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Gene Structure
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Promoter Splice site Splice site Pyrimidine polyA
TATA GGTGAG CAG tract signal

Translation Branchpoint Stop codon
Initiation CTGAC TAG/TGA/TAA
ATG
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How Difficult is the

QO @

O n =number of acceptor splice sites

@ m = number of donor splice sites

Number of parses =F .., (Fibonacci)




A simple HMM
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Hidden sequence:
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- Observed:
>
C' 1436,6,4..

Questions:

. What is the most likely die sequence?

. What is the probability of the observed
sequence?

. What is the probability that the 379 state
is B, given the observed sequence?




The HMM algorithms

Forward:
0.¢(7) = P(observed sequence, ending in state i at base )

Backward:
B?(i) =P(obs. after t | ending in state i at base ©)

Viterbi:
6t(i) =max P(obs., ending in state i at base )

Questions:

What is the most likely die sequence?
What is the probability of the observed sequence?

What is the probability that the 379 state is B, given the
observed sequence?
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The HMM algorithms

Forward:
0.¢(7) = P(observed sequence, ending in state i at base )

Backward:
B?(i) =P(obs. after t | ending in state i at base 7)

Viterbi:
6t(i) =max P(obs., ending in state i at base )

Questions:
What is the most likely die sequence? Viterbi
What is the probability of the observed sequence? Forward

What is the probability that the 379 state is B, given the
observed sequence? Backward
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Hidden Markov Models (HMMs)

- Underlying generates a sequence of states.

Markov chain = distribution of next state depends
only on present

Hidden = the state sequence
exon intron exon intron exon

= 0 I s I

Observed = outputs from the states
GTCAGAGTAGCAAAGTAGACACTCCAGTAACGC




Approaches to Gene recognition

* Homology
- BLAST, Procrustes, Exonerate

- De Novo
- GRAIL, FGENESH, GENSCAN, Genie, Glimmer, SNAP

- Hybrids
- GenomeScan, Genie

- Comparative
- Rosetta, SLAM, Twinscan




Ab-initio gene finding:




Example: Glimmer
Gene Finding in Microbial DNA

* No infrons

* 90% coding

» Shorter genomes (less than 10 million
bp)

* Lots of data




Gene Structure 1n Prokaryotes

} !
Translation Stop codon
Initiation TAG/TGA/TAA
ATG




Bacteriomaker

A 0.9
C 0.03

Coding G 0.04
T 0.03

Intergene




HMM state duration times
y4

* Pr(leaving state) = p
* Pr(staying in state) =1 -p
+ Pr(output of exactly r in state) = (1-p) p

« Geometric distribution




HMM state duration times
y4

* Pr(leaving state) = p
* Pr(staying in state)=1-p

+ Pr(output of exactly r in state) = (1-p) p

p__

« Geometric distribution
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The Gene Finding Problem

Exon 1 Exon 2 Exon 3 Exon 4

Intron 1 Intron 2 Intron 3 A
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Promoter Splice site Splice site Pyrimidine polyA
TATA GGTGAG CAG tract signal

Translation Branchpoint Stop codon
Initiation CTGAC TAG/TGA/TAA
ATG
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Using GHMMs for ab-initio gene

In practice, have observed sequence

TAATATGTCCACGGGEGTATTGAGCATTGTACACGGGETATTGAGCATGTAATGAA

Predict genes by estimating hidden state sequence

TiiT iTiTCCiiiﬁ iTiTTﬁiﬁ CqTTﬁT CiiﬁGG ﬁTiTTiiﬁ fiTﬁT Tﬁii

Usual solution: single most likely sequence
of hidden states (Viterbi).










Lattice view

CTGCCCTATGCTCGGTGCGATTACAGCTCTATAAC




