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Abstract. Schema matching is a fundamental issue to mammpdsé¢ applications, such as query me-
diation and data warehousing. It becomes a chaleviten different vocabularies are used to refer to
the same real-world concepts. In this context, rvenient approach, sometimes called extensional,
instance-based or semantic, is to detect how thee saal world objects are represented in different
databases and to use the information thus obtamettch the schemas. Additionally, we argue that
automatic approaches of schema matching should ptovenance data about matchings. This paper
describes an instance-based schema matching teehfog an OWL dialect and proposes a data
model for storing provenance data. The matchingrtiegie is based on similarity functions and is
backed up by experimental results with real datardoaded from data sources found on the Web.
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1 Introduction

A database conceptual schenm simply aschemais a high level description of how database cptee
are organized. Achema matchinffom a source schen&into a target schenfadefines concepts ifiin
terms of the concepts B

The problem of finding schema matchings becomedsaflemge when different vocabularies are used
to refer to the same real-world concepts (Casami\a., 2007). In this case, a convenient approach,
sometimes called extensional, instance-based oarsimnis to detect how the same real-world objects
are represented in different databases and tcheseformation thus obtained to match the scheimais.
approach is grounded on the interpretation, trawkiily accepted, that “terms have the same extensio
when true of the same things” (Quine, 1968).

Moreover, in many applications, the schema matchaigne are not sufficient, it is also required to
unveil the evidences, and to reveal the methodd tsget to the final alignments. We refer to sdela
as the provenance data about matchings.

In this paper we address the problem of matchimgg@hemas that belong to an expressive OWL dia-
lect. We adopt an instance-based approach, assuhmh@ set of instances from each schema is avail-
able.

The major contributions of this paper are four-fdtitst, we decompose the problem of OWL schema
matching into the problem afocabulary matchingnd the problem ofoncept mappingWe also intro-
duce sufficient conditions guaranteeing that a batay matching induces correct concept mappings.
Second, we describe an OWL schema matching techrbgsed on the notion of similarity. Third, we
evaluate the precision of the proposed technigirgdata available on the Web. Finally, we propase
data model to store provenance data.

Several papers address schema matching. Rahm andt&e (2001) is an early survey of schema
matching techniques. Euzenat and Shvaiko (200%)egunntology matching techniques. Castano et al.
(2009) describe the H-Match algorithm to dynamicatiatch ontologies.

Bilke and Naumann (2005) describe an instance-btsgthique that explores similarity algorithms.
Brauner et al. (2007a) adopt the same idea to ntatchhesauri. Wang et al. (2004) describe a teghai
to match Web databases, which uses a set of typis@inces. Brauner et al. (2007b) apply this idea
match geographical database. Brauner et al. (2088)ribe a matching algorithm based on measuring th
similarity between attribute domains.

Unlike any of the above techniques, the schemahimay@rocess we propose uses similarity functions
to induce vocabulary matchings in a non-trivial waging an expressive OWL dialect. Through a set of
examples, we also illustrate that the structur®WfL schemas may lead to incorrect concept mappings,
and indicate how to avoid such pitfalls.



This paper is organized as follows. Sectbmtroduces the OWL dialect adopted and the netmn
vocabulary matching and concept mapping. Se@idescribes our technique to obtain OWL vocabulary
matchings and contains experimental results. Sedtidescribes how to induce concept mappings from
vocabulary matchings. Secti@npresents a provenance data model for schema imggclfrinally, section
0 lists the conclusions and directions for futuirky

2 OWL Schema Matching

2.1 OWL Extralite

We assume that the reader is familiar with basicLX®ncepts. In particular, recall thatr@sourceis
anything identified by an URIref and that an XMamespac®r avocabularyis a set of URIrefs. Ait-

eral is a character string that represents an XML Sehelatatype value. We refer the reader to
(Bechhofer et al., 2004) for more details.

An RDF statemenfor simply astatemerjtis a triple(s,p,0) wheres is a URIref, called thsubjectof
the statementp is a URIref, called th@roperty of the statement, anal is either a URIref or a literal,
called theobjectof the statement; if is a literal, ther is also called thealueof property thep.

TheWeb Ontology Languag®WL) describes classes and properties in a watyf#tilitates machine
interpretation of Web content. The description ®Dis organized as three dialects: OWL Lite, OWL
DL and OWL Full.

We will define and work an OWL dialect, that wel@@WL Extralite It supports:

* named classes

e datatype and object properties

* subclasses

* individuals

« domainand range of datatype and object properties
« the domain is always a class
» therangeof a datatype property is an XML schema type, whsithegangeof an object

property is a class

¢ minCardinalityandmaxCardinality with the usual meaning

« inverseFunctionalPropertywhich captures simple keys (we note that only OWIl sup-
ports thenverseFunctionalPropertfor datatype properties)

Note that, OWL Extralite thus defined has the sax@essiveness as UML (OMG, 2009). In the con-
text of this paper we use OWL Extralite to exprdatabase schemas since it is a convenient technolog
to exchange data in the Web, as well as to martipdiaabase schemas.

An OWL schemdmore often called an OWhbntology is a collection of RDF triples that uses the
OWL vocabulary. Aconceptin an OWL schema is a class, datatype propertybgct property defined
in the schema. Theocabularyof the schema is the set of concepts defineddrstihema (a set of URI-
refs). It is important to note that, unlike UML etlscope of a property name is global to the OWL Ex-
tralite schema.

A triple of the form(s,rdf:type,c) indicates thas is an instance of a class a triple of the
form (s,p,v) indicates thats has a datatype properfy with valuev; and a triple of the form
(s,p,0) indicates thas ando are related by an object propepty

In the rest of the paper, we refer to OWL Extratithemas simply aschemaFigure 1 and Figure 2
show schemas for fragments of the Amazon and tley elatabases, using a shorthand notation to save
space and improve readability. Consistently with IXisage, from this point on, we will use the name-
space prefixeam: andeb: to refer to the vocabularies of the Amazon andeBay schemas respec-
tively, and qualified names of the foWhT to indicate thaT is a term of the vocabulahy

In Figure 1, for exampleam:title is defined as a datatype property with doreimProduct
and rangestring  (an XML Schema data typegm:Book is declared as a subclassamf:Product
andam:publisher is defined as an object property with domain:Book and rangeam:Publ . Note
that the scope odim:title and am:publisher is the schema, and not the classes defined as thei
domains.



Product Seller
title range string name range string
listPrice  range decimal redistrationDate range dateTime
currency  range string offers range Offer
Book is-a Product Offer
author range string quantity range integer
edition range integer startPrice range double
isbn range string currency range string
ean range string seller range Seller
detailPageURL range anyURI product range Product
publisher  range Publ Product
Publ title range string
name range string condition range string
address range string returnPolicyDetails range string
Music is-a Product offers range Offer
Video is-a Product Book is-a Product
PCHardware is-a Product author range string
edition range integer
publicationYear range integer
isbn-10 range integer
isbn-13 range integer
publisher range string
binding range string
condition range string
Music is-a Product
DVDMovies is-a Product
ComputerNetworking is-a Product

Figure 1. An OWL schema for a fragment Figure 2. An OWL schema for a fragment of the
of the Amazon Database. eBay Database.

Furthermore, although not indicated in Figure 1,assume that all properties, except:author ,
havemaxCardinalityequal to 1, and tham:isbn is inverse functional. This means that all projpert
are single-valued, excepm:author , which is multi-valued, and thaim:isbn is a key ofam:Book .
Likewise, although not shown in Figure 2, all pras, excepteb:author , have maxCardinality
equal to 1, aneb:isbn-10  andeb:isbn-13  are inverse functional.

2.2 Vocabulary Matching and Concept Mapping

We decompose the problem of schema matching it@tbblem ofvocabulary matchingnd the prob-
lem ofconcept mappingn this section, we introduce both notions wih help of examples.

In what follows, letS andT be two schemas, ants andVy be their vocabularies, respectively. et
andC; be the sets of classes dPglandP; be the sets of datatype or object propertiegsiandVr, re-
spectively.

A contextualized vocabulary matchibgtweerSandT is a finite sejz of quadruplegvy,e;,v,,&) such
that

= if (v,\2)JCsXCy, thene; ande, are the top class
= if (v,\n)dPsxPr, thene, ande, are classes i€s andCy that must be subclasses of the domains, or
the domains themselves, of propertieandv,, respectively

If (vi,e1,V2,6)04, we say thaps matches ywith v, in the context o&; ande,, thate, is the context of;
and that(e,v)) is acontextualized concepfor i=1,2. A contextualized property (or class) matchiisga
matching defined only for properties (or classes).

Intuitively, a vocabulary matching expresses edeivees between properties and classes in a given
context. The context of a proper® in a vocabulary matching is an RDF class that ifipecthe
rdf:type  of subjects of existing triples of the forfPsubject P ?object) for which the match-
ings holds. The context of a class is always tipedassT (i.e., this notion is not used for class match-
ings). Note that, if the database instances folldvesschema the class of thsubject must be either



1. PREFIX am:<...> 1. PREFIX eb:<...>

2. SELECT ~?title ?author ?pub 2. SELECT ~?title ?author ?pub
3. WHERE 3. WHERE

4. {?b am:author ?author. 4. {?b eb:author ?author.

5. ?b am:title ?title. 5. 7?b eb:title ?title.

6. ?b am:publisher ?p. 6. 7?b eb:publisher ?pub}

7. ?p am:name ?pub}

a) SPARQL query over the Amazon database b) SPARQL query over the eBay database

Figure 3. Simple SPARQL queries over the Amazon and eBaybdats

the domain of the property or a subclass of its domain, because the propedsn only be applied to
database instances of that classes.

For example, Table 1 shows a fragment of the vdeapunatching between the schemas in Figure 1
and Figure 2. The first row indicates that the st@am:Book andeb:Book are equivalent. The last
row indicates that the properam:Publ applied to instances of tymem:Publ is equivalent to the
propertyeb:publisher applied to instances of tygd:Book .

Table 1. Example of a vocabulary matching between AmazaheBay schemas.

Amazon eBay
Vi1 e1 V2 e
am:Book T eb:Book T
am:title am:Book eb:title eb:Book
am:author am:Book eb:author eb:Book
am:listPrice am:Product eb:startPrice eb:Offer
am:name am:Publ cb:publisher eb:Book

A concept mapping from a source schema S to a tagfema Tis a set of transformation rules that
express concepts of the target schdéimia terms of concepts of the sourSesuch that it is possible to
translate queries ovéarinto queries oves.

In this paper we consider queries defined in thARBL Query Language for RDF (Prud’hommeaux
and Seaborne, 2008). The query of Figure 3a retitles; authorsandpublishersof book instances from
the Amazon database. The variaBle in lines 4-6 means that only instances which haeeproperties
author, title andpublisherattached to them match théHEREriteria. The variabl®p in lines 6 and 7
means that, in addition to the previous criterinlyanstances which are related to another instance
through the propertgm:publisher  match theVHEREEriteria. This is the JOIN relational operator for
RDF graphs. Figure 3b shows an equivalent query tineeeBay database.

Let A andE be the schemas of Amazon and eBay databases tigsfjje@ndAs andEg be states of
these two databases, ifg, andEg contain individuals and their property valueshe two databases. The
query depicted ifrigure3a is valid over the RDF grapgh/7 As

Now consider the grapB = E /7 A [7 As, i.e. the Amazon data with the vocabularies of Aomand
eBay. Lets see how to add triples@dn order to get the same answer while submittimgprevious two
gueries to G. To do that, we adopt the Semantic Rigb Language (SWRL) (Horrocks et al., 2004), in
a simpler syntax, to infer additional triples. Axaenple of the rules in our simplified syntax woublek

1. ebtitle(b,t)
2. eb:Book(b)

~ am:title(b,t), am:Book(b)
~ am:title(b,t), am:Book(b)

The first rule says that, i is an individual attached to the propeam:title and it is of class
am:Book thenb is attached to the propergp:title . The second rule means that if the same condi-
tions hold therb is of classb:Book . Note that these two rules can be derived fromsteond match-
ing depicted on Table 1 because the matching $wtsthie propertyam:title while attached to in-
stances of clasam:Book is equivalent toeb:title when subjects are of clagb:Book . For
example, imagine the triples of the fo(im am:title, t) and (b, rdf:type, am:Book)

We can directly infer the tripldb, eb:title, t) and(b, rdf:type, eb:Book)
We can extend the previous set of set of ruleggusiher rows of Table 1 as follows.



eb:author(b,a) ~ am:author(b,a), am:Book(b)

eb:Book(b) ~ am:author(b,a), am:Book(b)

eb:startPrice(b,pr) ~ am:listPrice(b,pr), am:Book(b)

eb:Book(b) ~ am:listPrice(b,pr), am:Book(b)

eb:publisher(b,n) ~ am:publisher(b,p), am:name(p,n), am:Book(b)
eb:Book(b,n) ~ am:publisher(b,p), am:name(p,n), am:Publ(p)
eb:Book(b) ~ am:Book(b)

© © N o g~

Note that rule 8 is not directly derived from TatileWe will later specify, how to derive such aerul

Now letR be the set of 9 rules derived from vocabulary imaty of Table 1 an&k(G)be the set of in-
ferred triples fronz by R Then, the queries of Figure 3 o¥&r/ R(G)return the same set of answers.

The rules can be used to do query translation. i@enshat a query over eBay should be translated
into a query over Amazon. According to rule 3, lefpof the form(b, eb:author, a) can be de-
rived from triples(b, am:author, a) , (b, rdf:type, am:Book). By the same rule, the tri-
ple pattern b eb:author ?author} can be replaced bf{?b am:author ?author. ?b
am:author ?author.} . Using rules 1, 3 and 7, the query over eBaylmatranslated into a query
over Amazon as in Figure 4. The translated querylm simplified if we consider that the domain of
am:publisher  isam:Book and the domain cim:name is am:Publ . In this case lines 5 and 9 can
be omitted.

1. PREFIX am:<...>

2. SELECT ~?title ?author ?pub
3. WHERE

4. {?b am:author ?author.

5. ?b rdf:itype am:Book.

6. 7?b am:title ?title.

7. ?b am:publisher ?p.

8. ?p am:name ?pub.

9. ?p rdf:itype am:Publ}

Figure 4. Translate SPARQL query frofrigure 2

3 Instance-based Vocabulary Matching

3.1 Instance-based Technique

In this section, we describe an instance-basedepsoto create contextualized vocabulary matchimags t
are structurally consistent.

Let SandT be two (OWL Extralite) schemas, axigandV; be their vocabularies, respectively. It
andC; be the sets of classes, dPgland P be the sets of datatype or object propertiegsiand V, re-
spectively.

A contextualized vocabulary matchitgptweenS and T is a finite setzs, of quadrupleqvy,e;,Vv,,e)
such that

(i) if (vy,v) LCsXCy, thene, ande, are the top clask

(iiy if (vi,v)PsxPq, thene, ande, are classes i€s and C; that must be subclasses of the do-
mains ofv; andv,, respectively

(i) and these are the only possible quadrupleg in

If (vi,€1,V0,8) 7 14y, we say thatsy, matches ywith » in the context of,eand g, thate is the context of
v; and that(v,,e) is acontextualized concepfor i=1,2. A contextualized property (or class) matchisg
matching defined only for properties (or classes).



We first recall the matching technique for catalwgehemas based on similarity heuristics introduced
in (Leme et al., 2008a). Briefly, @atalogueis a relational database whose sché&s a single table.
Given a catalogue statés, an attributeA of Sis represented by the set of value#\dhat occur i, or
by the set of pair§,v) such thaw is the value oA for the object with id that occurs itJs. If the domain
of Ais a set of strings, the set of values is repldoed set of tokens, and the attribute represemtstire
reinterpreted accordingly. Similarity, models wéten applied to such attribute representationeten
ate attribute matchings between two catalogue sahem

Bilke and Naumann (2005) propose an instance majdieichnique where each database tuple is rep-

Table 2. Example the same book instance representationday eBd Amazon.

eBay Amazon
isbn-10 = “039577537X” isbn E “039577537X”
isbn-13 = 9780395775370 ean|= 9780395775370
title = “The Tragedy of Romeo title = “Tragedy of Romeo and Ju-
and Juliet” liet: And Related Readings (Litera-
ture Connections)”

author = “William Shakespeare” author 5 “William Shakespeare”
publisher = “Houghton Mifflin” name = “Houghton Mifflin Company”
returnPolicyDetails = “NO -
RETURNS ARE ACCEPTED”
condition = “Like New” -
binding = “Hardcover” -

- listPrice = 18.92

- currency = “USD”

resented by a character string, created by coratiignall attribute values of each tuple. The tégha
uses k-mean clustering algorithms to find duplidajges. The identification of duplicates is neeegs
for creating(i,v) representations of attributes. However, we nod tthe representations of the same ob-
ject in distinct databases may differ in the litattributes and/or in the attribute values. Asonse-
quence, we may end up with dissimilar tuples thatused to represent the same object.

For example, suppose that we apply the Bilke anginiaon technique to match the two instances that
represent the book “The Tragedy of Romeo and Julidtose property-value pairs are shown in Table 2.
If we measure the similarity between the sets &émng by the percentage of common tokens extracted
from all property values of each instance, we abtascore of 43% of common tokens. By contrastgif
consider only the values of properties that matoh similarity increases to 70%. Please note tbam-
prove the instance matching strategy, we usedabetfiatam:Book matchesb:Book , and the fact
that several other properties match.

Combining these observations, we propose the figyr+gocabulary matching process outlined as fol-
lows:

(1) Generate a preliminary property matching using lsirity functions.

(2) Use the property matching obtained in Step (1)etoegate a class matching.

(3) Use the property matching obtained in Step (1)etoegate an instance matching.

(4) Use the class matching and the instance matchitaingdl in Step (2) to generate a refined con-

textualized property matching.

The final vocabulary matching is the result of thnton of the class matching obtained in Step (2) an
the refined property matching obtained in Step 8tep (1) generates a preliminary property matching
based on the intuition th&iwo properties match iff they have many valuesammon and few values not
in common”.Step (2) creates class matchings that reflectrthétion that“two classes match iff they
have many matching propertiesTo work correctly, Step (2) and (3) require tha#5(1) generates pre-
liminary property matchings that do not ge) pairs to represent properties.

In what follows, letSandT be two schemad/s andVr be their vocabularie®s andP; be their sets of
properties, ans andCy be their sets of classes, respectively. lgandU+ be fixed sets of triples &
andT, respectively, to be used to compute the vocapuleatchings.



Step (1): Preliminary property matching

Let U be the universe of all tokens extracted fromditerand all URIrefs. Consider a similarity func-
tion o:UxU—[0,1] asimilarity thresholdzJ[0,1] and arelated similarity threshold’0[0,1] such that
I< T

For each propert?(Ps, for each clas€1Cs such thatC is the domain oP or a subclass of the do-
main ofP, consider the contextualized propeP{y=(P,C) and construct the sefUs,P%] of all v such that
either there are triples of the forhP,v) and(l,rdf:type,C’) in Usor there are triples of the
form (1,P,s) and(l,rdf:type,C) in Uswherev is a token in the literal stringg whereC'=C or
C’ is a subclass o, and likewise for a property iB. We callo[Us,P°] the observed-value representa-
tion of P in Us. This construction explores the fact tRa inherited by all subclasses of its domain.

The contextualizegroperty matchingu betweenS and T induced byo and 7, and based on the ob-
served-value representation of properties, isélaion» such that

(P,C.Q. Dk iff o(0[UsP,0[Ur, Q7)) 2 7 1)
Step (2): Class matching

For each clas€ in Cs, letprops[S,C] be the set of properties iy whose domain i€ or thatC inher-
its from its superclasses, and likewise for clags€%. We callpropg[S,C] the propertyrepresentatiorof
Cin Us

The contextualized class matching betweenS and T induced by, 7 and i is the relationy: O
CsxCy such that (recall thatis the top class)

(C,T,.D,T)Ox iff o(props[S,C],props[S,T,D))e (2

wherepropgS,C,T,D] = relprops[S,C,T,D]// not_relprops[S,C,T,D], relprops[S,C,T,2lenotes the set
of propertiesP of classC of Ssuch that there is a prope@yof the clasD of T such that{P,C,Q,Dl1ip
and wherenot_relprops[S,C,T,Ddenotes the set of propertieof the clasD of T such that there are
not related properties IS by . Note that it does not make sense to directly comput
a(props[S,C],props[T,D]) sinceprops[S,C]andprops|[T,D] are sets of URIrefs from different vocabu-
laries. To avoid this problem, we replacptbps[T,D] by props|[S,C,T,D]

Step (3): Instance matching

From the matchings directly induced byand 7, computed in the previous step, the process teen d
rives an instance matching and a refined conteixedproperty matching, as follows.

Figure 5 shows the algorithm that computes theaimtst matching. Its inputs a8 T, class matching
Hcandproperty matchings. It also implicitly receivet)s andU+ as input. It outputs the instance match-
ing k4 that relates matching class instanceddmndUr.

In Figure 5, ifC is a class irCs, andl is an instance of in Us, thent[S,C,I,T,D] denotes the set of
tokens extracted from all valuesuch that, for some propef®/1Ps, for some propert® in Py, for some
classDOC;, there is a tripl€l,P,v) in Us and there is a quadrup(E,C,Q,D)in 1 In addition, ifC is a
class inCs, andJ is an instance dd in Uy, thent[S,C,T,D,J] denotes the set of tokens extracted from all
valuesv such that, for some propem®/1Ps, for some propert® in Py, for some clas®OC, there is a
triple (1,Q,v) in Uy and there is a quadruple,C,Q,D)in f4.

INSTANCE-MATCHING(S,T, U, Hp)
for each pair of classes (C,D) in Sand T
such that Hc matches C with D
for each pair of instances (1,J) of C and D in Usand Ut
if o(t [S,C,I,T,D]t J[C,C,T,DJ)]) > Tthen
=K U (IleJvD)

Figure 5. The class instance matching algorithm.



Step (4): Refined property matching

Figure 6 shows the algorithm that computes theneeficontextualized property matching. It depends
on the following additional definitions. For ea(®,C,Q,D)]i» such tha{C,T,D,T)0zc, construct the set
g of triples(l,u,v) such that there are triples of the fofiy®,u) and( 1, r df : t ype, C) in Ug, there are
triples of the form(J,Q,v)and(J, rdf: type, D) in Uy, and(1,C,J, D)4 (wherey is the instance
matching of Figure 3). Defineiv[P,C,Q,D]=(s,t) such that s={(l,u)/(&)(l,u,v) g} and
t={(1,v)/(20)(1,u,v)}. We calls theinstance-value representatiaf P© in Us (and likewise fort). This
second representation is useful since it helpsndigish between properties with similar sets ofueal
that refer to distinct instances, matchediby

Returning to the algorithm in Figure 6, it has $aminputs to the algorithm depicted in Figure ts. |
output, however, is the contextualized property amiaig 1, between properties whose domains are
classes directly or indirectly matched fay: The algorithm uses the maximum similarity valaemputed
using the observed-value and the instance-valueseptations for a pair of propertiesandQ, and the
more relaxed similarity threshold. Although not wimoin Figure 6, object properties receive a special
treatment, since their representations are setdRifefs that are compared with help of the instance
matchingy; (computed by the algorithm in Figure 5).

CONTEXTUALIZED-PROPERTY-MATCHING(S,Tiic, 1)
for each pair of classes (C,D)in Sand T
such that Mc matches C with D
or C' dominates C and Mc matches C' with D
or pc matches C with D’ and D’ dominates D
for each pair (P,Q) of properties of C and D
X = 0(0[ US1P C]vo[ UT!Q DJ)
if (C matches D) then
(s.0)=iv[P,C,Q,D]

Y =0(s,t)
else
Y =0
if max(X,Y) > T’ then

Ha= Ha U (PvaQ!D)

Figure 6. The contextualized property matching algorithm.

The final vocabulary matchingis the union of the class matchipg induced byo, rand 4 and the
contextualized property matchipg computed by the algorithm in Figure 6.

3.2 Experimental Vocabulary Matching Results

We conducted an experiment to assess the perfoarantbe vocabulary matching process described in
section 3.1, using product data obtained from Amaawd eBay websites.

We preferred to use data directly downloaded froenwWeb, rather than using the benchmark proposed
in (Duchateau et al., 2007), because the last doesclude instances and, therefore, is unsuitabtest
the proposed process.

We first defined a set of terms, which was usegluery both databases. From the query results, we ex
tracted the less frequent terms common in bothbdats. We then used this set of terms to quergiadhe
tabases once more. This pre-processing step erth#me@robability of retrieving duplicate objecterh
the databases, which is essential to evaluatersstgrice-based schema matching technique. We extract
a total of 116,201 records: 16,410 from Amazon @&d91 from eBay.

As similarity functions we adopted the contrast glodeme et al., 2008a) for property matchings, and
the cosine distance with TF/IDF for instance matghi The experiments provided us with enough em-
pirical data to conclude that the contrast modelgoms better in situations where the goal is tgkai
size the differences between two sets of valuess fbflows because the contrast model allows for pa
rameter calibration.

Table 3 shows sample entries of the vocabulary magoobtained. The headings indicate that the
context ofv,, ande, that ofv,. Also, “B” abbreviates classed:Book andam:Book .



The rightmost column of Table 3 classifies the rhatgs in typestp for true positive fp for false
positive andn for false negative. Since the total number (nbstadwn in Table 3) of true positives is 25,
that of false positives is 4 and that of false tiega is 10, the performance measures therefore are
F=o precisionrecall _

— =78%
precision+ recall

precision:t P =86%" recall = L =71%:
p

+ fp tp+ fn

Lines 3, 5 and 6 of Table 3 refer to matchings tiatild have been considered false negatives, if the
algorithm in Figure 4 ignored the instance-valugresentation of properties. In this case, the parfo
ance measures would drop to:

precisior=8246 recall=51% fMeasure= 63%

Table 3. Automatically obtained vocabulary matching fromagBnto Amazon.

# eBay Amazon Match Type
vl el v2

1 Books T Books tp

2 author author tp

3 edition edition B tp

4 format biding tp

5 isbn-10 isbn tp

6 isbn-13 ean tp

7 editionDesc format fp

8 Offer T Books fp

4  Concept Mapping Induced by Vocabulary Matching

4.1 De€finition

Let Sbe an OWL Extralite schema in what follows.
We say thaSis well-formediff

* for any property of S, the domain op is a class 06
* for any object propertp of S the range op is a class 08
e foranyclasg of S if sis defined as a superclasscah S, thensis also a class @

We understan® as a theoryT[S]=(A[S],C[S]) in ALCOT (Chomicki and Saake, 1998), a dialect of
Description Logics, such that

* the concepts and roles of the alphabf&] are the classes and propertie$ of
* the axioms ofC[S] are the constraints & denoted iNAL(CQJ as follows:
0 apropertyp has domaim and range: T = Op.rn Op.d
a propertyp, with ranger, is inverse functional:r = (€ 1p")
a propertyp, with domaind, has minCardinalitk: d= (= kp)
a propertyp, with domaind, has maxCardinality: d = (< k p)
a classis defined as a superclasscofcc s

O O O o

In what follows, we will also use fronfALCQJ theintersectionof two concepts, denotedn d, and

the subsumptiorof two concepts, denotex= d.



LetV be the set ofariables which is assumed to be disjoint from the setafoepts ofS A class lit-
eral is an expression of the forofx), wherec is a class angis a variable; groperty literalis an expres-
sion of the fornp(x,y) wherep is a property and andy are variables; hteral is a class literal or a prop-
erty literal. Aconjunctionis a list of literals separated by commasdigjunctionis a list of conjunctions
separated by semi-colons. (This notation shoulfabgliar to Prolog programmers).

A rule is an expression of one of the forms:

* c(x)~B[x], where c(x) is a class literal aBflx] is a disjunction where the variabl®ccurs in
each conjunction

*  p(x,y)-B[x,y], wherep(x,y) is a property literal an@[x,y] is a disjunction where the vari-
ablesx andy occur in each conjunction

The literal is theheadand the disjunction is theody of the rule. We use the notati&fix] andBJ[x,y]
to stress which variables must occur in the body.

Letl be a set of triples &. Theuniverseof | is the setJ[I] of all URIrefs and literals that occur in tri-
ples ofl.

Consistently with the notion of interpretation oé$2ription Logics, given a clasof S theinterpre-
tationofcin | is the set

c={iou[ /(,type ,c)di}
and, given a properfy of S, theinterpretationof p in | is the binary relation

p'={ (,0)0U[1] xU[1] /(i,p,0)] }
Theinterpretationof the intersection of two concepts: d is the set

cnd/ = dnd

We say that the subsumption of two conceptsd is true in |, denoted
l=ccd,iff ¢’ Od'.
Rather than resorting to the formalization L CQJ, we directly define when a constraintof S is

true in |, denoted Eo:

* if gdeclares that a propentyhas domaiml and range, then
leoiff p' Od'xr'

* if gdeclares that a propenby with ranger, is inverse functional, then
| =0 iff, forany b [ r', card{ adU[l] /(a,pdp’}) <1

* if gdeclares that a propenpy with domaind, has minCardinalitk, then
| =0 iff, forany a d', card{ bOUI[I] /(a,p0p’}) =k

* if gdeclares that a propeny with domaind, has maxCardinalitl, then
| =0 iff, forany a d', card{ bOUI[] /(a,p0p’}) <k

* if gdeclares that a classs a superclass af then
l=oiff ¢' Os'

We now turn to the semantics of rulesvaluationfor the set of variable¥ in | is a functionv that

maps the variables M into elements ofJ[I] .
We extend the notion of interpretation of the righnhd side of the rule as follows. We first define

when the right-hand side of rueis true in | for vy denoted,v =B, inductively as follows:

* if Bis of the formc(x) then I,v =B iff v(x)Oc
* if Bis of the formp(x,y)then I,v £B iff (v(x),v(y)p



* f Bis of the formC,D then I,v EB iff I,v =C andl,v ED
e if Bis of the formC;D then l,v B iff v =ECorl,v ED

Theinterpretationof the righ-hand side of a rule of the foBfx] in is the set

B[x] ' = { aOU[l] / there is a valuationfor V in | such that,v =B[x] andv(x)=a }

and theinterpretationof the right-hand side of a rule of the foBjx,y] in | is the binary relation

B[x,y] ' ={(a,b)OU[1] xU[I] / there is a valuationfor V in | such that,v =B[x,y] andv(x)=a andv(y)=b}

Finally, we say that a sebf triples ofSis consistentiff | satisfies all constraints &

4.2 Derivation from Vocabulary Matching

Given an OWL schema, we say that a clademinatesa classc or the intersectiort= d n e of two
classesl andeiff there is a sequende,,c,,...,G) such that

 f=c, andc=c,

*  Cp1Subsumes,

e for eachi][1,n-2), either
0 i1 andg are classes argl, is declared as a subclasscgfor
0 G4 is aclassg is an object property argl; is declared as the rangeafor
0 C.1 iS an object property; is a class and is declared as the domainmf;

We also say that=(c;,c,,...,G) is adominance patlirom c to d and &=( P, » P, 1++5 Pic, ), the subse-

quence ofrrconsisting of the object properties that occurzins theproperty path corresponding taor
(note thatd may be the empty sequence).

Let SandT be two (OWL Extralite) schemas in what follows.cBi that a contextualized vocabulary
matching betweeB8 andT is a finite sej4, of quadruplegvy,e;,V,,&).

A contextualized vocabulary matchipg from Sinto T is structurally correctiff, for all (vy,e1,v»,6) O
M4 such thav, andv, are properties:

(i) there is a clasof S such thays, matched with the domain of, andf dominatesd; r ey,
whered; is the domain o,

(i) if vy is a datatype property, then the range,06 a subtype of the range wf

(i) if vy is an object property, thew, matches the range of with the range of,

Let t4 be a structurally correct contextualized vocahulaatching. Aconcept mapping/ from S
into T induced byy, is a set of rules derived from the quadrupleg,cds follows.
For each quadrupl@y,e;,v»,&) 4, the concept mappinty contains the following rules:

Case 1: v; andv, be classes. TheW contains rules of the form

Va(X) « va(X)
S(X) « vi(X) for each superclassof v,

Case 2: v; andv, are properties. Lat; andd, be the domains, and andr, be the ranges of andv, (re-

call thatr; andr, are XML Schema data types,vif andv, are datatype properties, and thatmatches
the range of;, with the range o¥,, if v; andv, are object properties).

Case 2.1: 14 matchegsd; with d,. Then,M contains a rule of the form



Va(X,Y) « Va(X,y) ex(x)

Case 2.2: 14 does not matcl; with d,. Letf be a class o such thays, matched with d, andf domi-
natesd; r e;. Let P, + P, ree5 Prc, be the property path corresponding to a domingatie fromf to d;

m .. Then,M contains a rule of the form
Vo(X,Y) « pkl(xl Xl)’ ka (X1’ Xz)’---a pkm (Xm—l’ Z) » Va(z,y) e(2)

if the property path is nonempty; otherwise theertdduces to that of case 2.1. (Note that, spaces
structurally correct, a dominance path fréto d, indeed exists. Also note that, since the domingatk
may not be unique, the concept mapping induced, by not unique).

Note that the contextualized vocabulary matchingnay have more than one quadruple for the same
conceptv, of the target schema, which implies that the almeeess may generate more than one rule for
V. In addition,v, may be a superclass of more than one class wadgin, implies that the process de-
scribed in Case 1, may generate more than ondaulg. Therefore, as a last step in the construction of
the concept mappindy, we collect all rules fov, in a single rule with a disjunctive body. More @eely,
if v, is a class, and the above process generateofules following form

Vo(X) <« Bi[X], for i Z]1,n]
then, we replace all such rules by a single pubd the form
Va(X) ~Bi[X] ; ... ; BulX]

and likewise, ifv, is a property.

We say that a rulp in M definesa concepts, of T iff the head ofois of the formv,(x), if v, is a class,
or of the formv,(x,y), if v, is a property (by the transformation describedvab® has at most one rule
for each concept of).

However, there might be a concepidf T such thatM has no rule that defines. We therefore define
T/M as the subset df restricted to the concepts thdtdefines. Then, the constraintsToM are the con-
straints of T defined over such vocabulary. In particular, wa paove that superclasses, domains and
ranges are properly defined M.

Proposition 1: Let /4 be a structurally correct contextualized vocalulaatching and/ be a concept
mapping fromSinto T induced by, Then:

(i) foranyclass of T/M, if sis a superclass a@fin T, thens is also a class &f/M.
(i) for any propertyp of T/M, the domain op is also a concept @i/M.
(i)  for any object propertg of T/M, the range op is also a concept GffM.

Pr oof

(i) Letc be aclass of/M ands be a superclass ofin T. Sincec is a class of/M, by Case 1 of the
construction oM, there is a rule iM of the formc(x) — py(X). Sincesis a superclass a@f again by
Case 1, there is a rule in M of the fosfx)— pi(X). Hencesis defined inM, that is,sis a class of
T/M.

(i) Letp be a property of /M. Letd be domain op. Sincep is a property off/M, by Case 2, there
is a rule inM of the formp(x,y)— B[x,y] and a clas§of Ssuch thajs, matched with the domaird
of p. Then, by Case 1, there is a ruleMrof the formd(x) —f(x). Henced is defined inM, that is,d
is a class of /M.

(i) Letp be an object property /M. Letr be the range gf. Sincep is an object property af/M,
by Case 2, there is a rulehh of the formp(Xx,y)~ B[x,y] and a clasg of S such thafs matcheg
with the range of p. Then, by Case 1, there is a ruleMnof the formr(x) — g(x). Hence, is de-
fined inM, that isr is a class of /M.

Corollary 1: T/M is a well-defined OWL Extralite schema.



Finally, we define the functioM induced byl as the mapping from sets of triplesSinto sets of
triples of T/M such that, for each set of triplesf S, J = A7 ( | ) iff, for each rulepoin M

. if pis of the formc(x)~ B[x], thenJ contains a triplgi,:type ,c)iff iOB[x]'
. if pis of the formp(x,y)— B[x,y], thenJ contains a tripléi,p.j) iff (i,j) IB[x,y]

We stress thal/ is used to map queries submitted to the tardetreaT into queries of the source

schemaS, whereasM is a theoretical device to prove the consisterfche concept mapping, as dis-
cussed in the next section.

4.3 Consistency

In this section we briefly discuss the consisteaEYDWL Extralite vocabulary matchings, referringth
reader to (Leme, 2009) for the detailed definitians proofs.

In what follows, we use the notion of subsumpti@nim Description Logic. We say that a class
dominatesa classd iff there is a sequencg;,c,,...,G) of classes such thatc;, d=c, and, for each
i([1,n-2), eitherc;,; is declared as a subclasscpbr there is an object property whose domaiq &nd
whose range is.;, andc, ; subsumes,. We consider that a class dominates itself.

A contextualized vocabulary matchipgfrom Sinto T is structurally correctiff, for all (vy,e,,v»,6) O
M such that,, andv, are properties:

(i) there is a claskof S such that matched with the domain of, andf dominatese; (recall from
the definition of vocabulary matching that is a subclass of the domain\gyf

(ii) if vy is a datatype property, then the rangg,a0$ a subtype of the range \af

(iii) if v1 is an object property, thesmmatches the range of with the range o¥,

A concept mapping from Sinto T induced by structurally correct contextualized vocabularyaha
ing i is a set of rules derived fromas suggested by the examples in Section 2.2. les nyin turn
induce a functiory that maps sets of triples 8finto sets of triples of.

We say that the declarations of the domain anderahgroperties, property characteristics, cardipal
restrictions, and subclass declarations aredmstraintsof a schema.

We denote the minCardinality and the maxCardinaditya propertyp by mC[p] andMC[p], respec-
tively. By convention, we takeiC[p]=0 (and MC[p]= ), if minCardinality (or maxCardinality) is not
declared fop.

A propertyq is no less constrainethan a propertyp iff mC[p] < mC[q] andMCJp] = MC|[q] and, ifp
is declared as inverse functional, then sq Note that this definition applies everpiandq are from dif-
ferent schemas.

Let SandT be two schemagy be a structurally correct contextualized vocalhulaatching fromS
into T, andy be a concept mapping fro&into T induced by

Let p be a rule inyof the formp(x,y)—B[X,y]. By constructionp is a property off and all classes and
properties that occur iB[x,y] belong toS. We introduce a property & denotedprop[B], defined by
B[x,y]. We say thap is correctiff prop[B] is no less constrained thanWe then say thatis correctiff
all rules inyare correct.

Finally, we say that a constraiatof T is relevant fory iff a uses only concepts that occur in the heads
of the rules iny We then say tharis consisteniff, if | is a consistent set of triples §fthen the set of
triples of T defined byd= j( | ) satisfies all constraints dfthat are relevant for

Lemma 1: Let i be a structurally correct contextualized vocalhulaatching and/be a concept map-
ping fromSinto T induced byu. Assume thay is correct. Theny is consistent.

(The proof generalizes Examples 2, 3 and 4. Sem@, 2009] for the details).



5 Storing Provenance Data for Matchings

In this section we discuss the problem of storingvpnance data for schema matchings and propose a
data model for provenance applied to the algoriinesented in section 2.

Clearly, schema matching process is a laboriolks tagtomatic or semi-automatic tools that are able
to identify such correspondences definitely bogstthe process. Nevertheless, schema matching algo-
rithms, in general, must be calibrated so as téeaehbetter performance in relationfedse positives and
negativesLeme et al. (2008) propose a cross validatiorgse which aims at choosing the best similar-
ity model and calibrations for a given set of t@ata. In this context, provenance data could bd trse
store parameters and calibrations for each matatdsglt in order to allow fot the identification tfe
best models.

Benchmarks are also very important to refine matglalgorithms and to identify best suited scenar-
ios for each algorithm. Of course the algorithmsstrhe compared over the same dataset, otherwise it
does not make sense to compare performance measucssssification of the scenarios might also be
useful. If schemas are classified according thgilieation domains, we could identify the ones thatk
better in the geographic domain, for instance.

Finally, matching entries can be validated by usingemi-automated matching process. In this case,
we would make the internal representation of schelaments, the intermediate matching calculations
and the final similarity degree between elementslable. This information would help users to decid
and/or validate the matchings.

Our provenance model consists of an O¥¢hema(top left of Figure 7), modeled as an aggregation
of elements specialized intaclasses properties andinstances A matchableis any object that can be
matched to another objet (classes or properties).

Each schema is associated with one of ndatasetgbottom left of Figure 7). Each dataset contains a
set of triples, which describes the elements oftiteema, including instances of classes and piepeA
schema also has a setfeatures that can be used to identify the best model fgivan scenario. For ex-
ample, iffeature[0] contains the classification categories of the s@® it would be possible to select
the best algorithms for the particular domain eattire [0].

From a datasetiepresentationgSet in Figure 7) for each matchable of the schemaeateacted
(Leme et al., 2009b). Each representation is afsetlues,and has &ype For example, a property can be
represented by a set of tokens extracted frombiseived values, in this case the set is of fypleenand
values are the extracted tokens of the propertyeglOur matching technique proposes the following
representation sets for each type schema elements:

(i) Classes:

a. Set of properties (denoted pyops)
(i) Properties (datatype and object properties)

a. Set of tokens (denoted loy

b. Set of instance valugVv) pairs (denoted biy)
(i) Instances

a. Set of tokens (denoted Iy

The Matcher (top right of Figure 7), stores descriptions oftchéng algorithms, omatchers and of
similarity functions(Similarity in Figure 7). To model the fact that a matchingoathm has a series of
matching steps, as in Secti8rl, a matcher is modeled as an aggregation offraetcEach matchep-
plies one or more similarity functions, usingparameter list,if available. The matching algorithm de-
scribed at the end of Secti@nl provides the archetypal example of the famiflinstance-based match-
ing algorithms that the tool supports. In this epéawe used the similarity functioessine distancand
contrast modeWhich are stored i&imilarity. In step 1 we used tlwntrast modefunction applied to the
token representation of properties.(In step 2 we applied theontrast modefunction to the property
representation of classgar@ps. In step 3 we usedosine distancéunction applied to token representa-
tion of instancest). In step 4 we usetbntrast modefunction applied t@oken(o) andinstance valugiv)
representations of properties. The configuratiorthef similarity functions is stored by tielies class
(top right of Figure Y.

Eachexecutionof a matcher (bottom right of Figure 7) storespgheameter valuethat were used, and
the similarity functions were applie®itmExecutionn Figure 7). It also stores the order in whick th
similarity functions were applied, as well as valused in the computations. Each execution resuia
aggregation of matching entrieSntry), which, in turn, model a vocabulary matchingstep 1 we used
a=1.0, = y=3.5andthreshold ) = max similarity — 31%as the parameters values. In step 2 we used
threshold ¢) = 0.8 as the parameter values. In this step, becausesee the cosine distance, there were



no configuration parameters required to run thelarity function. In step 3 we usedd= 1.0, 5= y=3.5
andthreshold §) = max similarity — 26%In step 4 we used = 1.0, 5= y= 3.5 andthreshold {) = max
similarity — 12%for the similarities between token and instangeesentations of properties. All parame-
ters were stored in thearameterValuesf Execution Thetype of anEntry tells us if it isfalse positive
false negativeand so on. It is only used in cross validationahigs, as inputs for performance measur-
ing. The similarity is the final similarity measui@ each particular entry.

Schema
— Element
+ feature : String[0.*] T Similarity Aplies SimExecution
Instance Class Property
i .
|
|
v '
|
. Matcher
S Matchable CProperty + parameterList[*]
2 T
Entry Execution
+ similarity : double + parametervalues
+type : String
Dataset Set
SetType
Value

Figure 7. Diagram of the internal database.

6 Conclusions

In this paper, we proposed hybrid matching techesdgoased on instance values and on schema infor-
mation, such as datatypes, cardinality and relatips. The techniques uniformly apply similarityéd
tions to generate matchings and are grounded orntbegpretation, traditionally accepted, that “tarm
have the same extension when true of the samesth{Quine, 1968). In our context, two concepts ratc
if they denote similar sets of objects. The techagjessentially differ on the nature of the setsetaom-
pared and on the similarity functions adopted. &@mple and in a very intuitive way, two classescima
if their sets of observed instances are similag terms from different thesauri match if the sedtsne
stances they classify are similar, properties métitteir sets of observed values are similar.

The assumptions that the database schemas weovarattth are described in OWL notation, and that
data from the databases can be obtained as s&Boftriples facilitated the construction of matahin
techniques. However, the techniques introducedhénplaper can be directly applied to conceptual-sche
mas described in other conceptual modeling reptasen languages, such as the relational modeldCod
1970). In conjunction, these assumptions permitetb concentrate on a strategy to unveil the stéosan
of the database schemas to be matched, withoug histracted by syntactical peculiarities. In fagg
consider good practice to provide OWL descriptiohshe export schemas of data source providers. In
conjunction with WSDL descriptions of the Web Seed encapsulating the backend databases, this
measure facilitates the interoperability of dataisas

We focused on the more complex problem of matchwng schemas that belong to an expressive
OWL dialect. We decomposed the problem of OWL schenatching into the problems of vocabulary
matching, and the problem of concept mapping. Vée @itroduced sufficient conditions to guarantee
that a vocabulary matching induces correct conogggipings. We adopted the contrast model (Tversky
and Gati, 1978) as the preferred similarity functiovhich proved to efficiently capture the notioh o
similarity in this context, and described heuristigat led to practical OWL matchings.



Differently from the work of (Doan et al., 2001; Mzavan et al., 2005), we did not use machine learn-
ing techniques to acquire knowledge about matchimg$ead, we captured semantic similarity by adopt
ing similarity functions and heuristics that depetieon schema concepts. We consider this stratelgg to
more general because it identifies matching cameldidnat do not belong to the training corpus.

Unlike any of the instance-based techniques preljodefined (see Section 1, the OWL schema
matching process we described uses similarity fanstto induce vocabulary matchings in a non-ttivia
way. The results demonstrated that the proposduhigee performs well, with precision and recalesat
around 80%.

Contrasting to the work of (Brauner et al., 200Wxng et al., 2004), which measure similarity be-
tween concepts based on the commonalities betwtemEvalues alone, we made use of similarity func
tions that took into account not only the commadiesj but also the differences between concepts.

Differently from the work of (Bilke and Naumann,@), we overcame the limitations of representing
instances using strings that concatenated albgdribperty values, by representing instances ugnngs
that were constructed using only matching propgras the first approximation.

As future work, we are considering three broad saaréast, further work is required on techniques to
gradually construct the matchings as new data besamwailable, which is typical of a query mediation
environment. We refer the reader to (Brauner eR8I06; Brauner et al., 2008) for discussions altust
issue. Second, belief revision techniques shoulthbestigated to help adjust the mediated schemas i
time, as new data sources are integrated into #uated environment. Third, implementation issues a
pending, although (Gazola, 2008; Gazola et al.72@0a step in this direction.

In summary, unlike previous approaches, we propbgbedd matching techniques that are uniformly
grounded on similarity functions to generate matghibetween simple catalogue schemas, as well-as be
tween more complex OWL schemas. We introduced diea of decomposing the problem of schema
matching into the problems of vocabulary matching aoncept mapping, which are often confused in
the literature. We also showed when a vocabularichirag induces correct concept mappings, with re-
spect to the integrity constraints of the schemassue also frequently overlooked in the literatur
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