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Globin Alignment

human � --------VHLTPEEKSAVTALWGKVN--VDEVGGEALGRLLVVYPWTQR 40
horse � --------VQLSGEEKAAVLALWDKVN--EEEVGGEALGRLLVVYPWTQR 40
human � ---------VLSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKT 41
horse � ---------VLSAADKTNVKAAWSKVGGHAGEYGAEALERMFLGFPTTKT 41
lamprey g PIVDTGSVAPLSAAEKTKIRSAWAPVYSTYETSGVDILVKFFTSTPAAQE 50
whale m ---------VLSEGEWQLVLHVWAKVEADVAGHGQDILIRLFKSHPETLE 41
lupine l --------GALTESQAALVKSSWEEFNANIPKHTHRFFILVLEIAPAAKD 42
consensus !* ** * * ! ** * * *** * * ! *

Conserved Histidine#
human � FFESFGDLSTPDAVMGNPKVKAHGKKVLGAFSDGLAHLDN-----LKGTF 85
horse � FFDSFGDLSNPGAVMGNPKVKAHGKKVLHSFGEGVHHLDN-----LKGTF 85
human � YFPHF-DLS-----HGSAQVKGHGKKVADALTNAVAHVDD-----MPNAL 80
horse � YFPHF-DLS-----HGSAQVKAHGKKVGDALTLAVGHLDD-----LPGAL 80
lamprey g FFPKFKGLTTADQLKKSADVRWHAERIINAVNDAVASMDDT--EKMSMKL 98
whale m KFDRFKHLKTEAEMKASEDLKKHGVTVLTALGAILKKKGH-----HEAEL 86
lupine l LFSFLKGTSEVP--QNNPELQAHAGKVFKLVYEAAIQLQVTGVVVTDATL 90
consensus ! * *** ** ***!**** * ** *** *

Conserved Histidine#
human � ATLSELHCDKLHVDPENFRLLGNVLVCVLAHHFGKEFTPPVQAAYQKVVA 135
horse � AALSELHCDKLHVDPENFRLLGNVLVVVLARHFGKDFTPELQASYQKVVA 135
human � SALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLPAEFTPAVHASLDKFLA 130
horse � SNLSDLHAHKLRVDPVNFKLLSHCLLSTLAVHLPNDFTPAVHASLDKFLS 130
lamprey g RDLSGKHAKSFQVDPQYFKVLAAVIADTVAAG---------DAGFEKLMS 139
whale m KPLAQSHATKHKIPIKYLEFISEAIIHVLHSRHPGDFGADAQGAMNKALE 136
lupine l KNLGSVHVSKG-VADAHFPVVKEAILKTIKEVVGAKWSEELNSAWTIAYD 139
consensus !* *!* ** *** ** ** * *** * *** * *

human � GVANALAHKYH------ 146
horse � GVANALAHKYH------ 146
human � SVSTVLTSKYR------ 141
horse � SVSTVLTSKYR------ 141
lamprey g MICILLRSAY------- 149
whale m LFRKDIAAKYKELGYQG 153
lupine l ELAIVIKKEMNDAA--- 153
consensus * * **
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Searching Globins

human α-globin Query

human β-globin

horse α-globin

horse β-globin

lamprey globin 5

whale myoglobin

lupine leghemoglobin
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Profile Analysis

Two steps:

1 profile construction

2 comparison of profile with single sequence
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Profile Construction — 1

Position A C D E F G H I K L M N P Q R S T V W Y

1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
4 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
6 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
9 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 2 0 0
10 1 0 0 0 0 0 1 0 0 0 0 0 1 1 0 0 0 3 0 0
11 0 0 0 0 0 0 0 0 0 7 0 0 0 0 0 0 0 0 0 0
12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5 2 0 0 0
13 2 0 0 2 0 1 0 0 0 0 0 0 2 0 0 0 0 0 0 0
14 3 0 0 2 0 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0
15 0 0 2 4 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
16 1 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0 1 0
17 2 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 3 0 0 0
18 2 0 0 0 0 0 0 0 1 2 0 2 0 0 0 0 0 0 0 0
19 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 6 0 0
20 0 0 0 0 0 0 0 0 3 2 0 0 0 0 1 0 1 0 0 0
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Profile Construction — 2

M(p, a) =

20
∑

b=1

w(p, b)s(a, b)

w(p, b): weight of amino acid b at position p; for linear
weighting scheme, w(p, b) is frequency of b at p

s(a, b): score of amino acid pair (a, b) from amino acid
substitution matrix
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Score Matrix for Profile Construction

A B C D E F G H I K L M N P Q R S T V W Y Z
A 15 2 3 3 3 -5 6 -1 0 0 -1 0 2 5 2 -3 4 4 2 -8 -3 2
B 2 11 -4 11 6 -6 6 4 -2 4 -5 -3 11 1 5 1 3 2 -2 -6 -3 6
C 3 -4 15 -5 -6 -1 2 -1 2 -6 -8 -6 -3 1 -6 -3 6 2 2 -12 10 -6
D 3 11 -5 15 10 -10 6 4 -2 3 -5 -4 6 1 6 0 2 2 -2 -11 -5 8
E 3 6 -6 10 15 -6 5 4 -2 3 -3 -2 5 1 6 0 2 2 -2 -11 -5 11
F -5 -6 -1 -10 -6 15 -6 -1 6 -6 12 5 -5 -6 -8 -5 -3 -3 2 12 13 -6
G 6 6 2 6 5 -6 15 -2 -3 -1 -5 -3 4 3 2 -3 6 4 2 -10 -6 3
H -1 4 -1 4 4 -1 -2 15 -3 1 -2 -3 5 2 6 5 -2 -1 -3 -1 3 5
I 0 -2 2 -2 -2 6 -3 -3 15 -2 8 6 -3 -2 -3 -3 -1 2 11 -5 1 -2
K 0 4 -6 3 3 -6 -1 1 -2 15 -3 2 4 1 4 8 2 2 -2 1 -6 4
L -1 -5 -8 -5 -3 12 -5 -2 8 -3 15 12 -4 -3 -1 -4 -4 -1 8 5 3 -2
M 0 -3 -6 -4 -2 5 -3 -3 6 2 12 15 -3 -2 0 2 -3 0 6 -3 -1 -1
N 2 11 -3 6 5 -5 4 5 -3 4 -4 -3 15 0 4 1 3 2 -3 -3 -1 4
P 5 1 1 1 1 -6 3 2 -2 1 -3 -2 0 15 3 3 4 3 1 -8 -8 2
Q 2 5 -6 6 6 -8 2 6 -3 4 -1 0 4 3 15 4 -1 -1 -2 -5 -6 11
R -3 1 -3 0 0 -5 -3 5 -3 8 -4 2 1 3 4 15 1 -1 -3 13 -6 2
S 4 3 6 2 2 -3 6 -2 -1 2 -4 -3 3 4 -1 1 15 3 -1 3 -4 0
T 4 2 2 2 2 -3 4 -1 2 2 -1 0 2 3 -1 -1 3 15 2 -6 -3 1
V 2 -2 2 -2 -2 2 2 -3 11 -2 8 6 -3 1 -2 -3 -1 2 15 -8 -1 -2
W -8 -6 -12 -11 -11 12 -10 -1 -5 1 5 -3 -3 -8 -5 13 3 -6 -8 15 11 -8
Y -3 -3 10 -5 -5 13 -6 3 1 -6 3 -1 -1 -8 -6 -6 -4 -3 -1 11 15 -6
Z 2 6 -16 8 11 -6 3 5 -2 4 -2 -1 4 2 11 2 0 1 -2 -8 -6 11

ICB c© 2006 Birkhäuser Verlag



Profiles Hidden Markov Models Profile HMMs

Linear-Weight Profile

Position A C D E F G H I K L M N P Q R S T V W Y -

1 0.7 0.1 0.1 0.1 -0.8 0.4 0.2 -0.2 0.1 -0.4 -0.2 0.0 2.1 0.4 0.4 0.5 0.4 0.1 -1.1 -1.1 1.2
2 0.0 0.2 -0.2 -0.2 0.8 -0.4 -0.4 2.1 -0.2 1.1 0.8 -0.4 -0.2 -0.4 -0.4 -0.1 0.2 1.5 -0.7 0.1 1.2
3 0.2 0.2 -0.2 -0.2 0.2 0.2 -0.4 1.5 -0.2 1.1 0.8 -0.4 0.1 -0.2 -0.4 -0.1 0.2 2.1 -1.1 -0.1 1.2
4 0.4 -0.7 2.1 1.4 -1.4 0.8 0.5 -0.2 0.4 -0.7 -0.5 0.8 0.1 0.8 0.0 0.2 0.2 -0.2 -1.5 -0.7 1.2
5 0.5 0.2 0.2 0.2 -0.4 0.5 -0.1 0.2 0.2 -0.1 0.0 0.2 0.4 -0.1 -0.1 0.4 2.1 0.2 -0.8 -0.4 1.2
6 0.8 0.2 0.8 0.7 -0.8 2.1 -0.2 -0.4 -0.1 -0.7 -0.4 0.5 0.4 0.2 -0.4 0.8 0.5 0.2 -1.4 -0.8 1.2
7 0.5 0.8 0.2 0.2 -0.4 0.8 -0.2 -0.1 0.2 -0.5 -0.4 0.4 0.5 -0.1 0.1 2.1 0.4 -0.1 0.4 -0.5 1.2
8 0.2 0.2 -0.2 -0.2 0.2 0.2 -0.4 1.5 -0.2 1.1 0.8 -0.4 0.1 -0.2 -0.4 -0.1 0.2 2.1 -1.1 -0.1 1.2
9 3.5 1.2 0.7 0.5 -1.0 3.5 -1.2 2.7 -0.7 1.4 1.2 0.0 1.4 0.0 -1.7 1.1 1.7 4.8 -4.8 -1.5 1.2
10 3.8 0.4 1.1 1.1 -2.0 2.1 1.8 3.5 0.0 2.4 1.8 0.2 4.0 2.8 0.0 0.2 1.5 6.1 -6.5 -2.4 4.5
11 -1.0 -8.0 -5.0 -3.0 12.0 -5.0 -2.0 8.0 -3.0 15.0 12.0 -4.0 -3.0 -1.0 -4.0 -4.0 -1.0 8.0 5.0 3.0 4.5
12 4.0 4.8 2.0 2.0 -3.0 5.4 -1.7 -0.1 2.0 -3.1 -2.1 2.7 3.7 -1.0 0.4 11.5 6.4 -0.1 0.4 -3.7 4.5
13 7.4 -0.2 4.8 6.1 -5.7 6.1 1.1 -1.5 1.0 -2.7 -1.5 2.5 6.4 3.4 -0.4 3.7 3.1 0.5 -9.1 -5.4 4.5
14 8.7 0.7 5.2 6.5 -5.1 7.0 0.1 -1.1 1.0 -2.5 -1.4 3.2 3.4 2.7 -1.5 5.2 3.2 0.4 -7.5 -4.1 4.5
15 2.8 -5.7 10.8 12.2 -7.4 4.8 4.2 -2.1 3.1 -3.2 -2.2 5.1 1.2 7.2 0.5 1.5 1.5 -2.0 -10.1 -5.1 4.5
16 1.0 -5.5 1.0 1.0 -3.2 -1.2 0.4 -2.1 10.8 -1.5 1.0 2.7 0.2 2.4 7.1 2.4 1.1 -2.2 1.7 -3.1 4.5
17 6.8 1.7 2.8 2.8 -4.2 4.5 -0.1 0.2 1.7 -1.4 -0.4 2.4 3.7 2.1 -0.5 4.4 7.8 1.0 -5.1 -3.5 4.5
18 4.5 -3.1 1.5 1.8 -0.2 1.2 0.7 1.1 2.4 2.4 2.8 4.2 0.7 2.0 -0.5 1.1 1.7 1.7 -1.5 -1.1 4.5
19 1.7 2.0 -2.0 -2.0 2.5 1.2 -3.0 11.5 -2.0 8.0 6.0 -3.0 0.5 -2.1 -3.0 -1.0 2.0 14.4 -7.5 -0.7 4.5
20 -0.1 -5.0 0.1 0.7 -0.2 -1.7 0.4 1.2 7.0 2.2 4.5 1.0 0.4 1.8 4.2 0.2 2.5 1.2 2.8 -3.0 4.5
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Example Computation Protein

Using globin alignment, linear weighting, matrix as above

M(1, A) =
20

X

b=1

w(1, b)s(a, b)

= 0 × s(A, A) + ... +
1

7
× s(A, P) + 0 × s(A, Q) + ... + 0 × s(A, Y)

= 5/7

≈ 0.7
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Example Computation DNA

Linear weighting and match = 1; mismatch = -1; gap = -1;

A B
1 2 3 4 5
A C G C A
A C G C T
A C G C T
A G G G T
C G G T T

Position A C G T
1 0.6 -0.6 -1 -1
2 -1 0.2 -0.2 -1
3 -1 -1 1 -1
4 -1 0.2 -0.6 -0.6
5 -0.6 -1 -1 0.6

Example, profile entry (1,A): 4/5× 1 + 1/5× (−1) = 0.6
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Profile Alignment

Position A C G T - A C C T
0 0 0 0 0 0 0 0 0 0
1 0.6 -0.6 -1 -1 0

←
0.6 0 0 0

2 -1 0.2 -0.2 -1 0 0
←

0.8 0 0
3 -1 -1 1 -1 0 0 0 0 0
4 -1 0.2 -0.6 -0.6 0 0 0

←
0.2 0

5 -0.6 -1 -1 0.6 0 0 0 0
←

0.8

ICB c© 2006 Birkhäuser Verlag
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Example Profile Analysis — 1

human α-globin Query

human β-globin

horse α-globin

horse β-globin

lamprey globin 5

whale myoglobin

lupine leghemoglobin

1 Construct Profile from Sequences found in pairwise search
(boxed)

2 Search Database using profile alignment
3 Find leghemoglobin with score 725.36
4 Significant?

ICB c© 2006 Birkhäuser Verlag
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Example Profile Analysis — 2

400 450 500 550 600 650 700 750 800 850 900 950

Score
0

20

40

60

80

C
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nt

original score

P = 0.009
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Example Profile Analysis — 3

Iteration step:

1 Construct new profile including leghemoglobin

2 Align again

3 Repeat significance test

ICB c© 2006 Birkhäuser Verlag
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Score Distribution

400 450 500 550 600 650 700 750 800 850 900 950
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Implementation

The program PSIBLAST (blastpgp) implements a very
efficient iterated profile search.
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Profiles Summary

1 Starting point: multiple sequence alignment of protein
family

2 Profile: position-specific weighting matrix

3 Application to globins: greater sensitivity than pairwise
search
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Overview Hidden Markov Models

1 Markov Chains

2 HMMs

3 Profile HMMs
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Discrete Markov Chains

System with N discrete states, e.g.
healthy
ill

qt : state at time t

in n-th order Markov chain qt depends on
qt−1, qt−2, ..., qt−n

1st order MC:

P(qt = Sj | qt−1 = Si , qt−2 = Sk , . . .) = P(qt = Sj | qt−1 = Si).

Probability of switching states i → j

aij = P(qt = Sj | qt−1 = Si)

ICB c© 2006 Birkhäuser Verlag
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Example Markov Chain

H
0.01

0.99 I
0.3

0.7
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Transition Probabilities

A = {aij} =

(

0.99 0.01
0.3 0.7

)

.
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Probability of State Sequence

Given that the patient is healthy now, the probability that (s)he
will be

healthy – healthy – healthy – ill – ill

over the next five days is

0.993 × 0.01× 0.7 ≈ 0.007

ICB c© 2006 Birkhäuser Verlag
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Expected Duration of State

Sum over probabilities of all possible durations of state:

d̄i =
∞

∑

d=1

d × ad−1
ii (1− aii) =

1
1− aii

.

expected duration of healthy: 1
1−0.99 = 100

expected duration of ill: 1
1−0.7 = 10

3

ICB c© 2006 Birkhäuser Verlag
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Hidden & Observable States

Hidden: healthy/ill

Observable: normal/elevated body temperature

ICB c© 2006 Birkhäuser Verlag
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Health HMM

H

0.01

0.99

n: 0.8, e: 0.2

start

0.9

0.1

I

0.3

0.7

n: 0.15, e: 0.85

Possible sequence of temperature recordings: nnneennnnnn...
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Elements of HMM

1 N: the number of states S = {S1, S2, . . . , SN}; a state at
time t is referred to as qt

2 M: the number of observational symbols, that is, the
alphabet size V = {v1, v2, . . . , vM}

3 A =
{

aij
}

: state transition probabilities
aij = P

(

qt = Sj | qt−1 = Si
)

, 1 ≤ i , j ,≤ N
4 B =

{

bj(k)
}

: observation symbol probabilities;
bj(k) = P

(

vk at t | qt = Sj
)

, 1 ≤ j ≤ N, 1 ≤ k ≤ M
5 π = {πi}: initial state probabilities; πi = P (q1 = Si),

1 ≤ i ≤ N

Complete parameter set:

λ = (A, B, π).
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Generate Observation Sequence

O = O1, O2, . . . OT ,

∀Ot ∈ V . Procedure:

1 choose q1 according to π; t ← 1

2 choose Ot = vk according to bi(k)

3 change to new state qt+1 = Sj according to aij ; t ← t + 1

4 if t < T , goto 2; else stop

ICB c© 2006 Birkhäuser Verlag
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Example Generation of Observation Sequence

r1 r2 r3 r4 . . .
0.66287 0.505421 0.495442 0.568873 . . .

Step 1: r1 < 0.9, therefore q1 = h

Step 2: r2 < 0.8, therefore O1 = n

Step 3: r3 < 0.99, therefore q2 = h

Step 2: r4 < 0.8, therefore O2 = n

. . .

ICB c© 2006 Birkhäuser Verlag
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Simple DNA HMM

g1

0.02

0.98

A/T: 0.8, G/C: 0.2

start

0.9

0.1

g2

0.07

0.93

A/T: 0.3, G/C: 0.7

Observed T G C T A T T G G T
Hidden g2 g2 g1 g1 g1 g1 g1 g1 g1 g1
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Fundamental Problems for HMMs

Given observation sequence,

1 Scoring Problem: Probability observation sequence

2 Detection Problem: Most likely sequence of hidden states

3 Training Problem: Estimate model parameters

ICB c© 2006 Birkhäuser Verlag
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Scoring Problem: Forward Procedure

Fill N × T matrix

N: number of states

T : number of observations.

Compute entry at(i):

1 initialization: α1(i) = πibi(O1)

2 recursion: αt+1(j) = bj (Ot+1)
∑N

i=1 αt(i)aij , 1 ≤ t ≤ T − 1,
1 ≤ j ≤ N

3 termination: P (O | λ) =
∑N

i=1 αT (i)

ICB c© 2006 Birkhäuser Verlag
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Example Forward Procedure

T G . . .

g1 0.72 0.14154 . . .
g2 0.03 0.02961 . . .

ICB c© 2006 Birkhäuser Verlag
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Detection Problem: Viterbi Algorithm

1 initialization: δ1(i) = πibi (O1), 1 ≤ i ≤ N

2 recursion: δt(j) = bj (Ot) max1≤i≤N
(

δt−1(i)aij
)

, 2 ≤ t ≤ T ,
1 ≤ j ≤ N; in addition, keep back-pointer to
max1≤i≤N

(

δt−1(i)aij
)

3 back tracking: Start from max1≤i≤N
(

δT (i)aij
)

and follow the
back-pointers

ICB c© 2006 Birkhäuser Verlag
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Example Viterbi Algorithm

T G C T ...
g1 0.7200 ← 0.1411 ←0.0277 ←0.0217 ...
g2 0.0300 0.0195 0.0127 0.0035 ...

Actual computations: logarithms

ICB c© 2006 Birkhäuser Verlag
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Profiles Revisited

Position A C D E F G H I K L M N P Q R S T V W Y

1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
4 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
6 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
9 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 2 0 0
10 1 0 0 0 0 0 1 0 0 0 0 0 1 1 0 0 0 3 0 0
11 0 0 0 0 0 0 0 0 0 7 0 0 0 0 0 0 0 0 0 0
12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5 2 0 0 0
13 2 0 0 2 0 1 0 0 0 0 0 0 2 0 0 0 0 0 0 0
14 3 0 0 2 0 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0
15 0 0 2 4 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
16 1 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0 1 0
17 2 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 3 0 0 0
18 2 0 0 0 0 0 0 0 1 2 0 2 0 0 0 0 0 0 0 0
19 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 6 0 0
20 0 0 0 0 0 0 0 0 3 2 0 0 0 0 1 0 1 0 0 0
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Profile as Markov Chain

A: pA,...,Y: pY m −

d

A: fA,...,Y: fY i

NB: emission probabilities of match state are position-specific
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Profile HMM

A: pA,...,Y: pY A: pA,...,Y: pY

m1 m2

start d1 d2 end

i0 i1 i2

A: fA,...,Y: fY A: fA,...,Y: fY A: fA,...,Y: fY

ICB c© 2006 Birkhäuser Verlag



Profiles Hidden Markov Models Profile HMMs

Applications of Profile HMMs

1 Protein classification (like profiles): PFAM

2 Multiple sequence alignments
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Pairwise Alignment Using HMMs

Observations:
O1 = GAHYA
O2 = GHA

Corresponding most likely state sequences
S1 = m1, i1, m2, m3, m4

S2 = m1, m2, d3, m4

Procedure: Write amino acids emitted by same match state in
same column:

m1 i1 m2 m3 m4

m1 m2 d3 m4

GAHYA
G-H-A

ICB c© 2006 Birkhäuser Verlag
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MSA using HMMs

Add O3 = HYA with S3 = d1m2m3m4:

GAHYA
G-H-A
--HYA

Advantage: v. fast

Disadvantage: estimation of HMM
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Summary Hidden Markov Chains

1 Markov Chains: Order

2 HMMs: Scoring, Detection, Training

3 Profile HMMs: Models of Protein Sequence Alignments
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