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Genome and Proteome
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Gene Structure in DNA
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e The inference problem: predlctlng 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
DNA genetic code protein
'-__’-‘jj’-o'
. .
e The human gene inventory corresponds to ~1.5% of the
genome (coding regions)
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Protein Structure Hierarchy :

Primary Structure Secondary Structures Tertiary Structures Quaternary Structures
e canmn -y iy
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e The inference problem: predicting the structures from sequences
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Genetic Polymorphisms 5
The ABO Blood System
Blood Type Type A Type B Type AB Type O
(genotype) (AA, AD) (BB, BO) (AB) (00}
ood | (AJCALN) E®® | »EB®
i & G
(pResstyps) A agglutinogens only | B agghtinogens only | A and B aggutinogens | No agglutnogens
Plasma - ; . Q-".
= .| o
b agglutinin only a agglﬁ'ﬁ;'liln ;:Inhl No agglutinin aand b agglutinin
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Genetic Demography :
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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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Computation Biology and ML

e Mixture and infinite mixture

e clustering of genetic polymorphisms i

e Hidden Markov Models

e gene finding

o Trees ONONO
e sequence evolution / F)‘

e Conditional Random Fields
e protein structure prediction
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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
individuals, 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
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From SNPs to Haplotypes o

e Alleles of adjacent SNPs on a chromosome form

SNPs

Chromosome 1
Chromosome 2
Chromosome 3
Chromosome 4

Haplotypes

SNP

+

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

SNP

v

. TTCGGGGTC....
TTCGAGGTC....
. TTCGGGGTC....
TTCGEGGTC....

SNP

v

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

Haplotype1 CTC/AAAGTACGGTTCAGGCA
Haplotype2 TTGATTGCGCAACAGTAATA
Haplotype3 CCCGATCTGTGATACTGGTG

Haplotype 4

e Useful in the study of
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Phase ambiguity of SNPs sels
"haplotypes” '
ATGC
sequencing
- 4
A heterozygous
diploid individual  _A A )\ \
TC— TG —AA T
The Genotype: - ive
pairs of alleles with L~1 N
association of alleles to
chromosomes unknown % 77
~I T\—-A/
e This is a mixture modeling problem! A —~ /-

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

Haplotype Inference -

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

[A/T C/G T/T A/C G/T | [ A/A C/G C/T A/C T/T ]

Solution seems ‘better’ since
it uses fewer haplotypes
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Finite mixture model

e The probability of a genotype g:

p(g)= D, p(h,h,)p(glh,h)

hy,hyed
A | \_

Population haplotype Haplotype Genotyping
pool model model

e Standard settings:

e p(h1,h2)=p(h1l)p(h2) Hardy-Weinberg equilibrium
o [H=K fixed-sized population haplotype pool

e Problem: K? H ?
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Ancestral Inference

F=]|

< PRelc c/GlaAaTCC
C EmDaG G A|lAawm T C|T

TSI T TIGACIGACTC
TCTTAGAGGACTC

7 _keccTr6 7
e Better recovery of the ancestors leads to better haplotyping results/
(because of more accurate grouping of common haplétype$)< € A4 7¢ 7

e True haplotypes are obtainable with high cost, but they canAnganth—ng@
more subjectively (as opposed to examining saliency of (:IuAst(Erigg)T,r aT

e Many other biological/scientific utilities
Eric Xing 16
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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
esee
A Hierarchical Bayesian Infinite Allele | sees
[ X J
m 0 d el Bayesian Haplotype Inference via the Dirichlet Process (Xing et al. ICML2004) H

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

h ~p(hi{a,}).

@ @ * 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 18




Chinese Restaurant Process

P(c; =k]c;) = 1 0

1 a

T 0

l+a l+a
1 1 a

2+« 2+a 2+a
1 2 a

3+ta 3+a 3+ta
ml mZ

i+ta-1 i+a-1 ita-1

CRP defines an exchangeable distribution on partitions over an (infinite) sequence of integers
Eric Xing 19

The DP Mixture of Ancestral
Haplotypes o

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

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

PUCA Ci ) he (AL ) =PLCilC) PCRAA)

® ® ® g ® mr:::f:’
{Ag  {Ag {Ad {Adg {AgG {Ag

e With p(h|{A4, 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 20
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Convergence of Ancestral sels
Inference -
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Results on simulated data o

e DP vs. Finite Mixture via EM
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Results :
The Gabriel data
Haplotyping performance 5 Haplotyping performance
1 b 3
Il CRP Il CRP
8 B PHASE ozs B PHASE
© 08
% 05 1 g 0.15 1
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208 2 o |
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Population structure o

e DATA: 256 European individuals with 103 loci

Eric Xing
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Computation Biology and ML

e HMMs

gene finding

ric Xing 25
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,ngLdthCgcgtgctf«uxuuu tcggtteggattgatgeget: ctaatgactggcaaatcgctacaaataaattaaagte aattaa
ot tgtcacgotttgtts ttg lllagucatta(taagtttt(cctcagctcgc:gg aatgt
tgatgttcctcataaatgaaadlLaaly tttgctct cgcttgtttgggggattggctggetaatcgegget: dmaccttt(cgcttcatcag(tgtgaaacc‘aga ﬁﬁttggc
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gtactatgt gagtcgtctt ggegcetecacacgtatttaagetetgagateggettt
1 cgatgccat tggaacctcaatgtgtoggaatgtttaaatattctgtgttaggtagtgtagtticatagackatagattcteatacagat]
agtcctt tat: ttcagtcgeget t ccceecttacatttgtettectaageccetggagecactatcaaacttgttctacgettgcactgaaaatag
ccaaagtaaacaat cgaacat ttcaaagtcaagtttgegte ctgagtccgat tgtaattgaagttgttgatgal
ftactggatt tctggtcageatactt aat atcaaatt catcctgtttgggaattcaatt cgtttaattcaattaaaaggta

ggaat

cct aaatttgat: cgctgegtty:

(ttgcagtggagtggacctggt taatgtgctgattccattcgattccat c

agcattctaatgaagactt tacgttatattcagaccatcgtgcgatagaggatga tty
tcaactgaaaagatatttaaattttttcttggaccattttcaaggttccggatatatttgaaacacactagctagcagtgttggtaagttacatgtatt(ctataatgtcatattcctttgtccgtattcaaatcgaatactccacatct
tgtacttgaggaattggcgatcgtagegatttcccccgecgtaaagttectgatectegttgtttttgtacawhereisthegenetcataaagtceggattetgcotegt Agtctgcttgaggtgctggty
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‘taaaact aatt::nfnrat rarattarttacatttgtataagaactaaattttatagtacataccacttgcgtatgtaaatgcttgtcttttctcttatataegttttata
fccagcatattttacgt: tatttatt ccat: ttaagctgttgtttatttttgcaatcgaa
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facatcgetgegttteggeagetaattgecttttagaaattattttcccatt gt gcggetttcaatcacttct cggattgggtcacattgtct attgtctcgatccg
hocgcagttcgegtgett tcggttcggattgatgeget ggcaaatcgctacaaataaattaaagt taat ttg
Tt t tgtcacgctttgtty t tttagccattattaagtttttccteagetegetggcagcacttgegaatgt
tgatgttcectcataaatgaaaattaatgtttgetet: rnrttntttnnnnnarrnurtggctaatcgcggctagatcccaggcggtataaccttttcgcttcatcagttgtgaaaccagatggctggtgttttggc
~ ctcgaaat tt gggccgct cggcgetgataaggeccaatgt
ttcagettteggetegagtatttgttgtgccaty

actgacaat cttgtc;

tgtctt taatatgcgaact jaagttat atccat|

c gcgeaat tgccf

gtcgttgetgettttatgttgcgtactecgeact: t tcgtgctecgtgatctgtgatccgtgttecgtgggteaattgcacggtteggttgtgtaaccttegty
fotttttttttagggeccaataaaagegettttgtggeggettgatagattatcacttggttteggtggetagecaagtggetttcttcty ttaattgaatt: ggccaattcgtattatcgotgt
acgtgtgtcteagotty tgtttcacacatcggtttct cagtcggtct tt a
gtactatgt gagtcgtett ggcgct tt cggettt
! gggggat cgatgccat 1ggaacctcaatgtgtgggaatgtttaaa(a(tctgtgt(aggtagtgtag(ttcatagactatagattctcatacagat
agtcctt tat: atttcagtcgeget t agtcceeccttacatttgtotte atcaaacttgttctacgcttgeactgaaaatagy
aaagt: cgaacat ttcaaagtcaagtttgcgty ctgagtccgatcaageegggettgtaattgaagttgttgatgal
tactggatt t act aat: atcaaatt: ratrvtgtttgggaattcaattcgcgggcagatcgtttaattcaattaaaaggta
ggaatttcct: aaatttgat: cgetgegttgagt gt
ttgcagt 9ot t tecattcgattecaty ct ccggatttcgattttctctttccatttggttttgtatttacgta
hagcattctaatgaagacttggagaagacttacgttatattcagaccatcgtgegatagaggatgagteatttceatatggccgaaatttattatgtttactategtttttagaggtgttttttggacttaccaaaagaggcatttgttt
tcaactgaaaagatatttaaattttttcttggaccattttcaaggttecggatatatts tggtaagttacatgtatttctataatgteatattectttgtecgtattcaaategaatactecacatcty
tgtacttgaggaattggcgategtagegatttcceeegecgtaaagttectgatectegttgtttttgtacatcataaagtecggattetgetegty gagagtctgettgaggtgetggt
tcccagctggataaccttgctnmranatmnmtrt cgaaatccttccagt tcacctgct agcgttgttgts attcgagtt
tgctectt tgcttggactegttt cty tcatggtttaaaaatatcettt gggtataact
ctgcgtcctatgcgaggaatggtctttaggttctttatggcaaagttctcgccfmrt tettggtgatettt; actgtcgtctgectggettaty
lggactgttatgattctcatgctoa Jac cacaattg gaga agcattatcy

taaaactgQdca)émgacctaaatgcctggccataattaagtgcatacatacacattacattacttacatttgtataagaactaaattttatagtacataocacttgcgtatgtaaatgcttgtcttttctcttata&&gtttt i
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Typical structure of a gene

Startcodon  codons  ponor site

|
(<[ sATGCCCTTCTCCAACAG

Transcription
start

/

Promoter

Stop codon

GATCCCCATGCCTGAGGGCCCCTC

Eric vy 27

Gene Finding

GAGAACGTGTGAGAGAGAGGCAAGCCGAAAAATCAGCCGC

e G |Ve n un-annotate d se q uences, CGAAGGATACACTATCGTCGTCCTTGTCCGACGAACCGGT
e delineate:

ATACACAGCGCACACAT
ATAAGCTTGCACACTGATGCACACACACCGACACGTTGTC
ACCGAAATGAACGGGACGGCCATATGACTGGCTGGCGCTC
. . . . . GGTATG
e transcription initiation site,

e exon-intron boundaries,

CCCTGCTGCGCCTC

e transcription termination site, CGTGCACAATTTGCGCCAATTTCCCCCCTTTTCCAGTTT
_MCCCAGmebLI CGTCTCTTCC CTTAACG

e avariety of other motifs: promoters, polyA T ]
TTGTGTAT |

. . . GATATTATTGTCA' GCCTTTAA
sites, branching sites, etc. I TTATATGGATGAAACGTGCTATAATAACAATGCAGAATGA|
AGAACTGAAGAGTTTCAAAACCTAAAAATAATTGGAATAT
AAAGTTTGGTTTTACAATTTGATAAAACTCTATTGTAAGT
GGAGCGTAACATAGGGTAGAAAACAGTGCAAATCAAAGTA

e The hidden Markov model (HMM) [|¢) EEE=EEE

TATGTAGGCGTAAAGAAAT)
TATGCACTTTATAAAAAATTATCCTACA]
ATTTGCTTTAAAACCTATCTGAGATATT!
GTGCAGTAATACAATGTAAATAATTGCAAATAATGTTGTA

ACTAAATACGTAAACAATAATGTA(

GATAAACAGTTGCCTTTAGTTGCATGACTTCCCGCTGGAT

Eric Xing 28
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Hidden Markov Models

The underlying source:
genomic entities,
dice,

® & ©

The sequence:

Ploy NT,
sequence of rolls,

Eric Xing

- ®

29

Definition (of HMM)

e Observation space
Alphabetic set:

C={a.c e}
Euclidean space:

Rd
e Index set of hidden states

1={12,- M} (%)

e Transition probabilities between any two states
pyi =1lyi=D=a,
or  p(y; |y, =1)~Multinomial(g, ,, g, ,,...,q, , ) Vi€ l.
e Start probabilities
p(y;) ~ Multinomial(z,, 7, .., 7,4 )
e Emission probabilities associated with each state
plx, |yl =1~ Multinomial(b,‘l,b,.‘z,...,b,.‘/(),v/' el
or in general:

plx, |y, =) ~f(|6,)Viel

Eric Xing

()
()

Graphical model

[
N
N

State automata

30
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GENSCAN (Burge & Karlin)

GAGAACGTGTGAGAGAGAGGCAAGCCGAAAAATCAGCCGC

? CGAAGGATACACTATCGTCGTCCTTGTCCGACGAACCGGT
pPATACACAGCGCACACAT

ACCGAAATGAACGGGACGGCCATATGACTGGCTGGCGCTC
GGTATG

GCGTGCACAATTTGCGCCAATTTCCCCCC T¢

AGCATTCGTACGAGGAACAGTGCTGTCAT
GTGTAGCTAAAAAGCGTAATTATTCATTA
TTTCGGATATTATTGTCATTTGCCTTTAA AT |
[ATATGGATGAAACGTGCTATAATAACAATGCAGAATGA

*<:>* pely) =
\

R

EEEEE

\CCTAA AATTGGAATAT
AAAGTTTGG ACAATTTGATAAAACTCTATTGTAAGT

GGAGCGTAACATAGGGTAGAAAACAGTGCAAATCAAAGTA
|CCTAAATGGAATACAAATTTTAGTTGTACAATTGAGTAAA |

ATGAGCAAAGCGCCTATTTTGGATAATATTTGCTGTTTAC
AAGGGGAACATATTCATAATTTTCAGGTTTAGGTTACGCA
| TATGTAGGCGTAAAGAAATAGCTATATTTGTAGAAGTGCA
| TATGCACTTTATAAAAAATTATCCTACATTAACGTATTTT
ATTTGCTTTAAAACCTATCTGAGATATTCCAATAAGGTAA

GTGCAGTAATACAATGTAAATAATTGCAAATAATGTTGTA
ACTAAATACGTAAACAATAATGTA(

GATAAACAGTTGCCTTTAGTTGCATGACTTCCCGCTGGAT

The Idea Behind a GHMM
GeneFinder o

e States represent standard gene
features: intergenic region, exon, intron,
perhaps more (promotor, 5’'UTR, ]1 |
3'UTR, Poly-A,..). ?ﬁﬁ
}

° embody state-dependent /e
base composition, dependence, and
signal features. @"@‘
\ /

e In a GHMM, duration must be included
as well.

orward (+

! ! intergenif
Reverse (-) strand

e Finally, and both d \O
\

strands must be dealt with. /

Eric Xing

orward (+

Reverse (-) strand

32
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The HMM Algorithms

Questions:

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

e Decoding: What is the probability 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 Trees

e sequence evolution

| Gh LgE

Eric Xing

34
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A pair of homologous bases

ancestor

T years

A

Typically, the ancestor is unknown.

Eric Xing
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Homology identification via

multiple alignment

consensus
L1A3H

1ITH &

gi 1065933
i, 3877400
gi 3877351

i 5574505 230 TG ANTHLIRALUBNTILL
i, 4095133 EDRDALRVLONAFKL-

gi 1707914 18 SPADVE--

KHTY ESHE A7 DA IR FYKEEET
gi 2494760 3 TEOEFDSLLEELDPKIL:e-~ cHEMELCLGATTELTA-

70 80 20

B T N e T L

CONSENsuS 47 LITARLLESSPKFHAHGKEVL GALDE AVFII oD
L1ASH 50 EVTAEDYONDPFFAKQDGQEIL LACHY LCATY ---DD
1ITH & 49 SVPLYGLESNPAVKAQ TLTYINYLDEVVDAL ———--
gi 1065933
gi 3877400
gl 3877381
i, 3874505
gl 4098133

50 60

-D 46
~NVPPLREYFESR--E 43
~AVPGDLAFFHEF--5 48
~KIPMLRFLFG-Ls-E 212
~HNPNCKQLFP-Fi-§ 115
~KRPRFAEYFG-IggE 56
o ol 283
7777777 LDASVROLFE 2~ 73
~HHKDLRKFFKGA--E 65
~AHPEYIEKFSRL--0 50
100 110 120
T ] s
DGNLKARLAKLGAR: HAKRG{--H 93
RETFNAYTRE LLDR| HARRES--H 103
GONAGALMKAKVPE| EDANG |- o8

AEEPVAFLAQLGRDHRKTG{--- 122

CHEANELAL COALHIYTE L VAR
gi 1707014 66 NFGADDVOKSKRFEK(GTALL LAVEVLANVY ——-DNQAVFHGFVRE LMNF} HEKRG4apr 121
TREATINTALARTATH

i 2494780 51 EATPANVMAQDGAKYTAKTLINDLVE LLEAS -—-
130 140 150
e Ell LW el elea®

consensus 100 VDPANFELFGEALL---WWLAEHL
1ASH 104 MPPEVITDFUKLFE---EYLGEKT-
11TH & 98 ITPKHFGOLLELVG-

160 17

*

DFTPEVEAAWDEA LDVVADALESGYR 147

i 1065933 270 MTEENVRVFCANIV---CTFERELEG - AT BRCAEIIELIEVLEQKLIRGED. 315

\gi 3577400 171 FKHEYUDIFQDAME-
gi 3877381 115 FGADNULYFERVTY-
gi 3574505 328 RGELTGELINTVAL

gi 4098133 123 VLPTOIDTLRRALY-
\gi 1707914 122 LWKIFFDDVUVEFL-— E3EGARLS
gi_2494780 104 V5GAEFOTGEPIFI---KYFSHVL-

Eric Xing

REETVREALL LTS

HPSRGAWTDA VD]
~GDAKA MFELNENFN SEAQHALE 166
-TTPANQAFMEFL LTKIFTGYAGQL- 148

FVIEEIEAGHE 380
EALGDILNLIT 167

36
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Phylogeny

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

Phylogeny methods G

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
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Likelihood methods 5
. . ]
e A tree, with branch lengths, and the data at a single site.
P
pangabey
CAGTGACGCCCCAAACGT
CAGTGACGCTACAAACGT
CTGTGACGTAACAAACGA
CTGTGACGTAGCAAACGA
CTGTGACGTAGCAAACGA
e Since the sites evolve independently on the same tree,
m
L=P(D|T)=]]PMD"|T)
i=1
Eric Xing 39
[ X X ]
0000
[ X XX
. . . b
Likelihood at one site on a tree &
e We can compute this by summing over
all assignments of states x, y, z and w e
to the interior nodes: -

PO IT)=>>>>P(AAC,CC,xY,zwW|T)

e Due to the Markov property of the tree, we ) 7} Homan
can factorize the complete likelihood according
to the tree topology:

P(A/AC,C,C,x,Y,z,W|T)=
P(xX) P(ylxt) P(Cly.t,)P(Cly.t,)
P(zIxt) P(Cly.t)
P(w|z,t;) P(AlY.t,) P(A]Y,t5)
e Summing this up, there are 256 terms in this case!

Eric Xing 40
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Getting a recursive algorithm

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

POV T)=>>> > P(AAC,C,C,xy,z,W|T)=

L
[Zp(yw,ts) P<C|y,t1)P(C|y,t2)]
( VZP(z|x,t8) P(Clzt,)
| ( > P(w| z,t7)P(A|w,tA)P(A|w,t5)))

Felsenstein’s Pruning Algorithm e

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

Q
Initialization: (@)
Setk=2N-1 O ® © ii
Recursion: Compute P(L, | a) foralla € A A

If k is a leaf node:
SetP(Ly | a) = 1(a=xy)
If k is not a leaf node:
1. Compute P(L; | b), P(L; | b) for all b, for daughter nodes i, j

2.SetP(Ly | a) = Zb’ P [a t)P(L;|b) P(c|a, t)P(L]c)
Termination:

Likelihood at this column = P(x, Xy, ..., Xy | T, t) = ZaP(LZN,1 | @)P(a)
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. . . X
Modeling rate variation among sete
o000
: ')
sites o
Sites
Phylogeny gz A (e
CACG G A
CGTA G A
CGAG GG
CAAA GG
AAGT GC
Rates 100 o ®© o=8 ® & @ @
Of. o=0 @ S\0 & »
evolution 07 o o o ® "_-./:
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 xorobabilities of occurrence.
ric Xing 43
o000
o000
0000
eo0o
oo
Rocall the HMM :

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

Eric Xing 44
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Definition (of HMM)

. \
e Observation space
Alphabetic set: CZ{Q,CZ,"‘,CK} @ @ @ G
Euclidean space: Rd
e Index set of hidden states @ @ @ G
M

1={12 M} Graphical model

e Transition probabilities between any two states raphical mode
piyi =1yl =D=a,,

p(y; | yiy =1) ~ Multinomial(g, ;,d; ,,...,q, , ) Vi €. 1 2
e Start probabilities

or

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

i K
plx, |y =1)~ Multinomial(b,.‘l,b,.yz,...,b,.‘/(),v/ el
or in general:
/ . State automata
pix, |yl =1)~f(]6,)Vviel
Eric Xing -

Hidden Markov Phylogeny

) Y Y
L —v— —t—J —
N
« b
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 this yields a gene finder that exploits evolutionary constraints

A Comparison of comparative genomic | se2¢
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%.

1007
90+
807
707
60+
507
40
307
207
10+

O Phylogenetic
HMM

H Genscan
(HMM)

sensitivity specificity
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