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1Representation of weakly strutured impreise data for fuzzy queryingRallou Thomopoulosa, Patrie Buheaand Ollivier Haemmerl�eaaINA P-G, UER d'informatique/INRA BIA, 16 rue Claude Bernard, 75231 Paris Cedex 5, FraneTel : +33 1 44 08 16 79, +33 1 44 08 16 75, +33 1 44 08 72 29. Fax : +33 1 44 08 16 66E-mail : fRallou.Thomopoulos,Patrie.Buhe,Ollivier.Haemmerleg�inapg.inra.frIn the present paper we introdue an extension of the oneptual graph model suitable to the representationof data whih are modelized using fuzzy sets. We extend the speialization relation of the oneptual graphmodel to fuzzy oneptual graphs. Lastly we introdue a new way of omparing oneptual graphs, using the ideathat a graph may be ompatible with another graph with a given degree d, whih allows to make more exibleomparisons of fuzzy oneptual graphs. This work takes plae within a projet that aims at building a tool forthe analysis of mirobial risks in food produts.Keywords: Fuzzy databases, Coneptual graphs, Impreise data, Soft querying, Mirobiology.1. INTRODUCTIONOur researh projet is part of a national pro-gramme whih aims at building a tool for theanalysis of mirobial risks in food produts. Weare onerned with the storage and the query-ing of data that ome from the bibliography ofmirobiology. These data have several partiu-larities: (i) they are polymorphi information ina �eld that is ontinuously growing; we all them\weakly strutured data"; (ii) they are often im-preise beause of the omplexity of the biologi-al proesses involved; (iii) they are not exhaus-tive, as the bibliography does not over all pos-sible experimental fators and onditions. Thesepartiularities have the following respetive on-sequenes: (i) it is diÆult to determine a las-si database shema to store all the useful infor-mation; (ii) it is neessary to represent impreiseinformation; (iii) it is neessary to enlarge thequerying in order to provide lose answers whenthe exat information is missing.The approah we hose onsists in designing auni�ed querying system (alled UQS) that simul-taneously sans two separate bases : a relationaldatabase ontaining the strutured information,and a oneptual graph knowledge base ontain-ing the data that do not �t in the struture ofthe relational database. The justi�ation and the

struture of the uni�ed querying system have al-ready been presented in [2℄. To retrieve informa-tion from the oneptual graph knowledge base,the user's query is translated into a oneptualgraph whih is used to san the knowledge base.In this paper, our objetive is to extend the on-eptual graph model in order to be able to repre-sent impreise data - inluding numerial values -and enlarged queries.Classially the oneptual graph model allowsone to represent symboli data [16℄. A numer-ial value annot be represented otherwise thansymboli data. We propose a way of introduinga numerial domain of values within the frame-work of the basi oneptual graph model.Conerning enlarged querying and impreiseinformation management, the bibliography in thedatabase framework overs two kinds of problems.In a �rst ategory of papers, the fuzzy set frame-work has been shown to be a sound sienti� wayof modelling exible queries [1℄. In the seondategory of papers, the fuzzy set framework hasalso been proposed to represent impreise valuesby means of possibility distributions [14℄.Besides, the introdution of the fuzzy set the-ory into the oneptual graph model has beenstudied by Morton [10℄ and extended by severalworks suh as [17,3℄. Compared to the previousapproahes, we propose a more homogeneous and
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2integrated way of ombining oneptual graphsand fuzzy sets: (i) we propose a homogeneousrepresentation of fuzzy types1 and fuzzy mark-ers1; (ii) the domain of these fuzzy sets is built inaordane with the support1.Combining a knowledge representation modeland a way of introduing impreision has beenproposed in other previous works. In partiular,we an ite formalisms that desribe ontologieslike the objet model [7℄, or information retrievalusing terminologial logis [15℄. The latter arepart of the \knowledge representation" sub�eld ofarti�ial intelligene and more spei�ally seman-ti networks, just as the oneptual graph model.The original ontribution of this paper is thusmainly to provide an extension of the oneptualgraph model suitable to the representation of im-preise data and enlarged queries, by using thefuzzy set framework and by proposing a meha-nism allowing a exible omparison of oneptualgraphs; and seondly to propose a natural wayof representing numerial values within the basioneptual graph model.Setion 2 briey presents the representationmodels that we use, i.e. what we use fuzzy setsfor, and what the oneptual graph model is. Se-tion 3 desribes our hoie for the representa-tion of numerial values in the oneptual graphmodel, and the extension that we propose for therepresentation of fuzzy values. In setion 4 weextend the speialization relation in order to al-low omparisons of oneptual graphs that on-tain fuzzy onepts.2. PRELIMINARY NOTIONS2.1. Fuzzy setsIn our appliation we need �rstly to be able torepresent impreise data, seondly to use enlargedquerying. To perform this we use the fuzzy settheory [18℄.De�nition 1 A fuzzy set A on a domain X isde�ned by a membership funtion �A from X to[0, 1℄ that assoiates with eah element x of Xthe degree to whih x belongs to A.1These notions are explained in Setion 2

The domain X may be ontinuous or disrete.These two ases are illustrated by the examplesgiven in Figure 1. The fuzzy set MyMilkProdut-Preferenes is also noted :1/Full milk + 0.5/Half-skimmed milk.
20 50 70 100

0

1

sec

HighDuration MyMilkProductPreferences

0

1

Full milk Half skimmed milk

0,5

Figure 1. Fuzzy sets HighDuration andMyMilkProdutPreferenesA fuzzy set may be interpreted in two ways:1. as the expression of preferenes on the do-main of a seletion riterion. For examplethe fuzzy set HighDuration in Figure 1 maybe interpreted as a preferene onerningthe required value of the riterion Duration:a duration between 50 and 70 seonds isfully satisfatory, values outside this inter-val may also be aeptable, but with smallerpreferene degrees;2. as an impreise datum represented by a pos-sibility distribution. For example the fuzzyset MyMilkProdutPreferenes may be in-terpreted as an impreise datum if the kindof milk that was used in the experiment isnot learly known: it is very likely to befull milk, but half-skimmed milk is not ex-luded.Of ourse either a ontinuous or a disrete do-main an be used to express a preferene as wellas an impreise datum.In our appliation, \impreise data" refer to:� data known with a given variability, e.g.a onentration measure an take di�erent
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3values if we make the same experiment sev-eral times, beause of the omplexity of theunderlying biologial proesses. This mea-sure is not to be represented by a preisevalue, but by a minimum-maximum intervalof values, e.g. [49.8 U/ml, 51.1 U/ml℄, or-responding to the extrema of the obtainedresults;� data whose preision is limited by the mea-suring tehniques. For example by usinga method able to detet bateria beyond agiven onentration threshold (e.g. 102 ellsper gramme), not deteting any bateriummeans that their onentration is below thisthreshold. This impreise value is noted \<102 ells/g";� vague data, like \in produts having a weakwater ativity (aw), miroorganisms withspores an appear". In this example [20℄the piee of information \weak water ativ-ity" may be represented by a fuzzy set.The fuzzy set framework allows one to repre-sent a preise value, an interval or a fuzzy valueusing the same formalism.2.2. The oneptual graph modelThe weakly strutured data of the applia-tion are represented using the oneptual graphmodel, whih is a knowledge representation modelbased on labelled graphs, introdued by Sowa[16℄. We use the formalization presented in [13℄.In the oneptual graph model, knowledge is di-vided into two parts: the terminologial part (thesupport) and the assertional part (the oneptualgraphs). In this setion, we briey and intuitivelypresent the oneptual graph model through theexample of our appliation.The supportThe support provides the ground voabularyused to build the knowledge base: the types ofonepts used, the instanes of these types, andthe types of relations linking the onepts. It de-sribes the hierarhial organization of these ele-ments.The set of onept types is partially orderedby a kind of relation. Universal and Absurd are

respetively its greatest and lowest elements. Fig-ure 2 presents a part of the set of onept typesused in the appliation.
Datum
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Substrate Temperature
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Experimental datum

Skimmed
milk

Poultry

Beef Pork

Pasteurized
milk Pasteurized

full milkFigure 2. A part of the onept type set for themirobial appliationThe onepts an be linked by means of rela-tions. The set of relation types is partially or-dered by a kind of relation. Eah relation type isharaterized by an arity, and a signature whihspei�es the maximal onept types that a givenrelation an link together. The set of relationtypes we use ontains relation types suh as Agt,whih is a binary relation having (Ation, Germ)as a signature. It means that \an Ation has foragent a Germ" (for example an interation anhave a baterium as an agent).The third set of the support is the set of in-dividual markers. Eah individual marker rep-resents an instane of a onept. For example,Celsius degree an be an instane of Degree. Thegeneri marker (noted �) is a partiular markerreferring to an unspei�ed instane of a onept.The oneptual graphsThe oneptual graphs, built upon the sup-port, express the fatual knowledge. They areomposed of two kinds of verties: (i) the on-ept verties (noted in retangles or in brakets)whih represent the entities, attributes, states,
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4events; (ii) the relation verties (noted in ovals orin parentheses) whih express the nature of therelations between onepts.The label of a onept vertex is a pair de�ned bythe type of the onept and a marker (individualor generi) of this type. The label of a relationvertex is its relation type.The information ontained in the oneptualgraph knowledge base desribes the behaviour ofpathogen germs (inrease, redution or stabilityof their onentration) in food produts duringdi�erent proesses. For example, the oneptualgraph given in Figure 3 is a representation of theinformation: \the experiment E1 arries out aninteration I1 between Nisin and Listeria Sott Ain full milk and the result is redution".De�nition 2 The knowledge baseKB =fG1; : : : ; Gpg ontaining the weakly stru-tured knowledge of our system is a set of on-neted, possibly yli oneptual graphs.
1 2

Experiment  : E1 Obj Interaction  : I1

1

2Agt Nisin : *

1

2
ObjListeria Scott A:*

1 2
Res Reduction : *

1

2
Char Full milk : *Figure 3. An example of a oneptual graphSpeialization relation, projetion opera-tionThe set of oneptual graphs is partially or-dered by the speialization relation (noted �),whih an be omputed by the projetion opera-tion (a kind of graph morphism allowing a restri-tion of the vertex labels authorized in the sup-port): G0 � G if and only if there is a projetionof G into G0. An example is given in Figure 4.Sine it allows the searh for oneptual graphswhih are speializations of (whih ontain morepreise information than) another oneptual

graph, the projetion operation is widely usedfor the querying of oneptual graph knowledgebases. We then all a \query graph" a oneptualgraph that we try to projet into eah graph ofthe knowledge base, alled \fatual graphs".
1 2

Experiment  : E1 Obj Interaction  : I1

1

2Agt Nisin : *

1

2
ObjListeria Scott A:*

1 2
Res Reduction : *

Interaction  :*
1 2Agt Bacteriocin : *

12
ObjPathogen Germ : *G

G ’

Figure 4. There is a projetion from G into G0,G0 � G (G0 is a speialization of G)The question of the existene of a projetion ofa graph into another graph is NP-omplete [11℄.However there are polynomial ases, for instanethe question of the existene of a projetion of anayli graph into a graph. We use the polyno-mial algorithm of [12℄, whih means that we haveto use neessarily ayli query graphs.3. REPRESENTING NUMERICALVALUES AND FUZZY VALUESIN THE CONCEPTUAL GRAPHMODEL3.1. Representing numerial valuesThe mirobiologial data stored, as well as theuser's queries, inlude numerial values, like tem-peratures, onentrations, durations. In the on-eptual graph model that we use [13℄, individualmarkers are identi�ers for instanes: an individ-ual marker is a symboli datum that identi�es agiven instane in a unique way. Two di�erentinstanes are neessarily noted by two di�erentindividual markers so there is no ambiguity.As implied by the de�nition of the model, twoinompatible onept types1 annot have a om-1With the term \inompatible" we mean two types whosegreatest ommon subtype is Absurd
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5mon instane and therefore annot share a om-mon individual marker. For instane, let us sup-pose that the type Full milk and the type Pas-teurized milk have a non-absurd greatest ommonsubtype Pasteurized full milk. If `sample1' is anindividual marker of the onept type Full milkand also of the onept type Pasteurized milk,then it is neessarily a marker of Pasteurized fullmilk. Now let us onsider the types Duration andTemperature. As they have no greatest ommonsubtype di�erent from Absurd, they annot sharea ommon marker. Thus `30' annot be a markerof both Duration and Temperature, neither anany numerial value be a marker of several on-ept types if these types do not have a non-absurdgreatest ommon subtype.We propose to adopt another representation ofnumerial values, based on a di�erent support.This representation is in onformity with the ba-si oneptual graph model.Here are two di�erent examples proposed bySowa [16℄ to represent numerial values. Sowadeals with the representation of measures, wherehe distinguishes the objet on whih the mea-sure is made, the parameter that is measured,the measure itself and its name. For instane themeasure of the length of a bar of 25.4 m is rep-resented by:[BAR℄!(CHRC)![LENGTH℄!(MEAS)![MEASURE℄!(NAME)![\25.4 m"℄ontrated to:[BAR℄!(CHRC)![LENGTH : �25.4 m℄.The drawbak of this representation is that themeasure appears as a string in whih the valueand the unit are not distinguished. Besides, Sowa[16℄ deals with the representation of numbers ina di�erent way. He proposes to distinguish thenumber itself and the names assigned to it. Forexample the following graph presents two possiblenames for the number four:[\IV"℄ (NAME) [NUMBER : #27018℄!(NAME)![\4"℄.The use of a distint representation for num-bers and measures does not highlight the link be-tween a number and a measure, although a mea-sure an ontain a number, as in the previous ex-ample. Moreover it does not allow one to handletyped data (strings, numerial values, ...), whihwe wish to introdue in our appliation so as to

be able to perform numerial proessing, in par-tiular numerial omparisons and alulations.Therefore in order to represent numerial val-ues, we propose to introdue the onept typeNumerialValue into the support. It is a sub-type of the more general type Value. We intro-due the relation type NumVal(Datum, Numer-ialValue), subtype of the more general relationtype Val(Datum, Value).De�nition 3 A numerial value is a marker ofa spei� onept type. The set of markers asso-iated with this type may be unountable2.This onept type is alled NumerialValue inour appliation. Suh a marker is represented byan integer or a real number in a oneptual graph.In the following, the set of markers assoiatedwith the type NumerialValue is assumed to beIR.The designation of these types, as well as thesignatures of the relation types introdued, aregiven as an example and an be modi�ed andadapted to other appliations. Other subtypesof the onept type Value and the relation typeVal may also be onsidered and organized into ahierarhy, suh as strings, real numbers, integersand so on.The oneptual graph of Figure 5 extends Fig-ure 3 with additional information, inluding nu-merial values represented on the basis of the newsupport. It an be interpreted as \the experimentE1 arries out an interation I1 between Nisin ata onentration of 50 U/ml and Listeria Sott Ain skimmed milk during 2 hours at a temperatureof 37 degrees and the result is redution" [9℄.Let us note that the speialization relation re-mains unhanged by the introdution of numeri-al markers: * is more general than all the indi-vidual markers - inluding numerial ones - whihare not omparable.3.2. Representing fuzzy valuesWe propose to introdue the representation offuzzy values onerning both onept types andmarkers.2This is an exeption to the de�nition of the support asestablished by the de�nition of [13℄
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6
Concentration : *Char
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Agt Nisin: *
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2 ObjListeriaScott A:*

1 2
Res Reduction : *

1
2

Char

NumVal

Skimmed milk : *

NumericalValue : 37

NumValFigure 5. An example of a oneptual graph rep-resenting numerial valuesInformation of the appliation stored in on-eptual graphs (fatual graphs or query graphs)may be represented in two ways: (i) as individualmarkers; for instane this is the ase for numerialvalues (30, 50, et.); (ii) as onept types; for in-stane this is the ase for substrates (Milk, Beef,et.). In both ases, we must be able to representthem as fuzzy information, as explained in Se-tion 2. It is thus neessary to de�ne both fuzzytypes and fuzzy markers.Morton [10℄ �rstly introdued fuzziness in theoneptual graph model. He distinguished per-eptual, propositional and linguisti fuzziness, re-spetively onerning entity, attribute, and infor-mation onepts. Pereptual fuzziness representsthe ompatibility between an individual markerand its type within an entity onept vertex. Itis materialized by a ompatibility degree, for in-stane [GIRL : Sue j 0.6℄ expresses a doubt aboutSue being a girl. Propositional fuzziness is rep-resented by a truth degree or a fuzzy truth valueassoiated with one or several oneptual graphsde�ning a statement. Linguisti fuzziness on-erns metri attributes, whih an have either apreise measure or a label that stands for a rispor fuzzy subset of what is alled the \universe ofdisourse".In [17℄, linguisti fuzziness is proposed for non-metri attributes, and fuzzy relation onepts areintrodued, by assoiating a ertainty degree torelations. For example: [GIRL:Sue j 0.6℄ (AGNT j0.5) [EAT:#80℄!(OBJ)!(PIE) means, aording tothe authors, that it is not ertain whether it is agirl (probably alled Sue) who performs the eat-

ing. The interpretation of suh fuzzy propositionsseams unlear and di�erent ases are hard to dis-tinguish, for instane \it is not ertain that Sue isa girl" should be di�erent from \it is not ertainthat the girl in question is Sue", from \it is notertain that it is a girl", from \it is not ertainthat she is eating", from it is not ertain that sheis doing something" and so on.In our work, the semantis of fuzzy markers isthat of Morton's linguisti fuzziness. Metri andnon-metri onepts are not distinguished as theyare treated homogeneously, and the \universe ofdisourse" is learly de�ned as part of the set ofindividual markers de�ned in the support of theoneptual graph model. We do not handle fuzzyrelations, as in our ontext fuzziness onerns thedata and not the way they are linked. We fo-us on a homogeneous approah of both onepttypes and markers. In both ases, fuzziness isrepresented in the same way, by means of a nor-malized fuzzy set.In [3℄, the notion of onjontive fuzzy type isproposed, whih is a onjontion of types assoi-ated with the same individual marker with dif-ferent fuzzy truth values), e.g. f(Tall man, true),(Young man, very false)g.In our approah, using fuzzy types, we do notquestion the uniity of an individual marker'stype: in our representation a fuzzy type repre-sents a disjuntion of possible types (with dif-ferent possibility degrees), e.g. (1/Full milk+ 0.5/Half skimmed milk), assoiated with thegeneri marker, whih is di�erent from a onjon-tive fuzzy type as proposed in [3℄.De�nition 4 The referene domain Ref(t) as-soiated with the onept type t is the set of indi-vidual markers that onform to t.8t 2 TC ;Ref(t) = fm 2 I j �(m) � tgwhere TC is the set of onept types de�nedin the support, I is the set of individual markersand � an appliation from I to TC that assoiatesa minimum onept type with eah individualmarker.The referene domain assoiated with a on-ept type is thus a subset of I . It may be �-nite or in�nite, ontinuous or disrete. For ex-
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7ample, if the markers that onform to the on-ept type NumerialValue are the real numbers,then Ref(NumerialValue)=IR is ontinuous andin�nite. If there are two individual markers T1and T2 that onform to the onept type Tem-perature, then Ref(Temperature) = fT1, T2g isdisontinuous and disrete.De�nition 5 A fuzzy marker mf of onepttype t is a fuzzy set de�ned on Ref(t).It represents a disjuntion of individual mark-ers of type t modi�ed by a oeÆient between 0and 1.Remark 1 A \lassi" individual marker m oftype t an be onsidered as a partiular fuzzymarker: its membership funtion assoiates thevalue 1 with m, and the value 0 with the rest ofthe domain Ref(t). The generi marker * an beonsidered as a partiular fuzzy marker of typet: its membership funtion assoiates the value 1with any element of Ref(t).De�nition 6 A onept with a fuzzy markeris a onept vertex whose label is a pair (t;mf ),where t is an element of TC and mf is a fuzzymarker of the onept type t.The oneptual graph represented in Figure 6inludes a onept with a fuzzy marker, of typeNumerialValue.
1

NumericalValue :

45 60 70 85
0

1

Temperature : *

ValNum

2

Figure 6. An example of a onept with a fuzzymarker

De�nition 7 A fuzzy type tf is a fuzzy set de-�ned on a subset Dtf of inomparable3 onepttypes of TC.For example the fuzzy set MyMilkProdutPref-erenes represented in Figure 1 is a fuzzy typede�ned on a subset of the onept types given inFigure 2.Remark 2 A \lassi" onept type t an be on-sidered as a partiular fuzzy type. Its membershipfuntion is de�ned on one element ftg and takesthe value 1 for this element.De�nition 8 Let tf be a fuzzy type de�ned onDtf . The referene domain Ref(tf) assoiatedwith the fuzzy type tf is the union of the referenedomains of the elements of Dtf :Ref(tf) = [t2Dtf Ref(t)For example the referene domain of the fuzzytype MyMilkProdutPreferenes is the set ofmarkers that onform to the type Full milk orto the type Half-skimmed milk.De�nition 9 A onept with a fuzzy typeis a onept vertex whose label is a pair (tf ;m),where tf is a fuzzy type and m is the generimarker *.Remark 3 The generi marker * an one againbe onsidered as the fuzzy marker de�ned onRef(tf ) whose membership funtion assoiates thevalue 1 with any element of Ref(tf).For instane, let us suppose that the user's pref-erenes onerning the substrate are MyMilkPro-dutPreferenes represented in Figure 1. In on-eptual graph terms, this substrate is the on-ept [Full milk : *℄ with the degree 1, or the on-ept [Half-skimmed milk : *℄ with the degree 0.5,whih is represented by the onept with a fuzzytype of Figure 7.The use of fuzzy types does not question theuniity of an individual marker's type: in ourrepresentation a fuzzy type represents a weighted3within the meaning of the speialization relation
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8
: *

0

1

Full milk Half skimmed milk

0,5

Figure 7. An example of a onept with a fuzzytypedisjuntion of possible types, assoiated with thegeneri marker, e.g. [(1/Full milk + 0.5/Half-skimmed milk) : *℄. This is di�erent from aonjuntive fuzzy type as proposed in [3℄, whihis a onjuntion of types (with di�erent fuzzytruth values) assoiated with the same individ-ual marker, e.g. f(Tall man, true), (Young man,very false)g.4. COMPARISON OF FUZZY CON-CEPTS, THE SPECIALIZATION RE-LATIONThe speialization relation of the oneptualgraph model, presented in Setion 2, allows oneto perform omparisons of oneptual graphs. Af-ter having extended the model to represent fuzzyonepts (onepts with a fuzzy marker or witha fuzzy type), the next step is to be able to or-der oneptual graphs that inlude fuzzy onepts(alled \fuzzy graphs"), and in partiular to beable to ompare a fuzzy query graph with fuzzyfatual graphs. To perform this omparison, weextend the speialization relation to fuzzy on-epts, then we propose to relax this omparison,whih is an all-or-nothing proess, by introdu-ing a more exible omparison that e�ets fuzzyquerying.4.1. The notion of speialization for fuzzysetsThe notion of speialization for fuzzy sets isbased on the inlusion relation: A is a speializa-

tion of B if and only if A is inluded in B. Anexample is given in Figure 8 on a ontinuous do-main. This de�nition applies to both disrete andontinuous domains.De�nition 10 Let A and B be two fuzzy sets de-�ned on a domain X. A is inluded in B (notedA � B) if and only if their membership funtions�A and �B satisfy the ondition:8x 2 X;�A(x) � �B(x):Let F(X) be the set of all possible fuzzy setson the domain X. Inlusion is a partial orderrelation in F(X).
is more specialized than

35 50 65 800

1

45 55 60 70
0

1

Figure 8. Example of speialization for fuzzy sets4.2. Extension of the speialization rela-tion to fuzzy oneptsDe�nition 11 Let t and t0 be two fuzzy types onthe domains Dt and Dt0 respetively. Their har-ateristi funtions are noted �t and �t0 . t0 is aspeialization of t if and only if:8x0 2 Dt0 (�t0(x0) 6= 0), 9x 2 Dt, x0 � x and�t0(x0) � �t(x).
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9An example of a projetion involving fuzzytypes is given in Figure 9.
Interaction : * Char

can be projected into :

1 2
Milk : *

Interaction : I3 Char
1 2

Experiment : E3 Obj
1 2

0

1

Full 
milk

Half skimmed 
milk

0,5 :  *

Figure 9. An example of a projetion involvingfuzzy typesRemark 4 If t and t0 are \lassi" types, thisde�nition is in agreement with the lassi speial-ization relation: t (resp. t0) is represented by thefuzzy set de�ned on ftg (resp. ft'g) that asso-iates the value 1 with t (resp. t0). We still have:t0 is a speialization of t if and only if t0 � t.De�nition 12 Let m and m0 be two markers oftypes t and t0, de�ned on Ref(t) and Ref(t') re-spetively. m0 is a speialization of m if and onlyif Ref(t) is inluded in Ref(t') and m0 � m, where� is the lassi inlusion relation de�ned for fuzzysets.An example of a projetion involving fuzzymarkers is given in Figure 10.Note that in De�nition 12 there are four possi-ble ases for m (resp. m0). m (resp. m0) an be:an individual marker of a simple type; a fuzzymarker of a simple type; a generi marker of asimple type; a generi marker of a fuzzy type.If m and m0 are two individual markers (of thesimple types t and t0, t0 � t), this de�nition is inagreement with the lassi speialization relation:m (resp. m0) is represented by the fuzzy set thatassoiates the value 1 with m (resp. m0) and 0with the rest of Ref(t) (resp. Ref(t')). Then m0is a speialization of m i� m0 � m, that is i�m0 = m.If m is the generi marker (of a simple or afuzzy type t) and m0 an individual marker (of a

NumericalValue :
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Temperature : * NumVal

Interaction : I3 Temperature : *Char NumVal

can be projected into :

1 2

1 2 1

2
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Experiment : E3 Obj
1 2

Figure 10. An example of a projetion involvingfuzzy markerssimple type t0, t0 � t), we also have the lassispeialization relation: m is represented by thefuzzy set that assoiates the value 1 with any ele-ment of Ref(t), m0 is represented by the fuzzy setthat assoiates the value 1 with m0 and 0 withthe rest of Ref(t'). Then m0 is a speialization ofm beause m0 � m is always true.Let us onsider two fuzzy types, t de�ned ona set of n simple types, and t0 de�ned on a set ofn0 simple types. The heking of the inlusion ofa onept with the fuzzy type t0 in a onept withthe fuzzy type t, has a omplexity in O(n0 � n).Similarly, if we onsider two fuzzy markers, mde�ned on a disrete domain omposed of n in-dividual markers, and m0 de�ned on a disretedomain omposed of n0 individual markers, theheking of the inlusion of a onept with thefuzzy marker m0 in a onept with the fuzzymarker m also has a omplexity in O(n0 � n). Inthe ase where m and m0 are de�ned on a on-tinuous domain, in order to avoid a signi�antinrease of the omplexity, we have hosen tolimit the fuzzy sets used to \trapezoidal" ones:suh a trapezoidal membership funtion has �vephases, limited by four absissa values (a, b, ,d). It takes the value 0 until a, then inreasesto 1 from a to b, keeps the value 1 from b to ,dereases to 0 from  to d, and keeps the value 0
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10from d. Cheking the inlusion an then be donein onstant time.De�nition 13 Let l = (t;m) and l0 = (t0;m0) bethe labels of two onepts, where t and t0 an befuzzy types, m and m0 an be fuzzy markers (wereall that a type and its marker annot be fuzzysimultaneously). Then l0 is a speialization of l ifand only if t0 is a speialization of t and m0 is aspeialization of m.Property 1 This extended projetion operationremains a partial preorder on the set of oneptualgraphs (with possibly fuzzy onepts).Proof 1 As mentioned in De�nition 10, the in-lusion relation of fuzzy sets is a partial order inthe set of fuzzy sets de�ned on a same domainX. For this reason the speialization relation,extended to oneptual graphs that inlude fuzzyonepts, preserves its reexivity and transitivityproperties. As all the omparisons of \lassi"(non fuzzy) oneptual graphs remain unhanged,we still do not have the antisymmetry property (itis a preorder) and inomparable graphs still an-not be ompared (it is a partial preorder).As we intuitively presented above, omparisonsof fuzzy onept verties an be done in on-stant or polynomial time depending on the ases.Searhing a projetion from an ayli graph intoa graph, using the algorithm of [12℄ extendedto fuzzy onepts, thus remains a problem withpolynomial omplexity.Using this extended projetion operation, theomparison of two oneptual graphs leads to abinary result: a graph G an be projeted into agraph G0 or annot, there is no intermediate solu-tion. However a more exible omparison of fuzzysets should allow one to evaluate the ompatibil-ity between a fuzzy query graph and a fuzzy fa-tual graph. Therefore we propose to introdue arelation of ompatibility with a degree d betweentwo oneptual graphs.4.3. A more exible omparison of fuzzyoneptsTwo salar measures are lassially used toevaluate the ompatibility between a fuzzy sele-

tion riterium and a orrespondent impreise da-tum: (i) a degree of possibility of mathing [19℄;(ii) a degree of neessity of mathing [5℄. Withinthe framework of this paper, we only deal withthe former.De�nition 14 Let m and m0 be two markersof types t and t0, respetively de�ned on Ref(t)and Ref(t'), with harateristi funtions �m and�m0 . Then m0 is ompatible with m with the pos-sibility degree d (noted m0ompdm), where d hasthe following value:� d = 0 if Ref(t) \Ref(t') = ;;� otherwise d = �(m ;m0).�(m ;m0), degree of possibility of mathing be-tween m and m0, measures the maximum om-patibility between m and m0 and is de�ned by:�(m ;m0) = supx2Ref(t)\Ref(t')min(�m(x); �m0(x)):Note that this measure of the degree of pos-sibility with whih m0 is ompatible with m issymmetrial.An example is given in Figure 11.
30 35 40 45

0

1

35 42 45 50
0

1

m’ satisfies m with the degree d = Π(m ; m’) obtained as follows :

30 35 40 4542 50

m m’

m m’Π(m ; m’)

Figure 11. Flexible omparison of two markers mand m' of type NumerialValueRemark 5 For two \lassi" individual markersm and m0, �(m ;m0) takes the value 1 if m =m0, 0 if not. If m or m0 is the generi marker,�(m ;m0) = 1.
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11De�nition 15 Let t and t0 be two fuzzy types,respetively de�ned on the domains Dt and Dt0 .Their harateristi funtions are noted �t and�t0 . Then t0 is ompatible with t with the possi-bility degree d (noted t0ompdt), where d is deter-mined as follows:Let A be the set of all pairs (x, x') from Dt�Dt0satisfying x0 � x.� if A = ;, d = 0;� otherwise d = sup(x;x0)2Amin(�t(x); �t0(x0)).For example, the fuzzy type:t' = 1/Full milk + 0.5/Half-skimmed milkis ompatible with the fuzzy type:t = 0.6/Milk + 1/Beef + 0.3/Poultrywith the degree:d = sup(min(�t(Milk); �t0(Full milk));min(�t(Milk); �t0 (Half-skimmed milk)))= sup(min(0:6; 1); min(0:6; 0:5))= sup(0:6; 0:5) = 0:6.Note that this measure of the degree of possi-bility with whih t0 is ompatible with t is notsymmetrial, beause it involves the speializa-tion relation. For instane, in the previous exam-ple, t is ompatible with t0 with the degree 0.Remark 6 For two \lassi" types t and t0,�(t ; t0) takes the value 1 if t � t0, 0 if not.De�nition 16 Let l = (t;m) and l0 = (t0;m0) bethe labels of two onepts  and 0, where t and t0an be fuzzy types, m and m0 an be fuzzy markers(we reall that the type and its marker annot befuzzy simultaneously). Then 0 is ompatible with with the degree of possibility d (noted 0ompd),where d is de�ned as follows:Let d1 be the degree with whih t0 is ompatiblewith t (t0ompd1 t). Let d2 be the degree withwhih m0 is ompatible with m (m0ompd1 m).Then d = min(d1; d2).The min operator is used for the onjuntionof the ompatibility degrees, as presented in [6℄.For instane, for: = [Full milk : 1/sample32 + 1/sample35℄ and' = [0.5/Full milk + 1/Half-skimmed milk : *℄,we have:

d1 = 0:5 (Full milk has the degree 1 in  and 0.5in ', Half-skimmed milk is not omparable withFull milk),d2 = 1 (both sample32 and sample35 have thedegree 1 in  and also in ', where the generimarker * stands for the fuzzy sets that assoiatesthe degree one with every marker of Full milk andHalf-skimmed milk)d = min(0:5; 1) = 0:5, thus 0omp0:5 .De�nition 17 Let G and G0 be two oneptualgraphs that an possibly inlude fuzzy onepts.Then the graph G0 is ompatible with the graph Gwith the degree d (noted G0ompd G) if there is anordered pair (f; g) of mappings, f (resp. g) fromthe set of relation types (resp. onept types) of Gto the set of relation types (resp. onept types)of G0, suh that:� edges and their numbering are preserved;� relation vertex labels may be restrited.d is then determined as follows:Let CG be the set of onept verties of G. Foreah onept vertex  2 CG, let d be the degreeof possibility with whih g() is ompatible with .Then d = min2CGd.Remark 7 If G an be projeted into G0 (G0 isa speialization of G), then G0 is ompatible withG with the degree 1.For example let us onsider the graph G givenin Figure 12 and the graph G0 given in Figure 13.G0 is ompatible with G with the degree of possi-bility d = 0:5, whih orresponds to the degree ofpossibility with whih the onept vertex [Half-skimmed milk : *℄ of the graph G0 is ompati-ble with the onept vertex [1/Skimmed milk +0.5/Half-skimmed milk : *℄ of the graphG, all theother onept verties of G being satis�ed withthe degree of possibility 1 by their image in G0.As explained in Setion 4.2, searhing a pro-jetion from an ayli graph into a graph, bothpossibly inluding fuzzy onepts, is a problemwith polynomial omplexity. Calulating the de-gree of possibility of mathing is done in onstanttime. The algorithm of [12℄ adapted to omputeif an ayli graph is ompatible with a graph
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Figure 12. An example of a query graph G
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1Figure 13. An example of a fatual graph G'(both possibly inluding fuzzy onepts) with agiven possibility degree , thus remains a problemwith polynomial omplexity, but it supplies moresolutions.5. CONCLUSION AND PERSPEC-TIVESWithin the ontext of the reation of a tool fordeision-making aid in the domain of food riskontrol, the spei�ities of the data led us to fol-low the steps presented in this paper: in the on-eptual graph model, we have presented a hoiefor the representation of numerial values and away of representing fuzzy data. In order to allowomparisons in this extended model, we have pro-posed an extension of the speialization relation.Lastly we have softened this omparison by intro-

duing a relation of ompatibility with a degree dbetween two graphs, allowing enlarged querying.The originality of our approah is the ombina-tion of two models that omplement eah otherto satisfy the purposes of the appliation. Indeedthe data and the queries of the projet requirea exible data struture and �t to a hierahiallassi�ation, whih is brought by the oneptualgraph model. On the other hand they inludenumerial data and fuzzy data, whih the on-eptual graph model is not designed for [13℄, butwhih are handled by the fuzzy set theory [19℄.This ombined approah is also original beauseit integrates fuzzy sets in the oneptual graphmodel tightly; fuzzy sets are built upon the sup-port of the oneptual graph model and providea homogeneous extension of the model.A prototype of this work has been implementedusing the CoGITo platform [8℄ and a mirobiologi-al knowledge base is under onstrution, in oop-eration with the group of mirobiologist expertsworking on the projet. It inludes informationfrom three kinds of publiations:� douments that synthesize experimental re-sults of di�erent previous artiles on agiven subjet. These publiations annotbe stored as reordings in the relationaldatabase whih is dediated to the desrip-tion of omplete and detailed experiments;� douments that give qualitative informa-tion only. Qualitative data are notexploitable by querying the relationaldatabase, where they an only be stored asplain text; the keywords and the semantisof the onnetions between them are nothighlighted.� douments whose ontent is not diretlyrelated to the relational database theme.There are no attributes that �t to thesedata in the relational database, but theyan be stored as onepts in the oneptualgraph model.About one hundred graphs, eah omposed ofaround �fty verties, have been registered in theknowledge base up to now. Nested oneptual
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