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Abstract

Matching algorithms automatically discover se-
manticrelationsbetweentwo autonomouslydevel-
oped conceptual representations of two overlap-
ping domains. Typical examplesof suchconcep-
tualizationsareelectronicmarket catalogues(e.g.,
UNSPSC and ECL@SS) andweb directories (e.g.,
GOOGLE and YAHOO!). The objective of this pa-
peris thedescription of ausecasein whichmatch-
ing algorithmhasbeenusedto re-classifyinto UN-
SPSC thecatalogue of theof�ce equipmentandac-
cessoriesusedby a worldwide telecommunication
company to classifytheirsuppliers. Onthebasisof
this experiencewe areenvisagingnew application
of thealgorithm in theareaof demand aggregation,
andwe will concludethepaper by brie�y describ-
ing a future application in thisarea.

1 Intr oduction
In thee-Businesshype, marketplaceshave beenproposedas
theoptimal solutionto fosteref�ciency anddynamic business
integration,however, realityhaveshown somethingdifferent.
Theassumptionthatstandardcatalogues cansubstitutelocal
oneshasbeenneglectedby thesimpleevidencethat,onsimi-
lar businessdomains, therearedifferentcompetingstandards
[Agrawal and Srikant, 2001]. Moreover, company buyers
have dif�culties in adopting classi�cationstandardsthat are
way complex andgeneric from their simpleandtaskspeci�c
ones.This is moretruewhenconsidering that local concep-
tualizationsarenot just the mereresultof cultural/historical
differences,but rathertheconsequenceof different,substan-
tial, valuable ways of doing things. Furthermore, the idea
of standardizing semanticsseemsto beconceptually wrong,
morethanpracticallyunfeasible,if semanticheterogeneityis
readin termsof richnessto beexploited ratherthanin terms
of noiseto bereduced[BonifacioandMolani, 2003]. In very
simple words, if people call things in different ways is be-
causethey dodifferentthings,havedifferentgoals, adopt dif-
ferentperspectives.

In this scenariothe only feasiblesolution to heterogene-
ity in e-Businessis theonethatadmitstheexistenceof a set
of heterogeneous andoverlappingproductscatalogues, and
supports semanticinteroperability betweenthen. Semantic
interoperability is reachedby matchingalgorithms, i.e., pro-
cedures capable to �nd semanticrelationsbetweenthe cat-
egories of different products catalogues. Two examples of

matching algorithms, representingtwo differentapproaches,
arethe CTXMATCH algorithmdescribedin [Bouquet et al.,
2003], andtheGoldenBulletsystemdescribedin [Ding etal.,
2002]. Theformer is basedonNLP techniquesappliedto the
labelsoccurring in the classi�cation andthe transformation
of thematchingproblemin asatis�ability problem,while the
latter usestechniquesfor information retrieval andmachine
learningappliedto the contentof the classi�cation. While
GoldenBullet demands for a training set, i.e., it needsa set
of examplesof mappingsbetweenconcepts whichhavebeen
checkedmanually, CTXMATCH is completelyautomaticand
needsasinput just two classi�cations.

The objective of this paperis the description of an ex-
periment of applying the CTXMATCH algorithm in a case
whereno training setwasavailable. In particular we apply
CTXMATCH to �nd mapping betweenthecatalogueof of�ce
equipmentandaccessoriesusedto classifycompany suppli-
ersof aworldwidetelecommunicationcompany andthestan-
dardcatalogue UNSPSC. In this sensewe simulateda situa-
tion in whicha network actorof a marketplace becomesable
to shareinformationaboutproductsandserviceswith other
actorswithout adopting a prede�ned ontology. This paper
canbe consider alsoasa partial answerof the call for pro-
posaldescribed in [Schultenet al., 2001], wherethe author
suggestthe following challengein the e-business“[. . . ] to
comeup with a genericmodelandworkingsolutionthat can
semiautomatically mapa givenproductdescriptionbetween
two different e-commerceproduct classi�cationstandards”.

Thepaperis structuredasfollows. In Section2wedescribe
the CTXMATCH algorithm; Section3 describestheproblem
andthesolutionwehaveproposedin usecase.Section4draw
someconclusionsanddescribea futureapplication.

2 CTXM ATCH Algoritm
CTXMATCH enablessemanticinteroperabilitybetweenover-
lappingconcept hierarchiesthroughmapping discovery. The
algorithm [Magnini et al., 2002] takesasinput two concep-
tual hierarchies (i.e. a sourcehierarchy anda target hierar-
chy) andreturns a setof directed mappings betweensource
andtargetconcepts. Themain features of thealgorithmare
the following: it doesnot considerconcept instances(e.g.,
documents),so that it canbe usedin situationswheresuch
informationis partially availableor is not availableat all; it
returns a semanticevaluation of the mapping betweentwo
concepts (i.e. equivalence, more general than, lessgeneral
than); it is context-based, in thesensethat it builds a seman-
tic representationof themeaningof aconceptwhichdepends



bothonthepositionin whichit appearsin aconcept hierarchy
andonworld knowledgeavailablein anexternal resource.

The algorithm performs threemain steps: (i) a linguistic
analysisof theconceptswithout considering thehierarchical
structureof thecontext; (ii) alogicalinterpretationof thecon-
ceptbasedon thestructuralrelations of thecontext; (iii) the
identi�cation of mapping relationsbetweenthelogical inter-
pretations of theconcepts usingSAT.

2.1 Linguistic Analysis
The �rst step of the procedure consistsof text chunking,
i.e. dividing eachlabel into syntacticallycorrelatedpartsof
words. We run the standard Alembic chunker [Day andVi-
lain, 2000], developedby MITRE Corporationaspartof the
Alembicextractionsystem[Aberdeen etal., 1995].

For example,with thelabelGlobalization andFreeTrade,
thechunker�rst selectsapartof speechfor eachword(`Glob-
alization' and`Trade' arenouns,`Free' is anadjective, `and'
is a conjunction); then,it identi�es two noungroups (NGs),
i.e. `GLOBALIZATION' and`FreeTRADE' (notice that the
syntacticheadis markedin small capitals),anda coordinat-
ing conjunctionbetweenthem:
[(GLOBALIZATION) ��� ] �
	 (and)��� [(Free)
�
 (TRADE) ��� ] �
	

The output of the chunker is used to transform each
label into a basic logical form. A noun group consist-
ing of more than one word is interpreted as the conjunc-
tion of the headand all its modi�ers; for instance,Iron
Trade is interpretedas [Iron � & � Trad e]. The relations
betweendifferent noun groups are interpretedon the ba-
sis of the linguistic material connecting them: coordinat-
ing conjunctions and commasare interpretedas a disjunc-
tion (e.g. Globalization and Free Trade is interpretedas
[[Globa lization ] ����� [Free � & � Trade ]]), prepo-
sitions, like `in' or `of' , are interpreted as a conjunc-
tion (e.g. Iron Trade of Great Britain is transformed
into [[ Iron � & � Trade ] � & � [Great � & � Britain ]]),
expressionsdenoting exclusion, like `except' or `but not', are
interpretedas a negation (e.g. GarmentsexceptSkirts be-
comes[[Garments ] � & ������� [Skirts ]]).1

In orderto perform thesemanticinterpretationof thelabels
CTXMATCH accessesWORDNET [Fellbaum, 1998]. Whena
word is found, all the sensesof that word areselectedand
attachedto thebasiclogical form.

When two or more words in a label are contained
in WORDNET as a single expression (i.e. a multi-
word), the corresponding sensesare selected and, in
the basic logical form, the intersectionbetweenthe two
words is substitutedby the multiword. In the case of
[[ iron* � & � trad e* ] � & � [great* � & � Britai n* ]],
for instance, `Great Britain' is provided in WORDNET
as a single expression, so the logical interpretation is
substitutedby the sensesof the multiword, thus obtaining
[[ iron* � & � trad e* ] � & � [Great Britain* ]].

2.2 Logical Inter pretation
The full logical form of a label is the conjunction of the
basic logical forms of the label and all its ancestors. To
make an example, let's take the concept hierarchy whose

1Weusethefollowing notation:`Trade' indicatesasimpleword;
Tradeindicatesa labelof a concept; Trade indicatesapredicatein
a logical form; trade* indicatesthedisjunctionof all thesensesof
`trade' in WORDNET; trade#3 indicatessense3 of `trade',while
trade#[2, 4] indicatesthedisjunctionof senses2 andsense4.

root is Soccer, with a descendant Leagues and a further
descendant Clubs. The full logical form of the root is
simply [soccer* ], the full logical form of Leagues is
[[socce r* ] � & � [league* ]] andthe full logical form of
Clubsis [[soc cer* ] � & � [league* ] � & � [club* ]].

As explainedbefore, thedisjunction betweennoun groups
canbemadeexplicit by thepresenceof a coordinatingcon-
junction, but we canalsohave implicit disjunction between
elementsplacedatdifferentlevelsof thehierarchy. In theex-
ampleabove,at a deeperlevel of analysistherearetwo con-
�icting interpretations: from thepoint of view of thehierar-
chicalstructureclubsdenotesasubsetof leagues; ontheother
hand, fromthepointof view of theworldknowledgeprovided
in WORDNET, [club#2 ] and[league#1 ] aredisjoint be-
causethey have thesamehypernym, i.e. association #1
. In orderto combine the two information sources,leagues
hasto be reinterpretedas if it were leaguesand clubs, i.e.
[[ leagu e#1 ] ����� [club# 2]].

Similarly, also the negation is not alwaysmarked by ex-
pressionslike `but not' or `except'. For instance,we can
have Sociology andScienceassibling nodesclassi�edunder
Academic Studyof Soccer. Fromthepoint of view of world
knowledge,sociology is a science(andin factin WORDNET
sociology #1 is asecondlevelhyponymof science#2 ).
As aconsequence,thenodelabeledwith Sciencehasto bein-
terpretedasif it wereScienceexceptSociology.

The recognition of multiwordscanalsobe performedon
differentcontiguouslevels. For instance,in WORDNET there
is amultiword `billiard player', soin ahierarchywhereSport
hasBilliardsasachild andPlayerasafurtherdescendant,the
conjunctionof [billia rd* ] and[player* ] canbesubsti-
tutedwith themultiword, giving asa resultthe logical form
[[sport * ] � & � [billiard player * ]].

CTXMATCH performsword sensedisambiguationby tak-
ing into considerationbothstructural relationsbetweenlabels
andconceptual relations betweenwords belonging to differ-
entlabels.

Let L bea generic labelandL � eitheranancestorlabelor
a descendant label of L andlet s* ands � * be respectively
the setsof WORDNET sensesof a word in L anda word in
L � . If oneof thesensesbelonging to s* is eithera synonym,
a hypernym, a holonym, a hyponym or a meronym of oneof
the sensesbelonging to s � * , thesetwo sensesare retained
andall othersensesarediscarded.

As anexample, imagineApple (which candenote eithera
treeor a fruit) andFoodas its ancestor;sincethereexists a
hyponymy relationbetweenapple#1 (denoting a fruit) and
food#1 , we retainapple#1 anddiscardapple#2 .

2.3 Computing ConceptsRelationsvia SAT
In the�rst two steps,CTXMATCH associatesa formula �����! 

(expressedin asimpledescription logic) to eachconcept � of
a hierarchy. This formula is supposedto capturetheseman-
tic of this concepts.Thelastphaseof CTXMATCH addresses
theproblemof discovering thesemanticrelationshipbetween
two concepts � and �#" by reducingit to theproblemof check-
ing, via SAT, a setof logical relations betweenthe formulas

�����! and�����!"$ . TheSAT problemis built in two steps.First,
it selectstheportion % of thebackground theoryrelevant to

�����! and �&�'�(") , namelythe WORDNET relations involving
thesensesthatappearin �����! and�����*"+ . In thesecondphase,
we computesomeof the logical relations between�&�'�! and

�����,"$ whichareimpliedby % .



The background theory %��'�.-/�0"1 relevant for computing
the relation between � and �*" is obtainedby translating
the WORDNET hierarchical relationson sensesappearing in

�����! and �����!"$ into a set of subsumptions in description
logic.

Theequivalencebetween� and �2" is checkedby verifying
that ���'�( 435�����!") and �����!"$ 637���'�! areboth implied by

%����*-/�,"1 . Similarly, the fact that � is morespeci�c [general]
than �!" is checkedby verifying that �����! 839�����2") [ �&�'�!") :3

�����! ] is implied by %&�'�*-;�(") ; the fact that � is compatible
with �," is checkedbyverifying that ���'�! =<>�&�'�2"? is satis�able
in %��'�*-;�,") ; �nally thefactthat � is disjointfrom �." is checked
by verifying that ���'�! @<4�&�'�*"$ is notsatis�ablein %����*-/�!"1 .

To eachrelationit is possibleto associatealsoa quantita-
tive measurethatconsidersthe relationon thecardinality of
models satisfyingw(k) andw(k').

3 UsecaseProduct Re-classi�cation
In order to centrallymanageall thecompany acquisition pro-
cesses,theheadquarterof a well known world wide telecom-
munication company hadrealizedaneProcurementsystem2,
whichall thecompany branch-quartershavebeenrequiredto
join. In order to join it, eachsingleof�ce wasalsorequired
to migratefrom the product catalogue they usedto manage
with, to thenew onemanagedwithin theplatform. This cat-
alogue is extractedfrom theUniversalStandardProductsand
ServicesClassi�cation (UNSPSC), which is an openglobal
coding systemthatclassi�esproductsandservices.TheUN-
SPSC is usedextensively around the world in the electronic
catalogues,searchengines,procurement applicationsystems
andaccounting systems.UNSPSC is a four level hierarchical
classi�cation;anextractis reportedin thefollowing table:
Level 1Furnitur eand Furnishings
Level 2 Accommodation fur nitur e
Level 3 Furnitur e
Level 4 Stands
Level 4 Sofas
Level 4 Coat racks

TheItalianof�ce askedusto applythematchingalghoritm
to re-classifyinto UNSPSC (version5.0.2) thecatalogueof the
of�ce equipment andaccessoriesusedto classify company
suppliers.

The itemsto be re-classi�edaremainly labeledwith Ital-
ian phrases,but labelscontainalsoabbreviations,acronyms,
proper names, someEnglishphrasesandsometyping errors.
The English translationof an extract of this list is reported
in the following table(the italic partswerecontained in the
original labels).

Code Description
ENT.21.13 cartridgehpdeskjet 2000c
ENR.00.20 magnetictapecassetteexatape 160m xl 7,0gb
ESA.11.52 hybrid roller pentelred

EVM.00.40 safetyscissors,length25cm

The item list was matchedwith two UNSPSC's-segments,
namely: Of�ce Equipment and Accessoriesand Supplies
(segment 44) and Paper Materials and Products(segment
14).

2An eProcurementsystemis atechnological platformwhichsup-
portsa company in managingits procurement processesand,more
in general,theri-organizationof thevaluechainon thesupplyside.

The linguistic analysisof the labelsis reported in the fol-
lowing table:

Item list UNSPSC
(44,14)

# Concepts 194 272
Averagelabelrepetition 1.0 1.0
Averagelabellength 5.5words 3.8words
WordNet'scoverage 33.6% 21.2%
Averagepolysemy 2.3 2.3
# Multiwords 11 15

3.1 Methodology
We startedwith thelinguistic analysis(normalizationphase)
of thecompany item catalogueandof the UNSPSC segments
we took into account. The linguistic analysis inovolves�rst
amorphological cleaningprocess,thenadisambiguationand
enrichmentprocess.Thisis performedbyaccessingWordNet
and,for eachgiven term, �nding out all the instancesof its
semanticmeanings(corresponding to WordNetnumeric IDs)
andassociateto themall theavailablesynonyms.Theoutput
wastwo �les with thesemanticexplicitationsof thecatalogue
items on onehand, andof the UNSPSC nodes on the other,
both in termsof IDs of WordNet. Then we went on with
thematching phaseby runningthealghoritm onthetwo �les.
Theresultof thematching canbeclearyinterpretedin terms
of re-classi�cation: if the algorithm returns that the item A

is equivalent to, or morespeci�c than, the node B UNSPSC of
UNSPSC, then A canbeclassi�edunder B UNSPSC of UNSPSC.

Notice that the company item catalogue we had to deal
with, was a plain list of items, eachidenti�ed with a nu-
mericalcodemadeup of two couple of numbersthe �rst re-
ferring to a setof more general categories(for example, in
21.13 - cartridgehpdeskjet 2000c- 21correspondsto printer
tapes,cartridgeandtoner). We�rst normalizedandmatched
against UNSPSC suchplain list. This did not leadusto a sat-
isfactoryresult. Thealgorithm performedmuchbetterwhen
we madeexplicit the hierarchical classi�cationcontained in
theitem codes.This hasbeendoneby substitutingtheitems
�rst numericalcodeswith their textual description, provided
us by the company. The validationphaseof our resultshas
beenmadeby comparing themwith the resultsof a simple
keyword basedalghoritm. Obviously, in orderto setthecor-
rectness,in termsof precisionandrecall,of suchresultswe
neededacorrectmatching list to beusedaspointof reference
for thevalidation. Thenwe aska domain expert,Alessandro
Cederle,Managing Directorof KompassItalia3 to validatea
possiblecorrect matchinglist we providedhim with.

3.2 Results
Thissectionspresentstheresultsof there-classi�cation.Con-
sider �rst the baselinemacthing process. The baselinehas
beenperformedby a simplekeyword basedmatchingwhich
worked according to the following rule: for eachitem de-
scription(madeup of oneor more words)givesbacktheset
of nodes,andtheirpaths,whichmaximizetheoccurrencesof
theitem words.

The following tablessummarizes the resultsfor baseline
matching:

3Kompass(www.kompass.com) is a company which provides
productinformation,contactsandotherinformationabout1.8 mil-
lion companies worldwide. All companies areclassi�ed underthe
KompassProductClassi�cationwith morethan52,000productsand
services.



Baseline
classi�cation

Total items 194 100%
Rightly classi�ed 75 39%
Wronglyclassi�ed 91 50%
Nonclassi�ed 27 14%

Giventhe194itemstobere-classi�ed,thebaselineprocess
found 1945possiblenodes,that meansthat for eachitem it
found asetof 6 possiblemaximazingnodesbyaverage. What
is crucial is thatonly 75 out of the1945 proposednodesare
correct. Thebaseline,beinga meresimplestringmatching,
is able to capturea certainnumber of re-classi�cations,but
the percentageof error is quite high (50%), with respectto
theoneof correctness(39%). Suchparametershows differ-
entvaluesfor thematching algorithm, thatis ablenotonly to
comparestringsbut alsoto interpret their meaning. The re-
sultsof thematchingalgorithm arereportedin thefollowing
table:

Matching
classi�cation

Total items 194 100%
Rightly classi�ed 134 70%
Wronglyclassi�ed 16 8%
Nonclassi�ed 42 22%

In thiscasethepercentageof successis sensiblyhigher(70%)
and,even most relevant, the percentageof error is minimal
(8%). 4 This is con�rmedalsoby thevaluesof precision and
recall,computedwith respectto thevalidatedlist:

FoundedMatch Precision Recall
Baseline 1945 4% 39%
Matching 641 21% 70%

The baselineprecision level is quite small, while the
matching oneis not excellentbut de�nitely better. Thesame
observationscanbedonealsofor therecallvalues.

Table1 reports someexampleswherethealgorithm found
out a correct item for re-classi�cation,while thebaselinedid
not5.

Theability of thealghoritmto reasonbothon linguistical
dataandonstructural ones,accountsfor itsgoodperformance
with respectto thebaselineone.¿Fromthelinguisticalpoint
of view, two considerationsareto bedone.First thepossibil-
ity for our algorithm to managewith synonimousallows it,
for example, to recognize that theitem perforatrice6, andall
its variants(perforatrice2/4fori, perforatriceuniversale, etc)
have thesamemeaning of theUNSPSC nodepunzonatriceso
it suggestedto re-classifyit under thatnode.Second, thefact
that during the normalization phasea stemmingcleaningis
performedon wordsallows thematchingphaseto dealwith
lemmasin theirbasicform, withoutany morphological mod-
i�cation. (e.g. thesingularor plural word). This meansthat
in theexample of theitem evidenziatore7 (singularform) the

4Noticethatthealgorithmdid not take into account only theUN-
SPSC 4th level category, sincein somecasescataloguesitemscanbe
matchedwith UNSPSC (3rd level) category nodes.

5Sincethewholematchingwork stronglydependson languages,
we will presentresultsin Italian but provided with a very literally
Englishtranslation.We apologise if in somecasessuchtranslation
will not completelysupportthe readerin thecomprehensionof the
example.

6In English:drilling machine.
7In English:highlight.

algorithm is able to suggest the matching with the UNSPSC
nodeevidenziatori, which is theplural form .

¿Fromthestructuralpointof view, thepossibilityto reason
onsometopologichalpropertiesallowsthealghoritm to point
out a semanticrelationsuchasMore General thanbetween
thecompany catalogue itemnastro perstampante, toner, car-
tuccia, testina di stampaand the UNSPSC node Cartucce
d'inchiostro. In this case,the propertiestaken into account
are two: the fact that the catalogue item hasjust one level
higher, while the UNSPSC onehastwo, andthe fact that the
catalogue item is madeup of several singleitems,while the
UNSPSC onejustof one.Thesetwo considerationareenough
to set that the meaning of the �rst shouldbe moregeneral
thenthe second's. If therearenot enough structuraldatato
suggesta semanticrelation,thealghoritm givesbackat least
acompatibility betweenthetwo elements,computedonsome
linguistic occurrencesmeasures(seethelastfour linesof the
table).For theNon Classi�ed items,it shouldbenoticedthe
following:

C in somecasestheitemto bere-classi�edhasa incorrect
positionwithin thecompany catalogue,sothematching
alghoritm couldn't computein theright waytherelations
with thenodeandits fathernode.Examplesaretheash-
tray which hasbeenclassi�edunder tapedispenser, the
wrappingpaperwhich hasbeenclassi�ed under adhe-
sivelabels.

C in somecasesin order to understandthemeaning of the
itemto bere-classi�ed,moredomainknowledgeshould
berequestedandthenembeddedwithin thesystem.An
example is thecaseof paper for hp: in order to under-
standthat it is printer paper, it' s necessaryto know that
hpstandsfor HelwettPackardandthatthis is acompany
whichproducesprinters.

A �nal stepof theusecasewashaving a secondmatching
betweenthe company catalogue's IDs andthe outputof the
normalizationof theEnglish versionof UNSPSC with theEn-
glishversion of WordNet.Thisprocedure,viablebecausethe
matching computation performing on the matrix takes into
account just theconcepts'IDs, allows us to �nd many more
matching thanusingjust onelanguage.

More in general, this way allows usto approachandman-
agemultilanguageenvironments andto exploit the richness
which typically charaterizes the Englishversionof any lin-
guisticresources. 8

Two lessonshavebeenlearnedfrom thisexperiment.First,
ouralgorithm is good for re-classi�cationratherthanfor sim-
ple classi�cationof a plain list of items. As previuosly ex-
plained, thealghoritm exploits two kindsof data,linguistical
andstructuralones:in thecaseof a plain list, thesecondset
of dataaremissedandthis impacts on theresults'goodness.
This is the reasonwhy resultsde�nitely improve whenwe
run the alghoritm on the company itemscatalogue enriched
by thecategory structureextractedfrom thenumerical codes.

Thesecondlessonconcerns thequality of the labels.The
betterthe labelsare written, the betteris the matching ob-
tained. In presenceof meaningless labels such as short-
cuts (“num” for number, “cart.” for cartridge, etc.), proper
names(Duracell,Hewlett Packard, etc.), this version of the

8We do not reportheretheresultsof this laststep,sincewe can-
not compare themwith theresultsof thebaselinethat,beinga mere
keyword basedalgorithm,couldrun only on homogeneuslinguisti-
cal situation.



perforatrice/perforatricea2-4 fori D

Macchine dauf�cio, materialie accessori/
Fornitureperuf�cio/F ornitureperscrivanie/
Punzonatrici percarta

nastroperstampante,toner, cartuccia,testinadi stampa D

Macchine dauf�cio, materialie accessori/
Fornituredi stampanti,telecopiatricie copiatrici/
Cartucced'inchiostro

nastroperstampante,toner, cartuccia,testinadi stampa D

Macchine dauf�cio, materialie accessori/
Fornituredi stampanti,telecopiatricie copiatrici/Toner

pennalampostil,pennarello,evidenziatore/evidenziatore D

Fornitureperuf�cio/Strumenti perscrittura/Evidenziatori

pennaa sfera,pennabiro c 70% Fornitureperuf�cio/Strumenti perscrittura/
Assortimentodi pennee matite

decimetrodoppio/decimetrodoppio in plasticabianco c 71% Accessoriperl'uf �cio e la scrivania/Accessori perdisegno

kit pulizia/kit pulizia PC c 80% Macchine dauf�cio, materialie accessori/
Accessoripermacchined'uf�cio/Kit perpulituradi computer

kit pulizia/kit pulizia testinenastroexatape4 mm c 72% Materiali peruf�cio/Macchinedauf�cio, materialieaccessori/
Accessoripermacchined'uf�cio/Pulitori di nastri

Table1: Reclassi�cationsfound by CTXMATCH andnot found by the baseline( E standsfor “more general than”, and“c”
standsfor “compatible”)

algorithm is not capableof assigninga proper semanticto
the labels,decreasingthe performances.Possibleimprove-
mentsin this directioncould be reached through two ways.
First, thelinguistic analysisof labelscanbeimprovedby us-
ing domain-orientedlinguistical resources.Several domains
aredeveloping thesaura,ontologies,standardclassi�cations
which speci�cally deal with their lexicons. 9 Thesekind
of resourcesinvolve also relevant proper names,company
names,abbreviationsandacronyms,whichright now arestill
problematicdatafor thealgorithm.10 Thesecondway to be
investigatedis thepossibilityof supporting funcionalitiesof
spell checking, ableto detectspellingerrors andto suggest
theright alternatives.

4 RelatedWork
An alternative approachto CTXMATCH, for product classi�-
cationin UNSPSC, calledGoldenBullet, is described in [Ding
et al., 2002]. GoldenBullet is an environment that support
product classi�cationaccording to content standards. It ap-
plies techniquesof information retrieval andmachine learn-
ing. The classi�cation is basedon a training set. The clas-
si�cation algorithm implemented in GoldenBulletperforms
indeedvery well whenit is usedin a supervisedway. This
approach can therefore be useful (and maybeit could per-
form betterthanCTXMATCH) in presenceof a representative
setof pre-classi�edexamples.CTXMATCH, insteadprovides
goodresultsalsowithout sucha trainingset.

A relevant approach to ontology matchinghasbeenpro-
posedin [Doan et al., 2002] and [Madhavan et al., 2002].
Althought the aim of the work (i.e. establishingmappings
among conceptsof overlapping ontologies) is in many re-
spectssimilar to our goals,the methodologies differ signif-
icantly. A major differenceis that the GLUE systembuilds
mappings taking advantageof information contained in in-
stances,while our currentversion of the CTXMATCH algo-

9for example in the Healthcaredomaina good linguistical re-
sourcesis MESH (http://www.nlm.nih.gov/mesh/),theNationalLi-
brary of Medicine's controlledvocabulary thesaurus.It consistsof
setsof termsnamingdescriptorsin a hierarchicalstructurethatper-
mitssearchingat variouslevelsof speci�city.

10seehttp://www.acronym�nder.com/for anexampleof acronym
database.

rithm completelyignoresthem. This makes CTXMATCH
moreappealing,sincemostof theontologiescurrently avail-
able on the SemanticWeb still do not contain signi�cant
amount of instances.A seconddifferenceconcerns theuseof
domain-dependentconstraints,which, in caseof the GLUE
system,needto be provided manually by domainexperts,
while in CTXMATCH they areautomatically extractedfrom
an alreadyexisting resource (i.e. WordNet). Finally, CTX-
MATCH attemptsto provide a qualitative caracterization of
themapping in termsof therelationinvolvedamongtwo con-
cepts,a featurewhichis notconsidered in GLUE.Although a
strict comparisonwith theperformancesreportedin [Doanet
al., 2002] is ratherdif�cult, theaccuracy achieved by CTX-
MATCH couldberoughly comparedwith theaccuracy of the
GLUE modulewhich useslessinformation(i.e. the “name
learner”).

A mapping procedure basedon lexical information has
beenproposedin [Bergamaschiet al., 2002]. No quantita-
tive evaluation is reported. Only a qualitative exempli�ca-
tion, basedon thetaskproposedin [Schultenet al., 2001], is
describedto show thealgorithmcapabilities.

Finally, the evaluation of the Anchor-PROMPT System
[Noy and Musen, 2001] has beenconducted on two on-
tologiesand the mappings identi�ed by the algorithm have
beenmanually checked. Resultsarepresentedin termof the
achieved precision.

5 Conclusionsand Further Application
We focusedon the evaluation of a context matching algo-
rithm, which automaticallygeneratesmappings among the
conceptsof twooverlappinghierarchies.Themainfeaturesof
thealgorithm arethefollowing: it doesnot considerconcept
instances,sothatit canbeusedin situationswheresuchinfor-
mationis partiallyavailableor notavailableatall; it returnsa
qualitative estimationof the mapping betweentwo concepts
(i.e. equivalence, more general than, lessgeneral than); it
is content-based,in thesensethat it builds a semanticrepre-
sentationof themeaning of a concept givenboththecontext
of its neighborhood andtheworld knowledgeavailablein an
external resource(i.e. WordNet).

We have presentedthree empirical experiments with a
twofold aim: �rst, we wantedto evaluate the CTXMATCH
algorithm in real, large scalescenarios; second,we wanted



to testdifferent evaluation methodologies. In particular, we
haveexperimentedCTXMATCH onWebdirectoriesandmar-
ketplacecatalogues.

A number of datahave beencollected,which are to be
consideredasa �rst contribution towardcommon evaluation
practicesand the possibility to shareresources for context
matching algorithms.

Another applicationwe are now working on is a system
to manage the automatical aggegation of buyers' demands.
This is aimedto be embedded in thosetechnological plat-
forms (suchaseProcurementssystem,or alsomarketplaces)
wherethepossibilityfor buyersto aggregatetheirproduct de-
mandscouldgivethemsomeadvantagesin termsof forniture
conditions or buying power. In order to support the aggre-
gationprocess,the systemshouldbe able, �rst to point out
groupsof buyersinterestedin a similar category of product,
thento suggest if andhow eachbuyer shouldmodify some
requestedfeaturesin order to getto moreadvantages.As an
example consider the following case:the acquisition of�ces
of two public universities are interestedin buying 200 mo-
bile phones,but oneof�ce preferesmobiles with thefeatures
A andB, the otherof�ce is more interestedin mobile with
thefeaturesC andD. Let's supposethata mobile sellerpro-
posesa strongdiscount for 400 mobileswith featuresA, D
andE. If the two of�ces converged on this last kind of mo-
bile, they would get to thediscount. In order to support this
process,thesystemshouldbeablenot only to matchitem at
the product descriptionlevel, but alsoat the attribute level.
Attributesareusedto specifyproduct featuressuchascolor,
lenght, size,etc,andtypically they aretheelementsonwhich
a negotiation processcould be done. The �rst ideawe are
investigatingonis to develop different attributecontexts(one
for colors,onefor lenght, onefor size,...), anda speci�c ver-
sionof thealghoritm aimedto matchthis kind of structures.
Thiswaywouldallow usto split thematchingbetweenprod-
uctstructures,andtheonebetweenattributestructuresandto
combine afterwardsthetwo setsof results.

A stepfurtherwill beto develop thecapability for thesys-
temto support buyers in thenegotiation on attributes,for ex-
ampleby providing userswith simulationsof differentcom-
binations of attributesanddisplaying therelatedadvantages.
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