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Abstract. We give an algorithmthat locally improvesthe �t betweentwo pro-
teinsmodeledasspace-�lling diagrams.The algorithmde�nes the �t in purely
geometrictermsandimprovesby applyinga rigid motionto oneof thetwo pro-
teins.Our implementationof thealgorithmtakesbetweenthreeandtenseconds
andconvergeswith high likelihoodto thecorrectdockedcon�guration,provided
it startsat a positionaway from the correctoneby at most18 degreesof rota-
tion andat most �	� 


	�

of translation.The speedandconvergenceradiusmake
this anattractive algorithmto usein combinationwith a coarsesamplingof the
six-dimensionalspaceof rigid motions.

1 Intr oduction

Proteininteractionsarethe molecularbasisfor many essentialcomponentsof life. In
this paperwe contributeto thegrowing bodyof work on proteindocking, which is the
computationalapproachto predictingprotein-proteininteractions.

Field of protein docking. The reliable predictionof protein interactionsfrom three-
dimensionalstructuresaloneis oneof thegrandchallengesin computationalbiology.
Thereis ampleexperimentalevidencefrom X-ray crystallographyandotherstructure
determinationmethodsthatinteractionsrequireproteinsto exhibit extensivelocalshape
complementarity. Nevertheless,theprecisemechanismthatbringsaboutinteractionsis
poorly understood.The observedshapecomplementarityof dockedproteinssuggests
westartwith thegeometricstructuresof individualproteinsandsearchfor agoodlocal
®t. This raisesintriguing but hardquestionsaboutthe relative importanceof physical
forces(e.g.vanderWaalsinteractions,hydrogenbonds,ion pairs,etc.)andshape,par-
ticularly asto theprecisemeaningof shapewhenobjectsarenot rigid.

The known structuresof proteincomplexesform a benchmarkfor computational
toolsandtheattemptto reassembleproteinsto their observed,native con®gurationsis
referredto asboundproteindocking. Evenif weignorephysicalforcesandfocusexclu-
sively on shape,thehigh dimensionof thesearchspacemakesthis a dif®cult problem.
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Following thepolicy of smallsteps,it thusmakessenseto simplify theproblemby as-
sumingrigidity. Thetaskin rigid proteindocking is to ®nd a motionthatpositionsone
rigid proteinrelative to theotherinto thecorrectdockedcon®guration.Thedimension
of the searchspaceis still high, threefor translationsplus threefor rotations.Imple-
mentationof a fastandaccuraterigid dockingalgorithmwould allow for futuremeth-
odsthataddthehigherdimensionalityof conformationalchangesseenin realdocking
problems.Possibleapproachesto �e xibility includetoleranceto collisions[8,14] and
pre-calculationof multiple residueconformations[16].

Prior work. Many differentapproacheshave beentaken to solving the rigid docking
problemandwe refer to several survey 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 includeselectrostaticsor hydrogen
bonds.Becauseof thesizeof thesearchspaceandthenumberof atomsfor eachprotein,
simpli®cationsor datareductionmethodsareoften employed. Second,onecreatesa
searchalgorithmthat®ndsthecorrectsolutionusingthescoringfunction.Many rigid
protein docking algorithmsbasedprimarily on shapehave beenimplementedusing
diverseapproachesto searchthespaceof rigid motions,includingcubecoverings,fast
Fouriertransforms,sphericalharmonics,andgeometrichashing.Onemajorlimitations
in thesemethodsis that they can yield anywherefrom a few to thousandsof false
positives,incorrectcon®gurationsthathaveahigherscorethanthenativecon®guration.
Thus,a re-rankingof the docked con®gurationsis usually implementedbasedon a
widevarietyof methodsincludingsolvationpotentials,empiricalatom-atomor residue-
residuecontactenergies,optimalpositioningof hydrogenbonds,etc.Bespamyatnikhet
al. developedashape-baseddockingalgorithmanddemonstratedthatit correctlydocks
a diversesetof 25 proteincomplexeswithout any falsepositives[3]. This resultwas
achievedusinga scoringfunctionthatapproximatesthevanderWaalsinteractionsby
countingpairsof atomsandby high-resolutionsamplingof thespaceof rigid motions.
The major limitation of this methodis the amountof computationtime needed,with
evena modestsizeproblemtakinga dayon a clusterof 100processors.This doesnot
allow for facileexperimentationor implementationof �e xibility .

Local search. We envision a moreef®cientalgorithmthat®rst usesa coarsesampling
in the spaceof rotationsto generatea setof possiblesolutionswith at leastonenot
too far from the correctdockingcon®guration.The secondstepis a rapid searchfor
thesolutionusinga local improvementmethod.Basedon our previousresults[3], the
correctdockingcon®gurationwill yield thehighestscorefollowing thissecondstep.A
multistagelocalsearchmethodfor rigid proteindockinghasbeenrecentlyreportedthat
mimics the physicaleventsof proteinbinding [5]. Startingfrom complexesasmuch
as ���

	�

root-mean-square-distancefrom the native con®guration,the methodguides
proteindocking,®rst with desolvation andelectrostatics,thenaddingpartial van der
Waalspotentialsastheproteinscomeclosertogether. This energy funnelmethodwas
shown to work well with asetof eightdifferentcomplexes,but appearscomputationally
expensive.

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



our local searchheuristic.In otherwords,how far away from thenative con®guration
canwe startandstill have a goodchanceto recover (a goodapproximationof) thena-
tive con®guration?For the time being,we do not have any theoreticalresultsandour
approachto ®ndinganswersis purelyexperimentalandrestrictedto thecaseof known
structuresof dockedproteins.

Weperformedcomputationalexperimentsusingthebarnase-barstarcomplex whose
structurecanbefoundin theproteindatabank[2]. Our ®ndingsshow that thechances
of recovering the correct,native con®gurationareabout � ��� provided we startwith
a con®gurationgeneratedby a local perturbationwith rotationangleat most ����� and
translationdistanceat most ��� �

	�

. We extendedtheexperimentsto nineteenadditional
proteincomplexesandfound that the boundson the local perturbationareaboutthe
sameandperhapsuniversalfor proteincomplexes.

Outline. Section2 introducesthe geometricandalgorithmicbackgroundusedin this
paper. Section3 presentsthe local searchheuristic.Section4 describesthe resultsof
thecomputationalexperimentsthattesttheperformanceof theheuristic.Section5 sum-
marizesour®ndingsandpointstowardfuturedirections.

2 Background and De�nitions

In this section,we introducethenotationandthemaingeometricandalgorithmiccon-
ceptsusedin thedesignof our local searchheuristic.

Notationand assumptions.We usesolid spheresto representatomsandspace-®lling
diagramsto modelproteinsasunionsof suchspheres.Writing 	�
 for thecenterand ��


for theradiusof the 
 -th sphere,we let ��������
�����	�
�����
�� � �"!#
$!&%(' bethesetof
spheresde®ningthe®rst protein.Similarly, we let )*�+�-,�."�/�10�.2�435.��6� �7!&89!*:�'

bethesetof spheresde®ningthesecondprotein.Following thework of Bespamyatnikh
et al., we say �


 and ,;. collide if the two spheresoverlap,andthey score if they are
within a pre-speci®eddistancebut donotoverlap.Formally,
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wherethe constantis experimentallyset to Z^� �2�`_
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[3]. The total score and the
total collision numberare a

=D?2@>B

���7��)b�c�ed


Kf
.

<>=5?2@>B

��
>��8�� and g

?AEHEFGI<�GF?2J

�1�7��)h�c�

d


�f
.

=5?2EFEFGF<�GH?AJ

�K
4��8�� . Usinga secondconstant,i , we cannow formally de®netherigid
dockingproblemas®ndinga rigid motion j thatmaximizesthetotal scorebetween�

and jk�K)h� while keepingthenumberof collisionsat or below i . Thesecondthreshold
is experimentallysetto i&�+_ [3]. UsingvanderWaalsradii for thespheres,physics
dictatesthat thereareno collisionsat all, but in orderto compensatefor measurement
errorsandothermodelinginaccuracies,we allow for a small numberof violationsof
that dictum.We make two assumptionson the geometricinput datamotivatedby the
applicationto organicmolecules.To statethem,let l betheminimumdistancebetween
centersof any two spheresin � or in ) , andlet monqp r and mUnqs�t be theminimumand
maximumradii of thespheresin thesesets.



I. Thereareconstants��!

�

suchthat m�nqs�t��

�

! l*! mUnqp r���� .
II. Thedifferencebetweentheextremeradii satis®esm�nqs�tUQ m nqp r T Z .

We notethatAssumptionII is implied by AssumptionI and
�

Q�� T+Z�� l , requiring
that the two constantsin I arenot too different.Our algorithmcrucially dependson
AssumptionI, andit makesuseof AssumptionII, but thatdependencecouldbeavoided.
In the dataretrieved from the proteindatabank[2], we observe l � �2� ���

	�

andget
�"� �A� ��� and

�

� �2� 	 � . In our experiments,we useonly ®ve differentradii, between
�2� �
�A�

	�

and �2� �2� �

	�

, whichclearlysatisfyAssumptionII.

Preprocessing. Considera sphere, with radius 36����monqp r W mUnqs�t ���
� . It scoreswith
a sphere�U
 if f its center 0 lies in the shell centeredat 	 
 whoseinner andouterradii
are ��
qW 3 and ��
�W*3 W Z , respectively. Consistentwith the terminologyintroduced
above, we de®nethe score of , equal to the numberof shellsthat contain 0 . Each
spherein � de®nesa shell,giving anarrangementof � % (non-solid)spheresthatde-
compose
�� into cellsof constantscore,asconsideredin [6]. Thearrangementis useful
for distinguishingdesirablefrom undesirablepositionsfor thesphere, but it hastwo
drawbacks,namelyit suggestsregionsandnot speci®cpositions,andnotall spheresin

) haveradius 3 . We remedybothby replacingtheshellaround	

 by its mid-sphere,
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By AssumptionII,
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 lies within the shell around 	

 de®nedfor eachradius � in

�

m
nqp r

��m
nqs�t�� . The mid-spheresintersectpairwisein circles and triplewise in points,

thelatterbeingtheverticesof thearrangement.We usesomeof theseverticesastarget
positionsfor thespheres, . in ) , asillustratedin Figure1. We computeandevaluate
theseverticesin a preprocessingstep,whichwenow describe.

Step 1. Computethesetof verticesof thearrangementof mid-spheres.
Step 2. For eachvertex � , computethe scoreof ,��V� ��� �>3-� andthe numberof

collisionsbetween,��

�

� ��� �>3 W ��� andspheresin � .
Step 3. Let ! bethesetof vertices� for which ,��

�

haszerocollisionsandthereis
novertex "#�$! nearbythatdominates� in termsof scoring.

The constant� usedin Step 2 will be discussedshortly. Step 1 is greatlyhelped
by AssumptionI, whichimpliesthateachmid-sphereintersectsonly aconstantnumber
of othermid-spheres.It follows that the numberof verticesis only O(% ), andusing
thegrid datastructureof HalperinandOvermars[9] we ®nd themin timeO(%

EH?�%

% ).
Using the samedatastructure,we computethe scoresand collision numbersof the
spheres,&� and ,'�

�

in timeO(%

EH?�%

% ).
Thepurposeof theverticesis to actastarget locationsfor thespheresin ) . It thus

makessenseto eliminatevertices � for which the enlargedsphere,$�

�

hasnon-zero
collisionswith spheresin � . We usetheexperimentallydeterminedconstant� � ���(�

	�

for the enlargement.Of the remainingvertices,we keeponly the oneswith locally
maximumscore.More speci®cally, we removea vertex � for which thereis a vertex "

atdistanceatmost Z��
� suchthatthesetof spheres�o
 scoringwith ,�� is apropersubset
of thesetscoringwith ,�) . Althoughtheverticesdo not observe a constantseparation



Fig.1: Thedottedcirclesrepresentmid-spheres.Theverticesformedby themid-spheresareblack
or white dependingonwhetheraspherecenteredat thatvertex formsa nearcollisionor not.The
region of scoring,non-collidingpositionsis shaded.

bound,it is easyto prove from AssumptionI that thereareonly a constantnumberof
verticeswithin a constantdistancefrom any point in space.We canthereforeusethe
samegrid datastructureto implementStep 3 within thesametimeboundasthe®rst
two steps.It follows thatall threepreprocessingstepstogethertake time O(%

EF? %

% ).
We notethatinsteadof onewe mayuseseveralarrangements,eachcateringto a small
rangeof radii of spheresin ) . In our implementation,we use®ve arrangements,one
eachfor the®vedifferentradii in ourdatasets.As long asthenumberof arrangements
is a constant,therunningtime is notaffectedby morethana constantfactor.

Leastsquare rigid motion.In thelocal searchheuristic,we will repeatedlycomputelo-
cal rigid motionsby solvinga least-squareoptimizationproblem.An instanceis given
by a subset

�

� �����-����� �D�D���D�	��
5' of the verticesin ! , a subset� � ��
��-��
�� �D�D���D��
�
D'

of the centersof spheresin ) , anda bijection between
�

and � speci®edby shared
indices.The objective is to ®nd a rigid motion j that minimizesthe sum of square
distances,d
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. The problemof computing j is known asthe abso-
lute orientationproblemin computervision. Every rigid motion canbe written asa
translationfollowedby a rotationaboutthe origin. Assumingthe centroidof the ver-
tices is the origin, d
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� � , the translationalcomponentof the optimal motion
necessarilymovesthe centroid �
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to the origin. It remainsto compute
theoptimalrotationfor thepoints 


�

Q�� 
 , which reducesto solvinga smalleigenvalue
problem.Thematrix for thisproblemcanbecomputedin timeO(� ) from thesets

�

and
� , usingeithertheformalismof rotationmatrices[15] or thatof quaternions[11]. We
remarkthatthereductionto aneigenvalueproblemallows for moregeneralcorrespon-
dencesbetween

�

and � thanbijections,andit canbemodi®edto usea setof weights
�

�Y���
�

�	�
�

���D���5�	�



' . In otherwords,we cancomputein time O(� ) therigid motion
j\����� ��!#"c�
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� thatminimizes d
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3 Local Search Heuristic

In thissection,wedescribethealgorithmthatlocally improvesthe®t betweenthespace-
®lling representationsof two proteins.We begin by explainingtheoverall structureof
thealgorithmandfollow upby detailingits loops.



High-level structure. Given setsof spheres� and ) , we aim at ®nding a local rigid
motion thatwe canapply to ) to improve the ®t. By a local rigid motion we meana
rigid motionthat is small,andwe will bespeci®cin Section4 abouthow small.Here,
we focuson thestructureof thealgorithm,which repeatedlysolvesoneof two typesof
weightedleast-squareproblems.Thetypesaredistinguishedby the intendedeffect on
the®t:

– score-improving instancesarepreparedandsolvedin theouterloop,and
– collision-reducinginstancesarepreparedandsolvedin theinnerloop.

Thesuccessof thealgorithmcrucially dependson how we de®netheseinstances.We
follow two intuitions:

1. worthwhiletargetpositionsfor spheresin ) arecollision-freeandlocally maximize
thescore;

2. aneffectivecollectionof targetpositionsis approximatelycongruentto thecon®g-
urationof correspondingspherecenters.

We satisfy the ®rst intuition by using the verticesin ! and the secondintuition by
limiting our attentionto spheresandverticesthatareneareachother. Letting � bethe
set of centersof spheresin ) that have a vertex in their neighborhood,we de®nea
bijectionbetween� anda subset

�

of thevertices;wereferto
�

asthesetof tentative
goals. Assuminga setof weights,

�

, anda bijection between� and
�

, we cannow
describethealgorithm.

for ���������
	 timesdo
preparea score-improving instanceof theleast-squareproblem,
computej9����� ��! "c� �h�

�

�

�

� , andlet )V�&jk�K)h�

while g

?2EFEFGF<�GH?AJ

���7��)b��� i and j is notnegligible do
preparea collision-reducinginstanceof theleast-square
problem,computej(� ��� �$! "c� �h�

�

�

�

� , andlet )V� jk�K)h�

endwhile
endfor; return best®t encounteredduringtheiteration.

Wecannotprove,andindeeddonotexpect,thatthealgorithmalwayssuccessfully®nds
a®t with suf®cientlyhighscoreandsmallcollisionnumber. Wethereforeimplementthe
algorithmwith aconstantlimit, � p r�r

�
	 , onhow oftentheinnerloopcanberepeated.the
outerloop �

�����
�
	 timesandreturnthebest®t encounteredduringany of theiterations.

Score-improving outer loop. We describehow to preparean instanceof the weighted
least-squareproblemthat aimsat improving thescoreof the®t. We de®nea distance
threshold,�". , for eachsphere, . in ) , andwe let thecorrespondingtentative goalof

,h. beavertex ��. in ! within distance� . from 0>. thatmaximizesthescoreascomputed
in thepreprocessingstep.If thereis novertex within distance� . from 0>. , thetentative
goalof ,;. is unde®ned.We let � bethesetof centersof sphereswith tentative goals,
and

�

thecorrespondingsetof tentativegoals.Finally, we setall weightsto one.
It remainsto describehow we choosethe distancethreshold�

.
���

GFJ

���9���
.

' ,
where � is a generaland �

. is anindividual threshold.Thegeneralthresholddepends
on thecurrent®t between� and ) andgetssmallerasthe®t getsbetter. Theindividual



thresholddependsonwhetheror not , . collideswith aspherein � . Let ��
 � � bethe
spherethatminimizes P�0 . Q 	�
�PUQV3 . Q ��
 . If �U
 and , . aredisjoint thenwe choose

� . small enoughso thatmoving 0 . within this limit avoids a collision. Otherwise,we
choose� . largeenoughto give ,;. a chanceto undothecollision:

� . �

�

P�0�.hQ 	 
 P$QS35.;Q � 
 if PD0�.hQ 	 
 P��#35. WS� 
 �

P�0�.hQ 	 
 PkWV35.$WS� 
 W Z if PD0�.hQ 	 
 PUT#35. WS� 
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Whenwe computethe sphere��
 of , . , we do not have to look fartherthandistance
� W 35.�W m nqs�t from 0>. . Sincethis is aconstant,wecanagainusethegrid datastructure
and explore the neighborhoodof 04. in constanttime. After collecting � and

�

, we
computetheoptimal rigid motion, j , andapply it to ) . We expectthat the total score
increasesbut thereis no guaranteethat this really happens.Simultaneously, the total
collisionnumbermayalsoincrease.

Collision-reducinginner loop. This brings us to the preparationof instancesof the
weightedleast-squareproblemthataimatreducingthenumberof collisions.Wedistin-
guishspheres,

. with andwithout collisions.If ,
. collideswith at leastonespherein

� thenwe ®nd theclosestcollision-freepositionin ! within distance��W#3
. from 0

.

andlet it bethetentativegoalof 0
. . If ,

. scoresandhasnocollisionthenweencourage
it to stayput by settingits tentative goalequalto its own center, 0

. . Let � containthe
centersof all spheres,

. that receive tentative goals,andlet
�

be the corresponding
setof tentativegoals.Finally, weuseweightsto counterbalancetheusualrelativeabun-
danceof collision-freespheres.Letting ��� � bethesubsetof centersof collision-free
spheres,wesettheweightof a spherecenter
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with weightfactor � . Initially, weset�

��� � � ���H� �#Q	�6��� , but if thisleadsto anincrease
in thenumberof collisionsweadjusttheweightfactorasexplainedshortly. After com-
puting � ,

�

, and
�

, we determinetheoptimal rigid motion, j , andapply it to ) . We
expectthat the total numberof collisionsdecreasesbut thereis no guaranteethat this
really happens.Simultaneously, the total scoremay decreasealthoughwe counteract
that tendency by includingcollision-freescoringspheresin theweightedleast-square
problem.

Adjustingthe weight factor. If the rigid motion j+� ��� ��! "c� �h�

�

�

�

� leadsto an
increasein thenumberof collisions,thenwe adjusttheweight factor, � , andredothe
stepin theinnerloop.Recallthattherigid motion j\����� ��!#"c� �;�
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We then set �

�

�

r ��� and repeatthe computationsunless g
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�1�7��)h� . Experimentally, theadjustmentis notalwaysneeded,andif necessary
it seemsto take at mostfour iterations.In our implementation,we limit thenumberof
iterationsto at mosta constant� �

� . If the iterationendswith highercollision number
for jk�K)h� thanfor ) thenweset j9�

G�� .

Implementationand running time. We completethe descriptionof the algorithm by
de®ningtheconstantsweusedbut haveleft unspeci®ed.Most importantly, weuseadis-
tancethreshold� in thepreparationof variousleast-squareproblems.In theinnerloop,
weuse� � �

	�

for thecollision reducinginstances.Thesituationis morecomplicated
in theouterloop, where � dependson thecurrent®t. Assuming a
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���7��)b�h! ��� � . Theotherconstants
we usearetheupperboundson thenumberof iterations,�

p r�r
�
	U� � � , ����� ���
	�� ��� ,

and � �

�

�+_ . In eachcase,thesearchfor the tentative goalof a sphere,U. is limited
to a constantsizeneighborhood.AssumptionI implies that thereareonly a constant
numberof spheresandverticesto consider, which takesonly constanttime. The total
amountof time neededfor an iterationof either loop is thereforeboundedby O(: ).
However, the constantnumberof spheresand verticessearchedfor each ,

. can be
ratherlarge,warrantingthe implementationof a hierarchicalsearchstructure,e.g.,the
kd-tree,assistingthegrid datastructure.Thetotalnumberof iterationsis againatmost
aconstant.It followsthattherunningtimeof theentirealgorithmis O(: ), not including
thetime for preprocessing,whichhasbeenaccountedfor in Section2.

We have implementedthe algorithmin C++ andrefer to the softwareas L ILAC.
Dependingontheproteincomplex, L ILAC takesbetweenhalf aminuteand®veminutes
for thepreprocessingstep,andbetweenthreeandtensecondsfor a local search,on a
PCwith aPentiumIII processorwith clockspeedof 929MHz andmemoryof 600MB.
Our main focusis on acceleratingthesearchsincewe areinterestedin applicationsin
which thepreprocessingtimecanbeamortizedoverapotentiallylargenumberof local
searches.

4 Experimental Results

We appliedthesoftwareto a numberof known protein-proteincomplexes.In this sec-
tion, wedescribetheseexperimentsandanalyzetheresultswe obtain.

Statementof questions.Wetesttheeffectivenessof thelocalsearchheuristicby running
L ILAC on a numberof protein-proteincomplexeswith known structure.For eachsuch
complex, wegeneratetwo setsof spheres,�"r�s � and )qrDs

� , onefor eachprotein.Wethen
perturbthe native con®gurationby applyinga local rigid motion � to the secondset
andusethe local searchheuristicon � �^�"r�s

� and )����k�K)qr�s
�

� , obtaininganother
rigid motion, j . De®ne�\�#jk��)b�k� jk���k��)�r�s

�
��� . In theidealcase,j is theinverseof �



and � �*)qrDs � . In general,we measurehow different � is from )LrDs � andusethis infor-
mationto distinguishsuccessfulfrom unsuccessfulapplicationsof thesearchheuristic.
Letting )��
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� )qrDs � bethesetof scoringspheresin thenativecon®guration,wede®ne
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��� andcomputetheroot-mean-square-distancebetweencorresponding
centers,
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where�h��� )
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rDs �

� . Recallthemainquestionformulatedin Section1, whichwecannow
rephraseto askinghow muchthenativecon®gurationcanbeperturbedsowe still have
agoodchanceto recoverthecomplex usingour localsearchheuristic.To approachthis
question,we let �

0

�

be the centroidof the centersof thespheresin )

�

rDs �

andwe write
eachrigid motion, � , asa rotationabout �

0
� followedby a translation.We measurethe

rotationandthetranslationseparately, letting ��� � � betheangleof therotationand �5� � �

be the distanceof the translation.Using orientedrotationaxes,we may assumethat
boththeangleandthedistancearenon-negative.A local rigid motionis onefor which

� and � aresmall.We cannow rephraseourmainquestionagain.

QUESTION A. What are the largestthresholds� and � suchthat for a perturbation
with ����� � !�� and �5��� � !�� we have a goodchancethe local searchheuristic
recoversagoodapproximationof thenativecon®guration?

We alsoaddressseveral related,moredetailedquestions,suchaswhetheror not the
successrateof thesearchheuristicis in�uencedby theanglebetweentherotationaxis
andthetranslationvector, or by thenumberof collisionsin theperturbedstartingcon-
®guration.Thesecondmainquestionaddressesthevariationoverdifferentcomplexes.

QUESTION B. Doesthe behavior or the searchheuristicdependsigni®cantlyon the
proteincomplexesor are thereuniversalthresholds� and � that apply to all or
mostcomplexes?

Statisticalresultsof the experimentsaimedat answeringthe two questionsare now
presented.

Convergencethresholds.Our ®rst experimentexploresthe dependenceof the perfor-
manceof the local searchheuristicon the sizeof the initial perturbation.We usethe
experimentallywell-studiedbarnase-barstarcomplex (1BRS)asatestcase.In thiscom-
plex, theribonuclease(barnase)exhibits extensive geometricsurfacecomplementarity
dockedto its naturalproteininhibitor (barstar).Theinteractionsurfaceis large,measur-
ing about� � �

	�

�

, andcontainsmany of thefeaturestypically seenatproteininterfaces,
includinga few hot-spotresiduesthatcontributethemajority of theinteractionenergy,
electrostaticinteractions,buriedwatermoleculesandthelackof adeepbindinggroove
thatcharacterizessmallmoleculebinding.To de®neaperturbation,weselecttwo direc-
tions �L��� ���

� , anangle� andadistance� . Thethusspeci®edperturbation®rst rotates
by � aroundtheorientedaxispassingthrough�

0

�

in thedirection � andsecondtranslates
by adding ��� . We notethata uniform samplingof directions,angles,anddistancesfa-
vorssmallover largerigid motions.While generallyundesirable,thisbiasis acceptable



in our application,which focuseson local rigid motions.We samplethespaceof per-
turbationsusing32 directions(de®nedby theverticesandfacenormalsof the regular
icosahedron),10 angles( �

�

�>�

�

�D�D���D� ���

� ), and10 lengths( �

	�

� ���`_

	�

���D���D� � � _

	�

). This
givesa total of aboutonehundredthousandperturbationsor trials. For eachtrial, we
computethescore,collision number, ! "(a

�

� of thenative, perturbed,andcomputed
con®gurations.We declarea trial successfulif thecomputedcon®gurationhasscoreat
leastsomefractionof thenative scoreandsmall ! "(a

�

� . To bespeci®c,we consider
thecomputationof � from �k��)b� a successif
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. We note that g
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���7� �[�\! i is under-
stoodsincethis is the thresholdusedin thesearchheuristic.Theresultsof this exper-
imentaredisplayedin Figure2. Using theseresults,we set � � ��� � and ���+��� �

	�

.

0
0.5

1.0
1.5

2.0
2.5

3.0
3.5

4.0
4.5

0 3 6 9 12 15 18 21 24 27

60

65

70

75

80

85

90

95

100

Translation Distance

1BRS

Rotation Angle

S
uc

ce
ss

 R
at

e

Fig.2: Thesuccessrateof thelocal searchheuristicasa functionof therotationangleandtrans-
lation distance.Eachprismcorrespondsto a pair � , � andrepresents1,024trials. Of coursefor
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 � 
 all rigid motionsare the same.The height of a prism gives the percentageof
successeswithin thecorrespondingcollectionof trials.

For convenience,we introducea norm to measurethe sizeof a perturbation,P �LP\�

�

� ����� ��� � �

�

W*� � � �U�

�

�

�
��� . We useit to displaytheexperimentalresultswith graphsof
one-dimensionalfunctions,suchasin Figure3. We lookedinto thequestionof whether
or not thesearchheuristicperformsbetterfor someperturbationsthanothers.Compar-
ing the !#"(a

�

� causedby rotationsversusby translationsit seemsthat thealgorithm
is abouttwiceassensitive to therotationalpartof theperturbation.We did not®nd any



correlationbetweenthesuccessrateandtheangleformedby thedirectionsde®ningthe
rotationandthe translation.We alsodid not ®nd any correlationbetweenthe success
rateandthenumberof collisionsin theinitial, perturbedcon®guration.

Universality of convergencethresholds.We repeatedthe samecomputationalexperi-
mentfor nineteenadditionalproteincomplexesto testtheapplicabilityof ouralgorithm
to a diversesetof protein-proteincomplexes.The typesof interactionstestedinclude
somethat fall into commonlyobserved classessuchasprotease-inhibitorcomplexes
or antibody-antigencomplexes,andsomethatareone-of-a-kindcomplexes,oftenwith
broadfeaturelessinterfacesthathavehistoricallybeenharderto dockby computational
methods.We usedthesamethresholds,��� ����� and �Y� ��� �

	�

to de®nethenormof
a perturbationand � � ��� � and � � �2�`_

	�

to distinguishsuccessfulfrom unsuccessful
trials.As shown in Figure3, theresultsexhibit thesametrendasthosefor 1BRS.The
searchheuristicwasmoresuccessfulfor twelve and lesssuccessfulfor seven of the
additionalcomplexes.Theanswerto QuestionB is thereforethatthethresholds� and

� appearto beuniversalfor proteincomplexes.Of course,this appliesonly to bound,
rigid structures.
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5 Discussion

Themaincontribution of this paperis a local improvementalgorithmfor rigid protein
dockingandanexperimentalstudyof its performance.Comparisonof ouralgorithmto
otherdockingmethodsis beyondthescopeof thispaperaswehavepresentedhereonly
a local improvementstep,not anoverall dockingmethod.Theresultsareencouraging
but we hopeto improve themthroughadditionaltestsand®ne-tuningof the various
stepsin thealgorithm.Weplanto usethisalgorithmto acceleratetheexhaustivesearch
methodof Bespamyatnikhetal. [3] usingacoarsesamplingof rigid motionsthatrelates
to theobservedconvergenceradius.We alsoplan to usethealgorithmin combination
with moresophisticatedstrategiesfor coarsesamplingthatarebasedon proteinshape
measurements[1].



Themostimportantnew researchdirectionis the inclusionof �e xibility in protein
docking.Thiscanbeapproachedin avarietyof ways,includingtheuseof rigidity anal-
ysisof proteinstructures[12], normalmodeanalysis[4], andensemblesof alternative
con®gurations[16]. The experimentalresultsreportedin [3] suggestthata successful
predictionof protein interactionis possiblebasedon geometriccriteria only but re-
quiresa ®ne samplingof thespaceof rigid motionsandcarefulaccountingof details.
Any methodincorporating�e xibility will sacri®cesomeof the speci®citywe ®nd in
rigid dockingandwill needto balancespeedandspeci®city.
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