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Abstract. Problemsolving with experiencegshat arerecordedin text form re-
quiresa mappingfrom text to structureccasessothatcasecomparisorcanpro-
vide informed feedbackfor reasoningOne of the challengess to acquirean
indexing vocahulary to describecasesWe explore the useof machinelearning
andstatisticaltechniquego automateaspect®f this acquisitiontask.A proposi-
tionalsemantigndexing tool, PsI, whichformsits indexing vocalulary from new
featuresxtractedaslogical combination®f existing keywords,is presentedWe
proposethat suchlogical combinationscorrespondnorecloselyto naturalcon-
ceptsandaremoretransparenthanlinearcombinationsExperimentshav Psi-
derivedcaserepresentation® have superiorretrieval performanceo theoriginal
keyword-basedepresentationds| alsohascomparablgerformanceo Latent
Semantidndexing, a populardimensionalityreductiontechniquefor text, which
unlike PsI generatefinearcombinationf the original features.

1 Introduction

Discovery of new featuresis an importantpre-processingtepfor textual data. This
procesds commonlyreferredto asfeatureextraction,to distinguishit from featurese-
lection,whereno new featuresarecreated18]. Featureselectionandfeatureextraction
sharethe aim of forming betterdimensiongo representhe data.Historically, therehas
beemmoreresearchvork carriedoutin featureselection9, 20,16] thanin extractionfor
text pre-processingppliedto text retrieval andtext classificatiortasks. However, com-
binationsof featuresarebetterableto tackletheambiguitiesn text (e.g.synorymsand
polysemys)that often plaguefeatureselectionapproachesTypically, featureextrac-
tion approachegeneratdinear combinationof the original featuresThe strongfocus
on classificationeffectivenessalone hasincreasinglyjustified theseapproachesgven
thoughtheir black-boxnatureis not ideal for userinteraction.This argumentapplies
evenmorestronglyto combination®f featureausingalgebraicor highermathematical



functions.Whenfeatureextractionis appliedto taskssuchashelp desksystemsmed-
ical or law documenmanagemengmail managementr even Spamfiltering, thereis
oftenaneedfor userinteractionto guideretrieval or to supportincrementabjueryelab-
oration.The primary communicatiormodebetweersystemanduserhasthe extracted
featuresasvocahulary. Hence thesefeaturesshouldbetransparenaswell asproviding
gooddimensiondor classification.

The needfor featuresthat aid userinteractionis particularly strongin thefield of
Case-BasefReasonindCBR), wheretransparengis animportantelementduring re-
trieval andreuseof solutionsto similar, previously solved problems.This view is en-
forced by researchpresentecht a mixed initiative CBR workshop[2]. The indexing
vocahulary of a CBR systemrefersto the setof featureshatareusedto describepast
experienceso berepresentedscasesn the casebase Vocahulary acquisitionis gen-
erally a demandingknowledgeengineeringask, even more so when experiencesare
capturedin text form. Analysisof text typically begins by identifying keywordswith
which anindexing vocahulary is formedat the keyword level [14]. It is herethatthere
is an obvious opportunityto apply featureextractionfor index vocahulary acquisition
with aview to learningtransparenandeffective textual caserepresentations.

The focus of this paperis extraction of featuresto automateacquisitionof index
vocahulary for knowledgereuse.Techniquegpresentedn this paperaresuitedfor ap-
plicationswherepastexperiencesarecapturedn free text form andare pre-classified
accordingto thetypesof problemshey solve. We presenta PropositionalSemantidn-
dexing (Psl) tool, which extractsinterpretabldeatureghatarelogical combinationof
keywords.We proposethatsuchlogical combinationsorrespondnorecloselyto nat-
ural conceptsandaremoretransparenthanlinearcombinationsPsl employsboosting
combinedwith rule mining to encouragdearningof non-overlapping(or orthogonal)
setsof propositionalclausesA similarity metric is introducedso that textual cases
canbe comparedbasedon similarity betweenextractedlogical clausesinterpretabil-
ity of theselogical constructscreatesnew avenuesfor userinteractionand naturally
leadsto the discovery of knowledge.PslI’s featureextraction approachis compared
with the populardimensionalityreductiontechniqueLatentSemanticdndexing (L 1),
which usessingularvaluedecompositiorio extract orthogonalfeatureshatarelinear
combinationsof keywords[7]. Caserepresentationthatemploy Psi’s logical expres-
sionsare more comprehensibléo domainexpertsand end-usercomparedto LsI's
linear keyword combinationsldeally we wish to achieve this expressvenesawithout
significantlossin retrieval effectiveness.

We first establishour terminologyfor featureselectionand extraction, beforede-
scribinghow PsI extractsfeaturesaslogical combinationsWe thendescribelsi, high-
lighting the problemof interpretabilitywith linear combinationsFinally we shav that
Psi’s approactachierzescomparableetrieval performance/et remainsexpressie.

2 Feature Selection and Extraction

Considetthehypotheticakxamplein Figurel wherethetaskis to weedout Spamfrom
legitimate email relatedto Al. To assistwith future messagdiltering thesemessages
mustbe mappedntoa setof casedeforethey canbereusedWe will referto thesetof



We consider

| like the
analogy
between
algorithms for
domain-specific
and non-
specific. From
somewhat
different ,
though ...

New Extracted Features

=

conference

intelligent

case1Y

How to be debt- l
free

if it s|

the When it come
\%3 to porn, this site
that doesn’t mess

i around. They

dish out more
free jpegs
than most ...

Help retire in 2 l

3JQ

28
[ case5 [
cased ¥

Fig. 1. Featuresslogical keyword combinations.

all labelleddocumentgcasesksD. The keyword-vectorrepresentatiois commonly
usedto represent documentd by consideringhe presencer absencef words[17].

Essentiallythe setof featuresarethe setof wordsW (e.g.“conference”,intelligent”).

Accordinglyadocument is representedsa pair (x, y), wherex = (z1,...,z)y)) is

abinaryvaluedfeaturevectorcorrespondingo thepresencer absencef wordsin W;

andy is d’'s classlabel.

FeatureselectionreducegW| to a smallerfeaturesubsesizem [20]. Information
Gain(IG) is oftenusedfor this purposewherem featureswith highestlG areretained
andthenew binary-valuedfeaturevectorx’ is formedwith thereducedvordvocatulary
setW', wherew’ C W and|W'| <« |W|. The new representatiorf documentd
with W' is a pair (x', y). Selectionusing IG is the base-linealgorithmin this paper
andis referredto asBASE. An obvious shortcomingof BASE is thatit fails to ensure
selectionof non-redundankeywords. |deally we wantx’ to containfeaturesthat are
representatie but alsoorthogonal A moreseriousveaknesss that BASE’s one-to-one
feature-vord correspondenceperatesatalexical level, ignoringunderlyingsemantics.

Figurel illustratesa proof treeshaving how new featurescanbe extractedto cap-
ture keyword relationshipsusing propositionaldisjunctive normalform clausegDNF
clauses)Whenkeywordrelationshipsaremodelled ambiguitiesn text canberesohed
to someextent. For instance‘grant” and“application” capturesemanticskin to legiti-
matemessagesvhile the samekeyword “application” in conjunctionwith “debt-free”
suggestSpammessages.

Featureextraction,like selection alsoreduce§W| to a smallerfeaturesubsetize
m. However unlike selectedeatures gxtractedfeaturesno longercorrespondo pres-
enceor absencef singlewords. Therefore with extractedfeatureshe new represen-
tation of documentd is (x",y), but W' ¢ W. When extractedfeaturesare logical
combinationsof keywordsasin Figure 1, thena new featurew” € W', representa



propositionalclause.For examplethe new featurewy representshe clause:“intelli-
gent”V “algorithm” v (“grant” A “application”).

3 Propositional Semantic Indexing (Psl)

PsI discoversandcapturesunderlyingsemanticsn the form of propositionalclauses.
PsI’'s approachis two-fold. Firstly, decisionstumpsareselectedoy IG andrefinedby

associatiorrule mining, which discoverssetsof Horn clauserules. Secondlya boost-
ing procesencourageselectionof non-redundanstumps.The Ps| featureextraction

algorithm andthe instantiationof extractedfeaturesappearat the end of this section
afteradescriptionof themainsteps.

3.1 Decision Stump Guided Extraction

A decisionstumpis a one-lesel decisiontree[12]. In PsI, a stumpis initially formed
usinga singlekeyword, whichis selectedo maximiselG. An exampledecisionstump
formedwith “conference’in its decisionnodeappearsn Figure?2. It partitionsdocu-
mentsinto leaves,basedon whetheror not “conference”appearsn them.For instance
70documentsontaintheword “conference’andjust5 of theseareSpam(i.e. +5). It is

not uncommorfor documentsontaining“conference’to still be semanticallysimilar

to thosenot containingit. Sodocumentsontaining“workshop”without “conference”
in the right leaf arestill contextually similar to thosecontaining“conference”in the
left leaf. A generalisedlecisionnode hasthe desiredeffect of bringing suchseman-
tically relateddocumentsloser[19]. Generalisatiomefinesthe decisionnodeformed
with a singlefeaturew’, to an extractedfeaturew"”, containinga propositionalklause.
Typically arefinednoderesultsin animprovedsplit (seeright stumpin Figure?2).

w w
conference V intelligence V
conference workshop V..,V (edu Aregister)

120 cases
-110, +10]

280 cases
[-95, +195

Fig. 2. NodeGeneralisation.

A propositionalkclauseis formedby addingdisjunctsto aninitial clausecontaining
just the selectedfeaturew’. Eachdisjunctis a conjunctionof one or more keyword
co-occurrencewith similar contectual meaningto thatof w’. An exhaustve searchor
disjunctswill invariably beimpractical.Fortunatelythe searchspacecanbe prunedby
usingw' asa handleover this spacelnsteadof generatingandevaluatingall disjuncts,
we generatepropositionalHorn clauserulesthat concludew’ givenotherlogical key-
word combinations.



Association Rule: H <-B DNF Clause (AI1G%) Derived Clause: w"
conference (0%)

r1: conference <-intelligence conference V intelligence (11.2%) conference V inteIIligence
r2: conference <-workshop conference V workshop (11.2%) V workshop V' register
r3: conference <-register conference V register (10.4%)

r4: conference <-edu A register co ce V (edu Aregister) (5.8%)
r5: conference <-edu conferenc =2.3%)

Fig. 3. Grawing clausedrom selectedules.

3.2 Growing Clauses from Rules

Examplesof five associatiorrulesconcludingin “conference’(i.e. w') appeaiin Fig-
ure 3. Theserulesareof the form H « B, wheretherule body B is a conjunctionof
keywords,andthe rule headH is a single keyword. Theseconjunctionsare keyword
combinationghathave beenfoundto co-occumwith theheadkeyword. Rulebodiesare
agoodsourceof disjunctswith which to grow our DNF clausew”, whichinitially con-
tainsonly the selectedkeyword “conference” However, aninformedselectionstrateyy
is necessaryo identify thosedisjunctsthat aregooddescriptorof underlyingseman-
tics.

The contribution of eachdisjunctto clausegrowth is measuredby comparinglG of
w' with andwithoutthedisjunct(rule body)includedin the DNF clause Disjunctsthat
fail to improve IG arefiltered out by the gain-filter. Thoseremainingare passento
gen-filter whereary specialisedorms of a disjunctwith alower IG comparedo ary
oneof its generalisedorms arefiltered out. The DNF clausesn Figure 3 shov how
eachrule is convertedinto a potentialDNF clause(differencein IG, usedfor filtering
appeatin braclets).The final DNF clausederived oncethe filtering stepis completed
is: “conference”V “intelligence” v “workshop”V “register”. We usethe Apriori [1]
associationule learnerto generatdeatureextractionrulesthatconcludea selectedy’.
Apriori typically generatesnary rules,but thefilters areableto identify usefulrules.

3.3 FeatureExtraction with Boosting

PsI’'siterative approacho featureextractionemploysboostedlecisionstumpgseeFig-
ure 4). The numberof featuresto be extractedis determinedoy vocalulary_size The
generalideaof boostingis to iteratively generatesereral (weak) learnerswith each
learneriasedby thetrainingerrorin the previousiteration[10]. This biasis expressed
by modifying weightsassociatedavith documentsWhenboostedstumpsare usedfor
featureselectionthe new documentdistribution discourageselectionof a redundant
featuregiventhe previously selectedeature[6]. Here,with extractedfeaturesunlike
with singlekeyword-basedeaturesye needto discouragealiscovery of anoverlapping
clausegiventhe previously discoreredclause We achieve this by updatingdocument
weightsin PsI accordingto the error of the decisionstumpcreatedwith the new ex-
tractedfeaturew”, insteadof w'.



W' =0; n=|D|; vocahulary_size=m
Algorithm: Psi
Repeat
initialise documentveightsto 1/ n
w; = featurewith highestiG

w=w \ wj
wj = GROWCLAUSE(w;, W)
WII - WII U wI'I

J

stump= CREATESTUMP(w})

err = error(stump)

updatedocumentveightsusingerr
Until (|W"| = vocahulary_size)
Returnyy”’

Fig. 4. FeatureExtractionwith Psi.

3.4 Featurelnstantiation

OncePsI hasextractednew featurestextual casesaaremappedo anew representation.
ForaneNfea'Furqug’, !etSz: =V, 845, beits propositionaplause,wheres,-j =As Tijk
is the jth conjunctionin this clause Thenew representationf documentl = (x", y) is
obtainedby:

o) =) gaininc(si;) x infer(s;)

J

heregaininc returnsthe increasen gain achieved by s;; whengrowing S;. Whether
or nots;; canbeinferred(satisfied)from adocumentinitial representatiod = (x, y)
(i.e.usingall featuredn W) is determinedy:

infer(s;) = { 1 1f (Aewige) = True
infer(s;;) = {0 otherwise

The Psi-derivedrepresentatioenablesasecomparisorat a semantigor conceptual)
level, becausénstantiatedeaturesnow capturethe degreeto which eachclauseis sat-

isfied by documentsin otherwords, satishction of the samedisjunctwill contribute

moretowardssimilarity thansatisactionof differentdisjunctsin the sameclause.

4 Latent Semantic Indexing (L SI)

L si is anestablishednethodof featureextractionanddimensiorreduction.Thematrix
whosecolumnsarethe documentvectorsxi, ... ., X p|, known asthe term-document
matrix, constitutesa vector spacerepresentatiomnf the documentcollection.In LsI,
the term-documenmmatrix is subjectedto singularvalue decomposition(SvD). The
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Fig. 5. FeatureextractionusingL si.

SvD extractsanorthogonabasisfor this spaceconsistingof new featureghatarelin-
earcombinationsf the original featuregkeywords).Crucially, thesenew featuresare
ranked accordingto theirimportancelt is assumedhatthem highest-rankdfeatures
containthe true semanticstructureof the documentcollectionandthe remainingfea-
tures,which are consideredo be noise,are discarded Any value of m lessthanthe
rank of the term-documeninatrix canbe used,but goodvalueswill be muchsmaller
thanthis rankand,hence muchsmallerthaneither|IW| or | D|. Thesefeaturesform a
new lower-dimensionatepresentatiowhich hasfrequentlybeenfoundto improve per
formancein informationretrieval andclassificatiortasks[18, 22]. Full technicaldetails
canbefoundin the original paper7].

Figure5 shows a hypotheticalexamplefrom the Al-Spamdomain(cf. Figure1).
The first extractedfeatureis a combinationof “intelligent”, “algorithm”, “grant” and
“application”. Any documentcontainingmost of theseis likely to be legitimate, so
high valuesof this featureindicatenon-SpamThe secondeaturehaspositive weights
for “application”, “debt-free” and“viagra” anda negative weight for “grant”. A high
valuefor thisfeatureis likely to indicateSpam Thenew featuresareorthogonaldespite
having two keywordsin common Thefirst featurehaspositive weightsfor both“grant”
and“application”, whereaghe secondhasa negative weight for “grant”. This shavs
how the modifying effect of “grant” on “application” might manifestitself in a L sI-
derivedrepresentationVith a high scorefor thefirst extractedfeatureandalow score
for the secondtheincomingtestcaseis lik ely to be classifiedaslegitimateemail.

L sl extractedfeaturesarelinear combinationsof typically very large numbersof
keywords.In practicethis canbein theorderof hundreds/thousand$ keywords,unlike
in our illustrative exampleinvolving just 8 keywords. Consequentlyit is difficult to
interpretthesefeaturesin a meaningfulway. In contrast,a featureextractedby Psi
combinesfar fewer keywords and its logical descriptionof underlyingsemanticsis
easietto interpret.A furtherdifferenceis that,althoughboth Psi andL si exploit word-
word co-occurrenceto discover andpresere underlyingsemanticsPsi alsodravs on
word-classco-occurrencewhile L si doesnot naturallyexploit thisinformation.



5 Evaluation

Thegoodnessf caseaepresentationderivedby BASE, LsI andPsl in termsof retrieval
performanceas comparedn aretrieve-only CBR systemwherethe weightedmajority
votefrom the 3 bestmatchingcasesarere-usedo classifythetestcase A modifiedcase
similarity metricis usedso thatsimilarity dueto absencef words(or wordsin linear
combination®r in clauses)s treatedaslessimportantcomparedo their presencgl19].

Experimentsvere conductedon 6 datasets involving email routing tasksand 2
involving Spamfiltering. Variousgroupsfrom the 20Nevsgroupscorpusof 20 Usenet
groups[13], with 1000 postings(of discussionsqueries,commentsetc.) per group,
form the routing datasetsSCIENCE (4 sciencerelatedgroups);REC (4 recreationre-
latedgroups);Hw (2 hardware problemdiscussiorgroups,one on Mac, the otheron
PC);andRELPOL (2 groups,oneconcerningeligion, the otherpolitics in the middle-
east) Of the2 Spanffiltering datasetsUSREMAIL [8] containsLO00personakmailsof
which 50% are Spam;andLINGSPAM [16] contains2893messagefrom a linguistics
mailing list of which 27%areSpam.

Equal-sizeddisjoint train-testsplits were formed. Eachsplit contains20% of the
datasetindalsopresenresthe classdistribution of the original corpus All text waspre-
processetly removing stopwords(commonwords)andpunctuationRemainingvords
werestemmedo form W, where|W| variesfrom approximatelyl,000in USREMAIL
to 20,000in LINGSPAM. Generally with both routing andfiltering tasks,the overall
aim is to assignincoming messagemto appropriategroups.Hence testsetaccuray
was chosenasthe primary measureof the effectivenessof the caserepresentatiomas
a facilitator of casecomparisonFor eachtestcorpusand eachmethod,the accurayg
(averagedver 15trials) wascomputedor representationwith 20,40,60,80,100and
120features.

Pairedt-testswere usedto find improvementsby LsI andPsi comparedo BASE
(one-tailedtest)anddifferencedetweerL sl andPs (two-tailedtest),bothatthe 95%
significancelevel. Precisiort is an importantmeasurevhen comparingSpamfilters,
becauset penalisesrror dueto falsepositives(Legitimate — Spam).Hence for the
Spanfiltering datasetsprecisionwastestedaswell asaccurag.

51 Resaults

Accurag resultsin Figure6 shows that BASE performspoorly with only 20 features,
but getscloserto the superiorPsI whenmorefeaturesareadded Psi’s performances
normallygoodwith 20featuresandis robustto thefeaturesubsesizecomparedo both
BASE andLsl. Lsi clearly performsbetterfor smallersizes.This motivatedan inves-
tigationof L sl with fewer than20 featuresWe foundthat 10-featurel sI consistently
outperforms20-featurel sI andis closeto optimal. Consequentlyl O-featurel sI was
usedfor the significancetesting,in orderto give a morerealisticcomparisorwith the
othermethods.

Table5.1 comparegerformanceof BASE andPsi (both 20 featuresland L sI (10
features)WhereL si or Ps| aresignificantlybetterthan BASE, the resultsarein bold.

! Precisior= TP/(TP+FP)whereTP is no. of true positvesandFPis no. of falsepositives.
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Table 1. Summaryof significanceestingfor featuresubsesize20 (10for Lsi).
Routing:Accuracy Filtering: Accuracy (Precision)

A|gO. REC Hw RELPOL SCIENCE |USREMAIL LINGSPAM
Base  |[71.7 73.0 88.7 481 85.7(89.5)  |94.2(92.0)

Lsi *78.7 65.5 90.4 *71.8 93.9 (*96.8) 96.8 (89.0)

Psi 76.2 *80.1 91.2 59.9 941(95.2)  |95.8(*92.1)

WhereL sI andPsI aresignificantlydifferent,the betterresultis starred It canbeseen
that L s is significantly betterthan BASE on 6 of 8 measuresandto Psi on 3. Psi
is betterthan BASE on 7 measuresand betterthan Lsi on 2. We concludethat the
20-dimensionatepresentationextractedby PsI have comparablesffectivenesgo the
10-dimensionatepresentationsxtractedby L si. Generally BASE needsamuchlarger
indexing vocahulary to achieve comparablgerformancePsi workswell with asmall
vocahulary of featureswhich aremoreexpressvethanL si’s linearcombinations.

5.2 Interpretability

Figure7 providesa high-level view of samplefeaturesextractedby Psi in the form of
logical combinationgfor 3 of the datasets)lt is interestingto comparethe differences
in extractedcombinationgedges)the contrikbution of keywords(ovals)to differentex-
tractedfeaturegboxes)andthe numberof keywordsusedto form conjunctiongusually
notmorethan3). We seea massof interconnectedodeswith the Hw datasebnwhich
PsI’'s performancavasfar superiorto that of L sI. Closerexaminationof this dataset
shavs thattherearemary keywordsthatare polysemougjiventhetwo classeskor in-
stancedrive” is applicablebothto MacsandPCsbut combinedwith “vib” indicatesPC
while with “syquest’indicatesMac. Unlike Hw, the multi-classSCIENCE dataseton-
tainsseveraldisjoint graphseachrelatingto a class,suggestinghattheseconceptsare
easilyseparableAccurag resultsshowv L sI to bea clearwinneron ScIENCE. Thisfur-
thersupportourobsenationthatL si operatedestonly in theabsencef class-specific
polysemouselationshipsFinally, featuresextractedfrom LINGSPAM in figure 7 show
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thatthe majority of new featuresaresinglekeywordsratherthanlogical combinations.
This explainsBASE’s goodperformancen LINGSPAM.

An obviousadwantageof interpretabilityis knowledgediscovery. Consideithe Sci-
ENCE tree,here,without the extractedclausesndicatingthat“msg”, “food” and“chi-
nese”arelinkedthrough“diet”, onewould not understandhe meaningin context of a
termsuchas“msg”. Suchprooftreeswhich areautomaticallygeneratedby Psl, high-
light relationsbetweerkeywords;this knowledgecanfurtheraid with glossarygener
ation, often a demandingnanualtask (e.g. FALLQ [14]). Caseauthoringis a further
taskthat canbenefitfrom Psi generatedrees.For exampledisjoint graphsinvolving
“electric” and“encrypt” with mary fewer keyword associationsgnay suggesthe need
for casecreationor discovery in thatarea.From a retrieval standpoint,PsI generated
featurescan be exploited to facilitate query elaboration,within incrementalretrieval
systems.Thenain benefitto the userwould be the ability to tailor the expandedquery
by deactvating disjunctsto suit retrieval needs Sinceclausesaregranularandcanbe
brokendown into semanticallyrich constituentsretrieval systemsangatherstatistics
of which clausesvorkedwell in thepast,basedon userinteractionihis s difficult over
linearcombinationsf featureaninedby L sl.

6 Redated Work

Featureextractionis animportantareaof researctparticularlywhendealingwith tex-
tual data.In Textual-CBR(TCBR) researctthe SMILE systemprovidesusefulinsight
into how machinelearningand statisticaltechniqguesanbe employed to reasonwith
legal document43]. As in PsI, singlekeywordsin decisionnodesareaugmentedvith



otherkeywordsof similar contet. Unlike PsI, thesekeywordsare obtainedby look-
ing up a manuallycreateddomain-specifithesaurusAlthough Psi grows clausesby
analysingkeyword co-occurrencepatternsthey canjust aseasilybe grown using ex-
isting domain-specifiknowledge.A morerecentinterestin TCBR involvesextraction
of featuresn theform of predicatesThe FACIT framework involving semi-automated
index vocahulary acquisitionaddressethis challengebut alsohighlightsthe needfor
relianceon deepsyntacticparsingand the acquisitionof a generatie lexicon which
warrantssignificantmanualintervention[11].

In text classificatiorandtext mining researchthereis muchevidenceto shaw that
analysisof keyword relationshipsand modellingthem asrulesis a successfubtrat-
egy for text retrieval. A good exampleis RIPPER [5], which adoptscomplex optimi-
sationheuristicsto learn propositionalclausesfor classification.A RIPPER rule is a
Horn clauserule that concludesa class.In contrast,Psi’s propositionalclausesorm
featuresthat can easily be exploited by CBR systemdo enablecasecomparisorat a
semantidevel. Suchcomparisonganalsobefacilitatedwith the FEATUREMINE [21]
algorithm,which alsoemploys associatiomule mining to createnew featuresbasecon
keyword co-occurrence:EATUREMINE generatesll possiblepairwise keyword co-
occurrencesorvertingonly thosethat passa significancetestinto new featuresWhat
is unigueaboutPsI’'s approachis that firstly, searchfor associationss guidedby an
initial featureselectionstep,secondlyassociationsemainingafter aninformedfilter-
ing stepareusedto grow clausesand, crucially, boostingis employedto encourage
growing of non-overlappingclausesThe mainadwantageof Psi’s approachs thatin-
steadof textual casesimilarity basedsolely on instantiatedieaturevalue comparisons
(asin FEATUREMINE), PsI’s clausesnablemorefine-grainedsimilarity comparisons.
Like Psi, WHIRL [4] alsointegratesrulesresultingin a morefine-grainedsimilarity
computatiorovertext. Howevertheserulesaremanuallyacquired.

The use of automatedrule learningin an Information Extraction (IE) settingis
demonstratedy TEXTRISE, whereminedrules predicttext for slotsbasedon infor-
mation extractedover otherslots[15]. The vocahlulary is thuslimited to templateslot
fillers. In contrastPsI doesnot assumeknowledgeof casestructuresandis potentially
moreusefulin unconstrainedomains.

7 Conclusion

A novel contribution of this paperis the acquisitionof anindexing vocalulary in the
form of expressie clausesanda caserepresentatiothat captureghe degreeto which
eachclausads satisfiedoy documentsThepropositionakemantiéndexing tool, Psi, in-
troducedn the paperenablegext comparisorat a semanticjnsteadof alexical, level.
Experimentshaow thatPsI’sretrieval performancés significantlybetterthanthatof re-
trieval overkeyword-basedepresentation€€omparisorof Psi-derivedrepresentations
with the popularL si-derivedrepresentationgenerallyshonvs comparableetrieval per
formanceHoweverin the presencef class-specifipolysemouselationship$si is the
clearwinner. Theseresultsarevery encouragingbecausealthoughfeaturesextracted
by LsI arerich mathematicatlescriptorsof the underlyingsemanticsn the domain,
unlike Psi, they lack interpretability We note that Psi’s relianceon classknowledge



inevitably restrictsits rangeof applicability. Accordingly, future researchwill seekto
developanunsupervisedersionof Psl.
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