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1 The Task: Compound Inter pretation

We will againusethe Wekamachindearningpackageasintroducedn thelasttutorial. Thefiles
for thistutorial residein:

/ cour ses/ connectioni smw nter.01/tutorial8/

Thistutorialis basednadatasebf Lapata(2000)thatdealswith theinterpretatiorof nominaliza-
tions.Nominalizationsarecompoundshatcanreceve eitheranobjector a subjectinterpretation,
or both.Examplesnclude:

(1) a. SuBJ child behaior = child behaes
b. oBJ carlover=- lovescar
c. suBJjloBJ: satelliteobseration=- satelliteobseresor obseressatellite

In (1a),themodifierchild is thesubjectof theheadof thecompoundehaior. In (1b),themadifier
caris theobjectof theheadlover. In (1¢), bothinterpretationsarepossible.

The machinelearningtaskis to assignthe right interpretation(i.e., the value SUBJ or OBJ in
theattributeconpound_cl ass) to anominalizationusinga decisiontreethatincorporateswo sets
of attributes.Thefirst setof attributesprovidesinformationaboutthe compoundandthe context
it occursin:

(2) pos_l ef t: partof speectof thewordimmediatelyprecedinghe compound.
) pos_nmod: partof speectof the modifierof thecompound.

4) pos_head: partof speectof the headof thecompound.

(5) pos_ri ght: partof speectof thewordimmediatelyfollowing the compound.

Thesecondsetof attributescontainsdisambiguationinformationprovided by a naive Bayesclas-
sifier (wewill learnmoreaboutthisin thenext lecture).Thereareseveralvariantsof this classifiey
eachof which usesa differentsmoothingmethod:

(6) backof f: smoothingbasedackingoff to n-grams.

7 wor dnet : classed-basesimoothingbasedon the WordNettaxonomy

(8) roget : classed-basesimoothingbasedn Rogets Thesaurus.

9) j ensen: similarity-basedsmoothingusingthe Jensen-Shannativergence.
(20) conf usi on: similarity-basedmoothingusingconfusionprobability

How thesesmoothingmethodsvork doesnt needto concerrushere.Importantis thatall of them
proposeeitherthe classificatiorsubj or theclassificatiorobj for agiveninstanceOf coursethey
dont necessarilyagreen their classification.

2 Building a DecisionTreeUsing Context Information

An importantconcepin Wekais thefiltering of attributes.This allows usto selecta subsebf the
attributesin the dataseto work with. Let’'s assumave wantto build a decisiontreethatclassifies
nominalizationgusingonly the POSinformation.



Startthe WekaExplorer andloadthefile conpounds. ar f f in thedirectoryt ut ori al 8 (see
above). Thenselectall the POSattributes:pos_| ef t, pos_nod, pos_head, pos_ri ght, andthe
tamget attribute conpound_cl ass. Now click on the button Appl y filters to createa working
relationwith the five attributesthat you have selected All further operationswill apply to the
working relation(notto the baserelation).

Now click on the O assi f er button and selectthe classifierl d3, which implementsthe
ID3 decisiontree inductionalgorithmdiscussedn the lecture.In the field Test opti on select
Percentage split with 75%. This tells Wekato use 75% of the datafor training andthe re-
maining 25% for testing.Clicking on St art will generatehe decisiontree andwill outputits
performancenthedatasetin conpounds. arff.

Have alook at the decisiontreethatID3 generatesWhy is it so huge?Why aretheresome
leavesmarkednul | ?

Now look at the performanceof the decisiontree.What'’s its overall precision(percentag®f
correctlyclassifiednstances)®hy arethereunclassifiednstances?

Assumea hypotheticalclassifierthat always assignghe mostfrequentclass(find out which
onethatis). Sucha classifieris calleda frequencybaselineandis often usedto establisha lower
boundontheperformancef amorecomplex model.Which precisiondoesthefrequeng baseline
achiere?How doesit compareo the precisionof the decisiontree?

Now we will try to find outwhy thedecisiontreeperformssobadly UnderTest opti on se-
lectUse training set. Thistells Wekato computethe performancef themodelonthetraining
set,insteadof on the testset.Which precisiondo we getnow? What doesthis tell usaboutwhy
thedecisiontreeperformssobadlyonthetestset?



Now let'stry anothemdecisiontreeinductionalgorithm,C4.5,whichis similarto ID3 but does
pruning.TouseC4.5,select 48. J48 in thed assi fi er menuthenrunthisclassifieronthedata,
againusingthe 75/25split into trainingandtestset.Inspectthe resultingdecisiontree.Why does
it performbetterthanthetreegeneratedy ID37?

3 Building a Metaclassifier

An importantuseof decisiontreesis asmetaclassifies; i.e., asclassifierghatwork on the output
of otherclassifiersAn exampleis theresearclhin Lapata(2000),wheretheoutputof five classifiers
is usedastheinputto a decisiontreethatinterpretsnominalizationsThe taskof thedecisiontree
is to decidewhich classifierto trustunderwhich circumstances.

Usethefiltering mechanismof Wekato createa working relationwith theattributesbackof f ,
wor dnet , roget , j ensen, andconf usi on, eachof which representshe outputof a nave Bayes
classifier The tamget attribute is againconpound_cl ass. Now generatea decisiontree usingthe
ID3 algorithmandtestit with a 75/25split of the datainto trainingandtestset.

Draw the decisiontreethat ID3 comesup with. What's the precisionnow? How would you
explaintheimprovementtomparedo theuseof POSattributes?Do you getafurtherimprovement
if youuseC4.5insteadof ID3 to inducethedecisiontree?

Now build aminimal decisiontreethatonly incorporateoneof thefive classifiergbackof f ,
wor dnet , roget , j ensen, conf usi on). Givetheprecisionfor eachof theseclassifiersHow much
dowe gainby usinga metaclassifiethatcombinegheindividual classifiers?

Finally, build one big decisiontree that incorporatesall attributes (the four POS attributes
plus the five classifiers).Do we get a furtherimprovementin performanceTomparethe trees



constructedy ID3 andC4.5.Which algorithmcomesup with the bettertree Whatdoesthe C4.5
treetell usaboutthe POSattributes?
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