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Abstract

TheProteinDataBank(PDB) containghedescriptiorof approximately27,000
protein-ligandbinding sites.Most of the ligandsat thesesitesarebiologically ac-
tive smallmolecules affecting the biological function of the protein. Classifying
their bindingsitesmay leadto relevantresultsin drugdiscovery anddesign.

Clustersof similar binding sitesare createdhereby a hybrid, sequenceand
spatial-structuréasedapproachusingthe OPTICSclusteringalgorithm. We de-
ned adissimilarity-measurea distance-functioron the aminoacid sequencesf
the binding sites. We clusteredall the bindingsitesin PDB accordingto this dis-
tancefunction, andfoundthatthe clusterswvell characterizehe EC codesof those

entriesthathave one.
The color-codedresults,containing20,967binding sitesclustered are avail-

ableashtml les in threepartsathttp://p it gro up.or g/ seqcl ust/ .

1 Intr oduction

In the pastfew yearsexploration of the humangenomegainedthe widest publicity.
Although somevhat less emphasizedanotherplenteousbioinformatical resourceis
theexponentiallygrowing, publicly availableProteinDataBank (PDB)[1], containing
morethan55,000biological structuregoday

Three-dimensionatructureof smallermolecules- e.g.,drugmolecules- canusu-
ally becalculatedrom their chemicalcomposition.Severaldatabasesxist thatcontain
millions of ligands- anexampleof thisis thefreely availableZINC databas€[2]) cre-
atedfrom catalogue®f compoundmanufacturers.

Contraryto ligands threedimensionabtructureof proteinscannoteasilybe calcu-
lated,sotherapid growth of the PDB cannotbe overestimated.

Most of theantimicrobialdrugmoleculesactasenzymeinhibitors. Inhibitorsneed
to bind strongerto the enzymethan the substrateof the enzyme;consequentlythe
chemicaland geometricalpropertiesof the binding sitesare of utmostimportancein
drugsearchanddesign.



1.1 Our goals

The PDB containsthe three-dimensionastructuresof morethan55,000entries.In a
separatevork ([3]), we collected veri ed andcleanedhelist of approximatel\27,000
binding sites,found in the PDB. In the procesof identifying thesebinding sites,we
Itered out crystallizationartifacts,covalently-boundsmall molecules,andalsotook
into accountbrokenpeptide-chainsmodi ed amino acids, incorrectly labeledHET
groups. Theresultingcleanedstrictly structuredRS-PDBdatabasé€[3]) cansene as
aninput for differentdatamining algorithms. One suchtechniqueof classi cationis
clustering By clusteringof bindingsitesit is possibleto createbinding site similarity
classesTheseclassesanbe usefulfor classifyingprotein-ligandinteraction.

In this paperwe presenta fast, sequence-basedethodfor binding site clustering
thattakesnto accountaminoacidsequenceisn thecloseneighborhooaf bindingsites.
Our methodis a hybridin the sensehatit usesthe sequencénformationtogethemvith
the stericdatafrom the PDB in a clearlystructuredvay.

1.2 Previous work

Thereis a veryrich literaturedescribingidenti cation techniquegor 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
networktopology[23, 26, 27, 28, 29, 30, 31] or binding sites[23, 32, 33. A con-
siderableamountof work wasalsodonefor devising polypeptidesequence-orden-
dependenstructuralproperties[34, 35, 6, 36, 37, 14, 15,17, 17, 38]. Unlike other
binding site clusteringsolutionsin the literature([39, 40, 41, 42]), we usea hybrid of
orderindependenandanorderanalyzingmethodspneof its mainfeatureds thatit is
capableof handlingmultiple polypeptidechainsin the samebindingsite.

2 Methods

2.1 Binding Site Representation

As a rst step,anexactde nition of a binding site hasto be provided. For easyal-
gorithmic handlingwe store the binding sitesfound in the PDB in a compactdata
structure.

The De nition of Binding Sites

A binding sitesis de ned asa setof atom-pairsithe rst atomof the pair belongsto
the protein,andthe secondatomto the boundligand, suchthattheir distanceds equal
to thesumof VanderWaalsradii, calculatedifferentlyfor differentatom-typesThat
is, only the pairswithin non-cwvalentbindingdistanceareincludedin thelist. Binding
sites,containingcovalently boundligands,are not consideredn this work, sincethe
mainmotivationof oursis to review pharmacologicallgigni cant binding sites.



A bindingaminoacid (or residue)is anaminoacid with at leastone of its atoms
in bindingatom-pair A bindingaminoacid sequencés anaminoacid sequencéhat
containsat leastonebindingaminoacid. Basically binding sitesarerepresentedy
storingall the binding aminoacid sequencesf all the proteinchainsthatare present
attheparticularbindingsite.

Binding siteswere extractedfrom the RS-PDB databaselescribedin ([43] and
[3]). By usingthisde nition for bindingsites,all aminoacidsfrom agivenaminoacid
sequencéhat have at leastone atomcontainedin anatom pair-set(describingsome
binding site)canbeidenti ed.

ResidueSequenceRepresentation

On aminoacid sequencave meansequencesonsistingof aminoacidsconnectedy
peptidebondsthat are of maximallength(i.e., they cannotbe continuedwith further
aminoacidson eitherend).

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

Figurel: A binding site with four proteinchains(PDBID: 1CT8). Eachchainis col-
oreddiferently.

Binding amino acid sequencesvere rst extractedfrom the binding sitesof the
RS-PDBdatabas@3], [3] thenthey weresimpli ed asfollows:

A stringwasassignedo eachaminoacidsequencén abindingsite. In this string,
residuesparticipatingin the bond were indicatedby their one-charactecode; non-
binding amino acidswereindicatedby '-' characters.As our purposewasto deal
with only thebinding sectionsthe pre-andpost xesconsistingof purely non-binding
aminoacids(or, in our notation,'-' characters)ywere deleted. Henceall the strings
constructedhis way startandendwith a bindingaminoacid.

Example. A bindingaminoacid sequenceonstructecandtransformedhe way de-

scribedaborve (from PDB entry 2BZ6) is shovn below:
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2.2 DistanceFunction

For usinga clusteringalgorithm, we needto de ne a distancefunction. The binding
sitesarerepresentedly all aminoacid sequencethatparticipatein the bondwith the
ligand. Consequentlyonehave to de ne the distanceof the sequence-setsituatedn
thebindingsites. This is accomplishedrst by de ning the distanceof two sequences
(describedn section2.1), thenby de ning the distanceof sequence-setdhereason
for this compleity is thefactthatmorethanonebindingsequenceanbe presenin a
binding site (cf., Figurel).

SequenceComparison Algorithm

For measuringhe distancef binding sectionsof aminoacid sequencesonstructed
the way describedabore, we useda modi ed versionof the algorithmusedfor cal-
culatingLevenshtein-distanc@urthermoredenotedasl ). Themaodi cationsinvolved
assigningdifferentcoststo gapsdependingon wherethey areinserted,while amino
acidmismatchesveresimply penalizedy thevaluel.

The costsof alignedbindingandnon-bindingaminoacidswerethefollowing:

The costof two aligned differentaminoacidsis 1.
The costof aligned,matchingaminoacidsis zero.
Gapswerepenalizedasfollows:

Insertionof a gapwith a length of one unit (one amino acid) costsgp (gap
penalty), if the gapis alignedwith a non-bindingamino acid in the other se-
guencelf agapis alignedwith abindingaminoacid, its costis 1.

Insertionof gapsat the end of sequencess only penalizedf they arealigned
with bindingaminoacids.Gapsinsertedat eitherendof a sequencéave azero
cost,if they arealignedwith non-bindingaminoacids.

It canbe shavn thatthe Levenshtein-distanc@ndalsoour modi ed versionof it)
fullls therequiredpropertiedor beinga metric. Non-nagativity andsymmetrycanbe
directly seerfrom thede nition (assumingion-neative costs).It is alsoobviousthata
zerodistancecanonly be achieved by comparinghe sameobjects:L (x;y) = 0 ()
X =y (assuminghatevery comparedsequencetartsandendswith a bindingamino
acid). Whatis left to prove is thetriangleinequality: for every s;t; r strings(binding
aminoacidsequences),

L(s;t) L(s;r)+ L(r;t)



In otherwords,the triangleinequality assertghat changings to t "via” r cannot
costlessthanchangings into t directly. As theLevenshtein-distancéby de nition) is
the minimum possibletotal costof operationgransformings into t, andthe sequence
of operationghattransforms into r, andthenr intot is alsoanallowed sequenc®f
operationsit cannothave alowertotal costthanL (s;t), asthiswould contradictto the
optimality of L (s;t). (Whatwe maywantto prove at this point is that the algorithm
we useindeedcalculateghe de ned distance- L.) This reasonings alsoapplicable
to our modi ed versionof the Levenshtein-distancethe only differenceis that we
have a somevhat more sophisticatedetof costsfor inserting,deletingandchanging
characters.We assumethat the costsare non-n@ative, and ary binding aminoacid
sequenceomparedwith our distancefunction startsand endswith a binding amino
acid. We cannow reformulategheabove de ned coststo beusedwith "insert”, "delete”,
"change”operations.

Costsfor insertion:

Insertinga'-' characteto theendof thesequence0.
Insertinga '-' charactembetweenthe rst and last binding amino acid of the
sequenceGP .

Insertingthe one-lettercodeof a bindingaminoacid: 1.

Costsfor deletion:

Deletinga'-' charactefrom theendof thesequence0.
Deletinga'-' charactebetweerthe rst andlastunchangedindingaminoacid
of thesequenceGP .

Deletingthe one-lettercodeof a bindingaminoacid: 1.

Costsfor charactechanging:

For matchingcharacters).
For non-matchingharacters].

If we wantto transforma binding amino acid sequences into t usingthe abore
operationswe cannotexpectto get a lower total costby rst transformings to an
arbitraryr andthenr tot (comparedo directly transformings to t). This meanghat
thetriangleinequalityholds.

Binding Site Comparison Method

Theinputof thedistancdunctiondescribedabore aretwo stringsthatrepresenamino
acid sequencesxtractedfrom binding sites. However, our aim is to measurehe dis-
tanceof binding sites,not just singleaminoacid sequencesWe have seenin Section
2.1onFigurel thatmultiple aminoacidsequencemightoccurin theimmediatevicin-
ity of abindingsite. Thereforewe alsohave to de ne the distanceof sequence-sets,
representindpindingsites.



For this purposea completebipartitegraphis de ned: This is a graphwherethe
setof verticescanbedividedinto two disjoint setsA andB suchthatno edgehasboth
of its endpointsin the sameset, while jAj = jBj andthe numberof edgesis always
JAj ]Bj.

Pointsof thevertex setsA andB correspondo theaminoacidsequencesf the
rst andthesecondindingsites,respectiely. If thenumbersf theaminoacid
sequencearenot equalin thetwo bindingsites,aminoacidsequencewith zero
lengthareaddedto thesmallerset.

Weightsare assignedo all edgesof this graphthat correspondo the distance
of the two aminoacid sequencethe edgeconnects.On distancewe meanthe
distancede nedin Section2.2.

Thedistanceof the sequencaetsA andB is thende ned asthe minimumweight
perfectmatching([44]) in thegraphde ned abore.

We notethatby the de nition of Section2.2, the distanceof an arbitraryresidue-
sequencé to a zero-lengthsequencd is the binding aminoacid countof sequence
A.

Binding Site DistanceNormalization

The expecteddistanceof two randomlygeneratedindingsiteswill be proportionalto
the sumof bindingaminoacidsoccurringat the binding sites. The maximumachies-
abledistances alwayslessthanthe sumof bindingaminoacids.

Thedistanceof two bindingsitescalculatedisingthefunctiondescribedn Section
2.2 doesnot describebinding site dissimilarity alone. If the distanceof two binding
sitesis 3, it may occurthatthey have 3 bindingaminoacidseach,hencethey canbe
completelydifferent.Onthe otherhand,a distanceof 3 betweertwo bindingsiteswith
30 binding residueseachis approximatelya ten percentdifference,so thesebinding
sitesmightbealmostthe same.

Thereforejt is necessaryo ,,normalize"thedistances- we did this by dividing all
distancedy the sumof binding aminoacidsof the two binding sitesin comparison.
Theresultof this operationyieldsa valuebetweerD and1 thatcanalsobeinterpreted
asapercentagef the absolutenaximumpossibledistanceof thetwo bindingsites.

2.3 Clustering Algorithm

For dataclusteringwe intendedto usean algorithmthat is not biasedtowardseven
sizedandregular shapedlusters.

Onealgorithmwith this propertiesis DBSCAN ([45]), which is a density-based
algorithm. The density of objectsis de ned with a radius-like parameterand an
object-countlower limit (minpts): a neighborhoof someobjecto is considered
densef thereexist at leastminpts objectswithin aless-than- distance.So, minpts
and areinput parametersf thealgorithm.



Unfortunately the clusteringstructureof mary real-datasetscannotbe character
ized by globaldensityparametersasquite differentlocal densitiesnay exist in differ-
entareasf the dataspace.The OPTICS(Ordering Points To Identify the Clustering
Structue) ([46]) algorithmovercomeghesedif culties by ordering the objectscon-
tainedin the databasecreatingthe so-calledreadability plot. The reachabilityplot
is avery clever visualizationof high-dimensionatlusters.lt is basicallygeneratedby
assigninga valuecalledreadability distanceto all the objectsof the databasewhile
goingthroughthe databas@ointsin aspeci c ordet Thereachabilitydistancds given
on they axes, while the objects(i.e., binding site-representationgyre numberedon
axesx. Clustersarecorrespondedo concae regionson the plot. After the creation
of thereachabilityplot, clustermembershi@mssignmentsanbe— amongothers— cre-
atedby cutting the reachabilityplot with a horizontalline furthermorereferredto as
cut-level.

The reachabilityplot of a small databaseonsistingof binding sitesthat contain
NAD astheligandcanbe seenon Figure?2.

Figure2: OPTICSreachabilityplot of a databaseonsistingof 800bindingsites

2.4 Clustering Quality Measurement

Quality of a given clusteringdependsn several parametersTheseinclude parame-
tersof the distancgunction usedfor determiningsimilarity or distanceof objectsand
parametersf the clusteringalgorithm. In orderto getappropriatdeedbackaboutthe
quality of a clusteringwith a given parametesetting,a quality metricshasto be de-
ned. For this purposewe usedthe silhouettecoefcient ([47]). Theadwantageof the
silhouettecoefcient is thatit is completelyindependenfrom the type of databeing
clustereduponits determinatiorit only usesobjectdistancesandclustermembership
assignments.



silhouettecoefcient Clustering quality
0:00-0:25 Clusterscannotbe adequatelydenti ed,
clusterbordersarenot obvious
0:25-0:50 Clusterscanbeidenti ed, but thereexist
alot of unclassi ablepoints(noise
0:50-0:70 Most of the data/pointcanbe classi ed
0:70-1:00 Excellentdistinguishablelusters

Tablel: Clusterquality descriptiondasedn silhouettecoefcient's valuesby ([47])

Datacontainedn Table1 is basedon empiricalmeasurements silhouettecoef-
cientvaluesdependgreatlyon the applieddistanceunction. Thereforejt is question-
ableto classifyclusteringsnto rigid quality cateyoriesbasedon the silhouettecoef-
cientvalue.However, it is undoubtedlyusefulfor comparingguality of clusterings.

Silhouettecoefcient requiresthe clusteringalgorithmto assigneachbinding site
to aclusterby de nition. Thus,the silhouettecoefcient valuealsoshavs the amount
of noisethe databaseontains. The OPTICSalgorithm,however, alsoallows marking
somebinding sitesas "noise” (thus not putting them into ary cluster). It doesnot
seemto be reasonabléor bindingsitesthatare”noise” to betakeninto accountwice
(once,asthe OPTICSalgorithmmarksthem,andonceat the calculationof silhouette
coefcient). Thereforepindingsitesmarkedasnoisewerenottakeninto accountwhen
calculatingsilhouettecoefcient. Neverthelessfor the sakeof completenessye will
shav (Figure5) how the value of silhouettecoefcient would changef binding sites
markedasnoisewould betakeninto consideratiorwith a silhouette=0value.

2.5 Databaseparametersand further settingsusedin OPTICS al-
gorithm

The OPTICSalgorithmwasrun onadatabaseonsistingof 20,96 7bindingsites.Indis-
tinguishablebinding sites— thatwereassignedxactly to the samebindingaminoacid
sequenceaetsandligandidenti ers —werecontainednly once.(Theoriginal database
— without this kind of redundang Itering — consistedbf 27208binding sites.) Dis-
tanceof binding siteswasmeasuredvith the functiondescribedn Section2.2, using
costsintroducedn Section2.2.

3 Results

Our mainresultis the OPTICS-basedlusteringof the 20,96 7binding sitesfound. In
orderto verify thecapabilitieof theclusteringmethodwe needto compareaheclusters
foundwith veri ed biologicalfunctions.

3.1 Verication of Results: Biological Relevance

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



the EC numbersn the way that closelyrelatedfunctionsgot closecolors,asgivenin
http://pitgrouporg/seqclustisies AAcodes/ECcolourhtml.

The color-codedclusters togethemwith the ordinalnumberof the binding site, the
PDB ID, the clusterID andthe EC numbercan be found in threelarge html les,
(Pagel,Page?2,Page3d) underhttp://pitgroup.og/seqclust/ The clusterscorrespondo
concae regionsin the gure.

The deviationsof the EC numberdn all the clusterswerealsocomputedandare
givenin theon-linetablehttp://pitgroup.og/seqclustisites AAcodes/ECdeviation.txt.

We believe thatthe validationof enzymaticfunctionsthroughEC numbersshowvs
that the clusteringmethodof oursis an adequatesolutionfor binding-siteclustering
andclassi cation.

Parameter settingsand examples

Theparametersisedfor clusteringwerethefollowing:

Parameter | Value
OPTICSminpts 2

OPTICScut-level | 20%

Gappenalty(gp) | 1

We presenthereas examplesfour binding sitesfrom the biggestcluster(element
count:448)—seeFigure3. All four proteinsarebloodclottingfactors.Thewholeclus-
teris givenin theon-lineFigurehttp://pitgroup.og/seqclustisits AAcodes/bsiteoptics M02_No001.html.
Note thatthe whole clusteris coloredto bluethere,andall the membersf the cluster
(betweenline numbers702 and 1149, clusterID: 28) have EC numbersof the form
3.4.21.X(serineproteases).

Fromthesecondiggestluster(elementount: 188)threebindingsiteswerevisu-
alizedon Figure4. Thewholeclusteris givenin theon-lineFigurehttp://pitgroup.omg/se-
gclust/bsitesoptics M02_No001.html. Note that the whole clusteris coloredto deep
violet, andalmostall themember®f thecluster(betweerine numbersl 224and1411)
have EC numbers3.4.23.16HIV-1 retropepsins)More analysisonthe homogenityof
theclusterss givenon http://pitgroup.org/seqclustisies AAcodes/ECdeviation. txt.

3.2 Effects of Parameterson Clustering Quality and Cluster Size
Distrib ution

Within our binding site model, distancgunction andclusteringalgorithm,threemain
parametersiffectedthe propertiesof clustering: OPTICSminpts , OPTICScut-level
anddistancefunction's gp. We examinedhow theseparametersffect the quality of
clusteringmeasuredby silhouettecoefcient.

Effectof parametergp: Increasinghegappenaltygp slightly improvesthequal-
ity of theclustering.Thisis understandabléf we considerthattheintroduction
of alessstrict gappenaltyfunctionautomaticallydecreasethe averagedistance
betweerclusters.



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://pitgrouporg/seqclustisiesoptics M02_No001.html. Note that the whole clus-
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 clustersis given on
http://pitgrouporg/seqclustistes AAcodes/ECdeviation.txt

Effect of parameterminpts : Increasingminpts, two main effects canbe ob-
sened. Ontheonehand,anincreasedninpts meansetterquality clustering.
Ontheotherhand,it alsomeangrasticallymorebindingsitesclassi edasnoise
The main causeof the latter effect is thatthe clustersthatexist in the database
but consistof lessthanminpts pointsare not recognizedthey are markedas
noise Basedon this obsenation, it canbe statedthat our binding site database
containsalot of smallclusters.

Effectof parameterOPTICScut-level: Increasingcut-level decreaseslustering
quality, andalsothe numberof binding sitesmarkedas'noise'. Application of

an extremely high cut-level putsalmostall binding sitesinto the samecluster;
the quality of suchclusteringcanby no meansconsideredigh.

As a conclusion,we statethatlow minptsand cut-levelsyield the bestclustering
quality (while covering 70-80% of the bindingsitesfoundin PDB).
4 Conclusions
In this paperwe presented fast, sequence-basedethodcapableof classifyingthe

bindingsitescontainedn the publicly availableProteinDataBank. We determinega-
rametersettingsyielding a classi cationwith the bestquality (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://pitgrouporg/seqclustistes AAcodes/bsiteoptics M02_No001.html. Note
that the whole clusteris coloredto deepviolet, and almostall the membersof the
cluster(betweerine numbersl210and1435)have EC numberof theform 3.4.23.16
(HIV-1 retropepsins).More analysison the homogenityof the clustersis given on
http://pitgrouporg/seqclustistes AAcodes/ECdeviation.txt

coefcient). Ourmainresultis asequence-basegproachderivedfrom 3D structures,
usedfor binding site clustering(ratherthanthree-dimensionabinding site structure),
thatallows multiple sequence® occurateachbindingsite. We alsoevaluatedour clus-
teringresultswith alarge,coloreddiagram(givenatthe URL http://www.pitgroup.oig/se-
gclust), wherethe colors correspondo the EC numbersof the proteins,containing
the binding sites. As witnessedby the coloreddiagram,and also by the numerical
deviations given in http://pitgroup.og/seqclustisitts AAcodes/ECdeviation.txt, our
methodhasa clearcut biological signi cance. The methodpresentedn this work can
helpreveal evolutionaryrelatedbinding sitesandcanalsobe usedfor ltering there-
dundanciegi.e., multiple occurringbinding sites)from the PDB. A possiblestepfor
furtherresearcltanbethecreationof aggr@atesequence-set-pro lefer eachbinding
site cluster generatingoinding site families similar to the ProteinFamilies Database
(Pfam) [48, 49].

Acknowledgement. This work was supportecby HungarianScienti ¢ Research
Fund(NK-67867),andby theHungariarNationalOf ce for ResearclandTechnology
(OMFB-01295/200&ndTB-INTER).
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Color Cut-level

Red 20%
Green 30%
Blue 40%
Cyan 50%

Magenta 60%
Yellow 70%

Table2: Coloursassignedo differentOPTICScut-levels

Figureb: Silhouettecoefcient dependencen parameteminpts, if unclusteredind-
ing sitesarealsotakeninto accountat silhouettecoefcient determinatior(gp = %).
Thecolor codingis givenin Table2.
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