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Gene Expression

Poly(A)
Stop site

4 5v~[~/,b»

Stop TTS

Stop

— Poly(A)

Cytoplasm Nucleus
—> ATG
. Promoter ]
Genomic DNA /L/V\/W 1 \il 3
Transcription TSS AUG
Pre-mRNA D
RNA processing
(capping, splicing,
polyadenylation) AUG
MRNA Cap —
l 'l
5" UTR
Cap —

CDS 3" UTR

\{

RNA transport
and translation

pProtein

Poly(A)

Coding sequence (CDS) J Polypeptide 8 Ribosome

Untranslated (UTR) sequence

Penn

UNIVERSITY 0f PENNSYLVANIA



Exon types
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GENSCAN HMM

® Semi-Markov model:
each state generates an
observation sequence

® P(seq|state) includes
state-length distribution

® Transitions are taken on
signals indicating change
of state (eg. exon to
intron)
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Global constraints

® |ntegrate models for both strands:
® Forward on one strand

® Reverse on the other (reverse of an
HMM is an HMM)

® Prevents conflicting (overlapping)
predictions on the two strands

® A harder problem: global correlations
® Exons
® Genes in same genomic region
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Semi-Markov models

® Model generates a parse of a genomic
sequence

® state sequence
® sequence of corresponding lengths

® nucleotide subsequence for each state

P(s,d,x) 11, P(si|si—1)P(d;|ss) P(Tk,; - - Thy+di—1]5i, di)
ki = kic1+di
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Length distributions
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State model

® How to model the probability of a
nucleotide sequence given a state and
length!?

® States: Markov models

k;
P(ap, - Tpqa—tlsodi) ~ || Plajlejo1,. . 25-m, si,ds)
j=ki—1+1
® Signals: weight matrices for positions

adjacent to transition
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Generalized HMMs

® Focus on the probability of a parse given
the sequence

® | eaving generative model allows much richer
dependencies on nucleotide sequence

P(S7d‘X) X HT(Si|Si—17di—lvx)s(di‘shx)

® I[ransition (TZ ) and state (S) scoring

functions may use any suitable model
(weight matrix, Markov, neural network,
non-parametric)
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GHMM training

® Transition scores:
® Parametric functions of signal scores

® Train separate signal and state scoring
functions

® Adjust transition parameters to maximize
likelihood of correct parse

® Potentially better: integrated model
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