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Presentation outline

Introduction to gene structural prediction

Homology-based gene structural prediction tool GIGOgene
Ab initio gene structural prediction tools

Splice sensor design

Using splicing enhancers/silencers to improve delity of S S
prediction
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Central dogma

Genes are the most important functional components of human
genome

Only 3% of human genome is occupied by genes
Splicing is crucial step in expression of most metazoan genes
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Where are they?

AGCCCCAAGCTTACCACCTGCACCCGGAGAGCTGTGTCACCATEAEEE BICTTCCTCACCCTGTCCGTGACGTGGATTGGTGAGAGCGEHCGEIGEGATGCAGGAG
AGGGAGCCAGCCCTGACTGTCAAGCTGAGGCTCTTTCCCCCCCAETUUNBTCCAGACAGGGAGCTGGGCTCTTTTCTGTCTCTCCCARIIZAGALT CATACCCCCA
GCCCCTCCATATTGCAACAGTCCTCACTCCCACACCAGGTCCCCGCTACTTACCCCAGAACTTTCTCCCCATTGCCCAGCCAGCTCCCAGCTGOTTTACTAAAGGG
GAAGTTCCTGGGCATCTCCGTGTTTCTCTTTGTGGGGCTCAAAAGTEALIANFCTCTCAATGCCATTGGTTCCTTGGACCGTATCACTGGTQIBAGILCCTCAATCCTA
TCACAGTCTACTGACTTTTCCCATTCAGCTGTGAGTGCCCAACCATBAGACCTTGATGCTTGGCCTCCCAATCTTGCCCTAGGATACCCAGBTAGEBCACCTCCTTCT
TCCTAGCCAGGCTATCTGGCCTGAGACAACAAATGGGTCCCTCARATIGGACTCTGAGAACTCCTCATTCCCTGACTCTTAGCCCCAGACTCABIGGCCCACATTT
TCCTTAGGAAAAACATGAGCATCCCCAGCCACAACTGCCAGCTCTCOEARRTCTGCATCCTTTTCAAAACCTAAAAACAAAAAGAAAAABAASRAAACCAACTCAGA
CCAGAACTGTTTTCTCAACCTGGGACTTCCTAAACTTTCCAAAACCTTCCAGCAACTGAACCTCGCCATAAGGCACTTATCCCTGGTTCCIGUATCCCCTCAGAAT
CCACAACTTGTACCAAGTTTCCCTTCTCCCAGTCCAAGACCCCAAMIAMIEGACCCAATCCCCAGACTCAAGATATGGTCTGGGCGCTAGITIUGIACCCTGATCCCT
GGGTTCAACTCTGCTCCCAGAGCATGAAGCCTCTCCACCAGCACTABIITIARCAAACCTAGGGAAGATTGACAGAATTCCCAGCCTTTCOCCAGTBCCCATGTCCCAG
GACTCCCAGCCTTGGTTCTCTGCCCCCGTGTCTTTTCAAACCCAGATCCPACTCCTATCCGAGTCCCCCAGTTCCTCCTGTCAACCCTEGNTIATITAGCACCCCCTC
TGCAGGTGCTGCACCCCTCATCCTGTCTCGGATTGTGGGAGGCTERENATBEATTCCCAACCCTGGCAGGTGCTTGTGGCCTCTCGTRE&IAMFGGGGCGGTGTTCT
GGTGCACCCCCAGTGGGTCCTCACAGCTGCCCACTGCATCAGGASGUBHEITGGGGTCTGGGGAGCAGGTGTCTGTGTCCCAGAGGANLBBCAGU TCCCCAGGA
TAACCTCTAAGGCCAGCCTTGGGACTGGGGGAGAGAGGGAAAGTAGBIGRACATGGGGAGGCAGGGTTGGGGCTGGACCACCCTCCGINTBEENGICCATCTGTG
TTCCTCTATGTCTCTTTGTGTCGCTTTCATTATGTCTCTTGGTAACTGEETTGTGTCTCTCCGTGTGACTATTTTGTTCTCTCTCTCCCTCOIGICITTCAGTCTCCATA
TCTCCCCCTCTCTCTGTCCTTCTCTGGTCCCTCTCTAGCCAGTGTGEICTGRATCTCTCTGCCAGGCTCTGTCTCTCGGTCTCTGTCTCAGINTETGCCTACTGAGCAC
ACGCATGGGATGGGCCTGGGGGGACCCTGAGAAAAGGAAGGGGHUTGGGEEGGCTCACACCTGTAATCCCAGCACTTTGGGAGGCCAAGHGUABUBCTGAGGTCAG
GAGTTCGAGACCAGCCTGGCCAACTGGTGAAACCCCATCTCTACABAAAAAATTAGCCAGGCGTGGTGGCGCATGCCTGTAGTCCCAGEIAGECAGAGGGAGGAGA
ATTGCTTGAACCTGGGAGGTGGAGGTTGCAGTGAGCCGAGACCGUDBCTACAGCCTGGGTGACAGAGTGAGACTCCGCCTCAAAAAAANGNMNGAAAAGAAAAG
AAAAGAAAAGGAAGTGTTTTATCCCTGATGTGTGTGGGTATGAGEAFIGBCCCTCTCACTCCATTCCTTCTCCAGGACATCCCTCCACAGRTAGBGAGAAGGGCTG
GTTCCAGCTGGAGCTGGGAGGGGCAATTGAGGGAGGAGGAAG G HAGFBBCAGGGTATGGGGGAAAGGACCCTGGGGAGCGCGAARNIARGEAGGGCCTGCAG
GCCAGGCTACCTACCCACTTGGAAACCCACGCCAAAGCCGCAT@EA@BGAITCTGAGGCCTCCCCTCCCCAGCGGTCCCCACTCAGCTTCABAGTCTTTTCTCTC
CCACACTCTATCATCCCCCGGATTCCTCTCTACTTGGTTCTCATTCTEGBCTTCCTGCTTCCCTTTCTCATTCATCTGTTTCTCACTTTCTGCUIM&I TCTTCTCTCTCT
CTTTCTCTGGCCCATGTCTGTTTCTCTATGTTTCTGTCTTTTCTTTCOTATGTATTTTCGGCTCACCTTGTTTGTCACTGTTCTCCCCTCTGCATITTCTCTGTCCTTT
TACCCTCTTCCTTTTTCCCTTGGTTTCTCTCAGTTTCTGTATCTGCEOTTTCTCACACTGCTGTTTCCCAACTCGTTGTCTGTATTTTTGGCTEGEBACTTCCCCAACCC
TGTGTTTTTCTCACTGTTTCTTTTTCTCTTTTGGAGCCTCCTCCTTEGCTGUCCCTTCTCTCTTTCCTTATCATCCTCGCTCCTCATTCCTGEITCTI CCCCAGCAAAAG
CGTGATCTTGCTGGGTCGGCACAGCCTGTTTCATCCTGAAGACAGEESCUAAGGTCAGCCACAGCTTCCCACACCCGCTCTACGATATGAGEBATGAATCGATTCCT
CAGGCCAGGTGATGACTCCAGCCACGACCTCATGCTGCTCCGCGIENMGATEIGAGCTCACGGATGCTGTGAAGGTCATGGACCTGCCCSCOBMEEBATGGGGACCAC
CTGCTACGCCTCAGGCTGGGGCAGCATTGAACCAGAGGAGTGTRUBBGRFGGTGCAGCCGGGAGCCCAGATGCCTGGGTCTGAGCRUBGEAGECGCTAGGTCTG
AGGGAGGAGGGCCAAGGAACCAGGTGGGGTCCAGCCCACAACRBENITEGTTCCGTAGTCTTGACCCCAAAGAAACTTCAGTGTGTGGAGTIATTOATCAATGACGTG
TGTGCGCAAGTTCACCCTCAGAAGGTGACCAAGTTCATGCTGTGTCGCTGGACAGGGGGCAAAAGCACCTGCTCGGTGAGTCATCCCTSBTCTCTBAGGGGAAAGGT
GAGTGGGGACCTTAATTCTGGGCTGGGGTCTAGAAGCCAACAAEEBIGUCTIGCTCCCCAGCTGTAGCCATGCCACCTCCCCGTGTCTHAIWIBACTTCCCTCTTC
TTTGACTCCCTCAAGGCAATAGGTTATTCTTACAGCACAACTCATCTGTBITCAGCACACGGTTACTAGGCACCTGCTATGCACCCAGCRAIBEOCTGGGACATAGC
AGTGAACAGACAGAGAGCAGCCCCTCCCTTCTGTAGCCCCCAAGHRAGTSBAGGCAGGAACAGGGACCACAACACAGAAAAGCTGCGARGIIGIGATCAGGCTCTC
GGGGAGGGAGAAGGGGTGGGGAGTGTGACTGGGAGGAGACATGGUEGEMAN GAGCAAACACCTGCCGCAGGGGAGGGGAGGGCOCTGEGGGGAGCAGAGGGAA
CAGCATCTGGCCAGGCCTGGGAGGAGGGGCCTAGAGGGCGTCMAGEACHBIAGCCTGGCTGGAGTGAAGGATCGGGGCAGGGTGCGNBAGGBEACCTCCTGCA
GGGCCTCACCTGGGCCACAGGAGGACACTGCTTTTCCTCTGAGBAGTCGAGGATGGTGCTGGACAGAAGCAGGACAGGGCCTGGCTCAGSFGTTGCCGCTGGCCT
CCCTATGGGATCAGACTGCAGGGAGGGAGGGCAGCAGGGATCTBMGBEAGGGCTGACCTGGCGGGGTGGCTCCAGGCATTGTCCCCACTTABBIAGCCTCCCTC
ACAGGCTCCTGGCCCTCAGTCTCTCCCCTCCACTCCATTCTCCABCASTGGGTCATTCTGATCACCGAACTGACCATGCCAGCCCTGOOGKIGEIGGCTCCCTAGT
GCCCTGGAGAGGAGGTGTCTAGTCAGAGAGTAGTCCTGGAAGGEBEGAGTEBGCCACGGGGACAGCATCCTGCAGATGGTCCTGGCCAITGACCTATCTACAAGGA
CTGTCCTCGTGGACCCTCCCCTCTGCACAGGAGCTGGACCCTGARETUACCGGCCAGGACTGGAGCCCCTACCCCTCTGTTGGAATAQCITGCTUCTGGAAGTCG
GCTCTGGAGACATTTCTCTCTTCTTCCAAAGCTGGGAACTGCTATEITEETBTGTCCAGGTCTGAAAGATAGGATTGCCCAGGCAGAAACGSECGGHOICTCACTCTCTC
CCTGCTTTTACCCTTAGGGTGATTCTGGGGGCCCACTTGTCTGTASCIGTBAGGTATCACGTCATGGGGCAGTGAACCATGTGCCCTCGEBGCGRRACCTGTACACCA
AGGTGGTGCATTACCGGAAGTGGATCAAGGACACCATCGTGCGGCGWEIXITICCTATCAACCCCCTATTGTAGTAAACTTGGAACCTTGEAMAIGBCAAGACTCAAGC
CTCCCCAGTTCTACTGACCTTTGTCCTTAGGTGTGAGGTCCAGGGGR2BEHSEAAATCAGCAGACACAGGTGTAGACCAGAGTGTTTCTTEAARGGITGTCCTCTCTG
TGTCCTGGGGAATACTGGCCATGCCTGGAGACATATCACTCAATABGAURCAGATAGGATGGGGTGTCTGTGTTATTTGTGGGGTACAGEGRGGABGTGGGATCCAC
ACTGAGAGAGTGGAGAGTGACATGTGCTGGACACTGTCCATGAABINEABICTGGAGGCACAACGCACCAGACACTCACAGCAAGGARBGENGKIAACCCACTCTG
TCCTGGAGGCACTGGGAAGCCTAGAGAAGGCTGTGAGCCAAGGRGEHEGAGTEBEGCATGGGATGGGGATGAAGTAAGGAGAGGGACTAGE2AGTI GATTCACTAT
GGGGGGAGGTGTATTGAAGTCCTCCAGACAACCCTCAGATTTGATGXAGTAGAACTCACAGAAATAAAGAGCTGTTATACTGTG

Homo sapiens kallikrein 3 (KLK3) gene structure
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Where are they?

AGCCCCAAGCTTACCACCTGCACCCGGAGAGCTGTGTCACCATEEEE BICTTCCTCACCCTGTCCGTGACGTGGAEAGAGGGGCCATGGTTGGGGGGATGCAGGAG
AGGGAGCCAGCCCTGACTGTCAAGCTGAGGCTCTTTCCCCCCCAETUUNBTCCAGACAGGGAGCTGGGCTCTTTTCTGTCTCTCCCARIIZAGALT CATACCCCCA
GCCCCTCCATATTGCAACAGTCCTCACTCCCACACCAGGTCCCCGCTACTTACCCCAGAACTTTCTCCCCATTGCCCAGCCAGCTCCCAGCTGOTTTACTAAAGGG
GAAGTTCCTGGGCATCTCCGTGTTTCTCTTTGTGGGGCTCAAAAGTEALIAFCTCTCAATGCCATTGGTTCCTTGGACCGTATCACTGGTQIRAGILCCTCAATCCTA
TCACAGTCTACTGACTTTTCCCATTCAGCTGTGAGTGCCCAACCATBAGACCTTGATGCTTGGCCTCCCAATCTTGCCCTAGGATACCCAGBTAGECACCTCCTTCT
TCCTAGCCAGGCTATCTGGCCTGAGACAACAAATGGGTCCCTCARATIGGACTCTGAGAACTCCTCATTCCCTGACTCTTAGCCCCAGACTCABIGGCCCACATTT
TCCTTAGGAAAAACATGAGCATCCCCAGCCACAACTGCCAGCTCTCOEARRTCTGCATCCTTTTCAAAACCTAAAAACAAAAAGAAAAABAASRAAACCAACTCAGA
CCAGAACTGTTTTCTCAACCTGGGACTTCCTAAACTTTCCAAAACCTTCCAGCAACTGAACCTCGCCATAAGGCACTTATCCCTGGTTCCGUATCCCCTCAGAAT
CCACAACTTGTACCAAGTTTCCCTTCTCCCAGTCCAAGACCCCAAMTIAMIEGACCCAATCCCCAGACTCAAGATATGGTCTGGGCGCTGITIUGIACCCTGATCCCT
GGGTTCAACTCTGCTCCCAGAGCATGAAGCCTCTCCACCAGCACTABIITIARCAAACCTAGGGAAGATTGACAGAATTCCCAGCCTTTCCCABTBCCCATGTCCCAG
GACTCCCAGCCTTGGTTCTCTGCCCCCGTGTCTTTTCAAACCCAGATCCPACTCCTATCCGAGTCCCCCAGTTCCTCCTGTCAACCCTEGNTIATITAGCACCCCCTC
TGCAGTGCTGCACCCCTCATCCTGTCTCGGATTGTGGGAGGCTGGGABGBRBGAGBCAACCCTGGCAGGTGCTTGTGGCCTCTCGTGGCAGCERGARIGITGTTCT
GGTGCACCCCCAGTGGGTCCTCACAGCTGCCCACTGCABTSBGAAGGGGCCTGGGGTCTGGGGAGCAGGTGTCTGTGTCCOMEBMBEAMLIGGCATTTTCCCCAGGA
TAACCTCTAAGGCCAGCCTTGGGACTGGGGGAGAGAGGGAAAGTAGBIGACATGGGGAGGCAGGGTTGGGGCTGGACCACCCTCCGINTBEENGICCATCTGTG
TTCCTCTATGTCTCTTTGTGTCGCTTTCATTATGTCTCTTGGTAACTGEETTGTGTCTCTCCGTGTGACTATTTTGTTCTCTCTCTCCCTCOIGICITTCAGTCTCCATA
TCTCCCCCTCTCTCTGTCCTTCTCTGGTCCCTCTCTAGCCAGTGTGEICTGRATCTCTCTGCCAGGCTCTGTCTCTCGGTCTCTGTCTCAGINTETGCCTACTGAGCAC
ACGCATGGGATGGGCCTGGGGGGACCCTGAGAAAAGGAAGGGGHUTGGGEEGGCTCACACCTGTAATCCCAGCACTTTGGGAGGCCAAGGUABUBCTGAGGTCAG
GAGTTCGAGACCAGCCTGGCCAACTGGTGAAACCCCATCTCTACABAAAAAATTAGCCAGGCGTGGTGGCGCATGCCTGTAGTCCCAGEFAGECAGAGGGAGGAGA
ATTGCTTGAACCTGGGAGGTGGAGGTTGCAGTGAGCCGAGACCGUDBCTACAGCCTGGGTGACAGAGTGAGACTCCGCCTCAAAAAAAGNMNGAAAAGAAAAG
AAAAGAAAAGGAAGTGTTTTATCCCTGATGTGTGTGGGTATGAGEAFIGBCCCTCTCACTCCATTCCTTCTCCAGGACATCCCTCCACAGRIAGBGAGAAGGGCTG
GTTCCAGCTGGAGCTGGGAGGGGCAATTGAGGGAGGAGGAAG G HAGFBBCAGGGTATGGGGGAAAGGACCCTGGGGAGCGCGAARNIARGBEAGGGCCTGCAG
GCCAGGCTACCTACCCACTTGGAAACCCACGCCAAAGCCGCAT@EA@BGAITCTGAGGCCTCCCCTCCCCAGCGGTCCCCACTCAGCTTCABAGTCTTTTCTCTC
CCACACTCTATCATCCCCCGGATTCCTCTCTACTTGGTTCTCATTCTEGBCTTCCTGCTTCCCTTTCTCATTCATCTGTTTCTCACTTTCTGCTIM&I TCTTCTCTCTCT
CTTTCTCTGGCCCATGTCTGTTTCTCTATGTTTCTGTCTTTTCTTTCOTATGTATTTTCGGCTCACCTTGTTTGTCACTGTTCTCCCCTCTGCATITTCTCTGTCCTTT
TACCCTCTTCCTTTTTCCCTTGGTTTCTCTCAGTTTCTGTATCTGCAOTTTCTCACACTGCTGTTTCCCAACTCGTTGTCTGTATTTTTGGCTEGEBACTTCCCCAACCC
TGTGTTTTTCTCACTGTTTCTTTTTCTCTTTTGGAGCCTCCTCCTTEGCTGUCCCTTCTCTCTTTCCTTATCATCCTCGCTCCTCATTCCTGEITCTI CCCCATAAAAG
CGTGATCTTGCTGGGTCGGCACAGCCTGTTTCATCCTGAAGACAGEESCUAAGGTCAGCCACAGCTTCCCACACCCGCTCTACGATATGAGEBATGAATCGATTCCT
CAGGCCAGGTGATGACTCCAGCCACGACCTCATGCTGCTCCGCGIENMGTEGAGCTCACGGATGCTGTGAAGGTCATGGACCTGCCCACOBSEBATGGGGACCAC
CTGCTACGCCTCAGGCTGGGGCAGCATTGAACCACATGEABICTGGGCCAGATGGTGCAGCCGGGAGCCCAGATGCCTGRENEGISBGGGACAGGACTCCTAGGTCTG
AGGGAGGAGGGCCAAGGAACCAGGTGGGGTCCAGCCCACAACRETNITEGTTCGTAGI TGACCCCAAAGAAACTTCAGTGTGTGGACCTCCATGTTATTTRCBAGG
TGTGCGCAAGTTCACCCTCAGAAGGTGACCAAGTTCATGCTGTGTGCTGGACAGGGGGCAAAAGCACCTGTEBGTCATCCCTACTCCCAAGATCTTGAGGGGAAAGGT
GAGTGGGGACCTTAATTCTGGGCTGGGGTCTAGAAGCCAACAAEBIGUCTIGCTCCCCAGCTGTAGCCATGCCACCTCCCCGTGTCTHAIWIBACTTCCCTCTTC
TTTGACTCCCTCAAGGCAATAGGTTATTCTTACAGCACAACTCATCTGTBITCAGCACACGGTTACTAGGCACCTGCTATGCACCCAGCRAIBEOCTGGGACATAGC
AGTGAACAGACAGAGAGCAGCCCCTCCCTTCTGTAGCCCCCAAGHRAGTSBAGGCAGGAACAGGGACCACAACACAGAAAAGCTGCGARGIIGIGATCAGGCTCTC
GGGGAGGGAGAAGGGGTGGGGAGTGTGACTGGGAGGAGACATGGCGUEGEMAN GAGCAAACACCTGCCGCAGGGGAGGGGAGGGCOCTGEGGGGAGCAGAGGGAA
CAGCATCTGGCCAGGCCTGGGAGGAGGGGCCTAGAGGGCGTCMAGEACHBIAGCCTGGCTGGAGTGAAGGATCGGGGCAGGGTGCGNBAGGBEACCTCCTGCA
GGGCCTCACCTGGGCCACAGGAGGACACTGCTTTTCCTCTGAGBAGTCGAGGATGGTGCTGGACAGAAGCAGGACAGGGCCTGGCTCAGSFGTTGCCGCTGGCCT
CCCTATGGGATCAGACTGCAGGGAGGGAGGGCAGCAGGGATCTBAMGBEAGGGCTGACCTGGGGGTGGCTCCAGGCATTGTCCCCACTTABBIAGCCTCCCTC
ACAGGCTCCTGGCCCTCAGTCTCTCCCCTCCACTCCATTCTCCABCAIIEEGTCATTCTGATCACCGAACTGACCATGCCAGCCCTGCCGATGEIE@TIOCCCTAGT
GCCCTGGAGAGGAGGTGTCTAGTCAGAGAGTAGTCCTGGAAGGEBEGAGTEBGCCACGGGGACAGCATCCTGCAGATGGTCCTGGCCAITGACCTATCTACAAGGA
CTGTCCTCGTGGACCCTCCCCTCTGCACAGGAGCTGGACCCTGARETUACCGGCCAGGACTGGAGCCCCTACCCCTCTGTTGGAATAMQCITGCTUCTGGAAGTCG
GCTCTGGAGACATTTCTCTCTTCTTCCAAAGCTGGGAACTGCTATEITEATBTGTCCAGGTCTGAAAGATAGGATTGCCCAGGCAGAAACGSECGGHOICTCACTCTCTC
CCTGCTTTTACCCTTAGGGTGATTCTGGGGGCCCACTTGTCTGTASKIGTBAGGTATCACGTCATGGGGCAGTGAACCATGTGCCCTCGEBGCGRRACCTGTACACCA
AGGTGGTGCATTACCGGAAGTGGATCAAGGACACCATCGTGCGGCGWEINXITICCTATCAACCCCCTATTGTAGTAAACTTGGAACCTTGEAMAIGBCAAGACTCAAGC
CTCCCCAGTTCTACTGACCTTTGTCCTTAGGTGTGAGGTCCAGGGGR2BHGEAAATCAGCAGACACAGGTGTAGACCAGAGTGTTTCTTEAARGGITGTCCTCTCTG
TGTCCTGGGGAATACTGGCCATGCCTGGAGACATATCACTCAATABGATUMCAGATAGGATGGGGTGTCTGTGTTATTTGTGGGGTACAGNEGRGGAGTGGGATCCAC
ACTGAGAGAGTGGAGAGTGACATGTGCTGGACACTGTCCATGAABINEABICTGGAGGCACAACGCACCAGACACTCACAGCAAGGARGENGKIIAACCCACTCTG
TCCTGGAGGCACTGGGAAGCCTAGAGAAGGCTGTGAGCCAAGGRGEHEGRAGEBEGCATGGGATGGGGATGAAGTAAGGAGAGGGACTAGE2AGTTI GATTCACTAT
GGGGGGAGGTGTATTGAAGTCCTCCAGACAACCCTCAGATTTGATGXATAGAACTCACAGATAA/GAGCTGTTATACTGTG

Homo sapiens kallikrein 3 (KLK3) gene structure
Gene structural prediction and splicing — p. 4/49



Intron

| Intron |

Exon 1 GU A Y),AG| Exon2

R GC NIC  UUUUCCCUGA KARU

GEA c¥ccu AU.G CU A, U’ éﬂ&

uu SUSAUA UAGUGGC%gAA EEE%E é&GA oC
5’ splice site Branch site 3 splice site

Image credit L. Cartegni, S.L. Chew, and A.R. Krainer. Listening to silence and
understanding nonsense: exonic mutations that affect splicing. Nature Reviews
Genetics, 3:285-298, Apr 2002.
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Intron splicing

Image credit M.L. Hastings and A.R. Krainer. Pre-mRNA splicing in the new millenium.

Current opinion in Cell Biology, 13:302-309, 2001.
|
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MRNA structure

start stop
codon codon
_________ |___________________|_________
5-UTR translated RNA 3'-UTR

Here:
59UTR (read as ve Prime Untranslated Region)

Translated RNA is mRNA portion coding for protein, consists of
codons

3°UTR (read as three Prime Untranslated Region)

|
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Importance to understand splicing

Genes require exact structural annotation for future biological
experiments such as reverse genetics and microarray experiments

The importance of a detailed understanding of gene splicing can
be underlined by noting that 10-15% of human genetic disease
has been estimated to be caused by mutations that occur at or
near splice junctions [10]

The development of a “Precise, predictive model of RNA
splicing/alternative splicing” has recently been listed as the
second of ten mayor challenges facing bioinformatics [Genome
Technology (2002) 17,p.21 ]

|
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Mutations in ATM gene

[ new 5' GT splice sitej

[ Exon55 AG. G?ACTT...A,% gtatgc ) ()" ag

0.14

7865 C>T (A2622V)

0.02 > 0.22

[ new 3' AG splice sitej

gt ) ()" ag[GCTACAGl AT Exon 12 j

IVS11-2 A>G

|
Gene structural prediction and splicing — p. 9/49



Gene structural annotation

Homology-based
The most precise method of gene structure prediction
Requires close homologs that are not available in 50% of the
cases

Ab initio
Probabilistic methods predicting gene structures in DNA
sequences
Frequently imprecise, but may explain splicing and certain
gene isoforms
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Homology-based gene structural annotation

Is frequently classi ed according to homology type they emp loy
(DNA/DNA, DNA/mRNA, DNA/Protein, etc.)

Uses spliced alignment algorithm to explore all possible
assemblies of potential exons (alignment blocks) to nd a ch ain of
exons which best ts a target sequence

Potentially large number of gene isoforms can prevent proper
characterization of the gene structure by this method

|
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Existing methods

BLAST and BLASTX were introduced in early 90's
Able to search for blocks - essential component of all
homology-based gene structural prediction tools
First tools were GeneBuilder and Procrustes
Used Protein/DNA homology - coarse granularity, unable to
annotate UTRs
Contemporary tools are
Sim4 [6] http://genome.nasa.gov/cgi-bin/sim4/sim4.cgi
BLAT [9] nttp://genome.ucsc.edu/cgi-bin/hgBlat
GrallEXP Galahad [16] http://compbio.ornl.gov/grailexp/
est2 genome [13] http://bioweb.pasteur.fr/seqanal/interfaces/est2gen ome.html
Spidey [15] http:/Amvww.nchbi.nim.nih.gov/spidey/
GIGOgene [4] ntp:imioinformatics.ist.unomaha.edu/~achurban/GIG Ogene/

EXALIN [18] http://blast.wustl.edu/exalin/
Modern tools primarily use mRNA/DNA homology

|
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Problem with gene duplications

Genes are duplicated in the course of evolution

Pseudogenes are inactive sequences of genomic DNA which
have a similar sequence to known functional genes

Two genes are said to be paralogous if they are derived from a
duplication event
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Example

Below we consider our test case: Fc fragment of IgG binding protein
(FCGBP) transcript NM_003890 aligned to genomic clones
ACO00784.1, AC011536.6 and AC006950.1.

NM_003890 Segments

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
O o o O O O O O O O O O O o O O O O O

Q Q Q O O "“ ///////

R e
9

0

8 10 11 12 13 14 15 16 17
AC007842.1 Segments

Ambiguity for the BLASTN matching of NM_003890 to AC007842.1

NM_003890 Segments NM_003890 Segments
0o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 0 1 2 3 4 5 6 7 8 9 10 11
\XX\X\X\X\X\X\X\\X ooooooooooooooooooooooooo /// OOOOO
ooooooo

0 1 2 3 4 5 6 7 8 9 0 11 12 13 14 15 16 17 0 1 2 3 4 5 6 7 8 9 10 14 15 16 17
AC007842.1 Segments AC007842.1 Segments.

Cl m

First non-ambiguous sequence Second non-ambiguous
of HSPs sequence of HSPs

12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
o O
1 12 13
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Example (1)

gments

NM_003890 Se

1718

16

AC011536.6 Segments

Ambiguity for the BLASTN matching of NM_ 003890 to AC011536.6

10 11 12 13 14 15 1
o

4 5 6
o O O

25 26 27 28 29
o O O O O

o O O
o O O
5 16 1718

NM_003890 Segments
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 1
AC011536.6 Segments

17 18 19 20 21 22 23 24 25 26 27 28 29
13 14 15 16 1718

First non-ambiguous sequence

7 8 9
o O O

1 2 3
o O O

ambiguous
sequence of HSPs

Second non-

of HSPs

Segments

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29
0 0 0O 0O 0O 0o 0O 0O 0O OO0 O 0O 0O 0O O O O O
[e]

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
60 0 0o 0o 0o oo o 0o 0O o o0 o o o O 0 o

1 2
o O

0
o

27 28 29
o O O

o O
16 1718

O O 0O O O O O O
0o 1 2 3 4 5 6 7

0 0 0O 0O 0O 0O 0 0O O O O
8 9 10 11 12 13 14 15 16 1718

Fourth non-ambiguous
sequence of HSPs

Third non-ambiguous sequence
of HSPs
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Example (2)

NM_003890 Segments
0 1 2 3 4 5 6 7 8 9 10 11 12 13

Y

2 3 4 5
AC006950.1 Segments

Ambiguity for the BLASTN
matching of NM_ 003890 to
AC006950.1

NM_003890 Segments
7 8 9 10 11 12 13

RN

2 3 4 5
AC006950.1 Segments

o

The only non-ambiguous
sequence of HSPs
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Af ne gap penalty splice-enhanced global alignment

Additional noise-tolerance in recovery of splice sites compare to
other methods

Capable of annotating canonical (GT/AG) splice sites and

non-canonical, such as (AT/AC), (GC/AG), (GG/AG) and similar
rules

Able to recover micro-exons ,

|
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Test sets we use

There are several representative test sets:
462 annotated human transcripts in Genie learning set
44 human genes containing micro-exons (3-12nt)
108 human genes containing veri ed non-canonical splice si tes

|
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Sensitivity (ESN) and speci city (ESP)

Are calculated according to the formulas

TE
1 ESn = —

TE
2 ESp = ——
2) Sp PE

Here TE Is the number of accurately predicted exon boundaries, AE Is
the number of annotated exon boundaries, and P E is the number of
predicted exon boundaries.

|
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Test results

TE AE PE ESn ESp
Galahad 4744 | 4909 | 4790 | 96.64% | 99.04%
Spidey 4827 | 4909 | 4847 | 98.33% | 99.59%
EST2genome | 4742 | 4909 | 4752 | 96.60% | 99.79%
Sim4 4837 | 4909 | 4845 | 98.53% | 99.83%
BLAT 4832 | 4909 | 4902 | 98.43% | 98.57%
EXALIN 4730 | 4909 | 4735 | 96.35% | 99.89%
GIGOgene | 4864 | 4909 | 4865 | 99.08% | 99.98%

Comparative exon-level sensitivity and speci city for dif ferent programs
on human Genie learning set

Gene structural prediction and splicing — p. 20/49



Test results

TE AE PE ESn ESp
Galahad 1267 | 1482 | 1331 | 85.49% | 95.19%
Spidey 1304 | 1482 | 1390 | 87.99% | 93.81%
EST2genome | 1318 | 1482 | 1372 | 88.93% | 96.06%
Sim4 1326 | 1482 | 1380 | 89.47% | 96.09%
BLAT 1432 | 1482 | 1496 | 96.63% | 95.72%
EXALIN 1401 | 1482 | 1402 | 94.53% | 99.93%
GIGOgene | 1480 | 1482 | 1482 | 99.87/% | 99.87%

Micro-exon gene set comparative level sensitivity and speci city for

different programs
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Test results

TE AE PE ESn ESp

Galahad 2764 | 2896 | 2818 | 95.44% | 98.08%

Spidey 2857 | 2896 | 2893 | 98.65% | 98.76%

EST2genome | 2788 | 2896 | 2888 | 96.27% | 96.54%

Sim4 2868 | 2896 | 2893 | 99.03% | 99.14%

BLAT 2880 | 2896 | 2987 | 99.45% | 96.42%

EXALIN 2885 | 2896 | 2895 | 99.62% | 99.65%
GIGOgene | 2896 | 2896 | 2896 | 100.00% | 100.00%

Non-canonical gene set comparative level sensitivity and speci city
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Test results

TE AE PE ESn ESp
Galahad 4531 | 4909 | 4655 | 92.30% | 97.34%
Spidey 3547 | 4909 | 4759 | 72.26% | 74.53%
EST2genome | 4704 | 4909 | 4737 | 95.82% | 99.30%
Sim4 4775 | 4909 | 4833 | 97.27% | 98.80%
BLAT 3898 | 4909 | 17338 | 79.41% | 22.48%
EXALIN 4673 | 4909 | 4716 | 95.19% | 99.09%
GIGOgene | 4433 | 4909 | 4/56 | 90.30% | 93.21%

Noisy Genie experiment
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Newest tools GIGOgene and EXALIN

Outperform prediction quality of contemporary homology-based
gene annotation tools for mMRNA/DNA spliced alignment

Trade execution time for prediction quality
Handle well the micro-exons and non-canonical splice sites
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ADb initio gene structural annotation

Ab initio gene structural prediction methods use certain
probabilistic properties of protein coding genes, such as exonic
and intronic length distribution, codon composition bias, frame
consistency and preferential localization of various signals (SSs,
enhancers and silencers).

The ab initio gene structure prediction process can be de ned as
nding an optimal path in a directed acyclic graphical model of
gene structure, which is frequently accomplished by dynamic
programming algorithms.

|
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Principles of ab initio gene structural prediction

Gene unknown structure

Find signals and probable coding regions

e S - B S EEEEE—— - e
e B S B c 3
e e - B S
>

Find the most probable gene structure

e

| N GT — Promoter signal
B (TAATGA TAG) U AG — polyA signal
-<—> Sequences with good exon compositional bias

Image credit slides by Lorenzo Cerultti
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Genscan state diagram

I
Forward | Reverse
strand | strand
I
I

Image credit C. Burge. Identi cation of genes in human genomic DNA . PhD thesis,
Stanford University, Mar 1997.

|
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Codon statistics

Codon frequencies

Synonym codon usage is biased in a species dependent
way

3'd codon position: 90% are A/T; 10% are G/C

How to calculate codon frequencies?

|
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Frame synchronization

with unknown reading frame. Let f ;o denote the appearance
frequency of codon abcin a coding sequence. The probabilities

p1; P2; P3 of observing the sequence of n codons in the 1t, 2" and 3"
frame respectively are:

pl — falblcl fazszz fan ann
p2 — fblclaz szCzag fbn Chanp +1
P3 = fC1<312b2 szasbs o anan+1 bn +1

The probability P; of the ith reading frame for being the coding region

iS:
Pi

P1+ P2 + P3

Pi=

where i 2 f 1; 2; 3g.

|
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Exonic length approximated (mixture example)
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Intronic length approximated (mixture example)

Beta mixture approximation
5 T T T T T T T T T

300 ! ! ! ! ! ! ! ! !
sof | L R EERE (R EERPREE SRR ERRP
100F ol oWl B R o 2

501 S S A WAyl byt e

0 50 100 150 200 250 300 350 400 450 500
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Avalilable ab initio tools

Number of ab initio gene structural tools is available, among them
GRAIL, VEIL, GlimmerM , Morgan , Genie, GenScan, MZEF,
FGENES, HMMgene, Geneid and GeneMark.nmm

The highest performance for complete human gene structural
prediction has been achieved with GenScan [3]
http://genes.mit.edu/GENSCAN. html and HMMgene [11]
http://www.cbs.dtu.dk/services/HMMgene/ tools.

Both tools use three-periodicity in coding exons. Codonic
composition of coding exons has particular probabilistic properties
that allow gene nders to synchronize their prediction engi nes
with gene structure and ef ciently stitch exons in frame-co nsistent
fashion [12].

|
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Problems with available ab initio tools

Only HMMgene and Genscan have reliable prediction scores

Internal coding exons are much more likely to be correctly
predicted

At present, no ab initio prediction program is available for nding
untranslated 5%and 3° exons

Frameshifts: some sequences stored in databases may contain
errors leading to frameshift, which may result in nonsense
prediction

HMMgene and Genscan try to address the issue of alternative
splicing through suboptimal exons or suboptimal gene structures

All the best Splice Site sensors to date are de cient in accur ate
prediction of the exon-intron boundaries; so any improvement in
this area is likely to have a signi cant impact on the overall
prediction process [14]

|
Gene structural prediction and splicing — p. 30/49



Splice sites sensor design

Splice sites sensor is an essential component of all ab initio gene
structural prediction tools

|
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Splice sites sensor design

Splice sites sensor is an essential component of all ab initio gene
structural prediction tools

Splice sites motifs are necessary, but not suf cient, for th e exact
recognition of the exons. Frequently degenerate donor, acceptor
and branch point motifs provide insuf cient information fo r exact
SS detection

|
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Splice sites sensor design

Splice sites sensor is an essential component of all ab initio gene
structural prediction tools

Splice sites motifs are necessary, but not suf cient, for th e exact
recognition of the exons. Frequently degenerate donor, acceptor
and branch point motifs provide insuf cient information fo r exact
SS detection

The human transcribed regions have plenty of motifs of unknown
functionality with structure very similar to the SS consensus
signals. These sites are called splice-like signals and they
outnumber the real sites by several orders of magnitude.
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Splice sites sensor design

Splice sites sensor is an essential component of all ab initio gene
structural prediction tools

Splice sites motifs are necessary, but not suf cient, for th e exact
recognition of the exons. Frequently degenerate donor, acceptor
and branch point motifs provide insuf cient information fo r exact
SS detection

The human transcribed regions have plenty of motifs of unknown
functionality with structure very similar to the SS consensus
signals. These sites are called splice-like signals and they
outnumber the real sites by several orders of magnitude.

By all means false negative splice site predictions must be
eliminated, whereas even in the presence of many false positives,
so long as all the true positives are present, it is still possible for
dynamic programming procedure to recover optimal gene
structure [14]

|
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Splice Sites consensuses
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Splice sites sensor design history

Number of sensor designs were proposed, starting with Weight
Matrix Method (WMM) followed by Weight Array Method (WAM),
Windowed second-order WAM model (WWAM) and SpliceView

|
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Splice sites sensor design history

Number of sensor designs were proposed, starting with Weight
Matrix Method (WMM) followed by Weight Array Method (WAM),
Windowed second-order WAM model (WWAM) and SpliceView

Maximal Dependence Decomposition (MDD) sensor mentioned in
[3] outperformed previously known 5°SS sensors
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Splice sites sensor design history

Number of sensor designs were proposed, starting with Weight
Matrix Method (WMM) followed by Weight Array Method (WAM),
Windowed second-order WAM model (WWAM) and SpliceView

Maximal Dependence Decomposition (MDD) sensor mentioned in
[3] outperformed previously known 5°SS sensors

Various sensors were built later or in parallel based on Bayesian
Networks, Neural Networks, Boltzmann machine with Bahadur
expansion, sensor based on linear and quadratic discriminant
analysis, Support Vector Machine (SVM) and the recent method
combining SVM with Hidden Markov Model (HMM)
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Splice sites sensor design history

Number of sensor designs were proposed, starting with Weight
Matrix Method (WMM) followed by Weight Array Method (WAM),
Windowed second-order WAM model (WWAM) and SpliceView

Maximal Dependence Decomposition (MDD) sensor mentioned in
[3] outperformed previously known 5°SS sensors

Various sensors were built later or in parallel based on Bayesian
Networks, Neural Networks, Boltzmann machine with Bahadur
expansion, sensor based on linear and quadratic discriminant
analysis, Support Vector Machine (SVM) and the recent method
combining SVM with Hidden Markov Model (HMM)

Maximum Entropy sensor [17]
http://genes.mit.edu/burgelab/maxent/Xmaxentscan_sc oreseqg.html
Permuted Markov Models sensor and approach based on
dependency graphs and their expanded bayesian network
outperformed MDD on 5°SSs
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Bayesian splice sites sensor design

Sensor design follows Bayesian rule

P(ss) P(oligojss)
P(ss) P(oligojss)+ P(.ss) P(oligoj: ss)

P (ssjoligo) =

Bayesian sensor design is based on 7-mer oligonucleotide
counting (16,384 possible oligos) in splice and splice-like signals.

We used our GIGOgene [4] tool to collect an extensive learning
set of predicted human and mouse gene structures from which we
extracted 179,079 donor and 34,258,282 donor-like signals
(surrounding GT dinucleotide) plus 179,076 acceptor and
44,353,884 acceptor-like signals (surrounding AG dinucleotide).

|
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Bayesian theorem example

To facilitate early detection of breast cancer [7], women are screened
using mammaography, even if they have no obvious symptoms

The probability that one of these women has breast cancer is 1%

If a woman has breast cancer, the probability is 80% that she will
have a positive mammography test

If a woman does not have breast cancer, the probability is 10% of
a positive mammography test

|
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Bayesian theorem example

Imagine a woman with no symptoms having positive
mammography test
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Bayesian theorem example

Imagine a woman with no symptoms having positive
mammography test

What is the probability that she actually has breast cancer?
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Bayesian theorem example

Imagine a woman with no symptoms having positive
mammography test

What is the probability that she actually has breast cancer?
This question was given to 100 physicians [5]
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Bayesian theorem example

Imagine a woman with no symptoms having positive
mammography test

What is the probability that she actually has breast cancer?
This question was given to 100 physicians [5]

Ninety ve of the physicians gave the answer of approximatel y
75% instead of the correct answer, which, in this example, is
7.5%.

|
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Marginalization of probability

<l P(test cancer) = P(testjcancer) P (cancer) >

<l P(test : cancer)= P(testj: cancer) P(: cancer) >

| |
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Marginalization of probability

< P(test cancer) = P(testjcancer) P (cancer) >

Qe

<l P(test : cancer)= P(testj: cancer) P(: cancer) >

= 0:008

= 0:099
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Marginalization of probability

<l P(testI cancer) = P(testjcancer) P(cancer) >

<l P(test : cancer)= P(testj: cancer) P(: cancer) >

= 0:008

= 0:099

P (cancer) P (testjcancer)
P (cancer) P (testjcancer)+ P (: cancer) P (testj. cancer)

P (canceltest) =

| |
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Marginalization of probability

<l P(test cancer) = P(testjcancer) P (cancer) >

<l P(test : cancer)= P(testj: cancer) P(: cancer) >

= 0:008

= 0:099

- _ P (cancer) P (testjcancer)
P(cancel]test) ~ P(cancer) P (testjcancer)+ P (: cancer) P (testj: cancer)
0:01 08 0:008 _0:008

= = —— =0:07
001 08+ 099 01 0008+ 0:099 0107 O°7
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Physicians say...

The article [7] discusses some of the reactions of the physicians to
even considering such problems. Here are some quotes:

On such a basis one can't make a diagnosis. Statistical
Information is one big lie.

| never inform my patients about statistical data. | would tell the
patient that mammography is not so exact, and | would in any
case perform a biopsy.

Oh, what nonsense. | can't do it. You should test my daughter.
She studies medicine.

Statistics is alien to everyday concerns and of little use for judging
iIndividual persons.

|
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Bayesian sensor design

We place 7-mer blocks within SS consensus signals similar to
Maximum Entropy Sensor [17]
http://genes.mit.edu/burgelab/maxent/

-3 -2 -1 +1 +2 +3 +4 +5 +6
C A G G T A A G T

block 0 0--0--0- -0--0--0--0
-20 -19 -18 -17 -16 -15 -14 -13 -12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 +1 +2 +3
T 1T T T T T T T T T T T T T T T N C A G G T N

block 0 0---0---0---0---0---0---0

block 1 0---0---0---0---0---0---0

block 2 0---0---0---0---0--0--0

block 3 0--0--0--0--0--0--0

block 4 0--0--0--0- -0--0--0
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Learning set size is important!!!

Maximum Entropy SS sensor
Donor learning set 8,415 true SSs vs 179,438 decoys

Acceptor learning set 8,465 true SSs vs 180,957 decoys
Bayesian SS sensor
Donor learning set 179,079 SSs vs 34,258,282 splice-like

signals
Acceptor learning set 179,076 SSs vs 44,353,884 splice-like

signals
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Test sets

To evaluate bayesian sensor performance we compiled two test sets:

1. 250 human multiexonic all-canonical SS genes picked from the
top of our GIGOgene annotation. This test set includes 2,482
donor and 347,402 donor-like signals in addition to 2,482 acceptor
and 465,000 acceptor-like signals.

2. 1,072 human 5° UTR gene-annotated fragments, including the
rst 50 nt from the CDS region. We picked only GIGOgene
annotations containing at least one intron with all canonical SSs.
Our 5°UTR test set includes 1,869 donor and 734,744 donor-like
signals in addition to 1,846 acceptor and 925,464 acceptor-like
signals.

3. 183 rat multiexonic all-canonical SS genes we were able to
annotate with GIGOgene. This test set includes 1,405 donor and
240,539 donor-like signals in addition to 1,405 acceptor and
295,640 acceptor-like signals.

|
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ROC curve example

Applet available at http://www.anaesthetist.com/mnm/stats/roc/
|
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ROC curve example

Applet available at http://www.anaesthetist.com/mnm/stats/roc/
|
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ROC curve example

Applet available at http://www.anaesthetist.com/mnm/stats/roc/
|
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Test results on 250 human genes (no cross-correlation)

Sensitivity

Donor ROC curve
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Test results on 250 human genes (no cross-correlation)
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Dinosaur splicing

Human splicing mechanism has been shown to be identical to
chicken splicing [1]

Hoatzin chick. Dinosauria is a monophyletic group,
which includes birds.

Genes encoding spliceosomal catalytic centers are
ultraconserved [2]
Genomes evolve mostly through duplication events

This causes substantial cross-correlation between genomes

Our sensor performance favors cross-correlation and should

generalize well to a great variety of tetrapoda organisms
|

|
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Family-tree diagram

+--Same splicing--> Aves
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Donor ROC curve

Test results on 183 rat genes
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Test results on 183 rat genes

Acceptor ROC curve
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Newer ab initio tools

Recent ab initio gene structural prediction tools have been designed to
address de ciency of non-coding exon prediction:

ExonScan nhttp:/igenes.mit.edu/exonscan/
NetUTR http://www.cbs.dtu.dk/services/NetUTR/
SpliceScan

http://bioinformatics.ist.unomaha.edu/~achurban/Spl iceScan/ScoreDonor.html

These tools work as splicing simulators trying to mimic process of
splicing using Exonic/Intronic splicing Enhancers/Silencers.

|
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Signals within pre-mRNA

GIGOGene 1.0 predicted gene structure for gi|19923304|ref[NM_005316.2|
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