCCAAGACAACTCGAACGCATTCCARAGATCGTATCATAACGATCCACARCCTTCATCAGCCGAAGAAC IC TGAGTACGGAGCTC! ARG
ANGOGGAGOCCACCAGEATCARCCATGTARTCGCARCACTCTTOCGGARTCACATTGH CACTCTATTTCTGTGCGAGAAC \CARAGSCTOGAACTGCGGAAGCTCGCGC
\TTTATTCCC! TTCAGGTGCCACTGCAAAAAACCGCTTCGCTTCATCAATGCTC TATTCARAAC ACTGTTTCCGTTCAGAGGTCATCAACCARGTTCTTCATGTTGAA
AC YGTGAAC \TGGGCARRAC "CGATGGAACTATGACTGCARAGGCTTGTTC “CTAC TCTCTCG
AAC] “GTCTTCTAGTGATCATACTTTTCGCCAGATTCCC CGGARRAC GAATTCGTTTCATC \CTAGCAAT
\AGTTCACCGATTCTCGARACACAGTCATCTGGOGGTGCGGAACTTGACGAAGTTAC YGAGC TAGCGAC TCAGAAGTACCARATGTCTTATCTAT
C TGCCCATIC TTCCAAC GARAC CTC GGARAG

Gunnar Ritsch (FML, Tiibingen)

Large Scale Sequrenrce An}alysis

October, 23, 2009 7



Example: C. elegans (I: 43,500 - 52,050

Friedrich Miescher Laboratory
of the Max Planck Society

CAGGTAGCTTCAGCATCTAAGCAGC TTAGGTTTTGTATTCCTGTAATCCATCATATTACATTGCCCACTTTCACCGCTGCTTGCCCACTGARTAC TTTTTCACTTGGAARTTGTTTT.
GCTGAGACTACCTGATTTTCATAACGAGACOX “ARAATTCAAC "GAAAATCTCGACTTTTTCACC (CCTCAARACTTTITCAGCGGT
‘AGATGCCAARACGATTTIX TGTATTCAGTGGGCAAGCAGC JGGGARTACAAAACCTAAACTTTTTCTGARA ATGATAC TTARAT
TOCTCACGAGGGAC TAGGCCATGGCCGAGGGGCCGACARGTTTCATCGGCCATTTATCTTGCT TIGTTTTCCGCCTGTTTICTTICGTTTTTICACAGCTTTTTCCCATTTTITC
GGC TCGCCACGATGTATC TARA' TGTCGTGACGAGACCCTCTC \CTGCAACTTTT
JGTGACGAGACOCAC; TTTC CIX CARA( T
LTGLIU\, ACCTATTTC CICAR? CGATARATCK CGAC TTTC CCACATGCGCC TC
CTGTATTTGGGCGAAGGAGATCTCGA ATCTGATCGCTGCGATCCGAGAAAGATCOGAAAAATCCGAGATTGAAGTGACGATTCTG T TGGAT TTTTTGCGCGGAACACGGACCAATTCAAGOGGCGARAG!
mmamscmm\,um C’ TAGGOGGGGCTCAGGCACOCATCTACCTAC TARATTICAGEARTTAACTGCATCARCOGAAOGGOGTCTIOGCATIG
GOCCC “CGAAAATTCGAACCAARAGTTCGCAAAAAC TCTCACACAGATTGACGCGCT)
G GOGGTGOGGTIC CAC ACTC TTTCTTGCAAGACCTACTGCAATTIC ARG EAO00
TTCTGAAK TGGTTTATTTTICC GAGTTGC TTTT TGGCTTTTTCAGTRAGC
TTC TTOGTGCTTGAGCCC X GOGTGGCC YCGCCCCTIX GTT
AT 0GR A A T T AGAC A OCCAC A G T ACGAGANGC T T TAGIGOG T T TG ISIOGAGACC TTGACAT GOGOGGC CTCCAAACCTTTIC TTTTTT
TGATCTCTCTTCARRAATCC ARATGTC CAGATGGAAATTCCCGATCCCGAACTGCCGGGA
CCTGC TTGTTIX X mrmwrm.nrm ACTCACACATTTACK X T
e T e AACTGATTTTCTATATTCTGCCACTARAGCTTAAAAACTTGCCCTGC
AT TICGACGACGAGGATT T IGCCANTTTTATOGATCACTCACTTGTTCACTTATCACTTO! "CICCAGTG “CAGTTTTGC GC
TCAATACTTICIC T TCCAGARAACAGTOCAT T TN OCAGGCACE OGAGTCCTTGGACCOCACCCATCT O TGTCTCCACARC GAATOGAA T/AT‘T(‘fCF(s‘(‘AFfAFLACALCCF\L‘(‘CF\T'PCC(Y‘:\TAAAIHT:\TC,&CT
COCAC! TCGARAC X C TCY
CGAAGCAGGCGTAGGTCGCCTCGE TC CTGGTCCCAGCACGAATGCTATTTTTC CGAGCCT:
GARRGGCC TTTTGAT TCACANTTICICCATTT TTATTOCC TCGTTGTTTTTITTT TTT TTGCC TTAT J(‘}\GACCICGL‘AGGCA
TTTCCAACTAAAATCTIX TTTTCAAARAACCTC C “AACAATTTTT
AACCGAATCGCGTTTT T TG T TCAAGTACAAGTTAT TCAGAATCATCARAATGGGAGAGATACTCATATAAGITAGAS “AGAACGAARATTGCCK GG
GACTTTCAAC T TCAASTAAAAATCGCT TCATCTC A ASGATATAT TTTTCOCTCARACACAAACATTCAACGAGCOCCAGSGATGGACAT TTATOGAT TTACGOGACARA
Anumm CTGCOGAGACCCATGTCCTT T TARACTIC X T \CCTCCAAARAGT
TAGCTTTTIC TGAC CAAACTGIX TATTTTTCACTT TCIGCAATTTTT GAGGARAC
COGICARAGTTAGC TTTTTCARAC TGAAACACTGAATATCT! \CGGCGATTTTTCACTAGCTTTIC
e OGA T OCT A O GACA ST G AT AT TGGCARACOGATGS0COGCASCOCACAOGH T CTAGAATTCCACAAAAACACCGACGTGGCTATGATGATGT T TATTTGGA T T TARAAOGACGAG TCTTATACA
ACACACCGTTGCTCGAT TCTCAGGCGATTTGGGCGCTTTCCAGTTGTAA TTTCCGACTTTC JGARATTACTTCTT! T e
AAAGTCGTTGCTCGTAC TTTTCACATC TCCTCCATTTTTCCAGTAARTC GACGAGACAAAGCTGAGCGACGGOGCARGCGGCTGGAIC CTATCCOGACACATATCGATTCARAAG
« “GATTTTTCAACCTATTTTCAATT: T« X e
GGCCTGC ‘ACACARAACOGTAATCCCCTTOGCGCTARACAACACGOGCARCGATGCTCCGCTTGGGGAC ¢
GO “ACCGCAGCGCGT AGCATTTGCGCGTGAC ACAAATTACACCGAATGGTCGAGCTGAAAACACGTGCACA o
BOGOCCGC TTTCTTTGC “CTTIGTC ‘ACACCACGIGTATTCAGCTOGACCAACGCCTE GG
CGARA( TGOGTCTCTTTTCCOGCATTTTTCGAAGATCARRAC TTTCTGACTCCAC JGACGGACCCTGGCC TCGGGCAC
TAACAGACGGAACGACTCC TAAAAACACGTTGTGTCAGGCTGTCTCATTGC TAC C “GTCAGCACGCICTTAACCATG
TTTTCGGACCK AGCAC TGC! TAC AGCAC TTGC JGATTATC TT
GTAACAARAAGACCCAGTAATTCAATTACTTTC TCATC X TTTCAAGTGACTCTTTC AGAC TGCTGCACTAT
TGCAC TGICGTACTACTGGAGACTGCAGC JGAACGGCTACTGTC "AC “ACARRAGC "AGARATTC TATTGCGAACTTTT
ARACGOGCAARRACCARATTCAGK "GGIGTTTC e "CACGTACCGTATATTCTCTATCTAATTTCCAGGTC
TTTTC TACGACAGAACTC AC ACTGCGGGACTCCTCC TCACATGCIXC ACCIC
AAAACCACACTTGCACCGAACTGC TTTACC TCOGCTTTTTACTC TGAGC TTCGCGGGARAC JGAGACARARTC e
GTCATAGCAAATCY ‘AGAGCTAGIC TAGCTAGIC “CTAGTC ‘AGAGCTAGGC YGTGGTTACTCCGAGT
GGTTGAC TARGC TCTAC C “GTTTCCTAC JCCCTTTTC AGAPTCAK
\TGCTAGTAATCAGAAGATCGGGGTTCGGGARACGGCAGGGGCTTGARGGTIRGGTTCTATGAAGCAGGGCGAAG
\TATGGGCCTAATACGGAATCT \TTTCACCTGCCAGTTGTTCTCCATTCAGCAGCCAGOGACCTGC
CCAGATAIC TTCTTATCAGAAGCTGAATCATTTCCGGTTGAC TGTGTTACTGATTTCGACK CACTECC
GCGARAC TGGTTATC TTTC
ATCTGAAGAAGCTCAAATCAGGATTCAAATCCAAGACAACTCGAACGCATTCCAAAGATCGTATCATAACGATCCACAACCT CAGCCGAAGAACATGAGGAAGATATCGTGGTGGATGGCIGAG:
AATGCGGAGCCCACCAGGATCARCCATGTAATCGCAACACTCTTCCGGAATCACATTGGCGAGATTT TG TGGTCCACTCTATTTCTGTGCG \GCACAAAGG
TTCAGC AACCGCTTCGCTTCATCAATC STGGTTGGTTTCCT AC \CTGTTTCOGTTCAGAGGTCATCAAC
ACTAAAARATCOGTGAACGAG AT T TCAATA T AR CATCGCCAAAC A TGARA T TATGAAAG TCTAT TAT TCGATACOGATCGAACTATCACTCCARAGGCTTGTTCOAS ATY‘TC('(‘TAFGAWMTC-\PI‘AAGI‘TACMCI'CG
TCTTCTAGTGATCATACTTTTCGCCAGATTOCC AMAGTTGGCAAAAGTTA ARAC TGGGACGAATTCGTTTCATCT ACACT!

TTGTGGATCAAGTTCACCGATTCTCGAAACACAGTCATCTGGOGGTGCGGAAC,
TGCCCATIC

AN TTOGAGCACTANTGARACTAGCGACGAAGAGGARAACTCAGAAGTACCARATGTCTT v
CAGATCGAAACGATCGAANACCTOGGATAT TACTGATTATGGAAGAAGAGAAAGAATCGGARAG

Gunnar Ritsch (FML, Ti.ibingen) Large Scale Sequence Analy5|s Octcber 23, 2009 7
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Quasi-Standard: Hidden Markov Models

Model sequence content:

@ One state per segment type

inter-
genic

Gunnar Ratsch (FML, Tibingen)

Friedrich Miescher Laboratory
of the Max Planck Society

genic intergenic __
pre-mRNA
exon intron exon intron __exon
mRNA
5' UTR 3'UTR
(il palyh —
Protein
e
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Quasi-Standard: Hidden Markov Models

Model sequence content:

@ One state per segment type

@ Allow only plausible transitions

inter-
genic

Gunnar Ratsch (FML, Tibingen)

Friedrich Miescher Laboratory
of the Max Planck Society

genic intergenic __
pre-mRNA
exon intron exon intron __exon
mRNA
5' UTR 3'UTR
(il palyh —
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e
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Quasi-Standard: Hidden Markov Models

Model sequence content:

@ One state per segment type

@ Allow only plausible transitions

o Content statistics at each state
o Derived from known genes

A:30%
C:20%
Gi20% [ inter-
T:30% genic

Gunnar Ratsch (FML, Tibingen)

Friedrich Miescher Laboratory
f the Max Planck Society

genic intergenic __
pre-mRNA
exon intron exon intron __exon
mRNA
5' UTR 3'UTR
(il palyh —
Protein
e
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Quasi-Standard: Hidden Markov Models

MOdel Sequence Content :&H:
@ One state per segment type PEmANA o iwen  exon inren _exon
@ Allow only plausible transitions | mana s e
o Content statistics at each state =
e

e Derived from known genes

Prediction:

@ Given DNA, find most likely state sequences

inter-
genic

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

p(x,y) = [Ti=1 p(xily)p(visily:)

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 8



Generative Models

Friedrich Miescher Laboratory
of the Max Planck Society

Hidden Markov Models [Rabiner, 1989]

o State sequence treated as (first order) Markov chain
@ No direct dependencies between observations

p(x,y) = H p(xily)p(yilyi-1)

Vi Y, Y,

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 9
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Generative Models

Hidden Markov Models [Rabiner, 1989]
o State sequence treated as (first order) Markov chain
@ No direct dependencies between observations

p(x,y) = H p(xily)p(yilyi-1)

i Y Ys
X1 X Xn
N
@ Maximum likelihood estimation: meaxZIog p(Xn,Y,)
n=1

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009
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Generative Models

Hidden Markov Models [Rabiner, 1989]
o State sequence treated as (first order) Markov chain
@ No direct dependencies between observations

p(x,y) = H p(xily)p(yilyi-1)

i Y Ys
X1 X Xn
N
@ Maximum likelihood estimation: meaxZIog p(Xn,Y,)
n=1

@ Decoding: Viterbi/dynamic programming (DP) algorithms

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009
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Discriminative Models

Conditional Random Fields [Lafferty et al., 2001]
e conditional probability p(y|x) instead of joint probability p(x, y)

pu(y|x) = ) exp(fu(y|x))

Z(x,w

i Y, e Ya

X =X1,Xo,...,Xn

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 10
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Discriminative Models

Conditional Random Fields [Lafferty et al., 2001]
e conditional probability p(y|x) instead of joint probability p(x, y)

pu(y|x) = ) exp(fu(y|x))

Z(x,w

i Y, e Ya

X =X1,Xo,...,Xn

@ Can handle non-independent input features
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Discriminative Models

the Max Planck Society

Conditional Random Fields [Lafferty et al., 2001]
e conditional probability p(y|x) instead of joint probability p(x, y)

pu(y|x) = ) exp(fu(y|x))

Z(x,w

i Y, e Ya

X =X1,Xo,...,Xn

@ Can handle non-independent input features
N

@ Maximum likelihood estimation: m“?xZIog Pw(Y,|%n)

n=1

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009
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Discriminative Models

Conditional Random Fields [Lafferty et al., 2001]
e conditional probability p(y|x) instead of joint probability p(x, y)

pu(y|x) = ) exp(fu(y|x))

Z(x,w

i Y, e Ya

X =Xy, Xo,..., X,
@ Can handle non-independent input features
N
@ Maximum likelihood estimation: maxz log pw(Y,|Xn)
w

n=1

@ Decoding: Viterbi or MEA algorithms [Gross et al., 2006]

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 10
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Max-Margin Structured Output Learning
@ Learn function f(y|x) scoring segmentations y for x
e Maximize f(y|x) w.r.t. y for prediction:

argmax f(y|x)
yeT*

@ Idea: f(y|x) > f(y|x) for wrong labels y #y

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 11



Max-Margin Structured Output Learning

Friedrich Miescher Laboratory
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@ Learn function f(y|x) scoring segmentations y for x
e Maximize f(y|x) w.r.t. y for prediction:
argmax f(y|x)
yeT*
@ Idea: f(y|x) > f(y|x) for wrong labels y #y

@ Max-margin parameter estimation: [Altun et al., 2003]

e Given N sequence pairs (X1,Y1),---, (Xn,Yyy) for training
e Solve optimization problem:

max p
f,peR

w.r.t. F(Ynlxn) = F(yl[xn) = p
forally, 2ye T n=1,...,N

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 11



Max-Margin Structured Output Learning

Friedrich Miescher Laboratory
the Max Planck Society

@ Learn function f(y|x) scoring segmentations y for x
e Maximize f(y|x) w.r.t. y for prediction:

argmax f(y|x)
yeT*
@ Idea: f(y|x) > f(y|x) for wrong labels y #y
@ Max-margin parameter estimation: [Altun et al., 2003]

e Given N sequence pairs (X1,Y1),---, (Xn,Yyy) for training
e Solve optimization problem:

N
max p— Can
n=1

f,pER,EERN

w.r.t. f(ynlxn) — f(y|xn) > p—&n
forally, 2ye T n=1,... N

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 11



Structured Output Learning with ®(x,y)
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o Assume f(y|x) = (w, ®(x,y)), where w,®(x,y) € F, |w|> =1

N
max p—C Z &n
n=1

wl=1,0€R,E€RY

wort. (W, B(xn,y,) = (xny)) =2 p =& (1)
forally,#ye T n=1... N

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 12



Structured Output Learning with ®(x,y)
@ Assume f(y|x) = (w, ®(x,y)), where w, d(x,y) € F, [[w|> =1

N
max p—C Z &n
n=1

wl=1,0€R,E€RY

wort. (W, B(xn,y,) = (xny)) =2 p =& (1)
forally,#ye T n=1... N

@ Linear classifier that separates true from wrong labellings
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Structured Output Learning with ®(x,y)
@ Assume f(y|x) = (w, ®(x,y)), where w, d(x,y) € F, [[w|> =1

N
max p—C Z &n
n=1

wl=1,0€R,E€RY

wort. (W, B(xn,y,) = (xny)) =2 p =& (1)
forally,#ye T n=1... N

@ Linear classifier that separates true from wrong labellings

N
o Representer Theorem: w = Z Z AnyP(Xp,Y)

n=1 yeT*
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Structured Output Learning with ®(x,y)

o Assume f(y|x) = (w, ®(x,y)), where w,®(x,y) € F, |w|> =1

N
max p—C Z &n
n=1

[[w[|=1,p€R,EcRY —
wrt. (W, O(xy,y,) — O(xn,y)) = p— & (1)
forally,#ye T n=1... N

@ Linear classifier that separates true from wrong labellings

Representer Theorem: w = Z Z AnyP(Xp,Y)

n=1 yeT*
Corollary: (1) only depend on products of ®'s
Define “kernel function”:

k((x.y), (X,y) = (®(x,y), ®(x, )

(]

® o

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 12



Structured Output Learning with ®(x,y)

Friedrich Miescher Laboratory

== of the Max Planck Society

o Assume f(y|x) = (w, ®(x,y)), where w,®(x,y) € F, |w|> =1

N
max p—C Z &n
n=1

wl=1,0€R,E€RY

wort. (W, B(xn,y,) = (xny)) =2 p =& (1)
forally,#ye T n=1... N

@ Linear classifier that separates true from wrong labellings

N

o Representer Theorem: w = Z Z AnyP(Xp,Y)
n=1 yeT*

@ Corollary: (1) only depend on products of ®'s

@ Define "kernel function”:

k((x,y), (xy)) = (P(x.y), ®(x,y'))
= “Kernel Trick” (everything only depends on k)

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 12
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Optimization Strategy

N
max p—C» &
Iwll=1,p.€ Zl "

w.r.t. <W, CD(X, yn) - q)(X, y)> > p—2E&n
forally, #ye T, n=1....N

@ Big: one constraint per example and wrong labeling
@ lterative solution
e Begin with small set of wrong labellings
e Solve reduced optimization problem
e Find labellings that violate constraints
e Add constraints, resolve
@ Guaranteed Convergence:
o || - ||2: see Tsochantaridis et al. [2005]
o || - ||1: see Ratsch and Warmuth [2005] (log(N)/e? iterations)

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 13



How to find violated constraints?

the Max Planck Society

@ Constraint
<W7 q)(x? yn) - ¢(x7 y)> 2 P — fn
Find labeling y that maximizes

(w, ®(x,y))

@ Use Dynamic Programming Decoding

[

y = argmax(w, ®(x,y))
yeT*

(DP only works if ® has certain decomposition structure)

If y =y,, then compute second best labeling as well

©

If constraint is violated, then add to optimization problem

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009
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Column-Generation Algorithm

Friedrich Miescher Laboratory
the Max Planck Society

@ TL=0forn=1,....N
@ Solve
N
(W' p, &) = argmax  p—C ) &,
”W”:lapvg n=1
wrt.  (w,d(x,y,) — P(x,y)) >p—¢&,
forally, #ye T n=1....N

© Find violated constraints (n=1,..., N)

y, = argmax(w’, ®(x,y))
Y, AYET*

If (W', &(x,y,) — ®(x,y5)) < p— &, set THHt=THU {y}}
@ If violated constraint exists, then go to 2
© Otherwise terminate = Optimal solution

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 15
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Problems

@ Optimization may require many iterations

@ Number of variables increases linearly

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 16
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Problems
@ Optimization may require many iterations

@ Number of variables increases linearly

@ When using kernels, solving optimization problems can become
easily infeasible
e Evaluation of (w, ®(x,y)) in dynamic programming can be very
expensive
e Optimization and decoding become too expensive

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 16



Friedrich Miescher Laboratory
of the Max Planck Society

Problems

@ Optimization may require many iterations

@ Number of variables increases linearly

@ When using kernels, solving optimization problems can become
easily infeasible

Evaluation of (w, ®(x,y)) in dynamic programming can be very
expensive

(4

e Optimization and decoding become too expensive

Approximation algorithms needed

®

Idea: Decompose problem

o First part uses kernels, can be precomputed
e Second part without kernels and only combines ingredients

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 16



Friedrich Miescher Laboratory
of the Max Planck Society

Problems

@ Optimization may require many iterations

@ Number of variables increases linearly

@ When using kernels, solving optimization problems can become
easily infeasible

Evaluation of (w, ®(x,y)) in dynamic programming can be very
expensive

(4

e Optimization and decoding become too expensive

Approximation algorithms needed

®

Idea: Decompose problem

o First part uses kernels, can be precomputed
e Second part without kernels and only combines ingredients

= Solve problems with 10,000 examples, instead of just < 500

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 16
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Back to Computational Gene Finding

- genic intergenic___
pre-mRNA
exon intron exon intron exon
mRNA
5' UTR 3'UTR
< payn —
Protein
R

@ Given a piece of DNA sequence

@ Predict gene products inluding the intermediate processing steps

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 17



Back to Computational Gene Finding

f the Max Planck Society

DNA TSS polyA/cleavage

Splice Splice Splice Splice
pre-mRNA Donor Acceptor Donor Acceptor

000 —

mRNA TIS S

top
( (

@ polyA —
\_/ \_/

Protein

@ Predict signals used during processing

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009
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Back to Computational Gene Finding

f the Max Planck Society

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage

TIS Stop
pre-mRNA

Protein

@ Predict signals used during processing

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009
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Back to Computational Gene Finding

Donor Acceptor Donor Acceptor polyA/cleavage

DNA TSS

Stop
pre-mRNA

Protein

@ Predict signals used during processing

@ Predict the correct corresponding label sequence with labels
“intergenic”, “exon”, “intron”, “5" UTR", etc.

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009
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Example: Splice Site Recognition

Friedrich Miescher Laboratory
of the Max Planck Society

True Splice Sites

2o 1] [l l..
N\

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 18



Example: Splice Site Recognition

True Splice Sites

2o 1] [l l..
N\

CT.. .GTC’ETA. . . GAAGCTAGGAGCGC. . .ACG}IGT. . .GA

~ 150 nucleotides window around dimer
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Example: Splice Site Recognition

Friedrich Miescher Laboratory

Potential Splice Sites
U LT (T (Y (1T (1007 LTHTT (T (1] 1] l..
\ /AN X/ NI N7 N N4

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

~ 150 nucleotides window around dimer

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 18



Friedrich Miescher Laboratory
of the Max Planck Society

Example: Splice Site Recognition

Potential Splice Sites

CT.. .GTCFTA. . . GAAGCTAGGAGCGC. . .ACG}IGT ...GA

~ 150 nucleotides window around dimer

AGAACGTTTCAACCATTTTGAG

TTAATTTCACTTC A IATCATCAATCTCCAAAACCAACAC

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

= Millions of examples from EST databases

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 18



Example: Splice Site Recognition

Friedrich Miescher Laboratory
of the Max Planck Society

CT... GTC|GTA. . .GAAGCTAGGAGCGC. . .ACG}CGT ...GA

~ 150 nucleotides window around dimer
Basic idea:
3

(D~ decoy For instance, exploit that exons

- spicestes have higher GC content

(3 /

56 @ true or

0 splice sites

=4

o AG - -

£ — that specific motifs appear near
o

3 — splice sites.

AG

[Sonnenburg et al., 2007b]
GC content 3' of 'AG'

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 19



Example: Splice Site Recognition

Friedrich Miescher Laboratory
of the Max Planck Society

CT... GTC|GTA. . .GAAGCTAGGAGCGC. . .ACGkGT ...GA

Basic idea:

GC content 5' of 'AG'

~ 150 nucleotides window around dimer

In practice: Use one feature per

possible substring (e.g. <20) at all
positions

150-(4*+. . . +4%°) =~ 2-10™ features

GC content 3' of 'AG'

Gunnar Ratsch (FML, Tibingen)
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Example: Splice Site Recognition

Potential Splice Sites
.- N\

Fnednch M|escher Laburatory
of the Max Planck Socie

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

Basic idea:

,
/
>
.
,

GC content 5' of 'AG'

.
’
B

~ 150 nucleotides window around dimer

In practice: Use one feature per

possible substring (e.g. <20) at all

. positions

= 150-(4'+. . .+4%°) =~ 2.10™ features

o Needs efficient algorithms

@ Leads to most accurate

GC content 3' of 'AG: predictors that currently exist

Gunnar Ratsch (FML, Tibingen)
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Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:

k(s1,S2) = W7 +W1 + Wa+ W2 + W3

S$1—>—AGTC GGACATCAGTAGACAGA A—>

I
S2—>—TTAT CAAAGACATCAGTAGAC T—>

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

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 20
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Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:

k(s1,S2) = W7 +W1 + Wa+ W2 + W3

S$1—>—AGTC GGACATCAGTAGACAGA A—>

I
S2—>—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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Kernels and String Data Structures

Good news: Use WD kernel to implicitly consider features:
k(s1,S2) = W7 +W1 + Wa+ W2 + W3
S1—=>»—AGTC| GGACATCAGTAGACAGA A—m—>
So—>—T TAT-CAAAGA(L;TCA(IETAGAC‘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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Results on Splice Site Recognition

positive predictive value [1-FDR] (%)

of

Friedrich Miescher Laboratory
the 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
100,
QDE =
80" §
&
70 ™
60~ g‘ 60~
50- 2 5o
40~ : g 40-
W emMG | i § O —wommC |
20 | ——worm SVM < £ 50— wormSVM
- - -human MC kH 8 - - -human MC
10" |- - -human SVM (‘ 10" - - -human SVM
00 20 80 1(‘)0 00 20 80 100

true positive rate (%)

Gunnar Ratsch (FML, Tibingen)

4
true positive rate (%)

[Sonnenburg, Schweikert, Philips, Behr, Ratsch, 2007]
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October, 23, 2009 21



Friedrich Miescher Laboratory
of the Max Planck Society

Human Splice Sites with WD Kernel

0.7 T T
=@ acceptor
=8 donor

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

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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Human Splice Sites with WD Kernel

=8 acceptor =0 acceplor
=8~ donor =——t— clonor

Friedrich Miescher Laboratory
of the Max Planck Society

0.6

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

d [ N S S
10° 10" 10° 10° 107 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 datal!

[Sonnenburg et al., 2007b]
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Example: Predictions in UCSC Browser

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

WormBase Gene Annotations

F58G12.10.1m
F53G12.10.3
F53G12.10.

F53G12.10

1

TSS i | I |”|“| |
00 all ol .I:.. il Al ]

mis 7" | | |

0.0

Accep;for | |
0.9

09

12
Doner | || | |

[

0.0 I

1
v, ] |, . |

04 _
cleave ||.|.|.
0.0 1 Joat I

[Ratsch et al., 2007, 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

F58G12.10.1
F53G12.10.3
F53G12.10.

F53G12.10

1

TSS I | I |”|“| |
00 all ol .I:.. il A |

mis 7" | | |

0.0

Accep;for ||
0.9

09

12
Doner | || | |

it

0.0 I

1
v, ] |, . |

0.4 _
cleave ||.|.|.
0.0 1 Joat I

[Ratsch et al., 2007, 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

1

TSS
oo Ml eilas |.I|. ."“ll”l“lllh.‘lll' A T AH |

ms Slgnals have to appear in the right order

Acceptor TIS ) Stop cleave
Donor (
<ﬂ—> Acc

Stop ]

ponA
— predictions for accurate gene prediction.

cleave

— Based on known genes, learn how to combine |
ol

— = Prediction of “Structured Outputs”

[Ratsch et al., 2007, Schweikert et al., 2009¢]
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Discriminative Gene Prediction (simplified)

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAACAAACAATTCTGATTTCAGGAACAATAA

S¥Mar
detector ”
output F [ ’J -

| dois

SVMas b

detector H |_l

true splicing

wrong splicing T — T

candidate 7

- . 4 ‘ large
cumulative y margin
splice score

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

2 dajs

Simplified Model: Score for splice form y = {(p), qj)}
F(y): Z Ser fGT) + Z SAG(fAG) + Z S, (pj1 — qi) + Z Ste(q)

Jj=1 j=2 j=1 Jj=1

Splice signals Segment lengths

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 24



Discriminative Gene Prediction (simplified)

of the Max Planck Society

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAACAAACAATTCTGATTTCAGGAACAATAA

S¥Mar

detsctor |.|
@ output F -
g [
© SVMus 3 |_|

detector H

true splicing

wrong splicing T — T
candidate 7

: 4 ‘ large
cumulative y margin
splice score

2 dajs

Friedrich Miescher Laboratory

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

Simplified Model: Score for spIice form y = {(p), qj)}
F(y): Z Ser fGT) + Z SAG(fAG) + Z S, (pj1 — qi) + Z Ste(q)

Jj=1 j=2 j=1 Jj=1

Splice signals Segment lengths

Tune free parameters by solving optimization problem.
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Discriminative Gene Prediction (simplified)

Sequence AATCAACGTTGGCTCCACGAATACGGATCGCGCTGOGACGAGGATATCGGTCCTACTTAAACAAACAATTCTGATTTCAGGAACAATAA

S¥Mar
detector T ”
@ output I [ -
&
= SVMas T ’J
detector
| i |
true splicing
wrong splicing  IE———— — I
& candidate ’ “ Y
r'% cumulative [ y :‘:;ln
splice score
Take-Home Messages —

Schélkopf, 2007]
Simplified @ Avoid solving a huge optimization
J-1 problem by splitting it into two parts

F=> o Exploit state-of-the-art signal pi)
—
N predictions —

@ Predict more accurately than
Tune free generative models
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Results using mGene

Fnednch M|escher Laburatory
of the Max Planck Socie

@ Most accurate ab initio method in the nGASP genome
annotation challenge for C. elegans [Coghlan et al., 2008]
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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., 2009c]
No. of genes | No. of genes | Frac. of genes
analyzed | w/ expression
2,197 57 ~ 42%
205 24 ~ 8%

New genes
Missing unconf. genes
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Results using mGene

the Max Planck Society

@ 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., 2009c]

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., 2009c]

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%

Gunnar Ratsch (FML, Tibingen)

Large Scale Sequence Analysis

October, 23, 2009

Friedrich Miescher Laboratory



http://www.wormbase.org/wiki/index.php/NGASP
http://www.wormbase.org/wiki/index.php/NGASP

Friedrich M|escher Laburatory
of the Max Planck S

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., 2009c]

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., 2009c]
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., 2009b]
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mGene.web: Gene Finding for Everybody ;-)

Friedrich Miescher Laboratory
of the Max Planck Society

Galaxy
«|» || ¢ 5| +| @ hup//galaxy.fml.tuebingen.mpg.de/ ~(Q- Go

]

[ MyWiki nGASP ISI MyWiki send print LEO CiteSeer PubMed Boosting #G NematodeNet PubMed Bankingv Rewardsv Transportv Flightsy >

Galaxy/Ritsch Lab Info: report bugs | wiki | screencasts | blog  Logged in as Gunnar.Raetsch@t:
Tools History Options
Upload file O Sucesfully ran workflow "mGeneTrainWorkflow", the following datasets 1 36: Log File ® 0 R
Get Data have been added to the queue.
Yoy Data 2: Genome Annotation in GFF3 format %
SVM Toolbox
3: Genome Sequence in FASTA format
KIRMES « 34: Log File @ §
mGene Workflows 4: Log File
mGene Tools 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 @
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
2 ’ ‘ 9: Log File
= Transcript2Anno Aligns a set of < 30: i
« 30: Log File @
mRNA or protein sequences 10: Content label file in CPF format e
against the genome and § - [
creates a genome annotation 11: Log File 2! abel filein SPF ® % |
format
= GFF2Anno Generates an 12: Content label file in CPF format
annotation object " i
. 28: Log File
13: Log File H 28: Log File ® R
= Anno2SignalLabel Generates
labeled positions from an 14: Content label file in CPF format 2 abel filein SPF ® ( %
annotation format
= = - : s 15: Log File A Y
= SignalTrain Trains a signal " :
e e SO it 1 16 Cantont lahal filn in CDE farmat *| |1 26: Log File ® (R
Loading "http:/ /galaxy.fml.tuebingen.mpg.de/", completed 13 of 14 items 7

mgene.org/web
[Schweikert et al., 2009b]
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Limitations/Extensions
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of the Max Planck Society

@ 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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Limitations/Extensions
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of the Max Planck Society

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

o Model complexity?
@ Other information?

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis October, 23, 2009 27



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

o Model complexity?
@ Other information?

@ Transcriptome is the result of many complex processes

e Current methods also ignore other important information:

@ Chromatin structure and methylation patterns
@ RNA structure and processing regulation . ..
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Limitations/Extensions

@ Gene finding (by far) still not perfect
e New ab initio techniques more accurate
e Many genes mis-predicted (C. elegans: ~ 50%; human: ~ 80%)

e What is missing?

@ Not enough examples for training?
o Model complexity?

@ Other information?

@ Transcriptome is the result of many complex processes
e Current methods also ignore other important information:

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

October, 23, 2009

e Ab initio methods cannot predict alternative transcripts

Large Scale Sequence Analysis

Gunnar Ratsch (FML, Tibingen)
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Gene Finding + Auxiliary “Measurements”

Friedrich Miescher Laboratory
of the Max Planck Society

Is there other information that may be used by cellular processes that
can improve prediction results?

Preliminary study: (A. thaliana)
@ mGene (ab initio)

transcript level (SN + SP)/2

73.3%

Gunnar Ratsch (FML, Tibingen)

[Behr et al., 2009, in prep.]
Large Scale Sequence Analysis
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Gene Finding + Auxiliary “Measurements”
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Is there other information that may be used by cellular processes that
can improve prediction results?

Preliminary study: (A. thaliana) transcript level (SN + SP)/2
@ mGene (ab initio) ... 73.3%
@ ... with DNA methylation (1 tissue) 76.1%

[Behr et al., 2009, in prep.]
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Gene Finding + Auxiliary “Measurements”
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Is there other information that may be used by cellular processes that
can improve prediction results?

Preliminary study: (A. thaliana) transcript level (SN + SP)/2
@ mGene (ab initio) ... 73.3%
@ ... with DNA methylation (1 tissue) 76.1%
© ... with Nucleosome position predictions 78.0%

[Behr et al., 2009, in prep.]
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Gene Finding + Auxiliary “Measurements”

Friedrich Miescher Laboratory

e Max Planck Society

Is there other information that may be used by cellular processes that
can improve prediction results?

Preliminary study: (A. thaliana) transcript level (SN + SP)/2
@ mGene (ab initio) ... 73.3%
@ ... with DNA methylation (1 tissue) 76.1%
© ... with Nucleosome position predictions 78.0%
© ... with RNA secondary structure predictions 76.7%

[Behr et al., 2009, in prep.]
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Gene Finding + Auxiliary “Measurements”

Is there other information that may be used by cellular processes that
can improve prediction results?

Preliminary study: (A. thaliana) transcript level (SN + SP)/2
@ mGene (ab initio) ... 73.3%
@ ... with DNA methylation (1 tissue) 76.1%
© ...with Nucleosome position predictions 78.0%
© ... with RNA secondary structure predictions 76.7%

In progress:

@ Study effect of other information sources for human gene
prediction

o lIdeally, consider measurements from the same sample
[Behr et al., 2009, in prep.]
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Alternative Transcripts: First Steps

[Rétsch et al., 2005]

@ Predict novel alternative splicing as independent events

Predictions of alternative splicing

@ Only use sequence information
@ Requires known gene structures: Use ab initio predictions
Large Scale Sequence Analysis October, 23, 2009 29
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Alternative Transcripts: More Steps

@ Combine gene finding with prediction of alternative splicing
o Machine learning challenge: [Zien et al., 2006]

Input: DNA sequence
Output: Splicing graph
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Alternative Transcripts: More Steps

@ Combine gene finding with prediction of alternative splicing
e Machine learning challenge: [Zien et al., 2006]

Input: DNA sequence
Output: Splicing graph

@ mGene approach can be extended to
e Predict “simple splicing graphs”

Exon A-Acc
- D
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Alternative Transcripts: More Steps

@ Combine gene finding with prediction of alternative splicing
e Machine learning challenge: [Zien et al., 2006]
Input: DNA sequence
Output: Splicing graph
@ mGene approach can be extended to
e Predict “simple splicing graphs”

Exon A-Acc
- D

o But, without clean data we cannot train the model . ..
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DNA
T 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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mRNA Deep Sequencing

Friedrich Miescher Laboratory
of the Max Planck Society

pre-mRNA
Exon

Short read is split by
intron when aligning
to reference Genome T

[Wikipedia]
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Learning to Integrate Data Sources

genomic position

True genemocel I EE— =

STEP 1: SVM Signal Predictions

tss PRI PORTTYR || [T T lia i 1

emer® [Behr et al., 2009, in prep.]
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Learning to Integrate Data Sources

Friedrich Miescher Laboratory
of the Max Planck Society

genomic position

True genemocel I EE— =

STEP 1: SVM Signal Predictions
tss

T” SN POTTYR || [T e L

transform features

STEP 2: Integration

Flxy)

genomic position

[Behr et al., 2009, in prep.]

October, 23, 2009 33

Gunnar Ratsch (FML, Tibingen) Large Scale Sequence Analysis



Gunnar Ratsch (FML, Tibingen)

Learning to Integrate Data Sources

Friedrich Miescher Laboratory
of the Max Planck Society

genomic position

True genemocel I EE— =

Wrong gene model ' -

STEP 1: SVM Signal Predictions

T” SN POTTYR || [T e L

transform features
STEP 2: Integration

Y I large margin
Fixy) I —

genomic position

[Behr et al., 2009, in prep.]
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Learning to Integrate Data Sources

Friedrich Miescher Laboratory
of the Max Planck Society

genomic position

True genemocel I EE— =

Wrong gene model I

STEP 1: SVM Signal Predictions
tss

T” SN POTTYR || [T e L

tis

acc

. [ | |
don | 1

| I
stop

Tiling Array Data

T||||||.|||‘I||||||

transform features

STEP 2: Integration

Flxy)

genomic position

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

Friedrich Miescher Laboratory

he Max Planck Society

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

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

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

Results for A. thaliana: (Comparison with known gene models)

transcript level (SN + SP)/2
@ mGene (ab initio) . .. 73.3%

[Behr et al., 2009, in prep.]
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Gene Finding + Transcriptome Measurements
Idea: Use transcriptome measurements to enhance recognition of
exonic regions.

Results for A. thaliana: (Comparison with known gene models)
transcript level (SN + SP)/2

@ mGene (ab initio) ... 73.3%
@ ... with tiling arrays (11 tissues) 82.1%
© ...with mRNA-seq (1 tissue) 81.1%

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

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

Results for A. thaliana: (Comparison with known gene models)
transcript level (SN + SP)/2

@ mGene (ab initio) . .. 73.3%
@ ... with tiling arrays (11 tissues) 82.1%
© ...with mRNA-seq (1 tissue) 81.1%

Transcriptome measurements certainly help, but predictions

are still quite far from perfect.
[Behr et al., 2009, in prep.]
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Summary and Future Work

Friedrich Miescher Laboratory
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@ Genome Annotation is a huge structured output learning problem

@ Proposed a two-step learning procedure separating the kernels
from the structured output prediction
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Summary and Future Work

@ Genome Annotation is a huge structured output learning problem

@ Proposed a two-step learning procedure separating the kernels
from the structured output prediction

@ Sequence classification already challenging (large!)

@ String data structures make training feasible
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Summary and Future Work

@ Genome Annotation is a huge structured output learning problem

@ Proposed a two-step learning procedure separating the kernels
from the structured output prediction

@ Sequence classification already challenging (large!)

@ String data structures make training feasible

@ Gene prediction is more difficult in reality

e Predict splice graphs/alternative transcripts
o Regulation!? Auxiliary data!?
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Summary and Future Work

(4
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(]

©

Friedrich Miescher Laboratory
of the Max Planck Society

Genome Annotation is a huge structured output learning problem

Proposed a two-step learning procedure separating the kernels
from the structured output prediction

Sequence classification already challenging (large!)

String data structures make training feasible

Gene prediction is more difficult in reality

e Predict splice graphs/alternative transcripts
o Regulation!? Auxiliary data!?

New sequencing data gives

e detailed picture on transcriptome
e hope to be able to train more sophisticated models
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