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DomainsDomains

Structural ViewStructural View
Compact independent folding unitsCompact independent folding units

Evolutionary ViewEvolutionary View
Evolutionary unit i.e. functional domain or moduleEvolutionary unit i.e. functional domain or module

CombinationCombination
Independent folding unit with a well defined Independent folding unit with a well defined 
function and/or evolutionary historyfunction and/or evolutionary history



Typical 2Typical 2--domain proteindomain protein
T0233 (CASP6)T0233 (CASP6)

2 Domains: 14-79, 93-362



Current Current 
DomPredDomPred
Result for Result for 

T0233T0233
CASP Manual:
14-79, 93-362

DPS predicts 
domain 
boundary at 94.

DomSSEA
predicts a 
boundary at 97



Domains from Secondary Domains from Secondary 
Structure Element Alignments Structure Element Alignments 

((DomSSEADomSSEA))

SCOP Database DSSP Database

PSIPREDTarget



SSEA ScoringSSEA Scoring

Observed Secondary Structure
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MethodMethod
Align (PSIPRED) predicted secondary structure pattern of Align (PSIPRED) predicted secondary structure pattern of 
target to observed secondary structure patterns in proteins of target to observed secondary structure patterns in proteins of 
known 3D structure known 3D structure 

Use of Secondary Structure Element Alignment methods Use of Secondary Structure Element Alignment methods 
(SSEA) acts as a crude fold recognition algorithm(SSEA) acts as a crude fold recognition algorithm
Domain number and boundary predictions taken from topDomain number and boundary predictions taken from top--
scoring alignmentscoring alignment
Template library of known structures taken from CATH Template library of known structures taken from CATH 
domain databasedomain database

single and multisingle and multi--domain chains <30% sequence identitydomain chains <30% sequence identity

DOMSSEA - Protein Domain Prediction



DomSSEADomSSEA used for allused for all--againstagainst--all alignment of chains in template library. all alignment of chains in template library. 
Top scoring hits filtered by PSIBLAST to remove any possible matTop scoring hits filtered by PSIBLAST to remove any possible matches ches 
due to sequence similaritydue to sequence similarity
Prediction of domain number (single, two domain, three+ domains)Prediction of domain number (single, two domain, three+ domains)

82% correctly assigned as single domain82% correctly assigned as single domain

46% correctly assigned as two46% correctly assigned as two--domaindomain

37% correctly assigned as three37% correctly assigned as three--oror--more domainmore domain

Prediction of domain boundaries (+/Prediction of domain boundaries (+/-- 20 residues)20 residues)
Sensitivity of 31% (percentage of correctly assigned boundaries)Sensitivity of 31% (percentage of correctly assigned boundaries)
Selectivity of 39% (percentage of predictions made that are corrSelectivity of 39% (percentage of predictions made that are correct)ect)
Overall, 25% of multiOverall, 25% of multi--domain chains have correct assignment of domain domain chains have correct assignment of domain 
number and corresponding boundariesnumber and corresponding boundaries

DOMSSEA - Results



Domains Predicted from Domains Predicted from 
Sequence (DPS)Sequence (DPS)

• PSI-BLAST hits

• Histogram N- & C-terminals

• Smooth and z-score



DomPredDomPred ServerServer

A combined approach to domain assignmentA combined approach to domain assignment
Sequence based method, postSequence based method, post--processes PSIprocesses PSI--BLAST sequence alignments, BLAST sequence alignments, 
assigns domain boundaries from distribution of aligned sequence assigns domain boundaries from distribution of aligned sequence termini to termini to 
target sequencetarget sequence
DomSSEADomSSEA output for harder targets where sequence comparison finds no output for harder targets where sequence comparison finds no 
matchesmatches

Combined methods used for prediction of domain boundaries (same Combined methods used for prediction of domain boundaries (same 
targets) (+/targets) (+/-- 20 residues)20 residues)
Sensitivity of 55% (percentage of correctly assigned boundaries)Sensitivity of 55% (percentage of correctly assigned boundaries)
Selectivity of 45% (percentage of predictions made that are corrSelectivity of 45% (percentage of predictions made that are correct)ect)



Original T0233 Predictions (CASP6)Original T0233 Predictions (CASP6)

2 Domains: 14-79, 93-362 DPS: Domain cut at 73

DomSSEA: Domain cut at 98Ginzu: Domain cut at 60



CASP 6 Scoring Scheme: NDOCASP 6 Scoring Scheme: NDO

D1 D2Linker

1 20 31 100
d1 d2

1 20 21 100

17017070702020SumSum

60607070101000d2 (21d2 (21--100)100)

202000002020d1 (1d1 (1--20)20)

SumSumD2 (31D2 (31--100)100)L (21L (21--30)30)D1 (1D1 (1--20)20)

Final NDO Score = 170/180 = 94%



CASP6 ResultsCASP6 Results

Proteins (2005) 61 Suppl. 7:183-92



Three domain T0248 (CASP6)Three domain T0248 (CASP6)

Domain 1 (FR/A):
21-99

Domain 2 (NF):
107-193

Domain 3 (FR/A):
199-285



Current Current DomPredDomPred Result for T0248Result for T0248

No Signal !

DPS & DomSSEA
both predict single 
domain



Original T0248 Predictions (CASP6)Original T0248 Predictions (CASP6)

21-99 & 107-193 & 199-285

DPS, DomSSEA & Ginzu
all predict single domain

RosettaDom gets one domain cut at 94.



OverviewOverview

Fully automated domain boundary prediction is a hard Fully automated domain boundary prediction is a hard 
unsolved problemunsolved problem

On larger benchmark sets On larger benchmark sets ““completely correctcompletely correct”” predictions predictions 
are obtained for only ~35% of are obtained for only ~35% of multimulti--domaindomain proteinsproteins

ComputerComputer--assisted prediction more tractableassisted prediction more tractable
DomPred2 DomPred2 –– available after CASP7available after CASP7

Better sequenceBetter sequence--based scoring scheme inc. full fold based scoring scheme inc. full fold 
recognition (mGenrecognition (mGen--3D)3D)
Specific domainSpecific domain--linker prediction including disorder linker prediction including disorder 
predictionprediction
Machine learning to combine featuresMachine learning to combine features



Predicting Disordered Predicting Disordered 
Regions in ProteinsRegions in Proteins



KaiA N-terminal domain,
S. elongatus (NMR data)



Experimental determination of 
disorder

• X-rays detect disorder as missing electron 
density or high B-value regions

• NMR spectroscopy reliably determines 
disorder

• Other techniques: circular dichroism, 
protease digestion,  hydrodynamic 
parameters (e.g. Stoke’s radius)



Disordered proteins

• Some proteins are partly or completely 
unfolded in vitro and yet they are known to 
be functional in vivo

• Ensemble of configurations rather than a 
unique, ordered structure 

• Disordered states can be compact  (molten 
globule) or extended (random-coil)

• They become folded (ordered) upon binding



Protein Disorder

• The dominant view of  protein structure-
function has been that an amino  acid 
sequence specifies  a (mostly)  fixed 3-D 
structure that is a prerequisite to protein  
function.

• In contrast to the dominant view, it is now 
becoming clear that many proteins display 
functions  requiring the disordered state. 



How common is disorder?

19.6%33.0%52-67%eukaryotes

1.6%4.2%26-51%archea

0.7%2.0%16-45%bacteria

Ward et al.
>50

Ward et al.
>30

Dunker et al.
>40

• Eukaryotes have greater need for signalling, 
control or regulation

• No compartment protection from proteolysis in           
prokaryotes



Possible advantages of disorder
• Allows recognition and binding of several 

targets with high specificity and low affinity?
• Allows quick response to environmental 

changes?
• Facilitates assembly of multi-protein 

complexes?

Disorder is usually conserved across families



Basic Scheme for Predicting 
Disorder by Machine Learning

MLSPQAMSDFHEELKWLLCNIPGQKLASLANREYT…

Classifier
(e.g. neural net or

SVM)
Window of
15 residues

Predicting the disorder/order state
for this residue

Order

Disorder



Training an SVM Classifier to 
Recognize Native Disorder

• DISOPRED2 trained on non-redundant set of 
crystal structures (725 structures)

• High resolution structures (< 1.7 Ǻ)
• Disorder defined by residues in the sequence 

records that do not have atomic co-ordinates.



Disorder Prediction

95% accuracy but most sites are ordered!



DISOPRED2 Accuracy

• 40% of disordered residues can be predicted 
with an error rate of 1%

• 60% of residues predicted with an error rate 
of 10%

• HOWEVER ~90% of long regions (30 
residues or more) can be found with < 0.1% 
error



http://bioinf.cs.ucl.ac.uk/disopred
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Predicting Domain-Domain 
Interactions



A B
E

Protein-protein interactions

I

Multidomain

(obligate)

Non-obligateObligate



Overall Goals of Knowledge-based 
Prediction of Protein-Protein/Domain-
Domain Interactions

Predict likely interactions between chains 
and domains in genomes
Predictions should be applicable to 
modelled structures
Predictions should be relatively fast
Predictions may be useful for ranking 
potential protein-protein complexes prior to 
full docking or structure determination



Overview of Methods
Unilateral Methods

Patch analysis
Predicting interface regions using physical 
characteristics of patches e.g. hydrophobicity or 
planarity

Machine learning approaches
Pattern recognition of interface regions (neural 
nets/SVMs)

Bilateral Methods
Full atomic docking
“Complex Recognition”

Recognizing complexes using fold recognition-like 
techniques (pair and solvation potentials)

A Hybrid Approach – docking in “Contact Space”
Combining patch analysis, complex recognition and 
machine learning to find possible interaction sites and 
estimate affinity     



Unilateral Methods:

Machine Learning Prediction of 
Interfaces



Predicting Interface Surfaces with SVMs

Position-based scoring matrix used
           A  R  N  D  C  Q  E  G  H  I  L  K  M  F  P  S  T  W  Y  V
          -3 -4 -4 -4 -3 -4 -4 -4 -2 -1 -1 -4 -1  8 -5 -3 -3  0  2 -2
           0 -1 -1  3 -4  3  4  1 -1 -4 -4  0 -3 -4 -2 -1 -2 -4 -3 -3
           0 -1  2  1 -3  4  0 -1 -2 -4 -3  1 -2 -4 -2  2  0 -4 -3 -3
          -2 -3 -4 -5 -2 -3 -4 -6 -4  0  6  0  0 -1 -4 -3 -2 -4 -2  0
           0 -3 -1 -2 -3  0 -2  4 -3 -3  0 -2 -2 -4 -3  3  1 -4 -4 -3
           0  2  0  4 -4  1  2  1 -2 -4 -4  0 -3 -4 -3  1 -2 -5 -4 -4
          -1  5  3 -2 -4 -1 -1  1 -2 -1 -4  1 -3 -4 -3  1 -2 -5 -4 -4
          -2 -3 -4 -5 -3 -3 -4 -5 -4  3  4 -1  1  2 -4 -3 -2 -3 -1  0
          -2  3  2 -2 -4  2  1 -3 -2 -3 -3  1  1 -4 -3  2  1 -4 -3 -1
           0  2  3  1 -4  0  0  0 -2 -4 -4  1 -3 -4 -3  2  0 -5 -4 -4
           5 -3 -3 -3 -2 -3 -3 -2 -3  1 -2 -3 -2  1 -3  0  1 -4 -2  0
          -1 -4 -5 -5 -3 -4 -4 -5 -4  3  3 -4  2  3 -5 -3 -2  5 -1  2
           0  3  3  0 -4  3  0  1 -2 -4 -4  1 -3 -4 -3  1 -1 -4 -3 -4
          -1  0  1  0 -4  1 -1 -1 -2 -4 -3  5 -2  0 -3  0 -2 -4  0 -3
          -2 -3 -1 -5 -3 -3 -4 -5 -4  3  4  0  4  2 -4 -3 -2 -3 -2  0
           0  3  0 -2 -3 -1  0  0 -2  0  0  1  0 -1 -3  2  0 -4 -3  0
          -1  1  3 -2 -4  0 -2  4 -2 -4 -4  0 -3  0 -3  0  0 -3  0 -4

Raw profile from PSI-BLAST Log File
Central
Residue

+
7 closest
neighbours

SVM
Interface

Non-interface

7 x 20 input vectors
derived from
PSI-BLAST profiles

+ Other information



observed interface residues                    predicted interface 
residues

SVM PREDICTION

1ay7A (Ribonuclease sa complex with barstar)

Correct predictions: 38/43 (88%)



1stfI (stefin B inhibitor complexed with papain)

Correct predictions:47/55 (85%)

observed interface residues                    predicted interface 
residues



Bilateral Methods:

Docking Domains in Contact 
Space

(Lise S., Walker-Taylor A., Jones D.T. BMC 
Bioinformatics 2006, 7:310)



Docking in Contact Space



Pros & Cons
PROs

Simple representation
No distances/angles need to be calculated
Any interaction pattern can be represented – even 
allowing for conformational changes
Could even be applied

CONs
Very large configuration space

Many patterns not embeddable in 3-D space!
Does not produce 3-D structure directly



Rules of the Game

Only accessible residues are considered
Each residue can make a maximum of n
contacts (n = 2 or 3 typically)
Total number of contacts < K

Can be estimated based on size of proteins
All contacts must satisfy geometric 
constraints (i.e. be 3-D embeddable)
“Game” is played using simulated annealing



Search Space
Consider two proteins with 100 accessible 
residues each

Contact map has 1002 = 10000 cells
Total of 210000 configurations!    However…

Assuming ~10 interacting residues & 3 contacts 
per residue
Total configurations ~ 1000030 = 10120

Achievable by simulated annealing search



Geometric Compatibility

Predicted 
Contact A

Predicted Contact B is NOT

Geometrically compatible



Annealing moves based on a random 
graph

Define a random graph 
with m << K nodes 
representing top scoring 
contacts and edges 
representing geometric 
compatibility between 
contacts
Identify initial clique of 4 
or 5 nodes with 5-6 
peripheral nodes
Moves involving cliques 
can be local (a) or large-
scale (b)



Objective Function

Residue conservation score
Pair potentials
Interface propensity
Shape complementarity
Correlated mutation score

Jack-knifed grid search used to find optimal 
linear combination of scores



Shape complementarity

A knob matches a hole (and vice-versa)
Consider spheres centred on each residue
A knob “fits” a hole IF the sphere volume not occupied by protein 
in A equals the sphere volume occupied by protein in B
Distances between pairs of critical points should also be similar

Critical

Point



Performance of terms in recognizing known contacts



Proof of principle

Selected domain pairs from multi-domain 
protein where BOTH an open and closed 
conformation is available in PDB
Managed to find 20 pairs
Task is to predict the contacts in the closed 
form based on the individual domains taken 
from the open form



Average distance between predicted 
contacts compared to random
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