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Abstract

Databases are models of the real world. Yet, our knowledge of
the real world is often imperfect, thus challenging our ability to
create databases of integrity. To uphold the integrity of a database
in situations where knowledge of the real world is imperfect, one
may either (1) restrict the model to that portion of the real world
about which perfect information is available, or (2) develop for-
malisms that allow the representation of imperfect information.
This paper surveys some of the better-known database formalisms
for capturing imperfect information. Imperfections in the specifi-
cation and processing of transactions also have important impact
on the quality of the information delivered to users, and this sur-
vey discusses them as well.
Keywords: database, imperfect information, uncertain informa-
tion, imprecise information, probabilistic database, fuzzy database,
database soundness and completeness, vague query.

1 Introduction

A database is a computer model of the real world. Like any other model,
it attempts to portray an abstracted version of reality, and the level of
this abstraction is usually determined by the expected applications. As
with any other model, the most important consideration is integrity: a
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database should provide an accurate representation of the real world
it presumes to capture. Yet, our knowledge of the real world is often
imperfect, thus challenging our ability to create databases of integrity.

There are two solutions for upholding the integrity of a database in
situations where knowledge of the real world is imperfect.

The first solution is to restrict the model to that portion of the
real world about which perfect information is available. In the rela-
tional data model1 this implies that a tuple that describes a particular
employee will be excluded altogether from the database, if any of its
attributes (e.g., age or salary) are missing or are suspect of impreci-
sion. The resulting database will only model those employees for whom
perfect information is available.

The second solution is to develop data models that allow the repre-
sentation of imperfect information. Assume that the available informa-
tion about the age of a particular employee is imperfect; for example,
the age is only known to be within a specific range. If the data model
had features for specifying and manipulating ranges, then this imperfect
information could be captured in a database that maintains its integrity.

Because the second solution often permits additional applications,
most database systems adhere to data models that include at least some
features for capturing imperfect information; the ability to store “null
values” being the most commonly available feature.

In this paper we survey some of the better known approaches for cap-
turing imperfect information. Our emphasis is on relational databases
(and to some degree also information retrieval systems and expert sys-
tems). The reader should be aware that the representation of imper-
fect knowledge and reasoning under uncertainty are active areas within
artificial intelligence research [4, 31]. The management of imperfect
information in both information systems and artificial intelligence is
discussed in considerable detail in [29, 39].

There are different kinds of imperfections and Section 2 provides
definitions for the basic kinds. Our introductory discussion focused on
the representation of imperfect information, but other components of a
databases system, e.g., query formulation or query processing, are sus-
ceptible to imperfections as well. Section 2 also uses a simple model of a

1We use the term model for the actual representation of the real world, and the
term data model for the formalism used in the representation.
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database system to classify imperfections into three kinds: description,
manipulation and processing. Our survey in Sections 3 and 4 follows
this classification. Section 5 concludes this paper with a brief discussion.

2 Terminology

2.1 Three Basic Kinds of Imperfect Information

There have been many attempts to classify the various possible kinds
of imperfect information. In this paper we concern ourselves with three
basic kinds: error, imprecision, and uncertainty. We note that other
kinds of imperfection have been observed, including vagueness and am-
biguity [38], but they are not as important for database systems.

Error. Erroneous information is the simplest kind of imperfect in-
formation. Database information is erroneous when it is different from
the true information. We shall take the approach that all errors, “large”
or “small”, compromise the integrity of a database, and should not be
tolerated. An important kind of erroneous information is inconsistency.
Occasionally, the same aspect of the real world is represented more
than once (this could be in the same database, or in different databases
that are considered together). When the different representations are
irreconcilable, the information is inconsistent. Issues of information
inconsistency are of particular relevance, given the present interest in
information integration [16, 27].

Imprecision. Database information is imprecise when it denotes
a set of possible values, and the real value is one of the elements of
this set. Thus, imprecise information is not erroneous and does not
compromise the integrity of a database. Specific kinds of imprecise in-
formation include disjunctive information (e.g., John’s age is either 31
or 32), negative information (e.g., John’s age is not 30), range informa-
tion (e.g., John’s age is between 30 and 35, or John’s age is over 30),
and information with error margins (e.g., John’s age is 34 ± 1 year).
The two extreme kinds of imprecision are precise information (when the
set of possibilities is a singleton), and null values (a null value usually
denotes that no information is available, yet could be regarded as impre-
cise information where the set of possible values encompasses the entire
domain of legal values).
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Uncertainty. At times, our knowledge of the real world (precise or
imprecise) cannot be stated with absolute confidence. This requires that
we qualify our confidence in the information stated. Again, information
with qualified certainty is not erroneous and does not compromise the
integrity of a database. Whereas the statement “John’s age is either
31 or 32” denoted imprecision, the statement “John is probably 32”
denotes uncertainty. At times, precision can be traded for certainty
and vice-versa. A precise value may entail low certainty, but as this
value is substituted by values that are progressively less precise, cer-
tainty increases gradually, until finally it is maximal for a value which
is “minimally precise” (i.e., a null value).

2.2 A Model of Database Systems

The impact of imperfect information on a database system reaches be-
yond issues of the integrity of the representation. To explain this, we
use a simple model of a database system.

A database system includes a declarative component for describ-
ing the real world, and an operational component for manipulating this
description. Typical manipulations are (1) modifications of the descrip-
tion, either to refine the model or to track any changes that may have
occurred in the real world, and (2) transformations of the description, to
derive implied descriptions. Thus, a database system can be abstracted
as a description D of the real world, a stream of modifications, and a
stream of transformations. Each modification m replaces the present de-
scription with a new description; each transformation t computes a new
description from the present description (without changing the present
description). Specifically, in a relational database system a description
is a set of tables (i.e., a database); a modification can affect either the
definition or the contents of tables (i.e., restructuring or update); and
a transformation reduces the set of tables into a single table (i.e., query
evaluation).

The objective of any database system is to provide its users with the
information they need. In our terminology, such information is always
the result t(D) of transforming a description D with a transformation
t. Thus, it is the quality of t(D), rather than the quality of D, that
should concern the designers and users of database systems. A result
t(D) may be imperfect, either because D is imperfect, or because t
is imperfect, or because the processing of t against D is imperfect. In
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turn, the imperfection of D may owe to imperfections either in the initial
description, or in some later modification m.

In the next two sections we discuss database imperfections in these
three categories: descriptions, manipulations (transformations and mod-
ifications), and processing.

3 Imperfect Descriptions

Of the three categories mentioned above, the description of imperfect in-
formation has received the most attention, and in this section we briefly
survey the major approaches to this issue. Of course, any approach for
describing imperfect information must also address the manipulation of
imperfect descriptions (e.g., querying and updating).2

3.1 Null and Disjunctive Values

Most data models insist that similar real-world objects be modeled with
similar descriptions. The simplest example of this approach are models
that use tabular descriptions. Each such table models a set of simi-
lar real-world objects: each row describes a different object, and the
columns provide the different components of the description. Often,
some elements of a particular description cannot be stated with preci-
sion and certainty. Occasionally, this problem may be evaded simply
by not modeling any object whose description is imperfect. Often, how-
ever, the consequences of this approach are unacceptable, and imperfect
descriptions must be admitted.

The least ambitious approach to admitting imperfect descriptions
is to ignore all partial information about the imperfect parts of a de-
scription that may be available, and to model them with a pseudo-
description, called null, that denotes unavailability [22, 9, 19, 45].3 The
semantics of a null value is that any value from the corresponding do-
main of legal values is an equally probable candidate for the true value.

2Note the difference between manipulations of imperfect descriptions, which are
discussed in this section, and imperfect manipulations, which are the subject of Sec-
tion 4.

3Null values have also been used to denote inapplicability; i.e., that a specific
attribute is inapplicable to a specific object. Such null values do not indicate imper-
fection of information. Hence, the term null will be used here to denote applicability
but unavailability.
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Once null values are admitted into descriptions, the model must de-
fine the behavior of transformations and modifications in the presence
of nulls. This is not a simple task. For example, an extension to the re-
lational calculus that is founded on a three-valued logic [8] has been the
subject of criticism [10]. Inference in incomplete databases is discussed
in [12]. Updates of incomplete databases are discussed in [1].

Null values model the ultimate lack of information about a value
(except that it exists). Other kinds of null values have been suggested
that express some additional information. For example, two values in
a database may be unavailable, but are known to be identical. Such
partial information may be modeled by using distinguishable instances
of nulls (marked nulls) throughout the database in general, but the same
null instance for these two values. Recording this partial information
proves to be useful in the performance of joins.

At times, it is known that a missing value belongs to a more limited
set of values (possibly, a range of values). This partial information has
been modeled by disjunctive values (Or-objects). A disjunctive value is a
set of values, that includes the true value. Hence, disjunctive values are
more informative than nulls (a null value is a specific kind of disjunctive
value, where the set of possibilities is the entire domain). Disjunctive
databases are discussed in [20, 30].

Clearly, null and disjunctive values both express imprecision.

3.2 Confidence Factors

Confidence factors denote confidence in various elements of the descrip-
tion. Hence, they offer a simple tool for representing uncertainty. Con-
fidence factors have been applied in both information retrieval systems
and in expert systems, but not in database systems proper.

In information retrieval systems, confidence factors (often called
weights) have been used to denote confidence that a specific keyword de-
scribes a given document (or alternatively, to denote the strength with
which this keyword applies to the document) [41, 37]. Methods have
even been developed for computing confidence factors automatically, by
scanning documents and applying keyword counting techniques. The
manipulation of these confidence factors is relatively simple, as they are
easily accommodated in the vector space models that are often used in
information retrieval.
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In expert systems, confidence factors have been used to denote confi-
dence that stated facts and rules indeed describe real-world objects [15].
Such factors are usually declared by the knowledge engineers as part of
the knowledge acquisition process, but can also be derived automati-
cally as part of a knowledge discovery process [32]. The manipulation
of confidence factors in expert systems is often straightforward; for ex-
ample, assuming confidence factors in the range [0,1], when a rule with
confidence p is applied to a fact with confidence q, the generated fact is
assigned a confidence factor p · q. Pragmatic considerations may have
been the reason that commercial expert systems often prefer this mostly
informal representation of uncertainty over more formal approaches that
are based on probability theory. However, many objections have been
raised against confidence factors, showing that the lack of firm semantics
may lead to unintuitive results [31].

3.3 Probabilistic Databases

Probabilsitic databases represent information with variables and their
probability distributions. In a relational framework, the value of a par-
ticular attribute A for a specific tuple t is a variable A(t), and this
variable has an associated probability distribution PA(t). PA(t) assigns
values in the range [0, 1] to the elements of the domain of attribute A,
with the provision that the sum of all values assigned is 1. An example
of a probabilistic value is the variable Age(john) and this probability
distribution:4

PAge(john) =

{
32 0.6
33 0.4

The interpretation of this information is that with probability 0.6 the
age of John is 32, with probability 0.4 it is 33, and the probability that
John’s age is some other value is 0.

A probablistic relational model based on this approach and a suit-
able set of operators are defined in [3]. The model allows probability
distributions that are incompletely specified: each such distribution is
completed with a special null value which is assigned the balance of
the probability. It is also possible to define probability distributions for
combinations of interdependent attributes. A somewhat different (but
equivalent) model is given in [7]. In this model a database is a collec-

4We use the key value john to identify a specific tuple.
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tion of objects, where each object has an associated set of attributes (a
scheme), a set of tuples over that scheme (a domain), and a probability
distribution function that assigns each tuple of the domain a probability
(the sum of the probabilities for the entire domain of an object is 1).

We have observed that disjunctive information; i.e., “32 or 33” is
a form of imprecise information, whereas “32 with confidence 0.6” is a
form of uncertain information. Consider now this statement “32 with
probability 0.6 and 33 with probability 0.4”. In many ways, such prob-
abilistic information is a combination of both imprecision and uncer-
tainty. It is imprecise because it denotes several different alternatives,
and it is uncertain because every alternative is associated with a likeli-
hood.

3.4 Fuzzy and Possibilistic Databases

The basic concept of fuzzy set theory is the fuzzy set. A fuzzy set
F is a set of elements, where each element has an associated value
in the interval [0,1] that denotes the grade of its membership in the
set. An example of a fuzzy set (using a common notation) is: F =
{30/1.0, 31/1.0, 32/1.0, 33/0.7, 34/0.5, 35/0.2}. The elements 30, 31 and
32 are in this set with grade of membership 1.0, the elements 33, 34 and
35 have corresponding grades of membership 0.7, 0.5 and 0.2, and all
elements not shown have grade of membership 0.

Several different models of databases have been based on fuzzy set
theory. The simplest model extends relations, which are subsets of a
Cartesian product of domains, to fuzzy relations; i.e., fuzzy subsets
of the product of domains [6, 34]. Thus, each tuple in a relation is
associated with a membership grade. For example, the tuple (john,
pascal) belongs to the relation Proficiency(Programmer, Language) with
membership grade 0.9. Associating a membership grade with each tuple
may be regarded as a statement of uncertainty.

Alternatively, the same tuple may be interpreted as stating that
John’s proficiency in Pascal is 0.9. In this interpretation, the mem-
bership grades indicate the “strength” of the association between the
components of the tuple (in this case, a programmer and a programming
language). These different interpretations should not be confused, and
must be taken into account when defining operations for manipulating
fuzzy relations.
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The theory of possibility is based on fuzzy set theory. In a relational
framework, the value of a particular attribute A for a specific tuple t is
a variable tA, and this variable has an associated possibility distribution
πA(t). πA(t) assigns values in the range [0, 1] to the elements of the
domain of attribute A. Using the same variable Age(john), an example
of a possibilistic value is:

πAge(john) =



30 1.0
31 1.0
32 1.0
33 0.7
34 0.5
35 0.2

The interpretation of this information is that it is completely possible
that the age of John is 30, 31 or 32, it is “very” possible that it is 33, it is
“somewhat” possible that it is 34, it is “remotely” possible that it is 35,
and it is completely impossible that it is any other age. If this individual
possibility distribution is assigned a name; e.g., early thirties, then it is
also possible to interpret it as a definition of the linguistic term “early
thirties”: it is a term that refers to 30–32 year olds with possibility 1.0,
to 33 year olds with possibility 0.7, etc. Thus, possibility distributions
may be used to describe vague linguistic terms.

Consider now standard relations, but assume that the elements of
the domains are not values, but possibility distributions [44, 33]. Having
possibility distributions for values permits specific cases where a value
is one of several kinds: (1) A vague term; for example, a value of Age
can be early thirties. (2) A disjunctive value; for example, a value of
Department can be {shipping, receiving}, or a value of Salary can be
40,000–50,000. (3) A null value. (4) A simple value. Our earlier ob-
servation, that probabilistic information expresses both uncertainty and
imprecision, applies to possibilistic information as well.

To manipulate fuzzy databases, the standard relational algebra op-
erators must be extended to fuzzy relations. The first approach, where
relations are fuzzy sets but elements of domains are “crisp”, requires
simple extensions to these operators. The second approach, where re-
lations are crisp but elements of domains are fuzzy, introduces more
complexity because the “softness” of the values in the tuples creates
problems of value identification (e.g., in the join, or in the removal of
replications after projections). Also, in analogy with standard mathe-
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matical comparators such as = or <, which are defined via sets of pairs,
the second approach introduces fuzzy comparators such as similar-to
or much-greater-than, which are defined via fuzzy sets of pairs. These
fuzzy operators offer the capability of expressing fuzzy (vague) retrieval
requests.

Although their basic axioms and even much of their semantics are
very different, probability theory, possibility theory and confidence fac-
tors share a common intuitive concept, namely, they all qualify database
values with numbers that attempt to describe the likelihood that these
specific values are indeed the correct one. For a thorough survey of
database models based on fuzzy set and possibility theory, see [5].

3.5 Data Distances

An approach to imprecision that has been applied successfully to both
databases systems and information retrieval systems handles imprecise
information with distance. The basic idea is to model the real world with
apparently-precise descriptions, to define the notion of distance among
two descriptions, and thus to create neighborhoods of descriptions.

Thus, any imprecision about a real-world object o is ignored, and
an apparently-precise description of it e is stored. It is then hoped that
this “negligence” would be compensated by having e somewhere in the
neighborhood of the true description. When a request for information
specifies this true description, e would be retrieved, along with the other
neighbors of the true description.

As an example, consider an information retrieval system that de-
scribes documents with sets of keywords [37, 41, 40]. Such systems
often represent keyword sets with vectors: the dimension of each vector
is the number of possible keywords, and a specific vector position is 1
if a particular keyword is in the set and 0 otherwise. Often, there is
uncertainty whether a specific vector is the true description of a given
document. By establishing a distance among document descriptions,
usually with some vector metric, and retrieving all the information in
the neighborhood of a request vector, the negative effects of imprecisions
in the description are diminished.

As another example, consider relational database systems. Such
systems describe objects with tuples, and often there is uncertainty
regarding the value of some attribute in a given tuple. It is possible to
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establish a distance among the elements of the domain of this attribute.
Then, when a query specifies a value of this attribute, all the tuples
would be retrieved, whose value for that attribute is in the neighborhood
of the specified value [24].

We assumed here that descriptions are subject to imprecision (which
is ignored) and requests are precise. The same solution applies when
descriptions are precise and requests are imprecise. Such requests would
be specified with apparent-precision, and would be answered with the
neighborhood of the request. Again, the negative effects of imprecision
in the request would be moderated. Imprecise requests are discussed in
more detail in Section 4.1.

A refinement of this general method is to admit confidence factors
(Section 3.2) in the descriptions and in the requests. For example,
vectors describing keyword sets use values in the range [0,1] to denote
the confidence that a specific keyword applies to the given document (or,
alternatively, to denote the strength with which this keyword applies).
Similarly, request vectors use such values to denote the relative weights
of various keywords in the overall request.

3.6 Soundness and Completeness

The final approach that we discuss [25] does not attempt to model
imperfect information; instead, declarations are made of the portions of
the database (i.e., views) that are prefect models of the real world (and
thereby the portions that are possibly imperfect).

Thus, like distances (Section 3.5) and unlike disjunctive values (Sec-
tion 3.1), confidence factors (Section 3.2), probabilistic values (Sec-
tion 3.3) or possibilistic values (Section 3.4), the descriptions themselves
have no special features for representing imperfection (i.e., they appear
perfect). However, meta-information provides the distinction between
perfect and imperfect information.

This approach interprets perfectness, which it terms integrity, as a
combination of soundness and completeness. A description is sound, if
it includes only information that occurs in the real world; a description
is complete, if it includes all the information that occurs in the real
world. Hence, a description has integrity, if it includes the whole truth
(completeness) and nothing but the truth (soundness).

With this information included in the database, the database system
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can qualify the perfectness of the answers it issues in response to queries:
each answer is accompanied by statements that define the portions (i.e.,
views) that are guaranteed to be perfect. A technique is described in
[25] for inferring the views of individual answers that are guaranteed to
have integrity, from the views of the entire database that are known to
have integrity.

The notion of view completeness is similar to an assumption that a
certain view of the database is closed world [35]. Also, open nulls [14]
are actually declarations of views that are non-complete. The notion
of view soundness is shown to be a generalization of standard database
integrity constraints.

View soundness and view completeness have been extended in [27]
to measure relative soundness and completeness of views (with respect
to the real world). Let v denote the extension of some view in the
database and let v0 denote the real-world extension of the same view.
Let |v| denote the number of tuples in v. Then

|v ∩ v0|
|v|

expresses the proportion of the database answer that appears in the true
answer. Hence, it is a measure of the soundness of v. Similarly,

|v ∩ v0|
|v0|

expresses the proportion of the true answer that appears in the database
answer. Hence, it is a measure of the completeness of v. Relative sound-
ness and completeness are similar to the precision and recall measures
used in information retrieval [37, 41], and are used to guide the harmo-
nization of inconsistent answers in a multi-database environment.

4 Imperfect Manipulation and Processing

While most of the work on imperfect databases has focused on descrip-
tion imperfection, transaction and processing imperfection also have
important impact on the quality of the information delivered to users.
In this section we discuss briefly issues and solutions that concern im-
perfections in the definition of transformations (e.g., queries), in the
definition of modifications (e.g., updates or restructuring operations),
and in the processing of such transactions.
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4.1 Transformations

Transformations are operations that derive new descriptions from stored
descriptions. The most frequent type of transformation are queries.
Imperfect queries may occur for different reasons.

At times, users of database systems have insufficient knowledge of
the database and database system they are using: they might not have
a clear idea of the information available in the database (or how it is
organized), or they might not know how to formulate their requests with
the tools provided by the system.

Requests for information formulated by such naive users exhibit a
high level of imperfection. They range from requests that cannot be
interpreted by the system (for reasons that are either syntactical or
semantical) to requests that do not achieve correctly the intentions of
the users (or achieve them only in part).

Regardless of their level of expertise, occasionally users may try to
access a database system with only a vague idea of the information they
seek. For example, a user may be accessing an electronic catalogue for
a product that would be “interesting” or “exceptional”. Alternatively,
users could have a clear idea of the information they want, but might
lack the information necessary to specify it to the system. An example
is a user who wishes to look up the meaning of a word in a dictionary,
but cannot provide its correct spelling.

To summarize, we distinguish among (1) insufficient knowledge of
the information available (or how it is organized), (2) vagueness with re-
spect to the information needed (or how to denote it in terms acceptable
to the system), and (3) insufficient knowledge of the system languages
and tools that are used to formulate requests.

To address all these, the approach has been to develop alternative
access tools. Browsers allow users to access information in either sit-
uation discussed above [23, 36, 2, 11]. Interactive query constructors
conduct user-system dialogues to arrive at satisfactory formulations of
user requests [43]. Vague query processors allow users to embed im-
precise specifications in their requests (e.g., neighborhood queries, as
in Section 3.5 above) [17, 24]. Error-tolerant interfaces use relaxed for-
malisms in their interpretation of requests [26].

As mentioned above, even after a request for information had been
accepted by the system and its answer delivered to the user, uncertainty
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might still persist, because it is not always possible to verify that the
request indeed achieved correctly the intention of the user. Often, the
only assurance that the information delivered is the information needed
is that the user is somewhat familiar with it. In the absence of such
familiarity, uncertainty will persist.

Hence, one must accept that there would be frequent instances
where the answer that is delivered is imperfect, yet both the system
and the user are unaware of this imperfection. Often, the imperfection
of apparently-perfect answers is revealed only when a conflicting answer
to the same request is received from another information system.

4.2 Modifications

Modifications (update and restructuring) are operations that affect the
descriptions stored in information systems. Like transformations (que-
ries), modifications are defined by users, and we identify three similar
main sources of imperfection: (1) insufficient knowledge of the system,
(2) insufficient knowledge of the specific database that is being modi-
fied, and (3) uncertainty or imprecision with respect to the information
embedded in a modification.

Many of the approaches aimed at alleviating the problems of trans-
formation imperfections (Section 4.1 above) are also applicable to modi-
fication imperfections. However, fewer tools have been developed to ad-
dress modification imperfections. A possible explanation is that, while
modifications may be attempted by users at all levels of expertise, it
is often assumed that users who modify databases should have good
familiarity with the database and database system.

The third source of imperfection, uncertain or imprecise information,
is unrelated to expertise. One example is a request to add imprecise in-
formation; for example, “the new manager is either Paul or John”. An-
other example is an imprecisely-specified request to delete information;
for example, “some of the telephone numbers are no longer valid”.

However, this kind of imperfection is not any different from the
description imperfections, that were the subject of Section 3. Thus, the
first request would be accommodated as any information of the kind
“exactly one of the following values holds”, and the second request would
be accommodated as any information of the kind “some of the following
values hold”. (Of course, if the system cannot model these kinds of
imperfection, then it would not be able to handle these modifications.)
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4.3 Processing

Even when a description D and a transformation t are free of imper-
fections, the result t(D) may be imperfect because of the methods used
by the system to process requests. In certain applications, an infor-
mation system might allocate only limited computational resources to
process a request [18]. For example, a recursive query to a genealogical
database to list all the ancestors of a specific individual might be termi-
nated after a predetermined period of time (presumably the number of
ancestors retrieved by then would be sufficient). A query processor that
provides monotonically improving partial answers under constraints of
time or unavailability is described in [42]. In other applications, query
processing might involve randomizations, sampling or other estimation
techniques [21]. For example, a statistical database system might intro-
duce perturbations into its answers deliberately, for reasons of security.
In each case, the answers would exhibit imperfections.

Finally, it is sometime considered advantageous to sacrifice accuracy
for the sake of simplicity. Recent research on intensional answers [28]
has focused on the generation of abstract answers that describe the
exhaustive answers compactly, albeit imperfectly. For example, a query
to list the employees who earn over 50,000 might be answered simply
and compactly “engineers”, even when the set of engineers and the set
of employees who earn over 50,000 are not exactly the same (e.g., when
the two sets overlap substantially, or when one set contains the other).

5 Conclusion

Much of the work described in this paper is either theoretical or its
implementation has been limited to research prototypes. Commercial
database systems have been slow to incorporate capabilities for repre-
senting imperfect data or for specifying imperfect transactions. Imper-
fect data must be stored as null values or it must be excluded from the
database, and users with vague requests can use queries with simple
patterns or they must browse the database to find their answers. To
accommodate new applications that are now emerging, future database
systems would have to include stronger capabilities for dealing with
imperfections. We describe here briefly three such applications.
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In recent years, the integration of information from multiple and
heterogeneous database systems has been recognized as an important
area of database system research and development. Multi-database en-
vironments present a strong case for having imprecision and uncertainty
management capabilities. While individual database systems are usu-
ally careful to avoid internal inconsistencies, when information from
independent systems with overlapping information is integrated, incon-
sistencies will often surface. Thus, even when individual answers are free
from any imperfections, they might be introduced by their integration
in a global answer. Therefore, database systems in a multi-database
environment should be capable of combining conflicting answers into a
single (imperfect) answer, and then store and manipulate such informa-
tion [27].

Retrieval from traditional databases is usually based on exact match-
ing, where a request for data establishes a specific retrieval goal, and
the database system retrieves the data that match it exactly. Presently,
the management of image databases largely follows the same paradigm:
while images are stored (in digitized form) in large databases, retrieval
is performed on textual descriptions of these images that are stored
along with the images themselves. A more ambitious approach, such as
IBM’s Query By Image Content (QBIC) [13], is to retrieve images that
match a given image. Image matching techniques are usually based on
algorithms of best matching. As with the information retrieval systems
discussed earlier, the use of uncertainty formalisms is essential.

In various applications, notably in scientific and statistical projects,
it is necessary to estimate missing data (nulls) from other data that
are available. For example, a missing measurement is estimated by
other measurements made by the same instrument at other times, as
well as by measurements made by other instruments at the same time.
This process, usually referred to as imputation, yields information of
varying degrees of perfectness. The management of this information
cannot be done by traditional database techniques and requires the use
of uncertainty techniques.

To assure the success of any future endeavors in this area, various
hindrances must be overcome; in particular, issues of performance and
compatibility with existing systems must be addressed. Research into
imprecision and uncertainty in the field of artificial intelligence may
provide a suitable source of technology for database systems.
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