Using fuzzy sets in flexible querying: Why and how?*Didier DUBOIS and Henri PRADEInstitut de Recherche en Informatique de ToulouseUniversit� Paul Sabatier — CNRS, 118 route de Narbonne31062 Toulouse Cedex 4 — FranceEmail: {dubois, prade}@irit.fr1 - IntroductionThe last few years have witnessed a tremendous increase in the use of computers inmore and more domains, the need for managing new kinds of data and for providing newcapabilities for storage, access and display of information. In this respect, one may imagineintroducing what is often dubbed "uncertainty" into databases. This term may refer to twomain streams of problems. On the one hand, one wants to store and manipulate incompletedata (i.e., the available information about attribute values may be tainted with imprecisionand/or uncertainty for some items). In that case, the retrieval process will also return resultsinvolving some uncertainty (if we are uncertain about the precise value of John’s age, wecannot always be sure that John does (or does not) satisfy a given requirement in the contextof a query selecting people on basis of their age). On the other hand, the term "uncertainty" issometimes (and somewhat misleadingly) used for referring to flexible queries, since one maythen consider that there is some ambiguity pertaining to their meaning. In fact, flexiblequeries are useful for describing preferences and thus for getting an ordered set of answersaccordingly.Research in "fuzzy databases" is more than fifteen years old. For a long time theresearch in this area has been developed by only a dozen of small groups, most of the timeoutside the main stream of the regular database community. The situation is now slowlyevolving with the consolidation of the most important results in recent books solely devotedto the fuzzy database topic (Bosc and Kacprzyk, 1995; Petry, 1996), and with a largeracceptance of the fuzzy set approach by database people.If we except the recent and promising area of research in fuzzy data mining (e.g., Wuand Mahl�n, 1995; Yager, 1996), the fuzzy database literature has been concentrating on threeissues:

*This is a revised version of the main part of a paper entitled "Using fuzzy sets in database systems: Why andhow?" in the Proceedings of the 1996 Workshop on Flexible Query-Answering Systems (FQAS’96)(H. Christiansen, H.L. Larsen, T. Andreasen, eds.), held in Roskilde, Denmark, May 22-24, 1996, pp. 89-103.

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)2—flexible querying (Tahani, 1977; Kacprzyk and Ziolkowski, 1986; Bosc and Pivert, 1995);—handling of imprecise, uncertain, or fuzzy data (Umano, 1982; Zemankova and Kandel,1984; Prade and Testemale, 1984; Vandenberghe et al., 1989);—defining and using fuzzy dependencies (Raju and Majumdar, 1988; Chen et al., 1994;Cubero and Vila, 1994; Bosc et al., 1996).An introduction to these different issues may be found in a recent survey paper by Bosc andPrade (1997).These tasks involve three basic semantics which can be naturally attached to a fuzzyset: preference, uncertainty and similarity: i) the flexibility of a query reflects the preferencesof the user. Using a fuzzy set representation, the extent to which an object described in thedatabase satisfies a request then becomes a matter of degree; ii) the information to be stored ina database may be pervaded with imprecision and uncertainty. Then ill-known attribute valuescan be represented by means of fuzzy sets viewed as possibility distributions; iii) close valuesare often perceived as similar, interchangeable (Buckles and Petry, 1982). Indeed, if forinstance an attribute value v satisfies an elementary requirement, a value "close" to v shouldstill somewhat satisfy the requirement. The idea of approximate equality, of similarity plays akey role also in the modelling of fuzzy dependencies.In the following, we only discuss some questions pertaining to flexible querying,trying to identify what are the problems from a fuzzy set point of view. We focus onrepresentation issues, emphasizing in each case what might be the intended meanings of theflexible queries, and how to capture them in an accurate manner. Mastering the representationtool is clearly important for being able to handle practical problems. Aspects pertaining todatabase implementations are not discussed here.2 - Flexible QueryingFuzzy set membership functions (Zadeh, 1965) are convenient tools for modellinguser’s preference profiles and the large panoply of fuzzy set connectives can capture thedifferent user attitudes concerning the way the different criteria present in his/her querycompensate or not; see (Bosc and Pivert, 1992) for a unified presentation in the fuzzy setframework of the existing proposals for handling flexible queries.Thus, the interest of fuzzy queries for a user are twofold:i)A better representation of his/her preferences. For instance, "he/she is looking for anapartment which is not too expensive and not too far from downtown". In such a case,there does not exist a definite threshold for which the price becomes suddenly too high,but rather we have to differentiate between prices which are perfectly acceptable for theuser, and other prices, somewhat higher, which are still more or less acceptable

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)3(especially if the apartment is close to downtown). Obviously, the meaning of vaguepredicate expressions like "not too expensive" is context/user dependent, rather thanuniversal. The large panoply of fuzzy set connectives can capture the different user’sattitude concerning the way the different criteria present in his/her query compensate ornot. Moreover in a given query, some part of the request may be less important to fulfil;this leads to the need for weighted connectives. Elicitation procedures for membershipfunctions and connectives are thus very important for practical applications. A procedureis suggested for connective elicitation in Section 2.4.ii)Fuzzy queries, by expressing user’s preferences, provide the necessary information inorder to rank-order the answers contained in the database according to the degree towhich they satisfy the query. It contributes to avoid empty sets of answers when thequeries are too restrictive, as well as large sets of answers without any ordering whenqueries are too permissive.Thus, flexible queries are often motivated by the expression of preferences, and ofrelative levels of importance. However the use of queries involving fuzzily boundedcategories may be also due to an interest for more robust evaluations. This is the case in aquery like "find the average salary of the young people stored in the database", where the useof a predicate like "young" (whose meaning is clearly context-dependent) does not here referto the expression of a preference, but is rather a matter of convenience since the user is notobliged to set the boundaries of the category of interest in a precise and thus rather arbitraryway; in such a case, a range of possible values for the average salary instead of a precisenumber will be returned to the user. This range can be viewed as bounded by the lower andthe upper expected values of a fuzzy number; see (Dubois and Prade, 1990). It is a robustevaluation which provides the user with an idea of the variability of the evaluation accordingto the different possible meanings of young (in a given context).Making a requirement flexible is not only naturally associated with the idea of agradual representation reflecting the preferences. It is also connected with the intuitive ideaof allowing for a possible weakening of the requirement in some way: by putting sometolerance on it, by assessing its importance (in a sense to be defined), by conditioning it, or byonly demanding the satisfaction of most of the components of the requirement (if it is acompound one).2.1 - Relaxing a ConstraintModeling ToleranceTwo values u1 and u2 belonging to a domain U may be considered as approximatelyequal even if they are not identical. For instance if the pattern requires somebody who is 40years old, an item corresponding to a person who is 39 may be considered in some cases asapproximately matching the request. An approximate equality can be conveniently modelled

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)4by means of a fuzzy relation R which is reflexive (i.e., "u, mR(u,u) = 1) and symmetrical (i.e.,"u1, "u2, mR(u1,u2) = mR(u2,u1)). The closer u1 and u2 are, the closer to 1 mR(u1,u2) must be.The quantity mR(u1,u2) can be viewed as a grade of approximate equality of u1 with u2. R isthen called a proximity or a tolerance relation. Let us assume that we work with an ordinarydatabase where data are precise and certain. When the (elementary) requirement isrepresented by a subset P of U (P may be fuzzy), the tolerance R can be taken into account inthe degree of matching mP(d) of a piece of data d w.r.t. P, by replacing P by the enlargedsubset P � R, defined by"u, mP�R(u) = supu’˛U min(mP(u’), mR(u,u’)) ‡ mP(u).(1)Roughly speaking P � R gathers the elements in P and the elements outside of P which aresomewhat close to an element in P. The use of tolerance relations in the fuzzy patternmatching was already suggested in Cayrol et al. (1982). Obviously, a tolerance relation isattached to the domain of an attribute variable, and different tolerance relations can beinvolved in the evaluation of the matching of an item with a compound pattern.Importance AssignmentOne possible way for taking into account the relative importance of elementaryrequirements in a compound pattern is still to enlarge P by using a very particular tolerancerelation. Generally speaking, the elementary pattern P can be all the more enlarged into P � Ras as it is considered as less important. A first idea for modelling importance is to use a fuzzyrelation R, still reflexive and symmetrical, which now models an uncertain strict equalityrather than an approximate equality. Namely R is now of the formmR(u1,u2

) = 1 if u1 = u21 — w if u1 „ u2.(2)When w = 1, this is the usual strict equality and P � R = P. When w = 0, P � R = U and therequirement expressed by the pattern will be trivially satisfied. The larger w, the moreimportant the requirement expressed by the pattern. The introduction of w amounts tomodifying P into P* = P�R such thatmP*(u) = max(mP(u), 1 — w).(3)As we can see, P* considers as acceptable any value outside of the support of P with thedegree 1 — w. It means that the larger w, the smaller the degree of acceptability of a valueoutside the support of P.In case of the logical conjunctive combination of several requirements Pi performed bymin-combination (min is the largest associative aggregation operation which extends ordinaryconjunction; it is also the only idempotent one), i.e. for a piece of information d = (u1, �, un),we obtain the combinationmini=1,�,n mP*i(d) = mini=1,�,n max(1 — wi, mPi(d)).(4)

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)5with mPi(d) = mPi(ui) where ui is the precise value of the attribute pertaining to Pi, and wherethe following condition should be satisfied by the wi’s:maxi=1,n wi = 1,if there is one requirement that can eliminate an object d when violated.Clearly when wi = 0, the degree of matching mPi(d) is ignored in the combination, thenPi has absolutely no importance; the larger wi, the smaller the degrees of matching concerningPi which are effectively taken into account in the aggregation. The normalization expressesthat the most important requirement has the maximal weight (i.e., 1) and is compulsory.In the above model, each weight of importance is a constant and thus does not dependupon the value taken by the concerned attribute for the considered object d. This limitationmay create some unnatural behaviour of the matching procedure. For instance, the price of anobject you are looking for may be of a limited importance only within a certain range ofvalues; when this price becomes very high, this criterion alone should cause the rejection ofthe considered object, in spite of the rather low importance weight.To cope with this limitation it has been proposed (Dubois et al., 1988) that the weightof importance become a function of the concerned attribute value. Formally, let s(P) be thesupport of the fuzzy set associated with the atom P. The weighting function w is supposed tobe constant at least on s(P) and to increase for values outside of P, possibly reaching 1 outsides(P). See Fig. 1.

10U1 — wc

PwcwwP*W

Figure 1The weighted pattern P* is still defined by (3), i.e.mP*(u) = max(mP(u), 1 — w(u)).Let W ˝ U be the subset where the weight w is constant, and equal to wc (with W ˚ s(P)). LetP’ be the fuzzy set defined bymP’

(u) = 1 if u ˛ W1 — w(u) if u ˇ W.(5)

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)6P’ expresses a safeguard requirement (i.e., a minimal requirement) which should be satisfied,even if P is not. In particular, P’ may be an ordinary set if w(u) = 1, " u ˇ W. This can beclearly seen on the expression of P* in terms of P, P’ and wc (see Figure 1 also), namelymP*(u)= min(max(mP(u), 1 — wc), mP’(u))= max(mP(u), min(1 — wc, mP’(u)))(6)since mP’(u) ‡ mP(u), "u.The notion of a variable weight can be interpreted in the following manner. Namely Pis the fuzzy subset of values that an item component must necessarily satisfy in order toensure that the item is compatible with the requirement (compatibility set), the complement ofP’ can be viewed as the fuzzy set of values which make the considered item incompatible withthe requirement, regardless of other elementary requirements (rejection set). The idea of usingcompatibility and rejection sets, and combining the information pertaining to each ot themseparately, has been also suggested by Sanchez (1991). Note that wc = 0 suppresses the fuzzyset of compatible values P; only P’ remain. On the contrary wc = 1 inhibits the influence of P’.When several attributes are involved, it can be established that the fuzzy sets Pi and P’ican be separately used in the aggregation process. Then it is easy to see (since mP’i > mPi) thatmini=1,n max(mPi(d), min(1 — wci, mP’i(d))) =min(mini=1,nmax(mPi(d), 1 — wci), mini=1,n mP’i(d)).(7)Note that when compatibility sets are conjunctively combined, the rejection sets (thecomplements of the P’i’s) are disjunctively combined.There is a different way of relaxing the requirements, namely by considering that theconstraint Pi is sufficiently satisfied by d if the level of satisfaction for d reaches somethreshold qi, i.e., mPi(d) ‡ qi. Then mPi(d) will be changed into mP*i(d) = 1 and Pi will not betaken into account further in a conjunctive aggregation process (since 1 * a = a for anyconjunction *). If mPi(d) < qi we may either consider that the requirement is satisfied at thelevel which is reached, i.e., mP*i(d) = mPi(d), or in order to avoid discontinuity, make mP*i(d)equal to the relative level of satisfaction mPi(d) / qi (which requires a numerical scale like[0,1] and not a simple completely ordered scale). Then the global degree of satisfaction of therequirements ismini=1,n mP*i(d) = mini=1,n qi fi mPi(d)(8)where a fi b is G�del implication in the first case (a fi b = 1 if a £ b, a fi b = b if a > b), andGoguen’s in the second one, namely a fi b = min(1, b/a) if a „ 0 and a fi b = 1 if a = 0. Itcontrasts with the use of Dienes implication a fi b = max(1-a,b) in (4). Here Pi is "forgotten"as soon as mPi(d) ‡ qi. For qi = 1, P*i = Pi. More generally, the idea of using a weighting ofthe form (8) dates back to Yager (1984). All the implications we considered are such that a fi

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)7b ‡ b, and thus the weighting procedure enlarges Pi. It will not be the case with Rescher-Gaines implication (a fi b = 1 if a £ b, a fi b = 0 if a > b), with which Pi would be madecrisp.The following example can illustrate the difference of intended meanings in the twomodellings of the idea of importance. Let us imagine that we look for the persons in thedatabase who have the skills numbered I, II and III altogether. This requires a quotientoperation. Quotient operations aim at finding out the sub-relation R ‚ S of a relation R,containing sub-tuples of R which have for complements in R all the tuples of a relation S. Inmathematical terms the quotient operation is defined byR ‚ S = {t, " u ˛ S, (t,u) ˛ R}(9)where u is a tuple of S and t a sub-tuple of R such that (t,u) is a tuple of R. This expressioncan be extended to fuzzy sets (Dubois and Prade, 1996) under the formmR‚S(t) = minu mS(u) fi mR(t,u)(10)where fi is a multiple-valued logic implication. Assume that in our example R =(<name><skill>), S = (<skill>), and the mastering of each skill is a matter of degree and thatwe know to which degree mR(t,u) each person t masters each skill u. We may look for thepersons who have skills I, II, III at least to some degree qi = mS(u) for each skill. Then weshall use (10) with G�del (or Goguen) implication. We may also ask for the persons whomaster the important skills (where each skill has its own level of importance mS(u)). Then in(10) we shall use Dienes implication a fi b = max(1 — a, b), which is such that a person whodoes not master at all a skill which is not fully important may still be retrieved with a non-zero evaluation. See also (Bosc et al., 1997) for considerations pertaining to implementationof fuzzy division. We may also be interested in persons mastering most of the skills; Yager(1991) proposes an Ordered Weighted Average operations (Yager, 1988) -based solution; seeSection 2.3 for another solution.2.2 - Conditional RequirementA conditional requirement is a constraint which applies only if another one is satisfied.This notion will be interpreted as follows: A requirement Pj conditioned by a hardrequirement Pi is imperative if Pi is satisfied and can be dropped otherwise. More generally,the level of satisfaction mPi(d) of a fuzzy conditioning requirement Pi for an instance d isviewed as the level of priority of the conditioned requirement Pj, i.e., the greater the level ofsatisfaction of Pi, the greater the priority of Pj is. A conditional constraint is then naturallyrepresented by a fuzzy set Pi fi Pj such that:mPifiPj(d) = max(mPj(d), 1 — mPi(d))

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)8Pi fi Pj is a prioritized constraint with a variable priority.Let us now show how to represent nested requirements with preferences, such as theones considered by database authors (Lacroix and Lavency, 1987; Bosc and Pivert, 1993), bymeans of conditional prioritized requirements. Lacroix and Lavency (1987) deal withrequirements of the form "P1 should be satisfied, and among the solutions to P1 (if any) theones satisfying P2 are preferred, and among those satisfying both P1 and P2, those satisfyingP3 are preferred, and so on", where P1, P2, P3�, are hard constraints. It should be understoodin the following way: satisfying P2 if P1 is not satisfied is of no interest; satisfying P3 if P2 isnot satisfied is of no use even if P1 is satisfied. Thus there is a hierarchy between theconstraints. For the sake of simplicity, let us consider the case of a compound constraint Pmade of three nested constraints. Thus, one would like to express that P1 should hold (withpriority 1), and that if P1 holds, P2 holds with priority a2, and if P1 and P2 hold, P3 holds withpriority a3 (with a3 < a2 < 1). The constraints P1,P2 and P3 are supposed to restrict thepossible values of the same set of variables. Using the representation of conditionalrequirements presented above, this nested conditional requirement can be represented bymeans of the fuzzy set P*mP*(d)= min(mP1(d), max[1 — mP1(d), max(mP2(d), 1 — a2)],max[1 — min(mP1(d), mP2(d)), max(mP3(d), 1 — a3)]= min(mP1(d), max(mP2(d), 1 — min(mP1(d), a2)),max(mP3(d), 1 — min(mP1(d), mP2(d), a3)).(11)In the above expression, it is clear that the priority level of P2 is min(mP1(d), a2), i.e.,is a2 if P1 is completely satisfied and is zero if P1 is not at all satisfied. Similarly, the prioritylevel of P3 is actually min(mP1(d), mP2(d), a3). Note that it is zero if P1 is not satisfied even ifP2 is satisfied. It is easy to check that:mP1(d) = 1 and mP2(d) = 1 and mP3(d) = 1� mP*(d) = 1mP1(d) = 1 and mP2(d) = 1 and mP3(d) = 0� mP*(d) = 1 — a3mP1(d) = 1 and mP2(d) = 0 and mP3(d) = 1� mP*(d) = 1 — a2 < 1 — a3mP1(d) = 1 and mP2(d) = 0 and mP3(d) = 0� mP*(d) = 1 — a2mP1(d) = 0� mP*(d) = 0Thus, as soon as P2 is not satisfied, the satisfaction of P3 or its violation make no difference;in both cases mP*(d) = 1 — a2 < 1 — a3. P* reflects that we are completely satisfied if P1, P2and P3 are completely satisfied,we are less satisfied if P1 and P2 only are satisfied, and we areeven less satisfied if only P1 is satisfied.

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)9In the preceding case an unconditioned requirement (P1) was refined by a hierarchy ofconditional prioritized requirements (P2,P3). A request looking for candidates such that "ifthey are not graduated they should have professional experience, and if they have professionalexperience, they should preferably have communication abilities", is an example where onlyconditional constraints, organized in a hierarchical way, take place. It will be represented byan expression of the formmin[max(1 — mP1(d), mP2(d)), max(mP3(d), 1 — min(mP1(d), mP2(d), a)]with mP1 = 1 — mgrad., mP2 = mprof.exp. and mP3 = mcom.ab., i.e.,min[max(mprof.exp.(d), mgrad.(d)), max(mcom.ab.(d), 1 — min(1 — mgrad.(d), mprof.exp.(d), a)]so that if d has professional experience and communication abilities d completely satisfies therequest, as well as if d is graduated; d satisfies the request to the degree 1 — a if d is notgraduated and has professional experience only. d does not satisfy the request at all if d isneither graduated nor has professional experience (even if d has communication abilities).2.3 - Satisfying Most of the RequirementsBy "delocalizing" the weights wi in (4), we can turn (4) into a (fuzzily) quantifiedconjunction, corresponding to the requirement that an item d satisfies ’at least k’, or moregenerally ’most’ requirements (rather than ’all’ the requirements or more generally all theimportant ones). This can be done in the following way (see, e.g., Dubois et al., 1988):i)rank-order the degree mPi(d) = pi decreasingly, where s is a permutation of {1,�, n} inorder to only consider the best satisfied constraints in the weighting process, i.e.,ps(1)) ‡ ps(2) ‡� ‡ ps(n);ii)let I be a fuzzy subset of the set of integers {0, 1, 2, �, n} s.t. mI(0) = 1, mI(i) ‡ mI(i +1). For instance, the requirement that "at least k" constraints are important will bemodelled by k weights equal to 1, i.e., wi = mI(i) in (4) with mI(i) = 1 if 0 £ i £ k, mI(i) =0 for i ‡ k + 1;iii)the aggregation operation is then defined bym(P1, �, Pn)(d) = mini=1,n max(1 — mI(i), ps(i)).(12)When mI(i)=1 for 0 £ i £ n, it reduces to m(P1, �, Pn)(d) = ps(n) = mini=1,n mPi(d) asexpected. When mI(1) = 1 and mI(2) =� = mI(n) = 0, it reduces to m(P1, �, Pn)(d) =ps(1) = maxi=1,n mPi(d).The expression (12) can be easily modified for accommodating relative quantifiers Qlike ’most’, by changing 1 — mI(i + 1) into mQ in for i = 0, n — 1 and mQ(1) = 1 where mQ is

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)10increasing (a required proportion of at least kn amounts to have k non-zero weights among n).What has been computed here is an ordered weighted minimum operation (OWmin), or if weprefer, the median of the set of numbers made by the ps(i)’s and the 1 — mI(i)’s. See Dubois etal. (1988). OWmin can thus be related to the idea of fuzzy cardinality. But there is nocompensatory effects as opposed to Ordered Weighted Averages (Yager, 1988).2.4 - Identifying The Correct Model for ’AND’Queries are usually compound, and this raises the issue of finding the appropriateaggregation operation for combining the elementary degrees of matching. Even if thecombination is linguistically expressed by the conjunction AND, it may correspond to verydifferent aggregation attitudes ranging from logical to compensatory ANDs. See (Dubois andPrade, 1988) for instance.Consider the problem of choosing a car on the basis of a catalogue of precise dataconcerning two objectives P1 and P2. Selection of an aggregation operator can be carried outby the following procedure. Three typical vehicles V1, V2, V3 are presented to the decisionmaker for him to evaluate in terms of combined objectives P1 and P2 linked by means of theaggregation operator to be identified. The evaluation of each typical vehicle is an element of a5-level scale A (completely compatible), B (pretty compatible), C (middling compatible), D(barely compatible), E (incompatible). The typical vehicles are chosen so as to enablediscrimination between aggregation operators in a given list. The compatibility of each typicalvehicle with each of the objectives to be combined is supposed to be known. In particular, thevehicles are supposed to be chosen so that¥V1 is incompatible (score E) with P1 but completely compatible (score A) with P2;¥V2 has medium compatibility (score C) with each of P1 and P2;¥V3 has medium compatibility (score C) with P1 and is completely compatible (score A)with P2.The aggregation operator h between mP1 and mP2 is then approximated by a function �hfrom {A, C, E}2 into {A, B, C, D, E} which is increasing in the wide sense in each place,symmetric, and such that �h (A,A) = A and �h (E,E) = E. The decision maker thus provides thethree values �h(E,A), �h(C,C), and �h(C,A). Each triplet of replies corresponds to a standardaggregation operator as indicated in Table 1. We are here constructing a filter for amultivalued rather than a binary logic. The function that the filter realizes is supposed torepresent the behavior of the decision maker when faced with the various objects that thecomputer can present to him. The class of available operations is viewed as a collection of"standard functions". Table 1 is far from exhaustive and covers only some of the possibleresponses by the decision maker. The full list of possible responses contains 50 triplescorresponding to the following constraints: (1) �h(C,A) ‡ max(�h(E,A), �h(C,C)); (2) �h issymmetric; and (3) �h(C,A) ‡ C (meeting objective P2 completely cannot decrease the global

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)11level of satisfaction below the level of satisfaction of objective P1). Note also that the function�h is not completely defined if only three typical vehicles are used. Complete specification of�h requires knowledge of the value of �h(E,C) as well as the three values provided by thedecision maker. The extra information would enable a finer discrimination to be made, butwould raise the number of possible responses to 93.Vehicle type

V1V2V3

Objectives P1Objectives P2EACCCASelected operatorswith A = 1, B = .75, C = .5, D = .25, E = 0.

Examples of possible responses by the decision makerEEEEDCCCBAAAEDCCCCCCCCBACCCBCCBABAAAmax(0, x + y — 1)x Æ ymin(x,y)(x Æ y)1/2, 2xy / (x + y)med(x, y, 1/4)med(x, y, 1/2), min(x,y) / (1 — |x — y|)(x + y)/2, x + y — xy1 + x + y — 2xy, max(x,y) / (1 + |x — y|) xy1 — x — y + 2xymed(x, y, 3/4)max(x,y), 1 — [(1 — x)(1 — y)]1/2x + y — xymin(1, x + y)med = median

Table 1:

Selection of aggregation operationsThe four classes of operators, namely, conjunctions, disjunctions, averages, andsymmetric sums ( see Dubois and Prade, 1988), only cover some of the 50 possible triples.Nevertheless, many of these triples correspond to minor modifications of standard operators(e.g., (D, C, C) is very close to (E, C, C), which is represented by the min operator).But few triples, such as (C, E, C), fall outside these four classes. However, a triplesuch as (C, E, C), can be reached by a "weighted" combination, in this case: min(max(e,f),max(min(e,f), 1 — (e � C), 1 — (f � C)))) with e = A fi x, f = A fi y where � is G�delimplication and fi is Rescher-Gaines implication, 1 - C = C. Indeed this triple corresponds tothe following aggregation attitude: the result of the combination is E except if u = A or v = A,and in this latter case it is A if u = v = A, and it is C otherwise (assuming �h(E,C) = E). Indeed,e (resp. f) is equal to A = 1 if x (resp. y) reaches A, and e (resp. f) is 0 otherwise; at least oneof these two conditions should hold, and either both hold or the result is C (1 — (e � C) isequal to 0 if e = 0 and C if e = 1).See Andr�s (1989) for providing a more complete table and applying it to fuzzy queryevaluation.

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)123 - ConclusionThis paper has emphasized the modelling capabilities of the fuzzy set framework forrepresenting flexible queries. Different types of flexibility in queries have been considered:introducing tolerance, assigning various kinds of weights of importance, expressingconditional requirements, allowing for fuzzy quantifiers, identifying the correct type of ’AND’connectives in a compound query. A proper understanding of these capabilities is required fordesigning an interface which builds an accurate representation of the queries.ReferencesAndr�s V. (1989) Filtrage s�mantique dans une base de donn�es impr�cises et incertaines: Unsyst�me souple autorisant la formulation de requ�tes composites pond�r�es.Dissertation, Universit� P. Sabatier, Toulouse, France.Bosc P., Dubois D., Pivert O., Prade H. (1997) Flexible queries in relational databases �Theexample of the division operator�. Theoretical Computer Science, 171, 281-302.Bosc P., Dubois D., Prade H. (1996) Fuzzy functional dependencies and redundancyelimination. In:Tech. Report IRIT/96-10-R, IRIT, Univ. P. Sabatier, Toulouse, France.To appear in J. Amer. Soc. Infor. Syst.Bosc P., Kacprzyk J. (Eds.) (1995) Fuzziness in Database Management Systems. Physica-Verlag, Heidelberg.Bosc P., Pivert O. (1992) Some approaches for relational databases flexible querying. J. ofIntelligent Information Systems, 1, 323-354.Bosc P., Pivert O. (1993) An approach for a hierarchical aggregation of fuzzy predicates.Proc. 2nd IEEE Int. Conf. Fuzzy Systems (FUZZ-IEEE’93), San Francisco, 1231-1236.Bosc P., Pivert O. (1995) SQLf: A relational database language for fuzzy querying. IEEETrans. on Fuzzy Systems, 3(1), 1-17.Bosc P., Prade H. (1997) An introduction to the fuzzy set and possibility theory-basedtreatment of soft queries and uncertain or imprecise databases. In: UncertaintyManagement in Information Systems: From Needs to Solutions (A. Motro, Ph. Smets,eds.), Kluwer Academic Publ., Chapter 10, 285-324.Buckles B.P., Petry F.E. (1982) A fuzzy representation of data for relational databases. FuzzySets and Systems, 5, 213-226.Cayrol M., Farreny H., Prade H. (1982) Fuzzy pattern matching. Kybernetes, 11, 103-116.Chen G.Q., Kerre E.E., Vandenbulcke J. (1994) A computational algorithm for the FFDtransitive closure and a complete axiomatization of fuzzy functional dependencies. J. ofIntelligent Systems, 9(5), 421-440.Cubero J.C., Vila M.A. (1994) A new definition of fuzzy functional dependency in fuzzyrelational databases. J. of Intelligent Systems, 9(5), 441-448.Dubois D., Prade H. (1988) Possibility Theory � An Approach to Computerized Processingof Uncertainty. Plenum Press, New York.Dubois D., Prade H. (1990) Measuring properties of fuzzy sets: A general technique and itsuse in fuzzy query evaluation. Fuzzy Sets and Systems, 38, 137-152.Dubois D., Prade H. (1996) Semantics of quotient operators in fuzzy relational databases.Fuzzy Sets and Systems, 78, 89-93.

Using fuzzy sets in flexible querying: Why and how (D. Dubois & H. Prade)13Dubois D., Prade H., Testemale C. (1988) Weighted fuzzy pattern matching. Fuzzy Sets andSystems, 28, 313-331.Kacprzyk J., Ziolkowski A. (1986) Data base queries with fuzzy linguistic quantifiers. IEEETrans. on Systems, Man and Cybernetics, 16(3), 474-478.Lacroix M., Lavency P. (1987) Preferences: Putting more knowledge into queries. Proc. of the13rd Inter. Conf. on Very Large Data Bases, Brighton, UK, 217-225.Petry F.E. (1996) Fuzzy Databases: Principles and Applications. Kluwer Acad. Pub., Dord.Prade H., Testemale C. (1984) Generalizing database relational algebra for the treatment ofincomplete/uncertain information and vague queries. Information Sciences, 34, 115-143.Raju K.V.S.V.N., Majumdar A.K. (1988) Fuzzy functional dependencies and lossless joindecomposition of fuzzy relational database systems. ACM Trans. on Database Systems,13(2), 129-166.Sanchez E. (1991) Fuzzy logic and neural networks in Artificial Intelligence and PatternRecognition. SPIE, Vol. 1569, Stochastic and Neural Methods in Signal Processing,Image Processing and Computer Vision, 474-483.Tahani V. (1977) A conceptual framework for fuzzy query processing � A step toward veryintelligent database systems. Information Processing Management, 13, 289-303.Umano M. (1982) FREEDOM-0: A fuzzy database system. In: Fuzzy Information andDecision Processes (M.M.˚Gupta, E. Sanchez, eds.), North-Holland, 339-347.Vandenberghe R., Van Schooten A., De Caluwe R., Kerre E.E. (1989) Some practical aspectsof fuzzy database techniques: An example, Information Systems, 14, 465-472.Wu X.D., Mahl�n P. (1995) Fuzzy interpretation of induction results. Proc. of the Inter. Conf.on Knowledge Discovery & Data Mining (U.M. Fayyad, R. Uthurusamy, eds.),Montr�al, Canada, Aug. 20-21, 325-330.Yager R.R. (1984) General multiple objective decision making and linguistically quantifiedstatements. Int. J. of Man-Machine Studies, 21, 389-400.Yager R.R. (1988) On ordered weighted averaging aggregation operators in multi-criteriadecision making. IEEE Trans. on Systems, Man and Cybernetics, 18, 183-190.Yager R.R. (1991) Fuzzy quotient operators for fuzzy relational data bases. In: FuzzyEngineering toward Human Friendly Systems, Vol. 1 (Proc. Inter. Fuzzy EngineeringSymp. (IFES’91), Yokohama, Japan, Nov. 13-15, 1991) (T. Terano, M. Sugeno, M.Mukaidono, K. Shigemasu, eds.), Available from IOS Press, Amsterdam, 289-296.Yager R.R. (1996) Database discovery using fuzzy sets. Tech. Report #MII-1601, MachineIntelligence Institute, Iona College, New Rochelle, NY.Zadeh L.A. (1965) Fuzzy sets. Information and Control, 8, 338-353.Zemankova M., Kandel A. (1984) Fuzzy Relational Databases � A Key to Expert Systems.Interdisciplinary Systems Research, Verlag T�V, Rheinland.