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Abstract

We presenta simulatedannealingbasedmethodfor the predictionof the tertiary

structuresof proteinsgiven knowledgeof the secondarystructureassociatedwith

eachaminoacidin thesequence.Thebackboneis representedin a detailedfashion

whereasthesidechainsandpair-wise interactionsaremodeledin a simplifiedway,

following theLINUS modelof SrinivasanandRose.A perceptronbasedtechnique

is usedto optimizetheinteractionpotentialsfor a trainingsetof threeproteins.For

theseproteins,theprocedureis ableto reproducethetertiarystructuresto below 3Å

in rootmeansquaredeviation(rmsd)from thePDBtargets.Wepresenttheresultsof

testson twelve otherproteins.For half of these,thelowestenergy decoy hasa rmsd

from the native statebelow 6Å andin 9 out of 12 cases,we obtaindecoys whose

rmsdfrom thenative statesarealsowell below 5Å.

I. INTRODUCTION

Theproteinfolding problementailsthedeterminationof thesecondaryandtertiarystructureof

aproteinbasedontheknowledgeof its sequence.1 � 2 Thetertiarystructuredeterminesthefunction-

ality of theproteinandthusthepredictionof thefoldedstructureis acentralchallenge.Theprotein

folding problemcanbe successfullytackledby usingan ”engineeringapproach”which may in-

volve comparative modeling,investigationof statisticalcorrelationsin a proteindatabase,anda

tool boxof othertechniqueswhichwork with varyingdegreesof success.Onesuccessfulexample

of this approachis basedon building native structure-like conformationsfrom protein-like frag-

mentswhich aredatabasederived.3 � 4 This allows for a sensiblenarrowing of theconformational

searchbecausethenumberof preferredconformationsfor shortpeptidefragmentsis limited.5

Froma fundamentalpoint of view, however, it is desirableto developscientificmethodsthat

arepurelyabinitio, andthatareeasyto understand.6 Onethemostinteresting,simple,andtruly ab

initio microscopicmodelsis LINUS thatwasintroducedby SrinivasanandRose.7–9 This model
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incorporatesthe mostimportantstructuralfeaturesof proteinsincluding the backbonerepresen-

tation,simpledescriptorsof the side-chaingeometry, excludedvolumeinteractions,interactions

betweenside-chains,andhydrogenbonding.LINUS hasbeendemonstratedto bevaluable7–9 for

proteinstructureprediction,particularlyfor determiningthepropensitiesof varioussegmentsto

form particularsecondarystructures.This determinationis doneat a fixedmoderatetemperature

that canbe chosenoptimally.10 This is becauseLINUS embodiesan interplaybetweenenergy

andentropy: helicesform asa resultof minimizing theenergy whereasstrandsarefavoredby the

entropy.

In this paper, we build on LINUS in thecontext of abinitio tertiarystructurepredictiongiven

a sequenceof aminoacidsandtheir secondarystructure.We demonstratethatLINUS hasmany

featuresthatareappealingfor this task.First,basedonanappropriateMonteCarlodynamics,it is

ableto fold anextendedchainto aglobular form withoutviolatingany stericconstraints.Second,

thedynamicsallow for anefficient explorationof the low energy statesin a way thatsinglesout

thenativestateprovidedoneparametrizestheenergy functionsin apropermanner. Wedetermine

theparametersthrougha learningprocedure.

As notedearlier, we simplify the taskof tertiarystructurepredictionby assumingana priori

knowledgeof the locationof the secondarystructuresof the proteinsunderstudy. It shouldbe

notedthat many of the currentmethodsof proteinsstructurepredictionrely, to variousextents,

on being precededby predictionof the secondarystructures. Indeed,by using a combination

of techniquessuchasmultiple sequencealignmentandneuralnetworks,onecanpredicttheba-

sic secondarystructuralfeatures,e. g. α-helicesandβ-strands,with a confidencethat exceeds

70%.11–14 Our simplified taskcouldbe thoughtof asa stepin theultimategoalof ab initio ter-

tiary structureprediction. As we shall demonstrate,an importantattendantadvantageof sucha

simplified challengeis that it allows oneto gleanfundamentalinsightsinto the protein folding

problem.

In this paper, we adopta simulatedannealingprocedure16 to studya LINUS-basedmodelat

low temperatures.In orderto accommodatethis shift in focusfrom intermediateto low temper-
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atures,we work with a modifiedversionof the LINUS model in which the original simplified

interactionpotentialsareendowedwith moreaminoacidicspecificity. Thebasicideaof our learn-

ing procedureis to generatelow energy conformations,whichpreservethepre-assignedsecondary

structureof proteinswith known tertiarystructurewith a setof carefullychosenpotentialenergy

parameters.Theselow energy conformationsarethenusedasdecoy conformationsfor carrying

out a refinementof thepotentialenergy parametersin orderto ensurethat theknown native state

structureis indeedlower in energy thanthedecoy conformations.This procedure,wheniterated

leadsto anestimationof theoptimal potentialenergy parameters.Strikingly, our procedurecan

beusedto assesswhethertheform chosenfor thepotentialenergy is adequateto thetaskof suc-

cessfullydiscriminatingbetweenthetruenative statestructureandtherealisticcompetingdecoy

conformations.

Our studiesleadto theconclusionthat thepotentialenergy parametersfor a commonlyused

pairwiseinteractioncanbeoptimizedto simultaneouslyensurethat thenative statestructuresof

threedistinct proteinscanbe successfullydiscriminatedagainstdecoy conformations.The pa-

rametersobtainedby learningthethreeproteinsprovideanadequatedescriptionof theseproteins:

the LINUS native statesarevery closeto the experimentallydeterminedstructures,the energy

landscapeis funnelshaped,stericclashesareavoidedandthenativestateis kineticallyaccessible.

Furthermore,theparametersarealsofoundto beadequatefor severalotherproteins.

II. METHODS

Models

A comprehensivedescriptionof LINUS canbefoundin theoriginal papersof Srinivasanand

Rose7 � 8 and in our independentassessmentof LINUS10 which follows the particulardetailsof

reference.8 Briefly, in LINUS, the atomsaremodeledashardsphereswith predefinedradii and

they arenot allowedto overlap.Thecoordinatesof all backboneheavy atomsarerepresentedex-

actly whereasthoseof thesidechainsarerepresentedin asimplifiedmanner. Specifically, glycine
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is effectively consideredto haveno sidechain,thesidechainsof alanine,valine,serine,threonine

andcysteineareconsideredexplicitly by theirheavy atoms(nomorethanthreein eachcase),and

theremainingaminoacidsarerepresentedby Cβ andoneor two pseudoCγ atoms,dependingon

whetherthesidechainis branchedoutor not.

The Hamiltoniancontainslocal and nonlocal terms. The former correspondto the fixed-

distancetetheringby the peptidebondsandthe torsionalenergies. The latter correspondto the

hydrogenbonds,andto the pairwisecontactinteractions.A torsionalenergy is includedto pre-

vent formationof conformationswith positive Ramachandranφ anglesby associatinga positive

cost,εtor, with them.Theexceptionis glycinefor which positivevaluesof φ arerewardedwith a

negativeenergy of � εtor.

Hydrogenbondscanbe formedbetweenthe backboneN atomsandeither the backboneO

atoms(backbone-to-backboneH-bonds)or the sidechainsof the aminoacidsfrom the set [Ser,

Thr, Asn, Asp,Gln, Glu] (sidechain-to-backboneH-bonds).Thedistancebetweenthedonorand

acceptormustbesmallerthan5Å and4Å for thesetwo casesrespectively. It is alsorequiredthat

the out-of-planedihedralangleO
�
k � –N

�
l � –Cα

�
l � –C

�
l � 1� shouldbe larger than140o, wherek

and l are the indicesof the aminoacidsinvolved along the sequence.The contactinteraction

arisesbetweenthesidechainatomsof theaminoacids.A contactis declaredto be formedif the

distance,r i j , betweenthe two atoms,i and j, is smallerthanRc � Ri � Rj � 1 � 4Å, whereRi and

Rj arethe contactradii8 of the atoms. The energy of a contactdecreaseslinearly from zeroto

its minimal valueasthedistancebetweentheatomsdecreasesfrom Rc to Ri � Rj andit remains

constantat smallerdistances.Thisconstantdependson thespecificityof thesidechains.It should

benotedthatthecontactradii of theatomsarelargerthantheirhardsphereradii sothatatomscan

befully in contactwithoutstericclashes.

Our implementationof LINUS incorporatestwo crucial changescomparedto the original

formulation.8 The first is that we distinguishbetweenthe shortrangebackbone-to-backboneH-

bondsthat correspondto the H-bondswithin helicesandturnsandthe long rangebackbone-to-

backboneH-bonds(theonesthatarefurther than4 residuesapartalongthesequence).We have
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foundthatusinga lowerenergy (morefavorable)scorefor thelongrangeH-bondsis essentialfor

theassemblyof theβ-strandsinto asheet.

The secondchangeis an increasein the variety of the contactinteractions. In the original

LINUS, theaminoacidsweredividedinto threecategories:hydrophobic,amphipathicandpolar.

Thecontactinteractionswereallowedonly betweenthehydrophobicandtheamphipathicamino

acids.8 We have verified that the interactionsprovided by consideringjust threekinds of amino

acidsarenot enoughto make thenative statetheglobal energy minimum. Thuswe consider20

distinct typesof aminoacids. Becauseglycine,asdefinedabove, doesnot participatein contact

interactions,thereare190differentenergy parameterscorrespondingto differentcontactsbetween

theremainingnineteenaminoacids.A specialcasecorrespondsto thecontactbetweentheSatoms

of two cysteines.A disulfidebondis saidto be formedif two suchS atomsarecloserthan3 � 6Å

andthe energy of the bonddecreaseslinearly to its minimal valueasthe distancedecreasesto

2 � 65Å. This energy remainsconstantwhenthedistancedecreasesto 2Å, below which valuethere

is astericclash.Sincethedisulfidebondhasadifferentnaturethanotherkindsof interactions,we

considerits minimal energy to be5 timeslower (morefavorable)thantheenergy of a shortrange

backbone-to-backboneH-bond.Eachcysteineis allowedto havenomorethanonedisulfidebridge

sowhenit comesto asituationin whichseveralS-Scontactsareformedwith agivencysteinethen

only theonewith thelowestenergy is selectedasadisulfidebridge,while theothersareregarded

asusualsidechain-sidechaincontacts.Overall we have 194adjustableenergy parameters:three

for hydrogenbonds,190for contactinteractions,andonefor thetorsionalenergy. We attemptto

determinethese194parametersthroughlearning.

The move set

Sinceour goal is to predict the tertiary structurebasedon the knowledgeof the secondary

structureandnot the predictionof the latter, we needto modify the original setof Monte Carlo

movessothesecondarystructuresaremaintained.Wedefinethelocalmovesin theRamachandran

spaceof thetorsionalangles.Specifically, threeconsecutive residuesaremovedat a time andthe

changesin the φ andψ anglesaredrawn from a Gaussiandistribution with a zeromeananda
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dispersionthat rangesfrom 1o to 5o (the valueof the dispersionis chosenin proportionto the

acceptancerate).Theresiduesassignedto α-helicesor β-strandsareallowedto haveadjustableφ

andψ but theadjustmentsareconstrainedto lie within appropriateregionsin theRamachandran

plot asshown in Figure1. Thusfor α-helicesφ ��� 64 	 7o andψ ��� 43 	 7o. For β-strands

φ �
� 130	 15o andψ � 135	 15o. Ontheotherhand,theresiduesin theloopscanhavearbitrary

φ andψ values.

The sidechainscanbe rotatedaroundthe Cα–Cβ bondand the correspondingtorsionangle

χ may take any value. However, in order to enhancethe acceptancerate the valuesrelatedto

therotamerpositionsarechosenwith a higherprobability. Thusχ is chosenrandomlyin oneof

the threewindows: � 60 	 20o, 60 	 20o, and180 	 20o with a probabilityof 0.9 andthevalues

outsidethewindows arepickedwith a probabilityof 0.1. All otheranglesandbondlengthsare

keptfixedduring thesimulationexceptthat the torsionangleω aboutthepeptidebondcanvary

within 180 	 10o, andtheN–Cα–Cbondanglecanvarywithin 110 	 5o.

The simulationstartsfrom an openconformationwith the α-helicesandβ-strandsbuilt in,

basedon theexperimentalstructurefile from theProteinDataBank(PDB).15 Themovesproceed

from the N-terminusand a completeprogressionto the C-terminusis called a cycle. A new

conformationselectedin this way is rejectedif it leadsto stericclashes(up to 50 attemptsare

madeto decideon a move that doesnot generatestericclashes),otherwiseit is acceptedwith a

probability �
� min � 1  e� ∆E � T � , where∆E is the energy differencecomparedto the previous

conformationandT is afictitious temperature.

Thelow energy conformationsareobtainedthroughanannealingscheme16 in which thetem-

peratureis decreasedin stepsaccordingto the formula Tk� 1 � 0 � 97 Tk, wherek is a stepindex.

The startingtemperatureis chosenso that the acceptancerate, r, is larger than0.1, andoncer

falls below 0.001we carry out a zerotemperaturequench.The typical lengthof a simulationis

between50000and100000cycles.

Perceptron method for learning the interaction potentials
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Theprincipalrequirementfor thestabilityof thenativestateis thatthenativestatehasa lower

energy thanany otherviable conformation.17–25 This requirementis alsoa necessarycondition

for thesimulatedannealingto leadto thenativestatefrom anopenconformation.Thus

E
�
Γ0 ��� E

�
ΓD �
� D  (1)

whereΓ0 denotesthenative conformationandΓD denotestheconformationof a decoy. We have

found that, even with the secondarystructuresincorporatedin the decoys, the conditionsgiven

in Eq. (1) cannotbe satisfiedby usingunrefinedinteractionssuchasthoseusedin the original

versionof LINUS.

The optimal stability perceptronalgorithm26 is an iterative procedurewhich allows one to

find a solution that satisfiesa given set of linear inequalitiesoptimally. We follow one of the

several learningschemesdiscussedin Ref.22 (seealsoRef.23 and,in the context of determining

environmentalscoresfor theaminoacids,Ref.24). For a givensetof decoys anda known native

conformation,our learningproceduredealswith asetof inequalitiesof thetype

E
�
ΓD ��� E

�
Γ0 �

d
�
ΓD  Γ0 � � 0  (2)

whered
�
ΓD  Γ0 � denotesthe root meansquaredeviation (rmsd)of the decoy structurefrom the

native state. The useof the rmsd in the denominatorhelpsto shapethe energy landscapeinto

a funnel andensuresthat a conformationwith a large rmsdis lesspreferredthanconformations

which aremorenative like. Figure2 illustratesthat our procedureindeedleadsto the required

features.

A brief descriptionof theperceptronmethodis asfollows. Theinequalities(2) canberewritten

in theform

A� k � ε� � 0  k � 1  2 ������� M  (3)

where ε� ��� ε1  ε2 ������� ε194� is a 194-componentvectordefinedby the energy parametersto be

optimized,A� k is a vectorof the correspondingcoefficientsof the k-th inequality, M is the total
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numberof inequalities(the combinednumberof decoys for all proteinsin the training set),and

thedot denotesa scalarproduct.For a giventrainingsetof parametersε� , thestability of thek-th

inequality is definedby Qk � A� k � ε� , while the perceptronstability is definedasQ � Ql with l

suchthatQl � Qk, � k �� l . Thestability Q canbemaximizedby iteratively replacingε� by a new

vectorgiven by ε� � � ε� � δ � A� l , whereδ is a small number. Eachiterationstepis followed by

a normalizationof ε� so that ∆ � ∑i ε2
i remainsconstantwhile Q is recomputed.A convergence

is guaranteedto be reachedin a finite numberof steps. In our casethis typically takes tensof

thousandsof iterationsand this numberdependson how small the valueof δ is. The starting

valuesfor ε� canbearbitrary. If Q � 0 theproblemis learnable,whichmeansthatthereexistsaset

of energy parameterssuchthatall of theinequalitiesaresatisfied.Indeed,if many solutionsexist,

theperceptronmethodselectsthebestamongthem.

Generation of LINUS native conformation

SinceLINUS is anapproximatemodel– it usesidealizedbondanglesandbondlengthsfor the

backboneanda simplified representationof thesidechains– it cannot beexpectedto provide a

perfectfit to thePDB structures.However, in orderto makeuseof inequalities(2) in thelearning

processwe needto find a LINUS-basedconformationthatplaysthe role of thenative state.We

determineit by arrangingthe backboneto have the PDB-derived valuesof φ and ψ and then

performmovesin orderto reducethermsdto thePDBbackboneasmuchaspossible.In practice,

we easily arrive at conformationswith the backbonermsd as small as 0 � 1Å for the small size

proteinsconsideredhere.Subsequently, theLINUS sidechainsarebuilt in andthesidechainsare

rotatedin orderto eliminatestericclashes.At this stage,the energy is minimizedby theMonte

Carloquenchingprocesswithout imposingany constraintson thesegmentsthatcorrespondto the

secondarystructures.Theenergieshereareassignedtreatingtheproteinsashomopolymers,i.e.

all of theenergy parameters,but thetorsionalenergy, areassumedto beuniformandnegative. The

final bestnative-likeconformationusuallyhasa rmsdof about0.5–1.0̊A from thePDB structure.
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III. RESULTS AND DISCUSSION

Learning the interaction potentials from three training proteins

Threeproteinshavebeenchosenfor learningtheenergy parameters:theB1 domainof protein

G (the PDB codeis 1GB1), ribosomalprotein L7 (1CTF) and crambin(1CRN). They are all

α ! β proteinsand their lengthsdo not exceed70 residues.Crambincontains3 disulfidebonds

while the other two do not containany cysteines.Their native conformationsareshown in the

left-handside of Figure 3. For eachprotein, we have generatedthe LINUS-basednative-like

conformationsusing the fine tuning proceduredescribedin the previous section. Their rmsd’s

relative to the correspondingPDB structuresare0 � 56Å, 0 � 68Å and0 � 72Å for 1GB1, 1CTF and

1CRNrespectively.

The decoys for thoseproteinsaregeneratedwith built in constraintson the secondarystruc-

tures.Theidentificationof thesecondarystructuresis obtainedfrom thePDB files whenever it is

available.For proteinG, this kind of informationis not presentin thePDB file for 1GB1. In this

casewetake theassignmentof thesecondarystructurefrom anotherfile, correspondingto 1PGA,

which containsthe X-ray determinedcoordinatesfor the sameprotein. The residuesat the end

of theα-helicesor β-strandscansometimesbeconfusedwith turnsor coils. Becauseof this, we

have effectively shortenedsomesecondarystructurefragmentsby oneor two residuesfrom their

ends.An exampleof this situationis the secondβ-strandof 1CTF (residues92-98accordingto

the PDB assignment),which is significantlydistortedat positions94, 97 and98. For this case,

we imposethestrandgeometry, in theMonteCarloprocess,only on theresiduesfrom site92 to

96. Theα-helicesusuallyshow muchsmallerirregularitiesthantheβ-strandsandtheadjustments

aremuchlesssevere. In general,adjustmentsaremadein orderto accommodateresiduesthat lie

too far from theRamachandranregionsassociatedwith a giventypeof secondarystructure.Such

assignmentchangeshavebeenmadefor 3 proteinsin thelearningsetand1 proteinin thetestset.

Table1 indicatesall the modificationsthatwe have madein the secondarystructureassignment

given in thePDB file. Note that thePDB informationis neededonly for α-helicesandβ-sheets
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andthe recordson turnsandothertype of secondarymotifs suchasthe 310-helix areirrelevant

for our calculations. It shouldbe notedthat, even with theseirregularitiesremoved, the native

valuesof theφ andψ anglesfor someresiduesin thesecondarystructuresmaystill lie outsidethe

expectedregionsin theRamachandranplot within which they aredynamicallyconstrained.This

situationis illustratedin Figure1 for the 1CTF protein. However, we have found that, for most

of theproteinsconsideredhere,we cangenerateconformationswithin 3Å in rmsdfrom thePDB

structureswith theconstraintsimposedon thesecondarystructures.

The learningprocessis implementedin an iterative mannerby startingfrom somegeneric

potentials(asderivedfrom references7 and8) andgeneratingthecorrespondingdecoys. We iden-

tify decoys that competewith the native statein that they have energiescomparableto or better

thanthe native stateenergy. We adjustthe energy parametersto destabilizethe decoys. At the

next stage,we usethejust learnedpotentialsandgeneratenew correspondingdecoys, andsoon.

Thesetof decoys keepsexpandingthroughaccumulationandall of themareusedto generatethe

inequalities. Furthermore,the inequalitiesderived for differentproteinsarecombinedtogether.

Decoys, which are found to be within 2Å from the PDB structure,arediscardedbecausethese

conformationsaretoocloseto thenativestateto provideunbiasedinequalitiesthatcouldproperly

shapethefolding funnel(thenumberof suchdiscardeddecoys is typically oneor two for a given

protein). In total, we have generatedapproximately1200,1200,and500 decoys for the 1GB1,

1CTF, andcrambinproteinsrespectively. In the final roundsof learning,approximately50 new

decoys aregeneratedfor eachprotein. We stopwhenthepredictedstructuresin the training set

havea rmsdwhich is smallerthan3Å.

Figure4 shows theplot of energy vs. rmsdfor all thedecoys for 1GB1usingtheenergy pa-

rametersthathavebeenlearnedat thefinal roundof learning.It canbeseenthatthedecoyscluster

in a way that suggestsan emergenceof a funnel-like energy landscape.The energy decreases

with the rmsdat the lower boundaryof thecluster, asindicatedby thedashedline in thefigure,

andthenative stateis theglobalenergy minimum. Theperceptronstability Q is theslopeof the

dashedline. Note that thebiggertheQ, themorefunnel-like theenergy landscape.On theother
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hand,the learningprocessoughtto resultin a systematicdecreaseof Q becausemoreandmore

inequalitiesaretakeninto accountunlessconvergenceis achieved. This canbeseenin Figure5,

which shows Q! ∆ asa functionof thenumberof decoys where∆ �#" ∑i ε2
i , thermsvalueof the

energy parameters,providesa normalization.Q! ∆ is seento decreasewith thenumberof decoys

usedfor learning.A sharpdecreaseat around2400decoys correspondsto arriving at a situation

at which thesetof decoys is sufficiently largeto provide a significantreductionin thesizeof the

relevantparameterspace.After thisdecreasethereis aplateauin Q whichsuggestsaconvergence

of theenergy parameters.

On optimizing theenergy parameters,asdescribedabove, our annealingprocedureis ableto

predict the tertiary structuresfor the threeproteinsthat wereusedin learningwith a very good

accuracy. Amongabout50 decoys generatedfor eachof thethreeproteinsafter the learningwas

completed,the lowestenergy stateis foundto bebelow 3Å in rmsdfrom thePDB structure(see

TableI andFigure3). Furthermore,asshown in Figure4 for 1GB1and1CTF, thedecoys appear

to be in a well developedfunnel-shapedenergy landscape.Figure3 comparesthe PDB native

conformationsto the predictedconformations. Although the rmsdsseemto be still somewhat

large,e.g. 2 � 94Å in thecaseof 1CTF, thepredictedconformationsexhibit striking similaritiesto

thePDB structures.Thebestsuccessin predictionis for 1GB1,for which thermsdof thelowest

energy decoy is 1 � 90Å away from thePDB structure.

After optimizingthepotentials,we rescaledour parametersto settheenergy of a shortrange

backbone-backboneH-bondequalto � 1 � 0. In theseunits, theenergy of a long rangebackbone-

backboneH-bond is found to be � 1 � 4952 and the sidechain-backboneH-bond hasa value of

� 0 � 7779. In contrast,theoriginal LINUS parametersfor thesetwo situationswereequalto and

twice theshortrangebackbone-backboneH-bondrespectively. Thetorsionenergy remainsposi-

tiveandthehydrophobicinteractionsarebetterdifferentiated.However, we find that,on average,

thecontactenergiesbetweengroupsof sidechainsof differenthydrophobicityarein roughaccord

with thescaleintroducedby SrinivasanandRose.7 � 8
Prediction of tertiary structures using the optimized potentials
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Oncethe optimizedpotentialsfrom threetraining proteinsweredetermined,we carriedout

predictionof the tertiary structuresfor a dozenadditionalproteinsassumingknowledgeof the

secondarystructure.Theseproteinsarelistedin TableI. Sevenof themareof theα ! β typeandfive

of theα type.Their lengthsvarybetween28and72. 50decoysaregeneratedfor eachproteinand

theonewhich waslowestin energy wastakenasa representationof thenative state.Theresults

of our simulationsarecompiledin Table I, in which we presentthe rmsdof the lowestenergy

decoy with respectto the PDB target andalso the lowest rmsdamongall the decoys obtained

throughthe simulatedannealing.It canbe seenthat we areableto predictthe tertiary structure

with an accuracy of below 6Å for half of the new proteins,and in the four bestcasesthe rmsd

of thepredictedconformationis below 5Å. We have checked that if we usethestandardLINUS

energy parameterswithout theadjustmentsobtainedthroughlearningthenthepredictedstructures

arefurtherthan8Å away from thetargets.

Figure6 comparesour predictionsto thePDB targetsfor threeα ! β-proteins:thezinc-finger

(1ZAA), proteinL (1HZ6)andcrorepressor(1ORC).Althoughthermsdsobtainedarenotasgood

asfor thetrainingproteins,theclosesimilaritiesbetweenthepredictedandtargetsstructurescan

beeasilyrecognized.Theoverall topologiesarecorrectin all cases.Thebestpredictionin terms

of thermsdbelongsto thezinc-fingerwhich is alsothesmallestproteinin theset.However, there

aresomenoticeableflaws in thepredictedstructure.Thefirst oneis dueto theirregularity of the

singlehelix in thePDBstructure.TheN-terminalpartof thishelix is twistedin a tighterway than

the regular helix. Our procedurefails to reproducethe correcttwist becausethe Ramachandran

regionsusedfor the helicescorrespondonly to perfecthelices. The secondflaw is that the β-

hairpinis not ascloseto thehelix asit shouldbe. This canbedueto thepresenceof a zinc atom

which is covalently bondedto the sidechainsof two histidinesfrom the helix andtwo cysteines

from theβ-hairpin in therealstructure.Thesebondsstabilizethestructuresignificantlybut they

arenot takeninto accountin ourmodel.

The secondbestpredictedprotein in the set is proteinL. Its native topologyis closeto that

of protein G which hasbeenusedfor learning. However, protein L is 6 residueslonger and
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shareslittle sequencesimilarity with proteinG andyetourprocedureis ableto predictthetertiary

structurewith acorrecttopologyanda rmsdof nearly4Å. Thecro repressoris alsoaninteresting

case.Theformationof theβ-sheetandtherelativepositionsof thehelicesareverywell predicted.

The relatively large rmsd of 4 � 79Å is primarily due to poor predictionof the loops at the two

terminals.

Thepredictionis badfor four α ! β-proteinsin theset: themercurictransportprotein(1AFI),

theC-terminaldomainof theE-coli reca(1AA3), hyperthermophileprotein(1SAP),andthechey-

binding domainof chea(1FWP).For theseproteinsthe lowestrmsdandthe rmsdof the lowest

energy decoy areall largerthan8Å from thePDBtargets.This indicatesthatthelearnedpotentials

arenot adequatefor thoseproteins.Anotherpossibility is that their native conformationsdepend

onthebindingcofactors,whicharenottakeninto accountin oursimulations.Notethatboth1AA3

and1SAPbind to DNA, whereas1FWPbindsto anothersubstrate.

The predictionsfor the α-proteinsarealsoreasonablygoodeven thoughthe potentialswere

learnedusingα ! β-proteins.For theROPprotein(1RPO),a two-helixbundlewith asimpletopol-

ogy, we obtainedthelowestenergy decoy with a rmsdof 4 � 63Å. For thenext three-helixbundles:

humanP8MTCP1(1HP8),staphylococcusproteinA (1BDD) andpheromoneER-1 (1ERC),the

predictedrmsdsare5 � 74Å, 5 � 85Å and7 � 89Å respectively. For thefive-helixbundle434repressor

(1R69),thepredictionis a failuresincethe lowestenergy decoy is 11.31Å away from thenative

state.It shouldbenotedthat for all helicalproteinsthe lowestrmsdobtainedis quite low (in the

rangefrom 3 � 3Å to 4 � 4Å) in comparisonto someα ! β proteins. This is dueto the fact that the

α-helix bundlesareeasilyaccessibledynamically.

It shouldbe notedthat the overall rmsd is not the only measurefor the assessmentof the

predictions.As wehaveseenin Figure6 for Crorepressor, thelargermsd,4 � 79Å, of thepredicted

structureprimarily arisesfrom the misfolding of the two tails of this protein, while the rest is

correctlyformed.Anotherexampleis thecaseof thehyperthermophileprotein(1SAP)shown in

Figure7. For this protein,in the predictedstructure,the helix is misfoldedandit causesa very

largeoverall rmsdof 11� 9Å. If oneconsidersonly a fragmentof this proteinwhich excludesthe
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helix, thermsdof thepredictedstructurewith respectto thenative structureis reducedto 4 � 89Å.

For this fragment,theN-terminalβ-hairpinandthecentralβ-sheetwith threestrandsarecorrectly

formed.

In orderto assessthe quality of our predictions,in Figure8 we plot the rmsdvs. lengthof

the bestpredictedfragmentfor all the proteinsconsidered.This kind of plot is usuallyseenin

CASPassessments.For a given numberof consecutive residues,L, we find a fragmentin the

predictedconformationthat hasthe smallestrmsdfrom the PDB structure.Typically, the rmsd

monotonicallyincreaseswith the fragment’s length, L. For the caseof 1SAP the increaseof

rmsdvs. L is relatively small whenL is lessthan50. The rapid increaseof rmsdafter L � 50

correspondsto thesituationwhenthemisfoldedhelix is includedin thefragment.Figure8 shows

that,for fragmentsof length50or shorter, ourprocedurecanpredictthestructurewith anaccuracy

below 4Å for sevenproteinsout of 15, andbelow 5Å for 10 proteinsout of 15. Theseresultsare

encouragingandindicatethatourpotentialparametersmaybeusefulfor proteinsotherthanin the

trainingset.

We turn now to anexaminationof thekinetic accessibilityof thelow rmsdstructuresthrough

ourannealingprocedure.Figure9 showsthedistributionsof thermsdof thegenerateddecoysrel-

ative to thePDBtargetsfor all of theproteinsstudiedhere.Exceptfor 1CRN,thelow rmsdstruc-

turesdonotcorrespondto peaksin thehistograms.Thissuggeststhattheannealingusedheremay

betoo fastto avoid largermsdconformations.On comparingthehistogramsof differentproteins,

onefindsthatfor someproteins,suchas1GB1,1CRN,1ZAA and1RPO,thenativestateor more

preciselythelow rmsdconformationsaremoreeasilykinetically accessibleunlike otherssuchas

1SAPand1FWP. Pooraccessibilityto thenative statecouldarisefor differentreasonsincluding

a poor annealingscheme,inefficiency of the dynamics,badenergy potentialparametrizationor

from factorsintrinsic to thegeometryof thenativeconformationitself. Interestingly, we areable

to obtainlow rmsdconformationsconsistentlyfor α-proteins.

It shouldbe notedthat, for eachof the threeproteinsin the learningsetanda large number

of theproteinsin the testset,the lowestrsmdwe obtainis of thesameorderasthat foundusing
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Baker’sROSETTA method.4 NotethatROSETTA usespredictedsecondarystructureswhereaswe

useexperimentallydeterminedones.Eventhoughthetotal numberof decoys generatedfor each

proteinin our studyis muchsmallerthanin ROSETTA, we areableto obtainlower rmsddecoys

in severalcases.It is interestingto notethatfor thetwo proteins,1SAPand1FWP, for which our

schemeperformsmostpoorly, ROSETTA wasalsounableto generatedecoys with rmsdslower

than6Å.4

In noneof thetestedproteins,thenative-likeLINUS conformationhasthelowestenergy com-

paredto theenergiesof thedecoys. Thusany poorpredictionsarenot dueto a lack of dynamical

accessibilityof thenativestatebut dueto its poorthermodynamicstability. Onemightexpectthat

oneoughtbeableto improvethepotentialsand,thence,thethermodynamicstabilityby enlarging

the training set. However we have found that specialcareshouldbe taken whenchoosingpro-

teinsfor learningandalsoagoodpreparationof theLINUS-basednativeconformationis needed.

This is dueto the natureof the perceptronlearningfor which onebadinequalitymay leadto a

destructionof theentiresetof potentialenergy parameters.

It hasbeenrecentlypointedout thattheproteinbackbonein thenativestatebehaveslikeatube

with astrikingly uniformradius.27� 28 This reflectsspecialpropertiesof thestructuralandchemical

componentsof theproteinsequenceandthenatureof its compactstate.Thusit is interestingto

checkwhetherthedecoys generatedby our methodsbehave like a tubeandwhetheronecanuse

thiscriterionto selectthestructurethatis mostprotein-likein thisrespect.GiventheCα backbone

of adecoy, thelocal radiusof thetubeat positioni is definedby

$
i � min

j � k � $ i jk �  (4)

where
$

i jk is theradiusof thecircledrawn through3 pointsgivenby thepositionsof theCα atoms

of indicesi, j andk in thesequence.It hasbeenfoundthatin realproteinstructures
$

i hasa very

smallfluctuationaround2 � 7Å. In orderto take this into accountwedefinea tubeparameterwhich

is givenby

R0 � 1
L

L

∑
i % 1

� $
i � 2 � 7� 2  (5)

16



whereL is thenumberof residuesin theprotein.TheR0 valuesfor proteinstructuresaretypically

smallerthan0.02. It is foundthatmany of our decoys have R0 significantlylarger thanthis PDB

value,but the best(lowestenergy) decoy is found to have a R0 valuewhich is very reasonable.

Figure10 shows R0 versusrmsdfor thedecoys obtainedfor 1CTFwith theoptimizedpotentials.

Interestingly, thelowestrmsddecoy (which is alsothelowestenergy decoy for thisprotein)is also

thedecoy with the lowestR0. This indicatesthatR0 canbeusedto weedout a lot of decoys that

arenotprotein-like. In TableI weshow thermsdof thedecoy selectedwith thelowestR0 obtained

for theproteinsstudied.Thoughthey arenotasgoodasthoseobtainedby usingthelowestenergy

criterion, the tube-basedcriterion appearsto be quite efficient. Onecanseethat, in additionto

1CTF, for a numberof otherproteinssuchas1GB1,1CRN,1ZAA and1ROP, R0 canbeusedto

selectastructurewith rmsdlower than5Å.

A recentstudy10 analyzedtheability of LINUS to predictdifferentkindsof secondarystruc-

turesbasedon conformationalbiases,8 i.e. thepropensitiesof the chainto form a givenkind of

secondarymotif duringa fixedtemperaturerun. Thepotentialsusedin this studyweretheunre-

finedonesgivenby SrinivasanandRose.We have tried to useour optimizedpotentialsobtained

from the presentstudy to predict the secondarystructuresof several proteinsstudiedin Ref.10.

We found that the optimal temperaturefor the predictionis different from that found in Ref.10

dueto changesin theenergy parametersbut the rateof successfulpredictionat this temperature

remainsroughlyunaffected.This indicatesthattheprocedureusedto predictthesecondarystruc-

turesis quiterobustagainstfine-tuningof theinteractions.It alsoconfirmsthatthestericsplayan

importantrole in theformationof thesecondarystructures.8

IV. CONCLUSIONS

The approachpresentedin this study involvesboth potentialdesignand folding, and it re-

lies on oneof themostimportantaspectsof proteinfolding: thebelief thatproteinsfold to their

native conformationsby searchingfor theglobalminimum in theenergy landscape.With a pri-

ori knowledgeof the secondarystructures,properfolding is obtainedfor all threeproteinsused
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in the training set for which the potentialshave beenoptimized. Despitesomelimitations, the

transferabilityof thepotentialsto otherproteinsis shown to work reasonablywell.

The energy function, that we employed, is rathersimple with, basically, only two kinds of

non-local interactions: hydrogenbondingand side-chaincontactinteractions. The successof

the methodstestedhereindicatesthat theseinteractionsare of primary importancein folding.

Our work demonstratesthat it is possibleto fold a proteinwith pre-formedsecondarystructures

without violatingstericconstraintsin a well-definedmicroscopicmodel.Thissupportsascenario

for thefolding mechanismin which thesecondarystructuresareformedearlyduring thefolding

process.
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TABLES

Name PDB code length class lowestrmsd lowestenergy mosttube-like

decoy decoy

aProteinG 1GB1 56 α & β 1.90Å 1.90Å 4.99Å

bRibosomalproteinL7 1CTF 68 α & β 2.94Å 2.94Å 2.94Å

cCrambin 1CRN 46 α & β 2.04Å 2.15Å 3.68Å

dZinc-finger 1ZAA 28 α & β 2.11Å 2.98Å 3.28Å

eProteinL 1HZ6 62 α & β 4.03Å 4.03Å 16.58Å

Cro repressor 1ORC 64 α & β 4.79Å 4.79Å 6.00Å

Merp 1AFI 72 α & β 4.96Å 6.83Å 10.37Å

E-coli Reca 1AA3 63 α & β 8.17Å 8.17Å 10.71Å

HyperthermophileSac7D 1SAP 66 α & β 8.39Å 11.91Å 11.58Å

Chea 1FWP 69 α & β 9.29Å 12.09Å 12.29Å

Cole1ROPprotein 1RPO 61 α 3.37Å 4.63Å 4.43Å

HumanP8-MTCP1 1HP8 68 α 4.14Å 5.74Å 9.87Å

f StaphylococcalproteinA 1BDD 52 α 3.67Å 5.85Å 8.66Å

PheromoneER-1 1ERC 40 α 4.38Å 7.89Å 8.29Å

434repressor 1R69 63 α 4.21Å 11.31Å 6.30Å

a Secondarystructureassignment:helix (23-35),strands(1-8,13-18,42-46,51-56)

b Secondarystructureassignment:helices(65-75,81-87,101-112),strands(54-59,92-96,116-120)

c Secondarystructureassignment:helices(7-17,23-30),strands(1-4,32-35)

d Fragmentstudied:33-60

e Secondarystructureassignment:helices(26-39,41-44),strands(4-11,17-24,47-52,57-62)

f Fragmentstudied:6-57
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TABLE I. Thename,PDB code,lengthandclassof theproteinsstudiedandthermsdsof thedecoys

obtainedby ourpredictionusingtheoptimizedpotentials.The4-th,5-thand6-thcolumnsshow thelowest

rmsd,thermsdof thelowestenergy decoy andthermsdof thedecoy selectedby usingacriterionbasedon

thetubepictureof proteinstructures(seetext). Thefirst threeproteinshavebeenusedfor learning,andthe

predictionis madefor theother12 proteinsin thelist. Thesecondarystructureassignmentis takenasthat

givenin thePDBfile for all proteins,excepttheonesmarkedwith superscriptsa, b, c ande. Theassignment

usedfor theseproteinsareindicatedin theTable.
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FIGURECAPTIONS

Fig. 1. The φ and ψ anglesof the residuesin the α-helices(solid squares)and β-sheets(star

points)of theribosomalproteinL7 (PDB code1CTF).Thesecondarystructureassignment

for this proteinis shown in TableI. Thetwo rectanglesindicatetheconstraintregionsfor α

andβ secondarystructure.

Fig. 2. Theenergy vs. rmsdof all thedecoys thathave beengeneratedfor proteinG plottedwith

thepotentialsobtainedin thefinal roundof learning.Theopencircleatasmallrmsddenotes

theLINUS conformation(obtainedby relaxingthePDB structure)thatplaystherole of the

native conformationin the learningprocess. The slopeof the dashedline indicatesthe

perceptronstability, Q.

Fig. 3. The PDB native conformationand the lowest energy conformationobtainedwith opti-

mizedpotentialsfor the threeproteinsthathave beenusedin the learningprocedure.The

numbersin Angstromsdenotethermsdfrom thenativestatestructure.

Fig. 4. Energy vs. rmsdfor decoys generatedusingtheoptimizedpotentialsfor 1GB1.Theopen

circle indicatestheLINUS conformationusedasthenative statein the learning.A similar

plot for 1CTFis shown in theinset.

Fig. 5. The perceptronstability, Q, normalizedby the squareroot of energy parameters,∆ �
" ∑i ε2

i , plottedasa functionof thenumberof decoys,M, usedin thelearningprocedure.

Fig. 6. The structurepredictionfor threeproteinsin the test set using the potentialsthat were

optimizedby learning.

Fig. 7. Thestructurepredictionfor 1SAP. Thedarker regionsshow thefirst 50residuesfor which

thermsdis 4.89Å. Theoverall rmsdis 11.91Å becausethehelix is misfolded.

Fig. 8. The rmsdvs. the lengthof the fragmentthat waspredictedthe bestwhencomparedto

the PDB target. The solid lines are for the threeproteinsthat wereusedin the learning
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procedure,thedashedlinesarefor α ! β proteinsfrom thetestingsetandthedottedlinesare

for theα proteins.Thethicker line correspondsto 1SAP.

Fig. 9. Histogramsof decoysgeneratedusingtheoptimizedpotentialsasfunctionsof thermsdto

thenativestate.Approximately50 decoys havebeengeneratedfor eachprotein.

Fig. 10. Thetubeparameter, R0, versusrmsdof thedecoysobtainedfor theribosomalproteinL7

(1CTF)with optimizedpotentials.Thecontinuoushorizontalline indicatesthevalueof R0

computedfrom thePDB structureof this protein.
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