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ABSTRACT

This dissertatiordevelopsand evaluatesstatisticalrelationallearning (SRL) algorithmsthat can
automaticallyalterthe schemaof adatabaséy learningnew eld andtablede nitions. Thealgo-
rithmic advancesmadein this dissertatioraremotivatedby importantproblemssuchasproviding
decisionsupportsystemfor radiologistswho read mammogramspredictingthree-dimensional
Quantitate Structure-Acwity Relationshipgor drugdesign,andperformingentity resolution—
the task of recognizingwhentwo molecules patients,biological pathways, etc. are actually the

same.

Thisdissertationntroducewiew learning theability to automaticallyaltertheschemaf adatabase
throughthe additionof new elds or tables for SRL, andpresentswo algorithmsfor augmenting
the schemaof a databasdoy addingnew elds. It thenextendsview learningby developingan
algorithmfor performingpredicatenvention.We demonstratéhe utility of view learningfor SRL
in two ways. First, it learnssigni cantly more accuratemodelson a wide variety of domains.
Secondijt uncoversimportantandusefulknowledgein thesedomains.For example,it identi ed a

novel featurefrom a mammographyeportthatis indicative of malignang.

Motivatedby the precedingwork, the last part of the dissertationinvestigateghe relationship
betweenrecever operatorcharacteristidROC) spaceand precision-recal(PR) space. Among
othercontributions,this partprovesthatfor a x ednumberof positve andnegative examplespne
curve dominatesanothercurve in ROC spaceif andonly if the rst curve dominateshe second
curve in PR space.This resultimpliesthe existenceof ananalogto the corvex hull for PR space,
which we call the achievable PR curve, andit providesanef cient algorithmfor constructinghe

achievablecurve.



Chapter 1

Intr oduction

Applicationsfrom other elds oftendrive advancesn machinelearninganddatamining. Bi-
ology andmedicinehave senedasareadysourceof novel, interesting challengingandimportant
problemsto drive innovation in machinelearningand datamining. The adwentand prevalence
of high-throughputechniquessuchasgene-&pressionmicroarrays single-nucleotidgolymor
phism(SNP)chipsandhigh-throughpuscreeningf moleculedor biologicalactuity, have greatly
increasedhe quantityof biological dataavailable. Furthermorethesetechnologie$have allowed
peopleto collectdatafor the samephenomendrom multiple sources.The mostnaturalplaceto
storethis burgeoningcollectionof diversedatais in relationaldatabasewith multiple tables,one
for eachdatatype.

Biomedicaldata presentamary challengedor datamining and machinelearningresearch.
Comple structureddata, such as patient clinical historiesor the structuresof potential drug
molecules represenbne obstacle. Suchdataare mostnaturally storedin a relationaldatabase
with multiple relationaltables,whereasnostmachinelearningand data-analysislgorithmsas-
sumethe dataare storedin a singletable. Additionally, even whendataresidein a singletable,
datain differentrows of thetablemayberelated ratherthanindependenasassumedby mostdata
analysisandmachindearningalgorithms.

Foraconcreteexample considetthe problemof breastancediagnosis Signi cant dataabout
patientscanbe capturedn atable,suchasFigurel.1, thatcontainsnformationaboutabnormal-
ities in patientsfrom mammographyeports. Eachrow in Figure 1.1 representsn abnormality
on a mammogram Bayesiametworks are probabilisticgraphicalmodelsthat have beenapplied

to the task of breastcancerdiagnosisfrom mammographydata. However, when attemptingto



label a given abnormalityas benignor malignant,a Bayesiannetwork canonly incorporatein-
formationaboutthat speci c abnormality However, a radiologistmight include dataaboutother
abnormalitieson the samemammogranor prior abnormalitiedor the samepatient(e.g. patient
P1lin Figurel.l)in thedecisionprocess.

Anothercompleity is entity-resolution—th@&eedto recognizevhentwo moleculespatients,
biological pathways,etc.areactuallythe same.This researctlocuseson the challengegaisedby
concretesigni cant tasksin theanalysisof biologicalandmedicaldata.Furthermorethesessues
existin mary otherdatatypes;for example entity resolutionalsoappearsasaliasdetectionwithin
intelligenceanalysis(Davis et al., 2005c), record de-duplicationwithin databasesnd citation

matchingwithin documentnalysigDavis etal., 2007c¢).

Abnormality | Patient | Date | Mass |...| Mass Size | Location Benign
Shape Malignant
P1 5/02 | Ova 2mm RU4 Benign
P2 5/04 | Round 4mm RU4 Malignant
P3 5/04 | Ovad 1mm LL3 Benign

Figurel.1 An ExampleDatasefor DiagnosingBreastCancerfrom a MammographyReport

Thegoalof this dissertations to upgradestandardearningalgorithmsto handlesuchinterde-
pendencieswhich arecommonin biomedicaldomains. This work falls in the areaof statistical
relationallearning(SRL). SRL advancedeyondBayesiametwork learningandrelatedtechniques
by handlingdomainswith multiple tables by representingelationshipetweerdifferentrows of
the sametable,andby integratingdatafrom several distinctdatabasesThesealgorithmsarepar
ticularly adeptatintegratingmultiple datasourcesnto onecohesve model. Currently SRL tech-
niquescanlearnjoint probabilitydistributionsoverthe elds of arelationaldatabase&vith multiple

tables.NeverthelessSRL techniquesreconstrainedo useonly thetablesand elds alreadyin the



databaseyithout modi cation. In contrastmary humanusersof relationaldatabasesd it ben-
e cial to de ne alternatve viewsof adatabase—furtheelds or tablesthatcanbe computedrom
existing ones. For example,a humanusermight de ne a view statingthatanincreasan the size
of theabnormalityat alocationsinceanearliermammogrammaybeindicative of amalignang.
This dissertatiorwill present seriesof algorithms which augmentSRL by addingthe ability
to learnnew elds andtables. In databaseerminology thesenewn elds andtablesconstitutea
learnedview of thedatabaseTheendresultis a state-of-the-arBRL framewvork thatautomatically
de nes new views of the data. The framework is broadly applicableto clinical and biological

problemsandthis dissertatiorshavs thatit increasesheaccurag of thelearnedmodels.

1.1 Contributions

Two commonthemesonnecimostof thework donefor thisdissertationThe rst isanempha-
sison biologicalandmedicalapplications.The seconds the useof inductive logic programming
(ILP) techniquedo learnview de nitions. The contributionsmadein this thesiscanbe roughly
dividedinto four parts.The rst partevaluatedifferentmethoddor convertinghypothesesf rules
into aclassi er. Thesecondoartintroducesview learningfor SRL andpresentswo algorithmsfor
augmentinghe schemaof a databasdy addingnewv elds. Thethird partextendsview learning
by developinganalgorithmfor performingpredicatanvention.Motivatedby the precedingvork,
the fourth partinvestigateghe relationshipbetweernrecever operatorcharacteristigROC) space
andprecision-recal(PR)space.

The rst section consistingof Chapter3, evaluatedifferentapproachesor corvertinganILP

learnedhypothesisnto aclassi er.

We proposeusingILP algorithmsfor determiningdentity equivalence ptherwiseknown as
aliasdetectionjn intelligenceanalysis.A centraladvantageof usingILP for this taskis that

it producesinderstandableesults.

We demonstratehat the traditional ILP approachof constructinga decisionlist to corvert

thelearnedhypothesisnto a classi er maximizeshe numberof falsepositives.



We presentsimpleapproacho decreas¢éhe numberof falsepositivesby representingach
learnedrule asan attribute in a Bayesiametwork. Empirically, this methodyields signi -
cantly moreaccuratenodelsthanusingunweightedvoting, which is a simple extensionof

thedecisionlist approach.

Thesecondsectionoutlinedin Chapterst, 5 and6, presentslgorithmsfor learningviews that

augment databasschemahroughtheintroductionof new elds.

We introducethe problemof classifyinganabnormalityon a mammogranasbenignor ma-
lignantasaninterestingoroblemfor SRL. We usethis applicationto illustratea shortcoming
of currentSRL algorithms: their inability to alter the schemadatabase We proposeview

learningto addresshis weakness.

We proposea multi-stepframenork for learningviews. The rst stepinvolvesusing an
ILP algorithmto constructa large setof relationalfeatures.The secondstepselectswhich

relationalfeaturego includein themodel. The nal stepbuilds a statisticalmodel.

We proposea methodfor generatingviews, basedon the ideaof constructingthe classi er
aswe learn therules (Davis et al., 2005a). This methodologycalled Scoe As You Useor

SAYU, interleavesfeatureinvention featureselectiorandmodelconstruction.

We empiricallydemonstrat¢hat SAYU leadsto signi cantly moreaccuratenodelsthanthe

multi-stepmethodologyfor classi cationtasks.

We presenthe MIR-SAYU systemfor drugactity prediction. We evaluatethis algorithm
onreal-world datasetenddemonstratéhatMIR-SAY U resultsin moreaccuratgredictions
thanacurrentstate-of-the-aralgorithmfor thistask. We also nd thatMIR-SAYU discovers

biologically relevantfeatures.

The third section,consistingof Chapter7, extendsview learningby addingthe capabilityto

inventnew relationaltables



We presentheSAYU-VISTA algorithmwhichaddstwo importantextensionsFirst, it learns
predicateshatcapturemary-to-mary relationsandrequirea new tableto representSecond,

it constructgredicateshatoperateon differenttypesthanthetargetconcept.

We empirically demonstratehis leadsto more accuratemodelsthanthe SAYU algorithm.
Furthermorewe demonstratehat it achievesbetterperformancahanMarkov Logic Net-

works (MLNSs), anothedeadingSRL framework.

Finally, working on problemsthat containa large skew in the classdistribution led usto use
precision-recal(PR) curvesasan evaluationmetric. Thinking aboutPR curvesled to sometheo-
reticalinsightsabouttheir relationshipto recever operatorcharacte(ROC) curves. This chapter

makesfour substantiatontrikutions:

A proof that for a x ed numberof positve and negative examples,one curve dominates
anothercurve in ROC spacef andonly if the rst curve dominateghe secondcurve in PR

space.

Thereexists an analogto the corvex hull for PR space which we call the achiezable PR

curve. We give anef cient algorithmfor constructinghe achiezablecurve.

A justi cation for the fact that linearly interpolatingbetweenpointsin PR spaceis not
achievable,in general. An algorithmis givenfor performingthe correctinterpolationbe-

tweenpointsin PRspace.

Optimizingthe areaunderthe curve (AUC) in onespacedoesnot optimizethe AUC in the

otherspace.

1.2 ThesisStatement

We proposeandevaluatestatisticakelationallearningalgorithmsthatde ne new views of data.
We hypothesizahatstatisticalrelationallearningalgorithmscanbene t from the ability to de ne
new views of adatabasel earningalgorithmsthatalterthe schemaof the databaséy addingnev

elds andtableswill resultin moreaccuratamodels.



Chapter 2

Background

This dissertationdravs on three areasof machinelearning: probabilistic models (namely
Bayesiannetworks), inductive logic programming(ILP) and statisticalrelationallearning. We
will give backgroundnformationabouttheseareaghatwill beusedin therestof the dissertation.

At theendof thesectionwewill giveabrief overview of evaluationmethodgor machindearning.

2.1 BayesianNetworks

Bayesiametworks (Pearl,1988) are probabilisticgraphicalmodelsthat encodea joint prob-
ability distribution over a setof randomvariables.A Bayesiametwork compactlyrepresentshe
joint probability distribution over a setof randomvariablesby exploiting conditionalindependen-

ciesbetweervariableqattributes).Figure2.1 shavs a simpleBayesiametwork.

Ben|gn V. Benign | Malignant
M allgnant 0.99 0.01
Cal cFine
L| near

Benign Malignant Benign Malignant
CFL 0.01 0.55 Size>5 0.33 0.42

Present
CFL 0.99 0.45
Absent

Size "5 0.67 0.58

Figure2.1 A SampleBayesiarNetwork



We will useuppercasdetters(e.g. A) to referto a randomvariableand lower caseletters
(e.g.a) to referto aspeci c valuefor thatrandomvariable.Givena setof randomvariablesX =
fXq;:::;X,0,aBayesiametworkB = hG; i isde nedasfollows. G isadirectedacgyclic graph
thatcontainsanodefor eachvariableX; 2 X . For eachvariable(node)in thegraph,theBayesian
network hasa conditionalprobability table x,jparents(x;) 9iving the probability distribution over
the valuesthatvariablecantake for eachpossiblesettingof its parentsand = f x,;:::; x,.0.
A Bayesiametwork B encodeghe following probability distribution:

NN
Pe(X1;:::Xp) = P (XijParents(X)) (2.1)
i=1

Two learningproblemsexist for Bayesiametworks. The rst learningtaskinvolveslearning

the parameters .

Learn: x,jparents(x;) for eachnodein the network

Onecommonapproacho learningparameterss computingmaximumlik elihoodestimategFried-
manet al., 1997). The ELR algorithm (Greiner& Zhou, 2002) provides a mechanisnfor dis-
criminative training of parameters Anotherapproachusedin this dissertationjs to usea prior
probability in conjunctionwith the maximumlik elihood estimate. This is alsoknown asan m-
estimatgMitchell, 1997).GivenadataseD, P (X = x) is givenby thefollowing formula:

R+m  py

P(X =x)= e

(2.2)
In this equation:
R is thenumberof timesthatX = xinD.

px is the prior probabilityof X = x.

m is thetermallows usto weighttherelative importanceof the prior distribution versusthe

empiricalcounts.



Onecommonapproactio settingp, andm is known asthe Laplacecorrection.Thissetsp, = 1=k
andm = k, wherek equalsthe numberof distinctsettingsfor X .
The secondearningtask subsumeshe rst task,andinvolveslearningthe parameters as

well asthe network structureG.

Learn:Network structureG and x,jparents(x;) fOr eachnodein the network

PopularstructurelearningalgorithmsincludeK2 (Cooper& Herslovits, 1992),BNC (Grossman
& Domingos2004),treeaugmentecdidve Bayes(Friedmaretal., 1997)andthe SparseCandidate
algorithm(Friedmaretal., 1999b).

Thisdissertatiorusesxistingtechniquegor constructingBayesiametworksfor classi cation.

This work primarily makesuseof two typesof models: nave Bayesandtree augmentechave

C andadataseD.

Class
Attribute

Figure2.2 A SampleNave BayesNetwork

The ndve Bayesmodel, illustratedin Figure 2.2, is a very simple model that involves no
learningto determinehe network structure.Eachattribute hasexactly oneparent:the classnode.
For nave Bayes,only the rst learningtaskneedso be addressedThe dravbackto usingnave
Bayesis thatit assumeshateachattributeis independenof all otherattributesgiventhe valueof

theclassvariable.



A TAN model, illustratedin Figure 2.3, retainsthe basicstructureof nave Bayes,but also
permitseachattributeto have at mostoneotherparent.This allows the modelto capturea limited
setof dependenciesetweerattributes.To decidewhicharcsto includein theaugmenteahetwork,

thealgorithm(Friedmaretal., 1997)doesthefollowing:

1. Constructa completegraphG,, betweenall non-classattributesA;. Weight eachedge

between andj with the conditionalmutualinformation,Cl (A;; A;jC).

2. FindamaximumweightspanningreeT over G,. CorvertT into adirectedgraphB. This

is doneby picking a nodeandmakingall edgesoutgoingfrom it.
3. Add anarcin B connectingC to eachattribute A;.

In stepl, Cl representthe conditionalmutualinformation,whichis givenby in thefollowing

equation:
Xi i e P(a:ai
Cl (A AC) = P(a;a; c)logp(a(ji)ﬁ(fjc) 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.Secondijt nds this modelin polynomialtime.

Class
Attribute

— o - —

Figure2.3 A SampleTAN BayesNetwork
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2.2 Inductive Logic Programming

Inductive logic programmingILP) is aframework for learningrelationaldescriptiongLavrac
& Dzeroski,2001). This paragraphprovides a brief overvien of rst-order logic. For a more
comprehenske overview of rst-order logic andhow it relatesto logic programmingpleasesee

JohnLloyd's (1984)book. First-orderogic relieson analphabetonsistingof countablesetsof:
Predicatesymbolsp=n, wheren refersto thearity of thepredicateandn 0.
Functionsymbolsf =n, wheren refersto thearity of thefunctionandn 0.

Variables.

literal is anatomicformulaor its negation. A clauseis a disjunctionovera nite setof literals. A
de nite clauseis a clausethat containsexactly onepositive literal. A de nite programis a nite
setof de nite clausesDe nite programdorm the basisof logic programming.

ILP is appropriatefor learningin multi-relationaldomainsbecausehe learnedrules are not
restrictedto contain elds or attributesfor a single tablein a database.ILP algorithmslearn
hypothesesxpressedisde nite clausesn rst-order logic. Commonly-usedLP systemsnclude
FOIL (Quinlan,1990),Progol(Muggleton,1995)andAleph (Srinivasan2001).

ThelLP learningproblemcanbe formulatedasfollows:

Given: backgroundknowledgeB , setof positive examplesE *, setof negative examplesE

all expressedn rst-order de nite clauseogic.

Learn: A hypothesisH, which consistsof de nite clausesin rst-order logic, suchthat
BHFE"andB"H 6 E .

In practicejt is oftennotpossibleto nd eitherapurerule or rule set. Thus,ILP systemselaxthe
conditionsthatB " H F E* andB" H § E .
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In our work, we usethe Aleph ILP systemwhichimplementgshe Progolalgorithm(Muggle-
ton, 1995)to learnrules. This algorithminducesrulesin two steps.Initially, it selectsa positive
instanceto sere asthe “seed” example. It thenidenti es all the factsknown to be true about
the seedexample. The combinationof thesefactsformsthe examples mostspeci ¢ or saturated
clause.The key insightof the Progolalgorithmis thatsomeof thesefactsexplain this examples
classi cation. Thus,generalization®f thosefactscould apply to otherexamples.The Progolal-
gorithmthenperformsatop-dovn re nementsearch(Muggleton,1995)over the setof rulesthat

generalizea seedexamples saturateatlause.

2.3 Statistical Relational Learning

StatisticaRelationalearning(SRL)focusesonalgorithmsfor learningstatisticaimodelsfrom
relationaldatabasesSRL advancesheyond Bayesiametwork learningandrelatedtechniquesdy
handlingdomainswith multiple tables,representingelationshipsbetweendifferentrows of the
sametable, andintegrating datafrom several distinct databasesSRL adwvancesbeyond ILP by
addingthe ability to reasoraboutuncertainty

Researchn SRL hasadwancedalongtwo main lines: methodsthat allow graphicalmodels
to representelationsand framewvorks that extend logic to handleprobabilities. Along the rst
line, FriedmanGetoor Koller andPfeffer (1999a)presentednalgorithmto learnthe structureof
probabilisticrelationalmodels,or PRMs,which representedneof the rst attemptgo learnthe
structureof graphicalmodelswhile incorporatingrelationalinformation. RecentlyHeckerman,
MeekandKoller (2004)have discusse@xtensiondo PRMsandcomparedhemto othergraphical
models. Othergraphicalapproachescluderelationaldependeng networks (Neville & Jensen,
2004)andrelationalMarkov networks (Taskaretal., 2002).

Along the secondline, a statisticallearningalgorithmfor probabilisticlogic representations
was rst given by Sato(1995) and Cusseng2001) later proposeda more generalalgorithmto
handlelog linear models. Additionally, Muggleton(2000) hasprovided learningalgorithmsfor

stochastidogic programs. The structureof the logic programis learnedusing ILP techniques,
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while the parametersrelearnedusinganalgorithmscaledup from stochasticontet-free gram-
mar learning. Other logical approachesnclude Bayesianlogic programs(Kersting & Raedt,
2002),constraintiogic programmingwith BayesnetconstraintSantosCostaet al., 2003),logi-

cal Bayesiametworks (Fierenset al., 2005)and Markov logic networks (MLNSs) (Richardson&

Domingos,2006).

Anotherapproactio combiningrelationsandprobabilityis throughthe designof programming
languages.Two examplesof this areIBAL (Pfeffer, 2001)andBayesianlogic or BLOG (Milch
etal., 2005). A strengthof the BLOG approachs thatit providesa mechanisnto reasomabout
whetheror notanobjectexistsin aworld.

For the purposef this dissertationijt is worth goinginto more detailon PRMsandMLNSs.
PRMsupgradeBayesiametworksto handlerelationaldata.A PRM relieson beingprovidedwith
arelationalskeleton:the databasschemaogethemwith the objectspresenin thedomain.lIt also
speci eswhichattributesareassociatewvith theobjects put it doesnotincludethevaluesfor these
attributes.In fact,a PRM modelsthejoint distribution over possiblesettingsthatall the attributes
of all theobjectscouldtake. Figure2.4 shavs a simplerelationalskeletonfor a universitydomain,
which hastwo typesof objects,studentsandclassesandonerelationthat connectsstudentswith
classeshey have taken.

Like aBayesiametwork, aPRM hasa parameter x, associateavith eachattribute X, where:

x; = P(XijParents(X;)). However, in aPRMaparentcouldbeanattributein anothettable.To
illustratethecomplexitiesinvolved,we useanexampledomainfrom Getooretal. (2001).Consider
therelationalskeletonin Figure2.4 andassumehatgradeis a parentof rank Notethatstudents
take mary coursesandthatstudentgake variablenumber=f coursesConsequentlyrankdepends
on a multi-setof valuesfor grade andthis multi-setvariesin sizeby student.To modelthis type
of dependeng PRMsusean aggreation function to collapsethe multi-setinto a single value.
Algorithmsfor learningin PRMscanbefoundin Getoor(2001).

MLNs combine rst-order logic with Markov networks. Markov networks are undirected
graphicalmodels. Formally, an MLN is a setof pairs, (Fi; w;), whereF; is a rst-order formula

andw; 2 R. MLNs softenlogic by associatinga weightwith eachformula. Worlds thatviolate
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Figure2.4 A relationalskeletonfor a universitydomain.The dashedinesindicatewhich classes
astudenthastaken. Theideafor this skeletoncomesfrom Getooretal. (2001).

formulasbecomdesslikely, but notimpossible.Intuitively, asw; increasesso doesthe strength
of the constraintF; imposeson the world. Formulaswith in nite weightsrepresent purelogic
formula.

MLNs provide atemplatefor constructingMarkov networks. Whengivena nite setof con-
stantstheformulasfrom anMLN de ne a Markov network. Nodesin the network aretheground
instancesof the literals in the formulas. Arcs connectliterals that appearin the sameground
instanceof a formula. This discussionignoreshow MLNs usethe weightsto parameterizeéhe
underlyingMarkov network. Informationon this processanbefoundin RichardsorandDomin-
gos (2006). Algorithms have beenproposedor learningthe weightsassociateqRichardson&
Domingos,2006;Singla& Domingos,2005)with eachformula,aswell asfor learningtheformu-

lasthemseles(Kok & Domingos,2005).
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Recall = TP

TP+EN

actual | actual .. _ TP
positive | negative Precision ~ TP+FP

predictedoositve | TP FP . _ TP
predictechegative | FN TN TruePositveRate = rpien
(a) ConfusionMatrix FalsePositve Rate = %

(b) De nitions of metrics

Figure2.5 CommonMachineLearningEvaluationMetrics
2.4 Review of ROC and Precision-RecallCurves

In a binary decisionproblem,a classi er labelsexamplesaseither positive or negative. The
decisionmadeby the classi er canberepresenteth a structureknown asa confusionmatrix or
contingenyg table. The confusionmatrix hasfour cateyories: True positives(TP) are examples
correctlylabeledaspositive. Falsepositives(FP) referto negative examplesncorrectlylabeledas
positive. True negatives(TN) correspondo negativescorrectlylabeledasnegative. Finally, false
negatives(FN) referto positve examplesncorrectlylabeledasnegatie.

Figure2.5(a)shavs a confusionmatrix. The confusionmatrix canbe usedto constructa point
in eitherROC spaceor PR space.Giventhe confusionmatrix, we areableto de ne the metrics
usedin eachspaceasin Figure 2.5(b). In ROC spaceone plots the False Positve Rate (FPR)
on the x-axis andthe True Positve Rate(TPR) on the y-axis. The FPRmeasureshe fraction of
negative examplesthat are misclassi edaspositve. The TPR measureshe fraction of positive
examplesthat are correctly labeled. In PR space,one plots Recall on the x-axis and Precision
on they-axis. Recallis the sameas TPR, whereasPrecisionmeasureshat fraction of examples
classi ed as positive that aretruly positive. Figure 2.5(b) givesthe de nitions for eachmetric.
We will treatthe metricsasfunctionsthatacton the underlyingconfusionmatrix whichde nesa
pointin eitherROC spaceor PR space.Thus,givena confusionmatrix A, RECALL(A) returns

the Recallassociatedvith A.
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Often, researchersisethe areaunderthe curve (AUC) asa simple metric to de ne how an
algorithmperformsoverthewholespace Theareaunderthe ROC curve (AUC-ROC)is equivalent

to the Wilcoxon-Mann-Whitng statistic(Cortes& Mohri, 2003).
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Chapter 3

Inductive Logic Programming for Feature Construction:
A CaseStudy in Alias Detection

Oneof the challengesaisedby comple, multi-relationaldata,asmentionedn Chapterl, is
the presencef aliases.Onegeneor proteinmay have several names.Onescienti ¢ papermay
have multiple, slightly different, citations. One personmay have multiple names. In the most
dif cult casewhich this chapteraddressedhe personmay actuallybe working to hidethe alias.
Thischapteproposestwo-stepmethodologyfor detectingaliasesin the rst step,anILP system
learnsasetof rulesthatcanachiese highrecall,thatis, they shouldbeableto recognizenmostof the
truealiasesUnfortunately someof theserulesmayhave poorprecision meaninghatthey falsely
classifyidentity pairsasaliases. The secondstepaddressethis problem. Eachrule becomesa
featurein anew classi er insteadof just beingtreatedasanindividual classi er. We useBayesian
Networksasour model,asthey calculatethe probabilitythata pair of identitiesarealiases.

We evaluateour approaclon syntheticdatasetslevelopedby InformationExtraction& Trans-
port, Inc. within theEAGLE Project(Schrag2004).Eachdatasetmodelsanarti cial world, which
is characterizedby individuals andrelationshipetweerntheseindividuals. Our resultsshow ex-
cellentperformancdor severalof thedatasets.

This work originally appearedn Davis et al. (2004)andDavis et al. (2005c),which receved

the BestTechnicalPaperawardatthe InternationalConferencen IntelligenceAnalysis.
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3.1 Alias Detectionand the Challengeslt Presents

Determiningidentityequivalenceor aliasdetectionjs acommonproblemin intelligenceanal-
ysis. Two differentidenti ers areequialentor aliasesif bothreferto the sameunderlyingobject.
Onetraditionalexampleof aliasingcentersaaroundmistypedor variantauthornamesn documents.
For example,onemight wantto determinef a citationfor V.S. Costaandonefor V'tor S. Costa
referto the sameauthor In this situationone evaluatesmatchesasedon textual similarity. Fur-
thermorethe centralinformationcomesfrom the surroundingext (Pasulaetal., 2003). However,
intelligenceanalysisinvolvesmorecomple situationsandoften syntacticsimilarity is eitherun-
availableor inapplicable.Instead aliasesmustbe detectedhroughobjectattributesandthrough
interactionpatterns.

Theintelligenceanalysisdomainofferstwo furtherchallengesFirst,informationis commonly
storedin relationaldatabasenanagemensystemsand involves multiple relationaltables. We
addresghis obstaclethroughthe useof ILP, a multi-relationaldatamining techniquethatlearns
rules which cancontain elds from differenttables. ModernILP systemscanhandlesigni cant
databasegontainingmillions of tuples.

A secondchallengein intelligenceanalysisarisesfrom falsepositives or falsealarms.In our
task, a falsepositive correspondso incorrectly hypothesizinghat two namesrefer to the same
individual. A falsepositive might have seriousconsequencesuchasincorrectlyaddingindivid-
ualsto ano-y list. Falsepositvesalwayswastevaluabletime. Falsepositvesreducetrustin the
system:if anexpertsystemfrequentlygivesspuriouspredictions,analystswill ignoreits output.
For all of thesereasonsit is essentiato limit the falsepositive rate. Unfortunately intelligence
analysigs particularlysusceptibldo falsepositves,asoneis oftentrying to detectanomalieghat
occurrarelyin the generalbpopulation.For example,in a city with 1 million individuals,thereare
499billion possiblealiaspairs.In this case gvenafalsepositive rateof only 0.001%will resultin
about5 million falsepositives,or about ve badaliasesper person.To limit the numberof false
positives,eachILP learnedrule becomes featurein a Bayesiametwork. The Bayesiametwork

canreasoraboutthe quality of eachrule whenpredictingaliaspairs.
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3.2 ILP For Alias Detection

ILP naturallyhandlegnulti-relationaldomainsasthelearnedulesarenotrestrictedto contain
elds or attributesfor a singletablein a databaseWe useSrinivasans Aleph ILP System(2001)
to learnto predictwhethertwo identi ers referto the sameperson.Onemajoradvantageof using

ILP is thatit producesunderstandableesults.We shav a samplerule generatedby Aleph:

Identity Id1 and identity Id2 maybe aliases if:
Id2 is a suspect, and
there exists another identity 1d3, and
Id3 is a suspect, and
there is a phonecall between Id2 and 1d3, and

there is a phonecall between Id3 and Id1.

Therule saysthattwo individuals,ld1 andld2 may be aliasesf (i) they bothmadephonecalls
to the sameintermediatandividual Id3; and(ii) individualsid2 andld3 have the sameattribute
(suspect). The rule re ects that in this world model suspectsare more likely to have aliases.
Moreover, anindividual andits aliasegendto talk to the samepeople.

Thenext rule usedifferentinformation:

Identity Id1 and identity Id2 maybe aliases if:
Id1 has capability Cap, and
Id2 has capability Cap, and
Id1 belongs to group G, and
Id2 belongs to group G, and

Gis a nonthreatgroup.

Two individuals may be aliasesbecausahey have a commoncapability and becauseahey both
belongto the samenon-threagroup.
Clearly, thesetwo ruleshave low precisionasthe patternstheserulesrepresentould easily

applyto ordinaryindividuals.Notethatwe areonly usingtheoriginal databasechemawhereasn
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analystmightde ne views, orinferredrelations thathighlightinterestingoropertieof individuals.
For instancethe rst rule indicateghatanindividual andits aliasegendto communicatevith the
samepeople. We thusmight wantto comparesetsof peopleanindividual andits aliasegalk to.
In the spirit of aggr@ateconstructiorfor multi-relationallearning(Knobbeet al., 2001; Neville
et al., 2003; Perlich & Provost, 2003), we have experimentedwith hand-craftingrulesthat use
aggreatesover propertiescommonlyfound in the ILP learnedrules. Even after inventing new
attributes,it is impossibleto nd asinglerule thatcorrectlyidenti es all aliases.Thenext section

discussesur approactor combiningrulesto form abetterclassi er.

3.3 Rule Combination Techniques

Rue1 RUI1  Rije1poes
Fires Not Fire
Positive
Rule 2 Rule2 Rule 2 Does
Fires Not Fire
Positive
ngle N RuleN Rule N Does
=3 Not Fire
Positive Negative

Figure3.1 lllustrationof a DecisionList

One of the drawbacksof applying ILP to this problemis that eachdatabasdor a world is
extremelylarge. Consequentlyit is intractableto useall the negatve exampleswhen learning
the rules, which makesthe nal setof rulesmoresusceptibleo falsepositives. First, sampling
the negative examplesaltersthe proportionof the populationthathasaliases.Secondjn ILP the
nal classi ertraditionallyconsistof formingadisjunctionoverthelearnedclausesresultingin a
decisionlist asillustratedin Figure3.1. An unseerexampleis appliedto eachclausen succession

until it matchesoneof them. If the exampledoesnot matchary rule, thenit recevesthe negative
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# Matching rules < threshold

Figure3.2 lllustrationof Unweightedvoting

classi cation. Unfortunately the disjunctionof clausegnaximizesthe numberof falsepositives.
Unweightedensemblevoting, illustratedin Figure3.2,generalizeshe decisionlist approach.
Theseissuessuggest simple approachwherewe represeneachlearnedrule asan attribute
in aclassi er. For a givenexample,the attribute recevesa valueof oneif the examplesatis es
the rule anda zerootherwise. We useBayesianmetworks to combinethe rulesfor two reasons.
First,they allow usto setprior probabilitiesto re ect thetrue proportionof the populationthathas
aliases.Secondgachpredictionhasa probability attachedo it. We canview the probabilityasa
measureof con dencein the prediction. We experimentwith several differentBayesnetmodels
for combiningtherules. Nave Bayes(Pompe& Kononenk, 1995)is straightforvard approach
thatis easyto understandcandfastto train. However, nave Bayesassumeshat the clausesare
independenof eachothergiventhe classvalue. Often,we expectthe learnedrulesto be strongly

related sowe alsouseTAN networks,which allow for a slightly moreexpressve model.

3.4 Empirical Evaluation

This sectionpresentour resultsand analysisof the performanceof our systemon the U.S.
Air ForceEAGLE dataset¢Schrag,2004). Thesedatasetsimulateanarti cial world with large
numbersof relationshipsbetweenagents. The datafocuseson individuals which have a setof
attributes,suchasthe capabilityto performactions.Individualsmay alsoobtainresourceswhich
might be necessaryo performactions. Individualsbelongto groups,andgroupsparticipatein a

wide rangeof events In our case,giventhat someindividuals may be known throughdifferent



21

identi ers (e.g.,throughtwo differentphonenumbers)we areinterestedn recognizingwhether
two identi ers referto the samendividual.
The EAGLE datasethave evolved toward more complex andrealisticworlds. Datasetsary

alongsix dimensions:

1. Population Size thenumberof individuals,ratedl1 (smaller)to 4 (larger).

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

w

. Obsewability , theamountof informationavailableasevidence rated1 (moreinformation)

to 6 (lessinformation).

SN

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

(62

. Clutter, theamountof irrelevantinformation,ratedl (lessnoise)to 4 (morenoise).

(o2}

. Entity Equivalence thelevel of dif culty of determiningaliasesratedeasyfair, hard.

Eachexperimentis performedin two rounds. In the rst round, the dry-run, we receve a
numberof datasetplustheir correspondingroundtruth, allowing usto experimentwith our sys-
temandvalidateour methodology In the secondround,the wet-run we receve datasetsvithout
groundtruth andare asked to presenta hypothesis.We have a limited amountof time to do so.
Later, we receve thegroundtruth sothatwe canperformour own evaluation.

We adoptthe following methodology Rulelearningis quite expensve in theselarge datasets.
Moreover, we have foundthatmostrulesarerelevantacrosgshedatasetsaswe believethey capture
aspectcommonto eachsimulatedworld. Consequentlywe only performrule learningduring
the dry-run. We use Srinivasan$ Aleph ILP system(2001) runningon the YAP Prolog system.
Ground-truthis usedfor training examples(and not usedotherwise). The bestrules from all
datasetarepassedorwardto thewet-run.

In our experimentswe testtwo hypothesesFirst, we hypothesizehat usinga Bayesiamet-
work to combineruleswill producemoreaccurateesultsthanusingunweightedvoting. Second,
we hypothesizehatcombiningruleswith TAN will leadto the bestresults.

We evaluatethreedifferentrule combinationtechniques:
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1. Voting refersto unweightedvoting ensemblewhereeachrule getsonevote.

2. Na've Bayesrefersto usingtheruleslearnedfrom the dry-run datato constructa proposi-

tional featurevectorandusingnave Bayesto producethe nal classi cation.

3. TAN refersto the samemethodologyasbefore,exceptit usesa TAN modelto producethe

nal classi cation.

Results. We evaluateour systemon datasetgieneratedy two versionsof the simulator We
presentesultson the wet-rundatain this chapter Numbersindex resultsfrom the rst versionof
the simulatorwhile Romannumeralgeferto resultsfor the newver datasets.

We rst reportresultson six dataset$rom the earlierversionof the EAGLE simulator where
eachentity canhave at mostonealias. For the rst setof datawe usethe wet-rundatasetglus
groupinformationderived by the Kojak system(Adibi etal., 2004)(we did not have accesgo this

informationfor the secondbatchof data). Table3.1 containghe characteristicef eachdataset.
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Dataset| Population| Dataset| Obsenrability | Corruption| Clutter Entity
Size Size Equwvalence
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 ParameteSettingsfor EAGLE SimulatorVersionl
Dataset| Voting | NaveBayes| TAN p-value p-value
TAN vs. Voting | TAN vs. Nave Bayes
1 0.185 0.194 0.302| 4.88 10 * 451 10 4
2 0.0712 0.0825 0.130| 9.67 10° 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° 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 the First Versionof the EAGLE Simulator
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Dataset| Population| Dataset| Obsenrability | Corruption| Clutter Entity
Size Size Equialence

I 1 3 1 4 4 fair

[l 3 3 1 1 3 easy

1] 1 3 2 3 3 hard

vV 3 3 4 4 1 fair

\% 3 3 1 3 1 hard

Table3.3 ParameteSettingsfor EAGLE SimulatorVersion2

We use vefold crossvalidationin theseexperiments We pooltheresultsacrossall ve folds
to generatehe precision-recalcurves,which areshovn in Figures3.3 through3.8. We achieve
the bestresultsfor dataset$ and 6, andthe worst on dataset?, where precisionlevels did not
achieve 0.5for levelsof recall  0:2. Table3.2 showns the averageareaunderthe precision-recall
curve (AUC-PR)for eachalgorithmon thesedatasetsWe performa pairedt-testcomparingthe
AUC-PRon eachtask.We foundthat TAN beatsvoting with p-value< 0:05onall six tasks.TAN
beatsnave Bayeswith p-value< 0:05 on every taskexceptfor dataset, wherethe p-valueis
0:05< p< 0:06. However, nave Bayesonly beatsvoting threetimes,on datasetd, 2 and6.

The secondset of resultscomesfrom a more recentversionof the simulator Datasetsizes
wereatleastaslarge,or biggerthanbefore. The new simulatorsupportssocialnetwork attributes,
whichcouldbeusedior thealiasingtask. Theseworldshave highererrorlevelsandeachindividual
could have up to six aliases.Table 3.1 containsthe dimensionsettingsfor eachdataset.We use
the samemethodologyas before,exceptthat now we usetenfold crossvalidation. We pool the
resultsacrossall tenfolds to generatehe precision-recalturves. Figures3.9 through3.13shov
the precision-recalturvesfrom thesedatasets.

Our resultsshav much better performancefor Datasetd andll. This is dueto betterrule
quality. In this case severalruleshave excellentrecall,andthe Bayesnetsperformquite well at
alsoachierzing goodprecision.Theresultsare particularlysatisaictoryusingTAN on dataset, as
shavn in Figure3.9, wherewe canachieve precisionover 60%for very high level recall. Dataset

IV exhibits theworstoverallperformancelt shavsacasewhereit is dif cult to achieze bothhigh
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precisionandrecallasthereis low obsenability andhencdittle informationaboutindividuals.In

thiscasejmproving recallrequiresrelyingononly oneor two rules,whichresultsin low precision.
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Figure3.11 Precision-RecalCurve for Datasetll

The precision-recalcurve for the TAN algorithm dominateghe curvesfor nave Bayesand
ensemblevotingonall ve datasetsTable3.4 shavs the averageAUC-PRfor eachalgorithmon
thesedatasets.We performa pairedt-testcomparingthe AUC-PR on eachtask and found that
TAN beatsbothnave Bayesandvoting with p-value< 0:01onall vetasks.Furthermorenave

Bayesbeatsvoting with p-value< 0:01lonall vetasks.

Discussion. The resultsfrom both versionsof the simulatorcon rm our hypothesesWe seea
hugepayof by treatingeachILP learnedrule asafeaturein Bayesiametwork. The advantagas
particularlypronouncedvhenwe usea TAN network. For mary datasetsseverallevelsof recall
exist whereTAN yields at leasta 20 percentaggoint increasdn precision,for the samelevel of
recall over both ndve Bayesandvoting. On eight of eleven of the datasetsnave Bayesbeats
voting, while on the remainingthreethey have comparableperformance.Onereasonfor TAN's

dominancecomparedo nave Bayesis the presencef rulesthataresimply re nementsof other
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Dataset| Voting | Nave Bayes| TAN p-value p-value
TAN vs. Voting | TAN vs. Nave Bayes
| 0.372 0.784 0.916 3.01 10 B 1.64 10 8
Il 0.436 0.573 0.701 1.31 10 3.94 10 10
1] 0.265 0.602 0.757 1.75 10 1.26 10 1°
v 0.0272 0.0342 |0.0567| 1.60 108 3.20 10 1
Vv 0.105 0.153 0.254 | 485 101 3.18 10 °

Table3.4 AverageAUC-PRfor EachTaskfrom the Secondversionof the EAGLE Simulator

rules. The TAN modelcapturessomeof theseinterdependenciesyvhereasave Bayesexplicitly
assumethatthesedependenciedo notexist. Thenave Bayesindependencassumptioraccounts
for the similar performanceomparedo voting on several of the datasets.

In situationswith impreciserulesanda preponderancef negative examplessuchaslink dis-
coverydomains BayesiammodelsandespeciallyTAN provide anadwvantage Both TAN andnave
Bayesexcel at handlingimpreciserules. The Bayesnetseffectively weightthe precisionof each
rule eitherindividually or basedon the outcomeof anotherrule in the caseof TAN. The Bayesian
netsfurther combinetheseprobabilitiesto make a predictionof the nal classi cationallowing
themto discountthe in uence of spuriousrulesin the classi cation process. Ensemblevoting
doesnot have this e xibility andconsequentlyacksrobustnesgso impreciserules. Anotherarea
whereTAN providesan advantageis when multiple impreciserules provide signi cant overlap-
ping coverageon positive examplesandalow level of overlappingcoverageon negative examples.
The TAN network canmodelthis scenaricandweedout the falsepositives. One potentialdisad-
vantageto the Bayesiamapproachs thatit could be overly cautiousaboutclassifyingsomething
asa positive. The high numberof negative examplesrelative to the numberof positive examples,
andthe correspondingoncernof a high falsepositive rate,helpsmitigatethis potentialproblem.

In fact,at similar levelsof recall, TAN hasalower falsepositive ratethanvoting.
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3.5 RelatedWork

Identity uncertaintyis a dif cult problemthatarisesin areassuchascitationmatching,record
linkage and de-duplicationin databasesyaturallanguageprocessingin additionto intelligence
analysis. A seminalwork in this areais the theory of recordlinkage (Fellegi & Sunter 1969),
basedon scoringthe distanceshetweentwo featurevectors(using nave Bayesin the original
work) and meging recordsbelov somethreshold. Systemssuchas Citeseer(Lawrenceet al.,
1999) apply analogousdeasby usingtext similarity. The eld of recordmatchinghasreceved
signi cant contritutions(Monge & Elkan, 1996; Cohen& Richman,2002; Buechiet al., 2003;
Bilenko & Mooney, 2003; Zelenlo et al., 2003; Hsiunget al., 2004). On the otherhand, it has
beenobsered that interactionsbetweenidenti ers can be crucial in identifying them (Morton,
2000). Pasulaet al. (2003)userelationalprobabilisticmodelsto establisha probabilisticnetwork
of individuals,andthenuseMarkov ChainMonte Carloto do inferenceon the citation domain.
McCallum and Wellner (2003) use discriminatve models, Conditional RandomFields, for the
sametask. Theseapproachesely on prior understandingf the featuresof interest,usuallytext
based Suchknowledgemay not be availablefor intelligenceanalysistasks.

Thepresentwork builds uponpreviouswork on usingILP for featureconstruction Suchwork
treatsILP-constructedulesasBooleanfeatures re-representeachexampleasa featurevector
and then usesa feature-ector learnerto producea nal classier. The rst work on proposi-
tionalizationis the LINUS system(Lavrac & Dzeroski,1992). LINUS transformsthe examples
from deductve databaséormatinto attribute-valuestuplesandpairstheseuplesto apropositional
learner LINUS primary usespropositionalalgorithmsthatgeneratef-then  rules. LINUS then
convertsthe propositionarulesbackinto the deductve databaséormat.

PompeandKononenk (1995)werethe rst to apply nave Bayesto combineclauses.Some
otherwork, especiallyon propositionalizatiorof rst-order logic (Alphonse& Rouwirol, 2000),
hasbeendevelopedthat corvertsthe training setto propositionsand thenappliesfeaturevector

techniquego the corverteddata. Thisis similarto whatwe do, howeverwe rst performlearning
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in the rst-order settingto determinewhich featuresto construct. This resultsin signi cantly
shorterfeaturevectorsthanin otherwork.

A popularalternatve to decisionlists is voting Voting hasbeenusedin ensemble-baseap-
proachessuchasbagging(Breiman,1996; Dutra et al., 2002) and boosting(Hoche& Wrobel,
2001; Quinlan,1996). Boostingrelieson the insight that one shouldfocus on misclassi edex-
amples. Searchis directedby having a sequenceof steps,suchthat at eachconsecutie step
misclassi edexamplesbecomemore andmorevaluable. We do not changeexampleweightsat
eachstep.Insteadwe rely onthe classi er itself andtrustthe tuning datato give us approximate
performanceof the global system.On the otherhand,we do try to focusthe searchon examples
wherewe performworse,by skewing seedselection.

ROCCERIs a morerecentexampleof a two-stepalgorithmthat startsfrom a setof rulesand
triesto maximizeclassi er performancgPrati& Flach,2005). ROCCERtakesa setof rules,and
returnsa subsethat corresponds$o a corvex hull in ROC space.ROCCERrelieson the Apriori
algorithm(Agrawal etal., 1993)to obtainthe setof rules.

This chaptercontritutestwo novel pointsto ILP basedeatureconstruction First, it highlights
the relationshipbetweenthis cateyory of work andensemblesn ILP, becausavhenthe feature-
vectorlearneris ndve Bayesthe learnedmodel can be considerech weightedvote of therules.
Second,it shavs that whenthe featuresare ILP-learnedrules, the independencassumptionn
nave Bayesmay be violatedbadly enoughthatit lowersthe precisionof the system.However, a
TAN model's ability to explicitly represenstrongdependenciesanimprove the precisionof the

system.

3.6 Chapter Summary

Identity equivalenceis animportantproblemin a variety of applicationareasinvolving com-
plex multi-relationaldatabasesncludingbiology, medicineandintelligenceanalysis.In the most
challengingcase jndividualswantto hidetheir identities,andthereforewe cannotrely on textual

information. Instead we needto useattributesand contextual informationto detectaliases.To
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tacklethis problem,we proposeusinglLP to constructfeaturedor a propositionalearney which
thenmakesthe nal predictionaboutwhichidenti ers referto the samendividuals.

We comparethreedifferentapproachesor combiningruleslearnedby an ILP system. We
evaluatethe performanceof eachapproachon seriesof syntheticdatasetswhereinformationis
subjectto corruptionandunobserability. We demonstratéhat usingBayesiametworksfor rule
combinationcan signi cantly improve the precisionof the classi er. We obtainthe bestresults

throughthe useof a TAN network asit is morerobustat handlingdependencielsetweerrules.
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Chapter 4

Multi-Step View Learning Framework

Thepreviouschapterdescribedchow to uselLP to de ne new featuredor a propositionaklas-
si er. This chapterdiscussefiow ILP basedeatureconstructiorcanbeusedto addresshe weak-
nesf mary SRL frameavorks: thatthey areconstrainedo useonly thetablesand elds alreadyin
the databasewithout modi cation. Many humanusersof relationaldatabasesd it bene cial to
de ne alternatve views of a database—furtheelds or tablesthatcanbe computedrom existing
ones.ThischapteishovsthatSRL algorithmsalsocanbene t from theability to de ne new views,
which canbe usedfor moreaccurateoredictionof important elds in the original databaseThis
chapterdemonstratesow to augmenSRL algorithmsby addingthe ability to learnnew elds, in-
tensionallyde ned in termsof existing elds andintensionabackgroundknowledge.In database
terminology thesenew elds constitutealearnedview of thedatabase.

We presentview learningin the speci ¢ applicationof creatingan expert systemin mam-
mography We chosethis applicationfor a numberof reasons.First, it is animportantpractical
applicationwheretherehasbeenrecentprogressn collectingsizableamountsof data. Second,
we have accesgo an expert-derelopedsystem. This providesa basereferenceagainstwhich we
canevaluatethis work (Burnsideetal., 2000). Third, a large proportionof examplesarenegative.
This distribution skew is often found in multi-relationalapplications.Last, the dataconsistof a
singletable. This allows for an easycomparisorto standardpropositionallearning. In this case,
it is sufcient for view learningto extendanexisting tablewith new elds, achievedby usingILP
to learnrulesfor unarypredicates For otherapplicationsjt maybe desirableto learnpredicates

of higherarity, which will correspondo learninga view with new tablesratherthannewn elds
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only. Chapter7 will discusshow to extendview learningto learnnew relationsandhigherarity

predicates.

Thiswork originally appearedn Davis etal. (2005b)andBurnsideetal. (2005).
4.1 Mammography

Offering breastcancerscreeningo the everincreasinghumberof womenover age40 repre-
sentsa greatchallenge.Cost-efective delivery of mammographygcreeningdlependon a consis-
tentbalanceof high sensitvity andhigh speci city. It hasbeendemonstratethat sub-specialist,
expertmammographerachiere this balanceandperformsigni cantly betterthangeneraradiolo-
gists(Brown etal., 1995;Sicklesetal.,2002). Generafradiologistshave higherfalsepositive rates
andhencebiopsyrates diminishingthe positive predictve valuefor mammographyBrown etal.,
1995; Sickleset al., 2002). Unfortunately despitethe factthat speciallytrainedmammographers
detectbreastancemoreaccuratelythereis alongstandinghortageof thesendividuals(Eklund,
2000).
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Id |Patient| Date|Mass |... Mass|Loc | Benign/
Shape Size Malignant
1 P1 | 5/02 Oval 3mm | RU4 B

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

3 P1 5/04 | Oval dmm | LL3 B

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

Figure4.2 AbbreviatedNationalMammographyDatabasé&chema

An expertsystemin mammographyasthe potentialto helpthe generalradiologistapproach
the effectivenesof a sub-specialtyexpert, therebyminimizing both falsenegative andfalseposi-
tiveresults.Bayesiametworksareprobabilisticgraphicaimodelsthathave beenappliedto thetask
of breasttancerdiagnosifrom mammographylata(Burnsideetal., 2000;Burnsideetal., 2004b;
Kahnet al., 1997). Bayesiannetworks producediagnoseswith probabilitiesattached.Because
of their graphicalnature,they are comprehensibléo humansandusefulfor training. Figure4.1
shaws the structureof a Bayesiametwork developedby a sub-specialistexpertmammographer
The Bayesianmetwork in Figure4.1 achiezesaccuraciesigherthanthoseof othersystemsand
of generalradiologistswho perform mammogramsand commensuratevith the performanceof
radiologistswho specializan mammographyBurnsideetal., 2000).

Table 4.2 showns the main table (with some elds omitted for brevity) in a large relational
databasef mammographybnormalitiesThe databasschemas speci edin the NationalMam-
mographyDatabas€NMD) standardestablishedy the AmericanCollege of Radiology(2004).
The NMD wasdesignedo standardizelatacollectionfor mammographyracticesn the United
Statesandis widely usedfor quality assuranceWe omit, a secondmuchsmallerbiopsytable,
simply becauseve wantto predict—befordhe biopsy—whetheanabnormalityis benignor ma-
lignant. Note thatthe databaseontainsonerecordperabnormality By puttingthe databasénto

oneof thestandardlatabasénormal” forms, it would be possibleto reducesomedataduplication,
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but only a very smallamount:the patients age,statusof hormonereplacementherafy andfam-
ily history couldberecordedonceperpatientand datein casesvheremultiple abnormalitiesare
foundon asinglemammograndate.Suchnormalizationwvould have no effect on our approachor

results sowe will operatedirectly onthe databasén its de ned form.

4.2 Learning Hierarchy

Figure4.3 presentsa hierarchyof the four typesof learningthat might be usedfor this task.
Level 1 andLevel 2 arestandardypesof Bayesiametwork learning.Level 1 is simplylearningthe
parameter$or the expert-de nednetwork structure.Level 2 involveslearningthe actualstructure
of the network in additionto its parametersNotice thatto predictthe probability of malignang
of anabnormality a Bayesiametwork usesonly the recordfor thatabnormality However, data
in otherrows of the tablemay alsobe relevant: radiologistsmay considerotherabnormalitieson
the samemammogranor previous mammograms.For example,it may be usefulto know that
the samemammogranalsocontainsanotherabnormality with a particularsizeandshapepr that
thesamepersorhada previousmammogranwith certaincharacteristicsincorporatingdatafrom
otherrowsin thetableis not possiblewith existing Bayesiametwork learningalgorithmsandre-
guiresSRL techniquessuchasprobabilisticrelationalmodels(Friedmaretal., 1999a).Level 3in
Figure4.3shavsthestate-of-the-arin SRL techniquesillustratinghow relevant elds from other
rows (or othertables)canbeincorporatednto the network, usingaggreationif necessaryRather
thanusingonly thesizeof theabnormalityunderconsiderationthe new aggreate eld allowsthe
Bayesnetto alsoconsidertthe averagesizeof all abnormalitiedoundin the mammogram.

PresentlySRL is limited to usingthe original view of the databasethatis, the original tables
and elds, possiblywith aggreyation. Despitethe utility of aggreation,simply consideringonly
theexisting elds maybeinsufcient for accuratgredictionof malignanciesLevel 4 in Figure4.3
shavsthekey capabilitythatwill beintroducedandevaluatedn thisdissertationusingtechniques
from rule learningto learna new view. In this gure, the new view includestwo new features
utilized by the Bayesnet that cannotbe de ned simply by aggreationof existing features.The

new featuresarede ned by two learnedrulesthatcaptureé‘hidden” conceptgotentiallyusefulfor
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Parameter Learning:

Given: Features (node labels, or fields
in database), Data, Bayes net structure
Learn: Probabilities. Note;
probabilities needed are Pr(Be/Mal),
Pr(ShapelBe/Mal), Pr (SizeBe/Madl)

Structure Learning:

Given: Features, Data

L earn: Bayes net structure and
probabilities. Note: with this structure,
now will need Pr(Size|Shape,Be/Mal)
instead of Pr(SizelBe/Mal).

Aggregate Learning:

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

View Learning:

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

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

andLevel 4 is describedn this chapter
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accuratehpredictingmalignang, but thatarenotexplicit in thegivendatabaséables.Onelearned
rule stateghata changen the shapeof anabnormalityat alocationsincean earliermammogram
may be indicative of a malignang. The othersaysthat an increasein the averageof the sizes
of the abnormalitiesmay be indicative of malignang. Note that both rulesrequirereferenceo
otherrowsin thetablefor thegivenpatient,aswell asintensionabackgroundknowledgeto de ne
conceptssuchas“increasesover time?” Neitherrule canbe capturedby standardaggreation of
existing elds.

Note that Level 3 andLevel 4 learningwould not be necessaryf the databasenitially con-
tainedall the potentially useful elds capturinginformationfrom otherrelevant rows or tables.
For example thedatabasenight beinitially constructedo contain elds suchas“slopeof change
in abnormalitysize at this locationover time”, “averageabnormalitysize on this mammogram”,
andsoon. If humanscanidentify all suchpotentiallyuseful elds beforehandandde ne views
containingthese thenLevel 3 andLevel 4 learningareunnecessarysincethe spaceof suchpos-
sibly useful elds is quite large, it is more easilysearchedy a computervia Level 3 andLevel
4 |learning. Certainlyin the caseof the NMD standardsuch elds arenot availablebecausehey
have not beende ned andpopulatedn the databasdy the domainexperts,thusmakingLevel 3

andLevel 4 learningpotentiallyuseful.

4.3 Multi-Step View Learning

Onecanimaginea variety of approacheso performview learning. As a rst step,we apply
existing technologyto obtain a view learningcapability The initial view learningframenork,
illustratedin Figure4.4,worksin threesteps First, it learnsrulesto predictwhetheranabnormality
is malignant.Secondit selectgherelevantsubsebf therulesto includein themodelandextends
the original databasdy introducingthe new rules asadditional featules More precisely each
rule will correspondo a binary featuresuchthatit takesthe valuetrue if the body, or condition,
of therule is satis ed, andfalse otherwise. Third, it runsa Bayesiametwork structurelearning

algorithm, allowing it to usethesenew featuresin additionto the original featuresto construct
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Step 1

ILP
Engine

Learn Sel ect Build Mod€l

Figure4.4 Multi-stepapproacho view learning.The rst steptakesasinputasetof examples
andbackgroundknowledgeandproduces setof rules. The secondsteptakesthe setof rulesand
selectgherelevantrules. The nal stepincorporatesheselectedulesasfeaturesn the nal
statisticalmodel.

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

Figure 4.5 shows a potentiallyimportantpieceof information a radiologistmight usewhen
classifyingan abnormality An ILP systemcould derive this conceptby learningthe following

rule:

Abnormality A in mammograi may be malignant if:
A has masssize S1, and
A has a prior abnormality A2, and
A'is samelocation as A2, and
A2 has masssize S2, and

S1 > S2.

Notethatthelastthreelinesof therule referto otherrows of therelationaltablefor abnormalities
in the database.Hencethis rule encodesnformation not available to the initial versionof the
Bayesiannetwork (Davis et al., 2005b). This rule canbe usedasa eld in a new view of the

databasegsillustratedin Figure4.6,andconsequenthasa new featurein the Bayesiametwork.



Id |Patient| Date| Mass .|Mass| Loc | Benign/
Shape Size Malignant
1 || P1 ||5/02]|0val 3mm||RU4] B
= > > =
2 |[ PL |/5/04|Round| |8mm [Ru4 M
3 P1 | 5/04|Ova 4mm | LL3 B
4 P2 | 6/00| Round 2mm | RL2 B

Figure4.5 A PossibleView: Sizeof aMasslIncrease©ver Time

Id |Patient| Date| Mass |....Mass| Loc | Increase | Benign/
Shape Size Size Malignant
Same L.oc
1 1 5/02 | Oval 3mm | RU4 No B
2 P1 5/04| Round 8mm | RU4 Yes M
3 P1 5/04| Oval Admm | LL3 No B
4 P2 6/00| Round 2mm | RL2 No B
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Figure4.6 TheNationalMammographyDatabas&chemaExtendedwith an Additional Field
4.4 Data

We collecteddatafor all screeninganddiagnosticnammographgxaminationghatwereper
formedatthe FroedterandMedical College of WisconsinBreastmagingCenterbetweenrApril 5,
1999andFebruary9, 2004.1t is importantto notethatthe dataconsistof aradiologistsinterpreta-
tion of amammogranandnottheraw imagedata.Theradiologistreportsconformedo the NMD
standarcestablishedyy the AmericanCollege of Radiology Fromthesereports,we followedthe
original network (Burnsideetal., 2000)to cull the 36 featuresdleemedo berelevantby anexpert

mammographer
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The datacontain435malignantabnormalitiesand65,365benignabnormalities Groundtruth
is determineddy biopsy Thisimpliesthatthe datamay containfalsenegatives,asradiologistsdo

not biopsyall abnormalities.

4.5 Experiments

In our experimentsnve wantto testthreehypotheseskirst, we wantto determinef usingSRL
yieldsanimprovementcomparedo propositionalearning. Secondwe wantto evaluatewhether
moving upalevelin thehierarchyoutlinedin Figure4.3resultsin animprovemenin performance.
Third, we want to evaluatewhetherthe rules learnedduring the view learningprocesscontain
usefulinformationfor radiologists.

To testthe hypotheseswe employ four differentalgorithms. First, we try to learna structure
with justtheoriginal attributes(Level 2) andseeif thatperformsbetterthanusingthe expertstruc-
turewith trainedparameterglLevel 1). Next, we addaggreatefeaturego our network, represent-
ing summarie®f abnormalitiesoundeitherin aparticularmammogranor for a particularpatient.
This correspond#o Level 3 andwe testwhetherthisimprovesover Levels1 and2. Finally, we in-
vestigatd_evel 4 learningthroughthe multi-stepalgorithmandcomparets performanceo Levels

1 through3. Thefollowing sectionwill give detaileddescriptiongor eachof thesealgorithms.

4.6 Approachfor EachLevel of Learning

Level 1: Parameter Learning. We estimatethe parameterof the expert structurefrom the
datasetisingmaximumlik elihoodestimatesvith Laplacecorrection.lt hasbeenpreviously noted
thatlearningtheparametersf thenetwork improvesperformanceverhaving expertde ned prob-

abilitiesin eachnode(Burnsideetal., 2004a).

Level 2: Structure Learning. Therelationaldatabaséor the mammographylatacontainsone

row for eachabnormalitydescribedon a mammogram.Fieldsin this relationaltableincludeall
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Id | Patient| Date| Mass |...| Mass| Average| Average|Loc | Benign/

Shape Size | Size Size Malignant
Study | Patient
1 P1 | 5/02|Oval 3mm| 3mm 3mm |RU4 B

2 P1 |5/04 |Round 8mm | 6mm 5mm |RU4 M
3 P1 |5/04|0vd 4mm| 6mm 5mm |LL3 B

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

Figure4.7 Databasafter Aggregationon MassSizeField. Notetheadditionof two new elds,
AverageSizePatientand AverageSize Study which represenaggreatefeatures.

thoseshawn in the Bayesiametwork of Figure4.1. Thereforeit is straightforvard to useexist-
ing Bayesiametwork structurelearningalgorithmsto learna possiblyimproved structurefor the

Bayesiametwork.

Level 3: AggregateLearning. Weselecthenumeric(e.g.thesizeof massandorderedeatures
(e.g.thedensityof amass)n thedatabasandcomputeaggregjatedor eachof thesefeaturesin all,
we determineghat27 of the 36 attributesweresuitablefor aggreation. We computeaggreateson
boththepatientandthemammograntevel. Onthepatientlevel, welook atall of theabnormalities
for a speci ¢ patient. On the mammograrmnievel, we only considerthe abnormalitiepresenton
thatspeci c mammogram.To discretizethe averageswe divide eachrangeinto threebins. For
binary featureswe useprede nedbin sizes,while for the otherfeatureswe attemptto getequal
numbersof abnormalitiesn eachbin. For aggr@ationfunctionswe usemaximumandaverage.
Theaggre@ationintroduce27 4 = 108new features.Thefollowing paragraptpresentgurther
detailson theaggreationprocess.

Constructingaggreyatefeaturesinvolvesa three-stegrocess.First, choosea eld to aggre-
gate.Secondselectanaggreationfunction. Third, decidewhichrowsto includein theaggreate
feature,thatis, which keys or links to follow. Thisis known asa slot chainin ProbabilisticRe-

lationalModel (PRM) terminology(Friedmanetal., 1999a).In the mammographylatabasetwo
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suchlinks exist. The patientlD eld allows accesdo all the abnormalitiesfor a given patient,
providing aggrgationon the patientlevel. The secondkey is the combinationof patientID and
mammograntdate which returnsall abnormalitiegor apatienton aspeci c mammogramprovid-
ing aggr@ationon the mammogramevel. To demonstratehis processwe will work thoughan
exampleof computinganaggreatefeaturefor patientl in thedatabasegivenin Table4.2. We will
aggreyateon the MassSize eld anduseaverageasthe aggregationfunction. Patient1 hasthree
abnormalitiespnefrom a mammogranmn May 2002andtwo from a mammogramn May 2004.
To calculatethe aggreyateon the patientlevel, we actuallyhave to performtwo computationsas
we don't wantthe aggreatescorefor the abnormalityin May 2002to re ect the later ndings.
For the May 2002mammogramye only look at averagingsizeof abnormalityl, andthe average
sizeis 3mm. For theabnormalitie® and3, we averagethe sizefor all threeabnormalitiesyhich
is 5mm. To nd the aggr@ateon the mammogranievel for patientl, we have to performtwo
separateomputationsFirst, follow the link P1and5/02, which yieldsabnormalityl. The aver
agefor this key mammograms simply 3mm. Secondfollow thelink P1and5/04,which yields
abnormalitie2 and3. The averagefor theseabnormalitiess 6mm. Table4.7 shavs the database

following constructiorof theseaggreatefeatures.

Level 4: View Learning. We usetheILP systemAleph (Srinivasan2001)to implementLevel
4 learning.We introducethreenew intensionakablesinto Aleph's backgroundknowledgeto take

advantageof relationalinformation.

1. The prior _Mammograrelation connectsinformation aboutary prior abnormalitythat a

givenpatientmay have.

2. The samelLocation relationis a speci cation of the previous predicate. It addsthe re-
strictionthatthe prior abnormalitymustbein the samelocationasthe currentabnormality

Radiologyreportsincludeinformationaboutthe locationof abnormalities.

3. Thein _SameMammogramlationincorporatesnformationaboutotherabnormalitiesa pa-

tient mayhave onthe currentmammogram.
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By default, Aleph generatesulesthatwould fully explainthe examples.In contrastour goal
is to extractrulesthat would be bene cial asnew views. The major challengein implementing
Level 4 learningis howto selectrulesthat would bestcomplementevel 3 information Clearly,
Aleph's standardcoveragealgorithmis notdesignedor this application.Insteadwe rst enumer
ateasmary rulesof interestaspossible andthenpick interestingrules.

In orderto obtainavariedsetof rules,we run Alephundertheinduce _maxsetting,which uses
every positive examplein eachfold asa seedfor the search. Also notethatit doesnot discard
previously coveredexampleswhenscoringa new clause. Aleph learnsseveral thousandlistinct
rulesfor eachfold, with eachrule coveringmary moremalignantcaseghan(incorrectlycovering)
benigncases.To avoid therule over tting found by otherauthors(Perlich& Provost,2003),we
usebreadth- rstsearchor rulesandseta minimal limit on coverage.

Eachseedgeneratesnywherefrom zeroto tensof thousand®f rules. Adding all ruleswould
meanintroducingthousandsf oftenredundanfeatures We usethefollowing algorithmto select

which rulesto includein themodel:

1. Scanall rulesremoving duplicatesandrulesthat performworsethana more generalrule.

This stepsigni cantly reduceghe numberof rulesto consider

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

m, which setsm = P positvescovered+ negatvescovered

3. Pick the rule with the highestm-estimateof precisionsuchthatit coversan unexplained
training example. Furthermoregeachrule needso cover a signi cant numberof malignant
casesThis stepis similarto thestandardLP greedycoveringalgorithm,exceptthatit does

notfollow theoriginal orderof the seedexamples.

4. Scantheremainingrules,selectingthosethat cover a signi cant numberof examples,and

thataredifferentfrom all previousrules,evenif theserulesdo not cover any new examples

It isimportantto notethattherule selections anautomategbrocesslt picksthetop 50clauses
to includein the nal learnedmodel. We incorporatethe resultingviews asnew featuresin the

database.
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4.7 Methodology

To evaluateandcompareheseapproachesye usestrati ed 10-fold cross-walidation.We ran-
domlydividetheabnormalitiesnto 10roughlyequal-sizedets gachwith approximatelyone-tenth
of the malignantabnormalitiesand one-tenthof the benignabnormalities.When evaluatingjust
the structurelearningand aggreation, we usenine folds for the training set. When performing
aggreation,we usebinningto discretizethe createdeaturesandtook careto only usethe exam-
plesfrom the training setto determinethe bin widths. When performingview learning,we had
threestepsn thelearningprocessThe rst partusesfour folds of datato learntheILP rules.The
secondpartselectgherulesto includein themodel. Thethird partusesheremaining vefoldsto
learnthe Bayesnetstructureandparameters.

Whenusingcross-alidationon a relationaldatabasethereexists a potentialmethodological
pitfall. Someof the casesmay be related. For example,a single patientmay have multiple ab-
normalities. Becausdheseabnormalitiesarerelated(samepatient),having someof thesein the
training setandothersin thetestsetmayimprove performanceetteron thosetestcasegelative
to the performanceon testcasedor otherpatients.To avoid such“leakage”of informationinto a
trainingset,we ensureghatall abnormalitiesssociateavith a particularpatientappeain thesame
fold for cross-alidation. Anotherpotentialpitfall is learningarule thatpredictsanabnormalityto
be malignantbasedon propertiesof abnormalitiesn later mammogramsWe ensurethatwe will

never predictthe statusof anabnormalityata givendatebasedn ndings recordedor laterdates.

4.8 Results

We experimentedwith a numberof structurelearningalgorithmsfor BayesianNetworks, in-
cludingnave Bayes,TAN, andthe SparseCandidateAlgorithm (seeSection2.4 for descriptions).
However, we obtainedhebestresultswith the TAN algorithmin all experimentssothediscussion
will focuson TAN.

We presentheresultsof the rst experiment,comparingLevels1 and2, usingbothROC and

precision-recalcurves. Figure 4.8 shawvs the ROC curwe for theseexperiments,and Figure 4.9
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Figure4.8 ROC Curwesfor Parametetearning(Level 1) comparedo
StructureLearning(Level 2)

shavsthe precision-recalturves. Becausef the skewed classdistribution, dueto the large num-
ber of benigncasesye preferprecision-recalturvesover ROC curvesbecausehey bettershov
the numberof “falsealarms’ or unnecessarpiopsies. Therefore,we will useprecision-recall
curvesfor theremaindeof theresults.Here,precisionis the percentagef abnormalitiegshatwe
classi ed asmalignantthataretruly cancerousRecallis the percentag®f malignantabnormali-
tiesthatwerecorrectlyclassi ed. To generatehe curves,we pool theresultsover all tenfolds by
treatingeachpredictionasif it hadbeengeneratedrom the samemodel. We sortthe estimates
anduseall possiblesplit pointsto createthegraphs.

Figure4.10compareperformancdor all levels of learning. Adding multi-relationalfeatures
resultsin signi cantimprovements Aggregategrovidethemostbene tfor higherrecallswhereas
ruleshelpin the mediumandlow rangesof recall. We believe this is becausdLP rulesaremore
accuratahanthe otherfeaturesput have limited coverage.

Figure 4.11 shows the averageareaunderthe precision-recal(AUC-PR) curve, using TAN

asthe structurelearney for eachlevel of learningde ned in Figure4.3. It only considergecalls
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StructureLearning(Level 2)

above 50%, asfor this applicationradiologistswould be requiredto performat leastat this level.
We usea pairedt-testto comparegheareasunderthecurve (recall  0.5)for everyfold. We found
improvementof Level 2 over Level 1 to be statisticallysigni cant with p-value< 0.01.According
to the pairedt-testthe improvementof Level 3 over Level 2 is alsosigni cant (p-value< 0.01).
Furthermorelevel 4 signi cantly improvesover Level 2 with p-value< 0.01. However, thereis
no signi cant differencebetweer_evel 3 andLevel 4.

Table4.1 shows theresultsfor all threestructurelearningalgorithmsevaluated. TAN clearly
offersbetterperformancehannave Bayesandthe sparsecandidatealgorithm. Na've Bayesper
forms poorly for two reasons.First, the expert de ned structurehasa similar topologyto nave
Bayesthusmakingit dif cult for nave Bayesto offerimprovementonthe structurdearningtask.
Secondaddingaggreateandview featuresviolatesthe nave Bayes'independencassumption,
which degradeperformance.

We ranthe sparsecandidatealgorithmwith thefollowing settings.We setthe candidategparent

setsizeto be ve,we useBayesiannformationcriteria(BIC) asthe scoringfunctionandwe start
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StructureLearning || Parameter| Structure| Aggregate| View

Algorithm Learning | Learning| Learning | Learning
Nave Bayes 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 Nave Bayes,TAN and
the SparseCandidateAlgorithm

with anemptynetwork structure.The algorithms'poor performancesk ely indicatesthatBIC is
not well-suitedto nding a network topologythatis good at predictingone variable,especially
when startingfrom an empty network. When scoringthe network structureswith BIC, a more
appropriatecomparisonis to startwith a TAN network. Anotheralternatve would be to usea
discriminative scoringfunctionsuchasconditionallog lik elihood.

Now we canevaluatethe rst two hypothesesTheseresultscon rm the rst conjectureasin
this taskconsideringelationalinformationis still crucial for improving performance Both rela-
tional approachesutperformthe propositionaimethods.The resultspartially supportthe second
hypothesis.Moving up the learninghierarchyoutlinedin Figure4.3 mostly resultsin signi cant

improvementin performance.

4.9 InterestingViews

To evaluatethe claim thatthe processof generatinghe views in Level 4 canbe usefulto the
radiologist,we presenteénexpertmammographefElizabethBurnside)with asetof 130rulesto
review. Shefoundseveralrulesinteresting,con rming thethird hypothesisThefollowing rule is

of particularinterest:

Abnormality A in mammograid may be malignant if:
A has BI-RADScategory 5, and
A has a masspresent, and
A has a masswith high density, and

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

B has no pleomorphic microcalcifications, and



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
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Table4.2 Densityof Benignvs MalignantMasses

B had no punctate calcifications.

Thisruleidenti ed 42 malignantmammographicndings while only misclassifyingl1 benign
ndings ascancer The radiologistwas intriguedby this rule becauset suggests hithertoun-
known relationshipbetweemalignang andhigh densitymassesin orderto analyzethe second
rule, the proportionof massesliagnosedscancerthatwerehigh densitywascomparedwith the
proportionof benignmasseshatwerehigh density asshown in Table4.2. We found statistically
signi cant differencesin the rate of malignany when comparingbasedon massdensity The
fat densityandlow densitydescriptorsverecombinedfor this analysis(therewasno statistically
signi cant differenceof malignang in thesewo groups).Fishers exacttest(Fisher 1922)demon-
stratedsigni cant differencesn therateof malignang for high densityversusfat- or low-density
masseshigh densityversusequaldensity massesand equaldensityversusfat- or low-density
massegp < :001for all threecomparisons)in generalmassdensitywasnot previously thought

to beahighly predictve feature sothis rule is valuablein its own right (Burnsideetal., 2005).

4.10 RelatedWork

The work in this chapteris closelyrelatedto to the propositionalizatiorwhich is discussed
in more depthin Section3.5. Anotherimportantwork in this cateyory was by Srinivasanand
King (1997). They combinedruleslearnedby anILP systemwith expertde ned featuredfor the
taskof predictingbiological actwvities of molecules.

Much effort hasbeeninvestedin investigatinghow to incorporateaggreatefeatureswithin

SRL. RelationalProbability Trees(Neville etal., 2003)useaggre@ationto provide extra features
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on a multi-relationalsetting,andarecloseto our Level 3 setting. Knobbeet al. (2001) proposed
numericaggr@atesin combinationwith logic-basedfeatureconstructioninto an algorithm for
propositionalizingelationaldatabasesPerlichandProvost (2003)discussseveralapproachefor
attribute constructionusingaggreyatesover multi-relationalfeatures.The authorsalsoproposea
hierarchyof levelsof learning:featurevectors independenattributeson atable,multidimensional
aggreationon atable,andaggregationacrosgdables.Someof thesetechniquesn their hierarchy
couldbe appliedto performview learningin SRL. Vensetal. (2004)investigatehow to introduce
aggreatesinto rst-order decisiontreelearning. They proposediusingsimpleaggreates which
applyto asingleliteral within aclause.They investigatedconstructingcomplex aggreateswhich

allow aggrejationover clauseghatcontainmorethanoneliteral.

4.11 Chapter Summary

This chapterintroducesview learningfor SRL. View learninghelpsovercomethat fact that
mary currentSRL algorithmscannotalterthe schemaof a databaseWe presenta simple, multi-
stepalgorithmfor view learningthataugments databaseschemaby introducingnew elds. We
useastandardLP systemto learnthe eld de nitions. Theresultingapproactintegratedearning
from attributes,aggrgjatesandrules.

We introducethe problemof labelingabnormalitieson mammogranmasbenignor malignant
asaninterestingandimportanttaskfor SRL. We demonstratéhat simple, propositionalearning
techniquesanimprove over anexpertsystemfor this task. We further shav that SRL techniques
signi cantly improve over propositionalmethods.Neverthelessye found that the improvement
obtainedhroughthe useof aggreation,asmightbe performedor exampleby a PRM, is roughly
eguialentto view learning.

The procesof generatinghe views canprovide abene t to usersof a SRL system.Therules
can help elucidatepotentially interestingcorrelationsbetweenattributes. In our application,an
expertmammographediscovereda relationshipbetweermalignany andhigh densitymasse®y
looking at the learnedviews. In generalmassdensitywasnot previously thoughtto be a highly

predictve feature sothisruleis valuablein its own right.
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Chapter 5

SAYU: A Framework for Integrated View Invention and Model
Construction

Thepreviouschapteidevelopedamulti-stepprocessor learningnew views. In the rst step,an
ILP algorithmlearnsa setof rules. The secondstepselectsa relevantsubsef rulesfor inclusion
in the model. The third stepconstructsa statisticalmodel, which includesthe learnedrulesand
the pre-«isting features.This approactsuffers from severalweaknessedrirst, therule learning
procedurdas computationallyexpensve. Secondchoosinghow mary rulesto includein the nal
modelis adif cult tradeof betweercompletenesandover tting. Finally, thebestrulesaccording
to coveragemay notyield the mostaccurateclassi er.

This chapterproposesnalternatve approachbasedon theideaof constructingthe classi er
aswe learn therules The new approachscoresrulesby how muchthey improve the classi er,
providing atight couplingbetweerrule generatiorandrule usage We call thismethodologyScoe
AsYou Useor SAYU.

SAYU is closelyrelatedto Landwehy Kerstingand De Raedts (2005) contemporarywork
nFOIL andis alsorelatedto Popescukt al.'s (2003)work on StructuralLogistic Regression.The
relationshipgo theseimportantworksarediscussedn Section5.7.

SAYU represents generalframeavork for dynamicallyconstructingrelationalfeaturesfor a
propositionallearner In principle, SAYU could be implementedwith ary featureconstruction
methodandary propositionalearning.This chaptemwill brie y developthegeneralSAYU frame-
work anddescribeanimplementatiorof SAYU for classi cation.

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

The SAYU approachstartsfrom an empty model (or a prior model). Next, an ILP system
generatesules,eachof which represents new featureto be addedto the currentmodel. SAYU
evaluatessachfeaturein thefollowing manner It extendsthe attributesavailableto propositional
learnemwith therule proposedy thelLP system.Thepropositionalearnerconstruct@nev model
usingthe extendedfeatureset. Next, it evaluateghe generalizatiorability of the modelextended
with the new feature. SAYU retainsthe new modelif the additionof the new featureimproves
the model's generalizatiorability; otherwiseit keepsthe original model. Figure5.1 presentsan

overview of SAYU' s procesdor inducingnew features.

Start with
empty model
l
- Use ILP to propose G
Discard F F—' feature F Kee‘p F

’ Learn model including F ‘

generalization
ability improved?

Stop
criteria
met?

Return final model ‘

Figure5.1 GeneralSAYU Frameavork

5.2 SAYU with BayesianNetwork Classi ers

Theinitial goalof the SAYU is to developaclassi cationsystemsOur SAYU implementation
usesthe Aleph ILP systemas a rule proposerand nave Bayesor TAN as propositionallearn-
ers. SAYU modi es the standardAleph searchasfollows. Insteadof usingcoverageto evaluate

clauses Aleph passesachclauseit constructgo SAYU, which cornvertsthe clauseto a binary
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featureandaddsit to the currenttraining set. Next, SAYU learnsa nevw modelincorporatingthe
new feature andevaluategshe model(describedn the next paragraph)If the modeldoesnotim-
prove, therule is not acceptedandcontrolreturnsto Alephto constructhe next clause.If arule
is acceptedor thesearchspacds exhaustedSAYU randomlyselectsa new seedandre-initializes
Aleph'ssearchThus,it is notsearchindor thebestrule,but the rst rule thatimprovesthemodel.
However, SAYU allows the sameseedto be selectednultiple timesduringthe search Figure5.2

shawvs severalmovesin SAYU' slearningprocedure.

(A) Score= 0.05(clas (B) Score= 0.12
Value
(= 0.00 0= 0.07

(C) Score= 0.10
0=-0.02

(D) score= 0.12
= 0.00

(E) Score= 0.15

(F) Score= 035
0= 0.03 0

ua= 0.01

Figure5.2 Network A shavstheinitial network structure Network B shavs theincorporationof
the rst rule,whichis retainedasit improvesthescore.Network C shavs theincorporationof
thesecondule,whichis discardedasit lowersthe score.Network D shavs the network after

discardingthe secondule. Network E shavs theincorporationof thethird rule, whichis
retainedasit improvesthe score.Network F shavsthe nal network.

In orderto decidewhetherto retaina candidatefeaturef , SAYU needsto estimatethe gen-

eralizationability of the modelwith andwithout the new feature.SAYU doesthis by calculating



ImprovementThresholdp
Output: FeatureSetF, StatisticalModel M

variable to predict
F=3;
M = BuildBayesNef(, F);
B estScore = AreaUnderPRCue(M, S, F);
while timeremainsdo

search;

repeat
f = Generatenew clauseaccordingto Aleph;
Frew = F [ f;

M pnew = BuildBayesNef(, Fnew);

N ewScore = AreaUnderPRCue(M , S, Fpew);
[* Retain this feature

if (NewScore (1+ p) BestScore)then

F = Frew;

B estScore = N ewScore;

M = Muew;

SelectedFeature = true;

end

else

searching

end

until not(SelectedFeature);
end

returnM, F

Algorithm 1. SAYU Algorithm

Input: Train SetLabelsT, TuneSetLabelsS, BackgroundKnowledgeB,

/* Note the initial network will only have one feature:

done= false;Choosea positve exampleasa seedandinitialize Aleph

/* revert back to old structure and continue
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the AUC-PR(Goadrichetal., 2004)on a tuning set. Whencalculatingthe AUC-PR,SAYU only

includesrecall levels of 0.2 or greater as precisionhashigh variationfor low levels of recall.

Algorithm 1 givespseudacodefor the SAYU algorithm.
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5.3 Datasets

We evaluateour algorithmwith four very differentdatasets.Two of the applicationsarerel-
atively novel: the Mammaraphyand YeastProtein datasets.The third, Carcinogenesisis well-
knownin theinductivelogic programmingommunity The nal domainis theUniversityof Wash-
ingtonUW-CSEdatasethatis a popularbenchmarkn StatisticalRelationalLearning(Richardson

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

Mammography. The Mammaraphydataseis the original motivation of this work. SeeSec-

tion 4.4for amorein depthdiscussiorof the dataandmethodologyfor this dataset.

YeastProtein. The secondtask consistsof learningwhethera yeastgenecodesfor a protein
involvedin the generalfunction category of metabolism The datafor this taskcomesfrom the
MIPS (MunichInformationCenterfor ProteinSequencefomprehensie YeastGenomeDatabase,
asof February2005(Mewesetal., 2000). Positve andnegative exampleswvereobtainedirom the
MIPS function cateyory catalog. The positivesare all proteins/geneghat codefor metabolism,
accordingto the MIPS functional cateyorization. The negatvesare all genesthat have known
functionsin the MIPS function cateyorizationand do not codefor metabolism. Notice that the
samegenemay codefor severaldifferentfunctions,or may codefor differentsub-functions.The
datasetncludesinformationon genelocation,phenotypeproteinclass,andenzymeslt alsouses
gene-to-gen@teractionandproteincomplex data. The datasetontainsl,299positive examples
and 5,456 negative examples. We randomlydivide the datainto ten folds. Eachfold contains

approximatelythe samenumberof positve andnegative examples.

Carcinogenesis. Thethird datasetoncernghewell-known problemof predictingcarcinogenic-
ity testoutcomeson rodents(Srinivasan& King, 1997). This datasehasa numberof attractve
featuresiit is animportantpracticalproblem;the backgroundknowledgeconsistsof a numberof
non-determinatpredicatede nitions; experiencesuggestshatafairly large searchspaceneedgo

be examinedto obtaina goodclause.The datasetontainsl82 positive carcinogenicitytestsand
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148 negative tests.We randomlydivide the datainto tenfolds. Eachfold containsapproximately

the samenumberof positive andnegative examples.

UW-CSE. The lastdatasetconcerndearningwhetherone entity is advisedby anotherentity,
and comesfrom real dataobtainedby Richardsorand Domingos(2006)from the University of
WashingtonCS Department.The datasetontainsl13 positve examplesand 2,711 negative ex-
amples.Following the original authorswe divide thedatain ve folds, eachonecorrespondingo

adifferentgroupin the CS Department.

5.4 Experimental Setupand Results

Methodology. Onthe rst threedatasetsve performstrati ed, ten-fold crossvalidationin order
to obtainsigni canceresults.On eachroundof crossvalidation,bothapproachesse vefoldsas
atraining set,four folds asa tuning setandonefold asa testset. Both approachesnly saturate
examplesfrom thetrainingset. Sincethe UW-CSEdatasebnly has ve folds, theapproachesse

two folds for atraining setandtwo folds asatuningset.

Experimental Parameters. The communicatiorbetweerthe BayesnetlearnerandtheILP al-
gorithmis computationallyexpensve. The Bayesnetalgorithmmight have to learna new network
topologyandnew parametersFurthermorejt mustperforminferenceto computethe scoreafter
incorporatinga new feature.The SAYU algorithmis strictly moreexpensve thanstandardLP as
SAYU alsohasto prove whethera rule coverseachexamplein orderto createthe new feature.To
re ect the addedcost,we usea time-basedstop criteriafor the new algorithm. In effect, we test
whether givenanequalamountof CPUtime, the multi-stepapproactor SAYU performsbetter
To obtaina performancéaselineve rst rana setof experimentghatusethe original multi-
step process. In all experimentswe use Aleph (Srinivasan,2001) as the rule learning algo-
rithm. First, we useAleph runningunderinduce _cover to learna setof rulesfor eachfold.
Induce _cover implementsaavariantof Progol's MDIE greedycoveringalgorithm,whereit does

notdiscardpreviously coveredexamplesvhenscoringa new clause.Secondye selectrulesusing
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a greedyalgorithm,wherewe pick the rule with the highestm-estimateof precisionsuchthatit
coversan unexplainedtraining example. Third, we corvert eachrule into a binary featurefor a
nave BayesandTAN classi er. In the baselineexperimentswe useboththetrainingandtuning
datato constructtheclassi er andlearnits parametersi-urthermorewe recordthe CPUtime that
it took for eachfold to runto completion.We usethistime asthestopcriteriafor thecorresponding
fold whenevaluatingthe integratedapproach.To offsetpotentialdifferencesn computerspeeds,

we run all of theexperimentdor a givendatasebn thesamemachine.

1.0 . .
SAYU-TAN ——
SAYU-NB -
Aleph-TAN
Aleph-NB
0.8 r Aleph-Vote =~ ------ |

Precision

Recall

Figure5.3 MammographyPrecision-RecalCurves

SAYU only useghetrainingsetto learntherules. Additionally it usesthetrainingsetto learn
the structureand parameter®f the Bayesnet, andit usesthe tuning setto calculatethe scoreof
a network structure.Again, it usesAleph to performthe clausesaturationandproposecandidate
clausedo includein the BayesNet. In orderto retaina clausein the network, the AUC-PR of
the Bayesnet incorporatingthe rule mustachieve at leasta two percentimprovementover the

AUC-PRof prior Bayesnet.



Dataset Aleph-\bte | 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
Carcinogenesig§ 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-\bte Aleph-NB Aleph-TAN SAYU-NB
Mammography| 7.91 10 © 1.82 10 * 9.52 10 ° 0.172
YeastProtein 2.59 10 °® 0.00224 0.0434 0.789
Carcinogenesig 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 || Clausesn Theory | NumberPredicateperClause| ClausesScored
Aleph 99.6 2.82 620000

SAYU-NB 39.1 1.47 85300

SAYU-TAN 32.8 1.42 20900

Table5.3 MammographyAll metricsgivenareaveragesver all tenfolds.

Algorithm || Clausesn Theory | NumberPredicateperClause| ClausesScored
Aleph 170 2.93 916000

SAYU-NB 13.9 1.14 190000

SAYU-TAN 12.5 1.15 132000

Table5.4 YeastProtein.All metricsgivenareaverageover all tenfolds.

Algorithm || Clausesn Theory | NumberPredicateperClause| ClausesScored
Aleph 186 3.59 3530000

SAYU-NB 8.7 1.67 875000

SAYU-TAN 12.1 1.95 679000

Table5.5 CarcinogenesisAll metricsgivenareaveragesover all tenfolds.
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Algorithm || Clausesn Theory | NumberPredicateperClause| 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.AIl metricsgivenareaveragesver all tenfolds.

In our experimentswe testthreehypothesesFirst, we hypothesizéhatusinga Bayesiamet-
work to combineruleswill producemoreaccurateesultsthanusingunweightedvoting. Second,
we hypothesizahatthe SAYU procedureresultsin featuresthat are bettersuitedthana feature
constructiorcriterionbasedn coverage asstandarddleph uses.Third, we hypothesizéhat TAN
will resultin moreaccurateclassi cationthannave Bayes.

To testour hypothesesye use vealgorithms:

1. Aleph-Vote: Thisalgorithmusesunweighedvoting to combinerulesandstandardAlephto

constructandselectfeatures.

2. Aleph-NB: This algorithmusesnave Bayesto combinerulesand standardAleph to con-

structandselectfeatures.

3. Aleph-TAN: ThisalgorithmuseTAN to combinerulesandstandardAlephto constructand

selectfeatures.
4. SAYU-NB: Thisalgorithmusesnave Bayesto combinerulesandSAYU to selectfeatures.

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

Results. Figures5.3 through5.6 shav precision-recalcurvesfor all four datasets.For all the
graphswe generatehecurvesby poolingresultsoverall folds. Table5.1shovstheaverageAUC-
PRfor recall 0.2for all algorithms. Table5.2 givesthe p-value,computedusinga two-tailed,
pairedt-testcomparinghe AUC-PR(recall 0.2)for everyfold, for SAYU-TAN versugheother

four algorithms.
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The Mammographydatase{Figure5.3) shavs a clearwin for SAYU over the original multi-
stepmethodology We usethe pairedt-testto comparethe areasunderthe curve for every fold,
andfoundthe differenceto be statisticallysigni cant at the 99% level of con dence. The differ-
encebetweernusing SAYU-TAN andSAYU-NB is not signi cant. The differencebetweenusing
TAN andnave Bayesto combinethe Aleph learnedrulesis alsonot signi cant. Aleph-\bte s
signi cantly outperformedp-value< 0.05,by all the otherapproachesMoreover, theresultsus-
ing SAYU matchour bestresultson this datase{Davis et al., 2005b),which hadrequiredmore
computationaéffort.

The YeastProteindatase{Figure5.4) alsoshovs awin for SAYU over the original multi-step
methodology The differenceis not asstriking asin the Mammographydatasetmostly 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),
despitethefactthat SAYU-NB beatst on nineoutof tenfolds. All otherapproachesigni cantly
outperformedileph-Votewith p-value< 0.01.

Theresultsfor CarcinogenesigFigure5.5) areambiguous:no methodis signi cantly better
thantheother Onepossibleexplanationis thatprecision-recalmight notbeanappropriatesvalu-
ationmetricfor this datasetUnlike the otherdatasetsthis oneonly hasa smallskew in theclass
distribution and thereare more positve examplesthan negative examples. A more appropriate
scoringfunction for this datasetmight be the areaunderthe ROC curve. We ran SAYU using
this metric,which canbeseenn Figure5.7,andagainfoundno differencebetweertheintegrated
approachandthe multi-stepmethod.We believe an essentiapieceof futurework is to run a sim-
ulationstudyto try to betterdiscernthe conditionsunderwhich the SAYU algorithmprovidesan
advantageover the multi-stepapproach.

Theresultsfor the UW-CSE datase(Figure5.6) arealsoinconclusve. SAYU-TAN, SAYU-
NB, Aleph-TAN and Aleph-NB all achiere roughly the sameareas,and the differencesamong

them are not signi cant. Aleph-\bte is signi cantly outperformedp-value < 0.06, by all the
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otherapproachesHowever, it is interestedo make a simple comparisorto Markov Logic Net-
works (MLNs) on this dataset.Using the samefolds for 5-fold cross-walidationusedin (Singla
& Domingos,2005),SAYU with either TAN or nave Bayesachieveshigher AUC-PR (recall

0, than MLNs; speci cally, SAYU-TAN achiares0.414, SAYU-NB achieres 0.394,and MLN
achieves0.295(takenfrom (Singla& Domingos2005)). We do notknow whetherthecomparison

with MLN is signi cant, becausave do not have the perfold numbersof MLN.

Computational Costof SAYU. Asdiscussedbefore,runningSAYU is costly, asit needdo build
a new propositionalclassi er when evaluatingeachrule. Moreover, the differencesn scoring
methodanayleadto learningvery differentsetsof clausesTables5.3through5.6 displayseveral
statisticsfor the all four datasets First, we look at the averagenumberof clausesn a theoryin
the multi-stepapproachand compareit with SAYU-NB and SAYU-TAN. Secondwe compare
averageclauselength, measuredy the numberof literals per clausebody. Finally, we shav the
averagenumberof clausesscoredin eachfold. Table5.3 shavsthat SAYU' s theoriescontainfar
fewer clauseghanthe multi-stepalgorithmin MammographyMoreover, it nds shorterclauses,
someevenwith a singleattribute. The two columnsarevery similar for SAYU-NB and SAY U-
TAN. The last columnshaws thatthe costof using SAYU is very high on this dataset:we only
generatea tenth of the numberof clausesvhenusingnave Bayes. Resultsfor SAYU-TAN are
evenworseasit only generate8% asmary clausesstheoriginal Alephrun. Evenso,the SAY U-
basedlgorithmsperformbetter

TheYeastdatase{Table5.4)tells asimilar story, asthe SAY U-basedapproachesequirefewer
clausedo obtaina betterresult. Again, SAYU generatesmallerclauseswith the averageclause
lengthlower thanfor MammographyThecostof implementingSAYU is lessin this case We be-
lievethisis becauséhe costof transportinghebitmaps(representinghe new feature)throughthe
Java-Prologinterfaceis smaller sincethe datasets notaslarge. Carcinogenesiélable5.5) again
shavs SAYU-basedapproachekarningsmallertheorieswith shorterclausesandpayinga heary
pricefor interfacingwith the propositionalearning.Carcinogenesis the smallestbenchmarkso

its costis smallerthanMammographyor YeastProtein. Finally, on the UW-CSE datasetSAYU



66

endsup with a modelthatincludesmorerulesthanAleph. However, the rulesareagainshorter

thanthosefoundby Aleph andit evaluatedewer rulesthanAleph.

Discussion. Theempiricalresultscon rm out rst hypothesisWe seea signi cant win through
combiningrulesusinga Bayesiametwork over unweighted-woting on all dataset&xceptfor car
cinogenesisin termsof our secondhypothesisusing SAYU to selectrulesresultsin signi cant
improvementon two domains.It is interestingto notethat SAYU offersthe improvementin per
formanceon thetwo largestdomains.

In threeout of four datasetsthe theoryfound by SAYU consistsof signi cantly fewer and
in all casest resultsin shorterclauses.Evenwith the simplerclassi er, SAYU doesat leastas
well asthe multi-stepapproach.Furthermore SAYU achieresthesebene ts despiteevaluating
signi cantly fewer rulesthanAleph.

All ourresultsshav no signi cant bene t from usingSAYU-TAN over SAYU-NB, contradict-
ing ourthird hypothesisWe believe therearetwo reasongor that. First,the SAYU algorithmitself
might be searchingor independenattributesfor the classi er, especiallywhenusing SAYU-NB.
Secondnave Bayesis computationallynoreef cient, asthe network topologyis x ed. In fact,
only the conditionalprobability tablecorrespondingo the newly introducedrule mustbe built in

orderto evaluatethe new rule. Thus,SAYU-NB bene tsfrom consideringnorerules.

5.5 SAYU-View: Incorporating Initial Feature Sets

TheprevioussectionreportedthatSAYU performson parwith Level 3 andmulti-stepLevel 4
from the previous chapter However, in theseexperimentsSAYU senesonly asa rule combiner
only, not asatool for view learningthatadds elds to the existing setof elds (features)n the
databasdDavis et al., 2005a). We modify SAYU to take advantageof the prede nedfeatures
yielding a moreintegratedapproacho View Learning.Here,we reporton a morenaturaldesign,
calledSAYU-View, whereSAYU startsfrom the Level 3 network. Algorithm 2 givespseudacode
for the SAYU-View algorithm.
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Input: Train SetLabelsT, TuneSetLabelsS, BackgroundKnowledgeB,
Initial FeatureSetF;,; , ImprovementThresholdp
Output: FeatureSetF, StatisticalModel M

F = Finit ;
/* This model will contain all the features in Fi,; in
addition to the variable to predict */

M = BuildBayesNef(, F);
B estScore = AreaUnderPRCue(M, S, F);
while timeremainsdo

done= false;Choosea positve exampleasa seedandinitialize Aleph
search;
repeat
f = Generatenew clauseaccordingto Aleph;
Frew=F[ f;
M pnew = BuildBayesNef(, Fnew);
N ewScore = AreaUnderPRCue(M , S, Fpew);
[* Retain this feature */
if (NewScore (1+ p) BestScore)then
F = Frew;
B estScore = N ewScore;
M = Muew;
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 samemethodologyas describedpreviously for the initial approachto
view learning. On eachroundof cross-alidation, SAYU-View usesfour folds asa training set,
ve folds asatuningsetandonefold asatestset.It only saturategxamplesrom thetrainingset.

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

andSAYU-View is thefollowing: for SAYU-View usesthetraining setto learnthe structureand
parametersf the Bayesnet, andthe tuningsetto calculatethe scoreof a network structure.The
multi-stepapproachuseshetunesetto learnthe network structureandparameters.

In orderto retaina clausen thenetwork, theareaunderthe precision-recalturve of the Bayes
netincorporatingthe rule mustachiese at leasta two percentimprovementover the areaof the
precision-recalturve of the bestBayesnet. The maingoalis to usethe samescoringfunctionfor
both learningandevaluation,so we useareaunderthe precision-recalturve asthe scoremetric.
As in the previous chapter the areaunderthe precision-recalturve metric integratesover recall
levelsof 0.5or greater

As mentionedpreviously (seeSection5.4), the time requiredto scorearule usingSAYU has
increased.To re ect the addedcost, SAYU-View usesa time-basedstopcriteria. For eachfold,
we usethetimesfrom the baselineexperimentsn (Davis etal., 2005a).In practice thesesettings
resultedn evaluatingaround20000clausedor eachfold, requiringon averagearound4 hoursper

fold ona Xeon3MHz classmachine.
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Figure5.8includesacomparisorof SAYU-View to aggre@atelearning(Level 3) andthe multi-
stepalgorithmview learning(Level 4). Again,we performatwo 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 (noinitial features)thoughthe differences 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 improvementover all thelower levelsof learningde ned
in the hierarchyin Figure4.3.

Figure5.9shavstheaverageAUC-PRfor levelsof recall  0:5for Level 3, theinitial approach
to Level 4, andSAYU-View. The averageAUC-PRfor SAYU-View yieldsa 31%increasen the
averageAUC-PRovertheinitial approacho Level 4. Furthermoreit resultsin anincreasen the

averageAUC-PRof 30%over Level 3.
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5.7 RelatedWork

The mostcloselyrelatedto ours,(donein parallelwith SAYU) is by Landwehy Kerstingand
De Raedt(2005). Thatwork presentech nenv systemcallednFOIL. The signi cant differences
in the two piecesof work appeaito bethe following. First, nFOIL scoresclausediy conditional
log likelihoodratherthanimprovementin classi er accurag or classi er AUC (areaunderROC
or PRcurwe). SecondnFOIL canhandlemultiple-classclassi cationtasks,which SAYU cannot.
Third, thework with SAYU reportsexperimentson datasetswith signi cant classskew, to which
probabilisticclassi ers are often sensitve. Finally, both paperscite earlierwork shawving that
TAN outperformechave Bayesfor rule combination(Davis et al., 2004). However, the empirical
resultswith SAYU shaw thatonceclausesare scoredasthey areactuallyused,the advantageof
TAN seemso disappearMore speci cally, TAN nolongersigni cantly outperformsnave Bayes.
Hencethepresenthaptemaybeseerasproviding somegusti cation for thedecisionof Landwehr
etal. to focuson nave Bayes. More recently Landwehret al. (2006) have proposedhe kFOIL
system.This systemfollows the sameideaasnFOIL, exceptit usesa simplerelationalkernelas
the statisticalmodel. The useof a kernelpermitsthe kFOIL systento handleregressiortasks.

Thework by PopescuandUngar(2003)on structuralogistic regressioralsointegrateseature
generatiormndmodelselection. Their work constructdeatureshat canbe usedby a statistical
learningalgorithm. Featurede nitions arein SQL queriesand the statisticallearneris logistic
regressionput thesearenot especiallyimportantdifferencesThis work alsoallows for aggreate
functionsto appeaitin thefeaturede nitions. The dravbackto this approachs thatit is extremely
computationallyexpensve. In fact, they reportonly searchingover queriesthat containat most
two relations.In ILP, this would be equivalentto only evaluatingclausegshat containat mosttwo

literals.

5.8 Chapter Summary

This chapterproposesnintegratedframenork, calledSAYU, for constructingelationalfea-

turesandbuilding statisticaimodels.This framewvork alleviatesa majordravbackto themulti-step
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approachdescribedn Chapterd: by only selectingrulesthatimprove the performancef the sta-
tistical classi erthatis beingconstructedFinally, we presenSAY U-View, a simpleextensionthat
allows SAYU to begin with aninitial featureset.

We discussan implementationof the SAYU framework that usesBayesiannetworks asthe
underlyingclassi er. We empiricallydemonstratéhat SAYU leadsto moreaccuratanodelsthan
the multi-stepmethodology SAYU alsoconstructsmallertheoriesthanthe multi-stepapproach.
We foundthatSAYU-View resultsin signi cantly moreaccuratenodelsonthemammographyo-
main. Speci cally, SAYU-View performsbetterthanan SRL approacthatonly usesaggregation.
SAYU's empiricalsuccesss quite surprising,asat rst glanceit would appearto be too expen-
sive to build a new statisticalclassi er for eachrule scored. SAYU overcomeghe computation
costin two ways. First, it usessimplestatisticalmodels.Secondijt is ableto nd smallrule sets

containingshortrulesthatperformwell. SAYU can nd thesetheorieswith verylittle search.
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Chapter 6

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

Thepreviousthreechapterdiave shavn the effectivenes®f combininglearnedrelationalrules
usingastatisticalclassi er. SAYU, themostsuccessfubf theseapproachesctuallyscorecandi-
daterelationalrulesby their ability to improve thestatisticalclassi er. Thepresenthapterextends
the SAYU approachto multiple-instancereal-\aluedprediction. While suchpredictionis useful
for mary applicationsour motivatingapplicationis drug design,speci cally, predictingthereal-
valuedbinding af nities of small moleculesfor a x ed target protein. This chaptermakestwo
contributions. Firstit demonstratethe feasibility andutility of extendingSAYU to othertypesof
tasks,suchasmultiple-instancereal-valuedprediction,usinga real-world applicationof signi -
cancefor societyandfor themachindearningcommunityin particular Secondthechapteishons
empirically that usingmultiple-instanceegressionin this contet carriessigni cant bene t over
usingordinaryregression.

Thiswork originally appearedn Davis etal. (2007b).

6.1 Background and RelatedWork

Drugsaresmallmoleculeghataffect diseaséy bindingto atargetproteinin thehumanbody;
the target may be a humanproteinor a proteinbelongingto somepathogerthat hasenteredthe
body. Machinelearningis potentiallyusefulin a numberof stepsin the drug designprocessifor

example,analysisof gene-&pressiormicroarraydataor proteomicsdatausingmachinelearning
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Figure6.1 ACE inhibitor with highlighted4-pointpharmacophorel'hepointB is a zinc-binding
site. PointsC,D,E arehydrogenacceptors.

may helpto identify target proteins;analysisof datafrom X-ray crystallographyor nuclearmag-
netic resonancepectramay help determinethe structureof a tamget; analysisof the structuresof
active molecules—thosthatbindto atarget—mayguidein thedesignof moleculeswith improved
actiity.

Thefocusof this chapteris onthelastof thesemachingearningapplicationswhichis known
aspredictingThree-dimensionaDuantitatve Structure-Actvity Relationshipgabbreriatedas3D-
QSARs). Each3D-QSARtaskis de ned by a tamget protein, typically whose3D structureis not
known. Giventhe structuresof a setof moleculesandtheir known bindingaf nities to thetamet,
the taskis to constructa modelthat accuratelypredictsthe real-valuedbinding af nities of new
smallmoleculego thetarget,basedn their three-dimensionatructures.

Predictionof structure-actiity relationshipss a particularly signi cant applicationfor ma-

chinelearningfor at leasttwo reasonsFirst, the potentialbene t for societyis large: the present
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drug developmentcycle is time-consumingand expensve, estimatedat closeto onebillion U.S.

dollarsperdrugthatmakesit to market (DiMasi et al., 2003; Adams& Brantner 2004). Second,
the applicationhasdemonstrategotentialto motivateimportantadwvancesn machineearning;it

hasmotivatedthe paradigmof multiple instancelearning(Dietterichet al., 1997)andoneof the
rst usesof relationallearningalgorithmsasfeatureconstructorgKing, 1991). While thosecon-
tributionscamefrom the classi cationtask,predictingreal-valuedbinding af nities is perhapsan
evenmoreimportanttask. Chemistgrefermodelsthat predictreal-valuedbinding af nity , which

canbeusedto identify moleculeghatarelik ely to have particularlyhigh bindingaf nities.

A key obstaclein the drugdesignprocesss thatthe structureof a target proteincannotoften
be determined.In this scenarioresearchermay use“high-throughputscreening™o testa large
numberof smallmoleculesto nd somethatbind to the target. The moleculesthatbind usually
cannotbe usedasdrugsfor variousreasonstypically relatedto ADMET (absorptiondistribution,

metabolismgeliminationandtoxicity). Neverthelesssomeof these*hits” maybeusedasa “lead”
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in the searchfor anappropriatedrug; this leadthenneedso be “optimized; or modi ed in order

to have anappropriatebinding af nity andthe otherpropertiesnecessaryn a drug, suchaslow

sideeffects.
active(M):- MoleculeM is activeif

conf(M, C), M hasaconformationC

hacc(M, C, P1), C hasahydrogeracceptoiatlocationP 1
hacc(M, C, P2), C hasahydrogeracceptoiatlocationP 2
hacc(M, C, P3), C hasahydrogeracceptoiatlocationP 3
pos_charge(M, C, P4), C hasa positively chagedgroupatlocationP 4
disttM, C, P1, P2, 4.60, 1.0), thedistancebetweerP1andP2is 4:60 1:.0A
dist(M, C, P1, P3, 7.75, 1.0), thedistancebetweerP 1 andP3is 7:75 1.0A
disttM, C, P2, P3, 8.77, 1.0), thedistancebetweerP2 andP3is 8:77 1.0A
dist(M, C, P1, P4, 6.85, 1.0), thedistancebetweerP 1 andP4is 6:85 1.0A
disttM, C, P2, P4, 7.56, 1.0), thedistancebetweerP2 andP4is 7:56 1.0A
dist(M, C, P3, P4, 1.24, 1.0). thedistancebetweerP 3 andP4is 1:24 1.0A

Table6.1 An exampleof a4-pointpharmacophortearnedoy Alephfor the domainof
thermolysininhibitors. Theleft columnshowns the rst-order logical clausen Prolognotation,
while theright columnshaws the semantic®of eachliteral.

To guidetheleadoptimizationprocessresearchergy to nd similaritiesbetweerthemostac-
tive moleculeghatareideally not sharedoy ary of thelessactive molecules.We brie y describe
thetypesof similaritiesthatareusefulin predictingbindingaf nity . A smallmoleculebindsto a
proteinprimarily basedon electrostati@andhydrophobianteractions.The mostcommonelectro-
staticinteractionis the hydrogerbond,whereanatomcarryingaslight negative chage,suchasan
oxygen(a“hydrogenacceptor”’),ononemoleculeis attractedo a hydrogeratomcarryingaslight
positive chage (a “hydrogendonor”) on the othermolecule. Hydrophobicinteractionstypically
occurwhenhydrophobedrom the two moleculesshield eachotherfrom the surroundingaque-
ous ervironment. Becauseboth electrostaticand hydrophobicinteractionsare wealer than the
ordinary covalentbondsformedwithin a molecule,several suchinteractions—typicallythreeto
eight—arerequiredin orderfor asmallmoleculeto bindto a protein. Thereforeto bindto agiven
targetproteinat a particularsite, a small moleculeneedshe right combinationof chagedatoms
and/orhydrophobicgroupsat the right locations In otherwords,the binding siteson the small

moleculeandproteinneedto be complementarymuchasakey is to alock—acommonanalogy
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in drug design. Given a setof active molecules,a computationachemistmay searchfor con-
formersof the actve moleculeghatsharesomethree-dimensionarrangementf chagedatoms,
suchaspotentialhydrogendonorsandacceptorsandhydrophobicgroups,suchassix-membered
carbonrings. This three-dimensionasubstructures sometimescalled a pharmacophce. Fig-
ure 6.1 shonvs an example moleculewith a highlighted pharmacophoréhat allows it to inhibit
Angiotensin-CowrertingEnzyme(ACE).

Onechallengarisedrom thefactthateachmoleculemayhave multiplelow-enegy 3D shapes,
or conformes, andary oneof theseconformeranaybetheonethatbindsto thetamget. 3D-QSAR
approacheslirectly addresghe multiple 3D conformersof molecules.Theseapproachesclude
both special-purposealgorithmsfor 3D-QSAR and mechanismdor applying machinelearning
algorithmsto the multiple 3D conformersof molecules.CoMFA andrelatedapproachesely on
carefulfeatureconstructiorbasedon structuralpropertiesat grid pointsde ned onthemolecules
surface(for example,seeCrameretal. (1988)). DISCO (Martin etal., 1993)usesa clique detec-
tion algorithm (Brint & Willett, 1987)to predictpharmacophoresom the conformersof active
molecules. The COMPASS algorithm (Jainet al., 1994a;Jainet al., 1994b)selectsand aligns
conformers—onger actve molecule—andyenerates featurevectorfor eachmolecule,where
the featuresarethe lengthsof rayspassinghroughthe moleculeat speci ed orientations.COM-
PASS thenusesa neuralnetwork to learneithera classi er or real-valuedpredictorof af nities;
oncethemodelhasbeenlearned COMPASStriesto improvethe t by revisiting theselectionrand
alignmentof conformersanditeratesuntil corvergence.

Anotherapproachto predictingbinding af nities is basedon relationallearning(Finn et al.,
1998;Marchand-Genestetal., 2002),in particularinductive logic programmingILP). This ILP-
basedframenork startswith a rst-order logical descriptionof eachmolecule. This description
detailsthelocationsof eachatomandbondin the molecule.Additionally, the backgroundknowl-
edgecontainsrelationaldescriptionsof commongroupsof atoms. For example,the background
knowledgecan specify that a methyl group consistsof a carbonatomboundto threehydrogen
atomswith singlebonds. A k-point pharmacophae in this representatiofis a rst-order clause

. oy . . . . k [T H ”
thathask literals,eachdescribinga distinctchemicalgroup(suchasmethyl), and ; “distance
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literals. Eachdistanceliteral storesthe Euclideandistancebetweentwo chemicalgroups. Since
the distancesn arny two given moleculesare unlikely to be exactly the same the literal includes
a tolerancethat speci es how mucheachdistanceis allowedto vary. Given this representation,
theapproachusesanlLP systemo hypothesizggharmacophorehatcausehedesirednteraction
betweerknown actve moleculesandthetarget. ThelLP systensearchesverthespaceof clauses
(pharmacophores)singan objective function suchasthe following: ary k-point pharmacophore
thatappearssigni cantly moreoftenin actve moleculeshanin inactive onesis hypothesizedo
beaninteraction-causingharmacophorelable6.1 shovs anexamplepharmacophorkearnedoy
the Aleph ILP systemfor the domainof thermolysininhibitors.

In orderto predict real-\alued actwities, the ILP-basedapproachtreatslearnedclausesas
binary-\aluedfeaturesand generates binary (0/1) value dependingon whetherthat molecule
satis esthe givenclause(i.e., hasthe speci ed pharmacophore any conformation).Of course,
usingthisrepresentatiortheinactive (or “lessactive”) moleculeswill havefeatureghataremostly
zero,which will likely leadto poor activity estimates.Thus,the ILP-basedapproachalsolearns
a set of featuresthat are more frequentin the inactive moleculesthanin the active molecules,
andgenerateshe correspondindeaturevectors. This proceduregenerates singlefeaturevector
for eachmolecule. This representatiocanthenbe usedto learna regressionrmodel using stan-
dardlinearregressionMarchand-Genestet al., 2002),which canpredictactvity levelsfor novel
molecules.

Marchand-Genestet al. (2002)foundthatthis approachimprovesperformanceover CoMFA
(Crameret al., 1988). Despiteits empirical successthis approachstill hastwo shortcomings.
First, eventhoughthegoalis to optimizethe accurag of thereal-valuedprediction,therelational
learning procedureis not guidedby this goal but ratherby a different scoring function that is
usuallybasedn the coverageof theruleson thetrainingset. Secondpy operatingon onefeature
vectorpermolecule regressiorignorestheinherentmultiple-instancenatureof 3D moleculardata
(Dietterichet al., 1997). Informationaboutthe individual conformerss lost whenwe construct

onefeaturevectorpermolecule.
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6.2 The MIR-SAYU Algorithm

OuralgorithmfollowsthelLP-basedpproachustdescribedbut with two signi cant changes.
First,it useghe“ScoreAs You Use” methodto learnrulesdirectly judgedashelpful to regression.
For eachpotentialpharmacophorar rule, thatmustbescoredwe recomputeheregressiormodel
andcheckwhetherit generalizebetterthanthemodelthatdoesnotusethecandidateule. Thus,a
pharmacophoris includedin theregressiormodelonly if it helpsto predicttheobsenedactvities.
Second,we replacestandardregressionwith multiple-instanceregression(Ray & Page, 2001)
whenpredictingactiity.

In supervisedearning,eachexampleconsistof afeaturevectorandalabel. Multiple-instance
learninggeneralizesupervisedearningby representinggxampleswith multisets or bags,of fea-
ture vectors. It associategachbagwith a classlabelin a classi cation settingor a real-\valued
responsen aregressionsetting. Figure 6.2 contrastssupervisedearningwith multiple-instance
learning. Therefore,whenwe evaluatea setof rules, we constructone featurevector per con-
formerratherthanonefeaturevectorper molecule.In multiple-instanceerminology a molecule
is abag,andeachinstancen thebagis afeaturevectorrepresenting conformerof thatmolecule.
Multiple-instanceregressioroperate®n dataof this form, with onereal-\aluedresponseerbag,
whichis theactuity level of themolecule.ln thefollowing sectionswe describeeachcomponent

of thisapproachin detail.

6.2.1 Scoring Candidate Ruleswith SAYU

In relationalapproacheso 3D-QSAR,asdescribecabove, anILP systemgeneratesulesde-
scribingpharmacophoredn prior work (Finn et al., 1998; Marchand-Genestet al., 2002), this
systemrunsto completion,anda subsebf the rulesfound areusedto build the model. This ap-
proachreliesonthelLP systemsscoremetricto evaluaterule quality. Themostcommonmetricis
coverage, whichis de ned asthedifferencebetweernthe numberof active andinactive molecules
thatsatisfyarule. The nal modelis built from the ruleswhich have the highestcoverages.This

approachhasseveraldravbacks. First, runningto completionmay take a long time. Secondthe
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rulesmay not be independentieadingto a modelwith dependenattributes. Third, choosinghow
mary rulesto includein the nal modelis adif cult tradeof betweercompletenesandover tting.
Finally, thebestrulesaccordingo coveragemaynot give usthe mostaccurateactvity model.

Many of thesedravbackscanbeovercomeby interleaving therule learningandmodelbuilding
processesln our work, we accomplistthis interleaving by extendingthe SAYU approach{Davis
etal., 2005a)to the MI regressionsetting.In the SAYU approachye startfrom anemptymodel
(or aprior model). Next, anILP systemgeneratesules,eachof which representsa new featureto
be addedto the currentmodel. We thenevaluatethe generalizatiorability of the modelextended
with the new feature. We retainthe nev modelif the addition of the new featureimprovesthe
model's generalizatiorability; otherwisewe remainwith the original model. Thisresultsin atight
couplingbetweerfeatureconstructiorandmodelbuilding.

To apply SAYU to our task,we needan ILP systemto proposerules. In our work, we use
Aleph, whichimplementghe Progolalgorithm(Muggleton,1995)to learnrules. This algorithm
inducesrulesin two steps.Initially, it selectsa positive instanceto sene asthe “seed” example.
It thenidenti es all thefactsknown to betrue aboutthe seedexample. The combinationof these
factsformstheexamplesmostspeci c or saturatedlause.Thekey insightof theProgolalgorithm
is thatsomeof thesefactsexplainthis examplesclassi cation. Thus,generalizationsf thosefacts
couldapplyto otherexamples.Aleph thereforeperformsa general-to-speci searchover the set
of rulesthatgeneralizea seedexamples saturatectlause. Thus,in our application,Aleph picks
an“active” molecule,andgeneratepotentialk-point pharmacophoreom it. It continuesuntil
either nding a potentialpharmacophoréhathashigh coverageor the searchspaces exhausted.
In the lattercasethe searchrestartsvith a differentseed.

SAYU modi es the standardAleph searchasfollows. In contrasto Aleph, SAYU allows ary
example,positive or negative, to beselectedasa seedpecausét is possiblefor the generalization
of any exampleto improve the nal regressionmodel. Insteadof usingcoverage Aleph passes
eachclauseit constructso SAYU, which corvertsthe clauseto a binary featureand addsit to
the currenttraining set. Next, SAYU learnsa modelincorporatingthe new feature,andevaluates

themodel(describedelow). If the modeldoesnotimprove, therule is not acceptedandcontrol
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returnsto Alephto constructhenext clause.lf aruleis acceptedor thesearctspacds exhausted,
SAYU randomlyselectsa nev seedandre-initializesAleph's search.Thus,we arenot searching
for the bestrule, but the rst rule thatimprovesthe model. However, SAYU allows the sameseed
to be selectedmultiple timesduring the search. Sincethe searchspaceis extremelylarge, it is
impracticalto searchit exhaustvely. Further this mayleadto 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 orderto decidewhethetrto retainacandidatdeaturef , we needo estimatehegeneralization
ability of the modelwith andwithout the new feature.In our work, we do this by estimatingthe

test-set 2 of eachmodel,de ned as:

P
(Y pi)?
Test-set?=1 pI - =7 6.1
N a) (61)

wherei rangesover testexamples)Y; denoteshetrueresponsef thei testexample,p;, denotes
thepredictedesponsef thei™ testexampleusingourmodel,anda; denotesheaverageresponse
on the training set. Thus, r? measureshe improvementin squarecderror obtainedby usingour
modelover a baselineconstanprediction.Obserethatif p; = a;,r? = 0,andif p = Y;,r2= 1.
Thus, a highertest-setr 2 indicatesa modelwith bettergeneralizatiorability. Note thoughthat
unlike ordinaryr?, it is possiblefor test-set 2 to be negative, sincepredictionsaremadeon novel
datapoints. To estimatetest-set ? 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 the endof this procedurewe have a set
of predictionsfor eachheld-outfold. We thenpool thesepredictionsacrossall folds andcalculate
thetest-set 2 metricfor themodelcontainingf overthefull setof predictions.To decidewhether
to retainthe candidatefeature we stipulatethatthe test-setr 2 of the modelwith f mustimprove
over the model without f by a certainfraction, p, which we call the improvementthreshold!

While suchcross-alidationis computationallyexpensve, we have obseredthatit signi cantly

1A moreprincipledsolutionmight be to usea statisticalhypothesigestbetweerestimatef the test-set > mea-
suresof thetwo models.We have tried this; however, sincewe generallyhave very smallsamplesn our experiments,
we did not obtainconsistentesultswith this approach.



Input: Train SetT, Numberof Foldsn, ImprovementThresholdp, Stop
Criteria

Output: Multiple-InstanceRegressiorModel M , FeatureSetF

DivideT inton folds;

Let T, = traindatafor fold i ;

LetS; = scoresetfor fold i ;

F=3;

while stopcriteria notmetdo

B estScore = 0;

selectedFeature = false;

Chooseanexampleasa seedandinitialize Aleph search

repeat
f = Generatenew clauseaccordingto Aleph;

Predictions = ;;
[* for each fold
for (i=0;i<n;i+ +) do
[* build a new model incorporating f
M = BuildMIRModel(T;;F [ f);
[* collect the predictions the new model makeson
the score set
Predictions = Predictions[ PredictOutputyl;S;;F [ f);
end
N ewScore = r?(Predictions);

model

if (NewScore (1+ p) BestScore)then

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

F=F[f;

Mtina = BuildMIRModel(T;F);

B estScore = N ewScore;

[* break out of the repeat-untii 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¢ina , F
Algorithm 3: MIR-SAYU Algorithm

*/

*/

*/

/* Check whether we should retain this feature in the

*/

*/

*/

*/
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improvesthe quality of the featuresaddedto our modelsandreducesover tting to the training
set. Further sincewe imposean externaltime constrainton SAYU asdescribedn the previous
paragraphthis proceduraloesnotslow down ourempiricalevaluation.After asetof featurehave
beenselectedusingthe cross-alidationprocedurewe learnthe nal model,which incorporates
all selectedeaturesusingtheentiretrainingset. We usethis modelto make predictionsonunseen
examples.This procedurepreventsfeatureshat do not help predictactiity from beingaddedto
theregressiormodel. However, notethatit may addfeatureghathelp explain low activity. Such

featureswill beassociateavith negative coefcients in theregressiormodel.

6.2.2 Predicting Activity with Ml Regression

In this section,we presentour multiple-instanceegressionmodelthat we useto predictthe
activity of molecules.Thesearethe modelsthatthe SAYU procedureconstructsvhenevaluating
candidatdeatures.

The relationallearningproceduredescribedn Section6.1 resultsin a single featurevector
describingeachmolecule. In prior work (Marchand-Genestet al., 2002), thesefeatureshave
beenusedasinputsto alinearregressiornprocedurdo predictactiity. Linearregressioron these
featureswill beeffectivein predictingactuity if the following assumptiorholds: the activity of a
moleculds alinear functionof thepharmacophaegsit hasin at leastoneof its conformationsThis
assumptions somavhatunsatiséctory aswetreatmoleculesvhereall pharmacophorematchthe
sameconformation(sandmoleculesvhereeachpharmacophoresiatchesa differentconforma-
tion in exactly the sameway. Chemically actwity is likely to be afunctionof speci ¢ conforma-
tion(s) of the molecule,andthis informationhasbeenlost. To capturethis knowledge,we usea
multiple-instanceepresentatio(Dietterichetal., 1997).In Ml learning,examplesarerepresented
using multisetsof featurevectorsinsteadof singlefeaturevectors. In Ml terminology eachex-
ampleis a bag of instances Eachbagis associatedvith a classlabelin a classi cationsettingor
areal-valuedresponseén aregressionsetting. Giventhis representationyll algorithmscanlearn

modelsthatpredictthe classlabelor responsef novel bags.
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To generatean Ml representatioffior the drug activity predictionproblem,we apply the pro-
posedclausegpharmacophoresp ead conformationof eachmoleculeseparatelyln thiscasea
0/1 valuerepresentsvhethera speci ¢c conformationhasthe givenpharmacophoréclause).This
createsan Ml representationivhereeachmoleculeis representetly a bagof featurevectors,one
per conformation,andthe bagis labeledwith the actvity of the molecule. Giventhis represen-
tation, we usea multiple-instanceegressionalgorithmto learnlinear models. The task under
consideratioris de ned asfollows. We aregivena setof n bags. Thei" bagconsistsof m; in-
stancesanda real-\aluedresponsey;. Instancg of bagi is describedoy a real-valuedattribute
vectorXj of dimensiond. In thedrugdesignexample eachbagis a molecule andeachinstancea
conformatiorof themoleculerepresentelly afeaturevector An iterative algorithmwaspresented
in prior work (Ray& Page,2001)to learnalinearmodelB undertheassumptiorthatthereis some

primary instancan eachbagwhichis responsibldor thereal-\aluedlabel:

X
b=argmin (v X D)% (6.2)

i=1
where X, is the featurevectordescribingthe primary instanceof bagi, andy; is the response
of bagi. The algorithm presentedn prior work iteratesbetweenestimatingthe primary in-
stancein eachbagandsolvingthe resultinglinear regressionproblemuntil corvergence.Recent
work (Srinivasanet al., 2006) hasusedthis approachto modeldrug actiity, but hashadlimited
empiricalsuccess.

Ourapproaclextendsthisformulationto bemorespeci c to actvity predictionin thefollowing
way. Insteadof assuminghat a single, primary conformeris responsiblé€or the actvity of the
molecule we assumehatthe molecules actiity is a nonlinearweightedaverage of the activities
of its conformers. Biologically, eachconformercan contribute to actuity, but the contrikution
of a conformerdies off exponentiallywith goodnes®f t betweenconformerandtamet. Thus,
typically, the activity of a moleculewill be dominatedby its mostactive conformers.To model

this scenariowe usea softmaxfunction,denotedoy S below:

S (Xq;:iiiXp) = PO (6.3)
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The input to this function is the predictedactvities of the conformationof ary molecule. The
outputis a weightedaverageof the predictedactuities, with the averagebeingdominatedoy the
mostactive conformation(s)As the parameter is increasedthe outputapproximateshe highest
activity moreclosely The softmaxfunction hasbeenusedin prior work on Ml classi cationas
well (Maron,1998).Thus,it is a suitablechoicebothfrom the biologicalandthe MI perspecties.
Further notethatthefunctionis differentiablewith respecto its inputs. Thisletsususeagradient-

basedptimizationprocedureo solve for the bestlinearmodelB asfollows:

b = argmin o s Ru b X, b)Y+ jibi (6.4)
i=1

Here,y; representsheactivity of thei!™ molecule andthe predictedactivity of conformatiorj of
molecule is de ned by thelinearfunctionX; b. Thus,the rst partof thisobjectve speci esthat
we aresearchindgor the linear model suchthat the total error betweenthe weightedaverage of
thepredictedconformatioractiities andtheknown molecularactiitiesis minimized. Thesecond
partof the objective is a regularizationfactorproportionatto jjbjj?. Incorporatingsucha factoris
known to reduceover tting to the training data,andthusimprove generalizatiorability (Vapnik,
1999). We expectour approacho be moreaccuratehanstandardegressionf (i) the actiity of
ary conformationis a linear function of the pharmacophores has,and (i) the actvity of any
moleculeis (approximately)an exponentiallyweightedaverageof the actwvities of its individual
conformers.

The objective functionin Equation6.4 is nonlinearandnoncowex; hence standardyradient-
basedoptimizationalgorithmsaresusceptiblgo local minima. To reducethe possibility of being
misledby local minima, we employ the techniqueof randomrestartswhenlearninga model,the
optimizationalgorithmis restartedseveral timesfrom different,randomlychosenstartingpoints
andallowed to run to completion. The nal solutionreturnedis the oneresultingin the lowest
objective functionvalue.

We call our approachyhich combineghe SAYU procedurewith MI regressiormodels Mul-

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

In this section,we evaluateour approachon threereal-world actvity predictiontasks: ther
molysininhibitors,dopamineagonistsandthrombininhibitors. We rst describeéhe domainsand

characteristicef the datasetsve useandthenpresenanddiscussour experimentakesults.

Tasks. The thermolysininhibitors datasetwe useis describedin previous work (Marchand-
Genesteet al., 2002). Thermolysinbelongsto the family of metalloproteaseand playsroles
in physiologicalprocessesuchas digestionand blood pressureregulation. The moleculesin
our datasetare known inhibitors of thermolysin. Activity for thesemoleculesis measuredn
pKi = logK;, whereK; is a dissociationconstantmeasuringhhe ratio of the concentrations
of boundproductto unboundconstituentsA highervalueindicatesa strongeraf nity for binding.
The datasetve usehasthe 10 lowestenegy conformationgascomputedoy the syBYL software
packaggwww.tripos.com))for eachof 31 thermolysininhibitors alongwith their actvity levels.
The relationalbackgroundknowledgewe have for this datawas obtainedfrom David Enotand
RossKing andis similar (but notidentical)to the backgroundknowledgeusedin previous work
(Marchand-Genesttal., 2002). This backgrounknowledgede nes 26 chemicalgroupsthatcan
beusedto de ne apharmacophore.

The seconddatasetwe use consistsof dopamineagonists(Martin et al., 1993). Dopamine
worksasaneurotransmittein thebrain,whereit playsamajorrolein movemeniontrol. Dopamine
agonistsaremoleculeghatfunctionlike dopamineandproducedopamine-lile effectsandcanpo-
tentially beusedto treatdiseasesuchasParkinsons diseaseThedatasetve usehas23 dopamine
agonistsalongwith their actwvity levels. For this datasetthe numberof conformationdor each
moleculerangedrom 5 to 50. Thebackgroundknowledgewe have for this datasets morelimited
thanin the previous dataset- we know aboutfour groups:hydrogendonors,hydrogenacceptors,
hydrophobesindbasicnitrogengroups.

The nal datasetve useconsistsof thrombininhibitors (Chengetal., 2002). Thrombinworks

asabloodcoagulaneandthusits inhibitors canbe usedasanti-coagulantsThe datasetonsistsof



86

41 thrombininhibitorsandtheir actwity levels. Eachmoleculehasbetweer3 and334 conforma-
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 Rootmeansquarecerrorsfor differentmethodson drugactiity datasetsValuesin
boldindicatebestresultson eachdatasetLR refersto linearregressionMIR to multiple-instance
regressionandSAYU to the“ScoreAs You Use” rule selectionprocedure.

Experiments. In ourexperimentsyetestthreehypotheseskirst, we hypothesizéhatthe SAYU

procedureesultsin featuresthat are bettersuitedto regressiornthana featureconstructioncrite-
rion basedon coverage as standardAleph uses. Secondwe hypothesizghatthe MI regression
procedureesultsin moreaccurateactiity predictionsthanstandardinearregression.Third, we
hypothesizehat the combinedMIR-SAYU procedurewill yield more accuratepredictionsthan
eitherextensionby itself.

To testour hypothesesye usefour baselineslongwith our algorithm. Theseareasfollows:

1. Constant Thisalgorithmsimply predictheaverageactuity of all moleculesn thetraining

setastheactwvity for every novel molecule.

2. LR-ALEPH : Thisalgorithmistherelationalapproactidescribedn Section6.1andis similar
to the framavork of Marchand-Genestet al. (2002). It usesAleph to constructa set of
clausedasedncoverage A singlefeaturevectoris generatedor eachmoleculefrom these
clauses A modelis learnedusinglinearregressioron thesefeatures.For novel molecules,
featurevectorsaregeneratedisingthe sameclausesandthe learnedinearmodelis usedto

predictactity.

3. MIR-ALEPH : This algorithmlearnsa M| regressionrmodelandusesit to predictactvity,

but usesthe standardAleph to constructfeaturedhasecon coverage.
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4. LR-SAYU: This algorithmlearnsa linear regressionmodeland usesit to predictactuity,

but useshe SAYU procedurdo selectfeaturedor themodel.
5. MIR-SAYU: Thisis our proposedapproachasdescribedn Section6.2.

In prior work (Marchand-Genestetal., 2002),relationalapproachelave beencomparedo other
actiity predictionmethodssuchasCoMFA (outlinedin Section6.1),andfoundto becompetitve.
Thereforewe restrictour currentevaluationto the algorithmsmentionedabove.

In our experimentsAleph searchesver 4-pointpharmacophoressin prior work (Marchand-
Genesteet al., 2002). For SAYU, we setthe numberof internal crossvalidationfolds, n, to be
5 andthe r? improvementthreshold,p, to be 0:2. As a stoppingcriterion for SAYU, we usea
time threshold allowing eachfold onehourof runtime. For MI regressionthe softmaxparameter

is setto 3 andthe regularizationfactor to 1. Theseparametewnvaluesseemedeasonable
after someinitial exploration;they have not beentunedto thesetasks. To optimizeour objectve
functions,we usethe L-BFGS algorithm (Fletchey 1980). To evaluatethe algorithms,we use
leave-one-molecule-outrossvalidation. For eachdatasetwe hold out one moleculein turn as
thetestmoleculeandlearna modelusingthe remainingmolecules.We thenpredictthe activity
of the held-outmoleculeusingthe learnedmodel. We reportthe root-mean-squaredRMS) errors
averagedacrosgheheld-outmoleculesn Table6.2.

Fromthe table,we obsene thatfor all threetasks,the methodsusing SAYU outperformthe
methodghatdo not useSAYU by awide magin. In fact, we obsere thatfor boththe dopamine
andthrombindatasetd,.R-ALEPH andMIR-ALEPH bothexhibit worseRMSEthanthe Constant
model. Thisindicateshatthecoveragemeasuraisedby Alephto inducefeaturesn thesedomains
doesnot resultin featuresthat are able to generalizewell to predictingthe real-valuedactiity
that we are ultimately interestedin. From theseresults,we concludethat interleaving feature
constructiorandmodelbuilding usingthe SAYU proceduraesultsin featureshatarebetterable
to generalizeto predictingactvity thanfeaturesgeneratedy coverage-basetheasuressuchas

usedby standardAleph.
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Comparinghetwo approachessingMI regressiorto thethe onesusinglinearregressionywe
obsenrethatin generalthe MI approachesutperformtheir counterpartsThe only exceptionis in
thecaseof dopaminewhereMIR-ALEPH is slightly worsethanLR-ALEPH. However, we believe
thisis likely becausehe featuresgeneratedy Aleph arenot usefulin predictingactiity for this
case,makingarny comparisonbetweenthe linear regressionand MI regressiondif cult. Apart
from this case we obsene thatMIR-ALEPH is moreaccuratehanLR-ALEPH, andMIR-SAYU
is moreaccuratehan LR-SAYU. Fromtheseresults,we concludethatincorporatingknowledge
aboutindividual conformationsusingMI regressiongenerallyresultsin moreaccurateprediction
modelsthanusinglinearregressioron asinglefeaturevectorfor eachmolecule.

Finally, we obsere thatthe combinedapproactwe have presentedn this work, MIR-SAY U,
is the mostaccurateon all of our 3D-QSARtasks. It is moreaccuratghaneitherMIR-ALEPH,
which usesMI regressionrmodelsbut doesnot useSAYU, or LR-SAYU, which usesSAYU, but
not MI regressiormodels.Fromtheseresults,we concludethatcombiningthe two extensionsve
have presentedesultsin moreaccuratanodelsthaneitherextensionby itself.

SAYU hasbeenshownn to consistentlyproducesimpler modelsthan ALEPH (Davis et al.,
2005a).An interestingquestionto askis whetherMI regressioryieldsmorecomplex modelsthan
linear regressionthatis, whetherMIR-SAYU learnsmore complex modelsthanLR-SAYU (the
guestionmakes senseonly in the context of SAYU, becausd.R-ALEPH and MIR-ALEPH use
the samesetof featuresy design).While we did not enforceary constrainton the total number
of featuresaddedio eachmodel,we obsenedthattheseapproachessedapproximatelythe same
numbersof featuresn our experiments.This indicatesMIR-SAYU obtainsits improvementover
LR-SAYU by selectingmoreinformative featureqpharmacophoresjatherthansimply by using
morefeatures.

Anotherinterestingguestionto askis if the pharmacophoressedby our MIR-SAYU models
to predictactvity have ary biologicalinterpretation.In fact, we obseredthatfor dopaminethe
rulesusedby MIR-SAYU on mostof the folds agreewith the generalpharmacophorenodelin

theliterature(McGaughg & Mewshawv, 1999). They eachhave the key basicnitrogen,hydrogen
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acceptoandhydrophobiogroupof the model. Sincewe speci ed thatall rulesmustencodefour-
pointpharmacophoresherulesall containeckitheranadditionalhydrophobiayroupor hydrogen
acceptormostcontainedthe addedhydrophobe.The one exceptionis a learnedpharmacophore
thathadan extra hydrophobean the positionwherethe basicnitrogenshouldbe; this featurehad
a substantiahegative coefcient in the regressionmodel. For thermolysin,the known pharma-
cophoremodel hasseven interactionpoints, althoughall seven pointsare not requiredfor bind-
ing. As aresult,on every fold of cross-alidationmultiple ruleswerelearned capturingdifferent
four-point subsetof the seven-pointpharmacophoreA combinationof suchfour-point pharma-
cophoresctuallymalesit possibleto achiese betterpredictionof activity thanwould bedonewith
a singleseren-pointpharmacophoreéhecausealifferentcoefcients canbe attachedo eachof the
four-point pharmacophoresFinally, thrombinis a particularly interestingchallengebecauseno
pharmacophorenodelhasbeenwidely agreeduponor validated. Our modelsarelessconsistent
acrossfolds thanfor the othertasks,but againour approachshavs improved predictve perfor
mance.Thus,we concludethat our approachs ableto learnmodelsthat predictdrug actiity in
termsof biologically meaningfulpharmacophoredVe expectthatthis propertywill prove helpful

in analyzingthe producedactivity 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 featuresyesultingin atight couplingbetweerfeatureconstructiorandmodelbuilding. This
permitsusto, at ary time, learnthe rule thatmostimprovesour predictionof real-valuedactuity.
Secondwe useMI regressiorfor modelbuilding. This allows usto separateut thefeatureghat
aretrue of each3D conformerof a molecule. In our experimentson threereal-world 3D-QSAR
taskswe obsenedthateachextensionby itself improvedtheaccurag of our predictions.Further
our proposedapproachwhich usesboth extensionsresultedn the mostaccuratgredictions.We

also obsened that our approachis ableto discover biologically relevant pharmacophorewhen
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predictingactwity. In futurework, we planto exploremorecomplex modelsof actiity prediction,

aswell asfeatureconstructiomprocedureshatsearchover morecomple rule spaces.
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Chapter 7

Learning New Tablesand Higher-Arity Predicates

Theinitial approactto view learning,developedin Chapterst, 5 and6, suffersfrom two im-
portantdravbacks.First, it only createsiewv elds, notnew tables.Secondthenew elds arejust
learnedapproximationgo thetargetconcept.This chapteraddresseboth of theseshortcomings.
First, it providesa mechanisnior learninga new view thatincludesfull new relationaltables by
constructingpredicateshathave ahigherarity thanthetargetconcept.Secondit learnspredicates
thatapply to differenttypesthanthe target concept.allowing usto invent predicatesinrelatedo
thetargetconcept. Third, it permitsa newly-inventedrelation, or predicate to be usedin thein-
ventionof other new relations Suchre-usegoesbeyond simply introducing“short-cuts”in the
searchspacefor new relations;becausehe new approachalsopermitsa relationto be from ag-
gregatesover existing relations re-useactuallyextendsthe spaceof possiblerelationsthatcanbe
learnedby the approach.Becausehis new work extendsSAYU by providing a mechanisnfor
View Inventionby ScoringTAbles,theresultingsystemis known asSAYU-VISTA.

In mary domainsgdiscoveringintermediatdiddenconceptsanleadto improvedperformance.
For instance considerthe well-known taskof predictingwhethertwo citationsreferto the same
underlyingpaper The CoAuthor relationis potentially useful for disambiguatingcitations; for
example,if S. Russelland S.J.Russellboth have similar lists of coauthorsthen perhapsthey
areinterchangeablén citations. But the CoAuthor relation may not have beenprovided to the
learningsystem.Furthermore CoAuthor canbe usedasa building block to constructfurther ex-
plicit featuredor the systemsuchasanew predicateSameRrson Ideally, thelearningalgorithm
shouldbe ableto discover andincorporaterelevant,intermediateconceptsnto the representation.
SAYU-VISTA providesthis capability
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Thiswork originally appearedn 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 use SRL becausehe
learnedstatisticalmodelsits on top of the NMD schemaa standardestablishedby the American
College of Radiology(2004). The goal of the datasetis to predictwhich abnormalitieson a
mammogramare malignant. We will usemammographyasa runningexampleto helpillustrate
thekey componentsf thealgorithm.

SAYU-VISTA, nFOIL andSAYU all learnde nite clausesandevaluateclausedy how much
they improvethestatisticalclassi er. Thekey differencean thealgorithmsrestsin theform thatthe
headof thelearnedclausegakes.In nFOIL andSAY U, the headof a clausehasthe samearity and
typeastheexample,allowing usto preciselyde ne whethera clausesucceed$or agivenexample
and hencewhetherthe correspondingariableis true. In the Mammographydomain,a positive
examplehastheform malignant(abl) , whereablis aprimarykey for someabnormality Every

learnedrule hastheheadmalignant(A) suchasin thefollowing rule:

malignant(Abl) if:
ArchDistortion(Abl,present ),
same_study(Abl,Ab2),

Calc_FineLinear(Ab2,presen t).

The Bayesiannetwork variable correspondingo this rule will take valuetrue for the example
malignant(abl) if theclausebodysucceedsvhenthelogical variableAis boundto abl
SAYU-VISTA removestherestrictionthat all the learnedclauseshave the samehead. First,
SAYU-VISTA learnspredicateghat have a higherarity thanthe target predicate. For example,
in the Mammographydomain,predicatesuchaspl1(Abnormalityl, Abnormality2) , which
relatepairsof abnormalitiesarelearned.Subsectiory.1.1discussescoringpredicateshathave

higherarities than the tamget relation. Second,SAYU-VISTA learnspredicateghat have types
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otherthanthe examplekey in the predicatehead. For example,a predicatep12(Visit) , which
refersto attributesrecordedonceper patientvisit, could be learned.In orderto scorepredicates
of this form, we introducethe conceptof Linkages which we explain in subsectior7.1.2. Af-
ter discussinghow to evaluatethesetypesof predicateswe will presentthe full SAYU-VISTA

algorithm.

7.1.1 ScoringHigher-Arity Predicates

SAYU-VISTA canlearnaclausesuchas:

pl1l(Ab1,Ab2) if:
density(Ab1,D1),
prior-abnormality-same-loc ~ (Ab1,Ab2),
density(Ab2,D2),
D1 > D2.

This rule saysthat p11, someunnamedoroperty is true of a pair of abnormalitiesAbland Ab2
if they are at the samelocation, Ablwas obsened rst, and Ab2 hashigherdensitythan Abl
Thuspll may be thoughtof as“density increasé. Unfortunately it is not entirely clearhow to
matchan example,suchasmalignant(abl) , to the headof this clausefor p11 SAYU-VISTA
maps,or links, oneargumentto the examplekey andaggreatesaway ary remainingarguments
usingexistenceor countaggreation. The next sectiondescribeshe approachusedfor linkage;
theremaindeof this sectiondiscusseaggragation.

To illustratethe exists operatoy considerpredicatepll, givenabove. In this clausevariable
Ablrepresentshe morerecentabnormality Supposeve wish to createa featurefor this clause,
usingexistenceaggreation. The featureis true for a givenbinding of Ablif thereexistsa bind-
ing for Ab2that satis esthe body of the clause. Speci cally, for an examplemalignant(abl) |,
this “density-increasefeatureis true if thereexists anotherabnormalityab2 suchthat “density-
increase’is true of thetuplehabl,ab2i.

Usingthe sameclauseandsameexampleabnormalityabl, we now turnto thecount operator

In this case,we areinterestedn the numberof solutionsfor B giventhatAis setto abl This
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meanghatthenew featurewe will proposds notbinary. Currently VISTA discretizesaggreated
featuresusinga binning strateyy thatcreateghreeequal-cardinalitybins, wherethreewaschosen
arbitrarily beforethe runningof any experiments.Figures7.1and7.2illustratehow to scorepll

with countaggreation.

Equi-join on |d to Score New Predicate

'Id Patient| Date| ...| Mass | Loc | Benign/ | Count Count

Density Malignant
5/02 low |RU4| B
5/04 high | RU4| M
5/04 none |LL3 B
6/00 none |RL2 B
B
M

2]

6/02| |low |RL2
9/03| | high |RL2

N B OO R O

Qm.hwmn—\ =
o

NN\ L
NP OOPr O

(o2}

1
2
3
‘ 4
v
Figure7.1 To scorepllusingcountaggreation,we join onld to introducethefeatureinto the
statisticalmodel.

Aggregationqueriesare,in generalmoreexpensve to computethan standardjueries,aswe
mayneedto computeall solutions,nsteadof simply proving satis ability. Thus,usingaggreated
views wheninventingnew views canbevery computationallyexpensve (in fact,we canaggreate
over aggrgates). To addresghis problem,wheneer VISTA learnsan aggrgatedview, VISTA
doesnot storethelearnedntensionalde nition of theview. Instead VISTA materializegheview,
thatis, computeghe modelandstoresthe logical modelasa setof facts. This solutionconsumes

morestorageput it makesusingaggregatedviews asef cient asusingary otherviews.

7.1.2 Linkages

Sofarwe have simpli ed mattersby assuminghatthe rst amgumentto thelearnedpredicate
hasthe sametype asthe examplekey. In our examplessofar, this type hasbeenabnormalityid.

Thereis no needto enforcethis limitation. For example,in predictingwhetheran abnormalityis
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Added to
Background
Knowledge

A
Y \
Id | Patient| Date| ...| Mass | Loc | Benign/ | Count Id | Count
Density Malignant
5/02 low |RU4| B
5/04 high | RU4
5/04 none |LL3
6/00 none |RL2
6/02 low |RL2
9/03 high | RL2

Features in Statistical Model
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Figure7.2 If weacceptpll, it will remainin the statisticalmodel.Its de nition will beaddedo
the backgroundknowledge,allowing for reusein thefuture.

malignant,it might be usefulto usethe following clause wherePatient is a key thataccesses

patientlevel information:

pl2(Patient) :-
history_of breast_cancer(P atie nt),
prior_abnormality(Patient, Ab),
biopsied(Ab, Date).

Predicatg12 s true of a patient,who hasa family history of breastcancerandpreviously hada
biopsy

Linkagedeclarationsarebackgroundknowledgethatestablisithe connectiorbetweerobjects
in the examplesandobjectsin the newly inventedpredicatesWhentheseobjectsareof the same
type, the linkage is trivial; otherwise,it mustbe de ned. For mammographywe uselinkage
de nitions to connectan abnormalityto its patientor to its visit (mammogram). Figures7.3

and7.4illustratehow to scorepl2 by linking from a patientbackto anabnormality Thelinkages
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in Statistical Model Predicate

Id Pe%n Date|...| Mass |Loc |Benign/ | p12 \Patient| p12
N\ Density Malignant, True | True |

1 |/P1\|5/02 low |RU4| B No\ |L P1 [ No
2 || P1 ||5/04 high | RU4| M NO |<g=R2=="7es
3 P1/ |5/04 none |LL3 B No P3 No
4 | P2 1|6/00 none | RL2 B Yes P4 No
5 P2 |6/02 low |RL2 B Yes P5 Yes
6| P2 |9/03 high |RL2| M Yes || P6 | No

96

Figure7.3 Herewe link from a patientbackto anabnormality Thevalueof Had Biopsyfor key

P1lin the New Predicaterelationgetsappliedto eachrow associatedavith P1
in the statisticalmodel.

for theotherdatasetsve useareequallystraightforvardandarepresenteavhenwe describehose

datasets.

7.1.3 PredicateLearning Algorithm

At a high level, SAYU-VISTA learnsnew predicatesdy performinga searchover the bodies

of de nite clausesndselectinghosebodiesthatimprove the performancef the statisticalmodel

onaclassi cationtask. We usetree-augmentedaive Bayes(TAN) (Friedmanetal., 1997)asour

statisticalmodel.

The predicatanventionalgorithmtakesseveralinputsfrom auser

1. A trainingset,to learnthestatisticaimodel.

2. A tuningset,to evaluatethe statisticalmodel.

3. A pre-de nedsetof distinguishedypes,which canappeain the headof a clause.

4. Backgroundknowledge which mustincludelinkagede nitions for eachdistinguishedype.
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Featuresin Statistical Model

Id | Patient| Date|...| Mass |Loc |Benign/ | pl2 | |Patient| pl2

Density Malignant| True True
1| P1L |5/02 low |RU4| B No P1 No
2| PL |5/04 high | RU4| M No P2 Yes
3| PL |504 none |LL3 B No P3 No
4 | P2 |6/00 none | RL2 B Yes P4 No
5| P2 |6/02 low |RL2 B Yes || P5 Yes
6 | P2 |9/03 high |RL2| M Yes P6 No

Figure7.4 If weacceppl?2 it will remainin the statisticalmodel.Its de nition will beaddedo
the backgroundknowledge,allowing for reusein thefuture.

5. An improvementthreshold,p, to decidewhich predicatedo retainin the model. A new
predicatanustimprove themodel's performancédy atleastp% in orderto bekept. We used

p = 2in all experiments.
6. An initial featureset,whichis optional.

Algorithm 4 shaws pseudacodefor the SAYU-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 tamget relation, or the
arity of the tamget relation plus one. Next, we randomlyselectthe typesfor the variablesthat
appearin the headof the clause. The clausesearchusesa top-dovn, breadth- rstre nement
search.We de ne the spaceof candidatditerals to add usingmodes,asin 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 asdescribedn Subsectiori7.1.2. Thenwe performthe necessaraggreation, discussedn

Subsectiory.1.1,to corvertthe clauseinto afeature.By default, thealgorithm rst triesexistence
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Input: Train SetLabelsT, TuneSetLabelsS, DistinguishedlypesD, Background
KnowledgeB, ImprovementThresholdp, Initial FeatureSetFiy;;

Output: FeatureSetF, StatisticalModel M

F = Finit ;

B estScore = 0;

while timeremainsdo
Randomlyselectthe arity of predicateto invent;

Randomlyselecttypesfrom D for eachvariablein the headof the predicate;
SelectedFeature = false;

while not(SelectedFeature) do
Predicate= Generatenext clauseaccordingo breadthrst 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 = aggre@ate(ink edClauseg T, S);
Frew = F [ NewF eature;
M new = BUildTANNetwork(T, Frew);
N ewScore = AreaUnderPRCue(M , S, Fnew);
[* Retain this feature */
if (NewScore> (1+ p) BestScore) then
F = Frew;
B estScore = N ewScore;
M = Muew;
Add predicatanto backgroundnowledge;
SelectedFeature = true;
end
end
end

Algorithm 4: SAYU-VISTA Algorithm

aggreationandthentries countaggreation. The clausesearchterminatesin threecases:(i) it
nds a clausethat meetsthe improvementthreshold;(ii) it fully exploresthe searchspace;(iii)
it exceedsthe clauselimit. After satisfyingone of theseconditions,the algorithmre-initializes
the searchprocess.The algorithmaddsevery clausethat meetsthe improvementthresholdinto

the backgroundknowledge. Therefore future predicatede nitions canre-usepreviously learned
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predicates.As in prior work (Davis et al., 2005a),the algorithmterminatesvhenit exceedsthe

globaltime limit.

7.2 Data and Methodology

Cora. The objectie of this dataseis to predictwhethertwo citationsrefer to the samepaper
Thedatasetvasoriginally constructedy McCallumetal. (2000). We usethe sameversionof the
dataasKok andDomingos (2005). Coraincludes1295citationsto 112 ComputetSciencepapers,
resultingin 25072positve examplesand597310negative examples.The backgroundknowledge
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 aggreateover papersaandauthors.

UW-CSE. Thisisthesamedatasetisedin Chapter5. We de ned studentsprofessos, courses
andpublicationsaskeys thatcould appeaiin the headof a clause.We link a courseto a graduate
studenby the TA relationshipandwe link papergo agraduatestudentyy theauthorrelationship.
We link acourseto aprofessoiby theteacheselationshipandwe link paperdo a professomby the

authorrelationship We aggrejateover studentsprofessorspapersaandcourses.

Mammography. This is the samedatasetasusedin Chapter4 and Chapter5. We de ne ab-
normality, visit and patientaskeys that canappeatin the headof the clause.We aggreateover

abnormalities.

7.3 Experimentsand Results

We wantto testthreehypotheses our experiments First, we hypothesizéhat SAYU-VISTA
will learn more accuratemodelsthan SAYU. Second,we hypothesizehat SAYU-VISTA will
performcompetitvely with otherleadingSRL systems.Third, SAYU-VISTA will learnrelevant
predicates.

To testour hypothesesve will usethefollowing threealgorithms:
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1. SAYU is the state-of-the-arview learningimplementation. However, SAYU only learns
additional elds for existing tablesithese elds arede ned by learnedrulesthatareapprox-

imationsto thetargetconcept.

2. Mark ov Logic Networks, or MLNs (Richardson& Domingos,2006),are a leadingSRL
systemthat hasreceved considerableattention. Furthermorethey have alreadybeenap-
plied with succesgas measuredy cross-alidatedprecision-recalcurves)to two of our

applicationtasks.MLNs arepublicly availableasthe Alchemysystem.
3. SAYU-VISTA is thischapters proposedapproach.

We evaluateall threeSRL systemdy precision-recalturvesestimatedy cross-alidationwith
signi cance of differencedestedby a pairedtwo-tailedt-teston areasunderthe precision-recall
curves (AUC-PR) acrossthe differentfolds. We are carefulto repeatary tuning of parameters
on eachfold of cross-alidation,without looking at the testsetfor thatfold, by dividing the data
into a training setandtuning set. In this we follow the methodologyof the developersof both
MLNs andSAYU. For SAYU-VISTA, asfor SAYU, we usethetraining setto learnthe network
parametersyhile we usethetuningsetto scorepotentialclausesFor all datasetsve useAUC-PR
asour scoremetric. However, we only look at AUC-PRfor recalls 0:5. We do this for two
reasonsFirst, precisioncanhave high varianceatlow levelsof recall. Secondjn domainssuchas
Mammographywe areonly interestedn high levelsof recall. A practicingradiologistwould need
to achieve at leastthis level of recall. A clausemustimprove the AUC-PR(for recall  0:5) by at
least2%in orderto beretainedn thenetwork. Thisis anarbitraryparametesetting;in factwe did
nottry ary otherthresholdsWe hadatime-basedtopcriteriafor bothSAYU andSAYU-VISTA.
For UW-CSE eachfold wasgiven two hoursto run, whereasfor Mammographyand Coraeach
fold recevedthreehoursrun-time. We gave UW-CSElesstime becausdt wasa smallerdataset.
In practice,thetime is not a limiting factorbecausdew changesccurafterthe rst 30 minutes
for ary of thetasks.MLN runswerenottime-boundedTo offsetpotentialdifferencesn computer

speedsall experimentsvererun onidenticallycon gured machines.



101

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 °

Table7.1 AverageAUC-PRfor Recall 0:5 for EachTaskUsing TAN asthe StatisticalModel

We employ thedefault structurdearningalgorithmfor MLNs andperformlimited manualtun-
ing of the parametersf the systenmto maximizeAUC-PR,while maintainingacceptablexecution
times.We reportthebestAUC-PRvalueswe obtainedpverall attemptegarametesettings Note
thatwe did not do arny parametetuning for SAYU-VISTA. The average perfold run-timesfor
MLNs wereall signi cantly longerthanfor eitherSAYU or SAYU-VISTA. Theaverageperfold
runtimesfor learningstructurewere ve hoursfor Cora,sevenhoursfor UW-CSEandthreehours

for Mammography

7.3.1 Discussionof Results
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Figure7.5 CoraPrecision-RecalCurves



102

1.0 : : :
SAYU-VISTA ——
VR E—
4 A SAYU v
08 rfi » ]
06 |
c
o
0
(&S]
o
a 04 ¢t
02 '
0.0 : . . .
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure7.6 UW-CSEPrecision-RecalCurves

SAYU-VISTA ——

Precision

Recall

Figure7.7 MammographyPrecision-RecalCurves



103

Cora. Following Kok andDomingos(2005)we performtwo-fold crossvalidationonthisdataset
for vedifferentrandomtrain-testsplits. We dividedthetrainingsetin half, to form anew training
setandatuningset. Eachfold recevesthreehoursof CPUtimeto run. SAYU andSAYU-VISTA
couldevaluateup to 300clausesbeforeselectinga new seedor clausehead.

Table7.1reportstheaverageAUC-PR(recall 0:5) for Coraandthe p-valuefor atwo-tailed
pairedt-testbetweerSAYU-VISTA andtheothertwo algorithms.SAYU-VISTA performssigni -
cantlybettethanSAYU onthisdomain.Figure7.5shavsprecision-recalturvesfor all algorithms
on this dataset.We pool resultsacrossall folds to generatehe curves. SAYU-VISTA dominates
SAYU throughouprecision-recalspace However, MLNs have aslightly higheraverageAUC-PR
thanSAYU-VISTA does,althoughthe differenceis not signi cant. MLNs recevesan adwantage
over SAYU andSAYU-VISTA in thistask,asMLNs startwith anexpertknowledgebase.

Let usdiscusgwo predicatesoundby SAYU-VISTA:

pl(Venuel,Venue2):-

commonWordsInVenue80(Very¥éenue?).

p4(Paperl,Paper2,Paper3): -
paperTitle(Paper2,Title),
paperTitle(Paperl,Title),
paperTitle(Paper3,Title).

Predicatepl capturesa crucial pieceof partial knowledgein the citation matchingdomainby
checkinghow similarthevenue eld is betweertwo citations.This rule demonstratesow SAY U-
VISTA canlearn predicatesvhose“distinguishedvariables”have a differenttype than “distin-
guishedvariables”in thetargetrelation. Predicatgp4 establishea transitive relationshipbetween
paperswith exactlythesamitle. It alsois anexampleof alearnedoredicateghathasahigherarity

thanthetamgetconcept.

UW-CSE. Following Richardsorand Domingos(2006),we perform ve-fold crossvalidation

onthe UW-CSEdatasetWe usetwo folds for thetraining setandtwo folds for atuningset.Each
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approaclcouldevaluateup to 10000clausesbeforeeitherselectinga new seedSAYU) or a new
predicatenead(SAYU-VISTA).

Table 7.1 reportsthe averageAUC-PR for UW-CSE andthe p-valuefor a two-tailed paired
t-testcomparingSAYU-VISTA to the otherapproachesSAYU-VISTA comescloseto performing
signi cantly (0:05 < p < 0:06) betterthanSAYU on this domain. Although performancevaries
widely betweerthe5 folds, SAYU-VISTA hadahigherAUC-PRthanSAYU oneachfold. SAYU-
VISTA alsocomescloseto outperformingMLNs onthis dataset,winningonfour outof vefolds.

Figure7.6 shows precision-recalturvesfor SAYU, SAYU-VISTA andMLNSs on this dataset.
We pool resultsacrossall ve folds to generatehe curves. Even thoughwe measuredAUC-
PRfor recall 0:5, SAYU-VISTA dominatesSAYU for mostlevels of recall. However, MLNs
dominateSAYU-VISTA for low levelsof recall,whereasSAYU-VISTA tendsto dominatefor the
high levels of recall. We alsocomparethe performanceof SAYU-VISTA (averageAUC-PR of
0.468)andMLNs (averageAUC-PRof 0.355)for AUC-PRfor all levels of recall. Again, there
is no signi cant difference.SAYU-VISTA hasa highervariationin perfold AUC-PRscorethan
MLNs do. Onereasonfor SAYU-VISTA's increasederformanceor high recall is thatwe are
expresslyoptimizing for this metric. MLNs alsoreceve one adwantageover SAYU and SAY U-
VISTA in thisdomain,in thatthey startwith anexpertde ned knowledgebase.

Let usexaminetwo predicatedearnedoy SAYU-VISTA:

pl6(Student,Professor):-
ta(Course,Student,Date),
taughtby(Course,Professor, Date).

p22(Student,Professor,Pap er): -
publication(Paper,Student)

publication(Paper,Professo ).

Both p16 andp22 captureintuitive knowledgeaboutthe advisee-advisarelationship.First, grad-
uatestudentsoften TA a classtaughtby their advisor Second,a graduatestudentwill usually

co-authora paperwith their advisor Predicatgp22 makesuseof SAYU-VISTA's ability to learna
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predicatewith a higherarity thanthetargetpredicate SAYU-VISTA actuallylearneda variantof

p22 onfour folds andavariantof p22onall vefolds.

Mammography. Following our prior work, we performten-foldcrossvalidationon this dataset.
We usefour folds for atrainingsetand ve folds asatuningset. Eachalgorithmcouldevaluateat
most300clausedor agivenseed SAYU) or clausenead(SAYU-VISTA).

For the previoustwo datasetsye initially startedwith a Bayesiametwork thatonly containsa
featurefor thetamgetpredicate However, in the Mammographydomainwe have acces$o a setof
expertde ned featureqfrom the NMD). Furthermorewe couldde ne a setof aggrgatefeatures
asdonein Chaptergt and5. Opposedo startingwith anemptynetwork structure we begin with
anetwork thatcontainsbothNMD featuresandthe aggreatefeatures.

Table 7.1 reportsthe averageAUC-PR over all folds. We use a two-tailed pairedt-testto
computesigni cant results,andthe p-valuefor thetestcanalsobefoundin Table7.1. We nd no
signi cant differencebetweenSAYU-VISTA andSAYU onthistask,yet SAYU-VISTA doesnot
performarny worsethanSAYU. However, bothSAYU andSAYU-VISTA signi cantly outperform
MLNSs onthisdomain.

Figure 7.7 shows precision-recalcurvesfor both algorithmson this dataset.We pool results
acrossll foldsto generatéhe curves.Onthis datasetSAYU-VISTA andSAYU have comparable
performancdor all levelsof recalls.SAYU-VISTA andSAYU bothdominateMLNs for all levels
of recall. Note that, asin the UW-CSEdomain,MLNs tendto have betterperformancdor low
levels of recall. We feel thereare several potentialreasonghat SAYU-VISTA did not perform
signi cantly betterthanSAYU onthisdomain.First,for thisapplication MLNs andSAYU receve
a large numberof features—thgrecomputedggregates—thaSAYU-VISTA could potentially
learn, but MLNs and SAYU cannoteasily capture. Second,this domaincontainsmary more
constantghanotherdomainsthusby leveragingAleph, SAYU hasa smallerand moredirected
search Finally, the mammographylomaincontainsonly threerelations,while the otherdomains
eachhave approximatelytwenty relations. Thus,on thosedomainsthereis moreroomto exploit

theability to learnpredicateshat (1) have differenttypesin the headand(2) represenhew tables.
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In orderto allow MLNSs to run on this domain,we hadto do drastic sub-samplingof the
negative examples.MLNSs struggledwith having to groundout a network with thelarge numberof
examplegthatthis datasetcontains.Anotherpossibleexplanationfor SAYU andSAYU-VISTA's
betterperformancas thatwe seedthe algorithmwith aninitial featureset. However, we ranthe
experimentswherewe startedSAYU and SAYU-VISTA with anempty network structureandit
still signi cantly outperformedvILNs.

Finally, hereis a samplepredicatdfoundby SAYU-VISTA:

p23(Abl,Ab2):-
aggregate(Ab2,count,same_| oc(Abl1,Ab2))

This predicatecountsthe numberof prior abnormalitiesthat were in the samelocation as the
currentabnormality This predicatedisplaysSAYU-VISTA's ability to learnclauseghatcompute

aggregateinformationaboutprior abnormalities.

Hypothesesrevisited. In our experimentswe found supportfor all three of our hypotheses.
SAYU-VISTA generatesnore accuratemodelsthanboth SAYU and MLNs. Additionally, it is
ableto build thesemodelsmuchfasterthanMLNs. SAYU-VISTA constructsnterestingnterme-
diateconceptsFor example,it discoversthe CoAuthorandTA'ed For relationshipsn theUW-CSE

domain.

7.3.2 Further Investigationof SAYU-VISTA

SAYU-VISTA addsseveralcomponentso SAYU. First, it addscountaggreation: the ability
to handlemary-to-mary andone-to-maw relationshipsy addinga featureto the statisticalmodel
thatcountsthenumberof satisfyingassignmenttor apredicate Secondlinkagesallow usto learn
entirelynew tables.Third, we allow for previously inventedpredicateso appeain thede nitions
of new predicates.Without linkages,SAYU-VISTA reducedo SAYU. To discover the extentto
whichtheothertwo featurescontributeto SAYU-VISTA's performancewe consideremoving the

rst andthird component$rom SAYU-VISTA andobsene theresultingperformance.
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The rst componentcountingthe numberof satisfyingassignmentsgoesnot helpin either
Coraor the Mammographydomain. It is never usedin Coraandit is only usedtwice in Mam-
mography Consequentlywe do not needto consideremaving it on thesedomains.However, it
appeard.1times,or abouttwice perfold in the UW-CSEdomain.Remwing it reduceshe AUC-
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 seemghat eventhough
countingdoesnothelpontwo outof threedomainsjt canpotentiallybeusefulfor an SRL system.

The other componentof SAYU-VISTA we remove is the third, that of addingthe learned
predicatesnto backgroundknowledge. Disablingthis featureslightly improvesperformancen
MammographyincreasingAUC-PRfrom 0.104to 0.105.Howeverin Corait decreaseAUC-PR
from 0.461to 0.448andin UW-CSEthe performanceleclinesfrom 0.152to 0.148. Acrossall
theseexperimentsoneof the changesresigni cant.

On Cora,the bene t comesonly from the introductionof linkages.On UW-CSE,the bene t
comesfrom both linkagesandthe countaggreation. In a sensdinkagesarethe key innovation
of SAYU-VISTA. Linkagesallow usto both learnnew tablesandto learnconceptghatare not
simply approximationgo thetamgetconcept.Reusingearnedpredicatesloesnot seemto provide

awin. Assertingeachlearnedpredicatemight unnecessarilwidenthe searchspace.

7.4 RelatedWork

We alreadyhave discussedhow the presenthapteradvanceghe state-of-the-arin view learn-
ing. Thechapterlsois relatedto propositionalizationwvithin ILP (Lavrac etal., 1991),particularly
to propositionalizatiorapproachethatincorporateaggreation(Krogel & Wrobel,2001;Knobbe
etal., 2001;Popescuktal., 2003; Popescul Ungar 2004). Theseapproachesonstructclause
bodiesthat de ne new featuresor propositions. The value of sucha featurefor a datapoint, or
example,is obtainedby bindingoneof the variablesin the clausebodyto the examples key, and
thenaggregatingover theremainingfeatures.In this fashionthe de nition of a featureis equva-
lentto ade nite clausewhoseheadis “p(X)”, wherep is anarbitrarypredicatenameandX isthe

bodyvariablethatis boundin turnto eachexamples key. Both existentialandcountaggreation
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have beenemployedbefore(Krogel & Wrobel,2001).In fact,all theapproachesitedabove have
usedmorecomple aggreationsthandoesSAYU-VISTA, andthesecouldbeincorporateceasily
into SAYU-VISTA.

The novel propertiesof SAYU-VISTA relative to propositionalizatiorby aggreationarethe
following. First, subsetof the variablesin the clausebody may be mappedobackto anexamples
key, via the domain-speci clinkagerelations. This enabledearningof new tablesor non-unary
predicateghathave differentaritiesandtypesthanthe examples.Second{o scoreeachpotential
new tableor predicate SAYU-VISTA constructsan entire statisticalmodel,and only retainsthe
new predicatef it yieldsanimprovedmodel. Third, learnedpredicatesreavailablefor usein the
de nitions of furthernew predicates.

Othergeneralareasof relatedwork are of courseconstructve induction(Rendell,1985)and
predicatanvention(Muggleton& Buntine,1988;Zelle etal., 1994),aswell aslearninglatentor
hiddenvariablesin Bayesiametworks (Connolly, 1993). Predicatdnventionis a speci ¢ type of
constructve induction, wherea new predicateis de ned not baseddirectly on examplesof that
predicateput on the ability of thatpredicateto helpin learningthe de nitions of otherpredicates
for which examplesareavailable. The classicdif culties with predicatanventionarethat,unless
predicatdanventionis stronglyconstrained(1) the searchspaceof possiblepredicatess toolarge,
(2) too mary new predicatesareretainedthusreducingef ciency of learning,and(3) the ability
to inventarbitrarynew predicatedeadsto over tting of trainingdata.

Thepresentvork canbeseerasatypeof predicaténvention,becausarbitraryclausesrecon-
structedvhoseheadsdo not have to unify with the examples—thg mayhave aritiesandtypesdif-
ferentfrom theexamples. SAYU-VISTA is analogougo CHILLIN (Zelleetal.,1994)andClosed
World Specialisatior{Srinivasaretal., 1992).Both of thosesystemssearctor anintensionaldef-
inition of aclausebasedn existing predicatesjust like SAYU-VISTA. Onekey differences that
thosesystemsdon't directly searchfor new predicates.CHILLIN is demanddriven,and Closed
World Specialisationnventspredicateto handleexceptiongo thetheory whereasSAYU-VISTA
directly searchegor new predicates.The otherimportantdifferenceis how the systemsevaluate

new predicatesThe othersystemausetraditionalILP metrics,suchascompaction.Theapproach
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in the presenthapterconstraingredicatenventionby requiringinventedpredicatego be of im-
mediatevalueto thestatisticallearnerin orderto beretainedor furtheruse.Theempiricalsuccess
of SAYU-VISTA—that it doesnot hurt performanceandit sometimeselps—indicateshat this
ef cacy testis asuccessfutonstrainton predicatanvention.

Cigol (Muggleton& Buntine, 1988) wasthe rst systemto perform predicateinventionin
the predicatecalculus. It is aninteractve algorithmthatinventsnew predicateghroughinverse-
resolution.Cigol startswith asetof examplesandgeneralizetheexamplego form atheory Cigol
relieson two mainoperatordo form atheory The rst operatoris calledtheV operator Assume
thattwo clausesC; andC,, resole to C. The V operatoy working from C andC,, performs
theinverseof resolutionto recover C,;. The W operatorworks by placingtwo V operationsside
by sideandis ableto invent nen predicates.Assumethat clausesC; andA resole to B; and
thatclausesA andC, resohe to B,. The W operationtakesB, andB, andreconstruct<,, C,
andA. Now becauseC;, C, andA all resole togethey they could containa literal L thatis
not presentin eitherB; or B,. Thus, Cigol is ableto invent arbitrary predicated. that are not
givento the systemby a user Cigol asksa userif the predicatet hasinventedrepresents valid
generalizatiorfor the target conceptthat Cigol is trying to learn. This allows Cigol to disregard
irrelevant predicates.SAYU-VISTA ignorespredicateghat do not improve the statisticalmodel
anddoesnot needhumaninteractionto decidewhich predicatego retain.

Another algorithm that performspredicateinventionis Craven and Slatterys (2001) FOIL-
PILFSsystem FOIL-PILFSextendsFOIL (Quinlan,1990)to inventstatisticalpredicatesCraven
andSlatteryareinterestedn classi cationof text, sotheinventedpredicatesorrespondo aNave
Bayesclassi er. The featuredfor the classi er arederived from the wordsin a documents.The
training setconsistf the setof documentgurrentlycoveredby the clauseunderconstructionln
a sensethis canbe seenas performingthe inverseof what SAYU-VISTA does,asFOIL-PILFS
turnsa Bayesnetinto a featureto includedin a clause.On the otherhand,SAYU-VISTA invents
apredicateghatcanbeincludedasafeaturein a Bayesnet.

More recentwork on predicateinventionincludesderiving clusteringsand treating cluster

membershipasan inventedfeature. Popescuand Ungar(2004) de ne new predicatedasedon
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clusteringghatareconstructedn aninitial pre-processingtep.Thisis donebeforelearningpred-
icatesthatde ne thefeaturedor the statisticalmodel;thelatter featuresarenever re-used Kemp
etal. (2006)proposeusinganin nite relationalmodel(IRM) to clusterentitiesin adomain. The
clusterthatanentity is assignedo shouldbepredictive of therelationshipst satis es. A weakness
to this approachs thateachentity canbelongto only onecluster Xu etal. (2006)simultaneously
cameup with a similaridea. Kok andDomingos(2007)proposeanalgorithmthatlearnsmultiple
relationalclusters(MRC). The MRC algorithmgoesbeyond IRM in two importantways. First,
thealgorithmcanclusterbothrelationsandentities.Secondtherelationsandentity canbelongto
morethanonecluster The primaryweaknesso MRC is thatit is atransductre approach.

The topic of learningBayesianmetwork structureswith the introductionof new (latent)vari-
ablesfacessimilar obstaclego predicatenvention. Becausdhe new variablesareunconstrained
by the data,their introductioninto Bayesiametwork structurelearningpermitsover tting of the
trainingdata,in additionto increasingsearclcompleity. SAYU-VISTA maybe seemasintroduc-
ing new variablesinto the structurelearningtask; neverthelessby requiringthesenew variables
to bede ned usingexisting (pre-de nedor recentlylearnedyelations thesevariablesarepatrtially
constrained.The empiricalsucces®f SAYU-VISTA providessomeevidencethatthis constraint
onthenew variableshelpsto avoid over tting. SAYU-VISTA's useof TAN Bayesnetsalsohelps
to reducethe searchspace. Both predicateinventionand Bayesnet learningwith the introduc-
tion of new variablesarewidely notedto be extremelydif cult tasks.This chaptemprovidessome
evidencethat attemptingto addresdoth tasksat the sametime, within an SRL framework, can

actuallymake bothtaskssomeavhateasier

7.5 Chapter Summary

This chapterpresentghe SAYU-VISTA algorithm,which extendsview learningin threesub-

stantialways. First, it creategredicateghat have a higherarity thanthe target concept,which
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capturemary-to-mary relationsandrequirea new tableto representSecondjt constructgpredi-
catesthatoperateon differenttypesthanthetargetconceptallowing it to learnrelevant,interme-
diateconceptsThird, it permitsnewly-inventedpredicate$o be usedin theinventionof othernew
relations.

SAYU-VISTA'sview learningcapabilityprovidesa mechanisnior predicatanvention,atype
of constructve inductioninvestigatedwithin ILP. As with predicateinvention,the spaceof new
views onecande ne for agivenrelationaldatabasés vast,leadingto problemsof over tting and

searchcompleity. SAYU-VISTA constrainghis spaceby
Learningde nitions of new relations(tablesor elds) oneatatime.

Consideringonly new relationsthat canbe de ned by shortclausesexpressedn termsof
the presentview of the databasdincluding backgroundknowledgerelationsprovided as

intensionalde nitions).

Re-constructinghe SRL modelwhentestingeachpotentialnew relation,andkeepinga new

relationonly if theresultingSRL modelsigni cantly outperformghe previousone.

Thelaststeprequiresmatchinga subsebf the agumentsn therelationwith theagumentsn the
datapoints,or examples andaggreatingaway the remainingargumentsn therelation.

We empirically demonstratethat SAYU-VISTA leadsto moreaccuratenodelsthanboththe
SAYU algorithmandMarkov Logic Networks (MLNSs), anothelleadingSRL framework. Further
more,SAYU-VISTA constructedisefulandrelevant predicatessuchasconsistentlydiscovering
the CoAuthor andTA'ed for relationsin the UW-CSEdomain.
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Chapter 8

The Relationship betweenPR Spaceand ROC Space

This thesishas exclusively focusedon using PR curvesto presentresultsfor classi cation
algorithms. Chapter4, notedthat we preferPR curvesto ROC curveswhenevaluatingdomains
thathave a highly skewed classdistribution. Our useof PR curvesled usto studythe connection
betweerthesetwo spacesanddeterminevhethersomeof theinterestingoropertiesof ROC space
alsohold for PR space.Our investigationgesultin four importantcontritutions. First, we show
thatfor any datasetandhencea x ed numberof positive andnegative examplesthe ROC curve
andPR curwe for a givenalgorithmcontainthe “samepoints’ Basedon this equivalencefor ROC
andPR curves,we prove thata curve dominatesn ROC spacef andonly if it dominatesn PR
space. Second,we introducethe PR spaceanalogto the corvex hull in ROC space which we
call the achievable PR curve. We shawv that dueto the equivalenceof thesetwo spaceswve can
efciently computethe achiezable PR curve. Third we offer theoreticaljusti cation for the fact
thatit is insufcient to linearly interpolatebetweernpointsin PR space.Finally, we prove thatan
algorithmthat optimizesthe areaunderthe curve in one spaceis not guaranteedo optimizethe
areaunderthecurwe in the otherspace.

Thiswork originally appearedn Davis andGoadrich(2006).

8.1 Why We UsePR Curves

In machindearning,currentresearclnasshiftedaway from simply presentingaccurag results
whenperformingan empiricalvalidationof new algorithms. This is especiallytrue whenevalu-

ating algorithmsthat output probabilitiesof classvalues. Provostet al. (1998) have arguedthat
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Figure8.1 TheDifferencebetweenComparingAlgorithmsin ROC vs PR Space

simply usingaccurag resultscanbe misleading. They recommendedising ROC curveswhen
evaluatingbinary decisionproblems.However, ROC curvescanpresentanoverly optimisticview
of analgorithm's performancef thereis a large skew in the classdistribution. Drummondand
Holte (2000;2004)have recommendedsingcostcurvesto addresghis issue.Costcurvesarean
excellentalternatve to ROC curves,but discussinghemis beyondthe scopeof this chapter
Precision-RecalPR) curves,oftenusedin InformationRetrieval (Manning& Schutze1999;
Raghaanetal.,1989),have beencitedasanalternatve to ROC curvesfor taskswith alarge skew
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 spaceand PR spaceis the visual representationf the curves. Looking at
PR curvescanexposedifferencesdetweenalgorithmsthat are not apparenin ROC space.Fig-
ures8.1(a)and8.1(b)shav sampleROC curvesandPR curnvesrespectiely. Thesecurves,taken
from the samelearnedmodelson a highly-skewed cancerdetectiondatasethighlight the visual
differencebetweerthesespacegDavis etal., 2005b). Thegoalin ROC spacds to bein theupper

left-handcorner andwhenonelooks at the ROC curvesin Figure8.1(a)they appeaitto be fairly
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closeto optimal. In PRspacehegoalis to bein theupperright-handcorner andthe PR curvesin
Figure8.1(b)shaw thatthereis still vastroomfor improvement.

The performance®f the algorithmsappearo be comparablén ROC spacehowever, in PR
spacewe canseethat Algorithm 2 hasa clearadwantageover Algorithm 1. This differenceexists
becausen this domainthe numberof negative examplesgreatlyexceedghe numberof positives
examples.Consequentlyalarge changan thenumberof falsepositivescanleadto a smallchange
in the falsepositive rateusedin ROC analysis.Precision,on the otherhand,by comparingfalse
positivesto true positvesratherthantrue negatives, capturesthe effect of the large numberof

negative exampleson thealgorithm's performance.

8.2 Relationship betweenROC Spaceand PR Space

ROC andPR curvesaretypically generatedo evaluatethe performanceof a machinelearn-
ing algorithmon a given dataset.Eachdatasetontainsa x ed numberof positve andnegative

examples.We show herethatthereexistsa deeprelationshipbetweerROC andPR spaces.

Theorem 8.2.1. For a givendatasetof positiveand negative examplesthere existsa one-to-one
correspondencéetweena curvein ROC spaceand a curvein PR space sud that the curves

containexactlythe sameconfusionmatrices,if Recallé O.

Proof. Note that a point in ROC spacede nes a unique confusionmatrix whenthe dataset
is x ed. Sincein PR spacewe ignore TN, onemight worry that eachpoint may correspondo
multiple confusionmatrices. However, with a x ed numberof positve and negative examples,
giventhe otherthreeentriesin amatrix, TN is uniquelydeterminedIf Recall= 0, we areunable
torecover F P, andthuscannotnd auniqueconfusionmatrix. [J

Consequentlywe have a one-to-onemappingbetweenconfusionmatricesand pointsin PR
space. This implies that we alsohave a one-to-onemappingbetweenpoints (eachde ned by a
confusionmatrix) in ROC spaceandPR spacehencewe cantranslatea curve in ROC spaceto

PRspaceandvice-\ersa.
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Figure8.2 Two Casedor Claim 1 of Theorem8.2.2

Oneimportantde nition we needfor our next theoremis the notionthatonecurve dominates

anothercurve, “meaningthatall other..cunesarebeneatht or equalto it (Provostetal., 1998)”

Theorem 8.2.2. For a xed numberof positiveand negative examples,one curve dominatesa

seconccurvein ROC spacef andonlyif the r stdominategshesecondn Precision-Recalspace

Proof.

Claim 1 () ): If acurvedominatesin ROC spacethen it dominatesin PR space Proofby
contradiction.Supposeve havecurvel andcurell (asshavnin Figure8.2)suchthatcurvel dom-
inatesin ROC spaceyet,oncewe translatehesecurvesin PRspacegcurve | nolongerdominates.
Sincecurve | doesnot dominatein PR spacethereexists somepoint A on curve Il suchthatthe
pointB oncurvel with identicalRecallhaslower Precision.In otherwords,PRECI SI ON (A) >
PRECI SION(B) yetRECALL (A) = RECALL (B). SinceRECALL (A) = RECALL (B)
andRecallisidenticalto TPR, wehavethatTPR(A) = TPR(B). Sincecurve| dominatesurve

Il inROCspace-PR(A) FPR(B). Remembethattotal positvesandtotal negativesare x ed



andsinceTPR(A) = TPR(B):

TPa
TPRA) = ——Mm———
(A) Total Positives
TPR(B) = — /¢

Total Positives

we now have TP, = TPg andthusdenotebothasTP. RemembethatF PR(A)

and
FPR(A) = FPa_
Total Negatives
FP
FPR(B) = 5

Total Negatives

ThisimpliesthatF P,  FPg because

TP

PRECISION(A) = 55
TP

PRECISION(B) = 55
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FPR(B)

we now have thatPRECISION(A) PRECISION(B). But this contradictsour original

assumptiorthatPRECI SION (A) > PRECI SI ON(B).

Claim 2 (( ): If acurve dominatesin PR spacethen it dominatesin ROC space. Proof

by contradiction.Supposeve have curve | andcurwve Il (asshavn in Figure8.3) suchthatcurve

| dominatesurve Il in PR spaceput oncetranslatedn ROC spacecurve | no longerdominates.

Sincecurve | doesnot dominatein ROC space thereexists somepoint A on curve Il suchthat
point B on curwve | with identical TPR yetFPR(A) < TPR(B). SinceRECALL andTPR
arethe same,we getthat RECALL (A) = RECALL (B). Becausecurve | dominatesn PR
spaceve know thatPRECI SION(A) PRECISION(B). RemembethatRECALL (A) =

RECALL (B) and

TPa

RECALL (A)= ——~
¢ (A) Total Positves

RECALL (B) = TPe

Total Positves
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Figure8.3 Two Caseof Claim 2 of Theorem8.2.2

We know thatTP, = TPg, sowewill now denotethemsimply asTP. Because
PRECISION(A) PRECISION(B) and

TP

TP + FP,
TP

TP + FPg

PRECISION(A) =
PRECISION(B) =

we nd thatFP, FPg. Now we have

FPa

Total Negatives
F Pg

Total Negatives

FPR(A) =

FPR(B) =

ThisimpliesthatF PR(A) FPR(B) andthiscontradictouroriginalassumptiothatF PR(A) <
FPR(B): O
In ROC spacehecorvex hull is acrucialidea.Givena setof pointsin ROC spacethe cornvex

hull mustmeetthefollowing threecriteria:

1. Linearinterpolationis usedbetweeradjacenpoints.
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Figure8.4 Corvex hull andits PRanalogdominatethe nave methodfor curve constructionn
eachspace Notethatthis achievablePR curve is notatrue convex hull dueto non-linear
interpolation.Linearinterpolationin PR spaces typically notachiezable.

2. No pointliesaborethe nal curwe.

3. For ary pairof pointsusedto constructhe curve, theline segmentconnectinghemis equal

to or below thecunrve.

Figure 8.4(a)shawvs an exampleof a corvex hull in ROC space.For a detailedalgorithm of
how to ef ciently constructthe corvex hull, seeCormenetal. (1990).

In PR spacethereexists an analogousurve to the corvex hull in ROC spacewhich we call
the achievable PR curwe, althoughit cannotbe achiesed by linear interpolation. The issueof

dominancan ROC spacses directly relatedto this convex hull analog.

Corollary 8.2.1. Givena setof pointsin PR space there exists an achievable PR curve that

dominateghe othervalid curvesthat could be constructeadvith thesepoints.

Proof. First,corvertthepointsinto ROC spacg Theorenf.1),andconstructhecornvex hull of
thesepointsin ROC space By de nition, the cornvex hull dominatesll othercurvesthatcouldbe
constructedvith thosepointswhenusinglinearinterpolationbetweerthe points. Thuscorverting

thepointsof theROC cornvex hull backinto PRspacewill yield acurvethatdominatesn PRspace
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asshown in Figures8.4(b)and8.4(c). Thisfollowsfrom TheoremB.2.2. TheachievablePR curve
will excludeexactly thosepointsbeneaththe corvex hull in ROC space. [

The corvex hull in ROC spaceis the bestlegal curve that canbe constructedrom a set of
givenROC points.Many researchergurselesincluded,arguethatPRcurvesarepreferablevhen
presenteavith highly-skeweddatasetsTherefordt is surprisinghatwe can nd theachievablePR
curve (thebestlegal PRcurwe) by rst computingthecorvex hull in ROC spaceandthecorverting
thatcurve into PR space.Thusthe bestcurve in one spacegivesyou the bestcurve in the other
space.

An importantmethodologicaissuemust be addressedvhen building a corvex hull in ROC
spaceor an achiezablecurve in PR space.When constructinga ROC curve (or PR curne) from
an algorithm that outputsa probability, the following approachis usually taken: rst nd the
probabilitythateachtestsetexampleis positive, next sortthis list andthentraversethe sortedlist
in ascendingrder To simplify the discussion]et class(i) referto the true classi cation of the
exampleat positioni in thearrayandprol(i) referto the probability thatthe exampleat position
i is positive. For eachi suchthatclass(i) 6 class(i + 1) andproli) < prol(i + 1), createa
classi er by calling every examplej suchthatj i+ 1 positive andall otherexamplesnegative.

Thuseachpointin ROC spaceor PR spaceepresentaspeci ¢ classi er, with athresholdfor
calling anexamplepositive. Building the corvex hull canbe seenasconstructinga new classi er,
asonepicksthebestpoints. Thereforat would bemethodologicallyncorrectto construct convex
hull or achiezable PR curve by looking at performanceon the testdataand then constructinga
convex hull. To combatthis problem,the corvex hull mustbe constructedisinga tuning setas
follows: First, usethe methoddescribecabore to nd a candidatesetof thresholdson the tuning
data. Then,build a corvex hull over the tuning data. Finally usethe thresholdsselectedon the
tuningdata,whenbuilding anROC or PR curve for thetestdata.While this test-datacurve is not

guaranteedo bea corvex hull, it preseresthe split betweertrainingdataandtestingdata.
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8.3 Inter polation and AUC

A key practicalissueto addresss how to interpolatebetweerpointsin eachspacelt is straight-
forwardto interpolatebetweernpointsin ROC spaceby simply draving a straightline connecting
thetwo points. Onecanachieve ary level of performancen this line by ipping aweightedcoin
to decidebetweertheclassi ersthatthetwo endpointsrepresent.

However, in Precision-Recalspacejnterpolationis morecomplicated.As the level of Recall
varies,the Precisiondoesnot necessarilychangdinearly dueto thefactthatF P replaced=N in
thedenominatoof the Precisiommetric. In thesecaseslinearinterpolationis a mistake thatyields
anoverly-optimisticestimateof performanceCorollary8.2.1shavshow to nd theachievablePR
curve by simply corverting the analogousROC corvex hull; this yields the correctinterpolation
in PR space.However, a curve consistsof in nitely mary points,andthuswe needa practical,
approximatemethodfor translation. We expandhere on the methodproposedby Goadrichet
al. (2004)to approximateheinterpolationbetweertwo pointsin PR space.

Remembethatary point A in a Precision-Recakspaces generatedrom the underlyingtrue
positive (T P, ) andfalsepositive (F P, ) counts.Supposeave have two points,A andB whichare
farapartin Precision-Recalpace.To nd someintermediatesalueswe mustinterpolatebetween

theircountsT P, andTPg, andF P, andF Pg. We nd outhow mary negative examplest takes

FPg FPa

to equalonepositive,or thelocal skew, de ned by TP TP

. Now we cancreatenew pointsT P +
x for all integervaluesof x suchthatl x TPg TPa,i.e. TPa+ L, TPa+ 2,5 TPs 1,
andcalculatecorrespondind-P by linearly increasinghefalsepositivesfor eachnew pointby the

local skew. OurresultingintermediatéPrecision-Recalbointswill be
!
TP/_\ + X TP/_\ + X

! FPg FPa
TotalPosS TPy + X + FP, + TP TP X

For example supposeve have adatasetwith 20 positve examplesand2000negative examples.
LetTPA = 5 FP, = 5 TPg = 10, andF Pg = 30. Table8.3 shavs the properinterpolationof
theintermediatgointsbetweenA andB, with thelocal skew of 5 negativesfor every 1 positive.

Notice how theresultingPrecisioninterpolationis notlinearbetweerD.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
.1 9125|0.45]| 0.265
B| 10| 30| 0.50| 0.250

Table8.1 Correctinterpolationbetweertwo pointsin PR spacdor adatasetwith 20 positive and
2000ngyative examples.

Often,theareaunderthecurwe is usedasasimplemetricto de ne how analgorithmperforms
overthewholespacgBradley, 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 equvalentto the Wilcoxon-Mann-Whitng statistic(Cortes& Mohri, 2003). By including
our intermediateéPR points,we cannow usethe compositdrapezoidamethodto approximatehe
areaunderthe PR curve (AUC-PR).

Theeffectof incorrectinterpolationonthe AUC-PRIis especiallypronouncedvhentwo points
arefar away in Recalland Precisionandthe local skew is high. Considera curve (Figure 8.5)
constructedrom asinglepoint of (0:02 1), andextendedto the endpointsof (0; 1) and(1; 0:008)
asdescribedaborve (for this example,our datasetcontains433 positvesand 56,164 negatives).
Interpolatingaswe have describedvould have an AUC-PRof 0.031;a linear connectionwould
severelyoverestimatavith an AUC-PRof 0.50.

Now thatwe have developedinterpolationfor PR spacewe cangive the completealgorithm
for nding the achiezablePR curwe. First,we nd thecornvex hull in ROC spaceg(Corollary 3.1).
Next, for eachpoint selectedby the algorithmto be includedin the hull, we usethe confusion
matrix that de nes that point to constructthe correspondingoint in PR space(Theorem3.1).

Finally, we performthe correctinterpolationbetweerthenewnly createdPRpoints.
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Figure8.6 Differencen OptimizingAreaUnderthe Curvein EachSpace
8.4 Optimizing AreaUnder the Curve

Severalresearcherbave investigatedisingAUC-ROC to inform the searchheuristicsof their

algorithms.Ferrietal. (2002)alterdecisiontreesto usethe AUC-ROC astheir splitting criterion,
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CortesandMohri (2003)shaw thatthe boostingalgorithmRankBoos{Freundetal., 1998)is also
well-suitedto optimizethe AUC-ROC, Joachimg2005)presentsa generalizatiorof SupportVec-
tor Machineswhich canoptimize AUC-ROC amongotherrankingmetrics,PratiandFlach(2005)
usea rule selectionalgorithmto directly createthe corvex hull in ROC space,andboth Yan et
al. (2003)andHerschtabndRaskutti(2004)explorewaysto optimizethe AUC-ROC within neural
networks. Also, ILP algorithmssuchasAleph (Srinivasan2001)canbechangedo useheuristics
relatedto ROC or PRspaceat leastin relationto anindividual rule.

Knowing that a corvex hull in ROC spacecan be translatedinto the achievable curve in
Precision-Recalspaceleadsto anotheropenquestion:do algorithmswhich optimizethe AUC-
ROC alsooptimizethe AUC-PR?Unfortunately the answergenerallyis no, andwe prove this by
the following counterexample. Figure 8.6(a) shavs two overlappingcurvesin ROC spacefor a
domainwith 20 positve examplesand2000negative exampleswhereeachcurve individually is a
corvex hull. The AUC-ROC for curve | is 0.813andthe AUC-ROC for curwell is 0.875,so0anal-
gorithmoptimizingthe AUC-ROC andchoosingbetweernthesetwo rankingswould choosecurve
Il. However, Figure8.6(b)shovsthe samecurvestranslatednto PRspaceandthedifferencehere
is drastic. The AUC-PRfor curve | is now 0.514dueto the high rankingof over half of the pos-
itive examples,while the AUC-PRfor curwe Il is far lessat 0.038,so0 the direct oppositechoice
of curve | shouldbe madeto optimizethe AUC-PR.This is becausén PR spacethe main contri-
bution comesfrom achieving a lower Recallrangewith higherPrecision.Neverthelessbasedon
Theorem8.2.2ROC curvesareusefulin analgorithmthatoptimizesAUC-PR.An algorithmcan
nd thecornvex hull in ROC spacegorvertthatcurve to PRspacdor anachievablePR curve,and

scoretheclassi er by theareaunderthis achiezablePR curve.

8.5 Chapter Summary

This work makesfour importantcontributions. First, for any datasetthe ROC curve andPR
curve for a givenalgorithmcontainthe samepoints. This equivalenceeadsto the surprisingthe-
oremthata curve dominatesn ROC spaceif andonly if it dominatesn PR space.Secondas

a corollary to the theoremwe shav the existenceof the PR spaceanalogto the corvex hull in
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ROC spacewhichwe call anachiezablePR curve. Remarkablywhenconstructingheachiezable
PR curve onediscardsexactly the samepointsomittedby the corvex hull in ROC space.Conse-
guently we canefciently computethe achievable PR curve. Third, we showv that simplelinear
interpolationis insufcient betweenpointsin PR space.Finally, we shav thatan algorithmthat
optimizestheareaundertheROC curve is notguaranteetb optimizetheareaunderthe PRcurwve.
Additionally, we have madecode publicly available for correctPR spaceinterpolationand
computingAUC in bothPRandROC space.Thecodecanbefoundat:
http://pages.cs.wisc.edufichm/programs/AIC/
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Chapter 9
Conclusionsand Futur e Work

9.1 Summary

The bulk of this dissertationdevelopedview learningfor SRL. SRL algorithmsprovide a
substantialextensionto existing statisticallearningalgorithms, suchas Bayesiannetworks, by
permitting statisticallearningto be applieddirectly to relationaldatabasesvith multiple tables.
Neverthelesstheschemasor relationaldatabasesftenarede ned basedn criteriaotherthanef-
fectivenesf machineearning.If a schemas notthe mostappropriatdor a givenlearningtask,
it maybenecessaryo changat—by de ning anew view—beforeapplyingotherSRLtechniques.
View learning lled thisgapby providing anautomatedapabilityto altertheschemaof adatabase
throughthe additionof derived elds andtables.

We startedby working ondeterminingdentity equivalenceptherwiseknown asaliasdetection,
in intelligenceanalysisdomains. In intelligenceanalysis,textual similarity betweennamesis
often uninformatie asindividualspurposelyattemptto disguisetheir identity. Consequentlywe
neededo rely on attributesandcontectual informationto detectaliases.We proposecdh two-step
methodologyfor detectingaliases.The rst stepemployedaniILP systento learnrulesthatpredict
whethertwo identi ers referto the sameperson. The secondsteprepresente@achlearnedrule
asanattribute in a Bayesiametwork. We evaluatedour approachon seriesof syntheticdatasets
developedaspartof aU.S.Air Forceproject.Empirically, thisapproactyieldedsigni cantly more
accuratanodelsthantreatingeachrule asa classi er in anunweightedvoting scheme.

Working on the ILP-basedeatureconstructiorled usto realizethatthis ideacouldbe applied

in a broadercontext within SRL. Speci cally, it could alleviate mary SRL approachesinability
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to alter a givendatabaseschema.lt is possibleto augmenthe databaseschemaby treatingeach
learnedrule asan additional eld de nition. We proposedwo differentalgorithmsfor learning
new elds.

The rst algorithmwas a multi-stepframenork for de ning nenv elds. The rst stepused
an ILP algorithmto constructa large setof relationalfeatures. The secondstepselectedvhich
relationalfeaturedo includein themodel. The nal stepconstructedh statisticalmodel.We eval-
uatedthis processn thespeci c context of providing decisionsupporto radiologistsvhointerpret
mammogramskor this task,the AmericanCollege of Radiologyhasdesignedh databasschema
to standardizelatacollectionfor mammographyracticesn the United States.This schemaon-
tainsonerecordper abnormality However, datain otherrows of the tablemay alsobe relevant:
radiologistamayalsoconsiderotherabnormalitien the samemammogranor previousmammo-
gramswhenmakinga diagnosis.The needto considetrthis relationalinformationmalkesthis task
anaturalt for SRL.

We evaluatedour algorithmon a collectionof radiologyreportsobtainedrom anactualmam-
mographypractice.Empirically, SRL techniquesigni cantly improvedover propositionaimeth-
odsfor this domain. Neverthelessthe improvementobtainedthroughthe useof aggreation,as
mightbeperformedor exampleby aPRM,wasroughlyequialentto view learning.View learning
did generatdeatureshatwereinterestingandusefulfor the radiologycommunity A radiologist
collaboratoreviewed severalfeaturesandwasparticularlyintriguedby onethatsuggestea hith-
ertounknawn relationshipbetweemmalignang andhigh densitymassesin generalmassdensity
wasnot previously thoughtto be a highly predictve feature.

The secondalgorithmwe proposedor view learningintegratesthe multi-stepalgorithminto
one cohesve processby constructingthe classi er during the rule learning procedue. This
methodologycalled Scoe As You Use or SAYU, addressethe following two weaknessesf the
multi-stepalgorithm. First, choosinghow mary rulesto includein the nal modelis a dif cult
tradeof betweencompletenesandover tting. Secondthe bestrulesaccordingto coveragemay

notyield the mostaccurateclassi er. SAYU overcamethesedravbacksby scoringeachpotential
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view by how muchit improvesthe accurag of the classi cation model. To scoreeachpoten-
tial view, or rule, SAYU re-computedhe modelandchecledwhetherit ts the datasigni cantly
betterthanthe modelthat did not usethe candidaterule. SAYU only retainedthoseviews that
signi cantly improvedthe t of themodelto thedata.

Employing the SAYU approachwe learneda nev modelfrom the mammographydatathat
yieldedsuperiorperformanceasmeasuredyy areaunderthe precision-recalturve. The model's
performancexceededheperformancesf ahand-craftedayesiametwork systemaswell asthe
performancesf standarBayesiametwork structurdearnersandotherSRL systemsThe SAYU
algorithmwassuccessfullyappliedto otherclassi cationproblemsncludingpredictingagraduate
students advisorandwhich genesareinvolvedin metabolism.

Next, we demonstratedhe feasibility and utility of extendingSAYU to othertypesof task,
suchasmultiple-instancereal-\aluedprediction. The problemof predicting3D-QSAR,a well-
known family of tasksin researchinto drug design,motivatedthis work. We improved upona
prior ILP-plus-reggressionapproachin two importantways. Our rst improvementinvolved ex-
plicitly representinghe multiple-instancenatureof the taskthroughthe useof multiple-instance
regression Oursecondmprovementinvolvedintegratingthefeatureinventionandmodelbuilding
stepby adaptingthe SAYU approachpreviously discussedo this regressiontask. We evaluated
our algorithmwith threeactwvity predictionproblems:thermolysininhibitors, dopamineagonists
andthrombininhibitors. We obsenredthat eachextensionby itself improvedthe accurag of our
real-valuedpredictions.Further our proposedapproachwhich usedboth extensionsyesultedin
moreaccuratepredictionsthaneitherextensionby itself. Our approactalsodiscoreredandused
biologically relevantpharmacophoreshenpredictingactuity.

The SAYU-VISTA systemwasthe nal pieceof work onview learning. It offeredthreesig-
ni cant extensions. First, it learnedpredicateghat have a higherarity than the target concept,
someof which capturemary-to-mary relationsandrequirea new tableto represent.Secondt
learnedpredicateghatapplyto differenttypesthanthetarget conceptallowing for theinvention
of predicateghatarenot merelyapproximationgo thetargetconcept.Third, it permittednewly-

inventedpredicatego be usedin theinventionof othernew relations. SAYU-VISTA performed
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atype of predicatenvention,becauset constructedrbitraryclausesvhoseheadsdo not have to
unify with the examplesandwhoseheadsmay have aritiesandtypesdifferentfrom the examples.
SAYU-VISTA constrainedhesearchy requiringtheinventedpredicateso beof immediatevalue
to the statisticallearnerin orderto beretainedfor future use. The empiricalsucces®f the algo-
rithm indicatesthatthis ef cacy testis a successfutonstrainton predicatanvention.Empirically,
SAYU-VISTA ledto moreaccuratenodelsthanboththe SAYU algorithmandMarkov Logic Net-
works (MLNs), anothedeadingSRL framewvork. Furthermore SAYU-VISTA constructeduseful
andrelevantpredicatessuchasconsistentlydiscoveringthe CoAuthor and TA'ed for relationsin
thedomainwherethetaskwasto predicatea graduatestudents advisor

Finally, the precedingwork led usto useprecision-recal(PR) curvesasan evaluationmetric.
We investigatedthe connectionbetweenthesetwo measureso ascertainvhethersomeof the
interestingpropertiesof ROC curvesalsohold for PR curves. We demonstratedour important
factsaboutROC spaceandPR space First, for any datasetandhencea x ed numberof positive
and negative examples,the ROC curve and PR curwe for a given algorithm containthe “same
points” Basedon this equivalencefor ROC andPR curves,we provedthata curve dominatesn
ROC spacdf andonly if it dominatesn PR space Secondwe introducedhe PR spaceanalogto
thecornvex hull in ROC spacewhichwe calledtheachiezablePR curve. Dueto the equivalenceof
thesetwo spacesve canef ciently computetheachiezablePRcurve. Third we offeredtheoretical
justi cation for the factthatit is insufcient to linearly interpolatebetweenpointsin PR space.
Finally, we provedthatanalgorithmthatoptimizestheareaunderthe ROC curwe is notguaranteed

to optimizetheareaunderthe PR curve.

9.2 FutureWork

The adwent and prevalenceof high-throughputechniquessuchas gene-g&pressionmicroar
rays, single-nucleotidgpolymorphism(SNP) chips and high-throughputscreeningof molecules
for biologicalactiity, hasgreatlyincreasedhe quantityof biologicaldataavailable.Furthermore,
it hasallowedpeopleto collectdatafor thesamephenomen&om multiple sourcesThe mostnat-

ural placeto storethis burgeoningcollectionof diversedatais in relationaldatabasewith multiple
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tables,onefor eachdatatype. SRLs ability to learnfrom multiple-relationatablesandintegrate
multiple datasourcesnto one cohesve modelwill increasedts importancein the comingyears.
Thiswealthof diversedatatypesrequireghedevelopmenbf novel computationatechniquesThe

following arethreeconcretedirectionswe intendto pursue.

Mining combined biological and clinical databases.In the not sodistantfuture, it will be pos-
sibleto have accesdgo an unprecedentedmountof clinical andbiological data. With the advent
of electronicmedicalrecordsyesearchersould have readyaccesgo clinical recordsfor patients
participatingin variousresearctstudies.Furthermoresingle-nucleotidgolymorphismandgene-
expressionmicroarraydatamay be available for a subsetof theseindividuals. Accessto this
combinationof datawill allow researcherso poseandinvestigatethe following typesof ques-
tions. Canonedevelopa modelto predictthe ef cacy of a potentialdrugfor a givenindividual?
Canclinical andgeneticdataprovide insightinto which individualswill have adwersereactiongo
adrug?We arecurrentlyinvolvedwith a projectthatis trying to addressimilar questions.
Answeringthesetypesof questionswill requirethe abilities to reasonaboutuncertainty to
considercomple relationshipsandto integratemultiple datasources.SRL providesall threeof
thesecapabilities. In addition,the ability developedin this dissertatiorto automaticallyidentify
novel patternsandrelationshipswithin the datawill be amongthe chief assetsSRL will bring to
the task. The challengeghis domainposeswill help drive the next round of innovationin SRL
technology A key issuewill be scalingup SRL algorithmsto handlethe large amountsof data
thatwill beavailable. It will becrucialto developalgorithmsthancanef ciently work with large
datasets.Furthermorethe characteristic®f the datawill be signi cantly differentthan current
testbedsFirst, in this type of setting,a researchewill have accesgo very few patientsor exam-
ples. It will be crucialto addresgheissueof over tting to ensurethatlearnedmodelsgeneralize
to unseenexamples. Second,SRL often focuseson domainsthat have mary relations,but each
relationonly hasa few attributes. The medicaldomainwill be muchmore feature-centric.For

example,microarrayexperimentsyield informationabouttensof thousand®f features.Meeting
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thesechallengesvill becrucialfor makingSRL viablein thesetypesof domains.

Incorporating negative information.

Oftenin biology, informationabouteventsthatdo not or shouldnot occurcanprovide useful
informationto a learningsystem.Unfortunately the numberof eventsthatdo not occuris quite
large,makingit dif cult to discerntherelevantnegativeinformation.For a concreteexample,con-
siderthe notion of “excludedvolumes”for pharmacophores=xcludedvolumesplaceadditional
restrictionson potentialpharmacophorely declaringthat no part of the moleculecanoccupy a
particularregionor volume.A potentialpharmacophormayhave all therelevantfeaturesn order
to beactive andyet, in practice doesnot exhibit the desiredactiity level. A pharmacophorenly
modelsa 3D substructur@f themolecule andit is possiblethatthe partof themoleculethatis not
modelednterfereswith its ability to bindto thetargetprotein. For example theunmodelegortion
of the pharmacophoreould physicallyoccupy partof the bindingareafor thetargetprotein. It is
alsopossiblethat the unconstrainegbart of the pharmacophoreould have anelement,suchasa
hydrophobicgroup, closeenoughto the binding site thatit interfereswith the molecules ability
to bind to thetargetprotein. Thereforejt could potentiallybe usefulto includeinformationabout
excludedvolumesin the pharmacophoreearchprocess.

Therelationallearningapproachakenin our previous work readily lendsitself to the ability
to incorporatebackgroundknowledgeaboutexcludedvolumes. Unfortunately it is dif cult and
time consumingo obtaininformationaboutexcludedvolumes.Often, it is unclearwhich regions
shouldbe declaredas excludedvolumes. If the excludedvolumesare known, the information
hasto be introducedby handas backgroundknowledgefor the learningalgorithm. Therefore,
animportantinnovation would be the ability to automaticallygenerateandincorporateexcluded
volumesduringthe searchprocessThis is anextraordinarilydif cult problemto addresdecause
it requiresbeingableto determinearegion a moleculeshouldnot occupy. Thefactthatanactive
moleculedoesnot occupy a givenregion of spacedoesnot imply thata requiremenfor actvity

is thatthe moleculenot occupy the givenregion. Thetrick becomegeneratingandselectingthe
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relevant regionsthat a moleculeshouldnot occupy in orderto be actve. We would like to ex-

tendour drugactuity predictionframenork to automaticallygeneratendincorporatanformation
aboutexcludedvolumesduringthe searchprocess Onepossibleapproactwould beto examinea
pharmacophorthatcoversareasonablyarge numberof actve moleculeshbut alsomultiple inac-
tive molecules.Using this pharmacophordat may be possibleto extractan excludedvolume. If

theinactivescoveredby this pharmacophorall occupiedpartof avolumethatnoneof theactves
occupy, thenthis volumecouldbea candidatdor anexcludedvolume.You couldfurtherevaluate
the candidatéby requiringthatit satisfyotherconditions,suchasits volumebeinglessthansome
predeterminedhreshold.Candidateshat passall the testswould beincorporatednto the search

space.

Addressinginter-obsewer variability . Oftentimesin biology or medicine,dataare collected
throughaprocessvhichis subjecto thevariability of adatacollectoror anobserer. For example,
the outcomeof microarrayexperimentscanbein uenced by laboratoryconditionsor personnel.
This is even moretrue of experimentsnvolving massspectrometry The problemwill be partic-
ularly acutewhen combiningexperimentsdoneat differentlaboratories.In mammographythe
quality of theinterpretatiorof amammogranis affectedby thevariability in thetraining, skill and
experienceof theradiologistwho readsit. An importantresearchdirectionwill beto accountfor
variability. For a concreteexample,l will focuson the mammographylomain. An assumption
underlyingour prior work is thatif two radiologistseadthesamemammogramthey will generate
identicalreportsaboutit. In reality, this is not the case gspeciallyfor mammogramshat contain
suspiciousndings. Oneway to accountor this weaknessvould bethroughthe useof collective
classi cation. In the ordinaryuseof a classi er obtainedoy machinelearningor datamining, we
runtheclassi erononerecord,ortestcaseatatime,andwe Il in thevalueof one eld orvariable
atatime. Collectiveclassi cation(Jenseretal., 2004;Neville & Jensen2000)is analternatvein
which we usea modelor classi er to labelall unknovn elds in all recordsor testcasedogethey

or collectively, with eachlabeltakingthe otherlabelsinto account.
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We canusecollective classi cationto improve predictiongn thefollowing manner We canuse
our SRL modelto analyzetheabnormalitiesn a held-outvalidationset. Someabnormalitiesn the
validationsetwill themselesbemisclassi ed.If alargerthanexpectedractionof themislabeled
abnormalitiesvasstudiedby a particularradiologist,this maybeindicative thatthis radiologistis
notlabelingfeaturessuchascalci cation types,in amanneiconsistentith theotherradiologists.
If we adda tablethat associatesvith eachradiologista featureindicatingperformancethenwe
canestimatethis featurefor eachradiologistfrom how accuratelyour SRL modelperformson his
or hercases.The procescanbe iterated,sothatour SRL modelfor labelingabnormalitiedakes
into accountheradiologist.In thisway, whenlabelinganabnormalityin thetestset,we allow the
setof previousmammogramanalyzedoy thatradiologistto in uence our label.

The precedingprocedurecan be carriedeven further, so thatthe gold standardoutcomesof
prior mammogramsanbe usedto updateour beliefsabouttheindividual elds in acurrentmam-
mogram.For example,assume speci ¢ radiologistconsistentlyfoundpleomorphiccalci cations
acrossall mammogramsiegardlesof whetherthe abnormalityis benignor malignant.However,
sincepleomorphiccalci cations aremoreindicative of malignang, the SRL modelmight assign
the abnormalitya higherprobability of beingmalignantthanis actuallywarrantedgiventhe radi-
ologist'strackrecord.Throughcollective classi cation,we candecreas¢heweightplacedon this

featureandpotentiallylower the posteriomprobability of malignang for the currentabnormality
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