HMMSs and applications

Notes from Dr. Takis Benos
and DEKM book



Markov chains

« What is a Markov chain?

Markov chain of order nis a stochastic process of
a series of outcomes, in which the probability of
outcome x depends on the state of the previous n
outcomes.
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Markov chains (cntd)

Markov chain (of firstorder) and the Chain Rule
P(x)=P(X, . X, - X)) =
=P(X, 1 X, ,...X)P(X,_, X, 5,....X,) =
=P(X, 1X, ... X)P(X, 1X, .. X).P(X,) =
=P(X, 1 X, )P(X,1X, ,)..P(X, | X)P(X))=

- P(x)| |Px,1X.)

Chain rule: P(A,B,C)=P(C|A,B) P(B|A) P(A)
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Application of Markov chains: .
CpG islands

e CG is relatively rare in the genome due to high mutation of methyl-
CG to methyl-TG (or CA)

e Methylated CpG residues are often associated with house-keeping
genes in the promoter and exon regions.

e Methyl-CpG binding proteins recruit histone deacetylases and are
thus responsible for transcriptional repression.

e They have roles in gene silencing, genomic imprinting, and X-

chromosome inactivation. CAsthalation G Gotusiis
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CpG islands and DNA Methylation

Largely confined to CpG dinucleotides
CpG islands - regions of more than 500 bp with C6 content > 55%
denoted CpG to not confuse with CG base pair

Methylation often suppressed around genes, promoters

Bae Position | 14000000 | _
- GC Percent I I il -
Known Genes based on SWISS. EMBL, mRNA
- Known Genes l.
man mRNAs from G nl:mk
- Human mRNAs | HH [ I IHEHER 1 HEEHHHHHH I THN
CpG bavds (= 0 was am Ll Grean)
B CpG kslands SRR N e noo it

Can we predict CpG islands? - a good way of identifying

potential gene regions as well! - But not so fast!!



Application of Markov chains: e°
CpG islands
Problem:

Given two sets of sequences from the human genome,
one with CpG islands and one without, can we calculate a
model that can predict the CpG islands?

Sequence: S=t°t°a°C'g°g°t )
oth-order: F(s)=plt)-plt)-pla)-plc)-plg)-- =T pls,)

1s*-order: Pl(S) = p(t)-p(t | t)-p(a |t)-p(c | a)--- = p(Sl)'ﬁp(Si |Si—1)

2ré-order:p(s) = p(i)-pla |11)-ple | ta)- plg [ ac)- = plss, ) T [ pls. 1 5.5,
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Application of Markov chains: :
CpG islands (cntd)
a, Training Set:
A T e set of DNA sequences w/ known CpG islands
- ; Derive two Markov chain models:
- o o '+ model: from the Cp6 islands
C o G e '-' model: from the remainder of sequence
Transition probabilities for each model:
+
+ C .+ i1s the number of times
* A state for each of the four letters A,C, G, an st
T’?nihte éNAaﬁ,haf;Bt fourletiers A.C, G, and “;t = Cst letter ¢ followed letter s
o = srobability of a residue following 2 C;_tr in the CpG islands
another residue t'
+r1AlclGlT I'I'o use ’rhes§ models for discrimination, calculate the
0g-odds ratio:
A | 180 | .274 | 426 | 120
+
C | 171 368 | 274 | 188 S() = log P(xmodel+) ot log Bxiox;
P(x|model - ) i=1 " gq°
G |.161].339.375| .125 Xi_1X;
T | 079 .355 | .384 | .182 Benos 02-710/MSCBI02070 1-3.Apr.2013 10




Application of Markov chains:

CpG islands (cntd)

P(t]s+)
+ A C G T
A 0.180 0274 6=26_0.120
C 0171 0368 0.188
G 0161 0330 0375 0.125
T 0079 0355 0384 0.182
P(tlss_)
— A _C G T
A 0300 0.205 0385_0.210
¢ 0322 0.208 (0.078)0.302
G 0248 0.246 0295 0.208
T 0.177 0.239 0.292 0.202

log,(P(t1s,+)/ P(tls,-))

A C

G T

A -0.740 0419

-0.913 0.302

C
G -0.624 0.401
T

-1.169 0.573

0.580 -0.803
1812 -0.685
0331 -0.730
0393 -0.679

O
&> P(x

P(x,, 1x,,+)

i+1

| x,,—)

i+1
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Histogram of log-odd scores
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Bits
Q1: Given a short sequence x, does it come from CpG island? (Yes-No question)
* Evaluate S(x)
Q2: Given a long sequence x, how do we find CpG islands in it (Where question)?

* Calculate the log-odds score for a window of, say, 100 nucleotides around
every nucleotide, plot it, and predict CpG islands as ones w/ positive values

- Drawbacks: Window size?
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HMM: A parse of a sequence

Given a sequence X = X;.....X,, and a HMM with K states,
A parse of X is a sequence of states w = wy, ..., m_

® ® .. O
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Hidden Markov Models (HMMs)

What is a HMM?

A Markov process in which the probability of an outcome depends
also in a (hidden) random variable (state).

Memory-less: future states affected only by current state
We need.:
v’ (7. alphabet of symbols (outcomes)
v’/ : set of states (hidden), each of which emits symbols
v' A= (a,): matrix of state transition probabilities
v E=(eyb)) = (P(x=b[11=k)) : matrix of emission probabilities
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Example: the dishonest casino

0.95/ 77\, (09 v2:(1,2,3,4,5,6)

1: 1/6 1: 1/10 v [={F, L}
2: 1/6 O 05 2: 1/10 v A . aFF:0.95, aLL:0.9,
. | . 5
E&Z 3:1/6  —~ [3:1/10 §_ ar=0.05, a,-=0.1
4:1/6 <o:1 411018 v E:eyb)=1/6 (V beS),
5:1/6 = |5:1/10 e, (“6")=1/2
6:1/6 6:1/2 e, (b)=1/10 (if b=6)
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Three main questions on HMMs

1. Evaluation problem
GIVEN HMM M, sequence x
FIND P(x | M)
ALGOR. Forward O(TN?)

2. Decoding problem
GIVEN HMM M, sequence x
FIND the sequence 1 of states that maximizes P(mr [ x, M )
ALGOR. Viterbi, Forward-Backward O(TN?3)

3. Learning problem
GIVEN HMM M, with unknown prob. parameters, sequence x
FIND parameters 0 = (7, e;, a,) that maximize P(x [ 6, M )
ALGOR. Maximum likelihood (ML), Baum-Welch (EM) O(TN?)
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Problem 1: Evaluation

Find the likelihood a given sequence is
generated by a particular model

E.g. Given the following sequence is it more likely that it comes from
a Loaded or a Fair die?

123412316261636461623411221341
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Problem 1: Evaluation (cntd)

123412316261636461623411221341

30

P(DatalF,..Fy) =] |a, - e.(b) =

i=1

=0.95%-(1/6)" =0.226-4.52-10*" =
=1.02-107*

30

P(DatalL,..Ly) =[[a,, e, (b) =

i=1

=(1/2)°-(1/10)* - 0.90” =1.56-107°-0.047 =
=736-107

What happens in a sliding window?
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Three main questions on HMMs

v

1. Decoding problem
GIVEN HMM M, sequence x

FIND the sequence 1 of states that maximizes P(mr [ x, M )
ALGOR. Viterbi, Forward-Backward  O(TN?)
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Problem 2: Decoding

Given a point x; in a sequence find its most
probable state

E.g. Given the following sequence is it more likely that the 3rd
observed “6” comes from a Loaded or a Fair die?

123412316261636461623411221341

b
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The Forward Algorithm - derivation

e Inorder to calculate P(x;) = probability of x; given the
HMM, we need to sum over all possible ways of
generating x;

P(x,) = Enp(xi,n) =Enp(xl. I7t) - P(m)

e To avoid summing over an exponential number of paths =,
we first define the forward probability:

f,()=P(x,..x,,mt, =k)
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The Forward Algorithm - derivation |
(cntd)

e Then, we need to write the 7,(/) as a function of the
previous state, f(/-1).

fk(i)=P(x19 s X 15X 5T, _k)
- En I, P P('xla Xi 1570 ”"’ﬂ:i—l’ni - k).ek(xi)

= El(z P(’xl’"”xi—l’nl""’ni—z’ﬂ:i—l = l) ) al,k) ) ek('xi)

— _/
~

E P(Xp,esX; s, = D) a; e (x;)

=e, (x,) Elfl(i -D-a, Chain rule: P(A,B,C)=P(C|A,B) P(B|A) P(A)
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The Forward Algorithm

We can compute £, (i) for all k, i, using dynamic programming

Initialization:

Iteration:

Termination:

fo(o) =1
£.(0)=0, Vk>0

fk(l) = ek(xi)° Elfl(l_l) a

P(X)=Y f(N) a,
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The Backward Algorithm

e Forward algorithm determines the most likely state k
at position /, using the previous observations.

123412316261636461623411221341

£ -

e What if we started from the end?
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The Backward Algorithm - derivation

e We define the backward probability.

b, (i) =P(x

SXy LT, =k)

i+12°°

= E P(X, yeees Xy T, 5Ty LT, = k)
TCj g seeesdUy

B EZEW P(xi"‘l’""xN’niH = l’ﬂ:i+2’°-~9ﬂ:N lﬂ:i = k)

i+] o0 TN

= Elek(xm) "y E P(Xj00eees Xy sTlgseesToy [T, = 1)

TCjyp seedly
=Y bi+1)a, e (x,,)
Chain rule: P(A,B,C)=P(C|A,B) P(B|A) P(A)
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The Backward Algorithm

We can compute b, (i) for all k, i, using dynamic programming

Initialization: b(N)=a,,, Vk

Lteration: b (i) = Elek(xm) b(i+1)-a,

Termination: P(-;é) = Ekbk(l) "yt ek(xl)
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Posterior probabilities of the 43
dishonest casino data

P(fair)

1 A

0 50 100 150 200 250 300

Figure 3.6 The posterior probability of being in the state corresponding to
the fair die in the casino example. The x axis shows the number of the roll.
The shaded areas show when the roll was generated by the loaded die.
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Posterior Decoding

| P ey
A1 N
K Y

e Posterior decoding calculates the optimal path that explains the
data.

e For each emitted symbol, x;, it finds the most likely state that
could produce it, based on the forward and backward
probabilities.
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The Viterbi Algorithm - derivation

e We define:

P(X,yeesX, 70, T, T, = k)

e Then, we need to write the V(1) as a function of the previous
state, V{(i-1).

V.()=..=¢(x;) max{a, - V,i-1}
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The Viterbi Algorithm

State 1

2

x|tV L

Similar to “aligning” a set of states to a sequence
Dynamic programming

Viterbi decoding: traceback
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The Viterbi Algorithm

X1 X2 X3 ............................................... XN
State 1 <——\
2
\ N

Similar to “aligning” a set of states to a sequence
Dynamic programming

Viterbi decoding: traceback

Benos 02-710/MSCBIO2070 1-3.Apr.2013 31



Viterbi results

Rolls
Die
Viterbi

Rolls
Die
Viterbi

Rolls
Die
Viterbi

Rolls
Die
Viterbi
£

Rolls
Die
Viterbi

315116246446644245311321631164152133625144543631656626566666
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFRLLOLLLLLLLLLLLL
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFRFFHLLLLLLLLLLLL

6511664531326512456366646316366631623'6455236266666 25151631
LLLLLLFFFFFFFFFFFFLLLLLLLLLLLLLLLLFFFLLLLLLLLLLLLLLFFFFFFFFF
LLLLLLFFFFFFFFFFFFLLLLLLLLLLLLLLLLLLLLDLLLLLLLLLLLLLFFFFFFFF

2225554416665665635643243641315134651463534111264146262533
FFFFFFFFLLLLLLLLLLLLLFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF

3661636646466R232534413661661163252562462255265252266435353336
LLLLLLLR PP FFFFFF PP FF FF PP FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF
LLLLLLLOLLLLFFFFFFFFFFFFFFFFFPFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF

233121625364414432335163243p33665562466662632666612355245242
FFFFFFFFFFFFFFFFFFFFFFFFFFFLLLLLLLLLLLLLLLLLLLLLLFFFFFFFFFFF
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFLLLLLLLLLLLLLLLLLLLFFFFFFFFFFF
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000
o0
[
Viterbi, Forward, Backward
VITERBI FORWARD BACKWARD
Initialization: Initialization: Initialization:
Vo(0) =1 fo(0) =1 b.(N) = q,, for all k

V,.(0)=0, forall k>0

Iteration:
V|(i) = e(x;) max, V\(i-1) ay

Termination:
P(X, TC*) = max, Vk(N)

Time: O(K2N) Space: O(KN)

f(0)=0, forallk>0

Iteration: Iteration:

£1(0) = ey(x;) 2 Fili-1) ay by(i) = 2 €(x+1) @ by(i+1)

Termination: Termination:
P(x) = 2y fi(N) a0 P(x) = 2 gk €x(X1) bi(1)

Time: O(K2N) Space: O(KN)
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Three main questions on HMMs

v

v

3. Learning
GIVEN HMM M, with unknown prob. parameters, sequence x
FIND parameters 6 = (7, e;, a,) that maximize P(x [ 6, M)

ALGOR. Maximum likelihood (ML), Baum-Welch (EM)
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Problem 3: Learning

Given a model (structure) and data, calculate

model’ s parameters

Two scenarios:

e Labeled data - Supervised learning

12341231
Fair

62616364616
Loaded

23411221341

Fair

e Unlabeled data - Unsupervised learning
123412316261636461623411221341

Benos 02-710/MSCBIO2070 1-3.Apr.2013
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Two learning scenarios - examples

1. Supervised learning

Examples:
GIVEN: the casino player allows us to observe him one evening, as he
changes dice and produces 10,000 rolls

GIVEN: agenomic region x = X;..X; 900,000 Where we have good
(experimental) annotations of the CpG islands

2.Unsupervised learning

Examples:
GIVEN: 10,000 rolls of the casino player, but we don’ t+ see when he

changes dice

GIVEN: a newlY sequenced genome; we don’ t know how frequent are the
CpG islands there, neither do we know their composition

TARGET: Update the parameters 6 of the model o maximize P(x|6)
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Supervised learning

e Given x = x;..xy for which the ftrue state path n = ;... is known
o Define:
Ay = # times state transition k—/occurs in x
E(b) =# times state kinn emits bin x

e The maximum likelihood parameters @ are:

E,(b)

PRAC

e Problem: overfitting (when training set is small for the model)

M

L Ak,l
a,, =
’ A
DA

e, (b) =

Benos 02-710/MSCBIO2070 1-3.Apr.2013 37



Overfitting

e Example

e Given 10 casino rolls, we observe
x=2,1,5,6,1, 2, 3, 6, 2, 3
n=F, 6 F, F, F, F, ¥, F, F, F, F

14 14

e Then:
agr = 10/10=1.00; ar =0/10=0
er(1)=ep(3)=2/10=0.2;
er(2)=3/10=0.3; ex(4) = 0/10 = O; ex(5) = ex(6) = 1/10= 0.1

e Solution: add pseudocounts
e Larger pseudocounts = strong prior belief (need a lot of data to change)
e Smaller pseudocounts = just smoothing (fo avoid zero probabilities)
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Overfitting

e Example

e Given 10 casino rolls, we observe
x=2,1,5,6,1, 2, 3, 6, 2, 3
n=F, 6 F, F, F, F, ¥, F, F, F, F

14 14

e Then:
agr = 11/12 = 0.92; ap = 1/12 = 0.08
er(1) = ex(3) = 3/16 = 0.1875;
er(2) =4/16 = 0.25; e(4) = 1/16 = 0.0625; er(5) = ex(6) = 2/16 = 0.125

e Solution: add pseudocounts
e Larger pseudocounts = strong prior belief (need a lot of data to change)
e Smaller pseudocounts = just smoothing (fo avoid zero probabilities)
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Unsupervised learning - ML

e Given x = x;.xy for which the frue state path = = n;...my is unknown

o EXPECTATION MAXIMIZATION (EM) in a nutshell
0. Initialize the parameters 8 of the model M

1. Calculate the expected values of Ay, E,(b)based on the training
data and current parameters

2. Update 6 according to A, E(b)as in supervised learning
3. Repeat #1 & #2 until convergence

e In HMM training, we usually apply a special case of EM, called
Baum-Welch Algorithm
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The Baum-Welch (EM) algorithm e
simply put

. Recurrence:

1. Estimate A, and E(b) from a,,and e, (b) overall all training
sequences (E-step)

2.Update a,,and e, (b) using ML (M-step)
3.Repeat steps #1, #2 with new parameters a,,and e, (b)

- Initialization:
- Set A and E to pseudocounts (or priors)

- Termination: if Alog-likelihood < threshold or Ntimes>max_times
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The Baum-Welch algorithm

. Recurrence:

1. Calculate forward/backwards probs, (i) and b,(i), for each training
sequence

2. E-step: Estimate the expected number of k=1 transitions, A,

A= [l a, e (x,.)) bi+1)/P(16)

and the expected number of symbol b appearences in state k, E,(b)

E(b)= Y f.(i) b(i)/P(Z16)

{ilx;=b}

3. M-step: Estimate new model parameters a,, and e (b) using ML
across all training sequences

4. Estimate the new model's (log)likelihood to assess convergence
Benos 02-710/MSCBIO2070 1-3.Apr.2013 42



The Baum-Welch algorithm (cntd)

- Initialization: pick arbitrary model parameters
- Set A and E to pseudocounts (or priors)
- Termination: if Alog-likelihood < threshold or Ntimes>max_times

The Baum-Welch algorithm:
IS monotone
guarantees convergence
is a special case of EM
has many local optima
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An example of Baum-Welch
(thanks to Sarah Wheelan, JHU)

e I observe the dog across the street.
Sometimes he is inside, sometimes
outside.

e I assume that since he can not open the door
himself, then there is another factor, hidden from
me, that determines his behavior.

e Since I am lazy, I will guess there are only two
hidden states, S;and S..
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An example of Baum-Welch (cntd)

e One set of observations:
o I-I-I-I-T-O-O-I-I-I
e Guessing two hidden states. I need to invent a

transition and emission matrix.

e Note: since Baum-Welch is an EM algorithm the better my initial
guesses are the better the job I will do in estimating the true

parameters
Day k+1
X S1 S2 IN ouT
% S1 05 |05 S1 02 |08
0 | S2 04 |06 S2 09 |01

Benos 02-710/MSCBIO2070 1-3.Apr.2013
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An example of Baum-Welch (cntd)

e Let's assume initial values of:
e P(S)=0.3,P(S,)=07

e Example guess: if initial I-I came from S-S, then the

probability is:
0.3x0.2x05x0.9=0.027
Day k+1
X s1 |s2 IN |OuT
>|s1 |05 |05 s1 |02 |08
0 | S2 0.4 0.6 S2 0.9 0.1

Benos 02-710/MSCBIO2070 1-3.Apr.2013
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An example of Baum-Welch (cntd)

Now, let's estimate the transition matrix. Sequence I-I-
I-I-I-O-O-I-I-T has the following events:

o IT, IT, IT, IT, TO, OO, OI, IT, IT

So, our estimate for S;->S,
transition probability is:

e 0.285/2.4474 =0.116
Similarly, calculate the other
three transition probs and
normalize so they sum up to 1

Update transition matrix

Benos 02-710/MSCBIO2070 1-3.Apr.2013

Seq P(Seq) for S;S, | Best P(Seq)
II 0.027 0.3403 S,S,
II |0.027 0.3403 S,S,
II 0.027 0.3403 S,S,
II |0.027 0.3403 S,S,
IO 0.003 0.2016 S,S;
00 0.012 0.0960 S;S;
oI 0.108 0.1080 S,S,
II |0.027 0.3403 S,S,
II 0.027 0.3403 s,S,
Total | 0.285 2.4474
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An example of Baum-Welch (cntd)

e Estimating initial probabilities:
e Assume all sequences start with hidden state S;, calculate best
probability

e Assume all sequences start with hidden state S,, calculate best
probability

e Normalize to 1.

e Now, we have generated the updated transition,
emission and initial probabilities. Repeat this method
until those probabilities converge
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The Baum-Welch algorithm

Time complexity:
e # iterations x O(K?N)

Guaranteed to increase the likelihood P(x | 0)

Not guaranteed to find globally optimal parameters
e Converges to a local optimum, depending on initial conditions

Too many parameters / too large model =
Overtraining
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Back to: HMM for CpG islands

How do we find CpG islands in a sequence?

Build a single model that combines both
Markov chains:
e '+ states: A,,C,,G,, T,
Emit symbols: A, C, G, T in CpG islands
e '-'states:A,C.,G,T.
Emit symbols: A, C, G, T in non-CpG islands
If a sequence CGCG is emitted by states

(C.6.C.G,), then:

P(CGCG) = doc. xlxaQ’G_ xIxag; ><1><aC_,G+ xlxaGwo

In general, we DO NOT know the path.
How to estimate the path?

Note: Each set (‘+’ or ‘-’) has an additional set
of transitions as in previous Markov chain
Benos 02-710/MSCBIO2070 1-3.Apr.2013 50




What we have..

A |CIG T, |]A|C |G |T.
A, | 180 | 274 | 426 | 120
C+ 171 | .368 | .274 | .188
G+ 161 | .339 | .375 | 125
T, | 079 | 355 | 384 | .182
A 300 | .205 | .285 | .210
C 233 | .298 | .078 | .302
G 248 | .246 | .298 | .208
T A77 | 239 | 292 | .292

Note: these transitions out
of each state add up to one—
no room for transitions
between (+) and (-) states

Not a valid transition
probability matrix nor a
complete one!
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A model of Cp6 Islands - ocos
Transitions

e What about transitions between (+) and (-) states?

e They affect

e Avg. length of CpG island Length distribution of region +:

e Avg. separation between two CpG islands P(L=1) = +-=1-p,, :

1'p++ P(L=2) =) t+-=p,y (1_p++)
P+ D..

P[L= [] = p++[-1(1'p++)

P— 1
Geometric distribution, with mean = —
T-p.. 1-p..
Expected length of a state to continue in that state
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o00
o0
o
What we have..
A+ C+ G+ T+ A |C |G |T. (1-7\.+) * fr'QQ(bi)
A, | 180 | 274 | 426 | 120
C, | 171| 368 | 274 | .188 Now a valid transition
G | wor | s | ars | oz probability matrix and a
S RN B I complete one!
T, | 079 | 355 | 384 | .182
A 300 | .205 | .285 .210_
C 233 | .298 | .078 | .302 Ay
G 248 | .246 | .298 | .208
T A77 | 239 | 292 | .292

(1-A.)*freq(b;) A ;



Another application: Profile HMMs

Profile HMMS (Haussler, 1993)

e Ungapped alignment of sequence X against profile M
e ¢,(a): probability of observing a at position I

* P(XIM)= Hi=i...Lei(xi)

o Score(XIM)= Ei=1,...,L log(e;(x;)/q, )

e What about indels ?
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Profile HMMs: "match” states

LEVK
LEIR
LEIK
LDVE

We make a single state HMM to represent above profile, using match
states only

Begin > M1 > M2 [> M3 M4 F>End

Deriving emission  Pr(L)<1  Pr(E)=3/4 Pr(V)=1/2 Pr(R)=1/4
probabilities for Pr(D)=1/4 Pr(I)=1/2 Pr(K)=1/4

P =1/4
the Match states (E)



Introducing “insert” states to the s

previous

HMM

We want to know whether (for instance) the sequence
LEKKVK is a good match to the HMM

i We know it should look like this in the end

LE--VK |
LE--IR
LE--IK
LD--VE
LEKKVK -

OBRCEECERS

ZINCINC TN TN

Begin =M1 > M2 > M3 > M4 > End



Introducing “"delete” states to the o5

previous HMM

We want to know whether (for instance) the sequence
LEK is a good match to the HMM

LEVK
LEIR
LEIK
LDVE
LE-K

We know it should look like this in the end

Begin

->M1 > M2 > M3 > M4 —>End




Three main applications for s
profile HMMs

1. Find sequence homologs

e ie, we represent a sequence family by an HMM and use that
to identify ("evaluate”) other related sequences

KKKKKK

LEVK p 5 h IKNGTTT
LEIR onvert Profile earch | EAK

p— B GGIAAEEIK
LDVE IIG6GAVVS

Evaluation: So Use Forward
Viterbi is OK too. p(x 5p™| 2)

L

'D(X | /1) = PE P(X,S'Dp |/1) = ; Ha(”i_1ﬂi)e(”i’xi)
AllPossibleParses AllPossibleParses =

(SPP:# of possible p's=K") (KL Possibilities)



Three main applications for profile

HMM

2. Align a new sequence to the profile

e ie, we expnad our multiple sequence alignment

LEVK Convert Align
LEIR Profile

LETK ’ HMM 4
LDVE

This is Decoding: Use Viterbi

LEVK
LEIR
LEIK
LDVE
LE-K




Three main applications for profile |¢
HMM

3. Align a set of sequences from scratch

e ie, we want to build a multiple sequence alignment of a set of
"unaligned sequences"”

LEVK
Align LEIR

LEVK,LEK, LEIR, LEIK, LDVE &~ . LEIK
LDVE

LE-K

This needs parameter estimation:
use Baum-Welch



Making multiple sequence alignment °:°
from unaligned sequences

e Baum-Welch Expectation-maximization method

e Start with a model whose length matches the average length of
the sequences and with random output and ftransition
probabilities.

e Align all the sequences to the model.
e Use the alignment to alter the output and transition probabilities
e Repeat. Continue until the model stops changing

e By-product: It produced a multiple alignment
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