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A FLEXIBLE BIPOLAR QUERYING APPROACH WITH
IMPRECISE DATA AND GUARANTEED RESULTS

SEBASTIEN DESTERCKE, PATRICE BUCHE, AND VAERIE GUILLARD

ABSTRACT. In this paper, we propose an approach to query a database
when the user preferences are bipolar (i.e., express bagtraints and
wishes about the desired result) and the data stored in theake are
imprecise. Results are then completely ordered with redpethese
bipolar preferences, giving priority to constraints ovéstves. Addition-
ally, we propose a treatment that allows us to guaranteeathatuery
will return a result, even if no element satisfies all constsaspecified
by the user. Such a treatment may be useful when user’s aortstare
unrealistic (i.e., cannot be all satisfied simultaneoushg when the user
desires a guaranteed result. The approach is illustratedreal-world
problem concerning the selection of optimal packaging feslf fruits
and vegetables.

1. INTRODUCTION

In some applications, there may be a need to differentiatbimqueries,
between negative preferences and positive ones. Negafergnces cor-
respond to constraints, since they specify which valuesbfgob have to
be rejected (i.e., those that do not satisfy constraintB)lewpositive pref-
erences correspond to wishes, as they specify which olgeetshore de-
sirable than others (i.e., satisfy user wishes) withowatapg those that do
not meet the wishes.

Indeed, while the first type of preference should be satisfjeguery re-
sults, satisfying the second type of preference can bederesd as optional,
as the user does not consider them as necessary requiredsotst may
be useful to have procedures that send back to the user sawerato its
guery, even if this answer does not completely fulfil its némegestions
proposed by modern web search engines when entering misgees
can be assimilated to such procedures). Finally, there neaiynprecise
data in the database, and there is also a need to take thisdisipn into
account. In this paper, we propose to consider these thoddepns in a

Key words and phrasesipolarity, Possibility theory, Fuzzy databases, Foodeeer-

ing, Applications.
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0050

0051 common framework, using the notion of bipolar informatioraf fuzzy

0052 pattern matching.

0053 The notions of bipolar preferences and of bipolar informain general
0054 have recently received increasing attention [2, 23]. Rbugpeaking, in-
0055 formation is said to be bipolar when there is a positive anégative part of
0056 the information. These negative and positive parts of therination may
88?; have different natures, and should therefore be processpdrallel, and
0059 not as a single piece of information. This kind of bipolafity], coined
0060 as asymmetric, is the one we are concerned with. For examwglenay
0061 feel both positive and negative about something, withotirighable to fuse
0062 these two feelings in a unique one (for example, eating iearargives a

0063
0064
0065

gustative pleasure, but one can also feel guilty about it).
In the case of database queries, asymmetric bipolarityefulito dis-

0066 tinguish negative preferences or constraints (i.e. caitdrat a satisfying
0067 answemust satisfy) from positive preferences or wishes (i.e. cra¢hiat a
0068 good answeshould satisfy, if possible). For example, in the query "a new
0069 car not too expensive and if possible red”, "not too expesisis clearly a

0070
0071
0072

requirement while "red” merely expresses a wish.
In this paper, we propose a method to treat bipolar prefeeic data

0073 bases where data can be uncertain. In particular, this metbes the bipo-
0074 lar nature of preferences to induce an (pre-)ordering batvggiery results,
0075 so that priority is given to those instances that are the ilady to satisfy
0076 all expressed constraints. Sectidn 2 describes the mettol, Sectior B
ooz illustrates the approach on a use case coming from a newialesispport
8333 system (DSS) currently developed in our lab where a (indstsearcher)
0080 user wants to select a packaging material that best suftsehiseeds. Fi-
0081 nally, we give some elements of comparison with previouk&ar Section
0082 4.

0083

0084 2. METHOD

0085

0086 This section first recalls some basic tools that will be usatié method,
0087 before describing the method itself.

0088

0089 2.1. Preliminaries: fuzzy pattern matching. In this paper, we use fuzzy
0090 sets [33] to represent preferences in our queries and plagsdistribu-
0091 tions [19] to represent the possible imprecision in the .datanormal-
ggz; ized fuzzy sefu over a variableX assuming its value o#” is a mapping
0094 p: Z —[0,1] such that there is at least ome= 2" such thatu(x) = 1.
0095 Here, we assume that™ is either a finite set of elements (e.g., the colour
0096 of a car) or a subset of the real line (e.g., the maximal spéacar).

0097 Here, fuzzy sets are used to express preferences providadubgr in

0098 a query. That is, for a given variabk¢, the fuzzy valueu(x) expresses
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UNTE

1 >

14,000 18,000

FIGURE 1. Fuzzy sepunTEe describing "Not Too Expensive”

to which degree the valuesatisfies the preference representequbyvith
K (X) = 1 meaning that the preference is fully satisfied arid) = O that it
is completely unsatisfied.

Examplel. Consider again our car example "a new car not too expensive
and if possible red”. Assume the user has specified that 'ddoexpensive”
means that any price over 18,000 $ is unacceptable, whilgaog lower
than 14,000 $ can be considered as totally satisfactory.cohresponding
preference is represented by the fuzzy gete in Figure[1l. Given this
representation, we have, for example, that a price of 156@ffils the
user preferences at a degyaer g(15,000) = 2/3

Possibility distributions, on the other hand, are simpleautainty rep-
resentations allowing to model data whose value is impegcisnown. A
possibility distributionir over a variableX is also a mappingr: 2 — [0, 1]
such that there is at least ore 2" such thatt(x) = 1. They are therefore
equivalent to fuzzy sets from a formal point of view, but pEsssdifferent
semantics. Indeed, they describe our knowledge about teat value of
X. Two measures or set-functions can be derived from a pdisgitistri-
bution, namely the necessity and possibility measures;iwduie such that,
for every evenA C 2,

M(A) = supr(x); N(A)= inf (1—m(x)) = 1—M(A°),
XEA XeAC
wherell(A) andN(A) express to which extent it is respectively plausible
and certain that the actual valueXfies in A.

Note that possibility distributions can model both prelyis@mown values
(X = x corresponds to the distribution(x) = 1 and zero everywhere else)
and set-valued variableX (€ A corresponds to the distribution(x) = 1
if x € A, zero otherwise). In the same ways, fuzzy sets can moded cris
preferences (i.e., those used in classical queries).

In the rest of the paper, we consider that each query (or nerede)P
on an attributeX is expressed by a fuzzy sgb (possibly degenerated into
a crisp preference) and our knowledBeabout the attribute value for a
particular tuple is given by a possibility distribution (also possibly de-
generated in a crisp set). Our knowledge about the impresigkiation
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™ 1-m
1 ...............
MP;D)=07| _______________3 —
N(P;D) =5/~~~ ~""""""""" """~

UNTE = HP

14,000 15,500 18,000

FIGURE 2. Evaluation of a fuzzy preference with uncertain data.

of P given uncertaintyD is summarised by the following lower and upper
values|[20} 19]:

1) N(P;D) = sigmin(up(x), (X)),

N(P;D) = Xiengg_maﬂup(x), 1—1mH(X)).

In the following, we will speak of evaluations of a fuzzy peegnce when
talking about the intervdN(P; D), M (P;D)].

Example2. Consider the preference of Example 1, and a car for which the
price is known to belong to the intervdl4,500;16 000, with 15 500 the
most likely value. Figur€l2 illustrates both the prefereaoe the knowl-
edge about the price. From this information, we have (usipg(E)) that

MN(P;D)=0.7 and N(P;D)=5/9

2.2. Notations and problem. The problem we consider is as follows: we
assume that we have a database consisting in &sef T objectso,
t=1,...,T, with each object taking its values on the Cartesian product
XiN:r%i of N domainsZy,..., Zn. An objecto; is here described by a set
of N possibility distributionsg, i = 1,...,N, wherer{ : 2; — [0,1] is the
possibility distribution describing our knowledge abdug value of thath
attribute of object.

We assume that the user provides the following information:

e asety = {Cill, . ,CL’,“CC} of N constraints . < N) to be satisfied
by the retrieved objects, Whefq'j : Zi; — [0,1] is a normalised
fuzzy set defined on the attributg(l <ij < N).

o aset? = {W?,... ,W,la‘vw} of Nw wishes (N < N) that the retrieved
objects should satisfy if possible, whe\/lx(}'\j : Zi;, — [0,1] is a nor-
malised fuzzy set defined on the attribujt¢l <i; < N).
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0197

0108 e complete (pre-)orderings. and <y, between the constraints to be

0199 satisfied and between the wishes, respectively. Thesedpiejings
0200 take account of the fact that some constraints may be caesides
0201 more important to satisfy than others (and similarly fortvés). In
8282 the sequel, we denote I, (resp. #(;)) the constraints (resp. the
0204 wishes) that have rankw.r.t. to the (pre-)orderirﬂbgc (resp.<w).
0205 We denote by <. | and| < | the total number of ranks induced by
0206 the two orderings.

gzg; Note that constraints and wishes may well be defined on the sdm
0209 tribute. For example, having an acceptable price may beideresl as
0210 a constraint, but since a lower price (all other things be2ggal) is al-
0211 ways preferable, lowering the price may become a wish faregriower
0212 than completely satisfying prices (in Example 1, one camedediwish that
823 would start from 14000 $).

0215 Now, the problem we consider here is how to retrieve from aZSeif
0216 objects, those that primarily satisfy the constraints, ambng these latter
0217 ones, those that fulfil the most wishes. Of course, the gogrsipproach
0218 has to take account of the bipolar nature of the informatdthe possible
0219 imprecision in the data, and of the users preferences anmwrgjraints and
0220 wishes.

gzz; We also require that an answer is returned for every quesfn @no
0223 object is found that satisfies the specified constraints.réason is that the
0224 user may be ready to relax some of his/her constraints, lofitess unaware
0225 of the constraints that would have to be relaxed in orderve hanon-empty
0226 answer. Hence, it may be helpful to provide those objectsateaclose to

0227
0228
0229

0230 2.3. From bipolar querying with imprecise data to answer ordering.
0231 As underlined byl[2], when bipolar information concernsfprences, satis-
0232 fying constraints should be a primary aim, while satisfyivighes remains

gizj secondary. To do this, a solution is to first retain all theeoty that may sat-

satisfying the constraints.

0235 isfy the constraints, order them w.r.t. the degree to whidy satisfy these
0236 constraints, and then refine this order by using degreesithwabjects sat-
0237 isfy those wishes. If the user has specified preferencesgeetwonstraints
0238 (resp. between wishés)we also provide a means to take these preferences

0239
0240
0241

0242 INote that since<. and <, are complete pre-orderings, each constraint/wish has a
0243 well-defined rank.

0244 2No preferences means here that all constraints (or wislag)the same rank, i.e., are
0245 of equal importance.

into account.
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We propose, for constraint;, of ranki, to summarise the way an object

0; satisfies these constraints by an aggregated intm% I‘It(i)]c given by
the following formula:

B _ T+ Jk. K i _ -+ Jk. 7k
2) N _Tclikecg(i)N(Ck 78¢), and Tl —Tcdkecg(i)n(ck JTEY),
with N(Clik; mjk)_, I'I(C_:Ii"; mjk) giver_1 by Eq.[(1), andT a t-nornff [25]. T-
norms are conjunctive aggregation operators and are chosenfor the
reason that ALL constraints have to be satisfied simultasigotiere, we

take T = min, the minimum operator.
Similarly, we build, for eact?(;) and objecty satisfying the constraints,

the intervaI[N[(i), I'It(i)]w, such that

3) N =y, NS, and M=o, MO Y,
whered® is an aggregation operator that can be a t-norm, an averagarg
ator such as an OWA [32] operator or a t-conorm, dependingé¢haviour
we want to adopt w.r.t. the satisfaction of wishes. Indeetessatisfying
wishes is not compulsory, we can adopt different attitudgsHor instance,
using a t-conorm means that we are satisfied as soon as onesithled,
while using a t-norm means that we still want all the wishebd®atisfied
to increase our overall satisfaction. In this paper, we icanghe latter case,
and will considers = min.

It is then necessary to order objects that could satisfy ¢instcaints and
some wishes, according to the previous evaluations. To desavill use
a lexicographic order and a dominance relati_(mm’n(i)} between objects

such that, for two interval evaluatior[iﬁl(i),l'lt(i)], [Nt(,i),l'lt(,i)] related to ob-
jectsor andoy and to a group of constraintg;, or a group of wishe¥/;),

Ot S[N“),I'I(i)] Oy if Nt(l) < Nt(,l) andl'lt(') < I'It(,') (Wlth Ot <[N(i)7|'|(i)] Oy if at least
one inequality is strict). That is, an objegt dominates another or if
its satisfaction bounds are pair-wise higher than thefaatisn bounds of
0. The lexicographic order is then used to take account of itference
between negative and positive preferences and of the agdeqi. and <,y
(i.e. objects are first ordered using constraints of rank ten two, .. .).
Note that, aIthoughg[N(i)ﬂ(i)} is a partial order, we will induce from it
a complete (pre-)order that refing%,\,(im(i)], for the reason that users are
more at ease with complete orderings. However, we will usefdht that

SA T-norm T : [0,1) — [0,1] is an associative, commutative operator that has one for
neutral element and zero for absorbing element.
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<ING,A0)] is a partial order to differentiate negative from positivefpr-
ences. The ordering procedure consists in building itextian ordered
partition{.%,..., Zu} of 7. Rejected objects that do not satisfy all con-
straints are put in%p, while objects inZy can be considered as the most
satisfactory.

In a preliminary step, Algorithrh]1 describes how the objexfts” that
do not satisfy at all some constraints, are rejected. Iflgkcts are rejected,
the user is warned and a guaranteed answer method, desicriBed[ 2.4,
is then used to return possible interesting answers to e us

Algorithm 1. Determination of.%, the set of rejected objects which
will not belong to the query result
Input: The set of objects” = {o4,...,071}
Output: Ordered partitiof.%, .7 \ %} of 7
1 .%=0;
2 foreach o € .7 do
3 | ifn{"”=0forsomei=1,...,| <¢|then
4 | Jo=JoU{a};

5 if 9= 7 then
6 Send empty result message to user and propose alternatiuesre
| using method of Se€. 2.4

Algorithm[2 describes how results are ordered within a subisg \ %
(called.7”), according to constraints of a given rank. The whole praced
consists in building a partition of” \ Z%. The partition is refined iteratively
by applying, at every rank(i € [1,| < |]), Algorithm[2 within each equiv-
alence class of objects obtained at the previous fank. Wheni = 1,
the unique initial equivalence clasg’ is .7 \ %. In every run of Algo-
rithm[2, equivalence class¢s7/, ..., .7} are incrementally built, starting
from the worst (77') and ending with the best%/). At each step, the ob-
jects included and then suppressed frof are those objects that do not
dominate other objects (line 4), in the sensegtﬁ\,f(i)yl-,(i)}. This means that

objects with imprecise evaluations (i.&\"’, N{"] with larger width) will
be in lower classes, along with objects having low evalumti.e., low
I'It(')). This corresponds to a pessimistic attitude towards igipi@n, since
imprecise evaluations are associated to poorly satisfgbjgcts. Such an
attitude is coherent with negative preferences, as thdlplitysof not sat-
isfying a constraint is penalised.
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0344

0345 Algorithm 2: Query result ordering for constraints of rafik

0346 Input: 7' C .7\ S with & an element of the partition issued from
ool rank (i — 1), [N, {1, for eacho, € 7"

0349 Output: Ordered partitiof.7} , ..., 7} of 7’

0350 1 K= 9’;]:1;

0351 2 whileK # 0 do

gg:ﬁ 3 | foreach o € K do

0354 4 if /EO] € K s.t. Q Z[N(i),l'l(i)] Oj then

0355 5 L Puto in 77

0356

0357 6 K=K\ <7j' ;

0358 7 ] — J +1;

0359 —

0360

0361

0362 After having applied Algorithm]1 once and AlgoritHm 2 | times, the
0363 complete pre-order is further refined according to wishesidipig Algo-
0364 rithm[3. There are two main differences with Algorithin 1 anda@xithm[2.
0365 First, no objects are rejected, as we are dealing with pesitieferences
8223 (satisfying them is not compulsory). Second, we start heym fthe best
0368 equivalence class and finish with the whrsind at each step the objects
0369 included and then suppressed frofif are those objects that are not domi-
0370 nated by other objects (line 7), in the sense_<9j<i>7|-|(i)]. Contrarily to Al-
0371 gorithm[2, objects with imprecise evaluations will be in thgper classes.
822 This corresponds to an optimistic attitude towards imgieaqi, which is co-
0374 herent with positive preferences, as it promotes the piisgitf satisfying
0375 more wishes. Also notes that the problem of inconsistenisgda for ex-
0376 ample, in[2], does not happen here, since constraints asttbwiare treated
0377 separately and lexicographically.

0378 By fully acknowledging the knowledge imprecision throudie tuse of
gggz the partial order ) ) (that considers both end-points of intervias), ),
0381 Algorithms[2 and B allow to make a clear distinction in theatreent of
0382 negative and positive aspects of bipolar preferences. Menva possible
0383 drawback, for huge databases, is the complexity that reptdke use of
0384 these algorithms. Indeed, each run of Algoritihs 2[dnd 3iregjtio com-
8222 pare each object with all the other objects of a same equigalelass. Ih
0387 objects have to be ordered, then in the worst ¢asg | + | <y |)n? compar-
0388 isons are performed, assuming that no object strictly datesanother for
0389 any rank of constraints or wishes. In the best case, that&wbjects are
0390 completely ordered after a first run? comparisons have to be achieved. It

0391

0392 “The shift loop (Lines 3-5) is there to keep the same indexirsybsets?;]



0393
0394
0395
0396
0397
0398
0399
0400
0401
0402
0403
0404
0405
0406
0407
0408
0409
0410
0411
0412
0413
0414
0415
0416
0417
0418
0419
0420
0421
0422
0423
0424
0425
0426
0427
0428
0429
0430
0431
0432
0433
0434
0435
0436
0437
0438
0439
0440
0441

FLEXIBLE BIPOLAR QUERYING OF IMPRECISE DATA 9

Algorithm 3: Query result ordering for wishes of raiii
Input: 7' C .7\ S with " an element of a partition issued from

rank (i — 1), [NV, 1{"],, for eacho; € 77
Output: Ordered partitiof.7}, ..., 7y} of 7'

1 K=.97"j=0;

2 whileK # 0do

3 fori_j, 1(sk|p|fj—0)do

4 | Fa=

5 T =0;

6 foreach o € K do

7 \; if Aoj eKs.t.q S[N(i)ﬂ(i)] 0j then
8 | Puto in .77

9 | K=K\.9;

10 j=1i+1

NY. AP N AP NY R,

o, [0.1,0.4] [0.8,1] 1,1
o, [0508  [0506  [0.6009]
o3 [0.3,1] (04,08  [0.2,0.5
o, [0.8,1] 0,0] 0.5,0.7]
o5 [L1] 0.2,0.4] 0,0]
o5 [0,1] (06,09  [0.3,0.7]

TABLE 1. Examplé B evaluations for constraints and wishes.

must be noticed that is reduced t9.7 \ %| thanks to Algorithni L. Such
complexities are quite acceptable for most databasesphid be problem-
atic for databases counting billions of objects. In suchsecane can then
use other propositions presenting a lower complexity whéject ordering

is solely based on one of the two numbi8 or M) [20]. Still, by using
orderings based on smgle numbers, one does not take fullatof the
imprecision in[N® M®], and loose some of the information contained in
the interval.

Example3. Let us consider a se¥ of six objectsoy, .. 06, two ranks of
constraints and only one rank of wish. The mten{h[g I'It c(i={1,2})
and[M( ) ni ]W are summarized in table 1.
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The run of Algorithn 1 gives’y = {04}. 04 is the only rejected object,

becausél 512) =0, even if it satisfies rank 1 constraints necessarily to h hig
degree. After a first run of Algorithin 2, we obtain the follmgipartition:

Jo=1{04} < 71 ={01,06} < 72 ={02,03} < T3 = {0s}.

All elements potentially satisfy constraints #};) (althoughog does not
necessarily satisfy it). Note thag, for which information is fully impre-
cise, is at the end of the ordering (while it would have beethatfront if
we used Algorithni13). Since there is two rank of constraiatsecond run
of Algorithm[Z gives

T={} < A ={0g} < Fo={01} < T3={02,03} < T4 ={0s}.

This second run has allowed to refine the ordering betweamdog. Also
note that the bad scores of w.r.t. constraints of rank 2 does not change
its order, due to the constraints preferences and the uséegfcagraphic
order. Finally, a run of Algorithral3 gives

To={0a} <A ={0s} < To={01} < F3={03} < T4 ={02} < T5={0s}.

Note thatos is not rejected, for the reason that satisfying wishes isanot
requirement.

2.4. Guaranteeing some answers. In Example[8, the setj of rejected
objects did not contain all of them (i.e% # .7), and there were positive
answers to the query. However, it may happen that a querydsatisfying
answer. This may be the result of a small number of availdijkots (hence
there are less chances of satisfying all constraints) dre$§pecification of
unrealistic or narrow constraints. In such a case, it mayifhiewdt for a
user to know why its query has received no answers, and whickt@ints
should be relaxed to get some.

This is why, in this section, we propose a method guarargetbie pres-
ence of some answers, even wh&y= 7. The principle is quite simple:
after having sent a message to the user (see Algotithm Wndists in re-
turning the set7 of objects (or a subset of"), ordered w.r.t. to the gap
between these objects’ attribute values and values thaydhave in order
not to be rejected.

First, recall that the support of a fuzzy $edefined onZ", denoted by
S(F), is the set such th&(F) = {x € Z"|F(x) > 0}.

We assume that, for every attribuitea (normalized) distanogj < [0, 1]
on Zj is defined. Consider the set of suppo{&C‘ll),...,S(CL,N:)} ob-
tained from the se¥” of constraints. For an objeot and an attributg , the
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distance betweer{j and a constrair®! is defined as the following value:

Dj(,Clhy= " min_ (|dj(xy)]).
xeS(1y).,yes(C))

This distance can be seen as the minimal modification a @n&® would
have to undergo so that objeat satisfies it. Now, we define the global
distance of an objea w.r.t. constraints ir¥” as a functiord having value
in [0, Nc] and such that:

Ne o

(0, €)= 3 WDy (185,C),

K=1
with (k) the rank ofCli(k according to<c andw, a weight reflecting the
constraint importance. A sum is used to translate the fattah almost
acceptable object should be (in average) close to all cinsir Objects in
Jp can then be ordered according to distadic&Ve propose the following

formula for the weightsv ) foranyke 1,...,| <c|:
Wi — | <c | +1-—k
(k) <c|

that is, weights are in the intervl, 1] and are linearly ordered. A possible
inconvenient when using an averaging operator is that tdhyealating very
strongly only one constraint can have the same evaluatiohjasts weakly
violating many constraints. Two possible solutions to firigblem are to
provide the user with a list of the violated constraint, ouse some kind of
veto level (as inl[11]) to penalise objects strongly vialgtsome constraints
(this latter option meaning that the user must supply suth legels).

Exampled. Let us consider a se¥ = {0g,...,03} of three objects with two
constraints expressed in the query. The interfidisii] (i = {1,2}) and

the minimal distances to the constrailtg7y,C') (i = {1,2}) are given in
Table[2. In this example, there is no positive answer to therygbecause,
at least one of the constraints is not satisfied (8 %) for each object.
According to distancé and to the weight®/ 1) = 1, w(,) = 1/2, objects are
ranked in the following orderos, 03, 0o.

There exists other methods to obtain answers from emptyegierhey
mainly consist of relaxing the initial query into a less coaming query
using, for example, fuzzy membership function transforame [5] or case-
based reasoning techniques [4]. These approaches ardlrguare sub-
tle and efficient but necessitate to specify many parameteasto apply
(possibly many times) new queries, and are therefore caatipagally more
demanding. Our aim here was to propose a simple but meahsngdueffi-
cient technique, that would not require additional paramset
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[Nt17r|tl]C [Ntzvrltz]c D]_(Tl{l,Cl) DZ(anvCZ) 6(0t7<5)

o, [0.0,0.0] [0.8,1] 0.1 0 01
o, [0.0,0.0] [0.0,00] 0.6 05 0.85
o3 [0.3,0] [0.0,0.0] 0 0.7 0.35

TABLE 2. Examplé# evaluations for two constraints and the
minimal distances to the constraints.

3. A NEW DECISION SUPPORT SYSTEM FOR FOOD PACKAGING DESIGN

In this section, we present a new decision support systerS) s fresh
fruits and vegetables packaging design in which the flexbipelar query-
ing approach plays a central role. To the best of our knovdedgly one
DSS for fresh fruits and vegetables packaging alreadysefgsie|[26]), but
it does not take into account the criteria which permit touees sustain-
able design (a critical issue in food science). Such a qwetée design
must satisfy, at least, three kinds of criteria: economayironmental and
societal. An example of economical aspect may be the cosiegbackag-
ing material. Concerning environmental aspects, the lgi@tbility of the
package or the way to optimize the preservation of freshsiamd vegeta-
bles at ambient temperature in order to decrease the use abttl chain
(which is energy-greedy) are important criteria. Sociasgects may con-
cern the fact that consumers may reject the use of some \atdivir of
nano-technology in the packaging material because of tkeawn conse-
guences on their health, or more simply they may prefer pamest rather
than opaque packaging.

In our DSS, starting from a given fruit or vegetable, the ugsgcifies
its needs in terms of several criteria (e.g., conservagamperature, trans-
parency, material cost, ...) in order to determine a listaalqagings. Those
packagings are ordered according to their degree of satimfieof the cri-
teria. The bipolar approach gives the user the possibiitggecify in a
flexible way what criteria must be considered as constraindswhat other
criteria will be used to refine the ranking of the packageschisatisfy
the constraints. Starting from the users’ specificationiexable bipolar
guery is executed against a database containing informabout packag-
ing materials. This information has been collected fronfiedént sources
which may be technical descriptions of commercial packagiaterials or
data extracted from scientific publications concerning pawskaging ma-
terials. This information may be imprecise, due to the \mlitg of engi-
neered packaging and the biological variability of vegktabThe bipolar
approach proposed in this paper takes into account thisicrgon.
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In Sectior 3.1, we present the global architecture of the.?S%e case
concerning endive packaging will be presented in Sectidn 3.

3.1. Decision support system ar chitecture. Starting from the name of the
vegetable/fruit of interest specified by the user, the sysgeans in a first
step the vegetable/fruit database in order to retrieve theeSpiration rate
(and associated parameters) of the studied vegetabtelfra second step,
the optimal O2 permearﬁ(e)f the targeted packaging is computed thanks
to a model of gas exchanges inside the package called Pelsgvisee
[15] for more details about the model). In the third stepngghe targeted
optimal O2 permeance and the other user’s requirements ahitaria of
various types (economical, environmental or societaljyeryis executed
against the packaging database using the flexible bipoknymg engine,
which is the central part of the DSS. A list of packaging matsrordered
according to the method presented in the previous sectfisally pre-
sented to the user. A precise use case presented in the neghdecuses
on the DSS flexible bipolar querying engine.

Vegetable
database

PassiveMap
simulation

Packaging
database

Flexible bipolar

querying

Ranked list of
pertinent

packagings

FIGURE 3. Global architecture of the DSS

3.2. Endive packaging use case. In this section, we present a use case of
the DSS concerning the choice of a package for endive. Thehaseto
specify a set of parameters needed by the DSS to determingptheal

O, permeance of the targeted packaging: the mass of the vég€tlD
grams), the surface, the volume and the thickness of thetedgackaging
(respectively 0.14r%, 0.002m? and 5e-5m), the shelf life of the vegetable
(7 days) and the storage temperature {€). Using theO, respiration
rate (and associated parameters) retrieved from the \dgetatabase, an
optimal O, permeance of 3.65E-Irhol.m2.s 1.Pa~! is computed. The

5A measure of the ability of a package to conduct gas fluxes.
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Oig PackagingType Permeange Permeancgax Temperature
(mol.m2.s LPal) (mol.m2siPal) (°C)
01 Polyolefin 1,29E—-13 129 —13 23
(o) Polyolefin 4 05 —-11 405E—11 23
03 Cellophane 1,55E - 14 155E—-14 23
04 Polyolefin 1,96E - 11 23% - 11 20
Og Cellulose 1,55 —-14 155E—-14 23
Og Polyester 4,46E — 12 4 46E — 12 23
07 Polyolefin 1,50E—-11 150E—-11 23
Og Polyester 1,556 —-13 155E - 13 23
Og Polystyrene 1, 03E—-12 103E-12 23
010 Polyester 6,23E — 12 623E — 12 23
011 W heatgluten 1,55 —-11 167E—-11 25
012 PolyVinylChloride 7,47TE - 11 7.47E - 11 25

TABLE 3. Permeance at a given temperature for a excerpt
of the packaging database

optimal permeance and the temperature will be consideredi@sia to

scan the package database.

We consider in this use case that the user is also interest®biother
criteria: the biodegradability and the transparency ofghekage. An ex-
cerpt of the packaging database content is presented ies[@mAnd ¥ and
will be used to illustrate the flexible bipolar querying pess. Note that im-
precise data are here reduced to degenerated possilsiitjpdtions (given
by the min— max permeance span), for the reason that there are currently

no possibilistic imprecise data in the database.

We will consider two examples of queries expressed by the (Us¢he
current case, they were given by one of the co-authors, Mlaed). In
the first one, the user specifies one constraint and two wislbe user
first requires the package to be transparent in order to beptext by the
consumer who wants to see endive through the package. lewkpressed
as the first and unique constraint. Concerning his/her sighe user would
like to maximize the shelf life of the product at an ambientperature (and
consequently to select a packaging whose oxygen permeaniase to the

optimal one). It will be expressed as the wishes, here ofleqné.

In the second query, the user specifies three constraintsrendish. To
design a sustainable package, the user expresses thatkagpe must be
biodegradable as a first constraint (rank one) and must aésinmee the
shelf life of the product at an ambient temperature as a skeconstraint
(i.e. constraints of rank two on the temperature and oxygagmpance).
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0gq PackagingType Transparency Biodegradability

01 Polyolefin transparent no
02 Polyolefin transparent no
03 Cellophane transparent yes
04 Polyolefin transparent no
Og Cellulose transparent yes
Og Polyester transparent yes
07 Polyolefin transparent no
0s Polyester translucent yes
Og Polystyrene translucent no
010 Polyester translucent yes
011 W heatgluten translucent yes
012 PolyVinylChloride transparent no

TABLE 4. Transparency and biodegradability for the same
excerpt of the packaging database

Then, the user expresses as its only wish that the packagiuddsbe trans-
parent for acceptability of this new packaging materialliy ¢onsumer.

As already said in Sectidn 2.1, user preferences for eatdrion is ex-
pressed as a fuzzy set used as a general formalism whichtpdomiep-
resent fuzzy, interval or crisp values. Concerning the gamae criterion,
60% of variation is authorized around the optimal value coteg by the
PassiveMap subsystem, with decreasing degrees of preéserFor the
temperature, a total variation of 100% is authorised, wilpreference for
the different values. The fuzzy sets associated with thexpance and tem-
perature preferences are presented in Figure 4.

permeance temperature

1.46E-11 3.65E-11 5.84E-11’

FIGURE 4. Preferences for permeance and temperature

The fuzzy set associated with the transparency (resp. @radability)
criterion i§: Pre firansparency{ (transparent, 1), (translucent,0),(opaque(B9sp.

Here, we adopt the usual notatiény) for specifying fuzzy sets over symbolic vari-
ables, wheréx,y) means that modality has membership value
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N e INY N
01 [171] [070]
o [1,1]  [0,817,0,817
03 [171] [070]
o  [1,1]  [0,2280,427
05 [17 1] [07 0]
O6 [17 1] [07 0]
oo [L1  [0,021,0,021
Og [07 O] [07 0]
O9 [07 O] [07 0]
010 [07 O] [07 O]
011 [07 O] [07 0437 07 093
012 [171] [070]

TABLE 5. Evaluations for the constraint and the wishes of
the first query.

Pre fiodegradability={ (Y€s,1),(no,0)). They correspond to crisp requirements
provided by the user, as the concept of graded biodegrayabihde little
sense to the user, while translucency is not graded in overcudata.

Using the notations introduced in the secfion 2.1, the fiistrgis built as
follows: (5(1) = {Pre ﬂransparenc;} andW(l) = {Pre fpermeancepre ftem peraturé-

Let us consider the sef’ = {01, ...,012} of the twelve packages whose
characteristics are given in tables 3 and 4 and whose ei@igafor the
constraint and wishes of query 1 are given in table 5 (as tbentishes are

of the same rank, they have been aggregate[dlﬁﬁ,l‘lt(l)]w according to
Eqg. (3)). After the run of Algorithnill, we obtaifp = {0g, 09,010,011}
After the run of Algorithni2 with(,), we obtain the following partition:

Jo = {0g,09,010,011} < J1 = {01,02, 03,04, 05,06, 07, 012}
After the run of Algorithni8 with#/{,), we obtain the following partition:
Jo = {08, 09,010,011} < 71 = {01,03,05,06,012} <

T = {01} < = {0s} < T4 = {02}

The second query is built as follows{,) = {Pre fiodegradability} Cl2) =
{Pre foermeancePre temperaturd andy/(l) = {Pre fransparency . The first con-
straint is judged more important than the two others, whighat equal
rank.
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N INZ P NN
01 [O,Cﬂ [O,Cﬂ [171]
02 [07 O] [07 817,0, 8lﬂ [17 1]
03 [171] [O,Cﬂ [171]
04 [07 O] [07 2287 07 421 [17 1]
05 [17 1] [07 O] [17 1]
Oe [17 1] [07 O] [17 1]
oo 0,00  [0,0210,02]  [L1]
Og [17 1] [07 O] [07 O]
09 [07 O] [07 O] [07 O]
010 [171] [O,Cﬂ [O,Cﬂ
011 [17 1] [07 0437 07 093 [07 O]
012 [O,Cﬂ [O,Cﬂ [171]

TABLE 6. Evaluations for the constraints and the wish of
the second query.

Let us consider the set” of the twelve packages, . ..,012> whose char-
acteristics are given in tablé$ 3 ad 4 and whose evaluaforibe con-
straints and the wish of query 2 are given in table 6. Afterrtireof Algo-
rithm[1l, we obtainZp = {01, 02, 03,04, 05, 0g, 07, 0g, Og, 010,012} . After the
first run of Algorithm(2 with(,, we obtain the following partition:

Jo = {01, 02,03, 04, 05, 06, 07, 08, 09, 010, 012} < J1 = {011}
Since only one object is not rejected, the second run of Atlgor2 with

2 ([M(Z), I'It(z) Jc) and the run of AlgorithrI3 with¥/(;) keeps the partition
unchanged.

We can see with the result obtained for the second query,\roith only
one result is retrieved, that the constraints may be vetyictge compared
to the content of the database. We consider in the followitigrd query,
derived from query 2 and defined as followi&(;) = {Pre fhiodegradability} »
65(2) = {Pre foermeancaestricted: Pre kemperaturg andy/(l) = {Pre fransparency -
In this query, we restrict the variation around the permeaimal value
(3.65E-11mol.m 2.5 1.Pa~1) from 60% to only 50%. Consequently, the
support of the restricted fuzzy sete foermeanceestricted IS €qual to the in-
terval [1.83E-11, 5.48E-11hol.m2.s 1.Pa—l. Query 3 being more re-
strictive than query 2 and considering the permeance vasecsated with
packageo;; in Table[3, we can see that the result of query 3 is empty.

In this case, our method will provide guaranteed resulthviaire de-
fined as the set of packages ordered w.r.t. to the gap betwegratkaging
attribute values and the values they should have in ordetorim rejected.
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LY

Dy(E,CY) Do(I,C?) Ds(1R,C3) 5(0,€) rank
01 1 0.6828 0 13414 10
o)) 1 0 0 1 6
03 0 0.7545 0 03772 5
04 1 0 0 1 6
O5 0 0.7545 0 03772 5
O6 0 0.3813 0 01906 3
07 1 0.0813 0 10406 7
Og 0 0.6746 0 03373 4
O9 1 0.5555 0 12777 9
010 0 0.3205 0 01602 2
011 0 0.0406 0 00203 1
012 1 0.1187 0 10593 8

TABLE 7. The minimal distances to the constraints of query 3.

As introduced in section 2.4, we need to define for every algtdbute
j, a normalized distancgj < [0,1] on Zj. In the following, we will con-
sider, for the attributbiodegradabilitydefined onZpigdegradability= {Y€SNo},
the distancel; (x,y) with (x,y) € %bziodegradabi,ity whichisequalto 1ik=y
and equal to O else. For the attributgsrmeancdresp.temperaturgde-
fined onR, we consider the distandg(x,y) (resp.da(x,y)) with (x,y) € R?
and defined as follows:

1

dz(X,Y) d3(X,Y) 1 1+ |X_y| :
Note that, given the variation of permeance compared to tergperature,
we have applied a log transformation to it before computirggdistance.

Let us consider the set” of the twelve packages, ..., 012 whose char-
acteristics are given in tables 3 ddd 4, the normalizedmistgiven above
and the supports of the fuzzy s&tee fiodegradanility Pre fpermeancaestrictes
Pre femperatureb€ing respectively the singletdiyes}, the interval [1.83E-
11, 5.48E-11mol.m2.s71.Pa~1 and the interval [10, 30IC, the minimal
distances to the constraints of query 3 and a rank based agidbal dis-
tance are given in tableé 7. We can see that packaging at the first rank
which is not surprising because it is the only one which §atghe con-
straints of query 2. Hence, in the above case, the user weuidle to see
that packag®;1 almost answers his/her needs.
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4. RELATED WORKS

There exist many works that propose to use fuzzy sets tant®graded
preferences and possibility distributions to handle uladety in databases.
Our work can be related to these two complementary propositi

Indeed, the fuzzy set framework has been shown to be a soiemdiic
choice to model flexible queries ([6]). It is a natural way epresenting
the notion of preference using a gradual scale.| In [8], tmeasdics of a
language called SQLf has been proposed to extend the walskiSQL
language by introducing fuzzy predicates processed op arfsrmation.
Other approaches have also been proposed to introduceqireds into
gueries in the database community ([12, 24, 16]). Howeweslli these
approaches, preferences are of the same nature. It is crdnthe that
the concept of bipolarity and its potential use in flexibleges has been
studied [21, 22]. This extended approach discriminatesden two types
of preferences, one acting as compulsory constraints, tther acting as
optional wishes. Several works have recently been propwsedder to
extend the relational algebra with this concept of biptyafQ, [10]) or to
propose a framework to deal with bipolarity in regular rielaal databases
([31]).

The second proposition is to use possibility distributibmsose formal-
ism is mathematically equivalent to that of fuzzy set) taesgnt imprecise
values ([34]). Several authors have developed this apprivethe context
of databases|\([27, 28, 7,13,/ 29, 13]).

To the best of our knowledge, the only other works dealingpwhe con-
cept of bipolarity in flexible querying of databases inchglimprecise val-
ues, outside some research perspectives in [22], is the foBe De tr et
al. [3C]. However, they deal with a different aspect of bipolegfprences,
as they mainly consider the use of interval-valued fuzzg ¢et similar
models) to cope with imprecisely defined preferences, agat fpositive
and negative preferences in a common framework, ratherdabasidering
them separately (as we do here).

5. CONCLUSION AND PERSPECTIVES

In this paper, we have introduced a method for querying ebdatawhen
preferences are bipolar (contains both constraints anides)sand data are
uncertain. We use fuzzy sets and possibility distributimnshodel prefer-
ences and uncertainty, respectively.

Using basic tools to evaluate query satisfaction, we hawpgsed meth-
ods allowing us to (1) consider orderings between congtrainwishes (2)
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0932

0033 (pre-)order the results according to the bipolar prefezenthus present-

0934 ing a list of equivalence classes to the user and (3) retuenpial answers
0935 when no object satisfy simultaneously all specified congsa

0936 The proposed approach is currently applied in a real-casiglgm, and
0937 is included in a new support decision tool aiming at desigr{imptimal)

0938
0939
0940

packages for fresh fruits and vegetables.
Concerning the method, perspectives include the handfimgpee generic

0941 kinds of uncertainty models [18,/17] that could be includethie database,
0942 as well as methods that would allow to extract automaticallgrmation
0943 concerning packages from the web, since manually entehisgriforma-
0944 tion is time-consuming and can only be done by an expert.

0945
0946
0947

Concerning the support decision tool, we are planing to iinkith a
version of PassiveMap able to perform uncertainty analsdto provide

0948 interval-valued or possibilistic valued optimal permean€he uncertainty
0949 analysis will also be able to cope with ill-known values ofjg&ables pa-
0950 rameters, using classical uncertainty propagation teckasi|[1].
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