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Abstract

We investigatethe following datamining problemfrom Computational
Chemistry: From a large datasetof compoundsfind thosethatbind to
atargetmoleculein asfew iterationsof biologicaltestingaspossible.In
eachiterationa comparatiely smallbatchof compoundss screenedor
binding to the target. We apply active learningtechniquedor selecting
thesuccessie batches.

Oneselectiorstratgy picksunlabeledexamplesclosesto themaximum
maurgin hyperplane.Anotherproducesnary weightvectorsby running
perceptron®ver multiple permutation®f the data. Eachweightvector
voteswith its & predictionandwe pick theunlabeledxamplesor which
the predictionis mostevenly split between+ and —. For athird selec-
tion stratgyy notethateachunlabeledexamplebisectsthe versionspace
of consistentveight vectors. We estimatethe volume on both sidesof
the split by bouncinga billiard throughthe versionspaceandselectun-
labeledexampleghat causehe mostevensplit of the versionspace.
We demonstratehat on two datasetsprovided by DuPontPharmaceu-
ticalsthatall threeselectionstratgiesperformcomparablywell andare
muchbetterthanselectingrandombatchedor testing.

1 Intr oduction

Two of the mostimportantgoalsin ComputationaDrug Designareto find active com-
poundsin large databasesguickly and (usually alongthe way) to obtainan interpretable
modelfor whatmakesa specificsubsebf compoundsctive. Activity is typically defined
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asbindingto a targetmolecule. Most of the time aniterative approacho the problemis
employed. Thatis in eachiterationabatchof unlabeleccompoundss screenedgainsthe
targetusingsomesortof biologicalassay[MGSTIJl Thedesiredgoalis thatmary active
hits shav upin theassay®of the selectedatches.

From the Machine Learningpoint of view all examples(compounds)are initially unla-
beled.In eachiterationthelearnerselectsabatchof un-labeledexamplesor beinglabeled
aspositive (active) or negative (inactive). In MachineLearningthis type of problemhas
beencalled“query learning”[Ang88] “selective sampling”[CAL90] or “active learning”
[TKOO]. A RoundOdatasetcontainsl,316chemicallydiverseexamplesonly 39 of which
arepositive. A secondRoundldatasethas634 exampleswith 150 positivesiThis data
setis preselectean the basisof medicinalchemistryintuition. Note that our classifica-
tion problemis fundamentallyasymmetridn thatthe datasetshave typically mary more
negative examplesandthe Chemistsaremoreinterestedn the positive hits becausehese
compoundsnight leadto new drugs. What makesthis problemchallengingis thateach
compoundis describedby a vector of 139,351binary shapefeatures. The vectorsare
sparsgon the averagel 378featuresaresetper RoundOcompoundand7613per Round1
compound).

We areworking with retrospectie datasetsfor which we know all thelabels.However, we
simulatethereal-life situationby initially hiding all labelsandonly giving to thealgorithm
thelabelsfor therequestedatcheof exampleg(virtual screening) Thelong-termgoal of
this type of researchis to provide a computerprogramto the Chemistswvhich will do the
following interactive job: At ary point new unlabeledexamplesmay be added.Wheneer
atestis completedthe labelsare given to the pro-
gram. Whenever a new testneedsto be setup, the
Chemistasksthe programto suggest batchof un-
labeledcompounds.The suggestedatchmight be
“edited” andaugmentedisingtheinvaluableknowl-
edgeand intuition of the medicinal Chemist. The
hopeis that the computerassistecapproachallows
for mining larger datasetsmore quickly. Note that
compoundsreoftengeneratedvith virtual Combi- {
natorialChemistry Eventhoughcompoundiescrip- - e &
torscanbe computedthe compound$ave notbeen Fi g 1 Th P ‘
synthesizeg/et. In otherwordsit is comparatiely ~'9uré 1. Three types of  com-

pounds/points: ¢ are actve, & are
easyto generatdots of unlabeleddata. inactive and & are yet unlabeled. The

In our casethe RoundOdata set consistsof com- MaximumMargin Hyperplaneis usedas
poundsfrom Vendor catalogand corporatecollec- theinternalclassifier

tions. Much moredesigneffort wentinto the harderRoundldataset. Ourinitial resultsare
very encouraging.Our selectionstratgiesdo muchbetterthanchoosingrandombatches
indicatingthatthe long-termgoaloutlinedabove maybefeasible.

Thusfrom theMachineLearningpointof view we have afixedsetof pointsin R*39:351 that
areeitherunlabelecdor labeledpositive or negative. (SeeFigurel). The binary descriptors
of the compoundsare rather“complete” andthe datais alwayslinearly separable. Thus
we concentrateon simple linear classifiersin this paper We analyzeda large number
of differentwaysto producehyperplanesandcombinehyperplanesln the next sectionwe
describdifferentselectiorstratgjiesonthebasisof thesehyperplanei detailandprovide
anexperimentakcomparisonFinally in Section3 we give sometheoreticajustificationfor
why the stratgiesaresoeffective.

!Dataprovided by DuPontPharmaceuticals.
2Onthecurrentdatasetskernelsdid notimprove theresults(not shavn).



2 Differ ent SelectionCriteria and their Performance

A selectionalgorithmis specifiedin threeparts: a batchsize, an initialization and a se-
lection stratayy. In practiceit is not costeffective to testsingle examplesat a time. We
always chose5% of the total datasetas our batchsize, which matchesreasonablywith
typical experimentakonstraintsTheinitial batchesarechoseratrandomuntil atleastone
positive andonenegative examplearefound. Typically thisis achievedwith thefirst batch.
All furtherbatchesarechoserusingthe selectionstrateyy.

As we mentionedn theintroduction,all our selectionstratgiesarebasecdn linear classi-
fiersof thedatalabeledsofar. All examplesarenormalizedto unit-lengthandwe consider
homogeneoulyperplanegx : w - x = 0} wherethe normaldirectionw is againunit-
length.A planew predictswith sign(w - x) onthe example/compounet.

Oncewe specifyhow theweightvectoris foundthenthenext batchis foundby selectinghe
unlabeledexamplesclosestto this hyperplane.The simplestway to obtainsucha weight
vectoris to run a perceptronover the labeleddatauntil it producesa consistentweight
vector(Perg. Our secondselectionstratgy (called SVM) usesthe maximummamgin hy-
perplane[BGV92] producedby a SupportVector Machine. When using the perceptron
to predictfor examplehandwrittencharactersit hasbeenshown that“voting” the + pre-
dictionsof mary hyperplanesmprovesthe predictive performancgFS9§. Sowe always
startfrom the weightvectorzeroanddo multiple passe®ver the datauntil the perceptron
is consistent. After processingeachexamplewe storethe weight vector We remember
all weightvectorsfor eachpass$ anddo this for 100 randompermutationsf the labeled
examples.Eachweightvectorgetsone+ vote. The predictionon anexampleis positive if
thetotal voteis largerthanzeroandwe selectthe unlabeledexampleswhosetotal voteis
closesto zerd'. We call this selectionstratey VoPerc

Thedotproductis commutatve. Sowhenw-x > 0 thenthepointx liesonthepositiveside
of thehyperplanew. In adual view the pointw lies on the positive sideof the hyperplane
x (Recallall instancesand weight vectorshave unit-length). A weight vectorw thatis

consistentvith all £-labeledexamples(x,,, v,,) mustlie onthey,,-sideof the planex,, for

all n. Thesetof all consistentveightvectorsis calledthe versionspacewhichis asection
of the unit hyperspherdoundedoy the planescorrespondingo thelabeledexamples.An

unlabelechyperplanex,, bisectsheversionspaceFor ourthird selectiorstrateyy (VolEsY)

a billiard is bounced1000timesinside the versionspaceand the fraction f,, of bounce
pointson the positive side of x,, is computed. The predictionfor x,, is positive if f, is

largerthanhalf andthe strategy selectunlabeledpointswhosefractionis closesto half.

In Figure 2 (left) we plot the true positivesand falsepositivesw.r.t. the whole dataset
for PercandVVoPercshaving thatVVoPercperformsslightly better Also VoPerchaslower
variance(Figure 2 (right)). Figure 3 (left) shows the averagedtrue positives and false
positivesof VoPerc,SVM, andVolEst. We notethatall threeperformsimilarly. We also
plotted ROC curvesafter eachbatchhasbeenadded(not shavn). Theseplots alsoshowv
thatall threestratgyiesarecomparable.

ThethreestratgyiesVoPer¢ SVM, andVolEstall performmuchbetterthanthecorrespond-
ing strat@ieswherethe selectioncriterionis to selectrandomunlabeledexamplesinstead
of usinga “closest” criterion. For examplewe shav in Figure4 thatSVM is significantly
betterthanSVM-Rand Surprisinglytheimprovementis largeron the easielRoundOdata
set.Thereasoris thatthe RoundOhasa smallerfraction of positive exampleg3%). Recall

3Surprisinglywith somesmartbookleepingthis canall bedonewith essentiallyno computational
overhead[FS98]

“Insteadof voting the predictionsof all weightvectorsonecanalsoaverageall theweightvectors
after normalizingthemand selectunlabeledexamplesclosestto the resultingsingle weight vector
This way of averagingleadsto slightly worseresults(not shavn).
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Figure2: (left) Average(over 10 runs)of true positivesandfalsepositveson the entireRoundldata
setaftereachS% batchfor PercandVoPerc.(riaht) Standardjellatlon over10runs.
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Figure3: (left) Average(over 10 runs)of trueandfalsepositiveson entireRoundldatasetaftereach
5% batchfor VoPerc,SVM, andVolEst. (right) Comparisorof 5% batchsizeand1 examplebatch
sizefor VoPercon Roundldata.

thattheRoundldatawaspreselectetdy the Chemistdor actvesandthefractionwasraised
to about25%. This suggesthat our methodsare particularly suitablewhenfew positive
examplesarehiddenin alarge setof negative examples.

Thesimplestratgy SVM of choosingunlabeledexamplesclosesto the maximummamgin
hyperplanenasbeeninvestigatedby otherauthors(in [CCS00]for characterrecognition
andin [TKOO] for text cateyorization).Thelabeledpointsthatareclosesto the hyperplane
are calledthe supportvectorsbecausef all otherpointsareremoved thenthe maximum
mamin hyperplaneemainsunchangedin Figure5 we visualizethe locationof the points
in relationto the centerof the hyperplane.We show the location of the points projected
ontothe normaldirectionof the hyperplane For each5% batchthelocationof the points
is scatterecntoathin stripe. The hyperplanecrosseghe stripein the middle. In the left
plot the distancesare scaledso that the supportvectorsare at distance+ 1. In theright
plot the geometricdistanceto the hyperplaneis plotted. Recallthat we pick unlabeled
pointsclosestto the hyperplangcenterof the stripe). As soonasthe “window” between
the supportvectorsis cleanedmostpositive exampleshave beenfound (comparewith the
SVM curvesgivenin Figure3 (left)). Also shrinkingthe width of the geometricwindow
correspondso improvedgeneralization.

Sofar our threeselectionstratgiesVoPer¢ SVM andVolEst have shovn similar perfor
mance. The questionis whetherthe performancecriterion consideredso far is suitable
for thedrug designapplication.Herethe goalis to label/ierify mary positive compounds
quickly. We thereforethink that the total numberof positives (hits) amongall examples
testedsofaris thebestperformanceriterion. Notethatthetotal numberof hits of theran-
dom selectionstrateyy grows linearly with the numberof batcheqIn eachrandombatch
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Figure 4: Comparison®f SVM using randombatch selectionand closestbatchselection. (left)
RoundOdata.(right) Roundldata.
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Figure5: (left) Scatterplot of the distanceof examplesto the maX|mumma|g|n hyperplanenormal-
ized sosupportvectorsareat +1. (right) Scatterplot of the geometricdistanceof examplesto the
hyperplane.Eachstripe shawvs location of a randomsub-sampleof points (Roundldata)after an
additional5% batchhasbeenlabeledby SVM. Selectedexamplesareblackx, unselecteghositives
areredplus,unselectechegativesareblue square.

we expect5% hits). In contrastthe total numberof hits of VoPer¢ SVM and VolEstis
5% in thefirst batch(sinceit is random)but muchfasterthereafter(SeeFigure6). VoPerc
performsthe best.

Sincethe positive examplesare muchmore valuablein our application,we alsochanged
the selectionstratgyy SVM to selectingunlabeledexamplesof largestpositivedistancé
w - x to themaximummaigin hyperplanew (SVM) ratherthansmallesdistancew - x|.
CorrespondinglyoPerc™ picksthe unlabeledexamplewith the highestvote andVolEst™
pickstheunlabeledexamplewith thelargestfraction f,,. Thetotal hit plotsof theresulting
modifiedstratgiesSVM™, VoPerc™ andVolEst™ areimproved( seeFigure? versusFigure
6 ). However the generalizatiorplots of the modified strategyies (i.e. curveslike Figure
3(left)) areslightly worsefor the new versions.Thusin somesensehe original stratgjies
are betterat "exploration” (giving bettergeneralizatioron the entire dataset) while the
modifiedstratgyiesarebetterat "exploitation” (highernumberof total hits). We show this
trade-of in Figure8 for SVM andSVM™. The sametrade-of occursfor the VoPerg¢*)
andVolEs{™) pairsof strateyies(notshawvn).

Finally we investigateheeffectof batchsizeon performanceFor simplicity we only shov
total hit plotsfor VoPerg Figure3 (right) ). Notethatfor our dataa batchsize of 5% (31
examplesfor Round1l)is performingnot muchworsethanthe experimentallyunrealistic
batchsizeof only 1 example.Only whentheresultsfor batchsize 1l aremuchbetterthan

%In Figure5 this meanawve areselectingfrom right to left
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Figure 6: Total hit performanceon RoundO(left) and Round1(right) dataof SV M, VoPercand

VolEstwith 5% batchsize.
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theresultsfor largerbatchsizes moresophisticatedelectiorstratgiesareworth exploring
thatpick sayabatchthatis “close” andatthe sametime “diverse”.

At this point our datasetsarestill small enoughthatwe wereableto precomputeall dot
products(the kernelmatrix). After this preprocessingonepassof a perceptroris at most
O(N M), where N is the numberof labeledexamplesand M the numberof mistales.
Finding the maximummaigin hyperplands estimatecat O(N?2-%) time. For the computa-
tion of VolEstwe needto spendD (NN ?) perbounceof thebilliard. In ourimplementations
we usedSVM Light [Joa99 andthebilliard algorithmof [Ruj97, RM0O, HGC99].

If we have theinternalhypothesiof the algorithmthenfor applyingthe selectioncriterion
we needto evaluatethe hypothesidor eachunlabeledpoint. This costis proportionalto

thenumberof supportvectorsfor the SVM-basednethodsandproportionalto the number
of mistalesfor the perceptron-basemtethodsin the caseof VolEstwe againneedO (N ?)

time perbouncewhereN is the numberof labeledpoints.

Overall VolEstwas clearly the slowest. For muchlarger datasetsVoPercseemdo be the
simplestandthe mostadaptable.

3 Theoretical Justifications

As we seein Figure5(right) the geometricmargin of the supportvectors(half the width
of thewindow) is shrinkingasmoreexamplesarelabeled.Thusthefollowing goalis rea-
sonablefor designingselectionstrat@ies: pick unlabeledexamplesthat causethe mamin
to shrink the most. The simplestsuchstratey is to pick examplesclosestto the maxi-
mum mamgin hyperplanesincetheseexampleareexpectedo changehe maximummargin
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positivesperformancedright) of SVM andSV M+ on Round1 data
hyperplanghemost[TK00, CCSO00].

An alternatie goalis to reducethe volume of the versionspace.This volumeis arough
measureof the remaininguncertaintyin the data. Recallthat both the weight vectorsand
instance$ave unit length. Thusw - x is the distanceof the pointx to the planew aswell
as(in the dual view) the distanceof the point w to the planex. The maximummamgin
hyperplanew is the point w in versionspacewith the largestspherethatis completely
containedn the versionspacgRuj97, RM0Q]. After labelingx only onesideof theplane
x remains. So if x passe<loseto the point w thenabouthalf of the largestsphereis
eliminatedfrom the versionspace.Sothis is a secondustificationfor selectingunlabeled
examplesclosesto the maximummamgin hyperplane.

Our selectionstratgly VolEst startsfrom ary point inside the version spaceand then
bouncesa billiard 1000times. The billiard is almostalways ergodic (Seediscussionin
[Ruj97]). Thusthefraction f,, of bouncesnthe positive sideof anunlabelechyperplane
x,, IS anestimateof thefractionof volumeon the positive sideof x,,. Sinceit is unknavn
how x,, will belabeled thebestexamplearethosethatsplit theversionspacen half. Thus
in VolEstwe selectunlabeledpointsfor which f,, is closesto half. Thethinking underly-
ing our stratgy VolEstis mostcloselyrelatedto the CommitteeMachinewherek random
conceptsn theversionspaceareaslkedto vote on the next randomexampleandthe label
of thatexampleis requestednly if thevoteis closeto anevensplit [SOS92.

We tried to improve our estimateof the volumeby replacingf,, by thefractionof thetotal
trajectorylocatedon the positive sideof x,,. On ourtwo datasetsthis did notimprove the
performancd&not shavn). We alsoaveragedhe 1000bouncepoints. Theresultingweight
vectorw (anapproximationto the centerof massof the versionspace)pproximateghe
socalledBayespoint[Ruj97] which hasthefollowing property:Any unlabelechyperplane
passinghroughthe Bayespointw cutsthe versionspaceroughly? in half. We thustested
a selectionstrateyy which picks unlabeledpoints closestto the estimatedcenterof mass.
This stratey wasagainindistinguishabldrom the othertwo stratgjiesbasedon bouncing
thebilliard.

We have norigorousjustificationfor the + variantsof our algorithms.

4 Conclusion

We shavedhow theactive learningparadigmideally fits thedrugdesigncycle. After some
deliberationswe concludedthat the total numberof positive examples(hits) amongthe
testedexampless the bestperformanceriterionfor thedrugdesignapplication.We found

SEvenin dimensiontwo thereis no point thatdoesthis exactly [Ruj97].



thata numberof differentselectionstratgieswith comparablgerformance The variants
thatselectheunlabeledexampleswith thehighestscore(i.e. thet variants)erformbetter
Overall the selectionstratgiesbasedon the Voted Perceptrorwerethe mostversatileand
shavedslightly betterperformance.
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