Mining Transformation Rulesfor SemanticMatching

PeterYeh,BrucePorter andKenBarker

University of Texasat Austin, Departmenbf ComputerSciences
Austin, TX 78712USA
e-mail:f pzyeh,portekbarlerg@cs.uteas.edu

Abstract. Semantianatchingis nding amappingbetweertwo knowledgerep-
resentationgncodedisingthe sameontology Solving this matchingproblemis
hardbecausé¢he syntacticform of two knowledgerepresentationarelymatches
exactly. Previousresearchhasshowvn transformatiomulescanbeusedto improve
matching,but acquiringtransformationss dif cult. In this paperwe presentan
algorithmfor mining transformationrulesfor semantianatching.This algorithm
was evaluatedin two domains— battle spaceplanningand chemistry In both
cases the resulting transformationshelpedto improve matchingsigni cantly
comparedo usingonly taxonomicknowledge.

1 Intr oduction

Many Al tasksrequire matchingtwo structuredknowledge representationencoded
using the sameontologyto nd a mappingbetweenthem. For example,rule-based
classi cation requiresmatchingrule antecedentsvith working memory;information
retrieval requiresmatchingquerieswith documentsand someknowledgeacquisition
tasksrequire matchingnew informationwith alreadyencodedknowledgeto expand
uponanddehug both of them.We call this problemsemantianatching.

Becausestructuredrepresentationsanbe encodedasgraphsthe semantiamatch-
ing problemis agraphmatchingproblemthat nds amappingoetweerthenodesof two
graphsSolvingthis matchingproblem,however, is hardbecausenary valid mappings
betweerntwo graphsoften cannotbe establishedlueto syntacticdifferencesPrevious
research16,17] shaved thatanimperfectmatchbetweentwo representationsanbe
signi cantly improvedby usingtransformationulesto transformamismatchegbortion
in onegraphto matchexactly a correspondingportionin anothergraph.Thesetrans-
formationswereenumeratedby hand)from a domain-neutralpperontology There-
sultingtransformationsiredomain-neutrain the sensdahatthe contentsof thesetrans-
formationsare encodedusing genericconceptsnot speci ¢ to ary particulardomain.
Previousresearch16, 17] alsoshaved matchingcanbe furtherimproved by usingad-
ditional domain-speci ctransformationsvhosecontentsare encodedusing concepts
speci ¢ to thedomainof theapplication.

Although transformationganimprove matchingsigni cantly, it is dif cult to ac-
quire thesetransformationsNo algorithmsexist for acquiringtransformationgor se-
manticmatchingandenumeratingransformation®y handhastwo obviousproblems.
First, we cannotenumerateall possibletransformationdecausenary domainshave
mismatchespeci ¢ to thedomain.Thesedomain-speci cmismatchesreidiosyncratic



andresultfrom modelingdecisionsor inherentpropertiesspeci ¢ to thatdomain.Sec-
ond, enumeratingransformationdy handis costly and time-consumingTherefore,
having to enumeratelomain-speci ctransformationgor every new domainmakesus-
ing transformationsmpractical. Most existing semanticmatchingapproachesthere-
fore, useonly taxonomicknowledge[8, 11,13,18], which is relatively easyto acquire
for bothgenerakonceptanddomain-speci cones.

Our work extends[16,17] by automatingthe task of discovering transformations
which are effective at resolvingmismatches- especiallydomain-speci cmismatches.
Our solutionis inspiredby previous researchn rule mining [1,2,9,10,12,14] where
the basicideais to discorer associationgand henceassociatiorrules)from recurring
featureswithin a dataset. This approacthassuccessfullydiscoreredassociatiorrules
in datasetsrangingfrom transactiongo text. We believe this basicideacanalsobe
appliedto our problemof discoveringtransformationgrom structuredepresentations.

Although our approachs inspiredby this body of researchit differsin onefun-
damentalway. We are not trying to discover associatiorrules. Rather we aretrying
to discover transformationrulesto helpimprove semantianatching.Hence we arein-
terestedn featuresnot sharethetweertemsin a datasetbecausédransformationgire
intendedo resole mismatches.

2 Background

In our framework, knowledgeis representedsingsimpleconceptuagraphswhich are

nite connectedipartitegraphswithout ary nestingor context [15]. The two typesof
nodesn asimpleconceptuagjraphareconceptandrelationsandanontologyprovides
thevocahlulary usedto labelthesenodes.

A transformation is a rule of theform Ihs ) rhs wherethe lhs andrhs are
alsosimpleconceptuagraphsencodedisingthe sameontologyasthe representations
to which they areapplied.Applying a transformatiortransformghelocal portion of a
graphthatcanbeprojected ontoby thelhs into analternatve form encodedy ther hs
(se€[16,17] for adiscussiorof transformationgndtheir usefor semantianatching).

A semanticmatcher [8,11,13,16—18]takestwo representation§.e. graphs)and

nds a mappingbetweenthe conceptsandrelationg of thesetwo graphsbasedon a
match criterion such as graphisomorphism subgraphisomorphism,Maximal Com-
mon SubgraphMCS), etc We usethe MCS criterion[5] to nd thelargestconnected
subgraphin onerepresentatiothat can be projected[6] (i.e. mapped)onto the other
representatioteing matched.The matched parts betweenthesetwo representations
arethe subgraphsvhich projectontoeachother Subgraphsotincludedin this projec-
tion aretheunmatchedparts (i.e. mismatches)in this paperwe will useg; andg? to
referto thematchedandunmatchegarts,respectiely, of arepresentatiofs; .

A mismatch point is a pair of matchectconceptsonnectedo unmatchedelations.
Formally, a mismatchpoint betweentwo graphs,G; and G, is a pair of concepts,
(c1;¢2), that satis esthe following propertiesFirst, c; is in g; andis connectedo a

! We requirethis projectionto be 1-to-1andonto—i.e. aniso-projectior{6].
2 A mappingbetweertwo relationnodescanbe establisheanly if mappingscanalsobe estab-
lishedfor the conceptnodeshey aredirectly connectedo.



relationin gd. Secondg; is in g, andis connectedo arelationin g§. Finally, c; maps
to ¢, asde ned by the mappingseturnedfrom matchingG, andG, (seeFigurel for
anexample).

Feson
s part haiaan ==y |Ja has-part
Hand
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Fig. 1. ThematchedartsbetweenG, andG; arehighlightedin bold. Thedottedlinesshav the
mappingshetweenG; andG,. Conceptghataremismatchpointsareshavn in gray.

Thedegreeof match whichwe call score, computesghesimilarity betweertwo rep-
resentationdasedon their mappingsWe requirethis functionto rangefrom 0 (i.e. no
match)to 1 (i.e. every nodewasmatched)put leave its de nition upto theapplication.

3 Mining Transformations

Our approachnds instancesof mismatchedetweentwo knowledgerepresentations
thatencodesufciently similarcontent.Thesanstancesrethengeneralizednto trans-
formationrulesfor usein semantianatching.

3.1 Search Biases

The spaceof mismatcheghroughwhich we searchfor transformationss very large.
To searchthis spaceef ciently, we exploit two propertiesof transformationgo useas
searclbiases.

First, we obsered in [16,17] that transformationgake relatively few syntactic
forms. Hence,we only searchfor mismatcheghat obey thesesyntacticforms, which
aregeneralizedulesof theform lhs ) rhs. Thelhs andrhs areconceptuabraphs
with variablesin placeof conceptsandrelations(we useuppercaselettersfor concept
variablesandlower-caseettersfor relationvariables)For example,

X rv Y r! zZ2) X r! Z

is asyntacticform describinga transitvity mismatch.

A mismatch(i.e. the unmatchedartsof G; andG;) obeys a syntacticform F —
i.e. obey(F; gf; g9) —if four conditionsaresatis ed. 1) g is isomorphicto Ihs. 2) g9
is isomorphicto r hs. 3) For every conceptvariableX , eitheranis-a or instance-of



relationshipmustexist betweerthe labelsof all the conceptsn g andgd boundedo
X . 4) For every relationvariabler, the labelsof all therelationsin g andg? bounded
tor mustbethesame.

Secondthereis anintersectionbetweenthe lhs andrhs of every transformation
becausehelhs is transformednto analternatve form encodedy ther hs. We usethis
factto reducethe searchspaceby limiting the searchto regionsof the mismatchspace
arounda mismatchpoint.

3.2 Algorithm for Mining Transformations

Theoutlineof ouralgorithmfor Mining Transformationsyhichwe call MinT, is shovn
in Figure2. MinT takesasinputasemantianatcherwe'll call M ), two lists of graphs
(we'll call D3 andD>), a similarity measurgwe'll call score), andthreeparameters
(we'll call minscor e, minsupp, andmincer t for the minimummatchscore support,
andcertaintyrespectiely). It returnsasoutputalist of transformatiorrules.

GIVEN: M (Gi; Gj),D1 = fGy;:::;Gng, D2 = fGy; i Gm g, andscore(mapping s)
parametes: minscoe, minsuppmincert
FIND: A list of transformations.
PHASEZ1: Generatecandidatetransformations.
FORall pairs(Gi; Gj ) whereG; 2 D; andG; 2 D, DO
LET mappings = M (Gi; Gj)
IF score(mappings) minscor e THEN
FOReachmismatchpoint(c;; ¢ ) betweerG; andG; DO
FOReachFy infFy;::;Fn g DO
Searchy’ andg’ startingatci andc; , respectiely, for subgraphsg in gf
andsg’ in g° thatobey Fy.
IF obey(Fi; sg’; sg’) THENAddsg’) sg’toT.
ELSEIF obey(Fy; sg’; sg’) THEN Add sg,-d ) sg’toT.
PHASEZ2: Generalizecandidatetransformations.
LETL = fg
FOReachT; inT DO
FOReach(cg ;Rj) inL DO
LET cgenl= minimumcommongeneralizatiorof T; andcg .
IF cgenlexistsTHEN
Changg(cg ; Rj) to (cgenl; Rj [ fT;g) andbreakfrominnerFORIloop.
IF no commongeneralizatiorioundfor T; THEN
Add (T;;fTig) toL.
PHASES3: Filter transformations.
LET RESULT = fg.
FOReach(cg ;Rj) inL DO
IF Support(cg) minsupp and (Null(cg);cg) > Certainty (cg ; Rj; mincer t)
THEN Add cg to RESULT .
RETURNRESULT

Fig. 2. Outline of our algorithm,MinT.



In the rst phaseMinT generateslist, T, of candidatdaransformation®y match-
ing eachgraphG; in D with eachgraphG; in D,. If G; andG; aresufciently similar
(i.e.thescorebetweerG; andG; is greateithanor equalto minscor €), thenMinT will
searchtheunmatchegbartsof G; andG; aroundeachmismatchpointfor all subgraphs
thatobey oneof thesyntactidformsin f Fy; :::; Fy g. Thissearchs abreadth- rstsearch
rootedatthe mismatchpoint andbiasedby the syntacticforms. Thosesubgraph$ound
throughthis processarereturnedascandidatdransformations.

In the secondphase MinT groupstogetherthosecandidatetransformationsn T
thathave a commongeneralizationTwo transformationsT; andT;, have a common
generalizatiorif: 1) T; andT; obey the samesyntacticform, 2) the labelsof all the
correspondingonceptgi.e. conceptdoundto the sameconceptvariable)betweenT;
andT; have a commonancestgrand 3) the labelsof all the correspondingelations
(i.e. relationsboundto the samerelation variable) betweenT; andT; arethe same.
This generalizations minimum if the commonancestorfor the labelsof all corre-
spondingconceptds the minimum commonancestarThe resultis a list of the form
L = f(ca; R1); 35 (coh; Rn)g whereeachelemeniof L consistof asubseR] of the
candidatdransformationsn T andtheminimumcommongeneralizatiortg (whichis
alsoatransformationjor this subset.

In the nal phaseMinT removesthosegeneralizedransformationgg fromL that
do not satisfythe minimumsupportandcertaintyrequirementsSupportis a metricwe
borravedfrom therule mining literature[1, 2,9,10,12,14] to measurénow frequently
ageneralizedransformatioroccurs We de ne thismetricSupport(cg ) asthefraction
of sufciently similar matchedbetweerD; andD, thatcontainsa candidateransfor
mationthatcg is ageneralizatiorof.

Certaintyis ametricweintroduceto measuregeneralizedransformatiors strength.
We amguethatoverly generatransformationiave little strengthbecause¢hey canalign
almostanything. Hence this metric correspondso how certainarewe thata general-
ized transformationis not overly general.We measureour certaintyin a generalized
transformationcg , by rst computingarangearoundcg using

r2r; (Tiscg)?
iRjj

1)

Certainty (cg;Rj;cert) = (q=jrjj 1cert)

where (4 = jrjj 1cert) iSthet-scoreford = jRjj 1atthespeci edcertaintylevel,
Rj arethe candidateransformationsg wasgeneralizedrom, and (T;;cq) is the
distancebetweenl; andcg . We compute (T;; cg ) using

X
(Ti;eg) = taxdist (c;corresp(c;cg )) (2)
c2T;

wherec is a conceptin T;, corresp(c;cg ) is the correspondingonceptof ¢ in cg ,
andtaxdist is the taxonomicdistancebetweenthe labelsof thesetwo conceptsWe
computetaxdist astheminimumnumberof is-a andinstance-of links (asde ned by
theontology)betweerthelabelsof c andcorresp(c; cg ). Next, wesaycg satis esthe
minimum certaintyrequirementf the Null generalizatioriies outsidethis range—i.e.

(Null(cg);cg) > Certainty (cg;Rj;mincert). We compute (Null(cg);cg)



using Equation2 andthe Null generalizatiorN ull(cg ) by replacingthe labelsof all
theconceptsn cg with > —therootconcepiin theontology

4 Evaluation

We evaluateour algorithmby usingit to minefor transformationso usefor two tasks—
Courseof Action (COA) critiquingand nding examplego illustratechemistryencod-
ing mistales.

4.1 COA Critiquing

The COA critiquing taskis oneof the challengeproblemsin DARPA's Rapid Knowl-
edgeFormationproject.COAs arelarge,detailedcbattleplansintendedo meetaspeci ¢
military objective. Becausef their compleity, military analystshave dif culty evalu-
atingthemquickly andaccuratelyThus,thetaskof COA critiquingis to assesa COA's
strengthsaandweaknesses.

Thesolutionto this problemhastwo parts First,military analystsuild aknowledge
baseof “critiquing patterns’usinganontologyin the domainof Battle SpacePlanning
(BSP).2 Eachpattern.encodedasa simpleconceptuafraph,describes situationthat
might arisein a COA, for example“blue aviation unitsattackredartillery units before
themainattack”or “blue holdsanartillery unitin resere duringthemainattack”. This
library of patternsis compiledbasedon military doctrineand experience Secondto
preparefor a battle, military commandersiesigna COA to achieve statedobjecties.
It, too, is a simple conceptualgraphand is encodedusing the BSP ontology These
COAs are evaluatedby matchingthe library of critiquing patternsto themto assess
their strengthsandweaknesses.

Theknowledgebaseof critiquing patternsvashbuilt by two SubjectMatter Experts
(SMEs)usingthe SHAKEN systen3]. The COAs werebuilt by thesamepeopleusing
a COA-authoringsystemcalled NuSketch[7]. The two SMEs produceda total of 44
patternsand three COAs. The patternsand COAs were both encodedas graphsbut
authoredusingdifferentknowledge-authoringools.COA critiquingis thereforeagraph
matchingproblemwith mary opportunitieor mismatches.

Experimental Methodology We usedthe knowledgebaseof critiquing patternsand
COAs authoredby the two SMEsasour data.We saya patternmatchesa COA if the
matchscoremeetsor exceedsa pre-speci edthreshold(TH). This scoreis computed
basedon thefractionof nodesin the patternmatchedwith a COA. Becausef thesize
and compleity of the COAs (eachaveragingseveral thousandnodes),a patterncan
matcha COA multiple times,in differentways.

To matchthe patternswith the COAs, we usedfour approacheshatdiffer only in
the typesof transformationsised.First, we useda semanticmatcherthat usesonly
taxonomicknowledgeasour baseling(i.e. no transformationsvereused) We call this
matcher‘TaxonMatch”,andwe implementit usingthe algorithmdescribedn [16,17].

3 This ontologycanbebrowsedanddownloadedat http://www.cs. uteas.edu/users/mfkb/RKF/tree



Second,we constructeda matchercalled “TaxonMatch+Mined’by augmenting
TaxonMatchwith the transformationsninedby MinT. To mine for thesetransforma-
tions, we split our datainto threesetswhereeachset consistsof one COA anda set
of applicablepatternsWe choseonesetto sene asthe testset,andthe othertwo for
mining transformationsMinT's inputsandparametersveresetasfollows. We setthe
semantiocmatcherto TaxonMatchandthe two lists of graphsto the patternsand COAs
in thetrainingset.We de ne thesimilarity measurasthefractionof nodesn apattern
matchedvith aCOA, andwe arbitrarily settheminimummatchscore supportandcer
tainty to 0.6,0.05,and0.95respectrely. The syntacticforms usedfor this experiment
areshavnin Tablel.

lhs rhs
F1[X rt' Yy rr! Z7Z X rt 7
F2IX r! Y sl Z X r! Z
F:|X r! Y X sl Y
F4lX rt' Yy sl Z t!I WIX s! W

Table 1. The syntacticforms usedfor both this experimentandthe chemistryexperimentde-
scribedin Section4.2.

The resulting transformationgseeFigure 3 for examples)were usedby Taxon-
Match+Minedto matchthe patternswith the COA in the testset. This processwas
repeatedhreetimes(eachtime a differenttraining andtestsetwereselected)andwe
totalledall thematches.

Time-Interval Time-Interval
patn ——{ e )—i= . |
M\mary Unit Incatmn—)E end-tirme start-time-of
iove-| Mlmaw Unit Epana\ Entity i’ ‘
(Eno-Time-vaiue }-before—{_start-Time-vatue |

I

Move-Miltary-Unit path—>| Spatial-Entty Time-Interval before—>|  Time-Interval

Fig. 3. Selectedxamplesof transformationsninedfor the battlespaceplanningdomain.

Third, we constructedh matchercalled“TaxonMatch+DN"by augmentingraxon-
Matchwith the humanauthoreddomain-neutratransformationseportedn [16,17].

Finally, we constructech matchercalled“TaxonMatch+Both’by augmentingrax-
onMatchwith bothminedandhumanauthoredransformations.

To evaluatethe matchegeturnedby eachapproachandhencetheir performance,
we notethatapplyingpatterngdo COAs canbeviewedasaform of informationretrieval
whereinformationof interestis retrieved from a COA basedon a patternthatis acting
asaquery Thereforewe usemetricsof precisionandrecall. To calculatehesemetrics,



we comparedhe matchresultsfor eachapproachagainstthoseof a human“oracle”,
who determinedthat therewere a total of 927 correctmatcheshetweenthe patterns
andthe COAs. Table2 shavs the numberof correctmatchesover the total numberof
matchegiven by eachapproachalongwith the precisionandrecall resultsfor match
thresholdsetweerD.5and1.0. We usedthe X ? testto testfor signi cant differences.

TH

TaxonMatch
rav  prec recall

TaxonMatch+Mined
rav  prec recall

TaxonMatch+DN
rav  prec recall

TaxonMatch+Both
rav  prec recall

0.5

508/139536.4 54.8

589/153538.4 63.5

763/1714445 82.3

763/173244.1 82.3

0.6

508/123941.0 54.8

571/143139.9 61.6

745/153948.4 80.4

745/168044.4 80.4

0.7

459/686 66.9 49.5

571/840 68.0 61.6

696/965 72.1 75.1

745/101473.5 80.4

0.8

459/667 68.8 49.5

522/772 67.6 56.3

696/946 73.6 75.1

696/946 73.6 75.1

0.9

103/103100.0 11.1

516/652 79.1 55.7

553/689 80.3 59.7

679/815 83.3 73.2

1.0

35/35 100.0 3.8

501/501 100.0 54.1

424/424100.0 45.7

654/654 100.0 70.6

Table 2. This table shavs the raw data(i.e. raw), precision(i.e. prec), andrecall resultsgiven
by eachapproachPrecisions computedy dividing the numberof correctmatchegivenby the
total numberof matcheggiven. Recallis computedby dividing the numberof correctmatches
givenby thenumberof correctmatchegjivenby the “oracle”.

Discussion With respecto precision(seeTable?2), the four approachesvereroughly
comparableThe0.9threshold however, wasaninterestingcase At this highthreshold,
TaxonMatchwasableto matchonly thosepatternghatalignedexactly (or almostex-
actly) with the COAs. Thus,therewereno false-positresandprecisionwashigh (this
differencewassigni cant atthe 0.01level for the X 2 test,i.e. p < 0:01). Usingtrans-
formations,the otherthreeapproachesvereableto establishadditionalmappingshat
TaxonMatchwasunableto nd. Thisresultedn morepatterndeingmatchedbut there
wasstill roomfor false-positiesatthe 0.9thresholdevel. This differencedisappeared
atthe1.0thresholdevel.

With respecto recall (seeTable2), thefour approachesdifferedsigni cantly. Tax-
onMatchs performanceon recall wasthe worst, droppingsigni cantly asthe thresh-
old level wasraised.TaxonMatch+Minedperformedsigni cantly betterthan Taxon-
Matchatall thresholdevels(p < 0:01for all points).Becaus&axonMatchandTaxon-
Match+Mineddiffer only in the useof transformationsthis featurealonemustaccount
for the obsened differencein recall. Therefore this differenceshavs transformations
minedby MinT helpedto improve matchingsigni cantly comparedo usingtaxonomic
knowledgealone.

TaxonMatch+Minegerformedsigni cantly betterthanTaxonMatch+DNatthe1.0
threshold(p < 0:01). This difference however, wasreversedbetweernthe 0.5and0.8
thresholdevels(p < 0:01 ateachpoint) becauséMinT wasunableto discorer someof
the humanauthoredransformationsisedby TaxonMatch+DN Someusefulcandidate
transformationsvereexcludedbecauseitherthey did not occurfrequentlyenoughor
their commongeneralizatiorailedto satisfythe minimumcertaintyrequirement.



By using both humanauthoredand machinediscoveredtransformationsTaxon-
Match+Bothperformedsigni cantly betterthanboth TaxonMatch+Minedp < 0:01
for all thresholdlevels) and TaxonMatch+DN(p < 0:01 for the 0.7, 0.9, and 1.0
thresholdlevels). Interestingly the differencebetweenTaxonMatch+Bothand Taxon-
Match+DN was most noticeableat the 0.9 and 1.0 thresholds At thesehigh thresh-
olds, only thosepatternghatalignedexactly (or almostexactly) with the COAs would
count as matches BecauseTaxonMatch+DNusedonly domain-neutratransforma-
tions, it wasnotableto resole mary domain-speci cmismatchesAs aresult, Taxon-
Match+DN could not align mary patternswith the COAs. MinT, however, discovered
transformationshatresohedthosemismatcheshatwereidiosyncraticto the COA cri-
tiquing domain.Theseresultsshov domain-neutralransformationsirelesseffective at
resolvingdomain-speci cmismatchesanddomain-speci ctransformationsireneeded
to furtherimprove matching.

4.2 Finding Examplesto lllustrate Chemistry Encoding Mistakes

The goal of the HALO projectis to build a KnowledgeBasé (KB) that cananswer
chemistryquestionsfrom an AdvancedPlacemertt (AP) test. In the initial phaseof

this project[4], Knowledge EngineersKEs) encodedthe questionsto be answered.
BecauseKEs are familiar with the KB, their encodingsdo not include ary mistales
(i.e. discrepanciesvith the KB). The secondphaseof this project, however, requires
SMEsto encodehesequestionsBecausé&SMEsarenotfamiliarwith the KB, mistales
arefrequentin theirencodinggseeFigure4). Thus,we needto nd examplesof correct
encodingdo illustrateto SMEstheir mistales.

"What can be said about the decomposition of H202. The equation for this reaction is 2H202 - 2H20 + 02"

SME Encoding: KE Encoding:

raw-rriaterial _“35““ '
(o)
result has-hasic-structural-unit
raw-material reg‘uh résult |
Hz20 has-basic-structural-unit coefficient coefiicient
| |
cneﬁ'imem WEfT”E”‘ has-basic-structural-unit
i value value

Fig. 4. This exampleshavs two encodingf the samechemistryquestion- oneby a SME and
theotherby aKE.

Our solutionto this problemhastwo parts.First, KEswill encodealibrary of ques-
tions (we'll referto the encodingsof thesequestionsascases)Eachcaseis a simple
conceptualgraphencodedusing an ontology in the domainof chemistry ® Second,

4 By knowledgebase we meana setof axioms.
5 The AP testis anexaminationtaken by U.S. high schoolstudentgo earncollege credits.
% This ontologycanbebrowsedanddownloadedat http://www.cs. uteas.edu/users/mfkb/RKF/tree



guestionencodedy SMEs (which arealsosimple conceptuabraphsencodedusing
the samechemistryontology) would be matchedagainstthis library to nd the most
similar casewhichwill sene asanexampleto pointout mistalesmade.

The library of casesconsistsof correctencodingsfor 50 questionsThree SMEs
were eachasled to encodethesesame50 questionsandthey encodeda total of 133
questiong SMEs were allowed to skip questionshey did not know how to encode).
BecauseSME questionsand casesare encodedasgraphsanddoneso independently
thetaskof nding exampledoillustrateencodingmistalesis agraphmatchingoroblem
with mary opportunitiedor mismatchesHence transformationgreneeded.

Experimental Methodology We usethe SME questionsandcasesasour data.Each
SME questionis matchedagainstall casesandthe caseit moststrongly matchess
selectedasthe exampleto use.The strengthof the match(i.e. score)is basedon the
fractionof nodesin a SME questionmatchedwith a case.

To matchthe SME questionswith the casesyve usedthe four approachefrom the
COA Critiquing task(seeSection4.1). With the exceptionof TaxonMatch+Minedthe
otherthreeapproachesereconstructedhe sameway.

To mine for transformationsisedby TaxonMatch+Minedwe split our datainto
threesets,whereeachsetconsistsof all the questionsencodedy one of the SMEs.
We choseonesetto sene asthetestset,andthe othertwo for mining transformations.
MinT's inputs and parameteravere set as follows. We set the semanticmatcherto
TaxonMatchWe setthetwo lists of graphgo the SME questionsn thetrainingsetand
thecasesencodedy KEs. We de ne the similarity measuresthefractionof nodesin
a SME questiormatchedwith a case andwe arbitrarily setthe minimummatchscore,
support,andcertaintyto 0.4,0.05,and0.95respectiely. We usedthe samesyntactic
formsfrom the COA Critiquing task(seeTable 1). The resultingtransformationgsee
Figure5) wereusedby TaxonMatch+Minedo matchthe SME questionsn thetestset
with the casesThis processvasrepeatedhreetimes(eachtime differenttrainingand
testsetswereselected)andwe totalledall the selectectases.

- : Chermical Value
result Chemical has-hasic-structural-unit -
concentration —{ Concentration-Value | — value | |

bage-of value

Reaction -
- Chemical Entity Agueous-Solution valume —{_Volume-Value

sonsentration—3{_value ) ( Reaction _}— resut —>{hemical Erity rolume

Fig. 5. Selectedxamplesof transformationsninedfor the chemistrydomain.

To evaluatethe performanceof eachapproachwe measurghe numberof SME
questiondor which a correctcasewas selectedWe saythe caseselectedor a SME
questionis correct,if they areboth encodingf the samechemistryquestion.Table3
shaws the performanceof the four approachegvaluatedin this experiment.We used
the2-tail t-test to testfor signi cant differences.



Approaches Accuracy(%)|Err or(95%) [# Corr ect Selections# SME Questions
TaxonMatch 42.86 841 57 133
TaxonMatch+Mined 81.20 6:64 108 133
TaxonMatch+DN 55.64 8:44 74 133
TaxonMatch+Both 81.20 6:64 108 133

Table 3. This table shavs the selectionaccuray for the four approacheslongwith the 95%
con denceinterval. Accuray is de ned asthe fraction of SME questiongfor which a correct
casewasselected.

Discussion TaxonMatch+Minegerformedsigni cantly betterthanTaxonMatch(p <
0:01). BecausdlaxonMatchandTaxonMatch+Minedliffer only in the useof transfor
mations,this factoralonemustaccountfor the obsened differencein accurag. This
differencefurthershawvs transformationsninedby MinT canhelpto improve matching
signi cantly comparedo usingtaxonomicknowledgealone.

Interestingly TaxonMatch+Minegberformedsigni cantly betterthanTaxonMatch+DN
(p < 0:01). Although the domain-neutratransformationsisedby TaxonMatch+DN
helpedto improve accurag signi cantly comparedo TaxonMatch(p < 0:05), there
weremary mismatchespeci ¢ to thedomainof chemistrythatTaxonMatch+DNcould
notresolhe—moresothanthebattlespacalomain.MinT, however, wasableto discover
transformationshatcanresole thesemismatchesTheseresultsfurther shav domain-
speci ¢ transformationgreneededo furtherimprove matching.

Finally, TaxonMatch+Minedand TaxonMatch+Bothachiezed the sameaccurayg
(recall TaxonMatch+Boths constructedby augmentinghe humanauthoreddomain-
neutraltransformationsvith thosediscoveredby MinT). Our analysisrevealedthatin
additionto discovering additionaldomain-speci ctransformationsMinT wasableto
discover all the domain-neutratransformationaiseful for this domain.This explains
why TaxonMatch+Minedaind TaxonMatch+Bothadthe sameperformance.

5 Conclusion

Theproblemin semantianatchingis to nd amappingbetweertwo structurecknowl-
edgerepresentationsncodedisingthe sameontology Solvingthis matchingproblem
is hardbecausenary valid mappingsbetweerntwo representationsften cannotbe es-
tablishedPreviousresearclasshavn animperfectmatchbetweertwo representations
canbeimproved signi cantly by usingtransformatiorrules,but acquiringthesetrans-
formationsis problematic As aresult,mostexisting semantianatchingapproachesse
only taxonomicknowledge.

To addresshis problem we presented@nalgorithm,calledMinT, for mining trans-
formations We evaluatedViinT by usingit to minefor transformationgn two domains
— Battle SpacePlanning(BSP)andchemistry The resultsfrom both evaluationswere
encouragingTransformationsninedby MinT helpedo improve matchingsigni cantly
comparedo usingtaxonomicknowledgealone.For the BSPdomain,humanauthored
transformationgperformedbetterthan thosemined by MinT, but we shoved MinT's



transformationsan augmentthoseauthoredby handto outperformeither one used

alone.Interestingly this was not the casefor the chemistrydomain— transformations
mined by MinT outperformedthoseauthoredby hand. This is becausamost of the

mismatchesverespeci ¢ to the domainof chemistryandhencedomain-speci ctrans-

formationsareneededo resohe them.
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