Observable

Co-Modelling and Conditional Modelling

Unobservable

Goldman, Thorne &
Jones, 96

Knudsen.., 99
Eddy & co.

ﬁ

Meyer and Durbin 02
Pedersen ..., 03 Siepel

& Haussler 03 —

Pedersen, Meyer,
Forsberg..., Simmonds

2004a,b

McCauley ....

Firth & Brown —

Footprinting -Signals (Blanchette)

Observable

— Unobservable

AGGTATATAATGCG..... Pqoying{ATG->GTG} or
AGCCATTTAGTGCG..... Poncoding{ATG-->GTG}

* Conditional Modelling

P(Sequence [Structure) P(Structure) =

P(Structu re\Sequence )P (Sequence)

Needs:
i. P(Sequenceias tructuro

ii. P(Structure)



ADb Initio Gene prediction

Ab initio gene prediction: prediction of the location of genes (and the
amino acid sequence it encodes) given a raw DNA sequence.

.tttttgcagtactcccgggeccctcectgttggggectceccecttectecteccagggtggagtcgaggaggecggggtgecgggectecttatectectagagecggecctggetetetggegeg
gggccccttagtceccgggectttttgeccatggggtctectgtteecctetgtegetgetgttttttttggecggecgectaccecgggagttgggagecgecgectgggacgeccggactaagcgggcge
aaagccccaagggtagccctctcecgegeccteccgggacctcagtgececcttectgggtgegecatgageccggagttegtggetgtgcageccggggaagtcagtgcagectcaattgcagcaaca
gctgtccccagccgcagaattccagectecg cgctgcggcaaggca cgctcagag cgggttgogtgtcttaccagctgctcgacgtgagggcctggagecteccctegege
actgcctcgtgacctgcgcaggaaaaacacgctlg ctacagﬁ cccggctggggtgaggggagggggctggaagaggtggggg
aagggtagttgacagtcgctctatagggagc ccecect gcgtgattttggagcctccggtcttaaagggcaggaaat
acactttgcgctgccacgtgacgcaggtgttcccggtggge ttggtggtgaccctgaggcatggaagccgggtcatctattccgaaagcctggagcgcttcaccggcctggatctgg
ccaacgtgaccttgacctacgagtttgctgctggacccecgecgacttcectggcageccgtgatctgeccacgecgegectcaatctecgacggectggtggteccgcaacagectecggcacccatta
cactgatgctcggtgaggcacccctgtaaccctggggactaggaggaagggggcagagagagttatgaccccgagagggcgcacagaccaagcgtgagectccacgecgggtcgacagacct
ccctgtgttcecgttectaattctcecgecttcectgetecccagecttggageccecgegeccacagetttggectececggtteccatecgetgececttgtagggatectectcactgtgggegetgegt
acctatgcaagtgcctagctatgaagtcccaggcgtaaagggggatgttctatgeccggectgagcgagaaaaagaggaatatgaaacaatctggggaaatggceccatacatggtgg. ...

5 - - >3
B Exon A\ Intron

Output:

UTR and intergenic sequence

5'....tttttgcagtactcccgggccctcetgttggggecteccecttectctccagggtggagtcgaggaggeggggcetgegggcectecttatctctagagecggecctggcetetetggegeggggecccttagteegggctttttgccATGGGGTCTCTGTTC
CCTCTGTCGCTGCTGTTTTTTTTGGCGGCCGCCTACCCGGGAGTTGGGAGCGCGCTGGGACGCCGGACTAAGCGGGCGCAAAGCCCCAAGGGTAGCCCTCTCGCG
CCCTCCGGGACCTCAGTGCCCTTCTGGGTGCGCATGAGCCCGGAGTTCGTGGCTGTGCAGCCGGGGAAGTCAGTGCAGCTCAATTGCAGCAACAGCTGTCCCCAG
CCGCAGAATTCCAGCCTCCGCACCCCGCTGCGGCAAGGCAAGACGCTCAGAGGGCCGGGTTGGGTGTCTTACCAGCTGCTCGACGTGAGGGCCTGGAGCTCCCTC
GCGCACTGCCTCGTGACCTGCGCAGGAAAAACACGCTGGGCCACCTCCAGGATCACCGCCTACAGgtgagggacaggggctecggteceggetggggtgaggggagggggctggaagaggtggggaa
gggtagttgacagtcgctctatagggagegceccgeggacctcactcagaggctcecccttgecttag AACCGCCCCACAGCGTGATTTTGGAGCCTCCGGTCTTAAAGGGCAGGAAATACACTTTGCGCT
GCCACGTGACGCAGGTGTTCCCGGTGGGCTACTTGGTGGTGACCCTGAGGCATGGAAGCCGGGTCATCTATTCCGAAAGCCTGGAGCGCTTCACCGGCCTGGATC
TGGCCAACGTGACCTTGACCTACGAGTTTGCTGCTGGACCCCGCGACTTCTGGCAGCCCGTGATCTGCCACGCGCGCCTCAATCTCGACGGCCTGGTGGTCCGCAA
CAGCTCGGCACCCATTACACTGATGCTCGgtgaggcacccctgtaaccectggggactaggaggaagggggcagagagagttatgaccccgagagggcegcacagaccaagcegtgagcetccacgegggtcgacagacctecctgtgtt
ccgttectaattctegecttctgetcccagCTTGGAGCCCCGCGCCCACAGCTTTGGCCTCCGGTTCCATCGCTGCCCTTGTAGGGATCCTCCTCACTGTGGGEG
CTGCGTACCTATGCAAGTGCCTAGCTATGAAGTCCCAGGCGTAAagggggatgttctatgccggctgagcgagaaaaagaggaatatgaaacaatctgg

ggaaatggccatacatggtgg.... 3



Burge and Karlin, 1996

e | START

CODING

INTERGENIC

Intron length > 50 bp required for splicing

-

HMM Examples

Gene Finding: Simple Prokaryotic

STOP

-Length distribution is not geometric

Simple Eukaryotic

0N

. [ il
| copon |
alrah
N

STOP

a. Inteons: total of 1254

20 b. Initial excns: total of 233

1 I
50 iy

i

[l

fetogram: siepeize 150bp —

Geometric distibution

o 1o o s ¥0e0 50ba ek b0
Len, by

h (b
55 G- ltemal exous: total of 1016

Histogiam; seepsize 25bp —




Hidden Markov Models

* (O,H)), (O,,H,),....... (O,,H,) 1s a sequence of stochastic variables with 2
components - one that i1s observed (O,) and one that is hidden (H.,).

* The marginal distribution of the H,’s are described by a Homogenous Markov Chain:
Pij — P(H,=1,H,.,=))

* Let m;, =P {H,=1) - often m, 1s the equilibrium distribution of the Markov Chain.

* Conditional on H, (all k), the O, are independent.

*The distribution of O, only depends on the value of H; and 1s called the emit function

e(i,j)=P{O, =iH, = j)
0, 0, O3 O, O5 O O; Og Oy Oy

o o O o O
N

O
O o O o—0O o @) O o O
O

1 O O o o

2
o O o @) o @) O o O

L T T

3



What is the probability of the data?

The probability of the observed 1s P(O) = ZﬁP(@mP(FD , which could
be hard to calculate. However, these calculations can be considerably
accelerated. LetPOIZZ] the probability of the observations (O,,..0,)
conditional on //,=j. Following recursion will be obeyed:

i. Pyl =PO =ilH, =j) 2 P} p,,
Hy_=r

ii. P,"7 =P(O, =ilH = j)=, (initial condition

iii. P(O)=2_ By

O, O, 0y O, Oy O O, Oy Oy Oy

H. © o o o o
H2 o o O e—e O o o o o Poljjz :P(O5 — i‘[—]s — 2) ZPOT“:jpj,i
H. ©

O O ® O O O O O O H,=j

\I/



What is the most probable ”hidden” configuration?

Let H be the sequences of hidden states in the most probably hidden

path ie ArgMax[ P {0|H }]. Let H{ be the probability of the most
probable path up to k& ending in hidden state ;.

Again recursions can be found:

i. H =7e(0,1) ii. H =max,{H_,p, }e(O,,))
The actual sequence of hidden states H; can be found recursively by

jii. H,  ={iH, p, eO,))=H"}

O, O, O3 O O5 O O; Og Oy Oy

H © © © o© O/. ©o o o o H, =max; {H, *piTe(Og,D)}

H @) o/.—o_. o (@) (@) o @)
2

H.®—® © © o o o o o o Hz:{i‘H;*pi,l*e(Oml):Hé}
3



What is the probability of specific ”hidden” state?

Let O/ be the probability of the observations from k+1 to n given H.=j.
These will also obey recursions:

Q/f — ZP(Ok+1‘Hk+1 — i)pj,ini+l

Hk+1:i

The probability of the observations and a specific hidden state can
found as: P{O,H, = j)=P/Q/

And of a specific hidden state can found as: PiH, =j)=F, /O 1 P(O)

O, O, 0y O, Oy O O, Og Oy Oy

1 o o o o\o/o o o o o
o o o o—el-0o o o o o P{H :2)=P2Q2/P(O)
o /\o o o o o ’ >

(©) (@) O O

\S]

H
H
H3



Comparative Gene Annotation

| — Aligning — Identity|
First exon Middle exons Last exon

95 S— ; :
90 1 — 'lt ‘ !

5

f | |
\.o s { T Tyt 4av

4 : § | .vv

' | ! | i\

J o /M\«vam.a | , i i ‘.a,v\-vmln-'/ 0\
y gt L v \ 3 St

Sequence identity (%)

200-bp 5'UTR Intron Intron 3' UTR 200-bp

START E— CODING | ———— STOP

INTERGENIC | -t
U |

treelength

AGGTATATAATGCG..... P oqing{ATG-->GTG} or
AGCCATTTAGTGCG..... Pponcoding{ATG->GTG}

06

0.8 gN/dS—ratio



~5% of the Human genome is under conservation
(Chiaromonte et al.)

030 i (Whole Genome — ARs)
Whole

Table 1. Estimates of the Share of the Human Genome under

Genome Selection for Different Window Sizes (W) and Required
/ Number of Aligned Bases (7)

0 20 1 i T p:1=(1-po) Coverage oot (%0)
. 30 20 0.15 846472K (30.4%) 4.51
25 0.17 T43308K (26.7%) 4.50
30 0.23 439501K (15.8%) 3.65
ARs — 50 40 0.19 756051K (27.1%) 5.19
45 0.22 623286K (22.4%) 4.90
1 L 50 0.31 292506K (10.5%) 3.31
0. 0 100 80 0.23 739836K (26.6%) 6.15
90 0.29 550530K (19.8%) 5.8
100 0.52 122437K (4.4%) 2.29
200 160 0.31 TOSTO1K (25.4%) 7.92
180 0.40 467954K (16.8%) 6.68
0 00 200 0.81 328668K (1.2%) 0.96

- I I I
-5 0 5 Due to this work, people often say

5% of the genome is constrained

From Caleb Webber & Gerton Lunter



Percentage of Genome under Purifying Selection

CGACATTAA--ATAGGCATAGCAGGACCAGATACCAGATCAAAGIGCTTCAGGCGCA
CGACGTTAACGATTGGC - -cCAGTATCAGATACCCGATCAAAG ---CAGACGCA

ﬁ

Consider lengths of inter-gap segments! Do they follow a geometric distribution?

6 L
=
»
5¢
. 51 Overrepresentation of long inter-gap distances:

é 4 " Reduced indel rate due to
3 . ‘g 4 indel-purifying selection
) Ty 3
S 3 Weighted regresgion: L5l N
S R%>0.9995 &
— —

2 2 L

At most, only 0.09% of all
1 . ARs are under selection. 1y
. " ..\?._.;'— ®% 2w o L . L L
100 200 300 400 100 200 300 400

. . Inter-gap distance (nucleotides
Inter-gap distance (nucleotides) gap (nu )

From Caleb Webber & Gerton Lunter



Finding Regulatory Signals in Genomes

Searching for known signal in 1 sequence

v

Searching for unknown signal common to set of unrelated sequences

Searching for conserved segments in homologous

Challenges

Combining homologous and non-homologous analysis

Merging Annotations

mouse _ pig e human

Predicting signal-regulatory protein relationships




Weight Matrices & Sequence Logos

Set of signal sequences:

fy.: b's in position i, s(b) pseudo count.

fb,i +5(b)
N+ .5

b'nucleo

corrected probability : p(b,i) =

Position Frequency Matrix - PEFM

Consensus sequence.

Position Weight Matrix - PWM

PWM W, =log, p(b.i)
p(b)

Score for New Sequence S= Zf_l W,

Sequence 1.ogo & Information content

D, =2+ zpb,i log, Pp.i
b

12345
1GACC
2GACC
STGAC
4 TGAC
5TGCC
6 CAAC
7 CAAC
8CTCZC
A0440
C3048
G2300
T3100
BRMC

.79
.79

3

444> 44>>
A >2>>>>> >
> —A> 4> >0

O oo w

-1.93 .45 1.50
1.68 -1.93 -1.93
-1.93 -1.93 -1.93
-1.93 1.07

4 5

.66

6

Py
=

10111213 14

OO 400NN
0O000>>>>

Cmoo OOOAPTOO
@ oo G)G)G)QOOOG)

O o +~>+

vy)
<

.79 .45 1.07 .79 .0 -1.93 -1.93 .79
-1.93 .45 -1.93 -1.93 -1.93 -1.93 .0 .79
-1.93 -1.93 .66 -1.93 1.3 1.68 1.07 -1.93

.79 .0 .79 -1.93 -1.93 -1.93 .66 -1.93

7 8 9 10 11 12 13 14

TTGCATAAGTAGTC

.45-66 .79 1.66 .45 -66 .79 .45 -66 .79 .0 1.68 -.66 .79

A

-

Y

=

o=

Al =k

- Y

S A7

Waccarman and Qandelin (2004)  Annlied Rininfarmaticre for the Tdentification nf Reoilatnry Elamente? Natiire Review (teneficrce



Motifs in Biological Sequences

1990 Lawrence & Reilly “An Expectation Maximisation (EM) Algorithm for the identification and Characterization of Common Sites in Unaligned Biopolymer Sequences Proteins 7.41-51.

1992 Cardon and Stormo Expectation Maximisation Algorithm for Identifying Protein-binding sites with variable lengths from Unaligned DNA Fragments L.Mol.Biol. 223.159-170

1993 Lawrence... Liu “Detecting subtle sequence signals: a Gibbs sampling strategy for multiple alignment” Science 262, 208-214.

1

: | | (R

K

©=(01 a,.--,0,,7) Probability of different bases in the window
A=(a,,..,ay) — positions of the windows

0,=(0,,..,61) — background frequencies of nucleotides.
N(Ra.j1)

W w (0
p(R |9 ,@, A) = Hoh(R{A}C)Hejh(RAH—l) — eoh(R)H 9—J
)= =1 \ %

Priors A has uniform prior

®; has Dirichlet(Nya) prior — o base frequency in genome. N, is pseudocounts

O|.0 110

re) TG T'6) I'(,)




Natural Extensions to Basic Model 1

Multiple Pattern Occurances in the same sequences:

Liu, J. "The collapsed Gibbs sampler with applications to a gene regulation problem," Journal of the American Statistical Association 89 958-966.

Prior: any position i has a small probability p to start a binding site:

A=(a,...,a,) P(A) = ps(@-p,)"™ (with nonoverlap ping constraint s)
width = w

] length n,

Composite Patterns:

BioOptimizer: the Bayesian Scoring Function Approach to Motif Discovery Bioinformatics

B E———

Modified from Liu



Natural Extensions to Basic Model 11

Correlated in Nucleotide Occurrence in Motif:

Modeling within-motif dependence for transcription factor binding site predictions. Bioinformatics, 6, 909-916.

AR Ry

Insertion-Deletion
BALSA: Bayesian algorithm for local sequence alignment Nucl. Acids Res., 30 1268-77.
Wi

[ I I ]

1
W3
[ I I ]
W3

[ I I ]

K [ I I ]

Wy
— 5 | M2

Regulatory Modules: / \"\
De novo cis-regulatory module elicitation for eukaryotic genomes. Proc Nat’l Acad Sci USA, 102, 7079-84 C 2l /\
() >

L Gene A \ v /

Gene B




Combining Signals and other Data

Motifs Coding regions
Expresssion and Motif Regression: \\ /
Integrating Motif Discovery and Expression Analysis Proc.Natl.Acad.Sci. 100.3339-44 .
1.Rank genes by E=log,(expression fold change)

2.Find “many” (hundreds) candidate motifs

3.For each motif pattern m, compute the vector S, of matching scores
for genes with the pattern

4.RegressEon S =a+p,S,, &,

m™~ mg

ChlP-on-chip - 1-2 kb information on protein/DNA interaction:

An Algorithm for Finding Protein-DNA Interaction Sites with Applications to Chromatin Immunoprecipitation Microarray Experiments Nature Biotechnology, 20, 835-39

Protein binding

in neighborhood Coding regions
—

Modified from Liu



Phylogenetic Footprinting (homologous detection)

Term originated in 1988 in Tagle et al. Blanchette et al.: For unaligned sequences
related by phylogenetic tree, find all segments of length k with a history costing
less than d. Motif loss an option.

DP#™ = min{ DPE" + d(i,A)}
D;s*ignal,l _ Inln{ szgin 4+ d(Z,A)}

signal, j . signal, j—1 . begin signal end
Di = III]II{ DzAg Sl d(l,A)} |
D" = min{ D' + d(i,A)}
] - [ | Salmon
T
. ._! o Sentiance scoe; 0.217188
B Rat
. | . Mouse —
: l a Human
_ a Dog
. i Sheep

-0¥8EEI'TE AVN Sunuudioo snousfoiyd Joy pausisop wersord e U100, (£007) edwo], pue apeyoue[g



The Basics of Footprinting

Many aligned sequences related by a known phylogeny:

ositions
HMM: P
1 ___________________________ > n
e 1
m-rm m &
&
[ [ | [ | Q?’ ;
S x
k
I - slow -r
HMM: fast -r;

ATG
A-C




Statistical Alignment and Footprinting.

Many un-aligned sequences related by a known phylogeny:

* Conceptually simple, computationally hard

* Dependent on a single alignment/no measure of uncertainty

k

=
’
’
¥

&
(‘@
&
N

NS
L,

acgtttgaaccgag----

Alignment HMM

Solution:

&,
)
X

k

2
<
¢
Q2 -1
&

acgtttgaaccgag-;—-i

llllllllll

eeeeee

Cartesian Product of HMMs

& acgtttgaaccgag----
S o1
9‘2'“ /'/
‘/
k

Alignment HMM

o

Signal HMM




SAPF - Statistical Alignment and Phylogenetic Footprinting

D. simulans
D. sechellia 1
D. melanogaster|
melanogaster subgroup D. yakuba
melanogaster group Tar, 8 et
D. ananassae
Sophophora obscura group [ ID‘ e ural § R <—— Sum out
] L D. persimilis ° — Allgﬂment HMM
willistoni group D, willistoni ®
l-J. mojavensis < _ —
5 — . <—— Annotate
= D. virilis . — Signal HMM
virilis group
D. grimshawi
Hawaiian drosophila
Divergence time
I I ' | I ! (million years)
50 40 30 20 10 0
=
—
Eve stripe 2 % ©
R kr bcd kr kr kr bcd hb ﬁ o e
o R bed g ot kr bed S ke 9t bed o g -
E o | g =+
L o o :
% e o —— 4 Species: 85.87%
g - S 9 ---- 3 Species: 81.38%
3 3 = 2 Species: 61.30%
s o < |
& e = T T T T T
g 0.0 02 0.4 0.6 08 1.0
T T T T T T
0 100 200 300 400 500 False Positive Rate

Combining Statistical Alignment and Phylogenetic
Footprinting to Detect Regulatory Elements
R. Satija'=, L. Pachter* and J. Hein!



BigFoot: Bayesian Alignment and Phylogenetic Footprinting
for Multiple Sequences with MCMC

Rahul Satija’ , Adém Novik' | Istvin Miklés'? | Rune Lyngsg' , Jotun Hein®

BigFoot

* Dynamical programming is too slow for more
than 4-6 sequences

* MCMC integration is used instead — works
until 10-15 sequences

» For more sequences other methods are needed.

Eve stripe 2

http://www.stats.ox.ac.uk/research/genome/software

Tk bed gt gt

v — 4 sequences éDP)
— 9 sequences (MCMC)

08

P(regulatory element)
06
1

04
|
[

0.2

IR |

0.0
1

T T T T T
100 200 300 400

o

Position in D. Melanogaster

File MCMC Model Help

| Sequences | Tree | Alignment | MPD | LogLikelihood |

Eve stripe 2
kr bed kr kr kr bed hb  kr
K ke bed gt gt kr bed si1 kr gt bed
— DFP
— MCMC
T T T T T T
0 100 200 300 400 500
Position in D. Melanogaster
[2] BigFoot




FSA - Fast Statistical Alignment .....unec

Data — k genomes/sequences: Iterative addition of homology statements to shrinking alignment:

1

Add most certain homology statement
Additional edges  from pairwise alignment compatible wzth

Spanning tree i
- present multiple alignment

1 2
! 3 !
N
4 k'

An edge — a pairwise alignment

1

http://math.berkeley.edu/~rbradley/papers/manual.pdf

B L3 23 34 3,k i. Conflicting homology statements cannot be added
ii. Some scoring on multiple sequence homology

__________ 12 2k 1.4 4,k statements is used.



Rate of Molecular Evolution versus estimated Selective
Deceleration

Neutral Process Selected Process
. A C G T
A c G T How much selection? , , , ,
A - 9a,c da,c da,T - ) 9 ac q,A,G q, A,T
C dca - 9, ¢ e, T ) . G g,C,A ;, q_c, ¢ 9 T
G dg,a dg,c - gz r Selection => deceleration e e T d’' ¢t
T - T q'¢a Qrc 971, -

dr,a dr,c dr,c

l I

Neutral Equilibrium

(T AT TG TT)

—_
1

Observed Equilibrium

(T AT, TG o)

o
o

o
o]

o
~

o
=2}

0.5 1

o
~

o
w

Observed rate (subs. per site)

o
¥

o

[}

0 0.2 0.4 0.6 0.8 1

Predicted rate (subs. per site)

Halpern and Bruno (1998) “Evolutionary Distances for Protein-Coding Sequences” MBE 15.7.910- & Moses et al.(2003) “Position specific variation in the rate fo evolution of transcription binding sites” BMC Evolutionary Biology 3.19-



Signal Factor Prediction

* Given set of homologous sequences and
set of transcription factors (TFs), find \\ /
signals and which TFs they bind to.

Use PWM and Bruno-Halpern (BH) method to make TF specific evolutionary models

Drawback BH only uses rates and equilibrium distribution

* Superior method: Infer TF Specific Position Specific evolutionary model

Drawback: cannot be done without large scale data on TF-signal binding.

http://jaspar.cgb.ki.se/ http://www.gene-regulation.com/



http://jaspar.cgb.ki.se/
http://www.gene-regulation.com/
http://www.gene-regulation.com/
http://www.gene-regulation.com/

Knowledge Transfer and Combining Annotations

Experimental observations

~

* Annotation Transfer

mouse

* Observed Evolution

human

Must be solvable by Bayesian Priors
Each position p, probability of being j th position in kth TFBS
If no experiment, low probability for being in TFBS

N

prior

1 experimentally annotated genome (Mouse)



(Homologous + Non-homologous) detection

Unrelated genes - similar expression

promotor gene

Combine above approaches

Related genes - similar expression

Combine “profiles”

/
\ﬂ
~L
L

\
=
prd
pd

Wang and Stormo (2003) “Combining phylogenetic data with co-regulated genes to identify regulatory motifs” Bioinformatics 19.18.2369-80

Zhou and Wong (2007) Coupling Hidden Markov Models for discovery of cis-regulatory signals in multiple species Annals Statistics 1.1.36-65



