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Pairwise alignments

Pairwise alignments are used to 
ompare pairs ofsequen
es to �nd homologous regions.Various algorithms exist to build lo
al or globalpairwise alignments (Smith-Waterman,Needleman-Wuns
h, BLAST, ...).However, they are limited to the primary sequen
eand do not inform about "hidden" features of theanalyzed sequen
es.seq1 WFHGSWTRQGAEHLL-LLKGEAGTFVLRECLSSPGQYVLSV--RYIGNHK--HCIISQHDRNGQFLIEDDRACDTFGMLLQHY:.:: :. :: :: ....:.:..:: : . : . ..: . :.. . : .... :: : : :. ... .seq2 WYHGEIERSIAEGLLGQRRNNTGSFIVREALENIGAFSVTVYDKDISHPRVLHFRVNSNMNNG-FYIATKTCFRTIPYIIWFF
LC/MP-SIB-2006 � p.3/??
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Multiple sequen
es alignment

A multiple sequen
e alignment (MSA) has a higherinformation 
ontent than a pairwise alignment.MSA is a method of 
hoi
e to dete
t 
onservedregions in DNA and proteins, usually asso
iated with:Signals (promoters, signatures for phosphorylation,
ellular lo
alization signals, ...)Stru
ture (folding, regions of intera
tion, ...)Chemi
al rea
tivity (
atalyti
 sites, ...)
LC/MP-SIB-2006 � p.5/??



MSA information 
ontent

Example: MSA re�e
ts se
ondary stru
ture
10 20 30 40 50 60 70 80

SH2-7/9-77

SH2-19/9-78

SH2-14/9-75

SH2-8/9-80

SH2-6/9-81

SH2-5/9-78

SH2-15/9-76

SH2-12/7-92

SH2-20/9-74

SH2-1/9-83

SH2-10/10-74

SH2-2/14-86

SH2-17/9-77

SH2-11/9-80

SH2-4/9-74

SH2-3/9-74

SH2-16/18-80

SH2-9/9-77

SH2-18/11-83

SH2-13/9-81

GESER L L MM - - EVQEGT F L I RKSDAMYPGC - - - - Y T L SHSENSV - - - - - - - R FKE I I I SKMQRM - - - - SVCAE - SK - - - H I L L NE I VWVY

NEAEGL L MN - - DKEDGAY L VRSSRS - DVGE - - - - I S L SVR FDD - - - - - - - - E I HH FR I C T L TKG - - - - - V I MKA I L GDN FSD L PQL VYHY

KEAEKY L SE - - - GKDGT F L VRDSD - - KPGE - - - - I S L A L HEEK - - - - - - - - M I TP F I I HRNDDD - - - NYYRGEGE T - - - FPA I SE L I MYY

TEVP L L L L E I - SPARGTY L VRKSS - - T L GD - - - - Y TV TVRDDG - - - - - - - - RVKH FQ I QFKED L K TPGGY I I EGP T - - - FC T I ND L I DHQ

- EAEE L I QKP - EGRNGK F L VR TSR - - TDGE - - - - FA L SVHNDGV - - - L THPDRKH FR I I EANDG - - - GY F I AEESS - - - HCS FKQL I GL Y

S TREQQL L K - - GNEEGS F L VRKSDP - RKGN - - - - FV L TRKVGSPE - - MANSCHKHYKVYRNGTK - - - - - YYSDGK - - - - - - S L AEM I R L Q

- DAVRML RD - - - - PVGK FVVR FSD T - SPGE - - - - Y T L SVV FNA - - - - - - VQ I L NPVM I NR L EEK - - - I YYV F TRE T - - - FES L DD I K THH

QQAED I FRAG I GNKPGT F L VRESES - TPADGMSEYA L AVRHNEPEQNSRYGKV I HHK I RRVPDYYDDGY F L KEEAK - - - L QH L GQL I EYY

EEAYES L L G - - - - - PGD F L L RES I S - KP L E - - - - I S L SVMDDG - - - - - - - - KV I WYRKQEVDNR - - - TY TR FGRKK - - - FR T L QY L I QH F

DDAEE I L QDP - RVPSGK F L VREAK - - KPS F - - - - F I L PVKYDDR - - - - E L S TVKH FKVK TDANG - - - GYY L T L GPQV - GL DE I TE L VQYY

A I AEAR L QN - - - TMYGGY L VRESE - - SPGE - - - - I A L S L WHCS - - - - - - - - SVKW- R I Y TNENG - - - N L V I YS - L F - - - FS T L SQFVYHY

SKAE TQL ND - - GGRDGS F I VRDSA T - RPGD - - - - I A FS L R TDGD - - - - RGEEVNHCKV TPMDNG - - - KYYVEMNDR - - - FN T I QE L I EVY

KEAEEC L MDR - EQRDGL FV I RESSQ - HPNA - - - - FS I SVRE FG - - - - - - - - SVGH I VVRYDNRG - - - - I I I TDN TV - - - NCH L GE L I H FY

- L ASYR L A T - - ARPPGT F L VR L SDN - S TGD - - - - I TVSVVDWGQ - - - KRNPKVKQY L I L EECNG - - - - V FG I GREY - - - FDEPQA L VHGY

AYVEML L K T - - - - - TGT F L VRESDS - SEGS - - - - F T L SVRYQS - - - - - - - - EVQHY I I DKQDGG - - - KYML DRSRR - - - HGS L L E I VNHY

E L VENS L ML - - - EK TGD F L L RQSE - - APGS - - - - YV L YWL D I S - - - - - - - - VVKHY L I KNEQNC - - - - YYMT TG I R - - - FSS L P L L VMDY

PEAEDR L L P - - - NKQG I Y L VRKRE T - EEGQ - - - - Y T L T L V TKN - - - - - - - - NHSHV I I GFSE TG - - - - Y FC TGK I - - - - - - - L QD L VSHY

KQAEE L L L YS - GQHQGQL I VRPSEH - EQGH - - - - FA L SVRSGSP - - - - - - - RVKH I V I QSDEHR - - - - - I RNGGE T - - - FSS L EE L VEVD

NEAEYQL VP - - - GKKGD F L VRDSSR - QEDD - - - - F T L SVV FND T - - - PNGEQ I KHYH I MF L AA F - - - GYYV I L N I E - - - FD T L AD L I SYH

QDAA T L L QS - - GGEEGS F L VRESDS - HQGV - - - - FS L SV L EQRD - - - SKKSKVHH I L VQSAED - - - - QV L I SERKK - - - FDGL FD L I THY

alpha−helix beta−strand beta−strand beta−strand alpha−helix

LC/MP-SIB-2006 � p.6/??



Models of MSA

We need a model to des
ribe a MSA and itsinformation 
ontent. The model will be used tore-align sequen
es, sear
h databases, and transferannotation.Various te
hniques exist to build a model of a MSA:Consensus sequen
esPatternsPosition Spe
i�
 S
oring Matri
es (PSSMs)Pro�lesHidden Markov Models (HMMs)

LC/MP-SIB-2006 � p.7/??
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Consensus sequen
es

The 
onsensus sequen
e method is the simplest wayto build a model from a MSA.A 
onsensus sequen
e is build using the followingrules:majority winsskip to mu
h variation

LC/MP-SIB-2006 � p.9/??



Consensus sequen
es
GHEGVGKVVK I G

GHEKKGY FEDRG

GHEGYGGRSRGG

GHE FEGPKGCGA

GHE L RGT T FMPA

1  2  3  4  5  6  7  8  9 10 11 12

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

G  H  E  .  .  G  .  .  .  .  .  .  Consensus: LC/MP-SIB-2006 � p.10/??



Consensus sequen
es: 
on
lusion

Advantages:very fast and easy to implement (a simple wordpro
essor is enough).Limitations:no information about variations in the 
olumns ofthe MSAhighly dependent on the training setno s
ores, only binary result (YES/NO)When to use 
onsensus sequen
es?to �nd highly 
onserved signatures, as for examplerestri
tion sites in DNA sequen
es LC/MP-SIB-2006 � p.11/??
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Patterns
Patterns des
ribe sets of alternative sequen
es usinga single expression.In 
omputer s
ien
e patterns are known as regularexpressions (regexp).To des
ribe alternative sequen
es in a singleexpression we require a spe
ial syntax.

LC/MP-SIB-2006 � p.13/??



Pattern syntax

aa are represented by single letter 
odeea
h position is separated by a dash '-''x' represents any aa'[℄' group of aa a

epted for a position'{}' group of aa not a

epted for a position'()' repetitions ([AG℄(2,4) means A or G between 2 and4 times, x(2) means any aa twi
e)'<' an
hor at the N-term'>' an
hor at the C-term

LC/MP-SIB-2006 � p.14/??



Pattern vs. Regexp

Pattern: <A-x-[ST℄(2)-x(0,1)-{V}Regexp: � A.[ST℄{2}.?[� V℄Text:The sequen
e must start with an alanine,followed by any aa,followed by a serine or alanine twi
e,followed by any aa or nothing,followed by any aa ex
ept a valine.
LC/MP-SIB-2006 � p.15/??



How to build a pattern
GHEGVGKVVK I G

GHEKKGY FEDRG

GHEGYGGRSRGG

GHE FEGPKGCGA

GHE L RGT T FMPA

Consensus:

1  2  3  4  5  6  7  8  9 10 11 12

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

G  H  E  .  .  G  .  .  .  .  .  .  

G−H−E−X(2)−G−X(5)−[GA]  Pattern:

LC/MP-SIB-2006 � p.16/??



Patterns: 
on
lusion

Advantages:pattern mat
hing is fast and easy to implementmodels are easy to design and understandLimitations:poor models for insertions/deletions (indels)poor predi
tors: tend to re
ognize only sequen
esin the training setno s
ores, only binary results (YES/NO)When to use patterns?to sear
h for relatively 
onserved and smallsignaturesto 
ommuni
ate to other biologists LC/MP-SIB-2006 � p.17/??



Patterns: 
on
lusion (2)

Patterns 
an be automati
ally extra
ted (dis
overed)from a set of unaligned sequen
es by spe
ializedsoftware based on ma
hine learning:Pratt (http://www.ebi.a
.uk/pratt/)Splash (http://www.resear
h.ibm.
om/splash/)Teiresias (http://
b
srv.watson.ibm.
om/Tspd.html)Su
h automati
 patterns are usually different fromthose designed by an expert with some knowledge ofthe bio
hemi
al literature.

LC/MP-SIB-2006 � p.18/??



Prosite: a patterns database

Current version of Prosite 
ontains 1329 patterns ofprotein motifs.Ea
h pattern is asso
iated with an exhaustivedo
umentation.A quality value is asso
iated to ea
h pattern based onthe true positive (TP), false negative (FN), and falsepositive (FP), found in SWISS-PROT.Frequently mat
hing pattern are tagged with a spe
ial�ag (SKIP_FLAG=TRUE).Web a

ess: http://www.expasy.org/prosite/
LC/MP-SIB-2006 � p.19/??



Prosite: example

LC/MP-SIB-2006 � p.20/??



Prosite: sear
h and s
an

LC/MP-SIB-2006 � p.21/??



MyHits: pattern sear
h

LC/MP-SIB-2006 � p.22/??



MyHits: pattern s
an

LC/MP-SIB-2006 � p.23/??



Outline
Introdu
tionReminder on pairwise alignmentsMultiple alignments and their information 
ontentModels of multiple alignments and databasesConsensus sequen
esPatterns and regular expressionsPosition Spe
i�
 S
oring Matri
es (PSSMs)Generalized Pro�lesHidden Markov Models (HMMs)PSI-BLAST and protein domain hunting

LC/MP-SIB-2006 � p.24/??



PSSM
Position Spe
i�
 S
oring Matri
es (PSSMs) arebased on the observed frequen
ies of ea
h residue inea
h 
olumn of the MSA.Log-odds s
ores are derived from the observedfrequen
ies:log-odds are preferred for 
omputational reasons.

LC/MP-SIB-2006 � p.25/??



PSSM: frequen
ies

GHEGVGKVVK I G

GHEKKGY FEDRG

GHEGYGGRSRGG

GHE FEGPKGCGA

GHE L RGT T FMPA

D  0  0  0  0  0  0  0  0  0  1  0  0
E  0  0  5  0  1  0  0  0  1  0  0  0
F  0  0  0  1  0  0  0  1  1  0  0  0
G  5  0  0  2  0  5  1  0  1  0  2  3
H  0  5  0  0  0  0  0  0  0  0  0  0
I  0  0  0  0  0  0  0  0  0  0  1  0
K  0  0  0  1  1  0  1  1  0  1  0  0
L  0  0  0  1  0  0  0  0  0  0  0  0
M  0  0  0  0  0  0  0  0  0  1  0  0
N  0  0  0  0  0  0  0  0  0  0  0  0
P  0  0  0  0  0  0  1  0  0  0  1  0
Q  0  0  0  0  0  0  0  0  0  0  0  0
R  0  0  0  0  1  0  0  1  0  1  1  0
S  0  0  0  0  0  0  0  0  1  0  0  0
T  0  0  0  0  0  0  1  1  0  0  0  0
V  0  0  0  0  1  0  0  1  1  0  0  0
W  0  0  0  0  0  0  0  0  0  0  0  0
Y  0  0  0  0  1  0  1  0  0  0  0  0

A  0  0  0  0  0  0  0  0  0  0  0  2
C  0  0  0  0  0  0  0  0  0  1  0  0

1  2  3  4  5  6  7  8  9 10 11 12

fA;1 = 05 = 0, fG;1 = 55 = 1, ...fA;2 = 05 = 0, fH;2 = 55 = 1, ......fA;12 = 25 = 0:4, fG;12 = 35 = 0:6, ...
LC/MP-SIB-2006 � p.26/??



Pseudo-
ounts

Some frequen
ies equal 0. This re�e
ts the limitednumber of sequen
es in the MSA.A frequen
y of 0 imply the ex
lusion of the
orresponding residue at this position (this is the 
asewith patterns).To avoid this we 
an add a small number to allobserved 
ounts. These small non-observed 
ountsare referred to as pseudo-
ounts.Substitution matri
es and Diri
hlet mixtures 
an beused to produ
e more "realisti
" pseudo-
ounts.
LC/MP-SIB-2006 � p.27/??



PSSM: pseudo-
ounts
GHEGVGKVVK I G

GHEKKGY FEDRG

GHEGYGGRSRGG

GHE FEGPKGCGA

GHE L RGT T FMPA

C  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1
D  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1
E  0+1 0+1 5+1 0+1 1+1 0+1 0+1 0+1 1+1 0+1 0+1 0+1
F  0+1 0+1 0+1 1+1 0+1 0+1 0+1 1+1 1+1 0+1 0+1 0+1
G  5+1 0+1 0+1 2+1 0+1 5+1 1+1 0+1 1+1 0+1 2+1 3+1
H  0+1 5+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
I  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1
K  0+1 0+1 0+1 1+1 1+1 0+1 1+1 1+1 0+1 1+1 0+1 0+1
L  0+1 0+1 0+1 1+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
M  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1
N  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1

A  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 2+1

Q  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
R  0+1 0+1 0+1 0+1 1+1 0+1 0+1 1+1 0+1 1+1 1+1 0+1
S  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1 0+1
T  0+1 0+1 0+1 0+1 0+1 0+1 1+1 1+1 0+1 0+1 0+1 0+1
V  0+1 0+1 0+1 0+1 1+1 0+1 0+1 1+1 1+1 0+1 0+1 0+1
W  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
Y  0+1 0+1 0+1 0+1 1+1 0+1 1+1 0+1 0+1 0+1 0+1 0+1

   1   2   3   4   5   6   7   8   9  10  11  12

P  0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1 0+1 1+1 0+1

fA;1 = 0+15+20 = 0:04, fG;1 = 5+15+20 = 0:24, ...fA;2 = 0+15+20 = 0:04, fH;2 = 5+15+20 = 0:24, ......fA;12 = 2+15+20 = 0:12, fG;12 = 3+15+20 = 0:16, ...
LC/MP-SIB-2006 � p.28/??



PSSM: s
ore

The frequen
y of ea
h residue at ea
h position of theMSA is 
ompared to the frequen
y at whi
h theresidue is expe
ted in a random sequen
e.The frequen
ies expe
ted in random sequen
es arenamed a null model.A null model 
an be a simple uniform distribution, or amore 
omplex distribution based on observations (ex.frequen
ies observed in SWISS-PROT).
LC/MP-SIB-2006 � p.29/??



PSSM: s
ore (2)

The s
ore is derived from the ratio of the observed tothe expe
ted frequen
ies.The logarithm of this s
ore is 
alled log-likelihoodratio:

Sij = log( f 0ijqi ) (1)where Sij is the s
ore for residue i at position j, f 0ij is the relative frequen
y for residue iat position j (
orre
ted with pseudo-
ounts), and qi is the expe
ted relative frequen
y ofresidue i in the null model.

LC/MP-SIB-2006 � p.30/??



PSSM: s
ore (3)

GHEGVGKVVK I G

GHEKKGY FEDRG

GHEGYGGRSRGG

GHE FEGPKGCGA

GHE L RGT T FMPA

C  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1
D  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1
E  0+1 0+1 5+1 0+1 1+1 0+1 0+1 0+1 1+1 0+1 0+1 0+1
F  0+1 0+1 0+1 1+1 0+1 0+1 0+1 1+1 1+1 0+1 0+1 0+1
G  5+1 0+1 0+1 2+1 0+1 5+1 1+1 0+1 1+1 0+1 2+1 3+1
H  0+1 5+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
I  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1
K  0+1 0+1 0+1 1+1 1+1 0+1 1+1 1+1 0+1 1+1 0+1 0+1
L  0+1 0+1 0+1 1+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
M  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1
N  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1

A  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 2+1

Q  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
R  0+1 0+1 0+1 0+1 1+1 0+1 0+1 1+1 0+1 1+1 1+1 0+1
S  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1 0+1
T  0+1 0+1 0+1 0+1 0+1 0+1 1+1 1+1 0+1 0+1 0+1 0+1
V  0+1 0+1 0+1 0+1 1+1 0+1 0+1 1+1 1+1 0+1 0+1 0+1
W  0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1 0+1
Y  0+1 0+1 0+1 0+1 1+1 0+1 1+1 0+1 0+1 0+1 0+1 0+1

   1   2   3   4   5   6   7   8   9  10  11  12

P  0+1 0+1 0+1 0+1 0+1 0+1 1+1 0+1 0+1 0+1 1+1 0+1

S
ores 
al
ulated in 1/3 bit:...SA;12 = log 2+15+20120 � 3log 2 � 3:8;SC;12 = log 0+15+20120 � 3log 2 � �1;...

LC/MP-SIB-2006 � p.31/??



PSSM: example

1 2 3 4 5 6 7 8 9 10 11 12A -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 3.8C -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 2.0 -1.0 -1.0D -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0E -1.0 -1.0 6.8 -1.0 2.0 -1.0 -1.0 -1.0 2.0 -1.0 -1.0 -1.0F -1.0 -1.0 -1.0 2.0 -1.0 -1.0 -1.0 -1.0 2.0 -1.0 -1.0 -1.0G 6.8 -1.0 -1.0 3.8 -1.0 6.8 2.0 -1.0 2.0 -1.0 3.8 5.0H -1.0 6.8 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0I -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0K -1.0 -1.0 -1.0 2.0 2.0 -1.0 2.0 2.0 -1.0 2.0 -1.0 -1.0L -1.0 -1.0 -1.0 2.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 2.0 -1.0M -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 2.0 -1.0 -1.0N -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0P -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 2.0 -1.0Q -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0R -1.0 -1.0 -1.0 -1.0 2.0 -1.0 -1.0 2.0 -1.0 2.0 2.0 -1.0S -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 2.0 -1.0 -1.0 -1.0T -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 2.0 2.0 -1.0 -1.0 -1.0 -1.0V -1.0 -1.0 -1.0 -1.0 2.0 -1.0 -1.0 2.0 2.0 -1.0 -1.0 -1.0W -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0Y -1.0 -1.0 -1.0 -1.0 2.0 -1.0 2.0 -1.0 -1.0 -1.0 -1.0 -1.0 LC/MP-SIB-2006 � p.32/??



Sequen
e weighting

Subfamilies in a MSA 
an be differently populated,thus in�uen
ing the observed residue frequen
ies.Sequen
es weighting algorithms attempt to
ompensate this sequen
e sampling bias.
10 20 30

FER1_LYCES/76-76

Q93XJ9_SOLTU/76-76

FER1_PEA/81-81

FER3_RAPSA/29-29

FER_ARATH/81-81

FER2_ARATH/81-81

Q93Z60_ARATH/81-81

E E EGHD L P Y SCR AGSC S SC AGK V T AGS VDQSDGN F L D E

E E EGHD L P Y SCR AGSC S SC AGK V T AGT VDQSDGK F L DD

E E VG I D L P Y SCR AGSC S SC AGK V VGGE VDQSDGS F L DD

E E AG I D L P Y SCR AGSC S SC AGK V V SGS VDQSDQS F L DD

E E AG I D L P Y SCR AGSC S SC AGK V V SGS VDQSDQS F L DD

E E AGL D L P Y SCR AGSC S SC AGK V V SGS I DQSDQS F L DD

E E AGL D L P Y SCR AGSC S SC AGK V V SGS I DQSDQS F L DD

High weight

Low weight

Low weight

Medium weight
SEQ1
SEQ2
SEQ3
SEQ4
SEQ5
SEQ6
SEQ7
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PSSM: s
oring a mat
h

The PSSM is applied as a sliding window along thesubje
t sequen
e.at ea
h position, the s
ore is obtained by summingthe s
ores of all 
olumnsthe highest s
oring position is reported
LC/MP-SIB-2006 � p.34/??



PSSM: s
oring a mat
h (2)

Position +1

Position +1

Y  −1.0 −1.0 −1.0 −1.0  2.0 −1.0  2.0 −1.0 −1.0 −1.0 −1.0 −1.0

Y  −1.0 −1.0 −1.0 −1.0  2.0 −1.0  2.0 −1.0 −1.0 −1.0 −1.0 −1.0

W  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0

T S G EH L V G G V A

...

F P A R C A S

T S G EH L V G G V A F P A R C A S

Score = −6

Score = 39

A  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  3.8
C  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0
D  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
E  −1.0 −1.0  6.8 −1.0  2.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0
F  −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0
G   6.8 −1.0 −1.0  3.8 −1.0  6.8  2.0 −1.0  2.0 −1.0  3.8  5.0
H  −1.0  6.8 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
I  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
K  −1.0 −1.0 −1.0  2.0  2.0 −1.0  2.0  2.0 −1.0  2.0 −1.0 −1.0
L  −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0
M  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0
N  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
P  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0
Q  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
R  −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0  2.0 −1.0  2.0  2.0 −1.0
S  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0
T  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0  2.0 −1.0 −1.0 −1.0 −1.0
V  −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0  2.0  2.0 −1.0 −1.0 −1.0

1    2    3    4    5    6    7    8    9   10   11   12

A  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  3.8
C  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0
D  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
E  −1.0 −1.0  6.8 −1.0  2.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0
F  −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0
G   6.8 −1.0 −1.0  3.8 −1.0  6.8  2.0 −1.0  2.0 −1.0  3.8  5.0
H  −1.0  6.8 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
I  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
K  −1.0 −1.0 −1.0  2.0  2.0 −1.0  2.0  2.0 −1.0  2.0 −1.0 −1.0
L  −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0
M  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0
N  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
P  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0
Q  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
R  −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0  2.0 −1.0  2.0  2.0 −1.0
S  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0 −1.0
T  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0  2.0  2.0 −1.0 −1.0 −1.0 −1.0
V  −1.0 −1.0 −1.0 −1.0  2.0 −1.0 −1.0  2.0  2.0 −1.0 −1.0 −1.0

1    2    3    4    5    6    7    8    9   10   11   12

W  −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0 −1.0
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PSSM s
ore interpretation

We 
an estimate the s
ore distribution of a PSSM onunrelated sequen
es.This allows to estimate the E-value: number ofmat
hes with equal or greater s
ore than theobserved that we expe
t to o

ur by 
han
e.We must sele
t a 
utoff to ensure small E-values.
F

re
qu

en
cy

Score

homologous sequences
non-homologuous sequences

Observed distribution

low
 cu

to
ff hig

h 
cu

to
ff
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PSSM: 
on
lusion

Advantages:good for short, relatively 
onserved regionsrelatively fast and simple to implementreturns s
oresLimitations:indels are forbidden: long regions 
annot bedes
ribedWhen to use PSSMs?to model small regions with high variability but
onstant length
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PSSM: 
on
lusion (2)

PSSMs 
an be automati
ally extra
ted from a set ofunaligned sequen
es.MEME is an expe
tation-maximization algorithm that�nd PSSMs (http://meme.sds
.edu/meme/website/).Two or more PSSMs 
an be used to des
ribe longregions: �ngerprints.
PSSM 3

SCNLGGCKA
SCQQRGCKG
SCNNGGCVG

VRTTLQAA
VRTSIIAA
KKSTLLLA
VKGSSNAG
VKSSILAV

Fingerprint

PSSM 1 PSSM 2

RKLLVGAPVLL
RRILVAAPALL
RKLAAGAPVIL
KKIIAGGPAII
KRLLVGAPVLL

SCLLATCVG
TCILGGCRG LC/MP-SIB-2006 � p.38/??



Fingerprints databases

PRINTS is a 
olle
tion of annotated �ngerprints(http://umber.sbs.man.a
.uk/dbbrowser/PRINTS).

BLOCKS: another �ngerprints database (http://blo
ks.fh
r
.org).LC/MP-SIB-2006 � p.39/??



Outline
Introdu
tionReminder on pairwise alignmentsMultiple alignments and their information 
ontentModels of multiple alignments and databasesConsensus sequen
esPatterns and regular expressionsPosition Spe
i�
 S
oring Matri
es (PSSMs)Generalized Pro�lesHidden Markov Models (HMMs)PSI-BLAST and protein domain hunting
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Generalized pro�les

Generalized pro�les are an extension of the PSSMs,where position spe
i�
 deletions and insertionspenalties are 
onsidered.Generalized pro�les are a generalization of thedynami
 programming algorithm where:the global substitution matrix is repla
ed by aPSSM;gap penalties are repla
ed by position spe
i�
deletions and insertions penalties.

LC/MP-SIB-2006 � p.41/??



Generalized pro�les: 
on
epts

- Mat
h state: a position dependent substitution s
ore isasso
iated with ea
h residue as for PSSMs.- Deletion state: at ea
h position, a mat
h state 
an be repla
edby a deletion asso
iated with a position spe
i�
 penalty.- Insertion state: variable length insertions between any twoadja
ent mat
h/deletion states. They have a position spe
i�
penalty that might also depend upon the inserted residues.- Transitions: transitions between states are asso
iated withpenalties, primarily to model the 
ost of opening and 
losing agap.- Some additional transitions permit to tune the model for lo
al orglobal alignments. LC/MP-SIB-2006 � p.42/??



Generalized pro�les: 
on
epts (2)

I I I I I I I

I

i

i i+1

i+1

al
ph

ab
et

I I I I

W  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0
Y  −1.0    −1.0    −1.0    −1.0     2.0    −1.0     2.0    −1.0    −1.0    −1.0    −1.0    −1.0

Deletion  −d1     −d2     −d3     −d4     −d5     −d6     −d7     −d8     −d9    −d10    −d11    −d12

  

 

1       2       3       4       5       6       7       8       9      10      11      12

A  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.      3.8
C  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0     2.0    −1.0    −1.0
D  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0
E  −1.0    −1.0     6.8    −1.0     2.0    −1.0    −1.0    −1.0     2.0    −1.0    −1.0    −1.0
F  −1.0    −1.0    −1.0     2.0    −1.0    −1.0    −1.0    −1.0     2.0    −1.0    −1.0    −1.0
G   6.8    −1.0    −1.0     3.8    −1.0     6.8     2.0    −1.0     2.0    −1.0     3.8     5.0
H  −1.0     6.8    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0
I  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0
K  −1.0    −1.0    −1.0     2.0     2.0    −1.0     2.0     2.0    −1.0     2.0    −1.0    −1.0
L  −1.0    −1.0    −1.0     2.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0     2.0    −1.0
M  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0     2.0    −1.0    −1.0
N  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0
P  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0     2.0    −1.0
Q  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0
R  −1.0    −1.0    −1.0    −1.0     2.0    −1.0    −1.0     2.0    −1.0     2.0     2.0    −1.0
S  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0    −1.0     2.0    −1.0    −1.0    −1.0
T  −1.0    −1.0    −1.0    −1.0    −1.0    −1.0     2.0     2.0    −1.0    −1.0    −1.0    −1.0
V  −1.0    −1.0    −1.0    −1.0     2.0    −1.0    −1.0     2.0     2.0    −1.0    −1.0    −1.0

D

MM

D

LC/MP-SIB-2006 � p.43/??



Prosite: a pro�les database

Prosite 
ontains a 
olle
tion of patterns and pro�lesdes
ribing protein domains and motifs.Entries in Prosite are asso
iated to high qualityannotation.Normally two 
utoff s
ores are present: the �rst fortrusted mat
hes, the se
ond for mat
hes in thetwilight zone interesting for dis
overy.
LC/MP-SIB-2006 � p.44/??



Prosite: example
Match

Explicit I Explicit DLC/MP-SIB-2006 � p.45/??



MyHits and pro�les

The MyHits servi
e:sear
h and s
an sequen
es with pro�les andpatterns;build pro�les starting from a MSA;store personal sequen
es, patterns, and pro�les;other protein domain des
riptors are available(HMMs);very informative graphi
al representation of thealignments.
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MyHits: motif s
an
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Pairwise alignment vs. Pro�le

Smith-Waterman alignment of two thioredoxindomains:

LC/MP-SIB-2006 � p.48/??



Pairwise alignment vs. Pro�le (2)

Thioredoxin domain aligned with a pro�le build from aMSA of thioredoxins:

LC/MP-SIB-2006 � p.49/??



Generalized pro�les: software

The pa
kage Pftools 
ontains all the tools required tobuild and use generalized pro�les(http://www.isre
.isb-sib.
h/ftp-server/pftools/)The pa
kage 
ontains:pfmake to build a pro�le from a MSApf
alibrate to 
alibrate the pro�lepfsear
h to sear
h a protein database with a pro�lepfs
an to s
an a protein against pro�les...

LC/MP-SIB-2006 � p.50/??



Generalized pro�les: 
on
lusion

Advantage:deal with indelsvery sensitive to dete
t homologies below thetwilight zones
oring systemtools for building and 
alibrating the pro�leLimitations:sophisti
ated softwareCPU expensiveuser expertise is required

LC/MP-SIB-2006 � p.51/??



Outline
Introdu
tionReminder on pairwise alignmentsMultiple alignments and their information 
ontentModels of multiple alignments and databasesConsensus sequen
esPatterns and regular expressionsPosition Spe
i�
 S
oring Matri
es (PSSMs)Generalized Pro�lesHidden Markov Models (HMMs)PSI-BLAST and protein domain hunting
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Hidden Markov Models (HMMs)

Hidden Markov Models (HMMs) are an extension ofthe Markov Chain theory, whi
h is part of the theoryof probabilities.A Markov Chain is a su

ession of states si(i = 0; 1; :::) 
onne
ted by transitions.A probability Pij is asso
iated to ea
h transitions froma state si to a state sj .

LC/MP-SIB-2006 � p.53/??



Example of a Markov Chain

Start

CA

G T

Transition probabilitiesP (AjG) = 0:18, P (CjG) = 0:38,P (GjG) = 0:32, P (T jG) = 0:12,P (AjC) = 0:15, P (CjC) = 0:35,...
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Probability of a Markov Chain
Start

CA

G T

The probability of sequen
e x = GCCT is:P (GCCT ) = P (T jC)P (CjC)P (CjG)P (G)
LC/MP-SIB-2006 � p.55/??



Markov Chains to HMMs

HMMs are like Markov Chains: a �nite number ofstates 
onne
ted by transitions, but ...States in a HMMs are not symbols but distribution ofsymbols.
End

"Visible"

"Hidden"

Start 0.1

= 1xA, 1xT, 2xC, 2xG

= 1xA, 1xT, 1xC, 1xG

0.5

0.5

0.1

0.7
0.2

0.4
0.5
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HMM for GC ri
h DNA
A 0.25

Start State 1 State 2 End

START   1   1   1   1   2   2   1   1   1   2   END

G   C   A   G   C   T   G   G   C   T

"Hidden"

"Visible"

0.5

0.5

0.7
0.2

0.5

0.1

0.1

0.4

G 0.25
T 0.25

A 0.17

T 0.17

C 0.33
G 0.33

C 0.25
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HMMs: parameters

Emission probabilities: the probability of emitting asymbol x from an alphabet A being in state q:E(xjq)Transition probabilities: probability of a transition tostate r being in state q:T (rjq)Initiation probabilities: probability to start in state q:I(q)
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HMMs: algorithms

How likely is a given sequen
e under a given model?this is the s
oring problem and 
an be solved usingthe forward algorithmwhi
h is the most probable path between states tomodel a sequen
e?this is the alignment problem and 
an be solvedusing the Viterbi algorithmHow 
an we learn the HMM parameters given aMSA?this is the training problem and is solved using theforward-ba
kward algorithm and the Baum-Wel
hexpe
tation maximization. LC/MP-SIB-2006 � p.59/??



HMMs: algorithms (2)

For details about the algorithms see:Durbin, Eddy, Mit
hison, KrogBiologi
al Sequen
e Analysis: Probabilisti
 modelsof proteins and nu
lei
 a
ids.Cambridge University Press, 1998Baldi, BrunakBioinformati
s: The Ma
hine Learning Approa
h,2nd edition.The MIT Press, 2001
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HMMs: example
I5

BEGIN

M1 M2

D2

M3

D3

M4

D4 D5

M5

ENDD1

I0 I1 I2 I3 I4

...
P(I|4) = 0.2
P(L|4) = 0.3
...

P(A|5) = 0.01
P(C|5) = 0.9
P(D|5) = 0.02
...

P(C|2) = 0.01
P(A|2) = 0.01

P(K|3) = 0.3

...

...
...
P(L|3) = 0.03

P(R|3) = 0.3

P(D|1) = 0.02
P(C|1) = 0.05
P(A|1) = 0.7

...
P(E|2) = 0.4
P(D|2) = 0.35

ADRL−C
AERIRC
VEKI−C
ADK−−C
AEKL−C
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HMMs: alignment example

D1BEGIN

M1 M2

D2

M3 M4

D4 D5

M5

END

I1I0 I2 I3 I4 I5

D3

P(K|3) = 0.3

...
P(L|3) = 0.03

P(R|3) = 0.3
...

P(C|1) = 0.05
P(A|1) = 0.7

...
P(E|2) = 0.4
P(D|2) = 0.35
P(C|2) = 0.01
P(A|2) = 0.01

...

P(I|4) = 0.2
P(L|4) = 0.3 P(D|5) = 0.02

...

P(C|5) = 0.9
P(A|5) = 0.01

...
P(D|1) = 0.02

2x

V G G A E R − C S A

...

Align sequence to the model: Viterbi algorithm 
(find the best path between states to model the sequence)

3x

VGGAERCSA

I0 (3x)   M1 M2 M3 D4  M5 I5 (2x) LC/MP-SIB-2006 � p.62/??



HMMs: software

HMMER2 is a pa
kage to build and use HMMs(http://hmmer.wustl.edu/).hmmbuild: build HMM model from a MSAhmm
alibrate: 
alibrate a HMMhmmsear
h: sear
h a database with a HMM modelhmmpfam: s
an a sequen
e with a HMM databasehmmalign: align sequen
es to a HMMhmmemit: emit sequen
es from a HMMSAM is another pa
kage for HMMs(http://www.
se.u
s
.edu/resear
h/
ompbio/sam.html)
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Generalized pro�les vs. HMMs

Generalized pro�les are equivalent to linear-HMMslike those of HMMER2 and SAM.The optimal alignment produ
ed by dynami
programming with generalized pro�les is equivalent tothe Viterbi path on a HMM.The Pftools pa
kage 
ontains translators:htop: HMM to Generalized pro�leptoh: Generalized pro�le to HMMGeneralized pro�les allow manual tuning (by a welltrained expert). This is very dif�
ult with HMMs.
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HMMs databases

Pfam is a large 
olle
tion of HMM models (8183HMMs in Version 19.0), des
ribing protein motifs,domains, and families (http://www.sanger.a
.uk/Software/Pfam/).Smart is another 
olle
tion of HMM models for proteindomains. Ex
ellent taxonomi
 and lo
alizationinformation (http://smart.embl-heidelberg.de/).tigrfam is a database of HMMs for protein families(http://www.tigr.org/TIGRFAMs/).SCOP Superfamily: a 
olle
tion of HMM modelsdes
ribing SCOP protein superfamilies (
ommonstru
ture) (http://supfam.mr
-lmb.
am.a
.uk/SUPERFAMILY/).
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Pfam s
an
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MyHits Pfam s
an
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Smart s
an
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InterPro
The InterPro 
onsortium attempts to group a numberof protein domain databases:PROSITE, Pfam, Prints, Smart, ProDom,TIGRFAMs, PANTHER, Gene3D, ...PIR Superfamily (PIRSF): 
lassi�
ation systembased on evolutionary relationshipSCOP Superfamily: stru
ture derived HMMs.High quality annotation.Good a

ess to examples and taxonomy.http://www.ebi.a
.uk/interpro/
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InterPro s
an
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Outline
Introdu
tionReminder on pairwise alignmentsMultiple alignments and their information 
ontentModels of multiple alignments and databasesConsensus sequen
esPatterns and regular expressionsPosition Spe
i�
 S
oring Matri
es (PSSMs)Generalized Pro�lesHidden Markov Models (HMMs)PSI-BLAST and protein domain hunting
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Protein domain hunting

The Pftools and HMMER2 pa
kages 
an be used forprotein domain hunting ... but CPU expensive.

pfw, pfmake

pfcalibrate
hmmcalibrate

hmmsearch

psa2msa

pfsearch

hmmbuild

hmmalign

Multiple Alignment

HMM/Profile

Search output

trusted sequences
A collection of

Training set
=

Protein Database LC/MP-SIB-2006 � p.72/??



Protein domain hunting (2)

PSI-BLAST is faster and simpler to use ... but usesheuristi
s!
hmmalignhmmcalibrate

hmmsearch

psa2msa

pfsearch

pfw, pfmake
hmmbuild

pfcalibrate HMM/Profile

Search output

A single

PSI−blast

Multiple Alignment

trusted sequence

Training set
=

Protein Database LC/MP-SIB-2006 � p.73/??



PSI-BLAST prin
iple

1. A standard BLAST sear
h is performed against adatabase using a substitution matrix (e.g.BLOSUM62).2. A PSSM with position independent af�ne gap 
ost(
he
kpoint) is derived automati
ally from thealignments of the highest s
oring hits.3. The PSSM repla
es the initial matrix to perform a newsear
h in the database.4. Step 2 and 3 
an be repeated in
luding the newdete
ted sequen
es.5. The PSI-BLAST has 
onverged if no new sequen
esare in
luded in the last 
y
le. LC/MP-SIB-2006 � p.74/??



PSI-BLAST advantages

Fast be
ause of BLAST heuristi
s.Allows PSSMs sear
hes on large databases.Ef�
ient algorithm for sequen
e weighting.Sophisti
ated statisti
al treatment of the mat
hs
ores.Single software.User friendly interfa
e.

LC/MP-SIB-2006 � p.75/??



PSI-BLAST danger

Avoid too similar sequen
es: over �t!Can in
lude false homologous. Che
k mat
hsequen
es 
arefully and in
lude/ex
lude sequen
esbased on biologi
al knowledge.The E-value re�e
ts the signi�
an
e of the mat
h tothe previous training set not the original sequen
e.Try reverse experiment to 
ertify.No 
ontrol on the multiple alignments produ
ed atea
h 
y
le.
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PSI-BLAST danger (2)
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MyHits for protein domain hunting

MyHits servi
e (http://myhits.isb-sib.
h) is anex
ellent environment for protein domain hunting.Full 
ontrol of the PSI-BLAST:user 
an 
he
k and re-align the sele
tedsequen
es at ea
h PSI-BLAST 
y
leUser 
an build its own pro�les and use them tosear
h a database.Large number of sequen
es available.Alignments 
an be used to transfer annotation.
LC/MP-SIB-2006 � p.78/??



... lun
h!
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