Pairwise Sequence Alignment: Motivation

o Two DNA ~ Sequence 1 — ACGTTGCA
wo sequences: Sequence 2 — ACGTGCAT

o Direct ali " A C G T T G C A

irect alignment: -~ L o -~ A T

. . A C G T T G C A
e Alignment with gaps: A C G T - ¢ C A

Sequence 1 — Insertion

e Interpretation: .
P Sequence 2 — Deletion
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Pairwise Sequence Alignment: Concept Viterbi Algorithm for Pairwise Alignment: Logarithmic Version

Vm—l,n—l(M) + log(l — 25)
e Hidden states: S; € {M,Z,D} or S; € {M,Z;, 1} Vinn(M) = log P(zy, yn) + max | Vi1,-1(Z,) + log(1 — €)
mel,nfl(Iy) + log(l - 6)
Vin—in(M) + log 5]
Vin—1n(Zy) + log e

e Observations: y¢ — (T, Yn)
Vinn(Zy) = log P(x,,) + max [

rm| CGTCAG - T
m Vinn(Zy) = log P(y,) + max [Vm a1 (M) + logé}
m | CC - -AGCT ’ Vinn-1(Zy) +loge
) 123456738
m-1n-1(M) +log(1 — 20)
m | 12345667 Tm,nw)argmdx[mmzwlogle) }
I 1 2 2 2 3 4 5 6 Vin-1n-1(Zy) +log(1 —€)
Pon (L) = argmax[ m-ta(M) +1035]
m 171(ZT)+10g5
) mn-1(M) +logd
Tmn( y) N arglllax[ mn 1(1-1/)“"10;6 :|
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Example: Pairwise Sequence Alignment with HMMs Viterbi Algorithm for Pairwise Sequence Alignment

(1 - 26)7m717n71 (M)
V(M) = Pz, y,) max | (1 — €)ym-1n-1(Zs)
(1 - E)Wm—l,n—l(zy)

nalZr) = Plary) max [Zﬁ_f,f(% }
Youn(Zy) = Plyn) max [ZZ,’Z%)]

1= &) ym-1n1(Zs)

(1 — 25)'7’771—1,n71 (M) :|
(
(1= €)Ym-12-1(Z,)

Tm,n (M) = aIgrna*x|:

. . (S’Ym— .n(M)
C T T Tm.n (II) = argmax { 6’}/;rl—ll.n(zl:) :|
fun 8) = e 7200
C A G !
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Significance of the Alignment

P(#,D)
P(D)

e Posterior probability of the best alignment : P(7|D) =
e Posterior probabilities are often very small.

e Comparison with random model :
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e Log odds ratio: log (%)

The Full Probability of an Alignment: Summing over All Paths

slide-10

e Recursion
<1 — 26>am—l,n71<M>
Amn(M) = P(zpm, yn) Z (1= €)am-1-1(Zs)
<1 - E>am—1,n—l<Iy>

amalZ) = Plan) Y {5%—1,&/\4)) }

6amfl,n<I.T,

CnnlZ)) = Ply) Y {6%,1% }

€ n-1(Zy)
e Termination

P(D) = ayn(M)+aun(Z;)+ anun(Zy)

e Initialisation

ao‘o(M> = 1
apo(Z:) = = ago(Z,) = ag-1(.) = a_1p(.) =0

This corresponds to the prior probability Py(M) = 1 — 26, Py(Z,) = Py(Z,) =6

Profile HMMs: Motivation

e Functional biological sequences come in families .

e Evolution, speciation — primary sequences have diverged
from each other.

e However, they maintain the same or a related structure/function
— homologous sequences .
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Viterbi Algorithm for Pairwise Alignment: Log-odds Version

Vinn(M)

|: V;n—l,n—l (M) + 103(1 - 25) :|
log P(Zm, yn) + max | Vi-1,-1(Z;) + log(1 —€)
V;n—l,n—l (ZI/) + IOg(l - E)
Vie12(M) + log & ]

Vm—l,n(II) +loge

Vinn-1(M) +log d ]

Vinn—1(Zy) + loge

V;n.n(zz) = lOgP(Im) -+ max |:
Viuo(F) = 1oz Plu) +max

Log-odds ratio:  P(z,,), P(y,) cancel out, S(z,,,v,) = % , appropriate definition of d, e

f/'m—lﬂ—l(M)

Vm,n(M> = S(Imv yn) + max Vm—lgn—l(-z—x:)

Vin-1n-1(Zy)

max { Vn-a(M) = d}
V'm,],n(I,;) — €
‘/'m‘n,fl(M) —d

Vm‘nfl(z;t/) —€ }

V;n‘n(Iz)

Vion(Zy) = max{
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Profile HMMs: Improvement over Pairwise Alignment

e Family of sequences: Database search for more members with pair-
wise alignment , known family members = query sequences.

e Repeat with all the known family members one by one.

e Disadvantage: May not find sequences distantly related to the ones you
have already.

e Improvement: Use statistical features of the whole set of se-
quences in the search.

e Multiple sequence alignment: Concentrate on features that are con-
served in the whole family — improvement over pairwise align-
ment.
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Profile HMMs: Typical Problems

e Classification
Does a given biological sequence belong to a certain family,
e.g, is a given protein sequence a globin?

e Database search
Given a set of sequences — find more sequences of the same
family.

e Multiple sequence alignment
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Profile HMMs

e Observations: y; € {A,C,G, T}, t=1,...,N
e Hidden states: S; € {M;,, 7}, Di}; k=1,..., K

]

‘ Main state  Insertion Deletion

t—t+1 t—t+1 unchanged
k—k+1 wunchanged k—Fk+1

Observation label ¢
State label £
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Architecture of a Profile HMM

End

e Main states My, k=1,..., K
o Insert states Z;,, k=1,..., K
o Delete states Dy, k=1,..., K
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Viterbi Algorithm for Profile HMMs

P(Mk|Mk—1)%—1(Mk—l)

Y(My) = Py M) max | P(MylZ 1)y 1(Z-1)
P(My|Di-1)vi-1(Di-1)
P(Z| M) yi—1(My)
W) = Ply|Zy) max | P(Lp.|Zi)y—1(Zi)
P(Zy|Dy)v2-1(Dr)
P(Dy| Mjy—1)y(Mp:-1)
%(Dr) = max | P(Dy|Zi—1)(Li-1)
P(Dy|Dg-1)%(Dy-1)
P(Mp|Mi1)y-1(Mi-1) :|
1 (My) = argmax | P(My|Zy-1)v-1(Zp-1)
P(My|Dye—1)71-1(Di-1)
P(Ti My)vi-1 (My)
T (Zy) = argmax | P(Zi|Z)ve-1(Zk)
P(Z;|Dy)yi-1(Dr)
P(Di|My—1)7(Mp—1) :|
1 (Dy) = argmax | P(Dg|Zp—1)v(Zr-1)
P(Dy|Dy—1)7:(Dr1)
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Forward Algorithm for Profile HMMs

at<Mk)

O{t(Ik)

Q (Dk)

(=
LB '

PMMi_1)oy—1(Mj—1)
Py Me) D> | PIM|Ti1)on 1(Ti 1)
P(My|Dy—1)o—1(Dy-1)
P(I]\v|Mk)at,1<Mk>
Py|Z) Y | PITTe)a(T)
P(Z;.|Dr)cvi—1(Dy)
P(Dy|Mp—1) o (Mp_1)
> | P(DHTir)(Zi)
P(Di|Dj—1)ou(Dy—1)
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Parameter Estimation for Known State Sequences

P

D, W) = HHP(yt =0|S = h)s\’(o\h) HHP(St — |8, = h)N(h’\h)
o h

h n

Pg(o|h) Emission probability =

probability that the Ath hidden state emits the oth observable symbol.

Pr(I|h) Transition probability =

probability of a transition from the hth hidden state into the h'th hidden state.
Vector of model parameters = vector of all transition and emission probabilities.

In P(D, V|w)

0

> " N(o|h)In Pe(olh) + >~ N(K'|h)In Pr(k|h)

o h h n

P(D,Ww) = []T] Petelm) " T [T Pr(r|n)™»
h hoon

Maximum likelihood estimate:

Nl N
Pelelh) = & Ny P = s N )
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Parameter Estimation for Known State Sequences

Observation at position ¢ in the ith sequence

Hidden state at position ¢ in the ith sequence

Label for observations.

Dice: 0o=1,...,6. DNA: o =1,...,4. Proteins: 0 =1,...,20.

Label for hidden states.

Rogue casino: h = 1,2. Profile HMM of length K: h =1,... 3K + 2.

At the tth site in the ith sequence the oth emission symbol is observed.

At the tth site in the ith sequence the hidden statetakes on the hth state symbol.
Number of times the oth observation symbol is emitted from the hth state.
Number of state transitions from the hth state to the h'th state

Data= set of all observations = {y;}:,, e.g.: a given set of DNA sequences.
Set of all hidden state sequences, e.g.: annotated alignment of DNA sequences.

P(D,w) = [T PwiIsHP(siisi)

HHP@t _ 0|St _ h)N("‘h) HHP(Sf _ hl|St,1 _ h)N(h/‘h)
o h

h n
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Parameter Estimation for Unknown State Sequences

Pg(olh) Emission probability
Pr(KW|h)  Transition probability
w Vector of model parameters = vector of all transition and emission probabilities.
Ng(olh)  Number of times the oth observation symbol is emitted from the hth state
for known state psequences V.
Ny(h'|h)  Number of state transitions from the hth state symbol to the h'th state symbol
for known state sequences V.

InP(D,V|w) = ZZN\P olh)In Pg(olh) + Y > Nu(h'|h)In Pr(|h)

h

F(w) = ZQ YIn P(D, U|w) +

ZZN o|h)In Pg(o|h) + ZZN (W|h) In Pp(R'|h) +

N(olh) = qu, o|h)Q N(H|h) = ZNW, (W|h)Q
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Parameter Estimation for Unknown State Sequences: EM Algorithm Parameter Estimation for Unknown State Sequences
ZZN olh)In Pg(olh) + > > N(K|h)In Pr(|h) + C
L(w) = mP(Dlw) = In»_ P(D,V|w) o W
v M-step: F(w) is maximised for
F(w) = ZQ JIn———— D \1/|w ZQ 1117)+1HP(D|W) . .
v Pololh) = =AW pyarpy = SO
L(w) = F( )+KL[Q.,P} 2 P(w > >, N(o'|h) > N(h'|h)
L E-step: Q(V) — P(¥|D,w)
F=L F

P(V|D,w)

) kL Niolh) = 3 NalolmP(¥ID, w) = 37 {Zzayﬂ a(5i,h)
v
= ZZ@(%@P(S;:WW

ZNdh’lh)P(‘I’ID,W) =y {ZZ&SLHW i1 h)

v t i

ZZP Si=n,S | =h|D,w)

E-step M-step
|
E-step — Q(V)=P(V|D,w)
M-step  — Maximise F(w)

P(V|D,w)

N(W|h)
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