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Topics for today

e \What is gene finding (biological background)

e HMMSs in gene finding — tools of the trade:
— Viterbi algorithm
— Higher order states

— State transition diagram



What is a genome?

cggt gaaact gcacgat t gt t gct ggct t aaagat agaccaat cagagt gt gt aacgt ca
tatttagcgtcttctatcatccaatcactgcactttacacact at aaat agagcagct ca
t gggcgtattt gcgctagt gt t gggt gtt ccget gt gctgtttttccgt cat ggct cgeca
ct aagcaaact gct cggaagt ct act ggt ggcaaggcgccacgcaaacagt t ggccact a
aggcagcccgcaaaagcgct ccggccaccggecggcegt gaaaaagccccaccgcet accgge
cgggcaccgt ggct ct gcgcgagat ccgecgt t at cagaagt ccact gaactgecttattc
gt aaact accttt ccagcgcct ggt gcgcgagat t gcgcaggact t t aaaacagacct gc
gttt ccagagct ccgcet gt gat ggct ¢t gcaggaggegt gcgaggect act t ggt agggce
t attt gaggacact aacct gt gcgccat ccacgccaagcgcgt cact at cat gcccaagg
acat ccagct cgcccgecgceat ccgcggagagagggcegt gat t act gt ggt ct ct ct gac
ggt ccaagcaaaggct ctttt cagagccaccacctttt caagt aaagt agct gt aagaaa

ccaat t t aagacaaaagggaat gcat t gggagcacttttcgttttaat gct act gaaggc

Human genome: 3 billion letters (sequenced in 2001)

What do they mean?



What are genes?

Nucleus

Cytoplasm

Transport to cytoplasm
[ 1]

Protein

Ribosome
Translation

Genes are portions of genome encoding proteins



Closer look on genes

Process of protein production:
gene

DNA: =T [] [ F———
transcription === Intergenic

= 1 =] I Exon (coding region)
splicing — Intron

MRNA: L TT 1

translation
protein: —

Translation: triple of letters in MRNA — one amino acid in protein
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Task of gene finding

cggt gaaact gcacgat t gt t gct ggct t aaagat agaccaat cagagt gt gt aacgt ca
tatttagcgtcttctatcatccaatcactgcactttacacact at aaat agagcagct ca
t gggcgt attt gcgctagt gt t gggt gt t ccget gt gct gt ttttccgt cat ggct cgeca
ct aagcaaact gct cggaagt ct act ggt ggcaaggcgccacgcaaacagt t ggccact a
aggcagcccgcaaaagcgct ccggccaccggecggcegt gaaaaagccccaccgcet accggce
cgggcaccgt ggct ct gcgcgagat ccgecgt t at cagaagt ccact gaactgettattc
gt aaact acct tt ccagcgcct ggt gcgcgagat t gcgcaggact t t aaaacagacct gc
gttt ccagagct ccgcet gt gat ggct ct gcaggaggcgt gcgaggcect act t ggt agggce
t attt gaggacact aacct gt gcgccat ccacgccaagcgcgt cact at cat gcccaagg

acat ccagct cgcccgeccgeat ccgcggagagagggcegt gat t act gt ggt ct ct ct gac



Task of gene finding

cggt gaaact gcacgat t gt t gct ggct t aaagat agaccaat cagagt gt gt aacgt ca
tatttagcgtcttctatcat ccaat cact gcact tt acacact at aaat agagcagct ca
tgggcgtatttgeget agt gtt gggt gt t ccget gt get gttt tt cecgt catggetcgea
—gt ct act ggt ggcaaggcgccacgcaaacagt t ggccact a
aggcagcccgcaaaagegcet ccggecaccggeggcgt gaaaaagccccaccget accgge
cgggcaccgt gget ct gcgcgagat ccgecgt t at cagaagt ccact gaact gettattc
ghesECHaceHncTagegeeggt gcgcgagat t gcgcaggact t t aaaacagacenge
gttt ccagagct ccget gt gat gget ct gcaggaggegt gcgaggect act t ggt aggge
tatttgaggacact aacct gt gcgccat ccacgccaagegegt cact at cat gcccaagg
acat ccagct cgcccgecgeat ccgcggagagagggegt gat t act gt ggt ct ct ct gac
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Toy Hidden Markov model for gene finding

qte{.> ) }
Yt E{a,C,g,t}

p(qd,y): joint prob. over genomic sequences Y and gene structures
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Toy Hidden Markov model for gene finding

q¢ € ([, [, O}
yt €{a,c,9,t ]
A | n | a C g t
] | 099 0.007 0.003 ] | 024 0.27 028 0.21
001 099 O 0.26 0.22 0.22 0.30
0.001 0 0.999 0.27 0.23 0.23 0.27

p(dilde—1) p(yge)



HMMSs for gene finding: training

dt ~ {.> y

Yt E{a,C,g,t}

Training:
e Training set of sequences with known gene structures
e Fully observed model (both g and y known)

e Maximum likelihood estimation by relative frequencies
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HMMs for gene finding: inference

dt ~ {.> y

Yt E{a,C,g,t}

Inference: Viterbi algorithm
e (Genomic sequence Y observed, state sequence  unknown

e Viterbi algorithm computes state sequence q*
with highest probability given y:
q* = argmaxq p(qly) = argmaxq p(q,y)
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HMMs for gene finding: higher order states

Order O:

1| specifies p(ylqi)

1 specifies p(Y+¢ldt, Y1)
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HMMs for gene finding: higher order states

1 specifies p(Yt/dt, Yt—1):

dt Yt—1 | @ C g L

a 0.24 0.23 0.34 0.19
0.30 0.31 0.13 0.26
0.27 0.28 0.28 0.17
0.13 0.28 0.38 0.21
0.30 0.18 0.27 0.25
0.32 0.28 0.06 0.35
0.27 0.22 0.27 0.24
0.20 0.21 0.26 0.33

T Q O 99| T« O
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HMMs for gene finding: state transition diagrams

dt ~ {.> y }
Yt ~ {a,C,g,t}
A | Graph representation of A:
] | 099 0.007 0.003 0.999 0.99 0.99
001 099 0 80.001 2 0.007 8
0.001 O 0.999 0.003 0.01

p(atlqe—1)
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More complex HMMs: change state transition diagrams

Recall: triple of letters in exon — one amino acid

AN H H
[ | o 0
0 O

0 O
[] 0 0

p(gdgi—1)
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New states have separate emission probability
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More complex HMMs: change state transition diagrams

Keep consistent triples across introns:

protein: 4‘
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More complex HMMs: remember those signals?

- Intron

-

ccat cccct at at t t at ggcaggt gaggaaagggt gggggct gggg
at t cat cat cat gggt gcat cggt gagt at ct cccaggccccaat ¢

agaagat ct accccaccat ct ggt aagt gt gt cccaccact gcccc
acagagt gagccctt ctt caaggt gggt ggt gt cagggcct ccccce
acgagt cct gcat gagccagat gt aaggctt gccgtt gccct cect
t gcagaacct cat ggt gct gaggt ggggccaagcct gggccggggg
t cgat gaat t t gggat cat ccggt gagagct cttcctctct cct gg
agat gacgt ccgt gat gagaaggt agggggt gcaccccagt cccca
gt ggagaat gagaggt gggat ggt aggt gat gcct t cgaggcccag
tttcttgtggcetattttaaaaggt aattcat ggagaaat agaaaaa
tttcttgtggctattttaaaaggt aattcat ggagaaat agaaaaa
ttt gaagaaact ccacgaagaggt t gat ggcagt gact tt cggaaa
agt ggat gccct t aaaggaaccgt ggagt accaacccccct gecagt
cgacccgt gaccct cgt gagaggt acgaagccccagcccggggcet ¢
aaat gcagt ggaagagggact agt acgt gagccat gct gggagt gt
cat ggcgggt gt gct gaagaaggt gagacgaat ggaggt cact gt t
t gt gt gcaat act cct cacgaggt at gt acctttgttctttcttcg
gaagct ggct at ggt t aaagcggt aagt agct aagt cagttttgtt
at t agaagaggt gat t ct t caggt aaagaaaaagtt gactatttag
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More complex HMMs: remember those signals?

- Intron

- » =
< » &« >

ccatcccctatatttat ggcaggt gaggaaagggt gggggct gggg

at t cat cat cat gggt gcat cggt gagt at ct cccaggccccaat ¢
agaagat ct accccaccat ct ggt aagt gt gt cccaccact gcccce

acagagt gagccctt ct t caaggt gggt ggt gt cagggcct ccccce

Insert a series of states between exon and intron:

0000 @@ @ -@-
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Example of an HMM for gene finding

trandation start
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Summary

e HMMSs are useful tool for gene finding

e Viterbi algorithm used for inference

e Higher order states model dependencies among adjacent letters

e Complex state transition diagrams incorporate biological knowledge
This Is just a beginning

e More complex models used in practice: lengths of exons/introns,

complex signhal models, experimental information, multiple species,...

e HMMs for other bioinformatics tasks: protein secondary structure,

protein families, segmenting genome,. ..
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