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Abstract

We presenta new machindearningapproactfor
3D-QSAR,thetaskof predictingbinding af ni-
ties of moleculesto target proteinsbasedon 3D
structure. Our approachpredictsbinding af n-
ity by usingregressionon substructuresliscor-
eredby relationallearning. We malke two con-
tributions to the state-of-the-art. First, we use
multiple-instancgMI) regressionwhich repre-
sentsa moleculeas a setof 3D conformations,
to model activity. Secondthe relationallearn-
ing componenemplg/sthe“ScoreAs You Use”
(SAYU) methodto selectsubstructuresor their
ability to improve the regressionmodel. This
is the rst application of SAYU to multiple-
instancereal-valuedprediction.We evaluateour
approacton threetasksand demonstratéhat (i)
SAYU outperformsstandarcdcoveragemeasures
whenselectingeaturegor regression(ii) theMl
representatiommprovesaccurag over standard
singlefeature-ectorencodingsand(iii) combin-
ing SAYU with MI regressionis more accurate
for 3D-QSARthaneitherapproactby itself.

1. Intr oduction

Recentstudiesn relationallearninghave shavn the effec-
tivenesf combininglearnedrelationalrulesusinga sta-
tistical classi er. The mostsuccessfubf theseapproaches
actually scorecandidaterelationalrules, during relational
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learning by their ability to improvethestatisticalklassi 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, andthe class
valueactsasa binary classfeature.A latersystemkFOIL

(Landwehret al., 2006),useda kernelasthe model,which

allowsit to handlebothclassi cationandregression.

The presentpaperextendstheseapproacheso multiple-
instancereal-valuedprediction. While suchpredictionis
useful for mary applications,our motivating application
is predicting Three-dimensionalQuantitatve Structure-
Activity Relationshipgabbreviatedas3D-QSARS). This
task comesfrom a well-known family of tasksin the
pharmaceuticaindustryandin researchnto drug design.
Each3D-QSARtaskis de ned by a target protein, typi-
cally whose3D structureis not known. Given the struc-
turesof a setof moleculesandtheir known binding af ni-
ties to the target, the task is to constructa model that
accurately predicts the real-valued binding af nities of
new small moleculesto the tamget, basedon their three-
dimensionalstructures. Our papermakes two contriku-
tions. First, it demonstrateshe feasibility and utility of
extendingapproachesuchasSAYU to multiple-instance,
real-valued prediction, using a signi cant real-world ap-
plication. Second,the papershavs empirically that us-
ing multiple-instancéMI) regressionin thiscontet carries
signi cant bene t overusingordinaryregression.

In prior work, relationallearningcombinedwith linearre-
gressiorhasheenappliedwith somesuccesso 3D-QSAR
(Marchand-Genestet al., 2002). This approachrepresents
moleculesusingclausesn rst-order logic. Fromthisrep-
resentationthealgorithmlearnsrulesthatrepresenpoten-
tial pharmacophores—3D substructure®f moleculesre-



Integrating Relational Learning and Multiple-Instance Regressionfor Drug Activity Prediction

sponsiblefor binding. This approachthentreatseachrule
as an attribute and constructsone featurevector for each
molecule.Finally, it constructaregressiormodelfor real-
valuedactvity predictionfrom the resultingfeaturevec-
tors. This approachhastwo shortcomings. First, even
thoughthe goal is to optimize the accurag of the real-
valuedprediction,the relationallearningprocedurds not
guidedby this goal but ratherby a differentscoringfunc-
tion thatis usuallybasednthecoverageof therulesonthe
trainingset. Secondby operatingon onefeaturevectorper
moleculeregressiorignorestheinherentmultiple-instance
natureof 3D moleculardata(Dietterichetal., 1997). The
MI naturearisesfrom thefactthateachmoleculemayhave
multiplelow-enegy 3D shapesopr conformers, andary one
(or several) of theseconformeramay be the onethatbinds
to thetarget. Informationaboutthe individual conformers
is lostwhenwe construcionefeaturevectorpermolecule.

We proposea framawvork that addressethe above issues.
First, during the searchfor potentialpharmacophoresye

scoreeachpotentialpharmacophordéy how muchit im-

provesthe generalizatiorability of the regressionmodel.
We accomplishthisby adaptinghe SAYU approaciDavis

etal., 2005)to thisregressiortask. For eachpotentialphar

macophoregr rule, thatmustbescoredwe re-computehe
regressionmodel and checkwhetherit generalizedetter
thanthe modelthatdoesnot usethe candidaterule. Thus,
a pharmacophorés includedin the regressiormodelonly

if it helpsto predictthe obsened actiities. Second,we

adaptmultiple-instanceegression(Ray & Page,2001)to

thetaskof 3D-QSAR.MI regressiorreplacestandarde-

gressionwhenpredictingactvity. Here,whenwe evaluate
asetof rules,we construcbnefeaturevectorperconforma-
tion ratherthanonefeaturevectorpermolecule.MI regres-
sionis ableto operateon dataof thisform. We evaluateour

proposedapproacton threetasks,dopamingD2 receptor)
agonists,thermolysininhibitors and thrombin inhibitors,

and demonstratehat our approachresultsin more accu-
ratepredictionghanstate-of-the-amnethodghatcombine
relationallearningwith regressiorfor 3D-QSAR.

2. Background and Related Work

Drugs are small moleculesthat affect diseaseby binding
to a tamget proteinin the humanbody; the target may be
a humanproteinor a proteinbelongingto somepathogen
thathasenteredthe body. A key obstaclein the drug de-
sign processis that the structureof a target protein can-
not oftenbe determinedIn this scenarioyesearchermay
use“high-throughputscreening’o testa large numberof
small moleculesto nd somethat bind to the target. The
moleculesthat bind usually cannotbe usedas drugs for
variousreasonstypically relatedto ADMET (absorption,
distribution, metabolism,elimination and toxicity). Nev-

Figurel. ACE inhibitor with highlighted4-pointpharmacophore.

erthelesssomeof these*hits” may be usedasa “lead” in
the searchfor an appropriatedrug; this leadthenneedsto
be “optimized} or modi ed in orderto have an appropri-
atebindingaf nity andthe otherpropertiesnecessaryn a
drug,suchaslow sideeffects.

To guidethe lead optimizationprocessresearcherfy to
nd similarities betweenthe most active moleculesthat
areideally not sharedby ary of the lessactive molecules.
We brie 'y describethe typesof similarities that are use-
ful in predictingbinding af nity . A small moleculebinds
to a proteinprimarily basedn electrostati@andhydropho-
bic interactions. The mostcommonelectrostatidnterac-
tion is the hydrogenbond,whereanatomcarryinga slight
negative chage, suchas an oxygen (a “hydrogenaccep-
tor”), on one moleculeis attractedto a hydrogenatom
carryinga slight positive chage (a “hydrogendonor”) on
the other molecule. Hydrophobicinteractionstypically
occur when hydrophobedrom the two moleculesshield
eachotherfrom thesurroundingaqueougnvironment.Be-
causeboth electrostaticand hydrophobicinteractionsare
wealer than the ordinary covalent bondsformed within
a molecule, several suchinteractions—typicallythree to
eight—arerequiredin orderfor 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 chaged atomsand/orhydrophobicgroupsat
the right locations. In otherwords, the binding siteson
the small moleculeand protein needto be complemen-
tary, muchasa key is to a lock—a commonanalogyin
drug design. Given a set of active molecules,a compu-
tational chemistmay searchfor conformersof the active
moleculeghat sharesomethree-dimensionadrrangement
of chagedatoms,suchas potentialhydrogendonorsand
acceptorsandhydrophobiogroups,suchassix-membered
carbonrings. This three-dimensionadubstructurés some-
timescalleda pharmacophore. Figurel shavs anexample
moleculewith a highlightedpharmacophoréhat allows it
to inhibit Angiotensin-ComertingEnzyme(ACE).

3D-QSAR approachedlirectly addressthe multiple 3D
conformersof molecules. Theseapproacheincludeboth
special-purposelgorithmsfor 3D-QSARandmechanisms
for applying machinelearning algorithmsto the multi-
ple 3D conformersof molecules. CoMFA and related
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Table1. An exampleof a 4-point pharmacophoréearnedby ALEPH for the domainof thermolysininhibitors. The left columnshavs
the rst-order logical clausein Prolognotation,while the right columnshavs the semantic®of eachliteral.

active(M):- Molecule M is actve if

conf(M, C), M hasaconformationC'

hacc(M, C, P1), C hasahydrogenacceptomtlocation P1
hacc(M, C, P2), C hasahydrogenacceptoiatlocation P2
hacc(M, C, P3), C hasahydrogenacceptomat location P3

pos _charge(M, C, P4), C hasapositively chagedgroupatlocation P4
dist(M, C, P1, P2, 4.60, 1.0), thedistancebetweenP1 and P2 is 4.60 + 1.0A
dist(M, C, P1, P3, 7.75, 1.0), thedistancebetweenP1 andP3is 7.75 + 1.0A
dist(M, C, P2, P3, 877, 1.0), thedistancebetweenP2 andP3is 8.77 + 1.0A
dist(M, C, P1, P4, 6.85 1.0), thedistancebetweenP1 andP4is6.85 + 1.0A
dist(M, C, P2, P4, 756, 1.0), thedistancebetweenP2 and P4 is 7.56 &= 1.0A
dist(M, C, P3, P4, 1.24, 1.0). thedistancebetweenP3 and P4 is 1.24 + 1.0A

approachesrely on careful feature construction based
on structural propertiesat grid points de ned on the
moleculessurface(for example,seeCrameret al. (1988)).
DISCO (Martin et al., 1993)usesa clique detectionalgo-
rithm (Brint & Willett, 1987)to predict pharmacophores
from the conformersof active molecules.The COMFASS
algorithm (Jain et al., 1994a; Jain et al., 1994b) selects
andalignsconformers—oneeractive molecule—andyen-
eratesa featurevector for eachmolecule,wherethe fea-
turesarethelengthsof rayspassinghroughthe molecule
at speci ed orientations. COMPASS then usesa neural
network to learneithera classi er or real-\aluedpredictor
of af nities; oncethe modelhasbeenlearned COMPASS
triesto improvethe t by revisiting the selectiorandalign-
mentof conformersanditeratesuntil corvergence.

Anotherapproacho predictingbinding af nities is based
onrelationallearning(Finnetal., 1998;Marchand-Geneste
et al., 2002), in particularinductive logic programming
(ILP). This ILP-basedframawvork startswith a rst-order
logical descriptionof eachmolecule. This descriptionde-
tails the locationsof eachatomandbondin the molecule.
Additionally, the backgroundknowledge containsrela-
tional description®f commongroupsof atoms.For exam-
ple, the backgroundknowledgecan specifythat a methyl
group consistsof a carbonatomboundto threehydrogen
atomswith singlebonds.A k-point pharmacophore in this
representatiois a rst-order clausethathask literals,each
describinga distinctchemicalgroup(suchasmethyl), and
'; “distance’literals. Eachdistancditeral storesthe Eu-
clideandistancebetweentwo chemicalgroups. Sincethe
distancesn ary two givenmoleculesareunlikely to be ex-
actlythesametheliteral includesatoleranceahatspeci es
how mucheachdistances allowedto vary. Giventhisrep-
resentationthe approachusesan ILP systemto hypothe-
sizepharmacophorethat causethe desiredinteractionbe-
tweenknown active moleculesandthetarget. ThelLP sys-
tem searchesver the spaceof clauseqpharmacophores)
usingan objectve function suchasthe following: ary k-
point pharmacophorehat appearssigni cantly more of-
ten in active moleculesthanin inactive onesis hypothe-

sizedto be aninteraction-causingharmacophorelable1
shavs an examplepharmacophoréearnedby an ILP sys-
tem,ALEPH?, for thedomainof thermolysininhibitors.

In orderto predictreal-valuedactivities, the ILP-basedap-
proachtreatslearnedclausesasbinary-valuedfeaturesand
generates binary (0/1) value dependingon whetherthat
moleculesatis esthe given clause(i.e., hasthe speci ed
pharmacophori any conformation).Of coursepsingthis
representatiortheinactive (or “lessactive”) moleculeswill
have featureghataremostlyzero,whichwill likely leadto
pooractvity estimatesThus,the ILP-basedapproactalso
learnsasetof featureghataremorefrequentin theinactve
moleculesthanin the actve molecules,and generatethe
correspondindeaturevectors. This proceduregenerates
singlefeaturevectorfor eachmolecule.Thisrepresentation
canthenbeusedto learnaregressiormodelusingstandard
linear regression(Marchand-Genestet 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 changesFirst, it usesthe
“ScoreAs You Use” methodto learnrulesdirectly judged
ashelpful to regression.Secondjt constructonefeature
vector per conformerratherthan one per molecule,andit
thenemplgys multiple-instanceegressiorto predictbind-
ing afnity . In the following sections,we describeeach
componenbf this approachn detail.

3.1.Scoring Candidate Ruleswith SAYU

In relationalapproaches 3D-QSAR,asdescribedabove,
anlILP systemgeneratesulesdescribingpharmacophores.
In prior work (Finn etal., 1998; Marchand-Genestet al.,
2002),this systemrunsto completion,anda subsebf the
rulesfoundareusedto build the model. This approactre-
liesonthellLP systems scoremetricto evaluaterule qual-
ity. Themostcommonmetricis coverage, whichis de ned

IALEPH is anlLP systemwritten by Ashwin Srinivasan.
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asthedifferencebetweerthenumberof active andinactive
moleculeghatsatisfyarule. The nal modelis built from
theruleswhich have the highestcoveragesThis approach
hasseveral drawbacks. First, runningto completionmay
take a long time. Secondthe rules may not be indepen-
dent,leadingto a modelwith dependenattributes. Third,
choosinghow mary rulesto includein the nal modelis a
dif cult tradeof betweercompletenesandover tting. Fi-
nally, the bestrulesaccordingto coveragemay not give us
themostaccurateactivity model.

Many of thesedrawbackscan be overcomeby interleas-
ing therule learningandmodelbuilding processesln our
work, we accomplishthis interleaving by extending the
SAYU approachDavis et al., 2005)to the MI regression
setting. In the SAYU approachwe startfrom an empty
model (or a prior model). Next, anILP systemgenerates
rules, eachof which represents new featureto be added
to the currentmodel. We thenevaluatethe generalization
ability of the model extendedwith the new feature. We
retainthe new modelif the additionof the new featureim-
provesthe model's generalizatiorability; otherwisewe re-
main with the original model. This resultsin a tight cou-
pling betweerfeatureconstructiorandmodelbuilding.

To apply SAYU to ourtask,we needanlLP systemto pro-

poserules.In ourwork, we useALEPH, whichimplements
theProgolalgorithm(Muggleton,1995)to learnrules. This

algorithminducesrulesin two steps. Initially, it selectsa
positive instanceto sene asthe “seed” example. It then
identi es all thefactsknown to be true aboutthe seedex-

ample.Thecombinatiorof thesefactsformstheexamples

most speci ¢ or saturatedclause. The key insight of the
Progolalgorithmis thatsomeof thesefactsexplain this ex-

amples classi cation. Thus,generalization®f thosefacts
couldapplyto otherexamples.ALEPH thereforeperformsa
generato speci ¢ searctoverthe setof rulesthatgeneral-
ize aseedexamplessaturatedlause.Thus,in ourapplica-
tion, ALEPH picksan“active” molecule,andgeneratepo-

tential k-point pharmacophoreom it. It continuesuntil

either nding apotentialpharmacophorthathashigh cov-

erageor the searchspaceis exhausted.In the latter case,
the searchrestartswith a differentseed.

SAYU modi es the standardaLEPH searchasfollows. In

contrastto ALEPH, SAYU allows ary example,positive or
negative, to be selectedas a seed,becausat is possible
for the generalizatiorof any exampleto improve the -

nal regressionmodel. Insteadof using coverage,ALEPH

passe®achclauseit constructgo SAYU, which corverts
theclauseto abinaryfeatureandaddsit to thecurrenttrain-
ing set. Next, SAYU learnsa modelincorporatingthe new
feature,andevaluateshe model(describedbelow). If the
modeldoesnotimprove, therule is notacceptedandcon-
trol returnsto ALEPH to constructhenext clause.If arule

is acceptedpr the searchspaceis exhausted SAYU ran-
domlyselectsaanew seedandre-initializesALEPH'ssearch.
Thus, we are not searchingfor the bestrule, but the rst
rule thatimprovesthe model. However, SAYU allows the
sameseedto be selectednultiple timesduring the search.
Sincethe searchspaces extremelylarge, it is impractical
to searcht exhaustiely. Further this mayleadto over t-
ting. Therefore,asin prior work (Davis et al., 2005),we
terminatethe searchaftera certainamountof time.

In orderto decidewhetherto retaina candidatdeaturef ,
we needto estimatehe generalizatiorability of themodel
with andwithout the new feature.In our work, we do this
by estimatinghetest-set 2 of eachmodel,de ned as:

P w2
:(Y: ali)z; @)

wherei rangesover testexamples,Y; denoteghetruere-
sponseof the i testexample, p; denotesthe predicted
responsef thei" testexampleusing our model, and a;
denoteghe averageresponsen the training set. Thus,r 2
measuretheimprovemenin squarecerrorobtainecby us-
ing our modeloverabaselineconstanprediction.Obsere
thatif pp = &, r? = 0, andif p; = Y;, r2 = 1. Thus,a
highertest-set 2 indicatesa modelwith bettergeneraliza-
tion ability. Notethoughthatunlike ordinaryr 2, it is possi-
blefor test-set ? 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 make predictions
ontheheld-outdata.At theendof this procedureywe have
a setof predictionsfor eachheld-outfold. We thenpool
thesepredictionsacrossall folds andcalculatethe test-set
r2 metric for the model containingf over the full setof
predictions.To decidewhetherto retainthe candidatefea-
ture, we stipulatethat the test-setr 2 of the modelwith f
mustimprove over the modelwithoutf by a certainfrac-
tion, p. We call p theimprovementthreshold. While such
cross-alidationis computationallyexpensve, we have ob-
senedthatit signi cantly improvesthe quality of thefea-
turesaddedto our modelsand reducesover tting to the
trainingset. Further sinceweimposeanexternaltime con-
strainton SAYU asdescribedn the previous paragraph,
this proceduredoesnot slow down our empirical evalua-
tion. After a setof featureshave beenselectedusingthe
cross-alidationprocedurewe learnthe nal model,which
incorporatesall selectedeaturesusingthe entiretraining
set. We usethis modelto make predictionson unseerex-
amples. This procedurepreventsfeaturesthat do not help

Test-set? = 1

2A more principled solution might be to usea statisticalhy-
pothesigestbetweerestimatesf the test-set-> measuresf the
two models.We have tried this; hawever, sincewe generallyhave
very smallsamplesn our experimentswe did not obtainconsis-
tentresultswith this approach.
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predictactiity from beingaddedto the regressionmodel.
However, notethatit mayaddfeatureswvhich help explain
low activity. Suchfeatureswill beassociateavith negative
coefcients in theregressiormodel.

3.2.Predicting Activity with Ml Regression

In this section,we presentour multiple-instanceregres-
sionmodelthatwe useto predicttheactivity of molecules.
Thesearethe modelsthatthe SAYU procedureconstructs
whenevaluatingcandidatdeatures.

Therelationallearningprocedurelescribedn Section? re-
sultsin asinglefeaturevectordescribingeachmolecule.In
prior work (Marchand-Genestetal., 2002),thesefeatures
have beenusedasinputsto a linear regressionprocedure
to predictactiity. Linearregressioron thesefeatureswill
be effective in predictingactiity 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 someavhat unsatiséctory as
we treat moleculeswhereall pharmacophorematchthe
sameconformation(sland moleculesvhereeachpharma-
cophoresmatchesa differentconformationin exactly the
sameway. Chemically actity is likely to be a function
of speci ¢ conformation(spf the molecule andthis infor-
mationhasbeenlost. To capturethis knowledge,we use
amultiple-instance representatio(Dietterichetal., 1997).
In Ml learning, examplesare representedising multisets
of featurevectorsinsteadof singlefeaturevectors.In Ml
terminology eachexampleis a bag of instances. Eachbag
is associatedvith a classlabel in a classi cation setting
or areal-valuedresponsén aregressiorsetting.Giventhis
representationll algorithmscanlearnmodelsthatpredict
theclasslabelor respons®f novel bags.

To generatean MI representatiofor thedrugactiity pre-
diction problem,we apply the proposedclauseqpharma-
cophores)to each conformation of eachmolecule sepa-
rately In thiscasea0/1 valuerepresentshetheraspecific

conformation hasthe given pharmacophoréclause). This
createsan Ml representationyhereeachmoleculeis rep-
resentedy a bagof featurevectors,oneperconformation,
andthe bagis labeledwith the activity of the molecule.
Given this representationwe use a multiple-instancere-
gressionalgorithmto learnlinear models. The taskunder
considerations de ned asfollows. We aregiven a setof

n bags. Thei™ bagconsistsof m; instancesanda real-
valuedresponsey;. Instancej of bagi is describedby

a real-valuedattribute vector X; of dimensiond. In the
drug designexample,eachbagis a molecule,andeachin-

stanceaconformatiorof themoleculerepresentetly afea-
ture vector An iterative algorithmwas presentedn prior

work (Ray & Page,2001)to learna linear modelB under
theassumptiorthatthereis someprimary instancein each

bagwhich s responsibldor thereal-valuedlabel:

X
B=argmin (v Xp b)%
i=1

)

whereX, is thefeaturevectordescribingthe primary in-
stanceof bagi, andy; is theresponsef bagi. Thealgo-
rithm presentedn prior work iteratesbetweenestimating
the primary instancein eachbag and solving the result-
ing linear regressionproblemuntil corvergence. Recent
work (Srinivasanet al., 2006) has usedthis approachto

modeldrugactiity, but hashadlimited empiricalsuccess.

Our approachextendsthis formulationto be morespeci ¢
to actiity predictionin the following way. Insteadof as-
sumingthata single,primary conformeris responsibldor
theactiity of themolecule we assumehatthemolecules
activity is a nonlinear weighted average of the actiities
of its conformers. Biologically, eachconformercancon-
tribute to activity, but the contribution of a conformerdies
off exponentiallywith goodnes®f t betweenconformer
andtarget. Thus,typically, the activity of a moleculewill
be dominatedoy its mostactive conformers.To modelthis
scenariowe usea softmax function,denotedoy S below:
P xjeX
S (x1;:i;xp) = P 'ex —:
1<i<n

®)

The input to this functionis the predictedactuities of the
conformationof ary molecule. The outputis a weighted
averageof the predictedactiities, with the averagebeing
dominatedby the mostactive conformation(s).As the pa-
rameter isincreasedthe outputapproximateshehighest
activity moreclosely The softmaxfunctionhasbeenused
in prior work on Ml classi cationaswell (Maron, 1998).
Thus, it is a suitablechoiceboth from the biological and
the Ml perspecties. Further notethatthe functionis dif-
ferentiablewith respectto its inputs. This lets us usea
gradient-basedptimizationprocedureo solve for thebest
linearmodelB asfollows:

B = argminy, P 1 Xim, b))?
+ Jibii*:

Here,y; representtheactiity of thei™ molecule andthe
predictedactivity of conformationj of moleculei is de-
ned by thelinearfunctionXj b. Thus,the rst partof
this objective speci esthatwe aresearchingor thelinear
modelsuchthatthetotal error betweerthe weightedaver-
ageof thepredictecconformatioractiitiesandtheknown
molecularactiities is minimized. The secondpart of the
objective is a regularizationfactor proportionalto jjbjj2.
Incorporatingsucha factoris known to reduceover tting
to the training data,andthusimprove generalizatiorabil-
ity (Vapnik, 1999). We expectour approachto be more

(4)
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accuratehanstandardegressionif (i) the actiity of ary

conformation is a linearfunction of the pharmacophoreis

has,and(ii) theactvity of any moleculeis (approximately)
an exponentiallyweightedaverageof the actuities of its

individual conformers.

The objectve functionin Equation4 is nonlinearandnon-
corvex; hence standardgradient-basedptimizationalgo-
rithms aresusceptibléo local minima. To reducethe pos-
sibility of being misled by local minima, we emplgy the
techniqueof randomrestarts:whenlearninga model, the
optimizationalgorithmis restartedseveraltimesfrom dif-
ferent,randomlychoserstartingpointsandallowedto run
to completion.The nal solutionreturneds theoneresult-
ing in thelowestobjective functionvalue.

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

4. Empirical Evaluation

In this section,we evaluate our approachon threereal-
world actiity prediction tasks: thermolysin inhibitors,
dopamineagonistsand thrombin inhibitors. We rst de-
scribethe domainsand characteristicof the datasetave
useandthenpresentinddiscussour experimentakesults.

Tasks. The thermolysininhibitors datasetwe useis de-
scribedin previouswork (Marchand-Genestet al., 2002).
Thermolysinbelonggo thefamily of metalloproteasesnd
playsrolesin physiologicalprocessesuchasdigestionand
blood pressureregulation. The moleculesin our dataset
are known inhibitors of thermolysin. Activity for these
moleculess measuredn pK; = logK;, whereK; isa
dissociatiorconstanimeasuringheratio of the concentra-
tions of boundproductto unboundconstituents A higher
valueindicatesa strongeraf nity for binding. The dataset
we usehasthe 10 lowestenegy conformationgas com-
putedby the syBYL software packaggwww.tripos.com))
for eachof 31thermolysininhibitorsalongwith theiractiv-
ity levels. The relationalbackgroundknowledgewe have
for this datawasobtainedfrom David EnotandRossKing
andis similar (but notidentical)to the backgroundnowl-
edge usedin previous work (Marchand-Genestet al.,
2002). This backgroundknowledgede nes 26 chemical
groupsthatcanbeusedto de ne apharmacophore.

The seconddatasetve useconsistsof dopamineagonists
(Martin et al., 1993). Dopamineworks as a neurotrans-
mitter in the brain, whereit playsa major role in move-
mentcontrol. Dopamineagonistsaremoleculeshatfunc-
tion like dopamineandproducedopamine-lile effectsand
can potentially be usedto treat diseasesuchas Parkin-
son'sdiseaseThedatasetve usehas23 dopamineagonists
alongwith their actvity levels. For this datasetthe num-

ber of conformationgfor eachmoleculerangesfrom 5 to
50. The backgroundknowledgewe have for this dataset
is more limited thanin the previous dataset- we know
aboutfour groups: hydrogendonors,hydrogenacceptors,
hydrophobesindbasicnitrogengroups.

The nal datasetwe use consistsof thrombin inhibitors
(Chenget al., 2002). Thrombinworks as a blood coagu-
lant andthusits inhibitors canbe usedasanti-coagulants.
Thedatasetonsistof 41 thrombininhibitorsandtheir ac-
tivity levels. Eachmoleculehasbetweer and334confor
mations.The backgroundcknowledgefor this taskincludes
informationaboutsix differenttypesof chemicalgroups.

Experiments. In our experimentswe testthreehypothe-
ses. First, we hypothesizethat the SAYU procedurere-
sultsin featuresthat are bettersuitedto regressionthana
featureconstructioncriterion basedon coverage,as stan-
dard ALEPH uses. Second,we hypothesizethat the Ml

regressiormprocedureesultsin moreaccurateactiity pre-
dictionsthanstandardinearregression.Third, we hypoth-
esizethat the combinedMIR-SAYU procedurewill yield
moreaccuratepredictionghaneitherextensionby itself.

To testour hypotheseswe usefour baselinesalong with
our algorithm.Theseareasfollows:

1. Constant Thisalgorithmsimply predictstheaverage
activity of all moleculesin the training setasthe ac-
tivity for every novel molecule.

2. LR-ALEPH : This algorithm is the relational ap-
proachdescribedin Section2 andis similar to the
framavork of Marchand-Genestt al. (2002).It uses
ALEPH to constructsetof clausedasedn coverage.
A singlefeaturevectoris generatedor eachmolecule
from theseclauses.A modelis learnedusinglinear
regressioronthesefeaturesFor novelmoleculesfea-
ture vectorsaregeneratedisingthe sameclausesand
thelearnedinearmodelis usedto predictactivity.

3. MIR-ALEPH : Thisalgorithmlearnsa Ml regression
modelandusest to predictactiity, but useshe stan-
dardALEPH to construcfeaturesasecbn coverage.

4. LR-SAYU: This algorithmlearnsa linear regression
model and usesit to predict actiity, but usesthe
SAYU procedurdo selectfeaturedor themodel.

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

In prior work (Marchand-Genestet al., 2002), relational
approachehave beencomparedio otheractiity predic-
tion methodssuchasCoMFA (outlinedin Section2), and
foundto be competitve. Thereforewe restrictour current
evaluationto thealgorithmsmentionedabove.
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Table2. Rootmeansquareckerrorsfor differentmethodson drug activity datasetsValuesin bold indicatebestresultson eachdataset.
LR refersto linearregressionMIR to multiple-instanceegressionandSAYU to the“ScoreAs You Use” rule selectionprocedure.

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 experimentsALEPH searchesver 4-point pharma-
cophoresasin priorwork (Marchand-Genesetal.,2002).
For SAYU, we setthe numberof internalcrossvalidation
folds,n, to be5 andther? improvementhresholdp, 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 setto 3 and
the regularizationfactor to 1. Theseparametewalues
seemedeasonablaftersomeinitial exploration;they have
not beentunedto thesetasks. To optimize our objective
functions,we usethe L-BFGS algorithm (Fletcher 1980).
To evaluatethe algorithms, we use leave-one-molecule-
out crossvalidation. For eachdatasetwe hold out one
moleculein turn asthetestmoleculeandlearna modelus-
ing the remainingmolecules.We thenpredictthe actiity
of the held-outmoleculeusingthe learnedmodel. We re-
port the root-mean-square(RMS) errorsaveragedacross
theheld-outmoleculesn Table2.

From the table, we obsenre that for all threetasks,the

methodsusing SAYU outperformthe methodsthat do not

useSAYU by awide mamgin. In fact, we obsene that for

boththedopamineandthrombindatasets,.R-ALEPH and

MIR-ALEPH bothexhibit worseRMSE thanthe Constant
model. This indicatesthat the coveragemeasureusedby

ALEPH to inducefeaturedn thesedomainsdoesnot result
in featureswhich areableto generalizewell to predicting
thereal-valuedactiity thatwe areultimatelyinterestedn.

From theseresults,we concludethat interleaving feature
constructionand model building using the SAYU proce-
dure resultsin featuresthat are betterable to generalize
to predictingactiity thanfeatureggeneratedy coverage-
basedneasuressuchasusedby standardhLEPH.

Comparingthe two approachesisingMI regressiorto the
the onesusing linear regression we obsere thatin gen-
eral,theMI approachesutperformtheir counterpartsThe
only exceptionis in the caseof dopamine,where MIR-

ALEPH is slightly worsethan LR-ALEPH. However, we
believe this is likely becausethe featuresgeneratedoy

ALEPH are not usefulin predictingactiity for this case,
makingarny comparisorbetweenthelinearregressionand
MI regressiondif cult. Apart from this case ,we obsere
that MIR-ALEPH is moreaccurate¢hanLR-ALEPH, and
MIR-SAYU is moreaccurateahanLR-SAYU. Fromthese
results,we concludethat incorporatingknowledge about
individual conformationaisingMI regressiorgenerallyre-

sultsin moreaccuratepredictionmodelsthanusinglinear
regressioron a singlefeaturevectorfor eachmolecule.

Finally, we obsere that the combinedapproachwe have
presentedh thiswork, MIR-SAYU, isthemostaccuraten
all of our 3D-QSARtasks. It is moreaccuratehaneither
MIR-ALEPH, which usesMI regressionmodelsbut does
not useSAYU, or LR-SAYU, which usesSAYU, but not
MI regressiomrmodels.Fromtheseesultswe concludehat
combiningthe two extensionsve have presentedesultsin
moreaccuratanodelsthaneitherextensionby itself.

SAYU has beenshawn to consistentlyproducesimpler
modelsthan ALEPH (Davis et al., 2005). An interesting
guestiorto askis whetherMI regressioryieldsmorecom-
plex modelsthanlinear regressionthatis, whetherMIR-
SAYU learnsmore complex modelsthan LR-SAYU (the
guestionmakes senseonly in the context of SAYU, be-
causeLR-ALEPH and MIR-ALEPH usethe sameset of
featuresby design). While we did not enforceary con-
straintonthetotal numberof featuresaddedo eachmodel,
we obsenedthattheseapproachessedapproximatelythe
samenumbersof featuresin our experiments. This indi-
catesMIR-SAYU obtainsits improvementover LR-SAYU
by selectingmore informative featuregpharmacophores),
ratherthansimply by usingmorefeatures.

Another interesting questionto ask is if the pharma-
cophoresusedby our MIR-SAYU modelsto predictactiv-
ity have ary biologicalinterpretation.In fact,we obsened
thatfor dopamine the rulesusedby MIR-SAYU on most
of the folds agreewith the generalpharmacophorenodel
in the literature (McGaughg & Mewshav, 1999). They
eachhave the key basicnitrogen, hydrogenacceptorand
hydrophobicgroup of the model. Sincewe speci ed that
all rulesmustencoddour-pointpharmacophoregherules
all containeceitheranadditionalhydrophobiayroupor hy-
drogenacceptor;most containedthe addedhydrophobe.
The one exceptionis a learnedpharmacophoré¢hat had
an extra hydrophobein the position where the basic ni-
trogen should be; this featurehad a substantialnegative
coefcient in the regressionmodel. For thermolysin,the
known pharmacophorenodelhasseveninteractionpoints,
althoughall sevenpointsarenotrequiredfor binding. As a
result,on everyfold of cross-alidationmultiple ruleswere
learnedcapturingdifferentfour-pointsubset®f the seven-
point pharmacophore A combinationof suchfour-point
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pharmacophoreactuallymakesit possibleto achieve bet-
ter predictionof activity thanwould be donewith a single
se/en-pointpharmacophoreyecausalifferentcoefcients

canbe attachedo eachof thefour-point pharmacophores.

Finally, thrombinis a particularlyinterestingchallengebe-
causeno pharmacophorenodel hasbeenwidely agreed
uponor validated. Our modelsare lessconsistentacross
foldsthanfor theothertasks but againourapproactshowvs
improved predictive performance Thus,we concludethat
our approachs ableto learn modelsthat predictdrug ac-

tivity in termsof biologically meaningfulpharmacophores.

We expectthatthis propertywill provehelpfulin analyzing
theproducedactivity models.

5. Conclusion

We have presentedIR-SAYU, a novel machinelearning
approachHor 3D-QSAR.Our approachextendsprior work
in two ways. First, we useSAYU to constructandselect
rulesthatde ne featuresyesultingin a tight couplingbe-
tweenfeatureconstructionand modelbuilding. This per
mits us to, at any time, learnthe rule that mostimproves
our predictionof real-valuedactiity. Secondwe useMl
regressionfor model building. This allows us to sepa-
rate out the featuresthat are true of each3D conformer
of amolecule.In our experimentson threereal-world 3D-
QSARtasks we obseredthateachextensionby itself im-
provedthe accurag of our predictions. Further our pro-
posedapproach,which usesboth extensions,resultedin
the mostaccuratepredictions. We also obsenred that our
approachs ableto discover biologically relevantpharma-
cophoresvhenpredictingactiity. In futurework, we plan
to explore more complex modelsof actiity prediction,as
well as feature constructionprocedureghat searchover
morecomple rule spaces.
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