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Abstract

In thispaperwe studytheproblemof classifyingchemicalcompounddatasets.We presenta sub-structure-based
classificationalgorithmthatdecouplesthesub-structurediscoveryprocessfrom theclassificationmodelconstruction
andusesfrequentsubgraphdiscovery algorithmsto find all topologicalandgeometricsub-structurespresentin the
dataset.The advantageof our approachis that during classificationmodelconstruction,all relevant sub-structures
areavailableallowing theclassifierto intelligently selectthemostdiscriminatingones.Thecomputationalscalabil-
ity is ensuredby theuseof highly efficient frequentsubgraphdiscovery algorithmscoupledwith aggressive feature
selection.Our experimentalevaluationon eightdifferentclassificationproblemsshows thatour approachis compu-
tationallyscalableandoutperformsexistingschemesby 10%to 35%,on theaverage.

Keywords: Classification,ChemicalCompounds,Graphs,SVM

1 Intr oduction
Discoveringnew drugsis anexpensive andchallengingprocess.Any new drugshouldnot only producethedesired
responseto thedisease,but shoulddosowith minimalsideeffects,andbesuperiorto theexistingdrugsin themarket.
Oneof the key stepsin the drug designprocessis to identify the chemicalcompounds(widely referredto as“hit”
compounds)thatdisplaythedesiredandreproduciblebehavior againstthedisease[27] in abiologicalexperiment.The
standardtechniqueto discover suchcompoundsis to evaluatethemwith a biologicalexperiment,known asanassay.
The1990ssaw thewidespreadadoptionof high-throughputscreening(HTS),whichusehighly automatedtechniques
to conductthebiologicalassaysandcanbeusedto screena largenumberof compounds.Thoughin principle,HTS
techniquescanbe usedto testeachcompoundagainstevery biological assay, it is never practically feasiblefor the
following reasons.First, thenumberof chemicalcompoundsthathave beensynthesizedor canbesynthesizedusing
combinatorialchemistrytechniquesis extremely large. Evaluatingthis large setof compoundsusingHTS canbe
prohibitively expensive. Second,not all biologicalassayscanbeconvertedto high throughputformat. Third, in most
casesit is hardto find all thedesirablepropertiesin asinglecompound,andchemistsareinterestednot just identifying
thehits but studyingwhatpart of thechemicalcompoundleadsto desirablebehavior, sothatnew compoundscanbe
rationallysynthesized.

Thegoalof thispaperis to developcomputationaltechniquesbasedonclassificationthatcanbeusedto identify the
hit compounds.Thesecomputationaltechniquescanbeusedto replaceor supplementthebiologicalassaytechniques.
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Oneof the key challengesin developingclassificationtechniquesfor chemicalcompoundsstemsfrom the fact that
their propertiesare strongly relatedto their chemicalstructure. However, traditionalmachinelearningtechniques
aresuitedto handledatasetsrepresentedby multi-dimensionalvectorsor sequences,andcannot handlethestructural
natureof thechemicalstructures.

In recentyearstwo classesof techniqueshave beendevelopedfor solving the chemicalcompoundclassification
problem. The first classbuilds a classificationmodelusinga setof physico-chemicalpropertiesderived from the
compoundsstructure,calledquantitativestructure-activity relationships(QSAR)[15, 16,1], whereasthesecondclass
operatesdirectly on the structureof the chemicalcompoundand try to automaticallyidentify a small numberof
chemicalsub-structuresthat canbe usedto discriminatebetweenthe differentclasses[3, 43, 18,25]. A numberof
comparativestudies[40, 20] haveshown thattechniquesbasedon theautomaticdiscoveryof chemicalsub-structures
aresuperiorto thosebasedonQSARpropertiesandrequirelimiteduserinterventionanddomainknowledge.However,
despitetheir success,a key limitation of thesetechniquesis that they rely on heuristicsearchmethodsto discover
thesesub-structures.Even thoughsuchapproachesreducethe inherentlyhigh computationalcomplexity associated
with theseschemes,they may leadto sub-optimalclassifiersin casesin which theheuristicsearchfailed to uncover
sub-structuresthatarecritical for theclassificationtask.

In this paperwe presenta sub-structure-basedclassifierthat overcomesthe limitations associatedwith existing
algorithms.Oneof thekey ideasof our approachis to decouplethesub-structurediscovery processfrom theclassi-
fication modelconstructionstepandusefrequentsubgraphdiscovery algorithmsto find all chemicalsub-structures
thatoccura sufficiently largenumberof times.Oncethecompletesetof thesesub-structureshasbeenidentified,our
algorithmthenproceedsto build a classificationmodelbasedon them. The advantageof suchan approachis that
duringclassificationmodelconstruction,all relevantsub-structuresareavailableallowing theclassifierto intelligently
selectthe mostdiscriminatingones. To ensurethat suchan approachis computationallyscalable,we userecently
developed[23, 25] highly efficient frequentsubgraphdiscovery algorithmscoupledwith aggressive featureselection
to reduceboththeamountof timerequiredto build aswell asto applytheclassificationmodel.In addition,wepresent
a sub-structurediscovery algorithmthatfindsa setof sub-structureswhosegeometryis conserved,further improving
theclassificationperformanceof ouralgorithm.

We experimentallyevaluatedthe performanceof our algorithmson eight differentproblemsderived from three
publically availabledatasetsandcomparedtheir performanceagainstthatof traditionalQSAR-basedclassifiersand
existing sub-structureclassifiersbasedon SUBDUE[4] andSubdueCl[14]. Our resultsshow thatour approach,on
theaverage,outperformsQSAR-basedschemesby 35%andSUBDUE-basedschemesby 10%.

2 Backgr ound
A chemicalcompoundconsistsof differentatomsbeingheld togethervia bondsadoptinga well-definedgeometric
configuration.Figure1(a)representsthechemicalcompoundFlucytosinefrom theDTPAIDS repository[9] it consists
of a centralaromaticring andotherelementslike N, O andF. The representationshown in the figure is a typical
graphicalrepresentationthatmostchemistswork with.

Therearemany differentwaysto representsuchchemicalcompounds.Thesimplestrepresentationis themolecular
formulathat lists thevariousatomsmakingup thecompound;themolecularformulafor Flucytosineis C4H4FN3O.
However this representationis woefully inadequateto capturethestructureof thechemicalcompound.It wasrecog-
nizedearlyon that it waspossiblefor two chemicalcompoundsto have identicalmolecularformulabut completely
differentchemicalproperties[13]. A moresophisticatedrepresentationcanbe achievedusingthe SMILES [6] rep-
resentation,it not only representsthe atomsbut also representsthe bondsbetweendifferentatoms. The SMILES
representationfor Flucytosineis Nc1nc(O)ncc1F. ThoughSMILES representationis a compactit is not guaran-
teedto beunique,furthermoretherepresentationis quiterestrictive to work with [22].

Theactivity of acompoundlargelydependson its chemicalstructureandthearrangementof differentatomsin 3D
space.As a result,effectiveclassificationalgorithmsmustbeableto directly take into accountthestructuralnatureof
thesedatasets.

In thispaperwerepresenteachcompoundasundirectedgraphs,this is themostgenericrepresentationfor agraph.
Theverticesof thesegraphscorrespondto thevariousatoms,andtheedgescorrespondto thebondsbetweentheatoms.
Eachoneof theverticesandedgesof hasa labelassociatedwith it. Thelabelson theverticescorrespondto thetype
of atoms,andthelabelson theedgescorrespondto thetypeof bond.Furthermore,3D coordinatedareassociatedwith
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eachvertex indicatingthepositionof thecorrespondingatomin 3D space1. Thegraphrepresentationof Flucytosine
(without the3D coordinates)is shown in Figure1(b). A graphin whichall theverticeshave3D coordinatesassociated
with themis referredasa geometric graph, whereasa graphwithout the 3D coordinatesis referredas topological
graph. Suchtopological/geometricrepresentationsarequite commonlyusedby many chemicalmodelingsoftware
andarereferredastheconnectiontablefor thechemicalcompound.

Themeaningof thevariousclassesin theinput datasetis applicationdependent.In someapplications,theclasses
will capturethe extent to which a particularcompoundis toxic, whereasin otherapplicationsthey may capturethe
extent to which a compoundcaninhibit (or enhance)a particularfactorand/oractive site. In mostapplicationseach
of thecompoundsis assignedto only oneof two classes,thatarecommonlyreferredto asthepositiveandnegative
class.Thepositive classcorrespondsto compoundsthatexhibit thepropertyin question,whereasthecompoundsof
the negative classdo not. Throughoutthis paperwe will be restrictingourselvesto only two classes,thoughall the
techniquesdescribedherecanbeeasilyextendedto multi-classaswell asmulti-labelclassificationproblems.

Anotherimportantaspectof modelingchemicalcompoundsis thenamingof singleanddoublebondsinsidearo-
maticrings. Typically in anaromaticring of a chemicalcompoundthoughthenumberof singleanddoublebondsis
fixed,theexactpositionof doubleandsinglebondsis not fixed,this is becauseof thephenomenonof resonance[13].
It is worth noting that theexactpositionof doubleandsinglebondin anaromaticring doesnot affect the chemical
propertiesof achemicalcompound.To capturethisuncertaintyin thepositionof singleanddoublebondwerepresent
all thebondsmakingupthearomaticring with anew bondtypecalledthearomaticbond. Anotheraspectof thechem-
ical compoundsis that thenumberof hydrogenbondsconnectedto a particularcarbonatomcanusuallybe inferred
from the bondsconnectingthat carbonatom[13], thereforein our representationwe do not representthe hydrogen
atomsthatareconnectedto thecarbonatoms,suchhydrogenatomsarereferredasnon-polarhydrogenatoms.

3 Related Research
In theearly1960s,thepioneeringwork of Hanschetal. [15, 16] demonstratedthatthebiologicalactivity of achemical
compoundis a function of its physico-chemicalproperties.Thesephysico-chemicalpropertiesareusuallyderived
from thecompound’s structureandarecalledquantitative structure-activity relationships(QSAR).Examplesof such
physico-chemicalpropertiesincludethemolecularweight, total energy, dipolemoment,solventaccessiblearea,etc.
Over theyearsa numberof differentQSARpropertieshave beendeveloped(GAUSSIAN containsover 50) andthey
areusedextensively to modelandanalyzechemicalcompoundswithin thepharmaceuticalindustry. Theamountof
time requiredto computetheseQSAR propertiesvariesfrom propertyto property. Someof themcanbe computed
very fast(e.g., molecularweight),while othersrequiretime-consumingnumericalsimulations(e.g., dipole-moment,
total energy) thatcanonly beperformedfor smalldatasets.

In QSAR-basedclassificationmethods,eachchemicalcompoundis transformedinto avectorof numericalvalues,
correspondingto thevariousQSARproperties.After this transformationany traditionalclassifiercapableof handling
numericalfeaturescan be usedfor the classificationtask. Early researchon QSAR-basedclassificationmethods

1We usethesoftwarepackageCorina[12] to computethe3D coordinates.
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focusedprimarily on regression-basedtechniques[15, 11]; however, moresophisticatedclassifiershave also been
used.For example,AndreaandKalayeh[2] show thatneuralnetworkscanachievebetteraccuraciesover regression-
basedtechniques,whereasAn andWang[1] reportthatdecisiontreeclassifiersappliedonQSARfeaturesoutperform
thosebasedonneuralnetworksandlogistic regression.

The key challengein usingQSAR-basedapproachesstemsfrom the fact that the classificationperformancere-
lies, to a largeextent,on thea priori identificationof therelevantQSARpropertiesthatcapturethestructure-activity
relationshipsfor theparticularclassificationproblem. Identifying this relevantsetof QSARpropertiesrequirescon-
siderabledomainexpertiseandextensive experimentation.To overcomethis problem,a differentsetof techniques
havebeendevelopedthatoperatedirectlyon thestructureof thechemicalcompoundandtry to automaticallyidentify
asmallnumberof chemicalsub-structuresthatcanbeusedto discriminatebetweenthedifferentclasses.

Oneof theearlierapproachesthat follow this paradigmarebasedon inductive logic programming(ILP) [33]. In
this approachthe chemicalcompoundis expressedusingfirst order logic. Eachatomis representedasa predicate
consistingof atomID andthe element,anda bondis representedasa predicateconsistingof two atomIDs. Using
this representation,an ILP systemdiscovers rules(i.e., conjunctionof predicates)that aregoodfor discriminating
thedifferentclasses.Sincetheserulesconsistof predicatesdescribingatomsandbonds,they essentiallycorrespond
to sub-structuresthat arepresentin the chemicalcompounds.The pioneeringwork in this field wasdoneby King
etal. in theearly1990s[21, 20]. They appliedanILP system,Golem[34], to studythebehavior of 44 trimethoprin
analoguesandtheirobservedinhibition of Escherichia coli dihydrofolatereductase.They reportedanimprovementin
classificationaccuracy over thetraditionalQSAR-basedmodels.Srinivasanet al. [40] presenta detailedcomparison
of thefeaturesgeneratedby ILP with thetraditionalQSARfeaturesusedfor classifyingchemicalcompounds.They
show that for someapplicationsfeaturesdiscoveredby ILP approachesleadto a significantlift in the performance.
Besidesimprovedclassificationperformance,anadditionaladvantageof thesestructure-basedapproachesis that the
discoveredrules(i.e., sub-structures)canbeeasilyunderstoodby expertsandcouldbeusedto checkthecorrectness
of themodelandto provide insightsin thechemicalbehavior of thecompounds.

Though ILP-basedapproachesare quite powerful, the high computationalcomplexity of the underlying rule-
induction systemlimits the size of the datasetfor which they can be applied. Furthermore,they tend to produce
rulesconsistingof relatively small sub-structures(usuallythreeto four atoms[5, 7]), limiting the size ofstructural
constraintsthatarebeingdiscoveredandhenceaffecting theclassificationperformance.Anotherdrawbackof these
approachesis that in order to reducetheir computationalcomplexity they employ variousheuristicsto prunethe
exploredsearch-space[32], potentiallymissingsub-structuresthatareimportantfor theclassificationtask. Oneex-
ceptionis theWARMR system[5, 7] thatis specificallydevelopedfor chemicalcompoundsanddiscoversall possible
sub-structuresabove acertainfrequency threshold.However, WARMR’s computationalcomplexity is very high and
canonly beusedto discoversub-substructuresthatoccurwith relatively high frequency.

One of the fundamentalreasonslimiting the scalability of ILP-basedapproachesis the first order logic-based
representationthat they use. This representationis much more powerful than what is neededto model chemical
compoundsanddiscover sub-structures.For this reasona numberof researchershave explored the muchsimpler
graph-basedrepresentationof the chemicalcompound’s topologyandtransformedthe problemof finding chemical
sub-structuresto that of finding subgraphsin this graph-basedrepresentation[3, 43, 18]. Probablythe mostwell-
known approachis theSUBDUEsystem[17, 4]. SUBDUEfindspatternswhichcaneffectively compresstheoriginal
input databasedon the minimum descriptionlength (MDL) principle, by substitutingthosepatternswith a single
vertex. To narrow thesearch-spaceandimprove its computationalefficiency, SUBDUEusesa heuristicbeamsearch
approach,which quiteoftenresultsin failing to find subgraphsthatarefrequent.TheSUBDUEsystemwasalsolater
extendedto classifygraphsandwasreferredasSubdueCL[14]. In SubdueCLinsteadof usingminimumdescription
lengthasa heuristicameasuresimilar to confidenceof asubgraphis usedasaheuristic.

Finally, anotherheuristicsbasedschemetargetedfor chemicalcompoundsis MOLFEA [22]. In this schemeeach
chemicalcompoundis representedas a SMILES string, and is thoughtof as sequence ofSMILES objects. This
representationsimplifiestheproblemto discoveringfrequentlyoccurringsub-sequences.

4 Classification Based on Frequent Subgraphs
Thepreviousresearchon classifyingchemicalcompounds(discussedin Section3) hasshown that techniquesbased
on the automaticdiscovery of chemicalsub-structuresaresuperiorto thosebasedon QSAR propertiesandrequire
limited userinterventionanddomainknowledge.However, despitetheirsuccess,akey limitation of boththeILP- and
thesubgraph-basedtechniques,is that they rely on heuristicsearchmethodsto discover thesub-structuresto beused
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for classification.As discussedin Section3, eventhoughsuchapproachesreducethe inherentlyhigh computational
complexity associatedwith theseschemes,they may leadto sub-optimalclassifiersin casesin which the heuristic
searchfailedto uncoversub-structuresthatarecritical for theclassificationtask.

To overcomethis problem,we developeda classificationalgorithmfor chemicalcompoundsthatusesthe graph-
basedrepresentationandlimits the numberof sub-structuresthatarepruneda priori. Thekey ideaof our approach
is to decouplethe sub-structurediscovery processfrom the classificationmodelconstructionstep,andusefrequent
subgraphdiscoveryalgorithmsto find all chemicalsub-structuresthatoccurasufficiently largenumberof times.Once
thecompletesetof suchsub-structureshasbeenidentified,ouralgorithmthenproceedsto build aclassificationmodel
basedon them. To a large extent, this approachis similar in spirit to the recentlydevelopedfrequent-itemset-based
classificationalgorithms[29, 28, 8] that have beenshown to outperformtraditionalclassifiersthat rely on heuristic
searchmethodsto discover theclassificationrules.

The overall outline of our classificationmethodologyis shown in Figure2. It consistsof threedistinct steps:(i)
featuregeneration,(ii) featureselection,and (iii) classificationmodel construction. During the featuregeneration
step,thechemicalcompoundsareminedto discover thefrequentlyoccurringsub-structuresthatcorrespondto either
topologicalor geometricsubgraphs.Thesesub-structuresarethenusedasthe featuresby which thecompoundsare
representedin thesubsequentsteps.During thesecondstep,a small setof featuresis selectedsuchthat theselected
featurescancorrectlydiscriminatebetweenthedifferenceclassesfound in thedataset.Finally, in the last stepeach
chemicalcompoundis representedusing thesesetof featuresanda classificationmodel is learnt. The restof this
sectiondescribesthesethreestepsin detail.

4.1 Feature Generation

Our classificationalgorithmfindssub-structuresin a chemicalcompounddatabaseusingtwo differentmethods.The
first methodusesthetopologicalgraphrepresentationof eachcompoundwhereasthesecondmethodis basedon the
correspondinggeometricgraphrepresentation(discussedin Section2). In bothof thesemethods,our algorithmuses
thetopologicalor geometricconnectsubgraphsthatoccurin at leastI % of thecompoundsto definethesub-structures.

Therearetwo importantrestrictionson thetypeof thesub-structuresthatarediscoveredby ourapproach.Thefirst
hasto do with the fact that we areonly interestedin sub-structuresthat areconnectedandis motivatedby the fact
thatconnectivity is a naturalpropertyof suchpatterns(this needs work). Thesecondhasto do with thefact thatwe
areonly interestedin frequentsub-structures(asdeterminedby the valueof I ) andthis ensuresthat the discovered
sub-structuresarestatisticallysignificantandnot spurious.Furthermore,this minimumsupportconstraintalsohelps
in makingtheproblemof frequentsubgraphdiscoverycomputationallytractable.
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4.1.1 Frequent Topological Subgraphs
Developingfrequentsubgraphdiscoveryalgorithmsis particularlychallengingandcomputationallyintensiveasgraph
and/orsubgraphisomorphismsplayakey rolethroughoutthecomputations.Despitethat,in recentyears,fourdifferent
algorithmshave beendevelopedcapableof finding all frequentlyoccurringsubgraphswith reasonablecomputational
efficiency. ThesearetheAGM algorithmdevelopedby Inokuchiet al[18], theFSGalgorithmdevelopedby members
of our group[23], the chemicalsub-structurediscovery algorithmdevelopedby Borgelt andBerthold [3], and the
gSpanalgorithm developedby Yan and Han [43]. The enablingfactorsto the computationalefficiency of these
schemeshavebeen(i) thedevelopmentof efficient candidatesubgraphgenerationschemesthatreducethenumberof
timesthesamecandidatesubgraphis beinggenerated,(ii) theuseof efficient canonicallabelingschemesto represent
thevarioussubgraphs;and(iii) theuseof varioustechniquesdevelopedby thedata-miningcommunityto reducethe
numberof timessubgraphisomorphismcomputationsneedto beperformed.

In our classificationalgorithmwe find thefrequentlyoccurringsubgraphsusingtheFSGalgorithm.FSGtakes as
input a databaseD of graphsanda minimumsupportI , andfindsall connectedsubgraphsthatoccurin at least I %
of thetransactions.FSG,initially presentedin [23], with subsequentimprovementspresentedin [25], usesa breadth-
first approachto discover the latticeof frequentsubgraphs.It startsby enumeratingsmall frequentgraphsconsisting
of one andtwo edgesandthenproceedsto find larger subgraphsby joining previously discoveredsmallerfrequent
subgraphs.Thesize ofthesesubgraphsis grown by addingone-edge-at-a-time.Thelatticeof frequentpatternsis used
to prunethesetof candidatepatterns,andit only explicitly computesthefrequency of thepatternswhichsurvivedthis
downwardclosurepruning.Despitetheinherentcomplexity of theproblem,FSGemploys a numberof sophisticated
techniquesto achieve high computationalperformance.It usesa canonicallabelingalgorithmthatfully makesuseof
edgeandvertex labelsfor fastprocessing,andvariousvertex invariantsto reducethecomplexity of determiningthe
canonicallabelof agraph.Thesecanonicallabelsarethenusedto establishtheidentityandtotalorderof thefrequent
andcandidatesubgraphs,a critical stepof redundantcandidateeliminationanddownward closuretesting. It usesa
sophisticatedschemefor candidategeneration[25] thatminimizesthenumberof timeseachcandidatesubgraphgets
generatedandalsodramaticallyreducesthegenerationof subgraphsthat fail thedownwardclosuretest. Finally, for
determiningtheactualfrequency of eachsubgraph,FSGreducesthenumberof subgraphisomorphismoperationsby
usingTID-lists [10, 38, 45,44] to keeptrackof thesetof transactionsthatsupportedthefrequentpatternsdiscovered
at the previous level of the lattice. For every candidate,FSGtakesthe intersectionof TID-lists of its parents,and
performsthesubgraphisomorphismonly on thetransactionscontainedin theresultingTID-list. As theexperiments
presentedin Section5 show, FSGis ableto scaleto largedatasetsandlow supportvalues.

4.1.2 Frequent Geometric Subgraphs
Topologicalsub-structurescapturetheconnectivity of atomsin thechemicalcompoundbut they ignorethe3D shape
(3D arrangementof atoms)of thesub-structures.For certainclassificationproblemsthe3D shapeof thesub-structure
might be essentialfor determiningthe chemicalactivity of a compound.For instance,the geometricconfiguration
of atomsin a sub-structureis crucial for its ability to bind to a particulartarget [27]. For this reasonwe developed
algorithmsthatfind all frequentsub-structureswhosetopologyaswell asgeometryis conserved.

Therearetwo importantaspectsspecificto the geometricsubgraphsthat needto be considered.First, sincethe
coordinatesof theverticesdependon a particularreferencecoordinateaxes,we would like thediscoveredgeometric
subgraphsto beindependentof thesecoordinateaxes,i.e., weareinterestedin geometricsubgraphswhoseoccurrences
aretranslation,androtationinvariant. This dramaticallyincreasestheoverall complexity of thegeometricsubgraph
discoveryprocess,becausewemayneedto considerall possiblegeometricconfigurationsof asinglepattern.Second,
while determiningif a geometricsubgraphis containedin a biggergeometricgraphwe would like to allow some
tolerancewhenwe establisha matchbetweencoordinates,ensuringthatslight deviationsin coordinatesbetweentwo
identicaltopologicalsubgraphsdonot leadto acreationtwo geometricsubgraphs.Theamountof tolerance(r ) should
be a userspecifiedparameter. The task of discovering suchr -tolerantfrequentgeometricsubgraphsdramatically
changesthe natureof the problem. In traditionalpatterndiscovery problemssuchasfinding frequentitemsets,se-
quentialpatterns,and/orfrequenttopologicalgraphsthereis a cleardefinition of what a patternis, given its setof
supportingtransactions.On the otherhand,in the caseof r -tolerantgeometricsubgraphs,therearemany different
geometricrepresentationsof thesamepattern(all of which will ber -tolerantisomorphicto eachother).Theproblem
becomesnotonly thatof findingapatternandits support,but alsofinding theright representative for thispattern.The
selectionof theright representative canhave aseriousimpacton correctlycomputingthesupportof thepattern.For
example,givena setof subgraphsthatarer -tolerantisomorphicto eachother, theonethatcorrespondsto anoutlier
will tendto have alower supportthantheonecorrespondingto thecenter. Thesetwo aspectsof geometricsubgraphs
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makesthetaskof discoveringthefull fledgedgeometricsubgraphsextremelyhard[24].
To overcomethis problemwe developeda simpler, albeit lessdiscriminatory, representationfor geometricsub-

graphs.Weuseapropertyof ageometricgraphcalledtheaverage inter-atomic distance, thatis definedastheaverage
Euclideandistancebetweenall pairsof atomsin the molecule. Note that the averageinter-atomicdistanceis com-
putedbetweenall pairsof atomsirrespective of whethera bondsconnectstheatomsor not. Theaverageinter-atomic
distancecanbethoughtof asageometricsignatureof atopologicalsubgraph.Thegeometricsubgraphconsistsof two
components,a topologicalsubgraphandaninterval of averageinter-atomicdistanceassociatedwith it. A geometric
graphcontainsthis geometricsubgraphif it containsthe topologicalsubgraphandtheaverageinter-atomicdistance
of the embedding(of the topologicalsubgraph)is within the interval associatedwith the geometricsubgraph.Note
thatthisgeometricrepresentationis alsotranslationandrotationinvariant,andthewidth of theinterval determinesthe
tolerancedisplayedby thegeometricsubgraph.We areinterestedin discoveringsuchgeometricsubgraphsthatoccur
above I % of thetransactionsandtheinterval of averageinter-atomicdistanceis boundby r .

Sincea geometricsubgraphcontainsa topologicalsubgraph,for thegeometricsubgraphto befrequentthecorre-
spondingtopologicalsubgraphhasto befrequent,aswell. This allows us totake advantageof theexisting approach
to discover topologicalsubgraphs.We modify the frequency countingstageof the FSGalgorithmasfollows. If a
subgraphg is containedin a transactiont thenall possibleembeddingsof g in t are found and the averageinter-
atomicdistancefor eachof theseembeddingsis computed.This list of averageinter-atomicdistancesis addedto the
g J ai adLi st suchthat at the endof the frequentsubgraphdiscovery eachtopologicalsubgraphhasa list of average
inter-atomicdistancesassociatedwith it. Eachoneof the averageinter-atomicdistancescorrespondsto oneof the
embeddingsi.e., a geometricconfigurationof thetopologicalsubgraph.Thetaskof discoveringgeometricsubgraphs
now reducesto identifying thosegeometricconfigurationsthatarefrequentenough,i.e., to identify intervalsof aver-
ageinter-atomicdistancesuchthateachinterval containstheminimumnumbergeometricconfigurations(I ) andthe
width of theinterval is lessthanthetolerancethreshold(r ). In ourexperimentswesetthevalueof r to beequalto the
half of theminimumdistancebetweenany two pair ofatomsin thecompounds.

This taskcanbethoughtof as1D clusteringon thevectorof averageinter-atomicdistancessuchthateachcluster
containsitemsabove theminimumsupportandthespreadof eachclusteris boundedby thetolerancer . Notethatnot
all itemswill belongto avalid clusterassomeof themwill beinfrequent.

To find suchclusterswe performagglomerative clusteringon the vectorof averageinter-atomicdistancevalues.
Thedistancebetweenany two averageinter-atomicdistancevaluesis definedasthedifferencein theirnumericvalues.
To ensurethatweget thelargestpossibleclustersweusethemaximum-linkcriterionfunctionfor decidingwhich two
clustersshouldbemerged. Theprocessof agglomerationis continuedtill the interval containingall the itemsin the
clusteris below thetolerancethreshold(r ), if wereachastagewherefurtheragglomerationwould increasethespread
of theclusterbeyondthetolerancethreshold,wecheckthenumberof itemscontainedin thecluster. If thenumberof
itemsis abovethesupportthreshold,thentheinterval associatedwith thisclusteris consideredasageometricfeature.
Notethatsinceweareclusteringone-dimensionaldatasets,theclusteringcomplexity is low.

Note that this algorithmfor computinggeometricsubgraphsis approximatein naturefor two reasons.First, the
averageinter-atomicdistancemay maptwo differentgeometricsubgraphsto thesameaverageinter-atomicdistance
value. Second,the clusteringalgorithm may not find the completeset of geometricsubgraphsthat satisfy the r
tolerance.Neverthelessasour experimentsin Section5 show the geometricsubgraphsdiscoveredby this approach
improve theclassificationaccuracy of thealgorithm.

4.1.3 Additional Considerations
EventhoughFSGprovidesthegeneralfunctionalityrequiredto find all frequentlyoccurringsub-structuresin chemical
datasets,thereareanumberof issuesthatneedto beaddressedbeforeit canbeappliedasablack-boxtool for feature
discovery in the context of classification.One issuedealswith the selectingthe right value for the I , the support
constraintusedfor discoveringfrequentsub-structures.Thevalueof I controlsthenumberof subgraphsdiscovered
by FSG.Choosingagoodvalueof I is especiallyimportantfor thedatasetcontainingclassesof significantlydifferent
sizes.In suchcases,in orderto ensurethatFSGis ableto find featuresthataremeaningfulfor all theclasses,it must
useasupportthatdependson thesize ofthesmallerclass.

For this reasonwe first partition the completedataset,using the class labelof the examples,into specificclass
specificdatasets.We thenrun FSGon eachof theseclassdatasets. This partitioningof thedatasetensuresthatsuf-
ficient subgraphsarediscoveredfor thoseclasslabelswhich occurrarelyin thedataset.Next, we combinesubgraphs
discoveredfrom eachof theclassdataset. After this stepeachsubgraphhasa vectorthatcontainsthefrequency with
which it occursin eachclass.
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4.2 Feature Selection

The frequentsubgraphdiscovery algorithmsdescribedin Section4.1 discoversall thesub-structures(topologicalor
geometric)thatoccurabove acertainsupportconstraint( I ) in thedataset.Thoughthediscoveryalgorithmis compu-
tationallyefficient, thealgorithmcangeneratea largenumberof features.A largenumberof featuresis detrimental
for two reasons.First, it could increasethe time requiredto build themodel. But moreimportantly, a largenumber
of featuresincreasesthetime requiredto a classifya chemicalcompound;becausebeforewe canclassifya chemical
compound,we needto identify whetheror not thediscoveredfeaturessetcontainedin thechemicalcompound.This
involvesapplyingthecostlygraphisomorphismoperationfor all thediscoveredfeatures.This problemis especially
critical in thedrugdiscovery processwheretheclassificationmodelis learnton a small setof chemicalcompounds
andit is thenappliedon largechemicalcompoundlibrariescontainingmillions of compounds.

To overcomethis problemwe developeda featureselectionschemesthatselecta smallsetof features,from those
discoveredby the frequentsubgraphdiscovery algorithms,without compromisingthe classificationaccuracy of the
model.Thefeatureselectionschemeusedin thispaperis basedonthesequential covering paradigm usedto learnrule
sets[30]. To apply this algorithmwe assumethateachdiscoveredsub-structurecorrespondsto a rule, with theclass
labelof thesub-structureasthetargetattribute, suchrulesarereferredasclass-rulesin [29]. Thesequentialcovering
algorithmtakes asinput a setof examplesandthe featuresdiscoveredfrom theseexamples,anditeratively applies
thefeatureselectionstep.In this stepthealgorithmselectsthefeaturethathasthehighestestimatedaccuracy. After
selectingthis featureall theexamplescontainingthis featureareeliminatedandthefeatureis markedasselected.In
thenext iterationof thealgorithmthesamestepis applied,but on a smallersetof examples.Thealgorithmcontinues
in aniterative fashiontill eitherall thefeaturesareselectedor all theexamplesareeliminated.

In thispaperweuseacomputationallyefficientimplementationof sequentialcoveringalgorithmknownasCBA [29],
this algorithmproceedsby first sortingthefeaturesbasedon confidenceandthenapplyingthesequentialcoveringal-
gorithm on this sortedsetof features.Oneof the advantagesof this approachis that it requiresminimal numberof
passeson thedataset,henceis very scalable.To obtaina bettercontrolover thenumberof selectedfeatureswe use
an extensionof the sequentialcovering schemeknown asClassificationbasedon Multiple Rules(CMAR). In this
schemeinsteadof removing the exampleafter it is coveredby the selectedfeature,the exampleis removed only if
thatexampleis coveredby K selectedfeatures.Thenumberof selectedrulesincreasesasthevalueof K increases,an
increasein thenumberof featuresusuallytranslatesinto animprovementin theaccuracy asmorefeaturesareusedto
classifya particularexample.Thevalueof K is specifiedby theuserandprovidesa meansto theuserto control the
numberof featuresusedfor classification.

4.3 Classification Model Construction

Giventhefrequentsubgraphsdiscoveredin thepreviousstep,ouralgorithmtreatseachof thesesubgraphsasafeature
and representsthe chemicalcompoundasa frequency vector. The i th entry of this vector is equalto the number
of times(frequency) that featureoccursin the compound’s graph. This mappinginto the featurespaceof frequent
subgraphsis performedboth for the training andthe testdataset.Note that the frequentsubgraphswere identified
by mining only the graphsof the chemicalcompoundsin the training set. However, the mappingof the test set
requiresthatwe checkeachfrequentsubgraphagainstthegraphof the testcompoundusingsubgraphisomorphism.
Fortunately, theoverall processcanbesubstantiallyspeededup by taking into accountthe frequentsubgraphlattice
thatis alsogeneratedby FSG.In this case,we traversethelatticefrom top to bottomandonly visit thechild nodesof
asubgraphif thatsubgraphis isomorphicto thechemicalcompound.

Oncethefeaturevectorsfor eachchemicalcompoundhave beenbuilt, any oneof theexisting classificationalgo-
rithmscanpotentiallybeusedfor classification.However, thecharacteristicsof thetransformeddatasetandthenature
of the classificationproblemitself tendsto limit the applicability of certainclassesof classificationalgorithms. In
particular, the transformeddatasetwill most likely be high dimensional,andsecond,it will be sparse,in the sense
thateachcompoundwill haveonly a few of thesefeatures,andeachfeaturewill bepresentin only a few of thecom-
pounds.Moreover, in mostcasesthepositive classwill bemuchsmallerthanthenegative class,makingit unsuitable
for classifiersthatprimarily focusonoptimizingtheoverall classificationaccuracy.

In our studywe built theclassificationmodelsusingsupportvectormachines(SVM) [41], asthey arewell-suited
for operatingin suchsparseandhigh-dimensionaldatasets.Furthermore,an additionaladvantageof SVM is that it
allowsus todirectlycontrolthecostassociatedwith themiss-classificationof examplesfrom thedifferentclasses[31].
This allow us toassociatea highercostfor themiss-classificationof positive instances;thus,biasingtheclassifierto
learna modelthattriesto increasethetrue-positive rate,at theexpenseof increasingthefalsepositive rate.
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5 Experimental Evaluation
We experimentallyevaluatedtheperformanceof ourclassificationalgorithmandcomparedit againstthatachievedby
earlierapproacheson a varietyof chemicalcompounddatasets.Thedatasets,experimentalmethodology, andresults
aredescribedin subsequentsections.

5.1 Datasets

Weusedthreedifferentpublicly availabledatasetsto derive atotal of eightdifferentclassificationproblems.Thefirst
datasetwasinitially usedasa part of thePredictive ToxicologyEvaluationChallenge[39] which was organizedasa
part ofPKDD/ECML 2001Conference2. It containsdatapublishedby theU.S.NationalInstitutefor Environmental
HealthSciences,thedataconsistsof bio-assaysof differentchemicalcompoundsonrodentsto studythecarcinogenic-
ity (cancerinducing)propertiesof the compounds[39]. The goal beingto estimatethe carcinogenicityof different
compoundson humans.Eachcompoundis evaluatedon four kindsof laboratoryanimals(maleMice, femaleMice,
maleRats,femaleRats), andis assignedfour classlabelseachindicatingthetoxicity of thecompoundfor thatanimal.
Therearefour classificationproblemsonecorrespondingto eachof therodentsandwill bereferredasP1, P2, P3, and
P4.

Theseconddatasetis obtainedfrom theNationalCancerInstitute’s DTP AIDS Anti-viral Screenprogram[9, 22]
3. Eachcompoundin thedatasetis evaluatedfor evidenceof anti-HIV activity. Thescreenutilizesasolubleformazan
assayto measureprotectionof humanCEM cellsfrom HIV-1 infection [42]. Compoundsableto provideat least50%
protectionto theCEM cellswerere-tested.Compoundsthatprovidedat least50%protectionon retestwerelistedas
moderatelyactive(CM, confirmedmoderatelyactive). Compoundsthatreproduciblyprovided100%protectionwere
listed asconfirmedactive (CA). Compoundsneitheractive nor moderatelyactive werelisted asconfirmedinactive
(CI). Wehaveformulatedthreeclassificationproblemsonthisdataset,in thefirst problemweconsideronly confirmed
active(CA) andmoderatelyactive(CM) compoundsandthenbuild aclassifierto separatethesetwo compounds;this
problemis referredasH1. For thesecondproblemwe combinemoderatelyactive(CM) andconfirmedactive(CA)
compoundsto form onesetof activecompounds,we thenbuild a classifierto separatetheseactiveandconfirmed
inactive compounds;this problemis referredas H2. In the last problemwe only useconfirmedactive (CA) and
confirmedinactivecompoundsandbuild a classifierto categorizethesetwo compounds;this problemis referredas
H3.

Thethird datasetwasobtainedfrom theCenterof ComputationalDrugDiscovery’santhraxprojectattheUniversity
of Oxford[37]. Thegoalof thisprojectwasto discoversmallmoleculesthatwould bind withtheheptamericprotective
antigencomponentof the anthraxtoxin, and prevent it from spreadingits toxic effects. A library of small sized
chemicalcompoundswasscreenedto identify asetof chemicalcompoundsthatcouldbind withtheanthraxtoxin. The
screeningwasdoneby computingthebindingfreeenergy for eachcompoundusingnumericalsimulations.Thescreen
identifieda setof 12,376compoundsthatcouldpotentiallybind to theanthraxtoxin anda setof 22,460compounds
that wereunlikely to bind to the chemicalcompound.The averagenumberof verticesin this datasetis 25 andthe
averagenumberof edgesis also25. The classificationproblemfor this datasetwasgiven a chemicalcompounds
classify it in to oneof thesetwo classes,i.e, will the compoundbind the anthraxtoxin or not. This classification
problemis referredasA1.

Someimportantcharacteristicsof thesedatasetsare summarizedin Table 1. The right handside of the table
displaystheclassdistribution for differentclassificationproblems,for eachproblemthetabledisplaysthepercentage
of positive classfound in thedatasetfor thatclassificationproblem. Note thatboth theDTP-AIDS andtheAnthrax
datasetsarequite largecontaining42,687and34,836compounds,respectively. Moreover, in thecaseof DTP-AIDS,
eachcompoundis alsoquitelarge having onanaverage46 atomsand48 bonds.

5.2 Experimental Methodology & Metrics

Theclassificationsresultswereobtainedby performing5-way crossvalidationon thedataset,ensuringthat theclass
distribution in eachfold is identicalto the original dataset.For the SVM classifierwe usedSVMLight library [19].
All theexperimentswereconductedona 1500MHzAthlon MP processorshaving a2GB of memory.

2http://www.informatik.uni-freiburg.de/˜ml/ptc/.
3http://dtp.nci.nih.gov/docs/aids/aidsdata.html.
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Toxic. Aids Anthrax ClassDist. (% +ve class)
N 417 42,687 34,836 ToxicologyL
NA 25 46 25 P1: Male Mice 38.3%L
NB 26 48 25 P2: FemaleMice 40.9%L
L A 40 82 25 P3: MaleRats 44.2%L
L B 4 4 4 P4: FemaleRats 34.4%
maxNA 106 438 41 AIDS
min NA 2 2 12 H1: CA/CM 28.1%
maxNB 1 276 44 H2: (CA+CM)/CI 3.5%
min NB 85 1 12 H3: CA/CI 1.0%

Anthrax
A1: active/inactive 35%
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Sincethesize ofthepositiveclassis significantlysmallerthanthenegativeclass,usingaccuracyto judgeaclassifier
would be incorrect. To get a betterunderstandingof the classifierperformancefor differentcostsettingswe obtain
theROC curve [35] for eachclassifier. ROC curve plots the falsepositive rate(X-axis) versusthe truepositive rate
(Y-axis) of a classier;it displaysthe performanceof the classifierwithout regard to classdistribution or error cost.
Two classifiersarecomparedby comparingtheareaundertheir respectiveROCcurves,a largerareaunderROCcurve
indicatingbetterperformance.TheareaundertheROCcurvewill bereferredby theparameterA.

5.3 Results

Varying Minim um Suppor t The key parameterof the proposedfrequentsub-structure-basedclassificational-
gorithmis thechoiceof theminimumsupport( I ) usedto discover the frequentsub-structures(eithertopologicalor
geometric).To evaluatethesensitivity of thealgorithmon this parameterweperformeda setof experimentsin which
we varied I from 10%to 20%in 5% increments.Theresultsof theseexperimentsareshown in theleft sub-tableof
Table2 for bothtopologicalandgeometricsub-structures.

Dset. i =10.0% i = 15.0% i = 20.0% Optimized i
Topo. Geom. Topo. Geom. Topo. Geom. Topo. Geom. Perclass Ti mep
A N f A N f A N f A N f A N f A N f A N f A N f i (sec)

P1 66.0 1211 65.5 1317 66.0 513 64.1 478 64.4 254 60.2 268 65.5 24510 65.0 23612 3.0,3.0 211
P2 65.0 967 64.0 1165 65.1 380 63.3 395 64.2 217 63.1 235 67.3 7875 69.9 12673 3.0,3.0 72
P3 60.5 597 60.7 808 59.4 248 61.3 302 59.9 168 60.9 204 62.6 7504 64.8 10857 3.0,3.0 66
P4 54.3 275 55.4 394 56.2 173 57.4 240 57.3 84 58.3 104 63.4 25790 63.7 31402 3.0,3.0 231
H1 81.0 27034 82.1 29554 77.4 13531 79.2 8247 78.4 7479 79.5 7700 81.0 27034 82.1 29554 10.0,10.0 137
H2 70.1 1797 76.0 3739 63.6 307 62.2 953 59.0 139 58.1 493 76.5 18542 79.1 29024 10.0,5.0 1016
H3 83.9 27019 89.5 30525 83.6 13557 88.8 11240 84.6 7482 87.7 7494 83.9 27019 89.5 30525 10.0,10.0 392
A1 78.2 476 79.0 492 78.2 484 77.6 332 77.1 312 76.1 193 81.7 3054 82.6 3186 5.0,3.0 145
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FromTable2 we observe thataswe increaseI , theclassificationperformancefor mostdatasetstendsto degrade.

However, in most casesthis degradationis gradualand correlateswell with the decreaseon the numberof sub-
structuresthatwerediscoveredby thefrequentsubgraphdiscoveryalgorithms.Theonly exceptionis theH2 problem
for which theclassificationperformance(asmeasuredby ROC) degradessubstantiallyaswe increasetheminimum
supportfrom 10%to 20%. Specifically, in thecaseof topologicalsubgraphs,theperformancedropsfrom 70.1down
to 59.0,andin thecaseof geometricsubgraphsit dropsfrom 76.0to 58.1.

Theseresultssuggestthat lower valuesof supportarein generalbetterasthey leadto betterclassificationperfor-
mance.However, asthesupportdecreases,thenumberof discoveredsub-structuresandtheamountof time required
alsoincreases.Thus,dependingon thedataset,someexperimentationmayberequiredto selectthepropervaluesof
supportthatbalancestheseconflictingrequirements(i.e., low supportbut reasonablenumberof sub-structures).

In ourstudyweperformedsuchexperimentation.For eachdatasetwekeptondecreasingthevalueof supportdown
to the point after which the numberof featuresthat weregeneratedwastoo large to be efficiently processedby the
SVM library. Theresultingsupportvalues,numberof features,andassociatedclassificationperformanceareshown in
theright sub-tableof Table2 underthetableheader“Optimized I ”. Notethatfor eachproblemtwo differentsupport
valuesaredisplayedcorrespondingto thesupportsthatwereusedto minethepositiveandnegativeclass,respectively.
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Also, thelastcolumnshows theamountof time requiredby FSGto find thefrequentsubgraphsandprovidesa good
indicationof thecomputationalcomplexity at thefeaturediscoveryphaseof ourclassificationalgorithm.

Comparingthe ROC valuesobtainedin theseexperimentswith thoseobtainedfor Iyx 10%,we canseethat as
before,the lower supportvaluestendto improve the results,with measurableimprovementsfor problemsin which
thenumberof discoveredsub-structuresincreasedsubstantially. In therestof our experimentalevaluationwe will be
usingthefrequentsubgraphsthatweregeneratedusingthesevaluesof support.

Varying Misc lassification Costs Sincefor eachclassificationprobleminstancethenumberof positive examples
is in generalmuchsmallerthanthe numberof negative examples,we performeda setof experimentsin which the
misclassificationcostassociatedwith eachpositive examplewasincreasedto matchthenumberof negative examples.
That is, if nz andn{ is thenumberof positive andnegative examples,respectively, themisclassificationcost | was
setequalto } n{ ~ nz[� 1� (sothatn{[x�| nz ). We refer to this valueof | asthe “EqCost” value.Theclassification
performanceachievedby our algorithmusingeithertopologicalor geometricsubgraphsfor |gx 1 J 0 and |gx EqCost
is shown in Table3. Notethatthe |gx 1 J 0 resultsarethesamewith thosepresentedin theright subtableof Table2.

Dataset Topo Geom�V�
1� 0 �V�

EqCost
�V�

1� 0 �V�
EqCost

P1 65.5 65.3 65.0 66.7
P2 67.3 66.8 69.9 69.2
P3 62.6 62.6 64.8 64.6
P4 63.4 65.2 63.7 66.1
H1 81.0 79.2 82.1 81.1
H2 76.5 79.4 79.1 81.9
H3 83.9 90.8 89.5 94.0
A1 81.7 82.1 82.6 83.0
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Fromtheresultsin this tablewecanseethat,in general,increasingthemisclassificationcostsothatit balancesthe
size ofpositive andnegative classtendsto improve theclassificationaccuracy. When |[x EqCost, theclassification
performanceimprovesfor four andfiveproblemsfor thetopologicalandgeometricsubgraphs,respectively. Moreover,
in thecasesin which theperformancedecreased,thatdecreasewasquitesmall,whereasthe improvementsachieved
for someprobleminstances(e.g., P4,H1, andH2) wassignificant. In therestof our experimentswe will focusonly
on theresultsobtainedby setting|gx EqCost.

Feature Selection We evaluatedthe performanceof the featureselectionschemebasedon sequentialcovering
(describedin Section4.2) by performinga setof experimentsin which we variedthe parameterK that controlsthe
numberof timesan examplemustbe coveredby a feature,beforeit is removed from the setof yet to be covered
examples.Table4 displaystheresultsof theseexperiments.Theresultsunderthecolumnlabeled“Original” shows
theperformanceof theclassifierwithout any featureselection.Theseresultsareidenticalto thoseshown in Table3
for |gx EqCostandareincludedhereto makecomparisonseasier.

Two key observationscanbe madeby studyingthe resultsin this table. First, asexpected,the featureselection
schemeis ableto substantiallyreducethenumberof features.In somecasesthenumberof featuresthatwasselected
decreasedby almosttwo ordersof magnitude.Also,asK increases,thenumberof retainedfeaturesincreases;however,
this increaseis gradual.Second,theoverall classificationperformanceachievedby thefeatureselectionschemewhen
K�� 5 is quitecomparableto thatachievedwith no featureselection.Theactualperformancedependson theproblem
instanceand whetheror not we usetopologicalor geometricsubgraphs.In particular, for the first four problems
(P1,P2, P3,andP4) derived from the PTCdataset,the performanceactuallyimproveswith featureselection.Such
improvementsare possibleeven in the context of SVM-basedclassifiersas modelslearnedon lower dimensional
spaceswill tend to have bettergeneralizationability [8]. Also note that for somedatasetsthe numberof features
decreasesas K increases.This is becausethefeaturesthatwereselectedhavehigheraveragesupport.

Topological versus Geometric Subgraphs Thevariousresultsshown in Tables2–4alsoprovideanindication
on the relative performanceof topologicalversusgeometricsubgraphs. In almostall cases,the classifierthat is
basedongeometricsubgraphsoutperformsthatbasedon topologicalsubgraphs.For someproblems,theperformance
advantageis marginal whereasfor other problems,geometricsubgraphslead to measurableimprovementsin the
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Topological Features
Dataset. Original � � 1 � � 5 � � 10 � � 15

A N f A N f A N f A N f A N f
P1 65.3 24510 65.4 143 66.4 85 66.5 598 66.7 811
P2 66.8 7875 69.5 160 69.6 436 68.0 718 67.5 927
P3 62.6 7504 68.0 171 65.2 455 64.2 730 64.5 948
P4 65.2 25790 66.3 156 66.0 379 64.5 580 64.1 775
H1 79.2 27034 78.4 108 79.2 345 79.1 571 79.5 796
H2 79.4 18542 77.1 370 78.0 1197 78.5 1904 78.5 2460
H3 90.8 27019 88.4 111 89.6 377 90.0 638 90.5 869
A1 82.1 3054 80.6 620 81.4 1395 81.5 1798 81.8 2065

Geometric Features
Dataset. Original � � 1 � � 5 � � 10 � � 15

A N f A N f A N f A N f A N f
P1 66.7 23612 68.3 161 68.1 381 67.4 613 68.7 267
P2 69.2 12673 72.2 169 73.9 398 73.1 646 73.0 265
P3 64.6 10857 71.1 175 70.0 456 71.0 241 66.7 951
P4 66.1 31402 68.8 164 69.7 220 67.4 609 66.2 819
H1 81.1 29554 80.8 128 81.6 396 81.9 650 82.1 885
H2 81.9 29024 80.0 525 80.4 1523 80.6 2467 81.2 3249
H3 94.0 30525 91.3 177 92.2 496 93.1 831 93.2 1119
A1 83.0 3186 81.0 631 82.0 1411 82.4 1827 82.7 2106
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Property Dim. Property Dim.
Solventaccessiblearea Å2 Momentof Inertia none
Totalaccessiblearea Å2 Totalenergy kcal � mol
Totalaccessiblevolume Å3 Bendenergy kcal � mol
TotalVanderWaal’sarea Å2 Hbondenergy kcal � mol
TotalVanderWaal’svolume Å3 Stretchenergy kcal � mol
Dipolemoment Debye Nonbondenergy kcal � mol
Dipolemomentcomp.(X, Y, Z) Debye Estaticenergy kcal � mol
Heatof formation Debye Torsionenergy kcal � mol
Multiplicity K cal Quantumtotal charge eV
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areaunderthe ROC curve. For example,if we considerthe resultsshown in Table3 for |¢x EqCost, we cansee
the geometricsubgraphslead to improvementsthat areat least3% or higher for P2, P3,andH3, and the average
improvementoverall eightproblemsis 2.6%.As discussedin Section4.1.2,theseperformancegainsis dueto thefact
thatconservedgeometricstructureis abetterindicatorof a chemicalcompoundsactivity thanjust its topology.

5.4 Comparison with Other Appr oaches

We comparedtheperformanceof our classificationalgorithmagainsttheperformanceachievedby theQSAR-based
approachandtheapproachthatusestheSUBDUEsystemto discovera setof sub-structures.

Comparison with QSAR As discussedin Section3 thereis a wide variety of QSAR propertieseachof which
capturescertainaspectsof acompoundschemicalactivity. For ourstudy, wehavechosenasetof 18QSARproperties
that aregooddescriptorsof the chemicalactivity of a compoundandmostof themhave beenpreviously usedfor
classificationpurposes[1]. A brief descriptionof thesepropertiesareshown in Table5. We usedtwo programsto
computetheseattributes,thegeometricattributeslike solventaccessiblearea,total accessiblearea/vol, total Vander
Waal’s accessiblearea/vol werecomputedusingthe programsSASA [26], the remainingattributeswerecomputed
usingHyperchemsoftware.

We usedtwo differentalgorithmsto build classificationmodelsbasedon theseQSARproperties.Thefirst is the
C4.5decisiontreealgorithm[36] thathasbeenshown to producegoodmodelsfor chemicalcompoundclassification
basedon QSARproperties[1], andthesecondis theSVM algorithmthatwasusedto build theclassificationmodels
in our frequentsub-structure-basedapproach. Sincethe rangeof valuesof the different QSAR propertiescan be
significantlydifferent,wefirst scaledthemto bein therangeof £ 0 ¤ 1¥ prior to building theSVM model.Wefoundthat
this scalingresultedin someimprovementsin theoverall classificationresults.NotethatC4.5is not affectedby such
scaling.

Table 6 shows the resultsobtainedby the QSAR-basedmethodsfor the different datasets.The valuesshown
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Dataset SVM C4.5 Freq.Sub. Prec.
A Precision Recall Topo Geom

P1 60.2 0.4366 0.1419 0.6972 0.6348
P2 59.3 0.3603 0.0938 0.8913 0.8923
P3 55.0 0.6627 0.1275 0.7420 0.7427
P4 45.4 0.2045 0.0547 0.6750 0.8800
H1 64.5 0.5759 0.1375 0.7347 0.7316
H2 47.3 0.6282 0.4071 0.7960 0.7711
H3 61.7 0.5677 0.2722 0.7827 0.7630
A1 49.4 0.5564 0.3816 0.7676 0.7798
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Dataset Subdue. SubdueCL.
A N f Ti mep A N f Ti mep

P1 61.9 1288 303sec 63.5 2103 301sec
P2 64.2 1374 310sec 63.3 2745 339sec
P3 57.4 1291 310sec 59.6 1772 301sec
P4 58.5 1248 310sec 60.8 2678 324sec
H1 74.2 1450 1,608sec 73.8 960 1002sec
H2 58.5 901 232,006sec 65.2 2999 476,426sec
H3 71.3 905 178,343sec 77.5 2151 440,416sec
A1 75.3 983 56,056sec 75.9 1094 31,177sec
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for SVM correspondto the areaunderthe ROC curve andcanbe directly comparedwith the correspondingvalues
obtainedby our approaches(Tables2–4). Unfortunately, sinceC4.5doesnot producea rankingof the training set
basedon its likelihoodof beingin the positive class,it is quite hardto obtainthe ROC curve. For this reason,the
valuesshown for C4.5correspondto theprecisionandrecallof thepositive classfor thedifferentdatasets.Also, to
make thecomparisonsbetweenC4.5andour approacheasier, we alsocomputedtheprecisionof our classifierat the
samevalueof recallasthatachievedby C4.5.Theseresultsareshown underthecolumnslabeled“Freq. Sub. Prec.”
for bothtopologicalandgeometricfeaturesandwereobtainedfrom theresultsshown in Table3 for |«x EqCost.

ComparingboththeSVM-basedROC resultsandtheprecision/recallvaluesof C4.5we canseethatour approach
substantiallyoutperformsthe QSAR-basedclassifier. In particular, our topologicalsubgraphbasedalgorithmdoes
35%bettercomparedto SVM-basedQSARand72%betterin termsof theC4.5precisionat thesamerecall values.
Similar resultshold for the geometricsubgraphbasedalgorithm. Theseresultsareconsistentwith thoseobserved
by other researchers[40, 20] that showed that sub-structurebasedapproachesoutperformthosebasedon QSAR
properties.

Comparison with SUBDUE & SubdueCL Finally, to evaluatetheadvantageof usingthecompletesetof fre-
quentsub-structuresover existing schemesthatarebasedon heuristicsub-structurediscovery, we performeda series
of experimentsin which we usedthe SUBDUE systemto find the sub-structuresandthenusedthemfor classifica-
tion. Specifically, we performedtwo setsof experiments.In thefirst set,we obtaina setof sub-structuresusingthe
standardMDL-basedheuristicsub-structurediscovery approach ofSUBDUE [17]. In the secondset,we usedthe
sub-structuresdiscoveredby the morerecentSubdueClalgorithm[14] that guidesthe heuristicbeamsearchusing
a schemethat measureshow well a subgraphdescribesthe positive examplesin the datasetwithout describingthe
negative examples.

Eventhoughtherearea numberof parameterscontrollingSUBDUE’s heuristicsearchalgorithm,themostcritical
amongthemarethe width of the beamsearch,the maximumsize ofthe discoveredsubgraph,andthe total number
of subgraphsto bediscovered.In our experiments,we spenta considerableamountof time experimentingwith these
parametersto ensurethatSUBDUEwasableto find a reasonablenumberof sub-structures.Specifically, we changed
thewidth of thebeamsearchfrom 4 to 50 andsettheothertwo parametersto high numericvalues.Note that in the
caseof theSubdueCl,in orderto ensurethat thesubgraphswerediscoveredthatdescribedall thepositive examples,
thesubgraphdiscoveryprocesswasrepeatedby increasingthevalueof beam-widthateachiterationandremoving the
positive examplesthatwerecoveredby subgraphs.

Table7 shows theperformanceachievedby SUBDUEandSubdueClon theeightdifferentclassificationproblems
alongwith thenumberof subgraphsthat it generatedandtheamountof time that it requiredto find thesesubgraphs.
Theseresultswereobtainedby using the subgraphsdiscoveredby eitherSUBDUE or SubdueClas featuresin an
SVM-basedclassificationmodel. Essentially, our SUBDUEandSubdueClclassifiershave thesamestructureasour
frequentsubgraph-basedclassifierswith theonly differencebeingthat the featuresnow correspondto thesubgraphs
discoveredby SUBDUEandSubdueCl.Moreover, to make thecomparisonsasfair aspossiblewe used|¬x EqCost
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asthemisclassificationcost.Wealsoperformedanothersetof experimentsin which weusedtherule-basedclassifier
producedby SubdueCl.Theresultsof thisschemewasinferior to thoseproducedby theSVM-basedapproachandwe
arenot reportingthemhere.

ComparingSUBDUEagainstSubdueClwecanseethatthelaterachievesbetterclassificationperformance,consis-
tentwith theobservationsmadeby otherresearchers[14]. ComparingtheSUBDUEandSubdueCl-basedresultswith
thoseobtainedby our approach(Tables2–4)we canseethat in almostall casesbothour topologicalandgeometric
frequentsubgraph-basedalgorithmsleadto substantiallybetterperformance.This is trueboth in thecasesin which
we performedno featureselectionaswell asin thecasesin which we usedthesequentialcoveringbasedfeaturese-
lectionscheme.In particular, comparingtheSubdueClresultsagainsttheresultsshown in Table4 withoutany feature
selectionwecanseethatontheaverage,our topologicalandgeometricsubgraphbasedalgorithmsdo9.3%and12.2%
better, respectively. Moreover, evenafter featureselectionwith K¡x 15 that resultin a schemethathave comparable
numberof featuresasthoseusedby SubdueCl,ouralgorithmsarestill betterby 9.7%and13.7%,respectively. Finally,
if we comparetheamountof time requiredby eitherSUBDUEor SubdueClto thatrequiredby theFSGalgorithmto
find all frequentsubgraphs(lastcolumnof Table2 wecanseethatdespitethefactthatwearefinding thecompleteset
of frequentsubgraphsourapproachrequiressubstantiallylesstime.

6 Conc lusion
In this paperwe presenteda highly-effective algorithmfor classifyingchemicalcompoundsbasedon frequentsub-
structurediscovery thatcanscaleto largedatasets.Our experimentalevaluationsshowedthatour algorithmleadsto
substantiallybetterresultsthanthoseobtainedby existingQSAR-andsub-structure-basedmethods.
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