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Abstract

This April, in Cambridge (UK), principal investigators fr om the Mathematical
Biology Group of the Medical Research Council’s National Institute of Medical
Research organized a workshop in structural bioinformatics at the Centre for
Mathematical Sciences.Bioinformatics researchers of several nationalities fr om
labs around the country presented and discussed their computational work in
biomolecular structur e prediction and analysis,and in protein evolution. The meeting
wasintensiveand lively and gaveattendeesan overview of the healthy stateof protein
bioinformatics in the UK. Copyright � 2004John Wiley & Sons,Ltd.
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This workshop was organized by members of
the Computational Biology Group at the UK
Medical ResearchCouncil’s National Institute for
Medical Research(http://mb2.nimr.mr c.ac.uk/),
Franca Fraternali, Richard Goldstein and Willie
Taylor. It wasa low-keyaffair, organizedlate,yet it
wasprobablythebestscientiÞc meetingI haveever
attended;I wasinterestedin advancein thecontent
of practicallyevery session.Most of the seminars
werewell-prepared,clear,relevantandrefreshingly
concise.Even allowing for usually well-informed
questionsand interruptions,sessionsrarely over-
ran (or if they did, it didn’t feel that way). Unfor-
tunately,becauseI heardabout the meetingonly
shortly beforeit took place,I wasunableto attend
every presentationin full. Although the speakers
andattendeeswereof manynationalities,they are
all currentlyworking in the UK.

After Willie Taylor’s introductionit was appro-
priate that Cyrus Chothia (Laboratoryof Molec-
ular Biology, Cambridge,UK; http://www.mr c-
lmb.cam.ac.uk/genomes/Cyrus.html), one of the
most prominent and longstandingresearchersin
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the Þeld of protein structure bioinformatics in
Cambridge,should open proceedings.In his talk,
‘Structural constraintson protein mutations’, he
described his work with Rajkumar Sasidharan
(http://www.mr c-lmb.cam.ac.uk/genomes/sraj/).
It wasgoodfor therestof themeetingthat,regard-
lessof Chothia’sstanding,therewasno reluctance
to challengehis argumentsand his contribution
provokedthe Þrst of manystimulatingdiscussions
that took place both during and after presenta-
tions.

Whenquestioned,Chothiaadmittedto an inten-
tional loosenesswith the term ‘positive selection’
in his descriptionof thedegreeandtypeof residue
type conservationin different locationsin protein
structures.He outlined how residueconservation
varied with degreeof site exposureand summa-
rizedtheresiduepropertiesmostlikely to beshared
in the samesites acrosshomologues.Among the
intriguing statistics he presented,Chothia noted
that the normalizedfrequencyof changesin sur-
faceresidueswasÞve to six timeshigherthancore
residues.The most ‘selected’ (conserved)residue

Copyright � 2004John Wiley & Sons, Ltd.
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positions were least likely to vary in their size
Þrst, followed by their physicochemicalcharacter.
For theleast‘selected’positions,theprioritieswere
reversed.

In summary:averageselectivityvaluesfor given
sites in proteinsare calculable,the frequencyof
variation can be explainedin terms of the prop-
ertiesand locationsof the analysedsites,and the
frequencywith which residuesvary at given sites
had a mediumcorrelationwith the overall under-
lying frequency of random mutations. Richard
Goldsteinaskedif SasidharanandChothia’sstudy
showed that proteins tended towards robustness
and Chothia admitted not. Willie Taylor asked
aboutpossibleresemblancesbetweenthe substitu-
tion matrix derivedfrom Chothia’sstructure-based
alignmentsand the Dayhoff matrix. Chothia said
that the two weresimilar.

Juan Fernandez-Recio (Crystallography and
BiocomputingUnit, Departmentof Biochemistry,
University of Cambridge;http://www-cryst.bioc.
cam.ac.uk/� juan/) next presented ‘Protein
–protein docking by global energy minimization’,
work that he beganin RubenAbagyan’slab at the
ScrippsInstitute[9]. He aimsto Þnd generalmeth-
odsfor predictingthestructuresof protein–protein
complexesbasedsolely on the structuresof the
membersof thosecomplexes.Usefulbecausestruc-
tures of complexesare hard to determine, this
has increasedin importanceas lower-resolution
structuredeterminationmethodshavebecomemore
powerful andgeneratedmoredata.

While cheaperanalysestreating docking part-
ners as rigid bodies are easierto calculate,they
produceunrealisticenergy landscapes,unlikely to
leadto evenapproximatelycorrectsolutions.Mod-
els includingfully ßexibleproteinstructurerequire
the exploration of huge conformational spaces.
Fernandez-Recioand co-workersseeka compro-
mise: the Þrst step is to treat structuresas rigid
bodieswith ‘soft’ van der Waals’ radii permitting
atomic overlap; the secondstep is to permit ßex-
ibility elsewhere.Other efÞcienciescomethrough
representingmoleculesin terms of their internal,
rather than Cartesian,coordinates.This combina-
tion resultedin oneof thetop ‘blind’ performersin
the(CASP-like)CAPRI proteindockingprediction
competition(http://capri.ebi.ac.uk/). Unlike many
reviewsof bioinformaticsmethodsby their devel-
opers,Fernandez-Reciowent on to give examples
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of both the successfuland unsuccessfulapplica-
tions of his approach.He also discussedsomeof
the other usesfor the output of his docking sim-
ulations— they can be used,for example,in the
predictionof binding patcheson proteins.

EveryoneI spoke to was especiallyimpressed
with thevolumeanddepthof analysisthathadbeen
performedby SanneAbeln (http://www.stats.ox.
ac.uk/people/students.htm), still a Þrst-yearstu-
dent in CharlotteDeane’sbioinformaticsgroup in
the StatisticsDepartmentat Oxford University. In
‘Fold usageon genomesandproteinstructureevo-
lution‘ she describedher huge survey of protein
structuresacrossspecies.Shecomparedthe num-
ber of distinct folds with genomesize, examined
the numberof occurrencesof folds, ‘duplications’
of folds, and families per fold and relatedthem.
She had askedwhat thesedata could say about
the ‘ages’ of folds, evolutionarymechanismsand
evolutionaryrelationshipsbetweenfolds. By tak-
ing large sequencesets(150+ genomesfrom all
kingdoms) and widely used bioinformatics tools
(PSI-BLAST and SCOP),and applying them on
a largescale,shenot only madetoo manyinterest-
ing observationsto list here,but hadalreadybegun
to deviseplausibleexplanationsfor many of the
phenomenasheobserved.

It seemsthat distributionsof the popularity of
folds are often describedby power laws. Some
folds at least appear to be missing in certain
genomes.The data she collectedfor �� proteins
are different from folds in the other fold classes
(similar comparisonsagainst �� proteins were
made at several points over the course of the
meeting).Abeln cautionedthat it is very difÞcult
to makephylogenetictreesfrom this kind of data
since:

€ Thereareno clearrelationsbetweenthedifferent
measuresof fold usage (i.e. occurrencesof
folds acrossgenomes,duplicationsof folds on
a genome,andfamilies per fold).

€ When a fold diverges to a new fold on one
genome, occurrenceand duplications are set
backto one,andit is thereforedifÞcult to obtain
evolutionaryrelationsbetweenfolds from these
measures.

Interestingpowerlaw-basedrelationsalsoemer-
gedfrom their analysesof fold distributionsacross
families and superfamilies.Justas therehad been
discussionof Chothia’s use of the term ‘positive

Copyright � 2004John Wiley & Sons, Ltd. CompFunctGenom2004;5: 000–000.
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selection’, there was some debateover Abeln’s
allusions to ‘old folds’ in her discussionof the
possibleevolution of folds. The idea of ‘trapped
folds’ havingdifÞculty evolvingwasanothertheme
which re-emerged later in the week, when Ben
BlackburnedescribedhishugelysimpliÞedin silico
minimal proteins.

The secondday was chairedby Richard Gold-
stein and the Þrst speaker, Kenji Mizuguchi
(Departmentof Biochemistry,University of Cam-
bridge, UK, http://www-cryst.bioc.cam.ac.uk/�
kenji/ ), addressed‘Sequence–structurehomology
recognition’ . Mizuguchi Þrst clearly describedthe
centralproblemsof homologymodelling:identify-
ing the beststructuraltemplatesagainstwhich to
model the sequenceof an unknownfold and Þnd-
ing the bestalignmentbetweenthat sequenceand
its target.Hewasclassicallybiologicalin hisuseof
terminology,distinguishingbetweenthe identiÞca-
tion of analogous(corresponding,but not related)
and truly homologous(correspondingand related)
folds.

After an overview of existing methodsfor fold
recognition and alignment he outlined FUGUE
(http://www-cryst.bioc.cam.ac.uk/fugue/), a sys-
tem he developedalong with Jiye Shi and Tom
Blundell [18]. FUGUE exploits structural data
in the form of environment-speciÞc substitution
tables— 64 of them— and gap penalties.These
are applied alongside modern sequencealign-
ment techniquesand reÞned by testing to see
how the environment deÞnitions affect perfor-
mance. Mizuguchi claimed 70–100 hits/day on
the FUGUE Website and that the method out-
performs other blind prediction serversin align-
ment/assignment.Unfortunately,Mizuguchi’sclear
explanationof the problemsand approachdidn’t
leave him time to discussother applications,but
I look forward to reading about them elsewhere
[19,20,22].It was also satisfyingduring question-
ing afterwardsto hearhim besensiblydismissiveof
any attemptto attachstatisticalconÞdencevalues
to FUGUE’soutput,giventheabsenceof anunder-
lying mathematicalmodel.For a wider view of the
importanceof fold recognition,he recommended
his review in Drug DiscoveryToday [17].

Franca Fraternali (http://mathbio.nimr.mr c.
ac.uk/taylor/members/ffranca/) was the Þrst of
theorganizersto leada seminar.Shedescribedthe
parametrizationof a simpleandeasy-to-deriveana-
lytical formulafor takingaccountof solventeffects
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in molecular dynamicssimulations,using acces-
sible surface areas.The method, parametrically
optimised surfaces(POPS)[10], hasalreadybeen
integratedinto GROMOS96,and demonstratedto
be only about 30% slower than vacuum meth-
ods— ordersof magnitudecheaperthan explicit
watermoleculardynamicsimulations.

In orderto obtainan energy term to addthesol-
vent contribution to the force Þeld, one needsto
havesolvationparametersthat,multiplied with the
surfaceterms, give the free energy of solvation.
So far, theoreticianshave used experimentally-
obtainedsolvation energies of transfer of atoms
from water to vapour. Fraternali sketchedout a
new approachto the calculationof theseparam-
etersthat makesuseof explicit water simulations
on a selectednumberof conformationsof differ-
ent peptidesand proteins.From solute-restrained
MD simulations of these conformers,calculated
in explicit water, it is possibleto obtain distribu-
tionsof theatomicforcesexertedby thatwaterand
therebyparametrizethe POPSforcesaccordingly.

For the secondpart of her talk, Fraternalicon-
centratedon more bioinformaticanalysisof struc-
tural data using POPS. The method has been
parametrizedin orderto reproducesolventaccessi-
bilities at atomiclevel (POPSA)andat the residue
level (POPSR),basedon a training set of about
100 proteinsof differentsizesandtopologies.The
formula reproducesaccessibilitiescalculatedwith
the programNACESSwith lessthan10% error.

Fraternali has shown how the formula proved
useful in identifying protein–protein and pro-
tein–RNA interactions in large macromolecular
assemblieslike theribosome— evenbasedon low
resolutionstructures(C-� and P atomsonly) like
the 70Sribosome.Dif ferencesbetweenthe 30Sas
a separatesubunitandaspart of the 70Scomplex
(with the 50S subunit) have been highlighted in
this way. Becauseof the presenceof the P-tRNA
in the70Sribosome,localizedconformationalrear-
rangementsoccurringwithin thesubunits,exposing
Arg andLys residuesto negativelychargedbinding
sitesof P-tRNA,canbeidentiÞed.POPSRcanalso
be usedto estimatethe loss of free energy of sol-
vationuponcomplexformation,particularlyuseful
in designingnew protein–RNA complexesand in
suggestingmorefocusedexperimentalwork.

Like many of the most effective bioinformatic
approaches,POPSis an approximationto make

Copyright � 2004John Wiley & Sons, Ltd. CompFunctGenom2004;5: 000–000.
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large-scaleproblemstractable.In this case,Frater-
nali usedit to tackletheproblemof thelargemulti-
component ribosome structuresand to produce
illuminating data. A POPSweb server has been
madeavailableat http://ibivu.cs.vu.nl/pr ograms/
popswww/ [6].

Michele Vendruscolo’s (http://www.ch.cam.ac.
uk/CUCL/staff/mv.html ) group, in Cambridge’s
Chemistry Department,studies non-native struc-
tures of proteins and uses molecular dynamics
to translateexperimentalmeasurementsinto struc-
tures.Vendruscolomadethe important point that
we know far lessabout the cellular statesof pro-
teins thanabouttheir crystal states,as determined
by X-ray crystallography.We urgently need to
understandtheformsproteinstakewhentheyform
aggregates,intermediates,assemblies,or whenthey
arethe nuclei of misfoldedforms.

Vendruscolooutlined his group’s use of rest-
rained simulations to investigatesuch problems.
The approach generatesan ensembleof struc-
tures for study for which speciÞc experimentally-
measuredrestraintsare satisÞed. Various exper-
imental techniquescan be used to obtain the
restraints.Vendruscolooutlinedthe techniquewith
anexampleof threeaminoacidsfor which a dozen
or sointeractionsandspeciÞc bondshadto besatis-
Þed. Oncean experimentaltechniqueand a struc-
tural interpretationof the derived datahavebeen
chosen,themodelfor the interactionsemergesand
apseudo-energy functionpenalizesdeviationsfrom
the experimentallyderivedrestraints.Vendruscolo
argued that thesewere essentialbecausemolecu-
lar dynamicssimulationscannot entirely replace
experimentsin structuredeterminationproblems.

He then detailedsomespeciÞc casestudiesof
published applicationsof the restrainedsimula-
tion technique,beginningwith a 2004JACSpaper
[15] using data from site-directedspin-labelling
of acyl co-enzyme A binding protein (ACBP)
to investigate the residual structure present in
the unfolded protein. Restraints were imposed
on the averageover a set of copies (replicas)
of the molecule and the technique was imple-
mentedthrough25differentnon-interactingmodels
of the molecule— multiple simulationsincreased
the accuracy of the back-calculation of non-
restrainedvalues.Not all of severalhundredpos-
sible restraintsare used in any given model, but
thoseusedhaveto be mutually consistent.
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Vendruscoloshowedcontactmapsof the native
and denaturedstates,maps of the averagedis-
tancesbetweenpairs of residues(thesewere, in
fact, basedon the probabilitiesof the interactions
between pairs of residues).Although denatured
ACBP moleculesare highly heterogeneous,Ven-
druscoloclaimedthat thesensitivityof thecompu-
tationaltechniqueallowedhim andhis co-workers
to identify long-rangeconformationaltendencies.

He also gave other example applications:the
identiÞcation of rare (e.g. once a day) but large
structural ßuctuationsfrom the native state [26],
based on hydrogen exchangewith solvent; the
investigationof transitionstatestoo short-livedto
be investigatedproperly experimentally;and the
modellingof amyloidÞbresusingsolid-stateNMR-
deriveddistancerestraints.

Jośe Saldanha (http://mathbio.nimr.mr c.ac.
uk/taylor/members/jsaldan/) of Willie Taylor’s
lab then led us througha rich casehistory of the
applicationof comparativemodelling to the anal-
ysis of a therapeutictarget molecule.Although a
useful technique,comparativemodelling can be
difÞcult to presentscientiÞcally becauseits applica-
tion rarely makesa good ‘story’. It is often a step
in a larger processor a door to a wider biologi-
cal question.Saldanhahadworkedin collaboration
with DarukaMahadevan,a consultantoncologistat
the University of Arizona. Saldanhadid bioinfor-
maticsto analysetargetsproposedby his collabo-
rator; Mahadevanperformedexpressionstudies.

SaldanhaÞrst provided some backgroundon
prostatecancer,the secondmostcommonform of
deathin males,andon prostate-speciÞc membrane
antigen (PSMA), the main target for his investi-
gations, giving reasonswhy it might well be a
bettermarkerfor prostatediseasethanthe widely-
known prostate-speciÞc antigen(PSA). PSMA is
a 750 amino acid protein, implicated in many
bodyfunctions— questionswerelateraskedabout
the wisdom of choosingsuch a widely-usedtar-
get. Saldanha’schoice rested on several bases:
thereareseveralisoformsof PSMA, andthe form
expressedin prostatecanceris distinct from the
others;tumourendothelialcells expressit, but not
normalendothelialcells; andother researchersare
targeting PSMA in prostatecancer.There is also
goodclinical evidencefrom early trials thatPSMA
canbe manipulatedspeciÞcally andsafely.

Saldanharanthroughtherangeof bioinformatics

Copyright � 2004John Wiley & Sons, Ltd. CompFunctGenom2004;5: 000–000.
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programsthatwereappliedto theproblem,includ-
ing BLAST (sequencesearch), PSIPRED (sec-
ondary structure prediction), THREADER (fold
recognition), SAP (a structure-basedsequence
alignment program) and QUANTA (a commer-
cial modellingsuite).This processof bioinformatic
characterizationran from determiningits domain
boundariesto alignment to structure prediction.
It turned out that the transferring receptor was
likely to be the best template.Although distantly
relatedto PSMA, it hasa similar domainstructure.
The two moleculesmay sharesimilar properties
of dimerization and a similar binding–recycling
model.

Saldanha’smodel(s)provedconsistentwith mut-
agenesisdataandsuggestedan apicaldomainthat
might be involvedin substratebinding.Dockingof
the naturaldipeptidesubstrate,NAAG, hintedthat
the speciÞcity pocketmight be distinctive enough
to help in the designof inhibitors, but a full 3-D
structureis yet to be experimentallydetermined.

Workers in Janet Thornton’s large group at
the EuropeanBioinformatics Institute (EBI) have
been seeking to infer function from structural
information for some time now. James Watson
(http://www.ebi.ac.uk/Information/Staff/person
maint.php?person id= 345) outlinedtheir efforts

to obtain functional assignmentswithin struc-
tural genomicswork, particularly in collaboration
with the Midwest Centerfor StructuralGenomics
(http://www.mcsg.anl.gov/).

Watsonpointed out that, when it works, func-
tional assignmentfrom three-dimensionalstructure
is more appropriateto the identiÞcation of bio-
chemicalratherthanbiological function.Currently
sequencemethodsare the most successfulway to
assignfunction, but structure-basedmethodscan
provide additional functional information. There
arestill plentyof occasionswhenno bioinformatic
methodswork and function can only be identiÞed
by direct experiment.

Watson described ProFunc, a bioinformatics
pipeline combining a variety of methods [13].
The structural contributions come from match-
ing homologousfolds, a variety of 3-D template
methods,binding site identiÞcation and structure
motif (for examplehelix–turn–helix) conservation.
Databasesof 3-D templatesdescribeenzymeactive
sites,ligand binding sitesand DNA binding sites.
Hits to thesetemplatesare rankedby comparing
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thesurroundingenvironmentof thematchandcal-
culating a similarity score.He also describedthe
use of ‘nests’, small structural motifs involving
proteinbackbonesthatarecommonlyfound to sta-
bilize somesecondarystructuresandcanalsostabi-
lize ligandbinding.Thestructuralalignmentscome
from Þrstly centring on the 3-D templatematch
(e.g.enzymeactivesite) thenexpandingthe align-
mentbasedon sectionsconsidered‘Þttable’ (within
an RMSD cut-off) that consist of at least seven
consecutiveresidues.

Sadly,I wasonly ableto catchtheendof David
Burke’s (http://www-cryst.bioc.cam.ac.uk/�
dave/) presentation,‘Ab initio structure predic-
tion’ [2,4], and the subsequentdiscussion.When
I arrived, Burke was addressingthe questionof
how to Þlter tensof thousandsof modelsof loops.
Currently,vanderWaals’overlapwasthemaincri-
terion, but he suggestedthat moleculardynamics
force Þelds, solvent accessibilityand comparison
with known structurescould all be appliedto win-
now the output from modelling programs.Burke
alsosummarizedthe questionsthat still concerned
him — and concernmany structuralbioinformati-
cians:

€ Is it bestto separatethe selectionof the models
from the generationof models?

€ Hasthe majority of the reasonablepeptidecon-
formationsin theproteinuniversebeenobserved
in the structuresdepositedin the PDB to date?

€ How can distantly related moleculesbe mod-
elled?

Many of ushadheardWillie Taylor (http://math
bio.nimr.mr c.ac.uk/taylor/members/wtaylor/)
talk before,but he promisedus that ‘Folds, knots
and tangles’ would include both ‘something old
andsomethingnew’ amongsta collectionof meth-
ods which, although apparentlydisconnected,all
could contribute towards ab initio structurepre-
diction. He beganby describingthe universeof
non-redundantfolds by type (� , �� and � ) and
pointed out that this division of foldspace,while
superÞcially illuminating,sayslessaboutdeepsim-
ilarities betweenfold classes,than abouthow we
look at proteins.

Now thatTaylor andhis co-workersareactively
interestedin model ‘proteins’ (i.e. non-biological
structuresdevisedin silico), hehasfound that they
aredifÞcult to classifyby eyeand they haveused
Ptitisyn and Finkelstein’s concept of structural

Copyright � 2004John Wiley & Sons, Ltd. CompFunctGenom2004;5: 000–000.
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layers to Þnd a way to comparethemwithout the
perennialproblemsof using,say,RMS deviations
between� and� proteins.

Taylor’s talks beneÞt from being supportedby
live demos of actual programs running on a
Linux laptop, rather than static computerslides.
He Þrst used RasMol to show the cell matrices
he plots from the distribution of his fold types
along axes of complexity, and ‘curl and stag-
ger’. He has describedthis classiÞcation and its
sub-classiÞcationsas a ‘Periodic Table’ of protein
structures[25]. In his demonstrationthis repre-
sentationwascompletelydynamic,with individual
spheresbeing clickable to give the SAP represen-
tation of eachprotein fold’s superimposedstruc-
tures— colour-codedby their strengthof mutual
correspondence[23].

He now usesthis schemefor the classiÞcation
of model proteins.When askedaboutthe RasMol
renderingsof such elements,Taylor pointed out
that theseprojectionsrepresentthe architectureof
the protein, failing to discriminate,for example,
betweenparallel and anti-parallel � -strands,but
the full topology for eachprotein is recordedin
a ‘topology-string’ and can be used if needed
[11]. Taylor then moved on to questionsof ab
initio protein structureprediction and contrasted
his whole-structureinterestswith the loop-focused
work of David Burke, who hadprecededhim.

Taylor useda constrainedrandomwalk to gen-
eratestructures,along the way occasionallygen-
eratingsecondarystructureelements— sometimes
domains.A random walk combinedwith a sys-
tem for the generationof layers producesstruc-
tures which are more protein-like. Occasionally
this approachresults in the production of knots.
This behaviourhadto besuppressedwith ‘smooth-
ing’. Somereal proteinsin the PDB could not be
smootheddown to a line. It turnedout that these
special casesare knotted. This curious, almost-
incidentaldiscoveryled to a publicationin Nature
[24].

Smoothingcanbeusedto comparethecomplex-
ity of proteins.Accordingto thenumberof self-hits
of smoothedproteins,TIM barrelsaresimplerthan
Rossmanfolds, for example.It is possibleto grow
proteintracesin silico throughthebuilding of local
contactsandplot the easeof building a given fold
making only local connectionsfrom a speciÞed
point in its structure.
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Finally, Taylor ranthroughsomeof theelements
usedin his ab initio folding experiments:

€ Secondarystructurepredictedwith PSI-PRED.
€ Randomwalks generatedwith RAMBLE.
€ Filtering performedusingradiusof gyration.
€ Filtering for knots.
€ Filtering for complexity.
€ Foldsscored(of theorderof 105 in number)with

CAO (ContactAcceptedMutatiOn) [14].
€ POPS(the solvent accessibilityalgorithm des-

cribedby Fraternali)andSPREK.

Alternativestructuresproducedusinghisgroup’s
ab initio methodscan be rankedin order by fold
and clustered.He hopedto havea comprehensive
systemusing theseor similar techniquesup and
running in time for the next CASPmeeting.

Another local speaker,Vijayalakshmi Chelliah
of CambridgeUniversity’s Biochemistry Depart-
ment,movedus on from proteinstructuredetermi-
nation to protein function determinationwith her
talk on ‘The identiÞcation of interactingsites in
protein families’. Shestartedfrom the reasonable
premisethat critically important residuestend to
be conservedby the membersof protein fami-
lies. She had used HOMSTRAD to generate96
environment-speciÞc substitution tables for pro-
tein residuesand taken these as a background
againstwhich to detectimportantsites,thosewhere
residuesaremoreconservedin familiesthanwould
be expectedfrom the tables.

The methodis simpleandlogical:

€ Make a structure-basedalignment of family
members.

€ Comparetheobservedandexpectedsubstitution
patterns.

€ Measurethe informational difference between
the two.

The higher the score,the more distant the two
distributionsare.High-scoringpositionsidentiÞed
in this way are thoseconsideredmost likely to be
functional.Thesescorescan thenbe mappedonto
structuresto Þnd high-scoringclusters.For this last
stage,Chelliah usedKin3Dcont, part of the kin-
contourprogram(http://kinemage.biochem.duke.
edu/index.php) producedby the RichardsonLab
at Duke University,North Carolina.

Chelliah was careful to ignore large gapswhen
making alignments and to restrict her analysis

Copyright � 2004John Wiley & Sons, Ltd. CompFunctGenom2004;5: 000–000.
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to sequenceswith less than 80% mutual identity
in order to minimize the noise from ‘brießy’
conserved,but functionally unimportant,residues.

In most of around 250 families the ‘averaged
out’ activesitepredictedwasbetween0 ûA and9 ûA
from the true active site, but the methodmissed
functional sites that were indirectly involved in
the activity of proteinsand sitesthat were buried.
Along the way to these results she made some
interestingobservations:

€ Critical residues that were also structurally
importantdid not scoreashighly asmight have
beenexpectedby this method.

€ Eveninaccessibleresiduesturnedout to be very
highly conserved— Chelliah put this down to
their being important to the structuralintegrity
of activesitesin the molecule.

€ Shefelt that this might havebeencounteredby
looking for sites retained in both orthologues
and paraloguesand tested this by adding in
phylogeneticinformation. As it turned out, the
addition of close homologuesgeneratedmore
noise.

Sheobserved,as peopleoften do with methods
like this, that the predictions were best when
residueswere in truly equivalentpositionswithin
similar structures.

Returning to structure prediction, ‘Conforma-
tional samplingfor proteinstructuredetermination
and prediction’ was the title of Mark DePristo’s
talk. DePristois anothermemberof Cambridge’s
BiochemistryDepartment(http://raven.bioc.cam.
ac.uk/� mdepristo/). Hedescribedamethoddevel-
oped (and now used) to check protein models,
but which turns out to have a range of useful
structure-relatedapplications.He introduced his
hybrid approachby summarizingthe problem in
a seriesof simpleÞgures.If the solutionof a pro-
tein structureis a global minimum on an energy
(or otherscoringfunction) landscape,thenour aim
should be to smoothout that landscapeto avoid
local minima and sampleenoughof it to Þnd the
true minimum. Since there is no deÞnitive solu-
tion, we mustcarefully chooseheuristics.DePristo
explained the advantagesof molecular dynam-
ics/simulatedannealingapproachesover conjugate
gradient/steepestdescentones.

His framework for such investigations,RAP-
PER, avoids optimizing a non-linear function.
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Insteadit choosesmanystartingpointsandapplies
local minimum-Þnding methods.Once a general
classof structureshas beenspeciÞed, the poten-
tial energies of thosestructurescan be compared.
Becausesmall deviationsfrom ideal geometryare
allowed in the real world and ßexibility comesat
computationalcost, RAPPER Þxes many param-
eters(bond lengths,angles)and samplesresidue-
speciÞc propensity tables and hand-curatedcon-
formation libraries. The algorithm constructsrea-
sonable3-D modelsconsistentwith prior structural
constraintsand additionalarbitrary ones,and pro-
gressesfrom the N- to C-terminusof a structure,
pruningadditionsin the wrong conformation.

RAPPERhasbeenappliedto loop modelling[2],
(re)constructionof native ensembles[7], compar-
ative modelling, and crystallographicmodel gen-
eration [8]. More details of the program and its
variantsare availablefrom the RAPPERWebsite:
http://raven.bioc.cam.ac.uk/index.php

David Jones (Department of Computer Sci-
ence,BioinformaticsUnit, UniversityCollegeLon-
don,http://www.cs.ucl.ac.uk/staff/D.Jones/index.
html) spokeon the ‘Detection of native disorder
in proteins’.To begin,he joked aboutthe irony of
his spendingyearstrying to predictstructurefrom
sequencebefore trying to predict ‘non-structure’
from sequence. He also graciously credited
JonWard(http://www.cs.ucl.ac.uk/staff/J.Ward/)
with havingdonemostof the work. After running
through the basic assumptionsof sequence–stru-
cture interdependency,he discussedthe various
kinds of disorderedproteins that were known to
exist. Some proteins are partially or completely
unfoldedyet remainfunctional,andweassumethat
this is becausetheirmoleculesform anensembleof
states,ratherthana uniquestructure.Thesedisor-
deredstatescould be compactor extendedmolten
globules or random coils and, interestingly, can
fold fully on binding.

Jonestalked about the blurry line betweentrue
disorderandexperimentaluncertaintyin determin-
ing protein structuresas well as the experimen-
tal methodswhich can be used to detect disor-
der. He proposedfunctional classesof disordered
regions in proteins: ‘springs and linkers’, modi-
Þcation sites, regions important to the timing of
complexassemblyandmolecularrecognitionsites.
Functionalimportanceis often assumedto corre-
late with evolutionaryconservationand the work
on predicting disorder seemsto produce results
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consistentwith this. He also outlined some pre-
vious work to identify signalsof disorderin pro-
teins.

Ward and Joneshad trained a support vector
machine(SVM) on a non-redundantset of crys-
tal structuresand found that they could use it
to identify 40% of disordered residueswith a
1% error rate. The performancewas better for
longer regions— over 30 amino acid residues
in length— for which the detectionfraction and
error rateswere 80% and 0.1%, respectively.The
SVM wasthenappliedacrossgenomesanddetec-
tion rates comparedwith biological function (as
assignedby gene ontology classiÞcations) [27].
He believed other workers’ predictions of dis-
order in prokaryotic proteins were likely to be
overestimates.In eukaryotes,molecules associ-
ated with the actin cytoskeletonscored highly,
while the bacteria-likeenvironmentof mitochon-
dria seemedto contain few disordered protein
components.Therewas also high correlationwith
DNA-transposition and development and mor-
phogenesis.Molecular functions more likely to
be associatedwith protein disorder predictions
included transcription regulators,protein kinases
and transcription factors. Metabolic and biosyn-
thetic protein functions scored low. The disor-
der predictionserver,DISOPRED,is availableat
http://bioinf.cs.ucl.ac.uk/disopred/disopred.html

Another Chothiagroup member,Martin Mad-
era (http://stash.mrc-lmb.cam.ac.uk/mm238/)
talkedabouthiswork on ‘Comparisonsof sequence
families’ and his responsibility for the Chothia
group’s ‘Superfamily’ databaseat the LMB [16].
This is a library of HMM modelsfor all proteins
of known 3-D structure.He recounteda history
of protein sequencecomparisonmethods,of the
problemsof characterizingmore distantly related
protein groupings, and he detailed more recent
improvementsin this resource.He gave a clear
overviewof pairwisevs.sequenceproÞle vs.HMM
methodsand,havingmadethe casefor HMMs, he
discussedthe reÞnementsimplementedin Super-
family, which relies on the segmentationof PDB
structuresinto domains and the combination of
multiple HMMs to representits groupings.The
domain-basedanalysisof Superfamilycannow be
usedto comparewhole genomesfor their domain
composition.

We moved from better models of real, stable,
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folded proteins,to predictionsof disorderedpro-
teins to completelyimaginaryproteins.Benjamin
Blackburne (http://slater.chem.nott.ac.uk/�
bpb/), formerly of JonathanHirst’s group at Not-
tinghamUniversity andnow a memberof Richard
Goldstein’sgroup,talkedaboutthepropertiesof his
phylogeniesof minimalistproteins[3]. Blackburne
had exploredthe relationshipsbetweenhypotheti-
cal 2-D proteinscataloguedin the sort of protein
databasetheinhabitantsof ‘Flatland’ [1] might rec-
ognize. In Blackburne’splanar protein universe,
residuesare of only two types, hydrophobic or
hydrophilic. Proteins fold when strings of such
residuesarrangedon a squareor tetrahedrallat-
tice of availablepoints turn in on themselvesin
a plausibleway. Folds that arrangethoseresidues
with the lowest energy are ‘native’. A ‘Þt’ pro-
tein is onewhich hasa pocket— i.e. two external
residuesarounda hole that could be ‘functional’.

With so few degreesof freedom,all sequences
of given short lengths and all structuresderived
from them can be known. The proteins can be
arrangedin families, where a family is a group
in which all thepossiblerelativescanbegenerated
from anotherby mutation and yet still meet the
rules for the formation of viable structures;the
relationshipsbetweenthe model structurescan be
visualizedin graphs,whosenodesarethestructures
and whose edges are point mutations between
them. There are outliers, and some families are
more weakly connectedto related families than
others.Thereare‘bottlenecks’wheretherearefew
evolutionary routes from one family to another.
‘Hubs’ bridge multiple families. ‘Funnels’ form
when the structuresare arrangedsuch that the
nodesradiateout to variantsof decreasingstability.

Somephenomenacan be comparedin an illu-
minating way with the evolution of real proteins.
For example,in Blackburne’sworld neutral evo-
lution seemsnecessaryfor minimal proteins to
reachfunctionalstatesandlongerchainsoffer more
potentialfor suchnoisy change.Othercharacteris-
tics of theseartiÞcial proteinsare more problem-
atic: their sequencesare not directionaland inser-
tions anddeletionscannothavethe samemeaning
whenthereareso few residuetypes.

Of course, much of the subsequentdiscus-
sion was about the relevance of such evolu-
tionary landscapesto real proteins, whether the
graphshad scale-freeproperties,other aspectsof
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real protein behaviour which ought to be mod-
elled (Cyrus Chothia), and the correspondence
between Blackburne’s neutral mutation-tolerant
proteinsand Chothia’sstable-to-mutationproteins
(Willie Taylor).

Richard Goldstein’s (http://mathbio.nimr.
mrc.ac.uk/goldstein/members/rgoldstein/) talk,
‘Modelling molecularevolution’, coveredan area
of growing interest,theeffort to combinesequence
andstructuralanalysisto investigatethe evolution
and function of proteins. He describedmethods
aimedat increasingour understandingof thestruc-
tural basis for variations in amino acid residue
substitutionrates,identifying functional sitesand,
in particular, for characterizingmembersof the
large and pharmacologicallyimportant family of
G protein-coupledreceptors(GPCRs).

First, he highlighted a central ßaw in com-
parative sequenceanalysis:most approachesare
based on a model that assumespositions in
sequencesrepresentindependentsamplingsfrom
all possible sequencesand ignore the phyloge-
netic relationshipsbetween related proteins. He
alsoremindedus — as molecularphylogeneticists
often have to remind biochemistsand molecu-
lar biologists— that residues‘conserved’between
closely relatedsequencesare not as signiÞcant as
investigatorsoften believe.

Rather than ignore these problems or devise
ad hoc Þxes,Goldstein,Goldmanandothershave
morerecentlyattemptedto modelevolutionexplic-
itly. To begin, Goldstein developedsubstitution
matricesfor different typesof local structure,but
hassincedeviseda more generalapproach.Each
proteincanbedividedup into zones,without mak-
ing assumptionsaboutwhich modelsapply where;
the probability of any given location belonging
to a particular site class is a parameterwhich is
itself optimized by an expectationmaximization
algorithm.

Oncea setof environmentcategorieshasemer-
ged, Goldstein and co-workersassignqualitative
labelsto them (e.g. ‘hydrophilic’), and the a pos-
teriori probabilitiesof eachposition belongingto
classcanbe estimated.By applying this approach
to largeenoughfamiliesof alignedsequenceswith
structuralinformation,he claimed,it is possibleto
identify locationswheredifferenttypesof selective
pressurehave beenoperatingand obtain insights
into the underlying basis of such selectivepres-
sure,e.g.how physicochemicalpropertiessuchas
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sizeandhydrophobicityaredifferentiallyimportant
in differentclassesof site.

This approachcan be usedto identify function-
ally important locations— sites belongingto the
slowestevolvingrateclasses— anddifferentover-
all probabilitiesthat a position is involved in gen-
eral function, stabilization,dimerization,packing,
structure,or the extent to which a position con-
strained[21].

Goldstein then focused on the application of
this generalapproachto the speciÞc questionof
the GPCRs.Despiterepresentingonly 1% of the
genome,they are estimatedto be the target of
almost half all drugs and only one signalling
processdoesnot involve a memberof this family.
Althoughonly oneknownhigh-resolutionstructure
is available, Goldstein’s group worked with a
datasetof about 200 GPCRs,and analysedthem
to producepatchworksof modelassignmentsalong
the lengthsof sequences.

Somepropertiesof thesemoleculesgaveastrong
signal. It is harder, for example,to identify the
inner and outer surfaceof transmembrane(TM)
helices, such as those in the 7-TM structureof
the GPCRs,than it is to identify the inner and
outer faces of ‘normal’ protein structurehelices.
Goldstein et al.’s site classescorrelate with the
‘innerness’and ‘outerness’of thesehelices.Also,
a propensityto involvementin dimerizationseems
to correlatewith slowly varying sites.

The EuropeanBioinformatics Institute’s Hugh
Shanahan (http://www.biochem.ucl.ac.uk/�
shanahan/) describedmorefunction-from-structure
work, this time targetedat predictingDNA-binding
proteins from 3-D motifs and electrostaticinfor-
mation. There is no shortageof important DNA-
binding proteins and a huge and growing inter-
est in the regulation of transcription. Shanahan
quotedestimatesof up to 7% of eukaryotic and
3% of prokaryotic genescoding for DNA bind-
ing proteins.Equally, structuralgenomicsprojects
will generate many uncharacterizedstructures.
Although he acknowledgedthe importance and
utility of sequence-basedapproaches,he argued
that function variessigniÞcantly assequenceiden-
tity betweenunknownand known (template)pro-
tein sequencesfalls below 40%. He pointed out
that,althoughat leastoneneuralnet-basedmethod
exists for identifying DNA binding proteins, it
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has a high false-positiverate and requireshigh-
resolutionatomicdata,andclaimedthathomology-
based modelling produces lower false-positive
scores.

Shanahanfurther contendedthat, of the four
main known classesof structuralmotif:

€ Helix–turn–helix.
€ Helix–hairpin–helix.
€ Helix–loop–helix.
€ Zinc Þnger.

the middle two are more easily identiÞed with
HiddenMarkov Model (HMM) methods;zinc Þn-
gerproteinsaretoo structurallyvariable.Shanahan
concentratedon the Þrst, helix–turn–helix (H–T-
H) structures.He beganby summarizingthe pro-
cedureto identify structuraltemplates:

€ Searchthe literaturefor H-T-H motifs.
€ Identify HMMs in Pfamor SMART.
€ Identify structuraltemplatesfrom domainsusing

theCATH super-structuralfamily (theH-level of
that database).

€ Scanthe ProteinDataBankwith templates.
€ Add any new H–T–H DNA-binding proteinsto

the list.
€ Repeatuntil no otherstructuresare found.

The groupobtained90 non-redundantstructures
in the PDB and generatedsevenstructural tem-
platesto cover that set, applying an accessibility
criterion.At Þrst the resultsdidn’t seemmuchbet-
ter than those obtainedwith HMMs: 0.5% false
positives.Then they reÞned the methodby inte-
grating the potential over a region close to the
accessiblesurfaceof motifsandtestedthisby using
theelectrostaticdatato attemptto identify thebind-
ing region in known DNA-binding proteins[12].

A method to detectDNA-binding sites on the
surfaceof a proteinstructureis importantfor func-
tional annotation.They analysedresiduepatches
on the surfaceof DNA-binding proteinsand pre-
dicted DNA-binding sites using a single feature
of thesesurfacepatches.They Þrst surveyedsur-
face patchesand DNA-binding sites for accessi-
bility, electrostaticpotential, residue propensity,
hydrophobicity and residue conservation.From
this, theyobservedthattheDNA-binding sitesusu-
ally fell in the top 10% of patcheswith the largest
positiveelectrostaticscores.This knowledgeled to
their developmentof a predictionmethodin which
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patchesof surfaceresidueswereselectedsuchthat
they excludedresidueswith negativeelectrostatic
scores.

Theyusedthis methodto makepredictionsfor a
datasetof 56 non-homologousDNA-binding pro-
teins and identiÞed 68% of the datasetcorrectly.
Using this data, they improved the false-positive
score to 0.02%. Shanahanaddedthat the hybrid
methodinvolves fewer parametersthan sequence
homology,doesnot requirefull electrostaticcalcu-
lationsto beperformedandthatit mightbepossible
to use data from homology models to provide a
cross-checkfor HMM searches.

The Þnal talk of the meeting rounded the
eventoff perfectly.Chris Calladine (http://www-
civ.eng.cam.ac.uk/crc/crc web.htm), who retired
only a couple of years ago from the Cambridge
University Departmentof StructuralEngineering,
dazzled us with a multidisciplinary, multimedia
presentationon the ‘Mechanicsof interfacesin � -
helical supercoils’.He usedoverheads,animation
anda successionof cork-and-cardboardmodelsto
showhow juxtaposedhelicescouldabutin diverse
ways, interlocking the ‘knobs’ of their respective
sidechains.The knobs of one helix Þt into the
‘holes’ betweenthe knobsof the other when they
pack.For simple superhelicesand four-helix bun-
dles— as distinct from the helix-built cylinders
Calladinelater touchedon [5] — therewere three
standardmodesof knobs-into-holespacking,which
he illustrated with overlaid interface Þgurespro-
ducedasoverheads,assimpleÞguresandasclev-
erly constructedthree-dimensionalmodels.

Oneof the mostpleasingthingsaboutstructural
bioinformatics is that its practitionerscollaborate
acrossspecialismsto tackle difÞcult, interesting
and messy problems out of both curiosity and
necessity— not merely to meetthe conditionsof
interdisciplinaryfunding programmes.Calladine’s
work exempliÞed this beautifully. He hasworked
in this areain collaborationwith CharlieLaughton
(molecular dynamics) at Nottingham University
and Ben Luisi and VenkatashPratap (structural
biology) at Cambridge.Pratapwrote softwarethat
Þnds � -helicesand their neighbours,identiÞes the
local superhelicalangle of their arrangementand
categorizesthosearrangementsaccordingto those
angles.Pratap’sanimationof a bistable‘switch’ in
the packing of a right-handed,four-helix bundle
of � -helices in one of the three main classes
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of arrangementformed the Þnale of Calladine’s
presentation.
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