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Abstract 
The last five years have been witness to a revolution in the database research community. 

The dominant data models have changed and the consensus on what constitutes worthwhile 
research is in flux. Also, at this time, it is possible to gain a perspective on what has been 
accomplished in the area of fuzzy databases. Therefore, now is an opportune time to take stock 
of the past and establish a framework. A framework should assist in evaluating future research 
through a better understanding of the different aspects of imprecision that a database can model. 
Additionally, a framework can indicate which past efforts a specific instance of present research 
can be related. 

1 Introduction 

It is becoming evident on the commercial side that we are well within the era of the third generation 
of databases. (The first was graph-oriented models and the second relational systems.) Perusal of 
the proceedings of present-day conferences will strengthen this observation. Research on relational 
databases is now relegated to a few issues concerning efficiency, distributed systems, and transaction 
processing. 

The trend is undeniably in the direction of object-oriented databases. Deductive databases 
are also important, but it appears that their contribution will be in the form of logic-enhanced 
object-oriented databases. Had the evolutionary approach from relations to objects been adopted 
[S], the situation would have been more favorable for incorporating the mechanisms and applying 
the knowledge gained in 15 years of fuzzy database research. But, that was not to be. 

It would seem that the best we can do is separate the work of the past into categories that will 
more clearly distinguish what is comparable. Doing this will also assist in gaining a perspective on 
where effort in the future should be placed. 

The premises on which this paper is based are illustrated in Figure 1. Enterprises are either 
precise or vague. The database extension that represents the enterprise is either precise or imprecise. 
Query languages are designed to express the user’s retrieval requests in either a crisp manner or 
not. 

2 Precise Enterprises 

Databases are one form of model of aspects of the real world. The specific segment of the real 
world which a specific database models is called the enterprise. Nearly all present databases model 
enterprises that are crisp. (One is tempted to say that crisp enterprises are modelled without 
exception.) A crisp enterprise is one that is highly quantifiable - all relationships are fixed and all 
attributes have one value. 
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THE ENTERPRISE 

THE DATA 

THE QUERY LANGUA 

Figure 1: The Fuzzy Database Landscape 

2.1 With Precise Data 

The case of precise enterprise-precise data includes virtually all database systems in wide-spread 
use. The potential payoff of exploiting the subcase in which the data, while precise, is considered 
uncertain is largely yet unexplored. If the q,uery language is crisp or not, the issue is whether a 
particular data item matches a query term when it is not identical to the term. 

Not withstanding that studies can exist indicating which errors are most likely in the data, 
essentially no information about the data can be assumed o’ther than its value and perhaps the 
date entered. The best approach for accounting for uncertain data is the query language. A simple 
query language in which a user can indicate .the degree of relaxation permitted to achieve a match 
is needed. Even with data having no uncertainty, such a query language would be useful. 

2.2 With Imprecise Data 

It was the precise enterprise and imprecise data tha,t inspired one of the earliest seminal papers on * 
uncertainty in databases [lo]. The key notion is that while only one value applies to the enterprise, 
the database extension may contain a set. The classical approach is to reduce retrieval to S-value 
logic [7] whether the query language is crisp or not. Each database object is surely, maybe, or surely 
not a response to the query. 

The appropriate branch of fuzzy set theory that deals with problems of this nature is possibilily 
theory. In possibility theory, the objective is - given that an object is a member of a fuzzy set, 
determine the possibility that a specific value applies. (Contrast this with - given a specific value, 
determine its “degree of membership” in a fuzzy set.) 

The application to the precise world/imprecise data is obvious. The value in the database 
is a possibility distribution that is taken to mean the limits of knowledge concerning the actual 
value [ll, 121. The representation issues are illustrated in Figure 2. The two relations in the 
figure have the same schema but are not intended to contain equivalent data. The ultimate goal of 
the possibility-based model is to provide more information about the data retrieved in the maybe 
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category. 

Name Age Salary 

Tom 
Mary {1.0/263;.8/2’7) 

{0.8/1900,1.0/2000,0.8/2100} 
2200 

(a) With Explicit Possibility Distributions 

Figure 2: Possibility-based Relations 

In part (a) of the figure, the possibility distributions are explicitly shown. A more common 
implementation is given in part (b). Each possibility distribution is given a linguistic identifier. 
The actual distribution is given elsewhere in the database in the form of a relation having the name 
of the linguistic identifier. 

Normally, the symbol II is used to represent possibility distributions. Let ITyoung = {1.0/22, 
1.0/23, 0.8/24, 0.6125, 0.4/26, - - . }. The query 

0 age=young(&-t(a)) 

would return &Jury with a possibility value of 0.4 computed from min(0.4,1.0) where the values come 
from 0.4/26 in young and 1.0/26 in the tuple. The computation, in practice, is computationally 
difficult and requires an application of the extension principle. The extension principle requires, in 
effect, the comparison of every pair of terms in the query value and database value. 

Bose [2, 31 continues this research direction today along relational lines. Emphasis is on the se- 
mantics of quantification and development of a practical fuzzy version of SQL. From the perspective 
of the object-oriented model, Van Gysegham and De Caluwe 1131 have made the most progress. 

3 Vague Enterprises 

Certain enterprises are not crisp. For example, the relationships among the world’s languages can 
be fixed only in an arbitrary manner such as Russian is a Slavic language without contamination or 
tint from any other language group. In such enterprises, values are not necessarily crisp. Examples 
for which crisp values are not realistic include an international investment database containing, 
for each country, attributes such as “strength of judicial system”, “extent of federal control over 
private enterprise”, and “stability of government.” 

It is for this case that the earliest model developed by the authors [4, 51 applies. It, the 
similarity-based model, is illustrated in Figure 3(a). Attribute values, for which it is assumed no 
precise values exist, are represented as linguistic terms. Linguistic terms are themselves related 
to each other by a similarity relationship as shown in Figure 3(b).’ The model is best applied to 

‘A similarity relationship is a generalization of an equivalence relation with counterparts to reflexivity, symmetry, 
and transitivity. Space, not to mention possible reader patience, prevents more complete specification. 
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enterprises (or parts of enterprises) in which the linguistic sets are finite and 
model can be extended to continuous domains [6]. 

discrete although the 

Name 1 Hobby ] Dlisposition 

(a) Relation 

Figure 3: Sim.ilarity- based Relations 

With such enterprises and database extensions, crisp query languages make no sense. The 
concept of querying the similarity database is that equivalence is replaced with “similar to.” One 
specifies a query with linguistic terms and indicates the minimum similarity or degree of matching 
that can be tolerated. For example, 

fldisposition=mild( &mrt(a)) : Level 1.0.5 

will retrieve {O-S/Dale, l.O/Don, . . . }. 
The object-oriented model offers at least four possibilities (and problems) for representing vague 

enterprises. All are illustrated in Figure 4. 

l The value of an attribute, e.g., the late 20th Century is a point in time 

l The degree to which an object belongs to a class, e.g., Nelson Mandela is an instance of a 
liberal 

l The compositional (also known as c0ntainmen.t) hierarchy determined by reference attributes, 
e.g., Nelson Mandela supports open trading markets 

l The class hierarchy, e.g., a liberal is a socialist 

Incorporating these into one model is a daunting task but [l] attempts the first three and 
suggests an approach for the latter. In [9] the latter is tackled. The class hierarchy is the most 
troublesome to treat as uncertain because of the inheritance issues it raises. Some success is possible 
if the memberships in a linear hierarchy are monotonically increasing or decreasing. 

4 Conclusions 

The lack of commercial/industrial impact of the research in fuzzy databases has to be of concern. 
In fairness, it should be pointed out that other methods of uncertainty management have suffered 
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Open Markets 

N. Mandela 

late 20th Century 

Figure 4: Object-oriented Database with Fuzzy Schema 

similar fates. Most agree that databases, Iike any model, are imperfect realizations of the artifact 
modelled. Nevertheless, there is not yet on the horizon a system having potential wide-spread use 
that incorporates other than trivial means for representing or manipulating uncertainty. 

The reluctance of vendors to utilize the advances that have been made thus far suggests that, for 
the time being, modest goals are in order. With the lack of acceptance of uncertainty management 
for precise enterprises, the acceptance of tools for vague enterprises is likely far away. From this 
standpoint, it seems likely that the work in [3, 131 is closest to the mark. There is an obvious lack 
of activity on the yet easier target - precise enterprise, precise but uncertain data, and noncrisp 
queries. We recognize, however, that some of the aforementioned research.appIies here where precise 
data is a special case of imprecise data. 
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