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ABSTRACT

The rapid growth of available data arises the need for more
sophisticated techniques for semantic access to information.
It has been proved that using conceptual model or ontology
over relational data sources is necessary to overcome many
problems related with accessing the structured data. How-
ever, the task of wrapping the data residing in a database
by means of an ontology is mainly done manually.

The research we are carrying out studies the reuse of re-
lational sources in the context of semantics-based access to
information. This problem is tackled in two phases: (i) ex-
tracting semantics hidden in the relational sources by wrap-
ping them by means of an ontology, (i3) understanding the
methodology for semantic extension of such ontologies. In
this paper we focus on the first sub-problem and present an
automatic procedure for extracting from a relational database
schema its conceptual view. The semantic mapping between
the database and its conceptualization is captured by associ-
ating views over the data source to elements of the extracted
ontology. To represent the extracted conceptual model we
use an ontology language, rather that a graphical notation,
in order to provide precise formal semantics. Our approach
uses heuristics based on ideas of standard relational schema
design and normalization. Under this we formally prove
that our technique preserves the semantics of constraints in
the database. Therefore, there is no data loss, and the ex-
tracted model constitutes a faithful wrapper of the relational
database.
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1. INTRODUCTION

The use of a conceptual model (or an ontology) to describe
relational data sources has been shown to be extremely use-
ful to overcome many important data access problems. In
particular, the notion of accessing information through the
navigation of an ontology modeling the domain of an infor-
mation system — which can be seen as a conceptual schema
— only recently has gained interest in knowledge representa-
tion research. The ontology defines a vocabulary which is
richer than the logical schema of the underlying data. Thus,
the user would prefer to query the database using the rich
vocabulary of the ontology. Moreover, this allows users (or
applications) to formulate queries also in the case of schema
mismatch, since the information system is accessed using
the common and agreed-upon ontology vocabulary [17]. On
the other hand, so-called intentional navigation can help a
less skilled user during the initial step of query formulation,
thus overcoming problems related with schema comprehen-
sion and so enabling him/her to easily formulate meaningful
queries (e.g., Query Tool [14]).

To date, the task of wrapping relational data sources by
means of an ontology is mainly done manually. However,
large quantity of structured information sources available on
the Web, as well as multiple databases in enterprises require
automatic support for the conceptualization of the domain.
Within this research area, we identify two key tasks that we
discuss next.

Scenario 1. Suppose the goal is to design an ontology that
is to be used as a unifying view in enterprise integration.
Typically, there will be a number of database systems that
are used in the enterprise to be modeled. Instead of con-
structing the ontology from scratch, ontology designer wants
an automatic support for converting the database schema
into an initial ontology (i.e., support for ontology bootstrap-
ping). Once the core ontology is obtained from database
schema, a user poses a query over the extracted ontology
which is to be answered by using the data in the database.

Task 1. Automatic support for deriving an ontology from
an existing database schema, yet capturing the semantic
mapping between the database and the extracted ontology
and guaranteeing that no information is lost.

As a first part of this doctoral work, we aim at defining
a framework for automatically extracting from a relational
database schema an ontology that is to be used as a unifying
view over the data and is specifically tailored for information
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Figure 1: An example scenario

access. In such setting, the semantic mapping between the
database and its conceptualization is nevertheless a crucial
aspect, in order for queries over the ontology to be answered
by using the data in the database. In addition, there must
be no data loss while deriving ontology from the database
schema, i.e. correctness must be preserved.

Scenario 2. Once a core ontology is obtained, ontology
designer adds more details to a part of the ontology that has
not yet been sufficiently described. An end user then uses
the extended ontology for formulating his/her queries and
an information system is still expected to return the answer
(obviously using sophisticated query answering techniques,
such as query rewriting [12]).

Task 2. Support for controlling the consequences of on-
tology extension.

When the extracted ontology is extended, it is important
for an ontology engineer to be aware of the consequences of
such modifications. In particular, when the extended on-
tology is used for querying the information residing in the
database, it may happen that unintended answers are re-
turned. Let us elaborate the matter with a specific example
depicted in Figure 1. Please note that in this example the
derived ontology is represented with Description Logic (DL)
DL-Lite [11]. We use Entity-Relationship (ER) notation for
a clear pictorial representation, and we do not discuss in this
paper how common ER constructs can be expressed with
DL-Lite (see [11] for details). At the lower level of this figure
(below the dashed line) we have an input database schema,
providing the actual data, whereas the bottom part of the
upper level represents the ontology generated from the input
database schema (Scenario 1 ). Assume we have a database
schema with two relations STUDENT and COURSE (keys are
underlined). Since no foreign keys are present in none of
the two relations, with the ontology extraction procedure
we obtain two corresponding entities, Student and Course,
not related to each other via any relationship. The associ-
ated mappings are depicted with dashed arrows. When an

ontology engineer sees the derived ontology, he/she decides
that, clearly, a relationship, say Attends, between the two
entities exists. Now, suppose a user, looking at already ex-
tended ontology (the bottom part under the dashed line is
hidden from the user), wants to know the pairs of students
and courses that are being attended, i.e., he/she poses a
query
q(z,y) — Attends(z,y).

It is immediate to see that the evaluation of the above query
gives an empty answer, since during query reformulation
step [12] none of the inclusion dependencies will be appli-
cable to an atom Attends. However, consider the situation
when an ontology engineer adds mandatory participation
constraint for the entity Student, stating that every student
must attend at least one course. Then, the answer to the

query
q(z) «— Attends(z,_)

is the set of all students.

To avoid unexpected results in such applications when us-
ing the extended ontology, the ontology engineer must have
control of the consequences of his/her modifications. Thus,
as a second part of this work, we aim at characterizing such
a phenomenon. In other words, the goal is to understand
the methodology for semantic extension of ontologies, i.e.,
in which cases such extensions are meaningful and give sen-
sible results. Currently, there are no guidelines of how to
avoid or solve the latter situations. Therefore, we are con-
cerned with whether we can give guidelines for knowledge
engineers such that this problem could be minimized.

Summing up, the focus of the current research is re-use
of relational sources in the context of semantics-based ac-
cess to information. Our goal is to understand which is the
best way of building such an infrastructure by providing a
uniform access to the data sources in a coherent and user-
oriented way. We see the problem in two phases: eliciting
the semantics of data hidden in the structure of relational
sources by wrapping them by means of an ontology; and un-
derstanding the methodology for semantic extension of such
ontology, i.e., when those extensions are meaningful and give
sensible results.

We will discuss more on each of these two challenges in the
following sections. Please note that the problem of extract-
ing ontologies from relational data sources has been carried
out from the beginning of the doctoral work, thus, in this
paper we concentrate on the former. The second problem
— that of semantic extension of extracted ontologies — is at
the initial stage, and we only provide initial insights for ap-
proaching the matter. The rest of the paper is structured as
follows. Section 2 surveys the work related to our research.
In Section 3 we describe the approach proposed and results
achieved so far. We conclude in Section 4.

2. RELATED WORK

The primary task of our work is extracting from a rela-
tional database schema its corresponding conceptual view.
In this process we integrate aspects of database reverse engi-
neering (DBRE) [18]. DBRE is defined as a process of recov-
ering a conceptual model that represents the meaning of the
logical schema by examining an existing database system to
identify the database contents and their interrelationships.
Approaches to recovering a conceptual schema from a re-
lational database have appeared in the literature over the



years [26, 15, 5, 2, 6]. Four main sources have been explored
for finding evidence to construct a conceptual schema from
a logical database: the structures and integrity constraints
of the database schema, the application programs that ac-
cess the database, the data instances stored in the database,
and the users and designers. In particular, [26] use schema
structures and constraints by considering an input relational
database being in BCNF. In Andersson’s work in [5] infor-
mation about functional dependencies, keys and inclusion
dependencies are deduced by looking into data manipulation
statements that can be extracted from the application code.
The approaches in [15, 6] analyze not only the database
schema, but also data instances, while the work in [2] relies
only on data instances in order to identify candidate keys,
to locate foreign keys and to decide on the appropriate links
between the given relations. Finally, the method of [19] de-
cides the correct object types in the conceptual schemas by
interacting with users. Unlike our work, DBRE approaches
firstly produce just a pictorial representation of a concep-
tual model, without showing how it links to the database
schema, and are thus used for “documenting” the database.
Our approach, instead, is tailored for the direct use of the
extracted ontology — accessing information mediated by the
ontology. Secondly, most of DBRE methods are informal
and do not specify the quality of the results. On the con-
trary, we provide formal results showing that our extraction
technique is correct.

The recent call for a Semantic Web arose several approaches
in bringing together relational databases and ontologies. A-
mong them we mention [4], where the authors describe an
automatic mapping between relations and ontologies, when
given as input simple correspondences from attributes of re-
lations to datatype properties of classes in an ontology. Un-
like our approach, it requires a target existing ontology onto
which the relations are mapped to. On the other hand, the
approach of [21] extracts the schema information of the data
source and converts it into an ontology. However, the latter
technique extracts only the structural information about the
ontology, so the constraints are not taken into account.

To obtain meaningful inter-operation between the data
sources and extracted multiple ontologies, semantic map-
pings are the crucial aspect. Thus, schema and ontology
mapping and matching is a relevant research topic. The
problem of semi-automatically creating mappings has re-
ceived significant attention recently in both the database
and Al communities (see [29, 30]). Most of the approaches
for discovering mappings focused on database schemas, e.g.
Clio [27] and HePToX [10]. The primary principle for deriv-
ing mappings is using (referential) integrity constraints in a
schema to assemble “logically connected elements”. These
logical associations, together with the element correspon-
dences, give rise to mappings between schemas. An inter-
esting solution for discovering mappings semi-automatically
is reported in [3]. It first derives semantic mappings from
database schemas to ontologies, and then takes this advan-
tage of the knowledge to produce a set of logical formulas
representing mappings between different database schemas.
In addition to tools for schema mapping and matching, a
considerable body of work exists for ontology mapping and
matching [20, 30].

Finally, let us note that the problem of accessing infor-
mation through extended ontologies has not been tackled in
the literature.

3. OUR SOLUTION

In this section we address several key technical issues and
indicate solutions for the first phase of our research question,
namely, for extracting semantics from relational sources.

3.1 Ontology Extraction

3.1.1 Formal Framework

We introduce the formal framework for representing the
ontology and its relation with a relational data source. We
adopt a standard relational model together with integrity
constraints, detailed below. The ontology language adopted
can be seen as an alternative to the use of standard model-
ing paradigms of Entity-Relationship or UML diagrams and
enables the representation of their commonly used modeling
constructs (see [9]). The advantage over these formalisms
lies on the fact that the ontology language has a clear and
unambiguous semantics which enables the use of automatic
reasoning to support the designer.

Relational model We assume that the reader is familiar
with standard relational database notions as presented, for
example, in [1]. We assume that the database domain is a
fixed denumerable set of elements A and that every such
element is denoted uniquely by a constant symbol, called its
standard name [24]. We make use of the standard notion
of relational model by using named attributes, each with an
associated datatype, instead of tuples.

A relational schema R is a set of relations, each one with
a fixed set of attributes (assumed to be pairwise distinct)
with associated datatypes. We use [s1 : D1,...,8n : Dyn] to
denote that a relation has attributes si,..., s, with associ-
ated data types Di,...,D,. We interpret relations over a
fixed countable domain A of datatype elements, which we
consider partitioned into the datatypes D;. A database in-
stance (or simply database) D over a relational schema R is
an (interpretation) function that maps each relation R in R
into a set RP of total functions from the set of attributes of
R to A. Let A = [s1,...,5m] be a sequence of m attribute
names of a relation R of a schema R. The projection of RP
over A is the relation 74 R? C A, satisfying the condition
that ¢ € RP iff (¢(s1),...,9¢(sm)) € TaRP.

The ontology extraction task takes as input a relational
source. We abstract from any specific database implementa-
tion by considering an abstract relational source DB, which
is a pair (R,X), where R is a relational schema and X is
a set of integrity constraints. The semantics of relational
schemata is provided in the usual way by means of the rela-
tional model. Given a relation r, let A denote sequence of
attributes of r. Below we briefly list the kind of database
integrity constraints we consider in our framework (for more
details the reader is referred to [25]).

o Nulls-not-allowed constraints: nonnull(r, A), satisfied
in a database when null values are not contained in
any attribute of A.

e Unique constraints: unique(r, A), satisfied when the
sequence of attributes A are unique in a relation. To-
gether with nulls-not-allowed constraints they corre-
spond to key constraints, denoted key(r, A).

e Inclusion dependencies: r1[A1] C ra[Az2], satisfied
when projections over A1, Az of relations r1 and r2
are included one in the other. If key(rz, Az), we call
them foreign key constraints.
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Figure 2: Syntax and semantics of DLR-DB axioms

e FExclusion dependencies: (r1[A1] Nr2[Az]) = 0, satis-
fied when the intersection of the projections over A1,
A of relations 71, r2 is the empty set.

o Covering constraints:' (r1[A1] U ... U rm[Am]) C
ro [Ao], satisfied when the projection of the relation
ro over Ag is included in the union of the projections

of the relations in the set.

Ontology language We call a DLR-DB system S a triple
(R, P,K), where R is a relational schema, P is a component
structure over R, and K is a set of assertions involving names
in R. The intuition behind a named component is the role
name of a relationship in an ER schema (or UML class-
diagram). The component structure P associates to each
relation a mapping from named components to sequences of
attributes. Let R be a relation in R, to ease the notation
we write Pr instead of P(R).

Let R be a relation in R, with attributes [s1 : D1,...,8n :
D,]. Pr is a non-empty (partial) function from a set of
named components to the set of nonempty sequences of at-
tributes of R. The domain of Pgr, denoted Cg, is called the
set of components of R. For a named component ¢ € Cg, the
sequence Pr(c) = [Siy, ..., Sin ], Wwhere each i; € {1,...,n},
is called the c-component of R. We require that the se-
quences of attributes for two different named components
are not overlapping, and that each attribute appears at most
once in each sequence. The signature of a component Pr(c),
denoted 7(Pr(c)), is the sequence of types of the attributes
of the component. Two components Pr(c1) and Pr(cz2) are
compatible if the two signatures 7(Pr(c1)) and 7(Pr(c2))
are equal.

The DLR-DB ontology language, used to express the as-
sertions in /C, is based on the idea of modeling the domain
by means of azioms involving the projection of the relation
over the named components. An atomic formula is a pro-
jection of a relationship R over one of its components. The
projection of R over the c-component is denoted by R|[c].
When the relation has a single component, then this can be
omitted and the atomic formula R corresponds to its projec-
tion over the single component. Given the atomic formulae
R[c], R'[¢], Ri[ci], an aziom is an assertion of the form spec-
ified in Figure 2, where all the atomic formulae involved in
the same axiom must be compatible. In the same figure,
there is the semantics of a DLR-DB system which is pro-
vided in terms of relational models for R, where IC plays the
role of constraining the set of “admissible” models.

A database D is said to be a model for K if it satisfies all its
axioms, and for each relationship R in R with components

'In ER terminology, this may also be indicated as mandatory
for an IS-A relationship.

€1,...,ck, for any ¢1,¢s € RP with ¢1 # ¢, there is some
s in ¢ s.t. ¢1(s) # ¢2(s). The above conditions are well
defined because we assumed the compatibility of the atomic
formulae involved in the constraints.

The DLR-DB ontology language enables the use of the
most commonly used constructs in conceptual modeling (see
[9] for details).

3.1.2  Principles of ontology extraction

The principles upon our technique are based on ideas of
standard database design and normalization. Note that sim-
ilar techniques are proposed in DBRE literature [18, 15] for
recovering conceptual model from a relational database. We
discussed how our work advances the DBRE approaches in
Section 2. First, we assume that the relational source in
third normal form (3NF). Second, in order to uncover the
connections between relational schema and the conceptual
model, the heuristics underlying the ontology extraction pro-
cess rely on best practices of relational schema design from
ER diagrams (or UML class diagrams) — a standard database
modeling technique [16, 8]. One benefit of this approach is
that it can be shown that our algorithm, though heuristic
in general, is able to reconstruct the original ER diagram
under some assumptions on the latter. Specifically, we con-
sider ER models that support entities with attributes,? n-ary
relationships which are subject to cardinality constraints,
and inheritance hierarchies (IS-A) between entities (includ-
ing multiple inheritance) which may be constrained to be
disjoint or covering. Under these two assumptions we can
formally prove that our extraction procedure preserves se-
mantics of constraints in the relational database (detailed in
Section 3.1.4).

As noted before, in the settings were data residing in re-
lational database is accessed with the mediation of an ontol-
ogy, semantic mappings are the crucial aspect. In our frame-
work, this is achieved by associating (materialized) views
over the data source to the elements of the extracted ontol-
ogy. In this way, queries over the ontology can be answered
by using data in the database.

Our proposed ontology extraction algorithm works in two
phases. Firstly, a classification scheme for relations from the
relational source is derived. Secondly, based on this classifi-
cation, the ontology describing the data source is extracted.
In addition, the process generates a set of view definitions,
so connecting the database schema with the ontology. Thus,
given relational source DB = (¥, X)), our task is to extract
from it the ontology in terms of axioms in K of DLR-DB
system, together with a set of views in DLR-DB R, defined
over the actual data (i.e., relational source DB). In such

2We do not deal with multi-valued attributes in this paper.



setting, R is seen as a new schema containing set of mate-
rialized views, obtained by transforming the source schema
DB.

Roughly speaking, we reverse the process of translating
ER model to relational model. As a result, we identify that
relations representing entities in ER schema have keys which
are not part of their foreign keys, and every such foreign key
represents functional binary relationship (i.e., one-to-one or
one-to-many) with another entity. On the other hand, rela-
tions that correspond to m-ary relationships with cardinali-
ties “many” for all participating entities have keys composed
of their foreign keys. Since we do not allow inheritance be-
tween relationships, every such foreign key references key
of a relation resulting from (sub-)entity. When a relation
has key that is also foreign key, and no other foreign keys
appear in that relation, then an inheritance relationship ex-
ists. If instead non-key foreign keys are present but the
relation is the target of some foreign key, we are sure that
this relation corresponds to sub-entity. Otherwise, such re-
lation might also “look like” functional relationship (binary
or n-ary), mapped directly to a relation. Relations of this
type and all other relations not satisfying the conditions de-
scribed above (e.g., in case of design errors) are classified
as ambiguous relations (see below). This kind of reasoning
gives rise to the classification of relations, which is the key
concept of our extraction procedure.

3.1.3 Ontology Extraction Procedure

In this section we briefly sketch the actual ontology ex-
traction procedure, more details and the algorithms can be
found in [25].

First of all, relations are classified based on the appearance
of their keys and foreign keys:

e we classify a relation r; having key disjoint with every
foreign key of r; (if any) as base relation;

e a relation r; having key which is also a foreign key and
if r; satisfies one of the following conditions

— r; has a single foreign key, or

— r; is referred to by some relation, i.e., r; appears
on the right-hand side of some foreign key con-
straint,

then r; is classified as specific relation;

e a relation r; having key entirely composed of foreign
keys of r;, and the number of foreign keys is greater
than one, is classified as relationship relation;

e a relation 7; not satisfying any of the conditions above
is classified as ambiguous relation.

Once relations in DB are classified according to the con-
ditions above, then the actual ontology extraction process
returns a DLR-DB system as output. Given relation r;, let
A; and FK; denote the sequence of all attributes and se-
quence of all foreign key attributes of r;. Table 1 provides
summary of how components of DLR-DB system are gener-
ated for each class of relations. Specifically, for every base
and specific relation r; the algorithm generates a relation R;
by projecting on all non-foreign key attributes of r;. R; has
a single c-component, where Pg,(c) corresponds to the key
attributes of r; and thus functionality axiom funct(R;[c]) is
added to K.

A non-key foreign key in a base or specific relation r;,
with a referenced relation r;, determines the association be-
tween relations R; and R;. Thus, for each such foreign key,
relation Ry is generated by joining r; with r; and project-
ing on their keys. Ry has two components, c;-component
and cj-component, where Pg, (¢;) and Pg, (c;) correspond
to key attributes of r; and r;, respectively. Since foreign
key of r; encodes a one-to-one or one-to-many relationship,
¢i-component is functional, thus we have funct(Ry[¢;]) in K.
For expressing an association between R; and R; the ax-
ioms of the form Ri[c;] C R; and Ri[c;] E R; are added to
K. Furthermore, whenever the latter foreign key of r; par-
ticipates in a nulls-not-allowed constraint, the axiom R; C
Ry[c;] is generated stating mandatory participation for in-
stances of R; to Ry, as values for the ¢;-component; its partic-
ipation to a unique constraint determines instead the func-
tionality axiom funct(Ry[c;]) meaning that every value of
the cj-component appears in it at most once; finally, ap-
pearance of the foreign key of r; in the right-hand side of an
inclusion dependency determines mandatory participation
for values of the only component of R; to the relation Ry as
values for the ¢;-component, and thus the axiom R; T Ry[c;]
is added to K. For expressing an ISA between classes, for ev-
ery specific relation r; the subclass axiom R; C R; is added
to K, where R; is the relation corresponding to (base or spe-
cific) relation r;, that the foreign key which is also a key of
r; references. Additionally, each exclusion dependency on
the set of specific relations induces the disjointness axioms
R; disj Ry, for every pair of relations r;, rx appearing in the
exclusion dependency. Similarly, every covering constraint
on the set of specific relations induces the corresponding
covering axiom in K.

Similar reasoning accounts for relationship relations, as
can be seen in Table 1. As for ambiguous relations, our
heuristics “prefers” to recover a relationship, and thus the
algorithm generates the structures corresponding to those
defined for relationship relations. On the other hand, a user
could decide which is the “best” structure for ambiguous
relations. In this way, the ontology extraction task may
be a completely automated procedure, or semi-automated
process with a user intervention.

3.1.4 Correctness of the Technique

Our proposed ontology extraction technique can be seen
as schema transformation as defined in [28]. An important
consideration in such a process (i.e., when transforming one
data model into another) is the potential for loss of informa-
tion. We evaluate the correctness of our schema extraction
procedure using the relative information capacities of the
source and target schemata. In this section we briefly out-
line the main principles of this analysis; for full details and
the actual proofs the reader is referred to [25].

In the following we denote by & and 7 source and target
schemata corresponding to the input relational source DB
and relational schema R of the extracted DLR-DB system.
Let Ds and D7 be consistent instances of schemata S and
T, respectively. An equivalence preserving mapping between
the instances of S and 7 is a bijection p : Ds — D7. Then
S and 7 are said to be equivalent via u, denoted S = 7.
Given schemas S and 7, a (schema) transformation is a to-
tal function M : S — 7. M is an equivalence preserving
transformation if it induces an equivalence preserving map-
ping. To this end, we come up with the following result:



Relation type | R & P

Axiom in K

base relation 7r;

Ri =ma,—rk, (1)

key(ri, Ki) Pr,(ci) = K; funct(R;[ci])

specific relation r; Ri =ma,—rk; (i), st. FKENK; =0

key(ri, K;) Pr,(ci) = Ki funct(R;[eq])

ri [Ki] Crj [Kj] i E Ry

Tiy [Kll] N7y [Kzz] =0 Ri1 diSj Ri2

T [KJ} g Tiq [K”] U...uU Timm [sz] Ril [Ci1]7 e 7Rim [Clm} cover Rj [Cj]

base or specific relation r;

n-number of f.k.s and FKij # K;

ri [FKi;] Cry K], for j=1,...,n, | Ry =7k, k;(r; X 1)
Pr,.(ci) = Ki; Pr(¢;) = K;

funct(Rk[ci])
Rglci] E Ri; Ri[cj] C Ry

nonnull(r;, FKij) R; C Rylcs]
unique(r;, FK;;) funct(Rx[c;])
i [KJ} g T [FK”} Rj E Rk[Cj]
relationship relation r; R =ma,(r;)

T FKZ7] er [KijOI"j:l,...,n PR (Cz‘j)IFKZ7 R—L‘[Cij] ERJ'
r [K5] € ri [FKG, ] R; C Rifci ]

ambiguous relation r;

repeat steps as for relationship relations

Table 1: Summary of the extraction procedure

THEOREM 1. The ontology extraction procedure is an equiv-

alence preserving schema transformation.

The actual proof of the above theorem can be found in
[25]. Roughly speaking, we devise a bijective transformation
for the respective models and we show that the constraints
of the original schema and extracted ontology are satisfied
by the models generated by this transformation.

The fact that our extraction procedure is equivalence pre-
serving not only shows that there is no information loss, so
the extracted schema can be used to access the data, but
that we can evaluate queries expressed using the extracted
ontology by simply expanding the generated views. This is
no longer true in the case when the ontology is going to be
modified. Then more sophisticated query answering tech-
niques must be adopted in order to guarantee completeness
(e.g. query rewriting [12]).

3.1.5 Experimentation

So far, we have developed the ontology extraction algo-

rithm by investigating the constraints on the database schema.

We have also shown that the extraction procedure is equiv-
alence preserving for schemas designed following the prin-
cipled methodology. Nonetheless, it is crucial to test the
algorithm in real-world schemas in order to evaluate its ad-
equacy. To do this, we have implemented our approach in a
prototype system. Given a relational schema as input, our
tool produces as output the ontology described in XML for-
mat, which is then graphically represented (using UML-like
notation) with ICOM?® — Ontology Design tool — able to rep-
resent all constructs in our ontology language. The results of
initial experiments we carried out are shown in this section.

The database schema used in this experiment implements
the CERIF (Common European Research Information For-
mat) 2000 Full Data Model. The ORACLE SQL script*
was taken. The schema is strongly structured as it stores
123 tables. The analysis of schema metadata was performed

http://www.inf.unibz.it/~franconi/icom
“http://cordis.europa.eu/cerif/src/toolkit.htm

by our tool®, the classification on relations was derived, and
the ontology extracted. Table 2 reports the summary of
classified relations and extracted ontology components.

We observed that the tool produced correct ontology con-
structs for 77 tables (out of 123). We were particularly in-
terested in the usefulness of our approach for ambiguous
relations generated by our tool. We have identified that all
46 tables classified as ambiguous can be categorized into two
types. That is, (i) those having foreign key properly included
in its key, and (ii) those having key properly included in the
set of its foreign keys, where the number of foreign keys is
at least 3 and key spans at least 2 foreign keys. Relations of
type (i) represent multivalued attributes in ER diagram. We
have decided to treat them as having “hidden” foreign key,
and to recover a many-to-many relationship. For example,
the relation

PERSON_RESEARCH_INTEREST(LANG, TRANS_TYPE,PER_ID,
KEYWORDS),

with primary key underlined, where PER_ID is a foreign key
referencing PERSON relation. In this case, relation in DLR-
DB having two components with sequences of attributes,
PER_ID and LANGUAGE,TRANS_TYPE, respectively, should be
generated. Relations of type (ii) correspond to m-ary rela-
tionships in ER diagram. However, we cannot deal with this
case, since we consider the sequence of attributes of all the
components of a relation as a key for this relation.

3.2 Ontology Extension

As noted in the introductory section of this paper, cur-
rently we are starting to look at the problem of accessing the
data sources using the extended ontology. We do not have
at present any results showing what kind of ontology exten-
sions are meaningful and how meaningful. Nevertheless, in
this section we briefly report on initial ideas regarding the
matter.

We have decided to begin with the analysis of how added
new terms reflect the result of query answering by rewriting

5As for now, we assume that inclusion and exclusion depen-
dencies are explicitly available in database metadata.



Relation type | #Classified DLR-DB construct #Extracted
Base 52 Relation with single component 52
Relationship 25 Relation with 2 components 36
Specific 0 Subclass axiom 68
Ambiguous 46 Functionality axiom 63

Table 2: Summary of experimentation with CERIF database schema

for the families of Description Logics (DLs) of our interest.
That is, we are concerned with whether (and if yes, then in
which cases) the query over the new term can be rewritten.

We will concentrate on Definitorially Complete DLs, which
is known as Beth’s Definability property for First Order Logic
but then stated for DLs. Following [31], defining new con-
cepts can be done in two ways: (1) in an explicit syntactical
manner as in NewConcept = C with C an expression in which
NewConcept does not occur; (2) implicitly, by writing a set
of general inclusion axioms T with the property that in any
model of T, the interpretation of NewConcept is uniquely
determined by the interpretation of the primitive concepts
and relations. Then, a DL is Definitorially Complete, if
every new concept defined in the implicit way can also be
defined in the explicit manner. It was shown in [7] that ALC
DL is definitorially complete; in [31] the same was shown for
a number of extensions of ALC.

4. DISCUSSION AND CONCLUSIONS

The growth of available data call for ever more sophisti-
cated techniques to manage information, and in particular
to semantic, user-oriented access to information. Database
community has recently started to support the claim for
the need of much better understanding of users and their
“pain points” when they work with structured data (see A.
Halevy’s comments on SIGMOD 2007°).

We start with those observations and discuss a vision for
building infrastructure for semantic access to information.
Specifically, we concentrate on the process of extracting on-
tologies from relational data sources. Our extraction pro-
cedure uses heuristics based on principled database design
methodologies and integrates database reverse engineering
techniques. Nevertheless, it advances the DBRE area in
that the resulting extracted ontology with a set of views
represents the meaning of the data and the semantic map-
pings between the database schema and its conceptualiza-
tion. Moreover, we provide formal results showing that our
technique is correct, i.e. there is no data loss, while DBRE
approaches are generally informal.

There are several issues worth noting. First, in principle,
it is possible to use database schema directly (i.e., without
extracting ontology and then using it to access information),
e.g. using the rewriting based technique [22]. However, our
approach makes explicit the “semantics” of relations, i.e. de-
tecting and differentiating entities and relationships, multi-
valued attributes, etc., and thus helps to understand this
existing data.

Second, our adopted DLR-DB ontology language is close
to the DLR family of ontology languages (see [13]). In par-
ticular, by virtue of the assumption that components do not
share attributes, it is not difficult to show that the same
reasoning mechanism used for DLR can be employed with

Shttp://alonhalevy.blogspot.com/search /label /sigmod

DLR-DB. The ability of employing correct and complete au-
tomated reasoning enables us to provide well founded tools
to support the maintenance and evolution of the extracted
ontology (see [23]), and to support the final user in formulat-
ing precise queries using the ontology (see [14]). Moreover,
by taking away the covering axioms,” this language corre-
sponds exactly to DLR-Lite [12]. This means that we can
use the same efficient query answering technique to evaluate
conjunctive queries mediated by the ontology.
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