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Abstract

We presentanew machinelearningapproachfor
3D-QSAR,the taskof predictingbindingaf�ni-
ties of moleculesto targetproteinsbasedon 3D
structure. Our approachpredictsbinding af�n-
ity by usingregressionon substructuresdiscov-
eredby relationallearning. We make two con-
tributions to the state-of-the-art. First, we use
multiple-instance(MI) regression,which repre-
sentsa moleculeasa set of 3D conformations,
to model activity. Second,the relationallearn-
ing componentemploys the“ScoreAs YouUse”
(SAYU) methodto selectsubstructuresfor their
ability to improve the regressionmodel. This
is the �rst application of SAYU to multiple-
instance,real-valuedprediction.Weevaluateour
approachon threetasksanddemonstratethat (i)
SAYU outperformsstandardcoveragemeasures
whenselectingfeaturesfor regression,(ii) theMI
representationimprovesaccuracy over standard
singlefeature-vectorencodingsand(iii) combin-
ing SAYU with MI regressionis moreaccurate
for 3D-QSARthaneitherapproachby itself.

1. Intr oduction

Recentstudiesin relationallearninghave shown theeffec-
tivenessof combininglearnedrelationalrulesusinga sta-
tistical classi�er. Themostsuccessfulof theseapproaches
actuallyscorecandidaterelationalrules,during relational
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learning,by theirability to improvethestatisticalclassi�er.
In the �rst suchstudies—withsystemsnFOIL (Landwehr
etal.,2005)and“ScoreAs YouUse”(SAYU) (Davis etal.,
2005)—theclassi�er is a form of Bayesiannetwork, the
rules act as binary featuresin the network, and the class
valueactsasa binaryclassfeature.A latersystem,kFOIL
(Landwehret al., 2006),useda kernelasthemodel,which
allows it to handlebothclassi�cationandregression.

The presentpaperextendstheseapproachesto multiple-
instance,real-valuedprediction. While suchpredictionis
useful for many applications,our motivating application
is predicting Three-dimensionalQuantitative Structure-
Activity Relationships(abbreviatedas3D-QSARs). This
task comesfrom a well-known family of tasks in the
pharmaceuticalindustryandin researchinto drug design.
Each3D-QSAR task is de�ned by a target protein, typi-
cally whose3D structureis not known. Given the struc-
turesof a setof moleculesandtheir known bindingaf�ni-
ties to the target, the task is to constructa model that
accuratelypredicts the real-valued binding af�nities of
new small moleculesto the target, basedon their three-
dimensionalstructures. Our papermakes two contribu-
tions. First, it demonstratesthe feasibility and utility of
extendingapproachessuchasSAYU to multiple-instance,
real-valuedprediction,using a signi�cant real-world ap-
plication. Second,the papershows empirically that us-
ing multiple-instance(MI) regressionin thiscontext carries
signi�cant bene�t overusingordinaryregression.

In prior work, relationallearningcombinedwith linearre-
gressionhasbeenappliedwith somesuccessto 3D-QSAR
(Marchand-Genesteet al.,2002).Thisapproachrepresents
moleculesusingclausesin �rst-order logic. Fromthis rep-
resentation,thealgorithmlearnsrulesthatrepresentpoten-
tial pharmacophores—3D substructuresof moleculesre-
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sponsiblefor binding. This approachthentreatseachrule
asan attribute andconstructsone featurevector for each
molecule.Finally, it constructsaregressionmodelfor real-
valuedactivity predictionfrom the resultingfeaturevec-
tors. This approachhas two shortcomings. First, even
though the goal is to optimize the accuracy of the real-
valuedprediction,the relationallearningprocedureis not
guidedby this goal but ratherby a differentscoringfunc-
tion thatis usuallybasedonthecoverageof therulesonthe
trainingset.Second,by operatingononefeaturevectorper
molecule,regressionignorestheinherentmultiple-instance
natureof 3D moleculardata(Dietterichet al., 1997). The
MI naturearisesfrom thefactthateachmoleculemayhave
multiplelow-energy3D shapes,or conformers, andany one
(or several)of theseconformersmaybetheonethatbinds
to thetarget. Informationaboutthe individual conformers
is lost whenwe constructonefeaturevectorpermolecule.

We proposea framework that addressesthe above issues.
First, during the searchfor potentialpharmacophores,we
scoreeachpotentialpharmacophoreby how much it im-
provesthe generalizationability of the regressionmodel.
Weaccomplishthisby adaptingtheSAYU approach(Davis
etal.,2005)to thisregressiontask.For eachpotentialphar-
macophore,or rule,thatmustbescored,were-computethe
regressionmodel and checkwhetherit generalizesbetter
thanthemodelthatdoesnot usethecandidaterule. Thus,
a pharmacophoreis includedin theregressionmodelonly
if it helpsto predict the observed activities. Second,we
adaptmultiple-instanceregression(Ray & Page,2001)to
thetaskof 3D-QSAR.MI regressionreplacesstandardre-
gressionwhenpredictingactivity. Here,whenwe evaluate
asetof rules,weconstructonefeaturevectorperconforma-
tion ratherthanonefeaturevectorpermolecule.MI regres-
sionis ableto operateondataof this form. Weevaluateour
proposedapproachon threetasks,dopamine(D2 receptor)
agonists,thermolysininhibitors and thrombin inhibitors,
and demonstratethat our approachresultsin more accu-
ratepredictionsthanstate-of-the-artmethodsthatcombine
relationallearningwith regressionfor 3D-QSAR.

2. Background and RelatedWork

Drugsare small moleculesthat affect diseaseby binding
to a target protein in the humanbody; the target may be
a humanproteinor a proteinbelongingto somepathogen
that hasenteredthe body. A key obstaclein the drug de-
sign processis that the structureof a target protein can-
not oftenbedetermined.In this scenario,researchersmay
use“high-throughputscreening”to testa largenumberof
small moleculesto �nd somethat bind to the target. The
moleculesthat bind usually cannotbe usedas drugs for
variousreasons,typically relatedto ADMET (absorption,
distribution, metabolism,eliminationand toxicity). Nev-

Figure1. ACEinhibitor with highlighted4-pointpharmacophore.

ertheless,someof these“hits” maybeusedasa “lead” in
thesearchfor anappropriatedrug; this leadthenneedsto
be “optimized,” or modi�ed in orderto have an appropri-
atebindingaf�nity andtheotherpropertiesnecessaryin a
drug,suchaslow sideeffects.

To guidethe leadoptimizationprocess,researcherstry to
�nd similarities betweenthe most active moleculesthat
areideally not sharedby any of the lessactive molecules.
We brie�y describethe typesof similarities that are use-
ful in predictingbinding af�nity . A small moleculebinds
to a proteinprimarily basedonelectrostaticandhydropho-
bic interactions. The mostcommonelectrostaticinterac-
tion is thehydrogenbond,whereanatomcarryinga slight
negative charge, suchas an oxygen(a “hydrogenaccep-
tor”), on one molecule is attractedto a hydrogenatom
carryinga slight positive charge (a “hydrogendonor”) on
the other molecule. Hydrophobic interactionstypically
occur when hydrophobesfrom the two moleculesshield
eachotherfrom thesurroundingaqueousenvironment.Be-
causeboth electrostaticand hydrophobicinteractionsare
weaker than the ordinary covalent bondsformed within
a molecule,several such interactions—typicallythree to
eight—arerequiredin order for a small moleculeto bind
to a protein. Therefore,to bind to a given target protein
at a particularsite,a small moleculeneedsthe right com-
bination of charged atomsand/orhydrophobicgroupsat
the right locations. In other words, the binding siteson
the small moleculeand protein needto be complemen-
tary, much as a key is to a lock—a commonanalogyin
drug design. Given a set of active molecules,a compu-
tational chemistmay searchfor conformersof the active
moleculesthat sharesomethree-dimensionalarrangement
of chargedatoms,suchaspotentialhydrogendonorsand
acceptors,andhydrophobicgroups,suchassix-membered
carbonrings.This three-dimensionalsubstructureis some-
timescalledapharmacophore. Figure1 showsanexample
moleculewith a highlightedpharmacophorethatallows it
to inhibit Angiotensin-ConvertingEnzyme(ACE).

3D-QSAR approachesdirectly addressthe multiple 3D
conformersof molecules.Theseapproachesincludeboth
special-purposealgorithmsfor 3D-QSARandmechanisms
for applying machinelearning algorithms to the multi-
ple 3D conformersof molecules. CoMFA and related
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Table1. An exampleof a 4-pointpharmacophorelearnedby ALEPH for thedomainof thermolysininhibitors. The left columnshows
the�rst-order logical clausein Prolognotation,while theright columnshows thesemanticsof eachliteral.

active(M):- MoleculeM is active if
conf(M, C), M hasa conformationC
hacc(M, C, P1), C hasahydrogenacceptorat locationP1

hacc(M, C, P2), C hasahydrogenacceptorat locationP2

hacc(M, C, P3), C hasahydrogenacceptorat locationP3

pos charge(M, C, P4), C hasapositively chargedgroupat locationP4

dist(M, C, P1, P2, 4.60, 1.0), thedistancebetweenP1 andP2 is 4.60 ± 1.0 	A
dist(M, C, P1, P3, 7.75, 1.0), thedistancebetweenP1 andP3 is 7.75 ± 1.0 	A
dist(M, C, P2, P3, 8.77, 1.0), thedistancebetweenP2 andP3 is 8.77 ± 1.0 	A
dist(M, C, P1, P4, 6.85, 1.0), thedistancebetweenP1 andP4 is 6.85 ± 1.0 	A
dist(M, C, P2, P4, 7.56, 1.0), thedistancebetweenP2 andP4 is 7.56 ± 1.0 	A
dist(M, C, P3, P4, 1.24, 1.0). thedistancebetweenP3 andP4 is 1.24 ± 1.0 	A

approachesrely on careful feature construction based
on structural propertiesat grid points de�ned on the
molecule'ssurface(for example,seeCrameret al. (1988)).
DISCO (Martin et al., 1993)usesa clique detectionalgo-
rithm (Brint & Willett, 1987) to predict pharmacophores
from theconformersof active molecules.TheCOMPASS
algorithm (Jain et al., 1994a; Jain et al., 1994b)selects
andalignsconformers—oneperactivemolecule—andgen-
eratesa featurevector for eachmolecule,wherethe fea-
turesarethe lengthsof rayspassingthroughthemolecule
at speci�ed orientations. COMPASS then usesa neural
network to learneithera classi�er or real-valuedpredictor
of af�nities; oncethemodelhasbeenlearned,COMPASS
triesto improvethe�t by revisiting theselectionandalign-
mentof conformers,anditeratesuntil convergence.

Anotherapproachto predictingbinding af�nities is based
onrelationallearning(Finnetal.,1998;Marchand-Geneste
et al., 2002), in particular inductive logic programming
(ILP). This ILP-basedframework startswith a �rst-order
logical descriptionof eachmolecule.This descriptionde-
tails the locationsof eachatomandbondin themolecule.
Additionally, the backgroundknowledge contains rela-
tionaldescriptionsof commongroupsof atoms.For exam-
ple, the backgroundknowledgecanspecifythat a methyl
groupconsistsof a carbonatomboundto threehydrogen
atomswith singlebonds.A k-point pharmacophore in this
representationis a�rst-order clausethathask literals,each
describinga distinctchemicalgroup(suchasmethyl), and� k

2

�
“distance”literals. Eachdistanceliteral storestheEu-

clideandistancebetweentwo chemicalgroups. Sincethe
distancesin any two givenmoleculesareunlikely to beex-
actly thesame,theliteral includesatolerancethatspeci�es
how mucheachdistanceis allowedto vary. Giventhis rep-
resentation,the approachusesan ILP systemto hypothe-
sizepharmacophoresthatcausethedesiredinteractionbe-
tweenknown activemoleculesandthetarget.TheILP sys-
tem searchesover the spaceof clauses(pharmacophores)
usingan objective function suchasthe following: any k-
point pharmacophorethat appearssigni�cantly more of-
ten in active moleculesthan in inactive onesis hypothe-

sizedto beaninteraction-causingpharmacophore.Table1
shows an examplepharmacophorelearnedby an ILP sys-
tem,ALEPH1, for thedomainof thermolysininhibitors.

In orderto predictreal-valuedactivities, theILP-basedap-
proachtreatslearnedclausesasbinary-valuedfeaturesand
generatesa binary (0/1) valuedependingon whetherthat
moleculesatis�es the given clause(i.e., hasthe speci�ed
pharmacophorein any conformation).Of course,usingthis
representation,theinactive(or “lessactive”) moleculeswill
havefeaturesthataremostlyzero,whichwill likely leadto
pooractivity estimates.Thus,theILP-basedapproachalso
learnsasetof featuresthataremorefrequentin theinactive
moleculesthan in the active molecules,andgeneratethe
correspondingfeaturevectors.This proceduregeneratesa
singlefeaturevectorfor eachmolecule.Thisrepresentation
canthenbeusedto learnaregressionmodelusingstandard
linear regression(Marchand-Genesteet al., 2002),which
canpredictactivity levelsfor novel molecules.

3. The MIR-SAYU Algorithm

Our algorithm follows the ILP-basedapproachjust de-
scribed,but with two signi�cant changes.First, it usesthe
“ScoreAs You Use” methodto learnrulesdirectly judged
ashelpful to regression.Second,it constructsonefeature
vectorper conformerratherthanoneper molecule,andit
thenemploys multiple-instanceregressionto predictbind-
ing af�nity . In the following sections,we describeeach
componentof thisapproachin detail.

3.1.ScoringCandidateRuleswith SAYU

In relationalapproachesto 3D-QSAR,asdescribedabove,
anILP systemgeneratesrulesdescribingpharmacophores.
In prior work (Finn et al., 1998;Marchand-Genesteet al.,
2002),this systemrunsto completion,anda subsetof the
rulesfoundareusedto build themodel.This approachre-
lies on theILP system'sscoremetricto evaluaterulequal-
ity. Themostcommonmetricis coverage, which is de�ned

1ALEPH is anILP systemwrittenby AshwinSrinivasan.
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asthedifferencebetweenthenumberof activeandinactive
moleculesthatsatisfya rule. The�nal modelis built from
theruleswhich have thehighestcoverages.This approach
hasseveral drawbacks. First, runningto completionmay
take a long time. Second,the rulesmay not be indepen-
dent,leadingto a modelwith dependentattributes. Third,
choosinghow many rulesto includein the�nal modelis a
dif�cult tradeoff betweencompletenessandover�tting. Fi-
nally, thebestrulesaccordingto coveragemaynot giveus
themostaccurateactivity model.

Many of thesedrawbackscan be overcomeby interleav-
ing therule learningandmodelbuilding processes.In our
work, we accomplishthis interleaving by extending the
SAYU approach(Davis et al., 2005)to the MI regression
setting. In the SAYU approach,we start from an empty
model(or a prior model). Next, an ILP systemgenerates
rules,eachof which representsa new featureto be added
to thecurrentmodel. We thenevaluatethe generalization
ability of the model extendedwith the new feature. We
retainthenew modelif theadditionof thenew featureim-
provesthemodel'sgeneralizationability; otherwisewe re-
main with the original model. This resultsin a tight cou-
pling betweenfeatureconstructionandmodelbuilding.

To applySAYU to our task,weneedanILP systemto pro-
poserules.In ourwork, weuseALEPH, which implements
theProgolalgorithm(Muggleton,1995)to learnrules.This
algorithminducesrulesin two steps.Initially, it selectsa
positive instanceto serve as the “seed” example. It then
identi�es all the factsknown to be trueabouttheseedex-
ample.Thecombinationof thesefactsformstheexample's
most speci�c or saturatedclause. The key insight of the
Progolalgorithmis thatsomeof thesefactsexplainthisex-
ample's classi�cation. Thus,generalizationsof thosefacts
couldapplyto otherexamples.ALEPH thereforeperformsa
generalto speci�c searchover thesetof rulesthatgeneral-
izeaseedexample'ssaturatedclause.Thus,in ourapplica-
tion, ALEPH picksan“active” molecule,andgeneratespo-
tential k-point pharmacophoresfrom it. It continuesuntil
either�nding apotentialpharmacophorethathashighcov-
erageor the searchspaceis exhausted.In the latter case,
thesearchrestartswith a differentseed.

SAYU modi�es thestandardALEPH searchasfollows. In
contrastto ALEPH, SAYU allows any example,positive or
negative, to be selectedas a seed,becauseit is possible
for the generalizationof any exampleto improve the �-
nal regressionmodel. Insteadof usingcoverage,ALEPH

passeseachclauseit constructsto SAYU, which converts
theclauseto abinaryfeatureandaddsit to thecurrenttrain-
ing set.Next, SAYU learnsa modelincorporatingthenew
feature,andevaluatesthemodel(describedbelow). If the
modeldoesnot improve,therule is not accepted,andcon-
trol returnsto ALEPH to constructthenext clause.If a rule

is accepted,or the searchspaceis exhausted,SAYU ran-
domlyselectsanew seedandre-initializesALEPH'ssearch.
Thus,we arenot searchingfor the bestrule, but the �rst
rule that improvesthemodel. However, SAYU allows the
sameseedto beselectedmultiple timesduring thesearch.
Sincethesearchspaceis extremelylarge, it is impractical
to searchit exhaustively. Further, this mayleadto over�t-
ting. Therefore,asin prior work (Davis et al., 2005),we
terminatethesearchaftera certainamountof time.

In orderto decidewhetherto retaina candidatefeaturef ,
we needto estimatethegeneralizationability of themodel
with andwithout thenew feature.In our work, we do this
by estimatingthetest-setr 2 of eachmodel,de�ned as:

Test-setr 2 = 1 �

P
i (Yi � pi )2

P
i (Yi � ai )2 ; (1)

wherei rangesover testexamples,Yi denotesthe true re-
sponseof the i th test example,pi denotesthe predicted
responseof the i th testexampleusingour model,andai

denotestheaverageresponseon the trainingset. Thus,r 2

measurestheimprovementin squarederrorobtainedby us-
ing ourmodeloverabaselineconstantprediction.Observe
that if pi = ai , r 2 = 0, andif pi = Yi , r 2 = 1. Thus,a
highertest-setr 2 indicatesa modelwith bettergeneraliza-
tion ability. Notethoughthatunlikeordinaryr 2, it is possi-
blefor test-setr 2 to benegative,sincepredictionsaremade
on novel datapoints. To estimatetest-setr 2 for our mod-
els,we useinternal n-fold cross validation on our training
set. In turn, we hold out onefold andlearna modelusing
theremainingfolds. We usethemodelto makepredictions
on theheld-outdata.At theendof thisprocedure,wehave
a setof predictionsfor eachheld-outfold. We thenpool
thesepredictionsacrossall folds andcalculatethe test-set
r 2 metric for the model containingf over the full set of
predictions.To decidewhetherto retainthecandidatefea-
ture, we stipulatethat the test-setr 2 of the modelwith f
mustimprove over themodelwithout f by a certainfrac-
tion, p. We call p theimprovementthreshold2. While such
cross-validationis computationallyexpensive,wehaveob-
servedthat it signi�cantly improvesthequality of thefea-
turesaddedto our modelsand reducesover�tting to the
trainingset.Further, sinceweimposeanexternaltimecon-
straint on SAYU as describedin the previous paragraph,
this proceduredoesnot slow down our empirical evalua-
tion. After a setof featureshave beenselectedusing the
cross-validationprocedure,welearnthe�nal model,which
incorporatesall selectedfeatures,usingtheentiretraining
set. We usethis modelto make predictionson unseenex-
amples.This procedurepreventsfeaturesthatdo not help

2A moreprincipledsolutionmight be to usea statisticalhy-
pothesistestbetweenestimatesof thetest-setr2 measuresof the
two models.Wehave triedthis;however, sincewegenerallyhave
very smallsamplesin our experiments,we did not obtainconsis-
tentresultswith this approach.
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predictactivity from beingaddedto theregressionmodel.
However, notethat it mayaddfeatureswhich helpexplain
low activity. Suchfeatureswill beassociatedwith negative
coef�cients in theregressionmodel.

3.2.Predicting Activity with MI Regression

In this section,we presentour multiple-instanceregres-
sionmodelthatweuseto predicttheactivity of molecules.
Thesearethemodelsthat theSAYU procedureconstructs
whenevaluatingcandidatefeatures.

Therelationallearningproceduredescribedin Section2 re-
sultsin asinglefeaturevectordescribingeachmolecule.In
prior work (Marchand-Genesteet al., 2002),thesefeatures
have beenusedasinputs to a linear regressionprocedure
to predictactivity. Linearregressionon thesefeatureswill
beeffective in predictingactivity if thefollowing assump-
tion holds: the activity of a molecule is a linear function
of the pharmacophores it has in at least one of its confor-
mations. This assumptionis somewhat unsatisfactory, as
we treat moleculeswhereall pharmacophoresmatchthe
sameconformation(s)andmoleculeswhereeachpharma-
cophoresmatchesa differentconformationin exactly the
sameway. Chemically, activity is likely to be a function
of speci�c conformation(s)of themolecule,andthis infor-
mationhasbeenlost. To capturethis knowledge,we use
a multiple-instance representation(Dietterichet al., 1997).
In MI learning,examplesare representedusing multisets
of featurevectorsinsteadof singlefeaturevectors. In MI
terminology, eachexampleis a bag of instances. Eachbag
is associatedwith a classlabel in a classi�cation setting
or areal-valuedresponsein aregressionsetting.Giventhis
representation,MI algorithmscanlearnmodelsthatpredict
theclasslabelor responseof novel bags.

To generateanMI representationfor thedrugactivity pre-
diction problem,we apply the proposedclauses(pharma-
cophores)to each conformation of eachmoleculesepa-
rately. In thiscase,a0/1valuerepresentswhetheraspecific
conformation hasthegivenpharmacophore(clause).This
createsan MI representation,whereeachmoleculeis rep-
resentedby abagof featurevectors,oneperconformation,
and the bag is labeledwith the activity of the molecule.
Given this representation,we usea multiple-instancere-
gressionalgorithmto learnlinear models.The taskunder
considerationis de�ned asfollows. We aregiven a setof
n bags. The i th bagconsistsof m i instancesanda real-
valuedresponseyi . Instancej of bag i is describedby
a real-valuedattribute vector ~X ij of dimensiond. In the
drugdesignexample,eachbagis a molecule,andeachin-
stanceaconformationof themoleculerepresentedby afea-
ture vector. An iterative algorithmwaspresentedin prior
work (Ray& Page,2001)to learna linearmodel bb under
theassumptionthatthereis someprimary instancein each

bagwhich is responsiblefor thereal-valuedlabel:

bb = argmin
b

nX

i =1

(yi � ~X ip � b)2; (2)

where ~X ip is the featurevectordescribingtheprimary in-
stanceof bagi , andyi is the responseof bagi . Thealgo-
rithm presentedin prior work iteratesbetweenestimating
the primary instancein eachbag and solving the result-
ing linear regressionproblemuntil convergence. Recent
work (Srinivasanet al., 2006) hasusedthis approachto
modeldrugactivity, but hashadlimited empiricalsuccess.

Our approachextendsthis formulationto bemorespeci�c
to activity predictionin the following way. Insteadof as-
sumingthata single,primaryconformeris responsiblefor
theactivity of themolecule,weassumethatthemolecule's
activity is a nonlinear weighted average of the activities
of its conformers.Biologically, eachconformercancon-
tribute to activity, but thecontribution of a conformerdies
off exponentiallywith goodnessof �t betweenconformer
andtarget. Thus,typically, theactivity of a moleculewill
bedominatedby its mostactiveconformers.To modelthis
scenario,we usea softmax function,denotedby S below:

S� (x1; : : : ; xn ) =

P
1≤i≤n x i e�x i

P
1≤i≤n e�x i

: (3)

The input to this function is thepredictedactivities of the
conformationof any molecule. The output is a weighted
averageof thepredictedactivities, with theaveragebeing
dominatedby themostactive conformation(s).As thepa-
rameter� is increased,theoutputapproximatesthehighest
activity moreclosely. Thesoftmaxfunctionhasbeenused
in prior work on MI classi�cationaswell (Maron, 1998).
Thus, it is a suitablechoiceboth from the biological and
theMI perspectives. Further, notethat the function is dif-
ferentiablewith respectto its inputs. This lets us usea
gradient-basedoptimizationprocedureto solve for thebest
linearmodelbb asfollows:

bb = argminb

P n
i =1 (yi � S� ( ~X i 1 � b; � � � ; ~X im i

� b))2

+ � jjbjj2:
(4)

Here,yi representstheactivity of thei th molecule,andthe
predictedactivity of conformationj of moleculei is de-
�ned by the linear function ~X ij � b. Thus,the �rst partof
this objective speci�esthatwe aresearchingfor the linear
modelsuchthatthetotal errorbetweentheweightedaver-
agesof thepredictedconformationactivitiesandtheknown
molecularactivities is minimized. The secondpart of the
objective is a regularizationfactor proportionalto jjbjj 2.
Incorporatingsucha factoris known to reduceover�tting
to the trainingdata,andthusimprove generalizationabil-
ity (Vapnik, 1999). We expect our approachto be more
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accuratethanstandardregressionif (i) the activity of any
conformation is a linearfunctionof thepharmacophoresit
has,and(ii) theactivity of any moleculeis (approximately)
an exponentiallyweightedaverageof the activities of its
individualconformers.

Theobjective functionin Equation4 is nonlinearandnon-
convex; hence,standardgradient-basedoptimizationalgo-
rithmsaresusceptibleto local minima. To reducethepos-
sibility of being misled by local minima, we employ the
techniqueof randomrestarts:whenlearninga model,the
optimizationalgorithmis restartedseveral timesfrom dif-
ferent,randomlychosenstartingpointsandallowedto run
to completion.The�nal solutionreturnedis theoneresult-
ing in thelowestobjective functionvalue.

We call our approach,which combinesthe SAYU pro-
cedure with MI regression models, Multiple Instance
Regression-SAYU, abbreviatedasMIR-SAYU.

4. Empirical Evaluation

In this section,we evaluateour approachon three real-
world activity prediction tasks: thermolysin inhibitors,
dopamineagonistsand thrombin inhibitors. We �rst de-
scribethe domainsandcharacteristicsof the datasetswe
useandthenpresentanddiscussourexperimentalresults.

Tasks. The thermolysininhibitors datasetwe useis de-
scribedin previouswork (Marchand-Genesteet al., 2002).
Thermolysinbelongsto thefamily of metalloproteasesand
playsrolesin physiologicalprocessessuchasdigestionand
blood pressureregulation. The moleculesin our dataset
are known inhibitors of thermolysin. Activity for these
moleculesis measuredin pK i = � logK i , whereK i is a
dissociationconstantmeasuringtheratio of theconcentra-
tionsof boundproductto unboundconstituents.A higher
valueindicatesa strongeraf�nity for binding. Thedataset
we usehasthe 10 lowestenergy conformations(ascom-
putedby the SYBYL softwarepackage(www.tripos.com))
for eachof 31thermolysininhibitorsalongwith theiractiv-
ity levels. The relationalbackgroundknowledgewe have
for this datawasobtainedfrom David EnotandRossKing
andis similar (but not identical)to thebackgroundknowl-
edge used in previous work (Marchand-Genesteet al.,
2002). This backgroundknowledgede�nes 26 chemical
groupsthatcanbeusedto de�ne a pharmacophore.

The seconddatasetwe useconsistsof dopamineagonists
(Martin et al., 1993). Dopamineworks as a neurotrans-
mitter in the brain, whereit plays a major role in move-
mentcontrol. Dopamineagonistsaremoleculesthat func-
tion like dopamineandproducedopamine-likeeffectsand
can potentially be usedto treat diseasessuchas Parkin-
son'sdisease.Thedatasetweusehas23dopamineagonists
alongwith their activity levels. For this dataset,thenum-

ber of conformationsfor eachmoleculerangesfrom 5 to
50. The backgroundknowledgewe have for this dataset
is more limited than in the previous dataset– we know
aboutfour groups:hydrogendonors,hydrogenacceptors,
hydrophobesandbasicnitrogengroups.

The �nal datasetwe use consistsof thrombin inhibitors
(Chenget al., 2002). Thrombinworks asa blood coagu-
lant andthusits inhibitorscanbe usedasanti-coagulants.
Thedatasetconsistsof 41 thrombininhibitorsandtheirac-
tivity levels.Eachmoleculehasbetween3 and334confor-
mations.Thebackgroundknowledgefor this taskincludes
informationaboutsix differenttypesof chemicalgroups.

Experiments. In our experiments,we testthreehypothe-
ses. First, we hypothesizethat the SAYU procedurere-
sults in featuresthat arebettersuitedto regressionthana
featureconstructioncriterion basedon coverage,asstan-
dard ALEPH uses. Second,we hypothesizethat the MI
regressionprocedureresultsin moreaccurateactivity pre-
dictionsthanstandardlinearregression.Third, we hypoth-
esizethat the combinedMIR-SAYU procedurewill yield
moreaccuratepredictionsthaneitherextensionby itself.

To testour hypotheses,we usefour baselinesalongwith
ouralgorithm.Theseareasfollows:

1. Constant: Thisalgorithmsimplypredictstheaverage
activity of all moleculesin the trainingsetasthe ac-
tivity for everynovel molecule.

2. LR-ALEPH : This algorithm is the relational ap-
proachdescribedin Section2 and is similar to the
framework of Marchand-Genesteet al. (2002).It uses
ALEPH to constructasetof clausesbasedoncoverage.
A singlefeaturevectoris generatedfor eachmolecule
from theseclauses.A model is learnedusing linear
regressiononthesefeatures.For novelmolecules,fea-
turevectorsaregeneratedusingthesameclausesand
thelearnedlinearmodelis usedto predictactivity.

3. MIR-ALEPH : This algorithmlearnsa MI regression
modelandusesit to predictactivity, but usesthestan-
dardALEPH to constructfeaturesbasedoncoverage.

4. LR-SAYU: This algorithmlearnsa linear regression
model and usesit to predict activity, but usesthe
SAYU procedureto selectfeaturesfor themodel.

5. MIR-SAYU: This is our proposedapproach,as de-
scribedin Section3.

In prior work (Marchand-Genesteet al., 2002),relational
approacheshave beencomparedto other activity predic-
tion methods,suchasCoMFA (outlinedin Section2), and
foundto becompetitive. Therefore,we restrictour current
evaluationto thealgorithmsmentionedabove.
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Table2. Rootmeansquarederrorsfor differentmethodson drugactivity datasets.Valuesin bold indicatebestresultson eachdataset.
LR refersto linearregression,MIR to multiple-instanceregression,andSAYU to the“ScoreAs YouUse” ruleselectionprocedure.

Dataset Constant LR-ALEPH MIR-ALEPH LR-SAYU MIR-SAYU
DopamineAgonists 1.38 1.53 1.57 1.25 0.87
ThermolysinInhibitors 1.93 1.47 1.31 1.37 1.27
ThrombinInhibitors 1.56 3.27 1.95 1.36 1.28

In our experiments,ALEPH searchesover 4-point pharma-
cophores,asin priorwork (Marchand-Genesteetal.,2002).
For SAYU, we setthenumberof internalcrossvalidation
folds,n, to be5 andther 2 improvementthreshold,p, to be
0:2. As a stoppingcriterion for SAYU, we useda time
threshold,allowing eachfold one hour of runtime. For
MI regression,the softmax parameter� is set to 3 and
the regularizationfactor � to 1. Theseparametervalues
seemedreasonableaftersomeinitial exploration;they have
not beentunedto thesetasks. To optimizeour objective
functions,we usetheL-BFGSalgorithm(Fletcher, 1980).
To evaluatethe algorithms,we use leave-one-molecule-
out crossvalidation. For eachdataset,we hold out one
moleculein turnasthetestmoleculeandlearna modelus-
ing theremainingmolecules.We thenpredicttheactivity
of theheld-outmoleculeusingthe learnedmodel. We re-
port the root-mean-squared(RMS) errorsaveragedacross
theheld-outmoleculesin Table2.

From the table, we observe that for all three tasks, the
methodsusingSAYU outperformthemethodsthatdo not
useSAYU by a wide margin. In fact,we observe that for
boththedopamineandthrombindatasets,LR-ALEPH and
MIR-ALEPH bothexhibit worseRMSEthantheConstant
model. This indicatesthat the coveragemeasureusedby
ALEPH to inducefeaturesin thesedomainsdoesnot result
in featureswhich areableto generalizewell to predicting
thereal-valuedactivity thatweareultimatelyinterestedin.
From theseresults,we concludethat interleaving feature
constructionand model building using the SAYU proce-
dure resultsin featuresthat are betterable to generalize
to predictingactivity thanfeaturesgeneratedby coverage-
basedmeasures,suchasusedby standardALEPH.

Comparingthe two approachesusingMI regressionto the
the onesusing linear regression,we observe that in gen-
eral,theMI approachesoutperformtheircounterparts.The
only exception is in the caseof dopamine,where MIR-
ALEPH is slightly worsethanLR-ALEPH. However, we
believe this is likely becausethe featuresgeneratedby
ALEPH are not useful in predictingactivity for this case,
makingany comparisonbetweenthe linear regressionand
MI regressiondif�cult. Apart from this case,we observe
that MIR-ALEPH is moreaccuratethanLR-ALEPH, and
MIR-SAYU is moreaccuratethanLR-SAYU. Fromthese
results,we concludethat incorporatingknowledgeabout
individualconformationsusingMI regressiongenerallyre-

sultsin moreaccuratepredictionmodelsthanusinglinear
regressiononasinglefeaturevectorfor eachmolecule.

Finally, we observe that the combinedapproachwe have
presentedin thiswork,MIR-SAYU, is themostaccurateon
all of our 3D-QSARtasks.It is moreaccuratethaneither
MIR-ALEPH, which usesMI regressionmodelsbut does
not useSAYU, or LR-SAYU, which usesSAYU, but not
MI regressionmodels.Fromtheseresults,weconcludethat
combiningthetwo extensionswe havepresentedresultsin
moreaccuratemodelsthaneitherextensionby itself.

SAYU has beenshown to consistentlyproducesimpler
modelsthanALEPH (Davis et al., 2005). An interesting
questionto askis whetherMI regressionyieldsmorecom-
plex modelsthanlinear regression,that is, whetherMIR-
SAYU learnsmore complex modelsthan LR-SAYU (the
questionmakes senseonly in the context of SAYU, be-
causeLR-ALEPH and MIR-ALEPH usethe sameset of
featuresby design). While we did not enforceany con-
straintonthetotalnumberof featuresaddedto eachmodel,
we observedthattheseapproachesusedapproximatelythe
samenumbersof featuresin our experiments.This indi-
catesMIR-SAYU obtainsits improvementoverLR-SAYU
by selectingmoreinformative features(pharmacophores),
ratherthansimplyby usingmorefeatures.

Another interesting question to ask is if the pharma-
cophoresusedby our MIR-SAYU modelsto predictactiv-
ity have any biological interpretation.In fact,we observed
that for dopamine,the rulesusedby MIR-SAYU on most
of the folds agreewith the generalpharmacophoremodel
in the literature(McGaughey & Mewshaw, 1999). They
eachhave the key basicnitrogen,hydrogenacceptorand
hydrophobicgroupof the model. Sincewe speci�ed that
all rulesmustencodefour-pointpharmacophores,therules
all containedeitheranadditionalhydrophobicgroupor hy-
drogenacceptor;most containedthe addedhydrophobe.
The one exception is a learnedpharmacophorethat had
an extra hydrophobein the position where the basicni-
trogenshouldbe; this featurehad a substantialnegative
coef�cient in the regressionmodel. For thermolysin,the
known pharmacophoremodelhasseveninteractionpoints,
althoughall sevenpointsarenot requiredfor binding.As a
result,oneveryfold of cross-validationmultiple ruleswere
learned,capturingdifferentfour-pointsubsetsof theseven-
point pharmacophore.A combinationof suchfour-point
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pharmacophoresactuallymakesit possibleto achieve bet-
ter predictionof activity thanwould bedonewith a single
seven-pointpharmacophore,becausedifferentcoef�cients
canbeattachedto eachof thefour-point pharmacophores.
Finally, thrombinis aparticularlyinterestingchallengebe-
causeno pharmacophoremodel hasbeenwidely agreed
uponor validated. Our modelsare lessconsistentacross
foldsthanfor theothertasks,but againourapproachshows
improvedpredictive performance.Thus,we concludethat
our approachis ableto learnmodelsthatpredictdrug ac-
tivity in termsof biologicallymeaningfulpharmacophores.
Weexpectthatthispropertywill provehelpful in analyzing
theproducedactivity models.

5. Conclusion

We have presentedMIR-SAYU, a novel machinelearning
approachfor 3D-QSAR.Our approachextendsprior work
in two ways. First, we useSAYU to constructandselect
rulesthatde�ne features,resultingin a tight couplingbe-
tweenfeatureconstructionandmodelbuilding. This per-
mits us to, at any time, learnthe rule that most improves
our predictionof real-valuedactivity. Second,we useMI
regressionfor model building. This allows us to sepa-
rate out the featuresthat are true of each3D conformer
of a molecule.In our experimentson threereal-world 3D-
QSARtasks,we observedthateachextensionby itself im-
proved the accuracy of our predictions. Further, our pro-
posedapproach,which usesboth extensions,resultedin
the mostaccuratepredictions. We alsoobserved that our
approachis ableto discover biologically relevantpharma-
cophoreswhenpredictingactivity. In futurework, we plan
to exploremorecomplex modelsof activity prediction,as
well as featureconstructionproceduresthat searchover
morecomplex rulespaces.
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