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Abstract. We give an algorithmthatlocally improvesthe t betweentwo pro-
teinsmodeledas space- lling diagrams.The algorithmde nesthe t in purely
geometricermsandimprovesby applyinga rigid motionto oneof the two pro-
teins.Our implementatiorof the algorithmtakesbetweerthreeandten seconds
andconvergeswith highlikelihoodto the correctdocked con guration, provided
it startsat a positionaway from the correctone by at most18 degreesof rota-
tion and at most of translation.The speedand cornvergenceradiusmalke
this an attractve algorithmto usein combinationwith a coarsesamplingof the
six-dimensionabpaceof rigid motions.

1 Intr oduction

Proteininteractionsare the molecularbasisfor mary essentiacomponent®f life. In
this paperwe contrituteto the growing body of work on protein doding, whichis the
computationabpproacho predictingprotein-proteirinteractions.

Field of protein dodking. The reliable prediction of protein interactionsfrom three-
dimensionaktructuresaloneis one of the grandchallengesn computationabiology.
Thereis ampleexperimentalevidencefrom X-ray crystallographyand otherstructure
determinatiormethodghatinteractiongequireproteinsto exhibit extensivelocal shape
complementarityNeverthelessthe precisemechanisnihatbringsaboutinteractionds
poorly understoodThe obsened shapecomplementarityof docked proteinssuggests
we startwith thegeometricstructure®of individual proteinsandsearctor agoodlocal
®t. This raisesintriguing but hard questionsaboutthe relative importanceof physical
forces(e.g.vanderWaalsinteractionshydrogerbonds,on pairs,etc.)andshapepar
ticularly asto the precisemeaningof shapewvhenobjectsarenot rigid.

The known structuresof protein complexesform a benchmarkfor computational
toolsandthe attemptto reassembl@roteinsto their obsened, native con®gurationss
referredto asboundproteindoding. Evenif weignorephysicalforcesandfocusexclu-
sively on shapethe high dimensionof the searctspacemakesthis a dif®cult problem.
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Following the policy of smallsteps,t thusmakessenseo simplify the problemby as-
sumingrigidity. Thetaskin rigid proteindoding is to ®nd a motionthatpositionsone
rigid proteinrelative to the otherinto the correctdocked con®gurationThe dimension
of the searchspaceis still high, threefor translationsplus threefor rotations.Imple-
mentationof a fastandaccurateigid dockingalgorithmwould allow for future meth-
odsthataddthe higherdimensionalityof conformationathangeseenin realdocking
problems.Possibleapproache$o e xibility includetoleranceto collisions[8, 14] and
pre-calculatiorof multiple residueconformationg16].

Prior work. Many differentapproachesave beentakento solving the rigid docking
problemand we referto several surwey articlesin the generalarea[7,10,13]. All of
thesemethodsconsistof essentiallytwo parts. First, one createsa scoringfunction
that discriminatescorrectly docked conformationsfrom incorrectones.The scoring
is basedprimarily on shaperecognitionbut often includeselectrostaticor hydrogen
bondsBecausef thesizeof thesearctspaceandthenumberof atomsfor eachprotein,
simpli®cationsor datareductionmethodsare often employed. Second one createsa
searchalgorithmthat®ndsthe correctsolutionusingthe scoringfunction. Many rigid
protein docking algorithmsbasedprimarily on shapehave beenimplementedusing
diverseapproacheto searchthe spaceof rigid motions,including cubecoverings fast
Fouriertransformssphericaharmonicsandgeometrichashing Onemajorlimitations
in thesemethodsis that they canyield anywherefrom a few to thousandof false
positives,incorrectcon®gurationshathave ahigherscorethanthenative con®guration.
Thus, a re-rankingof the docked con®gurationsis usually implementedbasedon a
widevarietyof methodsncludingsolvationpotentialsempiricalatom-atonor residue-
residuecontactenepies,optimalpositioningof hydrogerbonds etc.Bespamyatniklet
al. developeda shape-basedockingalgorithmanddemonstratethatit correctlydocks
a diversesetof 25 proteincomplexeswithout ary falsepositives[3]. This resultwas
achieved usinga scoringfunctionthatapproximateshe van der Waalsinteractionsby
countingpairsof atomsandby high-resolutiorsamplingof the spaceof rigid motions.
The major limitation of this methodis the amountof computationtime neededwith
evenamodestsize problemtaking a day on a clusterof 100 processorsThis doesnot
allow for facile experimentatioror implementatiorof e xibility .

Local seach. We ervision a more ef®cient algorithmthat ®rst usesa coarsesampling
in the spaceof rotationsto generatea setof possiblesolutionswith at leastone not
too far from the correctdocking con®guration.The secondstepis a rapid searchfor
the solutionusinga local improvementmethod.Basedon our previousresults[3], the
correctdockingcon®guratiorwill yield the highestscorefollowing this secondstep.A
multistagdocal searchmethodfor rigid proteindockinghasbeenrecentlyreportedhat
mimics the physicaleventsof proteinbinding [5]. Startingfrom complexesas much
as root-mean-square-distané®m the native con®guration the methodguides
protein docking, ®rst with desohation and electrostaticsthen adding partial van der
Waalspotentialsasthe proteinscomeclosertogether This enegy funnel methodwas
shavn to work well with asetof eightdifferentcomplexes,but appeargomputationally
expensve.

Our results.As in [5], we do not explicitly addresshe generatiorof initial con®gura-
tionsin this paper Insteadthe main questionwe pursueis the convergenceradiusof



our local searchheuristic.In otherwords,how far away from the native con®guration
canwe startandstill have a goodchanceo recover (a goodapproximatiorof) the na-
tive con®gurationFor the time being,we do not have ary theoreticalresultsand our
approacho ®ndinganswerss purely experimentalandrestrictedto the caseof known
structuresf dockedproteins.

We performedcomputationaéxperimentaisingthebarnase-barstaomplex whose
structurecanbe foundin the proteindatabanK?2]. Our ®ndingsshow thatthe chances
of recovering the correct,natve con®gurationare about provided we startwith
a con®gurationgeneratedy a local perturbationwith rotationangleat most  and
translationdistanceat most . We extendedthe experimentgto nineteeradditional
protein complexes and found that the boundson the local perturbationare aboutthe
sameandperhapsiniversalfor proteincomplexes.

Outline Section2 introducesthe geometricand algorithmic backgroundusedin this
paper Section3 presentghe local searchheuristic.Section4 describeghe resultsof
thecomputationaéxperimentghattestthe performancef theheuristic.Sections sum-
marizesour ®ndingsandpointstowardfuturedirections.

2 Background and De nitions

In this sectionwe introducethe notationandthe maingeometricandalgorithmiccon-
ceptsusedin thedesignof ourlocal searchheuristic.

Notation and assumptionsWe usesolid spheredo represenaitomsand space-®lling
diagramgo modelproteinsasunionsof suchspheresWriting  for the centerand

for theradiusof the -th spherewe let bethesetof
spheresle®ningthe ®rst protein.Similarly, we let

bethesetof spheresle®ningthesecondrotein.Following thework of Bespamyatnikh
etal.,wesay and collideif thetwo spheresverlap,andthey scoe if they are
within a pre-speci®edlistancebut do not overlap.Formally,

if
if
if

wherethe constantis experimentallysetto [3]. The total scoe andthe
total collision numberare and

. Usinga secondconstant, , we cannow formally de®netherigid
dockingproblemas®ndingarigid motion thatmaximizesthetotal scorebetween
and while keepingthe numberof collisionsat or belov . The secondhreshold
is experimentallysetto [3]. UsingvanderWaalsradii for the spheresphysics
dictatesthatthereareno collisionsat all, but in orderto compensatéor measurement
errorsand othermodelinginaccuraciesye allow for a small numberof violations of
that dictum. We make two assumption®n the geometricinput datamotivatedby the
applicationto organicmoleculesTo statethem,let betheminimumdistancebetween
centersof ary two spheresn  orin , andlet and be the minimumand
maximumradii of the spheresn thesesets.



|. Thereareconstants suchthat
Il. Thedifferencebetweerthe extremeradii satis®es

We notethat Assumptionll is implied by Assumptionl and , requiring
that the two constantsn | are not too different. Our algorithm crucially dependson
Assumptiorl, andit makesuseof Assumptionl, butthatdependenceouldbeavoided.
In the dataretrieved from the protein databanl{2], we obsene and get
and . In our experimentswe useonly ®ve differentradii, between
and , which clearly satisfyAssumptionil.

PreprocessingConsidera sphere  with radius . It scoreswith
asphere iff its center liesin the shellcenteredat whoseinnerandouterradii
are and , respectiely. Consistenwith the terminologyintroduced
above, we de®nethe scoe of  equalto the numberof shellsthat contain . Each
spherein  de®nesa shell, giving an arrangementf (non-solid)sphereghat de-
compose into cellsof constanscoreasconsideredn [6]. Thearrangemernis useful
for distinguishingdesirablefrom undesirablgositionsfor the sphere  but it hastwo
drawbacksnamelyit suggestsegionsandnot speci®cpositions,andnotall spheresn
haveradius . We remedybothby replacingtheshellaround by its mid-sphere,

By Assumptionll, lies within the shell around de®nedfor eachradius in

. The mid-spheresntersectpairwisein circlesandtriplewise in points,
thelatterbeingtheverticesof the arrangementVe usesomeof theseverticesastarget
positionsfor thespheres in , asillustratedin Figure1l. We computeandevaluate
theseverticesin a preprocessingtep,which we now describe.

Step 1. Computethe setof verticesof the arrangementf mid-spheres.

Step 2. For eachvertex , computethe scoreof andthe numberof
collisionsbetween andspheresn

Step 3. Let bethesetof vertices for which  haszerocollisionsandthereis
no vertex nearbythatdominates in termsof scoring.

The constant usedin Step 2 will bediscussedhortly. Step 1 is greatlyhelped
by Assumptionl, whichimpliesthateachmid-spheréntersectonly aconstannhumber
of othermid-spheresilt follows that the numberof verticesis only O( ), andusing
the grid datastructureof HalperinandOvermarg9] we ®nd themin time O( ).
Using the samedatastructure,we computethe scoresand collision numbersof the
spheres and intimeO( ).

The purposeof the verticesis to actastargetlocationsfor the spheresn . It thus
makes senseto eliminatevertices for which the enlagedsphere  hasnon-zero
collisionswith spheresn . We usethe experimentallydeterminedconstant
for the enlagement.Of the remainingvertices,we keeponly the oneswith locally
maximumscore.More speci®cally we remove avertex  for which thereis a vertex
atdistanceatmost  suchthatthesetof spheres scoringwith  isapropersubset
of thesetscoringwith . Althoughthe verticesdo not obsere a constantseparation
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Fig.1: Thedottedcirclesrepreseninid-spheresTheverticesformedby themid-spheresreblack
or white dependingon whethera spherecenteredat thatvertex formsanearcollision or not. The
region of scoring,non-collidingpositionsis shaded.

bound.,it is easyto prove from Assumptionl thatthereareonly a constaninumberof
verticeswithin a constantdistancefrom ary pointin space We canthereforeusethe
samegrid datastructureto implementStep 3 within the sametime boundasthe ®rst
two stepslt follows thatall threepreprocessingtepstogethertake time O( ).
We notethatinsteadof onewe mayuseseveralarrangementsachcateringto a small
rangeof radii of spheresn . In our implementationwe use®ve arrangementgne
eachfor the®ve differentradii in our datasets.As long asthe numberof arrangements
is aconstanttherunningtime is not affectedby morethana constanfactor

Leastsquakerigid motion.In thelocal searchheuristic,we will repeatedlycomputeo-
cal rigid motionsby solving a least-squareptimizationproblem.An instances given
by a subset of the verticesin , a subset

of the centersof spheresn , anda bijectionbetween and speci®edby shared
indices. The objectie is to ®nd a rigid motion that minimizesthe sum of square
distances, . The problemof computing is known asthe abso-
lute orientationproblemin computervision. Every rigid motion canbe written asa
translationfollowed by a rotationaboutthe origin. Assumingthe centroidof the ver

ticesis the origin, , the translationalcomponenbf the optimal motion
necessarilymovesthe centroid - to the origin. It remainsto compute
the optimalrotationfor the points , which reducedo solvinga smalleigervalue

problem.Thematrix for this problemcanbecomputedn time O( ) fromthesets and
, usingeitherthe formalismof rotationmatrices[15] or thatof quaterniong11]. We

remarkthatthereductionto aneigervalueproblemallows for moregenerakorrespon-

dencesdetween and thanbijections,andit canbe modi®edto usea setof weights
. In otherwords,we cancomputein time O( ) therigid motion

thatminimizes

3 Local Search Heuristic

In thissectionwe describeghealgorithmthatlocally improvesthe®t betweerthespace-
®lling representationsf two proteins.We begin by explaining the overall structureof
thealgorithmandfollow up by detailingits loops.



High-level structure. Given setsof spheres and , we aim at ®nding a local rigid
motionthatwe canapplyto to improve the ®t. By alocal rigid motion we meana
rigid motionthatis small,andwe will be speci®cin Section4 abouthow small.Here,
we focuson the structureof thealgorithm,which repeatedlysolvesoneof two typesof

weightedleast-squar@roblems Thetypesaredistinguisheddy the intendedeffect on

the®t:

— scoe-impoving instancearepreparedandsolvedin the outerloop, and
— collision-reducinginstancesrepreparedandsolvedin theinnerloop.

The succes®f the algorithmcrucially dependon how we de®netheseinstancesWe
follow two intuitions:

1. worthwhiletargetpositionsfor spheresn  arecollision-freeandlocally maximize
thescore;

2. aneffective collectionof targetpositionsis approximatelycongruento the con®g-
urationof correspondingpherecenters.

We satisfy the ®rst intuition by using the verticesin  and the secondintuition by
limiting our attentionto spheresandverticesthatareneareachother Letting bethe
setof centersof spheresn that have a vertex in their neighborhoodwe de®nea
bijectionbetween andasubset of theverticesiwereferto asthesetof tentative
goals Assuminga setof weights, , anda bijectionbetween and , we cannow
describehealgorithm.

for timesdo
preparea score-impreing instanceof theleast-squareroblem,
compute , andlet
while and is notnegligible do
preparea collision-reducingnstanceof the least-square
problem,compute , andlet
endwhile

endfor; return best®t encountereduringtheiteration.

We cannotprove,andindeeddo notexpect,thatthealgorithmalwayssuccessfull®nds
a®t with suf®ciently highscoreandsmallcollisionnumberWethereforemplementhe
algorithmwith aconstantimit, , onhow oftentheinnerloop canberepeatedthe

outerloop timesandreturnthe best®t encountereduringary of theiterations.

Scoe-impioving outer loop. We describehow to preparean instanceof the weighted
least-squar@roblemthat aimsat improving the scoreof the ®t. We de®nea distance
threshold, |, for eachsphere in , andwe letthe correspondingentative goal of

beavertex in withindistance from thatmaximizegshescoreascomputed
in the preprocessingtep.If thereis no vertex within distance  from |, thetentatve
goalof isunde®nedWelet bethesetof centersof spherewith tentative goals,
and thecorrespondingetof tentatve goals.Finally, we setall weightsto one.

It remainsto describehow we choosethe distancethreshold ,
where isageneraland is anindividual threshold.The generalthresholddepends
onthecurrent®t between and andgetssmallerasthe®t getsbetter Theindividual



thresholddepend®nwhetherornot  collideswith aspheran . Let bethe
spherethat minimizes .If and aredisjointthenwe choose

smallenoughsothatmoving  within this limit avoids a collision. Otherwisewe
choose largeenoughtogive  achanceo undothecollision:

if
if

Whenwe computethe sphere  of , we do not have to look fartherthandistance

from . Sincethisis aconstantyve canagainusethegrid datastructure
and explore the neighborhoodbf  in constanttime. After collecting and , we
computethe optimalrigid motion, , andapplyit to . We expectthatthetotal score
increasesut thereis no guaranteehat this really happensSimultaneouslythe total
collision numbemayalsoincrease.

Collision-reducinginner loop. This brings us to the preparationof instancesof the
weightedeast-squargroblemthataim atreducingthe numberof collisions.We distin-
guishspheres  with andwithoutcollisions.If  collideswith atleastonespheran
thenwe ®nd the closestcollision-freepositionin  within distance from

andletit bethetentatvegoalof .If  scoresaandhasnocollisionthenweencourage
it to stayput by settingits tentative goalequalto its own center .Let containthe
centersof all spheres thatreceve tentatve goals,andlet  bethe corresponding
setof tentatve goals.Finally, we useweightsto counterbalancthe usualrelative albun-
danceof collision-freespheresLetting bethesubsebf centersf collision-free
spheresye settheweightof a spherecenter equalto

with weightfactor . Initially, we set , butif thisleadsto anincrease
in the numberof collisionswe adjusttheweightfactorasexplainedshortly. After com-
puting , ,and ,we determingheoptimalrigid motion, , andapplyitto .We
expectthatthe total numberof collisionsdecreasebut thereis no guaranteghatthis
really happensSimultaneouslythe total scoremay decreasealthoughwe counteract
thattendeng by including collision-freescoringspheresn the weightedleast-square
problem.

Adjustingthe weight factor. If the rigid motion leadsto an
increasan the numberof collisions,thenwe adjustthe weightfactor , andredothe
stepin theinnerloop. Recallthattherigid motion minimizes

wherethe minimumis takenover all rigid motions . We set



We then set and repeatthe computationsunless

. Experimentallytheadjustments notalwaysneededandif necessary
it seemdo take at mostfour iterations.In ourimplementationyve limit the numberof
iterationsto atmosta constant . If theiterationendswith highercollision number
for thanfor thenwe set

Implementatiorand running time. We completethe descriptionof the algorithm by
de®ningtheconstantsve usedobut have left unspeci®edMostimportantly we useadis-
tancethreshold in thepreparatiorof variousleast-squarproblemsin theinnerloop,

we use for thecollisionreducinginstancesThe situationis morecomplicated
in the outerloop, where depend®n the current®t. Assuming ,
we set

if

if

if
We set if or . The otherconstants
we usearethe upperboundson the numberof iterations, ,
and . In eachcase the searchfor the tentative goal of a sphere is limited

to a constantsize neighborhoodAssumptionl implies thatthereare only a constant
numberof spheresandverticesto considerwhich takesonly constantime. Thetotal
amountof time neededor aniteration of eitherloop is thereforeboundedby O( ).
However, the constantnumberof spheresand verticessearchedor each  canbe
ratherlarge, warrantingthe implementatiorof a hierarchicalsearchstructureg.g.,the
kd-tree,assistinghe grid datastructure Thetotal numberof iterationsis againat most
aconstantlt followsthattherunningtime of theentirealgorithmis O( ), notincluding
thetime for preprocessingyhich hasbeenaccountedor in Section2.

We have implementedhe algorithmin C++ andreferto the softwareasLILAC.
Dependingntheproteincomple, LiLAC takesbetweerhalf aminuteand®ve minutes
for the preprocessingtep,andbetweenthreeandten seconddor a local searchpn a
PCwith aPentiumlll processowith clock speedf 929MHz andmemoryof 600MB.
Our mainfocusis on acceleratinghe searchsincewe areinterestedn applicationsn
whichthe preprocessingme canbeamortizedover a potentiallylarge numberof local
searches.

4 Experimental Results

We appliedthe softwareto a numberof known protein-proteincomplexes.In this sec-
tion, we describeheseexperimentsaandanalyzethe resultswe obtain.

Statemendf questionsWe testtheeffectivenesof thelocal searcheuristicby running
LiLAc onanumberof protein-proteircomplexeswith known structure For eachsuch

comple, we generatéwo setsof spheres, and , onefor eachprotein.We then
perturbthe native con®gurationby applyinga local rigid motion to the secondset
andusethe local searchheuristicon and , obtaininganother

rigid motion, . De®ne . In theidealcase, istheinverseof



and . In generalwe measurénow different is from andusethis infor-
mationto distinguishsuccessfufrom unsuccessfubpplicationsof the searcheuristic.
Letting bethesetof scoringspheresn the native con®gurationyve de®ne

andcomputethe root-mean-square-distanbetweencorresponding
centers,

where . Recallthemainquestiorformulatedin Sectionl, which we cannow
rephraseo askinghow muchthe native con®gurationcanbe perturbedsowe still have
agoodchanceo recoverthecomplex usingour local searctheuristic.To approactthis
questionwe let  bethe centroidof the centersof the spheresn andwe write
eachrigid motion, , asarotationabout followedby atranslation We measurehe
rotationandthetranslationseparatelyletting betheangleof therotationand

be the distanceof the translation.Using orientedrotation axes, we may assumethat
boththeangleandthe distancearenon-neative. A local rigid motionis onefor which

and aresmall.We cannow rephraseur mainquestioragain.

QUESTION A. Whatarethe largestthresholds and suchthatfor a perturbation
with and we have a good chancethe local searchheuristic
recoversa goodapproximatiorof the native con®guration?

We also addressseveral related,more detailedquestions suchas whetheror not the
successateof the searchheuristicis in uencedby the anglebetweertherotationaxis
andthetranslationvector, or by the numberof collisionsin the perturbedstartingcon-
®guration.The secondnainquestionaddressethe variationover differentcomplexes.

QUESTION B. Doesthe behaior or the searchheuristicdependsigni®cantly on the
protein complexesor arethereuniversalthresholds and thatapplyto all or
mostcomplexes?

Statisticalresultsof the experimentsaimedat answeringthe two questionsare now
presented.

Convergencethresholds.Our ®rst experimentexploresthe dependencef the perfor
manceof the local searchheuristicon the size of the initial perturbation We usethe
experimentallywell-studiedbarnase-barstaomple (LBRS)asatestcaseln thiscom-
plex, theribonucleas€barnasepxhibits extensive geometricsurfacecomplementarity
dockedto its naturalproteininhibitor (barstar) Theinteractionsurfaceis large,measur

ing about , andcontaingmary of thefeaturegypically seenat proteininterfaces,
includingafew hot-spotresidueghatcontribute the majority of theinteractioneneny,
electrostatiénteractionspuriedwatermoleculesandthelack of a deepbindinggroove
thatcharacterizesmallmoleculebinding. To de®neaperturbationye selectwo direc-
tions ,anangle andadistance. Thethusspeci®ederturbatior®rstrotates
by aroundheorientedaxispassinghrough inthedirection andsecondranslates
by adding . We notethata uniform samplingof directions,angles anddistanceda-
vorssmalloverlargerigid motions.While generallyundesirablethis biasis acceptable



in our application,which focuseson local rigid motions.We samplethe spaceof per
turbationsusing 32 directions(de®nedby the verticesandfacenormalsof the regular
icosahedron)10 angles( ), and 10 lengths( ). This
givesa total of aboutone hundredthousandperturbationor trials. For eachtrial, we
computethe score,collision number of the native, perturbedand computed
con®gurationsWe declareatrial successfuif the computedcon®guratiorhasscoreat
leastsomefraction of the native scoreandsmall . To bespeci®c,we consider
thecomputatiorof from asuccess

and

wherewe use and . We notethat is under
stoodsincethis is the thresholdusedin the searchheuristic. The resultsof this exper
imentaredisplayedin Figure2. Using theseresults,we set and
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Fig.2: Thesuccessateof thelocal searchheuristicasa function of therotationangleandtrans-
lation distance Eachprism correspondso a pair , andrepresentd,024trials. Of coursefor

all rigid motionsare the same.The height of a prism gives the percentagef
successewithin the correspondingollectionof trials.

For corveniencewe introducea norm to measurehe size of a perturbation,

. We useit to displaythe experimentakesultswith graphsof
one-dimensiondlnctions,suchasin Figure3. We lookedinto the questionof whether
or notthe searchheuristicperformsbetterfor someperturbationshanothers.Compar
ing the causedy rotationsversusby translationst seemshatthe algorithm
is abouttwice assensitie to therotationalpartof the perturbationWe did not ®nd ary



correlationbetweerthesuccessateandtheangleformedby thedirectionsde®ningthe
rotationandthe translation.We alsodid not ®nd ary correlationbetweenthe success
rateandthe numberof collisionsin theinitial, perturbeccon®guration.

Universality of convergencethresholds We repeatedhe samecomputationalkexperi-
mentfor nineteeradditionalproteincomplecesto testtheapplicability of ouralgorithm
to a diversesetof protein-proteincomplexes. The typesof interactiongtestedinclude
somethat fall into commonlyobsened classessuchas protease-inhibitocomplexes
or antibody-antigemomplexes,andsomethatare one-of-a-kindcompleces,oftenwith
broadfeaturelesinterfaceshathave historicallybeenharderto dockby computational
methodsWe usedthe samethresholds, and to de®nethe norm of
a perturbationrand and to distinguishsuccessfufrom unsuccessful
trials. As shavn in Figure3, theresultsexhibit the sametrendasthosefor 1BRS.The
searchheuristicwas more successfufor twelve andlesssuccessfufor seven of the
additionalcomplexes.The answerto QuestionB is thereforethatthethresholds and

appeatto be universalfor proteincomplexes.Of course this appliesonly to bound,
rigid structures.

(09,15 ——

Fig.3: Left: comparisorof successatesobtainedfor differentroot-mean-squareresholds

. Right: comparisonof succesgatesfor differentcomplexes, while setting
and

5 Discussion

The main contribution of this paperis a local improvementalgorithmfor rigid protein
dockingandanexperimentaktudyof its performanceComparisorof our algorithmto
otherdockingmethodss beyondthescopeof this paperaswe have presentedhereonly
alocalimprovementstep,not an overall dockingmethod.The resultsareencouraging
but we hopeto improve themthroughadditionaltestsand ®ne-tuningof the various
stepsin thealgorithm.We planto usethis algorithmto acceleratéhe exhaustive search
methodof Bespamyatnikletal. [3] usingacoarsesamplingof rigid motionsthatrelates
to the obsened corvergenceradius.We alsoplanto usethe algorithmin combination
with moresophisticatedtratgyiesfor coarsesamplingthatarebasedon proteinshape
measurementd].



The mostimportantnew researctdirectionis the inclusionof e xibility in protein
docking.This canbeapproacheth avarietyof ways,includingthe useof rigidity anal-
ysis of proteinstructureq412], normalmodeanalysig4], andensemblesf alternatve
con®gurationg16]. The experimentalresultsreportedin [3] suggesthata successful
predictionof proteininteractionis possiblebasedon geometriccriteria only but re-
quiresa ®ne samplingof the spaceof rigid motionsand carefulaccountingof details.
Any methodincorporating e xibility will sacri®cesomeof the speci®citywe ®nd in
rigid dockingandwill needto balancespeedandspeci®city
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