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IntroductIon

For modeling real-world problems and construct-
ing intelligent systems, integration of different 
methodologies and techniques has been the quest 
and focus of significant interdisciplinary research 
effort. The advantages of such a hybrid system are 
that the strengths of its partners are combined and 
complementary to each other’s weakness.

In particular, object orientation provides a hier-
archical data abstraction scheme and a mechanism 
for information hiding and inheritance. However, 
the classical object-oriented data model cannot 
deal with uncertainty and imprecision pervasive 
in real world problems. Meanwhile, probability 
theory and fuzzy logic provide measures and rules 
for representing and reasoning with uncertainty 
and imprecision. That has led to intensive research 
and development of fuzzy and probabilistic ob-
ject-oriented databases, as collectively reported 
in De Caluwe (1997), Ma (2005), and Marín & 
Vila (2007).

 

BACKgrOuND

The key issues in research on extending the clas-
sical object-oriented data models to deal with 
uncertainty and imprecision are:

1.  Modeling partial subclass relationship.
2. Definition of partial class membership.
3. Representation of uncertain and/or imprecise 

attribute values.
4. Representation and execution of class meth-

ods.
5. Expression of partial applicability of class 

properties.
6. Mechanism for inheritance under uncer-

tainty and imprecision.

In the classical object-oriented data model, a 
class hierarchy defines the subclass/super-class 
relation on classes. A class A is derived as a sub-
class of a class B, which is then called A’s super-
class, either by narrowing the crisp value ranges 
of B’s attributes or by adding new properties to 
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B’s ones. In the probabilistic and fuzzy case, due 
to the uncertain applicability of class properties 
or the imprecision of attribute value ranges, the 
inclusion between classes naturally becomes 
graded, which could be computed on the basis 
of the value ranges of their common attributes 
(George & Buckles & Petry, 1993, Rossazza & 
Dubois & Prade, 1997). 

As discussed in Baldwin, Cao, Martin, and 
Rossiter (2000), a set of classes with a graded 
inclusion or inheritance relation actually forms a 
network rather than a hierarchy, because if a class 
A has some inclusion degree into a class B based 
on a fuzzy matching of their descriptions, then 
B usually also has some inclusion degree into A. 
Moreover, naturally, a concept is usually classified 
into sub-concepts that are totally subsumed by it, 
though the sub-concepts can overlap each other, 
as assumed in Dubitzky, Büchner, Hughes, and 
Bell (1999) for instance.

Uncertain and imprecise attribute values lead 
to partial membership of an object into a class, 
and there are different measures proposed. Yazici 
and George (1999), for instance, defined for each 
class a membership function on a set of objects. 
Bordogna, Pasi, and Lucarella (1999) used linguis-
tic labels to express the strength of the link of an 
object to a class. Dubitzky et al. (1999) defined 
membership as similarity degrees between ob-
jects and classes. Blanco, Marín, Pons, and Vila 
(2001) mentioned different measures, including 
probabilistic one, to be used for membership 
degrees. Nevertheless, it is to be answered how 
measures of different meanings, such as possibil-
ity and probability, on various levels of a model 
are integrated coherently. 

Most of the works on fuzzy object-oriented 
data models, which are referred in this paper, 
were mainly based on fuzzy set and possibility 
theories, and used fuzzy sets or possibility dis-
tributions to represent imprecise attribute values. 
Bordogna, Pasi, and Lucarella (1999) and Blanco 
et al. (2001) also modeled uncertainty about an 
attribute having a particular value. However, 

much less concern was given for uncertainty over 
a set of values of an attribute and a foundation 
to combine probability degrees and fuzzy sets in 
the same model.

While class attributes were paid much atten-
tion and treatment, class methods, as common 
in object-oriented systems for modeling object 
behaviors and parameterized properties, were 
often neglected. In Dubitzky et al. (1999) and 
Blanco et al. (2001) methods were not considered. 
Bordogna, Pasi, and Lucarella (1999) mentioned 
about methods but did not provide formal repre-
sentation and explicit manipulation in their model. 
In Yazici (1999) and Cao and Rossiter (2003) 
methods were formally defined as Horn clauses 
and executed as a reasoning process, which were 
thus for declarative and deductive in contrast to 
imperative and procedural models.

In the classical object-oriented data model, the 
properties that represent a class are necessary and 
sufficient to define the class. However, there is no 
commonly agreed set of defining properties for 
many natural, scientific, artificial, and ontological 
concepts. Arguing for flexible modeling, Van Gy-
seghem and De Caluwe (1997) introduced the no-
tion of fuzzy property as an intermediate between 
the two extreme notions of required property and 
optional property, each of which was associated 
with a possibility degree of applicability of the 
property to the class. Meanwhile, Dubitzky et 
al. (1999) addressed the issue by contrasting the 
prototype concept model with the classical one, 
assuming each property of a concept to have a 
probability degree for it occurring in exemplars 
of that concept. 

We note the distinction between the notion of 
uncertain property values and that of uncertain 
property applicability. In the former case, an 
object surely has a particular property but it is 
not sure which one among a given set of values 
the property takes. Meanwhile, in the latter, it 
is even not sure if the object has that property. 
For example, “John owns a car whose brand is 
probably BMW” and “It is likely that John owns 
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