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Abstract A catalogue holds information about a set of
objects, typically classified using terms taken from a given
thesaurus, and described with the help of a set of attributes.
Matching a pair of catalogues means to find a relationship
between the terms of their thesauri and a relationship bet-
ween their attributes. This paper first introduces a matching
approach, based on the notion of similarity, that applies to
both thesauri and attribute matching. It then describes mat-
chings based on mutual information and introduces variations
that explore certain heuristics. Finally, it discusses experi-
mental results that evaluate the precision of the matchings
and that measure the influence of the heuristics.

1 Introduction

A database conceptual schema, or simply a schema, is a high
level description of how database concepts are organized. For
the sake of our discussion, it suffices to assume that database
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concepts are organized as classes of objects and their attri-
butes. To match a source schema S with a target schema T
means to find a relationship µ between the concepts in S and
the concepts of T in such a way that, if two concepts s in S
and t in T are related by µ, then s and t in some sense have
the same meaning.

Schema matching is a fundamental issue in many database
applications, such as query mediation and data warehousing
[8]. The problem of query mediation becomes a challenge
in the context of the Web, where the number of databases
may be enormous and, moreover, the mediator does not have
much control over the databases, which may join or leave the
mediated environment at will.

In this context, a reasonable approach, sometimes called
extensional, instance-based or semantic, is to detect how the
same real world objects are represented in different databases
and to use the information thus obtained to match the sche-
mas. Such approach is more robust than purely syntactical
approaches, but it applies only when the schemas to be mat-
ched are simple. It also depends on the ability to detect when
two database objects represent the same real-world object.

A catalogue is a simple database that holds information
about a set of objects, typically classified using terms taken
from a given thesaurus. Catalogues are fairly common and
can be found, for example, in e-commerce and GIS applica-
tions, such as on-line stores and gazetteers. The schema of
a catalogue has a single class with a list of attributes. Mat-
ching a pair of catalogues raises three problems: (1) to match
their conceptual schemas; (2) to find a relationship between
the terms of their thesauri; (3) to define a way of identi-
fying when two objects from different catalogues represent
the same real-world object. Note that the last two problems
are usually not considered in database schema matching.

The major contributions of this paper are threefold. First,
we introduce a matching approach, based on the notion of
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similarity, that applies to pairs of thesauri and to pairs of lists
of attributes. Second, we describe matchings based on mutual
information and introduce variations that explore certain heu-
ristics. Third, we discuss experimental results that evaluate
the precision of the matchings introduced and that measure
the influence of the heuristics.

This paper is organized as follows. Section 2 summarizes
basic definitions. Section 3 describes a motivating example,
draw from the area of geographic information systems.
Section 4 introduces our approach to catalogue matching.
Section 5 describes experimental results. Section 6 presents
comparisons with related work. Finally, Sect. 7 contains the
conclusions and directions for future work.

2 Catalogues, catalogue queries and catalogue matching

A thesaurus is defined as “a structured and defined list of
terms which standardizes words used for indexing” [29] or,
equivalently, the vocabulary of a controlled indexing lan-
guage, formally organized so that a priori relationships bet-
ween concepts (for example as “broader” and “narrower”)

are made explicit [16]. A thesaurus usually provides the follo-
wing: a preferred term, defined as the term used consistently
to represent a given concept; a non-preferred term, defined as
the synonym or quasi-synonym of a preferred term; relation-
ships between the terms, such as narrower term (NT), indi-
cating that a term—the narrower term—refers to a concept
which has a more specific meaning than another term—the
broader term (BT).

A catalogue is a simple database that holds information
about a set of objects. The conceptual structure of a catalogue
is described by an object type thesaurus T and a schema of
the form C[A1U1, . . . , AmUm], where

• C is the name of the single object class of the schema.
• A1 is the object id, which is a key of C that uniquely

identifies the objects stored in the catalogue.
• A2 is the object type, whose value is a term taken from T

(for simplicity, we assume that the object type is unique).
• A3, . . . , Am is a possibly empty list of distinct attributes.
• Ui is the domain of attribute Ai , for each i ∈ [1, m], which

for simplicity we assume to be a subset of the universe U
(the domain of the object type attribute is the set of terms
of the thesaurus T ).

We also say that T is the thesaurus of the schema
C[A1U1, . . . , AmUm]. The universe of C is the set UC =
U1 × · · · × Um . An extension of C is an m-ary relation
C ⊆ UC such that no two tuples in C have the same object
id value.

A conjunctive restriction query over C is a conjunction
of restriction predicates, defined over the attributes of C .

A restriction predicateover C is an expression of the form
Ai = v, where Ai is an attribute of C and v denotes a value
in Ui . Informal examples of conjunctive restriction queries
over a catalogue of household appliances would be “select
all 17 inch flat panel TVs” and “select all 220 V food proces-
sors”.

Catalogues usually provide a simple user interface that
supports conjunctive restriction queries and that organizes
the query results as lists of objects, which the user may
browse and select the objects that catch his attention. Cata-
logues recently started to expose such functionality through
Web services.

Let C[A1U1, . . . , AmUm] and D[B1V1, . . . , Bn Vn] be
two catalogue schemas with thesauri T and W , respectively.

An attribute matching between C and D is a partial, many-
to-many relation µA ⊆ {A1, . . . , Am} × {B1, . . . , Bn}. We
allow µA to be partial since some attribute of C may not
match any attribute of D, and vice versa, and we let µA

to be many-to-many to account for attributes from C that
match several attributes of D, and vice-versa. We say that
µA is unambiguous iff µA is one-to-one. Likewise, a thesau-
rus matching between C and D is a partial, many-to-many
relation µT between terms of T and terms of W . An ins-
tance matching between C and D is a partial, many-to-many
relation µI ⊆ UC × UD .

We say that an instance I in UC matches an instance J in
UD iff (I, J ) ∈ µI , and likewise for attributes and thesauri
terms.

A matching between C and D is a triple (µA, µT , µI ) such
that µA is an attribute matching, µT is a thesaurus matching
and µI is an instance matching between C and D.

3 An informal example of catalogue matching

The area of geographic information systems (GIS) provides
interesting applications of catalogues, which we explore in
this section to construct an example of thesauri matching. We
close the section with two brief comments on attribute and
instance matching.

A gazetteer is “a geographical dictionary (as at the back of
an atlas) containing a list of geographic names, together with
their geographic locations and other descriptive information”
[31] . For our purposes and omitting details, we consider
that a gazetteer is a geographic object catalogue, where each
object has as attributes:

• A uniqueobject ID
• A unique object type, whose value is a term taken from

an object type thesaurus
• A name, which takes a character string as value
• Optionally, a location, which approximates the position

of the object on the Earth’s surface
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Consistently with Sect. 2, we assume that the object type is
unique. We note that geographic objects are often called geo-
graphic features, or simply features ([24]). Hence, a gazetteer
thesaurus is often referred to as a feature type thesaurus.

Almost all gazetteers support conjunctive restriction que-
ries using type and name restrictions, such as “select all popu-
lated places called ‘Rio de Janeiro”’, where ‘populated place’
is a term of the feature type thesaurus. Some gazetteers also
allow conjunctive restriction queries that include spatial res-
trictions, such as “find all populated places within 10 miles
of point P”, where P is defined in an appropriate coordinate
(geo)reference system.

Specifically, in our example, we will use two gazetteers
that are available over the Web, the GEOnet Names Server
and the Alexandria Digital Library Gazetteer. The GEOnet
Names Server (GNS) [12] provides access to the National
Geospatial-Intelligence Agency (NGA) and the U.S. data-
base of foreign geographic names, containing about 4 million
features with 5.5 million names. The Alexandria Digital
Library (ADL) Project [1,14,17] is a research program to
model, prototype and evaluate digital library architectures,
gazetteer applications, educational applications, and soft-
ware components. The ADL gazetteer has approximately
5.9 million geographic names, classified according to the
ADL Feature Type Thesaurus (FTT).

Figure 1a shows a fragment of the ADL Feature Type The-
saurus and Fig. 1b contains the equivalent fragment of the
GEOnet Names Server classification scheme, which strictly
speaking is not a thesaurus, but just a list of terms without
any thesauri relationships. Note that a simple thesauri mat-
ching strategy, based on syntactical proximity, would be of
little help to match the ADL Feature Type Thesaurus and the
GEOnet Names Server classification scheme since the latter
uses codes as thesauri terms.

In what follows, we will refer to the ADL gazetteer and
the GEOnet Names Server, respectively, as ADL and GNS,
and to their thesauri as ADL FTT (for ADL Feature Type
Thesaurus) and GNS CS (for GEOnet Names Server classi-
fication scheme). We will consider only countries and cities
in the examples that follow. For simplicity, we assume that
the name (in English) uniquely identifies a country in both
catalogues; similarly, the city name, together with the name
of the upper level administrative division, uniquely identifies
a city in both catalogues.

We will illustrate how to gradually construct a matching
between these thesauri by post-processing the answers to
queries submitted to both gazetteers. The matching may help
construct a mediator to access both gazetteers or to consoli-
date them in a single gazetteer (as in a data warehouse appli-
cation) by remapping their thesauri.

Table 1 shows sample terms collected from queries that
searched the two gazetteers for the countries and cities lis-
ted in the first column. For example, if we query ADL to
obtain information about “Brazil”, the answer will indicate
that ADL classifies “Brazil” as “Countries”; if we then access
GNS for “Brazil”, the answer shows that GNS classifies
“Brazil” as “PCLI”. Therefore, we collected the first evi-
dence that these two terms map to each other.

In fact, all five entries in Table 1 that ADL classifies as
“Countries”, GNS classifies them as “PCLI”. Hence, we have
better evidence that these two terms map to each other since
they refer to the same five countries. If we consider that the
meaning of a thesaurus term is the set of objects it classifies,
then “Countries” and “PCLI” have the same meaning in this
small sample. Moreover, we have not detected any conflicting
classifications. The question then is how many mismatches
we should allow, that is, how similar the sets of objects that
two thesauri terms denote must be to consider that the two
terms match.

To better explain this last remark, observe now the entries
in Table 1 that ADL classifies as “Populated Places”. Note
that GNS classifies three of them as “PPL” and two as
“PPLA”. There are two approaches to address such situation.
We may decide to match “Populated Places” with both “PPL”
and “PPLA”. That is, we may decide to allow 1-to-many mat-
chings. Alternatively, we interpret the evidence collected thus
far as an indication that “Populated Places” matches “PPL”
better (three entries in Table 1) than “PPLA” (two entries in
Table 1).

The key questions, therefore, are what it means to “col-
lect enough evidence”, and what to do when the mapping
between terms is not one-to-one. This is addressed in Sect. 4
by introducing similarity functions that estimate how close
the sets of objects that two terms denote are.

We may adopt the same strategy to match the attributes of
ADL and GNS, but we would now collect information about
the attribute values from the query answers. In other words,
we argue that the problem of matching thesauri terms and the

Fig. 1 Fragments of the ADL
and GEONET thesauri. a ADL
FTT fragment. b GEOnet
Classification Scheme fragment

     Administrative Area 
     __ Populated Places 
     ___ Cities 
     ____ Capitals 
     __ Political Areas 
     ___ Countries 

(a) (b)

txeTnoitpircseDedoC
PCLI  ìIndependent political entity ” 
AREA  “A tract of land without homogeneous character or boundaries” 
PPL   “Populated place” 
PPLA   “Seat of a first-order administrative division” 
PPLC   “Capital of a political entity” 
PCLI   “Independent political entity” 
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Table 1 Results of querying countries and cities in ADL and GNS

Entry name ADL GNS

Brazil Countries PCLI

Canada Countries PCLI

Germany Countries PCLI

Italy Countries PCLI

Belgium Countries PCLI

Scotland, UK AdministrativeArea AREA

Wales, UK AdministrativeArea AREA

Rio Grande, Brazil Populated places PPL

Smithers, Canada Populated places PPL

Rio de Janeiro, Brazil Populated places PPLA

São Paulo, Brazil Populated places PPL

Cardiff, Wales Populated places PPLA

Asmara, Eritrea Capitals PPLC

Rome, Italy Capitals PPLC

Brussels, Belgium Capitals PPLC

problem of matching attributes may be both reduced to mea-
suring set similarity: (1) similarity between the sets of objects
the terms classify, in the former case; and (2) similarity bet-
ween the sets of attribute values, in the latter case. Section 5
contains results about the effectiveness of this strategy.

We close with a brief comment on the problem of instance
matching. In the geographic information systems domain,
we have various geo-referencing schemes that associate each
geographic object with a description of its location on the
Earth’s surface. This location acts as a universal identifier for
the object, or at least an approximation thereof. In this case,
we may propose that two instances match if their locations
and their names are similar. This strategy works well for
the geographic domain, but it depends on detecting—and
matching—which attributes describe the geographic location
and the name of the objects in both gazetteers. In general, one
will use some form of comparing attribute values to induce
instance matchings. However, the user will typically have to
interfere to inform which attributes to use (such as the object
location and the object name) and how to compare them.

4 Matching model

As illustrated in Sect. 3, extensional matching techniques
use duplicated values to formulate hypothesis about the mat-
ching. In this section, we expand this observation and intro-
duce the notion of similarity-induced catalogue matching.

Let C[A1U1, . . . , AmUm] and D[B1V1, . . . , Bn Vn] be
two catalogue schemas with thesauri T and W , respectively.
Let C and D be extensions of C and D.

Informally, a similarity-based matching model for cata-
logues consists of the following:

• A similarity-based instance matching σI , which is a pos-
sibly many-to-many relationship between pairs of ins-
tance representations.

• A similarity-based attribute matching σA, which is a pos-
sibly many-to-many relationship between pairs of attri-
bute representations.

• A similarity-based term matching σT , which is a pos-
sibly many-to-many relationship between pairs of term
representations.

Defining a similarity-based matching model requires
addressing three problems:

(1) Deciding on how to represent the objects—instances,
attributes, thesauri terms—to be matched.

(2) Defining a similarity measure that applies to the selected
representations.

(3) Based on the similarity measure of their representations,
deciding when two objects match.

Examples of similarity measures are information content
[26], mutual information [15], Dice coefficient [11], cosine
coefficient [11], distance-based measurements [18], informa-
tion theory-based [20] and contrast models [28]. For the sake
of concreteness, we adopt as similarity measure variations of
the estimated mutual information matrix, defined as follows.

Let A = (A1, . . . , Am) and B = (B1, . . . , Bn) be two
lists of sets. The estimated mutual information matrix for A
and B is the m ×n matrix EMI such that, for each r ∈ [1, m]
and s ∈ [1, n]:

EMIrs = mrs

M
log

(
M

mrs∑
j mr j × ∑

i mis

)
(1)

where mi j = |Ai ∩ B j |, for i ∈ [1, m] and j ∈ [1, n], and
M = ∑

i, j mi j .
Observe that the EMI matrix is, therefore, symmetric,

since |Ai ∩ B j | = |B j ∩ Ai |. We also say that [mi j ] is the
co-occurrence matrix of A and B.

Consider the problem of applying the estimated mutual
information matrix to match thesauri terms. Assume that we
have already defined an instance matching µI ⊆ C × D for
these catalogues. Recall that µI is a possibly many-to-many
relationship between instances in C and instances in D. Also
recall that we say that an instance I in C matches and instance
J in D iff (I, J ) ∈ µI .

The representation of a term t of T in C is the set C[t] of all
instances in C whose type is t . Likewise, the representation
of a term u of W in D is the set D[u] of all instances in D
whose type is u. This settles the first problem for thesauri
terms.

To apply the concept of estimated mutual information
matrix, first consider that the terms in T and W are arbitrarily
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ordered as t1, . . . , tm and u1, . . . , un , respectively. We
cannot directly compute the estimated mutual information
matrix for C[T ] = (C[t1], . . . , C[tm]) and D[W ] =
(D[u1], . . . , D[un]) since C[ti ] and D[u j ] are heteroge-
neous sets, that is, we cannot directly compute the cardi-
nality of their intersections. However, we may redefine mi j

to be the cardinality of the matching set between instances
in C[ti ] and instances in D[u j ], that is, the cardinality of
µI ∩ C[ti ] × D[u j ]. With this proviso, we may com-
pute the estimated mutual information matrix between terms
of T and terms of W , which settles the second problem for
thesauri terms.

Note that, since µI is not necessarily one-to-one, the num-
ber of instances of C[ti ] that match instances in D[u j ] is
not necessarily equal to the number of instances of D[u j ]
that match instances in C[ti ]. Therefore, to avoid this asym-
metry, we decided to define mi j to be the cardinality of
µI ∩ C[ti ] × D[u j ].

As for the third problem, there are two directions to follow.
Given the estimated mutual information matrix EMI between
terms of T and terms of W , we may decide that two terms
tr and us match iff E M Irs is the largest entry column wise
and row wise, that is, we may define a thesauri matching µT

between terms of T and terms of W as follows:

(tr , us) ∈ µT

iff E M Irs ≥ E M Ir j , for all j ∈ [1, n], with j �=s, and

E M Irs ≥ E M Iis, for all i ∈ [1, m], with i �= r

for each r ∈ [1, m] and s ∈ [1, n] (2)

We say that this thesauri matching is directly derived from
the estimated mutual information matrix. Note that Eq. (2)
induces a one-to-one thesauri matching, except when there
are two entries, EMIrs and EMIvw, such that EMIrs =EMIvw

and both satisfy Eq. (2). To force Eq. (2) to induce one-to-one
matchings, we arbitrarily take the smallest r and the smallest
s when there is a tie.

Alternatively, we may define that two terms tr and us

match iff EMIrs is above a certain threshold τT :

(tr , us) ∈ µT iff E M Irs ≥ τT

for each r ∈ [1, m] and s ∈ [1, n] (3)

which induces a possibly many-to-many thesauri matching.
We say that this thesauri matching is derived from the estima-
ted mutual information matrix with the help of the threshold
τT . This second approach requires experimentation to decide
on the threshold value, but it has the advantage of accounting
for potentially non one-to-one matchings.

Let us now move to the problem of applying the estima-
ted mutual information matrix to match attributes. Deciding
on how to represent attributes is a problem open to several
alternative solutions.

Let Ai be an attribute of C . The observed domain represen-
tation of Ai in C is the set o[C, Ai ] such that v ∈ o[C, Ai ]
iff there is an instance I in C such that the value of Ai in
I is v. The observed domain representation of an attribute
of D is likewise defined. We then compute the estimated
mutual information matrix for the lists of sets o[C, A] =
(o[C, A1], . . . , o[C, Am]) and o[D, B] = (o[D, B1], . . . , o
[D, Bn]), assuming that we can compare any two attribute
values.

We may improve the construction of the matrix by com-
puting mi j only for pairs of attributes Ai and B j that are of
the same type (or whose type is compatible). We call this
the type compatibility heuristic, which is obviously advanta-
geous since it may avoid computing all (m × n)/2 possible
combinations of attributes from C with attributes from D
(recalling that the EMI matrix is symmetric).

The next attribute representations alter in a straightfor-
ward way the computation of the estimated mutual infor-
mation matrix and are introduced without repeating the
details. They may also benefit from the type compatibility
heuristic.

The multiset observed domain representationof an attri-
bute is the multiset that contains as many elements corres-
ponding to a single value v as the number of instances in the
catalogue extension whose value for the attribute is v. Intui-
tively, this representation takes into account, in the similarity
measure, the number of times a value occurs.

The string domain representation of an attribute of type
string is the set of tokens extracted from the strings that occur
as values of the attribute. This set is obtained as follows. First,
tokens are extracted from a string s by splitting s in each
non-word or non-numeric characters to obtain a set of sub-
strings from s. Then, this set is reduced by eliminating sub-
strings which are stop-words. Finally, the remaining strings
are lemmatized [23]. This redefinition improves the chances
of detecting that two string attributes are similar.

The instance matching representation of an attribute is
introduced with the help of an example. Consider two book
catalogues whose schemes are B1[ISBN1, Type1, Name1,

Edition1, Rating1] and B2[ISBN2, Type2, Name2, Edition2,

Rating2], with keys ISBN1 with ISBN2, respectively. Assume
that ISBN1 and ISBN2 store 13-digit ISBNs, and that
Edition1, Rating1, Edition2 and Rating2 store small integers
(book editions typically range from 1 to 10, and book ratings
from 1 to 5, say). Suppose that the correct matchings are
ISBN1 with ISBN2, Edition1 with Edition2 and Rating1 with
Rating2.

Then, the estimated mutual information matrix may cor-
rectly induce a matching between I SB N1 and I SB N2, since
these attributes store values (ISBNs) which tend to be simi-
lar to each other (if the catalogues have a sizable number
of books in common), and very different from values of the
other attributes. However, the estimated mutual information
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matrix may not induce the other correct matchings since the
attributes involved have about the same values.

To circumvent this limitation, we define the instance mat-
ching representation of Edition1 as the set of pairs I E1

such that (i, e) ∈ I E1 iff e is the edition of the book with
ISBN i observed in the extension of B1, and likewise for
the other three attributes, Edition2, Rating1 and Rating2,
generating sets I E2, I R1 and I R2, respectively. Then, by
computing the estimated mutual information matrix from
such representations, we have a better chance of distingui-
shing the correct matchings from the incorrect matchings.
Intuitively, an incorrect matching of I E1 with I R2 would be
plausible only if a large number of books have the same edi-
tion number in B1 as the rating value they have in B2, which
is less likely that a large number of books occurring with the
same edition number in both B1 and B2 (and likewise for the
other pairs).

Finally, the multiset instance matching representationof
an attribute is the variation of the instance matching repre-
sentation that uses multisets, as for the multiset observed
domain representation.

Given the estimated mutual information matrix EMI bet-
ween attributes of C and attributes of D, we may derive an
attribute matching µA between attributes of C and attributes
of D as for thesauri terms, using Eqs. (2) or (3). However, to
compute the EMI matrix, we have to decide on a representa-
tion for the attributes. We may in fact go further and (1) use
several different representations, thereby generating several
matrices, EMI1, . . . , EMIk ; (2) compute the final matrix EMI
by combining EMI1, . . . , EMIk in a specific way, such as by
taking EMIrs as the maximum of EMI1

rs, . . . , E M I k
rs ; (3)

compute the attribute matching from the final matrix EMI,
using Eqs. (2) or (3).

Finally, we briefly comment on how to match instances
from C and D. We consider that a catalogue instance is repre-
sented by a list of some of its attribute values, that is, we admit
that some attributes be left out of the instance representation.

Let L = (ai1 , . . . , ai p ) be a representation of an instance
I from C, using the values of attributes Ai1 , . . . , Ai p , and
M = (b j1 , . . . , b jq ) be a representation of an instance J
from D, using attributes B j1 , . . . , B jq . Assume, for the sake
of argument, that p �. Assume also that we have an one-
to-one attribute matching µA between attributes of C and
attributes of D that cover all attributes in Ai1 , . . . , Ai p . Let
J ′ be a permutation of M, truncated up to the pth entry,
such that now attribute Air matches attribute B jr , according
to µA, for r ∈ [1, p]. Then, adopting a strategy similar to
that described above for thesauri terms and attributes, we
may derive an instance matching from any vector similarity
measure applied to I and J ′, such as the cosine distance.

For example, in Sect. 3, we represented a geographic
object by its location and name, and considered that two ins-
tances from the different gazetteers match if their geographic

location and name are similar, using cosine distance. A
simpler example would be to consider that instances from
different book catalogues are represented by their ISBN attri-
butes, and that they match iff they have the same ISBN values.

Note that the instance matching defined above depends on
an attribute matching and on a correct interpretation of the
attributes, which may be informed by the user or, in simple
cases, inferred by the system. Furthermore note that both
the co-occurrence matrix for thesauri terms and the instance
matching representation for attributes require that an instance
matching be defined, which in turn depends on an attribute
matching. In other words, such concepts are not orthogonal
and require a careful engineering to avoid circularities. The
examples in Sect. 5 indeed start with very simple instance
matchings to derive thesauri and attribute matchings.

5 Experiments

5.1 Data sources

We conducted two experiments to assess the performance
of several similarity-based matching models. The first expe-
riment was based on data extracted from the GEOnet Names
Server (GNS) and the Alexandria Digital Library gazetteer
(ADL), already used in Sect. 3. The second experiment was
based on data about books obtained from Amazon and Barnes
& Noble. All these data sources provide Web service access,
except Barnes & Noble, in which case we developed an
HTML parser to capture data from query results.

For each experiment, we first defined a bootstrap set of
keywords, which we used to query the databases. From the
query results, we extracted the less frequent words. We then
used these words to once more query the databases. This
pre-processing step enhanced the probability of retrieving
duplicate objects from the databases, which is essential to
evaluate any extensional schema matching technique. For the
first experiment, we extracted a total of 23,390 records: 3,599
from GNS and 19,791 from ADL. For the second experiment,
we extracted a total of 116,201 records: 16,410 from Amazon
and 99,791 from Barnes & Noble.

5.2 Experiments with gazetteers

5.2.1 Thesauri matching

The experiments described in this section focused on mat-
ching the ADL Feature Type Thesaurus (FTT) with the GEO-
net Names Server classification scheme (GNS CS). Although
the ADL FTT has a total of 1,262 terms, we considered only
the preferred terms, which amounts to 210 terms. The GNS
CS has 642 terms, organized under a single category level
including nine top terms.
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Table 2 A fragment of the
co-occurrence matrix for ADL
and GNS

GNS ADL

Islands Lakes Mountains Populated Railroad Reference Ridges Rivers Streams Waterfalls
places features locations

FLLS 1 10 5 353

FRM 44 1 13

HLL 2 177 14 1 1 5

HLLS 136 27 2 24

INLT 6 2

ISL 460 1 39 3 1 18

ISLS 20 3

LCTY 2 7 37 2 13

LGN 62 1 11 1 5

LK 310 1 7 1 3 5

LKI 2

LKO 10

LKS 2

MT 74 7 3 4

MTS 68 22 2 3 14

PPL 32 23 83 7440 52 24 30 2 799 13

PPLA 1 6 2

PPLL 6

PPLX 1 1 28 2

PS 1

PT 3 34 181 2

RDGE 1 1 4 21 3 101 19 1

RSTN 2 1 30 300 1 2 21

RSTP 1 18 141 1 12

RSV 1

SCH 1

SCRP 1 1 1

SPUR 2 5 32 5

STM 21 10 58 667 28 2 31 4732 10

STMI 2 2 90 2 2 251

The experiments had the following characteristics:

1. Used the data extracted from ADL and GNS, as described
in Sect. 5.1.

2. Adopted a simple instance matching, computed using the
centroids and the names of the geographic features.

3. Tested the thesauri matching model directly derived from
the estimated mutual information matrix, with each the-
sauri term t represented as the set of all instances whose
type is t .

The instance matching adopted assumes that: (1) a geogra-
phic feature Fi is represented by the triple (longi , lati , Ni ),
where (longi , lati ) is the centroid and Ni is the name of the

feature; (2) a matching between the attributes of ADL and
GNS that store the centroid and the name of a geographic
feature has been defined. These assumptions avoid the circu-
larity problem mentioned at the end of Sect. 4, for the sake
of simplicity and clarity of the experiment.

We then define that two geographical features match iff
their centroids and their names match, computed as follows.
Let F1 and F2 be two features. Then, we considered that their
centroids match iff√

(long2 − long1)2 + (lat2 − lat1)2 ≤ 0.9

To compare N1 and N2, we first computed the vector simi-
larity v between the token vectors built from N1 and N2,
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Table 3 EMI matrix
corresponding to the
co-occurrence matrix in Table 2

GNS ADL

Islands Lakes Mountains Populated Railroad Reference Ridges Streams Waterfalls
places features locations

FLLS 0.032134

HLL 0.013706

HLLS 0.009877

ISL 0.037034

ISLS 0.001607

LCTY 0.000004 0.000200 0.000208 0.000048

LGN 0.005162

LK 0.027295

LKI 0.000179

LKO 0.000893

LKS 0.000179

MT 0.005609 0.000075

MTS 0.004708 0.000061

PPL 0.108805

PPLA 0.000028 0.000049

PPLL 0.000107

PPLX 0.000007 0.000412 0.000036

PT 0.018135

RDGE 0.009716

RSTN 0.023947

RSTP 0.011171

SCRP 0.000028

SPUR 0.000031 0.003147

STM 0.107120

STMI 0.004676

Table 4 Matchings directly
derived from the EMI matrix
of Table 2

Matchings

ADL GNS

Islands ISL

Lakes LK

Mountains HLL

Populated places PPL

Railroad features RSTN

Reference locations PT

Ridges RDGE

Streams STM

Waterfalls FLLS

taking the TF-IDF weight for each token. Then, we conside-
red that N1 and N2 match iff v ≤ 0.9.

Note that, since we are trying to obtain a thesauri mat-
ching, recall measures the set of pairs of terms from the

different thesauri that were found to match as compared to
the set of pairs of terms from the different thesauri that were
defined in the reference thesauri matching. Precision has a
similar interpretation and fMeasure is defined as

fMeasure

= 2 × precision × recall/(recall + precision)

Furthermore note that the thesauri matching model
directly derived from the estimated mutual information
matrix is one-to-one, by definition. Therefore, the reference
thesauri matching contains only one-to-one matchings.

Table 2 shows a fragment of the co-occurrence matrix
and Table 3, the corresponding EMI matrix. The highligh-
ted cells have the largest values of their respective rows and
columns. Table 4 contains the thesauri matchings directly
derived from the EMI matrix, according to Eq. (2). The
complete analysis of the results indicates a total of 41
true positive matchings over a total of 43 correct matchings,
which means a recall of 95%. By contrast, it indicates a total
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Table 5 ADL attribute list

Attribute Description Data type

boundingBoxX1 Longitude of the left upper corner of the bounding box containing the feature Real

boundingBoxY1 Latitude of the upper left corner of the bounding box containing the feature Real

boundingBoxX2 Longitude of the lower right corner of the bounding box containing the feature Real

boundingBoxY2 Latitude of the lower right corner of the bounding box containing the feature Real

displayName Display name String

footprintX Longitude of the centroid of the bounding box of the location of the object String

footprintY Latitude of the centroid of the bounding box of the location of the object String

identifier Entry local id String

names Alternative names String

placeStatus Entry place–status (current or former) String

relationships Relationships with other features String

We disregarded attributes boundingBoxX1, boundingBoxY1, boundingBoxX2, boundingBoxY2 since they actually contain the same values as
footprintX, footprintY in the sample data downloaded from ADL

Table 6 GNS attribute list
Attribute Description Data type

adminCode1 Code for 1st administrative division String

adminName1 Name for 1st administrative division String

alternateNames Alternative names String

countryCode Country code (ISO-3166 2-letter code) String

countryName Country name String

elevation Elevation, in meters Real

geonameId Identifier String

lat Latitude of the centroid of the bounding box of the location of the object Real

lng Longitude of the centroid of the bounding box of the location of the object Real

name Primary name String

population Population Integer

Table 7 Reference attribute
matchings for ADL and GNS ADL GNS

displayName name

footprintX lng

footprintY lat

names alternateNames

of nine false positive matchings, which means a precision
of 88%. The fMeasure is then

fMeasure = 2 × precision × recall/(recall + precision)

= 2 × 88 × 95/(95 + 88) = 91%

5.2.2 Attribute matching

The experiments described in this section concentrated on
matching the ADL gazetteer attribute list, shown in Table 5,

with the GNS attribute list, shown in Table 6. The experi-
ments had the following characteristics:

1. Used the data extracted form ADL and GNS, as described
in Sect. 5.1.

2. Adopted a simple instance matching, computed using the
centroids and the names of the instances, as in Sect. 5.2.1.

3. Tested the family of attribute matching models directly
derived from the estimated mutual information matrix,
with each attribute represented as described in Sect. 4
(all models adopt the type compatibility heuristics).

Note that, since we are trying to obtain attribute matchings,
recall measures the set of pairs of attributes from the different
attribute lists that were found to match as compared to the set
of pairs of attributes from the different gazetteer that were
defined in the reference attribute matching (see Table 7). Pre-
cision has a similar interpretation and fMeasure is defined in
terms of recall and precision as explained in Sect. 5.2.1.
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Table 8 Performance of the attribute matching models directly derived from the EMI matrix

Instance matching Observed domain Multiset Type compatibility Precision (%) Recall (%) fMeasure (%)

False True False True 71 63 67

False True True True 50 50 50

True False False True 50 50 50

True False True True 50 50 50

True True False True 50 50 50

True True True True 50 50 50

The first two columns indicate the attribute representation that the model adopts (instance matching or observed domain representations)
For each line, when the value of the multiset column is True, it indicates that the idea of using a multiset is applied to both the instance matching
and the observed domain representations
The type compatibility column is all True, indicating that all models use the type compatibility heuristics
The last two lines, where both the instance matching and the observed domain columns are True, correspond to the models based on an EMI matrix
obtained by taking, for each entry, the maximum value from the EMI matrix computed using the instance matching representation and the EMI
matrix computed using the domain value representation

Table 9 A fragment of the
co-occurrence matrix for
attributes of ADL and
GEOnames

GNS ADL

displayname footprintx footprinty names relationships

admincode1 23 9 15 25 11

adminname1 156 110 160

alternatenames 252 1 371 59

countrycode 4 4 4

countryname 59 21 62

elevation 4 2 1 4

lat 8 222 1250 8

lng 2 1323 445 2

name 381 382 43

population 1

Table 10 EMI matrix
corresponding to the
co-occurrence matrix in Table 9

GNS ADL

displayname footprintx footprinty names relationships

admincode1 0.00086 0.00008 0.00025 0.00095 0.00046

adminname1 0.00666 0.00387 0.00983

alternatenames 0.01079 0.01832 0.00197

countrycode 0.00016 0.00016 0.00024

countryname 0.00266 0.00052 0.00399

elevation 0.00017 0.00004 0.00000 0.00017

lat 0.00331 0.05750

lng 0.06029 0.01023

name 0.01811 0.01787 0.00104

population 0.00008

Table 8 shows the performance results for the attribute
matching models directly derived from the estimated mutual
information matrices computed using different attribute

representations and combinations thereof. For the first model
in Table 8, we show in Tables 9, 10 and 11 the correspon-
ding co-occurrence matrix, the estimated mutual information
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Table 11 Attribute matchings
corresponding to the third model
in Table 8

ADL GNS

footprintX lng

footprintY lat

names alternateNames

relationships adminName1

Table 12 Amazon attribute list

Attribute name Description Data type

author String

edition Integer

index Book classification String

isbn String

label String

listPrice Real

productGroup String

productType String

publisher String

title String

url URL

matrix and the directly derived attribute matchings. The com-
plete analysis of the results for the first model indicates a total
of three true positive matchings over the total of four correct
alignments, which means a recall of 75% of the total corrects
matchings. By contrast, it indicates 1 false positive matching,
which means a precision of 75%. The fMeasure is then

fMeasure = 2 × precision × recall/(recall + precision)

= 75%

5.3 Experiments with Book Catalogues

The experiments described in this section repeat the experi-
ments of Sect. 5.2.2 for the Amazon and the Barnes & Noble
book catalogues. Tables 12 and 13 show the Amazon and the
Barnes & Noble attribute lists, whereas Table 14 contains the
reference attribute matchings.

In this experiment, we assumed that: (1) an instance from
ADL is represented by the values of attributes title, author,
publisher and isbn; (2) an instance from Barnes & Noble is
represented by the values of attributes name, by, publ and
isbn-13; (3) the attributes in these two lists match (see howe-
ver the observation about isbn-13 below). We considered that
two instances match iff their representations are similar, using
as similarity measure the cosine distance with TF-IDF, and
a threshold of 0.9.

Table 15 shows performance results for the attribute mat-
ching models directly derived from the estimated mutual
information matrix, and it should be interpreted as Table 8.
Table 15 indicates that the matching models based on the

Table 13 Barnes & Noble attribute list

Attribute name Description Data type

by Author String

category Book classification String

isbn-13 The 13-digit International Integer
Standard Book Number

name Title of the book String

numberOfPages Number of pages Integer

pubDate Publication date Date

publ Publisher String

salesRank Number of times that other titles Integer
sold more than this book title

subject String

Table 14 Reference attribute
matchings for the Amazon and
Barnes & Noble book catalogues

Amazon Barnes & Noble

author by

index category

publisher publ

title name

instance matching representation for attributes (lines 3 to 6)
do not have the best performance. This can be explained in
part since, in this sample data, the number of instances from
both catalogues that match is fairly low. For the first model in
Table 15, Tables 16 and 17 show the occurrence and the esti-
mated mutual information matrices computed, and Table 18
shows the attribute matchings derived.

An interesting observation can be made regarding ISBN
values. Starting in 2007, the 13-digit ISBN began to replace
the 10-digit ISBN. The Amazon book catalogue stores both
numbers, with the attribute isbn holding the old 10-digit
ISBN and the attribute ean (not used in the experiment),
the new 13-digit ISBN. The Barnes & Noble book catalogue
stores only the new 13-digit ISBN (the attribute isbn-13). Dif-
ferently from a syntactical approach, which would wrongly
match isbn with isbn-13, due to their syntactical similarity,
our instance-based technique did not match isbn with isbn-
13, since obviously these attributes have no common values
(they are in fact omitted from Tables 16 and 17).

The date attributes also never matched due to differences
in format. Indeed, Amazon stores dates in the format “YYYY-
MM-DD”, while the Barnes & Noble stores the publication
date as “Month, YEAR”. To solve this problem, we would
have to consider a more sophisticated strategy to compare
dates.

6 Related work

Rahm and Bernstein [25] deliver an early survey of schema
matching techniques. Euzenat and Shvaiko [10] provide an
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Table 15 Performance results
for the attribute matching
models directly derived from the
EMI matrix

Instance Observed Multiset Type Precision (%) Recall (%) fMeasure (%)
matching domain compatibility

False True False True 100 100 100

False True True True 100 75 86

True False False True 57 100 73

True False True True 57 100 73

True True False True 57 100 73

True True True True 60 75 67

Table 16 A fragment of the
co-occurrence matrix for
attributes of Amazon and
Barnes & Noble corresponding
to the first model of Table 15

Amazon Barnes & Noble

by category name numberOfPages pubDate publ salesRank subject

author 2580 1 927 3 3 377 2 26

edition 60 1 137 23 22 49 29 2

index 1 1 1 1 1

label 3 62 148 12 1 166

listprice 5 1 12 6 4

productGroup 913 1 1138 12 20 890 10 48

productType 1642 1 3785 149 77 761 159 62

publisher 3 1

title 2580 1 927 3 3 377 2 26

url 60 1 137 23 22 49 29 2

Table 17 EMI matrix
corresponding to the
co-occurrence matrix in
Table 16

Amazon Barnes & Noble

by category name numberOfPages pubDate publ salesRank subject

author 0.018669

edition 0.000422 0.002287 0.001848 0.000885

index 0.014983 0.001488 0.012317

listPrice 0.005492 0.000726 0.004622

productGroup 0.014797 0.001495 0.012277

productType 0.000001 0.000001

Publisher 0.005598 0.014014

title 0.015650 0.000947 0.000751

url 0.029205 0.024320

account of ontology matching techniques. Following their
classification, the techniques described in this paper is
extensional and based on data analysis and statistics. Bern-
stein and Melnik [2] list the requirements for model mana-
gement systems that support schema mappings, to which the
work reported in this paper contributes.

Bilke and Naumann [3] describe an extensional technique
based on similarity algorithms. Brauner et al. [5] adopt the
same idea to match two thesauri. Wang et al. [30] describe

a technique based on query probing to match Web databases
which relies on human intervention to select a set of typical
instances used in the probing. Brauner et al. [7] apply this
idea to match geographical database Web services. Brauner
et al. [6] describe a matching algorithm based on measu-
ring the similarity between the attribute domains of distinct
Web databases. Madhavan et al. [22] propose the use of a
set of schemas and mappings to help the schema matching
algorithms. The authors use predictor algorithms that mea-
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Table 18 Attribute matchings
corresponding to the first model
in Table 15

Amazon Barnes & Noble

author by

index category

publisher publ

title name

sure the similarity between schema elements, adopted in the
PayGo architecture [21].

Contrasting with Wang et al. [30] and Brauner et al. [7] we
avoid the use of a global schema and a set of global instances,
which are sometimes hard to define. Section 5 also explore
how the precision of the attribute matchings is influenced by
the attribute representations adopted.

Castano et al. [9] describe the H-Match algorithm to dyna-
mically match ontologies. H-Match provides, for each
concept from an ontology, a ranked list of similar concepts in
the other ontology. Four matching models are used to dyna-
mically adjust the matching process to different levels of
richness of the ontology descriptions. Spertus et al. [27] eva-
luate the performance of six similarity measures, used to
recommend online communities to members of related com-
munities from of the Orkut social network and adopt the L2
vector normalization (L2-Norm) measure.

7 Conclusions and future work

In this paper, we proposed an approach to match pairs of
catalogues. The approach is classified as extensional since it
uses instances stored in the catalogues, and is based on the
notion of similarity. To provide the foundations of the dis-
cussion, we first defined the concepts of thesauri, attribute
and instance matchings, and discussed how to use simila-
rity functions to induce matchings. Specifically, we adopted
the estimated mutual information (EMI) matrix to measure
similarity and defined how to derive thesauri and attribute
matchings from the EMI matrix. We also called attention to
the fact that attributes may have alternative representations,
which impact the computation of the EMI matrix. Finally,
we illustrated the approach with experiments using data from
catalogues available on the Web. The experiments also mea-
sured the influence of the alternative attribute representations
on the performance of the attribute matchings derived.

The results described in the paper admit at least three
extensions, as described in Casanova [19]. First, although
we concentrated on just two catalogues, we may extend the
overall approach to match multiple catalogues by computing
the EMI matrix between any two catalogues. Second, in addi-
tion to one-to-one matchings, we may derive many-to-many
matchings by using the EMI matrix as in Eq. (3), as well as by

adopting other similarity functions. The results are still pro-
mising, but they require a training step to calibrate the thre-
shold value (see Eq. (3)), and additional parameters, when
other similarity functions are adopted (see [19]). Finally, we
have not discussed how to gradually construct the matchings
as new data from the catalogues are available, which is typi-
cal of a query mediation environment. We refer the reader to
Brauner et al. [4,6] for discussions about this issue.
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