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Genome and Proteome

o sl

Transcription
D RNA

grgusshateF A «_,-‘—"l
;-"" C U_':f:u
‘r.,,ﬁ T ﬂ_.--"ﬂj 3



Gene Structure in DNA

Start codon  codons  ponor site
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e The inference problem: predicting locations of the genes on DNA
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Proteins are coded by DNA

e There are between 30,000 to 40,000 genes in the human
genome

N oaly

e The human gene inventory corresponds to ~1.5% of the
genome (coding regions)
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Protein Structure Hierarchy o
Primary Structure Secondary Structures Tertiary Structures Quaternary Structures
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e The inference problem: predicting the structures from sequences
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Genetic Polymorphisms

Eric Xing

The ABO Blood System
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e Are there genetic prototypes among them ?
e What are they ?
e How many ? (how many ancestors do we have ?)
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Single Nucleotide Polymorphism

(SNP)

FICIT GE « Yel

T AT & C GG
NETeC c cAATC
CCTNTEAYG GAAATC
" T TGAC|IGACTC
TCTTAGAGGACTC

e The inference problem: "haplotypes" and population diversity

Eric Xing

--cagttaccgtgcatgatagctagecaatcatctagecactatgctgagacgtatec: - -
-.cagttaccgtgecacgatagetagcaatcatctagcactatgetgagacgtatec: - -
--cagttaccgtgcacgatagctagcaatcatctagecactatgectgaggegtatee: - -
--cagttaccgtgcatgatagctagcaatcatctagecactatgetgagacgtatec: - -
--cagttaccgtgcatgatagctagcaatcatctagecactatgectgagacgtatece: - -
--cagttaccgtgeacgatagetagcaatcatctagecactatgetgagacgtatec: - -
--cagttaccgtgcatgatagctagcaatcatctagcactatgctgaggcgtatece: - -
--cagttaccgtgcatgatagctagcaatcatctagcactatgctgaggecgtatece: - -
--cagttaccgtgcacgatagctagcaatcatctagecactatgetgaggegtatece: - -
--cagttaccgtgcacgatagctagcaatcatctagecactatgectgaggegtatece: - -
--cagttaccgtgeacgatagetagcaatcatctagecactatgetgagacgtatec: - -
--cagttaccgtgcatgatagctagcaatcatctagecactatgctgagacgtatcc: - -
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Computation Biology and ML o
e Mixture and infinite mixture
e clustering of genetic polymorphisms @
e Hidden Markov Models
e gene finding
e Trees () & &) &)
e sequence evolution
e Conditional Random Fields
e protein structure prediction i T
9906066 8
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Computation Biology and ML

e Mixture and infinite mixture

e clustering of genetic polymorphisms @
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Biological Terms

e Genetic polymorphism a difference in DNA sequence among
iIndividuals, groups, or populations

e Single Nucleotide Polymorphism (SNP): DNA sequence
variation occurring when a single nucleotide - A, T, C, or G -
differs between members of the species

— Each variant is called an “allele”
— Almost always bi-allelic

— Account for most of the genetic
diversity among different (normal)
individuals, e.g. drug response,
disease susceptibility

Eric Xing
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From SNPs to Haplotypes

e Alleles of adjacent SNPs on a chromosome form

SNPs

Chromosome 1
Chromosome 2
Chromosome 3
Chromosome 4

Haplotypes

SNP

v

AACACGCCA....
AACACGCCA....
AACATGCCA....
AACACGCCA....

SNP
w

TTCGGGGTC....
TTCGAGGTC....
TTCGGGGTC....
TTCEGOGGTC....

\

v

SNP

s

AGTCGACCG....
AGTCA ACCG....
AGTCA ACCG....
AGTCCACCG....

Haplotype1 CTCAAAGTACGGTTCAGGCA
Haplotype2 TTGATTGCGCAACAGTAATA
Haplotype3 CCCGATCTGTGATACTGGTG

Haplotype 4

e Useful in the study of

Eric Xing
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Phase ambiguity of SNPs i
"haplotypes” oo
ATGC
sequencing
: !
A heterozygous
diploid individual _ A A _AL 4
TC— TG — T—
The Genotype: - ~_ )\~
pairs of alleles with /C—_\T\_ _
association of alleles to
chromosomes unknown % ?7?7?
T
e This is a mixture modeling problem! A6 -

Haplotype h=(h,, h,)
possible associations of
alleles to chromosome
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Haplotype Inference

Why is it approachable?
e Many of the haplotypes appear many times
e Data for many individuals allows inference

e

A/T C/G T/T A/C G/T A/A C/G C/T A/C T/T

(I — |
Solution seems ‘better’ since
it uses fewer haplotypes
e
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Finite mixture model

e The probability of a genotype g:

p(9)= > p(h.h,)p(g|h.h,)

h,h,eqf |

Population haplotype
pool

Haplotype
model

e Standard settings:

p(h1,h2)=p(h1)p(h2)
IH =K

e Problem: K ? H ?

Eric Xing
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Genotyping
model

Hardy-Weinberg equilibrium

fixed-sized population haplotype pool
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Ancestral Inference o
@
\
T ®‘®
CGTTGGQﬂE N
$ 2 $ $2 22 2 S $ 2 Essentially a clustering problem, but ...

e Better recovery of the ancestors leads to better haplotyping results
(because of more accurate grouping of common haplotypes)

e True haplotypes are obtainable with high cost, but they can validate model
more subjectively (as opposed to examining saliency of clustering)

* XMany other biological/scientific utilities o
ric Xing




Being Bayesian about ...

e Population haplotype identities

e Population haplotype frequencies

e Number of population haplotypes

e Associations between population haplotype and individual
haplotype/genotype

Eric Xing
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A Hierarchical Bayesian Infinite Allele
model

Bayesian Haplotype Inference via the Dirichlet Process (Xing et al. ICML2004)

e @ * Assume an individual haplotype h is stochastically derived
e from a population haplotype a, with nucleotide-substitution
frequency 6

OO h ~ p(hI{a.6},).

@ @ * Not knowing the correspondences between individual and
population haplotypes, each individual haplotype is a

‘ mixture of population haplotypes.

 The number and identity of the population haplotypes are unknown

— use a Dirichlet Process to construct a prior distribution G on # X ®’.

e Inference: Markov Chain Monte Carlo

Eric Xing 19



Chinese Restaurant Process

2+« 2+« 2+«
1 2 o

3+a 3ta 3+a
m, m, o

I+a-1 I+a-1 i+a-1

CRP defines an exchangeable distribution on partitions over an (infinite) sequence of integers
20
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The DP Mixture of Ancestral
Haplotypes

e The customers around a table form a cluster
e associate a mixture component (i.e., a population haplotype) with a table

e sample {a, &} at each table from a base measure G, to obtain the population
haplotype and nucleotide substitution frequency for that component

® ° PY 8 9
{A.dy  {Ad {Ad {Ag {Ad {AG
3 ® ® ®

e With p(h|{A, 6}) and p(g]h,,h,), the CRP yields a posterior distribution on the
number of population haplotypes (and on the haplotype configurations and the
nucleotide substitution frequencies)

Eric Xing
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Convergence of Ancestral
Inference

# of ancestral templates

1 |
0 4000 5000 6000
# of samples
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Results on simulated data

e DP vs. Finite Mixture via EM
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Computation Biology and ML

e HMMSs

e gene finding

3 g
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cacatcgctgcgtttcggcagctaattgecttttagaaattattttcccatttcgagaaactcgtgtgggatgeccggatgeggetttcaatcacttetggeccgggateggattgggtcacattgtetgegggetetattgtetegateege

ggcgeagttcgegtygcttageggteagaaaggcagagatteggttcggattgatgegetggeagcagggcacaaagatctaatgactggcaaatcgctacaaataaattaaagtcecggeggctaattaatgacg @@y igpgccactttgy
attaaccaaaaaacagcagataaacaaaaacggcaaagaaaattgccacagagttgtcacgctttgttgcacaaacatttgtgcagaaaagtgaaaagcttttagccattattaagtttttcctcagetege gggicﬁgiaatgta
ctgatgttcctcataaatgaaaattaatgtttgctctacgctccaccgaactegettgtttgggggattggetggetaatcgeggetagatcccaggecggtataaccttttegettcatcagttgtgaaacchga (o} ttggca
cagcggactcccctcgaacgctctegaaatcaagtggetttccagecggecegetgggecgetegeccactggaccggtatteccaggecaggecacactgtaccgcaccgeataatectegecagacteggbgc @ @a@ @ a@tgtc

actccgcaggcgtctatttatgccaaggaccgttcttcttcagettteggctecgagtatttgttgtgecatgtitggttacgatgccaatcgecggtacagttatgcaaatgagcagegaataccgetcactga aag‘g‘ ttgtca
tattc cattcatattcat Ctttggt tgtcttcgacggactgaaaagtgcggagagaaacccaaaaacagaagcgcgCaaagCgccgttaatatgCgaactcagcgaactcattgaagtt tc aiai%tccata
catatccfta t at t a gtattcagcgctgcgctagattcgacagattgaatcgagctcaatagactcaacagactccactcgacagatgegepat 9 ttgccg
tggagta C%CEQC a t ﬁi@@ C@tgtgCaattcgcttaccttctcg ttg nggtcaggaactcccag atgggaatggccg atgacgag Ctg atctg aatyg tg g.a.c.ccagcaggc
aagattactttcgCcgCagtcgtCatggtgtCg ctgctttia gtaCtccgcactacacggagagttcaggggattcgtgctccgtgatctgtgatccgtgttccgtgggtcaattgcacggtt gg!‘p taaccttcgtgt
tctttttttttagggcccaataaaagcgcttttgtggcggcttgatagattatcacttggtttcggtggctagccaagtggctttcttctgtccgacgcacttaattgaattaaccaaacaacgagcgtggcraattcgtattatcgetgtt
t4 h

agtactatgtcgaacaaccgatcgcggcgatgtcagtgagtcgtcettcggacagegetggegetcecacacgtatttaagetectgagatcggetttgggagagecgcagagagecgecategcacggcagagecgapageggcagtgagcgaaage
gagcggcagcegggtgggggatcgggagecccccgaaaaaaacagaggcgcacgtegatgecatcggggaattggaacctcaatgtgtgggaatgtttaaatattctgtgttaggtagtgtagtttcatagactatagattctcatacagatt
gagtccttcgagccgattatacacgacagcaaaatatttcagtcgegettgggcaaaaggcttaagcacgactcccagtecceccttacatttgtettectaageccctggagecactatcaaacttgttctacgecttgcactgaaaataga
accaaagtaaacaatcaaaaagaccaaaaacaataacaaccagcaccgagtcgaacatcagtgaggcattgcaaaaatttcaaagtcaagtttgegtcegtcatcgegtctgagteccgatcaageccgggettgtaattgaagttgttgatgag
ttactggattgtggcgaattctggtcagcatacttaacagcagcccgctaattaagcaaaataaacatatcaaattccagaatgcgacggcgecatcatectgtttgggaattcaattcgegggcagategtttaattcaattaaaaggtag
aaaagggagcagaagaatgcgatcgctggaatttcctaacatcacggaccccataaatttgataagcccgagetegetgegttgagtcageccaccccacatccccaaatcccecgecaaaagaagacagetgggttgttgactegecagattg
attgcagtggagtggacctggtcaaagaagcaccgttaatgtgctgattccattcgattccatccgggaatgecgataaagaaaggctctgatccaagcaactgcaatccggatttecgattttctettteccatttggttttgtatttacgtac
aagcattctaatgaagacttggagaagacttacgttatattcagaccatcgtgcgatagaggatgagtcatttccatatggccgaaatttattatgtttactatcgtttttagaggtgttttttggacttaccaaaagaggcatttgttttc
ttcaactgaaaagatatttaaattttttcttggaccattttcaaggttccggatatatttgaaacacactagctagcagtgttggtaagttacatgtatttctataatgtcatattcctttgtccgtattcaaatcgaatactccacatctc
ttgtacttgaggaattggcgatcgtagcgatttccccecgecgtaaagttecctgatectegttgtttttgtacawhereisthegenetcataaagtcecggattctgctegtegecgaagatgggaacgaaAAgtetgettgaggtgetggte
ytcccagetggataaccttgetgtacagatcggecatctgectggagggcacgatcgaaatecttccagtggacgaacttcacctgctegetgggaatagegttgttgtcaagcagctcaaggagegtattecgagttgacgggetgcaccacg
ctgctecttegetggggattceccctgegggtaagegeegettgettggactegtttccaaatcccatagecacgeccagcagaggagtaacagagetctgaaaacagttcatggtttaaaaatatecctttaagaaagcccatgggtataactt
actgcgtcctatgcgaggaatggtctttaggttctttatggcaaagttctegectegettgeccageecgeggtacgttettggtgatetttaggaagaatectggactactgtegtetgectggettatggeccacaagacccaccaagageg
aggactgttatgattctcatgctgatgcgactgaagcttcacctgactcctgctceccacaattggtggectttatatagcgagatccaccegecatettgegtggaatagaaatgegggtgactccaggaattagecattatcgatcggaaagtg
ataaaactgaactaacctgacctaaatgcctggccataattaagtgcatacatacacattacattacttacatttgtataagaactaaattttatagtacataccacttgcgtatgtaaatgcttgtcttttctcttatatacgttttataa
cccagcatattttacgtaaaaacaaaacggtaatgcgaacataacttatttattggggcccggaccgcaaaccggccaaacgcgtttgcacccataaaaacataagggcaacaaaaaaattgttaagetgttgtttatttttgcaatcgaaa
cgctcaaatagctgcgatcactcgggagcagggtaaagtcgcctcgaaacaggaagctgaagcatcttctataaatacactcaaagcgatcattccgaggcgagtctggttagaaatttacatggactgcaaaaaggtatagccccacaaac
cacatcgctgcgtttcggcagctaattgccttttagaaattattttcccatttcgagaaactcgtgtgggatgccggatgecggctttcaatcacttctggcccgggatcggattgggtcacattgtctgecgggctctattgtctcgateccgce
jgcgcagttcgcgtgcttagcggtcagaaaggcagagattcggttcggattgatgcgctggcagcagggcacaaagatctaatgactggcaaatcgctacaaataaattaaagtccggcggctaattaatgagcggactgaagccactttgg
attaaccaaaaaacagcagataaacaaaaacggcaaagaaaattgccacagagttgtcacgctttgttgcacaaacatttgtgcagaaaagtgaaaagcttttagccattattaagtttttcctcagetcgetggcagecacttgegaatgta
ctgatgttcctcataaatgaaaattaatgtttgctctacgctccaccgaactegettgtttgggggattggetggetaategeggctagatceccaggeggtataaccttttegettcatcagttgtgaaaccagatggetggtgttttggea
cagcggactcccctegaacgctctcegaaatcaagtggetttccageccggeccgetgggecgetegeccactggaccggtatteccaggecaggecacactgtaccgcaccgecataatectegecagacteggegetgataaggeccaatgte
actccgcaggcgtctatttatgccaaggaccgttcttcttcagettteggectegagtatttgttgtgecatgttggttacgatgeccaatcgeggtacagttatgcaaatgagcagecgaataccgetcactgacaatgaacggegtettgtea
tattcatgctgacattcatattcattcctttggttttttgtcttcgacggactgaaaagtgcggagagaaacccaaaaacagaagcgcgcaaagcgecgttaatatgecgaactcagegaactcattgaagttatcacaacaccatatccata
catatccatatcaatatcaatatcgctattattaacgatcatgctctgctgatcaagtattcagecgctgegetagattcgacagattgaatcgagctcaatagactcaacagactccactcgacagatgegcaatgccaaggacaattgecg
tggagtaaacgaggcgtatgcgcaacctgcacctggeggacgeggegtatgegcaatgtgcaattegettaccttctegttgegggtcaggaactecccagatgggaatggecgatgacgagetgatetgaatgtggaaggegeccageagge
aagattactttcgccgcagtcgtcatggtgtcgttgctgcttttatgttgcgtactccgcactacacggagagttcaggggattcgtgcteccgtgatctgtgateccgtgtteccgtgggtcaattgcacggttcggttgtgtaaccttcecgtgt
tctttttttttagggcccaataaaagcgecttttgtggcggcttgatagattatcacttggtttcggtggctagccaagtggctttcttctgtccgacgcacttaattgaattaaccaaacaacgagcgtggccaattcgtattatcgetgtt
tacgtgtgtctcagcttgaaacgcaaaagcttgtttcacacatcggtttctcggcaagatgggggagtcagtcggtctagggagaggggcgeccaccagtegatcacgaaaacggecgaattccaagcgaaacggaaacggagcgagcactat
agtactatgtcgaacaaccgatcgcggcgatgtcagtgagtcgtcettcggacagegetggegetcecacacgtatttaagetectgagatcggetttgggagagcgcagagagecgecategcacggcagagcgaaageggecagtgagcgaaage
gagcggcagcgggtgggggatcgggagecccccgaaaaaaacagaggcgcacgtegatgecatcggggaattggaacctcaatgtgtgggaatgtttaaatattctgtgttaggtagtgtagtttcatagactatagattctcatacagatt
gagtccttcgagccgattatacacgacagcaaaatatttcagtcgegettgggcaaaaggcttaagcacgactcccagtecceccttacatttgtettectaagecccctggagecactatcaaacttgttctacgecttgcactgaaaataga
accaaagtaaacaatcaaaaagaccaaaaacaataacaaccagcaccgagtcgaacatcagtgaggcattgcaaaaatttcaaagtcaagtttgegtcgtcatcgegtcetgagtccgatcaagecgggettgtaattgaagttgttgatgag
ttactggattgtggcgaattctggtcagcatacttaacagcagcccgctaattaagcaaaataaacatatcaaattccagaatgcgacggcgecatcatectgtttgggaattcaattcgegggcagategtttaattcaattaaaaggtag
aaaagggagcagaagaatgcgatcgctggaatttcctaacatcacggaccccataaatttgataagcccgagetegetgegttgagtcageccaccccacatccccaaatcccecgecaaaagaagacagetgggttgttgactcgecagattg
attgcagtggagtggacctggtcaaagaagcaccgttaatgtgctgattccattcgattccatccgggaatgecgataaagaaaggctctgatccaagcaactgcaatccggatttecgattttctettteccatttggttttgtatttacgtac
aagcattctaatgaagacttggagaagacttacgttatattcagaccatcgtgcgatagaggatgagtcatttccatatggccgaaatttattatgtttactatcgtttttagaggtgttttttggacttaccaaaagaggcatttgttttc
ttcaactgaaaagatatttaaattttttcttggaccattttcaaggttccggatatatttgaaacacactagctagcagtgttggtaagttacatgtatttctataatgtcatattcctttgtccgtattcaaatcgaatactccacatctc
ttgtacttgaggaattggcgatcgtagcgatttccccegecgtaaagttcctgatectegttgtttttgtacatcataaagtcecggattctgetegtegecgaagatgggaacgaagetgccaaagctgagagtetgettgaggtgetggte
ytcccagetggataaccttgetgtacagatcggecatctgectggagggcacgatcgaaatecttccagtggacgaacttcacctgctegetgggaatagegttgttgtcaagcagetcaaggagegtattecgagttgacgggetgcaccacg
ctgctcecttegetggggattccecctgegggtaagegecgettgettggactegtttccaaatcccatageccacgeccagcagaggagtaacagagetctgaaaacagttcatggtttaaaaatatcctttaagaaagcccatgggtataactt
actgcgtcctatgcgaggaatggtctttaggttctttatggcaaagttctegectegettgecccageecgeggtacgttettggtgatetttaggaagaatectggactactgtegtetgectggettatggeccacaagacccaccaagageg
aggactgttatgattctcatgctgatgcgactgaagcttcacctgactcctgctccacaattggtggectttatatagcgagatccaccegecatettgegtggaatagaaatgegggtgactccaggaattagecattatcgatcggaaagtg
ataaaactgdaii€abii@ gacctaaatgcctggecataattaagtgcatacatacacattacattacttacatttgtataagaactaaattttatagtacataccacttgcgtatgtaaatgcttgtettttctettatagttttataa




Typical structure of a gene

—

Start codon codons  ponor site

o[c[ssATGCCCTTCTCCAACAG i [).(ca [].{c

Transcription
start\

hhhhhh

e o ey Exon

/

Promoter

5'UTR

Intron

------

Stop codon

GGCAGAAACAATAAA! Y& e
GATCCCCATGCCTGAGGGCCCCTC 7‘

Eric Juiy 27



Gene Finding

e Given un-annotated sequences,
e delineate:

e transcription initiation site,
e exon-intron boundaries,
e transcription termination site,

e a variety of other motifs: promoters, polyA
sites, branching sites, etc.

e The hidden Markov model (HMM)

Eric Xing

GAGAACGTGTGAGAGAGAGGCAAGCCGAAAAATCAGCCGC

CGAAGGATACACTATCGTCGTCCTTGTCCGACGAACCGGT

ATACACAGCGCACACAT
ATAAGCTTGCACACTGATGCACACACACCGACACGTTGTC

ACCGAAATGAACGGGACGGCCATATGACTGGCTGGCGCTC

CCCTGCTGCGCCTC
GCGTGCACAATTTGCGCCAATTTCCCCCCTTTTCCAGTTT

TTTTCAACCCAGCACCGCTCGTCTCTTCCTCTTCTTAACG

TTAGCATTCGTACGAGGAACAGTGCTGTCATTGTGGCCGC

TGTGTAGCTAAAAAGCGTAATTATTCATTATCTAGCTATC

TTTTCGGATATTATTGTCATTTGCCTTTAATCTTGTGTAT

TTATATGGATGAAACGTGCTATAATAACAATGCAGAATGA

AGAACTGAAGAGTTTCAAAACCTAAAAATAATTGGAATAT

AAAGTTTGGTTTTACAATTTGATAAAACTCTATTGTAAGT

GGAGCGTAACATAGGGTAGAAAACAGTGCAAATCAAAGTA

CCTAAATGGAATACAAATTTTAGTTGTACAATTGAGTAAA

ATGAGCAAAGCGCCTATTTTGGATAATATTTGCTGTTTAC

AAGGGGAACATATTCATAATTTTCAGGTTTAGGTTACGCA

TATGTAGGCGTAAAGAAATAGCTATATTTGTAGAAGTGCA

TATGCACTTTATAAAAAATTATCCTACATTAACGTATTTT

ATTTGCTTTAAAACCTATCTGAGATATTCCAATAAGGTAA

GTGCAGTAATACAATGTAAATAATTGCAAATAATGTTGTA

ACTAAATACGTAAACAATAATGTAG

GATAAACAGTTGCCTTTAGTTGCATGACTTCCCGCTGGAT

28



Hidden Markov Models

The underlying source:
genomic entities,
dice,

The sequence:

Ploy NT,
sequence of rolls,

Eric Xing
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Definition (of HMM)

e Observation space
Alphabetic set: C = C.Coro C
Euclidean space: Rd { e K} @ @ @
e Index set of hidden states
1={12,---, M} : @ @ @

e Transition probabilities between any two states ~ Craphical model
p(yf.:']'ly;.—lzl):a/,‘j’ ' ’
or  p(y,| y,’_l- _:-1) ~ Multinomial(a, ,, @, ,,....a; , ) Vi el. 0'9
e Start probabilities %
p(y;) ~ Multinomial(z,, 7,,..., 7, )
e Emission probabilities associated with each state
p(x, |yl =1)~ Multinomial(b,,l,b,,2 ..... Q-,K),V/' el.
or in general:

plx Ly, =) ~f(|6)Viel
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GENSCAN (Burge & Karlin)

pCly) =

orward (+ A0

Reverse (-) strand

N LVVANIRIY]

RO SIS

GAGAACGTGTGAGAGAGAGGCAAGCCGAAAAATCAGCCGC

CGAAGGATACACTATCGTCGTCCTTGTCCGACGAACCGGT

ATACACAGCGCACACAT

ATAAGCTTGCACACTGATGCACACACACCGACACGTTGTC

ACCGAAATGAACGGGACGGCCATATGACTGGCTGGCGCTC

CCCTGCTGCGCCTC

GCGTGCACAATTTGCGCCAATTTCCCCCCTTTTCCAGTTT

TTTTCAACCCAGCACCGCTCGTCTCTTCCTCTTCTTAACG

TTAGCATTCGTACGAGGAACAGTGCTGTCATTGTGGCCGC

TGTGTAGCTAAAAAGCGTAATTATTCATTATCTAGCTATC

TTTTCGGATATTATTGTCATTTGCCTTTAATCTTGTGTAT

TTATATGGATGAAACGTGCTATAATAACAATGCAGAATGA

AGAACTGAAGAGTTTCAAAACCTAAAAATAATTGGAATAT

AAAGTTTGGTTTTACAATTTGATAAAACTCTATTGTAAGT

GGAGCGTAACATAGGGTAGAAAACAGTGCAAATCAAAGTA

CCTAAATGGAATACAAATTTTAGTTGTACAATTGAGTAAA

ATGAGCAAAGCGCCTATTTTGGATAATATTTGCTGTTTAC

AAGGGGAACATATTCATAATTTTCAGGTTTAGGTTACGCA

TATGTAGGCGTAAAGAAATAGCTATATTTGTAGAAGTGCA

TATGCACTTTATAAAAAATTATCCTACATTAACGTATTTT

ATTTGCTTTAAAACCTATCTGAGATATTCCAATAAGGTAA

GTGCAGTAATACAATGTAAATAATTGCAAATAATGTTGTA

ACTAAATACGTAAACAATAATGTAG

GATAAACAGTTGCCTTTAGTTGCATGACTTCCCGCTGGAT

L



The Idea Behind a GHMM
GeneFinder

e States represent standard gene
features: intergenic region, exon, intron,
perhaps more (promotor, 5’UTR,
3'UTR, Poly-A,..).

° embody state-dependent
base composition, dependence, and
signal features.

e Ina GHMM, duration must be included
as well.

intergeni
region

e Finally, and both
strands must be dealt with.
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The HMM Algorithms

Questions:

e Evaluation: What is the probability of the observed
sequence? Forward

e Decoding: What is the probabllity that the state of the 3rd
position is Bk, given the observed sequence? Forward-
Backward

e Decoding: What is the most likely parsing? Viterbi

e Learning: Under what parameterization are the observed
sequences most probable? Baum-Welch (EM)

Eric Xing 33




Computation Biology and ML

e [rees

e sequence evolution
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A pair of homologous bases

ancestor
?

T years

Qp Qn

A C

Typically, the ancestor is unknown.
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- | | - | ] [ . . .
Homolo identification via cocs
0000
o000
o0
multiple alignmen s
10 20 30 a0 50 &0
:¥ooooloocao¥oooolacoo¥eooolloooa@oooalocoo@aoaalocoo®acoal
consensus 1 SAAQKALVRASHGEVEG-——— NREELGAE TLARLFK- - - 46
L45H 1 ANETREL CMES L EHAL VAL - SnEAR DG IR L TEHM R, - - - - -~ NYPPLRETFESR--E 43
1ITH & 3 TaANTEL TNDHNFLNTEq----- CLOARADS TFFEYLT------- AYPGDLAFFHEF--3 48
gd 1065933 162 DEEZLEVVADSNELYE L 2aaasTnd b EELE Y ERRY ES-—---—- KIPMLEPLFG-Ls-E 212
gi 3877400 71 puwEEEL LERTUSDEFD-—---- NLYELGSATTCYIFD-—--—-- HNPNCKQLFP-Fi-3 115
gi 89877381 15 TDEEVTATIRDVWERA-------- KTDNYGEEILQTLIE--——---- KRPEFAEYFG-JasE 56
gd 3874505 230 TEANTHL VEALNENVITL-—-- 5 SHLo283
gi 4095133 39 EDRDALRVLONAFEL-------- DDPELVRRFVAHWFA-—---—- LDASWRDLFF-F--- 79
gi 1707314 18 SFPADVE- -EHTYEMEL vy s o rREARNG I EYEEEET - - - --—- HHEDLREFFEGA--E 635
gd 2434780 5 THREFDG LLHELDEELD G- - - GHEMELGLEATTEL S —————- AHPEYIFEFSEL--0 50
70 50 a0 100 110 120
noooPooooloooo¥oooolocoo¥oooolooooPooooloooc@ooonlllooo@ailoal
congensus 47 LETLLLLKSSPE FEAHGEKYVL GALDE AVFHL - - -DDDENLEAALAW LGARF HARRG{--H 94
1a3H a0 EX¥TAEDVONDPFFAKOGOKILLACHVLCATY ---DDRETFNAYVTRE LLDEY- FHARTHA--H 103
1TTH & 49 SVPLYGLRANPAYFAQTLTVINYLDEYVDAL —--—- GONAGALMEAEVESFHDAMG4--—- 95
gd, 1065933 213 5DD?FﬂLPDHHPVRRH&BLEI&EL&&&EBEH&?-ELEADVAPTVFKYGER-HXB&RAEﬂﬁ 263
i 3877400 I A - FADEGY--- 170
i S8773551 E HEYRG4--N 114
i 3874505 ZEd ————————RDHFIKAHCKA?AELIDD??EHL———DHLDHVTGELHRIGRH—HAKHL-——— 327
gi 4095133 &0 --——-—- IMGANELAT COALHIYY GE LA ————- AFEFVAFLAQLGRD} HREYG4--—- 122
gi 1707914 66 NFGADDYVOESERFEEQGTALL LAVHY LANYYT - --DHQAVFHGFVEE LMNEF IEER GO 121
gi 2494780 51 EATPANVMAQDGLEYYARTLINDLVE LLEAS - --TREATLNTATAR TATEHFEPEN {-—- 103
130 140 Lls0 lan 17a
R I (T e
consensus 100 VDPANFKLFGEALL---YYLAEHLg- --DFTPEVEAANDEALDVVADALESGYR 147
1a3H 104 MPPEVUTDFWEL FE---EYLGERT----TLDEPTEQAVHEI GREFAFETNEHGE 150
1ITH & 99 ITPKHFGOLLELVG---GYFQEEFs- —-ADPTTVAATGDALGVLVAAME - - -—— 14l
gi 1065933 270 MEEM?FEMW---W@;&WWW 319
i 53877400 171 i
oi 3877381 115
oI 3874505 325 LI LEWGdr S ERAETVEE
gl 4098133 123 ?LPTDYDTLRRALY———IILEQXLQ —————— HPSRGAHTDAVDEAAGDSLHLII la?
gqi 1707914 122 LWEIFFDDVWVEFL---ESKGAKLs--——-- GDAKALVFE LNENFNSELQHQLE 166
gi, 2494780 104 VSGAEFQTGEPIFI---EVFSHVL---—- TTPANQAFMEEL LTEIFTGVAGOL- 148
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Phylogeny

016
P atas

0016
019 ‘_‘] 014 Margabay
L] M H. Langur

—{]

018

Hurman

o1
Biomolan

e The shaded nodes represent the observed nucleotides at a given
site for a set of organisms

e The unshaded nodes represent putative ancestral nucleotides
e Transitions between nodes capture the dynamic of evolution

Eric Xing



Phylogeny methods

e Basic principles:

e Degree of sequence difference is proportional to length of independent sequence
evolution

e Only use positions where alignment is pretty certain — avoid areas with (too
many) gaps

e Major methods:

e Parsimony phylogeny methods
e Likelihood methods

Eric Xing 38




000
0000
0000
ol 1
Likelilhood methods 5
e A tree, with branch lengths, and the data at a single site.
QO
Lo)ee
. CAGTGACGCCCCAAACGT
CAGTGACGCTACAAACGT
fa CTGTGACGTAACAAACGA
CTGTGACGTAGCAAACGA
tl‘“e Loncoo CTGTGACGTAGCAAACGA
-

e Since the sites evolve independently on the same tree,
m

L=P(D|T)=] [P(D"|T)
i=1

Eric Xing
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Likelihood at one site on a tree

e \We can compute this by summing over
all assignments of states x, y, zand w
to the interior nodes:

POV IT)=>> > > P(AAC,C,C,xY,z,w|T)

X 'y z W

e Due to the Markov property of the tree, we t t, Human
can factorize the complete likelihood according

t]_ Bonobo

to the tree topology:

P(A A C,C,C,xYy,zwW|T)=
P(x) P(ylxt) P(Cly,t)P(Clyt,)
P(z|xt) P(C|y,t,)
P(w|zt,) P(Aly,t,) P(AlY,t)

e Summing this up, there are 256 terms in this case!
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Getting a recursive algorithm

e when we move the summation signs as far right as possible:

POV IT)=>> > > P(AACC,C,xy,z,w|T)=

ZX:P(X)
(Z P(ylxt) P(Cly.t)P(C| y,tz)J
( yZP(z|x,t8> P(C|2.,)
| ( S P(w| z,t7)P(A|W,t4)P(A|W,t5)))

Eric Xing
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Felsenstein’s Pruning Algorithm

e To calculate P(Xq, X5, ..., Xy | T, 1)

()
Initialization: ()
Setk=2N -1 ‘@G ii

Recursion: Compute P(L, | a) foralla € X
If k is a leaf node:
Set P(L | a) =1(a = x,)
If k is not a leaf node:
1. Compute P(L; | b), P(L; | b) for all b, for daughter nodes |, |

2.SetP(L, |a) = Zb, P [a HP(L;[b) P(c|a,t) P(L|c)

Termination;

Likelihood at this column = P(x;, X, ..., Xy | T, t) = ZaP(LZN_l | a)P(a)

Eric Xing 42



Modeling rate variation among
sites

Phylogeny

Rates 100 o ® ®o—8 @ ® @& @
of
evolution

.-'-....I./

03 @ @ @ @ = —

e There are a finite number of rates (denote rate i as r,).
e There are probabilities p, of a site having rate i.
e A process not visible to us ("hidden") assigns rates to sites.

e The probability of our seeing some data are to be obtained by summing
over all possible combinations of rates, weighting appropriately by their
o ngrobabilities of occurrence.
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Rocall the HMM

Y, Y, Y

NORINOROOOTOTo

e The shaded nodes represent the observed nucleotides at particular
sites of an organism's genome

e For discrete Y,, widely used in computational biology to represent
segments of sequences
e gene finders and motif finders
e profile models of protein domains
e models of secondary structure
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Definition (of HMM)

e Observation space
Alphabetic set: C={C1’Cz,'“,c/<} @ @ @ @
Euclidean space: Rd

e Index set of hidden states @ @ @ @

1=12,--- .M .

. Transiti({)n proba}bilities between any two states ~ ©raphical model
p()’r' =1|)’¥4 =1)= a; ;»

py, |y, =1~ Multinomial(a,,l,a,,2 ..... a; u ),V/' e l.
e Start probabillities

or

p(y,) ~ Multinomial(z,, 7,,...,7 ).
e Emission probabilities associated with each state

p(x, | y; =1) ~ Multinomial(.,, 6 ,..... 5., ) Vi el.
or in general:

px |yl =1 ~f(16,)viel
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Hidden Markov Phylogeny

e Replacing the standard emission model with a tree

e A process not visible to us (.hidden") assigns rates to sites. It is a Markov process
working along the sequence.

e For example it might have transition probability Prob (]/) of changing to rate jin
the next site, given that it is at rate /in this site.

e These are the most widely used models allowing rate
variation to be correlated along the sequence.
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Hidden Markov Phylogeny

e a
" x i
I x e
= 1s= =5
s= =1=
== 1= =57
== ==ao Z=
= == 227
= 1o =
=E = =
so
= A
a =a =
N ==y ==
= PERra ==
= T ie= i
= =s 1ia
= === Z=F
3 sa S=7
= =t 123
== =< a=1
r= To=
1oo
Toa I=a
== T5Y%
=z as
Y =3
xis IS=
s== ZZ3
Y= =
1z== T=S
Ear=p=t iss
1as

e this yields a gene finder that exploits evolutionary constraints

Eric Xing
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eceo
A Comparlson of comparatlve genomlc 9020
gene-finding and isolated gene-finding oo
e Based on sequence data from 12-15 primate species,
McAuliffe et al (2003) obtained sensitivity of 100%, with a
specificity of 89%.
e Genscan (state-of-the-art gene finder) yield a sensitivity of 45%, with a specificity
of 34%.
100
9017 |
80171 |
7017 |
6077 O Phylogenetic
501 HMM
4017 W Genscan
3017 | (HMM)
2011

10+

sensitivity specificity
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