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Abstract— Information in real-world applications is often concerns classes, relationships and attributes domainshwh
vague, imprecise and uncertain. Ignoring the inherent imperfect may be fuzzy and may have degrees of membership (d.o.m)
nature of real-world will undoubtedly introduce some deforma- the model. The second level is related with the fuzzy

tion of human perception of real-world and may eliminate several f obiects/entiti d relati hi Thes.
substantial information, which may be very useful in several occurrences of objects/entilies and relationships. 8

data-intensive applications. In database context, several fay that entities/objects and instances of relationships rigeio
database models have been proposed. In these works, fuzzinestheir classes and relationships with a given d.o.m. Thel thir

is introduced at different levels. Common to all these proposals is |eve| concerns the attributes where these last ones are-auth
the support of fuzziness at the attribute level. This paper proposs rized to take imprecise, uncertain and vague values. Works

first a rich set of data types devoted to model the different kinds = . . . .
of imperfect information. The paper then proposes a formal within the relational database model propose the addition o

approach to implement these data types. The proposed approach Uncertainty essentially at the tuple level where tuplesmg!
was implemented within a relational object database model but it to their relations with given degrees of membership, and at

is generic enough to be incorporated into other database models. the attribute level by authorizing values of attributes ® b
imprecise, uncertain and/or vague.

Index Terms— Fuzzy database, fuzzy set, imperfect informa- Common to all these proposals is the support of imperfect
tion, possibility distribution. information (i.e. uncertain, imprecise, or fuzzy) at theiatite
level. This paper proposes first a rich set of data types ddvot
to model the different kinds of imperfect information as v
conventional crisp data types. To facilitate data manijpaa

Information in real-world applications is often vague, imand for computing efficiency, the different types of atttimi
precise and uncertain. Ignoring the inherent imperfectineat values (crisp, imprecise, uncertain, fuzzy, unknown, unde
of real-world will undoubtedly introduce some deformatiofined or null) are uniformly represented through possipilit
of human perception of real-world and may eliminate severdistribution. The paper then proposes a formal approach to
substantial information, which may be very useful in severanplement these data types. The proposed approach was
data-intensive applications (e.g. CAD/CAM, geographaad implemented within a relational object database modelthst i
environmental information systems, decision supportesygs). generic enough to be incorporated into other database sjodel
In database context, there are several proposals to devedgpecially in non first-normal-form relational, objectemted
database models that support fuzziness, uncertainty and and semantic database models.
preciseness of real-world [23]. Most efforts have beenmbei@ The rest of the paper is as follows. Section Il briefly desesib
towards the extension of the conventional relational detab some proposals of fuzzy databases. Section Ill enumerates
models [4], [5], [11], [18] and towards the development athe proposed data types devoted to represent differenskind
tools that allow for imprecise querying most often in redail  of imperfect information. Section IV provides our proposal
database contexts [20]. We enumerate also some extensimndmplementing imperfect information at the attributedé
of object-oriented [2], [10], [15], [24] and semantic dadab Section V concludes the paper.
models [3], [7]-[9], [12], [14], [22].

In these different extended database models, vagueness, im
precision and uncertainty are introduced at different leve

Within object-oriented and semantic database models, we maFuzzy information has been extensively investigated in
distinguish three levels as pointed by [25]. The first levehe context of relational database model. The earliest svork

I. INTRODUCTION

Il. Fuzzy DATABASES
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focalize on the modelling of incomplete information (i.eassociated with d.o.m that indicate the extent to which
null, undefined and unknown data types) within attributesntities are encapsuled in their classes or the extent tohwhi
values. To support the modelling of imperfect informatiosubclasses are specializations of their superclasseseThe
and complex objects, it was necessary to relax the firstorks differ essentially on the ways the different d.o.m are
normal-form assumption in relational database model lpmputed.

authorizing attributes to be multi-valued. Accordinglgyeral We enumerate several extensions of the semantic data models
non first-normal-form relational database models have beAn extension of the graph-based IFO database model for
proposed. supporting uncertainty and imprecision is provided in [19]
Later models in fuzzy relational databases are based on thehis paper the authors introduce proposals for handling i
use of similarity relation [4], proximity relation [11], 8], defined values including values with semantic represemtati
or resemblance relation [17] defined on the domain of scalalues with semantic representation and conjunctive meani
data types where each pair of scalars in the attribute domaadues with semantic representation and disjunctive nmggni
are mapped, through similarity, proximity or resemblanaepresentation of uncertainty. The uncertainty is sugbett
relation, to the interval [0,1]. For instance, in [4] the laarts  attribute, object and class levels.

propose an extended fuzzy relational database model basedasing on fuzzy set theory, extension of the major construct
similarity relations. In [18] the authors replace the saritly and relationships of the well-known ER/EER models—
relation used in [4] with a more general proximity relationincluding generalization/specialization, superclagsétass,
This permits to remove the max-min transitivity restriatioand shared subclass and category—to support uncertainty
associated with similarity relation and so gives more foged and imprecision of real-world at model/type (i.e. entities
to the users for expressing their values structures. Amothrelationships and attributes domains have d.o.m in the fode
extension of the relational data model basing on proximitype/value (i.e. values of entities and relationships réeem
relation is provided in [11] by extending the proposals @][1 in their corresponding entities and relationships type®) a
through a higher characterization of the proximity relatioattributes levels are introduced in [9].

proposed in [18]. Another proposal for extending the ER data model to support
Another family of extended fuzzy relational models are daséuzziness is reported in [8]. The possibility-based Fuz® E
on using fuzzy sets and possibility distributions assedatdata model supports fuzziness and uncertainty at attribute
with either tuples or attributes values or with both. At thentity, relationships and instance/entity relationshg®ls.

tuple level, each tuple is associated with either a d.o.m [22], based on similarity relations, the IFO model
indicating to which extent the tuple belongs to its relatiomas extended to the ExIFO (Extended IFO) to represent
or a possibility distribution measuring the possibilityath uncertainty as well as precise information. ExIFO support
the tuple belongs to its relation. At the attribute levele thuncertainty at the attribute, entity, and instance/classls.
attributes values are represented as possibility digtoibiof The authors in [14] use fuzzy set theory and possibility
the form {u(uy) /uy, p(us)/ug, - -+, p(un)/un t Wherepu(u,;) distribution to extend the EER model into a fuzzy EER
measures the possibility that the attribute has the vajue (FEER) one to cope with imperfect as well as complex
More complex fuzzy relational database models are obtainebjects at and model/tytpe, type values and attributeddeve
by incorporating proximity relation, possibility disttiion Based on fuzzy set theory and possibility distribution, the
and fuzzy sets (see for example [6] for more details). Fauthor in [12] introduces fuzziness in the different consts
example, in [13] the authors propose an extended fuzey the semantic IFO data model, including printable type,
relational model where possibility and proximity arise in abstract type, free type, grouping, aggregation, fragraeinit
relation simultaneously. ISA relationship.

On the other hand, the relational database model is oftesh u3ée Fuzzy Semantic Model (FSM) is a recently proposed
for implementing other databases models, essentially séenafuzzy semantic data model [3], [7]. FSM uses basic concepts
and object-oriented ones. For instance, in [8] the authasé classification, association, specialization, geneasibn,
propose a methodology for the design and developmerdmposition, aggregation and grouping that are commonly
of fuzzy relational databases. This methodology was usaded in semantic modelling and supports the fuzziness of
for mapping a fuzzy ER into a relational one. In [22], theeal-world at attribute, entity, class and intra and irtleisses
IFO model was extended to the ExIFO (Extended IFO) telationships levels.

represent uncertainty as well as precise information. THéere are also several recent extensions to object-odente
authors provide also an algorithm for mapping the schermdatabase models. The FOOD (Fuzzy Object-Oriented
of the ExIFO model to an extended R@atabase model. In Database) model in [24] is a similarity-based fuzzy object-
[12], the IFO data model is extended to support fuzzinessiented data model. FOOD supports fuzziness at attribute,
The obtained model, denoted.lB, is then mapped into a object/class as well as subclass/superclass relatioredslev
relational fuzzy database schema. One important aspect of FOOD is that it supports the AND,
In semantic and object-oriented database models fuzzises©R and XOR semantics to handle the multi-valued attributes
introduced with one or several of the three levels mentionedlues.

in the introduction. These may concern all or a subset ®he UFO (Uncertainty and Fuzziness in Object-oriented) in
the constructs and relationships of the model. General[§0] is another object-oriented database model that stppor
the entity/class and subclass/superclass relationships fazziness and uncertainty at attribute, object, class, and
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entity/class and subclass/superclass relations levele T .
authors also extend fuzziness to the methods level. In UFO,
imprecision and uncertainty are expressed by means of

Uncertainty is related to the degree of truth of attribute
value, and it means that we can apportion some, but not
all, of our belief to a given value or groups of values. It

normalized possibility distribution and non-zero plintfithin
a possibility distribution, respectively; and they are et
by means of the “role objects” which is a new concept

results from a lack of information and is that related to the
designer and not to the object/concept being modelled.
(e.g. the possibility that thage of a person is 35 right

introduced by the authors. As mentioned by the authors,
the role objects model uncertain, tentative informatioowb
objects and thus the uncertain roles that the objects may pla
A fuzzy object-oriented data model that is a follow-on of

the IFO graph-based object model was proposed in [2]. JI[he same author adds that imprecision, vagueness and uncer-

this paper, the authors use linguistic qualifiers to represe_. . . . . .
: ; L ainty are the main types of imperfect information. Fuzzme
the notion of the strength and associate it with instance an . . : )

: . . comes from the impossibility to define sharp or precise bor-
object-class relationships.

In [15], based on possibility distribution and semantic mee ders, and therefore it is often associated with vagueness. |

. fugzy database literature, uncertainty and imprecisieroéen
method of fuzzy data, the authors extend some basic conce Sresented throuah fuzzv sets and possibility distrilputi
in object-oriented databases, including attributes, aibje P 9 Y b y

. i : In turn, vagueness is often represented through fuzzy set
classes, objects-classes relationships, subclass/siagerand theory, similarity, proximity and/or resemblance relasoThe

multiple inheritances in order to support fuzzy informatio combination of several anproaches is also frequent
Which is common in all these database models is the PP q )

fuzziness at the attribute level. Basically, attributesyrhave n _addmon to fuzzy, imprecise an_d uncertain, values of
. ] attributes may be unknown, undefined or null-valued. To
one of the following natures:

facilitate data manipulation and for computing efficiendyile
« Single-valuedmeans that the attribute cannot have morgying the maximum flexibility to the users, the different
then one value at a given time. types of attributes values (crisp, imprecise, uncertaiazy,
« Unknown means that we cannot decide which is the valughknown, undefined or null) will be uniformly represented
of the attribute among several plausible values. through possibility distribution.
« Undefined means that there is not any defined value thafe following list enumerates the different data types \whic
can be assigned to the attribute. we think permit to model almost all kinds of imperfect
o Null: means that we cannot even know whether thgformation. Note that these types are extensions of the one
attribute’s value is unknown or undefined. proposed in [16]. We also added several new ones. Especially
« Multi-valued means that the attribute can have severghguistic labels defined on sinusoidal possibility distriions
values at a given time. and the “more than” and “less than” data types are not defined
The null, unknownand undefineddata types permit to model in [16].
incompleteness in databases. Several other data typetedevo
to model imperfect information will be introduced later in
section |II.
Note finally that the values of a multi-valued attribute are
often related with different logical connectors (i.e. ANDR
or XOR) but this is not dealt with here.

now should be about 90%);

Ambiguity it means that some elements of the model lack
complete semantics leading to several possible interpre-
tations.

« Fuzzy rangeThis data type handles the “more or less”
information between two numeric values. The graphical
representation of possibility distribution of this datpey
is shown through Model I.1 in Table | and may be written
as{u(z)/z : z € D}. D is the domain of the attribute
values andu(z) is the d.o.m ofz in the fuzzy set on
which the attribute is defined. This set is denotédn
Table I. As it is shown in Table I, four parameters are
required to define the possibility distribution of this data
type: a, 8, and A. The parameterg and v represent
the support of the fuzzy set associated with the attribute
values andy and \ represent the limits of the transition

IIl. | MPERFECT INFORMATION REPRESENTATION

The objective of fuzzy databases is primarily to handle
imperfect information in databases. In [12], the author dis
tinguishes five types of imperfect information:

« Inconsistencyis a kind of semantic conflict that holds
when some aspects of real-world is irreconcilably repre- «
sented more than once in the database (e.g. wheagie
of a person is stored as 34 and 37);

« Imprecision s relevant to the content of an attribute value
and means that a choice must be made from a given range
(interval or set) values (e.g. thege of a person is the
set{17,18,19,20} or theheightis in the interval [1.00-
1.95)]);

« Vaguenessis like imprecision but which is generally
represented with linguistic terms (e.g. thgeof a person
is the linguistic “young”);

zones;
Approximate valueThis data type handles the “about”
some numeric value information. The graphical repre-
sentation of possibility distribution of this data type is
shown through Model 1.2 in Table | and may be written as
{u(z)/z : = € D}. Here, three parameters are required:
the central value of the concept the limit of left
transition zonec~ and the limit of right transition zone
ct;

Interval. Model 1.3 in Table | shows the graphical rep-
resentation of the possibility distribution of a classical
crisp range. Mathematically, this possibility distrilmirti



THE INTERNATIONAL SYMPOSIUM ON COMPUTATIONAL INTELLIGENCE AND INTELLIGENT INFORMATICS, OCTOBER 14-16, 2005, HAMMAMET, TUNISIA 4

TABLE |
DIFFERENT DATA TYPES

Data typeA Model | Representation Parameters | pa(z)
A
Fuzzy range label e.cage= more or less 1 )
1 ifB<z<n;
between 20 and 30 a, 3,7, A S N
i s ;
1.1 « B v Xz ra(z) = [Z;l fa<z<p
0 Otherwise.
A
Approximate value e.gage=about 35 1 1, ifz=c
" c,c”,ct Ci*z, c<z<et;
4 — — c —cC
. c e ’ rae = z:z: cT <z<a
0, Otherwise.
y
Interval e.g.age € [25, 35] 1
a7B
| > 1, fa<z<g
1.3 o I # na(z) = { 0,  Otherwise.
Less than value e.g. age= less than 35 11
\ YA 1, itz <
1.4 1 = pax) =1 % =<
v LA A=E, v <=<a
y
More than value e.g. age= more than 35 1
. a, B 1, itz > p;
1.5 1 2 woa(z) = 0, if z < o
«p A 2=, a<z<p
A
Unknown 11
1.6 > ppa(z) =1;22>0
Undefined 1
1.7 > pp(z) =0;22>0
Real number e.gage=30 1
4|—> ¢ if
i 1, ifz=c¢
1.8 c z ra(z) = { 0,  Otherwise.
. .. 1
Linguistic label e.gage=young
a,c
1.1 REEANTAN z pp(z) = —->1 i 2>0
c (+(a(z=c)?
b1 b2
Linguistic label e.gage=young . _— T
ai,a2,b1,b2 "
1.2 R o1 an z pa(z) =4 1, ifaq + by < 2 < ag — b,
W, if z> ag — by,
L T
b1
. . . 1
Linguistic labelage=very old i}
O
ai,b1 -1 if z < aj +by;
pp—" 1 1
s | L : ;1A<z>:{ e T
1, ifay + b1 < z;
32
. . . 1
Linguistic label e.gage=very young ,
5
az, ba 1, if 2 < ag —by;
1.4 B - R it 2> ag — be
. as z nap(z) = 1 Z—agFhs 2 2-
R

may be written as{u(z)/z : z € D}. The parameters respectively. Mathematically, the possibility distrilmut
required here are the limits of the rangeand j; associated with both of them may be written{agz)/z :

« Less/More than valueThese data types focalize only on z € D}. Two parameters are required to define this data
one side of a value. The graphical representations of the type: the value of interesty(or 8) and the limit of the
possibility distributions of “less than” and “more than” transition range X or «);
data types are shown in Models |.4 and I.5 in Table I,



Set of possible scalar assignmentis permits to han-
dle attributes defined on a set of scalars. For exam-e«
ple, the height of a person may be defined as the set
height={tall,very tall}, which is represented through pos-
sibility distribution as{1.0/tall,1.0/very tal}. A proximity
relation is often defined on the domain of this data type.
We denote this data type with Model 111.1; .
Set of possible numeric assignmenfhis data type

is similar to the previous one. It differs only on the
fact that it is defined on a set of numeric values. For
example, the height of a person may be defined as
the setheight={1.85,1.95, which is represented through
possibility distribution as{1.0/1.85,1.0/1.95 This data .
type will be designed as Model 111.2;

Possibility distribution over discrete domaifThis data
type is represented through standard possibility distri-
bution where possibility degrees in [0,1] are associated
with each of the domain values. More formally, we have
{p1/dy,--- ,pn/dn}; wherep; and d; for i trough 1

to n are the possibility degrees and the domain values,
respectively. Note that the domain values may be numbers
as well as scalars. A proximity relation is often associ-
ated with scalar-based domains. This data type will be
designed as Model IlI.3;

Possibility distribution over a numeric ordered domain
In this data type, the possibility distribution is defined
on an ordered set of numeric values as for exam-
ple age={0.7/25,0.8/26,1.0/27,0.8/28,0.8/3More gen-
erally, we have(p, /dy, - - ,pn/dn} With p; < p;11. This
data type will be designed as Model Ill.4.

Simple numberThis is a crisp data type which is handled
as in conventional databases. The possibilistic reprasent
tion of a simple numbern is {1.0/n}. Model 1.8 in Table

I shows the graphical representation of the possibility
distribution of this data type;

Simple scalar This is a crisp data which is handled as
in conventional databases. The possibilistic representat
of a simple scalas is {1.0/g. A proximity relation is
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of this data type;

Null. This data type means that we cannot even know
whether the attribute’s value is unknown or undefined.
Accordingly, the possibilsitic representation of undedine
data type is{1.0/Unknown].0/Undefined. This data
type will be designed as Model Il1.7;

Symbolic This is a crisp data type which takes its
values on a set of symbolic values related with the XOR
operator. The possibility representation of this data type
is {0/s1,---,1.0/s;,---,0/s,}, which means that the
attribute value iss;. This data type will be designed as
Model II1.8;

Linguistic label Models 11.1-11.4 in Table | are the
graphical representation of the possibility distribution
of the linguistic label data types. Model II.1 represents
the sinusoidal model. The parameters required here are
the central value of the attribute and the parameter
that governs the shape of the d.oan Model 11.2 is

an extension of the previous one that applies when the
central value of the concept may take a range of values
instead of only one value. Four parameters are required
here: the limits of the central rangg anda,; and the

left and right transition zone$; and by, respectively.
Note thata; and a, are thecrossover(or transition)
points defined such thati(a;) = p(az) = 0.5. Models

1.3 and 1.4 are the asymmetric extensions of Model
II.1 that apply when only the left or right side of the
concept is of interest. The required parameters are
and b; for Model 11.3; andas and b, for Model 11.4.
The mathematical representation of all these data types
is {u(z)/z : z € D}. Attributes defined as linguistic
labels need also to be associated with proximity relations
defined on their domains.

IV. IMPERFECT INFORMATION IMPLEMENTATION

The authors in [16] enumerate three levels for implementing

often associated with this data type. We denote this ddmperfect information in databases: database system, level

type with Model II1.5;

database level and metaknowledge base level. Here, we adopt

Matching degree This is a real number in [0,1] thatthese three levels and we add a new one:

refers to the degree to which a concept is achieved.
(e.g. Quality=0.7). The possibilistic representation of a
matching degreen is {1.0/m}. This data type will be
designed as Model llI.6;

Unknown This data type means that we cannot decide «
which is the value of the attribute among several plausible
values. But the attribute may take any value from its
domain. Accordingly, the possibilistic representation of
the unknown data type i§1.0/z : z € D}. Model

1.6 in Table | shows the graphical representation of the
possibility distribution of this data type; .
Undefined This data type means that there is not any
defined value that can be assigned to the attribute. This
means that no one of the domain values is authorized.
Accordingly, the possibilistic representation of undefine
data type is{0/z : z € D}. Model 1.7 in Table | shows

the graphical representation of the possibility distridaut

Database system levehis level is associated with ex-
tended data manipulation languages devoted to handle
different fuzzy operations that the database system should
support. This level is not the scope of this paper.
Database levelhere we are concerned with the way the
imperfect information is internally stored. This concerns
both attributes values and extent definition of different
fuzzy relations/classes. Our solution to handle imperfect
information at the attribute level is provided in the rest
of this section.

Metadata level this level concerns the intent definition
of fuzzy relations/classes. Note that this level is called
metaknowledge in [16]. This will be introduced in this
section.

Model base levelthis level groups the definition of all (i)
the functions used to compute membership degrees, and
(ii) the functions associated with different data typed tha
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are used to generate their possibility distributions. Thigarameters. After that, four relations are needed for dg@st
level is not discussed in this article but it is detailed imith one, two, three or four parameters, respectively (we do
[3]. not have to define a relation for unknown and undefined

As underlined above, the approach detailed hereafter vaf§fibute data and other data types that need no parameters)
implemented within a relational object database modeltist i AN ameliorated version of this solution is adopted in [16)eT
generic enough to be implemented in other database modaldthors use a common meta-relation similar to ATTRIBUTES
especially for non first-normal-form relational, objectemted and a specific attribute serves as a pointer to two meta-
and semantic database models. For the two last ones, fipi@tions. One meta-relation is used to store the “margin”
meta-relations will be replaced with specific classes. la tiparameter needed for approximately data type (Model 1.2 in

following text, the term “meta-relation” should be repldce Table 1). The second meta-relation contains a list of fuzzy
with “specific class” when the implementing is within objectobjects defined in the database columns. This meta-relation

oriented or semantic database models. contains two specific attributes: one used to store the data

In order to store the specificity of all the attributes, we miefi type and the other points out to three new meta-relations

a meta-relation, called ATTRIBUTES, at the metadata levélpvoted to store the parameters of qualifier labels defined
with the following attributes: over the matching of a query, proximity relations assodiate

. attribute-id it uniquelv identifies each attribute define ith §ca|ar dr_;\ta types (Models II.1—II.4.1 in Table | and Mp_del
attribute-id 1 uniquety | nes e oy ! [,5 in the list of §lll), and trapezoidal-based possibility

at the database level. It constitutes also the primary k L . e
of the ATTRIBUTES meta-relation. Note that the ke Ystrlbutlon ,E.']YIOdeIS I.1-|3tl|n ITalIJIetR or Ilrggwsttlc Ialba:eland
attribute(s) in this relation and in the other ones ardU€ly quantiiiers, respectively. In the ast meta-relationr
underlined. attnbute_s Alpha Betg G_a_rr_1ma I_Del_ta) are used to store the
« attribute-name it stores the name of the attribute. AStrape_zmdaI-basgd possibility dlstrlbutlon§ parameténsthe
%emal case of interval data type, the attribitgghaandBeta

for classical databases, the same fuzzy relation/cla - )
can not have two attributes with the same name ba&ore the same value. This is also true for attribuB@snma

the same attribute name may appear in different fuz%?d Delta. The same meta-relation with the four parameters
relations/classes IS also used to store undefined, unknown and null data types,

« defined-in denotes the fuzzy relation/class to which th%\'hICh genc_arate an excetsswe s(';o:sged_?fpacet since thtzse d_ata
attribute belongs. ypes require no parameters and the different parametdirs wi

« data-type which is a multi-valued attribute that stores thé)e null™-valued. . . . .
attribute type which may take any one of the liststil. One drawback of the solutions cited above is that any time we

For crisp attributes, this attribute works as in converalonr_‘eEd_ to_ add a new linguistic data type or to change the adl opted
databases (it may take the values of integer, real, floﬂﬂgu'snc data types, we may have to L_deate the meta X t'
etc.). For fuzzy attributes, thdata-typeattribute stores structures. Here, we propose a straightforward solutiat th

the fuzzy data type itself and the basic crisp data type &Qes not depend on the parameters ngmber and can be used
which the fuzzy data type is based. with any fuzzy model. In fact, we define a common meta-

o ~ relation with a multi-valued attribute that stores all nee¢d
An example of ATTRIBUTES meta-relation is as follows: parameters. This meta-relation, denoted by PARAMETERS,

[ attribute-id | atiribute-name | _defined-in_| data-type ] contains one line for each linguistic value that appeardén t
attr-15 star-name STAR {string} domain of any linguistic data type attribute (or the list bét
attr-16 type-of-star STAR {symbolic} horized | f bolic d ib
attr-17 age STAR {linguistic label, integey authorized values for symbolic data type). Its attributes a
attr-18 luminosity STAR {linguistic label, rea} ; i ; ;
atr19 location STAR Hinguistic label. rea) « attribute |q references one attribute that appears in the
attr-20 weight STAR {interval, rea} meta-relation ATTRIBUTES.
attr-77 field-of-research | SCIENTIST | {scala} - ; ioti ; ;
attr-80 age SCIENTIST | {linguistic label, integef « label: stores a linguistic term belonging to the attribute

. _ _ domain. For symbolic data types this attribute takes a
These are some attributes associated with the fuzzy class «njl” value.

STAR and the class SCIENTIST taken from an example, parameters is a multi-valued attribute used to store
provided in [1]. _ o S the parameters required for generating the possibility
The parameters associated with different linguistic tethed distribution of the linguistic term. Attributes with no

appear in the domain of any linguistic data type are stored at parameters, will not be included in PARAMETERS meta-
the metadata level. They will be used to compute the differen  rejation.

d.o.m and for query processing. The number of parameterg, example of a PARAMETERS meta-relation is as follows:
needed is different from one linguistic data type to another
and it may vary from zero to four parameters. Thus, several

solutions are possible to store these parameters. We can, fo | attribute-id | label | parameters |
example, use one common meta-relation with four attributes attr-16 nil {nova, supernova
devoted to store the different parameters. In that time, we attr-17 very young | {0.0,0.0,0.5,1}
may have “null” values any time the number of parameters attr-17 young {0.8,1.7,2,2.5}
associated with one linguistic value is less than four. Arot attr-17 old {2.3,5,10, 15}
solution is to group data types along the number of required attr-17 very old {12,17,50,60}
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The meta-relation PARAMETERS permits also to generafithe symbolsL, and W, are the luminosity and the weight
the domain of linguistic or symbolic data types. This needsf the Sun, respectively; they are often used as measurement
only to group together all the linguistic labels having theng units.

attribute-idin the meta-relation PARAMETERS. For exampleSome data types (Models 11.1-11.4, 1l.1, 111.3 and Ill.23quire

the domain of attributettr-17 above is{very young, young, also to define the proximity relation between the elements of
old, very old}. The domain of a symbolic data type is the listheir respective domains. Proximity relations are storetha

of the terms in thgparametersattribute. metadata level through the meta-relation PROXIMITY which
The attribute values are stored at the database level aldhg vihas the following attributes:

the extent definition of their relations/classes. As mergib « attribute-id references the attribute for which the prox-

above, to facilitate data manipulation and for computinfy ef imity relation is defined.
ciency, the different types of attributes values are unilgr  , |abel-1andlabel-2 denote two linguistic terms belonging
represented through possibility distribution. Howevédrese to the attribute domain.

distributions are not explicitly stored in the database but. degreestores the similarity degree between two linguistic
generated automatically during data manipulation andyquer  terms denoted bjabel-1 and label-2

processing by means of specific functions associated wiffie following is an example of a meta-relation PROXIMITY:
different data types.

Attributes values may be crisp, fuzzy or both. This need | attribute-id | label-1 | label-2 | degree]
only to be indicated in the intent definition of the fuzzy attr-17 very young | young 0.7
relations/classes the attributes belong to. The datalyasens attr-17 very young | old 0.1
should allow users to insert values of any data type that attr-17 very young | very old 0.0
is consistent with the formal definition of the attribute. At attr-17 young old 0.1
the extent definition of the fuzzy relation/class, each yuzz attr-17 young very old 0.0
attribute is mapped into a hew composite one composed of attr-17 old veryold| 0.8

three component attributes: Proximity relations are reflexive and symmetric. Thus, ¢her

« attr-value stores the value of the attribute as provided b no need to handle the proximity degrees for pairs of the
the user. type (z, ) and only one pair frontx, y) and(y, «) should be

« data-type stores the data type of the value being insertegtored for any two linguistic labels andy.

o parameters is a multi-valued attribute used to store
parameters associated with the attribute value that are V. CONCLUSION

used to generate its possibility distribution. Information in real-world applications is often vague, i®p

Thedata-typeattribute is used both at the extent definition andise and uncertain. In database context, several fuzzpasta

in the intent definition to allow users insert values of difiet models have been proposed. In these works, fuzziness is
data types, which may have different number of parametenstroduced at different levels. Common to all these profsosa
This will offer more flexibility to the user. Neverthelessiet is the support of fuzziness at the attribute level. This pape
different data types defined at the extent level should Ipgoposes first a rich set of data types devoted to model the
consistent with the formal definition of the attribute at thdifferent kinds of imperfect information. To facilitate tda
intent level. For instance, the formal definition of theibtite manipulation and for computing efficiency, the differenpesg

may be a trapezoidal-based possibility distribution withurf of attributes values are uniformly represented througtsipos
paraments but the user may introduce a crisp value (with hiity distribution. The paper then proposes a formal appto
parameter at all), an interval (with two parameters onlyaor to implement these data types. The proposed approach was
approximate value (with three parameters only). Remark themplemented within a relational object database model but i
attributedata-typeat the extent definition is not a multi-valuedis generic enough to be implemented in other database models
one. especially for non first-normal-form relational, objectemted

The extent definitions of two attributes taken from an exampénd semantic database models.

in [1] are as follows:
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