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Abstract

In this paperwe studythe problemof classifyingchemicalcompoundatasetsWe present sub-structure-based
classificatioralgorithmthatdecoupleshe sub-structuraliscovery procesgrom the classificatiormodelconstruction
andusesfrequentsubgrapldiscorery algorithmsto find all topologicaland geometricsub-structurepresentn the
dataset.The advantageof our approachis that during classificationmodel construction all relevant sub-structures
areavailableallowing the classifierto intelligently selectthe mostdiscriminatingones. The computationakcalabil-
ity is ensureddy the useof highly efficient frequentsubgraphdiscovery algorithmscoupledwith aggressie feature
selection.Our experimentalevaluationon eightdifferentclassificatiorproblemsshaws thatour approachs compu-
tationally scalableandoutperformsxisting schemesdy 10%to 35%,on the average.

Keywords: ClassificationChemicalCompoundsGraphs SVM

1 Introduction

Discoveringnew drugsis anexpensve andchallengingprocess.Any new drug shouldnot only producethe desired
responseo thediseasebut shoulddo sowith minimal sideeffects,andbe superiorto theexisting drugsin themarket.
Oneof the key stepsin the drug designprocesss to identify the chemicalcompoundgwidely referredto as*“hit”
compounds)hatdisplaythedesirecandreproducibléoehaior againstthediseasg27] in abiologicalexperiment.The
standardechniqueto discoser suchcompoundss to evaluatethemwith a biological experiment knowvn asanassay
The 1990ssawn thewidespreadhdoptionof high-throughpuscreenindHTS), which usehighly automatedechniques
to conductthe biological assaysindcanbe usedto screera large numberof compounds.Thoughin principle, HTS
techniquescanbe usedto testeachcompoundagainstevery biological assayit is never practicallyfeasiblefor the
following reasonsFirst, the numberof chemicalcompoundghathave beensynthesizear canbe synthesizedising
combinatorialchemistrytechniquess extremelylarge. Evaluatingthis large setof compoundausingHTS canbe
prohibitively expensve. Secondnotall biologicalassaysanbe cornvertedto high throughputformat. Third, in most
casest is hardto find all thedesirablepropertiedgn asinglecompoundandchemistsareinterestedhot justidentifying
the hits but studyingwhat part ofthe chemicalcompoundeadsto desirablebehaior, sothatnev compoundsanbe
rationally synthesized.

Thegoalof this papeiis to developcomputationatechniquedpasedn classificatiorthatcanbeusedto identify the
hit compoundsThesecomputationatechniquesanbe usedto replaceor supplementhebiologicalassaytechniques.

*This work wassupportecy NSFACI-0133464 CCR-9972519E1A-9986042 ACI-9982274 ACI-0133464 andby Army High Performance
ComputingResearctCentercontractnumberDAAH04-95-C-0008.



Oneof the key challengesn developingclassificationtechniquedor chemicalcompoundsstemsfrom the fact that

their propertiesare strongly relatedto their chemicalstructure. However, traditional machinelearningtechniques
aresuitedto handledatasetsepresentethy multi-dimensionalvectorsor sequencesandcannot handl¢he structural

natureof the chemicalstructures.

In recentyearstwo classef techniqueshave beendevelopedfor solving the chemicalcompoundclassification
problem. The first classbuilds a classificationmodel using a setof physico-chemicapropertiesderived from the
compoundstructure calledquantitatve structure-actiity relationshipfQSAR)[15, 16, 1], whereagheseconctlass
operatedirectly on the structureof the chemicalcompoundand try to automaticallyidentify a small numberof
chemicalsub-structureshat canbe usedto discriminatebetweenthe differentclassed3, 43, 18,25]. A numberof
comparatie studieg40, 20] have shavn thattechniquedasedon the automatiadiscovery of chemicalsub-structures
aresuperiorto thosebasedn QSARpropertiesandrequirelimited userinterventionanddomainknowledge.However,
despitetheir successa key limitation of thesetechniquess that they rely on heuristicsearchmethodsto discover
thesesub-structuresEven thoughsuchapproacheseducethe inherentlyhigh computationatompleity associated
with theseschemesthey mayleadto sub-optimalclassifieran casedn which the heuristicsearchfailed to uncover
sub-structurethatarecritical for the classificatiortask.

In this paperwe presenta sub-structure-basedlassifierthat overcomeshe limitations associatedvith existing
algorithms. One of the key ideasof our approachs to decouplethe sub-structuraliscovery processrom the classi-
fication model constructionstepand usefrequentsubgraphdiscovery algorithmsto find all chemicalsub-structures
thatoccura sufficiently large numberof times. Oncethe completesetof thesesub-structurebasbeenidentified,our
algorithmthen proceeddo build a classificationmodel basedon them. The advantageof suchan approachs that
duringclassificatiormodelconstructionall relevantsub-structureareavailableallowing the classifierto intelligently
selectthe mostdiscriminatingones. To ensurethat suchan approachis computationallyscalable we userecently
developed[23, 25] highly efficient frequentsubgraphdiscovery algorithmscoupledwith aggressie featureselection
to reduceboththeamountof time requiredto build aswell asto applytheclassificatiormodel.In addition,we present
a sub-structureliscovery algorithmthatfinds a setof sub-structuresrhosegeometryis consered, furtherimproving
the classificatiorperformancef our algorithm.

We experimentallyevaluatedthe performanceof our algorithmson eight different problemsderived from three
publically available datasetsand comparedheir performanceagninstthat of traditional QSAR-basectlassifiersand
existing sub-structureslassifiershasedon SUBDUE [4] and SubdueCl[14]. Our resultsshav thatour approachpn
theaverage putperformaQSAR-basedchemedy 35% andSUBDUE-basedchemedy 10%.

2 Background

A chemicalcompoundconsistsof differentatomsbeingheld togethervia bondsadoptinga well-definedgeometric
configuration Figurel(a)representthechemicakcompound-lucytosinefrom theDTP AIDS repository[9] it consists
of a centralaromaticring and otherelementdike N, O andF. The representatioishovn in the figure is a typical
graphicalrepresentatiothatmostchemistsvork with.

Therearemary differentwaysto represensuchchemicalkcompoundsThesimplestrepresentatiois themolecular
formulathatlists the variousatomsmakingup the compoundthe molecularformulafor Flucytosineis C4AHAFN3O.
However this representatiois woefully inadequateo capturethe structureof the chemicalcompound.lt wasrecog-
nizedearly on thatit waspossiblefor two chemicalcompoundgo have identicalmolecularformulabut completely
differentchemicalpropertieg13]. A moresophisticatedepresentatioicanbe achiezed usingthe SMILES [6] rep-
resentationjt not only representshe atomsbut also representshe bondsbetweendifferentatoms. The SMILES
representatioffior Flucytosineis Nc1nc( O ncclF. ThoughSMILES representatiotis a compactit is not guaran-
teedto be unique furthermoretherepresentatiois quiterestrictve to work with [22].

Theactwity of acompoundargely depend®nits chemicalstructureandthe arrangemensf differentatomsin 3D
space As aresult,effective classificatioralgorithmsmustbe ableto directly take into accounthe structuralnatureof
thesedatasets.

In this paperwe represeneachcompoundasundirectedgraphsthisis themostgenericrepresentatiofor agraph.
Theverticesof thesegraphscorrespondo thevariousatoms andtheedgesorrespondo thebondsbetweertheatoms.
Eachoneof theverticesandedgesof hasa labelassociatedvith it. Thelabelson the verticescorrespondo thetype
of atomsandthelabelsontheedgescorrespondo thetype of bond. Furthermore3D coordinatedareassociatedvith
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Figure 1: Chemical and Graphical representation of Flucytosine

eachvertex indicatingthe positionof the correspondingtomin 3D spacé. The graphrepresentationf Flucytosine
(withoutthe 3D coordinatesjs shavn in Figurel(b). A graphin whichall theverticeshave 3D coordinatesssociated
with themis referredasa geometric graph, whereasa graphwithout the 3D coordinatess referredastopological
graph. Suchtopological/geometricepresentationare quite commonlyusedby mary chemicalmodelingsoftware
andarereferredasthe connectiortablefor the chemicalcompound.

The meaningof the variousclassesn theinput datasets applicationdependentln someapplicationsthe classes
will capturethe extentto which a particularcompounds toxic, whereasn otherapplicationsthey may capturethe
extentto which a compoundcaninhibit (or enhancep particularfactorand/oractive site. In mostapplicationseach
of the compoundss assignedo only oneof two classesthatare commonlyreferredto asthe positiveand negative
class.The positive classcorrespondso compoundghat exhibit the propertyin questionwhereaghe compoundf
the negative classdo not. Throughoutthis paperwe will be restrictingoursehesto only two classesthoughall the
techniqueslescribecherecanbe easilyextendedo multi-classaswell asmulti-label classificatiorproblems.

Anotherimportantaspecibf modelingchemicalcompoundss the namingof singleanddoublebondsinsidearo-
maticrings. Typically in anaromaticring of a chemicalcompoundhoughthe numberof singleanddoublebondsis
fixed,the exactpositionof doubleandsinglebondsis notfixed, this is becaus®f the phenomenomf resonanc§l3].
It is worth noting thatthe exact positionof doubleandsinglebondin anaromaticring doesnot affect the chemical
propertief achemicalcompound.To capturethis uncertaintyin the positionof singleanddoublebondwe represent
all thebondsmakingup thearomaticring with anew bondtypecalledthearomaticbond Anotheraspecbfthechem-
ical compoundss thatthe numberof hydrogenbondsconnectedo a particularcarbonatomcanusually be inferred
from the bondsconnectingthat carbonatom[13], thereforein our representationve do not representhe hydrogen
atomsthatareconnectedo the carbonatoms suchhydrogenatomsarereferredasnon-polarydrogenatoms.

3 Related Research

In theearly1960s thepioneeringvork of Hanschetal. [15, 16] demonstratethatthebiologicalactiity of achemical
compoundis a function of its physico-chemicabproperties. Thesephysico-chemicabropertiesare usually derived
from the compounds structureandare calledquantitative structure-actiity relationshipgQSAR). Examplesof such
physico-chemicapropertiesncludethe molecularweight, total enegy, dipole moment,solventaccessiblarea,etc
Overtheyearsa numberof differentQSAR propertieshave beendeveloped(GAUSSIAN containsover 50) andthey
areusedextensvely to modelandanalyzechemicalcompoundswithin the pharmaceuticaihdustry The amountof
time requiredto computetheseQSAR propertiesvariesfrom propertyto property Someof themcanbe computed
very fast(e.g., molecularweight), while othersrequiretime-consuminghumericalsimulations(e.g., dipole-moment,
total enegy) thatcanonly be performedfor smalldatasets.

In QSAR-basedlassificatiormethodsgachchemicalcompounds transformednto a vectorof numericalvalues,
correspondingo thevariousQSAR properties After this transformatiorary traditionalclassifiercapableof handling
numericalfeaturescan be usedfor the classificationtask. Early researchon QSAR-basectlassificationmethods

Iwe usethe softwarepackageCorina[12] to computethe 3D coordinates.



focusedprimarily on regression-basetechniqueq15, 11]; however, more sophisticatectlassifiershave also been
used.For example,AndreaandKalayeh[2] shav thatneuralnetworks canachieve betteraccuracie®ver regression-
basedechniqueswhereasAn andWang[1] reportthatdecisiontreeclassifiersappliedon QSAR featuresoutperform
thosebasedn neuralnetworks andlogistic regression.

The key challengein using QSAR-basedpproachestemsfrom the fact that the classificationperformancere-
lies, to alarge extent,on the a priori identificationof the relevant QSAR propertiesghat capturethe structure-actiity
relationshipgor the particularclassificatiorproblem. Identifying this relevantsetof QSAR propertiesrequirescon-
siderabledomainexpertiseand extensive experimentation.To overcomethis problem,a differentsetof techniques
have beendevelopedthatoperatedirectly onthe structureof the chemicalcompoundandtry to automaticallyidentify
asmallnumberof chemicalsub-structurethatcanbe usedto discriminatebetweerthe differentclasses.

Oneof the earlierapproachesghatfollow this paradigmarebasedon inductive logic programming(ILP) [33]. In
this approachthe chemicalcompoundis expressediusingfirst orderlogic. Eachatomis representedsa predicate
consistingof atomID and the element,anda bondis represented@s a predicateconsistingof two atomIDs. Using
this representationan ILP systemdiscoversrules (i.e., conjunctionof predicates}that are good for discriminating
the differentclasses Sincetheserulesconsistof predicateslescribingatomsandbonds,they essentiallycorrespond
to sub-structureshat are presentin the chemicalcompounds.The pioneeringwork in this field wasdoneby King
etal. in theearly 1990s[21, 20]. They appliedanILP system,Golem[34], to studythe behaior of 44 trimethoprin
analoguesindtheir obsenedinhibition of Esderichia coli dihydrofolatereductaseThey reportedanimprovementin
classificatioraccurag over thetraditional QSAR-basednodels.Srinivasanetal. [40] presenta detailedcomparison
of the featuregyeneratedy ILP with thetraditional QSAR featuresusedfor classifyingchemicalcompoundsThey
show thatfor someapplicationsfeaturesdiscoveredby ILP approacheseadto a significantlift in the performance.
Besidesmproved classificationperformancean additionaladvantageof thesestructure-basedpproachess thatthe
discoveredrules(i.e., sub-structuresanbe easilyunderstoody expertsandcould be usedto checkthe correctness
of themodelandto provide insightsin thechemicalbehaior of the compounds.

Though ILP-basedapproachesre quite powerful, the high computationalcompleity of the underlying rule-
induction systemlimits the size ofthe datasetfor which they canbe applied. Furthermore they tendto produce
rules consistingof relatively small sub-structuregusually threeto four atoms[5, 7]), limiting the size of structural
constraintghatare beingdiscoreredand henceaffecting the classificationperformance Anotherdravbackof these
approachess that in orderto reducetheir computationalcompleity they employ various heuristicsto prunethe
exploredsearch-spacf2], potentiallymissingsub-structureshat areimportantfor the classificationtask. One ex-
ceptionis the WARMR systen5, 7] thatis specificallydevelopedfor chemicalcompoundsanddiscorersall possible
sub-structureabove acertainfrequeng threshold.However, WARMR’s computationatompleity is very high and
canonly beusedto discorer sub-substructurethatoccurwith relatively high frequeng.

One of the fundamentalreasondimiting the scalability of ILP-basedapproachess the first order logic-based
representatiorthat they use. This representatioris much more powerful than what is neededto model chemical
compoundsand discover sub-structures.For this reasona numberof researcherbave exploredthe much simpler
graph-basedepresentationf the chemicalcompounds topology andtransformedhe problemof finding chemical
sub-structureso that of finding subgraphsn this graph-basedepresentatioif3, 43, 18]. Probablythe mostwell-
known approachs the SUBDUE system[17, 4]. SUBDUE finds patternswhich caneffectively compressheoriginal
input databasedon the minimum descriptionlength (MDL) principle, by substitutingthosepatternswith a single
vertex. To narrav the search-spacandimprove its computationakfficiency, SUBDUE usesa heuristicheamsearch
approachwhich quite oftenresultsin failing to find subgraphshatarefrequent. The SUBDUE systemwasalsolater
extendedto classifygraphsandwasreferredasSubdueCL[14]. In SubdueClLinsteadof usingminimumdescription
lengthasa heuristica measuresimilar to confidenceof a subgraphs usedasa heuristic.

Finally, anothereuristicshasedschemdargetedfor chemicalcompoundss MOLFEA [22]. In this schemeesach
chemicalcompoundis representecs a SMILES string, andis thoughtof as sequence dMILES objects. This
representatiosimplifiesthe problemto discoveringfrequentlyoccurringsub-sequences.

4 Classification Based on Frequent Subgraphs

The previous researcton classifyingchemicalcompoundgdiscussedn Section3) hasshavn thattechniquesased
on the automaticdiscovery of chemicalsub-structuresire superiorto thosebasedon QSAR propertiesandrequire
limited userinterventionanddomainknowledge.However, despitetheir successakey limitation of boththelLP- and
the subgraph-basechniquesis thatthey rely on heuristicsearchmethodso discover the sub-structureso be used
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for classification.As discussedn Section3, eventhoughsuchapproacheseducethe inherentlyhigh computational
compl«ity associatedvith theseschemesthey may leadto sub-optimalclassifiersin casesn which the heuristic
searcHailedto uncover sub-structurethatarecritical for the classificatiortask.

To overcomethis problem,we developeda classificationalgorithmfor chemicalcompoundghat usesthe graph-
basedrepresentatiomndlimits the numberof sub-structureshat are pruneda priori. The key ideaof our approach
is to decouplethe sub-structuraliscovery processrom the classificationrmodel constructionstep,and usefrequent
subgraphdiscoveryalgorithmsto find all chemicalsub-structurethatoccura suficiently large numberof times.Once
thecompletesetof suchsub-structurebasbeenidentified,our algorithmthenproceedso build a classificatiormodel
basedon them. To a large extent, this approachs similar in spirit to the recentlydevelopedfrequent-itemset-based
classificationalgorithms[29, 28, 8] that have beenshown to outperformtraditional classifiersthat rely on heuristic
searchmethoddo discover the classificatiorrules.

The overall outline of our classificationmethodologyis shovn in Figure2. It consistsof threedistinct steps:(i)
featuregeneration(ii) featureselection,and (iii) classificationmodel construction. During the featuregeneration
step,the chemicalcompoundsireminedto discover the frequentlyoccurringsub-structurethatcorrespondo either
topologicalor geometricsubgraphsThesesub-structuresrethenusedasthe featuresby which the compoundsare
representeth the subsequengteps.During the secondstep,a small setof featuress selectedsuchthatthe selected
featurescancorrectlydiscriminatebetweenrthe differenceclassedoundin the dataset.Finally, in the laststepeach
chemicalcompoundis representedising thesesetof featuresand a classificationmodelis learnt. The restof this
sectiondescribeshesethreestepsin detail.

4.1 Feature Generation

Our classificationalgorithmfinds sub-structureg a chemicalcompounddatabaseisingtwo differentmethods.The
first methodusesthetopologicalgraphrepresentationf eachcompoundvhereaghe secondmethodis basedon the
correspondingieometricgraphrepresentatiofdiscussedn Section2). In both of thesemethodspur algorithmuses
thetopologicalor geometricconnecsubgraphshatoccurin atleasts % of thecompoundso definethesub-structures.

Therearetwo importantrestrictionson thetype of the sub-structurethatarediscoveredby our approachThefirst
hasto do with the factthatwe areonly interestedn sub-structureshat are connectedandis motivatedby the fact
thatconnectvity is a naturalpropertyof suchpatterngthis needs work). The seconchasto do with thefactthatwe
areonly interestedn frequentsub-structuregas determinecdoy the value of o) andthis ensureghatthe discovered
sub-structuresre statisticallysignificantand not spurious.Furthermorethis minimum supportconstraintalsohelps
in makingthe problemof frequentsubgraptdiscorery computationallytractable.



4.1.1 Frequent Topological Subgraphs

Developingfrequentsubgrapidiscovery algorithmsis particularlychallengingandcomputationallyintensve asgraph
and/orsubgraphsomorphismplay akey role throughouthecomputationsDespitethat,in recentyears four different
algorithmshave beendevelopedcapableof finding all frequentlyoccurringsubgraphsvith reasonableomputational
efficiency. Thesearethe AGM algorithmdevelopedby Inokuchiet al[18], the FSGalgorithmdevelopedby members
of our group[23], the chemicalsub-structuradiscovery algorithm developedby Borgelt and Berthold [3], andthe
gSpanalgorithm developedby Yan and Han [43]. The enablingfactorsto the computationalefficiency of these
scheme$ave been(i) the developmentof efficient candidatesubgraplgeneratiorschemeshatreducethe numberof
timesthe samecandidatesubgraphs beinggenerated(ii) the useof efficient canonicalabelingschemeso represent
thevarioussubgraphsand(iii) the useof varioustechniquesievelopedby the data-miningcommunityto reducethe
numberof timessubgraphisomorphisncomputationsieedto be performed.

In our classificationalgorithmwe find the frequentlyoccurringsubgraphsisingthe FSGalgorithm. FSGtakes as
input a databaséD of graphsanda minimum supports, andfindsall connectedsubgraphshatoccurin atleasto %
of thetransactionsFSG,initially presentedn [23], with subsequenimprovementpresentedn [25], usesa breadth-
first approactto discover the lattice of frequentsubgraphslt startsby enumeratingsmall frequentgraphsconsisting
of one andwo edgesandthenproceedso find larger subgraphsy joining previously discoreredsmallerfrequent
subgraphsThesize ofthesesubgraphss grown by addingone-edge-at-a-timd helattice of frequentpatternss used
to prunethesetof candidatgatternsandit only explicitly computeghefrequeny of the patternswvhich survivedthis
downward closurepruning. Despitethe inherentcompleity of the problem,FSGemplg/s a numberof sophisticated
techniquego achieve high computationaperformancelt usesa canonicalabelingalgorithmthatfully makesuseof
edgeandvertex labelsfor fastprocessingandvariousvertex invariantsto reducethe compleity of determiningthe
canonicalabelof agraph.Thesecanonicalabelsarethenusedto establisitheidentity andtotal orderof thefrequent
andcandidatesubgraphsa critical stepof redundantandidatesliminationanddownward closuretesting. It usesa
sophisticatedcheméor candidategeneratiorf25] thatminimizesthe numberof timeseachcandidatesubgraplgets
generate@ndalsodramaticallyreduceghe generatiorof subgraphshatfail the downward closuretest. Finally, for
determiningthe actualfrequeny of eachsubgraphFSGreduceghe numberof subgraptisomorphisnoperationsy
usingTID-lists [10, 38, 45,44] to keeptrack of the setof transactionshatsupportedhe frequentpatterndiscovered
at the previous level of the lattice. For every candidate FSG takesthe intersectionof TID-lists of its parents,and
performsthe subgraphisomorphismonly on the transactiongontainedn the resultingTID-list. As the experiments
presentedn Section5 shav, FSGis ableto scaleto large datasetaindlow supportvalues.

4.1.2 Frequent Geometric Subgraphs

Topologicalsub-structuresapturethe connectity of atomsin the chemicalcompoundout they ignorethe 3D shape
(3D arrangementf atoms)of the sub-structures-or certainclassificatiorproblemsthe 3D shapeof the sub-structure
might be essentiafor determiningthe chemicalactvity of a compound. For instance the geometricconfiguration
of atomsin a sub-structures crucial for its ability to bind to a particulartarget[27]. For this reasonwe developed
algorithmsthatfind all frequentsub-structuresvhosetopologyaswell asgeometryis consered.

Therearetwo importantaspectsspecificto the geometricsubgraphghat needto be considered.First, sincethe
coordinate®f the verticesdependon a particularreferencecoordinateaxes,we would lik e the discoseredgeometric
subgraph$o beindependentf thesecoordinateaxes,i.e., we areinterestedn geometricsubgraphsvhoseoccurrences
aretranslation,androtationinvariant. This dramaticallyincreaseshe overall compleity of the geometricsubgraph
discovery processbecauseve mayneedto considerall possiblegeometricconfigurationof asinglepattern.Second,
while determiningif a geometricsubgraphis containedin a bigger geometricgraphwe would like to allow some
tolerancevhenwe establisha matchbetweercoordinatesensuringthatslight deviationsin coordinatedetweenwo
identicaltopologicalsubgraphslo notleadto a creationtwo geometricsubgraphsTheamountof tolerancer) should
be a userspecifiedparameter The task of discovering suchr -tolerantfrequentgeometricsubgraphdramatically
changedhe natureof the problem. In traditional patterndiscovery problemssuchasfinding frequentitemsets,se-
guentialpatternsand/orfrequenttopologicalgraphsthereis a cleardefinition of what a patternis, givenits setof
supportingtransactions.On the otherhand,in the caseof r-tolerantgeometricsubgraphsthereare mary different
geometricepresentationsf the samepattern(all of whichwill ber -tolerantisomorphicto eachother). The problem
becomesotonly thatof finding a patternandits support but alsofinding theright representatie for this pattern.The
selectionof theright representatie canhave aseriousmpacton correctlycomputingthe supportof the pattern.For
example,givena setof subgraphshatarer -tolerantisomorphicto eachother the onethat corresponds$o anoutlier
will tendto have alower supportthanthe onecorrespondingo the center Thesetwo aspect®f geometricsubgraphs



malesthetaskof discoreringthefull fledgedgeometricsubgraph&xtremelyhard[24].

To overcomethis problemwe developeda simpler albeit lessdiscriminatory representatiofior geometricsub-
graphs.We usea propertyof ageometriagraphcalledthe average inter-atomic distance, thatis definedastheaverage
Euclideandistancebetweenall pairsof atomsin the molecule. Note that the averageinter-atomic distanceis com-
putedbetweenrall pairsof atomsirrespectve of whethera bondsconnectgshe atomsor not. The averageinter-atomic
distancecanbethoughtof asageometricsignatureof atopologicalsubgraphThegeometricsubgrapltonsistof two
componentsa topologicalsubgraphandaninterval of averageinteratomicdistanceassociatedvith it. A geometric
graphcontainsthis geometricsubgraphf it containsthe topologicalsubgraphandthe averageinter-atomicdistance
of the embeddingof the topologicalsubgraphjs within the interval associateavith the geometricsubgraph.Note
thatthis geometriaepresentatioris alsotranslatiorandrotationinvariant,andthewidth of theinterval determineshe
tolerancedisplayedby the geometricsubgraphWe areinterestedn discoveringsuchgeometricsubgraphshatoccur
aborve o % of thetransactionsindtheintenal of averagenteratomicdistancas boundby r.

Sincea geometricsubgraplcontainsa topologicalsubgraphfor the geometricsubgraphto be frequentthe corre-
spondingtopologicalsubgrapthasto be frequent,aswell. This allows us totake advantageof the existing approach
to discover topologicalsubgraphs.We modify the frequeny countingstageof the FSGalgorithmasfollows. If a
subgraphg is containedin a transactiont thenall possibleembeddingof g in t arefound andthe averageinter
atomicdistanceor eachof theseembeddingss computed.Thislist of averageinter-atomicdistancess addedto the
g.aiadList suchthatat the endof the frequentsubgraphdiscovery eachtopologicalsubgraphhasa list of average
inter-atomic distancesassociatedvith it. Eachone of the averageinteratomic distancesorrespondso one of the
embeddings.e., ageometricconfigurationof the topologicalsubgraphThe taskof discoreringgeometricsubgraphs
now reducedo identifying thosegeometricconfigurationghatarefrequentenoughj.e., to identify intervals of aver-
ageinteratomicdistancesuchthateachinterval containsthe minimumnumbergeometricconfigurationgo) andthe
width of theintenal is lessthanthetolerancethreshold(r). In our experimentswve setthevalueof r to beequalto the
half of the minimumdistancebetweerary two pair of atomsin the compounds.

This taskcanbethoughtof as1D clusteringon the vectorof averageinter-atomicdistancesuchthateachcluster
containstemsabove the minimumsupportandthe spreadof eachclusteris boundedoy thetolerance . Notethatnot
all itemswill belongto avalid clusterassomeof themwill beinfrequent.

To find suchclusterswe performagglomeratie clusteringon the vectorof averageinter-atomicdistancevalues.
Thedistancebetweerary two averaganter-atomicdistancevaluesis definedasthedifferencen theirnumericvalues.
To ensurehatwe get thelargestpossibleclusterswe usethe maximume-linkcriterionfunctionfor decidingwhich two
clustersshouldbe merged. The processof agglomeratioris continuedtill the interval containingall theitemsin the
clusteris belav thetolerancehresholdr), if we reacha stagewherefurtheragglomeratiorwouldincreasdhespread
of the clusterbeyondthe tolerancehreshold we checkthe numberof itemscontainedn thecluster If thenumberof
itemsis above the supportthresholdthentheinterval associatedvith this clusteris consideredisa geometrideature.
Notethatsincewe areclusteringone-dimensionadlatasetsthe clusteringcompleity is low.

Note that this algorithmfor computinggeometricsubgraphss approximatein naturefor two reasons.First, the
averageinter-atomicdistancemay maptwo differentgeometricsubgraphgo the sameaverageinter-atomicdistance
value. Second,the clusteringalgorithm may not find the completeset of geometricsubgraphshat satisfy the r
tolerance.Neverthelessasour experimentsin Section5 shav the geometricsubgraphgliscoreredby this approach
improve the classificatioraccurag of thealgorithm.

4.1.3 Additional Considerations

EventhoughFSGprovidesthegenerafunctionalityrequiredto find all frequentlyoccurringsub-structures chemical
datasetstherearea numberof issueghatneedto beaddressetieforeit canbeappliedasablack-boxtool for feature
discovery in the contet of classification. Oneissuedealswith the selectingthe right valuefor the o, the support
constraintusedfor discovering frequentsub-structuresThe valueof o controlsthe numberof subgraphsliscovered
by FSG.Choosingagoodvalueof o is especiallyimportantfor thedatasetontainingclasse®f significantlydifferent
sizes.In suchcasesin orderto ensurghatFSGis ableto find featureghataremeaningfulfor all the classesit must
useasupportthatdepend®nthesize ofthesmallerclass.

For this reasonwe first partition the completedatasetusingthe class labelbf the examples,into specificclass
specificdatasetsWe thenrun FSGon eachof theseclassdatasets This partitioningof the dataseensureghat suf-
ficient subgraphsrediscoveredfor thoseclasslabelswhich occurrarelyin the datasetNext, we combinesubgraphs
discoveredfrom eachof the classdataset After this stepeachsubgrapthasa vectorthatcontainghe frequeng with
whichit occursin eachclass.



4.2 Feature Selection

The frequentsubgraphdiscovery algorithmsdescribedn Section4.1 discoversall the sub-structuregtopologicalor
geometricthatoccurabore acertainsupportconstraint(c) in thedatasetThoughthe discovery algorithmis compu-
tationally efficient, the algorithm cangeneratea large numberof features.A large numberof featureds detrimental
for two reasons First, it could increasethe time requiredto build the model. But moreimportantly a large number
of featuresgncreaseshetime requiredto a classifya chemicalcompoundpecausédeforewe canclassifya chemical
compoundwe needto identify whetheror not the discoveredfeaturessetcontainedn the chemicalcompound.This
involvesapplyingthe costly graphisomorphisnoperationfor all the discoseredfeatures.This problemis especially
critical in the drug discovery processvherethe classificatiormodelis learnton a small setof chemicalcompounds
andit is thenappliedon large chemicalcompoundibrariescontainingmillions of compounds.

To overcomethis problemwe developeda featureselectionschemeshat selecta small setof featuresfrom those
discoveredby the frequentsubgraphdiscovery algorithms,without compromisingthe classificationaccurag of the
model. Thefeatureselectiorschemausedn this papelis basednthe sequential covering paradigm usedto learnrule
sets[30]. To applythis algorithmwe assumehateachdiscoseredsub-structureorrespondso arule, with the class
labelof thesub-structur@asthetarget attribute, suchrulesarereferredasclass-rulesn [29]. Thesequentiatovering
algorithmtakes asinput a setof examplesandthe featuresdiscoreredfrom theseexamples,anditeratively applies
thefeatureselectionstep. In this stepthe algorithmselectsthe featurethathasthe highestestimatedaccurag. After
selectingthis featureall the examplescontainingthis featureare eliminatedandthe featureis marked asselected.In
thenext iterationof the algorithmthe samestepis applied,but on a smallersetof examples.The algorithmcontinues
in aniterative fashiontill eitherall the featuresareselectedr all the examplesareeliminated.

In this papemwe useacomputationallyefficientimplementatiorof sequentiatoveringalgorithmknown asCBA [29],
this algorithmproceeddy first sortingthe featureshasedon confidenceandthenapplyingthe sequentiatoveringal-
gorithm on this sortedsetof features.One of the advantagesf this approactis thatit requiresminimal numberof
passe®n the datasethenceis very scalable.To obtaina bettercontrol over the numberof selectedeatureswve use
an extensionof the sequentiakovering schemeknown as Classificationbasedon Multiple Rules(CMAR). In this
schemeansteadof remaoving the exampleafterit is coveredby the selectedeature,the exampleis removed only if
thatexampleis coveredby § selectedeatures.The numberof selectedulesincreasessthevalueof § increasesan
increasan the numberof featuresusuallytranslatesnto animprovementin theaccurag asmorefeaturesareusedto
classifya particularexample. Thevalueof § is specifiedby the userandprovidesa meango the userto controlthe
numberof featuresusedfor classification.

4.3 Classification Model Construction

Giventhefrequentsubgraphsliscoveredin the previousstep,our algorithmtreatseachof thesesubgraphsisafeature
and representshe chemicalcompoundas a frequeng vector The ith entry of this vectoris equalto the number
of times (frequeng) that featureoccursin the compounds graph. This mappinginto the featurespaceof frequent
subgraphss performedboth for the training andthe testdataset.Note that the frequentsubgraphsvere identified
by mining only the graphsof the chemicalcompoundsn the training set. However, the mappingof the test set
requiresthatwe checkeachfrequentsubgraphagainstthe graphof the testcompoundusingsubgraphisomorphism.
Fortunately the overall processcanbe substantiallyspeededip by takinginto accountthe frequentsubgrapHattice

thatis alsogeneratedby FSG.In this casewe traversethelattice from top to bottomandonly visit the child nodesof

asubgraphf thatsubgraphs isomorphicto the chemicalcompound.

Oncethefeaturevectorsfor eachchemicalcompounchave beenbuilt, any oneof the existing classificationalgo-
rithmscanpotentiallybeusedfor classification However, the characteristicef thetransformediatasetindthe nature
of the classificationproblemitself tendsto limit the applicability of certainclassesf classificationalgorithms. In
particular the transformeddatasetwill mostlikely be high dimensionalandsecond,it will be sparsejn the sense
thateachcompoundwill have only afew of thesefeaturesandeachfeaturewill bepresenin only afew of thecom-
pounds.Moreover, in mostcasedhe positive classwill be muchsmallerthanthe negative class,makingit unsuitable
for classifierghatprimarily focuson optimizingthe overall classificatioraccurag.

In our studywe built the classificatiormodelsusingsupportvectormachine{SVM) [41], asthey arewell-suited
for operatingin suchsparseandhigh-dimensionatlatasets Furthermorean additionaladwvantageof SVM is thatit
allows us todirectly controlthe costassociatedvith themiss-classificationf exampledrom thedifferentclasse$31].
This allow us toassociate highercostfor the miss-classificatiomf positive instancesthus,biasingthe classifierto
learna modelthattriesto increasehetrue-positve rate,at the expenseof increasinghe falsepositive rate.



5 Experimental Evaluation

We experimentallyevaluatedhe performancef our classificatioralgorithmandcomparedt againstthatachievedby
earlierapproachesn a variety of chemicalcompoundiatasetsThe datasetsexperimentaimethodologyandresults
aredescribedn subsequergections.

5.1 Datasets

We usedthreedifferentpublicly availabledatasetso derive atotal of eightdifferentclassificatiorproblems.Thefirst
datasetvasinitially usedasa part ofthe Predictive Toxicology EvaluationChallengg39] which was oganizedasa
part of PKDD/ECML 2001 Conferencé. It containsdatapublishedby the U.S. NationalInstitutefor Environmental
HealthSciencesthedataconsistof bio-assaysf differentchemicalcompound®nrodentgo studythecarcinogenic-
ity (cancerinducing) propertiesof the compoundg39]. The goal beingto estimatethe carcinogenicityof different
compoundon humans.Eachcompounds evaluatedon four kinds of laboratoryanimals(male Mice, femaleMice,
maleRats femaleRatg, andis assignedour classlabelseachindicatingthetoxicity of thecompoundor thatanimal.
Therearefour classificatiorproblemsonecorrespondingo eachof therodentsandwill bereferredasP1, P2, P3, and
P4.

The seconddatasets obtainedfrom the NationalCancerinstitutes DTP AIDS Anti-viral Screerprogram[9, 22]
3. Eachcompoundn the datasets evaluatedor evidenceof anti-HIV actiity. Thescreerutilizesa solubleformazan
assayto measurgrotectionof humanCEM cellsfrom HIV-1 infection [42]. Compoundsbleto provide atleast50%
protectionto the CEM cellswerere-tested Compoundshatprovided at least50% protectionon retestwerelisted as
modeatelyactive (CM, confirmedmoderatelyactive). Compoundshatreproduciblyprovided 100%protectionwere
listed as confirmedactive (CA). Compoundseitheractive nor moderatelyactive werelisted as confirmedinactive
(CI). We have formulatedthreeclassificatiomproblemson this datasetin thefirst problemwe considernly confirmed
active(CA) andmodeatelyactive(CM) compoundsndthenbuild a classifierto separatéhesetwo compoundsthis
problemis referredasH1. For the secondproblemwe combinemodeately active (CM) andconfirmedactive (CA)
compoundgo form one setof active compoundswe thenbuild a classifierto separateéheseactive and confirmed
inactive compoundsthis problemis referredasH2. In the last problemwe only useconfirmedactive (CA) and
confirmedinactive compoundsandbuild a classifierto cateyorizethesetwo compoundsthis problemis referredas
H3.

Thethird datasetvasobtainedrom the Centerof ComputationaDrug Discovery’santhraxprojectatthe University
of Oxford[37]. Thegoalof this projectwasto discover smallmoleculegshatwould bind withtheheptamerigrotectve
antigencomponentof the anthraxtoxin, and preventit from spreadingits toxic effects. A library of small sized
chemicalcompoundsvasscreenedo identify asetof chemicalcompoundshatcouldbind withtheanthraxtoxin. The
screeningvasdoneby computingthebindingfreeenepgy for eachcompoundisingnumericalsimulations.Thescreen
identifieda setof 12,376compoundghat could potentiallybind to the anthraxtoxin anda setof 22,460compounds
thatwere unlikely to bind to the chemicalcompound. The averagenumberof verticesin this dataseis 25 andthe
averagenumberof edgesis also25. The classificationproblemfor this datasetwvas given a chemicalcompounds
classifyit in to one of thesetwo classesj.e, will the compoundbind the anthraxtoxin or not. This classification
problemis referredasAl

Someimportantcharacteristicof thesedatasetsare summarizedn Table 1. The right handside of the table
displaysthe classdistribution for differentclassificatiorproblemsfor eachproblemthe tabledisplaysthe percentage
of positive classfoundin the datasefor that classificationproblem. Note that both the DTP-AIDS andthe Anthrax
dataset@requitelarge containing42,687and34,836compoundstespectiely. Moreover, in the caseof DTP-AIDS,
eachcompounds alsoquitelarge haing on anaverage46 atomsand48 bonds.

5.2 Experimental Methodology & Metrics

The classificationgesultswere obtainedby performing5-way crossvalidationon the datasetensuringthatthe class
distribution in eachfold is identicalto the original dataset.For the SVM classifierwe usedSVMLight library [19].
All the experimentsvereconductedn a 1500MHzAthlon MP processorfaving a 2GB of memory

2http:/wwwinformatik.uni-freiturg.de/ ml/ptc/.
3http://dtp.nci.nih.go/docs/aids/aidsiata.htmI.



Toxic. Aids | Anthrax | ClassDist. (% +ve class)
N 417 | 42,687 34,836 | Toxicology
Na 25 46 25 P1:Male Mice 38.3%
Np 26 48 25 P2: FemaleMice 40.9%
La 40 82 25 P3: Male Rats 44.2%
Lg 4 4 4 P4: FemaleRats 34.4%
maxNa 106 438 41 | AIDS
min N 2 2 12 H1: CAICM 28.1%
maxNpg 1 276 44 H2: (CA+CM)/CI 3.5%
min Ng 85 1 12 H3: CA/CI 1.0%
Anthrax
Al: active/inactie 35%

Table 1: The characteristics of the various datasets. N is the number of compounds in the database. N and N are the average
number of atoms and bonds in each compound. L 5o and L g are the average number of atom- and bond-types in each dataset.
maxNa/min Na and maxNg/min Ng are the maximum/minimum number of atoms and bonds over all the compounds in each
dataset.

Sincethesize ofthepositive classs significantlysmallerthanthenegative class usingaccuracyto judgeaclassifier
would beincorrect. To geta betterunderstandingf the classifierperformancedor differentcostsettingswe obtain
the ROC cune [35] for eachclassifier ROC curwe plots the falsepositive rate (X-axis) versusthe true positive rate
(Y-axis) of a classier;it displaysthe performanceof the classifierwithout regard to classdistribution or error cost.
Two classifiersarecomparedy comparingheareaundertheir respectie ROC curves,alargerareaunderROC curve
indicatingbetterperformanceTheareaunderthe ROC curve will bereferredby the parameteA.

5.3 Results

Varying Minimum Support Thekey parameteof the proposedrequentsub-structure-basedassificational-
gorithmis the choiceof the minimum support(c) usedto discover the frequentsub-structuregeithertopologicalor
geometric).To evaluatethe sensitvity of thealgorithmon this parametewe performeda setof experimentsn which
we variedo from 10%to 20%in 5% increments.The resultsof theseexperimentsareshowvn in the left sub-tableof
Table2 for bothtopologicalandgeometricsub-structures.

Dset. 0=10.0% o = 15.0% o = 20.0% Optimizedo

Topo. Geom. Topo. Geom. Topo. Geom. Topo. Geom. Perclass | Timep

A Njp A Np A Nj A Ny A Nj A Nj A Njp A Njp o (sec)
P1 | 66.0 1211 | 655 1317 | 66.0 513 | 641 478 | 64.4 254 | 60.2 268 || 65.524510 | 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 | 605 597 | 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 | 543 275 | 554 394 | 56.2 173 | 57.4 240 | 57.3 84 | 58.3 104 || 63.4 25790 | 63.7 31402 3.0,3.0 231
H1 | 81.027034 | 82.1 29554 | 77.4 13531 | 79.2 8247 | 78.47479 | 79.57700 || 81.027034 | 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 || 76.518542 | 79.1 29024 10.0,5.0 1016
H3 | 83.927019 | 89.530525 | 83.6 13557 | 88.8 11240 | 84.6 7482 | 87.7 7494 || 83.9 27019 | 89.5 30525 | 10.0,10.0 392
Al | 782 476 | 79.0 492 | 782 484 | 776 332 | 77.1 312 | 76.1 193 || 81.7 3054 | 82.6 3186 5.0,3.0 145

Table 2: Varying minimum support threshold (o). “A” denotes the area under the ROC curve and “N¢” denotes the number of
discovered frequent subgraphs.

FromTable2 we obsene thataswe increaser, the classificatiorperformancdor mostdataset$endsto degrade.
However, in most casesthis degradationis gradualand correlateswell with the decreaseon the numberof sub-
structureghatwerediscoveredby thefrequentsubgraptdiscovery algorithms.The only exceptionis the H2 problem
for which the classificationperformancgas measuredy ROC) degradessubstantiallyaswe increasehe minimum
supportfrom 10%to 20%. Specifically in the caseof topologicalsubgraphsthe performancedropsfrom 70.1down
to 59.0,andin the caseof geometricsubgraphé dropsfrom 76.0to 58.1.

Theseresultssuggesthat lower valuesof supportarein generabetterasthey leadto betterclassificationperfor
mance.However, asthe supportdecreaseghe numberof discoseredsub-structureandthe amountof time required
alsoincreasesThus,dependingon the datasetsomeexperimentatiormay be requiredto selectthe propervaluesof
supportthatbalancesheseconflictingrequirementgi.e., low supportbut reasonabl@umberof sub-structures).

In our studywe performedsuchexperimentation For eachdatasetve kepton decreasinghevalueof supportdown
to the point after which the numberof featuresthat were generatedvastoo large to be efficiently processedy the
SVM library. Theresultingsupportvalues numberof featuresandassociatedlassificatiomperformanceareshavnin
theright sub-tableof Table2 underthetableheader'Optimizeds”. Notethatfor eachproblemtwo differentsupport
valuesaredisplayedcorrespondingo the supportghatwereusedto minethepositive andnegative class respectrely.
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Also, thelastcolumnshavs the amountof time requiredby FSGto find the frequentsubgraphsndprovidesa good
indicationof thecomputationatompleity atthefeaturediscovery phaseof our classificatioralgorithm.
Comparingthe ROC valuesobtainedin theseexperimentswith thoseobtainedfor o = 10%, we canseethatas
before,the lower supportvaluestendto improve the results,with measurablémprovementsfor problemsin which
the numberof discoveredsub-structurescreasedubstantially In therestof our experimentalevaluationwe will be
usingthefrequentsubgraphshatweregeneratedisingthesevaluesof support.

Varying Misclassification Costs  Sincefor eachclassificatiorprobleminstanceghenumberof positive examples
is in generalmuchsmallerthanthe numberof negative examples,we performeda setof experimentsin which the
misclassificatiortostassociateavith eachpositive examplewasincreasedo matchthe numberof negative examples.
Thatis, if n™ andn™ is the numberof positive andnegative examples respectiely, the misclassificatiorcost 8 was
setequalto (n~/n™ — 1) (sothatn™ = gn™). We referto this valueof g asthe“EqCost” value. The classification
performancechievedby our algorithmusingeithertopologicalor geometricsubgraphgor 8 = 1.0 ands = EqCost
is shavn in Table3. Notethatthe 8 = 1.0 resultsarethe samewith thosepresentedn theright subtableof Table?2.

Dataset Topo Geom

B=10] B=EqCost| B=10 | p=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
Al 81.7 82.1 82.6 83.0

Table 3: The area under the ROC curve obtained by varying the misclassification cost. “8 = 1.0" indicates the experiments
in which each positive and negative example had a weight of one, and “8 = EqCosf’ indicates the experiments in which the
misclassification cost of the positive examples was increased to match the number of negative examples.

Fromtheresultsin thistablewe canseethat,in generaljncreasinghe misclassificatiortostsothatit balanceshe
size ofpositive andnegative classtendsto improve the classificatioraccurag. Wheng = EqCost the classification
performancémprovesfor four andfive problemsor thetopologicalandgeometricsubgraphsiespectiely. Moreover,
in the casesn which the performancalecreasedhat decreasevasquite small, whereaghe improvementsachieved
for someprobleminstancege.g., P4,H1, andH2) wassignificant. In the restof our experimentsve will focusonly
ontheresultsobtainedby settings = EqCost

Feature Selection We evaluatedthe performanceof the featureselectionschemebasedon sequentiatovering
(describedn Section4.2) by performinga setof experimentsin which we variedthe parametes that controlsthe
numberof timesan examplemustbe cweredby a feature,beforeit is removed from the setof yet to be covered
examples.Table4 displaysthe resultsof theseexperiments.The resultsunderthe columnlabeled“Original” shovs
the performanceof the classifierwithout ary featureselection. Theseresultsareidenticalto thoseshovn in Table3
for B = EqCostandareincludedhereto make comparisongasier

Two key obsenationscanbe madeby studyingthe resultsin this table. First, asexpected,the featureselection
schemads ableto substantiallyreducethe numberof features.ln somecaseghe numberof featureghatwasselected
decreasebdy almosttwo ordersof magnitude Also, asé increasesghenumberof retainedeaturesncreaseshowever,
thisincreases gradual.Secondtheoverall classificatiorperformancechiezed by the featureselectionschemeavhen
8 > 5is quitecomparabldo thatachiezedwith no featureselection.The actualperformancelependon the problem
instanceand whetheror not we usetopologicalor geometricsubgraphs.In particular for the first four problems
(P1,P2, P3,andP4)derived from the PTC datasetthe performanceactuallyimproveswith featureselection.Such
improvementsare possibleeven in the context of SVM-basedclassifiersas modelslearnedon lower dimensional
spaceswill tendto have bettergeneralizatiorability [8]. Also notethat for somedatasetshe numberof features
decreaseassé increasesThisis because¢hefeatureghatwereselectechave higheraveragesupport.

Topological versus Geometric Subgraphs  Thevariousresultsshavn in Tables2—4alsoprovide anindication
on the relative performanceof topologicalversusgeometricsubgraphs.In almostall casesthe classifierthat is
basedn geometricsubgraphsutperformghatbasedntopologicalsubgraphskor someproblemsthe performance
adwantageis mamginal whereasfor other problems,geometricsubgraphdead to measurablemprovementsin the
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Topological Features
Dataset. Original 5= =5 § =10 § =15
A Nt A Nt A N A Nt A Nt
P1 [ 65.3 24510 | 654 143 | 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 | 645 580 | 64.1 775
H1 | 79.2 27034 | 784 108 | 79.2 345 | 79.1 571 | 79.5 796
H2 | 794 18542 | 771 370 | 78.0 1197 | 785 1904 | 785 2460
H3 | 90.8 27019 | 88.4 111 | 89.6 377 | 90.0 638 | 90.5 869
Al | 82.1 3054 | 80.6 620 | 81.4 1395 | 815 1798 | 81.8 2065
Geometric Features
Dataset. Original 5=1 §=5 § =10 5§ =15
A N A N A Ny A N¢ A N¢
P1 [ 66.7 23612 | 68.3 161 | 68.1 381 | 674 613 | 68.7 267
P2 | 69.2 12673 | 722 169 | 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
Al 83.0 3186 | 81.0 631 | 82.0 1411 | 82.4 1827 | 82.7 2106

Table 4: Results obtained using feature selection based on sequential rule covering. “8” specifies the number of times each
example needs to be covered before it is removed, “A” denotes the area under the ROC curve and “N+” denotes the number of
features that were used for classification.

Property Dim. | Property Dim.
Solventaccessiblarea AZ 1 Momentof Inertia none
Total accessiblarea AZ | Totalenegy kcal /mol
Total accessibleolume A3 | Bendenegy kcal /mol
Total VanderWaal's area AZ | Hbondenegy kcal /mol
Total VanderWaal's volume A3 | stretchenegy kcal /mol
Dipole moment Debye | Nonbondenegy kcal /mol
Dipole momentcomp.(X, Y, Z) | Debye | Estaticenegy kcal /mol
Heatof formation Debye | Torsionenegy kcal /mol
Multiplicity Kcal Quantuntotal chage eV

Table 5: QSAR Properties.

areaunderthe ROC curve. For example,if we considerthe resultsshovn in Table 3 for 8 = EqCost we cansee
the geometricsubgraphdeadto improvementsthat are at least3% or higherfor P2, P3,and H3, andthe average
improvementover all eightproblemss 2.6%. As discussedh Sectiond.1.2 theseperformanceainsis dueto thefact
thatconseredgeometricstructureis a betterindicatorof a chemicalcompoundsctiity thanjustits topology

5.4 Comparison with Other Approaches

We comparedhe performanceof our classificationalgorithmagainstthe performanceachieved by the QSAR-based
approactandtheapproachthatusesthe SUBDUE systemto discover a setof sub-structures.

Comparison with QSAR As discussedn Section3 thereis a wide variety of QSAR propertieseachof which
capturegertainaspect®f acompoundshemicalactiity. For our study we have chosem setof 18 QSARproperties
that are good descriptorsof the chemicalactiity of a compoundand mostof them have beenpreviously usedfor
classificationpurposeq1]. A brief descriptionof thesepropertiesareshovn in Table5. We usedtwo programsto
computetheseattributes,the geometricattributeslik e solventaccessiblarea,total accessiblarea/wl, total Vander
Waal's accessiblarea/wl were computedusingthe programsSASA [26], the remainingattributeswere computed
usingHyperchensoftware.

We usedtwo differentalgorithmsto build classificatiormodelsbasedon theseQSAR properties.Thefirst is the
C4.5decisiontreealgorithm[36] thathasbeenshown to producegoodmodelsfor chemicalcompoundclassification
basedon QSAR propertied1], andthe seconds the SVM algorithmthatwasusedto build the classificatiormodels
in our frequentsub-structure-baseapproach. Sincethe rangeof valuesof the different QSAR propertiescan be
significantlydifferent,we first scaledhemto bein therangeof [0, 1] prior to building the SVM model. We foundthat
this scalingresultedn someimprovementsn the overall classificatiorresults.Notethat C4.5is not affectedby such
scaling.

Table 6 shaws the resultsobtainedby the QSAR-basednethodsfor the different datasets. The valuesshavn

12



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 | 454 0.2045 | 0.0547 | 0.6750 | 0.8800
H1 | 645 0.5759 | 0.1375 | 0.7347 | 0.7316
H2 | 473 0.6282 | 0.4071 | 0.7960 | 0.7711
H3 | 61.7 0.5677 | 0.2722 | 0.7827 | 0.7630
Al 49.4 0.5564 | 0.3816 | 0.7676 | 0.7798

Table 6: Performance of the QSAR-based Classifier.

Dataset Subdue SubdueCL.
A Nt Timep A Nt Timep
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
Al | 75.3 983 56,056sec| 75.9 | 1094 31,177sec

Table 7: Performance of the SUBDUE and SubdueCl-based approaches.

for SVM correspondo the areaunderthe ROC curve and canbe directly comparedwith the correspondingalues
obtainedby our approacheg¢Tables2—4). Unfortunately since C4.5 doesnot producea ranking of the training set
basedon its likelihood of beingin the positive class,it is quite hardto obtainthe ROC curwve. For this reasonthe
valuesshown for C4.5correspondo the precisionandrecall of the positive classfor the differentdatasetsAlso, to
male the comparisondetweenC4.5andour approacteasierwe alsocomputedhe precisionof our classifierat the
samevalueof recallasthatachieved by C4.5. Theseresultsareshavn underthe columnslabeled” Freq. Sub Prec”
for bothtopologicalandgeometrideaturesandwereobtainedrom theresultsshovn in Table3 for 8 = EqCost

Comparingboththe SVM-basedrOC resultsandthe precision/recallaluesof C4.5we canseethatourapproach
substantiallyoutperformsthe QSAR-basedlassifier In particular our topologicalsubgraphbasedalgorithm does
35% bettercomparedo SVM-basedQSAR and 72% betterin termsof the C4.5precisionat the samerecall values.
Similar resultshold for the geometricsubgraphbasedalgorithm. Theseresultsare consistentwith thoseobsered
by otherresearcher$40, 20] that shoved that sub-structurebasedapproachesutperformthosebasedon QSAR
properties.

Comparison with SUBDUE & SubdueCL Finally, to evaluatethe advantageof usingthe completesetof fre-

guentsub-structuresver existing schemeshatarebasedon heuristicsub-structuraliscovery, we performeda series
of experimentsin which we usedthe SUBDUE systemto find the sub-structuresindthenusedthemfor classifica-
tion. Specifically we performedtwo setsof experiments.In thefirst set,we obtaina setof sub-structuresisingthe
standardVIDL-basedheuristicsub-structurediscovery approach ofSUBDUE [17]. In the secondset, we usedthe
sub-structuresliscoveredby the more recentSubdueClalgorithm[14] that guidesthe heuristicheamsearchusing
a schemehat measurediow well a subgraphdescribeshe positve examplesin the datasetwithout describingthe
negative examples.

Eventhoughtherearea numberof parametersontrolling SUBDUE's heuristicsearchalgorithm,the mostcritical
amongthemarethe width of the beamsearchthe maximumsize ofthe discoreredsubgraphandthe total number
of subgraphso bediscovered.In our experimentswe spenta considerabl@amountof time experimentingwith these
parameterso ensureghat SUBDUE wasableto find areasonabl@umberof sub-structuresSpecifically we changed
thewidth of the beamsearchfrom 4 to 50 andsetthe othertwo parameter$o high numericvalues. Note thatin the
caseof the SubdueCljn orderto ensurethatthe subgraphsverediscoveredthatdescribedall the positive examples,
thesubgraphdiscovery procesavasrepeatedy increasinghevalueof beam-widthat eachiterationandremaoving the
positive exampleshatwerecoveredby subgraphs.

Table7 shawvs the performancechierzedby SUBDUE andSubdueCbn the eightdifferentclassificatiorproblems
alongwith the numberof subgraphshatit generatedndthe amountof time thatit requiredto find thesesubgraphs.
Theseresultswere obtainedby using the subgraphsliscoseredby either SUBDUE or SubdueClas featuresin an
SVM-basedclassificatiormodel. Essentially our SUBDUE and SubdueCklassifiershave the samestructureasour
frequentsubgraph-basedassifierswith the only differencebeingthatthe featuresnow correspondo the subgraphs
discoveredby SUBDUE andSubdueCl.Moreover, to make the comparisongsfair aspossiblewe usedg = EqCost
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asthemisclassificatiorcost. We alsoperformedanothersetof experimentsn which we usedtherule-basealassifier
producedby SubdueCl.Theresultsof this schemevasinferior to thoseproducedy the SVM-basedapproactandwe
arenotreportingthemhere.

ComparingSUBDUE againstSubdueCive canseethatthelaterachievesbetterclassificatiorperformanceconsis-
tentwith the obsenationsmadeby otherresearcherfl4]. Comparinghe SUBDUE andSubdueCl-baseksultswith
thoseobtainedby our approach(Tables2—4) we canseethatin almostall caseshoth our topologicalandgeometric
frequentsubgraph-basealgorithmsleadto substantiallybetterperformance.This is true bothin the casesn which
we performedno featureselectionaswell asin the casesn which we usedthe sequentiatoveringbasedeaturese-
lectionschemeln particular comparinghe SubdueClesultsagainsttheresultsshavn in Table4 without ary feature
selectionwe canseethatontheaverage purtopologicalandgeometricsubgraptbasedalgorithmsdo 9.3%and12.2%
better respectrely. Moreover, even afterfeatureselectionwith § = 15 thatresultin a schemehathave comparable
numberof featuresasthoseusedoy SubdueClpuralgorithmsarestill betterby 9.7%and13.7%,respectrely. Finally,
if we compareheamountof time requiredby eitherSUBDUE or SubdueCto thatrequiredby the FSGalgorithmto
find all frequentsubgraphglastcolumnof Table2 we canseethatdespitethefactthatwe arefinding the completeset
of frequentsubgraphsur approactrequiressubstantiallyjesstime.

6 Conclusion

In this paperwe presented highly-effective algorithmfor classifyingchemicalcompounddasedon frequentsub-
structurediscovery that canscaleto large datasetsOur experimentalevaluationsshaved that our algorithmleadsto
substantiallybetterresultsthanthoseobtainedby existing QSAR-andsub-structure-basedethods.
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