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Abstract

We investigatethe following datamining problemfrom Computational
Chemistry:Froma largedatasetof compounds,find thosethatbind to
a targetmoleculein asfew iterationsof biologicaltestingaspossible.In
eachiterationa comparatively smallbatchof compoundsis screenedfor
binding to the target. We applyactive learningtechniquesfor selecting
thesuccessivebatches.
Oneselectionstrategy picksunlabeledexamplesclosestto themaximum
margin hyperplane.Anotherproducesmany weightvectorsby running
perceptronsover multiple permutationsof thedata.Eachweightvector
voteswith its � predictionandwepick theunlabeledexamplesfor which
thepredictionis mostevenly split between� and 	 . For a third selec-
tion strategy notethateachunlabeledexamplebisectstheversionspace
of consistentweight vectors. We estimatethe volumeon both sidesof
thesplit by bouncinga billiard throughtheversionspaceandselectun-
labeledexamplesthatcausethemostevensplit of theversionspace.
We demonstratethat on two datasetsprovidedby DuPontPharmaceu-
ticalsthatall threeselectionstrategiesperformcomparablywell andare
muchbetterthanselectingrandombatchesfor testing.

1 Intr oduction

Two of the most importantgoalsin ComputationalDrug Designare to find activecom-
poundsin large databasesquickly and(usuallyalongthe way) to obtainan interpretable
modelfor whatmakesa specificsubsetof compoundsactive. Activity is typically defined
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asbinding to a targetmolecule.Most of the time an iterative approachto the problemis
employed.Thatis in eachiterationabatchof unlabeledcompoundsis screenedagainstthe
targetusingsomesortof biologicalassay[MGST97]. Thedesiredgoal is thatmany active
hits show up in theassaysof theselectedbatches.

From the MachineLearningpoint of view all examples(compounds)are initially unla-
beled.In eachiterationthelearnerselectsabatchof un-labeledexamplesfor beinglabeled
aspositive (active) or negative (inactive). In MachineLearningthis type of problemhas
beencalled“query learning” [Ang88] “selective sampling”[CAL90] or “active learning”
[TK00]. A Round0datasetcontains1,316chemicallydiverseexamples,only 39 of which
arepositive. A secondRound1datasethas634 exampleswith 150 positives.1This data
set is preselectedon the basisof medicinalchemistryintuition. Note that our classifica-
tion problemis fundamentallyasymmetricin that thedatasetshave typically many more
negative examplesandtheChemistsaremoreinterestedin thepositive hits becausethese
compoundsmight leadto new drugs. What makesthis problemchallengingis that each
compoundis describedby a vector of 139,351binary shapefeatures. The vectorsare
sparse(on theaverage1378featuresaresetperRound0compoundand7613perRound1
compound).

Weareworkingwith retrospectivedatasetsfor whichweknow all thelabels.However, we
simulatethereal-lifesituationby initially hidingall labelsandonly giving to thealgorithm
thelabelsfor therequestedbatchesof examples(virtual screening).Thelong-termgoalof
this typeof researchis to provide a computerprogramto theChemistswhich will do the
following interactive job: At any point new unlabeledexamplesmaybeadded.Whenever
a test is completed,the labelsaregiven to the pro-
gram. Whenever a new testneedsto be setup, the
Chemistaskstheprogramto suggesta batchof un-
labeledcompounds.The suggestedbatchmight be
“edited” andaugmentedusingtheinvaluableknowl-
edgeand intuition of the medicinalChemist. The
hopeis that the computerassistedapproachallows
for mining largerdatasetsmorequickly. Note that
compoundsareoftengeneratedwith virtual Combi-
natorialChemistry. Eventhoughcompounddescrip-
torscanbecomputed,thecompoundshavenot been
synthesizedyet. In otherwordsit is comparatively
easyto generatelotsof unlabeleddata.

In our casethe Round0dataset consistsof com-
poundsfrom Vendorcatalogand corporatecollec-

Figure 1: Three types of com-
pounds/points: 
 are active, � are
inactive and � are yet unlabeled. The
MaximumMargin Hyperplaneis usedas
theinternalclassifier.

tions.Muchmoredesigneffort wentinto theharderRound1dataset.Our initial resultsare
very encouraging.Our selectionstrategiesdo muchbetterthanchoosingrandombatches
indicatingthatthelong-termgoaloutlinedabovemaybefeasible.

Thusfrom theMachineLearningpointof view wehaveafixedsetof pointsin ��������� ����� that
areeitherunlabeledor labeledpositiveor negative. (SeeFigure1). Thebinarydescriptors
of the compoundsarerather“complete” andthe datais always linearly separable.Thus
we concentrateon simple linear classifiersin this paper.2 We analyzeda large number
of differentwaysto producehyperplanesandcombinehyperplanes.In thenext sectionwe
describedifferentselectionstrategiesonthebasisof thesehyperplanesin detailandprovide
anexperimentalcomparison.Finally in Section3 wegivesometheoreticaljustificationfor
why thestrategiesaresoeffective.

1Dataprovidedby DuPontPharmaceuticals.
2Onthecurrentdatasetskernelsdid not improve theresults(not shown).



2 Differ ent SelectionCriteria and their Performance

A selectionalgorithmis specifiedin threeparts: a batchsize,an initialization anda se-
lection strategy. In practiceit is not costeffective to testsingleexamplesat a time. We
alwayschose5% of the total datasetasour batchsize,which matchesreasonablywith
typicalexperimentalconstraints.Theinitial batchesarechosenat randomuntil at leastone
positiveandonenegativeexamplearefound.Typically this is achievedwith thefirst batch.
All furtherbatchesarechosenusingtheselectionstrategy.

As we mentionedin theintroduction,all our selectionstrategiesarebasedon linearclassi-
fiersof thedatalabeledsofar. All examplesarenormalizedto unit-lengthandweconsider
homogeneoushyperplanes

����� �"!#�%$'& � wherethe normaldirection
�

is againunit-
length.A plane

�
predictswith sign( �)!*�,+

on theexample/compound
�

.

Oncewespecifyhow theweightvectoris foundthenthenext batchis foundbyselectingthe
unlabeledexamplesclosestto this hyperplane.Thesimplestway to obtainsucha weight
vector is to run a perceptronover the labeleddatauntil it producesa consistentweight
vector(Perc). Our secondselectionstrategy (calledSVM) usesthemaximummargin hy-
perplane[BGV92] producedby a SupportVectorMachine. Whenusing the perceptron
to predictfor examplehandwrittencharacters,it hasbeenshown that “voting” the � pre-
dictionsof many hyperplanesimprovesthepredictive performance[FS98]. Sowe always
startfrom theweightvectorzeroanddo multiple passesover thedatauntil theperceptron
is consistent.After processingeachexamplewe storethe weight vector. We remember
all weightvectorsfor eachpass3 anddo this for 100 randompermutationsof the labeled
examples.Eachweightvectorgetsone � vote.Thepredictionon anexampleis positive if
the total vote is larger thanzeroandwe selecttheunlabeledexampleswhosetotal vote is
closestto zero4. We call thisselectionstrategy VoPerc.

Thedotproductis commutative.Sowhen
�-!.�0/1&

thenthepoint
�

liesonthepositiveside
of thehyperplane

�
. In adual view thepoint

�
lieson thepositivesideof thehyperplane�

(Recallall instancesandweight vectorshave unit-length). A weight vector
�

that is
consistentwith all � -labeledexamples( �32 4�5627+ mustlie onthe

562
-sideof theplane

�32
for

all 8 . Thesetof all consistentweightvectorsis calledtheversionspacewhich is a section
of theunit hypersphereboundedby theplanescorrespondingto thelabeledexamples.An
unlabeledhyperplane

� 2
bisectstheversionspace.For our third selectionstrategy (VolEst)

a billiard is bounced1000 times inside the versionspaceand the fraction 9 2 of bounce
pointson the positive sideof

�32
is computed.The predictionfor

�32
is positive if 9 2 is

largerthanhalf andthestrategy selectsunlabeledpointswhosefractionis closestto half.

In Figure2 (left) we plot the true positivesand falsepositivesw.r.t. the whole dataset
for PercandVoPercshowing thatVoPercperformsslightly 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
plottedROC curvesafter eachbatchhasbeenadded(not shown). Theseplots alsoshow
thatall threestrategiesarecomparable.

ThethreestrategiesVoPerc, SVM, andVolEstall performmuchbetterthanthecorrespond-
ing strategieswheretheselectioncriterionis to selectrandomunlabeledexamplesinstead
of usinga “closest”criterion. For examplewe show in Figure4 thatSVM is significantly
betterthanSVM-Rand. Surprisinglytheimprovementis largeron theeasierRound0data
set.Thereasonis thattheRound0hasasmallerfractionof positiveexamples(3%). Recall

3Surprisinglywith somesmartbookkeepingthiscanall bedonewith essentiallynocomputational
overhead.[FS98]

4Insteadof votingthepredictionsof all weightvectorsonecanalsoaverageall theweightvectors
after normalizingthemandselectunlabeledexamplesclosestto the resultingsingleweight vector.
This wayof averagingleadsto slightly worseresults(not shown).
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Figure2: (left) Average(over 10 runs)of truepositivesandfalsepositiveson theentireRound1data
setaftereach5%batchfor PercandVoPerc.(right) Standarddeviation over 10 runs.
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Figure3: (left) Average(over10runs)of trueandfalsepositivesonentireRound1datasetaftereach
5% batchfor VoPerc,SVM, andVolEst. (right) Comparisonof 5% batchsizeand1 examplebatch
sizefor VoPerconRound1data.

thattheRound1datawaspreselectedby theChemistsfor activesandthefractionwasraised
to about25%. This suggestthat our methodsareparticularlysuitablewhenfew positive
examplesarehiddenin a largesetof negativeexamples.

Thesimplestrategy SVM of choosingunlabeledexamplesclosestto themaximummargin
hyperplanehasbeeninvestigatedby otherauthors(in [CCS00] for characterrecognition
andin [TK00] for text categorization).Thelabeledpointsthatareclosestto thehyperplane
arecalledthe supportvectorsbecauseif all otherpointsareremoved thenthe maximum
margin hyperplaneremainsunchanged.In Figure5 we visualizethelocationof thepoints
in relationto the centerof the hyperplane.We show the locationof the pointsprojected
ontothenormaldirectionof thehyperplane.For each5% batchthe locationof thepoints
is scatteredontoa thin stripe. Thehyperplanecrossesthestripein themiddle. In the left
plot the distancesarescaledso that the supportvectorsareat distance� 1. In the right
plot the geometricdistanceto the hyperplaneis plotted. Recall that we pick unlabeled
pointsclosestto the hyperplane(centerof thestripe). As soonasthe “window” between
thesupportvectorsis cleanedmostpositive exampleshave beenfound(comparewith the
SVM curvesgivenin Figure3 (left)). Also shrinkingthewidth of thegeometricwindow
correspondsto improvedgeneralization.

So far our threeselectionstrategiesVoPerc, SVM andVolEsthave shown similar perfor-
mance. The questionis whetherthe performancecriterion consideredso far is suitable
for thedrugdesignapplication.Herethegoal is to label/verify many positive compounds
quickly. We thereforethink that the total numberof positives(hits) amongall examples
testedsofar is thebestperformancecriterion.Notethatthetotalnumberof hits of theran-
dom selectionstrategy grows linearly with the numberof batches(In eachrandombatch
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Figure 4: Comparisonsof SVM using randombatchselectionand closestbatchselection. (left)
Round0data.(right) Round1data.
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Figure5: (left) Scatterplot of thedistanceof examplesto themaximummargin hyperplanenormal-
ized sosupportvectorsareat : 1. (right) Scatterplot of thegeometricdistanceof examplesto the
hyperplane.Eachstripeshows locationof a randomsub-sampleof points (Round1data)after an
additional5% batchhasbeenlabeledby SVM. Selectedexamplesareblackx, unselectedpositives
areredplus,unselectednegativesarebluesquare.

we expect5% hits). In contrastthe total numberof hits of VoPerc, SVM andVolEst is
5% in thefirst batch(sinceit is random)but muchfasterthereafter(SeeFigure6). VoPerc
performsthebest.

Sincethe positive examplesaremuchmorevaluablein our application,we alsochanged
the selectionstrategy SVM to selectingunlabeledexamplesof largestpositivedistance5�;!��

to themaximummargin hyperplane
�

(SVM < ) ratherthansmallestdistance= �>!�� = .
CorrespondinglyVoPerc< pickstheunlabeledexamplewith thehighestvoteandVolEst<
pickstheunlabeledexamplewith thelargestfraction 9 2 . Thetotalhit plotsof theresulting
modifiedstrategiesSVM < , VoPerc< andVolEst< areimproved( seeFigure7 versusFigure
6 ). However the generalizationplots of the modifiedstrategies(i.e. curveslike Figure
3(left)) areslightly worsefor thenew versions.Thusin somesensetheoriginal strategies
arebetterat ”exploration” (giving bettergeneralizationon the entiredataset) while the
modifiedstrategiesarebetterat ”exploitation” (highernumberof total hits). We show this
trade-off in Figure8 for SVM andSVM < . Thesametrade-off occursfor the VoPerc( < +
andVolEst( < + pairsof strategies(notshown).

Finally weinvestigatetheeffectof batchsizeonperformance.For simplicity weonly show
total hit plots for VoPerc( Figure3 (right) ). Notethat for our dataa batchsizeof 5% (31
examplesfor Round1)is performingnot muchworsethanthe experimentallyunrealistic
batchsizeof only 1 example.Only whentheresultsfor batchsize1 aremuchbetterthan

5In Figure5 this meanswe areselectingfrom right to left
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Figure6: Total hit performanceon Round0(left) andRound1(right) dataof ?3@BA , VoPercand
VolEstwith 5%batchsize.
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Figure7: Total hit performanceon Round0(left) andRound1(right) dataof ?3@CAED , VoPercD and
VolEstD with 5%batchsize.

theresultsfor largerbatchsizes,moresophisticatedselectionstrategiesareworthexploring
thatpick saya batchthatis “close” andat thesametime“diverse”.

At this point our datasetsarestill small enoughthatwe wereableto precomputeall dot
products(thekernelmatrix). After this preprocessing,onepassof a perceptronis at mostF (HG0I +

, where G is the numberof labeledexamplesand I the numberof mistakes.
Findingthemaximummargin hyperplaneis estimatedat

F (HGKJ*L � + time. For thecomputa-
tion of VolEstweneedto spend

F (HGKJ + perbounceof thebilliard. In our implementations
we usedSVM Light [Joa99] andthebilliard algorithmof [Ruj97, RM00, HGC99].

If wehavetheinternalhypothesisof thealgorithmthenfor applyingtheselectioncriterion
we needto evaluatethe hypothesisfor eachunlabeledpoint. This cost is proportionalto
thenumberof supportvectorsfor theSVM-basedmethodsandproportionalto thenumber
of mistakesfor theperceptron-basedmethods.In thecaseof VolEstweagainneed

F (MGNJ +
timeperbounce,where G is thenumberof labeledpoints.

Overall VolEstwasclearly theslowest. For muchlargerdatasetsVoPercseemsto be the
simplestandthemostadaptable.

3 Theoretical Justifications

As we seein Figure5(right) the geometricmargin of the supportvectors(half the width
of thewindow) is shrinkingasmoreexamplesarelabeled.Thusthefollowing goal is rea-
sonablefor designingselectionstrategies: pick unlabeledexamplesthatcausethemargin
to shrink the most. The simplestsuchstrategy is to pick examplesclosestto the maxi-
mummargin hyperplanesincetheseexampleareexpectedto changethemaximummargin
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Figure8: ExploitationversusExploration: (left) Total hit performanceand(right) True andFalse
positivesperformance(right) of SVM and ?3@CAED onRound1 data

hyperplanethemost[TK00, CCS00].

An alternative goal is to reducethe volumeof the versionspace.This volumeis a rough
measureof theremaininguncertaintyin thedata.Recallthatboth theweightvectorsand
instanceshaveunit length.Thus

�)!��
is thedistanceof thepoint

�
to theplane

�
aswell

as (in the dual view) the distanceof the point
�

to the plane
�

. The maximummargin
hyperplane

�
is the point

�
in versionspacewith the largestspherethat is completely

containedin theversionspace[Ruj97, RM00]. After labeling
�

only onesideof theplane�
remains. So if

�
passescloseto the point

�
thenabouthalf of the largestsphereis

eliminatedfrom theversionspace.Sothis is a secondjustificationfor selectingunlabeled
examplesclosestto themaximummargin hyperplane.

Our selectionstrategy VolEst starts from any point inside the version spaceand then
bouncesa billiard 1000times. The billiard is almostalwaysergodic (Seediscussionin
[Ruj97]). Thusthefraction 9 2 of bounceson thepositive sideof anunlabeledhyperplane� 2

is anestimateof thefractionof volumeon thepositivesideof
� 2

. Sinceit is unknown
how

�32
will belabeled,thebestexamplearethosethatsplit theversionspacein half. Thus

in VolEstwe selectunlabeledpointsfor which 9 2 is closestto half. Thethinking underly-
ing our strategy VolEstis mostcloselyrelatedto theCommitteeMachinewhere O random
conceptsin theversionspaceareaskedto voteon thenext randomexampleandthe label
of thatexampleis requestedonly if thevoteis closeto anevensplit [SOS92].

We tried to improveour estimateof thevolumeby replacing9 2 by thefractionof thetotal
trajectorylocatedon thepositive sideof

�32
. On our two datasetsthis did not improvethe

performance(not shown). We alsoaveragedthe1000bouncepoints.Theresultingweight
vector

�
(an approximationto the centerof massof the versionspace)approximatesthe

socalledBayespoint [Ruj97] whichhasthefollowing property:Any unlabeledhyperplane
passingthroughtheBayespoint

�
cutstheversionspaceroughly6 in half. We thustested

a selectionstrategy which picks unlabeledpointsclosestto the estimatedcenterof mass.
This strategy wasagainindistinguishablefrom theothertwo strategiesbasedon bouncing
thebilliard.

We haveno rigorousjustificationfor the < variantsof our algorithms.

4 Conclusion

Weshowedhow theactive learningparadigmideallyfits thedrugdesigncycle. After some
deliberationswe concludedthat the total numberof positive examples(hits) amongthe
testedexamplesis thebestperformancecriterionfor thedrugdesignapplication.Wefound

6Evenin dimensiontwo thereis nopoint thatdoesthis exactly [Ruj97].



thata numberof differentselectionstrategieswith comparableperformance.Thevariants
thatselecttheunlabeledexampleswith thehighestscore(i.e. the < variants)performbetter.
Overall theselectionstrategiesbasedon theVotedPerceptronwerethemostversatileand
showedslightly betterperformance.
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