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ABSTRACT

This dissertationdevelopsandevaluatesstatisticalrelationallearning(SRL) algorithmsthat can

automaticallyaltertheschemaof adatabaseby learningnew �eld andtablede�nitions. Thealgo-

rithmic advancesmadein thisdissertationaremotivatedby importantproblemssuchasproviding

decisionsupportsystemfor radiologistswho readmammograms,predictingthree-dimensional

QuantitativeStructure-Activity Relationshipsfor drugdesign,andperformingentity resolution—

the taskof recognizingwhentwo molecules,patients,biological pathways,etc.areactuallythe

same.

Thisdissertationintroducesview learning,theability toautomaticallyaltertheschemaof adatabase

throughtheadditionof new �elds or tables,for SRL,andpresentstwo algorithmsfor augmenting

the schemaof a databaseby addingnew �elds. It thenextendsview learningby developingan

algorithmfor performingpredicateinvention.Wedemonstratetheutility of view learningfor SRL

in two ways. First, it learnssigni�cantly moreaccuratemodelson a wide variety of domains.

Second,it uncoversimportantandusefulknowledgein thesedomains.For example,it identi�ed a

novel featurefrom amammographyreportthatis indicativeof malignancy.

Motivatedby the precedingwork, the last part of the dissertationinvestigatesthe relationship

betweenreceiver operatorcharacteristic(ROC) spaceand precision-recall(PR) space. Among

othercontributions,thispartprovesthatfor a �x ednumberof positiveandnegativeexamples,one

curve dominatesanothercurve in ROC spaceif andonly if the �rst curve dominatesthe second

curve in PRspace.This resultimpliestheexistenceof ananalogto theconvex hull for PRspace,

which we call theachievablePRcurve,andit providesanef�cient algorithmfor constructingthe

achievablecurve.
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Chapter 1

Intr oduction

Applicationsfrom other�elds oftendrive advancesin machinelearninganddatamining. Bi-

ologyandmedicinehaveservedasa readysourceof novel, interesting,challengingandimportant

problemsto drive innovation in machinelearninganddatamining. The advent andprevalence

of high-throughputtechniques,suchasgene-expressionmicroarrays,single-nucleotidepolymor-

phism(SNP)chipsandhigh-throughputscreeningof moleculesfor biologicalactivity, havegreatly

increasedthequantityof biologicaldataavailable. Furthermore,thesetechnologieshave allowed

peopleto collectdatafor thesamephenomenafrom multiple sources.Themostnaturalplaceto

storethis burgeoningcollectionof diversedatais in relationaldatabaseswith multiple tables,one

for eachdatatype.

Biomedicaldatapresentsmany challengesfor datamining and machinelearningresearch.

Complex structureddata, such as patient clinical historiesor the structuresof potential drug

molecules,representoneobstacle. Suchdataaremost naturallystoredin a relationaldatabase

with multiple relationaltables,whereasmostmachinelearninganddata-analysisalgorithmsas-

sumethe dataarestoredin a singletable. Additionally, even whendataresidein a singletable,

datain differentrowsof thetablemayberelated,ratherthanindependentasassumedby mostdata

analysisandmachinelearningalgorithms.

For aconcreteexample,considertheproblemof breastcancerdiagnosis.Signi�cant dataabout

patientscanbecapturedin a table,suchasFigure1.1, thatcontainsinformationaboutabnormal-

ities in patientsfrom mammographyreports. Eachrow in Figure1.1 representsan abnormality

on a mammogram.Bayesiannetworksareprobabilisticgraphicalmodelsthathave beenapplied

to the taskof breastcancerdiagnosisfrom mammographydata. However, whenattemptingto
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label a given abnormalityasbenignor malignant,a Bayesiannetwork canonly incorporatein-

formationaboutthatspeci�c abnormality. However, a radiologistmight includedataaboutother

abnormalitieson thesamemammogramor prior abnormalitiesfor thesamepatient(e.g. patient

P1in Figure1.1) in thedecisionprocess.

Anothercomplexity is entity-resolution—theneedto recognizewhentwo molecules,patients,

biologicalpathways,etc.areactuallythesame.This researchfocuseson thechallengesraisedby

concrete,signi�cant tasksin theanalysisof biologicalandmedicaldata.Furthermore,theseissues

exist in many otherdatatypes;for example,entity resolutionalsoappearsasaliasdetectionwithin

intelligenceanalysis(Davis et al., 2005c), recordde-duplicationwithin databasesand citation

matchingwithin documentanalysis(Davis etal., 2007c).

 1                      P1          5/02      Oval               2mm            RU4         Benign 

 2                      P2          5/04     Round             4mm            RU4         Malignant 

 3                      P3          5/04      Oval               1mm            LL3          Benign 

 …                    …           …         …                    …                …              …

Abnormality   Patient    Date      Mass    …   Mass Size     Location       Benign 
                                                   Shape                                                   Malignant 

Figure1.1 An ExampleDatasetfor DiagnosingBreastCancerfrom aMammographyReport

Thegoalof thisdissertationis to upgradestandardlearningalgorithmsto handlesuchinterde-

pendencies,which arecommonin biomedicaldomains.This work falls in the areaof statistical

relationallearning(SRL).SRLadvancesbeyondBayesiannetwork learningandrelatedtechniques

by handlingdomainswith multiple tables,by representingrelationshipsbetweendifferentrowsof

thesametable,andby integratingdatafrom severaldistinctdatabases.Thesealgorithmsarepar-

ticularly adeptat integratingmultiple datasourcesinto onecohesivemodel.Currently, SRL tech-

niquescanlearnjoint probabilitydistributionsoverthe�elds of arelationaldatabasewith multiple

tables.Nevertheless,SRLtechniquesareconstrainedto useonly thetablesand�elds alreadyin the
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database,without modi�cation. In contrast,many humanusersof relationaldatabases�nd it ben-

e�cial to de�ne alternativeviewsof adatabase—further�elds or tablesthatcanbecomputedfrom

existing ones.For example,a humanusermight de�ne a view statingthatan increasein thesize

of theabnormalityata locationsinceanearliermammogrammaybeindicativeof amalignancy.

This dissertationwill presenta seriesof algorithms,which augmentSRL by addingtheability

to learnnew �elds andtables. In databaseterminology, thesenew �elds andtablesconstitutea

learnedview of thedatabase.Theendresultis astate-of-the-artSRLframework thatautomatically

de�nes new views of the data. The framework is broadly applicableto clinical andbiological

problemsandthisdissertationshowsthatit increasestheaccuracy of thelearnedmodels.

1.1 Contrib utions

Two commonthemesconnectmostof thework donefor thisdissertation.The�rst is anempha-

sison biologicalandmedicalapplications.Thesecondis theuseof inductive logic programming

(ILP) techniquesto learnview de�nitions. The contributionsmadein this thesiscanbe roughly

dividedinto four parts.The�rst partevaluatesdifferentmethodsfor convertinghypothesesof rules

into aclassi�er. Thesecondpartintroducesview learningfor SRLandpresentstwo algorithmsfor

augmentingtheschemaof a databaseby addingnew �elds. Thethird partextendsview learning

by developinganalgorithmfor performingpredicateinvention.Motivatedby theprecedingwork,

the fourth part investigatestherelationshipbetweenreceiver operatorcharacteristic(ROC) space

andprecision-recall(PR)space.

The�rst section,consistingof Chapter3, evaluatesdifferentapproachesfor convertinganILP

learnedhypothesisinto aclassi�er.

� We proposeusingILP algorithmsfor determiningidentity equivalence,otherwiseknown as

aliasdetection,in intelligenceanalysis.A centraladvantageof usingILP for this taskis that

it producesunderstandableresults.

� We demonstratethat the traditionalILP approachof constructinga decisionlist to convert

thelearnedhypothesisinto aclassi�er maximizesthenumberof falsepositives.
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� Wepresentasimpleapproachto decreasethenumberof falsepositivesby representingeach

learnedrule asanattribute in a Bayesiannetwork. Empirically, this methodyields signi�-

cantlymoreaccuratemodelsthanusingunweightedvoting, which is a simpleextensionof

thedecisionlist approach.

Thesecondsection,outlinedin Chapters4,5 and6, presentsalgorithmsfor learningviewsthat

augmentadatabaseschemathroughtheintroductionof new �elds.

� We introducetheproblemof classifyinganabnormalityonamammogramasbenignor ma-

lignantasaninterestingproblemfor SRL.Weusethisapplicationto illustrateashortcoming

of currentSRL algorithms: their inability to alter the schemadatabase.We proposeview

learningto addressthisweakness.

� We proposea multi-stepframework for learningviews. The �rst stepinvolvesusing an

ILP algorithmto constructa largesetof relationalfeatures.Thesecondstepselectswhich

relationalfeaturesto includein themodel.The�nal stepbuilds astatisticalmodel.

� We proposea methodfor generatingviews, basedon the ideaof constructingtheclassi�er

aswe learn the rules (Davis et al., 2005a).This methodology, calledScore AsYou Useor

SAYU, interleavesfeatureinvention,featureselectionandmodelconstruction.

� WeempiricallydemonstratethatSAYU leadsto signi�cantly moreaccuratemodelsthanthe

multi-stepmethodologyfor classi�cationtasks.

� We presenttheMIR-SAYU systemfor drugactivity prediction.We evaluatethis algorithm

onreal-world datasetsanddemonstratethatMIR-SAYU resultsin moreaccuratepredictions

thanacurrentstate-of-the-artalgorithmfor thistask.Wealso�nd thatMIR-SAYU discovers

biologically relevantfeatures.

The third section,consistingof Chapter7, extendsview learningby addingthe capabilityto

inventnew relationaltables.
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� WepresenttheSAYU-VISTA algorithmwhichaddstwo importantextensions.First,it learns

predicatesthatcapturemany-to-many relationsandrequireanew tableto represent.Second,

it constructspredicatesthatoperateon differenttypesthanthetargetconcept.

� We empiricallydemonstratethis leadsto moreaccuratemodelsthantheSAYU algorithm.

Furthermore,we demonstratethat it achievesbetterperformancethanMarkov Logic Net-

works(MLNs), anotherleadingSRL framework.

Finally, working on problemsthat containa large skew in the classdistribution led us to use

precision-recall(PR)curvesasanevaluationmetric. Thinking aboutPRcurvesled to sometheo-

retical insightsabouttheir relationshipto receiver operatorcharacter(ROC) curves. This chapter

makesfour substantialcontributions:

� A proof that for a �x ed numberof positive and negative examples,onecurve dominates

anothercurve in ROC spaceif andonly if the �rst curve dominatesthesecondcurve in PR

space.

� Thereexists an analogto the convex hull for PR space,which we call the achievablePR

curve. We giveanef�cient algorithmfor constructingtheachievablecurve.

� A justi�cation for the fact that linearly interpolatingbetweenpoints in PR spaceis not

achievable,in general.An algorithmis given for performingthe correctinterpolationbe-

tweenpointsin PRspace.

� Optimizingtheareaunderthecurve (AUC) in onespacedoesnot optimizetheAUC in the

otherspace.

1.2 ThesisStatement

Weproposeandevaluatestatisticalrelationallearningalgorithmsthatde�ne new viewsof data.

We hypothesizethatstatisticalrelationallearningalgorithmscanbene�t from theability to de�ne

new viewsof adatabase.Learningalgorithmsthataltertheschemaof thedatabaseby addingnew

�elds andtableswill resultin moreaccuratemodels.
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Chapter 2

Background

This dissertationdraws on threeareasof machinelearning: probabilisticmodels(namely

Bayesiannetworks), inductive logic programming(ILP) and statisticalrelationallearning. We

will givebackgroundinformationabouttheseareasthatwill beusedin therestof thedissertation.

At theendof thesection,wewill giveabrief overview of evaluationmethodsfor machinelearning.

2.1 BayesianNetworks

Bayesiannetworks (Pearl,1988)areprobabilisticgraphicalmodelsthatencodea joint prob-

ability distribution over a setof randomvariables.A Bayesiannetwork compactlyrepresentsthe

joint probabilitydistributionoverasetof randomvariablesby exploiting conditionalindependen-

ciesbetweenvariables(attributes).Figure2.1showsasimpleBayesiannetwork.

Benign v.
Malignant

Calc Fine
Linear

Mass
Size

0.010.99

MalignantBenign

0.450.99CFL

Absent

0.550.01CFL

Present

MalignantBenign

0.580.67Size �” 5

0.420.33Size > 5

MalignantBenign

Figure2.1 A SampleBayesianNetwork



7

We will useuppercaseletters(e.g. A) to refer to a randomvariableand lower caseletters

(e.g.a) to referto a speci�c valuefor thatrandomvariable.Givena setof randomvariablesX =

f X 1; : : : ; X ng, aBayesiannetworkB = hG; � i is de�nedasfollows. G is adirected,acyclic graph

thatcontainsanodefor eachvariableX i 2 X . For eachvariable(node)in thegraph,theBayesian

network hasa conditionalprobability table� X i jP ar ents (X i ) giving theprobabilitydistribution over

thevaluesthatvariablecantake for eachpossiblesettingof its parents,and� = f � X 1 ; : : : ; � X n g.

A Bayesiannetwork B encodesthefollowing probabilitydistribution:

PB (X 1; : : : X n ) =
i = nY

i =1

P(X i jParents(X i )) (2.1)

Two learningproblemsexist for Bayesiannetworks. The �rst learningtaskinvolveslearning

theparameters� .

� Given:DatasetD (containsvariablesX i ; : : : ; X n ), Network structureG

� Learn:� X i jP ar ents (X i ) for eachnodein thenetwork

Onecommonapproachto learningparametersis computingmaximumlikelihoodestimates(Fried-

manet al., 1997). The ELR algorithm(Greiner& Zhou, 2002)providesa mechanismfor dis-

criminative training of parameters.Anotherapproach,usedin this dissertation,is to usea prior

probability in conjunctionwith the maximumlikelihoodestimate.This is alsoknown asan m-

estimate(Mitchell, 1997).GivenadatasetD, P(X = x) is givenby thefollowing formula:

P(X = x) =
x̂ + m � px

n + m
(2.2)

In thisequation:

� x̂ is thenumberof timesthatX = x in D.

� px is theprior probabilityof X = x.

� m is thetermallows usto weighttherelative importanceof theprior distributionversusthe

empiricalcounts.
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Onecommonapproachto settingpx andm is known astheLaplacecorrection.Thissetspx = 1=k

andm = k, wherek equalsthenumberof distinctsettingsfor X .

The secondlearningtasksubsumesthe �rst task,and involveslearningthe parameters� as

well asthenetwork structureG.

� Given:DatasetD (containsvariablesX i ; : : : ; X n )

� Learn:Network structureG and� X i jP ar ents (X i ) for eachnodein thenetwork

PopularstructurelearningalgorithmsincludeK2 (Cooper& Herskovits, 1992),BNC (Grossman

& Domingos,2004),treeaugmentednä�veBayes(Friedmanetal.,1997)andtheSparseCandidate

algorithm(Friedmanetal., 1999b).

Thisdissertationusesexistingtechniquesfor constructingBayesiannetworksfor classi�cation.

This work primarily makesuseof two typesof models: nä�ve Bayesandtreeaugmentednä�ve

Bayes(TAN). For this discussion,assumewe have a setof attributesA1; : : : ; An , a classvariable

C andadatasetD.

Feature 2 Feature N-2 Feature N-1Feature 3

Class
Attribute

…

Feature 1 Feature N

Figure2.2 A SampleNä�veBayesNetwork

The nä�ve Bayesmodel, illustrated in Figure 2.2, is a very simple model that involves no

learningto determinethenetwork structure.Eachattributehasexactly oneparent:theclassnode.

For nä�ve Bayes,only the �rst learningtaskneedsto beaddressed.Thedrawbackto usingnä�ve

Bayesis that it assumesthateachattributeis independentof all otherattributesgiventhevalueof

theclassvariable.
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A TAN model, illustratedin Figure2.3, retainsthe basicstructureof nä�ve Bayes,but also

permitseachattributeto haveatmostoneotherparent.Thisallows themodelto capturea limited

setof dependenciesbetweenattributes.To decidewhicharcsto includein theaugmentednetwork,

thealgorithm(Friedmanetal., 1997)doesthefollowing:

1. Constructa completegraphGA , betweenall non-classattributesA i . Weight eachedge

betweeni andj with theconditionalmutualinformation,CI (A i ; A j jC).

2. Find a maximumweightspanningtreeT overGA . ConvertT into a directedgraphB. This

is doneby pickinganodeandmakingall edgesoutgoingfrom it.

3. Add anarcin B connectingC to eachattributeA i .

In step1, CI representstheconditionalmutualinformation,which is givenby in thefollowing

equation:

CI (A i ; A j jC) =
A iX

ai

A jX

aj

CX

c

P(ai ; aj ; c)log
P(ai ; aj jc)

P(ai jc)P(aj jc)
(2.3)

This algorithmfor constructinga TAN modelhastwo nice theoreticalproperties(Friedman

et al., 1997). First, it �nds the TAN model that maximizesthe log likelihood of the network

structuregiventhedata.Second,it �nds thismodelin polynomialtime.

Feature 2 Feature N-2 Feature N-1Feature 3

Class
Attribute

…

Feature 1 Feature N

Figure2.3 A SampleTAN BayesNetwork
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2.2 Inducti veLogic Programming

Inductive logic programming(ILP) is a framework for learningrelationaldescriptions(Lavra�c

& D�zeroski,2001). This paragraphprovides a brief overview of �rst-order logic. For a more

comprehensive overview of �rst-order logic andhow it relatesto logic programming,pleasesee

JohnLloyd's (1984)book.First-orderlogic reliesonanalphabetconsistingof countablesetsof:

� Predicatesymbolsp=n, wheren refersto thearity of thepredicateandn � 0.

� Functionsymbolsf =n , wheren refersto thearity of thefunctionandn � 0.

� Variables.

A term is a variableor a function f (t1; : : : ; tn ), wheref hasarity n andt1; : : : ; tn areterms. If

p=n is predicatewith arity n andt1; : : : ; tn areterms,thenp(t1; : : : ; tn ) is anatomicformula. A

literal is anatomicformulaor its negation.A clauseis a disjunctionovera �nite setof literals.A

de�nite clauseis a clausethatcontainsexactly onepositive literal. A de�nite programis a �nite

setof de�nite clauses.De�nite programsform thebasisof logic programming.

ILP is appropriatefor learningin multi-relationaldomainsbecausethe learnedrulesarenot

restrictedto contain �elds or attributes for a single table in a database.ILP algorithmslearn

hypothesesexpressedasde�nite clausesin �rst-order logic. Commonly-usedILP systemsinclude

FOIL (Quinlan,1990),Progol(Muggleton,1995)andAleph (Srinivasan,2001).

TheILP learningproblemcanbeformulatedasfollows:

� Given:backgroundknowledgeB, setof positiveexamplesE + , setof negativeexamplesE �

all expressedin �rst-order de�nite clauselogic.

� Learn: A hypothesisH , which consistsof de�nite clausesin �rst-order logic, suchthat

B ^ H j= E + andB ^ H 6j= E � .

In practice,it is oftennotpossibleto �nd eitherapureruleor ruleset.Thus,ILP systemsrelaxthe

conditionsthatB ^ H j= E + andB ^ H 6j= E � .
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In our work, we usetheAleph ILP system,which implementstheProgolalgorithm(Muggle-

ton, 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 true about

theseedexample.Thecombinationof thesefactsformstheexample's mostspeci�c or saturated

clause.Thekey insightof theProgolalgorithmis thatsomeof thesefactsexplain this example's

classi�cation. Thus,generalizationsof thosefactscouldapply to otherexamples.TheProgolal-

gorithmthenperformsa top-down re�nementsearch(Muggleton,1995)over thesetof rulesthat

generalizeaseedexample'ssaturatedclause.

2.3 Statistical Relational Learning

StatisticalRelationalLearning(SRL)focusesonalgorithmsfor learningstatisticalmodelsfrom

relationaldatabases.SRL advancesbeyondBayesiannetwork learningandrelatedtechniquesby

handlingdomainswith multiple tables,representingrelationshipsbetweendifferent rows of the

sametable,and integratingdatafrom several distinct databases.SRL advancesbeyond ILP by

addingtheability to reasonaboutuncertainty.

Researchin SRL hasadvancedalongtwo main lines: methodsthat allow graphicalmodels

to representrelationsand frameworks that extend logic to handleprobabilities. Along the �rst

line, Friedman,Getoor, Koller andPfeffer (1999a)presentedanalgorithmto learnthestructureof

probabilisticrelationalmodels,or PRMs,which representedoneof the �rst attemptsto learnthe

structureof graphicalmodelswhile incorporatingrelationalinformation. RecentlyHeckerman,

MeekandKoller (2004)havediscussedextensionsto PRMsandcomparedthemto othergraphical

models. Othergraphicalapproachesincluderelationaldependency networks (Neville & Jensen,

2004)andrelationalMarkov networks(Taskaretal., 2002).

Along the secondline, a statisticallearningalgorithmfor probabilisticlogic representations

was �rst given by Sato(1995)andCussens(2001) later proposeda moregeneralalgorithmto

handlelog linear models. Additionally, Muggleton(2000)hasprovided learningalgorithmsfor

stochasticlogic programs. The structureof the logic programis learnedusing ILP techniques,
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while theparametersarelearnedusinganalgorithmscaledup from stochasticcontext-freegram-

mar learning. Other logical approachesinclude Bayesianlogic programs(Kersting& Raedt,

2002),constraintlogic programmingwith Bayesnetconstraints(SantosCostaet al., 2003),logi-

cal Bayesiannetworks (Fierenset al., 2005)andMarkov logic networks (MLNs) (Richardson&

Domingos,2006).

Anotherapproachto combiningrelationsandprobabilityis throughthedesignof programming

languages.Two examplesof this areIBAL (Pfeffer, 2001)andBayesianlogic or BLOG (Milch

et al., 2005). A strengthof the BLOG approachis that it providesa mechanismto reasonabout

whetheror notanobjectexistsin aworld.

For thepurposesof this dissertation,it is worth going into moredetail on PRMsandMLNs.

PRMsupgradeBayesiannetworksto handlerelationaldata.A PRMreliesonbeingprovidedwith

a relationalskeleton:thedatabaseschematogetherwith theobjectspresentin thedomain.It also

speci�eswhichattributesareassociatedwith theobjects,but it doesnotincludethevaluesfor these

attributes.In fact,a PRM modelsthejoint distributionover possiblesettingsthatall theattributes

of all theobjectscouldtake. Figure2.4showsasimplerelationalskeletonfor auniversitydomain,

which hastwo typesof objects,studentsandclasses,andonerelationthatconnectsstudentswith

classesthey have taken.

LikeaBayesiannetwork, aPRMhasaparameter� X i associatedwith eachattributeX i , where:

� X i = P(X i jParents(X i )) . However, in aPRMaparentcouldbeanattributein anothertable.To

illustratethecomplexitiesinvolved,weuseanexampledomainfrom Getooretal. (2001).Consider

therelationalskeletonin Figure2.4andassumethatgradeis a parentof rank. Notethatstudents

takemany coursesandthatstudentstakevariablenumbersof courses.Consequently, rankdepends

on a multi-setof valuesfor grade, andthis multi-setvariesin sizeby student.To modelthis type

of dependency, PRMsusean aggregation function to collapsethe multi-set into a singlevalue.

Algorithmsfor learningin PRMscanbefoundin Getoor(2001).

MLNs combine�rst-order logic with Markov networks. Markov networks are undirected

graphicalmodels.Formally, anMLN is a setof pairs,(F i ; wi ), whereFi is a �rst-order formula

andwi 2 R. MLNs softenlogic by associatinga weightwith eachformula. Worlds that violate
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Student
Trevor

Rank
?

Student
Jesse

Rank
?

Class
Databases

Grade
?

Difficulty
?

Class
Bioinformatics

Grade
?

Difficulty
?

Class
Machine
Learning
Grade
?

Difficulty
?

Figure2.4 A relationalskeletonfor auniversitydomain.Thedashedlinesindicatewhichclasses
astudenthastaken.Theideafor this skeletoncomesfrom Getooretal. (2001).

formulasbecomelesslikely, but not impossible.Intuitively, aswi increases,sodoesthestrength

of theconstraintFi imposeson theworld. Formulaswith in�nite weightsrepresenta purelogic

formula.

MLNs provide a templatefor constructingMarkov networks. Whengivena �nite setof con-

stants,theformulasfrom anMLN de�ne aMarkov network. Nodesin thenetwork aretheground

instancesof the literals in the formulas. Arcs connectliterals that appearin the sameground

instanceof a formula. This discussionignoreshow MLNs usethe weightsto parameterizethe

underlyingMarkov network. Informationon this processcanbefoundin RichardsonandDomin-

gos(2006). Algorithms have beenproposedfor learningthe weightsassociated(Richardson&

Domingos,2006;Singla& Domingos,2005)with eachformula,aswell asfor learningtheformu-

lasthemselves(Kok & Domingos,2005).
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actual actual
positive negative

predictedpositive TP F P
predictednegative F N TN

(a)ConfusionMatrix

Recall = T P
T P + F N

Precision = T P
T P + F P

TruePositiveRate = T P
T P + F N

FalsePositiveRate = F P
F P + T N

(b) De�nitions of metrics

Figure2.5 CommonMachineLearningEvaluationMetrics

2.4 Review of ROC and Precision-RecallCurves

In a binary decisionproblem,a classi�er labelsexamplesaseitherpositive or negative. The

decisionmadeby theclassi�er canberepresentedin a structureknown asa confusionmatrix or

contingency table. The confusionmatrix hasfour categories: True positives(TP) areexamples

correctlylabeledaspositive.Falsepositives(FP)referto negativeexamplesincorrectlylabeledas

positive. Truenegatives(TN) correspondto negativescorrectlylabeledasnegative. Finally, false

negatives(FN) referto positiveexamplesincorrectlylabeledasnegative.

Figure2.5(a)showsaconfusionmatrix. Theconfusionmatrix canbeusedto constructapoint

in eitherROC spaceor PRspace.Giventhe confusionmatrix, we areableto de�ne the metrics

usedin eachspaceas in Figure2.5(b). In ROC space,oneplots the FalsePositive Rate(FPR)

on thex-axisandtheTruePositive Rate(TPR)on they-axis. TheFPRmeasuresthe fractionof

negative examplesthat aremisclassi�edaspositive. The TPR measuresthe fraction of positive

examplesthat arecorrectly labeled. In PR space,oneplots Recall on the x-axis andPrecision

on the y-axis. Recall is the sameasTPR,whereasPrecisionmeasuresthat fraction of examples

classi�ed aspositive that are truly positive. Figure2.5(b) givesthe de�nitions for eachmetric.

We will treatthemetricsasfunctionsthatacton theunderlyingconfusionmatrix which de�nesa

point in eitherROC spaceor PRspace.Thus,givena confusionmatrix A, RECALL(A) returns

theRecallassociatedwith A.
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Often, researchersusethe areaunderthe curve (AUC) asa simplemetric to de�ne how an

algorithmperformsoverthewholespace.TheareaundertheROCcurve(AUC-ROC)is equivalent

to theWilcoxon-Mann-Whitney statistic(Cortes& Mohri, 2003).
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Chapter 3

Inducti veLogic Programming for FeatureConstruction:
A CaseStudy in Alias Detection

Oneof thechallengesraisedby complex, multi-relationaldata,asmentionedin Chapter1, is

the presenceof aliases.Onegeneor proteinmay have several names.Onescienti�c papermay

have multiple, slightly different, citations. Onepersonmay have multiple names. In the most

dif�cult case,which this chapteraddresses,thepersonmayactuallybeworking to hidethealias.

Thischapterproposesatwo-stepmethodologyfor detectingaliases.In the�rst step,anILP system

learnsasetof rulesthatcanachievehighrecall,thatis, they shouldbeableto recognizemostof the

truealiases.Unfortunately, someof theserulesmayhavepoorprecision,meaningthatthey falsely

classify identity pairsasaliases.The secondstepaddressesthis problem. Eachrule becomesa

featurein anew classi�er insteadof justbeingtreatedasanindividualclassi�er. WeuseBayesian

Networksasourmodel,asthey calculatetheprobabilitythatapair of identitiesarealiases.

Weevaluateourapproachonsyntheticdatasetsdevelopedby InformationExtraction& Trans-

port,Inc.within theEAGLE Project(Schrag,2004).Eachdatasetmodelsanarti�cial world,which

is characterizedby individuals, andrelationshipsbetweentheseindividuals.Our resultsshow ex-

cellentperformancefor severalof thedatasets.

This work originally appearedin Davis et al. (2004)andDavis et al. (2005c),which received

theBestTechnicalPaperawardat theInternationalConferenceon IntelligenceAnalysis.
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3.1 Alias Detectionand the ChallengesIt Presents

Determiningidentityequivalence, or aliasdetection,is acommonproblemin intelligenceanal-

ysis.Two differentidenti�ers areequivalentor aliasesif bothreferto thesameunderlyingobject.

Onetraditionalexampleof aliasingcentersaroundmistypedor variantauthornamesin documents.

For example,onemight want to determineif a citation for V.S.Costaandonefor V�́tor S. Costa

refer to thesameauthor. In this situationoneevaluatesmatchesbasedon textual similarity. Fur-

thermore,thecentralinformationcomesfrom thesurroundingtext (Pasulaetal., 2003).However,

intelligenceanalysisinvolvesmorecomplex situations,andoftensyntacticsimilarity is eitherun-

availableor inapplicable.Instead,aliasesmustbedetectedthroughobjectattributesandthrough

interactionpatterns.

Theintelligenceanalysisdomainofferstwo furtherchallenges.First, informationis commonly

storedin relationaldatabasemanagementsystemsand involves multiple relational tables. We

addressthis obstaclethroughthe useof ILP, a multi-relationaldatamining techniquethat learns

rules which cancontain�elds from differenttables.ModernILP systemscanhandlesigni�cant

databases,containingmillions of tuples.

A secondchallengein intelligenceanalysisarisesfrom falsepositives, or falsealarms.In our

task,a falsepositive correspondsto incorrectlyhypothesizingthat two namesrefer to the same

individual. A falsepositivemight have seriousconsequences,suchasincorrectlyaddingindivid-

ualsto a no-�y list. Falsepositivesalwayswastevaluabletime. Falsepositivesreducetrust in the

system:if anexpertsystemfrequentlygivesspuriouspredictions,analystswill ignoreits output.

For all of thesereasons,it is essentialto limit the falsepositive rate. Unfortunately, intelligence

analysisis particularlysusceptibleto falsepositives,asoneis oftentrying to detectanomaliesthat

occurrarelyin thegeneralpopulation.For example,in a city with 1 million individuals,thereare

499billion possiblealiaspairs.In thiscase,evena falsepositiverateof only 0.001%will resultin

about5 million falsepositives,or about� ve badaliasesperperson.To limit thenumberof false

positives,eachILP learnedrule becomesa featurein a Bayesiannetwork. TheBayesiannetwork

canreasonaboutthequalityof eachrulewhenpredictingaliaspairs.
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3.2 ILP For Alias Detection

ILP naturallyhandlesmulti-relationaldomainsasthelearnedrulesarenot restrictedto contain

�elds or attributesfor a singletablein a database.We useSrinivasan's Aleph ILP System(2001)

to learnto predictwhethertwo identi�ers referto thesameperson.Onemajoradvantageof using

ILP is thatit producesunderstandableresults.Weshow asamplerulegeneratedby Aleph:

Identity Id1 and identity Id2 may be aliases if:

Id2 is a suspect, and

there exists another identity Id3, and

Id3 is a suspect, and

there is a phonecall between Id2 and Id3, and

there is a phonecall between Id3 and Id1.

Therule saysthat two individuals,Id1 andId2 maybealiasesif (i) they bothmadephonecalls

to thesameintermediateindividual Id3 ; and(ii) individualsId2 andId3 have thesameattribute

(suspect). The rule re�ects that in this world model suspectsare more likely to have aliases.

Moreover, anindividualandits aliasestendto talk to thesamepeople.

Thenext ruleusesdifferentinformation:

Identity Id1 and identity Id2 may be aliases if:

Id1 has capability Cap, and

Id2 has capability Cap, and

Id1 belongs to group G, and

Id2 belongs to group G, and

G is a nonthreatgroup.

Two individualsmay be aliasesbecausethey have a commoncapability, andbecausethey both

belongto thesamenon-threatgroup.

Clearly, thesetwo ruleshave low precisionasthe patternstheserulesrepresentcould easily

applytoordinaryindividuals.Notethatweareonly usingtheoriginaldatabaseschema,whereasan
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analystmightde�ne views,or inferredrelations,thathighlightinterestingpropertiesof individuals.

For instance,the�rst rule indicatesthatanindividualandits aliasestendto communicatewith the

samepeople.We thusmight want to comparesetsof peoplean individual andits aliasestalk to.

In the spirit of aggregateconstructionfor multi-relationallearning(Knobbeet al., 2001;Neville

et al., 2003; Perlich& Provost, 2003),we have experimentedwith hand-craftingrules that use

aggregatesover propertiescommonlyfound in the ILP learnedrules. Even after inventingnew

attributes,it is impossibleto �nd asinglerule thatcorrectlyidenti�es all aliases.Thenext section

discussesourapproachfor combiningrulesto form abetterclassi�er.

3.3 Rule Combination Techniques

Rule 1

Rule 2

Rule N

...

Positive

Positive

Positive Negative

Rule 1 
Fires

Rule 2 
Fires

Rule N 
Fires

Rule 1 Does 
Not Fire

Rule 2 Does 
Not Fire

Rule N Does 
Not Fire

Figure3.1 Illustrationof aDecisionList

One of the drawbacksof applying ILP to this problemis that eachdatabasefor a world is

extremely large. Consequently, it is intractableto useall the negative exampleswhen learning

the rules,which makesthe �nal setof rulesmoresusceptibleto falsepositives. First, sampling

thenegative examplesalterstheproportionof thepopulationthathasaliases.Second,in ILP the

�nal classi�er traditionallyconsistsof formingadisjunctionoverthelearnedclauses,resultingin a

decisionlist asillustratedin Figure3.1.An unseenexampleis appliedto eachclausein succession

until it matchesoneof them.If theexampledoesnot matchany rule, thenit receivesthenegative
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Rule 2 Rule 3 Rule NRule1

# Matching rules �• threshold

Rule N-2 Rule N-1

…

Figure3.2 Illustrationof UnweightedVoting

classi�cation. Unfortunately, thedisjunctionof clausesmaximizesthenumberof falsepositives.

Unweightedensemblevoting, illustratedin Figure3.2,generalizesthedecisionlist approach.

Theseissuessuggesta simpleapproachwherewe representeachlearnedrule asan attribute

in a classi�er. For a givenexample,the attribute receivesa valueof oneif the examplesatis�es

the rule anda zerootherwise.We useBayesiannetworks to combinethe rulesfor two reasons.

First, they allow usto setprior probabilitiesto re�ect thetrueproportionof thepopulationthathas

aliases.Second,eachpredictionhasa probabilityattachedto it. We canview theprobabilityasa

measureof con�dencein theprediction.We experimentwith severaldifferentBayesnetmodels

for combiningthe rules. Nä�ve Bayes(Pompe& Kononenko, 1995)is straightforwardapproach

that is easyto understandandfast to train. However, nä�ve Bayesassumesthat the clausesare

independentof eachothergiventheclassvalue.Often,we expectthelearnedrulesto bestrongly

related,sowealsouseTAN networks,whichallow for aslightly moreexpressivemodel.

3.4 Empirical Evaluation

This sectionpresentsour resultsandanalysisof the performanceof our systemon the U.S.

Air ForceEAGLE datasets(Schrag,2004). Thesedatasetssimulateanarti�cial world with large

numbersof relationshipsbetweenagents. The datafocuseson individualswhich have a setof

attributes,suchasthecapabilityto performactions.Individualsmayalsoobtainresources,which

might benecessaryto performactions.Individualsbelongto groups,andgroupsparticipatein a

wide rangeof events. In our case,given that someindividualsmay be known throughdifferent
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identi�ers (e.g.,throughtwo differentphonenumbers),we areinterestedin recognizingwhether

two identi�ers referto thesameindividual.

The EAGLE datasetshave evolved towardmorecomplex andrealisticworlds. Datasetsvary

alongsix dimensions:

1. Population Size, thenumberof individuals,rated1 (smaller)to 4 (larger).

2. DatasetSize, theactivity level of eachindividual,rated1 (smaller)to 4 (larger).

3. Observability , theamountof informationavailableasevidence,rated1 (moreinformation)

to 6 (lessinformation).

4. Corruption , thenumberof errors,rated1 (lesscorruption)to 4 (morecorruption).

5. Clutter , theamountof irrelevantinformation,rated1 (lessnoise)to 4 (morenoise).

6. Entity Equivalence, thelevel of dif�culty of determiningaliases,ratedeasy, fair, hard.

Eachexperimentis performedin two rounds. In the �rst round, the dry-run, we receive a

numberof datasetsplustheir correspondinggroundtruth,allowing usto experimentwith our sys-

temandvalidateour methodology. In thesecondround,thewet-run, we receive datasetswithout

groundtruth andareasked to presenta hypothesis.We have a limited amountof time to do so.

Later, we receive thegroundtruth sothatwecanperformourown evaluation.

We adoptthefollowing methodology. Rulelearningis quiteexpensive in theselargedatasets.

Moreover, wehavefoundthatmostrulesarerelevantacrossthedatasets,aswebelievethey capture

aspectscommonto eachsimulatedworld. Consequently, we only performrule learningduring

the dry-run. We useSrinivasan's Aleph ILP system(2001)runningon the YAP Prologsystem.

Ground-truthis usedfor training examples(and not usedotherwise). The best rules from all

datasetsarepassedforwardto thewet-run.

In our experiments,we testtwo hypotheses.First, we hypothesizethatusinga Bayesiannet-

work to combineruleswill producemoreaccurateresultsthanusingunweightedvoting. Second,

wehypothesizethatcombiningruleswith TAN will leadto thebestresults.

We evaluatethreedifferentrulecombinationtechniques:
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1. Voting refersto unweightedvotingensemble,whereeachrulegetsonevote.

2. Na�̈ve Bayesrefersto usingtheruleslearnedfrom thedry-rundatato constructa proposi-

tional featurevectorandusingnä�veBayesto producethe�nal classi�cation.

3. TAN refersto thesamemethodologyasbefore,exceptit usesa TAN modelto producethe

�nal classi�cation.

Results. We evaluateour systemon datasetsgeneratedby two versionsof the simulator. We

presentresultson thewet-rundatain this chapter. Numbersindex resultsfrom the�rst versionof

thesimulatorwhile Romannumeralsreferto resultsfor thenewerdatasets.

We �rst reportresultson six datasetsfrom theearlierversionof theEAGLE simulator, where

eachentity canhave at mostonealias. For the �rst setof datawe usethe wet-rundatasetsplus

groupinformationderivedby theKojaksystem(Adibi et al., 2004)(wedid nothaveaccessto this

informationfor thesecondbatchof data).Table3.1containsthecharacteristicsof eachdataset.
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Figure3.3 Precision-RecallCurve for Dataset1
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Figure3.4 Precision-RecallCurve for Dataset2
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Figure3.5 Precision-RecallCurve for Dataset3
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Figure3.6 Precision-RecallCurve for Dataset4

0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0

P
re

ci
si

on

Recall

TAN
Naive Bayes

Voting

Figure3.7 Precision-RecallCurve for Dataset5
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Figure3.8 Precision-RecallCurve for Dataset6

Dataset Population Dataset Observability Corruption Clutter Entity
Size Size Equivalence

1 2 2 4 3 3 fair
2 2 2 6 1 3 fair
3 1 2 4 3 3 fair
4 2 2 2 3 3 fair
5 1 2 4 1 3 fair
6 2 2 2 1 3 fair

Table3.1 ParameterSettingsfor EAGLE SimulatorVersion1

Dataset Voting Nä�veBayes TAN p-value p-value
TAN vs. Voting TAN vs. Nä�veBayes

1 0.185 0.194 0.302 4.88� 10� 4 4.51� 10� 4

2 0.0712 0.0825 0.130 9.67� 10� 5 6.53� 10� 4

3 0.209 0.219 0.369 0.0188 0.0178
4 0.311 0.313 0.430 4.35� 10� 5 6.75� 10� 4

5 0.434 0.478 0.581 0.00710 0.0578
6 0.413 0.399 0.488 0.00196 0.00244

Table3.2 AverageAUC-PRfor EachTaskfrom theFirstVersionof theEAGLE Simulator
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Dataset Population Dataset Observability Corruption Clutter Entity
Size Size Equivalence

I 1 3 1 4 4 fair
II 3 3 1 1 3 easy
III 1 3 2 3 3 hard
IV 3 3 4 4 1 fair
V 3 3 1 3 1 hard

Table3.3 ParameterSettingsfor EAGLE SimulatorVersion2

We use� ve fold crossvalidationin theseexperiments.We pool theresultsacrossall � ve folds

to generatetheprecision-recallcurves,which areshown in Figures3.3 through3.8. We achieve

the bestresultsfor datasets5 and6, and the worst on dataset2, whereprecisionlevels did not

achieve 0.5 for levelsof recall � 0:2. Table3.2shows theaverageareaundertheprecision-recall

curve (AUC-PR)for eachalgorithmon thesedatasets.We performa pairedt-testcomparingthe

AUC-PRoneachtask.We foundthatTAN beatsvotingwith p-value< 0:05onall six tasks.TAN

beatsnä�ve Bayeswith p-value< 0:05 on every taskexcept for dataset5, wherethe p-valueis

0:05 < p < 0:06. However, nä�veBayesonly beatsvoting threetimes,on datasets1, 2 and6.

The secondsetof resultscomesfrom a more recentversionof the simulator. Datasetsizes

wereat leastaslarge,or biggerthanbefore.Thenew simulatorsupportssocialnetwork attributes,

whichcouldbeusedfor thealiasingtask.Theseworldshavehighererrorlevelsandeachindividual

couldhave up to six aliases.Table3.1 containsthe dimensionsettingsfor eachdataset.We use

the samemethodologyasbefore,exceptthat now we useten fold crossvalidation. We pool the

resultsacrossall tenfolds to generatetheprecision-recallcurves. Figures3.9 through3.13show

theprecision-recallcurvesfrom thesedatasets.

Our resultsshow much betterperformancefor DatasetsI and II. This is due to betterrule

quality. In this case,several ruleshave excellentrecall,andtheBayesnetsperformquitewell at

alsoachieving goodprecision.TheresultsareparticularlysatisfactoryusingTAN on datasetI, as

shown in Figure3.9,wherewe canachieveprecisionover 60%for very high level recall. Dataset

IV exhibits theworstoverallperformance.It showsacasewhereit is dif�cult to achievebothhigh
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Figure3.9 Precision-RecallCurve for DatasetI
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Figure3.10 Precision-RecallCurve for DatasetII
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precisionandrecallasthereis low observability andhencelittle informationaboutindividuals.In

thiscase,improving recallrequiresrelyingononly oneor two rules,whichresultsin low precision.
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Figure3.11 Precision-RecallCurve for DatasetIII

The precision-recallcurve for the TAN algorithmdominatesthe curvesfor nä�ve Bayesand

ensemblevoting on all � ve datasets.Table3.4shows theaverageAUC-PRfor eachalgorithmon

thesedatasets.We performa pairedt-testcomparingthe AUC-PRon eachtaskandfound that

TAN beatsbothnä�ve Bayesandvoting with p-value< 0:01on all � ve tasks.Furthermore,nä�ve

Bayesbeatsvotingwith p-value< 0:01onall � ve tasks.

Discussion. The resultsfrom both versionsof the simulatorcon�rm our hypotheses.We seea

hugepayoff by treatingeachILP learnedrule asa featurein Bayesiannetwork. Theadvantageis

particularlypronouncedwhenwe usea TAN network. For many datasets,several levelsof recall

exist whereTAN yieldsat leasta 20 percentagepoint increasein precision,for thesamelevel of

recall over both nä�ve Bayesandvoting. On eight of eleven of the datasets,nä�ve Bayesbeats

voting, while on the remainingthreethey have comparableperformance.Onereasonfor TAN' s

dominancecomparedto nä�ve Bayesis thepresenceof rulesthataresimply re�nementsof other
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Figure3.12 Precision-RecallCurve for DatasetIV
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Figure3.13 Precision-RecallCurve for DatasetV
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Dataset Voting Nä�veBayes TAN p-value p-value
TAN vs. Voting TAN vs. Nä�veBayes

I 0.372 0.784 0.916 3.01� 10� 13 1.64� 10� 8

II 0.436 0.573 0.701 1.31� 10� 11 3.94� 10� 10

III 0.265 0.602 0.757 1.75� 10� 11 1.26� 10� 10

IV 0.0272 0.0342 0.0567 1.60� 10� 8 3.20� 10� 7

V 0.105 0.153 0.254 4.85� 10� 10 3.18� 10� 9

Table3.4 AverageAUC-PRfor EachTaskfrom theSecondVersionof theEAGLE Simulator

rules. TheTAN modelcapturessomeof theseinterdependencies,whereasnä�ve Bayesexplicitly

assumesthatthesedependenciesdonotexist. Thenä�veBayesindependenceassumptionaccounts

for thesimilarperformancecomparedto votingon severalof thedatasets.

In situationswith impreciserulesanda preponderanceof negativeexamples,suchaslink dis-

coverydomains,BayesianmodelsandespeciallyTAN provideanadvantage.BothTAN andnä�ve

Bayesexcel at handlingimpreciserules. TheBayesnetseffectively weight theprecisionof each

ruleeitherindividually or basedon theoutcomeof anotherrule in thecaseof TAN. TheBayesian

netsfurther combinetheseprobabilitiesto make a predictionof the �nal classi�cationallowing

themto discountthe in�uence of spuriousrules in the classi�cation process.Ensemblevoting

doesnot have this �e xibility andconsequentlylacksrobustnessto impreciserules. Anotherarea

whereTAN providesan advantageis whenmultiple impreciserulesprovide signi�cant overlap-

pingcoverageonpositiveexamplesandalow level of overlappingcoverageonnegativeexamples.

TheTAN network canmodelthis scenarioandweedout thefalsepositives.Onepotentialdisad-

vantageto theBayesianapproachis that it couldbeoverly cautiousaboutclassifyingsomething

asa positive. Thehigh numberof negativeexamplesrelative to thenumberof positiveexamples,

andthecorrespondingconcernof a high falsepositive rate,helpsmitigatethis potentialproblem.

In fact,at similar levelsof recall,TAN hasa lower falsepositiveratethanvoting.
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3.5 RelatedWork

Identity uncertaintyis a dif�cult problemthatarisesin areassuchascitationmatching,record

linkageandde-duplicationin databases,naturallanguageprocessing,in additionto intelligence

analysis. A seminalwork in this areais the theoryof recordlinkage(Fellegi & Sunter, 1969),

basedon scoringthe distancesbetweentwo featurevectors(using nä�ve Bayesin the original

work) andmerging recordsbelow somethreshold. SystemssuchasCiteseer(Lawrenceet al.,

1999)apply analogousideasby usingtext similarity. The �eld of recordmatchinghasreceived

signi�cant contributions(Monge& Elkan,1996;Cohen& Richman,2002;Buechiet al., 2003;

Bilenko & Mooney, 2003;Zelenko et al., 2003; Hsiunget al., 2004). On the otherhand,it has

beenobserved that interactionsbetweenidenti�ers can be crucial in identifying them(Morton,

2000).Pasulaet al. (2003)userelationalprobabilisticmodelsto establisha probabilisticnetwork

of individuals,andthenuseMarkov ChainMonte Carlo to do inferenceon the citation domain.

McCallum and Wellner (2003) usediscriminative models,ConditionalRandomFields, for the

sametask. Theseapproachesrely on prior understandingof the featuresof interest,usuallytext

based.Suchknowledgemaynotbeavailablefor intelligenceanalysistasks.

Thepresentwork buildsuponpreviouswork onusingILP for featureconstruction.Suchwork

treatsILP-constructedrulesasBooleanfeatures,re-representseachexampleasa featurevector,

and then usesa feature-vector learnerto producea �nal classi�er. The �rst work on proposi-

tionalizationis the LINUS system(Lavra�c & D�zeroski,1992). LINUS transformsthe examples

from deductivedatabaseformatinto attribute-valuestuplesandpairsthesetuplesto apropositional

learner. LINUS primaryusespropositionalalgorithmsthatgenerateif-then rules. LINUS then

convertsthepropositionalrulesbackinto thedeductivedatabaseformat.

PompeandKononenko (1995)werethe �rst to applynä�ve Bayesto combineclauses.Some

otherwork, especiallyon propositionalizationof �rst-order logic (Alphonse& Rouveirol, 2000),

hasbeendevelopedthat convertsthe training setto propositionsandthenappliesfeaturevector

techniquesto theconverteddata.This is similar to whatwe do,howeverwe �rst performlearning
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in the �rst-order settingto determinewhich featuresto construct. This resultsin signi�cantly

shorterfeaturevectorsthanin otherwork.

A popularalternative to decisionlists is voting. Voting hasbeenusedin ensemble-basedap-

proaches,suchasbagging(Breiman,1996; Dutra et al., 2002)andboosting(Hoche& Wrobel,

2001; Quinlan,1996). Boostingrelieson the insight that oneshouldfocuson misclassi�edex-

amples. Searchis directedby having a sequenceof steps,suchthat at eachconsecutive step

misclassi�edexamplesbecomemoreandmorevaluable.We do not changeexampleweightsat

eachstep.Instead,we rely on theclassi�er itself andtrust thetuningdatato give usapproximate

performanceof theglobalsystem.On theotherhand,we do try to focusthesearchon examples

whereweperformworse,by skewing seedselection.

ROCCERis a morerecentexampleof a two-stepalgorithmthatstartsfrom a setof rulesand

triesto maximizeclassi�er performance(Prati& Flach,2005).ROCCERtakesa setof rules,and

returnsa subsetthatcorrespondsto a convex hull in ROC space.ROCCERrelieson theApriori

algorithm(Agrawal etal., 1993)to obtainthesetof rules.

Thischaptercontributestwo novel pointsto ILP basedfeatureconstruction.First, it highlights

the relationshipbetweenthis category of work andensemblesin ILP, becausewhenthe feature-

vectorlearneris nä�ve Bayesthe learnedmodelcanbe considereda weightedvote of the rules.

Second,it shows that when the featuresare ILP-learnedrules, the independenceassumptionin

nä�ve Bayesmaybeviolatedbadlyenoughthat it lowerstheprecisionof thesystem.However, a

TAN model's ability to explicitly representstrongdependenciescanimprove theprecisionof the

system.

3.6 Chapter Summary

Identity equivalenceis an importantproblemin a varietyof applicationareasinvolving com-

plex multi-relationaldatabases,includingbiology, medicineandintelligenceanalysis.In themost

challengingcase,individualswantto hidetheir identities,andthereforewe cannotrely on textual

information. Instead,we needto useattributesandcontextual informationto detectaliases.To
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tacklethis problem,we proposeusingILP to constructfeaturesfor a propositionallearner, which

thenmakesthe�nal predictionaboutwhich identi�ers referto thesameindividuals.

We comparethreedifferentapproachesfor combiningrules learnedby an ILP system. We

evaluatethe performanceof eachapproachon seriesof syntheticdatasets,whereinformationis

subjectto corruptionandunobservability. We demonstratethatusingBayesiannetworks for rule

combinationcansigni�cantly improve the precisionof the classi�er. We obtainthe bestresults

throughtheuseof aTAN network asit is morerobustathandlingdependenciesbetweenrules.
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Chapter 4

Multi-Step View Learning Framework

Thepreviouschapterdescribedhow to useILP to de�ne new featuresfor a propositionalclas-

si�er. Thischapterdiscusseshow ILP basedfeatureconstructioncanbeusedto addresstheweak-

nessof many SRLframeworks: thatthey areconstrainedto useonly thetablesand�elds alreadyin

thedatabase,without modi�cation. Many humanusersof relationaldatabases�nd it bene�cial to

de�ne alternativeviewsof a database—further�elds or tablesthatcanbecomputedfrom existing

ones.ThischaptershowsthatSRLalgorithmsalsocanbene�t from theability to de�ne new views,

which canbeusedfor moreaccuratepredictionof important�elds in theoriginal database.This

chapterdemonstrateshow to augmentSRLalgorithmsby addingtheability to learnnew �elds, in-

tensionallyde�ned in termsof existing �elds andintensionalbackgroundknowledge.In database

terminology, thesenew �elds constitutea learnedview of thedatabase.

We presentview learningin the speci�c applicationof creatingan expert systemin mam-

mography. We chosethis applicationfor a numberof reasons.First, it is an importantpractical

applicationwheretherehasbeenrecentprogressin collectingsizableamountsof data. Second,

we have accessto anexpert-developedsystem.This providesa basereferenceagainstwhich we

canevaluatethis work (Burnsideet al., 2000).Third, a largeproportionof examplesarenegative.

This distribution skew is often found in multi-relationalapplications.Last, the dataconsistof a

singletable. This allows for aneasycomparisonto standardpropositionallearning. In this case,

it is suf�cient for view learningto extendanexisting tablewith new �elds, achievedby usingILP

to learnrulesfor unarypredicates.For otherapplications,it maybedesirableto learnpredicates

of higher-arity, which will correspondto learninga view with new tablesratherthannew �elds
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Figure4.1 ExpertBayesianNetwork for Mammography

only. Chapter7 will discusshow to extendview learningto learnnew relationsandhigher-arity

predicates.

Thiswork originally appearedin Davis etal. (2005b)andBurnsideetal. (2005).

4.1 Mammography

Offering breastcancerscreeningto theever-increasingnumberof womenover age40 repre-

sentsa greatchallenge.Cost-effective delivery of mammographyscreeningdependson a consis-

tentbalanceof high sensitivity andhigh speci�city. It hasbeendemonstratedthatsub-specialist,

expertmammographersachieve thisbalanceandperformsigni�cantly betterthangeneralradiolo-

gists(Brown etal.,1995;Sicklesetal.,2002).Generalradiologistshavehigherfalsepositiverates

andhencebiopsyrates,diminishingthepositivepredictivevaluefor mammography(Brown etal.,

1995;Sickleset al., 2002). Unfortunately, despitethefact thatspeciallytrainedmammographers

detectbreastcancermoreaccurately, thereis a longstandingshortageof theseindividuals(Eklund,

2000).
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1        P1      5/02  Oval           3mm   RU4        B

2        P1      5/04  Round        8mm   RU4        M

3        P1      5/04  Oval           4mm   LL3         B

4        P2      6/00  Round        2mm   RL2         B
… … … … … … …

Id    Patient Date  Mass    … Mass Loc      Benign/
Shape          Size Malignant

Figure4.2 AbbreviatedNationalMammographyDatabaseSchema

An expertsystemin mammographyhasthepotentialto help thegeneralradiologistapproach

theeffectivenessof a sub-specialtyexpert,therebyminimizing bothfalsenegativeandfalseposi-

tiveresults.Bayesiannetworksareprobabilisticgraphicalmodelsthathavebeenappliedto thetask

of breastcancerdiagnosisfrom mammographydata(Burnsideetal., 2000;Burnsideetal., 2004b;

Kahn et al., 1997). Bayesiannetworks producediagnoseswith probabilitiesattached.Because

of their graphicalnature,they arecomprehensibleto humansandusefulfor training. Figure4.1

shows thestructureof a Bayesiannetwork developedby a sub-specialist,expertmammographer.

The Bayesiannetwork in Figure4.1 achievesaccuracieshigherthanthoseof othersystemsand

of generalradiologistswho performmammograms,andcommensuratewith the performanceof

radiologistswhospecializein mammography(Burnsideetal., 2000).

Table 4.2 shows the main table (with some�elds omitted for brevity) in a large relational

databaseof mammographyabnormalities.Thedatabaseschemais speci�edin theNationalMam-

mographyDatabase(NMD) standardestablishedby the AmericanCollegeof Radiology(2004).

TheNMD wasdesignedto standardizedatacollectionfor mammographypracticesin theUnited

Statesandis widely usedfor quality assurance.We omit, a second,muchsmallerbiopsytable,

simply becausewe wantto predict—beforethebiopsy—whetheranabnormalityis benignor ma-

lignant. Notethat thedatabasecontainsonerecordperabnormality. By puttingthedatabaseinto

oneof thestandarddatabase“normal” forms,it wouldbepossibleto reducesomedataduplication,



37

but only a very smallamount:thepatient's age,statusof hormonereplacementtherapy andfam-

ily historycouldberecordedonceperpatientanddatein caseswheremultiple abnormalitiesare

foundonasinglemammogramdate.Suchnormalizationwouldhavenoeffectonourapproachor

results,sowewill operatedirectlyon thedatabasein its de�ned form.

4.2 Learning Hierar chy

Figure4.3 presentsa hierarchyof the four typesof learningthat might be usedfor this task.

Level1 andLevel2 arestandardtypesof Bayesiannetwork learning.Level1 is simplylearningthe

parametersfor theexpert-de�nednetwork structure.Level 2 involveslearningtheactualstructure

of thenetwork in additionto its parameters.Notice that to predicttheprobabilityof malignancy

of an abnormality, a Bayesiannetwork usesonly the recordfor that abnormality. However, data

in otherrows of thetablemayalsoberelevant: radiologistsmayconsiderotherabnormalitieson

the samemammogramor previous mammograms.For example,it may be useful to know that

thesamemammogramalsocontainsanotherabnormality, with a particularsizeandshape;or that

thesamepersonhadapreviousmammogramwith certaincharacteristics.Incorporatingdatafrom

otherrows in thetableis not possiblewith existing Bayesiannetwork learningalgorithmsandre-

quiresSRLtechniques,suchasprobabilisticrelationalmodels(Friedmanetal.,1999a).Level 3 in

Figure4.3showsthestate-of-the-artin SRLtechniques,illustratinghow relevant�elds from other

rows(or othertables)canbeincorporatedinto thenetwork, usingaggregationif necessary. Rather

thanusingonly thesizeof theabnormalityunderconsideration,thenew aggregate�eld allowsthe

Bayesnetto alsoconsidertheaveragesizeof all abnormalitiesfoundin themammogram.

Presently, SRL is limited to usingtheoriginal view of thedatabase,that is, theoriginal tables

and�elds, possiblywith aggregation. Despitetheutility of aggregation,simply consideringonly

theexisting�elds maybeinsuf�cient for accuratepredictionof malignancies.Level 4 in Figure4.3

showsthekey capabilitythatwill beintroducedandevaluatedin thisdissertation:usingtechniques

from rule learningto learna new view. In this �gure, the new view includestwo new features

utilized by the Bayesnet that cannotbede�ned simply by aggregationof existing features.The

new featuresarede�ned by two learnedrulesthatcapture“hidden” conceptspotentiallyusefulfor
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1. Be/Mal

Shape   Size

Parameter Learning: 
Given: Features (node labels, or fields 
in database), Data, Bayes net structure 
Learn: Probabilities.  Note: 
probabilities needed are Pr(Be/Mal), 
Pr(Shape|Be/Mal), Pr (Size|Be/Mal)

2. Be/Mal

Shape   Size

Structure Learning: 
Given: Features, Data
Learn: Bayes net structure and 
probabilities.  Note: with this structure, 
now will need Pr(Size|Shape,Be/Mal) 
instead of Pr(Size|Be/Mal).

Aggregate Learning: 
Given: Features, Data, Background 
knowledge – aggregation functions
such as average, mode, max, etc.           
Learn: Useful aggregate features,
Bayes net structure that uses these 
features, and probabilities.  New 
features may use other rows/tables.

3. Be/Mal

Shape   Size

Avg size 
this date 

View Learning:
Given: Features, Data, Background 
knowledge – aggregation functions 
and intensionally-defined relations
such as “ increase”  or “same location”  
Learn: Useful new features defined 
by views (equivalent to rules or SQL
queries), Bayes net structure, and 
probabilities.

4.

Be/Mal

Shape   Size

Avg size 
this date 

Shape change 
in abnormality 
at this location 

Increase in 
average size of 
abnormalities

Figure4.3 Hierarchyof learningtypes.Levels1 and2 areavailablethroughordinaryBayesian
network learningalgorithms,Level 3 is availableonly throughstate-of-the-artSRL techniques,

andLevel 4 is describedin this chapter.
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accuratelypredictingmalignancy, but thatarenotexplicit in thegivendatabasetables.Onelearned

rule statesthata changein theshapeof anabnormalityat a locationsinceanearliermammogram

may be indicative of a malignancy. The othersaysthat an increasein the averageof the sizes

of the abnormalitiesmay be indicative of malignancy. Note that both rulesrequirereferenceto

otherrowsin thetablefor thegivenpatient,aswell asintensionalbackgroundknowledgeto de�ne

conceptssuchas“increasesover time.” Neitherrule canbecapturedby standardaggregationof

existing �elds.

Note that Level 3 andLevel 4 learningwould not be necessaryif the databaseinitially con-

tainedall the potentiallyuseful �elds capturinginformation from other relevant rows or tables.

For example,thedatabasemightbeinitially constructedto contain�elds suchas“slopeof change

in abnormalitysizeat this locationover time”, “averageabnormalitysizeon this mammogram”,

andso on. If humanscanidentify all suchpotentiallyuseful�elds beforehandandde�ne views

containingthese,thenLevel 3 andLevel 4 learningareunnecessary. Sincethespaceof suchpos-

sibly useful�elds is quite large, it is moreeasilysearchedby a computervia Level 3 andLevel

4 learning.Certainlyin thecaseof theNMD standard,such�elds arenot availablebecausethey

have not beende�ned andpopulatedin thedatabaseby thedomainexperts,thusmakingLevel 3

andLevel 4 learningpotentiallyuseful.

4.3 Multi-Step View Learning

Onecanimaginea varietyof approachesto performview learning. As a �rst step,we apply

existing technologyto obtain a view learningcapability. The initial view learningframework,

illustratedin Figure4.4,worksin threesteps.First,it learnsrulestopredictwhetheranabnormality

is malignant.Second,it selectstherelevantsubsetof therulesto includein themodelandextends

the original databaseby introducingthe new rulesasadditional features. More precisely, each

rule will correspondto a binary featuresuchthat it takesthevaluetrue if thebody, or condition,

of the rule is satis�ed, andfalseotherwise.Third, it runsa Bayesiannetwork structurelearning

algorithm,allowing it to usethesenew featuresin additionto the original features,to construct
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ILP
Engine

Step 1

Learn

Rule 2

Target
Predicate

…

Step 3

Build Model

Step 2

Select

Rule1 Rule N

Figure4.4 Multi-stepapproachto view learning.The�rst steptakesasinputasetof examples
andbackgroundknowledgeandproducesa setof rules.Thesecondsteptakesthesetof rulesand

selectstherelevantrules.The�nal stepincorporatestheselectedrulesasfeaturesin the�nal
statisticalmodel.

a model. Section4.10notesthe relationshipof the approachto earlierwork on ILP for feature

construction.

Figure4.5 shows a potentially importantpieceof informationa radiologistmight usewhen

classifyingan abnormality. An ILP systemcould derive this conceptby learningthe following

rule:

Abnormality A in mammogramM may be malignant if:

A has mass size S1, and

A has a prior abnormality A2, and

A is samelocation as A2, and

A2 has mass size S2, and

S1 > S2.

Notethatthelastthreelinesof therule referto otherrowsof therelationaltablefor abnormalities

in the database.Hencethis rule encodesinformationnot available to the initial versionof the

Bayesiannetwork (Davis et al., 2005b). This rule canbe usedasa �eld in a new view of the

database,asillustratedin Figure4.6,andconsequentlyasanew featurein theBayesiannetwork.
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1        P1      5/02  Oval           3mm   RU4        B

2        P1      5/04  Round        8mm   RU4        M

3        P1      5/04  Oval           4mm   LL3         B

4        P2      6/00  Round        2mm   RL2         B
… … … … … … …

Id    Patient Date  Mass    … Mass Loc      Benign/
Shape          Size Malignant

> >= =

Figure4.5 A PossibleView: Sizeof aMassIncreasesOverTime

1        1        5/02  Oval         3mm   RU4      No          B

2       P1       5/04  Round      8mm   RU4      Yes          M

3       P1       5/04  Oval         4mm   LL3       No        B

4       P2       6/00  Round      2mm   RL2       No          B
… … … … … … … …

Id    Patient Date  Mass   … Mass Loc    Increase     Benign/
Shape       Size Size Malignant             

Same Loc

Figure4.6 TheNationalMammographyDatabaseSchemaExtendedwith anAdditionalField

4.4 Data

We collecteddatafor all screeninganddiagnosticmammographyexaminationsthatwereper-

formedattheFroedtertandMedicalCollegeof WisconsinBreastImagingCenterbetweenApril 5,

1999andFebruary9, 2004.It is importantto notethatthedataconsistof aradiologist's interpreta-

tion of amammogramandnot theraw imagedata.Theradiologistreportsconformedto theNMD

standardestablishedby theAmericanCollegeof Radiology. Fromthesereports,we followedthe

original network (Burnsideet al., 2000)to cull the36 featuresdeemedto berelevantby anexpert

mammographer.
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Thedatacontain435malignantabnormalitiesand65,365benignabnormalities.Groundtruth

is determinedby biopsy. This impliesthatthedatamaycontainfalsenegatives,asradiologistsdo

notbiopsyall abnormalities.

4.5 Experiments

In ourexperimentswewantto testthreehypotheses.First,wewantto determineif usingSRL

yieldsanimprovementcomparedto propositionallearning.Second,we wantto evaluatewhether

moving upalevel in thehierarchyoutlinedin Figure4.3resultsin animprovementin performance.

Third, we want to evaluatewhetherthe rules learnedduring the view learningprocesscontain

usefulinformationfor radiologists.

To testthehypotheses,we employ four differentalgorithms.First, we try to learna structure

with just theoriginalattributes(Level 2) andseeif thatperformsbetterthanusingtheexpertstruc-

turewith trainedparameters(Level 1). Next, weaddaggregatefeaturesto ournetwork, represent-

ing summariesof abnormalitiesfoundeitherin aparticularmammogramor for aparticularpatient.

Thiscorrespondsto Level 3 andwetestwhetherthis improvesoverLevels1 and2. Finally, we in-

vestigateLevel 4 learningthroughthemulti-stepalgorithmandcompareits performanceto Levels

1 through3. Thefollowing sectionwill givedetaileddescriptionsfor eachof thesealgorithms.

4.6 Approachfor EachLevel of Learning

Level 1: Parameter Learning. We estimatethe parametersof the expert structurefrom the

datasetusingmaximumlikelihoodestimateswith Laplacecorrection.It hasbeenpreviouslynoted

thatlearningtheparametersof thenetwork improvesperformanceoverhaving expertde�nedprob-

abilitiesin eachnode(Burnsideetal., 2004a).

Level 2: Structure Learning. Therelationaldatabasefor themammographydatacontainsone

row for eachabnormalitydescribedon a mammogram.Fieldsin this relationaltableincludeall
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1       P1      5/02  Oval          3mm     3mm 3mm RU4       B

2       P1      5/04  Round       8mm     6mm       5mm     RU4 M

3       P1      5/04  Oval          4mm     6mm       5mm     LL3        B

4       P2      6/00  Round       2mm     2mm 2mm RL2        B 
… … … … … … … … …

Id   Patient Date   Mass  … Mass Average  Average Loc    Benign/
Shape        Size      Size Size Malignant

Study     Patient 

Figure4.7 DatabaseafterAggregationonMassSizeField. Notetheadditionof two new �elds,
AverageSizePatientandAverageSizeStudy, which representaggregatefeatures.

thoseshown in the Bayesiannetwork of Figure4.1. Thereforeit is straightforward to useexist-

ing Bayesiannetwork structurelearningalgorithmsto learna possiblyimprovedstructurefor the

Bayesiannetwork.

Level 3: AggregateLearning. Weselectthenumeric(e.g.thesizeof mass)andorderedfeatures

(e.g.thedensityof amass)in thedatabaseandcomputeaggregatesfor eachof thesefeatures.In all,

wedeterminethat27of the36attributesweresuitablefor aggregation.Wecomputeaggregateson

boththepatientandthemammogramlevel. Onthepatientlevel,welook atall of theabnormalities

for a speci�c patient. On the mammogramlevel, we only considerthe abnormalitiespresenton

that speci�c mammogram.To discretizethe averages,we divide eachrangeinto threebins. For

binary featureswe useprede�nedbin sizes,while for the otherfeatureswe attemptto get equal

numbersof abnormalitiesin eachbin. For aggregationfunctionswe usemaximumandaverage.

Theaggregationintroduces27� 4 = 108new features.Thefollowing paragraphpresentsfurther

detailson theaggregationprocess.

Constructingaggregatefeaturesinvolvesa three-stepprocess.First, choosea �eld to aggre-

gate.Second,selectanaggregationfunction.Third, decidewhich rowsto includein theaggregate

feature,that is, which keys or links to follow. This is known asa slot chain in ProbabilisticRe-

lationalModel (PRM) terminology(Friedmanet al., 1999a).In themammographydatabase,two
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suchlinks exist. The patientID �eld allows accessto all the abnormalitiesfor a given patient,

providing aggregationon thepatientlevel. The secondkey is thecombinationof patientID and

mammogramdate,whichreturnsall abnormalitiesfor apatientonaspeci�c mammogram,provid-

ing aggregationon themammogramlevel. To demonstratethis process,we will work thoughan

exampleof computinganaggregatefeaturefor patient1 in thedatabasegivenin Table4.2.Wewill

aggregateon theMassSize�eld anduseaverageastheaggregationfunction. Patient1 hasthree

abnormalities,onefrom a mammogramin May 2002andtwo from a mammogramin May 2004.

To calculatetheaggregateon thepatientlevel, we actuallyhave to performtwo computations,as

we don't want the aggregatescorefor the abnormalityin May 2002to re�ect the later �ndings.

For theMay 2002mammogram,weonly look ataveragingsizeof abnormality1, andtheaverage

sizeis 3mm. For theabnormalities2 and3, we averagethesizefor all threeabnormalities,which

is 5mm. To �nd the aggregateon the mammogramlevel for patient1, we have to performtwo

separatecomputations.First, follow the link P1and5/02,which yieldsabnormality1. Theaver-

agefor this key mammogramis simply 3mm. Second,follow the link P1and5/04,which yields

abnormalities2 and3. Theaveragefor theseabnormalitiesis 6mm. Table4.7shows thedatabase

following constructionof theseaggregatefeatures.

Level 4: View Learning. We usetheILP systemAleph (Srinivasan,2001)to implementLevel

4 learning.We introducethreenew intensionaltablesinto Aleph's backgroundknowledgeto take

advantageof relationalinformation.

1. The prior Mammogramrelation connectsinformation aboutany prior abnormalitythat a

givenpatientmayhave.

2. The sameLocation relation is a speci�cation of the previous predicate. It addsthe re-

strictionthat theprior abnormalitymustbein thesamelocationasthecurrentabnormality.

Radiologyreportsincludeinformationaboutthelocationof abnormalities.

3. Thein SameMammogramrelationincorporatesinformationaboutotherabnormalitiesa pa-

tientmayhaveon thecurrentmammogram.
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By default, Aleph generatesrulesthatwould fully explain theexamples.In contrast,our goal

is to extract rulesthat would be bene�cial asnew views. The major challengein implementing

Level 4 learningis howto selectrules that wouldbestcomplementLevel 3 information. Clearly,

Aleph'sstandardcoveragealgorithmis notdesignedfor thisapplication.Instead,we �rst enumer-

ateasmany rulesof interestaspossible,andthenpick interestingrules.

In orderto obtainavariedsetof rules,werunAlephundertheinduce maxsetting,whichuses

every positive examplein eachfold asa seedfor the search.Also note that it doesnot discard

previously coveredexampleswhenscoringa new clause.Aleph learnsseveral thousanddistinct

rulesfor eachfold, with eachrulecoveringmany moremalignantcasesthan(incorrectlycovering)

benigncases.To avoid the rule over�tting foundby otherauthors(Perlich& Provost,2003),we

usebreadth-�rstsearchfor rulesandsetaminimal limit on coverage.

Eachseedgeneratesanywherefrom zeroto tensof thousandsof rules.Adding all ruleswould

meanintroducingthousandsof oftenredundantfeatures.Weusethefollowing algorithmto select

which rulesto includein themodel:

1. Scanall rulesremoving duplicatesandrulesthat performworsethana moregeneralrule.

Thisstepsigni�cantly reducesthenumberof rulesto consider.

2. Sort therulesaccordingto their m-estimateof precision.We useAleph's default valuefor

m, whichsetsm =
p

positivescovered+ negativescovered

3. Pick the rule with the highestm-estimateof precisionsuchthat it coversan unexplained

trainingexample.Furthermore,eachrule needsto cover a signi�cant numberof malignant

cases.Thisstepis similar to thestandardILP greedycoveringalgorithm,exceptthatit does

not follow theoriginalorderof theseedexamples.

4. Scanthe remainingrules,selectingthosethat cover a signi�cant numberof examples,and

thataredifferentfrom all previousrules,evenif theserulesdo notcoveranynew examples.

It is importantto notethattheruleselectionis anautomatedprocess.It picksthetop50clauses

to includein the �nal learnedmodel. We incorporatethe resultingviews asnew featuresin the

database.
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4.7 Methodology

To evaluateandcomparetheseapproaches,we usestrati�ed 10-fold cross-validation.We ran-

domlydividetheabnormalitiesinto10roughlyequal-sizedsets,eachwith approximatelyone-tenth

of the malignantabnormalitiesandone-tenthof the benignabnormalities.Whenevaluatingjust

the structurelearningandaggregation,we usenine folds for the training set. Whenperforming

aggregation,we usebinningto discretizethecreatedfeaturesandtook careto only usetheexam-

plesfrom the training setto determinethe bin widths. Whenperformingview learning,we had

threestepsin thelearningprocess.The�rst partusesfour foldsof datato learntheILP rules.The

secondpartselectstherulesto includein themodel.Thethird partusestheremaining� vefolds to

learntheBayesnetstructureandparameters.

Whenusingcross-validationon a relationaldatabase,thereexists a potentialmethodological

pitfall. Someof the casesmay be related. For example,a singlepatientmay have multiple ab-

normalities.Becausetheseabnormalitiesarerelated(samepatient),having someof thesein the

trainingsetandothersin the testsetmay improve performancebetteron thosetestcasesrelative

to theperformanceon testcasesfor otherpatients.To avoid such“leakage”of informationinto a

trainingset,weensurethatall abnormalitiesassociatedwith aparticularpatientappearin thesame

fold for cross-validation.Anotherpotentialpitfall is learningarule thatpredictsanabnormalityto

bemalignantbasedon propertiesof abnormalitiesin later mammograms.We ensurethatwe will

neverpredictthestatusof anabnormalityatagivendatebasedon�ndings recordedfor laterdates.

4.8 Results

We experimentedwith a numberof structurelearningalgorithmsfor BayesianNetworks, in-

cludingnä�veBayes,TAN, andtheSparseCandidateAlgorithm (seeSection2.4for descriptions).

However, weobtainedthebestresultswith theTAN algorithmin all experiments,sothediscussion

will focusonTAN.

We presenttheresultsof the�rst experiment,comparingLevels1 and2, usingbothROC and

precision-recallcurves. Figure4.8 shows the ROC curve for theseexperiments,andFigure4.9
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Figure4.8 ROC Curvesfor ParameterLearning(Level 1) comparedto
StructureLearning(Level 2)

shows theprecision-recallcurves.Becauseof theskewedclassdistribution,dueto thelargenum-

berof benigncases,we preferprecision-recallcurvesover ROC curvesbecausethey bettershow

the numberof “f alsealarms,” or unnecessarybiopsies. Therefore,we will useprecision-recall

curvesfor theremainderof theresults.Here,precisionis thepercentageof abnormalitiesthatwe

classi�ed asmalignantthataretruly cancerous.Recallis thepercentageof malignantabnormali-

tiesthatwerecorrectlyclassi�ed. To generatethecurves,we pool theresultsoverall tenfolds by

treatingeachpredictionasif it hadbeengeneratedfrom the samemodel. We sort the estimates

anduseall possiblesplit pointsto createthegraphs.

Figure4.10comparesperformancefor all levelsof learning.Adding multi-relationalfeatures

resultsin signi�cant improvements.Aggregatesprovidethemostbene�t for higherrecallswhereas

ruleshelp in themediumandlow rangesof recall. We believe this is becauseILP rulesaremore

accuratethantheotherfeatures,but have limited coverage.

Figure4.11 shows the averageareaunderthe precision-recall(AUC-PR)curve, usingTAN

asthestructurelearner, for eachlevel of learningde�ned in Figure4.3. It only considersrecalls
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Figure4.9 Precision-RecallCurvesfor ParameterLearning(Level 1) comparedto
StructureLearning(Level 2)

above 50%,asfor this applicationradiologistswould berequiredto performat leastat this level.

Weuseapairedt-testto comparetheareasunderthecurve(recall� 0.5)for every fold. Wefound

improvementof Level 2 overLevel 1 to bestatisticallysigni�cant with p-value< 0.01.According

to thepairedt-testthe improvementof Level 3 over Level 2 is alsosigni�cant (p-value< 0.01).

Furthermore,Level 4 signi�cantly improvesover Level 2 with p-value< 0.01. However, thereis

no signi�cant differencebetweenLevel 3 andLevel 4.

Table4.1 shows theresultsfor all threestructurelearningalgorithmsevaluated.TAN clearly

offersbetterperformancethannä�ve Bayesandthesparsecandidatealgorithm.Nä�ve Bayesper-

forms poorly for two reasons.First, the expert de�ned structurehasa similar topologyto nä�ve

Bayes,thusmakingit dif�cult for nä�veBayesto offer improvementon thestructurelearningtask.

Second,addingaggregateandview featuresviolatesthenä�ve Bayes' independenceassumption,

whichdegradesperformance.

Weranthesparsecandidatealgorithmwith thefollowing settings.Wesetthecandidateparent

setsizeto be� ve,weuseBayesianinformationcriteria(BIC) asthescoringfunctionandwestart
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StructureLearning Parameter Structure Aggregate View
Algorithm Learning Learning Learning Learning

Nä�veBayes 0.0428 0.0335 0.0257 0.0493
TAN 0.0428 0.0579 0.0743 0.0734

SparseCandidate 0.0428 0.0319 0.0324 0.0381

Table4.1 AverageAUC-PRfor Recall� 0.5for Nä�veBayes,TAN and
theSparseCandidateAlgorithm

with anemptynetwork structure.Thealgorithms'poorperformanceslikely indicatesthatBIC is

not well-suitedto �nding a network topologythat is goodat predictingonevariable,especially

whenstartingfrom an emptynetwork. Whenscoringthe network structureswith BIC, a more

appropriatecomparisonis to startwith a TAN network. Anotheralternative would be to usea

discriminativescoringfunctionsuchasconditionallog likelihood.

Now we canevaluatethe�rst two hypotheses.Theseresultscon�rm the�rst conjecture,asin

this taskconsideringrelationalinformationis still crucial for improving performance.Both rela-

tional approachesoutperformthepropositionalmethods.Theresultspartially supportthesecond

hypothesis.Moving up the learninghierarchyoutlinedin Figure4.3 mostly resultsin signi�cant

improvementin performance.

4.9 Inter estingViews

To evaluatetheclaim that theprocessof generatingtheviews in Level 4 canbeusefulto the

radiologist,wepresentedanexpertmammographer(ElizabethBurnside)with asetof 130rulesto

review. Shefoundseveralrulesinteresting,con�rming thethird hypothesis.Thefollowing rule is

of particularinterest:

Abnormality A in mammogramM may be malignant if:

A has BI-RADScategory 5, and

A has a mass present, and

A has a mass with high density, and

P has a prior history of breast cancer, and
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P has an extra finding on samemammogram(B), and

B has no pleomorphic microcalcifications, and
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MassDensity Benign(%) Malignant(%) Total
Fat-density 493(100.0) 0 (0.0) 493

Low 3406 (99.9) 2 (0.1) 3408
Equal 496 (96.7) 103(31.7) 324
High 221 (68.2) 103(31.7) 324
Total 4616 (97.4) 122 (2.6) 4738

Table4.2 Densityof Benignvs MalignantMasses

B had no punctate calcifications.

This rule identi�ed 42malignantmammographic�ndings while only misclassifying11benign

�ndings ascancer. The radiologistwas intriguedby this rule becauseit suggestsa hithertoun-

known relationshipbetweenmalignancy andhigh densitymasses.In orderto analyzethesecond

rule, theproportionof massesdiagnosedascancerthatwerehigh densitywascomparedwith the

proportionof benignmassesthatwerehigh density, asshown in Table4.2. We foundstatistically

signi�cant differencesin the rate of malignancy when comparingbasedon massdensity. The

fat densityandlow densitydescriptorswerecombinedfor this analysis(therewasno statistically

signi�cant differenceof malignancy in thesetwo groups).Fisher'sexacttest(Fisher, 1922)demon-

stratedsigni�cant differencesin therateof malignancy for high densityversusfat- or low-density

masses,high densityversusequaldensitymasses,andequaldensityversusfat- or low-density

masses(p < :001for all threecomparisons).In general,massdensitywasnot previously thought

to bea highly predictive feature,sothis rule is valuablein its own right (Burnsideetal., 2005).

4.10 RelatedWork

The work in this chapteris closely relatedto to the propositionalizationwhich is discussed

in moredepthin Section3.5. Another importantwork in this category was by Srinivasanand

King (1997). They combinedruleslearnedby anILP systemwith expertde�ned featuresfor the

taskof predictingbiologicalactivitiesof molecules.

Much effort hasbeeninvestedin investigatinghow to incorporateaggregatefeatureswithin

SRL. RelationalProbabilityTrees(Neville et al., 2003)useaggregationto provide extra features
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on a multi-relationalsetting,andarecloseto our Level 3 setting.Knobbeet al. (2001)proposed

numericaggregatesin combinationwith logic-basedfeatureconstructioninto an algorithm for

propositionalizingrelationaldatabases.PerlichandProvost(2003)discussseveralapproachesfor

attributeconstructionusingaggregatesover multi-relationalfeatures.Theauthorsalsoproposea

hierarchyof levelsof learning:featurevectors,independentattributesonatable,multidimensional

aggregationon a table,andaggregationacrosstables.Someof thesetechniquesin their hierarchy

couldbeappliedto performview learningin SRL.Venset al. (2004)investigatehow to introduce

aggregatesinto �rst-order decisiontreelearning. They proposedusingsimpleaggregates,which

applyto asingleliteral within aclause.They investigatedconstructingcomplex aggregates,which

allow aggregationoverclausesthatcontainmorethanoneliteral.

4.11 Chapter Summary

This chapterintroducesview learningfor SRL. View learninghelpsovercomethat fact that

many currentSRL algorithmscannotalter theschemaof a database.We presenta simple,multi-

stepalgorithmfor view learningthataugmentsa databaseschemaby introducingnew �elds. We

useastandardILP systemto learnthe�eld de�nitions. Theresultingapproachintegrateslearning

from attributes,aggregates,andrules.

We introducethe problemof labelingabnormalitieson mammogramasbenignor malignant

asan interestingandimportanttaskfor SRL. We demonstratethatsimple,propositionallearning

techniquescanimproveoveranexpertsystemfor this task.We furthershow thatSRL techniques

signi�cantly improve over propositionalmethods.Nevertheless,we found that the improvement

obtainedthroughtheuseof aggregation,asmightbeperformedfor exampleby aPRM,is roughly

equivalentto view learning.

Theprocessof generatingtheviews canprovide a bene�t to usersof a SRL system.Therules

canhelp elucidatepotentially interestingcorrelationsbetweenattributes. In our application,an

expertmammographerdiscovereda relationshipbetweenmalignancy andhigh densitymassesby

looking at the learnedviews. In general,massdensitywasnot previously thoughtto bea highly

predictive feature,sothis rule is valuablein its own right.
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Chapter 5

SAYU: A Framework for Integrated View Invention and Model
Construction

Thepreviouschapterdevelopedamulti-stepprocessfor learningnew views. In the�rst step,an

ILP algorithmlearnsa setof rules.Thesecondstepselectsa relevantsubsetof rulesfor inclusion

in the model. The third stepconstructsa statisticalmodel,which includesthe learnedrulesand

thepre-existing features.This approachsuffers from severalweaknesses.First, the rule learning

procedureis computationallyexpensive. Second,choosinghow many rulesto includein the�nal

modelis adif�cult tradeoff betweencompletenessandover�tting. Finally, thebestrulesaccording

to coveragemaynot yield themostaccurateclassi�er.

This chapterproposesanalternativeapproach,basedon theideaof constructingtheclassi�er

as we learn the rules. The new approachscoresrulesby how muchthey improve the classi�er,

providing atight couplingbetweenrulegenerationandruleusage.Wecall thismethodologyScore

AsYouUseor SAYU.

SAYU is closely relatedto Landwehr, Kerstingand De Raedt's (2005) contemporarywork

nFOIL andis alsorelatedto Popesculet al.'s (2003)work on StructuralLogistic Regression.The

relationshipsto theseimportantworksarediscussedin Section5.7.

SAYU representsa generalframework for dynamicallyconstructingrelationalfeaturesfor a

propositionallearner. In principle, SAYU could be implementedwith any featureconstruction

methodandany propositionallearning.Thischapterwill brie�y developthegeneralSAYU frame-

work anddescribeanimplementationof SAYU for classi�cation.

Thiswork originally appearedin Davis etal. (2005a)andDavis etal. (2007a).
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5.1 The SAYU Framework

The SAYU approach,startsfrom an emptymodel (or a prior model). Next, an ILP system

generatesrules,eachof which representsa new featureto beaddedto thecurrentmodel. SAYU

evaluateseachfeaturein thefollowing manner. It extendstheattributesavailableto propositional

learnerwith theruleproposedby theILP system.Thepropositionallearnerconstructsanew model

usingtheextendedfeatureset. Next, it evaluatesthegeneralizationability of themodelextended

with the new feature. SAYU retainsthe new model if the additionof the new featureimproves

the model's generalizationability; otherwiseit keepsthe original model. Figure5.1 presentsan

overview of SAYU' sprocessfor inducingnew features.

Start with 
empty model

Use ILP to propose 
feature F

generalization
ability improved?

Keep F

Y

Discard F

Stop
criteria
met?

N

Return final model

N

Y

Learn model including F

Figure5.1 GeneralSAYU Framework

5.2 SAYU with BayesianNetwork Classi�ers

Theinitial goalof theSAYU is to developaclassi�cationsystems.OurSAYU implementation

usesthe Aleph ILP systemasa rule proposerandnä�ve Bayesor TAN aspropositionallearn-

ers. SAYU modi�es thestandardAleph searchasfollows. Insteadof usingcoverageto evaluate

clauses,Aleph passeseachclauseit constructsto SAYU, which converts the clauseto a binary
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featureandaddsit to thecurrenttrainingset. Next, SAYU learnsa new modelincorporatingthe

new feature,andevaluatesthemodel(describedin thenext paragraph).If themodeldoesnot im-

prove, therule is not accepted,andcontrol returnsto Aleph to constructthenext clause.If a rule

is accepted,or thesearchspaceis exhausted,SAYU randomlyselectsanew seedandre-initializes

Aleph'ssearch.Thus,it is notsearchingfor thebestrule,but the�rst rulethatimprovesthemodel.

However, SAYU allows thesameseedto beselectedmultiple timesduringthesearch.Figure5.2

showsseveralmovesin SAYU' s learningprocedure.

Rule 3 Rule 14 Rule NRule 1
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Rule 3Rule 1
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�û=  0.00
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Figure5.2 Network A showstheinitial network structure.Network B shows theincorporationof
the�rst rule,which is retained,asit improvesthescore.Network C shows theincorporationof
thesecondrule,which is discarded,asit lowersthescore.Network D showsthenetwork after

discardingthesecondrule. Network E shows theincorporationof thethird rule,which is
retained,asit improvesthescore.Network F shows the�nal network.

In orderto decidewhetherto retaina candidatefeaturef , SAYU needsto estimatethe gen-

eralizationability of themodelwith andwithout thenew feature.SAYU doesthis by calculating
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Input : TrainSetLabelsT, TuneSetLabelsS, BackgroundKnowledgeB,
ImprovementThresholdp

Output: FeatureSetF , StatisticalModelM
/* Note the initial network will only have one feature: the

variable to predict */
F = ; ;
M = BuildBayesNet(T, F );
BestScore = AreaUnderPRCurve(M , S, F );
while timeremainsdo

done= false;Chooseapositiveexampleasaseedandinitialize Aleph
search;
repeat

f = Generatenew clauseaccordingto Aleph;
Fnew = F [ f ;
Mnew = BuildBayesNet(T, Fnew );
N ewScore = AreaUnderPRCurve(M , S, Fnew );
/* Retain this feature */
if (N ewScore � (1 + p) � BestScore) then

F = Fnew ;
BestScore = N ewScore;
M = M new ;
SelectedFeature = true;

end
else

/* revert back to old structure and continue
searching */

end
until not(SelectedFeature);

end
return M , F

Algorithm 1: SAYU Algorithm

theAUC-PR(Goadrichet al., 2004)on a tuningset. WhencalculatingtheAUC-PR,SAYU only

includesrecall levels of 0.2 or greater, as precisionhashigh variation for low levels of recall.

Algorithm 1 givespseudocodefor theSAYU algorithm.
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5.3 Datasets

We evaluateour algorithmwith four very differentdatasets.Two of the applicationsarerel-

atively novel: theMammographyandYeastProteindatasets.The third, Carcinogenesis, is well-

known in theinductivelogic programmingcommunity. The�nal domainis theUniversityof Wash-

ingtonUW-CSEdatasetthatis apopularbenchmarkin StatisticalRelationalLearning(Richardson

& Domingos,2006;Singla& Domingos,2005).

Mammography. The Mammographydatasetis the original motivationof this work. SeeSec-

tion 4.4for a morein depthdiscussionof thedataandmethodologyfor thisdataset.

YeastProtein. The secondtaskconsistsof learningwhethera yeastgenecodesfor a protein

involved in the generalfunction category of metabolism. The datafor this taskcomesfrom the

MIPS(MunichInformationCenterfor ProteinSequence)ComprehensiveYeastGenomeDatabase,

asof February2005(Mewesetal., 2000).Positiveandnegativeexampleswereobtainedfrom the

MIPS function category catalog. The positivesareall proteins/genesthat codefor metabolism,

accordingto the MIPS functional categorization. The negativesare all genesthat have known

functionsin the MIPS function categorizationanddo not codefor metabolism.Notice that the

samegenemaycodefor severaldifferentfunctions,or maycodefor differentsub-functions.The

datasetincludesinformationon genelocation,phenotype,proteinclass,andenzymes.It alsouses

gene-to-geneinteractionandproteincomplex data.Thedatasetcontains1,299positiveexamples

and5,456negative examples. We randomlydivide the datainto ten folds. Eachfold contains

approximatelythesamenumberof positiveandnegativeexamples.

Carcinogenesis. Thethird datasetconcernsthewell-known problemof predictingcarcinogenic-

ity testoutcomeson rodents(Srinivasan& King, 1997). This datasethasa numberof attractive

features:it is animportantpracticalproblem;thebackgroundknowledgeconsistsof a numberof

non-determinatepredicatede�nitions; experiencesuggeststhata fairly largesearchspaceneedsto

beexaminedto obtaina goodclause.Thedatasetcontains182positive carcinogenicitytestsand
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148negative tests.We randomlydivide thedatainto tenfolds. Eachfold containsapproximately

thesamenumberof positiveandnegativeexamples.

UW-CSE. The last datasetconcernslearningwhetheroneentity is advisedby anotherentity,

andcomesfrom real dataobtainedby RichardsonandDomingos(2006)from the Universityof

WashingtonCS Department.Thedatasetcontains113positive examplesand2,711negative ex-

amples.Following theoriginalauthors,wedivide thedatain � ve folds,eachonecorrespondingto

adifferentgroupin theCSDepartment.

5.4 Experimental Setupand Results

Methodology. On the�rst threedatasetsweperformstrati�ed, ten-foldcrossvalidationin order

to obtainsigni�canceresults.On eachroundof crossvalidation,bothapproachesuse� ve foldsas

a trainingset,four folds asa tuningsetandonefold asa testset. Both approachesonly saturate

examplesfrom thetrainingset.SincetheUW-CSEdatasetonly has� ve folds, theapproachesuse

two folds for a trainingsetandtwo foldsasa tuningset.

Experimental Parameters. ThecommunicationbetweentheBayesnet learnerandtheILP al-

gorithmis computationallyexpensive.TheBayesnetalgorithmmighthaveto learnanew network

topologyandnew parameters.Furthermore,it mustperforminferenceto computethescoreafter

incorporatinga new feature.TheSAYU algorithmis strictly moreexpensive thanstandardILP as

SAYU alsohasto provewhethera rulecoverseachexamplein orderto createthenew feature.To

re�ect theaddedcost,we usea time-basedstopcriteria for thenew algorithm. In effect, we test

whether, givenanequalamountof CPUtime, themulti-stepapproachor SAYU performsbetter.

To obtaina performancebaselinewe �rst rana setof experimentsthatusetheoriginal multi-

step process. In all experimentswe use Aleph (Srinivasan,2001) as the rule learning algo-

rithm. First, we useAleph running underinduce cover to learn a set of rules for eachfold.

Induce cover implementsaavariantof Progol'sMDIE greedycoveringalgorithm,whereit does

notdiscardpreviouslycoveredexampleswhenscoringanew clause.Second,weselectrulesusing
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a greedyalgorithm,wherewe pick the rule with the highestm-estimateof precisionsuchthat it

coversan unexplainedtraining example. Third, we convert eachrule into a binary featurefor a

nä�ve BayesandTAN classi�er. In thebaselineexperiments,we useboththetrainingandtuning

datato constructtheclassi�er andlearnits parameters.Furthermore,we recordtheCPUtime that

it tookfor eachfold to runto completion.Weusethistimeasthestopcriteriafor thecorresponding

fold whenevaluatingtheintegratedapproach.To offsetpotentialdifferencesin computerspeeds,

we runall of theexperimentsfor agivendataseton thesamemachine.
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Figure5.3 MammographyPrecision-RecallCurves

SAYU only usesthetrainingsetto learntherules.Additionally it usesthetrainingsetto learn

thestructureandparametersof the Bayesnet,andit usesthe tuning setto calculatethescoreof

a network structure.Again, it usesAleph to performtheclausesaturationandproposecandidate

clausesto includein the BayesNet. In orderto retaina clausein the network, the AUC-PRof

the Bayesnet incorporatingthe rule must achieve at leasta two percentimprovementover the

AUC-PRof prior Bayesnet.
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Dataset Aleph-Vote Aleph-NB Aleph-TAN SAYU-NB SAYU-TAN
Mammography 0.0862 0.133 0.126 0.247 0.269
YeastProtein 0.269 0.333 0.357 0.397 0.400

Carcinogenesis 0.555 0.566 0.568 0.567 0.558
UW-CSE 0.137 0.219 0.295 0.258 0.262

Table5.1 AverageAUC-PRfor Recall� 0.2

Dataset p-value p-value p-value p-value
SAYU-TAN vs. SAYU-TAN vs. SAYU-TAN vs. SAYU-TAN vs.

Aleph-Vote Aleph-NB Aleph-TAN SAYU-NB
Mammography 7.91� 10� 6 1.82� 10� 4 9.52� 10� 5 0.172
YeastProtein 2.59� 10� 6 0.00224 0.0434 0.789

Carcinogenesis 0.905 0.790 0.748 0.677
UW-CSE 0.00205 0.113 0.558 0.655

Table5.2 Summaryof p-valuesfor SAYU-TAN vs. OtherAlgorithms

Algorithm Clausesin Theory NumberPredicatesperClause ClausesScored
Aleph 99.6 2.82 620000

SAYU-NB 39.1 1.47 85300
SAYU-TAN 32.8 1.42 20900

Table5.3 Mammography. All metricsgivenareaveragesoverall tenfolds.

Algorithm Clausesin Theory NumberPredicatesperClause ClausesScored
Aleph 170 2.93 916000

SAYU-NB 13.9 1.14 190000
SAYU-TAN 12.5 1.15 132000

Table5.4 YeastProtein.All metricsgivenareaveragesoverall tenfolds.

Algorithm Clausesin Theory NumberPredicatesperClause ClausesScored
Aleph 186 3.59 3530000

SAYU-NB 8.7 1.67 875000
SAYU-TAN 12.1 1.95 679000

Table5.5 Carcinogenesis.All metricsgivenareaveragesoverall tenfolds.
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Algorithm Clausesin Theory NumberPredicatesperClause ClausesScored
Aleph 7.4 4.80 180000

SAYU-NB 13.0 2.96 5320
SAYU-TAN 13.6 2.68 6050

Table5.6 UW-CSE.All metricsgivenareaveragesoverall tenfolds.

In our experiments,we testthreehypotheses.First,we hypothesizethatusinga Bayesiannet-

work to combineruleswill producemoreaccurateresultsthanusingunweightedvoting. Second,

we hypothesizethat the SAYU procedureresultsin featuresthat arebettersuitedthana feature

constructioncriterionbasedoncoverage,asstandardAlephuses.Third, wehypothesizethatTAN

will resultin moreaccurateclassi�cationthannä�veBayes.

To testourhypotheses,weuse� vealgorithms:

1. Aleph-Vote: Thisalgorithmusesunweighedvoting to combinerulesandstandardAleph to

constructandselectfeatures.

2. Aleph-NB: This algorithmusesnä�ve Bayesto combinerulesandstandardAleph to con-

structandselectfeatures.

3. Aleph-TAN: ThisalgorithmuseTAN to combinerulesandstandardAleph to constructand

selectfeatures.

4. SAYU-NB: Thisalgorithmusesnä�veBayesto combinerulesandSAYU to selectfeatures.

5. SAYU-TAN: ThisalgorithmusesTAN to combinerulesandSAYU to selectfeatures.

Results. Figures5.3 through5.6 show precision-recallcurvesfor all four datasets.For all the

graphs,wegeneratethecurvesby poolingresultsoverall folds. Table5.1showstheaverageAUC-

PRfor recall � 0.2 for all algorithms.Table5.2 givesthep-value,computedusinga two-tailed,

pairedt-testcomparingtheAUC-PR(recall� 0.2)for everyfold, for SAYU-TAN versustheother

four algorithms.
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TheMammographydataset(Figure5.3) shows a clearwin for SAYU over theoriginal multi-

stepmethodology. We usethe pairedt-testto comparethe areasunderthe curve for every fold,

andfoundthedifferenceto bestatisticallysigni�cant at the99%level of con�dence. Thediffer-

encebetweenusingSAYU-TAN andSAYU-NB is not signi�cant. Thedifferencebetweenusing

TAN andnä�ve Bayesto combinethe Aleph learnedrules is alsonot signi�cant. Aleph-Vote is

signi�cantly outperformed,p-value< 0.05,by all theotherapproaches.Moreover, theresultsus-

ing SAYU matchour bestresultson this dataset(Davis et al., 2005b),which hadrequiredmore

computationaleffort.

TheYeastProteindataset(Figure5.4)alsoshowsawin for SAYU over theoriginalmulti-step

methodology. The differenceis not asstriking asin the Mammographydataset,mostly because

Aleph-TAN did very well on oneof thefolds. In this caseAleph-TAN is signi�cantly betterthan

Aleph-NB with 98%con�dence.SAYU-TAN learningis signi�cantly betterthanAleph NB with

99%con�dence,andAleph-TAN with 95%con�dence.SAYU-NB is betterthanAleph-NB with

99%con�dence.However, it is notsigni�cantly betterthanAleph-TAN (only at90%con�dence),

despitethefactthatSAYU-NB beatsit on nineoutof tenfolds. All otherapproachessigni�cantly

outperformedAleph-Votewith p-value< 0.01.

The resultsfor Carcinogenesis(Figure5.5) areambiguous:no methodis signi�cantly better

thantheother. Onepossibleexplanationis thatprecision-recallmightnotbeanappropriateevalu-

ationmetric for this dataset.Unlike theotherdatasets,this oneonly hasa smallskew in theclass

distribution and therearemorepositive examplesthannegative examples. A moreappropriate

scoringfunction for this datasetmight be the areaunderthe ROC curve. We ran SAYU using

thismetric,whichcanbeseenin Figure5.7,andagainfoundnodifferencebetweentheintegrated

approachandthemulti-stepmethod.We believeanessentialpieceof futurework is to run a sim-

ulationstudyto try to betterdiscerntheconditionsunderwhich theSAYU algorithmprovidesan

advantageover themulti-stepapproach.

The resultsfor theUW-CSEdataset(Figure5.6) arealsoinconclusive. SAYU-TAN, SAYU-

NB, Aleph-TAN andAleph-NB all achieve roughly the sameareas,and the differencesamong

them are not signi�cant. Aleph-Vote is signi�cantly outperformed,p-value < 0.06, by all the
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otherapproaches.However, it is interestedto make a simplecomparisonto Markov Logic Net-

works (MLNs) on this dataset.Using the samefolds for 5-fold cross-validationusedin (Singla

& Domingos,2005),SAYU with eitherTAN or nä�ve BayesachieveshigherAUC-PR(recall �

0, than MLNs; speci�cally, SAYU-TAN achieves 0.414,SAYU-NB achieves 0.394,and MLN

achieves0.295(takenfrom (Singla& Domingos,2005)).Wedonotknow whetherthecomparison

with MLN is signi�cant, becausewedonot have theper-fold numbersof MLN.

Computational Costof SAYU. As discussedbefore,runningSAYU is costly, asit needsto build

a new propositionalclassi�er when evaluatingeachrule. Moreover, the differencesin scoring

methodsmayleadto learningverydifferentsetsof clauses.Tables5.3through5.6displayseveral

statisticsfor the all four datasets.First, we look at the averagenumberof clausesin a theoryin

the multi-stepapproach,andcompareit with SAYU-NB andSAYU-TAN. Second,we compare

averageclauselength,measuredby thenumberof literalsperclausebody. Finally, we show the

averagenumberof clausesscoredin eachfold. Table5.3 shows thatSAYU' s theoriescontainfar

fewer clausesthanthemulti-stepalgorithmin Mammography. Moreover, it �nds shorterclauses,

someevenwith a singleattribute. The two columnsarevery similar for SAYU-NB andSAYU-

TAN. The last columnshows that the costof usingSAYU is very high on this dataset:we only

generatea tenthof the numberof clauseswhenusingnä�ve Bayes. Resultsfor SAYU-TAN are

evenworseasit only generates3%asmany clausesastheoriginalAlephrun. Evenso,theSAYU-

basedalgorithmsperformbetter.

TheYeastdataset(Table5.4)tellsasimilarstory, astheSAYU-basedapproachesrequirefewer

clausesto obtaina betterresult. Again, SAYU generatessmallerclauseswith theaverageclause

lengthlower thanfor Mammography. Thecostof implementingSAYU is lessin thiscase.Webe-

lievethis is becausethecostof transportingthebitmaps(representingthenew feature)throughthe

Java-Prologinterfaceis smaller, sincethedatasetis not aslarge.Carcinogenesis(Table5.5)again

showsSAYU-basedapproacheslearningsmallertheorieswith shorterclauses,andpayingaheavy

pricefor interfacingwith thepropositionallearning.Carcinogenesisis thesmallestbenchmark,so

its costis smallerthanMammographyor YeastProtein.Finally, on theUW-CSEdataset,SAYU
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endsup with a modelthat includesmorerulesthanAleph. However, the rulesareagainshorter

thanthosefoundby Alephandit evaluatesfewer rulesthanAleph.

Discussion. Theempiricalresultscon�rm out �rst hypothesis.We seea signi�cant win through

combiningrulesusinga Bayesiannetwork over unweighted-voting on all datasetsexceptfor car-

cinogenesis.In termsof our secondhypothesis,usingSAYU to selectrulesresultsin signi�cant

improvementon two domains.It is interestingto notethatSAYU offersthe improvementin per-

formanceon thetwo largestdomains.

In threeout of four datasets,the theory found by SAYU consistsof signi�cantly fewer and

in all casesit resultsin shorterclauses.Even with the simplerclassi�er, SAYU doesat leastas

well asthe multi-stepapproach.Furthermore,SAYU achievesthesebene�ts despiteevaluating

signi�cantly fewer rulesthanAleph.

All our resultsshow nosigni�cant bene�t from usingSAYU-TAN overSAYU-NB, contradict-

ing ourthird hypothesis.Webelievetherearetwo reasonsfor that.First,theSAYU algorithmitself

might besearchingfor independentattributesfor theclassi�er, especiallywhenusingSAYU-NB.

Second,nä�ve Bayesis computationallymoreef�cient, asthenetwork topologyis �x ed. In fact,

only theconditionalprobabilitytablecorrespondingto thenewly introducedrule mustbebuilt in

orderto evaluatethenew rule. Thus,SAYU-NB bene�ts from consideringmorerules.

5.5 SAYU-View: Incorporating Initial FeatureSets

TheprevioussectionreportedthatSAYU performsonparwith Level 3 andmulti-stepLevel 4

from thepreviouschapter. However, in theseexperimentsSAYU servesonly asa rule combiner

only, not asa tool for view learningthat adds�elds to the existing setof �elds (features)in the

database(Davis et al., 2005a). We modify SAYU to take advantageof the prede�nedfeatures

yielding a moreintegratedapproachto View Learning.Here,we reporton a morenaturaldesign,

calledSAYU-View, whereSAYU startsfrom theLevel 3 network. Algorithm 2 givespseudocode

for theSAYU-View algorithm.
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Input : TrainSetLabelsT, TuneSetLabelsS, BackgroundKnowledgeB,
Initial FeatureSetFinit , ImprovementThresholdp

Output: FeatureSetF , StatisticalModelM
F = Finit ;
/* This model will contain all the features in F init in

addition to the variable to predict */
M = BuildBayesNet(T, F );
BestScore = AreaUnderPRCurve(M , S, F );
while timeremainsdo

done= false;Chooseapositiveexampleasaseedandinitialize Aleph
search;
repeat

f = Generatenew clauseaccordingto Aleph;
Fnew = F [ f ;
Mnew = BuildBayesNet(T, Fnew );
N ewScore = AreaUnderPRCurve(M , S, Fnew );
/* Retain this feature */
if (N ewScore � (1 + p) � BestScore) then

F = Fnew ;
BestScore = N ewScore;
M = M new ;
SelectedFeature = true;

end
else

/* revert back to old structure and continue
searching */

end
until not(SelectedFeature);

end
return M , F

Algorithm 2: SAYU-View Algorithm

5.6 Further Experimentsand Results

We useessentiallythe samemethodologyasdescribedpreviously for the initial approachto

view learning. On eachroundof cross-validation,SAYU-View usesfour folds asa training set,

� ve foldsasa tuningsetandonefold asa testset.It only saturatesexamplesfrom thetrainingset.

SAYU-View usesonly thetrainingsetto learntherules.Thekey differencebetweeninitial Level 4
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Figure5.8 Precision-RecallCurvesfor EachLevel of Learning

andSAYU-View is thefollowing: for SAYU-View usesthetrainingsetto learnthestructureand

parametersof theBayesnet,andthetuningsetto calculatethescoreof a network structure.The

multi-stepapproachusesthetunesetto learnthenetwork structureandparameters.

In orderto retainaclausein thenetwork, theareaundertheprecision-recallcurveof theBayes

net incorporatingthe rule mustachieve at leasta two percentimprovementover the areaof the

precision-recallcurveof thebestBayesnet.Themaingoalis to usethesamescoringfunctionfor

both learningandevaluation,sowe useareaundertheprecision-recallcurve asthescoremetric.

As in thepreviouschapter, theareaundertheprecision-recallcurve metric integratesover recall

levelsof 0.5or greater.

As mentionedpreviously (seeSection5.4), the time requiredto scorea rule usingSAYU has

increased.To re�ect the addedcost,SAYU-View usesa time-basedstopcriteria. For eachfold,

we usethetimesfrom thebaselineexperimentsin (Davis et al., 2005a).In practice,thesesettings

resultedin evaluatingaround20000clausesfor eachfold, requiringonaveragearound4 hoursper

fold on aXeon3MHz classmachine.
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Figure5.9 AverageAreaUndertheCurveFor Recalls� 0.5on MammographyDataset

Figure5.8includesacomparisonof SAYU-View to aggregatelearning(Level 3) andthemulti-

stepalgorithmview learning(Level4). Again,weperformatwo tailedpairedt-testontheAUC-PR

for levelsof recall � 0:5. SAYU-View performssigni�cantly betterthanboth theseapproaches

with p-value< 0.01. Although not includedin the graph,SAYU-View performsbetterthanthe

SAYU-TAN (no initial features),thoughthedifferenceis notsigni�cant (p-value< 0:18). SAYU-

View alsoperformsbetterthanLevel 1 andLevel 2 with a p-value< 0:01. Theintegratedframe-

work for Level 4 now yieldsasigni�cant improvementoverall thelower levelsof learningde�ned

in thehierarchyin Figure4.3.

Figure5.9showstheaverageAUC-PRfor levelsof recall� 0:5 for Level3, theinitial approach

to Level 4, andSAYU-View. TheaverageAUC-PRfor SAYU-View yieldsa 31%increasein the

averageAUC-PRover theinitial approachto Level 4. Furthermore,it resultsin anincreasein the

averageAUC-PRof 30%overLevel 3.
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5.7 RelatedWork

Themostcloselyrelatedto ours,(donein parallelwith SAYU) is by Landwehr, Kerstingand

De Raedt(2005). That work presenteda new systemcallednFOIL. The signi�cant differences

in the two piecesof work appearto bethe following. First, nFOIL scoresclausesby conditional

log likelihoodratherthanimprovementin classi�er accuracy or classi�er AUC (areaunderROC

or PRcurve). Second,nFOIL canhandlemultiple-classclassi�cationtasks,which SAYU cannot.

Third, thework with SAYU reportsexperimentson datasetswith signi�cant classskew, to which

probabilisticclassi�ers are often sensitive. Finally, both paperscite earlier work showing that

TAN outperformednä�veBayesfor rule combination(Davis et al., 2004).However, theempirical

resultswith SAYU show thatonceclausesarescoredasthey areactuallyused,theadvantageof

TAN seemsto disappear. Morespeci�cally, TAN no longersigni�cantly outperformsnä�veBayes.

Hencethepresentchaptermaybeseenasprovidingsomejusti�cation for thedecisionof Landwehr

et al. to focuson nä�ve Bayes.More recently, Landwehret al. (2006)have proposedthekFOIL

system.This systemfollows thesameideaasnFOIL, exceptit usesa simplerelationalkernelas

thestatisticalmodel.Theuseof akernelpermitsthekFOIL systemto handleregressiontasks.

Thework by PopesculandUngar(2003)onstructurallogisticregressionalsointegratesfeature

generationandmodelselection. Their work constructsfeaturesthat canbe usedby a statistical

learningalgorithm. Featurede�nitions are in SQL queriesand the statisticallearneris logistic

regression,but thesearenot especiallyimportantdifferences.Thiswork alsoallows for aggregate

functionsto appearin thefeaturede�nitions. Thedrawbackto thisapproachis thatit is extremely

computationallyexpensive. In fact, they reportonly searchingover queriesthat containat most

two relations.In ILP, this would beequivalentto only evaluatingclausesthatcontainat mosttwo

literals.

5.8 Chapter Summary

This chapterproposesan integratedframework, calledSAYU, for constructingrelationalfea-

turesandbuilding statisticalmodels.Thisframework alleviatesamajordrawbackto themulti-step
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approachdescribedin Chapter4: by only selectingrulesthat improve theperformanceof thesta-

tisticalclassi�er thatis beingconstructed.Finally, wepresentSAYU-View, asimpleextensionthat

allowsSAYU to begin with aninitial featureset.

We discussan implementationof the SAYU framework that usesBayesiannetworks as the

underlyingclassi�er. We empiricallydemonstratethatSAYU leadsto moreaccuratemodelsthan

themulti-stepmethodology. SAYU alsoconstructssmallertheoriesthanthemulti-stepapproach.

WefoundthatSAYU-View resultsin signi�cantly moreaccuratemodelsonthemammographydo-

main.Speci�cally, SAYU-View performsbetterthananSRLapproachthatonly usesaggregation.

SAYU' s empiricalsuccessis quitesurprising,asat �rst glanceit would appearto be too expen-

sive to build a new statisticalclassi�er for eachrule scored.SAYU overcomesthe computation

costin two ways. First, it usessimplestatisticalmodels.Second,it is ableto �nd small rule sets

containingshortrulesthatperformwell. SAYU can�nd thesetheorieswith very little search.
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Chapter 6

Combing SAYU and Multiple-Instance Regressionfor Drug Ac-
tivity Prediction

Thepreviousthreechaptershaveshown theeffectivenessof combininglearnedrelationalrules

usingastatisticalclassi�er. SAYU, themostsuccessfulof theseapproaches,actuallyscorescandi-

daterelationalrulesby theirability to improvethestatisticalclassi�er. Thepresentchapterextends

theSAYU approachto multiple-instance,real-valuedprediction.While suchpredictionis useful

for many applications,our motivatingapplicationis drugdesign,speci�cally, predictingthereal-

valuedbinding af�nities of small moleculesfor a �x ed target protein. This chaptermakes two

contributions.First it demonstratesthefeasibility andutility of extendingSAYU to othertypesof

tasks,suchasmultiple-instance,real-valuedprediction,usinga real-world applicationof signi�-

cancefor societyandfor themachinelearningcommunityin particular. Second,thechaptershows

empirically thatusingmultiple-instanceregressionin this context carriessigni�cant bene�t over

usingordinaryregression.

Thiswork originally appearedin Davis etal. (2007b).

6.1 Background and RelatedWork

Drugsaresmallmoleculesthataffectdiseaseby bindingto a targetproteinin thehumanbody;

the target may be a humanproteinor a proteinbelongingto somepathogenthat hasenteredthe

body. Machinelearningis potentiallyusefulin a numberof stepsin thedrugdesignprocess:for

example,analysisof gene-expressionmicroarraydataor proteomicsdatausingmachinelearning
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Figure6.1 ACE inhibitor with highlighted4-pointpharmacophore.ThepointB is azinc-binding
site.PointsC,D,Earehydrogenacceptors.

mayhelp to identify targetproteins;analysisof datafrom X-ray crystallographyor nuclearmag-

netic resonancespectramayhelpdeterminethestructureof a target; analysisof thestructuresof

activemolecules—thosethatbindtoatarget—mayguidein thedesignof moleculeswith improved

activity.

Thefocusof this chapteris on thelastof thesemachinelearningapplications,which is known

aspredictingThree-dimensionalQuantitativeStructure-Activity Relationships(abbreviatedas3D-

QSARs).Each3D-QSARtaskis de�ned by a targetprotein,typically whose3D structureis not

known. Giventhestructuresof a setof moleculesandtheir known bindingaf�nities to thetarget,

the taskis to constructa modelthat accuratelypredictsthe real-valuedbinding af�nities of new

smallmoleculesto thetarget,basedon their three-dimensionalstructures.

Predictionof structure-activity relationshipsis a particularly signi�cant applicationfor ma-

chinelearningfor at leasttwo reasons.First, thepotentialbene�t for societyis large: thepresent
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Figure6.2 ContrastingSupervisedandMultiple-InstanceLearning

drug developmentcycle is time-consumingandexpensive, estimatedat closeto onebillion U.S.

dollarsperdrugthatmakesit to market (DiMasi et al., 2003;Adams& Brantner, 2004).Second,

theapplicationhasdemonstratedpotentialto motivateimportantadvancesin machinelearning;it

hasmotivatedtheparadigmof multiple instancelearning(Dietterichet al., 1997)andoneof the

�rst usesof relationallearningalgorithmsasfeatureconstructors(King, 1991).While thosecon-

tributionscamefrom theclassi�cationtask,predictingreal-valuedbindingaf�nities is perhapsan

evenmoreimportanttask.Chemistsprefermodelsthatpredictreal-valuedbindingaf�nity , which

canbeusedto identify moleculesthatarelikely to haveparticularlyhighbindingaf�nities.

A key obstaclein thedrugdesignprocessis that thestructureof a targetproteincannotoften

be determined.In this scenario,researchersmayuse“high-throughputscreening”to testa large

numberof smallmoleculesto �nd somethatbind to the target. Themoleculesthatbind usually

cannotbeusedasdrugsfor variousreasons,typically relatedto ADMET (absorption,distribution,

metabolism,eliminationandtoxicity). Nevertheless,someof these“hits” maybeusedasa “lead”
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in thesearchfor anappropriatedrug; this leadthenneedsto be“optimized,” or modi�ed in order

to have an appropriatebinding af�nity andthe otherpropertiesnecessaryin a drug, suchaslow

sideeffects.

active(M):- MoleculeM is active if
conf(M, C), M hasaconformationC
hacc(M, C, P1), C hasa hydrogenacceptorat locationP1
hacc(M, C, P2), C hasa hydrogenacceptorat locationP2
hacc(M, C, P3), C hasa hydrogenacceptorat locationP3
pos charge(M, C, P4), C hasa positively 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

Table6.1 An exampleof a4-pointpharmacophorelearnedby Aleph for thedomainof
thermolysininhibitors.Theleft columnshows the�rst-order logical clausein Prolognotation,

while theright columnshowsthesemanticsof eachliteral.

To guidetheleadoptimizationprocess,researcherstry to �nd similaritiesbetweenthemostac-

tivemoleculesthatareideally not sharedby any of thelessactive molecules.We brie�y describe

thetypesof similaritiesthatareusefulin predictingbindingaf�nity . A smallmoleculebindsto a

proteinprimarily basedon electrostaticandhydrophobicinteractions.Themostcommonelectro-

staticinteractionis thehydrogenbond,whereanatomcarryingaslightnegativecharge,suchasan

oxygen(a“hydrogenacceptor”),ononemoleculeis attractedto ahydrogenatomcarryingaslight

positive charge (a “hydrogendonor”) on the othermolecule.Hydrophobicinteractionstypically

occurwhenhydrophobesfrom the two moleculesshieldeachother from the surroundingaque-

ous environment. Becauseboth electrostaticand hydrophobicinteractionsare weaker than the

ordinarycovalentbondsformedwithin a molecule,several suchinteractions—typicallythreeto

eight—arerequiredin orderfor asmallmoleculeto bindto aprotein.Therefore,to bind to agiven

targetproteinat a particularsite,a smallmoleculeneedstheright combinationof chargedatoms

and/orhydrophobicgroupsat the right locations. In otherwords,the binding siteson the small

moleculeandproteinneedto becomplementary, muchasa key is to a lock—acommonanalogy
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in drug design. Given a set of active molecules,a computationalchemistmay searchfor con-

formersof theactivemoleculesthatsharesomethree-dimensionalarrangementof chargedatoms,

suchaspotentialhydrogendonorsandacceptors,andhydrophobicgroups,suchassix-membered

carbonrings. This three-dimensionalsubstructureis sometimescalleda pharmacophore. Fig-

ure 6.1 shows an examplemoleculewith a highlightedpharmacophorethat allows it to inhibit

Angiotensin-ConvertingEnzyme(ACE).

Onechallengearisesfromthefactthateachmoleculemayhavemultiplelow-energy3Dshapes,

or conformers, andany oneof theseconformersmaybetheonethatbindsto thetarget.3D-QSAR

approachesdirectly addressthemultiple 3D conformersof molecules.Theseapproachesinclude

both special-purposealgorithmsfor 3D-QSAR and mechanismsfor applying machinelearning

algorithmsto themultiple 3D conformersof molecules.CoMFA andrelatedapproachesrely on

carefulfeatureconstructionbasedon structuralpropertiesatgrid pointsde�ned on themolecule's

surface(for example,seeCrameret al. (1988)).DISCO(Martin et al., 1993)usesa cliquedetec-

tion algorithm(Brint & Willett, 1987)to predictpharmacophoresfrom the conformersof active

molecules. The COMPASS algorithm(Jainet al., 1994a;Jainet al., 1994b)selectsandaligns

conformers—oneper active molecule—andgeneratesa featurevectorfor eachmolecule,where

thefeaturesarethe lengthsof rayspassingthroughthemoleculeat speci�edorientations.COM-

PASS thenusesa neuralnetwork to learneithera classi�er or real-valuedpredictorof af�nities;

oncethemodelhasbeenlearned,COMPASStriesto improvethe�t by revisiting theselectionand

alignmentof conformers,anditeratesuntil convergence.

Anotherapproachto predictingbinding af�nities is basedon relationallearning(Finn et al.,

1998;Marchand-Genesteetal., 2002),in particularinductive logic programming(ILP). This ILP-

basedframework startswith a �rst-order logical descriptionof eachmolecule. This description

detailsthelocationsof eachatomandbondin themolecule.Additionally, thebackgroundknowl-

edgecontainsrelationaldescriptionsof commongroupsof atoms.For example,thebackground

knowledgecanspecify that a methyl groupconsistsof a carbonatomboundto threehydrogen

atomswith singlebonds. A k-point pharmacophore in this representationis a �rst-order clause

thathask literals,eachdescribinga distinctchemicalgroup(suchasmethyl), and
� k

2

�
“distance”
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literals. Eachdistanceliteral storesthe Euclideandistancebetweentwo chemicalgroups.Since

thedistancesin any two givenmoleculesareunlikely to beexactly thesame,the literal includes

a tolerancethat speci�eshow mucheachdistanceis allowed to vary. Given this representation,

theapproachusesanILP systemto hypothesizepharmacophoresthatcausethedesiredinteraction

betweenknown activemoleculesandthetarget.TheILP systemsearchesoverthespaceof clauses

(pharmacophores)usinganobjective functionsuchasthefollowing: any k-point pharmacophore

thatappearssigni�cantly moreoften in active moleculesthanin inactive onesis hypothesizedto

beaninteraction-causingpharmacophore.Table6.1showsanexamplepharmacophorelearnedby

theAleph ILP systemfor thedomainof thermolysininhibitors.

In order to predict real-valuedactivities, the ILP-basedapproachtreatslearnedclausesas

binary-valuedfeaturesand generatesa binary (0/1) value dependingon whetherthat molecule

satis�esthegivenclause(i.e., hasthespeci�ed pharmacophorein anyconformation).Of course,

usingthisrepresentation,theinactive(or “lessactive”) moleculeswill havefeaturesthataremostly

zero,which will likely leadto pooractivity estimates.Thus,the ILP-basedapproachalsolearns

a set of featuresthat are more frequentin the inactive moleculesthan in the active molecules,

andgeneratesthecorrespondingfeaturevectors.This proceduregeneratesa singlefeaturevector

for eachmolecule. This representationcanthenbe usedto learna regressionmodelusingstan-

dardlinearregression(Marchand-Genesteetal., 2002),which canpredictactivity levelsfor novel

molecules.

Marchand-Genesteet al. (2002)foundthatthis approachimprovesperformanceover CoMFA

(Crameret al., 1988). Despiteits empirical success,this approachstill hastwo shortcomings.

First,eventhoughthegoal is to optimizetheaccuracy of thereal-valuedprediction,therelational

learningprocedureis not guidedby this goal but ratherby a different scoringfunction that is

usuallybasedon thecoverageof theruleson thetrainingset.Second,by operatingon onefeature

vectorpermolecule,regressionignorestheinherentmultiple-instancenatureof 3D moleculardata

(Dietterichet al., 1997). Informationaboutthe individual conformersis lost whenwe construct

onefeaturevectorpermolecule.
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6.2 The MIR-SAYU Algorithm

OuralgorithmfollowstheILP-basedapproachjustdescribed,but with two signi�cant changes.

First, it usesthe“ScoreAs YouUse”methodto learnrulesdirectly judgedashelpful to regression.

For eachpotentialpharmacophore,or rule,thatmustbescored,werecomputetheregressionmodel

andcheckwhetherit generalizesbetterthanthemodelthatdoesnotusethecandidaterule. Thus,a

pharmacophoreis includedin theregressionmodelonly if it helpstopredicttheobservedactivities.

Second,we replacestandardregressionwith multiple-instanceregression(Ray & Page,2001)

whenpredictingactivity.

In supervisedlearning,eachexampleconsistsof afeaturevectoranda label.Multiple-instance

learninggeneralizessupervisedlearningby representingexampleswith multisets, or bags,of fea-

ture vectors. It associateseachbagwith a classlabel in a classi�cationsettingor a real-valued

responsein a regressionsetting. Figure6.2 contrastssupervisedlearningwith multiple-instance

learning. Therefore,whenwe evaluatea setof rules,we constructone featurevectorper con-

formerratherthanonefeaturevectorpermolecule.In multiple-instanceterminology, a molecule

is abag,andeachinstancein thebagis afeaturevectorrepresentingaconformerof thatmolecule.

Multiple-instanceregressionoperateson dataof this form, with onereal-valuedresponseperbag,

which is theactivity level of themolecule.In thefollowing sections,wedescribeeachcomponent

of thisapproachin detail.

6.2.1 ScoringCandidateRuleswith SAYU

In relationalapproachesto 3D-QSAR,asdescribedabove, an ILP systemgeneratesrulesde-

scribingpharmacophores.In prior work (Finn et al., 1998;Marchand-Genesteet al., 2002),this

systemrunsto completion,anda subsetof therulesfoundareusedto build themodel. This ap-

proachreliesontheILP system'sscoremetricto evaluaterulequality. Themostcommonmetricis

coverage, which is de�ned asthedifferencebetweenthenumberof active andinactivemolecules

thatsatisfya rule. The�nal modelis built from theruleswhich have thehighestcoverages.This

approachhasseveraldrawbacks.First, runningto completionmaytake a long time. Second,the
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rulesmaynot beindependent,leadingto a modelwith dependentattributes.Third, choosinghow

many rulesto includein the�nal modelis adif�cult tradeoff betweencompletenessandover�tting.

Finally, thebestrulesaccordingto coveragemaynot giveusthemostaccurateactivity model.

Many of thesedrawbackscanbeovercomeby interleaving therulelearningandmodelbuilding

processes.In our work, we accomplishthis interleaving by extendingtheSAYU approach(Davis

et al., 2005a)to theMI regressionsetting.In theSAYU approach,we startfrom anemptymodel

(or aprior model).Next, anILP systemgeneratesrules,eachof which representsanew featureto

beaddedto thecurrentmodel. We thenevaluatethegeneralizationability of themodelextended

with the new feature. We retain the new model if the additionof the new featureimprovesthe

model'sgeneralizationability; otherwiseweremainwith theoriginalmodel.This resultsin atight

couplingbetweenfeatureconstructionandmodelbuilding.

To apply SAYU to our task,we needan ILP systemto proposerules. In our work, we use

Aleph, which implementstheProgolalgorithm(Muggleton,1995)to learnrules. This algorithm

inducesrulesin two steps.Initially, it selectsa positive instanceto serve asthe “seed”example.

It thenidenti�es all thefactsknown to betrueabouttheseedexample.Thecombinationof these

factsformstheexample'smostspeci�c or saturatedclause.Thekey insightof theProgolalgorithm

is thatsomeof thesefactsexplainthisexample'sclassi�cation.Thus,generalizationsof thosefacts

couldapplyto otherexamples.Aleph thereforeperformsa general-to-speci�csearchover theset

of rulesthatgeneralizea seedexample's saturatedclause.Thus,in our application,Aleph picks

an “active” molecule,andgeneratespotentialk-point pharmacophoresfrom it. It continuesuntil

either�nding a potentialpharmacophorethathashigh coverageor thesearchspaceis exhausted.

In thelattercase,thesearchrestartswith adifferentseed.

SAYU modi�es thestandardAleph searchasfollows. In contrastto Aleph,SAYU allows any

example,positiveor negative,to beselectedasaseed,becauseit is possiblefor thegeneralization

of any exampleto improve the �nal regressionmodel. Insteadof usingcoverage,Aleph passes

eachclauseit constructsto SAYU, which converts the clauseto a binary featureandaddsit to

thecurrenttrainingset. Next, SAYU learnsa modelincorporatingthenew feature,andevaluates

themodel(describedbelow). If themodeldoesnot improve, therule is not accepted,andcontrol
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returnsto Alephto constructthenext clause.If a rule is accepted,or thesearchspaceis exhausted,

SAYU randomlyselectsa new seedandre-initializesAleph's search.Thus,we arenot searching

for thebestrule,but the�rst rule that improvesthemodel.However, SAYU allows thesameseed

to be selectedmultiple timesduring the search.Sincethe searchspaceis extremely large, it is

impracticalto searchit exhaustively. Further, this may leadto over�tting. Therefore,asin prior

work (Davis et al., 2005a),we terminatethe searchafter a certainamountof time. The pseudo

codefor MIR-SAYU canbefoundin Algorithm 3.

In ordertodecidewhetherto retainacandidatefeaturef , weneedtoestimatethegeneralization

ability of themodelwith andwithout thenew feature.In our work, we do this by estimatingthe

test-setr 2 of eachmodel,de�ned as:

Test-setr 2 = 1 �
P

i (Yi � pi )2

P
i (Yi � ai )2

; (6.1)

wherei rangesover testexamples,Yi denotesthetrueresponseof thei th testexample,pi denotes

thepredictedresponseof thei th testexampleusingourmodel,andai denotestheaverageresponse

on the training set. Thus,r 2 measuresthe improvementin squarederror obtainedby usingour

modelovera baselineconstantprediction.Observe thatif pi = ai , r 2 = 0, andif pi = Yi , r 2 = 1.

Thus,a higher test-setr 2 indicatesa modelwith bettergeneralizationability. Note thoughthat

unlikeordinaryr 2, it is possiblefor test-setr 2 to benegative,sincepredictionsaremadeon novel

datapoints.To estimatetest-setr 2 for our models,we useinternal n-fold crossvalidationon our

training set. In turn, we hold out onefold andlearna modelusingthe remainingfolds. We use

the modelto make predictionson the held-outdata. At theendof this procedure,we have a set

of predictionsfor eachheld-outfold. We thenpool thesepredictionsacrossall folds andcalculate

thetest-setr 2 metricfor themodelcontainingf over thefull setof predictions.To decidewhether

to retainthecandidatefeature,we stipulatethat thetest-setr 2 of themodelwith f mustimprove

over the model without f by a certainfraction, p, which we call the improvementthreshold.1

While suchcross-validationis computationallyexpensive, we have observed that it signi�cantly

1A moreprincipledsolutionmight beto usea statisticalhypothesistestbetweenestimatesof thetest-setr 2 mea-
suresof thetwo models.We have tried this; however, sincewe generallyhaveverysmallsamplesin ourexperiments,
we did notobtainconsistentresultswith this approach.
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Input : TrainSetT, Numberof Foldsn, ImprovementThresholdp, Stop
Criteria

Output: Multiple-InstanceRegressionModelM , FeatureSetF
DivideT into n folds ;
Let Ti = train datafor fold i ;
Let Si = scoresetfor fold i ;
F = ; ;
while stopcriteria notmetdo

BestScore = 0;
selectedFeature = false;
Chooseanexampleasaseedandinitialize Alephsearch;
repeat

f = Generatenew clauseaccordingto Aleph;
Predictions = ; ;
/* for each fold */
for (i = 0; i < n; i + +) do

/* build a new model incorporating f */
M = BuildMIRModel(Ti ; F [ f );
/* collect the predictions the new model makeson

the score set */
Predictions = Predictions [ PredictOutput(M ; Si ; F [ f ) ;

end
N ewScore = r 2(Predictions);
/* Check whether we should retain this feature in the

model */
if (N ewScore � (1 + p) � BestScore) then

/* update the final model, which is built on the
whole train set */

F = F [ f ;
M f inal = BuildMIRModel(T; F );
BestScore = N ewScore;
/* break out of the repeat-until loop to select a

new seed example */
selectedFeature = true;

end
else

/* revert back to old structure and continue
searching */

end
until not(selectedFeature);

end
return M f inal , F

Algorithm 3: MIR-SAYU Algorithm
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improvesthe quality of the featuresaddedto our modelsandreducesover�tting to the training

set. Further, sincewe imposean externaltime constrainton SAYU asdescribedin the previous

paragraph,thisproceduredoesnotslow down ourempiricalevaluation.After asetof featureshave

beenselectedusingthe cross-validationprocedure,we learnthe �nal model,which incorporates

all selectedfeatures,usingtheentiretrainingset.Weusethismodelto makepredictionsonunseen

examples.This procedurepreventsfeaturesthatdo not helppredictactivity from beingaddedto

theregressionmodel.However, notethat it mayaddfeaturesthathelpexplain low activity. Such

featureswill beassociatedwith negativecoef�cients in theregressionmodel.

6.2.2 Predicting Activity with MI Regression

In this section,we presentour multiple-instanceregressionmodel that we useto predict the

activity of molecules.Thesearethemodelsthat theSAYU procedureconstructswhenevaluating

candidatefeatures.

The relationallearningproceduredescribedin Section6.1 resultsin a single featurevector

describingeachmolecule. In prior work (Marchand-Genesteet al., 2002), thesefeatureshave

beenusedasinputsto a linearregressionprocedureto predictactivity. Linearregressionon these

featureswill beeffective in predictingactivity if thefollowing assumptionholds: theactivity of a

moleculeis a linear functionof thepharmacophoresit hasin at leastoneof its conformations. This

assumptionis somewhatunsatisfactory, aswetreatmoleculeswhereall pharmacophoresmatchthe

sameconformation(s)andmoleculeswhereeachpharmacophoresmatchesa differentconforma-

tion in exactly thesameway. Chemically, activity is likely to bea functionof speci�c conforma-

tion(s)of themolecule,andthis informationhasbeenlost. To capturethis knowledge,we usea

multiple-instancerepresentation(Dietterichetal.,1997).In MI learning,examplesarerepresented

usingmultisetsof featurevectorsinsteadof singlefeaturevectors. In MI terminology, eachex-

ampleis a bag of instances. Eachbagis associatedwith a classlabel in a classi�cationsettingor

a real-valuedresponsein a regressionsetting.Giventhis representation,MI algorithmscanlearn

modelsthatpredicttheclasslabelor responseof novel bags.
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To generateanMI representationfor thedrugactivity predictionproblem,we apply thepro-

posedclauses(pharmacophores)to each conformationof eachmoleculeseparately. In this case,a

0/1 valuerepresentswhethera speci�c conformationhasthegivenpharmacophore(clause).This

createsanMI representation,whereeachmoleculeis representedby a bagof featurevectors,one

per conformation,andthe bagis labeledwith the activity of the molecule. Given this represen-

tation, we usea multiple-instanceregressionalgorithm to learn linear models. The task under

considerationis de�ned asfollows. We aregivena setof n bags.The i th bagconsistsof mi in-

stancesanda real-valuedresponseyi . Instancej of bagi is describedby a real-valuedattribute

vector ~X ij of dimensiond. In thedrugdesignexample,eachbagis amolecule,andeachinstancea

conformationof themoleculerepresentedby afeaturevector. An iterativealgorithmwaspresented

in prior work (Ray& Page,2001)to learna linearmodelbb undertheassumptionthatthereis some

primary instancein eachbagwhich is responsiblefor thereal-valuedlabel:

bb = argmin
b

nX

i =1

(yi � ~X ip � b)2; (6.2)

where ~X ip is the featurevectordescribingthe primary instanceof bagi , andyi is the response

of bag i . The algorithm presentedin prior work iteratesbetweenestimatingthe primary in-

stancein eachbagandsolving theresultinglinear regressionproblemuntil convergence.Recent

work (Srinivasanet al., 2006)hasusedthis approachto modeldrugactivity, but hashadlimited

empiricalsuccess.

Ourapproachextendsthisformulationtobemorespeci�c toactivity predictionin thefollowing

way. Insteadof assumingthat a single,primary conformeris responsiblefor the activity of the

molecule,we assumethatthemolecule's activity is a nonlinearweightedaverageof theactivities

of its conformers. Biologically, eachconformercan contribute to activity, but the contribution

of a conformerdiesoff exponentiallywith goodnessof �t betweenconformerandtarget. Thus,

typically, the activity of a moleculewill be dominatedby its mostactive conformers.To model

this scenario,weusea softmaxfunction,denotedby S below:

S� (x1; : : : ; xn ) =

P
1� i � n x i e�x i

P
1� i � n e�x i

: (6.3)
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The input to this function is the predictedactivities of the conformationof any molecule. The

outputis a weightedaverageof thepredictedactivities, with theaveragebeingdominatedby the

mostactiveconformation(s).As theparameter� is increased,theoutputapproximatesthehighest

activity moreclosely. The softmaxfunctionhasbeenusedin prior work on MI classi�cationas

well (Maron,1998).Thus,it is asuitablechoicebothfrom thebiologicalandtheMI perspectives.

Further, notethatthefunctionis differentiablewith respectto its inputs.Thisletsususeagradient-

basedoptimizationprocedureto solve for thebestlinearmodelbb asfollows:

bb = argmin
b

nX

i =1

(yi � S� ( ~X i 1 � b; � � � ; ~X im i � b))2 + � jjbjj 2: (6.4)

Here,yi representstheactivity of thei th molecule,andthepredictedactivity of conformationj of

moleculei is de�nedby thelinearfunction ~X ij �b. Thus,the�rst partof thisobjectivespeci�esthat

we aresearchingfor the linear modelsuchthat the total errorbetweenthe weightedaveragesof

thepredictedconformationactivitiesandtheknown molecularactivitiesis minimized.Thesecond

partof theobjective is a regularizationfactorproportionalto jjbjj 2. Incorporatingsucha factoris

known to reduceover�tting to the trainingdata,andthusimprove generalizationability (Vapnik,

1999). We expectour approachto bemoreaccuratethanstandardregressionif (i) theactivity of

any conformationis a linear function of the pharmacophoresit has,and(ii) the activity of any

moleculeis (approximately)an exponentiallyweightedaverageof the activities of its individual

conformers.

Theobjective function in Equation6.4 is nonlinearandnonconvex; hence,standardgradient-

basedoptimizationalgorithmsaresusceptibleto local minima. To reducethepossibilityof being

misledby local minima,we employ thetechniqueof randomrestarts:whenlearninga model,the

optimizationalgorithmis restartedseveral timesfrom different,randomlychosenstartingpoints

andallowed to run to completion. The �nal solutionreturnedis the oneresultingin the lowest

objective functionvalue.

We call our approach,which combinestheSAYU procedurewith MI regressionmodels,Mul-

tiple InstanceRegression-SAYU, abbreviatedasMIR-SAYU.
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6.3 Empirical Evaluation

In this section,we evaluateour approachon threereal-world activity predictiontasks: ther-

molysininhibitors,dopamineagonistsandthrombininhibitors.We �rst describethedomainsand

characteristicsof thedatasetsweuseandthenpresentanddiscussourexperimentalresults.

Tasks. The thermolysininhibitors datasetwe use is describedin previous work (Marchand-

Genesteet al., 2002). Thermolysinbelongsto the family of metalloproteasesand plays roles

in physiologicalprocessessuchas digestionand blood pressureregulation. The moleculesin

our datasetare known inhibitors of thermolysin. Activity for thesemoleculesis measuredin

pK i = � logK i , whereK i is a dissociationconstantmeasuringthe ratio of the concentrations

of boundproductto unboundconstituents.A highervalueindicatesastrongeraf�nity for binding.

Thedatasetwe usehasthe10 lowestenergy conformations(ascomputedby theSYBYL software

package(www.tripos.com))for eachof 31 thermolysininhibitorsalongwith their activity levels.

The relationalbackgroundknowledgewe have for this datawasobtainedfrom David Enot and

RossKing andis similar (but not identical)to thebackgroundknowledgeusedin previouswork

(Marchand-Genesteetal.,2002).Thisbackgroundknowledgede�nes26chemicalgroupsthatcan

beusedto de�ne apharmacophore.

The seconddatasetwe useconsistsof dopamineagonists(Martin et al., 1993). Dopamine

worksasaneurotransmitterin thebrain,whereit playsamajorrolein movementcontrol.Dopamine

agonistsaremoleculesthatfunctionlikedopamineandproducedopamine-likeeffectsandcanpo-

tentiallybeusedto treatdiseasessuchasParkinson'sdisease.Thedatasetweusehas23dopamine

agonistsalongwith their activity levels. For this dataset,the numberof conformationsfor each

moleculerangesfrom 5 to 50. Thebackgroundknowledgewehavefor thisdatasetis morelimited

thanin thepreviousdataset– we know aboutfour groups:hydrogendonors,hydrogenacceptors,

hydrophobesandbasicnitrogengroups.

The�nal datasetweuseconsistsof thrombininhibitors(Chenget al., 2002).Thrombinworks

asa bloodcoagulantandthusits inhibitorscanbeusedasanti-coagulants.Thedatasetconsistsof
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41 thrombininhibitorsandtheir activity levels. Eachmoleculehasbetween3 and334conforma-

tions. The backgroundknowledgefor this taskincludesinformationaboutsix differenttypesof

chemicalgroups.

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

Table6.2 Rootmeansquarederrorsfor differentmethodson drugactivity datasets.Valuesin
bold indicatebestresultsoneachdataset.LR refersto linearregression,MIR to multiple-instance

regression,andSAYU to the“ScoreAs YouUse” ruleselectionprocedure.

Experiments. In ourexperiments,wetestthreehypotheses.First,wehypothesizethattheSAYU

procedureresultsin featuresthatarebettersuitedto regressionthana featureconstructioncrite-

rion basedon coverage,asstandardAleph uses.Second,we hypothesizethat the MI regression

procedureresultsin moreaccurateactivity predictionsthanstandardlinearregression.Third, we

hypothesizethat the combinedMIR-SAYU procedurewill yield moreaccuratepredictionsthan

eitherextensionby itself.

To testourhypotheses,weusefour baselinesalongwith ouralgorithm.Theseareasfollows:

1. Constant: Thisalgorithmsimplypredictstheaverageactivity of all moleculesin thetraining

setastheactivity for everynovel molecule.

2. LR-ALEPH : Thisalgorithmis therelationalapproachdescribedin Section6.1andissimilar

to the framework of Marchand-Genesteet al. (2002). It usesAleph to constructa set of

clausesbasedoncoverage.A singlefeaturevectoris generatedfor eachmoleculefrom these

clauses.A modelis learnedusinglinearregressionon thesefeatures.For novel molecules,

featurevectorsaregeneratedusingthesameclausesandthelearnedlinearmodelis usedto

predictactivity.

3. MIR-ALEPH : This algorithmlearnsa MI regressionmodelandusesit to predictactivity,

but usesthestandardAleph to constructfeaturesbasedoncoverage.
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4. LR-SAYU: This algorithmlearnsa linear regressionmodelandusesit to predictactivity,

but usestheSAYU procedureto selectfeaturesfor themodel.

5. MIR-SAYU: This is ourproposedapproach,asdescribedin Section6.2.

In prior work (Marchand-Genesteetal.,2002),relationalapproacheshavebeencomparedto other

activity predictionmethods,suchasCoMFA (outlinedin Section6.1),andfoundto becompetitive.

Therefore,we restrictour currentevaluationto thealgorithmsmentionedabove.

In ourexperiments,Alephsearchesover4-pointpharmacophores,asin prior work (Marchand-

Genesteet al., 2002). For SAYU, we set the numberof internalcrossvalidationfolds, n, to be

5 and the r 2 improvementthreshold,p, to be 0:2. As a stoppingcriterion for SAYU, we usea

time threshold,allowing eachfold onehourof runtime.For MI regression,thesoftmaxparameter

� is set to 3 and the regularizationfactor � to 1. Theseparametervaluesseemedreasonable

aftersomeinitial exploration;they have not beentunedto thesetasks.To optimizeour objective

functions,we usethe L-BFGS algorithm (Fletcher, 1980). To evaluatethe algorithms,we use

leave-one-molecule-outcrossvalidation. For eachdataset,we hold out onemoleculein turn as

the testmoleculeandlearna modelusingthe remainingmolecules.We thenpredicttheactivity

of theheld-outmoleculeusingthelearnedmodel.We reporttheroot-mean-squared(RMS) errors

averagedacrosstheheld-outmoleculesin Table6.2.

From the table,we observe that for all threetasks,the methodsusingSAYU outperformthe

methodsthatdo not useSAYU by a wide margin. In fact,we observe that for boththedopamine

andthrombindatasets,LR-ALEPH andMIR-ALEPH bothexhibit worseRMSEthantheConstant

model.Thisindicatesthatthecoveragemeasureusedby Alephto inducefeaturesin thesedomains

doesnot result in featuresthat areable to generalizewell to predictingthe real-valuedactivity

that we are ultimately interestedin. From theseresults,we concludethat interleaving feature

constructionandmodelbuilding usingtheSAYU procedureresultsin featuresthatarebetterable

to generalizeto predictingactivity thanfeaturesgeneratedby coverage-basedmeasures,suchas

usedby standardAleph.
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Comparingthetwo approachesusingMI regressionto thetheonesusinglinearregression,we

observe thatin general,theMI approachesoutperformtheircounterparts.Theonly exceptionis in

thecaseof dopamine,whereMIR-ALEPH is slightly worsethanLR-ALEPH.However, webelieve

this is likely becausethefeaturesgeneratedby Aleph arenot usefulin predictingactivity for this

case,makingany comparisonbetweenthe linear regressionand MI regressiondif�cult. Apart

from this case,we observe thatMIR-ALEPH is moreaccuratethanLR-ALEPH, andMIR-SAYU

is moreaccuratethanLR-SAYU. From theseresults,we concludethat incorporatingknowledge

aboutindividual conformationsusingMI regressiongenerallyresultsin moreaccurateprediction

modelsthanusinglinearregressiononasinglefeaturevectorfor eachmolecule.

Finally, we observe that thecombinedapproachwe have presentedin this work, MIR-SAYU,

is themostaccurateon all of our 3D-QSARtasks.It is moreaccuratethaneitherMIR-ALEPH,

which usesMI regressionmodelsbut doesnot useSAYU, or LR-SAYU, which usesSAYU, but

not MI regressionmodels.Fromtheseresults,we concludethatcombiningthetwo extensionswe

havepresentedresultsin moreaccuratemodelsthaneitherextensionby itself.

SAYU hasbeenshown to consistentlyproducesimpler modelsthan ALEPH (Davis et al.,

2005a).An interestingquestionto askis whetherMI regressionyieldsmorecomplex modelsthan

linear regression,that is, whetherMIR-SAYU learnsmorecomplex modelsthanLR-SAYU (the

questionmakessenseonly in the context of SAYU, becauseLR-ALEPH andMIR-ALEPH use

thesamesetof featuresby design).While we did not enforceany constrainton thetotal number

of featuresaddedto eachmodel,we observedthattheseapproachesusedapproximatelythesame

numbersof featuresin our experiments.This indicatesMIR-SAYU obtainsits improvementover

LR-SAYU by selectingmoreinformative features(pharmacophores),ratherthansimply by using

morefeatures.

Anotherinterestingquestionto askis if thepharmacophoresusedby our MIR-SAYU models

to predictactivity have any biological interpretation.In fact,we observedthat for dopamine,the

rulesusedby MIR-SAYU on mostof the folds agreewith the generalpharmacophoremodel in

theliterature(McGaughey & Mewshaw, 1999).They eachhave thekey basicnitrogen,hydrogen
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acceptorandhydrophobicgroupof themodel.Sincewe speci�ed thatall rulesmustencodefour-

pointpharmacophores,therulesall containedeitheranadditionalhydrophobicgroupor hydrogen

acceptor;mostcontainedthe addedhydrophobe.Theoneexceptionis a learnedpharmacophore

thathadanextra hydrophobein thepositionwherethebasicnitrogenshouldbe; this featurehad

a substantialnegative coef�cient in the regressionmodel. For thermolysin,the known pharma-

cophoremodelhasseven interactionpoints,althoughall seven pointsarenot requiredfor bind-

ing. As a result,on every fold of cross-validationmultiple ruleswerelearned,capturingdifferent

four-point subsetsof theseven-pointpharmacophore.A combinationof suchfour-point pharma-

cophoresactuallymakesit possibleto achievebetterpredictionof activity thanwouldbedonewith

a singleseven-pointpharmacophore,becausedifferentcoef�cients canbeattachedto eachof the

four-point pharmacophores.Finally, thrombin is a particularly interestingchallengebecauseno

pharmacophoremodelhasbeenwidely agreeduponor validated.Our modelsarelessconsistent

acrossfolds thanfor the other tasks,but againour approachshows improved predictive perfor-

mance.Thus,we concludethatour approachis ableto learnmodelsthatpredictdrugactivity in

termsof biologicallymeaningfulpharmacophores.Weexpectthatthispropertywill provehelpful

in analyzingtheproducedactivity models.

6.4 Chapter Summary

We have presentedMIR-SAYU, a novel machinelearningapproachfor 3D-QSAR.Our ap-

proachextendsprior work in two ways.First,we useSAYU to constructandselectrulesthatde-

�ne features,resultingin a tight couplingbetweenfeatureconstructionandmodelbuilding. This

permitsusto, at any time, learntherule thatmostimprovesour predictionof real-valuedactivity.

Second,we useMI regressionfor modelbuilding. This allows usto separateout thefeaturesthat

aretrueof each3D conformerof a molecule. In our experimentson threereal-world 3D-QSAR

tasks,weobservedthateachextensionby itself improvedtheaccuracy of ourpredictions.Further,

ourproposedapproach,which usesbothextensions,resultedin themostaccuratepredictions.We

alsoobserved that our approachis able to discover biologically relevant pharmacophoreswhen
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predictingactivity. In futurework, weplanto exploremorecomplex modelsof activity prediction,

aswell asfeatureconstructionproceduresthatsearchovermorecomplex rulespaces.
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Chapter 7

Learning NewTablesand Higher-Arity Predicates

Theinitial approachto view learning,developedin Chapters4, 5 and6, suffersfrom two im-

portantdrawbacks.First, it only createsnew �elds, notnew tables.Second,thenew �elds arejust

learnedapproximationsto thetargetconcept.This chapteraddressesbothof theseshortcomings.

First, it providesa mechanismfor learninga new view that includesfull new relationaltables, by

constructingpredicatesthathaveahigher-arity thanthetargetconcept.Second,it learnspredicates

thatapply to differenttypesthanthe targetconcept,allowing us to inventpredicatesunrelatedto

the targetconcept.Third, it permitsa newly-inventedrelation,or predicate, to beusedin the in-

ventionof other new relations. Suchre-usegoesbeyond simply introducing“short-cuts” in the

searchspacefor new relations;becausethe new approachalsopermitsa relationto be from ag-

gregatesoverexisting relations,re-useactuallyextendsthespaceof possiblerelationsthatcanbe

learnedby the approach.Becausethis new work extendsSAYU by providing a mechanismfor

View Inventionby ScoringTAbles,theresultingsystemis known asSAYU-VISTA.

In many domains,discoveringintermediatehiddenconceptscanleadto improvedperformance.

For instance,considerthewell-known taskof predictingwhethertwo citationsrefer to thesame

underlyingpaper. The CoAuthor relation is potentiallyuseful for disambiguatingcitations; for

example, if S. Russelland S.J.Russellboth have similar lists of coauthors,then perhapsthey

are interchangeablein citations. But the CoAuthor relationmay not have beenprovided to the

learningsystem.Furthermore,CoAuthor canbeusedasa building block to constructfurtherex-

plicit featuresfor thesystem,suchasanew predicateSamePerson. Ideally, thelearningalgorithm

shouldbeableto discoverandincorporaterelevant,intermediateconceptsinto therepresentation.

SAYU-VISTA providesthis capability.
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Thiswork originally appearedin Davis etal. (2006)andDavis etal. (2007c).

7.1 Learning New Predicates

The original motivation for view learningcenterson learninga statisticalexpert systemto

provide decisionsupportto radiologists(Davis et al., 2005b). Therewe useSRL becausethe

learnedstatisticalmodelsitson top of theNMD schema,a standardestablishedby theAmerican

College of Radiology(2004). The goal of the dataset is to predict which abnormalitieson a

mammogramaremalignant. We will usemammographyasa runningexampleto help illustrate

thekey componentsof thealgorithm.

SAYU-VISTA, nFOIL andSAYU all learnde�nite clausesandevaluateclausesby how much

they improvethestatisticalclassi�er. Thekey differencein thealgorithmsrestsin theform thatthe

headof thelearnedclausestakes.In nFOIL andSAYU, theheadof aclausehasthesamearity and

typeastheexample,allowing usto preciselyde�ne whetheraclausesucceedsfor agivenexample

andhencewhetherthe correspondingvariableis true. In the Mammographydomain,a positive

examplehastheform malignant(ab1) , whereab1 is aprimarykey for someabnormality. Every

learnedrulehastheheadmalignant(A) suchasin thefollowing rule:

malignant(Ab1) if:

ArchDistortion(Ab1,present ),

same_study(Ab1,Ab2),

Calc_FineLinear(Ab2,presen t).

The Bayesiannetwork variablecorrespondingto this rule will take value true for the example

malignant(ab1) if theclausebodysucceedswhenthelogical variableAis boundto ab1.

SAYU-VISTA removesthe restrictionthat all the learnedclauseshave the samehead. First,

SAYU-VISTA learnspredicatesthat have a higherarity thanthe target predicate.For example,

in theMammographydomain,predicatessuchasp11(Abnormality1, Abnormality2) , which

relatepairsof abnormalities,arelearned.Subsection7.1.1discussesscoringpredicatesthathave

higher-arities than the target relation. Second,SAYU-VISTA learnspredicatesthat have types
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otherthanthe examplekey in the predicatehead.For example,a predicatep12(Visit) , which

refersto attributesrecordedonceper patientvisit, couldbe learned.In orderto scorepredicates

of this form, we introducethe conceptof Linkages, which we explain in subsection7.1.2. Af-

ter discussinghow to evaluatethesetypesof predicates,we will presentthe full SAYU-VISTA

algorithm.

7.1.1 ScoringHigher-Arity Predicates

SAYU-VISTA canlearna clausesuchas:

p11(Ab1,Ab2) if:

density(Ab1,D1),

prior-abnormality-same-loc (Ab1,Ab2),

density(Ab2,D2),

D1 > D2.

This rule saysthat p11, someunnamedproperty, is true of a pair of abnormalitiesAb1andAb2

if they are at the samelocation, Ab1was observed �rst, and Ab2hashigherdensitythan Ab1.

Thusp11 may be thoughtof as“density increase.” Unfortunately, it is not entirelyclearhow to

matchan example,suchasmalignant(ab1) , to the headof this clausefor p11. SAYU-VISTA

maps,or links, oneargumentto theexamplekey andaggregatesaway any remainingarguments

usingexistenceor countaggregation. The next sectiondescribesthe approachusedfor linkage;

theremainderof this sectiondiscussesaggregation.

To illustratetheexists operator, considerpredicatep11, givenabove. In this clausevariable

Ab1representsthemorerecentabnormality. Supposewe wish to createa featurefor this clause,

usingexistenceaggregation. Thefeatureis true for a givenbindingof Ab1if thereexistsa bind-

ing for Ab2that satis�es the body of the clause.Speci�cally, for an examplemalignant(ab1) ,

this “density-increase”featureis true if thereexists anotherabnormalityab2 suchthat “density-

increase”is trueof thetuplehab1,ab2i .

Usingthesameclauseandsameexampleabnormalityab1, wenow turn to thecount operator.

In this case,we are interestedin the numberof solutionsfor B given that A is set to ab1. This
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meansthatthenew featurewewill proposeis notbinary. Currently, VISTA discretizesaggregated

featuresusinga binningstrategy thatcreatesthreeequal-cardinalitybins,wherethreewaschosen

arbitrarily beforetherunningof any experiments.Figures7.1 and7.2 illustratehow to scorep11

with countaggregation.

1       P1      5/02          low       RU4       B              0
2       P1      5/04          high      RU4      M              1
3       P1      5/04          none     LL3        B              0
4       P2      6/00          none     RL2        B 0
5       P2      6/02          low       RL2        B              1
6       P2      9/03          high      RL2       M              2
… … … … … … …

Id Patient  Date  … Mass     Loc    Benign/      Count
Density           Malignant

1        0
2        1
3        0
4        0
5        1
6        2
… …

Id    Count

Equi-join on Id to Score New Predicate

B
M
B
B
B
M

Figure7.1 To scorep11usingcountaggregation,we join on Id to introducethefeatureinto the
statisticalmodel.

Aggregationqueriesare,in general,moreexpensive to computethanstandardqueries,aswe

mayneedto computeall solutions,insteadof simplyproving satis�ability. Thus,usingaggregated

viewswheninventingnew viewscanbeverycomputationallyexpensive(in fact,wecanaggregate

over aggregates).To addressthis problem,whenever VISTA learnsan aggregatedview, VISTA

doesnotstorethelearnedintensionalde�nition of theview. Instead,VISTA materializestheview,

that is, computesthemodelandstoresthelogical modelasa setof facts.This solutionconsumes

morestorage,but it makesusingaggregatedviewsasef�cient asusingany otherviews.

7.1.2 Linkages

Sofar we have simpli�ed mattersby assumingthat the �rst argumentto thelearnedpredicate

hasthesametypeastheexamplekey. In our examplesso far, this typehasbeenabnormalityid.

Thereis no needto enforcethis limitation. For example,in predictingwhetheranabnormalityis
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1       P1      5/02          low       RU4       B              0
2       P1      5/04          high      RU4      M              1
3       P1      5/04          none     LL3        B              0
4       P2      6/00          none     RL2        B 0
5       P2      6/02          low       RL2        B              1
6       P2      9/03          high      RL2       M              2
… … … … … … …

Id Patient  Date  … Mass     Loc    Benign/      Count
Density           Malignant

1        0
2        1
3        0
4        0
5        1
6        2
… …

Id   Count

Added to 
Background
KnowledgeFeatures in Statistical Model

B
M
B
B
B
M

Figure7.2 If weacceptp11, it will remainin thestatisticalmodel.Its de�nition will beaddedto
thebackgroundknowledge,allowing for reusein thefuture.

malignant,it might be useful to usethe following clause,wherePatient is a key that accesses

patientlevel information:

p12(Patient) :-

history_of_breast_cancer(P atie nt),

prior_abnormality(Patient, Ab),

biopsied(Ab, Date).

Predicatep12 is trueof a patient,who hasa family historyof breastcancerandpreviously hada

biopsy.

Linkagedeclarationsarebackgroundknowledgethatestablishtheconnectionbetweenobjects

in theexamplesandobjectsin thenewly inventedpredicates.Whentheseobjectsareof thesame

type, the linkage is trivial; otherwise,it must be de�ned. For mammography, we uselinkage

de�nitions to connectan abnormality to its patient or to its visit (mammogram). Figures7.3

and7.4 illustratehow to scorep12by linking from a patientbackto anabnormality. Thelinkages
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1       P1      5/02          low      RU4       B             No
2       P1      5/04          high     RU4      M             No
3       P1      5/04          none    LL3        B             No
4       P2      6/00          none    RL2       B Yes
5       P2      6/02          low      RL2       B             Yes
6       P2      9/03          high     RL2       M            Yes
… … … … … … …

Id Patient  Date … Mass    Loc    Benign/       p12
Density           Malignant   True

B
M
B
B
B
M

P1        No
P2        Yes
P3        No
P4        No
P5        Yes
P6        No
… …

Patient   p12
True

New
Predicate

Features
in Statistical Model

Figure7.3 Herewe link from apatientbackto anabnormality. Thevalueof Had Biopsyfor key
P1in theNew Predicaterelationgetsappliedto eachrow associatedwith P1

in thestatisticalmodel.

for theotherdatasetsweuseareequallystraightforwardandarepresentedwhenwedescribethose

datasets.

7.1.3 PredicateLearning Algorithm

At a high level, SAYU-VISTA learnsnew predicatesby performinga searchover the bodies

of de�nite clausesandselectingthosebodiesthatimprovetheperformanceof thestatisticalmodel

on a classi�cationtask.We usetree-augmentednaiveBayes(TAN) (Friedmanet al., 1997)asour

statisticalmodel.

Thepredicateinventionalgorithmtakesseveralinputsfrom auser.

1. A trainingset,to learnthestatisticalmodel.

2. A tuningset,to evaluatethestatisticalmodel.

3. A pre-de�nedsetof distinguishedtypes,which canappearin theheadof aclause.

4. Backgroundknowledge,whichmustincludelinkagede�nitions for eachdistinguishedtype.
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1       P1      5/02          low      RU4       B             No
2       P1      5/04          high     RU4      M             No
3       P1      5/04          none    LL3        B             No
4       P2      6/00          none    RL2       B Yes
5       P2      6/02          low      RL2       B             Yes
6       P2      9/03          high     RL2       M            Yes
… … … … … … …

Id Patient  Date … Mass    Loc    Benign/       p12
Density           Malignant   True

Features in Statistical Model

B
M
B
B
B
M

P1        No
P2        Yes
P3        No
P4        No
P5        Yes
P6        No
… …

Patient   p12
True

Added to 
Background
Knowledge

Figure7.4 If weacceptp12, it will remainin thestatisticalmodel.Its de�nition will beaddedto
thebackgroundknowledge,allowing for reusein thefuture.

5. An improvementthreshold,p, to decidewhich predicatesto retain in the model. A new

predicatemustimprovethemodel'sperformanceby at leastp% in orderto bekept.Weused

p = 2 in all experiments.

6. An initial featureset,which is optional.

Algorithm 4 showspseudocodefor theSAYU-VISTA algorithm.

The clausesearchproceedsas follows. We randomlyselectan arity for the predicate. To

limit the searchspace,we restrict the arity to be either the arity of the target relation, or the

arity of the target relation plus one. Next, we randomlyselectthe typesfor the variablesthat

appearin the headof the clause. The clausesearchusesa top-down, breadth-�rst re�nement

search.We de�ne the spaceof candidateliterals to addusingmodes,as in Progol (Muggleton,

1995) or Aleph (Srinivasan,2001). We scoreeachproposedclauseby addingit as a variable

in the statisticalmodel. To constructthe feature,we �rst link the predicatebackto the example

key asdescribedin Subsection7.1.2. Thenwe performthe necessaryaggregation,discussedin

Subsection7.1.1,to convert theclauseinto a feature.By default, thealgorithm�rst triesexistence
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Input : TrainSetLabelsT, TuneSetLabelsS, DistinguishedTypesD, Background
KnowledgeB, ImprovementThresholdp, Initial FeatureSetF init

Output: FeatureSetF , StatisticalModelM
F = Finit ;
BestScore = 0;
while timeremainsdo

Randomlyselectthearity of predicateto invent;
Randomlyselecttypesfrom D for eachvariablein theheadof thepredicate;
SelectedFeature = false;
while not(SelectedFeature) do

Predicate= Generatenext clauseaccordingto breadth�rst search;
/* Link the predicate back to the target relation */
Link edClause= Link(Predicate, B);
/* Convert the LinkedClause into a feature that the

statistical model can use */
N ewF eature = aggregate(Link edClause, T, S);
Fnew = F [ N ewF eature;
Mnew = BuildTANNetwork(T, Fnew );
N ewScore = AreaUnderPRCurve(M , S, Fnew );
/* Retain this feature */
if (N ewScore > (1 + p) � BestScore) then

F = Fnew ;
BestScore = N ewScore;
M = M new ;
Add predicateinto backgroundknowledge;
SelectedFeature = true;

end
end

end
Algorithm 4: SAYU-VISTA Algorithm

aggregationandthentries countaggregation. The clausesearchterminatesin threecases:(i) it

�nds a clausethat meetsthe improvementthreshold;(ii) it fully exploresthe searchspace;(iii)

it exceedsthe clauselimit. After satisfyingoneof theseconditions,the algorithmre-initializes

the searchprocess.The algorithmaddsevery clausethat meetsthe improvementthresholdinto

thebackgroundknowledge.Therefore,futurepredicatede�nitions canre-usepreviously learned
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predicates.As in prior work (Davis et al., 2005a),the algorithmterminateswhenit exceedsthe

globaltime limit.

7.2 Data and Methodology

Cora. The objective of this datasetis to predictwhethertwo citationsrefer to the samepaper.

Thedatasetwasoriginally constructedby McCallumetal. (2000).Weusethesameversionof the

dataasKok andDomingos(2005).Coraincludes1295citationsto 112ComputerSciencepapers,

resultingin 25072positiveexamplesand597310negativeexamples.Thebackgroundknowledge

includesdataon title, venue,author(s),andyearfor eachcitation. We de�ne paper, title, venue,

author andyear askeys that canappearin headsof clauses.We link a paperto its title, venue,

author(s)andyear�elds. We aggregateoverpapersandauthors.

UW-CSE. This is thesamedatasetusedin Chapter5. We de�ned students, professors, courses

andpublicationsaskeys thatcouldappearin theheadof a clause.We link a courseto a graduate

studentby theTA relationship,andwelink papersto agraduatestudentby theauthorrelationship.

We link acourseto aprofessorby theteachesrelationshipandwe link papersto aprofessorby the

authorrelationship.Weaggregateoverstudents,professors,papersandcourses.

Mammography. This is the samedatasetasusedin Chapter4 andChapter5. We de�ne ab-

normality, visit andpatientaskeys that canappearin theheadof theclause.We aggregateover

abnormalities.

7.3 Experimentsand Results

Wewantto testthreehypothesesin ourexperiments.First,wehypothesizethatSAYU-VISTA

will learn more accuratemodelsthan SAYU. Second,we hypothesizethat SAYU-VISTA will

performcompetitively with otherleadingSRL systems.Third, SAYU-VISTA will learnrelevant

predicates.

To testourhypotheseswewill usethefollowing threealgorithms:
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1. SAYU is the state-of-the-artview learningimplementation.However, SAYU only learns

additional�elds for existing tables;these�elds arede�ned by learnedrulesthatareapprox-

imationsto thetargetconcept.

2. Mark ov Logic Networks, or MLNs (Richardson& Domingos,2006),area leadingSRL

systemthat hasreceived considerableattention. Furthermore,they have alreadybeenap-

plied with success(asmeasuredby cross-validatedprecision-recallcurves) to two of our

applicationtasks.MLNs arepublicly availableastheAlchemysystem.

3. SAYU-VISTA is this chapter'sproposedapproach.

Weevaluateall threeSRLsystemsbyprecision-recallcurvesestimatedbycross-validationwith

signi�canceof differencestestedby a pairedtwo-tailedt-teston areasundertheprecision-recall

curves(AUC-PR)acrossthe different folds. We arecareful to repeatany tuning of parameters

on eachfold of cross-validation,without looking at the testsetfor that fold, by dividing thedata

into a training setandtuning set. In this we follow the methodologyof the developersof both

MLNs andSAYU. For SAYU-VISTA, asfor SAYU, we usethe trainingsetto learnthenetwork

parameters,while weusethetuningsetto scorepotentialclauses.For all datasetsweuseAUC-PR

asour scoremetric. However, we only look at AUC-PRfor recalls� 0:5. We do this for two

reasons.First,precisioncanhavehighvarianceat low levelsof recall.Second,in domainssuchas

Mammography, weareonly interestedin high levelsof recall.A practicingradiologistwouldneed

to achieveat leastthis level of recall. A clausemustimprove theAUC-PR(for recall � 0:5) by at

least2%in orderto beretainedin thenetwork. Thisis anarbitraryparametersetting;in factwedid

not try any otherthresholds.Wehada time-basedstopcriteriafor bothSAYU andSAYU-VISTA.

For UW-CSEeachfold wasgiven two hoursto run, whereasfor MammographyandCoraeach

fold receivedthreehoursrun-time.We gave UW-CSElesstime becauseit wasa smallerdataset.

In practice,the time is not a limiting factorbecausefew changesoccurafter the �rst 30 minutes

for any of thetasks.MLN runswerenot time-bounded.To offsetpotentialdifferencesin computer

speeds,all experimentswererunon identicallycon�guredmachines.
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MLN SAYU SAYU-VISTA p-value p-value
vs. SAYU vs. MLN

Cora 0.468 0.371 0.461 0.0109 0.309
UW-CSE 0.0622 0.0975 0.167 0.0581 0.165

Mammography 0.0172 0.103 0.104 0.969 5.89� 10� 6

Table7.1 AverageAUC-PRfor Recall� 0:5 for EachTaskUsingTAN astheStatisticalModel

Weemploy thedefaultstructurelearningalgorithmfor MLNs andperformlimited manualtun-

ing of theparametersof thesystemto maximizeAUC-PR,while maintainingacceptableexecution

times.WereportthebestAUC-PRvaluesweobtained,overall attemptedparametersettings.Note

that we did not do any parametertuning for SAYU-VISTA. The average,per-fold run-timesfor

MLNs wereall signi�cantly longerthanfor eitherSAYU or SAYU-VISTA. Theaverage,perfold

runtimesfor learningstructurewere� vehoursfor Cora,sevenhoursfor UW-CSEandthreehours

for Mammography.

7.3.1 Discussionof Results
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Cora. Following Kok andDomingos(2005)weperformtwo-fold crossvalidationonthisdataset

for � vedifferentrandomtrain-testsplits.Wedividedthetrainingsetin half, to form anew training

setanda tuningset.Eachfold receivesthreehoursof CPUtime to run. SAYU andSAYU-VISTA

couldevaluateup to 300clauses,beforeselectinga new seedor clausehead.

Table7.1 reportstheaverageAUC-PR(recall � 0:5) for Coraandthep-valuefor a two-tailed

pairedt-testbetweenSAYU-VISTA andtheothertwo algorithms.SAYU-VISTA performssigni�-

cantlybetterthanSAYU onthisdomain.Figure7.5showsprecision-recallcurvesfor all algorithms

on this dataset.We pool resultsacrossall folds to generatethecurves. SAYU-VISTA dominates

SAYU throughoutprecision-recallspace.However, MLNs haveaslightly higheraverageAUC-PR

thanSAYU-VISTA does,althoughthedifferenceis not signi�cant. MLNs receivesanadvantage

overSAYU andSAYU-VISTA in this task,asMLNs startwith anexpertknowledgebase.

Let usdiscusstwo predicatesfoundby SAYU-VISTA:

p1(Venue1,Venue2):-

commonWordsInVenue80(Venue1,Venue2).

p4(Paper1,Paper2,Paper3): -

paperTitle(Paper2,Title),

paperTitle(Paper1,Title),

paperTitle(Paper3,Title).

Predicatep1 capturesa crucial pieceof partial knowledgein the citation matchingdomainby

checkinghow similar thevenue�eld is betweentwo citations.This ruledemonstrateshow SAYU-

VISTA can learnpredicateswhose“distinguishedvariables”have a different type than“distin-

guishedvariables”in thetargetrelation.Predicatep4 establishesa transitive relationshipbetween

paperswith exactlythesametitle. It alsois anexampleof alearnedpredicatethathasahigher-arity

thanthetargetconcept.

UW-CSE. Following RichardsonandDomingos(2006),we perform� ve-fold crossvalidation

on theUW-CSEdataset.We usetwo folds for thetrainingsetandtwo folds for a tuningset.Each
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approachcouldevaluateup to 10000clauses,beforeeitherselectinga new seed(SAYU) or a new

predicatehead(SAYU-VISTA).

Table7.1 reportsthe averageAUC-PRfor UW-CSEandthe p-valuefor a two-tailedpaired

t-testcomparingSAYU-VISTA to theotherapproaches.SAYU-VISTA comescloseto performing

signi�cantly (0:05 < p < 0:06) betterthanSAYU on this domain.Althoughperformancevaries

widely betweenthe5 folds,SAYU-VISTA hadahigherAUC-PRthanSAYU oneachfold. SAYU-

VISTA alsocomescloseto outperformingMLNs onthisdataset,winningonfour outof � vefolds.

Figure7.6showsprecision-recallcurvesfor SAYU, SAYU-VISTA andMLNs on this dataset.

We pool resultsacrossall � ve folds to generatethe curves. Even thoughwe measuredAUC-

PR for recall � 0:5, SAYU-VISTA dominatesSAYU for mostlevelsof recall. However, MLNs

dominateSAYU-VISTA for low levelsof recall,whereasSAYU-VISTA tendsto dominatefor the

high levels of recall. We alsocomparethe performanceof SAYU-VISTA (averageAUC-PRof

0.468)andMLNs (averageAUC-PRof 0.355)for AUC-PRfor all levelsof recall. Again, there

is no signi�cant difference.SAYU-VISTA hasa highervariationin per fold AUC-PRscorethan

MLNs do. Onereasonfor SAYU-VISTA's increasedperformancefor high recall is that we are

expresslyoptimizing for this metric. MLNs alsoreceive oneadvantageover SAYU andSAYU-

VISTA in thisdomain,in thatthey startwith anexpertde�ned knowledgebase.

Let usexaminetwo predicateslearnedby SAYU-VISTA:

p16(Student,Professor):-

ta(Course,Student,Date),

taughtby(Course,Professor, Date).

p22(Student,Professor,Pap er): -

publication(Paper,Student) ,

publication(Paper,Professo r).

Both p16andp22captureintuitiveknowledgeabouttheadvisee-advisorrelationship.First,grad-

uatestudentsoften TA a classtaughtby their advisor. Second,a graduatestudentwill usually

co-authorapaperwith their advisor. Predicatep22makesuseof SAYU-VISTA'sability to learna
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predicatewith a higher-arity thanthetargetpredicate.SAYU-VISTA actuallylearneda variantof

p22on four foldsandavariantof p22onall � ve folds.

Mammography. Following ourprior work, weperformten-foldcrossvalidationonthisdataset.

Weusefour folds for a trainingsetand� ve foldsasa tuningset.Eachalgorithmcouldevaluateat

most300clausesfor agivenseed(SAYU) or clausehead(SAYU-VISTA).

For theprevioustwo datasets,we initially startedwith aBayesiannetwork thatonly containsa

featurefor thetargetpredicate.However, in theMammographydomainwehaveaccessto asetof

expertde�ned features(from theNMD). Furthermore,we couldde�ne a setof aggregatefeatures

asdonein Chapters4 and5. Opposedto startingwith anemptynetwork structure,we begin with

anetwork thatcontainsbothNMD featuresandtheaggregatefeatures.

Table 7.1 reportsthe averageAUC-PR over all folds. We usea two-tailed pairedt-test to

computesigni�cant results,andthep-valuefor thetestcanalsobefoundin Table7.1. We �nd no

signi�cant differencebetweenSAYU-VISTA andSAYU on this task,yet SAYU-VISTA doesnot

performany worsethanSAYU. However, bothSAYU andSAYU-VISTA signi�cantly outperform

MLNs on thisdomain.

Figure7.7 shows precision-recallcurvesfor both algorithmson this dataset.We pool results

acrossall folds to generatethecurves.Onthisdataset,SAYU-VISTA andSAYU havecomparable

performancefor all levelsof recalls.SAYU-VISTA andSAYU bothdominateMLNs for all levels

of recall. Note that, asin the UW-CSEdomain,MLNs tendto have betterperformancefor low

levels of recall. We feel thereareseveral potentialreasonsthat SAYU-VISTA did not perform

signi�cantly betterthanSAYU onthisdomain.First,for thisapplication,MLNs andSAYU receive

a large numberof features—theprecomputedaggregates—thatSAYU-VISTA could potentially

learn, but MLNs and SAYU cannoteasily capture. Second,this domaincontainsmany more

constantsthanotherdomains,thusby leveragingAleph, SAYU hasa smallerandmoredirected

search.Finally, themammographydomaincontainsonly threerelations,while theotherdomains

eachhave approximatelytwentyrelations.Thus,on thosedomainsthereis moreroomto exploit

theability to learnpredicatesthat(1) havedifferenttypesin theheadand(2) representnew tables.
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In order to allow MLNs to run on this domain,we had to do drasticsub-samplingof the

negativeexamples.MLNs struggledwith having to groundoutanetwork with thelargenumberof

examplesthatthis datasetcontains.Anotherpossibleexplanationfor SAYU andSAYU-VISTA's

betterperformanceis thatwe seedthealgorithmwith an initial featureset. However, we ran the

experimentswherewe startedSAYU andSAYU-VISTA with an emptynetwork structureandit

still signi�cantly outperformedMLNs.

Finally, hereis asamplepredicatefoundby SAYU-VISTA:

p23(Ab1,Ab2):-

aggregate(Ab2,count,same_l oc(Ab1,Ab2))

This predicatecountsthe numberof prior abnormalitiesthat were in the samelocation as the

currentabnormality. This predicatedisplaysSAYU-VISTA's ability to learnclausesthatcompute

aggregateinformationaboutprior abnormalities.

Hypothesesrevisited. In our experimentswe found supportfor all threeof our hypotheses.

SAYU-VISTA generatesmoreaccuratemodelsthanboth SAYU andMLNs. Additionally, it is

ableto build thesemodelsmuchfasterthanMLNs. SAYU-VISTA constructsinterestinginterme-

diateconcepts.For example,it discoverstheCoAuthorandTA'ed For relationshipsin theUW-CSE

domain.

7.3.2 Further Investigationof SAYU-VISTA

SAYU-VISTA addsseveralcomponentsto SAYU. First, it addscountaggregation: theability

to handlemany-to-many andone-to-many relationshipsby addingafeatureto thestatisticalmodel

thatcountsthenumberof satisfyingassignmentsfor apredicate.Second,linkagesallow usto learn

entirelynew tables.Third, weallow for previously inventedpredicatesto appearin thede�nitions

of new predicates.Without linkages,SAYU-VISTA reducesto SAYU. To discover the extent to

whichtheothertwo featurescontributeto SAYU-VISTA'sperformance,weconsiderremoving the

�rst andthird componentsfrom SAYU-VISTA andobserve theresultingperformance.
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The �rst component,countingthe numberof satisfyingassignments,doesnot help in either

Coraor the Mammographydomain. It is never usedin Coraandit is only usedtwice in Mam-

mography. Consequently, we do not needto considerremoving it on thesedomains.However, it

appears11 times,or abouttwiceperfold in theUW-CSEdomain.Removing it reducestheAUC-

PR for this domainfrom 0.152to 0.142. This degradesperformanceon four out of � ve folds,

yet the changeis not signi�cant, having a p-valueof 0.16. However, it seemsthat even though

countingdoesnothelpontwo outof threedomains,it canpotentiallybeusefulfor anSRLsystem.

The other componentof SAYU-VISTA we remove is the third, that of addingthe learned

predicatesinto backgroundknowledge. Disablingthis featureslightly improvesperformancein

Mammography, increasingAUC-PRfrom 0.104to 0.105.However in Corait decreasesAUC-PR

from 0.461to 0.448andin UW-CSEthe performancedeclinesfrom 0.152to 0.148. Acrossall

theseexperimentsnoneof thechangesaresigni�cant.

On Cora,thebene�t comesonly from the introductionof linkages.On UW-CSE,thebene�t

comesfrom both linkagesandthe countaggregation. In a senselinkagesarethe key innovation

of SAYU-VISTA. Linkagesallow us to both learnnew tablesandto learnconceptsthat arenot

simplyapproximationsto thetargetconcept.Reusinglearnedpredicatesdoesnotseemto provide

awin. Assertingeachlearnedpredicatemightunnecessarilywidenthesearchspace.

7.4 RelatedWork

Wealreadyhavediscussedhow thepresentchapteradvancesthestate-of-the-artin view learn-

ing. Thechapteralsois relatedto propositionalizationwithin ILP (Lavra�c etal.,1991),particularly

to propositionalizationapproachesthatincorporateaggregation(Krogel & Wrobel,2001;Knobbe

et al., 2001;Popesculet al., 2003;Popescul& Ungar, 2004). Theseapproachesconstructclause

bodiesthat de�ne new featuresor propositions.The valueof sucha featurefor a datapoint, or

example,is obtainedby bindingoneof thevariablesin theclausebodyto theexample's key, and

thenaggregatingover theremainingfeatures.In this fashion,thede�nition of a featureis equiva-

lent to ade�nite clausewhoseheadis “p(X)”, wherep is anarbitrarypredicatenameandX is the

bodyvariablethat is boundin turn to eachexample's key. Both existentialandcountaggregation
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havebeenemployedbefore(Krogel& Wrobel,2001).In fact,all theapproachescitedabovehave

usedmorecomplex aggregationsthandoesSAYU-VISTA, andthesecouldbeincorporatedeasily

into SAYU-VISTA.

The novel propertiesof SAYU-VISTA relative to propositionalizationby aggregationarethe

following. First, subsetsof thevariablesin theclausebodymaybemappedbackto anexample's

key, via thedomain-speci�clinkagerelations.This enableslearningof new tablesor non-unary

predicatesthathave differentaritiesandtypesthantheexamples.Second,to scoreeachpotential

new tableor predicate,SAYU-VISTA constructsan entirestatisticalmodel,andonly retainsthe

new predicateif it yieldsanimprovedmodel.Third, learnedpredicatesareavailablefor usein the

de�nitions of furthernew predicates.

Othergeneralareasof relatedwork areof courseconstructive induction(Rendell,1985)and

predicateinvention(Muggleton& Buntine,1988;Zelle et al., 1994),aswell aslearninglatentor

hiddenvariablesin Bayesiannetworks(Connolly, 1993). Predicateinventionis a speci�c typeof

constructive induction,wherea new predicateis de�ned not baseddirectly on examplesof that

predicate,but on theability of thatpredicateto helpin learningthede�nitions of otherpredicates

for which examplesareavailable.Theclassicdif�culties with predicateinventionarethat,unless

predicateinventionis stronglyconstrained:(1) thesearchspaceof possiblepredicatesis too large,

(2) too many new predicatesareretained,thusreducingef�ciency of learning,and(3) theability

to inventarbitrarynew predicatesleadsto over�tting of trainingdata.

Thepresentworkcanbeseenasatypeof predicateinvention,becausearbitraryclausesarecon-

structedwhoseheadsdonothaveto unify with theexamples—they mayhavearitiesandtypesdif-

ferentfrom theexamples.SAYU-VISTA is analogousto CHILLIN (Zelleetal., 1994)andClosed

World Specialisation(Srinivasanetal.,1992).Bothof thosesystemssearchfor anintensionaldef-

inition of aclausebasedon existingpredicates,just likeSAYU-VISTA. Onekey differenceis that

thosesystemsdon't directly searchfor new predicates.CHILLIN is demanddriven,andClosed

World Specialisationinventspredicatesto handleexceptionsto thetheory, whereasSAYU-VISTA

directly searchesfor new predicates.Theotherimportantdifferenceis how thesystemsevaluate

new predicates.TheothersystemsusetraditionalILP metrics,suchascompaction.Theapproach
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in thepresentchapterconstrainspredicateinventionby requiringinventedpredicatesto beof im-

mediatevalueto thestatisticallearnerin orderto beretainedfor furtheruse.Theempiricalsuccess

of SAYU-VISTA—that it doesnot hurt performanceandit sometimeshelps—indicatesthat this

ef�cacy testis asuccessfulconstrainton predicateinvention.

Cigol (Muggleton& Buntine, 1988) was the �rst systemto perform predicateinvention in

thepredicatecalculus. It is an interactive algorithmthat inventsnew predicatesthroughinverse-

resolution.Cigol startswith asetof examples,andgeneralizestheexamplesto formatheory. Cigol

relieson two mainoperatorsto form a theory. The�rst operatoris calledtheV operator. Assume

that two clauses,C1 andC2, resolve to C. The V operator, working from C andC2, performs

the inverseof resolutionto recover C1. TheW operatorworksby placingtwo V operationsside

by sideand is able to invent new predicates.Assumethat clausesC1 andA resolve to B1 and

that clausesA andC2 resolve to B2. TheW operationtakesB1 andB2 andreconstructsC1, C2

and A. Now becauseC1, C2 and A all resolve together, they could containa literal L that is

not presentin eitherB1 or B2. Thus,Cigol is ableto invent arbitrarypredicatesL that arenot

givento thesystemby a user. Cigol asksa userif thepredicateit hasinventedrepresentsa valid

generalizationfor the target conceptthat Cigol is trying to learn. This allows Cigol to disregard

irrelevantpredicates.SAYU-VISTA ignorespredicatesthat do not improve the statisticalmodel

anddoesnot needhumaninteractionto decidewhichpredicatesto retain.

Anotheralgorithm that performspredicateinvention is Craven andSlattery's (2001)FOIL-

PILFSsystem.FOIL-PILFSextendsFOIL (Quinlan,1990)to inventstatisticalpredicates.Craven

andSlatteryareinterestedin classi�cationof text, sotheinventedpredicatescorrespondto aNä�ve

Bayesclassi�er. The featuresfor the classi�er arederived from the wordsin a documents.The

trainingsetconsistsof thesetof documentscurrentlycoveredby theclauseunderconstruction.In

a sense,this canbe seenasperformingthe inverseof what SAYU-VISTA does,asFOIL-PILFS

turnsa Bayesnet into a featureto includedin a clause.On theotherhand,SAYU-VISTA invents

apredicatethatcanbeincludedasa featurein aBayesnet.

More recentwork on predicateinvention includesderiving clusteringsand treatingcluster

membershipasan inventedfeature. PopesculandUngar(2004)de�ne new predicatesbasedon
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clusteringsthatareconstructedin aninitial pre-processingstep.This is donebeforelearningpred-

icatesthatde�ne thefeaturesfor thestatisticalmodel;thelatter featuresarenever re-used.Kemp

et al. (2006)proposeusinganin�nite relationalmodel(IRM) to clusterentitiesin a domain.The

clusterthatanentity is assignedto shouldbepredictiveof therelationshipsit satis�es.A weakness

to thisapproachis thateachentity canbelongto only onecluster. Xu etal. (2006)simultaneously

cameup with a similar idea.Kok andDomingos(2007)proposeanalgorithmthatlearnsmultiple

relationalclusters(MRC). The MRC algorithmgoesbeyond IRM in two importantways. First,

thealgorithmcanclusterbothrelationsandentities.Second,therelationsandentitycanbelongto

morethanonecluster. Theprimaryweaknessto MRC is thatit is a transductiveapproach.

The topic of learningBayesiannetwork structureswith the introductionof new (latent)vari-

ablesfacessimilar obstaclesto predicateinvention. Becausethenew variablesareunconstrained

by thedata,their introductioninto Bayesiannetwork structurelearningpermitsover�tting of the

trainingdata,in additionto increasingsearchcomplexity. SAYU-VISTA maybeseenasintroduc-

ing new variablesinto the structurelearningtask;nevertheless,by requiringthesenew variables

to bede�ned usingexisting (pre-de�nedor recentlylearned)relations,thesevariablesarepartially

constrained.Theempiricalsuccessof SAYU-VISTA providessomeevidencethat this constraint

on thenew variableshelpsto avoid over�tting. SAYU-VISTA's useof TAN Bayesnetsalsohelps

to reducethe searchspace.Both predicateinventionandBayesnet learningwith the introduc-

tion of new variablesarewidely notedto beextremelydif�cult tasks.This chapterprovidessome

evidencethat attemptingto addressboth tasksat the sametime, within an SRL framework, can

actuallymakebothtaskssomewhateasier.

7.5 Chapter Summary

This chapterpresentstheSAYU-VISTA algorithm,which extendsview learningin threesub-

stantialways. First, it createspredicatesthat have a higher-arity thanthe target concept,which
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capturemany-to-many relationsandrequirea new tableto represent.Second,it constructspredi-

catesthatoperateon differenttypesthanthetargetconcept,allowing it to learnrelevant,interme-

diateconcepts.Third, it permitsnewly-inventedpredicatesto beusedin theinventionof othernew

relations.

SAYU-VISTA's view learningcapabilityprovidesamechanismfor predicateinvention,a type

of constructive inductioninvestigatedwithin ILP. As with predicateinvention,the spaceof new

views onecande�ne for a givenrelationaldatabaseis vast,leadingto problemsof over�tting and

searchcomplexity. SAYU-VISTA constrainsthis spaceby

� Learningde�nitions of new relations(tablesor �elds) oneata time.

� Consideringonly new relationsthat canbe de�ned by shortclausesexpressedin termsof

the presentview of the database(including backgroundknowledgerelationsprovided as

intensionalde�nitions).

� Re-constructingtheSRLmodelwhentestingeachpotentialnew relation,andkeepinganew

relationonly if theresultingSRL modelsigni�cantly outperformsthepreviousone.

Thelaststeprequiresmatchinga subsetof theargumentsin therelationwith theargumentsin the

datapoints,or examples,andaggregatingaway theremainingargumentsin therelation.

We empiricallydemonstratedthatSAYU-VISTA leadsto moreaccuratemodelsthanboththe

SAYU algorithmandMarkov Logic Networks(MLNs), anotherleadingSRLframework. Further-

more,SAYU-VISTA constructedusefulandrelevantpredicates,suchasconsistentlydiscovering

theCoAuthor andTA'ed for relationsin theUW-CSEdomain.
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Chapter 8

The RelationshipbetweenPR Spaceand ROC Space

This thesishasexclusively focusedon using PR curves to presentresultsfor classi�cation

algorithms.Chapter4, notedthat we preferPR curvesto ROC curveswhenevaluatingdomains

thathave a highly skewedclassdistribution. Our useof PRcurvesled usto studytheconnection

betweenthesetwo spaces,anddeterminewhethersomeof theinterestingpropertiesof ROCspace

alsohold for PRspace.Our investigationsresultin four importantcontributions. First, we show

that for any dataset,andhencea �x ednumberof positive andnegative examples,theROC curve

andPRcurve for agivenalgorithmcontainthe“samepoints.” Basedon thisequivalencefor ROC

andPR curves,we prove thata curve dominatesin ROC spaceif andonly if it dominatesin PR

space. Second,we introducethe PR spaceanalogto the convex hull in ROC space,which we

call the achievablePR curve. We show that dueto the equivalenceof thesetwo spaceswe can

ef�ciently computethe achievablePR curve. Third we offer theoreticaljusti�cation for the fact

that it is insuf�cient to linearly interpolatebetweenpointsin PRspace.Finally, we prove thatan

algorithmthatoptimizesthe areaunderthe curve in onespaceis not guaranteedto optimizethe

areaunderthecurve in theotherspace.

Thiswork originally appearedin Davis andGoadrich(2006).

8.1 Why We UsePR Curves

In machinelearning,currentresearchhasshiftedawayfrom simplypresentingaccuracy results

whenperformingan empiricalvalidationof new algorithms.This is especiallytrue whenevalu-

ating algorithmsthat outputprobabilitiesof classvalues. Provost et al. (1998)have arguedthat
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Figure8.1 TheDifferencebetweenComparingAlgorithmsin ROC vs PRSpace

simply usingaccuracy resultscanbe misleading. They recommendedusingROC curveswhen

evaluatingbinarydecisionproblems.However, ROC curvescanpresentanoverly optimisticview

of an algorithm's performanceif thereis a large skew in the classdistribution. Drummondand

Holte (2000;2004)have recommendedusingcostcurvesto addressthis issue.Costcurvesarean

excellentalternative to ROC curves,but discussingthemis beyondthescopeof this chapter.

Precision-Recall(PR)curves,oftenusedin InformationRetrieval (Manning& Schutze,1999;

Raghavanetal.,1989),havebeencitedasanalternativeto ROCcurvesfor taskswith a largeskew

in the classdistribution (Bockhorst& Craven, 2005; Bunescuet al., 2005; Davis et al., 2005b;

Goadrichet al., 2004; Kok & Domingos,2005; Singla& Domingos,2005). An importantdif-

ferencebetweenROC spaceandPR spaceis thevisual representationof thecurves. Looking at

PR curvescanexposedifferencesbetweenalgorithmsthat arenot apparentin ROC space.Fig-

ures8.1(a)and8.1(b)show sampleROC curvesandPRcurvesrespectively. Thesecurves,taken

from the samelearnedmodelson a highly-skewed cancerdetectiondataset,highlight the visual

differencebetweenthesespaces(Davis etal.,2005b).Thegoalin ROCspaceis to bein theupper-

left-handcorner, andwhenonelooksat theROC curvesin Figure8.1(a)they appearto befairly
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closeto optimal. In PRspacethegoalis to bein theupper-right-handcorner, andthePRcurvesin

Figure8.1(b)show thatthereis still vastroomfor improvement.

The performancesof the algorithmsappearto be comparablein ROC space,however, in PR

spacewe canseethatAlgorithm 2 hasa clearadvantageover Algorithm 1. This differenceexists

becausein this domainthenumberof negative examplesgreatlyexceedsthenumberof positives

examples.Consequently, a largechangein thenumberof falsepositivescanleadto asmallchange

in the falsepositive rateusedin ROC analysis.Precision,on theotherhand,by comparingfalse

positivesto true positivesratherthan true negatives,capturesthe effect of the large numberof

negativeexampleson thealgorithm'sperformance.

8.2 RelationshipbetweenROC Spaceand PR Space

ROC andPR curvesaretypically generatedto evaluatethe performanceof a machinelearn-

ing algorithmon a givendataset.Eachdatasetcontainsa �x ed numberof positive andnegative

examples.Weshow herethatthereexistsadeeprelationshipbetweenROC andPRspaces.

Theorem 8.2.1. For a givendatasetof positiveandnegativeexamples,there existsa one-to-one

correspondencebetweena curve in ROC spaceand a curve in PR space, such that the curves

containexactlythesameconfusionmatrices,if Recall6= 0.

Proof. Note that a point in ROC spacede�nes a uniqueconfusionmatrix when the dataset

is �x ed. Sincein PR spacewe ignoreTN , onemight worry that eachpoint may correspondto

multiple confusionmatrices. However, with a �x ed numberof positive andnegative examples,

giventheotherthreeentriesin amatrix,TN is uniquelydetermined.If Recall= 0, weareunable

to recoverF P, andthuscannot�nd auniqueconfusionmatrix.

Consequently, we have a one-to-onemappingbetweenconfusionmatricesandpoints in PR

space.This implies that we alsohave a one-to-onemappingbetweenpoints(eachde�ned by a

confusionmatrix) in ROC spaceandPRspace;hence,we cantranslatea curve in ROC spaceto

PRspaceandvice-versa.
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(b) Case2: F PR(A) = F PR(B )

Figure8.2 Two Casesfor Claim1 of Theorem8.2.2

Oneimportantde�nition we needfor our next theoremis thenotionthatonecurve dominates

anothercurve,“meaningthatall other...curvesarebeneathit or equalto it (Provostetal., 1998).”

Theorem 8.2.2. For a �xed numberof positiveand negativeexamples,onecurvedominatesa

secondcurvein ROCspaceif andonly if the�r stdominatesthesecondin Precision-Recallspace.

Proof.

Claim 1 () ): If a curvedominatesin ROC spacethen it dominatesin PR space. Proofby

contradiction.SupposewehavecurveI andcurveII (asshown in Figure8.2)suchthatcurveI dom-

inatesin ROCspace,yet,oncewetranslatethesecurvesin PRspace,curve I no longerdominates.

Sincecurve I doesnot dominatein PRspace,thereexistssomepoint A on curve II suchthat the

pointB oncurveI with identicalRecallhaslowerPrecision.In otherwords,PRECI SI ON (A) >

PRECI SI ON (B) yet RECALL (A) = RECALL (B). SinceRECALL (A) = RECALL (B)

andRecallis identicalto TPR, wehavethatTPR(A) = TPR(B). SincecurveI dominatescurve

II in ROCspaceF PR(A) � F PR(B). Rememberthattotalpositivesandtotalnegativesare�x ed
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andsinceTPR(A) = TPR(B):

TPR(A) =
TPA

TotalPositives

TPR(B) =
TPB

TotalPositives

we now have TPA = TPB andthusdenotebothasTP. RememberthatF PR(A) � F PR(B)

and

F PR(A) =
F PA

Total Negatives

F PR(B) =
F PB

Total Negatives

This impliesthatF PA � F PB because

PRECI SI ON (A) =
TP

F PA + TP

PRECI SI ON (B) =
TP

F PB + TP

we now have that PRECI SI ON (A) � PRECI SI ON (B). But this contradictsour original

assumptionthatPRECI SI ON (A) > PRECI SI ON (B).

Claim 2 (( ): If a curve dominatesin PR spacethen it dominatesin ROC space. Proof

by contradiction.Supposewe have curve I andcurve II (asshown in Figure8.3) suchthatcurve

I dominatescurve II in PRspace,but oncetranslatedin ROC spacecurve I no longerdominates.

Sincecurve I doesnot dominatein ROC space,thereexists somepoint A on curve II suchthat

point B on curve I with identicalTPR yet F PR(A) < TPR(B). SinceRECALL andTPR

are the same,we get that RECALL (A) = RECALL (B). Becausecurve I dominatesin PR

spaceweknow thatPRECI SI ON (A) � PRECI SI ON (B). RememberthatRECALL (A) =

RECALL (B) and

RECALL (A) =
TPA

TotalPositives

RECALL (B) =
TPB

TotalPositives
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Figure8.3 Two Casesof Claim 2 of Theorem8.2.2

Weknow thatTPA = TPB , sowewill now denotethemsimply asTP. Because

PRECI SI ON (A) � PRECI SI ON (B) and

PRECI SI ON (A) =
TP

TP + F PA

PRECI SI ON (B) =
TP

TP + F PB

we �nd thatF PA � F PB . Now wehave

F PR(A) =
F PA

Total Negatives

F PR(B) =
F PB

Total Negatives

ThisimpliesthatF PR(A) � F PR(B) andthiscontradictsouroriginalassumptionthatF PR(A) <

F PR(B):

In ROCspacetheconvex hull is acrucialidea.Givenasetof pointsin ROCspace,theconvex

hull mustmeetthefollowing threecriteria:

1. Linearinterpolationis usedbetweenadjacentpoints.
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Figure8.4 Convex hull andits PRanalogdominatethenä�vemethodfor curveconstructionin
eachspace.NotethatthisachievablePRcurve is nota trueconvex hull dueto non-linear

interpolation.Linearinterpolationin PRspaceis typically notachievable.

2. No point lies abovethe�nal curve.

3. For any pairof pointsusedto constructthecurve,theline segmentconnectingthemis equal

to or below thecurve.

Figure8.4(a)shows an exampleof a convex hull in ROC space.For a detailedalgorithmof

how to ef�ciently constructtheconvex hull, seeCormenetal. (1990).

In PRspace,thereexistsananalogouscurve to theconvex hull in ROC space,which we call

the achievable PR curve, althoughit cannotbe achieved by linear interpolation. The issueof

dominancein ROC spaceis directly relatedto this convex hull analog.

Corollary 8.2.1. Given a set of points in PR space, there exists an achievable PR curve that

dominatestheothervalid curvesthat couldbeconstructedwith thesepoints.

Proof. First,convertthepointsinto ROCspace(Theorem3.1),andconstructtheconvex hull of

thesepointsin ROC space.By de�nition, theconvex hull dominatesall othercurvesthatcouldbe

constructedwith thosepointswhenusinglinearinterpolationbetweenthepoints.Thusconverting

thepointsof theROCconvex hull backinto PRspacewill yield acurvethatdominatesin PRspace



120

asshown in Figures8.4(b)and8.4(c).This followsfrom Theorem8.2.2.TheachievablePRcurve

will excludeexactly thosepointsbeneaththeconvex hull in ROC space.

The convex hull in ROC spaceis the bestlegal curve that canbe constructedfrom a setof

givenROCpoints.Many researchers,ourselvesincluded,arguethatPRcurvesarepreferablewhen

presentedwith highly-skeweddatasets.Thereforeit is surprisingthatwecan�nd theachievablePR

curve(thebestlegalPRcurve)by �rst computingtheconvex hull in ROCspaceandtheconverting

that curve into PRspace.Thusthebestcurve in onespacegivesyou the bestcurve in theother

space.

An importantmethodologicalissuemustbe addressedwhenbuilding a convex hull in ROC

spaceor an achievablecurve in PR space.Whenconstructinga ROC curve (or PR curve) from

an algorithm that outputsa probability, the following approachis usually taken: �rst �nd the

probabilitythateachtestsetexampleis positive,next sort this list andthentraversethesortedlist

in ascendingorder. To simplify the discussion,let class(i ) refer to the true classi�cationof the

exampleat positioni in thearrayandprob(i ) refer to theprobability that theexampleat position

i is positive. For eachi suchthat class(i ) 6= class(i + 1) andprob(i ) < prob(i + 1), createa

classi�er by callingeveryexamplej suchthatj � i + 1 positiveandall otherexamplesnegative.

Thuseachpoint in ROC spaceor PRspacerepresentsaspeci�c classi�er, with a thresholdfor

calling anexamplepositive. Building theconvex hull canbeseenasconstructinga new classi�er,

asonepicksthebestpoints.Thereforeit wouldbemethodologicallyincorrecttoconstructaconvex

hull or achievablePR curve by looking at performanceon the testdataandthenconstructinga

convex hull. To combatthis problem,the convex hull mustbe constructedusinga tuning setas

follows: First, usethemethoddescribedabove to �nd a candidatesetof thresholdson thetuning

data. Then,build a convex hull over the tuning data. Finally usethe thresholdsselectedon the

tuningdata,whenbuilding anROC or PRcurve for thetestdata.While this test-datacurve is not

guaranteedto beaconvex hull, it preservesthesplit betweentrainingdataandtestingdata.
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8.3 Inter polation and AUC

A key practicalissuetoaddressis how to interpolatebetweenpointsin eachspace.It is straight-

forwardto interpolatebetweenpointsin ROC spaceby simply drawing a straightline connecting

thetwo points.Onecanachieveany level of performanceon this line by �ipping a weightedcoin

to decidebetweentheclassi�ersthatthetwo endpointsrepresent.

However, in Precision-Recallspace,interpolationis morecomplicated.As thelevel of Recall

varies,thePrecisiondoesnot necessarilychangelinearly dueto thefact thatF P replacesF N in

thedenominatorof thePrecisionmetric. In thesecases,linearinterpolationis amistakethatyields

anoverly-optimisticestimateof performance.Corollary8.2.1showshow to �nd theachievablePR

curve by simply converting the analogousROC convex hull; this yields the correctinterpolation

in PR space.However, a curve consistsof in�nitely many points,andthuswe needa practical,

approximatemethodfor translation. We expandhereon the methodproposedby Goadrichet

al. (2004)to approximatetheinterpolationbetweentwo pointsin PRspace.

Rememberthatany point A in a Precision-Recallspaceis generatedfrom theunderlyingtrue

positive (TPA ) andfalsepositive (F PA ) counts.Supposewe have two points,A andB which are

farapartin Precision-Recallspace.To �nd someintermediatevalues,wemustinterpolatebetween

their countsTPA andTPB , andF PA andF PB . We �nd outhow many negativeexamplesit takes

to equalonepositive,or thelocalskew, de�nedby F PB � F PA
T PB � T PA

. Now wecancreatenew pointsTPA +

x for all integervaluesof x suchthat1 � x � TPB � TPA , i.e. TPA + 1; TPA + 2; :::; TPB � 1,

andcalculatecorrespondingFPby linearly increasingthefalsepositivesfor eachnew pointby the

local skew. Our resultingintermediatePrecision-Recallpointswill be
 

TPA + x
Total Pos

;
TPA + x

TPA + x + F PA + F PB � F PA
T PB � T PA

x

!

:

For example,supposewehaveadatasetwith 20positiveexamplesand2000negativeexamples.

Let TPA = 5, F PA = 5, TPB = 10, andF PB = 30. Table8.3shows theproperinterpolationof

theintermediatepointsbetweenA andB, with thelocal skew of 5 negativesfor every 1 positive.

Noticehow theresultingPrecisioninterpolationis not linearbetween0.50and0.25.
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TP FP REC PREC
A 5 5 0.25 0.500
. 6 10 0.30 0.375
. 7 15 0.35 0.318
. 8 20 0.40 0.286
. 9 25 0.45 0.265
B 10 30 0.50 0.250

Table8.1 Correctinterpolationbetweentwo pointsin PRspacefor adatasetwith 20 positiveand
2000negativeexamples.

Often,theareaunderthecurve is usedasasimplemetricto de�ne how analgorithmperforms

overthewholespace(Bradley, 1997;Davis etal.,2005b;Goadrichetal.,2004;Kok & Domingos,

2005;Macskassy& Provost, 2005;Singla& Domingos,2005). The areaunderthe ROC curve

(AUC-ROC) canbe calculatedby usingthe trapezoidalareascreatedbetweeneachROC point,

andis equivalentto theWilcoxon-Mann-Whitney statistic(Cortes& Mohri, 2003). By including

our intermediatePRpoints,wecannow usethecompositetrapezoidalmethodto approximatethe

areaunderthePRcurve (AUC-PR).

Theeffectof incorrectinterpolationontheAUC-PRis especiallypronouncedwhentwo points

are far away in RecallandPrecisionandthe local skew is high. Considera curve (Figure8.5)

constructedfrom a singlepoint of (0:02; 1), andextendedto theendpointsof (0; 1) and(1; 0:008)

asdescribedabove (for this example,our datasetcontains433 positivesand56,164negatives).

Interpolatingaswe have describedwould have an AUC-PRof 0.031;a linear connectionwould

severelyoverestimatewith anAUC-PRof 0.50.

Now thatwe have developedinterpolationfor PRspace,we cangive thecompletealgorithm

for �nding theachievablePRcurve. First, we �nd theconvex hull in ROC space(Corollary3.1).

Next, for eachpoint selectedby the algorithmto be includedin the hull, we usethe confusion

matrix that de�nes that point to constructthe correspondingpoint in PR space(Theorem3.1).

Finally, weperformthecorrectinterpolationbetweenthenewly createdPRpoints.
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(b) ComparingAUC-PRfor Two Algorithms

Figure8.6 Differencein OptimizingAreaUndertheCurve in EachSpace

8.4 Optimizing Ar eaUnder the Curve

Severalresearchershave investigatedusingAUC-ROC to inform thesearchheuristicsof their

algorithms.Ferri et al. (2002)alterdecisiontreesto usetheAUC-ROC astheir splitting criterion,
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CortesandMohri (2003)show thattheboostingalgorithmRankBoost(Freundetal., 1998)is also

well-suitedto optimizetheAUC-ROC,Joachims(2005)presentsageneralizationof SupportVec-

tor MachineswhichcanoptimizeAUC-ROCamongotherrankingmetrics,PratiandFlach(2005)

usea rule selectionalgorithmto directly createthe convex hull in ROC space,andboth Yan et

al. (2003)andHerschtalandRaskutti(2004)explorewaystooptimizetheAUC-ROCwithin neural

networks.Also, ILP algorithmssuchasAleph(Srinivasan,2001)canbechangedto useheuristics

relatedto ROC or PRspace,at leastin relationto anindividual rule.

Knowing that a convex hull in ROC spacecan be translatedinto the achievable curve in

Precision-Recallspaceleadsto anotheropenquestion:do algorithmswhich optimizethe AUC-

ROC alsooptimizetheAUC-PR?Unfortunately, theanswergenerallyis no,andwe prove this by

the following counter-example. Figure8.6(a)shows two overlappingcurvesin ROC spacefor a

domainwith 20positiveexamplesand2000negativeexamples,whereeachcurve individually is a

convex hull. TheAUC-ROCfor curve I is 0.813andtheAUC-ROCfor curve II is 0.875,soanal-

gorithmoptimizingtheAUC-ROC andchoosingbetweenthesetwo rankingswould choosecurve

II. However, Figure8.6(b)showsthesamecurvestranslatedinto PRspace,andthedifferencehere

is drastic.TheAUC-PRfor curve I is now 0.514dueto thehigh rankingof over half of thepos-

itive examples,while the AUC-PRfor curve II is far lessat 0.038,so the direct oppositechoice

of curve I shouldbemadeto optimizetheAUC-PR.This is becausein PRspacethemaincontri-

bution comesfrom achieving a lower Recallrangewith higherPrecision.Nevertheless,basedon

Theorem8.2.2ROC curvesareusefulin analgorithmthatoptimizesAUC-PR.An algorithmcan

�nd theconvex hull in ROCspace,convert thatcurve to PRspacefor anachievablePRcurve,and

scoretheclassi�er by theareaunderthisachievablePRcurve.

8.5 Chapter Summary

This work makesfour importantcontributions. First, for any dataset,theROC curve andPR

curve for a givenalgorithmcontainthesamepoints.This equivalenceleadsto thesurprisingthe-

oremthat a curve dominatesin ROC spaceif andonly if it dominatesin PR space.Second,as

a corollary to the theoremwe show the existenceof the PR spaceanalogto the convex hull in
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ROCspace,whichwecall anachievablePRcurve. Remarkably, whenconstructingtheachievable

PRcurve onediscardsexactly thesamepointsomittedby theconvex hull in ROC space.Conse-

quently, we canef�ciently computethe achievablePR curve. Third, we show that simplelinear

interpolationis insuf�cient betweenpointsin PR space.Finally, we show thatan algorithmthat

optimizestheareaundertheROCcurve is notguaranteedto optimizetheareaunderthePRcurve.

Additionally, we have madecodepublicly available for correctPR spaceinterpolationand

computingAUC in bothPRandROC space.Thecodecanbefoundat:

http://pages.cs.wisc.edu/� richm/programs/AUC/
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Chapter 9

Conclusionsand Future Work

9.1 Summary

The bulk of this dissertationdevelopedview learning for SRL. SRL algorithmsprovide a

substantialextensionto existing statisticallearningalgorithms,suchas Bayesiannetworks, by

permittingstatisticallearningto be applieddirectly to relationaldatabaseswith multiple tables.

Nevertheless,theschemasfor relationaldatabasesoftenarede�nedbasedoncriteriaotherthanef-

fectivenessof machinelearning.If a schemais not themostappropriatefor a givenlearningtask,

it maybenecessaryto changeit—by de�ning anew view—beforeapplyingotherSRLtechniques.

View learning�lled thisgapby providing anautomatedcapabilityto altertheschemaof adatabase

throughtheadditionof derived�elds andtables.

Westartedbyworkingondeterminingidentityequivalence,otherwiseknownasaliasdetection,

in intelligenceanalysisdomains. In intelligenceanalysis,textual similarity betweennamesis

oftenuninformative asindividualspurposelyattemptto disguisetheir identity. Consequently, we

neededto rely on attributesandcontextual informationto detectaliases.We proposeda two-step

methodologyfor detectingaliases.The�rst stepemployedanILP systemto learnrulesthatpredict

whethertwo identi�ers refer to the sameperson.The secondsteprepresentedeachlearnedrule

asanattribute in a Bayesiannetwork. We evaluatedour approachon seriesof syntheticdatasets

developedaspartof aU.S.Air Forceproject.Empirically, thisapproachyieldedsigni�cantly more

accuratemodelsthantreatingeachruleasaclassi�er in anunweightedvotingscheme.

Working on theILP-basedfeatureconstructionled usto realizethatthis ideacouldbeapplied

in a broadercontext within SRL. Speci�cally, it couldalleviatemany SRL approaches'inability
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to altera givendatabaseschema.It is possibleto augmentthedatabaseschemaby treatingeach

learnedrule asan additional�eld de�nition. We proposedtwo differentalgorithmsfor learning

new �elds.

The �rst algorithmwasa multi-stepframework for de�ning new �elds. The �rst stepused

an ILP algorithmto constructa large setof relationalfeatures.The secondstepselectedwhich

relationalfeaturesto includein themodel.The�nal stepconstructedastatisticalmodel.We eval-

uatedthisprocessin thespeci�c context of providing decisionsupportto radiologistswhointerpret

mammograms.For this task,theAmericanCollegeof Radiologyhasdesigneda databaseschema

to standardizedatacollectionfor mammographypracticesin theUnitedStates.This schemacon-

tainsonerecordperabnormality. However, datain otherrows of the tablemayalsoberelevant:

radiologistsmayalsoconsiderotherabnormalitiesonthesamemammogramor previousmammo-

gramswhenmakinga diagnosis.Theneedto considerthis relationalinformationmakesthis task

anatural�t for SRL.

Weevaluatedouralgorithmonacollectionof radiologyreportsobtainedfrom anactualmam-

mographypractice.Empirically, SRL techniquessigni�cantly improvedover propositionalmeth-

odsfor this domain. Nevertheless,the improvementobtainedthroughthe useof aggregation,as

mightbeperformedfor examplebyaPRM,wasroughlyequivalenttoview learning.View learning

did generatefeaturesthatwereinterestingandusefulfor theradiologycommunity. A radiologist

collaboratorreviewedseveralfeaturesandwasparticularlyintriguedby onethatsuggesteda hith-

ertounknown relationshipbetweenmalignancy andhighdensitymasses.In general,massdensity

wasnotpreviously thoughtto beahighly predictive feature.

The secondalgorithmwe proposedfor view learningintegratesthe multi-stepalgorithminto

one cohesive processby constructingthe classi�er during the rule learning procedure. This

methodology, calledScore As You Useor SAYU, addressedthe following two weaknessesof the

multi-stepalgorithm. First, choosinghow many rulesto includein the �nal model is a dif�cult

tradeoff betweencompletenessandover�tting. Second,thebestrulesaccordingto coveragemay

not yield themostaccurateclassi�er. SAYU overcamethesedrawbacksby scoringeachpotential
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view by how much it improvesthe accuracy of the classi�cation model. To scoreeachpoten-

tial view, or rule, SAYU re-computedthemodelandcheckedwhetherit �ts thedatasigni�cantly

betterthanthe model that did not usethe candidaterule. SAYU only retainedthoseviews that

signi�cantly improvedthe�t of themodelto thedata.

Employing the SAYU approach,we learneda new model from the mammographydatathat

yieldedsuperiorperformance,asmeasuredby areaundertheprecision-recallcurve. Themodel's

performanceexceededtheperformancesof ahand-craftedBayesiannetwork system,aswell asthe

performancesof standardBayesiannetwork structurelearnersandotherSRLsystems.TheSAYU

algorithmwassuccessfullyappliedto otherclassi�cationproblemsincludingpredictingagraduate

student'sadvisorandwhich genesareinvolvedin metabolism.

Next, we demonstratedthe feasibility andutility of extendingSAYU to other typesof task,

suchasmultiple-instance,real-valuedprediction. The problemof predicting3D-QSAR,a well-

known family of tasksin researchinto drug design,motivatedthis work. We improved upona

prior ILP-plus-regressionapproachin two importantways. Our �rst improvementinvolved ex-

plicitly representingthemultiple-instancenatureof the taskthroughtheuseof multiple-instance

regression.Oursecondimprovementinvolvedintegratingthefeatureinventionandmodelbuilding

stepby adaptingthe SAYU approachpreviously discussedto this regressiontask. We evaluated

our algorithmwith threeactivity predictionproblems:thermolysininhibitors,dopamineagonists

andthrombininhibitors. We observedthateachextensionby itself improvedtheaccuracy of our

real-valuedpredictions.Further, our proposedapproach,which usedbothextensions,resultedin

moreaccuratepredictionsthaneitherextensionby itself. Our approachalsodiscoveredandused

biologically relevantpharmacophoreswhenpredictingactivity.

TheSAYU-VISTA systemwasthe �nal pieceof work on view learning. It offeredthreesig-

ni�cant extensions. First, it learnedpredicatesthat have a higher-arity than the target concept,

someof which capturemany-to-many relationsandrequirea new tableto represent.Second,it

learnedpredicatesthatapply to differenttypesthanthetargetconcept,allowing for the invention

of predicatesthatarenot merelyapproximationsto thetargetconcept.Third, it permittednewly-

inventedpredicatesto be usedin the inventionof othernew relations.SAYU-VISTA performed
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a typeof predicateinvention,becauseit constructedarbitraryclauseswhoseheadsdo not have to

unify with theexamplesandwhoseheadsmayhavearitiesandtypesdifferentfrom theexamples.

SAYU-VISTA constrainedthesearchby requiringtheinventedpredicatesto beof immediatevalue

to thestatisticallearnerin orderto beretainedfor futureuse.Theempiricalsuccessof thealgo-

rithm indicatesthatthisef�cacy testis asuccessfulconstraintonpredicateinvention.Empirically,

SAYU-VISTA ledto moreaccuratemodelsthanboththeSAYU algorithmandMarkov Logic Net-

works(MLNs), anotherleadingSRL framework. Furthermore,SAYU-VISTA constructeduseful

andrelevantpredicates,suchasconsistentlydiscoveringtheCoAuthor andTA'ed for relationsin

thedomainwherethetaskwasto predicateagraduatestudent'sadvisor.

Finally, theprecedingwork led usto useprecision-recall(PR)curvesasanevaluationmetric.

We investigatedthe connectionbetweenthesetwo measuresto ascertainwhethersomeof the

interestingpropertiesof ROC curvesalsohold for PR curves. We demonstratedfour important

factsaboutROC spaceandPRspace.First, for any dataset,andhencea �x ednumberof positive

and negative examples,the ROC curve and PR curve for a given algorithm containthe “same

points.” Basedon this equivalencefor ROC andPRcurves,we provedthata curve dominatesin

ROC spaceif andonly if it dominatesin PRspace.Second,we introducedthePRspaceanalogto

theconvex hull in ROCspace,whichwecalledtheachievablePRcurve. Dueto theequivalenceof

thesetwo spaceswecanef�ciently computetheachievablePRcurve. Third weofferedtheoretical

justi�cation for the fact that it is insuf�cient to linearly interpolatebetweenpoints in PR space.

Finally, weprovedthatanalgorithmthatoptimizestheareaundertheROCcurveis notguaranteed

to optimizetheareaunderthePRcurve.

9.2 Futur eWork

The advent andprevalenceof high-throughputtechniques,suchasgene-expressionmicroar-

rays,single-nucleotidepolymorphism(SNP)chipsandhigh-throughputscreeningof molecules

for biologicalactivity, hasgreatlyincreasedthequantityof biologicaldataavailable.Furthermore,

it hasallowedpeopleto collectdatafor thesamephenomenafrom multiplesources.Themostnat-

uralplaceto storethisburgeoningcollectionof diversedatais in relationaldatabaseswith multiple
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tables,onefor eachdatatype. SRL's ability to learnfrom multiple-relationaltablesandintegrate

multiple datasourcesinto onecohesive modelwill increaseits importancein the comingyears.

Thiswealthof diversedatatypesrequiresthedevelopmentof novel computationaltechniques.The

following arethreeconcretedirectionswe intendto pursue.

Mining combinedbiological and clinical databases.In thenot sodistantfuture, it will bepos-

sible to have accessto anunprecedentedamountof clinical andbiologicaldata.With theadvent

of electronicmedicalrecords,researcherscouldhave readyaccessto clinical recordsfor patients

participatingin variousresearchstudies.Furthermore,single-nucleotidepolymorphismandgene-

expressionmicroarraydatamay be available for a subsetof theseindividuals. Accessto this

combinationof datawill allow researchersto poseandinvestigatethe following typesof ques-

tions. Canonedevelopa modelto predicttheef�cacy of a potentialdrugfor a givenindividual?

Canclinical andgeneticdataprovide insightinto which individualswill haveadversereactionsto

adrug?Wearecurrentlyinvolvedwith aprojectthatis trying to addresssimilarquestions.

Answeringthesetypesof questionswill requirethe abilities to reasonaboutuncertainty, to

considercomplex relationshipsandto integratemultiple datasources.SRL providesall threeof

thesecapabilities.In addition,theability developedin this dissertationto automaticallyidentify

novel patternsandrelationshipswithin thedatawill beamongthechief assetsSRL will bring to

the task. The challengesthis domainposeswill help drive the next roundof innovation in SRL

technology. A key issuewill be scalingup SRL algorithmsto handlethe large amountsof data

thatwill beavailable. It will becrucial to developalgorithmsthancanef�ciently work with large

datasets.Furthermore,the characteristicsof the datawill be signi�cantly different thancurrent

testbeds.First, in this typeof setting,a researcherwill have accessto very few patientsor exam-

ples. It will becrucial to addressthe issueof over�tting to ensurethat learnedmodelsgeneralize

to unseenexamples.Second,SRL often focuseson domainsthat have many relations,but each

relationonly hasa few attributes. The medicaldomainwill be muchmorefeature-centric.For

example,microarrayexperimentsyield informationabouttensof thousandsof features.Meeting
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thesechallengeswill becrucialfor makingSRLviablein thesetypesof domains.

Incorporating negative information.

Often in biology, informationabouteventsthatdo not or shouldnot occurcanprovide useful

informationto a learningsystem.Unfortunately, thenumberof eventsthatdo not occuris quite

large,makingit dif�cult to discerntherelevantnegativeinformation.For aconcreteexample,con-

siderthenotionof “excludedvolumes”for pharmacophores.Excludedvolumesplaceadditional

restrictionson potentialpharmacophoresby declaringthat no part of the moleculecanoccupy a

particularregionor volume.A potentialpharmacophoremayhaveall therelevantfeaturesin order

to beactiveandyet, in practice,doesnot exhibit thedesiredactivity level. A pharmacophoreonly

modelsa3D substructureof themolecule,andit is possiblethatthepartof themoleculethatis not

modeledinterfereswith its ability to bindto thetargetprotein.For example,theunmodeledportion

of thepharmacophorecouldphysicallyoccupy partof thebindingareafor thetargetprotein.It is

alsopossiblethat theunconstrainedpartof thepharmacophorecouldhave anelement,suchasa

hydrophobicgroup,closeenoughto thebinding site that it interfereswith the molecule's ability

to bind to thetargetprotein.Therefore,it couldpotentiallybeusefulto includeinformationabout

excludedvolumesin thepharmacophoresearchprocess.

The relationallearningapproachtaken in our previouswork readily lendsitself to theability

to incorporatebackgroundknowledgeaboutexcludedvolumes.Unfortunately, it is dif�cult and

time consumingto obtaininformationaboutexcludedvolumes.Often,it is unclearwhich regions

shouldbe declaredas excludedvolumes. If the excludedvolumesare known, the information

hasto be introducedby handasbackgroundknowledgefor the learningalgorithm. Therefore,

an importantinnovationwould be theability to automaticallygenerateandincorporateexcluded

volumesduringthesearchprocess.This is anextraordinarilydif�cult problemto addressbecause

it requiresbeingableto determinea region a moleculeshouldnot occupy. Thefact thatanactive

moleculedoesnot occupy a givenregion of spacedoesnot imply thata requirementfor activity

is that themoleculenot occupy thegivenregion. Thetrick becomesgeneratingandselectingthe
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relevant regionsthat a moleculeshouldnot occupy in order to be active. We would like to ex-

tendourdrugactivity predictionframework to automaticallygenerateandincorporateinformation

aboutexcludedvolumesduringthesearchprocess.Onepossibleapproachwould beto examinea

pharmacophorethatcoversa reasonablylargenumberof activemolecules,but alsomultiple inac-

tive molecules.Using this pharmacophore,it may bepossibleto extract anexcludedvolume. If

theinactivescoveredby thispharmacophoreall occupiedpartof avolumethatnoneof theactives

occupy, thenthis volumecouldbeacandidatefor anexcludedvolume.Youcouldfurtherevaluate

thecandidateby requiringthat it satisfyotherconditions,suchasits volumebeinglessthansome

predeterminedthreshold.Candidatesthatpassall the testswould be incorporatedinto thesearch

space.

Addressinginter-observer variability . Oftentimesin biology or medicine,dataare collected

throughaprocesswhichis subjectto thevariability of adatacollectoror anobserver. For example,

theoutcomeof microarrayexperimentscanbe in�uenced by laboratoryconditionsor personnel.

This is evenmoretrueof experimentsinvolving massspectrometry. Theproblemwill bepartic-

ularly acutewhencombiningexperimentsdoneat different laboratories.In mammography, the

qualityof theinterpretationof amammogramis affectedby thevariability in thetraining,skill and

experienceof theradiologistwho readsit. An importantresearchdirectionwill beto accountfor

variability. For a concreteexample,I will focuson the mammographydomain. An assumption

underlyingourprior work is thatif two radiologistsreadthesamemammogram,they will generate

identicalreportsaboutit. In reality, this is not thecase,especiallyfor mammogramsthatcontain

suspicious�ndings. Oneway to accountfor this weaknesswould bethroughtheuseof collective

classi�cation. In theordinaryuseof a classi�er obtainedby machinelearningor datamining,we

runtheclassi�erononerecord,or testcase,atatime,andwe�ll in thevalueof one�eld or variable

ata time. Collectiveclassi�cation(Jensenetal., 2004;Neville & Jensen,2000)is analternative in

which we usea modelor classi�er to labelall unknown �elds in all recordsor testcasestogether,

or collectively, with eachlabeltakingtheotherlabelsinto account.
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Wecanusecollectiveclassi�cationto improvepredictionsin thefollowingmanner. Wecanuse

ourSRLmodelto analyzetheabnormalitiesin aheld-outvalidationset.Someabnormalitiesin the

validationsetwill themselvesbemisclassi�ed.If a largerthanexpectedfractionof themislabeled

abnormalitieswasstudiedby a particularradiologist,thismaybeindicative thatthis radiologistis

not labelingfeatures,suchascalci�cation types,in amannerconsistentwith theotherradiologists.

If we adda tablethat associateswith eachradiologista featureindicatingperformance,thenwe

canestimatethis featurefor eachradiologistfrom how accuratelyourSRL modelperformson his

or hercases.Theprocesscanbeiterated,sothatour SRL modelfor labelingabnormalitiestakes

into accounttheradiologist.In thisway, whenlabelinganabnormalityin thetestset,weallow the

setof previousmammogramsanalyzedby thatradiologistto in�uence our label.

The precedingprocedurecanbe carriedeven further, so that the gold standardoutcomesof

prior mammogramscanbeusedto updateourbeliefsabouttheindividual �elds in acurrentmam-

mogram.For example,assumeaspeci�c radiologistconsistentlyfoundpleomorphiccalci�cations

acrossall mammograms,regardlessof whethertheabnormalityis benignor malignant.However,

sincepleomorphiccalci�cationsaremoreindicative of malignancy, theSRL modelmight assign

theabnormalitya higherprobabilityof beingmalignantthanis actuallywarrantedgiventheradi-

ologist's trackrecord.Throughcollectiveclassi�cation,wecandecreasetheweightplacedon this

featureandpotentiallylower theposteriorprobabilityof malignancy for thecurrentabnormality.
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