Moreover, the circular logic

« How do we know what is the right distance
without a “good” alignment?

» And how do we construct a good alignment
without knowing what substitutions were made

previously?

- -GCGGCGGCAGTT - -GCGGCGGC-AGTT
Which is better?

Less gaps but 7/matches More gaps but 8 matches



Substitution matrices for proteins

We need to compare, DNA or protein sequences, estimate their distances
etc (e.g. Helpful for inferring molecular function by finding similarity to a
sequence with known function).

For that purpose we need: “Good alignment” of sequences.

For that purpose we need: A measure for judging the quality of an
alignment in relation to other possible alignments, a scoring system.



We use additive scoring systems:

Look at each position of a given alignment, and assign a score for the
“quality of the match”™ at this position (forget about gaps for now). The
total (or cumulative) score is obtained by adding the scores for the

individual positions.

Swmple example: Two DNA sequences; score for a match: 41, score for a
mismatch —1.
E.g.: aagtttctteg
aaactcccteg
Individual scores: 1 1-1-1 1-11-111

— Cumulative score: 6 — 4 = 2

Maybe more realistic: score for a match: +1, score for a transition: —1/2,

score for a transversion: —1. Cumulative score in that case: 6 — 2 = 4.



Scoring matrices

The scores for the individnal positions can be displayed in a so-called

substitution matrix (also called scoring matrix). This is a usually
syimnmetrical 4 x 4 (DNA) resp. 20 x 20 (protein) matrix which has as
entrv (7, 7) the score that we assign if at a position the nucleotides resp.

the amino acids ¢ and 7 are aligned.

E.g. for the second example from the last slide:

/h‘a,a Sa,c Sa,g h’u“f_\ / 1 —1 —1/2 —1 \
g_ Sc.a  Sce Scqg Set _ —1 1 -1 —1/2
_ Sg.a Sg.c Sgg Sgt —lff —1 1 —1

\ St.a  St.e St St / \ -1 —-1/2 -1 1 /



How can we find a biologically sensible scoring matrix?

For DNA sequences: simple scoring matrices (like the one presented) are

often effective. A practical aspect as well, since we
—— Usually, no need to worry. |don’t study very diverged DNA
sequences

For protein sequences: some substitutions are clearly more likely to occur
than others (presumably due to similar chemical properties of the amino
acids involved); e.g. isoleucine for valine, serine for threonine, so-called
conservative substitutions.
We get considerably better alignments if we take this into account.

—— Use scoring matrices that are derived by statistical analysis

of protein data.
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http://upload.wikimedia.org/wikipedia/commons/c/c5/Amino_acids_2.png

Biologically sensible scoring matrices for proteins

Specifications:

e identical amino acids should be given greater score than any

substitution:

e conservative substitutions should be given greater score than

non-conservative ones;

e different sets of values may be desired for comparing very similar
sequences (e.g. homologies in mouse and rat) as opposed to highly
divergent sequences (e.g. homologies in mouse and yeast); i.e. we
usually want our scoring matrices to take into account the

evolutronary distance between the sequences imnvolved!



Scoring matrices, overview

There are two frequently used approaches to finding substitution

matrices. They lead to

1) the PAM family of substitution matrices

Main concepts used:

Markov chains and phylogenetic trees
(for “fitting” an evolutionary model)
log-likelihood ratios
(for getting a scoring matrix from an estimated transition

matrix)

2) the BLOSUM family of substitution matrices

Main concept used:

log-likelihood ratios
(for getting a scoring matriz from a matriz of estimated

substitution probabilities)



PAM matrices

In fact, there are two types of matrices involved here:

e a PAM Markov transition matrix
(= the table of estimated transition probabilities for the underlying

evolutionary model);

o a PAM substitution matrix

(= the table of scores for all possible pairs of amino acids).



Underlying model: Each site in the sequence evolves according to a

Markov chamn, and independently of the other sites.

seq

Iarkoy chain L (site Ly--w] M - » M

Markov chain 2 (site 23w | R - R

Markov chain 3 (site 33| A > -A

and 5o on Q {E ~Q

F - »F
A -A =-A
P - - P
v - R
I ol | |
5 -5 -5
¢ ¢ & »
0 1 2 TIME

All the Markov chains have the same transition matrix P

(matrix with dimension 20 x 20).

Dayhoff et al. (1978) estzmated the one-step transition matrix P from

protein sequence data. How...? >



http://images.google.com/imgres?imgurl=http://www.dayhoff.cc/images/MODayhoff1972.jpg&imgrefurl=http://www.dayhoff.cc/&usg=__iZbJxWfITqTABrOeFcajCCOgelU=&h=722&w=600&sz=44&hl=en&start=1&um=1&tbnid=t-bz52-SOLsSKM:&tbnh=140&tbnw=116&prev=/images?q=dayhoff&um=1&hl=en&safe=off&sa=N

Construction of a PAM1 transition matrix

A PAMI1 transition matrix is the Markov transition matrix applying
for a time period over which we expect 1% of the amino acids to undergo

accepted point mutations. The steps mnvolved i the estimation:
o Align protein sequences that are at least 85 % identical.
e Reconstruct phylogenetic trees and infer ancestral sequences.

e Count the amino acid replacements that occurred along the trees

(i.e. count mutations accepted by natural selection).

e Use these counts to estimate probabilities for the replacements.



The first step was to find reliable data.
Dayhoff et al. (1978) used ungapped multiple alignments of certain
well-conserved regions from closely related proteins.

(T1 groups of proteins, all in all 1572 changes.)

AAEEAATG.,. GCE
CAPPAATH..GI1E
PPAVIASTH..GCG
VVIGAAAH...GAI

>85%

In any block, any two sequences did not differ more than 15%.

(The idea was to keep the number of sites that have encountered several
changes low.)
These aligned regions then were used to infer the underlying evolutionary

tree[s| (there might be more than one).



Maximum parsimony was used to infer the underlying evolutionary
treefs] and ancestral sequences.

A most parsimonious tree 1s a tree structure such that the total number

of substitutions across the tree 1s minimal. Ex:

All kinds of amino acid substitutions that occurred along the
treels| were then counted.

For example, in each tree above substitutions between A and E occurred 2
times.



Why do we use trees?

To avoid overcounting!

Our count might be biased by closely related sequences that are
overrepresented in our database.

Trees — sequences are grouped in the “right” way (in general:

very similar sequences succeed one another in the tree)

— we have mainly transitions between these sequences,
and only a few transitions to other, more different
sequences, so the corresponding substitutions do not
cet an unnatural importance.



Suppose that the amino acids are numbered from 1 to 20. (For

simplicity, we assume that there was only one tree).

Let A; . be the number of times substitutions from j to k were observed

in the tree.

Result: a ‘count’ matrix.

[ Arr Aro . Arge Arso )
Azﬁl Azz Amg AQEQG
A =
A19,1 Am,z .. Aigag AIQ,QD
\ AED,I Azm,z . Azgg Azﬂ,zﬂ /

This matrix was then used to estimate a Markov transition matriz.



First, for any pair (7, k) define
o Ay
ik = =20 R
meZI Jy1m

This 1s the observed relative frequency for the substitution j — k.

The a;'s are estimated probabilities.
These probabilities were then scaled in a certain way:
For 5 # k.

p‘?‘k, = a‘?‘k

Pig=1-) ¢ ajp

kj

where the scaling constant ¢ is sufliciently small so that

and

p;; = 0 tor all j.

... but why the scaling factor ¢? >



Why the scaling factor c?

To account for the evolutionary distance!
GGoal: to choose a value of ¢ which renders a transition matrix that is
useful for short evolutionary periods’.

More exactly: choose a value of ¢, such that 1% of the amino acids are

expected to undergo accepted point mutations during one time unit.

seq.
R -
A -
? -@ Expected proportion
- - of amino acid changes
A -—A =1%
P -
V -V
— —-—
1 time unit
(1 PAM)

Such a time unit is called an evolutionary distance of 1 PAM.



How to choose the €7

To determine ¢, it suffices to consider one of the sites in the sequence.
1.e. we consider only one of the parallel Markov chains.

Let Z,, = the amino acid present at the site considered at time n, n > 0.
(hence 1 < Z,, < 20, since the AA’s are coded as 1 to 20).

The probability that the site will change after 1 PAM time unit
(i.e. after one step) is given by

20
P(Z1# Z0) =Y P(Zy=j.Z1 # )
j=1
20 20
=Y P(Zi#j1Z0=7) PlZo=j) =) P(Zi #j|Z0=1]) 4
j=1 j=1

where g; 1s the observed frequency of the amino acid no. j in the original
blocks of aligned proteins.



One wants the probability that the site will change after 1 PAM to be
equal to 0.01. (That implies an average change of 1%.)

20
0.01 =) P(Zi #jlZ0 =) - 4

j=1
20

=3 (L Pz =kz =) q
g=1 k#j
20

S pME
=1 k#j
20

-3 (y‘{u“) g,
J=1 k#j

20
= C: § . § 5 g k-

j=1k#j



That 1s, we want

20
0.01=c-> " q;-ajr.

=1 k#;

Therefore, using the estimated probabilities ¢; and a; j, just put
0.01

C = 50 .

Thus, with this choice for e, the PAM transition matriz is obtained

(‘one-step’, i.e. for the evolutionary distance of 1 PAM) .

How can this transition matriz be turned into a scoring matric?



How can the transition matrix be turned into a scoring matrix?

Consider two given protein sequences 8 = aas - - a, and s’ = byby---b,

(at a evolutionary distance of 1 PAM, say).

The score for aligning s with s’ is generated by comparing two different
hypothesis Hy and H 4:

e Hy: s and 8’ are not evolutionarily related

(i.e. a chance alignment).

e H,: s and s’ are evolutionarily related

(i.e. 8' depends on s via the Markov model).



Under Hy, we have a chance alignment

S 1o -+ Uy
s’ bl bg“*bﬂ

That 1s, all sites in both sequences are randomly generated, all sites

independent of each other.

Amino acid j appears with probability g;.

The probability for getting this chance alignment i1s equal to

T T
P (the alignment) = (H qa_i) : (H Qbi)
i=1 i=1

T



Under H 4. the sites In the sequences are dependent, according to the

Markov model described earlier.

sequence S

R

T A
Pr(site 3=P) = qP""'“---—p
A

P

’
sequence S

=R Pr(site 3 changes

" from PtoR) = pPR

-A
$R| / ,

-A one-step transition

1 time unit

=P probability

Example: Py, (align P and R in a given site) = qp - pp.R.

Since the different sites evolve independently of each other, we get

T

Py, (the alignment) = H{qaﬁ “Pa, b, )-

i=1



In principle, we want our score to reflect the 'chance’ (or the odds) that
with s and s’ we have aligned evolutionarily related sequences (i.e.
basically we want a high score if the odds are high that we have aligned

related sequences).

A natural choice for the score is then a comparison of the probabilities

under H 4 and Hy, respectively:

The likelihood ratio:

Py (the alignment)

alignment score = _ _
Py (the alignment)

17:1:]_ (q-‘l« ' pﬂ;.b1 )

T

T
S H qai ' paﬁ !«bi . H pﬂi,bz
q'ﬂ-'i ’ Qbﬁ q:b1




Or. equivalently, but better for theoretical reasons, one can use the log

likelihood ratio (Dayhoff et al.: “the log odds ratio” ):

* Py, (the alignment)
alienment score = log ,
Py, (the alignment)

T
_ ]U”(H pﬂ-i,bi)
i=1 b
Tt
_ E ]U”I (E}ﬂ'l ?bf.. )
| b,

1=1

The entry (a,b) in the PAM substitution matrix is then of the form

Sap = log (P‘a,b) Commonly multiplied
b by a power of 10 to

Tons : o .o | with imal
(or rounded to the nearest integer for convenience ). dea decimals



Due to the logarithm. we have obtained an additive scoring system in a
natural way:

alignment:

S: (g -y

st byby---b, Total score: S(alignment) =31 Sa, b,-
E A A

Adding the scores for each position 1s equivalent to multiplying the
probabilities (due to the logarithm)!

S(alignment) = log

( Py, (the alignment) )
Py (the alignment)

e ((qa.l Payby) * (Gaz ~Pas,ba) - (dan *paﬂ,bn))

(9a; b, ) * (as - Gby) - - (Ga,, * b,,)

Tt

_ZIU (pﬂ by ) :ZS%?&.V

i=1




PAMRN substitution matrix?

For sequences having an evolutionary distance of n PAM units.

Careful: “n PAM units” does not mean that we expect n% of the amino
acids to differ... because substitutions can occur at the same site many

times!!

Let P be the 1 PAM transition matrix. As always with Markov chains:

M TR T " . .
the n-step transition probabilities pi ; are given as the entries in

P™.

The scores are

T pa.
Sé‘; = Ug( "b).



A sample substitution matrix

GERAISLARLAEETFVM

PPDHPLA

134 LQQGELDLVMTSDILPRSELHYSPMFDFEVRLVLAPDHPLASKTQITPEDLASETLLI
137 LDSNSVDLVLMGVPPRNVEVEAEAFMDNPLVVIA

4

31 4

2 2 2 4

2 1 3 1

2 -1 -1-1 -1 3 7
2
L

o NN ™
__________ S | I I A
M MmN
________________ A
o N NN
_________ e I T
NN NN N ™Mo

NHACOZAMOEDENMSHAD KM E

BLOSUMG2



BLOSUM — Brief Overview

o Based purely on counts and alignment
« BLOSUMGS < BLOSUM45 in evolutionary distance

a set of sequences S =S,...S,, where S. =s.,...s.

s; 18 the J-th amino acid in sequence S;.

The probability of observing each amino acid X =p(X)
k 20 &k

p(X) = ZC(XJ., Sl) / ZZC(XJ, Sl)
i=1

j=1 i=l

where ¢(X ;,S,) is the count of amino acid X ; in sequence S

P(X,. X, | random)=2p(X,).p(X,)) or p(X,7,if [ =m



In general ...log-odds for alignment

P(X,,X  |data)=%# of X,,X, combinations/all possible pairwise combinations
finally take the log2-odds likelihood ratio and multiply by 2 for easy representation
Note: all possible pairwise combinations=k.{n(n—1)/2}
Blosum does use pseudo count to accomadate for combinations not observed:
add 1 in numerator, add 210 (20*19+20) in denominator
count(X,, X )

k.{n(n—1)/2}+210

P(X,,X_ |data)
P(X,,X_ | random)

A being a scaling factor for representation

1e P(X,,X _|data)=

= subs.matrix

A.log



BLOSUM vs PAM vs others?

BLOSUM:
Based on a range of evolutionary
periods -- Each matrix constructed
separately

Indirectly accounts for
interdependence of residues

Range of sequences, range of
replacements

PAM
Based on extrapolation from a short

evolutionary period -- Errors in PAM1
are magnified through PAM250

Assumes Markov process — too much
extrapolation

Rare replacements too infrequent to
be represented accurately

Others

Incorporation of secondary structure/structural

alignments

Use of structural alignments

Transmemberane protein-specific matrices



How do we use the matrices for
sequence alignment?

AGGCTATCACCTGACCTCCAGGCCGATGCCC
TAGCTATCACGACCGCGGTCGATTTGCCCGAC

. B

-AGGCTATCACCTGACCTCCAGGCCGA--TGCCC—--
TAG-CTATCAC--GACCGC--GGTCGATTTGCCCGAC

Definition

Given two strings X=XXoo X Y T Y1Y2-- YN

An alignment of two sequences x and y is an arrangement of x and y by
position, where a and b can be padded with gap symbols to achieve the
same length.



Why do we bother aligning?

Finding important molecular regions that are
conserved across species

Given a new sequence, infer its function based
on similarity to another Seq.

Determining the evolutionary constraints at work
Mutations in a population or a family of genes
Find similar looking sequences in a database

Inferring the secondary or tertiary structure of a
sequence of interest -Molecular modeling using
a template (homology modeling)



X:
Y:

Alignment is a path in the alignment

ACACACTA
AGCACACA

. =

X

X: AGCACAC-A
Y: A-CACACTA

m+n!

m!n!

~ 2" Alignments

possible!

matrix

CcC

CcC

CcC



1.

2.

3.

Dynamic programming for global
allgnment — simple case

Consider two sequences: x[1 .. M], and y[1 .. N]
for a new position to be aligned we have ONLY three choices

''''''

''''''

''''''

x;aligns to y;

Align x[1 .. i] with y[1 .. ]]

X[1 ..(i-1)] is already aligned with y[1 ..(j)], so
align x[ijwitha gap iny

x[1 .. i] is already aligned with y[1 .. (j-1)], so align a
gap in x to y[j]



1. Xx;aligns to y;
X1 ...... Xi—1 XI F (I,_/) =F (i-17 _/-1) + S(',J)

2. x;aligns to agap
XpeweenXig X F (ij) = F (i-1, j) — gap_open_penalty (o)

3. y,alignstoagap
F (ij) = F (i, j-1) — gap_open_penalty (go)



If we could make F (i, J-1), F (i-1, ), F (i-1, j-1) optimal, then we
can make the next ones optimal as well

(F (i1, j-1) + s (X, ¥)
F (i, j) = max <F (i-1, j) — go
F (i, j-1)—go

Where S (X, y;) = Score for a match, if x; = y;
score for a mismatch, if x; # y;;



The Needleman-Wunsch Algorithm

— pioneering application of DP to biological sequences

1. Initialization.

a.F(0, 0) =0
b.F(0, )) =-jxQgo
c. F(i, 0) =-ixgo

2. Main lteration. Filling-in partial alignments
Foreach i=1...... M
For each j=1...... N

F(i-1,)-1) + s(x;, y;) [case 1]
F(i,j) = max{ F(i-1, ) — go case 2]
F(i, j-1) — go case 3]

Ptr(i,))

LEFT, if [case 2]

{DIAG, if [case 1]
UP, if [case 3]

3. Termination. F(M, N) is the optimal score, and
from Ptr(M, N) can trace back optimal alignment




An example

f
F (-1, j-1) + s (x; ¥)) 04— 2 [+— -4+ -6 ¢#— -8 [+— -10
F (i, j) = max F (i-1, j) — go T \\
\F (I, j'1)_go T -2 1 «— A+ — 3F¢&— -H5|— _7
A + N "™
| TS <
s (x; y;)=1 for match, cl “ '1‘ 2 . 0 — 2| -4
-1 for mismatch ! s NS B N, S N
go=2 cl 6] 3] o« 1] 1 -
t t I NI S NI
I I | N N N
Al -8 5| -2 -1 0 2
Trace back arrows from lower TCGCA
right to upper left and Alignment score = 2 TC -CA

Maximize the scores 1 1 -2 1 1



Are gaps that bad?

» Current model: V()
» Gap of length n

» Incurs penalty n.go

[*

o Bunch of gaps are better than individual gaps
» Convex (saturating) gap penalty function:
v(Nn): Y(n)
foralln,y(n+ 1) -vy(n) <y(n)-y(n—-1)
A common function is Affine gap penalty

v(n) = ?o + (N — 1)><g_ije

gap gap
open extend



Convex gap dynamic programming

Initialization: same as before

lteration:

[ F(i-1, j-1) + s(x; ¥))
F(,]) =max) maxeo _i1F(kj)—v(i-k)
maX-o_j.1F(i,K) — v(j-k)

\

Termination: same

Running Time: O(N2M) (assume N>M)
Space: O(NM)




Fast implementation of affine gap penalty

We need three matrices for tracking scores

Matrix-1: ali,j]= to store maximum score of an alignment that X
ends in x[i] matched to y[j] y’_

.Y

Matrix-2: b[i,j]= to store maximum score of an alignment that -
ends in gap matched to y[j] y.

Y
Matrix-3: c[i,j]= to store maximum score of an alignment that X
ends in gap matched to x([i] -




Implementation — Cont’d

(a[i—1, j—1] ali, j —1]+ go
ali, jl=max{b[i—1, j—1]+s(i, j) bli, j]1=max<b[i, j—1]+ ge
c[i-1,j—1] cli, j—1]+go

ra:i—l,j:+g0
cli, j]=max<b[i—1, j]+ go

cli-1,j]+ge

Pointer-matrices: Three matrices to figure out which state within each score matrix
maximization was used to obtain the optimal alignment of position i,j. Of course
you need to know which matrix yielded the best score in the end (m,n) as well —
Covered by assignment!



http://www.ebi.ac.uk/Tools/emboss/align/index.html
EMBOSS Pairwise Alignment Algorithms

This toolis used to compare 2 sequences. When you want an alignment that covers the whole length of both
sequences, use needle. When you are frying to find the best region of similarity between two sequences, use

water.
Method Gap Open For checking results of your code
| EMBOSS: :water (local) V|
Gap Extend Malecule atrix

Sequence 1: paste Sequence in any format OR upload a file:
|

Choose the

alignment O local (default) O global & global without end-gap penalty
method :

Number of

d
repuSrEE_

alignments :

SConng (rypseF] -

matrix :

. Opening
Seq. 1 Upload afile: [ Browse...
' GaB0 | (defaule 19
penalty :

Extending

gap (default -4)
penalty :

First
sequence
title
{optional):
Input
5equence| Plain Text “
format

1st Query | ______
sequence:
or ID or AC

http://www.ch.embnet.org/software/l-AkieN_form.html

for valid
formats)

\




Pair HMMs for alignment

HMM for sequence alignment, which incorporates
affine gap scores.

*Hidden” States

» Match (M)
o Insertion in x (X)
o insertionin y (Y)
Observation Symbols
o Match (M): {(a,b)| a,bin > }.
o Insertion in x (X): {(a,-)| ain ) }.
o Insertionin y (Y): {(-,a)lain ) }.




Simple representation

M X
p| 1720 O
x| 1- € £
v | 1-€ 0




Full representation

Begin End




Algorithm: Viterbi algorithm for pair HMMs

» Initialization:
« VW(0, 0) = 1. vX(0, 0) = v¥(0, 0) = 0 V'(-1, j) = V'(i, -1) = 0.
» Recurrence: i=0,...,n,j=0,...,m, except for(0,0);
(1-26—7)pWM(@i-1,j-1)
v (i, J) = D, Max, l-g—w (i—-1j-1)
(1—8—T)VY(i—1,j—1)

M@ -1, f)
v (i—1, )
v (i, j—1)
ev” (i, j—1)

Vi, j)=q, maX{
VY(Zﬂ.]) = qyj max{

. Termination: ¥ =z max(v™(n,m),v™(n,m),v" (n,m))



Viterbi Pair HMM is equivalent to global
dynamic programming with affine gap!

o Proof (sketch)

» Add the following missing details to DEKM’'s summary

» Take the viterbi matrices and divide by the terms for

random sequence probability, and take the log of resulting
transformation i.e,

(1-26-7pM(i-1,j-1).p,,, /9.9, (1-1)
vY (i, ) = max (1—5—r)vx(i—l,j—1).pxiyj/qm.qyl.(l—77)2
| (1_5_T)VY(i_laj_1)-pxiyj/qxiqyi(1_77)2
5VM (i _laj)-qxi/qxi (1 _77)
ev*(i-1,/)q,/q,(1-n)

v (i, j) = q, max{



Multiple Sequence Alignment (MSA)

himan ~——MEEFOSDPSVEP-PLSOETFS 20

monkey ———MEEPOQIDPIIEP-FPLIQETFS 20

mouse MTAMEESQSDISLEL-PLSQETFS 23 §(7) = :E: s(x, )
rat ———MEDSOSDMSIEL-PLSQETFS 20 , , 120
XEenopus ———ME-FSSETGMDP-FLSOETES 19 all possible pairs

chicken ———MiL-EEMEPLLEPTEVFMDLW- 19

'.'.'

How to score? and How to align?
Scoring, common approach: Sum of pairs or its variants for each column

Consider L aligned at all N positions, LL score =5
total score, S(i) = 5x N(N -1)/2
Now consider one position being G, rest being L GL score=-4
AS(@) -S(N-D+-4N-1) -9N-1) -9
SG) S(i) 25N(N-1) 25N

Relative evidence decreases with N, opposed to having increased

confidence in L being the "correct" residue at that position



Clustal W

Pairwise alignment: calculation of distance matrix

U

Rooted nJ tree (guide tree) and calculation of sequence weights

U

Progressive alignment following the guide tree




Step 1-Calculation of Distance
Matrix using pairwise alignment

Use the Distance Matrix to create a Guide Tree to
determine the “order” of the sequences.

Hbb-Hu 1

Hbb-Ho 2 A7

Hba-Hu 3 .59 .60

Hba-Ho 4 .59 .59 13

Myg-Ph 5 77 77 75 75

Gib-Pe 6 .81 .82 73 74 .80

Lgb-Lu 7 .87 .86 .86 .88 .93 .90

1 2 3 4 5 6 7

D=1-(l) | = # of identical aa’s in pairwise global alignment

D = Difference score total number of aa’s in shortest sequence



Step 2-Create Rooted Tree and

calculate weights

Neighbor joining algorithm — simple, to be discussed later

081
226 A
084
.DE1C Alignment
055
018D 219 B
065
06 298
DJE
_ 389
442

Weight

Hbb-Hu 0.223%

Hbb-Ho 0.226

Hba-Hu 0.194

Hba-Ho 0.203
Myg-Ph 0.411

Gib-Pe 0.398

Lgh-Lu 0.442

Order of alignment:

1 Hba-Hu vs Hba-Ho
2 Hbb-Hu vs Hbb-Ho
3AvsB

4 Myg-Ph vs C

5 Gib-Pe vs D

6 Lgh-Luvs E



Multiple Alignment

Step 3-Progressive alignment

HAHU
e e ———
% Dynamic
Programming
m N ST S S
| [ __Wi——=—— ]
HBHU
e ——
O : ;
e Dynamic Alignment
Q Programming e e e——
NN DD S
- e e [[RHTT New Gap

- s EHO

MYWHP

Dynamic
Programming

Dynamic
Programming

HAHU
HAHO

081
226
084
061
.055
018D 219 B .
398
E
389
442

Hbb-Hu 0.223

Hbb-Ho 0.226

Hba-Hu 0.194

Hba-Ho 0.203
Myg-Ph 0.411

Gib-Pe 0.398

Lgh-Lu 0.442



Multiple Alignment

Step 3-Progressive alignment

_— Scoring during progressive alignment
% Prnynami; Set of 4: 1 eeksavgal
s R ooy Fem 2 eekaavllal
53 adktnvldaa
HBHU 4 adktnv]faa
—— t
i Dynarmic Alignment Set of 2: o gewdlwlhwv
g Programming e — DL G 1tk
e ae rsa
= e e s [ RHT New Gap SCcore = M(t,V) j‘_T’“'jrjl_j\-EﬁIEu
- s s wmw HREHO .
[ L - w s ss— HBHU + M(tf l) *WI*WG
| Lo cisdsipigesiee S A
I Programming —— — AT O + M(l,l) *WE*WE ! :
d ded by 8
i I + Mk, V) W %W, HVLEe s
= s o os mmmm HBHU )
e omsm [JRHO + M(kfl) _A_WB*WE
o e s HAHO-_ -__:/HBHU + M(kri)wwquﬁ

O O .. HBHO
Dynamic = HAHU

Programming - L

——— eesssssssssssmn YW HE

MYWHP

efc.
New Gap



Recommended MSA Programs

» MUSCLE (fast and accurate)
» MAVID (genome-scale alignment)

» SAM ( hidden markov, powerful and wide range
of options)



