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Abstract. Wepresentanew algorithmfor unbound(reallife) dockingof molecules,
whetherprotein–protein or protein–drug. The algorithmcarriesout rigid dock-
ing, with surfacevariability/flexibility implicitly addressed throughliberal inter-
molecularpenetration.The high efficiency of the algorithm is the outcomeof
several factors:( � ) focusinginitial molecularsurfacefitting on localized,curva-
turebasedsurfacepatches;( ��� ) useof GeometricHashingandPoseClusteringfor
initial transformationdetection;( ����� ) accuratecomputationof shapecomplemen-
tarity utilizing the Distance Transform; ( ��� ) efficient stericclashdetectionand
geometricfit scoringbasedon a multi-resolutionshaperepresentation;and ( � )
utilizationof biological informationby focusingonhot spot rich surfacepatches.
Thealgorithmhasbeenimplementedandappliedto a largenumberof cases.

1 Intr oduction

Receptor-ligandinteractionsplayamajorrolein all biological processes.Knowledgeof
themolecularassociationsaidsin understandinga varietyof pathways takingplacein
the living cell. Docking is also an important tool in computer assisteddrug design.
A new drug shouldfit the active site of a specific receptor. Although electrostatic,
hydrophobic andvan der Waalsinteractions affect greatly the binding affinity of the
molecules, shapecomplementarity is a necessarycondition. The docking problem is
considered difficult andinterestingfor a number of reasons.The combinatorialcom-
plexity of thepossiblewaysto fit thesurfacesis extremelyhigh.Thestructures of the
moleculesarenotexact,containing experimentalerrors. In addition, moleculesusually
undergo conformational changesupon association,known asinduced fit. Dockingal-
gorithmsmustbetolerantto thosedifficulties,makingthedocking taskoneof themost
challenging problemsin structuralbioinformatics.

Therearetwo instancesin thedocking task- ’bound’ and’unbound’. In the’bound’
casewearegiven theco-crystallizedcomplex of two molecules.Weseparatethemarti-
ficially andthegoalis to reconstruct theoriginalcomplex. No conformational changes
�
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areinvolved.Successfulapplicationof analgorithm to ’bound’ docking casesis neces-
saryto testits validity, yet it doesnotensuresuccessin thereal-life ’unbound’ docking
prediction,wherewearegiventwo moleculesin theirnativeconformations.In thiscase
thedocking algorithm shouldconsiderpossibleconformational changesuponassocia-
tion. Most of thedocking algorithms encounter difficultieswith this case,sinceshape
complementarityis affected[14].

Thegoalof docking algorithmsis to detecta transformation of oneof themolecules
whichbringsit to optimalfit with theothermolecule without causingstericclash.Nat-
urally, optimality heredependsnotonly ongeometric fit, but alsoonbiological criteria
representing theresultingcomplex stability. Moleculardocking algorithmsmaybeclas-
sifiedinto twobroadcategories:( � ) bruteforceenumerationof thetransformationspace;
( ��� ) localshapefeaturematching.

Bruteforcealgorithmssearchtheentire6-dimensionaltransformationspaceof the
ligand. Most of thesemethods [33, 30, 31, 32, 11, 2, 3] usebruteforcesearchfor the3
rotational parametersandtheFFT (FastFourier Transform,[19]) for fastenumeration
of thetranslations.Therunningtimesof thosealgorithmsmayreachdaysof CPUtime.
Another bruteforce algorithm is the ’soft docking’ method[17] that matchessurface
cubes.There arealsonon-deterministic methods thatusegeneticalgorithms [18, 12].

Local shapefeaturematchingalgorithms have beenpioneered by Kuntz [20]. In
1986Connolly [6] describeda methodto matchlocal curvature maxima andminima
points.Thistechniquewasimprovedfurther in [23, 24] andwasalsoapplied tounbound
docking [25]. Additional algorithms that employ shapecomplementarityconstraints,
whensearchingfor thecorrectassociationof molecules werealsodeveloped[21, 13,
10]. Somealgorithmsaredesignedto handleflexible molecules[28, 27, 9].

Our methodis basedon local shapefeaturematching. To reducecomplexity we,
first, try to detectthosemolecular surfaceareaswhichhaveahighprobability to belong
to thebinding site.This reducesthenumber of potential docking solutions,while still
retainingthe correctconformation. The algorithmcan treat receptors and ligandsof
variable sizes.It succeeds in docking of large proteins (antibody with antigen) and
small drugmolecules.Therunning timesof thealgorithm areof theorderof seconds
for smalldrugmoleculesandseveral minutesfor largeproteins.In addition, weimprove
theshapecomplementaritymeasure,makingthefunction morepreciseandreducing the
complexity of its computation.

2 Methods

Our docking algorithm is inspiredby objectrecognition andimagesegmentation tech-
niquesusedin computervision.We cancomparedocking to assemblinga jigsaw puz-
zle. Whensolving the puzzlewe try to matchtwo piecesby picking one pieceand
searchingfor the complementaryone.We concentrateon the patterns that areunique
for thepuzzleelementandlook for thematching patterns in therestof thepieces.Our
algorithm employs a similar technique.Giventwo molecules,we divide their surfaces
into patches according to thesurfaceshape.Thesepatchescorrespondto patternsthat
visuallydistinguishbetweenpuzzlepieces.Oncethepatchesareidentified,they canbe
superimposedusingshapematchingalgorithms.Thealgorithm hasthreemajorstages:
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1. Molecular ShapeRepresentation - in thisstepwecomputethemolecular surface
of themolecule. Next, weapplyasegmentation algorithm for detectionof geomet-
ric patches(concave, convex andflat surfacepieces).The patchesarefiltered,so
thatonly patcheswith ’hot spot’ residuesareretained[15].

2. SurfacePatch Matching - we applya hybrid of theGeometric Hashing[34] and
Pose-Clustering[29] matching techniquesto matchthepatchesdetectedin thepre-
viousstep.Concavepatchesarematched with convex andflat patcheswith any type
of patches.

3. Filtering and Scoring - thecandidatecomplexesfrom thepreviousstepareexam-
ined.We discardall complexeswith unacceptablepenetrationsof theatomsof the
receptorto the atomsof the ligand. Finally, the remaining candidates areranked
according to ageometric shapecomplementarityscore.

2.1 Molecular ShapeRepresentation

Molecular SurfaceCalculation. Thefirst stageof thealgorithm computestwo types
of surfacesfor eachmolecule. A highdensityConnollysurfaceis generatedby theMS
program[5, 4]. Thecalculatedsurfaceis preprocessedinto two datastructures:distance
transform grid andmulti-resolution surface(seeAppendix). Thosedatastructuresare
usedin thescoringroutines.In addition, thedistancetransform grid is usedfurther in
the shaperepresentation stageof the algorithm. Next, a sparsesurfacerepresentation
[22] is computed.It is usedin thesegmentation of thesurfaceinto geometric patches.

The sparsesurfaceconsistsof pointsnicknamed ’caps’, ’pits’ and ’belts’, where
eachcappointbelongs to oneatom,a belt to two atomsandapit to threeatoms.These
correspondto thefacecentersof theconvex, concaveandsaddleareasof themolecular
surface[22]. Thegravity centerof eachfaceis computedasacentroidandprojected to
thesurfacein thenormaldirection.

Detection of Geometric Patches. The input to this stepis the sparsesetof critical
points.Thegoal is to divide thesurfaceto patchesof almostequal areaof threetypes
according to their shapegeometry: concavities, convexities andflats. We construct a
graphinduced by thepointsof thesparsesurface.Eachnodeis labeledasa’knob’, ’flat’
ora ’hole’ according to theircurvature(seebelow). Wecomputeconnectedcomponents
of knobs,flats andholes.Thenwe apply the split andmerge routinesto improve the
componentpartitioning of thesurfaceto patchesof almostequalarea.

Surface Topology Graph. Basedon thesetof sparsecritical points, thegraph ���������� � �����"!$#%�����'& representing thesurfacetopology is constructedin thefollowing way:

� ����� �)(+*-,/.10325476805��9���:�.<;>=@?A��BC9�2'D
#7����� �)( ��E !�FG&IH �KJ E .1BML FON 4A;�?AB-P89K?79�Q>4725.1RS4T.19K?ARUD

Thenumberof edgesin thegraphis linear, sinceeachpit pointcanbeconnectedby an
edgeto at mostthreecapsandthreebelts.Eachbelt point is connectedto two corre-
sponding caps(seefigure2 (a)).
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Shape Function Calculation. In order to group the points into local curvaturebased
patcheswe usethe shapefunction definedin [6]. A sphereof radius V is placedat
a surfacepoint. The fraction of the sphere insidethe solvent-excluded volume of the
protein is the shape function at this point. The shapefunction of every nodein the
graphis calculated.The radiusof the shapefunction sphereis selectedaccording to
themolecule size.We use6Å for proteins and3Å for small ligands. As a resultevery
nodeis assignedavaluebetween0 and1. In previoustechniques[23] pointswith shape
function valuelessthan

�� , named’knobs’ andpoints with value greaterthan
�� , named

’holes’, wereselectedascritical points.All ’flat’ pointswith function valuebetween
thosetwo wereignored.As canbeseenfrom thehistogramof theshapefunction values
of thetrypsinmolecule (PDBcode2ptn)in figure1,alargenumber of pointsare’flats’.
In fact about70% of the pointsareflats andabout 30% areknobs or holes.(These
statisticsaretypical for othermoleculesaswell.) Consequently, theproblem was,that
thenumber of matchingsetsof quadraples/triples/pairs of knobsversusholeswasvery
low [6]. Herewesorttheshapefunction valuesandfind two cut-off valuesthatsplit the
nodes to threeequal sizedsetsof knobs,flatsandholes.

Simultaneouslywith theshapefunction calculation, thevolume normal orientation
is computedusingthesameprobe sphere.Thesolvent-accessiblepart is definedasthe
complementof thesolvent-excludedpartof theprobesphere.Givena probesphere we
definethe volume normal to be the unit vectorat the surfacepoint in the direction of
thegravity centerof solvent-accessiblepart.

Fig.1. Histogram of shape function
valuesfor the trypsin molecule(PDB
code2ptn).

Patch Detection. The idea is to divide the
surfaceof themolecule into non-intersecting
patchesof critical points. The geometric
patchis definedas a connectedset of criti-
cal pointsof the sametype (knobs,holesor
flats).By ’connected’we meanthatpointsof
the patchshouldcorrespond to a connected
subgraph of �W����� . To assurebettermatching
of patches,they mustbeof almostequalsizes.
For eachtype of points (knobs, flats, holes)
the graphs �YX[Z ��\ , �O]_^a` � and �cb � ^ad arecon-
structedassubgraphsof � ����� inducedon the
correspondingsetof nodes.

Thealgorithm for findingconnectedcom-
ponents in a graph is appliedto eachof the
threegraphs. The output componentsareof

different sizes,so split andmerge routines areappliedto achieve a betterpartition to
patches.We presentsomedefinitionsthatareusedbelow:

1. Thegeodesicdistancebetweentwonodesof theconnectedcomponentisaweighted
shortestpathbetweenthem,wherethe weightof every edgeis theEuclidiandis-
tancebetweenthecorresponding surfacepoints.

2. The diameter of the component is definedas the largest geodesic distancebe-
tweenthenodesof thecomponent.Nodess andt thatgive thediameterarecalled
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diameter nodes. In casethediameternodesarenot uniquewe arbitrarily choose
oneof thepairsasthesinglediameter.

For eachconnected componentwe compute the diameterand it’s nodesby run-
ning theAPSP(All Pairs Shortest Paths [7]) algorithmon thecomponent.We usetwo
thresholds for thediameterof thecomponentsasfollows:

– If the diameterof the connected componentis morethan low patch thr andless
thanhigh patch thr, thecomponentrepresentsa valid geometricpatch.

– If thediameterof theconnectedcomponentis larger thanhigh patch thr the split
routineis appliedto thecomponent.

– If thediameterof theconnected componentis lessthanlow patch thr thepoints of
this componentaremergedwith closestcomponents.

Notethata connectedcomponent is not alwaysa patch,sincethecomponent may
besplit to a numberof patchesor mergedwith otherpatches.

Split routine. Givenacomponent 6 , thedistancematrix from theAPSPalgorithm and
it’sdiameternodes 2 , 9 wesplit it into two new components* and e thatcorrespondto
theVoronoi cells[8] of thepoints 2 ! 9 . If thediameterof eachnew componentis within
thedefinedthresholds, thecomponentis addedto thelist of valid patches,otherwise it
is split again.

Merge routine. The goal is to merge pointsof small componentswith ’closest’ big
patches.Thosepointscorrespond to the componentsthat areusuallylocatedbetween
holeandknob patches, wheresurfacetopology changesquickly from concave to con-
vex. For eachpoint of small componentswe compute the geodesicdistanceto every
valid patchusingtheDijkstra [7] algorithm. Thepoint is addedto theclosestpatch.

At this stagemostof thesurfaceis representedby threetypesof patches of almost
equalareas(seefigure2(b)). Now, we attemptto detectthosepatches,which aremost
likely to appearin thebinding sitesof themolecules.

Detection of Active Sites. Thesuccessof thedocking canbesignificantlyimproved
by determining the active site of the molecules. Knowledge of the binding site of at
leastonemoleculegreatly reduces the spaceof possibledocking interactions. There
aremajordifferencesin theinteractionsof different typesof molecules(e.g.enzyme–
inhibitor, antibody–antigen).Wehavedevelopedfiltersfor everytypeof interaction and
focusonly on thepatchesthatwereselectedby theappropriatefilter.

Hot Spot Filtering. A number of studieshave shown that protein-protein interfaces
have conserved polar andaromatic’hot-spot’ residues.The goal is to usethe statis-
tics collected[15, 16] in order to designa patchfilter. Thefilter is supposedto select
patchesthathavehighprobability of beinginsidetheactivesite.Residuehotspotshave
experimentallybeenshown (via alaninescanningmutagenesis)to contributemore than
2 Kcal/mol to thebindingenergetics.In orderto measure it, we compute the propen-
sity of a residue in a patch =f0 � 0+4+2'g ! ,/.19K:�Q & asthefractionof theresiduefrequency in
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Fig.2. (a)Surfacetopology graphsfor trypsininhibitor (PDBcode1ba7). Thecaps,beltsandpits
areconnectedwith edges.(b) Geometricpatches:thepatchesarein light colorsandtheprotein
is dark.

the patchcompared to the residuefrequency on the molecularsurface.Subsequently,
we choosepatches with the high propensitiesof hot spotresidueswhich are:( � ) Tyr,
Asp,Asn,Glu, SerandTrp for antibody; ( ��� ) Arg, Lys,Asn andAsp for antigen; ( ����� )
Ser, Gly, Asp andHis for protease;and( � F ) Arg, Lys, Leu, Cys andPro for protease
inhibitor.

Antibody-Antigen interactions: Detection of CDRs. It is well known that antibodies
bindto antigensthroughtheirhypervariable (HV) regions,alsocalledcomplementarity-
determining regions (CDRs)[1]. Thethreeheavy-chainandthreelight-chain CDR re-
gionsarelocatedon the loopsthatconnect the h strandsof thevariabledomains. We
detectthe CDRs by aligning the sequenceof the given antibody to a consensus se-
quence of a library of antibodies. The docking algorithmis thenrestrictedto patches
which intersecttheCDR regions.

2.2 SurfacePatch Matching

Given the patchesof a receptoranda ligand, we would like to compute hypothetical
docking transformationsbasedon local geometric complementarity. The idea is that
knobpatchesshould matchholepatchesandflat patchescanmatchany patch. We use
two techniquesfor matching:

1. Single Patch Matching: onepatchfrom thereceptor is matchedwith onepatchfrom
theligand.This typeof matching is usedfor docking of smallligands,likedrugsor
peptides.

2. Patch-Pair Matching: two patchesfrom thereceptor arematchedwith two patches
from the ligand. We usethis type of matching for protein-protein docking. The
motivation in patch-pair matching is that molecules interactingwith big enough
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contactareamusthave more thanonepatchin their interface.Thereforematching
two patchessimultaneouslywill resultin numericallymorestabletransformations.
For thispurposewedevelop aconceptof neighboringpatches:two patchesarecon-
sideredasneighborsif thereis at leastoneedgein �i����� thatconnectsthepatches.

Bothutilize theComputerVisionmotivatedGeometricHashing[34] andPoseClus-
tering [29] techniquesfor matchingof critical pointswithin thepatches.At first local
featuresof the objectsarematched to compute thecandidatetransformations thatsu-
perimposethem.After matching of the local features a clusteringstepis applied to
selectposes(hypotheticaltransformations) with strongevidence, i.e. transformations
consistentwith a large enoughnumber of matching local features.

Fig.3. Baseformed by two points
andtheirnormals.

Generation of Poses.Weimplement thematch-
ing step using GeometricHashing[34]. There
aretwo stagesin thematchingalgorithm: prepro-
cessingandrecognition. We denoteby a basea
minimal set of critical featureswhich uniquely
definesa rigid transformation.A transformation
invariant shapesignature is calculatedfor each
base.In the preprocessingstage,eachbaseis
storedin a hash-tableaccording to its signature.
In therecognition stage,thebasesof thereceptor
arecomputed.Thebasesignatureis usedasakey

to thehash-table.For eachligand basefound in thehash-tablea candidate transforma-
tion thatsuperimposeslocal featuresof thereceptor andtheligandis computed.

Weusetwo points
� . !�N�& andtheirvolumenormals

� B ` ! Bj\ & asthebasefor transfor-
mationcalculation [23]. Thebasesignature

� L #k! L1� !$lm! h !�nm& is definedasfollows(see
figure3):

– TheEuclidianandgeodesicdistancebetweenthetwo points: L # and L1� .
– The angles lm! h formed betweenthe line segment . N and eachof the normals

B ` ! Bj\ .
– Thetorsionanglen formedbetweentheplane of . !�N+! Bo` andtheplaneof . !�NA! B \ .

Two signatures,onefrom thereceptor andtheotherfrom theligand, arecompatible if
theirsignatures arecloseenough. Notethatwedonotdemand herematchingof aknob
to a hole,sinceit is ensuredby matching knobpatcheswith holepatches.

Clustering Poses.Matchingof localfeaturesmayleadtomultiple instancesof ’almost’
thesametransformation(similarpose).Therefore,clustering is necessaryto reduce the
numberof potential solutions.We applytwo clusteringtechniques:clusteringby trans-
formationparametersandRMSD clustering.Clusteringby transformationparameters
is coarsebut veryfast,andis appliedfirst.After thenumberof transformationsis signif-
icantly reduced,we runRMSD clustering,which is moreexact,but alsomuchslower.
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2.3 Filtering and Scoring

Sincethetransformationiscomputedby localmatchingof criticalpointswithin patches,
it mayresultin unacceptablestericclashesbetweenthereceptorandligandatoms.We
shouldfilter out all thosetransformations. In addition, we needto rankthe restof the
solutions.

Steric Clashes Test. In this stagethe distancetransform grid is extensively used.For
eachcandidate transformation we perform the stericclashtestasfollows. The trans-
formation is appliedon the surfacepoints of the ligand. Next we accessthe distance
transform grid of the receptorwith the coordinatesof every surfacepoint. If the dis-
tanceis lessthan penetration threshold for eachsurfacepoint, the transformation is
retainedfor thenext step,otherwisethetransformationis disqualified.

Geometric Scoring. Thegeneralideais to divide thereceptor into shellsaccording to
the distancefrom the molecular surface.For example, in [23, 10] a receptor wasdi-
videdinto 3 shellsanda grid representingthemwasconstructedasfollows: interior(I)
grid voxelscorrespondingto interioratoms(nosurfacepoint generatedfor them),exte-
rior(E) voxels for exterior atomsandsurface(S) voxels for surfaceMS dots.Thescore
of the transformationwasa weightedfunction of ligandsurfacepoints in eachrange:
S-4E-10I. We have generalizedthis approachandmadeit moreaccurateusinga dis-
tancetransform grid (seeAppendix). Eachshell is definedby a range of distancesin
thedistancetransformgrid. Insteadof using3 shellswe canuseany number of shells
andthescoreis a weightedfunction of thenumberof ligandsurfacedotsin eachshell.
In thecurrent algorithm implementation5 shellsareused: paqorGs t ! q%u>s v & , paq%u"s v ! qow"s w & ,
pxqow"s w ! q@y's t & , paq@y's t ! y's t & , pxyzs t>q & . In thescoringstagefor eachcandidatetransforma-
tion we count the number of surfacepoints in eachshell. The geometric scoreis a
weightedaverageof all theshells,whenweprefercandidatecomplexeswith largenum-
berof points in the pxq@yzs t ! y's t & shell,andaslittle aspossiblepointsin the’penetrating’
shells: paqorGs t ! q%u"s v & , paq%u"s v ! qowGs{w & .

Thosealgorithmsprovideveryaccuratefiltering andscoring, but arealsoveryslow,
especiallywhenhigh-densitysurfaceis usedfor the ligand. In order to speed-up this
part of the program we usea multi-resolutionmolecularsurfacedatastructure(see
Appendix). We construct two trees:oneof high densityusingConnolly’s MS Surface
andtheotherof lowerdensity, usingthesparsesurface[22] asthelowestlevel.Thetree
basedon thesparsesurfaceis usedfor theprimaryscoringof thetransformations.The
treebasedon thedenserMS surfaceis usedfor penetration(stericclash)checkandfor
finegeometric scoring.

Givena setof candidatetransformationsfrom thematchingstep,we first checkthe
stericclashes.Only transformationswith ’acceptable’ penetrations(lessthan5Å) of the
atomsareretained. Thesetransformationsarescoredwith the low densitybasedtree.
Weselect500highscoringtransformationsfor everypatchandre-score themusingthe
highdensitysurface.

Theremaining transformationscanbefurtherre-rankedaccording to biological cri-
teria.
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3 Resultsand Discussion

It is not trivial to detectdatato testunbounddocking algorithms.Notethatwe needto
know threestructures.Thestructuresof thetwo moleculesto bedockedaswell asthe
structureof their complex, so that we could reliably testour prediction results.Thus,
themaximalcurrentlyavailablebenchmarkcontainsonly few tensof molecule pairs.

Table1 lists the35 protein-protein casesfrom our testset.Our datasetincludes22
enzyme/inhibitorcasesand13 antibody/antigencases.In 21 casestheunboundstruc-
turesof bothproteinswereusedin docking, in theother14casestheunboundstructure
for only onemoleculewasavailable.Our methodis completely automated.Thesame
setof parametersis usedfor eachtypeof interactions. In theenzyme/inhibitordocking
wematch’hole’ patchesof theenzymewith ’knob’ patchesof theinhibitor, sincethein-
hibitorusuallyblockstheactivesitecavity of theenzyme.In theantibody/antigendock-
ing wematchall patchtypes,sincetheinteraction surfaces areusuallyflat comparedto
enzyme/inhibitor. In additionwe restrictoursearchto theCDRsof theantibody.

Thefinal resultsaresummarizedin table2.All therunsweremadeonaPCworksta-
tion (Pentiumc

|
II 500MHz processorwith 512MB internalmemory). First,wepresent

theresultsfor thebound cases.As canbeseenthecorrectsolutionwasfoundfor all the
cases.In 31 out of the35 examples,thelowestRMSD achievedis below 2Å. Thefirst
rankedresultis thecorrectonein 26cases.In other9casesthecorrect solutionis ranked
amongthefirst 30 results.Columns4 and5 describethestericclashesthatoccur when
theunboundstructures aresuperimposedon thebound complex. It shows theextent of
shapecomplementarityin every example. Column4 lists the maximalpenetration of
theligand andreceptor surfacesinto eachother. In somecasesit is morethan5Å. Col-
umn5 lists thenumber of residuesof thereceptor andtheligandrespectively thatcause
deepstericclashes(more than2.2Å surfacepenetration).Thenumberof thoseresidues
is morethen10 in 4 cases.In theunbound-bound casesthenumbersaresignificantly
lower, allowing us to reachbetterresults.We do not list the penetration level for the
bound complexessincethe numbersarevery small: the maximal surfacepenetration
is below 2.5Å. In the resultsobtained for the unboundcaseswe succeeded in finding
solutionswith RMSD under 5Å in all but 3 cases.In thosecases(PDB codes1DFJ,
2SNI, 1DQJ)shapecomplementarityis affected by many side-chain movements.The
rankis under350in 17outof 22enzyme/inhibitor casesandis under1000in 11outof
13antibody/antigencases.Thebestrankedresultfor antibody Fab5G9/Tissuefactoris
shown in figure4(a).

Theprogramwastestedonadditionalexamples(Protein-DNA, Protein-Drug)which
arenotshown here.In figure4(b)we show oneof theseresults.

Therankof thecorrectsolutiondepends ona numberof factors:

1. Shapecomplementarity - stericclashesintroducenoiseto thescoringfunctions,
reducing thescoreandtherankof thecorrectsolution.

2. Interface shape- it is mucheasierto find correctassociationin moleculeswith
concave/convex interface(enzyme/inhibitor cases)ratherthanwith flat interfaces
(antibody/antigen cases).Theshapecomplementarityis muchmoreprominent in
theconcave/convex interfacesandthereforeeasierto detect.

3. Sizesof the molecules- thelarger themoleculesthehigherthenumberof results.
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(a) Antibody–antigen (b) Protein–DNA

Fig.4. (a) Unbound docking of the Antibody Fab 5G9 with Tissue factor (PDB codes
1FGN,1BOY). The antibodyis depictedin ribbonsrepresentationandthe CDRsare in space-
fill. Theantigenandthesolutionobtainedby our programaredepictedin backbonerepresenta-
tion (RMSD 2.27Å, total rank 8). (b) Protein-DNA docking: unbound-bound case(PDB codes
1A73,1EVX).BestRMSD obtained0.87,rank 2. The DNA is shown in spacefill.Our solution
superimposedon thenative complex is shown in backbone representation.

In our algorithm thedivision to patchesandselectionof energetic hot spotsreduce
theareaof thematchedsurfaces,therefore thenumber of possibledocking configura-
tionsis decreasedandtheranking is improved.

4 Conclusions

Wehavepresented anovel andhighly efficientalgorithm for docking of two molecules.
While herewe have shown resultsobtainedby applying the algorithm to thedocking
of two protein molecules,thealgorithmcanbeappliedto receptor–drugcasesaswell
(not shown here).The attractive running timesof the algorithm andthe high quality
of theresultscomparedto otherstateof theart method [26, 12, 3] aretheoutcomeof
severalcomponents.First, thealgorithm dividesthemolecularsurfaceinto shape-based
patches.This divisionaddressesboththeefficiency andat thesametime,distinguishes
betweenresiduetypes(polar/non-polar) in thepatches.Further, wemakeuseof residue
hot spotsin thepatches.Second, themethodutilizesdistancetransform to improve the
shapecomplementarityfunction. Third, it implementsfasterscoring, basedon multi-
resolutionsurfacedatastructure.Ourimprovedshapecomplementarityfunction further
contributesto thequalityof theresults.While herethedocking is rigid, theutilizationof
the last threecomponentsenablesusto permit moreliberal intermolecularpenetration
(upto 5 Å here).
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Complex ReceptorLigand Description Rec.sizeLig. size

1ACB 5CHA 1CSE(I) } -chymotrypsin/EglinC 236 63
1AVW 2PTN 1BA7 Trypsin/SotbeanTrypsininhibitor 223 165
1BRC 1BRA 1AAP Trypsin/APPI 223 56
1BRS 1A2P 1A19 Barnase/Barstar 108 89
1CGI 1CHG 1HPT } -chymotrypsinogen/pancreatic secretory

trypsininhibitor
226 56

1CHO 5CHA 2OVO } -chymotrypsin/ovomucoid3rd Domain 236 56
1CSE 1SCD 1ACB(I) SubtilisinCarlsberg/EglinC 274 63
1DFJ 2BNH 7RSA Ribonucleaseinhibitor/RibonucleaseA 456 124
1FSS 2ACE 1FSC Acetylcholinesterase/FasciculinII 527 61
1MAH 1MAA 1FSC MouseAcetylcholinesterase/inhibitor 536 61
1PPE* 2PTN 1PPE Trypsin/CMT-1 223 29
1STF* 1PPN 1STF Papain/StefinB 212 98
1TAB* 2PTN 1TAB Trypsin/BBI 223 36
1TGS 2PTN 1HPT Trypsinogen/Pancreatic secretory trypsin in-

hibitor
223 56

1UDI* 1UDH 1UDI VirusUracil-DNA glycosylase/inhibitor 228 83
1UGH 1AKZ 1UGI HumanUracil-DNA glycosylase/inhibitor 223 83
2KAI 2PKA 6PTI Kallikrein A/Trypsininhibitor 231 56
2PTC 2PTN 6PTI ~ -trypsin/Pancreatictrypsininhibitor 223 56
2SIC 1SUP 3SSI SubtilisinBPN/Subtilisin inhibitor 275 108
2SNI 1SUP 2CI2 SubtilisinNovo/Chymotrypsininhibitor 2 275 65
2TEC* 1THM 2TEC Thermitase/EglinC 279 63
4HTC* 2HNT 4HTC } -Thrombin/Hirudin 259 61

1AHW 1FGN 1BOY Antibody Fab5G9/Tissuefactor 221 211
1BQL* 1BQL 1DKJ Hyhel - 5 Fab/Lysozyme 217 129
1BVK 1BVL 3LZT Antibody Hulys11Fv/Lysozyme 224 129
1DQJ 1DQQ 3LZT Hyhel - 63 Fab/Lysozyme 215 129
1EO8* 1EO8 2VIR Bh151Fab/Hemagglutinin 219 267
1FBI* 1FBI 1HHL IgG1 Fabfragment/Lysozyme 226 129
1JHL* 1JHL 1GHL IgG1 Fv Fragment/Lysozyme 224 129
1MEL* 1MEL 1LZA Vh Single-DomainAntibody/Lysozyme 132 127
1MLC 1MLB 1LZA IgG1 D44.1Fabfragment/Lysozyme 220 129
1NCA* 1NCA 7NN9 FabNC41/Neuraminidase 221 388
1NMB* 1NMB 7NN9 FabNC10/Neuraminidase 229 388
1WEJ 1QBL 1HRC IgG1 E8 Fabfragment/CytochromeC 220 104
2JEL* 2JEL 1POH Jel42FabFragment/A06Phosphotransferase 228 85

Table1.Thedatasetof Enzyme/InhibitorandAntibody/Antigentestcases.Welist thePDBcodes
of thecomplex andtheunbound structures,proteinnamesandthenumberof aminoacidsin every
protein.Theunbound-bound casesaremarkedwith *.
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Boundcases Penetrationsin un-
bound

Unboundcases

PDBcodeRMSD(Å)
(patchrank)�

Best
rank�

penetration
distance�

# of
residues�

RMSD(Å)
(patchrank)�

Best
rank�

CPU
(min)�

1ACB 1.05(23) 1 2.43 2,0 1.12(34) 10 59:48
1AVW 0.82(1) 1 2.79 7,3 1.92(223) 330 55:11
1BRC 1.07(96) 1 4.76 7,0 4.76(168) 179 15:10
1BRS 0.66(1) 1 2.79 3,1 3.19(85) 143 24:09
1CGI 1.21(2) 1 3.30 4,4 1.74(338) 135 21:06
1CHO 1.77(198) 2 3.28 7,0 1.25(4) 5 14:25
1CSE 1.43(1) 1 2.99 3,0 1.76(478) 603 28:34
1DFJ 1.84(15) 15 4.81 16,9 7.04(10) - 35:16
1FSS 2.35(115) 4 3.14 5,7 1.64(360) 142 32:38
1MAH 0.71(2) 1 3.25 6,2 2.47(24) 736 21:07
1PPE* 0.98(1) 1 2.18 0,0 0.96(1) 1 07:31
1STF* 0.56(1) 1 1.94 0,0 1.32(1) 1 30:39
1TAB* 1.63(21) 1 2.62 1,0 1.72(35) 81 07:01
1TGS 0.71(2) 1 4.30 8,5 2.82(445) 573 17:17
1UDI* 1.35(2) 1 3.02 2,4 1.83(6) 73 20:33
1UGH 0.84(1) 1 3.31 6,8 2.48(151) 44 17:06
2KAI 0.89(2) 1 4.67 14,10 3.21(235) 224 20:59
2PTC 0.74(3) 1 4.07 9,2 1.86(222) 10 13:45
2SIC 1.49(3) 3 2.91 7,6 1.30(6) 122 29:59
2SNI 2.22(1) 1 5.64 12,5 6.95(392) - 14:09
2TEC* 0.93(27) 1 2.61 1,0 0.77(29) 241 31:29
4HTC* 1.76(3) 1 2.72 2,2 1.54(1) 1 09:04

1AHW 0.83(1) 1 3.02 4,3 1.73(98) 8 52:06
1BQL* 0.96(3) 1 2.30 0,0 0.66(1) 1 22:51
1BVK 1.32(10) 1 2.01 0,0 2.91(185) 577 08:37
1DQJ 1.32(1) 1 4.08 12,13 5.24(244) - 20:56
1EO8* 1.19(1) 1 2.75 3,4 2.27(168) 1071 33:22
1FBI* 1.46(2) 1 4.01 7,1 1.05(228) 282 20:41
1JHL* 1.30(167) 3 1.94 0,0 2.91(134) 274 27:01
1MEL* 1.45(2) 1 2.39 1,0 1.20(3) 2 07:30
1MLC 1.17(112) 3 4.23 7,9 3.10(397) 689 15:55
1NCA* 1.69(1) 1 1.74 0,0 1.92(16) 43 20:30
1NMB* 2.79(17) 17 1.40 0,0 2.07(44) 218 15:09
1WEJ 1.47(11) 11 2.16 0,0 2.09(260) 417 16:06
2JEL* 3.67(4) 4 2.38 3,0 3.37(45) 112 08:39
Table 2. Resultsobtainedfor the test set.We list the PDB codeof eachcomplex, resultsfor
boundcases,level of penetrationin theunbound complexessuperimposedon boundandresults
for theunboundcases.� BestRMSD(Å) result.In thebracketsis its rankin thelist of theresults
for the patchit wasfound in. � Bestrankingof the resultwith RMSD under5Å amongall the
results.� Maximalpenetrationbetweenthesurfacesin Å. � Numberof residuesthatpenetratethe
surfacewith distancegreaterthan2.2Å for receptorandligandrespectively. � Therunningtime
of matchingandscoringstepfor theunbound cases.
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Appendix

DistanceTransform Grid

Distancetransformgrid is adatastructurefor efficientqueriesof typedistance from surface. The
moleculeis representedby a3D grid,whereeachvoxel �������5���z� holdsavaluecorrespondingto the
distancetransform�8�o���K���A���z� . Therearethreetypesof voxels:surface(MS surfacepoint maps
to thevoxel), interior (insidethemolecule)andexterior (outsidethemolecule).Thedistancesare
zeroat thesurfacevoxels andchange asthe distancefrom the surfaceincreases/decreases. The
distancetransformis negative for insidemoleculevoxelsandpositive for outsidevoxels.

Supported Queries.

– distance from surface: Givena point � , we accessthegrid with its coordinatesandreturna
valueof thevoxel corresponding to thepoint.Clearlythis queryconsumes�f����� time.
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– shape function and volume Normal: A sphereof radius � is placedat a given point � . We
count the ratio of negative grid voxels inside the sphereand the total numberof sphere
voxels.Thevolumenormalis computedin thesamemanner. Wecompute thegravity center
of thepositive grid voxels insidethesphere.This setsthedirectionof thenormal.

Multi-Resolution Surface

In orderto support fastgeometricscoringandfiltering of thetransformations,weconstructmulti-
resolutiondatastructurefor the ligand’s surfacedots.We build a surfacetree,whereeachlayer
representsthe ligandsurfaceat a differentresolution.This datastructureallows usto work with
veryhighMS surfacedensityandto reducegreatlythenumberof queriesin thereceptordistance
transformgrid. The main ideais that if the point falls outsidethe interface,thereis no needto
checkwheretheadjacentpointsfall.

Supported Queries.

– isPenetrating: Given a transformationand a penetration threshold we checkwhetherthe
surfacepointsof the ligand penetratethe surfaceof the receptorwith morethenthe given
threshold.

– maxPenetration: Givena transformationfind themaximumsurfacepenetration.
– score: Givena transformationanda list of ranges,thegoal is to countthenumberof lowest

level surfacepointsin eachrange.
– interface: Selectsthe interfacesurfacepointsfor a given transformation.The output is all

thenodeswith thedistancetransformvaluelesstheninterface threshold.

All thequeriesemploy theDFSsearchwith iterativeimplementationusingastack.Thecomplex-
ity of thequeriesis proportionalto high level size+ interfacesize.


