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Transcription

AUG GUG CAU CUG ACU CCU GAG GAG AAG UCU UAA

Genome ... ...
GT  AG GT  AG

donor acceptor

start codon 
(AUG)

stop codon 
(UAG, UAA, UGA)

codons

Mature 
mRNA

What will be the states?  Emissions?

Can HMM help us find genes and their constituent parts?



Today’s discussion follows…

Majoros, W.H., 2007. Methods for computational 
gene prediction. Cambridge University Press.



We can do this the easy way or the hard way

Gene finding is much 
easier in some parts 
of the tree of life, e.g. 
for prokaryotes

In prokaryotes, genes 
are unspliced and 
packed into the 
genome very tightly

Gene finding is much harder in eukaryotes: animals, humans, etc

Overbeek, R., Bartels, D., Vonstein, V. and Meyer, F., 2007. 
Annotation of bacterial and archaeal genomes: improving accuracy 
and consistency. Chemical reviews, 107(8), pp.3431-3447.



Try to capture:

Exons, introns, spaces 
between genes

Gene finding

... ...



Try to capture:

Exons, introns, spaces 
between genes

Gene finding

...

N

E

I

Indicates start state. 
State’s initial probability is 1

...

I = intron 
E = exon 
N = intergenic   
       (between genes)

Note: a “missing” 
transition (E.g. N  I) 
indicates the transition 
probability is 0

→



Try to capture:

Exons, introns, spaces 
between genes

Gene finding

...

N

E

I

Indicates start state. 
State’s initial probability is 1

...

Emissions are:

Nucleotides

I = intron 
E = exon 
N = intergenic   
       (between genes)

Note: a “missing” 
transition (E.g. N  I) 
indicates the transition 
probability is 0

→



What if we wanted to model the 
three codon positions separately?

Gene finding

N

E

I

Image: https://openstax.org/books/biology/pages/15-1-the-genetic-code



What if we wanted to model the 
three codon positions separately?
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N

I

Image: https://openstax.org/books/biology/pages/15-1-the-genetic-code

Howe, E.D. and Song, J.S., 2013. Categorical spectral 
analysis of periodicity in human and viral 
genomes. Nucleic acids research, 41(3), pp.1395-1405.
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What if we wanted to model the 
three codon positions separately?

Gene finding
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I

Image: https://openstax.org/books/biology/pages/15-1-the-genetic-code

E0 E1 E2



Gene finding

Can we additionally 
model start & stop 
codons and 
donors & acceptors?

N

I

E0 E1 E2



Gene finding

N

E0 E1 E2

I

Start codon



Gene finding

N

E0 E1 E2

I

Start codon
p(A)=1

p(T)=1

p(G)=1

Emission probability is 1.0 for bases 
shown (AUG/ATG), 0.0 for others

Stop codons
UAG/TAG, 
UAA/TAA, 
UGA/TGA
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N

E0 E1 E2

I

Start codon
p(A)=1

p(T)=1

p(G)=1

Emission probability is 1.0 for bases 
shown (AUG/ATG), 0.0 for others

Stop codons
UAG/TAG, 
UAA/TAA, 
UGA/TGA

p(G)=1

p(A)=1

p(A)=1

p(T)=1

p(G)=1

Donor
GU/GT

Acceptor
AG



Gene finding

N

E0 E1 E2

I

Start codon
p(A)=1

p(T)=1

p(G)=1

Emission probability is 1.0 for bases 
shown (AUG/ATG), 0.0 for others

Stop codons
UAG/TAG, 
UAA/TAA, 
UGA/TGA

p(G)=1

p(A)=1

p(A)=1

p(T)=1

p(G)=1

Donor
GU/GT

p(G)=1

p(T)=1

p(G)=1

p(A)=1

Acceptor
AG



Gene finding

Which nodes have 
non-trivial emission 
probabilities that we 
must learn?

N

E0 E1 E2

I

p(A)=1
p(T)=1

p(G)=1

p(G)=1

p(A)=1

p(A)=1

p(T)=1

p(G)=1

p(G)=1

p(T)=1

p(G)=1

p(A)=1



Gene finding

Which nodes have 
non-trivial emission 
probabilities that we 
must learn?

N

E0 E1 E2

I

p(A)=1
p(T)=1

p(G)=1

p(G)=1

p(A)=1

p(A)=1

p(T)=1

p(G)=1

p(G)=1

p(T)=1

p(G)=1

p(A)=1

The non-motif 
nodes



Gene finding

Which edges have 
non-trivial transition 
probabilities that we 
must learn?

N

E0 E1 E2

I

p(A)=1
p(T)=1

p(G)=1

p(G)=1

p(A)=1

p(A)=1

p(T)=1

p(G)=1

p(G)=1

p(T)=1

p(G)=1

p(A)=1



Gene finding

Which edges have 
non-trivial transition 
probabilities that we 
must learn?

N

E0 E1 E2

I

p(A)=1
p(T)=1

p(G)=1

p(G)=1

p(A)=1

p(A)=1

p(T)=1

p(G)=1

p(G)=1

p(T)=1

p(G)=1

p(A)=1

Edges outgoing from 
nodes with multiple 
outgoing edges.



Gene finding

We might “forget” 
where we are in the 
codon when we 
transition into then 
back out of an intron

N

E0 E1 E2

I

p(A)=1
p(T)=1

p(G)=1

p(G)=1

p(A)=1

p(A)=1

p(T)=1

p(G)=1

p(G)=1

p(T)=1

p(G)=1

p(A)=1



Gene finding

E0 E1 E2

p(G)=1
p(T)=1

I

p(G)=1

p(T)=1

p(G)=1

p(A)=1

I

p(G)=1

p(T)=1
p(G)=1

p(A)=1 I
p(G)=1

p(T)=1

p(G)=1

p(A)=1



Gene finding

E0 E1 E2

p(G)=1
p(T)=1

I

p(G)=1

p(T)=1

p(G)=1

p(A)=1

I

p(G)=1

p(T)=1
p(G)=1

p(A)=1 I
p(G)=1

p(T)=1

p(G)=1

p(A)=1

This change should 
also guarantee 
multiple-of-three 
coding sequences in 
predicted genes



Gene finding

In short, we can capture exons and their codons

with distinct emissions for distinct codon positions

with special consideration for start & stop codons

As well as introns

with special consideration for donors & acceptors

without forgetting codon position during introns

requiring multiple-of-three coding sequences

All of which emerges from an intergenic background

with an emission profile distinct from exons

with its own distinct emission profile



Gene finding

We can sequence all the 
mRNAs in a cell and use 
read alignment to find 
where they came from 
— those are genes!

Image: Wang Z, Gerstein M, Snyder M. 
RNA-Seq: a revolutionary tool for 
transcriptomics. Nat Rev Genet. 2009 
Jan;10(1):57-63.



Gene finding


