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Alignment input parameters
Scoring alignments

A number of different
schemes have been
developed to compile
residue exchange matrices

Amino Acid Exchange Matrix However, there are no
formal concepts to calculate
corresponding gap penalties

- . Emperically determined

G i values are recommended
Sapihsoaties (open, for PAM250, BLOSUM62,
etc.

M = BLOSUM62, P,= 0, P.=0

M =BLOSUMG62, P,=12,P~1

M =BLOSUMG62, P,= 60, P.=5

There are three kinds of
alignments

n Global alignment (preceding slides)
n Semi-global alignment
n Local alignment




Variation on global alignment

n Global alignment: previous algorithm is
called global alignment because it uses
all letters from both sequences.

CAGCACTTGGATTCTCGG
CAGC - - - - GT----GG

n Semi-global alignment: uses all letters
but does not penalize for end gaps
CAGCA- CTTGGATTCTCGG

Semi-global alignment

n Global alignment: all gaps are penalised

n Semi-global alignment: N- and C-terminal (5’

and 3’) gaps (end-gaps) are not penalised

End-gaps
/

MSTGAVLI Y--TS-----
- GG LLFHRTSGTISNS

End-gaps

Semi-global alignment

Applications of semi-global:
— Finding a gene in genome
— Placing marker onto a chromosome

— One sequence much longer than the
other

Risk: if gap penalties high -- really bad
alignments for divergent sequences

-_— Protein sequences have N- and
often small and hydrophilic

C-terminal amino acids that are

Semi-global alignment

n Ignore 5’ or N-
terminal end gaps
— First row/column
setto O
n Ignore C-terminal
or 3" end gaps

— Read the result - G A G T
from last 0 0 00
row/column (select A 0 -1 1)1
the highest scoring G 0 1 -2 0
cell) T 0 -1 0 0]N3

RIS E=20)]

Semi-global dynamic programming
- two examples with different gap penalties -

tal Thesevalues are copied from

? the PAM250 matrix (see earlier
E slide), after being made non-
5 negative by adding 8 to each

10 6

14 5

2

PAM250 matrix cell (-8is the
Iowest nummber in the PAM250
matrix)
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There are three kinds of
alignments

n Global alignment
n Semi-global alignment
n Local alignment




Local dynamic programming
(Smith & Waterman, 1981)

LCFVMLAGSTVI VGTR

Ne gative

Local dynamic programming (Smith
and Waterman, 1981)

E . .
R numbers basic algorithm
'T \ . -1
Amino Acid 1
§ Exchange Matrix i . H(i-1,j-1) + S(i,j) ~ diagonal
Search matrix ] m H(i,j) = Max H(i-1,j) - g vertical
l Gap penalties H(i,j-1) - g horizontal
(open, extension) 0
AGSTVI VG
A- STI LCG
Example: The algorithm. Step 1: init
local alignment of two sequences VO et
n Create the — M[i.j-1] -2
. MIi, j] = max
. . matrix M[i-1,j] -2
n AI|g:év¥gAI?NA sequences: o Initiation o
- — No beginning R
— GAGGCGA (note the length row/column ! é 2 Z 4 Z i
difference) — Just apply the
n Parameters of the algorithm: equation...

— Match: score(a,A) =1

— Mismatch: score(a,T) = -1 MO = 1
o MIi,j-1] -2
—Gap:g=-2 MIi,j] = max
MI[i-1,j] -2
0

~N o s W N Rk D
> 00060 >» 6

The algorithm. Step 2: fill in

M[i-1,j-1]+ 1
M j] = mex MIi, j-1] -2
n Perform the MIi-1,j] -2
forward step... 0
j-11]2 3 4 5 6
il G A G T G A
1 G 1 0 1 0 1 0
e N N
2 A 0 2—0 0 0 2
e oo
3 |G 1 0 3 1 1 0
NP
4 G 1 0 1"
5 C
6 G
7 A

The algorithm. Step 2: fill in

M[i-1,j-1] + 1

o M[i,j-1] -2
MIi, j] = max
n Perform the MIi-1,j] -2
forward step... 0
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The algorithm. Step 2: fill in

The algorithm. Step 3: trace back

M[i-1, j-1] + 1 M[i-1, j-1] + 1
o M[i,j-1] - 2 n Reconstruct path o MIij-1] - 2
n We're done MO -2 leading to highest M -2
o scoring cell o
Tr k until
o Find the highest i~ 1 2 3 4 5 n Trace back unt - 12 s]als s
cell anywhere in 1 G A G T G A . it G A G T G A
the matrix tje|rjoj140[1(0 sequence: 16 1,0 1 001 0
2 A 0 2—0"0 02 ahgpmentpathcan 2 A 02 0 0 0 2
e l\oig:l:l\ol begin and 3 6 1 o\@ 110
4.6 1.0 T 2 270 terminate anywhere 4 (¢ 1 o 2 2 0
5 c 0 0\0\0':1\1 in matrix 5 c 0 0 o0 0 1 1
6 G 1 0 1 o 1.0 . 6 G |1 01 0 1 0
7 A 0 2400 o2 nAIIgnment.éB:\éB 7/A 0 2 0 0 0 2
Local dynamic programming Measuring Similarity
(Smith & Waterman, 1981; Gotoh, 1984)

j-1

Thisis the general
DPalgorithm,
which is suitable
for linear, affine G
and concave ap.
penalties, opening
although for the penalty
example here
affine penalties . X
areused Sz,] + MUX{S()<A<1'1,]'1 - Pi - (i-x-1)Px}
S = Max <0 S
iji . . S
/ S;j + Max {5,,1,()<},</,1 - Pi- (jy-1)Px}
0
Gap extension penalty

n Sequence identity (number of identical
exchanges per unit length)

n Raw alignment score

n Sequence similarity (alignment score
normalised to a maximum possible)

n Alignment score normalised to a
randomly expected situation
(database/homology searching)

Pairwise alignment

n Now we know how to do it:

n How do we get a multiple alignment
(three or more sequences)?

n Multiple alignment: much greater
combinatorial explosion than with
pairwise alignment.....

Multiple alignment idea

* Takethree or more related sequences and align
them such that the greatest number of similar
characters are aligned in the same column of
the alignment.

Ideally, the sequenc; are orthologous, but
often include paralogues.




Scoring a multiple alignment
* You can score a multiple aignment by
taking all the pairs of aligned sequences
and adding up the pairwise scores.
Sa,b - ZI s(a.b) - Zk N+ gp(k)

:“ 1TMTE
Heddifleny &
oA :
SEREE ¢

Vnlkaz Al

*Thisisreferred to és the Sum-of-Pairs

score

Information content of a multiple
alignment

n97a
1gwia
tjipa
tima
Tept
ni0a
1ifka
1amga
1io7a
tinza
1edxa
1dt6a o}
Consistency 5 4*

What to ask yourself

e What program to use to get a multiple
alignment?
(three or more sequences)

e What is our aim?
- Do we go for max accuracy?
- Least computational time?
- Or the best compromise?

e What do we want to achieve each time?

Multiple alignment methods

q Multi-dimensional dynamic programming
> extension of pairwise sequence alignment.

q Progressive alignment
> incorporates phylogenetic information to guide the
alignment process

q Iterative alignment
> correct for problems with progressive alignment by
repeatedly realigning subgroups of sequence

Exhaustive & Heuristic
algorithms

« Exhaustive approaches
» Examine all possible aligned positions simultaneously
 Look for the optimal solution by (multi-dimensional) DP
* Very (very) slow

* Heuristic approaches
- Strategy to find a near-optimal solution
(by using rules of thumb)

+ Shortcuts are taken by reducing the search space
according to certain criteria

* Much faster

Simultaneous multiple alignment

Multi-dimensional dynamic programming

Combinatorial explosion

q DP using two sequences of length n
n2 comparisons

g Number of comparisons increases
exponentially
i.e. nN where n is the length of the
sequences, and N is the number of
sequences

q Impractical even for small numbers of short
sequences




Sequence-sequence alignment
by Dynamic Programming

sequence

sequence

Multi-dimensional dynamic
programming (Murata et al., 1985)

Sequence 1

&3
e‘\c'e
S

Sequence P

The MSA approach

Lipman et al. 1989

n Key idea: restrict the computational
costs by determining a minimal region
within the n-dimensional matrix that
contains the optimal path

N

I T

The MSA method in detail

1. Let's consider 3 sequences —_—
2. Calculate all pair-wise alignment
scores by Dynamic programming
3. Use the scores to predict a tree 1
4. Produce a heuristic multiple align. \E
based on the tree (quick & dirty)
5. Calculate maximum cost for each
sequence pair from multiple 1
alignment (upper bound) &
determine paths with < costs. 3
6. Determine spatial positions that
must be calculated to obtain the
optimal alignment (intersecting
areas or ‘hypersausage’ around
matrix diagonal)
7 Perform multi-dimensional DP

Note Redundancy caused by highly
correlated sequences is avoided

The DCA (Divide-and-Conquer) approach
Stoyeet al. 1997

n Each sequence is cut in two behind a
suitable cut position somewhere close
to its midpoint.

T e T

n This way, the problem of aligning one
family of (long) sequences is divided

into the two problems of aligning two e e \
|

families of (shorter) sequences.

This procedure is re-iterated until the
sequences are sufficiently short.

l align optimally l

|
BT

Optimal alignment by MSA.

Finally, the resulting short alignments
are concatenated.

Soin effect ...

Sequence 1

equ!




Multiple alignment methods

q Progressive alignment
> incorporates phylogenetic information to guide the
alignment process

q Iterative alignment
> correct for problems with progressive alignment by

repeatedly realigning subgroups of sequence

The progressive alignment method

g Underlying idea: we are interested in aligning
families of sequences that are evolutionary
related

q Principle: construct an approximate
phylogenetic tree for the sequences to be
aligned (‘guide tree’) and then build up the
alignment by progressively adding sequences
in the order specified by the tree.

Making aguide tree

Score 1-2  Pairwise
alionments
(all-against-

Score 1-3

b Wk N

score -5 all)

Similarity criterion

Scores
Similarity
matrix

(%]
X
%]

| E Guide tree

Progressive multiple alignment

Score 1-2

Score 1-3

Score 4-5

(S WK N

scores  Similarity

5%5 matrix

Scores to distances/ [v\j Iteration possibilities

=

Guide tree

Multiple alignment

Progressive alignment strategy

1. Perform pair-wise alignments of all of
the sequences (all against all; e.g.
make N(N-1)/2 alignments)

- Most methods use semi-global alignment

2. Use the alignment scores to make a
similarity (or distance) matrix

3. Use that matrix to produce a guide
tree

4. Align the sequences successively,
guided by the order and relationships
indicated by the tree (N-1 alignment
steps)

General progressive multiple
alignment technique (follow generated tree)

Alignthese
/ two
| |

Thesetwo are|
[~ =

[ereTaTe 7




PRALINE progressive strategy

—d” —;:

HOINWE &

But how can we align blocks of
sequences ?

=

n The dynamic programming algorithm performs well for
pairwise alignment (two axes).

n So we should try to treat the blocks as a “single”

mgom>
©> 50

sequence ...
At each step, Praline checks which of the pair-wise alignments (sequence-sequence, sequence-profile,
profile-profile) has the highest score — this one gets selected
How to represent a block of Consensus sequence

sequences

n Historically: consensus sequence
single sequence that best represents the
amino acids observed at each alignment
position.

n Modern methods: alignment profile
representation that retains the information
about frequencies of amino acids
observed at each alignment position.

Sequencel! [FATNMGTSDPPTHTRLRKLVSQ
Sequence2 |[FVT NMNNSDGPTHTKLRKLVST
Consensus F* TNM* * SD* PTHT* LRKLVS?*

n Problem: loss of information

n For larger blocks of sequences it
“punishes” more distant members

Alignment profiles

n Advantage: full representation of the
sequence alignment (more information
retained)

n Not only used in alignment methods, but
also in sequence-database searching (to
detect distant homologues)

n Also called PSSM in BLAST (Position-
specific scoring matrix)

Multiple alignment profiles

Core region Gapped region Core region
i frequencies

A | fA fA.. fA..
C|fC.. fC.. fC..
D |fD.. D.. fD..
W/ fw.. fW.. fW..
Y | fY. fY.. fY..

Gapo, gapx |Gapo, gapx| Gapo, gapx

Position-dependent gap penalties




Profile building
q Example: each aa is represented as a frequency and gap
penalties as weights.

. !

i
A[05 0.3 0
clo 0.1 0.5
D|O 0 0.2
wi 0 0.3 0.1
Y |05 0.3 0.2
G
pgrﬁ)alties 1.0 0. 10

Position dependent gap penalties

Profile-sequence alignment

sequence

Sequence to profile alignment

- mF<<®>>

0.4 A
0.2L
0.4V

Score of amino acid L in a sequence that is aligned against
this profile position:

Score = 0.4 * s(L, A) + 0.2 * s(L, L) + 0.4 * s(L, V)

Profile-profile alignment
profile

profile

ACD.....\WY

General function for profile-profile

scoring
| Profile 1 | Profile 2

g At each position (column) we have different residue
frequencies for each amino acid (rows)

q Instead of saying S=s(aa,, aa,) for pairwise alignment
gq For comparing two profile positions we take:

20 20

S= ZZfaai xfaa; xs(aa, aa;)
i

Profile to profile alignment

0.4 A 0.75G
0.2L 0.25s

oay ———

Match score of these two alignment columns using the a.a frequencies at the
corresponding profile positions:

Score = 0.4*%0.75%s(A,G) + 0.2%0.75*s(L,G) + 0.4*0.75*s(V,G) +
+ 0.4%0.25*s(A,S) + 0.2%0.25*s(L,S) + 0.4*0.25*s(V,S)

s(x,y) is value in amino acid exchange matrix (e.g. PAM250, Blosum62) for
amino acid pair (x,y)




Progressive alignment strategy

Methods:

Biopat (Hogeweg and Hesper 1984 -- first integrated
method ever)

MULTAL (Taylor 1987)

DIALIGN (1&2, Morgenstern 1996) — local MSA
PRRP (Gotoh 1996)

ClustalW (Thompson et al 1994)

PRALINE (Heringa 1999)

T-Coffee (Notredame 2000)

POA (Lee 2002)

MUSCLE (Edgar 2004)

PROBSCONS (Do, 2005)

MAFFT

Pair-wise alignment quality versus

sequence identity
(Vogt et al., IMB 249, 816-831,1995)

100 L e
% SRR i
£ w0
g
%- 60
E 50
E 40
S 30
8
«g— 20
5 w0
PR i i
0 10 20 30 40 50 6 70 8 % 100

Percent of identical residues

Clustal, ClustaW, Clustal X

n CLUSTAL WI/X (Thompson et al., 1994) uses Neighbour Joining
(NJ) algorithm (Saitou and Nei, 1984), widely used in phylogenetic
analysis, to construct a guide tree (see lecture on phylogenetic
methods).

n Sequence blocks are represented by profile, in which theindividua
sequences are additionally weighted according to the branch
lengthsin the NJ tree.

n Further carefully crafted heuristicsinclude:

— (i) local gap penalties

— (i) automatic selection of the amino acid substitution matrix, (iii) automatic
gap penalty adjustment

— (iv) mechanismto delay alignment of sequencesthat appear to be distant at
thetimethey are considered.

n CLUSTAL (W/X) does not allow iteration (Hogeweg and Hesper,
1984; Corpet, 1988, Gotoh, 1996; Heringa, 1999, 2002)

Aligning 13 Flavodoxins + cheY

Flavodoxin

fold: doubly
wound (3a3
structure

5(Ba)

Flavodoxin family - TOPS diagrams

snul Tref

DD =6 — —~ The basic topology of
OEra—
%;f/j:/ N l L]J lit_/,(// the flavodoxin fold is
N A AVA - =N given below, the other
o v AV i .
O WD S our TOPS diagrams
o show flavodoxin folds
with local insertions of
secondary structure
,)cﬁ i elements (David
% o TOQ Ay Gilbert)

Basic Topology

elele)]
A g% O a-helix

A\ B-strand

Flavodoxin-cheY NJtree

Cluster algorithn PHY| OGENETIC, TREE Phylogran

161
104

FLAY_DESVH

FLAY_DESCT

FLAY_DESSA

sl —  FiAv_DEsDE

afun

FLAY_MEGEL

for

m FLAY_ANASP
FLAY_ECOLT
™
FLAY.AZOVT
&
FLAY_ENTAG

LAY_CLORB
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Clustal\W web-interface

submission Form

e crivere |
b PR ‘

o | [we

CLUSTAL X (1.64b) multiple sequence alignment Flavodoxin-

cheY
AL YGSTITGNTEYTAET) ARCLANAG Y- EVDSRDARSVEAGCLFECFDLVLLGCSTVEEDSI - - LQDCF PLFD» SLEETGHQRK
FLAV_OESH  MPKALIVYCSTTCNTEVTAET ARELADAG Y. EVDSHDAASVEACCLFEGFOLVLLOCSTWEDOSI E..--LGDOFI LA LEETOAGERC
FUNVCDESS  MALI VYCSTTCNTECVAEA AKTLASED W ETTWINADYTAPCLAEG/DWLLOCSTWEDOE! E- - LGEDRVALYE: L DRRGL KKK
FLAVDESSA  MEXSLIVYCOTTOUTETMEWASAFINCE ) DVEL KW TEVEVACLNGAD VL FOLSTWEEEES ... LCDOFI YD S EAADLKGHK
FUACOESOE  NKVLI VFGSSTONTESI AGKLEEL| MAGS H EVILLIAADASHENLADGYDAVLFCCSAVAEELE. - VGEEFLS. P EFARECLAGK
FLACLOG  -HO SI LYSSKTOKTERVAKLI EARSEN+ EVKTHLDADOFLGE: S0 | FTPTYAAY SV D ESSErM £
R e v, LLCCPAESE. £ LEDSIEPFF. TOUAPKLKGKK
FLW_AWS X0 GLEYGTQUCKTESVAE | FOEFGRDAT. - LHDVSGAEVTOLND:YQULI | GCPTVN GELG- - S0---VEGLYS. ELOOVDING.
Fazon  omaa YGH ) LGTPTI L P SSOOPESHEEFL P K EGL0FST
FLAVENTAG  MATI O FFOSOTCOTRRAKL HKLDG ADAP. - LIVRRATREGELS. - VL LLGTP L CCEL PYEACSQHOSWGEF T T SeADLTGHT
FUNCEGL! A\ TGl FFCSOTCHTEN A QKQLCKDUAD - VHE AKSSHEDLER YD1 LLLGI PTWIYGEAG (D
Seny S ELKEL EDR STV VRALLKEL . FNWVEEAEDGAL - KL OGNV, -
e VD BB Pp—
FLv_cesm v
v aoe
vy
FLav_Az0n

The secondary structures of 4 sequences are known and can be
used to asses the alignment (red is f-strand; biue is -helix)

There are problems ...

Accuracy is very important !!!!

q Progressive multiple alignment is a greedy strategy:
Alignment errors during the construction of the MSA
cannot be repaired anymore and these errors are
propagated into later progressive steps.

q Comparisons of sequences at early steps during
progressive alignment cannot make use of information
from other sequences.

q It is only later during the alignment progression that
more information from other sequences (e.g. through
profile representation) becomes employed in the
alignment steps.

Progressive multiple alignment

“Once a gap, always a gap”

Feng & Doolittle, 1987

Additional strategies for multiple
sequence alignment

* Matrix extension (T-coffee)

* Profile pre-processing (Praline)

» Secondary structure-induced
alignment

Objective: try to avoid (early) errors

Integrating alignment methods
and alignment information with
T-Coffee
Integrating different pair-wise alignment

techniques (NW, SW, ..)

» Combining different multiple alignment
methods (consensus multiple alignment)

e Combining sequence alignment methods
with structural alignment techniques

Plug in user knowledge

11



Matrix extension

Using different sources of alignment information

T_ Coffee Clustal Clustal Structure alignments
Tree-based Consistency Objective Function - - —
For alignmEnt Evaluation —
Dialign Lalign Manual
Cedric Notredame (* Bioinformaticsfor dumm'eé’) = \./ =
Des Higgins a
Jasp Heringa J. Mol. Bial., 302, 205-217;2000 T—Cgﬁ%e

Seql AAl Seq2 AA2 Weight

v3r 5 L33 10
V3l 6 L34 14
5 I33 6 R35 21
5 133 6 136 35

Search matrix extension — alignment transitivity

aSigmal Addition: Computation of the primary we(ghis.

Primary Library
Res.l Res.2  Welght

Mo BEH 30
A BO 25

Rec L Ree.2  Weight

A BR)  1ocmis(i15)
A B(o)  1o=mim(16,20
A®) BOL4) 3Smind 40,35)
A) B(19) 20=min(40,20)
]

£ Combination: Pasitios Sperific: Scoring Scheme for A and R sing information
rom nequemce A, B and C. * *

Exieaded Library
Kes. I Kes.2 Welght

0
w
Afo) Bl s0=25e35
Ale) BOS) 20

T-Coffee

12



Search matrix extension

a)Regular Progressive Alignment Steategy

con GamrImLD Tam casr FAT omr

se<m Samrzmip Tam FasT car ZoSh SASEIZID INE EAST IR
—- SeSe SARFIELD TsE VERY TAST car
eas GamPIELD Tim ummr TAST oRT
eco Tam raz car
Ba i macy Libeacy
o TETIES I MIF IS SN romoeaw-m  Ng SEFIES HE ey FAST SN PrnTemnoao
232 SNTEEIR INE WBET IACE SXF romeawom  zogm samrrmio mmm masr cax [
2595 SARTIECD Inm Lasr ZaToSar pomoeamoso IS5 SRSTINIS INE VERY DR SAT Punomeswoim
iEmtended Library for seqL and s
[Em——r—
meam arrrms T s rar T
— 1[I
ey L LU i)

o35 camzmcn THE oo Pasr oAt

T-COFFEE web-interface

[,
P bt s
Output
P aseioin Cprsn Cpion B gt
s
B v
[

N )

n Computes structural

alignments

Structures associated

with the sequences are

retrieved and the e

information is used to

optimise the MSA

n More accurate ... but for
many proteins we do
not have a structure

=1

but.....
T-COFFEE (V1.23) multiple sequence alignment
Flavodoxin-cheY

11 PKALI VYGSTTGNTEVTAET ARQL ANAG YEVDSRDAAS\E- AGGLFEGFDLVLLGCSTVEDDS! E-

achy ADKELKFLVD: - DFSTNRRI VR\L L KEL G- NVE- EAEDG/DAL NKL Q- AGGYGFVI SORNPAMDGLE - - - - - - -- - - - - - LLKTI RADGAVBALPVLIA/

YEYFOGA- VDAl EEKLKNLGAE] VDG

VACFGOGDSS -
VAGFGTGDSS-

VOIFGOGDSS -

-~ AATLEEKLNKI FEKL
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