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Abstract

The ability to model preferences and exploit preferen-
tial information to assist users in searching for items
has become an important issue in knowledge repre-
sentation. On the one hand, accurately eliciting pref-
erences from the user in the form of a query can result
in a coarse recommendation mechanism with numer-
ous results returned. The problem lies in the user’s
knowledge concerning the items among which they
are searching. Unless the user is a domain expert,
their preferences are likely to be expressed in a vague
manner and so vague results (in the form of numerous
alternatives) are returned.

In this paper we remedy this problem by exploit-
ing ontological information regarding the domain at
hand. This ontological information can be provided
by a domain expert and need not concern the user.
However, we show that it can prove useful in focus-
ing query results and providing more meaningful and
useful recommendations.
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1 Introduction

We are faced with choices every day: which type of
restaurant to go to; which radio station to listen to
or TV channel to watch? In order to answer these
questions we exercise our preferences. Preferences
make effective reasoning possible since they encap-
sulate our everyday decisions. However, explicit pref-
erences alone are only part of the story. In some sit-
uations our own understanding of the domain is poor
and our preferences tend to reflect this. As a result,
we are unable to effectively discriminate among the
choices at hand. This paper addresses this problem
by supplementing user preferences with ontological
information so as to provide an effective user prefer-
ence mechanism.

Research on modeling abstract notions of prefer-
ence has provided a rich literature in logic and deci-
sion theory (Doyle & Thomason 1999, Fishburn 1999,
Bradley et al. 2000) with applications such as mod-
eling social choice in economics. With the growth of
the World Wide Web as a major platform for purchase
and consumption, the need for personalised product
recommendation systems has become evident, and
their development has become an important issue in
Knowledge Representation and Reasoning and Arti-
ficial Intelligence. One method that has gained pop-
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ularity in the last few years is social-based product
recommendation, e.g. collaborative filtering (Sarwar
et al. 2001), where the selection history of other cus-
tomers is used to recommend products. Such tech-
niques tend to ignore deeper information of the do-
main in favour of following the herd mentality.

The aim of this paper is to exploit information that
is available in the structure of an OWL ontology to
supplement user preferences in order to provide an
effective choice mechanism. We consider a number
of methods based on different definitions of concept
similarity as measured in a RDF graph representation
of an OWL ontology. Furthermore, we provide an
implementation of our schemes in the SPARQL query
language that extends previous work by (Siberski et al.
2006) building on the preference mechanisms added to
SQL by (Kiefling 2002, Kiefiling & Kdistler 2002).

Previous work in this area is limited. An ontol-
ogy based similarity system has been presented by
(Middleton et al. 2004) but provides for only basic
features. (Schickel-Zuber & Faltings 2006) is much
closer in spirit to this paper, introducing the notion of
ontology filtering. However, they propose a score pro-
rogation system within an hierarchical graph, where
we focus on the structural properties of the ontology.
(Schickel-Zuber & Faltings 2007) supplement this ap-
proach by trying to learn the ontologies themselves.
(Kiefer et al. 2007) has applied similarity to semantic
data mapping, ontology mapping and semantic web
service matchmaking using techniques from linguistic
analysis.

The rest of this paper is arranged in the follow-
ing way. In the next section we cover the neces-
sary background material with a brief introduction
to OWL and SPARQL. We then briefly look at the
work by (KieBling 2002) and (Kiefiling & Kostler
2002) extending SQL and it’s partial implementation
in SPARQL by (Siberski et al. 2006). This is followed
by our proposal based on concept similarity, exploit-
ing the structure in an OWL ontology. We end with
a discussion and conclusions.

2 Background

Reasoning with preferences has been studied and de-
veloped in many disciplines from social choice, deci-
sion and game theory, logic and philosophy through
to artificial intelligence and machine learning. In our
work, we adopt these basic principles together with
their application to preference querying in database
systems. In order to provide more accurate and sen-
sible preference querying, we have chosen to use de-
scription logic based ontologies as our data model
since they provide a richer description of the under-
lying domain. In this section, we briefly discuss these
concepts.



2.1 Preference Querying in Database Sys-
tems

In the context of database systems, (Kiefling 2002)
presents a framework for dealing with preferences
as soft constraints, named Preference-SQL. In this
work, preferences are seen as strict partial orders over
database tuples i.e., as transitive and irreflexive pref-
erence relations. It proposes an extension to the SQL
query language (Kiefling & Kostler 2002) which per-
mits filtering the result set using soft constraints as
opposed to classical SQL filtering which adopts hard
constraints returning only those results that match
the query ezactly. A partial syntax of the extended
query language is given below:

SELECT <projection-list>
FROM <table-reference>
WHERE <hard-conditions>
PREFERRING <soft-conditions>
ORDER BY <attribute-list>

Using this syntax, the user can express their prefer-
ences as soft constraints and will receive tuples which
best match those constraints. This approach is re-
ferred to as the BMO (Best Match Only) query model
in which a tuple will find its way into the final re-
sult set if there does not exist any other tuple which
dominates it, i.e. better satisfies the preference con-
straints. Preference constraints in this framework
can be expressed through standard SQL operators
in terms of likes/dislikes (e.g. =, <>, IN) and nu-
meric constraints (e.g. <, >=, BETWEEN). This work
also introduces a set of special operators which al-
low the user to express their preferences in terms
of numerical approximations (through the operator
AROUND which will favour values close to a given
numerical target value) and in terms of minimiza-
tion/maximization of numerical values (through the
operators LOWEST/HIGHEST which will accept a low-
est/highest value respectively over other values). In
order to allow complex preference construction, two
binary preference assembly operators are introduced:
The Pareto accumulation (AND) treats both con-
stituent preference constructs as equal and is defined
as:

T =<PoPY =
(x <p, yN(x <p, yVaz=y))V
(x <p, YN (x <p, yVz=y))

Where z,y are database tuples and Py, P» are prefer-
ence constructs. Intuitively, this definition says that
y is strictly preferred to x whenever it is strictly pre-
ferred by at least one of the two constituent prefer-
ences and equally or more preferred by the other.

The Prioritize accumulation (CASCADE) is used to
treat two preference constructs in order of importance

and is defined:

T 2P &&PY =
x=<pyV(@x<pyN(x=<p yvVa=y))

This definition says that x is strictly preferred to y
whenever it is strictly preferred by the first preference
in the cascade and otherwise it is strictly preferred
by the second preference in the cascade and equally
or more preferred by the first. Therefore, the first
constituent preference in the cascade is given higher
consideration.

2.2 Querying Ontological Information

Ontologies provide a standardised way of classifying
terms related to a domain. They are central to the
knowledge-based paradigm.

2.2.1 Description Logic Based Ontologies

In recent years, with the emergence of the Semantic
Web, the importance of knowledge representation and
reasoning techniques over ontological information has
gained added significance. Ontologies (Antoniou &
van Harmelen 2004) are a knowledge representation
technique based on description logic (DL) (Baader
et al. 2003) principles consisting of terminological en-
tities, i.e. Concepts and Properties also referred to
as TBox and instances (individuals) also referred to
as ABox. A very important feature of ontologies is
the inherent ability to define terminological objects
in a hierarchical manner, that is, concepts and sub-
concepts, properties and sub-properties. We make no
assumption about the nature of the ontology. For sim-
plicity we concentrate on tree-like ontologies in this
paper. However, the results can be straightforwardly
extended to DAGs.

2.2.2 RDF and OWL

A very common methodology for creating ontologi-
cal information is through the XML-based markup
language OWL (Web Ontology Language) which al-
lows the construction of the different entities of an
ontology based on RDF graphs. In RDF, entities
are represented using a triple pattern logic. Each
element in the RDF graph has to be a literal or
an RDF resource. For example, the following tag
constructs an OWL class (concept) named MusicAl-
bum: <owl:Class rdf:ID="MusicAlbum">. Here,
the subject is a class definition, the predicate is
the class id and the object is the string “Musi-
cAlbum”. Properties and Individuals can be cre-
ated in the same manner. For example, the fol-
lowing tag constructs a new individual music album
<MusicAlbum rdf:ID="Album_1">. Suppose we have
a property definition of a album’s release year, the fol-
lowing tag will assign the number 2005 as Album_1’s
release year: <Album_1 :releaseYear=2005>.

2.2.3 SPARQL

The SPARQL query language over RDF graphs
(Prud’hommeaux & Seaborne 2006) is a W3C Rec-
ommendation and considered to be a vital tool for
dealing with ontological information in the semantic
web. SPARQL allows queries over RDF Graphs us-
ing Triple Pattern Matching by introducing variables
and binding the appropriate RDF resources to the
variables. A partial syntax for SPARQL is given be-
low:

SELECT <projection-var-list>
FROM <ontology-reference>
WHERE <var-bindings>
FILTER <hard-conditions>
ORDER BY <var-list>

As opposed to SQL, the projected entities are vari-
ables where the equivalent entity to a database tuple
is a set of variables also referred to as a solution bind-
ing (or a result binding). The WHERE clause in the
query is typically used to bind variables to RDF re-
sources while hard constraints are given through the
FILTER clause (although it is possible to perform cer-
tain filter operations through the WHERE clause itself).
The ORDER BY clause acts as a solution modifier, i.e. a
solution list transformation function, which sorts the
result bindings according to the variables in a given
list. Other solution modifiers offered by SPARQL are
LIMIT to limit the number of results returned and
OFFSET to instruct SPARQL to start the result set
after a given number of bindings are found.



3 Querying Ontological Information with
Preferences

A natural progression is to extend SPARQL with pref-
erential queries.

3.1 P-SPARQL

In a similar fashion to the way that Kieflling ex-
tended SQL to enable database querying with prefer-
ences, (Siberski et al. 2006) presents an extension to
SPARQL to query ontological information with pref-
erences. The fundamental idea here is similar; a new
query element is introduced to allow the construction
of preferences as soft constraints. The extended syn-
tax of SPARQL (in the rest of this paper, we refer to
this extension as P-SPARQL) is given below:

SELECT <projection-var-list>
FROM <ontology-reference>
WHERE <var-bindings>
FILTER <hard-conditions>
ORDER BY <var-list>
PREFERRING <soft-conditions>

In the preferring section, every filter operator sup-
ported by SPARQL can be used as well as two scor-
ing operators, HIGHEST/LOWEST with similar seman-
tics as Preference-SQL. Also, similarly to Preference-
SQL, two complex preference assembly methods are
implemented, i.e. the Pareto operator for treating
two preference operators as equally important and the
Cascade operator to prioritize one preference opera-
tor over the other. Finally, in this work the BMO
(Best Match Only) query model was adopted where a
solution binding is a best match if there is no other so-
lution binding dominating it (i.e., strictly preferred).
Each solution binding competes against every other
solution binding where a solution binding will find its
way into the final result set if it is a best match under
this definition.

4 Exploiting Hierarchical Structure for Rea-
soning with Preferences

One of the most distinctive properties in represent-
ing knowledge using ontologies is the inherent ability
to define the terminologies in the ontology in an hi-
erarchical manner. In analogue to terminologies in
database systems, i.e. the database schema, in this
work we consider the terminological component of an
ontology (T Bozx) to be the part which stores informa-
tion created by experts on the domain at hand. This
assumption will then enable us to supply (possibly
recommend) to the user information about individ-
uals (ABox) according to their preferences without
having to assume a very high level of domain knowl-
edge on behalf of the user, and exploit the level of
knowledge the user does have in order to perform
more accurate preference querying. This is important
because in many product recommendation settings,
the user possesses little if any domain knowledge.

4.1 Motivating Example
4.1.1 The Music Record Shop Ontology

Consider an ontology which describes and stores in-
formation about music albums. This may include
musical genre, performing artists, country where the
album was produced, price and so on. Let’s also con-
sider a concept hierarchy composed by musical ex-
perts given in Figure 1. Note that this information
is taken from domain experts while we do not as-
sume the user has complete knowledge of the domain.

Still this information can be readily exploited when
reasoning with preferences (e.g. for a consumer who
would like to search for items in a more sophisticated
manner). In (Chamiel & Pagnucco 2008a) we iden-
tify a class of hierarchical systems referred to as data
inheritance systems. This means that each concept
in the hierarchy (not only a leaf) can be referred to
not only as an abstract concept (probably through a
set of properties this concept contains) but also as
a data concept—a concept which can be associated
with asserted instances (i.e., real objects). This is
the standard behaviour of ontologies in the semantic
web. This musical genre hierarchical system is of this
kind: an album can be identified as Progressive Rock
which is a leaf concept but at the same time an album
can be identified with the concept Rock even though
it serves as an abstract concept.

Example Query Consider the following P-

SPARQL query:

Prefix music:

<http://example.com/music.owl#>
SELECT 7id 7genre 7country
FROM <http://example.com/music.owl>
WHERE {

?7id music:hasGenre 7genre.

?7id music:producedIn 7country.}
PREFERRING

?country = music:England
CASCADE

7genre = music:AlternativeRock

In this query, we prefer albums originating from Eng-
land as our most important preference attribute be-
fore we prefer the alternative rock genre. In case no
such album exists to perfectly answer our preference
(i.e. no English Alternative Rock exists), we argue
that it will be sensible to return an English album
with genre similar to Alternative Rock over returning
any arbitrary album which happens to be English.
Running this query through P-SPARQL will have ex-
actly this latter behaviour where any musical genre
will be considered equal without examining its rela-
tionship to the target concept (English album). This
will of course depend on what we mean by “similar
to” which we explore next.

4.2 Querying over IS-A Relations

In Description Logic (Baader et al. 2003) concept in-
heritance can be viewed as an IS-A relation C7 C Cj
where a sub-concept C is also of type Cy by inher-
iting its properties and functionality. Even though
OWL is based on description logic concepts, this be-
haviour is not inherited in SPARQL. Filtering us-
ing the equal operator will return only those objects
which have that particular target concept. Further-
more, the filtering option ?type rdfs:subClass0f C
(for querying individuals which have a sub-concept of
some target concept C'), will result only in those that
are a direct sub-class of C' omitting individuals which
have the type C itself (and thus not satisfying the
axiom C' C C) as well as individuals which have a
type which is not directly inherited from C' (and thus
not satisfying the transitivity property of the IS-A
relation). In (Chamiel & Pagnucco 2008a) we intro-
duce a new operator which allows the user to express
preferences in terms of the IS-A relation.

Example 1. In order to modify the previous example
to prefer English albums and then albums of genre
which IS-A Alternative Rock (i.e., Alternative Rock
and all its descendants), we modify the PREFERRING
section of our query to:
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Figure 1: Ontological Concept Hierarchy of Music Genres

PREFERRING
?country = music:England

CASCADE
7genre ISA music:AlternativeRock

The results will thus be an albums made in FEngland
with genre in { AlternativeRock, Grunge, IndieRock}.

However, there are still a few problems with this
method: what if there is no result under the target
concept (or any of its sub-concepts)? Should we con-
sider all other concepts outside the target concept as
equal? Furthermore, is there any relation between
different levels within a sub-hierarchy? Do we want
to distinguish between general and specific concepts?
We discuss these issues in the next section.

4.3 Similarity-based Querying

In order to exploit the hierarchical structure of an on-
tology, we present here a series of methods for com-
puting categorical similarity between concepts in a
T Box. We use these similarity methods for perform-
ing preference querying over ontological information.
We introduce a new Boolean operator Sim(Ct,Co)
(is similar to):

by <p(co)b2 -

Sim(C(b), Co) < Sim(C(ba), Co)
Where Cy € Concepts is the target concept, by, by €
ResultBindings and C(b;) is the value bound to the
relevant variable in the result binding b; w.r.t C'. For
example, suppose we would like now to query music
albums while preferring English albums (as the first
priority) and then albums of genre similar to Alterna-
tive Rock music. We modify the PREFERRING section
of our query to:

PREFERRING

?country = music:England
CASCADE

7genre ~= music:AlternativeRock

Where ~= is the syntactic version of the similarity
operator Sim(Cy,Cs2). Note that by introducing a
new Boolean operator we do not change the notion
of domination querying. We still have the ability to
compare two result bindings to obtain the preference
domination relationship between them. There are
many ways to compute similarity between concepts
in an ontology, each reflecting a different rationale.

In the rest of this section we discuss various meth-
ods and their rationales for computing this kind of
similarity measurement.

4.3.1 Similarity via Direct Graph Distance

A very simple method for measuring similarity in an
ontology graph is by looking at the direct distance
between a candidate concept and the target concept:

; 1
Slm(01, CO) = m (2)

Where distance is defined as the distance of each con-
cept to the most recent common ancestor of the two
concepts:

Dist(C1,Cp) = N1+ No + 1 (3)

where N, = len(C;, MRCA(C1,Cyp)) and
MRCA(C1,Cp) is the most recent common an-
cestor of C7 and Cy (i.e., the meet in lattice theoretic
terms). Note that the distance between a concept
and itself here is equal to 1 to avoid division by
zero. The rationale behind this simple method is to
consider concepts which are “closer” to the target
concept more similar. For example, the music genre
Alternative Rock will be considered more similar to
the target concept Rock than the genre Dance. The
main problem with this approach is the fact that it is
not consistent with the IS-A relation assumption. It
may consider concepts which are not a sub-concept
of the target concept more similar than concepts
under the target concept. We can see this directly in
Figure 3(a):

Example 2. Consider the user’s target concept to
be Dance. Concepts within the same distance from
this target concept (e.g. Trance, Techno, Electronic)
are all considered at the same level regardless of their
IS-A relation with Dance.

This naive approach, being less intuitive, can how-
ever serve well as a benchmark method for comparing
other methods.

4.3.2 Most Specific Shared Information

So far we have concentrated on the similarity between
sub-concepts under the target concept. We saw differ-
ent ways of treating this information. Another very
important issue when dealing with hierarchy-based



similarity methods is the similarity between the dif-
ferent concepts not inherited from the target concept
and that target concept. Consider the following query
over our music ontology: the user has asked for a mu-
sic album of the genre Trance (possibly among other
criteria). There is no album of this genre or a sub-
concept of Trance which satisfy the request. We do
consider an album of genre Electronic and an album of
genre Techno. Up until now, these two concepts will
be considered as equally similar to Trance (both with
distance 3 from Trance). The problem here is that
it may well be argued that Techno is more similar to
Trance than Electronic since Trance and Techno share
more specific information. Both Trance and Techno
inherit from Dance which means that they share the
special properties of Dance that distinguish it from
other types of Electronic music. (Wu & Palmer 1994)
presented a similarity measurement (in the context
of linguistics) which takes the level of shared infor-
mation into account:

2*N3
Ny + Na+ 2% N3

Sim(C1,Co) = (4)

Where Nj, Ny are the distances from the concepts
Cy and C; to their MRCA respectively and N3 is
the distance from this MRCA and the root of the
ontology (assuming the most general concept is the
OWL concept Thing).

Example 3. In our example,
Sim(Trance, Electronic) = 2+3i22*2 = 0.67 while
Sim(Trance, Techno) = % = 0.75 and thus

Techno will be considered more similar to Trance
than Electronic and will dominate it in the context of
music genres.

As for (2), a major drawback in using this method
to compute similarities in ontology hierarchies is that
it does not respect the IS-A relation axiom, as can be
seen directly in Figure 3(b):

Example 4. Let us consider again the user’s tar-
get concept to be Dance. The concept Electronic has
a sitmilarity measurement of 0.8 to the target con-
cept while the concept ProgressiveTrance, being a sub-
concept of Dance has a smaller similarity measure-
ment of 0.75 and thus considered less similar to Dance
than Electronic.

It may be argued that even though Progressive-
Trance, being a very specific type of Dance music,
is indeed Dance, due to its specific characteristics it
may have gone far enough from this target concept
to be considered less similar to it compared to a con-
cept outside that target concept. We find no jus-
tification for making such an argument mainly due
to the fundamental significance of the IS-A relation
in description logic conceptual inheritance. We pro-
pose here a method for measuring similarities between
concepts while considering specific shared information
more similar and preserving the IS-A DL axiom.

4.3.3 Most Specific Shared Information w.r.t
Ontology Depth

In this paper we measure similarity between concepts
while considering concepts that share more specific
information to be more similar and preserve the DL
semantics of the IS-A relation. We modify (4) by
reducing the similarity measurement in relation to
the depth of the compared concepts and the maximal
depth of the relevant part of the ontology (further
details are in Section 5.1). We propose a novel simi-
larity method, based on (Wu & Palmer 1994), which
has three interesting properties:

1. It considers two concepts more similar if they
share more specific information.

2. It respects the IS-A relation axiom as described
above.

3. Within a sub-graph, it will consider a concept
more similar to a target concept according to
the communicated level of specificity described
by this target concept.

Property 3 means that when the user specifies a cer-
tain target (most preferred) concept, the sub-concepts
below this target concept will be ordered according to
their distance to the target concept (the ‘closer’ dis-
tance, the more similar they are). The intuition be-
hind this is to respect the user’s communicated level
of specificity (given by the depth of this target con-
cept in the ontology) considering concepts which are
‘closer’ to this level of specificity to be more similar.
This is measured by the following similarity metric
which determines the similarity of concepts Cy and
C1.

2*N3
N1+N2+2*N3+AVG

Sim(Cl,Co) = (5)

Where Np, N3 and N3 are defined as in (4), AVG
is the average distance of M AX to the depth of the
concepts Cp and C; and M AX is the length of the
longest path from the root of the ontology to any of its
leaf concepts. Note that in practice we then normalise
the similarity measurement to be between 0 and 1 by
dividing it by the similarity of the target concept to
itself. This way we ensure that the similarity between
the target concept and itself will always be 1 (which
accords with intuition).

Example 5. In  our running  example,
Sim(Trance, Electronic) = m = 05
while Sim(Trance, Techno) = % = 0.67

and thus, as for the previous method, Techno will be
considered more similar to Trance than Electronic.
But now, as opposed to (4), this methods will still
give a smaller similarity measurement (0.53) be-
tween Dance and FElectronic and a greater similarity
measurement between Dance and any sub-concept of
Dance, e.g. 0.67 for the similarity between Dance
and Progressive Trance.

We can prove that (5) guarantees that sub-
concepts are always preferred to non-sub-concepts
w.r.t a target concept.

Theorm 1. Let < be defined by (1) with Sim de-
fined as in (5). Let Cy, Cp, Cy be concepts in an
ontology such that C; C Cy and Cy £ Cy. For
all result bindings by, by such that C(b1) € Cy and
C(bg) € Oy it holds that Sim(Co, Cl) > S’im(Co, CQ)
(hence by <p(cy) b1)-

It can be observed that Equation 5 induces a to-
tal preorder over concepts satisfying asymmetry and
transitivity. The asymmetry property comes directly
from point 2 above. The power of this method is
that it encapsulates all the discussed intuitions. It
satisfies the IS-A relation axiom, always considering
sub-concepts of a target concept more similar than
non-sub concepts w.r.t this target concept. It also
considers concepts that share more specific informa-
tion more similar unless the previous statement does
not hold. We discuss this method further in the anal-

ysis (6).



4.4 Exploiting Property Structure for Query-
ing with Preferences

Similarly to the way concepts in an ontology can be
organized in an hierarchical manner, an hierarchical
structure can be applied to properties (roles) as well.
RDF provides us with the ability to define sub prop-
erties through the subPropertyOf operator. Typi-
cally, these properties will have the same domain and
range. Consider the property structure given in Fig-
ure 2 defining a (partial) structure over roles in mu-
sic album production. All properties which inherit
from the property participates will have the signa-
ture: participates(MusicPerson) — MusicAlbum.
It is a fact that some of the best known musicians,
as well as creating their own music, also participate
in the production of other albums (e.g. Brian Eno,
Robert Fripp etc). By nature, the work engineered
by some musicians, for example, will be significantly
different to the music they compose or perform. On
the other hand, it is safe to say that a certain indi-
vidual’s participation in an album as an electric gui-
tar performer will have more similar contribution to
an album where the same individual played the bass
guitar than an album where they participated as a
record producer. In our preference reasoning, we ex-
ploit this structure in order to provide more accurate
results in a similar manner to the way we exploited
conceptual structure. Similarly to structural-based
operators available for preferences over concepts, the
syntax for constructing preferences over properties in
the ontology is available through the Sim and the IS-
A operators:

?prop ~= Cy

Where ?prop is a variable which has to appear as the
predicate in some triple block in the WHERE clause of
the SPARQL query. The same syntax can be applied
for using IS-A. For example:

Prefix music:
<http://example.com/music.owl#>

SELECT 7id 7genre 7property
FROM <http://example.com/music.owl>
WHERE {

?7id music:hasGenre 7genre.

?id ?property :MyMusicPerson.

?7id rdf:type :MusicAlbum. }
PREFERRING

?property ~= music:keyboards_in

The semantics of the preference reasoner will be sim-
ilar to the semantics for reasoning with concepts.
From the technical point of view, SPARQL allows us
to place variables as properties. These will be bound
through the execution of the query to anything that
will match the domain and range. In our example,
the variable ?property will be bound to any func-
tion from MusicAlbum® to MusicPerson.? Once the
variable is bound we use the RDF'S property subProp-
ertyOf to analyze the property structure.

5 Implementation—The SPOQF System

An implementation of the methods proposed here
have been completed based on the ARQ SPARQL
query engine (Seaborne 2005) (a Jena based query
engine) and building on the implementation of (Siber-
ski et al. 2006) where the iterative processing of

1We explicitly ensure this in the query by binding the variable
2id to elements of type MusicAlbum although this is not manda-
tory.

2 Assuming MyMusicPerson is of type MusicPerson.

preference querying is performed as a solution mod-
ifier (similarly to the way the classical sorting func-
tionality ORDER BY is done). A demo of the sys-
tem — SPOQFE (Similarity-based Preferences over On-
tologies Query Engine) is available online. 2 On
top of the described similarity measurement meth-
ods, we supplemented this implementation by adding
some further numerical preference attributes men-
tioned in (KieBling & Kostler 2002) such as AROUND
and BETWEEN.

5.1 Reasoning in
Views

Context—Conceptual

When a large ontology is available, we may wish to
limit our search over similar concepts in the ontology
purely because some parts of the ontology are not rel-
evant to our query. For example, if part of our ontol-
ogy relates to music and another part to sports, when
looking for music recommendations there is no need
to consider concepts in the sports part of the ontol-
ogy. In such cases, it makes sense to limit the search
for similar concepts and, in fact, denote that sections
of the ontology are irrelevant to other sections and
need not be searched over. (Balke & Wagner 2004)
refers to these sections in an ontology as Conceptual
Views and models these as the concepts which inherit
directly from the top concept Thing. In this paper,
we allow the ontology designer to be able to make
the decision in regards to what constitutes a concep-
tual view. To effect this we adopt a unary function
isConceptView(C') that takes a concept as argument.
This denotes that only concepts D C C' are to be con-
sidered similar to one another (according to the met-
ric adopted). Other concepts are considered to be
“irrelevant” with Sim(D, E') = 0 for concepts D C C'
but £ Z C. In other words, this feature serves to
restrict searches to relevant portions of the ontology,
i.e. Conceptual Views. This feature can also signif-
icantly limit the search space when performing our
structure-based reasoning.

5.2 Computing Top-k Elements

Our system offers two query models: the user can ei-
ther search for the elements which best match their
preferences (BMO—DBest Match Only query model)
or, retrieve the top-k elements. Using top-k is useful
not only in order to experiment with preference order-
ings but also since it may be the case that a possible
result binding is dominated by one (or a few) other
result bindings but still very similar to the optimal
solution and may simply be ‘good enough’ (especially
when dealing with similarity as the basis for compari-
son). In BMO, a ‘competition loop’ takes place where
once a result binding (or a database tuple) has been
dominated it is no longer considered a best match and
thus will not be returned to the user. In our system,
top-k selection is made without losing the qualitative
nature of our reasoning, i.e. without using direct scor-
ing of individuals: while performing the competition
loop we give a score to an individual not according
to its content but by examining how many ‘competi-
tions’ it wins, how many it loses and how many re-
sulted in a draw (neither individuals dominated the
other). This is a round robin competition loop since
we do not stop when a result binding was found to be
dominated. For example, a result binding b; compet-
ing against another result binding b, will receive:

e 2 points if it dominates bo, i.e. by <p by.

e 1 point if it does not dominate bs and by does not
dominate it i.e. by =p by.

3http://spoqe.web.cse.unsw.edu.au/
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Figure 2: Ontological Property Hierarchy of Music Album Production

e 0 points if it is dominated by b2, i.e. by <p bs.

At the end of this process, we sort the individuals
according to their accumulated score. As in BMO,
the best match result bindings will appear at the top
of the preference ordering but now just below them
the result bindings which are closer to the preference
query (but not perfectly matching it) will appear.

6 Analysis

We evaluate our similarity method by looking at some
intuitive examples and examining the behaviour of
the resulting total orders. We base our analysis on the
concept similarity method defined in (5). Let us have
a closer look at this operator. In order to preserve
the properties we listed in Section 4.3.3, this opera-
tor was designed so it will have different behaviours
when comparing a target concept with a descendant
to when comparing a target concept to an ancestor.
It can be deduced that if C; C Cy and Cy C C then

. - 2*N3
Sim(Ch, Co) = N1+ Ny+2%x N3+ AVG

2% N.

Sim(OQ,Co) = *

Ni+ Ny +2% N3+ AVG + 3A

Where A is the the direct distance between C; and
(5. And in the case where Cy C C7 and Cq C Ca:

2% N3 + 2A
N1+N2+2*N3+AVG—1%A

Sim(Cg, Oo) =

Example 6. When assigning the target concept to be
Dance (Figure 3(c)) we see that the similarity mea-
surement linearly decreases for descendant concepts
w.r.t Dance while every ‘climb’ up to an ancestor re-
duces the similarity measurement significantly (and
non-linearly). Intuitively, you can say that the dif-
ference in similarity when comparing elements ‘in the
area of > Dance is bigger than the difference in simi-
larity between elements which are quite ‘far’ from this
target concept and thus the ordering according to it
is less relevant. Note that for clarity we normalise
the similarity measurement to be between 0 and 1 by
dividing it by the similarity of the target concept to
itself.

7 Discussion

While the method that we provide here for exploiting
ontological structure to enhance preferential querying
leads to a much more discriminating recommendation
system, there are some limitations that can be further
explored. We consider two such issues here. One
has to do with the expressiveness of user preference
queries while the other has to do with the structure
of the ontology that is used.

7.1 Receiving Partial Preorder from the User

In this paper the user is limited in the way they
can express preferences. It is not possible to ex-
press that two classifications are equally preferred by
the user for instance. Furthermore, CASCADE only al-
lows for limited levels of preferences. In (Chamiel &
Pagnucco 2008b) we propose a preference assembly
method where the user can specify an ordering over
concept classes which allows for classes to be equally
preferred. That is, to specify a preference as a partial
pre-order

{C11,Cr2,---,Cri} > >{Cn1,Cra-- ,Cri}

Each set {Ci1,Ci2, -+ ,Cipn} represents concepts
that the user equally prefers. We only require that
preferences be consistent; i.e., transitivity and asym-
metry is preserved. Furthermore, we have an ontol-
ogy for the domain at hand in OWL format. We
can turn this partial pre-order into a total order by
“filling out” (or completing) user preferences with in-
formation from the ontology by utilising notions of
similarity such as that described here. We end up
with a total order C; > --- > (), over all concepts
in the ontology with those corresponding to concepts
specified in the user preference maintaining the order
imposed by the user. Concepts not explicitly ordered
by the user are arranged in a consistent way so that
they occur after the concept in the user ordering to
which they are most similar. In this way we end up
with a fine-grained recommendation mechanism like
the one developed in this paper but allowing the user
to express more of their preferences and hence exert
greater influence over the final orderings (and there-
fore the final recommendation). Syntactically, this
could be expressed as follows (and we could introduce
a similar syntax for the IS-A relation):

?var ~= (Cl,l-'-Cl,i) THEN (02)1...02)]‘)
THEN THEN (Cpi...Cok)
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Figure 3: Structure-based similarity methods comparison w.r.t the target concept Dance. The x-axis represents
concept classes in the ontology while the y-axis represents the similarity of these concepts to the target concept

Dance.

7.2 Weighted Edges in an Ontological Graph

The methods described in this paper utilize graph dis-
tance to perform reasoning and enhance preferential
selection. However, so far all edges of the graph (i.e.,
ontology hierarchy) are considered to have the same
distance (or weight). This relies on the underlying
assumption that all sections of the ontology hierar-
chy have been developed to the same ‘level of speci-
ficity’. In reality some edges might describe a ‘closer’
relation than others. For example, in our music ex-
ample we may argue that not all concept classifica-
tions at the same level of the hierarchy represent the
same level of specificity in their categorisation of mu-
sic. This situation can result for a number of reasons.
In some cases it represents uncertainty about the do-
main and the classifications made in it; there may be
more information regarding certain parts of the ontol-
ogy while less information for other parts and this is
reflected in the depth of the hierarchy. In other cases,
the ontology hierarchy cannot be uniformly developed
throughout. The ontology engineer has no means of
defining this (besides creating bogus hierarchical lev-
els) and it may be very difficult for them to make the
different distinctions and weight the edges manually.
One way of dealing with this issue is to allow the on-

tology engineer to attach weights to the edges in the
OWL ontology graph. This however is quite labori-
ous and tedious task. Another way is to assign graph
edge weights automatically by examining the depth of
a sub-graph where an edge which has a deeper (and
thus richer) sub-graph under it will receive a smaller
weight to demonstrate its smaller distance from the
parent concept. This assumes that all parts of the
ontology have been developed to the same level of
specificity and may lead to better recommendations
when adopting the technique described here.

8 Conclusions

In this paper we have enhanced preference querying
by supplementing the user’s preferences with onto-
logical information; in particular, by exploiting the
structural properties of the ontology describing the
domain at hand. We claim that this is significant for
a vast class of ontologies that we refer to as data inher-
itance systems. By introducing a notion of similarity
based on distance metrics, we free the user from hav-
ing to possess a deep understanding of the underlying
domain. In particular, we adapt one similarity mea-
sure (4) to introduce another (5). Ontologies are de-



veloped by domain experts who have intimate knowl-
edge of their subject area and are exploited by naive
users who can specify weaker preferences without the
fear of being overwhelmed by the results. Moreover,
the results are not biased by the whims of previous
user consumption but by exploiting domain expertise.
Our proposals are implemented on ARQ and enhance
the SPARQL standard.
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