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The Problem

X y z
a 10 8 10
b 10 9
Cc 4 8.6 3
d 7 3
e 1 3
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Homogeneity and Separation Principles

Homogeneity: Elements within a cluster are
close to each other

Separation: Elements in different clusters are
further apart from each other

...Clustering is not an easy task!

Given these points a
clustering algorithm might .
make two distinct clusters °. 5
as follows ° %o
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Example

microarray data

¢ Microarray data are usually transformed into an
iIntensity matrix (below)

¢ The intensity matrix allows to make correlations
between different genes and to understand how

genes functions might be related

Intensity (expression level)
of gene at measured time

\

Gene 5

ﬁgne 3 4
Gene 4 7

Time: Time X | TimeY | TimeZ
Gene 1 10 8 10
Gene 2 10 0
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Example

microarray data

Time | lbe  Zhr g1 g2 g3 G4 &% 08 097 g8 go do
a1 o &D 00 B1 92 7.7 92 238 L1102 6.1 7.0
ga o o0 B1 00120 09120 95101128 20 1.0
gy A0 A4 92120 00112 07111 81 11105115
4 a5 0.4 TT 09112 00112 92 98120 1.6 11
g5 A0 B4 93120 07112 00112 86 1.0106 116
ga s a0 23 95111 92112 00 56121 T &%
a7 a0 A4 1101 81 95 &5 606 00 91 83 03
ga 27 AT 102128 11120 10121 91 0011.4124
gn 07 20 il 20108 16106 7.7 83114 00 1.1
g0 02 10 TO 10118 11106 25 93124 1.1 0.0
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Clustering techniques

Hierarchical
K-Means
Clique Graphs

Example of graph based clustering



Hierarchical clustering

algorithm

Form n clusters each with one element

while there is more than one cluster
Find the two closest clusters C, and C,

Compute distance d from C to all other clusters

© ® NO U1 BAWN =
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return T

The algorithm takes a nxn distance matrix d of
pairwise distances between points as an input.

Construct a graph T by assigning one vertex to each cluster

Merge C, and C, into new cluster C with |C,| +|C,| elements

Add a new vertex C to T and connect to vertices C, and C,
Remove rows and columns of d corresponding to C, and C,
Add a row and column to d corresponding to the new cluster C

91 g3 93 g4 @ f8 97 g3 g3 g0

SEERSRFLSES

00 81 92 7.7 02 23 51102 61 7.0
A1 00120 09120 295101128 20 10
92120 001102 07111 51 11105115
7T 08112 00112 92 45120 1.6 11
93120 07102 00112 85 10106116
23 95111 22112 00 26121 T.7 85
al10l 21 45 BL o6 00 91 &2 03
102128 11120 10121 91 Q011.4124
61 201058 16106 7.7 83114 00 11

o | 7010118 111L6 Bo 93124 1.1 00




lerarchical clustering
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lerarchical clustering

{91 7 921 93: 941 951 96: g7l 981 99’ 91 O}
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Hierarchical clustering
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Hierarchical clustering

algorithm

1. Form n clusters each with one element

2. Construct a graph T by assigning one vertex to each cluster

3. while there is more than one cluster

4. Find the two closest clusters C, and C,

5. Merge C, and C, into new cluster C with |C,| +|C,| elements
6. Compute distance d from C to all other clusters

7. Add a new vertex C to T and connect to vertices C, and C,

8. Remove rows and columns of d corresponding to C, and C,
9. Add a row and column to d corresponding to the new cluster C
10. returnT

Different ways to define distances between clusters may lead to different clusterings



Hierarchical clustering

algorithm

Distance between two clusters is the smallest distance between any pair of their elements

d ., (C*,C)= min d(x,y)

min xeC*,yeC

Distance between two clusters is the average distance between all pairs of their elements

1
dav (C*,C) — d(‘x’ y)
(€O = (g &40



Hierarchical clustering

Hierarchical Clustering is often used to
reveal evolutionary history

=T -
i,
: L
Humans ansd
j Lamura Lorigas larsiaraf How World monkeys  Old World monkeys  othar apes




K-Means clustering

algorithm

Input: A set, V, consisting of n points

Output: A K points x (cluster center) that minimizes
the squared error distortion d(V,x) over all possible
choices of x

1-Means Clustering problem is easy (K=1).
However, it becomes very difficult (NP-complete) for more than one center.

An efficient heuristic method for K-Means clustering is the Lloyd algorithm

20



K-Means clustering

squared error distortion

e cost(P) = squared error distortion

e cost(P) = 0 for a clustering with all k points in
the center of mass of each cluster.

z“zftzlcz’(vi,X)2

n

d(V,X)=

21



1.
2.

K-Means clustering
Lloyd algorithm

Arbitrarily assign the K cluster centers
While the cluster centers keep changing

3. Assign each data point to the cluster Ci corresponding
to the closest cluster representative (center) (1 =1=Kk)

4, After the assignment of all data points, compute
new cluster representatives according to the
center of gravity of each cluster, that is, the new

cluster representative is ZV for all v in C for every

veC

€|

cluster C

*This may lead to merely a locally optimal clustering and leads to large
rearrangements of nodes

22



K-Means clustering

O
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K-Means clustering




K-Means clustering

O
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K-Means clustering

This may lead to merely a locally optimal clustering and leads to large rearrangements of nodes

O o
x; O O x,
%o o O
o . O
O ®) Q. ()* .... v
@)
O O X5

26



K-Means clustering

clustering cost

® The clustering cost measures the quality of a
particular partition P.

e cost(P) = squared error distortion

e cost(P) = 0 for a clustering with all k points in
the center of mass of each cluster.

27
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K-Means clustering
“Greedy” algorithm

Select an arbitrary partition P into k clusters
while forever
bestChange < 0O
for every cluster C
for every elementinotinC
if moving i to cluster C reduces its clustering cost
if (cost(P) - cost(P,  c) > bestChange
bestChange < cost(P) - cost(P, )
" €< i
cC<C
if bestChange > 0
Change partition P by moving i* to C*
else
return P

28



Clique graph clustering

e Aclique is a graph with every vertex connected
to every other vertex

e Aclique graph is a graph where each
connected component is a clique

1,

{1,2,6,7}{2,3} {5,6} {3,4,5}

29



Clique graph clustering

matrix to graph

e Turn the distance matrix into a distance graph

le, genes are represented as vertices in the graph
Choose a distance threshold 6

If the distance between two vertices is below 6,
draw an edge between them

The resulting graph may contain cliques

These cliques represent clusters of closely
located data points!

30



Clique graph clustering

corrupted cliques problem

Input: A graph G

Output: The smallest number of additions and
removals of edges that will transform G into a
clique graph

31



Clique graph clustering

* A graph can be transformed into a clique
graph by (minimally) adding or removing
edges

D%




Clique graph clustering

The distance graph
(threshold 6=7) is
transformed into a
clique graph after
removing the two
highlighted edges

matrix to graph

M 92 93 G4 8 984 47 98 g9 qo0

a1 | 0.0 Bl 92 7.7 0.3 2.3 61102 6.1 7.0
gn | B 00120 00120 95101128 20 1.0
gn | 92120 0.011.2 0.711.1
a | 7T 08112 00112 9.2
g | 92120 0.711.2 00112
g | 2.3 95111 92112 00
g7 | B1101 81 95 &5 58
gs | 102128 11120 1.012.1
@ | Bl 20108 16106 7.7
gio | 7.0 LO1LA 11116 &5

Bl 11105 11s
20120 16 14
Bo 101068 11.6
B 121 7.7 &5
0.0 91 &3 93
21 00iidi24
Ba3l1l4 0011
253124 1.1 00

ja) Distarice matrix, d (distance s shorker than 7 am shown in

bl oy

After transforming
the distance graph
into the clique
graph, the dataset is
partitioned into three
clusters

(k) Tistancs ,g;mph ford =T

33
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Clique graph clustering

corrupted cliques problem

e Corrupted Cliques problem is NP-Hard, some
heuristics exist to approximately solve it:

e CAST (Cluster Affinity Search Technique): a
practical and fast algorithm:

e CAST is based on the notion of genes close
to cluster C or distant from cluster C

e Distance between gene i/ and cluster C:

d(i,C) = average distance between gene j and all genes in C

e Geneiis close to cluster C if d(i,C)< 6 and
distant otherwise

34



Clique graph clustering
CAST algorithm

1. P¢«Q
2. whileS+0
3. v < vertex of maximal degree in the distance graph G
4. C < {v}
5. while a close gene i notin C or distant gene i in C exists
6. Find the nearest close gene i not in C and add itto C
7. Remove the farthest distant gene i in C
8. Add cluster C to partition P
9. S<S\C
10. Remove vertices of cluster C from the distance graph G
11. return P

S - set of elements, G - distance graph, 6 - distance threshold

35



Clustering application

defining domains using a graph based
clustering method

MCL - a cluster algorithm for graphs
http://micans.org/mcl/

36



ModParts algorithm

Less significant
A OO  (1,23.444,5

: @O (56K6.7H7.8)89)
Lower MAMMOTH P-value e e e
x (1,2,3,4)
: g% {6,7,8,9}
: O-gg (5.6,7,8,9}
- _, ___________________________

More significant
37



ModParts algorithm

{1,2,3,4}

{6,7,8,9}

{5,6,7,8,9}

{3,4,5,6,7,8,9}

38



ModParts algorithm

o 06 ool eeess

Conservation
e

113455?39
Residue

39



ModParts algorithm

o 06 ool eeess

il £=

Conservation
P

S —

113455?39
Residue

40



ModParts algorithm

o 06 ool eeess

fad £=

Conservation
P

N

113455?89
Residue

41



ModParts algorithm

o 06 ool eeess

fad £=

Conservation
P

—

113455?89
Residue

42



ModParts algorithm

o 06 ool eeess

Conservation
- M W &

113455?89
Residue

43



ModParts algorithm

o 06 ool eeess

Conservation
- M W &

113455?89
Residue

IIIIIIIII
PR
R

PR
L EL
IRNSEEEE

I I 0 G G L
HEREEEENEN
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ModParts algorithm

o 06 ool eeess

Threshold #3 MCL Cluster level (-I)

Stijn van Dongen (http://micans.org/mcl/)

Conservation

£

i

P

1 2 3 4 5 f 7 8 9
Residue number

45



Repetitions as recurrent fragments

Ribosomal protein S6 (1 ris) a+B -> Ferrodoxin Like domain

©
o

(00}
o

~
o

(o)
o

1ris;_

(o))
o

Residue number
9103S 99Ua.1NJJ0-0)

30

20

10

|

=
=
=
=

unit1 1-53
unit 2 54-97

0 10 20 30 40 50 60 70 80 90
Residue number

) QYPUNNN\ — ) — ) P A e e
.20

151

101

.05 1

Structural conservation

-00 L) L) L) L) L) L) L) L) L) L) . . .
0 10 20 30 40 50 60 70 80 90 100 superimposed reversed unit 1 and unit 2

Residue number RMSD 3.1A over 39 Co carbons 46




Domains as recurrent fragments

2163 chains from Islam et al. 1995 - 569 Non-redundant
<2A && <30aa diff.

Divide randomly into two sets
Remove of incomplete or obsolete entries.

Training set - 242 chains
Testing set =2 234 chains

R = Volume/ASA ’:% @{ g@ \%

Y\ﬁ\

ddddddddddddddddddddddddd

47



Domains as recurrent fragments

DIAL4

DOMAK

PUU

DALI

XRay

3DEE

CATH

DP

PDP

DAD

ModParts

SCOP

SCOP XRay
62.8% 67.7%
-, __=mlE_
63.6% 64.1%
e S e
] 65.3% 68.6%
o 69.1% [ 68.2%
74.9%
- == | —
F 77.5% 82.7%
e = __
] 77.6% 81.9%
[ - [— D (|
T 79.6% [ 77.3%
— [ [
| 753% 81.9%
o 77.3% ] 76.0%
— B e O
D 79.6% 67.2%
| — (I —_— l:l ==
74.9%
.3 =
I T T T T T T 1 I T T T T T T 1
83 -2 -1 +1 +2 43 +4 4 83 -2 -1 +1 +2 43 +4

-4

Difference in number of domains

Difference in number of domains

ModParts sCcOP
DALI
DAD
PUU
PDP
DP
DOMAK
CATH
XRay 3DEE
DIAL4
All other methods
1ezm:_
domain 1 1-134
domain 2 135-298
SCOP and ModParts
A\
"\@ »
1ezm:_
domain 1 1-298

48



http://www.bioalgorithms.info
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BMI-206

Structure-Structure comparisons
Sequence-Structure comparisons

Marc A. Marti-Renom
Assistant Adjunct Professor
Department of Biopharmaceutical Sciences

February 2nd, 2006




BMI206

How to use this lectures

oAsk!

oOutline
eBasic introduction
eTheory (representation-scoring-optimization)
eAvailable programs
eApplication




Structure-Structure comparison

oQutline
eBefore we start...

eHow can we compare structures...

sHow we classify the structural space...

BMI206




BBBBBB

Structure-Structure alignments

As any other bioinformatics problem...

- Representation

- Optimizer




Representation

Structures

BMI206

Vector representation

Secondary Structure

Accessible surface (and others)




Scoring
Raw scores

RMSD

i

Lo|v [F |[v [w

Bl Y N N

c s [t |2 [a|e [~ |[D |E |Q [ [R [ [M |1

Root Mean Square Deviation

Aminoacid substitutions

Accessible surface (B,A [%]) Angles or distances

Secondary Structure (H,B,C)

BMI206




remember Patsy’s class

Probability that the optimal alignment of two random
sequences/structures of the same length and composition as the
aligned sequences/structures have at least as good a score as the
evaluated alignment.

05

Sometimes
approximated

by Z-score (normal
distribution).

Empirical

0.4

P(S) — e'l (s-u)

Analytic
P(s2x) = 1-exp(g™ 1)

Karlin and Altschul, 1990 PNAS 87, pp2264

BMI206




BMI206

Optimizer

Global dynamic programming alignment

remember Patsy’s class

Sq/St 1 - i, N,
Sa/st2 OJ "
1 2 3 .. N Di,j-1+SCO re(A,rj)
* * * * * D —min. :)i-1,j-1+SCOre(ri,rj)
* * * * * éj
}1 :)i-1,j+SCO re(ri,A)

©

* «1— Best alignment score

Backtracking to get the best alignment

Needleman and Wunsch (1970) J. Mol Biol, 3 pp443

8



Optimizer

Global .vs. local alignment

remember Patsy’s class

______________________________________________________________________________________

______________________________________________________________________________________

BMI206




Optimizer

Multiple alignment

remember Patsy’s class

Pairwise alignments Multiple alignments

Following the tree from step 1
Example — 4 sequences A, B, C, D.
Align the most similar pair

D = e—

A I
D A o — Align next most similar pair
—— C I .
C I A
D I C Align B-D with A-C

- similarity +

6 pairwise comparisons

then cluster analysis D = == s—

A N I B

C I I N

A

New gap in A-C to optimize
its alignment with B-D

BMI206

10




BMI206

Coverage .vs. Accuracy

Same RMSD ~ 2.5A

Coverage ~90% Co,

11




Sequence-Structure alignment by properties
conservatlon (SALIGN- MODELLER)

1 2 3 ... N
N *\ * *
w * \‘ %
: N * | * | ~Bests
= | * *//4- RIES
Best local alignment
A I— e
] D
C n— —_— A
D e — C i v Uses all available structural information
- similarity + i v Provides the optimal alignment

Computationally expensive

Si,j Bi,j Ii,j

Ri,j

Score,;=w.*R;;*W2*D )i TW:*Si,*W. 5B, Ws* 1, We* X,

Madhusudhan et al. in preparation

BMI206
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Structural alignment by properties conservation
(SALIGN-MODELLER)

http://alto.compbio.ucsf.edu/salign-cgi/index.cgi
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Vector Alignment Search Tool (VAST)

» Graph theory search
of similar SSE

» Refining by Monte
Carlo
at all atom resolution & —
v" Good scoring system with significance

Reduces the protein representation

0.5

0.4

o
w
I

Frequency

o
)
I

01

2

0

Gibrat JF et al. (1996) Curr Opin Struct Biol 3 pp377
BMI206
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Vector Alignment Search Tool (VAST)

http://www.ncbi.nlm.nih.gov/Structure/VAST/vast.shtml

‘2 NCBI VAST Home Page - Microsoft Internet Explorer
Ele Edit View Favorites Tools Help :ﬁ'

Qe ~ © - M &) G| Osearch rFavorites @ Meda € | (3- % [ - ) B

cbi.nlm.nih. gov/Structure VAST fvast.shiml| ~ -) Go | Links @ -

Structure (‘j' aﬁ

PubMed Entrez OMIM Books TaxBrowser  Entre:

Search Entrez W} o ]

VAST Help » Vector Alignment Search Tool

(IWENEETENE VI Protein structure neighbors in Entrez are Structure Summary
ELLRCEVERLCH determined by direct comparison of 3- via
questions dimensional protein structures with the VAST ~ PDB/MMDE Code
algorithm. Each of the more than 87,804 \ |
VAST Sear domains in MMDB is compared to every other
one. From the MMDB Structure summary
Submit structure pages, retrieved via Entrez, structure
e el neighbors are available for protein chains and
individual structural domains. If you already
VAST Search know a PDB/MMDB-Id you can try this at
Help once, using the input form in the right column.

QCLUERLILIULE R On the Structure summary page, use “3d Domains” of  |nstall and test
VAST Searches “Protein” to retrieve a list of similar structures. For structure alignment
example, click on a bar with a chain identifier such as i
VAST Search "B". or the bar below the Chain B with a domain
FAQ identifier such as "1" . to get a list of neighbors. The
results of the precompiled VAST search will then
present structural neighbors graphically. Using the
check boxes in the leftmost column of this graph.
select those structures you would like to see
. superimposed and click on "View 3D Structure” to view
(RULALTRGRVEEIN these with the mime-typed helper application you have
installed {e.g.. Cn3D).

More help on VAST
Search

direct WWW access

CECALSIELC N \/AST Search is a service that
allows searching for structural

nr-PDB neighbors starting with a set of
3D-coordinates specified by

LR EEY Ul the user. This service is meant

structure subsets to be used with newly determined protein
structures that are not yet part of MMDB.
Structure neighbors for proteins already in
MMDB have been pre-computed and can
simply be looked up from MMDB's Structure

# Internet

15




Incremental comblnatorlal extension (CE)

 Exhaustive combination
of fragments

» Longest combination of
AFPs

* Heuristic similar to
PSI-BLAST 7 PAsTH

v' Good quality of local alignments

Complicated scoring and heuristics

DTN AN
8 residues peptides [N

Shindyalov IN, amd Bourne PE. (1998) Protein Eng. 9 pp739
BMI206
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Incremental combinatorial extension (CE)

http://cl.sdsc.edu/ce.html

4} CE Home Page - Combinatorial Extension - Microsoft Internet Explorer BE®E
File Edit View Favorites Tools Help .
o O - ¥ [ (o P search FrFavorites @ Media € I+ L& -3

Address éj http: (fcl.sdsc.edufce.html v Go  Links @ =

Databases and Tools for 3-D Protein Structure
Comparison and Alignment
Using the Combinatorial Extension (CE) Method
Structural simils tween
Apgetylcholinesterase and Calmodulin
found using CE {Tsigelny et al, Prot Sei, T
2000, 9:180)
Select from the following options by
clicking the links on the right More Info
F I N D Find structural alignments by selecting from ALL or REPRESENTATIVES from
the PDB.
C A LC U L ATE Calculate structural alignment for TWQO CHAINS cither from the PDB or uploaded by
the user. Calculate structural neighbors for one protein UPLOADED BY THE
USER AGAINST THE PDB.
Caleulate MULTIPLE STRUCTURE ALIGNMENT.
@ Done  Internet »
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Matching molecular models obtained
from theory (MAMMOTH)

......................................................................................... s
\\ | orengo lesk
pn‘sqsup '\\ { , murzin
1 2 3 N I - \\ . 4%/ mammoth
~\ s " mammoth sup
= * * * * * \\//
DVEHQfO&ﬂ_,iW |
* * * * * g\ "
N \ Vo . calisup
AT
w | * * H * * prism score__- / \\ \
/ | \ dali z
== = = || = Best score premee )
B /./ orengo rmsd Vas'ﬁ’;n\;%szsup
= | * o /{ "/-*
Z
/ v VERY FAST!
Best local alignment . . o
v' Good scoring system with significance
Reduces the protein representation

URMS" =20~~~ . e
| a S
G _(URMS™-URMS")D ,
e URMS" o
pSi i (1] 100 200 300 o ;{:10 500 800 700

Ortiz AR, (2002) Protein Sci. 11 pp2606

BMI206
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Matching molecular models obtained
from theory (MAMMOTH)

http://fulcrum.physbio.mssm.edu:8083/

3 Protein Structure Alignment Server - Microsoft Internet Explorer E| @l [E]
File Edit View Favorites Tools Help ?,'

() Back o - [¥ @ | P search FrFavorites @ Media £ 3+ & -3

v|Go Links > | @ -

[>

MAMMOTH
MAtching Molecular Models Obtained from THeory

Paste or browse your PREDICTION coordinates (PDB format):

| |[ Browse... |

Paste or browse your EXPERIMENT coordinates (PDB format):

|[ Browse...

(<

&] Dane  Internet
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Classification of the structural space

SCOP classification

Large Graph Layout

Alex Adai
Adai AT, Date SV, Wieland S, Marcotte EM. J Mol Biol. 2004 Jun 25;340(1):179-90

http://bioinformatics.icmb.utexas.edu/Igl/

BMI206
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SCOP.¢s database

http://scop.mrc-1lmb.cam.ac.uk/scop/

) SCOP: Structural Classification of Proteins - Microsoft Internet Explorer EEE
Fle Edit View Favorites Tools Help ]

Qback » © - X 2) th Osearch Frravorites @ Meda €@ (v 03

Address 4] T

v Bo s ™ @
-~

Structural Classification of Proteins

Structural Classification of Proteins

Welcome to SCOP: Structural Classification of Proteins. 1.65 release (December 2003).
20619 PDB Entries. 1 Literature Reference. 54745 Domains (exchding nucleic acids and theoretical models). Folds,
superfamilies, and families statistics here. New folds superfamilies families. List of absolete entries and their replacements.

Authors. Alexey G. Murzin, Loredana Lo Cante, Antonina Andreeva, Dave Howorth, Bartlett G. Ailey, Steven E. Brenner,
Tim J. P. Hubbard, and Cyrus Chothia. scop/@mre-lmb cam ac uk

Reference: Murzin A. G.. Brenner S. E., Hubbard T., Chothia C. (1993). $COP: a structural classification of proteins
database for the investigation of sequences and structures. J. Mol. Biol, 247, 536-540. [PDE]

Major changes (stable identifiers, parseable files, extended searching and linking options, reclassified entries history) are
described in: Lo Conte L., Brenner S. E., Hubbard T.JP., Chothia C., Murzin A (2002). scop database in 2002:
refinements accommodate structural genomics. Nucl dcid Res. 30(1), 264-267. [PDF]

Andreeva A, Howorth D., Brenner SE., Hubbard TJP., Chothia C.. Murzin A.G. (2004). SCOP database in 2004
refinements integrate structure and sequence family data. Nucl. Acid Res. 32D226-D229.

Access methods

Enter scoP at the top of the hierarchy

Kevword search of SCOP entries

SCOP parseable files (MRC site)

Reclassified entries: 1.63-->1 .65, previous releases (MRC site}
SCOP domain sequences and pdb-style coordinate files (ASTRAL

Hidden Markov Model library for $COP superfamilies (SUPERFAMILY)
Online resources of potential interest to SCOP users

SCOP mirrors around the wotld may speed your access.

News

» SCOP has been updated to include all PDB entries released up to 1 August 2003 See folds, superfamilies, and families
statistics.

+ Several parts of the SCOP classification have been restructured, especially in this release and in the previous one. You

can brouse the subset of the classification affected by these changes in a SCOP-view form for modifications occurred

between 1.63 and 1.63, or previous releases. Changes appear as comments associated to domain entries, with links

to the revised classification. You can use the SCOP navigation buttons to move up in the hierarchy and to expand or

collapse entries. The list of obsolete entries and their replacements is also available online.

SCOP identifiers now appear explicitly in the web pages (in squared brackets).

Links from a SCOP domain to the corresponding SWISSPROT and EC entries have been added (see the L icon). Thanks

to Sameer Velankar and Phil McNeil from the EBI-MSD group and to Virginie Mittard from the EBI sequence database

group for providing the most up-to-date map between PDB chains and $WISSPROT, EC identifiers.

+ Itis now possible to use SSM to search the up-to-date PDB archive using a SCOP domain entry (via the L icon) orto

&) scop help and infarmation B Internet

v Largely recognized as “standard of gold”
v" Manually classification
v Clear classification of structures in:

CLASS
FOLD

SUPER-FAMILY

FAMILY

v' Some large number of tools already available

Manually classification
Not 100% up-to-date
Domain boundaries definition

Class

Number of
families

Number of
superfamilies

Number
of folds

All alpha proteins

218 376 608

All beta proteins

144 290 560

Alpha and beta proteins (a/b)

136 222 629

Alpha and beta proteins (a+b)

279 409 717

Multi-domain proteins

46 46 6l

Membrane and cell surface

47 88 99

Small proteins

75 108 171

Total

945 1539 2845

Murzin A. G.,el at. (1995). J. Mol. Biol. 247, 536-540.
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CATH:;s1 database

http://www.biochem.ucl.ac.uk/bsm/cath/

Z) CATH Pratein Structure Classification Database (UCL) - Microsoft Internet Explorer
Fle Edt Vew Favortes Tools Help

Q@oack - O - ¥ 2] @b Psewch FrFavortes @ Media £ (1- B -0 3
Aderess | )] hitps s biochem.uc, . ckjbsmcath]

EEE

B> EREE

CATH DHS Gene3D Impala FTP Intemal

Home = Top

CATH Protein Structure Classification

[ el

© PDB Code

O CATH Code
O General Text

Version 2.5.1: Released January 2004

Dr. Frances M.G. Pearl, Dr. lan Sillitoe, Dr. Mark Dibley,
Prof. Janet Thomton, Prof. Chiistine A. Orengo

Options

Browse or search the classification

CATH statistics and release information

General information on CATH

CATH lists and fip site

DHS - Dictionary of Homologeus Superfamilies. Summary of structural and
functional features for CATH Homologous Superfamilies

CATH File Formats (for FTP files)

Navigation

Home
Top of hierarchy

Introduction

CATH is a novel hierarchical classification of protein domain structures,
which clusters proteins at four major levels, Class{C}, Architecture(A).
Topology(T) and Homolegeus superfamily (H).

Class. derived fram secondary structure content, is assigned for more
than 90% of protein structures automatically. Architecture, which
describes the gross orientation of secondary structures, independent of
connectivities. is currently assigned manually. The topology level clusters
structures according to their toplogical connections and numbers of
secondary structures. The homologous superfamilies cluster proteins with
highly similar structures and functions. The assignments of structures to
toplogy families and homologous superfamilies are made by sequence
and structure comparisons.

= Click here for a more detailed explanation

Reference
QOrengo, C.A_, Michie, AD.. Jones, S.. Jones, D.T.. Swindells, M.B., and
Thomton, J.M. (1997) CATH- A Hierarchic Classification of Protein
Domain Structures. Structure. Vol 5. No 8. p.1093-1108.

Pearl, F.M.G, Lee, D., Bray, J.E, Sillitoe, |, Todd, AE., Harison, AP,
Thomton, J.M. and Orengo, C.A. (2000) Assigning genomic sequences to
CATH Nucleic Acids Research Vol 28 No 1. 277-252

Other CATH Contributors

A

3

&] Done @ Internet

Uses FSSP for superimposition

v" Recognized as “standard of gold”
v Semi-automatic classification
v' Clear classification of structures in:
CLASS
ARCHITECTURE
TOPOLOGY
HOMOLOGOUS SUPERFAMILIES

v' Some large number of tools already available

v' Easy to navigate

Semi-automatic classification
Domain boundaries definition

@ DO @ O (@

Mainly Alpha 5 251 4865 | 1402 2189
Mainly Beta 19 160 311 | 1443 2961
Alpha Beta 14 414 | 706 | 3014 | 4781
Few Secondary Structures 1 82 90 144 232
Preliminary single domain assigments 10 808 B0O% 908 967
Multi-domain demains 1 12 12 16 25
CATH-35 Sequence families 1 4707 4707 4719 4768

1 |22 |22 27 33

Orengo, C.A,, et al. (1997) Structure. 5.

o
3705
4329
7660
285
1090
36
4862
38

D
14105
18771
33080
1098
oz
109
6168
198

1093-1108.
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DBAIli.zo database

http://salilab.org/DBAli/

re 086 DBAli v2.0 home page

ek @ @ @ @http://salilab.org/DBAl/ ~(Q- Google

UCSF 1 Sali Lab 1 MAMMOTH

.
g [~ &
Home
Search DBAIi. A Database of Pairwise Structure Alignments.
Tools
Marc A. Marti-Renom ana Andre| Sali
Help
with the help of A. Ortiz's MAMMOTH program.
This site contains an up-to-date all-against-all comparison of protein structures. Currently,
the database containg 650,783,375 pairwise structural alignments generated by
MAMMOTH. The database also includes several links to internal and external resources.
BMI206

Uses MAMMOTH for superimposition

v Fully-automatic

v' Data is kept up-to-date with PDB releases
v" Tools for “on the fly” classification
of families.
v' Easy to navigate
v" Provides some tools for structure comparison

Does not provide (yet) a stable classification

Pairwise structure alignments

January 30th, 2006
Number of chains: 73,817
1,013,210,249

Last update:

Number of structure-structure comparisons:*
Multiple structure alignments
November 16th, 2005
Number of representative chains: 24,828
Number of families: 9,588

Last update:

Marti-Renom et al. 2001. Bioinformatics. 17, 746
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Classification of the structural space
Not an easy task!

Domain definition AND domain classification

SCOP DALI
SCOP + Dali {0.06) CATH + Dali Dali + SCOP
~SCOP only (0.10) ~_ (0.04)
2 (0.09) N\ N\
\ \HCATH \Dali only
1 All Lonly  ko.59) (0.26)
SCOP . : i
I+ caTH | (0.54) ~__/(0.19) \?]
(0.18) /CATH Dali
'+ SCOP + CATH
T (0.17) (0.11)
SCOP + Dali (0.06) CATH + Dali Dali + SCOP
SCOP only (0.14) ‘x\\(o,om
L \\Dali only
0.42) ) (0.31)
SCOP CATH /
+ CATH + SCOP /
(0.23) (0.10) - __~CATH only
= (0.51) Dali 1 CATH (0.22)

sse|) swes

ulewo( sawes

Day, et al. (2003) Protein Sciences, 12 pp2150
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Sequence-Structure comparison

oQutline
eBefore we start...

oStructural predictions from sequence...

BMI206
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General overview (Threading)

sMatches sequences to 3D structures
sRequires a scoring function to asses the fit of a sequence to a given fold
eScoring functions derived from known structures and include atom
contact and solvation terms evaluated in a pairwise fashion
esMay include secondary structure terms, multiple alignments...

eThreading servers available using several different approaches
oFold recognition server at Imperial College, UK
shttp://www.sbg.bio.ic.ac.uk/~3dpssm/
oPredictProtein server at EMBL
shttp://www.embl-heidelberg.de/predictprotein/predictprotein.html
sProtein sequence-structure threading at NCBI
shttp://www.ncbi.nlm.nih.gov/Structure/RESEARCH/threading.shtml

BMI206
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http://www.sbg.bio.ic.ac.uk/~3dpssm/
http://www.sbg.bio.ic.ac.uk/~3dpssm/

Template comparison methods

sUses 3D “templates” for searching structural databases
eactive site or binding site templates generated to reflect functionally
e important structural signatures

eAvailable software/servers

esTemplate Search and Superposition (TESS), Thornton Group
shttp://www.biochem.ucl.ac.uk/bsm/PROCAT/PROCAT.html

s\Wallace AC; Borkakoti N; Thornton JM. (1997) Protein Science 6 pp2308

*“Fuzzy Functional Forms” , Skolnick - commercial availability
sFetrow, Js and Skolnick, J (1998) J. Mo. Biol 281 pp949
eSpatial Arrangements of Side-chain and Main-chain (SPASM),

ohttp://portray.bmc.uu.se/cqi-bin/dennis/spasm.pl
Kleywegt GJ (1999). J. Mol. Biol. 285 pp1887

BMI206
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http://portray.bmc.uu.se/cgi-bin/dennis/spasm.pl
http://portray.bmc.uu.se/cgi-bin/dennis/spasm.pl

BMI206

Empirical energy functions (PMF)

|dea: energy leads to structure, thus it should be
possible to infer energy from many known
structures

To be used in: model refinement and assessment

Properties needed:
Deep minimum at correct state (native)
Smooth (energy landscape)
Simple (CPU calculation)
Types:
Contact potential
Distance potentials
Surface potentials

29
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Approximations/Limitations in PMFs

Database size.
PMF versus Energy (additive/higher order terms).
Reference state.

Physical origin.

Finkelstein et al. (1995) Proteins 23, pp142

30
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Sequence-Structure alignments

As any other bioinformatics problem...

- Representation

- Optimizer

31




Representation

Sequence/Structures

>gi42541361
MDIRSVSSLRGLLCLPPSWPRR

Primary sequence

Reduced atoms representation Secondary Structure

BMI206

Accessible surface
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__|A8]

~[Al[B]

AG = -RTIn(K)=-RTIn

From statistical physics, we know that energy difference
between two states (AE) and the ratio of their occupancies
(N:N,) are refated {9]):

AE =T In (l\—l) (1
N:

in which T is the absolute temperature and k is the Boltz-
mann’s constant. As we are interested in an interaction
energy between two amino acid side chains, it would seem
natural to define N, as the number of interactions
between these two residues types in a group of real protein
structures, a number which is readily available from simple
database analysis. But this number must be compared with
the number of interactions in some other system, N, to
obtain the energy difference between them.

[AB]

[A]-[B]

Tanaka and Sheraga (1975) PNAS, 72 pp3802
Sippl, (1990) J.Mo.Biol. 213 pp859
Godzik, (1996) Structure 15 pp363
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Scoring

Statistical Potential (reference state)

T T T

3 | —

liquid Ar
2 85K -
5

1 r —

0 —
| l |

0 5 10 15 20
r(A)
Theory of simple liquids 2nd edition JP Hansen an d IR McDonald, Academic Press.
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Scoring

Statistical Potentials (background)

Structural space
Sequence space

MKLLIVLTCISLCSCICTVVQRCASNKPHVLEDPCKVQH
HLSVNQCVLLPQCCPKSCKICTHLISIEVVLTCRAVDKM

\Q'u MHVNCVEQCSLODCIKIAPRVLKTCILCVLKPCLTSVSH
VHLVQPTSCCCKKNCICHVEIRSLDILTKSVQLACLVPM

ﬁ ¢ MQCCRVQKICDLLAVELCKLHISTPSCKILCVVTSVPHN

BMI206




Long range free energy

4.0

2.0 -

0.0

2.0 -

T r T v
0.0 20 40 6.0 8.0 100

Short range free energy
4.0

20+

2.0 A

BMI206

Free energy of the protein

backbone hydrogen bond
N - - - O compiled from a
database of 289 X-ray structures

P =25(r —r;)

Sippl (1996). JMB 260 pp644
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Long range free energy

2 T T T T T T L T 2 T T T T T T T T T
5 Leu-Leu : 15 Leu-Thr .
e
1k i 1k
n
:e- os | i 0.5 L
g 0 [0} /\
y \/ —
-0.5| 4 —0.5L
-1 1 ] 1 1 1 il 1 ! -1 | 1 ] 1 i 13 1 1 1
o] 4 3 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 2
2 T T T T T T 1] T 2 T T T T 1] T T T
S Thr-Leu . 15 Thr-Thr h
e 1L i 1
n
e ¢5 | i 0.5 L
r /\/\
9 9] 0 A
y \ - VvV N/
—o0.5b | -0.5¢L
-1 1 1 1 1 1 1 1 1 —1 1 1 1 1 1 I ! 1 1
o 5 & 10 12 14 16 18 20 0O 2 4 6 8 10 12 14 16 18 20
distance distance
Short range free energy
2 T T T T T T T T T 2 T T
1.5 - . 1 I -
> Ile-Ile 5
e 1L i 1 L |
n
€ 05 L . 0.5 | 4
r
g 0 o]
y
-0.51L . -0.51 o
-1 ! 1 1 ! 1 ! 1 i | -1 1 L 1 1 1 1 1 1
0 2 £ & B 10 12 14 16 18 20 0O 2 4 B & 10 12 14 16 18 20
distance distance

Sippl (1993). JCAM 7 pp473
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Scoring
Raw scores of an alighment

o B - NRE
B T ] =
B DY I o o
e
. - |
HRE [~ =]w
=
5 = ]w] - =
alel==[al=l=[~[~[=~]w]~ o
i
wl | o =]~ ]|w] o]+ o
o
B = - B [
N S == B -~ B
“lelel= =« ole =~ ol
w
o= - o]l
" T T
. g T
<<<<<<<<<<<<<< el =] o
©
el || ] R Rl R e e e el
e
-~ Sl =] R N
a
=
NEE - + JE [ I [ g )
o
Ofv|ela||o|alalm|o]|m|e|w| A w|ale|w]~]|F

Distance space

Aminoacid substitutions

Accessible surface (B,A [%])

Secondary Structure (H,B,C)

BMI206
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Probability that the optimal alignment of two rando

m

sequences/structures of the same length and composition as the

aligned sequences/structures have at least as goo
evaluated alignment.

05

Empirical

0.4

Frequency

Aignment Length

BMI206

d a score as the

Sometimes
approximated

by Z-score (normal
distribution).

Karlin and Altschul, 1990 PNAS 87, pp2264
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Energy Z-score the model with respect the energy of random
models (or rest of decoys).

OE

v 00 mfmne . CE)-E)

Oc

<E>

BMI206
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Optimizer

Global dynamic programming alignment

remember Patsy’s class

Sq/St 1 - i, N,
Sa/st2 OJ "
1 2 3 .. N Di,j-1+SCO re(A,rj)
* * * * * D —min. :)i-1,j-1+SCOre(ri,rj)
* * * * * éj
}1 :)i-1,j+SCO re(ri,A)

©

* «1— Best alignment score

Backtracking to get the best alignment

Needleman and Wunsch (1970) J. Mol Biol, 3 pp443
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Applications of PMFs

Model assessment.
Ab initio folding simulations.
Sequence-structure matching (threading).

Comparative protein structure modeling
(loops, sidechains, ...).

Secondary structure prediction, etc.

Finkelstein et al. (1995) Proteins 23, pp142
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Domain boundaries from sequence

VERY DIFFICULT!!!

MENFEIWVEKYRPRTLDEVVGQODEVIQRLKGYVERKNIPHLLFSGPPGTGKTATAIALARDLFGENWRDN
FIEMNASDERGIDVVRHKIKEFARTAPIGGAPFKIIFLDEADALTADAQAALRRTMEMYSKSCRFILSCN
YVSRIIEPIQSRCAVFRFKPVPKEAMKKRLLEICEKEGVKITEDGLEALIYISGGDFRKAINALQGAAAI
GEVVDADTIYQITATARPEEMTELIQTALKGNFMEARELLDRLMVEYGMSGEDIVAQLFREIISMPIKDS
& LKVQLIDKLGEVDFRLTEGANERIQLDAYLAYLSTLAKK

BMI206
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Domain boundaries from sequence
(SnapDragon)

tl | I — T
4 - L
|8 - - -
% 2t T - L]
E 0} M SR S W 88 » -
'.,s Tl L .
E 22 [ T R - B
! - - - -
4 i
6 . 1 .
i 2000 M) [ZEN BiH}
Chain length
1b)
100 Y - | ib) 0
IS L4 | - - -
" l “ -
aﬂ‘ .z - 40
. r . . !
“ém'[ "}.‘ . Irs‘j
E . e 120 Frequency
= . g |
E 40 ": . ~10
z | « Ny
oD ] S e0
20 ‘e :':
e N 1 n 1 -
% ) 100 150 Predicted True number
Residue position
Table 2. Average accuracy percentages of linker prediction over 57 proteins
Continuous set Discontinuous set Full set
Randomised background Z-score >2 Coverage 63.3 43.6 54.8
Success 27.2 31.1 28.9
Self-normalised Z-score >1 Coverage 64.7 39.5 53.5
Success 26.6 3.7 289
Self-normalised Z-score >2 Coverage 487 243 387
Success 41.3 283 299

Georgea and Heringa (2002) J. Mol. Biol. 316 pp839
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Domain boundaries from sequence
and predicted SSE (DomSSEA)

% Correctly assigned

All Multidoman
Methods chains chains
DomSSEA observed secondary structure 0.2 24.7
DomSSEA predicted & consensus 68.6 24.0
DomSSEA predicted & LAN-11 680 4.0
DomSSEA predicted secondary structure 687 3.6
Absolute difference in length 62.0 #4
Average domauin length & DGES-M 6.6 6.1
FASTA alignment 57.9 23
Random {weighted) 583 1.1
DOS-M 6.6 0.0
DOGS-W Ta.b 0.0
BMI206

Percentage [reqeuncy

Percentage correct assignments

250

200

15.0

100

5.0

00

80.0

0.0

40.0

20.0

1.0 1

oa

- single-domain
= - = -two-domain

— — —-three or mare domain

alldomains

100 200

—+— Cansensus boundary prediction

— = —Lin-1)
Dom3SEA observed secondary structure
DomSSEA dicted dary structure
---- DGS-M
Absolute difisrence in length
— # —FASTA

—=— Random {weighted)

300 400 500 G

10 12 14 16 18 2
+ £ - residues

Dersden et al. (2003) Prot. Science 11 pp2014
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Prediction of Secondary Structure (PSI-PRED)

Final 3-state
Prediction

D

15 x 20 scaled inputs
to 1st network
Jones DT. (1999) J. Mol. Biol. 292 pp195
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* Neural Network

v' Very simple idea
v' Simple scoring
Obscure optimizer

>gi42541361
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Prediction of Secondary Structure (PSI-PRED)
http://bioinf.cs.ucl.ac.uk/psiform.html

; PSIPRED Protein Structure Prediction Server - Microsoft Internet Explorer
Fle Edt View Favorites Took Help "

Qeak » O - ¥ @) (0| Psearch Srravorites @ Meda 8 (3- o w] - ) & S

v B ks ? &
~

Bioinformatics Unit

PSIPRED
home>

The PSIPRED Protein Structure Prediction Server

Info 'e suggest that you do not bookmark this page as it is liable to move. It is best to access the server via
e PSIPRED home page, which has more inft tion about the methods and a full reference list.

Input q (single letter code)
Sequence

Choose © Predict Secondary Structure (PSIPRED v2.4)

S O Predict Transmembrane Topology (MEMSAT)

Prediction O Fold Recognition(Gen THREADER - quick)

Method O Fold Recognition (mGen THREADER - with profiles and predicted secondary structure)

Filterin Mask low complexity regions

: 9 [] Mask transmembrane helices

Optlons [ Mask coiled-coil regions

larning: Turn off all filtering if you are running MEMSAT

E-mail address Help

Submit \

Sequence Password (only required for commercial e-mail addresses) Hzlp =

&)  Internet
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Sequence-Structure alignment by properties
conservatlon (SALIGN- MODELLER)

1 2 3 ... N
N *\ * *
w * \‘ %
: N * | * | ~Bests
= | * *//4- RIES
Best local alignment
A I— e
] D
C n— —_— A
D e — C i v Uses all available structural information
- similarity + i v Provides the optimal alignment

Computationally expensive

Si,j Bi,j Ii,j

Ri,j

Score,;=w.*R;;*W2*D )i TW:*Si,*W. 5B, Ws* 1, We* X,

Madhusudhan et al. in preparation
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Sequence-Structure alignment by properties
conservation (SALIGN-MODELLER)

http://alto.compbio.ucsf.edu/salign-cgi/index.cgi
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..............................................................................

Threading (mGenThreader)

i >g142541361
{ MDIRSVSSLRGLLCLPPSWPRR

* Neural Network

e GT
—%—GT_SSEA
=F |- - -GTFssP

| —e—GT_FSSP_SSEA

False positives

v" Good row and significance scoring

Obscure optimizer

Oe
0 00 000700000+€
<E>

(£ )-E.)

Zscore=——"1 M7
O¢

BMI206

McGuffin LJ, Jones DT. (2003) Bioinformatics, 19, pp874
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Eile

O Back -

Threading (mGenThreader)

http://bioinf.cs.ucl.ac.uk/psiform.html

3 PSIPRED Protein Structure Prediction Server - Microsoft Internet Explorer

View Favorites Tools Help

¥ [ @& O search <7Favorites @ Meda )

Address @ http://bioinf.cs.ud. ac. uk/psipred/psiform.html

v| Go |Llinks > @~

@:l Done

¢ Bioinformatics Unit

The PSIPRED Protein Structure Prediction Server

We suggest that you do not bookmark this page as it is liable to move. It is best to access the

server via the PSIPRED home page, which has more information about the methods and a full
reference list.

Help
Input sequence (single letter code)

Help

@ Predict Secondary Structure (PSIPRED v2.4)
 Predict Transmembrane Topology (MEMSAT)
 Fold Recognition(GenTHREADER - quick)

2@ Fold Recognition (nGenTHREADER - with profiles and predicted secondary structure)

Help

Mask low complexity regions
[] Mask transmembrane helices
[ Mask coiled-coil regions

Warninm: Tourn H all filtarinn if wnn arn MERMCAT

-

© Internet
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Remote homology detection (FUGUE)

=
>gi42541361 1 2 3 .. N : g
MDIRSVSSLRGLLCLPPSWPRR T ’ ——
d N R e : b ﬂ | -
* > FUGUI
— * | ® * | ® - | -
.c.) \1 B | | e
E B *ox Best score =
=Z | * * /{ ’/*//
Vil

7
Best local alignment

A — v' Easy to access either locally and on

the web
v' Good row and significance scoring

C n——
D m—

o>

v Uses most of the structural information

Co - similarity + Does not uses multiple sequence
information
O€
Sl T T (TR
<E>
H B C
Ri,j Ri,j Ri,j (<E >_E
Zscore = —~————"T*
O

BMI206

Shi et al. (2001) J. Mol. Biol 310 pp241
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emote homology detection (FUGUE)

http://www-cryst.bioc.cam.ac.uk/fugue/

UGUE: sequence-structure homology recognition and alignment engine - Microsoft Internet Explorer

File Edit View Favorites Tools Help a.
Qoack - & - ¥ [&] @h P search PrFavoites @ Media € (- (W] - [ E S
Address |a http: /fwww-cryst. bioc.cam. ac.ukfugue V| Go | Links > @ =

~

.
y il J?’ |_ 4 Crystallography and Biocomputing Unit
j - 4 Department of Biochemistry, Unfversity of Cambridge

Sequence-structure homology recognition using environment-specific substitution tables
and structure-dependent gap penalties

Submit your protein sequence

SEARCH STRUCTURAL DATABASE

ALIGN SEQUENCE WITH STRUCTURE

DOWNLOAD
DOCUMENTATION

Methods

FUGUE is a program for recognizing distant homologues by sequence-structure comparison. It utilizes environment-specific substitution tables and structure-dependent gap penalties, where scores for amino
acid matching and insertions/deletions are evaluated depending on the local environment of each amino acid residue in a known structure. Given a query sequence (or a sequence alignment), FUGUE scans a
database of structural profiles, calculates the sequence-structure compatibility scores and produces a list of potential homologues and alignments.

Here is a summary of how it works.

Read the original paper for more details:

J. Shi, T. L. Blundell, and K. Miznenchi (2001). FUGUE: sequence-structure homology recognition using environment-specific substitution tables and structure- dependent gap penalties. J. Mol. Biol., 310,
243-257.

Medline, Article on-line, PDF (local onlv).

Some practical imformation can be found in:

R. Nufiez Miguel. J. Shi and K. Mizuguchi (2001). Protein Fold Recognition and Comparative Modeling using HOMSTRAD, JOY and FUGUE. In Prorein Structure Prediction: Bioinformartic
Approach. International University Line publishers, La Jolla, 143-169.

PDF (local only

Click here for information about the HOMSTRAD database.

[

@ & Internet
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Meta-Servers (3D-Jury)

v' Collecting several results
Server 1 v'After manual analysis... good results

Heuristics and complicated scoring
Consensus results
NO CONTROL OF DATA GENERATION or SERVERS!

Server 2

Call Vel 113, 701702, e 13, 3003, Copight G2008 by Gl Presn

Letter to the Editor

mRNA Cap-1

in the SARS Gen. cent cap-0 methyltransterass. Both functions can be

Innibitad by carbosyalls analogs of adenosing, sueh as
Neplanocin A or 3-deszsneplanccin A, which Interfers
WIth e AQCMet-AdoHcy MEtabalsm of the nost oall
{De Clercg, 1998; Bray et al, 2002). Thoss compounds.

Gousd canfaement ote tekpem ategks aMmed

Marcin von Grotthuss, Lucjan . Wyrwicz,
and Leszek Ayehiewskl®

Heuristics selecting "——_ Server N | EnStiisser smamansins

consensus result EEREIITT

ty medical
concems. Meanwhile, e BARS coronarus laentmed
&5 the pathogen respensitie for the disaster has been
I50atad, BN s GRNOS S2qUeNced (MAITs etal., 2003:
Rotaetd., .

We nave applied the 30 |Ury meta precicter (GInaisk
&t ., 2003) to annotats the structure and function of
Eroteins encoded by e vird X
Nows! fold recognttion msthods utiize the global net-
WOIK of Indepencent structure predistion servers. De-
tection of pattarns of structursl simllarty between ik
verse modss s Used to consistently sdEct e comeat
fold frcm a set of borckriine precictions. Such methods

of protein stucture prediction (CASP-5 experiment]
CONIUCZd In e SUTMEr of 2002 One of the most

O R F eus Interssting findings obtained duing the SARS gence
annctation procass Is & suprisingly rellable (30 Jury

score ~100) assignment of the methyttransterase fold
t e P13 (GI:30133975) domain located In the

a m TO 2 C-terminal part of the gimost T000 aming seld large
P20 Viral pOlyprot2in (FIGUre 1), Stendard sequence

compartson tools such as PSI-BLAST or RPS-BLAST

applied Lsing the censerved dlomain detanase March-
ler-Bausr et ., 2003) falked to assign any function to
nisdemain. The damaln belongs tothe anciet famly

mGenThreader R e

COTTON ancestor (LUCA) (FeCker etd., 2003). The enzy-
l | matic role of the protsin was corfirmed by the presencs
I N B G of the conserved terad of reskues K-D-K-E essemial

for MRNA cap-1 (nGppPNT] formation. Figure 1. 90 Modd of e nep 3 Domainof he SARS Cororaviun

etfciert replicafion of many Wsas (Bach el 1995, Tis ool ks based o0 the reseskgnset Bunkckl snd Rychiwokl

WOYCINIUK &t Gl 1995; VIt &€ Gl 2002) aNd FRPIESENs  2007) cop-1 = stiyiuansteranecf w reavins -2 peotun 1 ofs [

for dk loch st s, 2000). While other taplako (faiz o 1ej0) oblaied

Server 4 FUGUE-2 ey et DSl S
3D-PSSM

(Latner et sl 2002: WU o GUSING, 2003) THE EXIS+ 11y ccgunig the conrvec fovihonspeci rokkns e

Ginalski K, et al. (2003) Bioinformatics 19 pp1015
BMI206
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Meta-Servers (3D-Jury)

http://bioinfo.pl/Meta/

3 Meta Server Job List, Biolnfo.PL - Microsoft Internet Explorer

Eile View Favorites Tools Help

Qoak + © - [ @ € Psearch Frrmortes @uedn @ | (3- % o] - & B

[<] [

OO 0O OO

Address | @] http: jbicinfo.plMeta/ e ks * @
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Iterative process... better models(?)

Evaluate Model Modify and build Model
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Moulding: iterative alignment,
model building, model assessment

4

alignment

model building

model assessment

—_
o
)

)
AN

Models per alignment

‘ Comparative modeling

O Moulding
‘Threading
] =
104 1030

Alignments
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BMI206

No

<
/

Iterative process... MOULDER

Start I
3

Sequence profiles of target & template’ /
¥

Generate 25 initial target-template alignments?

|

¥

Rank alignments by alignment score (top 15 = parents)?

Build all atom models for 15 parent alignments?

L 4

Rank models by the GA341 score®

Best GA341 score < 0.67¢

Apply genetic algorithm operators to parents”

Select representative alignments®

¥

Build all-atom models for all representative alignments#*

+

Select best 10 models by statistical potential score
(parents for next iteration)'®

Rank models by composite score’2

¥

Select best model"?

¥

T stop >

CE overlap [%]

Native overlap [%]

Statistical potential score
|arbitrary units]

* Fnal

0 5 10 15 20 25
lteration index

a ~= Ty

Ieration index

John & Sali (2003). NAR 31 pp3982
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Genetic algorithm operators

Single point cross-over

..TSSQ—NMKLGVFWGY——...
“V—SSCN——GDLHMKVGV..: i

«. TSSQNMK——LGVFWGY...
..VSSCNGDLHMKV——-GV...

e

«.TSSQ—NMK——LGVFWGY...
..V—SSCNGDLHMKV——-GV...

. TSSONMKLGVFWGY——...
«..VSSCN——-GDLHMKVGV...

Gap insertion

..TSSONMKLGVFWGY... —
- VSSCNGDLHMKVGV...

2N

. TSSQN—MKLGVFWGY...
..VSSCNGDLHMKVG—V...

~

Gap shift

...T—SSQONMKLGVFWGY... —
. VSSCNGDLHMKVGV—...

-

«—T—SSOQNMKLGVFWGY...
..VSSCNGDLHMKVGV—...

. T—S—SONMKLGVEFWGY...
..VSSCNGDLHMKVGV—...

«..—TSSONMKLGVFWGY...
..VSSCNGDLHMKVGV—...

o I'S—SONMKLGVFWGY...
..VSSCNGDLHMKVGV—...

( Also, “two point crossover” and “gap deletion”.
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Composite model assessment score

Weighted linear combination of several scores:
oPair (Pp) and surface (Pg) statistical potentials;
eStructural compactness (Sp);

eHarmonic average distance score (Hy);

eAlignment score (Ag).

Z=0.17 Z(Pr) + 0.02 Z(Ps) + 0.10 Z(Sc) + 0.26 Z(H-) + 0.45 (As)

Z(score) = (score- U)/o
Y ... average score of all models
o ... standard deviation of the scores
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Benchmark with the “very difficult”’ test set

D. Fischer threading test set of 68 structural pairs (a subset of 19)

1ATR-1ATN 13.8 94.3 19.2 20.2 18.8 20.2 171 24.6
1BOV-1LTS 4.4 83.5 10.1 29.4 3.6 79.4 3.1 92.6
1CAU-1CAU 18.8 96.7 1.7 15.6 10.0 27.4 7.6 47.4
1COL-1CPC 1.2 81.4 8.6 44.0 5.6 58.6 4.8 59.3
1LFB-1HOM 17.6 75.0 1.2 100.0 1.2 100.0 1.1 100.0
1NSB-2SIM 10.1 89.2 13.2 20.2 13.2 20.1 12.3 26.8
1RNH-1HRH 26.6 91.2 13.0 21.2 4.8 35.4 3.5 57.5
1YCC-2MTA 14.5 55.1 3.4 72.4 5.3 58.4 3.1 75.0
2AYH-1SAC 8.8 78.4 5.8 33.8 55 48.0 4.8 64.9
2CCY-1BBH 21.3 97.0 4.1 52.4 3.1 73.0 2.6 77.0
2PLV-1BBT 20.2 91.4 7.3 58.9 7.3 58.9 6.2 60.7
2POR-20MF 13.2 97.3 18.3 1.3 1.4 14.7 10.5 25.9
2RHE-1CID 21.2 61.6 9.2 33.7 7.5 51.1 4.4 711
2RHE-3HLA 2.4 96.0 8.1 16.5 7.6 9.4 6.7 43.5
3ADK-1GKY 19.5 100.0 13.8 26.6 11.5 37.7 7.7 48.1
3HHR-1TEN 18.4 98.9 7.3 60.9 6.0 66.7 4.9 79.3
4FGF-81I1B 141 98.6 11.3 24.0 9.3 30.6 5.4 41.2
6XIA-3RUB 8.7 441 10.5 145 10.1 11.0 9.0 34.3
9RNT-2SAR 13.1 88.5 5.8 41.7 5.1 51.2 4.8 69.0
AVERAGE 14.2 85.2 9.6 36.7 7.7 44.8 6.3 57.8
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some biology?
please...
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Common Evolutionary Origin of Coated
Vesicles and Nuclear Pore Complexes

mGenThreader + SALIGN + MOULDER

D. Devos, S. Dokudovskaya, F. Alber, R. Williams, B.T. Chait, A. Sali, M.P. Rout.
Components of Coated Vesicles and Nuclear Pore Complexes Share a Common Molecular Architecture.
PLOS Biology 2(12):e380, 2004
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yNup84 complex proteins

0 250 500 750 1000 15
N I I S N O B

Nup133

Nup120

Nup8S il BB Sainbud & 0008 uB)i &

Nup84 Ak I8 it G0 604 o Odbde, nBl; (0 0hd B

Nup145C 3, wh.s | cal B0 B0 i A 006000 1 Siodou

Seh1  Jiidib (il diiIGe 0L

Sec13  [UMWIL, B ballly
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All Nucleoporins in the Nup84 Complex are Predicted to
Contain B-Propeller and/or a-Solenoid Folds

Nupl45C

Sehl Secl3

"N

/

; 1 ( S d \; ,‘ B \(\//‘)_I ( |
g k& %@& / Lé’@\
- iﬁf L ‘}%ﬁg/i: ?ﬁ@?y
oy )
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NPC and Coated Vesicles Share the B-Propeller and o-
Solenoid Folds and Associate with Membranes

Fold

Beta
Propeller

Clathrin

AP-2 POl €&—— Lgjical
Subcomplex Solenoid

Sigma

CVs

Clathrin

Clathrin
a/yd/e-subunit
B-subunit

COPI

a-subunit
B'-subunit

a-subunit
B-subunit
y-subunit
e-subunit
B'-subunit

NPC

Secl13
Seh1

Nup133
Nup120
Nup85
Nup84
Nup145C

2

e
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NPC and Coated Vesicles Both
Associate with Membranes

Coated top view

Vesicle NPC model

Nup 84 complex




A Common Evolutionary Origin for
Nuclear Pore Complexes and Coated Vesicles?
The proto-coatomer hypothesis

Prokaryote Early Eukaryote = Modern Eukaryote

A simple coating module containing minimal
copies of the two conserved folds evolved in
proto-eukaryotes to bend membranes.

The progenitor of the NPC arose from a
membrane-coating module that wrapped
extensions of an early ER around the cell’s

chromatin.
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MODELLER TUTORIAL

http://www.salilab.org/modeller/tutorial/

Marc A. Marti-Renom
Assistant Adjunct Professor
Department of Biopharmaceutical Sciences



http://www.salilab.org/modeller/tutorial/
http://www.salilab.org/modeller/tutorial/

Comparative Modeling by Satisfaction of Spatial Restraints (MODELLER)

3D GKITFYERGFQGHCYESDC-NLQP...
SE GKITFYERG---RCYESDCPNLOQP..

1. Extract spatial restraints

FREQUENCY

1‘5 1‘7 1‘9 2’1 2‘3 2‘5 .
C, - C, DISTANGE Al

2. Satisfy spatial restraints

FR) =TT pifin)

. A. Sali & T. Blundell. J. Mol. Biol. 234, 779, 1993.
http://www.salilab.org/modeller J.P. Overington & A. Sali. Prot. Sci. 3, 1582, 1994.
A. Fiser, R. Do & A. Sali, Prot. Sci., 9, 1753, 2000.




Steps in Comparative Protein Structure Modeling

’ TARGET TEMPLATE

ASILPKRLFGNCEQTSDEG

. Template Search LKIERTPLVPHISAQNVCLKI
: DDVPERLIPERASFQWNMN
’ DK
: \ :
. Target - Template ASILPKRLFGNCEQTSDEGLKIERTPLVPHISAQNVCLKIDDVPERLIPE
= - MSVIPKRLYGNCEQTSEEAIRIEDSPIV---TADLVCLKIDEIPERLVGE
Alighment

-

J

( Model Evaluation

i |
Model Building | @

blbp.B99990001

0.8

No /OK? i1 VANV

20 50 80
YeS RESIDUE INDEX

A. Sali, Curr. Opin. Biotech. 6, 437, 1995.
R. Sanchez & A. Sali, Curr. Opin. Str. Biol. 7, 206, 1997.
M. Marti et al. Ann. Rev. Biophys. Biomolec. Struct., 29, 291, 2000.

PSEUDO ENERGY




Typical errors in comparative models

Incorrect template

MODEL
X-RAY
TEMPLATE

Region without a Distortion/shifts in
template aligned regions

VX

Marti-Renom et al. Annu.Rev.Biophys.Biomol.Struct. 29, 291-325, 2000.

EDN  ---KPPQ)

KP
SA  KETABRRK

Misalignment

FTWAQWFETQHI NMT TNAMQVINNYQRRCKNONTFLLTTF ANVVIVCGNPNMTC PSN

== NSO T

FERQHMDS STSAASSSNYCNQMMR SRNLTK DRCK PVNTFVHESLAD KINVAC -KN
Dbbbbbb aaaaaaaaa

KTRENCHHSGSQVPL THCNLTTPS PONTSNCRY AQTPANMF Y TVACDNRDQRRDPPQYPVVPVHLORTT
SCPEECETETEEET TSNSV LT [TLLTTTTT
—GRTNCYQSYSTMSI TDCRETGS S - -K YPNCAYKTTQANKHI TVACEGN - - - - - - ~PYVPVHFDASY

aaaaa

Sidechain packing

&




Model Accuracy as a Function of Target-Template Sequence Identity

—
o
o

A Template - Target
® Model - Target

[ ] Template - Target difference
[ ] Alignment error

Q
©
LS
O]
S
o
O
|
-
e}
O
-
| -
e
0p)
RN

20 40 60 80 100
% Sequence identity




Model Accuracy

HIGH ACCURACY

NM23

Seqid 77%

Co equiv 147/148
RMSD 0.41A

Sidechains
Core backbone
Loops

/ MODEL

CRABP
Seqid 41%

Co equiv 122/137
RMSD 1.34A

Sidechains
Core backbone
Loops
Alignment

LOW ACCURACY

EDN
Seqid 33%

Co equiv 90/134
RMSD 1.17A

Sidechains

Core backbone
Loops
Alignment

Fold assignment

Marti-Renom et al. Annu.Rev.Biophys.Biomol.Struct. 29, 291-325, 2000.




Applications of Protein Structure Models

comparative modeling NMR, X-RAY
% SEQUENCE IDENTITY

threading

de novo prediction

100

50

insignificant sequence similarity

>
g
2
(5]
Q
<
-
w
=]
(=]
=

APPLICATIONS

studying catalytic
mechanism

designing and improving
ligands

docking of macromolecules,
prediction of protein partners

virtual screening and
docking of small ligands

lefining antibody epitop

molecular replacement in
X-ray crystallography

designing chimeras, stable,
crystallizable variants

supporting site-directed
mutagenesis

refining NMR structures

fitting into low-resolution
electron density

finding functional sites by
3D motif searching

structure from sparse
experimental restraints

annotating function by
fold assignment

establishing evolutionary
relationships

D. Baker & A. Sali.
Science 294, 93, 2001.




Obtaining MODELLER and
related information

& MODELLER svo) web page
¢ http://www.salilab.org/modeller/

¢ Download Software (Linux/Windows/Mac/Solaris)
¢ HTML Manual
¢ Join Mailing List




Using MODELLER

¢ No GUI' ®
¢ Controlled by command file ®®

& Script is written in PYTHON language ©
¢ You may know Python language, is simple ©©




Using MODELLER

& INPUT:
¢ Target Sequence (FASTA/PIR format)
¢ Template Structure (PDB format)
¢ Python command file
& OUTPUT:
¢ Target-Template Alignment
¢ Model in PDB format
¢ Other data




Modeling of BLBP
Input

¢ Target: Brain lipid-binding protein (BLBP)
¢ BLBP sequence in PIR (MODELLER) format:

>P1;blbp
sequence :blbp

VDAFCATWKLTDSQNFDEYMKALGVGFATRQVGNVTKPTVIISQEGGKVVIRTQCTFKNTEINFQLGEEFEETSID
DRNCKSVVRLDGDKLIHVQKWDGKETNCTREIKDGKMVVTLTFGDIVAVRCYEKA* :




Modeling of BLBP
STEP 1: Align and sequences
Python script for target-template alignment

# Example for: alignment.align()

# This will read two sequences, align them, and write the alignment
# to a file:

log.verbose()
env environ()

aln alignment (env)

mdl = model(env, file=' ")
aln.append model (mdl, align_codes=' )

aln.append(file="' , align_codes=(" "))

# The asl.sim.mat similarity matrix is used by default:
aln.align(gap_penalties_1d=(-600, -400))
aln.write(file='blbp-lhms.ali', alignment_ format='PIR')
aln.write(file='blbp-lhms.pap', alignment format='PAP')

Run by typing mod8v0 align.py in the directory where you have the python file.
MODELLER will produce a align. log file




Modeling of BLBP
STEP 1: Align and sequences
Python script for target-template alignment

# Example for: alignment.align()

# This will read two sequences, align them, and write the alignment
# to a file:

log. )
()

(env)
(env, file=' ")
(mdl, align_ codes=' ")
(file=" ', align_codes=("' "))

asl.sim.mat similarity matrix is used by default:
(gap_penalties_1d=(-600, -400))
(file='blbp-lhms.ali', alignment_ format='PIR')
(file='blbp-lhms.pap', alignment format='PAP')

Run by typing mod8v0 align.py in the directory where you have the python file.
MODELLER will produce a align. log file




Modeling of BLBP
STEP 1: Align and sequences
Python script for target-template alignment

# Example for: alignment.align()

# This will read two sequences, align them, and write the alignment
# to a file:

log.verbose()
env = environ()

aln = alignment ( )

mdl = model ( ’ ="'

aln.append_model ( ;

aln.append ( ="' N =("' D))

# The asl.sim.mat similarity matrix is used by default:
aln.align( =(-600, -400))

aln.write( 'blbp-lhms.ali’, '"PIR')
aln.write( 'blbp-lhms.pap’, "PAP')

Run by typing mod8v0 align.py in the directory where you have the python file.
MODELLER will produce a align. log file




Modeling of BLBP
STEP 1: Align and sequences
Python script for target-template alignment

# Example for: alignment.align()

# This will read two sequences, align them, and write the alignment
# to a file:

log.verbose()
env environ()

aln alignment (env)

mdl = model(env, file=' )
aln.append model (mdl, align codes=' )
aln.append(file="' -, align_codes=("' "))

# The asl.sim.mat similarity matrix is used by default:
aln.align(gap_penalties_1d=(-600, -400))
aln.write(file='blbp-lhms.al:"', alignment_format='PIR')
aln.write(file='blbp-lhms.pap', alignment format='PAP')

Run by typing mod8v0 align.py in the directory where you have the python file.
MODELLER will produce a align. log file




Modeling of BLBP
STEP 1: Align and sequences
Output

>P1l;1lhms

structureX:lhms: 1 : : 131 : :undefined:undefined:-1.00:-1.00
VDAFLGTWKLVDSKNFDDYMKSLGVGFATRQVASMTKPTTITEKNGDILTLKTHSTFKNTEISFKLGVEFDETTA
DDRKVKSIVTLDGGKLVHLQKWDGQETTLVRELIDGKLILTLTHGTAVCTRTYEKE*

>P1;blbp
sequence :blbp: D : : : : 0.00: 0.00
VDAFCATWKLTDSONFDEYMKALGVGFATRQVGNVTKPTVIISQEGGKVVIRTQCTFKNTEINFQLGEEFEETSI

DDRNCKSVVRLDGDKLIHVQKWDGKETNCTREIKDGKMVVTLTFGDIVAVRCYEKA*




Modeling of BLBP
STEP 1: Align and sequences
Output

>P1l;1lhms

structureX:lhms: 1 : : 131 : :undefined:undefined:-1.00:-1.00
VDAFLGTWKLVDSKNFDDYMKSLGVGFATRQVASMTKPTTITEKNGDILTLKTHSTFKNTEISFKLGVEFDETTA
DDRKVKSIVTLDGGKLVHLQKWDGQETTLVRELIDGKLILTLTHGTAVCTRTYEKE*

>P1;blbp

sequence :blbp: D : : : : 0.00: 0.00
VDAFCATWKLTDSONFDEYMKALGVGFATRQVGNVTKPTVIISQEGGKVVIRTQCTFKNTEINFQLGEEFEETSTI

DDRNCKSVVRLDGDKLIHVQKWDGKETNCTREIKDGKMVVTLTFGDIVAVRCYEKA*




Modeling of BLBP
STEP 1: Align and sequences
Output

_aln.pos 10 20 30 40 50 60
lhms VDAFLGTWKLVDSKNFDDYMKSLGVGFATRQVASMTKPTTITIEKNGDILTLKTHSTFKNTEISFKLGV

blbp VDAFCATWKLTDSONFDEYMKALGVGFATRQVGNVTKPTVIISQEGGKVVIRTQCTFKNTEINFQLGE
consrvd **xkk  kkkk Kkk kkk kkk kkkkkkkkkk *hkkk *k * *  kkkkkkk Kk kk

_aln.p 70 80 90 100 110 120 130
lhms EFDETTADDRKVKSIVTLDGGKLVHLOQKWDGQETTLVRELIDGKLILTLTHGTAVCTRTYEKE

blbp EFEETSIDDRNCKSVVRLDGDKLIHVQKWDGKETNCTREIKDGKMVVTLTFGDIVAVRCYEKA
consrvd ** *kk  kkk kk k kkk kk Kk kkkkk k% *k  kkk *kk Kk Kk Kk kkk




Modeling of BLBP
STEP 2: Model the structure using the
alignment from step 1.
Python script for model building

# Homology modelling by the automodel class

from modeller.automodel import * # Load the automodel class
log.verbose() # request verbose output

env = environ() # create a new MODELLER environment

# directories for input atom files
env.io.atom files directory = '

automodel (env,
alnfile = # alignment filename

knowns o # codes of the templates
sequence = ) # code of the target
a.starting model= index of the first model
a.ending_model = index of the last model
(determines how many models to calculate)
do the actual homology modelling

Run by typing mod8v0 model.py in the directory where you have the python file.
MODELLER will produce a align. log file




Modeling of BLBP
STEP 2: Model the structure using the
alignment from step 1.
Python script for model building

# Homology modelling by the automodel class

from modeller.automodel import * # Load the automodel class

log. () # request verbose output

env = () # create a new MODELLER environment

# directories for input atom files
env.io.atom files directory = '

(env,
alnfile = # alignment filename
knowns o # codes of the templates
sequence = ) # code of the target
a.starting model= index of the first model
a.ending_model = index of the last model
(determines how many models to calculate)
do the actual homology modelling

Run by typing mod8v0 model.py in the directory where you have the python file.
MODELLER will produce a align. log file
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Modeling of BLBP
STEP 2: Model the structure using the
alignment from step 1.
Python script for model building

# Homology modelling by the automodel class

from modeller.automodel import * # Load the automodel class
log.verbose() # request verbose output

env = environ() # create a new MODELLER environment

# directories for input atom files
env.

automodel (
# alignment filename

# codes of the templates
# code of the target
index of the first model
index of the last model
(determines how many models to calculate)
do the actual homology modelling

Run by typing mod8v0 model.py in the directory where you have the python file.
MODELLER will produce a align. log file
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Modeling of BLBP
STEP 2: Model the structure using the
alignment from step 1.
Python script for model building

http://www.cgl.ucsf.edu/chimera/

http://www.openrasmol.org

Model file 2 b1lbp.B99990001




http://www.salilab.org/bioinformatics resources.shtml

Andrej 5ali Lab
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Home
Lab Members
Bublications
Lab Pages
Bloinformatics Resources
Canter for Computational Proteomics
Troplcal Disease Initiative
Structural Genomics, NYSGRC
Graduate School
Research Positions.
Postdoctoral Fellowships
Directions & Maps
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* paai

*EVa

# 1caDB

* LigBase

# ModBase

# MODELLER

# Modloog

* ModWeb

# SNPWeb

* SRS

Andrej Sali Lab

University of California, San Francisco
Depariments of Blopharmaceutical Sciences and Pharmaceutical Chemistry, and
Calfomia Institute for Guaniitatve Biomedical Research
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Biginformatics Resources

Programs and World Wide Web servers useful in comparative modeling
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DATABASES

CATH
GenBank
GeneCansus

MooBase

TrEMBL
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FOLD ASSIGNMENT

123D
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BIOINBGU
BLAST
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FastA
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FUGUE
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THREADER
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http://www.salilab.org/modeller/tutorial/

806 Tutorial
@ @ [E] A A r@ E‘ & hip:/ fsalilab.org/ modeller /tutorial § OB Q- Google D

To main Sali lab pages n

Modeller

Program for Comparative Protein
Structure Modelling by Satisfaction
of Spatial Restraints

l About MODELLER |
‘ MODELLER News | Tutarial

‘ Download & Installation \

MODELLER is used for homology or comparative medeling of protein three-dimensional structures
{1,2,3). The user provides an alignment of a sequence to be modeled with known related structures
[ Registration ] and MODELLER automatically calculates a model containing all non-hydrogen atoms.

Release Notes

Discussion Forum ] This web site presents a tutorial for the use of MODELLER 8v0 (for older versions of MODELLER,
Subscribe  USe the old MODELLER 7v7 tutorial). There are 4 modeling examples that the user can follow:

Browse archives

1. Basic Modeling. Mode! a sequence with high identity to a template.

Shanch schives This exercise introduces the use of MODELLER in a simple case where the template selection
I Docimantaion l and target-template alignments are not a problem. |
i 2. Advanced Modeling, Model a sequence based on multiple femplates and bound to a ligand.
Tutorial This exercise infroduces the use of multiple templates and ligands in the process of model
Online manual huilding with MODELLER.
Wiki

N 3. lterative Modeling. increase the accuracy of the modeling exercise by iferating the 4 step process.
] This exercise introduces the concept of MOULDING to improve the accuracy of comparative

l models.

[ Developers” Pages

| Contact Us

4. Difficult Modeling. Model a sequence based on a low identity to & template.
This exercise uses resources external to MODELLER in order to select a template for a dificult
case of protein structure prediction.



http://www.salilab.org/modeller/tutorial/
http://www.salilab.org/modeller/tutorial/
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