A Framework for Multicriteria Selection Based on Measuring Query Responses
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Abstract in [19, 21]. The paper [21] deals with the relation of
probability and possibility theory. Fuzzy approaches

This paper deals with a problem of multi- are studied e.9. in[1, 17, 25].

criteria selection assuming uncertainties in- The work [2] proposes a fuzzy version of SQL
cluding linguistic modifiers both in given (Structured Query Languaydénown from relational
data and in queries referring to these data.  database systems. A fuzzy querying module imple-
An approach based on measuring similar- mented as an add-on in the widely available and pop-
ities of required properties to values of ular database system Microsoft Access is described in
corresponding fields in relational database [8]. Itis also shown how this application may be ex-
records is presented. tended to support fuzzy querying via the Internet and
Keywords: Fuzzy database, fuzzy query, Intranet.

linguistic modifiers. The paper [18] presents a flexible human-oriented

interface built for a relational database of the 500

. biggest non-financial Portuguese companies. This in-

1 Introduction terface allows to make questions in (quasi) natural
language and to obtain answers in the same style,

Research on databases has concentrated on the relgiinout having to modify neither the structure of the
tional model proposed by Codd. Codd's relational y5tapase nor the DBMS (Data Base Management Sys-

dimensional tables of data describing entity classegimedia databases is presented in [3].

and relationships between entity classes. From the _ ) . _
mathematical point of view, the relational database™UZ2y duerying from the point of view of its fast re-
model is a collection of relations. Such database sysSPONSe time is studied in [24]. As the current crisp in-
tems usually deal with only well-defined unambigu- d€x structures are inappropriate for representing and

ous data. The only exception is admitting so callegéfficiently accessing fuzzy data and for the effective-
null values. ness of fuzzy database, it is necessary to allow both

_ o the non-fuzzy and fuzzy attributes to be indexed to-
However, in the real world applications, such as per-gether and provide a multi-dimensional access struc-

sonal evaluation, economic forecasting, medical deciyre, The paper proposes this structure and presents
sion making, etc., there exist uncertain or ambiguouss jmplementation.

data which cannot be represented in a definite format. . .

There are two problems: How to represent the un-N [14], @ method for comparisons of complex objects
certainty in the model and how to formulate queries. i the Object-Oriented Data Model is described. Itis
There are various approaches to solving these prop?@sed on a generalized resemblance degree between
lems. A widely used approach is basedforzy logic f[wo fuzzy sets of imprecise objects and a general-
[4, 9], probabilistic algebraand possibility theory ized resemblance degree to compare complex fuzzy

More details about probabilistic logic can be found ©Pi€cts within a given class.



An important role in classical relational database the-2 Fuzzy query evaluation in fuzzy databases

ory is played by methods of decompositions of one

relational scheme into several schemes to avoid redurone possibility for testing technical systems is to eval-
dancy and anomalies of inserting, deleting and updatuate a similarity measure of their parameters to re-
ing. An approach to calculate the relational division quired values. Suppose that the data and queries are
in fuzzy databases is presented in [6] using two newnot strictly deterministic and may contain uncertain-
operators, qualified fuzzy intersection and the generties. In this casefuzzy data modedf Buckles and
alized projection with group functions. Petry (see e.g. [17]) based osianilarity relationcan

be used. When compared with classical databases, it

The paper [10] reviews a variety of fuzzy information . )
contains two extensions as follows:

systems proposed in the literature involving both the
management of unstructured information (e.g. texts,
images, multimedia and World Wide Web pages) and 1. Domain values are not constrained to be single-

the management of structured information (e.g. stored
in relational databases). In contrastto DBMS's return-
ing a set of records from a database that depends on
the query used, information retrieval systems that deal
with unstructured information focus on determining
the set of documents to be used in response to a user

query.

ton (that means the relation need not be in the
first normal form).

Fuzzy database relations a subset of the
Cartesian produd®(D1) x P(D2) x ... x P(Dp),
whereP(Dj) ={X|XCDj}—-0,j=1,...,n. In
general, elements of this relation (corresponding
to table rows) are tuples of non-atomic values.

In special cases, uncertain data can be modelled by
trapezoidal or triangular fuzzy numbers. Unfortu-
nately there are some difficulties with comparisons of
fuzzy numbers. For this reason, the ranking or order-
ing methods of fuzzy quantities have been proposed
by many authors. Most of them were summarized in
[22, 23]. Additional problem occurs when min-max
operations are evaluated using Zadeh's extension prin-
ciple. As a result of the min-max operation we can
obtain a fuzzy number that differs from all of the in-

put numbers. This problem can be solved by means of _
some approximations. In [20], the fuzzy relational model of Buckles and

. o ~ Petryis extended to deal with proximity relations. The
An overview of quantification in fuzzy set theory is proximity relationis a special case of the similarity

presented in [12, 13]. These papers discuss both thgsjation satisfying only the reflexivity and symmetry
non-fuzzy quantification of fuzzy sets and fuzzy quan-constraints. Shenoi and Melton’s model of fuzzy rela-

tification. Besides this, they describe approximatetional database [20] is then studied with examples of
reasoning with fuzzily defined quantifiers and possi-f7zy queries in [5].

bility based reasoning including their applications.

2. For each domain s&; of a relation, a similarity
relationS; is defined over the set elements.
A similarity relationis a binary relatiorg; : Dj x
Dj — [0, 1] satisfying:

(@) Sj(a,a) =1, i.e.S; isreflexive

(b) Sj(a,b) = Sj(b,a), S is symmetricand

(c) Sj(a,c) > max{min[Sj(a,b),Sj(b,c)]|b
Dj}, Sjistransitive

Domain elements in a query can be modified by
In decision making, database querying involves notsne or morelinguistic modifiers e.g. very, highly,
only the retrieval of the query predicates but its answefgre or _less roughly, rather etc. These modifiers are
also incorporates knowledge statements using a daigsa|ly defined by fuzzy operatiorgilation (DIL),

summarization. In [7], a genetic algorithm technique concentration(CON) andintensification(INT).
is used to obtain near-optimal answers that fit a given _ _ o
set of tuples. If Ais afuzzy setin univers® andp, is its member-

ship function, then these operations can be defined as
follows [16, 17]:

DIL(A) = A%, Wx e X : PoiLia)(X) = Ma(0]®° (1)
CON(A) = A%, Wx € X peona) (X) = [a(X)]? (2)



INT(A), Yxe X: also occur in queries. W, B are fuzzy sets, then the
operationA AND B is usually interpreted as the inter-

2[pa(x)]? for pa(x) < 0.5 (3)  section of these set#, OR B as the union operation

1-2[1—-pa(x)]* otherwise and NOTA as the complement. More formally, it can
be expressed by these formulas:

MNT(A) (X) = {

Zadeh proposed linguistic modifiers in this form::
vxeX  pane(X) =min{pa(x),us(¥)} (12)

Vo) = CONAY @ eX  pel) = maxi(.e()) (13
highly(A) = A ) VXeX 1 pa(X) =1—pa(x) (14)
moreor_les§A) = DIL(A) (6)
roughlyA) = DIL(DIL(A)) (7)  Since a query factor may be imprecise, we allow the
rathefA) = INT(CON(A)) (8)  domain elementin the query factor to be extended to a

subset of the domain instead of only a singleton. This
In [11], two more linguistic modifiers are mentioned - extension provides more flexibility for user querying
plusandslightly defined as follows: on a fuzzy relational database.

plugA) = AL25 (9) In order to measure the results of fuzzy queries we de-

, fine the following way of calculating the membership
slightly(A) = INT[plus(A) A=(very(A)] (10)  \a1es for each tuple in the given query.

where/ (AND) and— (NOT) are Boolean operators. If a; is a query factor referring to theth attribute

It must be said that these proposals are not accepte?llj a rgtl)atloQR, haj_ ChDj an?rij IZIa value of t_hej-h
in general and more sophisticated definitions are in? IatFr' L;;[e |.r.1 t %t rr(])w o a_lta_ € represent;ngr;]t €
troduced in the literature. For instanceAifs a fuzzy relationR, rij C Dj, thensimilarity measureot the

set andm is a linguistic modifier thefum(A) can be factora, to the value ofjj is defined as follows:

Hm(A) = Hm © Ha © Gm, A1) The fitness of table rows with respect to the given

wherepn : [0,1] — [0,1], gm: X — X is a translation  dUery Q(ai,a, ... a) with n factors can be de-
ando denotes the composition of functions. termined by evaluating S|m|!ar|ty measures of the

guery factors to corresponding values in the table
It can be shown that these definitions of linguistic rows. In these evaluations, linguistic modifiers pre-
modifiers enable to construct examples that contradictede Boolean operations.

the intuitive meaning [11]. For example lgtuth

be the name of a Boolean linguistic variable whose
primary terms are “true” and "false”. If we interpret St€PS:
"very” as the CON operator, we get that "very approx-

imately true” is truer than "true” in contrast to reality. Input data
The same thing can be shown with the DIL operator.

This approach can be summarised into the following

e R(A;:Dj,...,A::Dyn), whereRis a relation (ta-
ble) of degreen, Ay, ... ,A, are attributes and
Dy, ...,Dptheir domains.

Some of the qualifiers may be expressed as the oppo-
sites of others, i.e. as their antonyms. A new theory
of antonyms is presented in [15].

e Similarity relations S, ...,S, for domains

As we will not allow using linguistic operators on D D
L---»Yn

"true” and “false” terms and with respect to the dif-
ficulties with the expression of translations, we will

consider the classical proposals by Zadeh. Query

Besides linguistic operators, also Boolean operators e Q(as,ay, ...,an) = B[A(as1,az, ... ,an)],
conjunction, disjunction, negation denoted by sym- whereA\ is a system of linguistic modifiers arfid
bols A, Vv, =, or by operators AND, OR, NOT may system of Boolean operators.



Query evaluation Example:
Consider three products given by Table 2 with a clas-

1. (SM (i ) }))(: a)E{S 2351 lacaren) sification of two parameters, a, substantial for test-
T I\ b= ing. Assume that both parameters can be divided into
(V| e [1,m]) (¥j €[1,n]): five classes according to their quality and the similar-
(aj,r,J) =Aj[SMj(aj,rij)], Aj €A ity relation between these degrees is given by Table 3.
apphcat on f DIL, CON, INT or power Two cases where values are non-atomic, can be inter-
preted as a degree between these values.
3. (Vie[l,m):

Mo(ri) = E(Q,ri) = B[SMMay,rij); j=1,...,n]

.. application of AND, OR, NOT Table 2: Product classification.

a1 a o] an

In the second subtable of Table 1, firstolumns rep- E; {II’I:I } ::

resent results of the query evaluation by the second 3 " i,y
step of the algorithm. A result of the third step, i.e. P '
the value of similarity measure of real parameter val-

ues to the values required in the query, is included into
the last column. Table 3: Similarity relations for the factoes, a,.

S,S | v | v
I 1/08/{05/01| 0
Il 08| 1]07[03| 0
1] 05({07| 1 |0803
\ 01/03|08] 1 |08
\% 0| 003|081

Table 1. Evaluation of fuzzy queries in a similarity
measure based moddR - input fuzzy relationRg -
results of query evaluationgg(r;) - final membership
degree; € Rwith respect to fuzzy querg.

R
AL An If we want to select the best product, we must formu-
_1 late a quenyQ : a;=I AND ay=I. Consider the query
' in the following form:
m
Q:a;=lll AND az=moreor_leslll,IV }
NS Hence we get
Q(au,--.,an)
Il SMi(az,r11) = max S (L), SILN) } =
=max{0.5,0,4 =0.7
Ro SMJ (az,r12) = moreor_lesg SM[(I11,IV),11] }=
A1[SMi(@y,Tia)] | - | An[SMh(@n:Min)] | Ho(ri) | = moreor_lesgmax[S (1L, 11), S(IV,I1)] }=
.1 = moreor_les§max(0.7, 0.3) = 0.7°° = 0.84
m Ho(r1) =E(Q,r1) =
= E(ay=lll AND ay=moreor_lesgIILIV },rq) =
= min{SMy (a1, r11), SM} (ag,r12)} =

In the approach presented we have assumed that thimilarly we obtainug(rz) = 0.84 andug(rs) = 0.7.
number of factors equals to the number of attributes

in the input relation. This can be done without loss of 3  Conclusions

generality because the attributes omitted in the query

can be understood as factors with values of similar-In this paper we deal with a similarity-based approach
ity equal to 1 connected by AND operation with the to fuzzy relational databases. The evaluation of a
similarities of the other factors. Boolean query with linguistic modifiers is described.



Compared with [17], in queries we can use not only Databases. Information Sciencesvolume 52,
domain elements but also domain subsets. We define  pages 313-328, 1996.
a similarity measure to induce membership value for

each tuple in the database. The membership value isl
used to determine the best matching tuple in the query
response.

8] J. Kacprzyk and S. Zadrozny (2001). Computing
with Words in Intelligent Database Querying:
Standalone and Internet-Based Applicatioms.
formation Sciences/olume 134, pages 71-109,

In future, we want to extend this model using possi- 2001.

bility distributions. We also plan to insert fuzzy num-

bers into the database and queries. This means that wg9] G.J. Klir and B. Yuan (1995).Fuzzy Sets and
must do some aggregations of intersections of query Fuzzy Logic: Theory and ApplicationBrentice
factors with fuzzy database. Therefore we will have Hall, Upper Saddle River, New Jersey, 1995.
to find a suitable tool for ranking these numbers.
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