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Abstract

We presenta simulatedannealingbasedmethodfor the predictionof the tertiary
structuresof proteinsgiven knowledge of the secondarystructureassociatedvith
eachaminoacidin the sequenceThe backbonds representeth a detailedfashion
whereadhe sidechainsand pairwise interactionsare modeledin a simplified way,
following the LINUS modelof SrinivasanandRose.A perceptrorbasedechnigue
is usedto optimizethe interactionpotentialsfor a training setof threeproteins.For
theseproteins,the proceduras ableto reproducedhetertiary structuredo below 3A
in rootmeansquaredeviation (rmsd)from the PDB tamgets.We presentheresultsof
testson twelve otherproteins.For half of thesethelowestenegy decy hasarmsd
from the native statebelow 6A andin 9 out of 12 caseswe obtaindecqgs whose

rmsdfrom the native statesarealsowell below 5A.

. INTRODUCTION

Theproteinfolding problementailsthedeterminatiorof thesecondaryandtertiarystructureof
aproteinbasentheknowledgeof its sequencé? Thetertiarystructuredetermineshefunction-
ality of the proteinandthusthepredictionof thefoldedstructurds acentralchallenge Theprotein
folding problemcanbe successfullytackledby usingan "engineeringapproach’which may in-
volve comparatre modeling,investigationof statisticalcorrelationsn a proteindatabase,anda
tool box of othertechniquesvhich work with varyingdegreesof successOnesuccessfuéxample
of this approachis basedon building native structure-like conformationgrom protein-like frag-
mentswhich are databaselerived3# This allows for a sensiblenarroving of the conformational

searctbecausehe numberof preferredconformationgor shortpeptidefragmentss limited.®

From a fundamentapoint of view, however, it is desirableto develop scientificmethodsthat
arepurelyabinitio, andthatareeasyto understand.Onethemostinterestingsimple,andtruly ab

initio microscopicmodelsis LINUS thatwasintroducedoy SrinivasanandRose’ This model



incorporateghe mostimportantstructuralfeaturesof proteinsincluding the backbonerepresen-
tation, simple descriptorof the side-chaingeometry excludedvolumeinteractions,nteractions
betweerside-chainsandhydrogerbonding.LINUS hasbeendemonstratetb bevaluablé™ for
proteinstructureprediction,particularlyfor determiningthe propensitief varioussegmentsto
form particularsecondanstructures.This determinatioris doneat a fixed moderateéemperature
that can be chosenoptimally.1? This is becausd_.INUS embodiesan interplay betweenenegy
andentropy: helicesform asaresultof minimizing theenegy whereasstrandsarefavoredby the

entroyy.

In this paperwe build on LINUS in the context of abinitio tertiary structurepredictiongiven
a sequenc®f aminoacidsandtheir secondarystructure.We demonstratéhat LINUS hasmary
featureghatareappealingor thistask.First, basednanappropriatéMonte Carlodynamicsijt is
ableto fold anextendedchainto a globular form without violating any stericconstraintsSecond,
the dynamicsallow for anefficient explorationof the low enegy statesn a way that singlesout
the native stateprovidedoneparametrizeghe enegy functionsin a propermanner We determine

the parameterghrougha learningprocedure.

As notedearlier we simplify the taskof tertiary structurepredictionby assumingana priori
knowledgeof the location of the secondarystructuresof the proteinsunderstudy It shouldbe
notedthat mary of the currentmethodsof proteinsstructurepredictionrely, to variousextents,
on being precededy predictionof the secondarystructures. Indeed,by usinga combination
of techniquessuchasmultiple sequencealignmentand neuralnetworks, one canpredictthe ba-
sic secondarystructuralfeatures,e. g. a-helicesand 3-strandswith a confidencethat exceeds
70%1%14 Our simplified task could be thoughtof asa stepin the ultimategoal of abinitio ter-
tiary structureprediction. As we shall demonstratean importantattendantadvantageof sucha
simplified challengeis thatit allows oneto gleanfundamentainsightsinto the proteinfolding

problem.

In this paper we adopta simulatedannealingproceduré® to studya LINUS-basedmodelat

low temperaturesin orderto accommodatéhis shift in focusfrom intermediateto low temper



atures,we work with a modified versionof the LINUS modelin which the original simplified
interactionpotentialsareendavedwith moreaminoacidicspecificity Thebasicideaof ourlearn-
ing proceduras to generatédow enegy conformationsywhich preserethe pre-assignedecondary
structureof proteinswith known tertiary structurewith a setof carefully choserpotentialenegy
parametersTheselow enegy conformationsaarethenusedasdecq conformationdor carrying
out arefinemenbf the potentialenegy parameterén orderto ensurethatthe known native state
structureis indeedlower in enegy thanthe decy conformations.This procedurewheniterated
leadsto an estimationof the optimal potentialenegy parametersStrikingly, our procedurecan
be usedto assessvhetherthe form choserfor the potentialenegy is adequateo the taskof suc-
cessfullydiscriminatingbetweenthe true native statestructureandthe realisticcompetingdecy

conformations.

Our studiesleadto the conclusionthat the potentialenegy parametergor a commonlyused
pairwiseinteractioncanbe optimizedto simultaneoushensurethat the native statestructuresof
threedistinct proteinscan be successfullydiscriminatedagainstdecqy conformations. The pa-
rameterbtainedby learningthethreeproteinsprovide anadequatelescriptionof theseproteins:
the LINUS native statesare very closeto the experimentallydeterminedstructuresthe enegy
landscapés funnelshapedstericclashesreavoidedandthe native stateis kinetically accessible.

Furthermorethe parametersrealsofoundto be adequatdor severalotherproteins.

I1.METHODS

Models

A comprehensie descriptionof LINUS canbefoundin the original papersof Srinivasanand
Ros€-8 andin our independentssessmertf LINUS? which follows the particulardetails of
referencé Briefly, in LINUS, the atomsare modeledas hard sphereswith predefinedradii and
they arenot allowedto overlap. The coordinate®f all backbonéheary atomsarerepresenteex-

actly whereaghoseof the sidechainsrerepresenteth a simplified manner Specifically glycine



is effectively consideredo have no sidechainthe sidechainsof alanine valine,serine threonine
andcysteineareconsidereaxplicitly by theirheary atoms(no morethanthreein eachcase)and
the remainingaminoacidsarerepresentethy Cg andoneor two pseudcCy atoms,dependingon

whetherthe sidechains branchedut or not.

The Hamiltonian containslocal and nonlocalterms. The former correspondo the fixed-
distancetetheringby the peptidebondsandthe torsionalenegies. The latter correspondo the
hydrogenbonds,andto the pairwisecontactinteractions.A torsionalenegy is includedto pre-
ventformationof conformationswith positve Ramachandram anglesby associatinga positive
cost,&or, With them. The exceptionis glycine for which positive valuesof ¢ arerewardedwith a

negative enegy of —&;or.

Hydrogenbondscan be formed betweenthe backboneN atomsand eitherthe backboneO
atoms(backbone-to-backbond-bonds)or the sidechainf the amino acidsfrom the set[Ser,
Thr, Asn, Asp, GIn, Glu] (sidechain-to-backbond-bonds). The distancebetweerthe donorand
acceptomustbe smallerthan5A and4A for thesetwo casegespectiely. It is alsorequiredthat
the out-of-planedihedralangle O(k)—N(1)—Cy (1)—C(I — 1) shouldbe larger than 14(°, wherek
and| arethe indicesof the amino acidsinvolved along the sequence.The contactinteraction
arisesbetweerthe sidechainatomsof the aminoacids. A contactis declaredo be formedif the
distanceyij, betweenthetwo atoms,i and j, is smallerthanR. = R + Rj + 1.4A, whereR; and
R;j arethe contactradii® of the atoms. The enegy of a contactdecreasetinearly from zeroto
its minimal value asthe distancebetweerthe atomsdecreasefom R; to R + R; andit remains
constantat smallerdistancesThis constantdepend®n the specificityof the sidechainsit should
benotedthatthe contactradii of theatomsarelargerthantheir hardsphereadii sothatatomscan

befully in contactwithout stericclashes.

Our implementationof LINUS incorporateswo crucial changescomparedto the original
formulation® The first is thatwe distinguishbetweenthe shortrangebackbone-to-backborig-
bondsthat correspondo the H-bondswithin helicesandturnsandthe long rangebackbone-to-

backboneH-bonds(the onesthatarefurtherthan4 residuesapartalongthe sequence)We have



foundthatusingalower enegy (morefavorable)scorefor thelong rangeH-bondsis essentiafor

theassemblyof the 3-strandgnto asheet.

The secondchangeis an increasein the variety of the contactinteractions. In the original
LINUS, theaminoacidsweredividedinto threecatejories: hydrophobicamphipathicandpolar.
The contactinteractionsvereallowed only betweerthe hydrophobicandthe amphipathicamino
acids® We have verified that the interactionsprovided by consideringjust threekinds of amino
acidsarenot enoughto make the native statethe global enegy minimum. Thuswe consider20
distincttypesof aminoacids. Becauseaylycine, asdefinedabove, doesnot participatein contact
interactionsthereare190differentenegy parametersorrespondingo differentcontactdetween
theremainingnineteeraminoacids.A speciakasecorrespondso thecontactetweertheSatoms
of two cysteines.A disulfidebondis saidto be formedif two suchS atomsarecloserthan3.6A
andthe enegy of the bond decreases$inearly to its minimal value asthe distancedecrease$o
2.65A. This enegy remainsconstanwhenthe distancedecreaseto 24, belan which valuethere
is astericclash.Sincethedisulfidebondhasa differentnaturethanotherkindsof interactionsye
considelits minimal enegy to be 5 timeslower (morefavorable)thanthe enegy of a shortrange
backbone-to-backboné-bond. Eachcysteines allowedto have no morethanonedisulfidebridge
sowhenit comego asituationin which severalS-Scontactsareformedwith agivencysteinethen
only theonewith thelowestenepy is selectedasa disulfidebridge,while the othersareregarded
asusualsidechain-sidechaioontacts.Overall we have 194 adjustableenegy parametersthree
for hydrogenbonds,190for contactinteractionsandonefor thetorsionalenegy. We attemptto

determinghesel94 parameterghroughlearning.

The move set

Sinceour goal is to predictthe tertiary structurebasedon the knowledge of the secondary
structureandnot the predictionof the latter, we needto modify the original setof Monte Carlo
movessothesecondargtructurearemaintained We definethelocal movesin theRamachandran
spaceof thetorsionalangles.Specifically threeconsecutie residuesaremovedat a time andthe

changesn the ¢ and ) anglesaredravn from a Gaussiardistribution with a zeromeananda
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dispersionthat rangesfrom 1° to 5° (the value of the dispersionis chosenin proportionto the
acceptanceate). Theresiduesassignedo a-helicesor 3-strandsareallowedto have adjustablep
andy but the adjustmentsreconstrainedo lie within appropriateaegionsin the Ramachandran
plot asshowvn in Figure 1. Thusfor a-helicesp= —64+ 7° andy = —43+ 7°. For B-strands
@= —130+15° andy = 135+ 15°. Ontheotherhand theresiduesn theloopscanhave arbitrary

@ andy values.

The sidechainscan be rotatedaroundthe Co—Cg bond andthe correspondingorsionangle
X may take ary value. However, in orderto enhancehe acceptanceate the valuesrelatedto
the rotamerpositionsare chosenwith a higherprobability Thusy is choserrandomlyin oneof
the threewindows: —604 20°, 60+ 20°, and 180+ 20° with a probability of 0.9 andthe values
outsidethe windows are picked with a probability of 0.1. All otheranglesandbondlengthsare
keptfixed during the simulationexceptthat the torsionanglew aboutthe peptidebondcanvary

within 180+ 10°, andthe N-Cy—C bondanglecanvary within 110+ 5°,

The simulationstartsfrom an openconformationwith the a-helicesand 3-strandsbuilt in,
basedn the experimentalstructurefile from the ProteinDataBank (PDB) 1> The movesproceed
from the N-terminusand a completeprogressiorto the C-terminusis called a cycle. A new
conformationselectedn this way is rejectedif it leadsto stericclashequp to 50 attemptsare
madeto decideon a move thatdoesnot generatesteric clashes)ptherwiseit is acceptedvith a
probability P = min{l, e*AE/T}, whereAE is the enegy differencecomparedo the previous

conformationandT is afictitious temperature.

Thelow enegy conformationsareobtainedthroughanannealingschemé® in which thetem-
peratureis decreasedh stepsaccordingto the formula Ty, 1 = 0.97 Ty, wherek is a stepindex.
The startingtemperaturas chosenso that the acceptanceate,r, is larger than0.1, and oncer
falls belov 0.001we carry out a zerotemperatureuench. The typical length of a simulationis

betweerb0000and100000cycles.

Perceptron method for learning the interaction potentials



Theprincipalrequiremenfor the stability of the native stateis thatthe native statehasa lower
enegy thanary otherviable conformationt”2° This requiremenis alsoa necessarygondition

for the simulatedannealingo leadto the native statefrom anopenconformation.Thus
E(Fo) <E(Tp) VD, (1)

wherel o denoteghe native conformationandl'p denoteshe conformationof a decgy. We have
found that, even with the secondarystructuresncorporatedn the decqgs, the conditionsgiven
in Eg. (1) cannotbe satisfiedby usingunrefinedinteractionssuchasthoseusedin the original

versionof LINUS.

The optimal stability perceptronalgorithn?® is an iterative procedurewhich allows oneto
find a solution that satisfiesa given setof linear inequalitiesoptimally. We follow one of the
several learningschemesliscussedn Ref2? (seealsoRef?2 and, in the context of determining
ervironmentalscoresfor the aminoacids,Ref?4). For a givensetof decgs anda known native
conformationpurlearningprocedurelealswith a setof inequalitiesof thetype

E(T'p) —E(lo)

droo) 0, (2)

whered(I'p,Mp) denoteshe root meansquaredeviation (rmsd) of the decq structurefrom the
native state. The useof the rmsdin the denominatothelpsto shapethe enegy landscapento
a funnelandensureghat a conformationwith a large rmsdis lesspreferredthan conformations
which are more native like. Figure 2 illustratesthat our procedurendeedleadsto the required

features.

A brief descriptionof theperceptrommethods asfollows. Theinequalitieg2) canberewritten

in theform

~ =
Ag-€>0, k=212....M, (3)

where€ = {€1,€2,...,€104} is a 194-componenvector definedby the enegy parameterso be

optimized,Kk is a vectorof the correspondingoeficients of the k-th inequality M is the total
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numberof inequalities(the combinednumberof decqs for all proteinsin the training set),and
the dot denotesa scalarproduct. For a giventraining setof parameters, the stability of the k-th
inequality is definedby Qx = Kk .€, while the perceptrorstability is definedasQ = Q, with |
suchthatQ < Q, Vk # |. Thestability Q canbe maximizedby iteratively replacing€ by anew
vectorgivenby € = € +3-Aj, where3 is a smallnumber Eachiteration stepis followed by
anormalizationof € sothatA = ¥;e? remainsconstanwhile Q is recomputed.A corvergence
is guaranteedo be reachedn a finite numberof steps. In our casethis typically takestensof
thousandof iterationsand this numberdependson how small the value of d is. The starting
valuesfor € canbearbitrary If Q > 0theproblemis learnableywhichmeanghatthereexistsa set
of enegy parametersuchthatall of theinequalitiesaresatisfied.Indeed,if mary solutionsexist,

the perceptrormethodselectghe bestamongthem.

Generation of LINUS native confor mation

SinceLINUS is anapproximateanodel—it usesdealizedbondanglesandbondlengthsfor the
backboneanda simplified representationf the sidechains- it cannot be expectedto provide a
perfectfit to the PDB structuresHowever, in orderto make useof inequalities(2) in thelearning
processve needto find a LINUS-basedconformationthat playsthe role of the native state. We
determineit by arrangingthe backboneto have the PDB-derved valuesof ¢ and  andthen
performmovesin orderto reducethermsdto the PDB backboneasmuchaspossible.In practice,
we easily arrive at conformationswith the backbonermsd as small as 0.1A for the small size
proteinsconsiderechere. Subsequentlythe LINUS sidechainsarebuilt in andthe sidechainsare
rotatedin orderto eliminatestericclashes.At this stage the enegy is minimizedby the Monte
Carloquenchingorocesswithoutimposingary constrainton the segmentsthatcorrespondo the
secondanstructures.The enegieshereareassignedreatingthe proteinsashomopolymersi.e.
all of theenepgy parameterdyut thetorsionalenegy, areassumedo beuniformandnegative. The

final bestnative-like conformationusuallyhasa rmsdof about0.5—1.( from the PDB structure.



1. RESULTSAND DISCUSSION

L earning the interaction potentials from three training proteins

Threeproteinshave beenchoserfor learningthe enegy parametersthe B1 domainof protein
G (the PDB codeis 1GB1), ribosomalprotein L7 (1CTF) and crambin (LCRN). They are all
a/B proteinsandtheir lengthsdo not exceed70 residues. Crambincontains3 disulfide bonds
while the othertwo do not containary cysteines. Their natve conformationsare shovn in the
left-hand side of Figure 3. For eachprotein, we have generatedhe LINUS-basednative-like
conformationsusing the fine tuning proceduredescribedn the previous section. Their rmsd’s
relative to the correspondindPDB structuresare 0.564, 0.68A and0.72A for 1GB1, 1CTF and

1CRNrespectiely.

The decqs for thoseproteinsare generatedvith built in constraintson the secondarystruc-
tures. Theidentificationof the secondanstructureds obtainedfrom the PDB files wheneverit is
available. For proteinG, this kind of informationis not presenin the PDB file for 1GB1. In this
casewe take theassignmenof the secondarytructurefrom anotheffile, correspondingo 1PGA,
which containsthe X-ray determinedcoordinatedor the sameprotein. The residuesat the end
of the a-helicesor B-strandscansometimese confusedwith turnsor coils. Becauseof this, we
have effectively shortenedsomesecondanstructurefragmentsoy oneor two residuedrom their
ends. An exampleof this situationis the second3-strandof 1CTF (residues92-98accordingto
the PDB assignment)which is significantly distortedat positions94, 97 and 98. For this case,
we imposethe strandgeometryin the Monte Carlo processpnly ontheresiduedrom site 92 to
96. Thea-helicesusuallyshov muchsmallerirregularitiesthanthe 3-strandsandthe adjustments
aremuchlesssevere. In general adjustmentsaremadein orderto accommodateesiduedhatlie
too far from the Ramachandraregionsassociateavith a giventype of secondangtructure.Such
assignmenthange$ave beenmadefor 3 proteinsin thelearningsetandl proteinin thetestset.
Table 1 indicatesall the modificationsthat we have madein the secondarystructureassignment

givenin the PDB file. Notethatthe PDB informationis needecdnly for a-helicesand3-sheets
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andthe recordson turnsand othertype of secondarymotifs suchasthe 310-helix areirrelevant
for our calculations. It shouldbe notedthat, even with theseirregularitiesremoved, the natve
valuesof the @ andy) anglesfor someresiduesn the secondarstructuresnaystill lie outsidethe
expectedregionsin the Ramachandraplot within which they aredynamicallyconstrainedThis
situationis illustratedin Figure 1 for the 1CTF protein. However, we have found that, for most
of the proteinsconsideredhere,we cangenerateonformationswithin 3A in rmsdfrom the PDB

structureswith the constraintsmposedon the secondantructures.

The learningprocessis implementedn an iterative mannerby startingfrom somegeneric
potentials(asderived from referencesand®) andgeneratinghe correspondinglecas. We iden-
tify decqs thatcompetewith the native statein thatthey have enegiescomparabldo or better
thanthe native stateenegy. We adjustthe enegy parameterso destabilizethe decqgs. At the
next stage we usethejustlearnedpotentialsandgeneratenew correspondinglecqs, andsoon.
Thesetof decqs keepsexpandingthroughaccumulatiorandall of themareusedto generatdhe
inequalities. Furthermorethe inequalitiesderived for differentproteinsare combinedtogether
Decays, which are found to be within 2A from the PDB structure,are discardecbecausehese
conformationsaretoo closeto the native stateto provide unbiasednequalitieshatcould properly
shapehefolding funnel(the numberof suchdiscardeddecqsis typically oneor two for agiven
protein). In total, we have generategpproximatelyl200,1200,and 500 decgs for the 1GB1,
1CTFE andcrambinproteinsrespectiely. In the final roundsof learning,approximately50 new
decqs aregeneratedor eachprotein. We stopwhenthe predictedstructuresn the training set

have armsdwhich is smallerthan3A.

Figure4 shaws the plot of enegy vs. rmsdfor all the decqs for 1GB1 usingthe enegy pa-
rameterghathave beenlearnedatthefinal roundof learning.It canbeseenthatthedecaqs cluster
in a way that suggestsan emegenceof a funnel-like enegy landscape.The enegy decreases
with the rmsdat the lower boundaryof the cluster asindicatedby the dashedine in the figure,
andthe native stateis the global enegy minimum. The perceptrorstability Q is the slopeof the

dashedine. Notethatthe biggerthe Q, the morefunnel-like the enegy landscapeOn the other

11



hand,the learningprocessoughtto resultin a systematiadecreasef Q becausenoreandmore
inequalitiesaretakeninto accountunlesscornvergenceis achieed. This canbe seenin Figure5,
which shavs Q/A asa functionof the numberof decqs whereA = /5, €2, thermsvalueof the
enegy parametersprovidesa normalization.Q/A is seento decreasevith the numberof decq/s
usedfor learning. A sharpdecreasat around2400decqs correspondso arriving at a situation
atwhich the setof decqs is sufficiently large to provide a significantreductionin the sizeof the
relevantparametespace After this decreaséhereis a plateaun Q which suggests corvergence

of theenepgy parameters.

On optimizing the enegy parametersasdescribedabore, our annealingprocedurds ableto
predictthe tertiary structuredor the threeproteinsthat were usedin learningwith a very good
accurag. Amongabout50 decqgs generatedor eachof thethreeproteinsafterthe learningwas
completedthe lowestenegy stateis foundto be below 3A in rmsdfrom the PDB structure(see
Tablel andFigure3). Furthermoreasshowvn in Figure4 for 1GB1and1CTF, thedecqs appear
to be in a well developedfunnel-shapeenepgy landscape.Figure 3 compareshe PDB native
conformationsto the predictedconformations. Although the rmsdsseemto be still someavhat
large, e.qg. 2.94A in the caseof 1CTF the predictedconformationsexhibit striking similaritiesto
the PDB structures.The bestsuccessn predictionis for 1GB1,for which the rmsdof the lowest

enegy decq is 1.90A away from the PDB structure.

After optimizing the potentials we rescalecbur parameterso setthe enegy of a shortrange
backbone-backbond-bondequalto —1.0. In theseunits, the enegy of along rangebackbone-
backboneH-bondis found to be —1.4952 and the sidechain-backbonkl-bond has a value of
—0.7779. In contrastthe original LINUS parametergor thesetwo situationswere equalto and
twice the shortrangebackbone-backbond-bondrespectiely. Thetorsionenegy remainsposi-
tive andthe hydrophobidnteractionsarebetterdifferentiated However, we find that,on average,
the contactenegiesbetweergroupsof sidechain®f differenthydrophobicityarein roughaccord

with the scaleintroducedby SrinivasanandRose’:8

Prediction of tertiary structures using the optimized potentials
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Oncethe optimizedpotentialsfrom threetraining proteinswere determinedwe carriedout
predictionof the tertiary structuresfor a dozenadditional proteinsassumingknowledgeof the
secondargtructure. Theseproteinsarelistedin Tablel. Sevenof themareof thea /3 typeandfive
of thea type. Theirlengthsvary betweer28 and72. 50 decqs aregeneratedor eachproteinand
the onewhich waslowestin enegy wastakenasarepresentationf the native state. Theresults
of our simulationsare compiledin Tablel, in which we presentthe rmsd of the lowestenegy
decqy with respectto the PDB target and also the lowestrmsd amongall the decqgs obtained
throughthe simulatedannealing.It canbe seenthatwe areableto predictthe tertiary structure
with anaccurag of below 6A for half of the new proteins,andin the four bestcaseshe rmsd
of the predictedconformationis below 5. We have checled thatif we usethe standardLINUS
enegy parametersvithouttheadjustment®btainedhroughlearningthenthepredictedstructures

arefurtherthan8A away from thetargets.

Figure6 compareour predictionsto the PDB targetsfor threea /fB-proteins:the zinc-finger
(1ZAA), proteinL (1HZ6)andcrorepresso(1ORC).Althoughthermsdsobtainedarenotasgood
asfor thetraining proteins the closesimilaritiesbetweenthe predictedandtargetsstructuresan
be easilyrecognized.The overall topologiesarecorrectin all cases.The bestpredictionin terms
of thermsdbelongsto the zinc-fingerwhichis alsothe smallestproteinin the set. However, there
aresomenoticeableflaws in the predictedstructure.Thefirst oneis dueto theirregularity of the
singlehelix in the PDB structure.The N-terminalpartof this helix is twistedin atighterway than
theregular helix. Our procedurdails to reproducethe correcttwist because¢he Ramachandran
regions usedfor the helicescorrespondnly to perfecthelices. The secondflaw is that the B-
hairpinis not ascloseto the helix asit shouldbe. This canbe dueto the presencef a zinc atom
which is covalently bondedto the sidechainf two histidinesfrom the helix andtwo cysteines
from the B-hairpinin the real structure. Thesebondsstabilizethe structuresignificantly but they

arenottakeninto accounin our model.

The secondbestpredictedproteinin the setis proteinL. Its native topologyis closeto that

of protein G which hasbeenusedfor learning. However, proteinL is 6 residueslonger and
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sharedittle sequencsimilarity with proteinG andyet our proceduras ableto predictthetertiary
structurewith a correcttopologyanda rmsdof nearly4A. Thecrorepressofs alsoaninteresting
case.Theformationof the B-sheetandtherelative positionsof the helicesarevery well predicted.
The relatively large rmsd of 4.79A is primarily dueto poor predictionof the loops at the two

terminals.

The predictionis badfor four a/p-proteinsin the set: the mercurictransportprotein (1AFI),
the C-terminaldomainof theE-coli reca(1AA3), hyperthermophilg@rotein(1SAP),andthechey-
binding domainof chea(1FWP).For theseproteinsthe lowestrmsdandthe rmsd of the lowest
enepgy decqy areall Iargerthan&& from thePDB tamgets. Thisindicateghatthelearnedpotentials
arenot adequatdor thoseproteins. Anotherpossibilityis thattheir native conformationgdepend
onthebindingcofactorswhicharenottakeninto accounin our simulations Notethatboth1AA3

and1SAPbindto DNA, whereaslFWPbindsto anothersubstrate.

The predictionsfor the a-proteinsare alsoreasonablygood eventhoughthe potentialswere
learnedusinga /B-proteins.For the ROP protein(1RPO),atwo-helix bundlewith a simpletopol-
ogy, we obtainedthe lowestenegy decy with armsdof 4.63A. For the next three-helixbundles:
humanP8MTCP1(1HP8),staphylococcugproteinA (1BDD) andpheromoneé&ER-1 (1ERC),the
predictedrmsdsare5.74A, 5.85A and7.89A respectiely. For the five-helixbundle434repressor
(1R69),the predictionis afailure sincethe lowestenegy decqy is 11.31A away from the natve
state.lt shouldbe notedthatfor all helical proteinsthe lowestrmsdobtainedis quitelow (in the
rangefrom 3.3Ato 4.4,&) in comparisorto somea /B proteins. This is dueto the fact that the

a-helix bundlesareeasilyaccessiblelynamically

It shouldbe notedthat the overall rmsdis not the only measurefor the assessmentf the
predictions.As we have seenin Figure6 for Crorepressarthelarge rmsd,4.79A, of the predicted
structureprimarily arisesfrom the misfolding of the two tails of this protein, while the restis
correctlyformed. Anotherexampleis the caseof the hyperthermophilgrotein(1SAP)showvn in
Figure7. For this protein,in the predictedstructure the helix is misfoldedandit causesa very

large overall rmsd of 11.9A. If oneconsidersonly a fragmentof this proteinwhich excludesthe
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helix, thermsdof the predictedstructurewith respecto the native structureis reducedo 4.89A.
For this fragmentthe N-terminal(3-hairpinandthe centralB-sheetwith threestrandsarecorrectly

formed.

In orderto assesshe quality of our predictions,in Figure 8 we plot the rmsdvs. length of
the bestpredictedfragmentfor all the proteinsconsidered.This kind of plot is usually seenin
CASP assessmentskor a given numberof consecutre residuesL, we find a fragmentin the
predictedconformationthat hasthe smallestrmsdfrom the PDB structure. Typically, the rmsd
monotonicallyincreaseswith the fragments length, L. For the caseof 1SAP the increaseof
rmsdvs. L is relatvely smallwhenL is lessthan50. The rapidincreaseof rmsdafter L = 50
correspondso the situationwhenthe misfoldedhelix is includedin thefragment.Figure8 shavs
that,for fragmentsof length50 or shorter our procedurecanpredictthe structurewith anaccurag
belav 4A for seven proteinsout of 15, andbelow 5A for 10 proteinsout of 15. Theseresultsare
encouragin@ndindicatethatour potentialparametersnay beusefulfor proteinsotherthanin the

training set.

We turn now to an examinationof the kinetic accessibilityof the low rmsdstructureghrough
ourannealingprocedureFigure9 shovsthedistributionsof thermsdof thegeneratedlecg/srel-
ative to the PDB targetsfor all of the proteinsstudiedhere.Exceptfor 1LCRN,thelow rmsdstruc-
turesdonotcorrespondo peaksn thehistogramsThis suggestshattheannealingisedheremay
betoo fastto avoid largermsdconformationsOn comparingthe histogramsof differentproteins,
onefindsthatfor someproteins,suchas1GB1,1CRN,1ZAA and1RPOthenative stateor more
preciselythelow rmsdconformationsaremoreeasilykinetically accessibleinlike otherssuchas
1SAPand1FWR Pooraccessibilityto the native statecould arisefor differentreasonsncluding
a poor annealingschemejnefficiency of the dynamics,badenegy potentialparametrizatioror
from factorsintrinsic to the geometryof the native conformationitself. Interestingly we areable

to obtainlow rmsdconformationsconsistentlyfor a-proteins.

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

of the proteinsin thetestset,the lowestrsmdwe obtainis of the sameorderasthatfound using
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Baker's ROSETTA method? NotethatROSETTA useredictedsecondargtructuresvhereasve
useexperimentallydeterminedones.Eventhoughthe total numberof decys generatedor each
proteinin our studyis muchsmallerthanin ROSETTA, we areableto obtainlower rmsddecqys
in severalcaseslt is interestingto notethatfor the two proteins,1SAPand1FWR for which our
schemeperformsmostpoorly, ROSETTA wasalsounableto generatedecqys with rmsdslower

than6A.4

In noneof thetestedoroteins thenative-like LINUS conformatiorhasthelowestenegy com-
paredto the enegiesof thedecqs. Thusary poorpredictionsarenot dueto a lack of dynamical
accessibilityof the native statebut dueto its poorthermodynamictability. Onemight expectthat
oneoughtbeableto improve the potentialsand,thencethethermodynamigtability by enlaging
the training set. However we have found that specialcareshouldbe taken whenchoosingpro-
teinsfor learningandalsoa goodpreparatiorof the LINUS-basedchative conformationis needed.
This is dueto the natureof the perceptrorearningfor which onebadinequalitymay leadto a

destructiorof theentiresetof potentialenegy parameters.

It hasbeenrecentlypointedoutthatthe proteinbackbonen thenative statebehaeslike atube
with astrikingly uniform radius?”22 This reflectsspecialpropertiesf the structuralandchemical
component®f the proteinsequencandthe natureof its compactstate. Thusit is interestingto
checkwhetherthe decqs generatedy our methodsbehae like atubeandwhetheronecanuse
this criterionto selectthe structurethatis mostprotein-like in thisrespectGiventhe Cy backbone

of adecq, thelocal radiusof thetubeat positioni is definedby
R = TL”{RUK}: (4)

where®jk is theradiusof thecircle dravn through3 pointsgivenby the positionsof the Cy atoms
of indicesi, j andk in thesequencelt hasbeenfoundthatin realproteinstructuresk; hasavery
smallfluctuationaround2.7A. In orderto take this into accountwve definea tubeparametewhich

is givenby

-

Ry =

[l

S (Ri—2.7)?, (5)
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whereL is thenumberof residuesn the protein. The Ry valuesfor proteinstructuresaretypically
smallerthan0.02. It is foundthatmary of our decqs have Ry significantlylargerthanthis PDB
value, but the best(lowestenegy) decq is found to have a Ry valuewhich is very reasonable.
Figure10 shavs Ry versusrmsdfor the decqs obtainedfor 1CTFwith the optimizedpotentials.
Interestinglythelowestrmsddecq (whichis alsothelowestenegy decq for this protein)is also
thedecq with thelowestRy. Thisindicatesthat Ry canbe usedto weedout a lot of decqs that
arenotprotein-like. In Tablel we shav thermsdof thedecq selectedvith thelowestR, obtained
for theproteinsstudied.Thoughthey arenotasgoodasthoseobtainedoy usingthelowestenepgy
criterion, the tube-basedriterion appeargo be quite efficient. One canseethat, in additionto
1CTF, for anumberof otherproteinssuchas1GB1,1CRN,1ZAA and1ROR Ry canbe usedto

selecta structurewith rmsdlower than5A.

A recentstudy'? analyzedthe ability of LINUS to predictdifferentkinds of secondanstruc-
turesbasedon conformationabiases i.e. the propensitiesf the chainto form a givenkind of
secondarymotif during a fixedtemperatureun. The potentialsusedin this studywerethe unre-
fined onesgivenby SrinivasanandRose.We have tried to useour optimizedpotentialsobtained
from the presentstudyto predictthe secondarnstructuresof several proteinsstudiedin Ref19,
We found that the optimal temperaturdor the predictionis differentfrom that found in Ref10
dueto changesn the enegy parameter$ut the rate of successfupredictionat this temperature
remaingoughlyunafected.This indicateshatthe procedurausedto predictthe secondargtruc-
turesis quiterobustagainstine-tuningof theinteractionsit alsoconfirmsthatthe stericsplay an

importantrole in theformationof the secondangtructures

IV. CONCLUSIONS

The approachpresentedn this study involves both potentialdesignand folding, andit re-
lies on oneof the mostimportantaspectf proteinfolding: the belief that proteinsfold to their
native conformationsby searchingor the global minimumin the enegy landscapeWith a pri-

ori knowledgeof the secondarystructuresproperfolding is obtainedfor all threeproteinsused
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in the training setfor which the potentialshave beenoptimized. Despitesomelimitations, the

transferabilityof the potentialsto otherproteinsis shavn to work reasonablyvell.

The enegy function, that we employed, is rathersimple with, basically only two kinds of
non-localinteractions: hydrogenbonding and side-chaincontactinteractions. The succesof
the methodstestedhere indicatesthat theseinteractionsare of primary importancein folding.
Our work demonstratethatit is possibleto fold a proteinwith pre-formedsecondarystructures
without violating stericconstraintsn a well-definedmicroscopiamodel. This supportsa scenario
for the folding mechanismn which the secondanstructuresareformedearly during the folding

process.
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TABLES

Name PDBcode length class lowestrmsd Ilowestenegy mosttube-like
decy decy
3aproteinG 1GB1 56  o/p 1.904 1.908 4.99R
bRibosomalproteinL7 1CTF 68 o/ 2.94A 2.94A 2.947
°Crambin 1CRN 46 o/ 2.04A 2.158 3.688
dZinc-finger 1ZAA 28  a/B 2.11A 2.98 3.28
eProteinL 1HZ6 62  a/B 4.03A 4.038 16.58
Crorepressor 10RC 64 o/ 4.7A 4.7 6.004
Merp 1AFI 72 a/B 4.964 6.83A 10.3RA
E-coli Reca 1AA3 63 o/ 8.17A 8.17A 10.724
HyperthermophiléSac7D ~ 1SAP 66 o/ 8.3 11.914 11.58
Chea 1FWP 69 /B 9.29 12.0R 12.2R
Cole1ROP protein 1RPO 61 a 3.37A 4.63A 4.43A
HumanP8-MTCP1 1HP8 68 a 4.148 5.748 9.87A
fStaphylococcaproteinA ~ 1BDD 52 a 3.67A 5.8%A 8.66A
Pheromon&R-1 1ERC 40 a 4.388 7.8R 8.29R
434repressor 1R69 63 a 4.21A 11.314 6.308

a Secondangtructureassignmenthelix (23-35),strandg(1-8, 13-18,42-46,51-56)

b Secondangtructureassignmenthelices(65-75,81-87,101-112) strandg54-59,92-96,116-120)
¢ Secondargtructureassignmenthelices(7-17,23-30),strandg(1-4, 32-35)

d Fragmenstudied:33-60

€ Secondangtructureassignmenthelices(26-39,41-44),strandg4-11,17-24,47-52,57-62)

f Fragmenstudied:6-57
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TABLE I. Thename,PDB code,lengthandclassof the proteinsstudiedandthe rmsdsof the decqys
obtainedby our predictionusingthe optimizedpotentials.The 4-th, 5-th and6-th columnsshav thelowest
rmsd,thermsdof thelowestenegy decy andthermsdof thedecqy selectedy usinga criterionbasedon
thetubepictureof proteinstructuregseetext). Thefirst threeproteinshave beenusedfor learning,andthe
predictionis madefor the other12 proteinsin thelist. The secondanstructureassignmenis taken asthat
givenin thePDBfile for all proteins gxcepttheonesmarkedwith superscripts, b, c ande. Theassignment

usedfor theseproteinsareindicatedin the Table.
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FIGURECAPTIONS

. 1. The @ and  anglesof the residuesin the a-helices(solid squares)nd 3-sheets(star
points)of theribosomalproteinL7 (PDB codelCTF). The secondarystructureassignment
for this proteinis shavn in Tablel. Thetwo rectanglesndicatethe constraintregionsfor a

and[3 secondangtructure.

. 2. Theenepgy vs. rmsdof all thedecqs thathave beengeneratedor proteinG plottedwith
thepotentialobtainedn thefinal roundof learning. Theopencircle atasmallrmsddenotes
theLINUS conformation(obtainedby relaxingthe PDB structure)thatplaystherole of the
native conformationin the learning process. The slope of the dashedline indicatesthe

perceptrorstability, Q.

. 3. The PDB native conformationand the lowestenegy conformationobtainedwith opti-
mized potentialsfor the threeproteinsthat have beenusedin the learningprocedure.The

numberdn Angstromsdenotethe rmsdfrom the native statestructure.

. 4. Enegy vs. rmsdfor decqs generatedisingthe optimizedpotentialsfor 1GB1. Theopen
circle indicatesthe LINUS conformationusedasthe native statein thelearning. A similar

plotfor 1CTFis shavnin theinset.

. 5. The perceptronstability, Q, normalizedby the squareroot of enegy parametersi =

i siz, plottedasa functionof the numberof decqgs, M, usedin thelearningprocedure.

. 6. The structurepredictionfor threeproteinsin the testsetusingthe potentialsthat were

optimizedby learning.

. 7. Thestructurepredictionfor 1SAPR Thedarker regionsshow thefirst 50 residuegor which

thermsdis 4.89A. Theoverallrmsdis 11.91A becauséhe helix is misfolded.

. 8. Thermsdyvs. the lengthof the fragmentthat was predictedthe bestwhencomparedo

the PDB tamget. The solid lines are for the three proteinsthat were usedin the learning
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procedurethedashedinesarefor a/p proteinsfrom thetestingsetandthe dottedlinesare

for thea proteins.Thethicker line correspond$o 1SAR

Fig. 9. Histogram=f decqgs generatedisingthe optimizedpotentialsasfunctionsof thermsdto

the native state. Approximately50 decqs have beengeneratedor eachprotein.

Fig. 10. ThetubeparameterRy, versusmsdof thedecqs obtainedfor theribosomalproteinL7

(LCTF)with optimizedpotentials.The continuoushorizontalline indicatesthe valueof Ry

computedrom the PDB structureof this protein.
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