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GáborIván1;2 ZoltánSzabadka1;2

VinceGrolmusz1;2

1ProteinInformationTechnologyGroup,Departmentof ComputerScience,
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Abstract
TheProteinDataBank(PDB)containsthedescriptionof approximately27,000

protein-ligandbindingsites.Mostof theligandsat thesesitesarebiologicallyac-
tive smallmolecules,affectingthebiological functionof theprotein. Classifying
their bindingsitesmayleadto relevantresultsin drugdiscoveryanddesign.

Clustersof similar binding sitesarecreatedhereby a hybrid, sequenceand
spatial-structurebasedapproach,usingtheOPTICSclusteringalgorithm. We de-
�ned a dissimilarity-measure:a distance-functionon theaminoacidsequencesof
thebindingsites.We clusteredall thebindingsitesin PDB accordingto this dis-
tancefunction,andfoundthattheclusterswell characterizetheECcodesof those
entriesthathave one.

The color-codedresults,containing20,967binding sitesclustered,areavail-
ableashtml �les in threepartsathttp://p it gro up.or g/ se qcl us t/ .

1 Intr oduction

In the pastfew yearsexploration of the humangenomegainedthe widestpublicity.
Although somewhat lessemphasized,anotherplenteousbioinformaticalresourceis
theexponentiallygrowing,publicly availableProteinDataBank(PDB) [1], containing
morethan55,000biologicalstructurestoday.

Three-dimensionalstructureof smallermolecules– e.g.,drugmolecules– canusu-
ally becalculatedfrom theirchemicalcomposition.Severaldatabasesexist thatcontain
millions of ligands- anexampleof this is thefreelyavailableZINC database([2]) cre-
atedfrom cataloguesof compoundmanufacturers.

Contraryto ligands,threedimensionalstructureof proteinscannoteasilybecalcu-
lated,sotherapidgrowth of thePDBcannotbeoverestimated.

Mostof theantimicrobialdrugmoleculesactasenzymeinhibitors. Inhibitorsneed
to bind strongerto the enzymethan the substrateof the enzyme;consequently, the
chemicalandgeometricalpropertiesof the binding sitesareof utmostimportancein
drugsearchanddesign.
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1.1 Our goals

ThePDB containsthe three-dimensionalstructuresof morethan55,000entries.In a
separatework ([3]), wecollected,veri�ed andcleanedthelist of approximately27,000
binding sites,found in thePDB. In the processof identifying thesebinding sites,we
�ltered out crystallizationartifacts,covalently-boundsmall molecules,andalsotook
into accountbrokenpeptide-chains,modi�ed amino acids, incorrectly labeledHET
groups.Theresultingcleaned,strictly structuredRS-PDBdatabase([3]) canserve as
an input for differentdatamining algorithms.Onesuchtechniqueof classi�cationis
clustering. By clusteringof bindingsitesit is possibleto createbindingsitesimilarity
classes.Theseclassescanbeusefulfor classifyingprotein-ligandinteraction.

In this paperwe presenta fast,sequence-basedmethodfor bindingsiteclustering
thattakesintoaccountaminoacidsequencesin thecloseneighborhoodof bindingsites.
Ourmethodis a hybrid in thesensethatit usesthesequenceinformationtogetherwith
thestericdatafrom thePDB in a clearlystructuredway.

1.2 Previous work

Thereis a very rich literaturedescribingidenti�cation techniquesfor biological func-
tions from structuralproteininformationby applyinghighly non-trivial mathematical
tools [4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25].
Someof thesetools wereappliedfor �nding or analysingprotein-proteininteraction
network topology[23, 26, 27, 28, 29, 30, 31] or binding sites[23, 32, 33]. A con-
siderableamountof work wasalsodonefor devising polypeptidesequence-orderin-
dependentstructuralproperties[34, 35, 6, 36, 37, 14, 15, 17, 17, 38]. Unlike other
bindingsiteclusteringsolutionsin theliterature([39, 40, 41, 42]), we usea hybrid of
order-independentandanorder-analyzingmethods;oneof its mainfeaturesis thatit is
capableof handlingmultiple polypeptidechainsin thesamebindingsite.

2 Methods

2.1 Binding Site Representation

As a �rst step,an exact de�nition of a binding site hasto be provided. For easyal-
gorithmic handlingwe storethe binding sitesfound in the PDB in a compactdata
structure.

The De�nition of Binding Sites

A binding sitesis de�ned asa setof atom-pairs;the �rst atomof the pair belongsto
theprotein,andthesecondatomto theboundligand,suchthat their distanceis equal
to thesumof VanderWaalsradii, calculateddifferentlyfor differentatom-types.That
is, only thepairswithin non-covalentbindingdistanceareincludedin thelist. Binding
sites,containingcovalently boundligands,arenot consideredin this work, sincethe
mainmotivationof oursis to review pharmacologicallysigni�cant bindingsites.
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A bindingaminoacid (or residue)is an aminoacid with at leastoneof its atoms
in bindingatom-pair. A bindingaminoacid sequenceis anaminoacid sequencethat
containsat leastonebinding aminoacid. Basically, binding sitesarerepresentedby
storingall thebindingaminoacid sequencesof all theproteinchainsthatarepresent
at theparticularbindingsite.

Binding siteswere extractedfrom the RS-PDBdatabasedescribedin ([43] and
[3]). By usingthisde�nition for bindingsites,all aminoacidsfrom agivenaminoacid
sequencethat have at leastoneatomcontainedin an atompair-set(describingsome
bindingsite)canbeidenti�ed.

ResidueSequenceRepresentation

On aminoacid sequencewe meansequencesconsistingof aminoacidsconnectedby
peptidebondsthatareof maximallength(i.e., they cannotbe continuedwith further
aminoacidsoneitherend).

We notethatmultiple aminoacidsequencesmight occurin theimmediatevicinity
of a single binding site, which makesbinding site distance/similaritydetermination
fairly complicated.An exampleof a binding site with four neighboringpolypeptide
chainscanbeseenonFigure1.

Figure1: A bindingsitewith four proteinchains(PDBID: 1CT8). Eachchainis col-
oreddiferently.

Binding amino acid sequenceswere �rst extractedfrom the binding sitesof the
RS-PDBdatabase[43], [3] thenthey weresimpli�ed asfollows:

A stringwasassignedto eachaminoacidsequencein a bindingsite. In this string,
residuesparticipatingin the bond were indicatedby their one-charactercode; non-
binding amino acidswere indicatedby '-' characters.As our purposewas to deal
with only thebindingsections,thepre-andpost�xesconsistingof purelynon-binding
aminoacids(or, in our notation,'-' characters),weredeleted. Henceall the strings
constructedthisway startandendwith a bindingaminoacid.
Example. A binding aminoacid sequenceconstructedandtransformedthe way de-
scribedabove (from PDBentry2BZ6) is shown below:

3



H � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � TT � � D � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � P � � � � � � � � � � � � � � �
� DSCK � � S � � � � � � � � � � � � � � � � � V SW GQGC � � � � � � G

2.2 DistanceFunction

For usinga clusteringalgorithm,we needto de�ne a distancefunction. The binding
sitesarerepresentedby all aminoacidsequencesthatparticipatein thebondwith the
ligand. Consequently, onehave to de�ne thedistanceof thesequence-sets,situatedin
thebindingsites.This is accomplished�rst by de�ning thedistanceof two sequences
(describedin section2.1), thenby de�ning thedistanceof sequence-sets.Thereason
for thiscomplexity is thefact thatmorethanonebindingsequencecanbepresentin a
bindingsite(cf., Figure1).

SequenceComparisonAlgorithm

For measuringthedistancesof bindingsectionsof aminoacidsequencesconstructed
the way describedabove, we useda modi�ed versionof the algorithmusedfor cal-
culatingLevenshtein-distance(furthermoredenotedasL). Themodi�cationsinvolved
assigningdifferentcoststo gapsdependingon wherethey areinserted,while amino
acidmismatchesweresimply penalizedby thevalue1.

Thecostsof alignedbindingandnon-bindingaminoacidswerethefollowing:

� Thecostof two aligned,differentaminoacidsis 1.

� Thecostof aligned,matchingaminoacidsis zero.

Gapswerepenalizedasfollows:

� Insertionof a gap with a length of one unit (one amino acid) costsgp (gap
penalty), if the gap is alignedwith a non-bindingamino acid in the otherse-
quence.If a gapis alignedwith a bindingaminoacid,its costis 1.

� Insertionof gapsat the endof sequencesis only penalizedif they arealigned
with bindingaminoacids.Gapsinsertedat eitherendof a sequencehave a zero
cost,if they arealignedwith non-bindingaminoacids.

It canbeshown thattheLevenshtein-distance(andalsoour modi�ed versionof it)
ful�lls therequiredpropertiesfor beinga metric.Non-negativity andsymmetrycanbe
directlyseenfrom thede�nition (assumingnon-negativecosts).It is alsoobviousthata
zerodistancecanonly beachievedby comparingthesameobjects:L(x; y) = 0 ( )
x = y (assumingthatevery comparedsequencestartsandendswith a bindingamino
acid). What is left to prove is thetriangleinequality: for every s; t; r strings(binding
aminoacidsequences),

L(s; t) � L (s; r ) + L(r ; t)
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In otherwords,the triangleinequalityassertsthat changings to t ”via” r cannot
costlessthanchangings into t directly. As theLevenshtein-distance(by de�nition) is
theminimumpossibletotal costof operationstransformings into t, andthesequence
of operationsthat transforms into r , andthenr into t is alsoanallowedsequenceof
operations,it cannothave a lowertotalcostthanL(s; t), asthiswouldcontradictto the
optimality of L(s; t). (What we maywant to prove at this point is that thealgorithm
we useindeedcalculatesthede�ned distance– L.) This reasoningis alsoapplicable
to our modi�ed versionof the Levenshtein-distance;the only differenceis that we
have a somewhat moresophisticatedsetof costsfor inserting,deletingandchanging
characters.We assumethat the costsarenon-negative, andany binding aminoacid
sequencecomparedwith our distancefunction startsandendswith a binding amino
acid.Wecannow reformulatetheabovede�nedcoststobeusedwith ”insert”, ”delete”,
”change”operations.

Costsfor insertion:

� Insertinga '-' characterto theendof thesequence:0.

� Insertinga '-' characterbetweenthe �rst and last binding amino acid of the
sequence:GP .

� Insertingtheone-lettercodeof a bindingaminoacid:1.

Costsfor deletion:

� Deletinga '-' characterfrom theendof thesequence:0.

� Deletinga '-' characterbetweenthe�rst andlastunchangedbindingaminoacid
of thesequence:GP .

� Deletingtheone-lettercodeof a bindingaminoacid: 1.

Costsfor characterchanging:

� For matchingcharacters,0.

� For non-matchingcharacters,1.

If we want to transforma binding aminoacid sequences into t usingthe above
operations,we cannotexpect to get a lower total cost by �rst transformings to an
arbitraryr andthenr to t (comparedto directly transformings to t). This meansthat
thetriangleinequalityholds.

Binding SiteComparisonMethod

Theinputof thedistancefunctiondescribedabovearetwo stringsthatrepresentamino
acid sequencesextractedfrom bindingsites.However, our aim is to measurethedis-
tanceof bindingsites,not just singleaminoacidsequences.We have seenin Section
2.1onFigure1 thatmultipleaminoacidsequencesmightoccurin theimmediatevicin-
ity of a binding site. Therefore,we alsohave to de�ne the distanceof sequence-sets,
representingbindingsites.
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For this purpose,a completebipartitegraphis de�ned: This is a graphwherethe
setof verticescanbedividedinto two disjoint setsA andB suchthatnoedgehasboth
of its endpointsin the sameset,while jAj = jB j andthe numberof edgesis always
jAj � jB j.

� Pointsof thevertex setsA andB correspondto theaminoacidsequencesof the
�rst andthesecondbindingsites,respectively. If thenumbersof theaminoacid
sequencesarenotequalin thetwo bindingsites,aminoacidsequenceswith zero
lengthareaddedto thesmallerset.

� Weightsareassignedto all edgesof this graphthat correspondto the distance
of the two aminoacid sequencestheedgeconnects.On distancewe meanthe
distancede�ned in Section2.2.

Thedistanceof thesequencesetsA andB is thende�ned astheminimumweight
perfectmatching([44]) in thegraphde�ned above.

We notethatby thede�nition of Section2.2, thedistanceof an arbitraryresidue-
sequenceA to a zero-lengthsequenceB is thebindingaminoacidcountof sequence
A.

Binding SiteDistanceNormalization

Theexpecteddistanceof two randomlygeneratedbindingsiteswill beproportionalto
thesumof bindingaminoacidsoccurringat thebindingsites.Themaximumachiev-
abledistanceis alwayslessthanthesumof bindingaminoacids.

Thedistanceof two bindingsitescalculatedusingthefunctiondescribedin Section
2.2 doesnot describebinding site dissimilarity alone. If the distanceof two binding
sitesis 3, it mayoccurthat they have 3 bindingaminoacidseach,hencethey canbe
completelydifferent.Ontheotherhand,adistanceof 3 betweentwo bindingsiteswith
30 binding residueseachis approximatelya ten percentdifference,so thesebinding
sitesmightbealmostthesame.

Therefore,it is necessaryto ,,normalize”thedistances– we did thisby dividing all
distancesby the sumof binding aminoacidsof the two binding sitesin comparison.
Theresultof this operationyieldsa valuebetween0 and1 thatcanalsobeinterpreted
asa percentageof theabsolutemaximumpossibledistanceof thetwo bindingsites.

2.3 Clustering Algorithm

For dataclusteringwe intendedto usean algorithmthat is not biasedtowardseven
sizedandregularshapedclusters.

Onealgorithmwith this propertiesis DBSCAN ([45]), which is a density-based
algorithm. The densityof objectsis de�ned with a radius-like� parameterand an
object-countlower limit (minpts ): a neighborhoodof someobject o is considered
denseif thereexist at leastminpts objectswithin a less-than-� distance.So,minpts
and� areinput parametersof thealgorithm.
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Unfortunately, theclusteringstructureof many real-datasetscannotbecharacter-
izedby globaldensityparameters,asquitedifferentlocaldensitiesmayexist in differ-
ent areasof the dataspace.TheOPTICS(OrderingPointsTo Identify theClustering
Structure) ([46]) algorithmovercomesthesedif�culties by ordering the objectscon-
tainedin the database,creatingthe so-calledreachability plot. The reachabilityplot
is a very clever visualizationof high-dimensionalclusters.It is basicallygeneratedby
assigninga valuecalledreachability distanceto all theobjectsof thedatabase,while
goingthroughthedatabasepointsin aspeci�c order. Thereachabilitydistanceis given
on the y axes,while the objects(i.e., binding site-representations)arenumberedon
axesx. Clustersarecorrespondedto concave regionson the plot. After the creation
of thereachabilityplot, clustermembershipassignmentscanbe– amongothers– cre-
atedby cutting the reachabilityplot with a horizontalline furthermorereferredto as
cut-level.

The reachabilityplot of a small databaseconsistingof binding sitesthat contain
NAD astheligandcanbeseenonFigure2.

Figure2: OPTICSreachabilityplot of a databaseconsistingof 800bindingsites

2.4 Clustering Quality Measurement

Quality of a given clusteringdependson several parameters.Theseincludeparame-
tersof thedistancefunctionusedfor determiningsimilarity or distanceof objectsand
parametersof theclusteringalgorithm. In orderto getappropriatefeedbackaboutthe
quality of a clusteringwith a given parametersetting,a quality metricshasto be de-
�ned. For this purposewe usedthesilhouettecoef�cient ([47]). Theadvantageof the
silhouettecoef�cient is that it is completelyindependentfrom the type of databeing
clustered;uponits determinationit only usesobjectdistancesandclustermembership
assignments.
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silhouettecoef�cient Clustering quality
0:00-0:25 Clusterscannotbeadequatelyidenti�ed,

clusterbordersarenot obvious
0:25-0:50 Clusterscanbeidenti�ed, but thereexist

a lot of unclassi�ablepoints(noise)
0:50-0:70 Most of thedata/pointscanbeclassi�ed
0:70-1:00 Excellentdistinguishableclusters

Table1: Clusterqualitydescriptionsbasedonsilhouettecoef�cient 'svaluesby ([47])

Datacontainedin Table1 is basedon empiricalmeasurements– silhouettecoef�-
cientvaluesdependgreatlyon theapplieddistancefunction. Therefore,it is question-
ableto classifyclusteringsinto rigid quality categoriesbasedon thesilhouettecoef�-
cientvalue.However, it is undoubtedlyusefulfor comparingquality of clusterings.

Silhouettecoef�cient requiresthe clusteringalgorithmto assigneachbinding site
to a clusterby de�nition. Thus,thesilhouettecoef�cient valuealsoshows theamount
of noisethedatabasecontains.TheOPTICSalgorithm,however, alsoallowsmarking
somebinding sitesas ”noise” (thus not putting them into any cluster). It doesnot
seemto bereasonablefor bindingsitesthatare”noise” to betakeninto accounttwice
(once,astheOPTICSalgorithmmarksthem,andonceat thecalculationof silhouette
coef�cient ). Therefore,bindingsitesmarkedasnoisewerenottakeninto accountwhen
calculatingsilhouettecoef�cient. Nevertheless,for the sakeof completeness,we will
show (Figure5) how thevalueof silhouettecoef�cient would changeif binding sites
markedasnoisewouldbetakeninto considerationwith a silhouette=0value.

2.5 Databaseparametersand further settingsusedin OPTICS al-
gorithm

TheOPTICSalgorithmwasrunonadatabaseconsistingof 20,967bindingsites.Indis-
tinguishablebindingsites– thatwereassignedexactly to thesamebindingaminoacid
sequence-setsandligandidenti�ers – werecontainedonly once.(Theoriginaldatabase
– without this kind of redundancy �ltering – consistedof 27208binding sites.) Dis-
tanceof bindingsiteswasmeasuredwith thefunctiondescribedin Section2.2,using
costsintroducedin Section2.2.

3 Results

Our mainresultis theOPTICS-basedclusteringof the20,967bindingsitesfound. In
orderto verify thecapabilitiesof theclusteringmethodweneedto comparetheclusters
foundwith veri�ed biologicalfunctions.

3.1 Veri�cation of Results: Biological Relevance

Optimally, in the sameclusterproteinsof sameor closely relatedfunctionsoughtto
be assigned.We consideredthe EC classi�cation of the enzymes,and color-coded

8



theEC numbersin theway thatcloselyrelatedfunctionsgot closecolors,asgivenin
http://pitgroup.org/seqclust/bsitesAAcodes/ECcolour.html.

Thecolor-codedclusters,togetherwith theordinalnumberof thebindingsite,the
PDB ID, the clusterID and the EC numbercan be found in threelarge html �les,
(Page1,Page2,Page3) underhttp://pitgroup.org/seqclust/. Theclusterscorrespondto
concave regionsin the�gure.

Thedeviationsof theEC numbersin all theclusterswerealsocomputed,andare
givenin theon-linetablehttp://pitgroup.org/seqclust/bsitesAAcodes/ECdeviation.txt.

We believe that thevalidationof enzymaticfunctionsthroughEC numbersshows
that the clusteringmethodof ours is an adequatesolutionfor binding-siteclustering
andclassi�cation.

Parametersettingsand examples

Theparametersusedfor clusteringwerethefollowing:

Parameter Value
OPTICSminpts 2
OPTICScut-level 20%
Gappenalty(gp) 1

10

We presenthereasexamplesfour binding sitesfrom the biggestcluster(element
count:448)– seeFigure3. All fourproteinsarebloodclottingfactors.Thewholeclus-
teris givenin theon-lineFigurehttp://pitgroup.org/seqclust/bsitesAAcodes/bsitesopticsM02 No001.html.
Notethatthewholeclusteris coloredto bluethere,andall themembersof thecluster
(betweenline numbers702 and1149,clusterID: 28) have EC numbersof the form
3.4.21.X(serineproteases).

Fromthesecondbiggestcluster(elementcount:188)threebindingsiteswerevisu-
alizedonFigure4. Thewholeclusterisgivenin theon-lineFigurehttp://pitgroup.org/se-
qclust/bsitesopticsM02 No001.html. Note that the whole clusteris coloredto deep
violet,andalmostall themembersof thecluster(betweenlinenumbers1224and1411)
have ECnumbers3.4.23.16(HIV-1 retropepsins).Moreanalysisonthehomogenityof
theclustersis givenonhttp://pitgroup.org/seqclust/bsitesAAcodes/ECdeviation.txt.

3.2 Effects of Parameterson Clustering Quality and Cluster Size
Distrib ution

Within our bindingsitemodel,distancefunctionandclusteringalgorithm,threemain
parametersaffectedthepropertiesof clustering:OPTICSminpts , OPTICScut-level
anddistancefunction's gp. We examinedhow theseparametersaffect the quality of
clusteringmeasuredby silhouettecoef�cient.

� Effectof parametergp: Increasingthegappenaltygp slightly improvesthequal-
ity of theclustering.This is understandable,if we considerthattheintroduction
of a lessstrictgappenaltyfunctionautomaticallydecreasestheaveragedistance
betweenclusters.
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Figure 3: Four binding sites (PDB ID' s: 1ZPB, 1RXP, 1C5Z, 2BZ6)
from the same cluster. The whole cluster is given in the on-line Figure
http://pitgroup.org/seqclust/bsitesopticsM02 No001.html.Notethat thewholeclus-
ter is colored to blue, and all the membersof the cluster (betweenline num-
bers 702 and 1149, cluster ID: 28) have EC numbersof the form 3.4.21.X (ser-
ine proteases). More analysis on the homogenity of the clusters is given on
http://pitgroup.org/seqclust/bsitesAAcodes/ECdeviation.txt

� Effect of parameterminpts : Increasingminpts , two main effectscanbe ob-
served. On theonehand,an increasedminpts meansbetterquality clustering.
Ontheotherhand,it alsomeansdrasticallymorebindingsitesclassi�edasnoise.
Themain causeof the lattereffect is that theclustersthatexist in the database
but consistof lessthanminpts pointsarenot recognized,they aremarkedas
noise. Basedon this observation,it canbestatedthatour bindingsitedatabase
containsa lot of smallclusters.

� Effectof parameterOPTICScut-level: Increasingcut-level decreasesclustering
quality, andalsothenumberof bindingsitesmarkedas'noise'. Applicationof
an extremelyhigh cut-level putsalmostall binding sitesinto the samecluster;
thequality of suchclusteringcanby nomeansconsideredhigh.

As a conclusion,we statethat low minptsandcut-levels yield the bestclustering
quality (while covering70-80%of thebindingsitesfoundin PDB).

4 Conclusions

In this paperwe presenteda fast, sequence-basedmethodcapableof classifyingthe
bindingsitescontainedin thepublicly availableProteinDataBank.Wedeterminedpa-
rametersettingsyielding a classi�cationwith thebestquality (measuredby silhouette
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Figure 4: Three binding sites from the same cluster. One site
from PDB ID of 1BDL, and two sites on 1W5V, these are HIV-
1 proteases. The whole cluster is given in the on-line Figure
http://pitgroup.org/seqclust/bsitesAAcodes/bsitesopticsM02 No001.html. Note
that the whole cluster is coloredto deepviolet, and almostall the membersof the
cluster(betweenline numbers1210and1435)have ECnumbersof theform 3.4.23.16
(HIV-1 retropepsins).More analysison the homogenityof the clustersis given on
http://pitgroup.org/seqclust/bsitesAAcodes/ECdeviation.txt

coef�cient ). Ourmainresultis asequence-basedapproach,derivedfrom 3D structures,
usedfor bindingsiteclustering(ratherthanthree-dimensionalbindingsitestructure),
thatallowsmultiplesequencestooccurateachbindingsite.Wealsoevaluatedourclus-
teringresultswith alarge,coloreddiagram(givenattheURL http://www.pitgroup.org/se-
qclust), wherethe colors correspondto the EC numbersof the proteins,containing
the binding sites. As witnessedby the coloreddiagram,and also by the numerical
deviations given in http://pitgroup.org/seqclust/bsitesAAcodes/ECdeviation.txt, our
methodhasa clear-cut biologicalsigni�cance.Themethodpresentedin thiswork can
helprevealevolutionaryrelatedbindingsitesandcanalsobeusedfor �ltering there-
dundancies(i.e., multiple occurringbinding sites)from the PDB. A possiblestepfor
furtherresearchcanbethecreationof aggregatesequence-set-pro�lesfor eachbinding
site cluster, generatingbinding site families similar to the ProteinFamiliesDatabase
(Pfam) [48, 49].

Acknowledgement. This work wassupportedby HungarianScienti�c Research
Fund(NK-67867),andby theHungarianNationalOf�ce for ResearchandTechnology
(OMFB-01295/2006andTB-INTER).
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Color Cut-level
Red 20%

Green 30%
Blue 40%
Cyan 50%

Magenta 60%
Yellow 70%

Table2: Coloursassignedto differentOPTICScut-levels

Figure5: Silhouettecoef�cient dependenceonparameterminpts , if unclusteredbind-
ing sitesarealsotakeninto accountat silhouettecoef�cient determination(gp = 1

10 ).
Thecolor codingis givenin Table2.
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