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Abstract

Predictingthestructureof a proteinfromits aminoacidse-
quenceis a complex processthe understandingof which
could be usedto gain new insight into the nature of pro-
tein functionor provide targets for structure-baseddesign
of drugsto treat new and existing diseases.While protein
structurescan be accuratelymodeledusingcomputational
methodsbasedon all atom physics-basedforce �elds in-
cluding implicit solvation,thesemethodsrequire extensive
samplingof native-like protein conformationsfor success-
ful prediction, and consequentlythey are often limited by
inadequatecomputingpower. To addressthis problem,we
developedPredictor@Home, a ”structurepredictionsuper-
computer”poweredbytheBerkeley OpenInfrastructurefor
NetworkComputing(BOINC)framework andbasedon the
public-resourcecomputingparadigm(i.e., volunteeredcom-
puting resourcesinterconnectedto the Internetand owned
by the public). In this paper, we describethe protocol we
employedfor protein structure predictionand the integra-
tion of thesemethodsinto a public-resource architecture.
We showhowPredictor@Homesigni�cantly improvedour
ability to predict protein structure by increasingour sam-
pling capacityby1-2.5ordersof magnitude.
Keywords: Public-Resource ComputingParadigm,Pro-
tein ConformationalSampling, Monte Carlo Simulations,
MolecularDynamics.

1 Intr oduction

Findingtheconnectionbetweenproteinstructure,thethree-
dimensionaldisposition of chemical functionalities that
compriseNature's paletteof 20 naturalaminoacidswhich
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form the basisfor all chemicalprocessingin living organ-
isms,andproteinsequence,theone-dimensionalexpression
of thechemicaldiversityof molecularorganizationthatNa-
ture expressesin individual genescomposingthe genome,
remainsas one of the premier challengesto physicists,
chemists,biologistsand information and computerscien-
tists today[1, 2, 3, 4, 5, 6]. This challengeis particularly
critical as a result of our recentadvancesin the method-
ologiesto elucidateall the genesof entire organisms,in-
cluding the humanegenome,to identify the partneringof
thesegenesin controlling cellular processes,asin cellular
networks,andthewell-establishedlink betweena protein's
threedimensionalstructureandits biochemicalfunction.

Molecularscientistshave madesigni�cant progressin ad-
dressingthis challengethroughthe developmentof funda-
mentaltheoriesthat describethe relationshipbetweenthe
chemicaldiversityof proteinsequencesandtheenergy land-
scapedictatedby this diversity [7, 8, 9]. The energy land-
scapetheoryprovidesaframeworknotonly for rationalizing
andpredicting/suggestingexistingandnew experimentsbut
for thedevelopmentof computationallybasedalgorithmsto
predictthestructureof unknown proteinsbasedon their se-
quencealone[10]. Thisactivity, known asproteinstructure
prediction,is now anactive areaof researchthatbringsto-
getherscientistswith diversetrainingandexpertiseranging
from physicsto computerscienceandbiology. Theobjec-
tive of this activity is to develop, test and apply methods
to directly link proteinsequencesto their three-dimensional
structure[11].

In an effort to assist the development, assessmentof
progress,andcritical review of this �eld aneffort known as
theCritical Assessmentof techniquesfor proteinStructure
Prediction(CASP) was initiated about twelve yearsago.
Thefunctionof thiseffort is to providetargetsequencesfor
theblind predictionof proteinstructureto thecommunityof
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proteinstructurepredictorsonabiannualbasis,to serveasa
platformfor communityreview anddiscussionof advances
in structurepredictionmethods.
In previous CASPexerciseswe focusedour efforts on ad-
dressingbasicalgorithmicand/orscienti�c questionsrelated
to the scoringof predictedproteinstructuresand their re-
�nement via all atommodels.Retrospectiveanalysisof our
approachesandmethodsfrom theseexperiencessuggested
that whennative-like proteinconformationsweresampled
they could be identi�ed with all atomphysics-basedforce
�elds including implicit solvation [12, 13, 14]. During
the mostrecentCASPedition (CASP6),we focusedmore
directly on the questionof conformationalsampling,and
whether, by augmentationof our earlier methodsand al-
gorithmsby ordersof magnitudemore computingpower,
wecouldsigni�cantly improveourability to predictprotein
structure. To achieve this objective we have assembleda
”structurepredictionsupercomputer”basedon the public-
resourcecomputingparadigm(i.e., the deployed comput-
ing resourcesarevolunteeredcomputingresourcesintercon-
nectedto theInternetandownedby thepublic) in a project
calledPredictor@Home(P@H).
Our world-communityeffort to addressfundamentalprob-
lems of protein structure prediction in P@H based
on world-wide-web volunteer resources is similar to
other efforts to search for extra-terrestrial intelligence
in SETI@Home[15], to predict phenomenain Nature
such as the climate in climatepredictor.net [16], to dis-
cover new drugs to treat diseasessuch as aids in Fight-
AIDS@Home[17], or cancerin UnitedDevicesCancerRe-
searchProject[18], or to explore thephysicalprocessesof
proteinfolding in Folding@Home(F@H)[19].
Protein structureprediction should not be confusedwith
proteinfolding: both approachesexplore proteinstructure
and folding, but with complementaryaims. Proteinfold-
ing studiesand the characterizationof the protein folding
processarebasedon knowledgeof the �nal folded protein
structure(in Nature)andaim to understandthe processof
folding,beginningfrom anunfoldedproteinchain.Theend-
point of thesestudiesis a comparisonbetweennative pro-
teins(in Nature).Theoutcomeof theanalysisof thefolding
processis critical for allowing theoriesfor proteinfolding
to make direct connectionsto experimentalmeasurements
of this process.TheF@Hprojectpioneeredtheuseof dis-
tributedcomputingto studythefoldingprocess[20]. Under-
standingthefoldingprocessis of signi�cancein understand-
ing theoriginof diseasesthatarisefromproteinmis-folding,
suchasAlzheimer'sdiseaseandtheBovineSpongiformEn-
cephalopathy(BSE),alsoknown asCreutzfeldt-Jackobdis-
ease.
On theotherhand,proteinstructurepredictionstartsfrom a
sequenceof aminoacidsandattemptsto predictthefolded,
functioning form of the proteineithera priori, i.e., in the
absenceof detailedstructuralknowledge,or by homology
with otherknown, but not identical, proteins. In the case
of a priori folding or ”new fold” prediction,no homology
informationis availableanda blind searchbasedon these-
quencealoneis done.Homologymodelingon thecontrary

�rst identi�es otherproteinsof known structurewith some
level of sequenceidentity to theunknown structureandthen
constructsa predictionfor theunknown proteinby homol-
ogy. Both approachesutilize multi-scaleoptimizationtech-
niquesto identify themostfavorablestructuralmodelsand
arehighly amenableto distributedcomputing.P@His the
�rst projectof this typeto utilize distributedcomputingfor
structureprediction.Predictingthestructureof anunknown
proteinisacritical problemin enablingstructure-baseddrug
designto treatnew andexistingdiseases.
In this paperwe presentthe protocol for proteinstructure
predictionusedby P@H as well as the P@H framework
(Section2) to implementsucha protocol. We alsoaddress
two majoraspects:(1) whatkind of andhow muchcompu-
tationalresourceswereutilized by P@Hduring its deploy-
mentfor CASP6(in Subsection3.1)and(2) for whatcases
in proteinstructurepredictionapublic-resourcesystemsuch
asP@H,basedon large proteinconformationalsampling,
providesbetterresultsthana moretraditionalcluster-based
system(Subsection3.2).

2 Protocoland Framework of P@H

2.1 Multi­Step Protein Structur ePrediction

During theCASPcompetition,new targets(aminoacidse-
quences)arereleasedto the participantsalmostevery day
togetherwith a target submissiondeadline. Typically the
active “lifetime” of the predictionperiodfor any givense-
quenceis 15-30 days and the prediction “season” lasted
about threemonths. In all, 87 target sequenceswere re-
leasedfor predictionand64 wereultimatelysolvedby ex-
perimentaltechniquessubsequentlyfor comparative analy-
sis andassessmentby the CASP“assessors”.We utilized
P@Hto makepredictionfor 58 targetsequences.

Figure 1. The multi­step pipeline for protein structure
prediction deplo yed in P@H.

P@H approachesthe structurepredictionfor thesetargets
throughamulti-steppipelinethatis similar to protocolsthat
have led to successfulpredictionsin the past [12]. Fig-
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ure1 presentsthestepsof thispipeline,whichconsistof (a)
sequenceanalysisandidenti�cation of secondarystructure
andpotentialhomologymodelingtemplates;(b) conforma-
tionalsearchandsampling;and(c) proteinre�nement,scor-
ing and clustering. In the �rst stepof this pipeline (pro-
tein structureconformationalsampling), homology mod-
eling and fold recognitiontemplatesare identi�ed as sig-
ni�cant hits from the BLAST [21] and SAM-T02 [22]
servers.In addition,secondarystructureis predictedby the
PSIPRED[23] server. The resultsfrom templaterecogni-
tion areusedto generaterestraintsfor alignedresiduesdur-
ing lattice-basedMFold simulations;untemplatedregions
aresampledby a MonteCarlo(MC) conformationalsearch
with the MONSSTER[24] force �eld usingany available
secondarystructureinformationfrom PSIPRED.Secondary
structureis theonly informationusedto guidefolding “new
fold” predictiontargetsby MFold. TheMFold simulations
consistedof 10-20 cycles of 10000-50000MC stepsbe-
tweenthe rangesof effective temperaturefrom T � 2 � 50
to T � 1 � 00 in reducedunits (whereT � 1 � 00 corresponds
approximatelyto roomtemperature).
In the re�nement step(protein re�nement), eachsampled
structureis subjectedto an all-atom simulatedannealing
between1000K and300K using the molecularsimulation
packageCHARMM [25, 26] and an intermediateaccu-
racy all-atomforce�eld. Thelattice-basedpredictionspro-
vide inter-residueconstraintsimplementedasNOE-like re-
straintsbasedon side chain - side chain centersof mass
contacts.Minimization is performedin thepresenceof the
GBMV [27] solventmodelto producethe�nal structureand
energyvalueto beusedin scoring.Scoringandrankingpro-
ceedvia hierarchicalclusteringof theall-atomresultsbased
on thesidechaincontact-map[28].

2.2 P@H Framework

To sampleviablefoldedconformations,3-10thousandsim-
ulatedannealingMFold tasksneedto bedistributedfor each
target, therebyincreasingour samplingby 1-2.5 ordersof
magnitudeover our paststudies[12]. At the sametime,
theresultsreturnedfrom theMC simulationsneedto bere-
�ned, resultingin anadditionalloadfor thecomputingplat-
form. To achievesuchanextensivecomputingresource,we
usepublic-resourcecomputing. In particularwe have ex-
tendedtheBerkeley OpenInfrastructurefor Network Com-
puting (BOINC) framework to accommodateboth protein
structureconformationalsamplingandprotein re�nement.
BOINC is a softwareplatformfor public-resourcecomput-
ing thatprovidesbuilt-in supportfor distributedcomputing
onheterogeneousPCsconnectedto Internetor Intranetnet-
works[29, 30]. A setof default daemonsareprovidedwith
the BOINC codeto implementthe generalgenerationand
distributionof tasksaswell asthecollectionof taskresults.
However, the useris requiredto integrateandadaptsome
of the daemonsto meetthe speci�c requirementsof their
application,i.e., for thegenerationof computingtaskswith
speci�c characteristics,thevalidationof returnedresultsus-
ing speci�c validationpolicies,andtheirstoragein aneasy-

to-accessdatarepository. Therefore,on top of BOINC, we
haveintegratedtheP@Hlayerthatprovideseffectivestrate-
gies to sampleand scorestructuresalong the multi-steps
pipeline.

Figure 2. The P@H/BOINC structure .

Figure2 shows thenew P@Hdaemonsandtherelatedsys-
temanddatacomponentsbuilt on topof theBOINC frame-
work. P@Hdeploystheclient-serverbasedparallelcompu-
tationparadigmthatis partof theBOINC framework. Users
storetheinput �les of aMFold targetin a �le repositoryac-
cessibleto theP@Hserver. TheP@HdaemontaskIdenti-
�erMFold identi�es new MFold targets(�les containingthe
information relatedto the new amino acid sequence)and
createsanew entryfor eachof thesetargetsin adatabaseta-
ble (MFoldJobs). Eachentry in thetablecontainsthechar-
acteristicsof the target (i.e., nameof the sequenceandits
numberof aminoacids),the locationof its input �les, the
statusof thetarget(i.e.,new target,targetalreadyunderin-
vestigation,target no longer under investigation),and the
numberof tasksgeneratedso far if any. Clientsmake a re-
questfor computationandreceiveseveraltasksatatime. At
thesametime, theP@HdaemonwuGeneratorMFold con-
tinuouslychecksthequeueof pendingMFold tasksthatare
waiting for beingdistributed to clientsand generatesnew
MFold tasksif necessary(i.e.,new tasksaregeneratedif the
numberof tasksin thequeueareunderacertainlimit asde-
�ned by the user)by usingthe list of targetsin MFoldJob
thatareeithernew or still underinvestigation.For a given
target,a differentMC seedis randomlygeneratedfor each
new task.Oncethetaskhasbeengenerated,thedistribution
of its replicationsto clientsis handledby theBOINC frame-
work accordingto aspeci�c policy thatwill beaddressedin
the next section. The returnedMFold resultsarestoredin
the uploaddirectory. The P@H daemondataValidatorM-
Fold identi�es new resultsandvalidatesthemmakingsure
that they arenot affectedby hardwaremalfunctions,incor-
rect softwaremodi�cations, or maliciousattacks[31]. Re-
turnedresultsareproteinstructuresthatneedto bere�ned.
Theenergy valueof thesestructuresis alsoreturned,stored
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in adatabasetable(MFoldEnergy) andcanbeusedby P@H
for addressingthere�nement.
There�nementphasedeploys similar daemonsasthecon-
formationalsamplingphase.taskIdenti�erCharmmidenti-
�es new proteinstructureswaiting for re�nementandstores
their name,statusandlocationof the relatedstructure�les
into a databasetable(CharmmJobs); wuGeneratorCharmm
generatesnew CHARMM tasksif needed;anddataValida-
torCharmmvalidatesthereturnedresults(re�ned proteins)
from theCHARMM simulations.Theusercanchangethe
statusof targetsandproteinsfrom underinvestigationto in-
vestigationcompletedandviceversa.

2.3 Data Integrity of Application Results

Client failuresoccuroccasionallyandreturnedresultsmay
be affectedby computationalerrors. Computationalerrors
areasigni�cant issuewhencomputationsaredistributedon
the Internet. Theseerrorshave threemajor sources: (1)
hardware mismanagementwhen participantsmodify their
PCsby increasingthe clock rateandperhapsaddingCPU
cooling systemscausingbit errors at the hardware level
while computing�oating-point calculations,(2) incorrect
softwaremodi�cationswhentheparticipantsmodify andre-
compile the codeto run fasteron particulararchitectures,
and (3) maliciousattackswhen participantsmotivatedby
getting more ”computationcredit” modify or replacethe
client softwaresothatit returnsincorrectresults.
Onecommonlyusedtechniqueto addressclientfailuresand
computationalerrorsis ”replication computing” for which
the samecomputationis performedon differentPCs,and
then the resultsare compared. However, fuzzy compar-
isonscommonlyappliedby BOINC arenot appropriatefor
molecularsimulationsbasedon MC or MolecularDynam-
ics (MD) methods.Thesesimulationsarehighly sensitive
to initial conditions,andmay differ dependingon the ma-
chine architecture,operatingsystem,compiler, and com-
piler �ags. Therefore,thereis no a priori boundon theex-
tentto which ”correct” resultscandiffer [31, 32].
We have integratedin BOINC a novel validationapproach
called HomogeneousRedundancy (HR), in which the re-
dundantinstancesof a computationare dispatchedto nu-
mericallyidenticalcomputers,allowing strictequalitycom-
parisonof theresults.HR hasbeendeployedin P@Hasthe
strategy for validationof molecularsimulationresults.We
considertwo machinesnumericallyidentical(homogenous)
if themachinearchitecture,operatingsystem,compiler, and
compiler �ags are the same. In large public-resourcesys-
temswhere the resourcesare highly heterogenousthis is
indeeda relevant aspect. Oncethe �rst replica of a task
hasbeensentto a particularmachine,otherreplicasof the
sametaskaresentonly to equivalentmachinesin thesame
homogenoussetwith the sameOS(e.g.,Linux, Windows)
andthesameprocessorvendor(e.g.,Intel, AMD). Sinceit
is commonpracticein public-resourcecomputingto collect
detailedsysteminformation from participatingmachines,
this allows our policy to be implementedin a naturalway.
By applying the HR technique,we extend the conceptof

startingstateof a simulationto enclosethe characteristics
of thecomputingmachineto thestartingsimulationcondi-
tions suchaspressure,temperature,etc. Moreover, if HR
is enabledin BOINC, it is possibleto usestrict equalityto
compareredundantresults[31].

3 Computational Results

3.1 ResourceCharacterization

From June1 to August31, 6786usersparticipatedin the
P@H project, providing a total compute time of about
12 billion seconds(the equivalent of 3,331,153hours of
computationor 380 years). Figure3 shows the incremen-
tal computetime for proteinconformationalsamplingand
re�nementcomputationsover the CASP6duration. As an
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Figure 3. Number of hosts and compute time in seconds
availab le to P@H over CASP6.

open-sourcecode,BOINC is constantlyunderdevelopment:
duringCASP6thecodewasextendedto accommodatesev-
eralapplicationrequirementsof whichonewasthehomoge-
nousredundancy. This affectedP@H and requiredsome
maintenancetaskson its server. In Figure3 wecanidentify
the threemajor intervals (p1, p2, andp3) duringwhich the
P@Hserver wasdown for maintenance.In the �nal phase
of CASP6,the hardware infrastructureusedfor P@H up-
time wasno longerable to supportthe increasingnumber
of users.During the interval m1 andm2, useraccountcre-
ation wassuspendedto keepthe load on the server under
control and thereforethe rate of increaseof hostssigni�-
cantly slowed down while the computetime continuedto
grow at anapproximatelylinearrate.Theincreasein num-
ber of hostsduring thesetwo intervals wasmainly due to
new hostsprovidedby existingP@Husers.
In Figure4 we characterizethecomputingpower available
to P@H at the endof CASP6in termsof numberof ma-
chinesandcomputetime in secondsfor differentcomputer
platformsusedby our volunteers(i.e., Intel, AMD, Mac-
intosh), in Figure5 for differentnumberof CPUsper ma-
chine (i.e., single and multi-processormachines),and in
Figure6 for differentoperatingsystems(i.e., Linux, Win-
dows, and Darwin). Figure 4 shows that more than 62%
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of the PCsparticipatingin P@H deployed Intel technol-
ogyandprovidedmorethan67%of thetotalcomputetime,
about35% were basedon AMD technologyandsupplied
about28%of thetotal computetime, andonly a smallper-
centage,lessthan2%, usedMacintosh(PowerPC)technol-
ogy; thepercentageof computetime providedby thesema-
chineswasin thesamerange.The fourth classof vendors
(Unknown/Others)comprisedSun machineswhich were
not supportedby P@Hbut tried to join the projectduring
CASP6andmachineswhoseusersdecidednot to provide
the P@H server with the information relatedto the kind
of technologythey providedto theproject. Suchmachines
areclassi�edby BOINC asunknown andtheir computation
cannotbe usedby P@Hbecauseit requiresa clearidenti-
�cation of thedeployedtechnologyfor HR. In Figure5 we
can seethat the computetime showed a certaintendency
to scalelinearly with the numberof processors:15% of
themachinesweredual-processorsandtheir computetime

countedfor morethan25%; 1% of themachineshadmore
thantwo CPUs(four andeight CPUs)andprovidedabout
5% of the computingtime. Figure6 shows that Windows
OSmachines(morethan87%)predominatedoverLinux OS
machines(about11%) andDarwin OS for MacintoshPCs
(about2%). Therelatedtotalcomputetimesshowedsimilar
values.
Figure7 shows thetotal numberof MFold samplespertar-
get, wherethe numbersof amino acidsfor eachtarget is
reportedin parenthesis.Thered line in Figure7 represents
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Figure 7. Number of samples per target computed during
CASP6.

thelimit of 3,000samplespertarget.For 81%of thetargets
we wereableto run morethan3,000samples,andfor 48%
wewereableto overcomethe10,000sampleslimit.
For sometargets(i.e., t0196, t0222, t0223, t0224, t0239,
t0241,t0253andt0254)wewereforcedto suspendthesam-
pling before reachingthe 3,000 samplesbecauseof con-
straintsassociatedwith thepredictionsubmissiondeadlines.
The current schedulingpolicy of BOINC doesnot allow
us to prioritize any target over the othersoncetheir tasks
have beengeneratedandsubmitted. The submissionof a
largenumberof taskswhoseaveragecomputetime is sev-
eralhours(asit is thecasefor P@H)requiredthesystemto
wait up to onedayto getbackresultsfrom theparticipants'
machines.The validationof resultsbasedon comparison
of replicatedtasks,adoptedfor securityreasons,further in-
creasesthewaiting time for �nal results.An extensivesam-
pling for a giventargetrequiredup to three/fourdaysif not
longer. In anattemptto keepthetotal time for anextensive
samplingof a given target undercontrol, we strongly de-
coupledtheMC simulationsandfor eachtargetwe con�g-
uredits tasksin termsof MC movessothat their lengthon
the sametype of machineneededapproximatelythe same
amountof time. For example,on an Intel singleprocessor
1.6GHzmachinerunningWindows OS, the computetime
for a tasklastedin averageabout3 hoursif no suspension
of thecomputationwasrequiredor thecomputingresources
werenot heavily usedby the user. On the otherhand,the
large numberof hostsavailableallowed us to distribute in
parallelthousandsof independenttasksamongparticipants'
machines.We did not relatethe numberof samplesto the
complexity and size of the targetsbut for eachtarget we
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triedto achieveasmany samplesaspossiblebeforethesub-
missiondeadlinewasreached.Finally, for the largesttar-
getswith more than 440 amino acids,e.g., t0216, t0235,
andt0237,MFold programlimitations inhibitedprediction
calculations.
There�nementof thesampledstructuresthroughMD sim-
ulationsusingtheCHARMM codeconsistedof shortinde-
pendenttasksstartingfrom thesampledconformations:on
averagethe completiontime for a task was much shorter
thanonehour. For examplefor fastmachinessuchasan
AMD Athlon 64 FX-51 processor, it rangedin averagebe-
tween 10 and 20 minutes. We observed that such short
tasksaffectedthe BOINC client and the network, as well
asour server, with signi�cant loads.Theinfrastructurelim-
its forced us to move in several occasionsthe re�nement
computationto a cluster. From our experimentsto date
we learnedthat in generallonger computationaltasksare
better suited for public-resourcecomputingon the Inter-
net, in excessof severalhourspreferably. However, longer
tasksrequirethe useof checkpointingtechniquesto allow
the volunteerto “turn-off ” their computerwithout wasting
computationtime and without having to reinitiate the en-
tire calculationeachtime thecomputeris restarted.More-
over, checkpointingcapability also allows participantsto
sharetheir computingpower amongseveral projectspow-
eredby BOINC (i.e.,P@H,SETI,climatepredictor).There-
fore checkpointshave beenintroducedin both CHARMM
andMFold.

3.2 P@H versusCluster of PCs

Thebene�t of thelargeamountof conformationalsampling
madeavailableby adistributednetwork of public-resources
was evaluatedby comparisonof beststructuresgenerated
by P@H againstresultscomputedon a local cluster. The
local clusterconsistedof 64 computingnodes,eachwith
dual2.4 GHz PentiumXeonprocessorsand1Gbof RAM,
runningRedHat8.0 andinterconnectedwith an 1 Gb Eth-
ernetswitch. Table1 shows the accuracy of the beststuc-
turesgeneratedby P@Handby thelocal clustercalculated
by comparisonwith thereleasedCASPexperimentalstruc-
tures. Availablenodeson the clusterwereusedto run the
sameproteinstructurepredictionprotocol,generating100-
1000uniqueresultsfor eachtarget. Thenumberof unique
results(samples)using P@H are shown in the table for
eachtargettogetherwith its numberof aminoacids(length).
SomeP@Htargetsin Figure7 were later canceledby the
CASPassessorsbecausetheexperimentalistsdid notsubmit
a structurebeforethedeadlinefor assessmentandtherefore
arenot reportedin thetable.
Themeasureusedto calculatetheaccuracy of resultsis the
GDT TS (Global DistanceTest) score,de�ned as an av-
erageof the percentof residuesunderdistancecutoffs of
1, 2, 4, and8 Angstroms. As an averageof percentages,
GDT valuesrangefrom 0 to 100,0 correspondingto a poor
predictionand100 correspondingto a near-perfectpredic-
tion. The targetshave beenclassi�ed into 4 classes(type)
basedon their chain lengthandamountof restraintinfor-

mationavailable. The”Easy” category (E) containsall tar-
gets that are basedon alignmentwith a relatedstructure
that haspreviously beensolved asa template.Becauseof
this wealth of information, thesetargetsrequire the least
amountof conformationalsampling.”Medium” targets(M)
arelooselytemplatedonanunrelatedproteinthatmayhave
similar structuralcharacteristics.Targetswith no template
information rely solely on secondarystructureprediction
thusrequirethe mostsampling. Proteinsof this type con-
sisting of a single domainand a chain length under300
residuesare feasibleto this approachand are considered
”Hard” (H), andthosewith lengthsgreaterthan300or those
composedof multiple domainsareconsidered”Very Hard”
(VH). Thevaluesin Table1 underlinehow public-resource
computingis able to advanceour capability to accurately
predictproteinstructurefrom sequencefor reasonabletar-
getsthatrequireextensiveconformationalsampling(in par-
ticularmediumandhardtargets).

Figure 8. Comparison of �nal CASP protein structures
obtained in laborator y with the structures obtained using
the pub lic­resour ces of P@H and a cluster .
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target type length samples P@HGDT localGDT
196 E 116 2224 75.28 70.22
197 H 179 6463 15.66 17.77
198 H 235 12384 21.11 17.50
199 VH 338 10405 9.06 8.12
200 M 255 10511 28.14 28.03
201 H 94 10629 43.88 27.13
202 VH 249 10656 10.84 9.34
203 M 382 8646 18.22 17.40
204 VH 351 8613 45.45 44.78
205 M 130 8607 53.16 48.54
206 VH 220 12903 16.30 15.94
208 M 357 11006 33.36 31.47
209 VH 239 11181 13.84 10.35
211 E 144 30690 28.13 37.68
212 H 126 15359 16.94 16.94
213 H 103 3807 25.49 20.63
214 H 110 3857 25.45 25.68
215 H 53 3878 45.75 42.92
216(a) VH 435 1074 – –
222 M 373 1349 9.08 8.73
223 M 206 1461 12.14 12.14
224 H 87 1314 28.16 28.16
228 VH 429 10546 7.82 7.52
230 M 104 10621 32.84 27.94

atoo largefor analysis,nonglobular structure

target type length samples P@HGDT localGDT
232 M 236 10551 47.13 45.00
233 E 362 7817 68.90 71.16
234 M 165 10182 50.00 48.70
235 M 499 1086 32.90 32.90
238 VH 244 3810 23.34 23.34
239 H 98 1295 28.82 28.82
241 M 237 1162 10.02 8.97
243 H 93 5448 31.25 26.70
244 M 301 5858 42.65 42.40
247 E 364 7886 51.39 46.88
267 M 175 13160 58.62 55.13
268 M 285 13143 61.57 51.33
269 M 250 12176 50.10 44.42
271 E 161 11795 57.14 59.78
272 H 211 11758 17.82 11.57
274 M 159 11747 71.63 67.31
275 M 137 11740 52.41 49.63
276 M 184 11725 69.49 65.63
277 E 119 7562 80.34 76.71
279 M 261 7615 44.78 44.09
280 H 208 7548 15.02 15.02
281 H 70 7679 46.79 27.86
282 M 332 7572 58.98 57.59

Table 1. Accurac y of the best structures generated by P@H (P@H GDT) and by a local cluster (local GDT) calculated
by comparison with the released experimental structures. Low GDT values correspond to poor predictions while high
values of GDT indicate good prediction. For each protein, the best GDT is repor ted in bold.

A representativeexamplefor eachtypeof proteinis shown
in Figure8. The top structuresaretheresultsfrom public-
resourcecomputing,local clustercomputing,and experi-
mentalresultsfor targett0271.Becauseit is an”easy”target
basedonagoodtemplate,it doesnotrequireextensivesam-
pling, andthereis no improvementfor the P@Hstructure
(GDT 57.14)over thelocal clusterstructure(GDT). T0205
is a ”medium” dif�culty target with a signi�cant improve-
ment from P@H sampling(GDT 53.16) over local sam-
pling (GDT 48.54).Targett0198similarly bene�ts from in-
creasedsamplingasa ”hard” target(GDT 21.11vs 17.50).
However, ”veryhard” targetssuchast0199oftendonotget
signi�cantly betterstructuresfrom P@Hover local clusters
(GDT 9.06 and 8.12, respectively) due to both extremely
large conformationalspaceand the limited ability of the
samplingalgorithmto dealwith multi-domainproteins.

4 Discussionand Future Work

Thekey objectiveof thepresentedresearchhasbeento eval-
uatethepotentialof utilizing theP@H/BOINCsystemfor
testingof structurepredictionalgorithmsbasedon confor-
mationalsampling.
Overthedurationof CASP6,P@Hhasbene�tedfrom more
than12 billion secondsfor samplingconformationsof pro-
tein structures. The computingpower was suppliedby a

variety of heterogeneousmachineswith differentcompute
speeds,architecturesandoperatingsystemsinterconnected
to theInternet.Neverthelesswe wereableto guaranteethe
integrity andsecurityof thereturneddatain anef�cient way
by deploying homogeneousredundancy andstrict equality
to comparethe redundantresults. From our observations
weconcludethatthebene�t of a largeamountof conforma-
tional samplingis visible for homologymodelingtargets,
andespeciallyfor fold recognitiontargetsaswell assmall
targetswith a completeabsenceof templatedregions. For
”new fold” targetswith more than300 residuesandcom-
posedof morethanonedomain,theextensive samplingaf-
fordedby P@Hdoesnot yield satisfactoryresultssuggest-
ing a limitation in accuracy of theprotocoldeployed.
Our �nal goal behindthe effort presentedin this paperis
to establish,by utilizing thevastsupercomputerthat is the
Internet,a truly signi�cant tool for automatedstructurepre-
dictionavaliableto abroadaudienceandaccessiblethrough
awebportalfor awiderrangeof applicationssuchasligand
docking,loopmodeling,etc.
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