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Abstract. In this paper by considering an answer set programming approach and
some basic ideas from possibilistic logic, we introduce a possibilistic disjunctive
logic programming approach that is able to deal with reasoning under uncertainty
and incomplete information. Our approach permits to use explicit labels like cer-
tain, probable, plausiblestc, for capturing the incomplete state of a belief in a
disjunctive logic program.

1 Introduction

Many decisions that we make in our common life are based on beliefs concerning the
likelihood of uncertain events. In fact, we commonly use statements such as “I think
that...”, “chances are..”, “it is probablethat...”, “it is plausiblethat...”, etc,
for supporting our decisions. In this kind of statements usually we have appealed to
our experience or our commonsense. It is not surprising to think that a reasoning based
on these kind of statements could redihs conclusionsHowever these conclusions
could reflect the experience or commonsense of an expert. Pelletier and Elio pointed
out in [19] that people simply have tendencies to ignore certain information because
of the (evolutionary) necessity to make decisions quickly. This gives rise to “biases” in
judgments concerning what they “really” want to do. A deep study of the importance of
the biassed and heuristics in judgment under uncertainty is presented in the book [12].
In view of the fact that we know that a reasoning based on statements which are
quantified by relative likelihoods could capture our experience or our commonsense,
the question is: how could these statements be captured by real application systems like
Multi Agent Systems? For those steeped in probability, Halpern has remarked in [10]
that probability has its problems. For one thing, the numbers are not always available.
For another, the commitment to numbers means that any two events must be comparable
in terms of their probabilities: either one event is more probable than the other, or they
have equal probability. Also in [13], McCarthy and Hayes pointed out that attaching
probabilities to a statement has the following objections:

1. Itis not clear how to attach probabilities to statements containing quanti-
fiers in a way that corresponds to the amount of conviction people have.



2. The information necessary to assign numerical probabilities is not ordinar-
ily available. Therefore, a formalism that required numerical probabilities
would be epistemologically inadequate.

Now, the question is why not to use explicit labels lixessible probable plausible

etc, for capturing the incomplete state of a belief in a logic program when the numerical

representations are not available or difficult to get. For instance, these kind of labels
have been explored in argumentation theory for modeling incomplete information of an
argument [7, 17].

During the last two decades, one of the most successful logic programming ap-
proaches has been Answer Set Programming (ASP). ASP is the realization of much
theoretical work on Non-monotonic Reasoning and Artificial Intelligence applications.
It represents a new paradigm for logic programming that allows, using the concept
of negation as failureto handle problems with default knowledge and produce non-
monotonic reasoning [1]. In [15], it was proposed a possibilistic framework for rea-
soning under uncertainty. It is a combination between ASP and possibilistic logic [6].
This framework is able to deal with reasoning that is at the same time non-monotonic
and uncertain. Nicolast al’s approach is based on the conceppossibilistic stable
modelwhich defines a semantics for possibilistic normal logic programs. One weak
point of this approach is that it relies on the expressiveness of normal logic programs
and it always depends on a numerical representation for capturing the incomplete state
of a belief. Since Nicolast al’s approach does not permit disjunctions in the head of a
possibilistic clause, there is not a natural way for expressing incomplete information.

In this paper, we introduce the use mdssibilistic disjunctive clauseshich are
able to capturincomplete informatioandincomplete states of a knowledge basthe
same time. It is important to point out that our approach is not exactly a generalization
of Nicolaset al’s approach. Whereas Nicolasal’s approach only permits to express
the states of a belief by totally ordered sets, our approach permits to consider partially
ordered sets for expressing the states of a belief. Moreover we do not adopstdaise
a-cutsfor handling an inconsistent possibilistic logic program. However in the class
of possibilistic normal logic programs, our approach coincides with Nicetaal.'s
approach when it considers totally ordered sets for capturing the incomplete state of a
belief and the possibilistic program is consistent.

One of our main motivations for considering a generalization of the possibilistic
stable models was our necessity for modeling medical knowledge. We have been work-
ing in the decision making process for deciding if a human organ is viable or not for
being transplanted [21, 16, 20]. Our experience suggests that in our medical domain,
we require ajualitativetheory of default reasoning like ASP for modeling incomplete
information and aguantitativetheory like possibilistic logic for modeling uncertain
events.

By considering partially ordered sets, it is possible to capture the confidence of a
claim by using qualifiers like the Toulmin’s famous “qualifiers”[22]. For instance, in [7]
Fox and Modgil discuss the expressiveness of these qualifiers for capturing the uncer-
tainty of medical claims. We use relative likelihoods for modeling different qualifiers



e.g., certain confirmed probable plausiblg supportedandoper?, where each quali-
fiers is a possible world/class of beliefs. The user can provide a likelihood ordering for
the worlds/classes of beliefs as it is shown in Fig. 1.

Probable Plausible

Supported

Open

Fig. 1. A lattice where the following relations holddpen =< Supported, Supported =
Plausible, Supported < Probable, Probable = Confirmed, Plausible < Con firmed,
andCon firmed < Certain.

In general terms, we are proposing a possibilistic disjunctive logic programming ap-
proach that is able to deal with reasoning under uncertainty and incomplete information.
Moreover, it permits to encode uncertainty by using either numerical values or relative
likelihoods. In terms of computability, we observe that our approach is computable.

It worth mentioning that in [18], we presented an alternative semantics for possi-
bilistic logic program. The main difference of this semanticst. the semantics that
we are presenting here is that the semantics presented in [18] is based on an @perator
which is inspired in partial evaluation [2] and GMP (an inference rule of possibilistic
logic [6]), and the semantics presented in this paper is only based on the proof theory
of possibilistic logic.

The rest of the paper is divided as follows: In 82, some basic concepts of possi-
bilistic logic and standard ASP are presented. In 83, the syntax and semantics of our
possibilistic framework are presented. In 84, we discuss a little bit the inconsistency of
a possibilistic knowledge base. Finally in the last section, our conclusions are presented
and the future work is outlined.

2 Background

In this section, we define some basic concepts of Possibilistic Logic and ASP. We as-
sume familiarity with basic concepts in classic logic and in the semantics of logic pro-

3 This set of labels was taken from [7].



gramse.g.,interpretations, modelstc A good introductory treatment of these concepts
can be found in [1, 14]

2.1 Possibilistic Logic

A necessity-valued formula is a pdip «) wherey is a classical logic formula and
a € (0,1] is a positive number. The pajp «) expresses that the formulais certain
at least to the levek, i.e. N(¢) > «a, whereN is a necessity measure modeling our
possibly incomplete state knowledge [6]is not a probability (like it is in probability
theory) but it induces a certainty (or confidence) scale. This value is determined by
the expert providing the knowledge base. A necessity-valued knowledge base is then
defined as a finite seit¢. a conjunction) of necessity-valued formulae.

Dubois et al]6] introduced a formal system for necessity-valued logic which is
based in the following axioms schemata (propositional case):

(Al) (¢ = (¥ — ) 1)
(A2) (=W —=8)—=(p—1)—=(p—E)1)
(A3) ((mp — ) = (g = ¥) =) 1)

Inference rules:

(GMP) (¢ @), (¢ — ¥ B) F (¢ min{a, 3})
S) (pa)F(pp)if <a

According to Duboiset al, basically we need a complete lattice in order to ex-
press the levels of uncertainty in Possibilistic Logic. Dulsgial., extended the axioms
schemata and the inference rules for considering partially ordered sets. We shall de-
note byt py, the inference under Possibilistic Logic without paying attention if the
necessity-valued formulae are using either a totally ordered set or a partially ordered
set for expressing the levels of uncertainty.

The problem of inferring automatically the necessity-value of a classical formula
from a possibilistic base was solved by an extended versicesofutionfor possibilis-
tic logic (see [6] for details).

2.2 Answer Set Programming
Syntaxis The language of a propositional logic has an alphabet consisting of

(i) proposition symbolspg, p1, ...
(i) connectives V, A, «,—, not, |
(i) auxiliary symbols: (,).

whereV, A, <+ are 2-place connectives;, not are 1-place connective and is O-
place connective. The proposition symbals,and propositional symbols of the form
—-p; (i > 0) stand for the indecomposable propositions, which we atlins or
atomic propositionsThe negation sigmn is regarded as the so callsttong negation
by the ASP’s literature and the negatiant as thenegation as failureA literal is an



atom,a, or the negation of an atomot a. Given a set of atoméay, ..., a,, }, we write
not {ay, ..., a,} to denote the set of literalswot ay, ..., not a, }.
An extended disjunctive clausg, is denoted:

a1 V...Vam < a1,...,05,N0t Qji1,...,N0t ay

wherem > 0,n > 0, eachu; is an atom. When = 0 andm > 0 the clause is an abbre-
viation ofa; V...V a,,. Whenm = 0 the clause is an abbreviation of«— a4, ..., a,
such thatl is the proposition symbol that always evaluates to false. Clauses of this
form are called constraints (the rest, non-constraint clauses). An extended disjunctive
programP is a finite set of extended disjunctive clauses.By, we denote the set of
atoms in the language @f.

We will manage the strong negation)( in our logic programs, as it is done in ASP
[1]. Basically, it is replaced each negative ateimby a new atom symbal’ which does
not appear in the language of the program. For instancé, ket the normal program:

a < (q.

g <—T.

q.

T.
Then replacing each negative atom by a new atom symbol, we will have:

a <+ q.

q —r.

q.

r.

In order not to allow inconsistent models of the non-possibilistic logic programs,
usually it is added a constraint of the form ¢, ¢’. We will omit this constraint in order
to allow complementary literals in a possibilistic answer set. However the user could
add this constraint without losing generality.

We denote an extended disjunctive cla@sby A «— B*, not B~, whereA con-
tains all the head atoms,;" contains all the positive body atoms a§d contains all the
negative body atoms. Whesr- = (), the clause is called positive disjunctive clause. A
set of positive disjunctive clauses is called a positive disjunctive logic program. When
A is a singleton set, the clause can be regarded as a normal clause. A normal logic pro-
gram is a finite set of normal clauses. Finally, whéris a singleton set an~ = 0,
the clause can be also regarded as a definite clause. A finite set of definite clauses is
called a definite logic program.

Given a set of proposition symbatsand a theory (a set of well-formed formulae)
IinalogicX.If I'+x SifandonlyifvVs € S I'Fx s.

Semantics The answer set semantics was first defined in terms of the so Galéahd-
Lifschitz reductiorj8] and it is usually studied in the context of syntax dependent trans-
formations on programs. The following definition of an answer set for general programs
generalizes the definition presented in [8] and it was presented in [9]P lbet any
extended disjunctive program. For any $etC Lp, let P° be the positive program
obtained fronP by deleting



(i) each rule that has a formulat « in its body witha € S, and then
(i) all formulae of the forrmot a in the bodies of the remaining rules.

Clearly P° does not contaimot (this means thaP?® is either a positive disjunctive
logic program or a definite logic program), herfgs an answer set @ if and only if
Sis a minimal model ofP?.

In the answer set definition, we are omitting the restriction that fifas a pair of
complementary literals the$i := Lp. This means that we are allowing that an answer
set could have a pair of complementary literals. For instance, let us consider the program
P:

a. —a. b.
then, the only answer set of this program {&; —a, b}.

It is worth mentioning that in the literature there are several forms for handling an
inconsistency program. For instance, by applying the original definition [9] the only sta-
ble model is{a, —a, b, —b}. On the other hand, the DLV system [5] returns no models
if the program is inconsistent.

3 Possibilistic Disjunctive Logic Programs

In this section, we introduce our possibilistic logic programming framework. We shall
start by defining the syntax of a valid program and some relevant concepts, after that
we shall define the semantics for the possibilistict disjunctive logic programs.

3.1 Syntax

First of all, we start defining some relevant concépits all the paper, we will consider
finite lattices. This convention was taken based on the assumption that in real applica-
tions we will rarely have an infinite set of labels for expressing the incomplete state of
a knowledge base.

A possibilistic literalis a pairl = (a,q) € L x @, whereL is a finite set of literals
and (Q, <) is a lattice (since the lattice is finite then it is complete). We apply the
projectionx as follows:i* = a. Given a set of possibilistic literals S, we define the
generalization ofc over S as follows:S* = {l*|l € S}. Given a lattice(Q, <) and
S C @, LUB(S) denotes the least upper bound%éndG L B(.S) denotes the greatest
lower bound ofS.

Definition 1. Let L be a finite set of literals and (&) be a lattice. ConsidePS =
2% @ the finite set of all the possibilistic literal sets inducedlbgnd . VA, B € PS,
we define.
ANB ={(x,GLB{q1,¢})|(z,q1) € AN (z,q2) € B}
AUB ={(z,¢)|(z,q) € Aand x ¢ B*} U

{(z,q)|x ¢ A* and (x,q) € B} U

{(z, LUB{q1,¢2})|(x,q1) € Aand (z,q2) € B}.
ALC B <= A* C B* andVz, q1, g2,

(x,q1) € AN (z,q2) € Btheng; < go.

4 Some concepts presented in this subsection extend some terms presented in [15].



Proposition 1. (PS, C) is a complete lattice.
Proof. The proof is straightforward.

Now, we define the syntax of a valid possibilistic logic program. (@t <) be a
lattice. A possibilistic disjunctive clause is of the form:

r=(a: A« B, not B7)

wherea € Q. The projection+ for a possibilistic clause is* = A «— BT, not B~.
n(r) = «a is a necessity degree representing the certainty level of the information de-
scribed byr. A possibilistic constraint is of the form:

c=(TOPg: « B*, not B7)

whereT'O P, is the top of the latticéQ, <). As in possibilistic clauses, the projectien
for a possibilistic constraint isc* = « BT, not B~. A possibilistic disjunctive logic
programP is a tuple of the form(Q, <), N), whereN is a finite set of possibilistic
disjunctive clauses and possibilistic constraints. The generalizatierowér P is as
follows: P* = {r*|r € N}. Notice thatP* is an extended disjunctive program. When
P*is anormal program® is called a possibilistic normal program. Also whet is a
positive disjunctive progran®; is called a positive possibilistic logic program.

In order to illustrate a possibilistic disjunctive logic program, let us consider the
following scenario:

Example 1.Let us suppose that a patient suffering from certain symptoms takes a blood
test, and that the results show the presence of a bacterium of a certain category in his
blood. There are two types of bacteria in this category, and the blooddestnot pin-
pointwhether the bacterium presented in the blood is either streptococcus viridans or X.
The problem is that if the bacteria is streptococcus viridans the patient have to be treated
by antibiotics of large spectrum because streptococcus viridans suggésizarditis
However, the doctor tries not to prescribe antibiotics of large spectrum, because they
are harmful to the immune system. Then, the doctor in this case must evaluate each
potential choice, where each potential choice has different levels of uncettainty

In order to encode this scenario let us consider the lattice presented in Fig. 1. Then,
we could model the doctor’s beliefs as follows: First, one doctor’s belief is that it is
confirmedthat the patient has a bacterium of categeryhen, this belief could be en-
coded by:

confirmed : category_n.

Another doctor’s belief is that the categomyimplies two possible bacterialhen it
could be encoded by:

5 This example is an adaptation of Example 3 from [16] and Example 6 from [11]. Part of the
medical information was taken from [3].



certain : streptoccus_viridans V bacterium_x «— category_n.

Now, if the bacterium istreptococcus_viridans, then the patienhave to bereated
by antibiotics of large spectrum.

certain : antibiotics_large_spectrum «— streptococcus_viridans.

If the bacteria is, then the patientould betreated without antibiotics of large spec-
trum.

probable : alternative_treatment «— bacterium_zx.

Itis plausible that the doctor does not use antibiotics of large spectrum if it has not been
established that there is not another alternative treatment.

plausible : —mantibiotics_large_spectrum «— not —alternative_treatment.

Finally, it is also plausible that the doctor does not use an alternative treatment if it has
not been established that antibiotics of large spectrum are not necessary.

plausible : —alternative_treatment < not —antibiotics_large_spectrum.

We can appreciate the use of relative likelihoods could facilitate the modeling of the
incomplete state of the knowledge.

3.2 Semantics

The semantics of the possibilistic disjunctive logic programs is defined in terms of a
syntactic reduction which is defined as follows:

Definition 2 (Reduction PM). Let P = ((Q, <), N) be a possibilistic disjunctive
logic program, M be a set of literals? reduced byM is the positive possibilistic dis-
junctive program:

PM ={(n(r): ANM < BY)|re NNANM #0,B-NM =0,B" C M}
wherer* is of the formA «— B, not B~.

Notice that(P*)™ is not exactly theSelfond-Lifschitz reductiarin fact, our reduc-
tion is stronger than Gelfond-Lifschitz reduction wheh is a disjunctive program.
In order to illustrate the definition, we present a couple of examples.

Example 2.First, let us consider again the possibilistic progr@mresented in Section
3.1 and the possibilistic set of literalS::= {(category_n, con firmed),
(streptoccus_viridans, certain), (antibiotics_large_spectrum, certain),
(~alternative_treatment, plausible)}. Then, it is easy to see th&®" is:

confirmed : category_mn.

certain : streptoccus_viridans < category_n.

certain : antibiotics_large_spectrum «— streptococcus_viridans.

plausible :  —alternative_treatment.



Notice that in this example, the reduced program has no possibilistic disjunctive
clauses. However, it does not always happen in the reduced programs. Let us consider
the following example, where the reduced program has possibilistic disjunctive clauses.

Example 3.First, letS be the se{(a,0.7), (b, 0.6)} andP; be the following possibilis-
tic logic program where the possibilistic clauses are built under the lagtice ({0,
0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8, 0.9, 1}, <)&:

0.7:aV b+ not c.
0.6 : ¢ < not a,not b.
0.8:a«b.
0.6:b+« a.

Then, the progran®®” is:
0.7:aVb. 0.8:a«b. 0.6:b+« a.

Notice that always the reduced progra® " )* is either a positive disjunctive logic
program or at the best of the cases a definite logic programP>~ of Example 2.

Once a possibilistic logic program?® has been reduced by a set of possibilistic
literals M, it is possible to test whethé is a possibilistic answer set of the program
P by considering the following definition.

Definition 3 (Possibilistic answer set)Let P = ((Q, <), N) be a possibilistic dis-
junctive logic program and\/ be a set of possibilistic literals such th&f* is an an-

swer set ofP*. M is a possibilistic answer set of P if and only}?fM* Fpr, M and

3M' € PS such thatM’ £ M, PM)" +p, M’ andM C M.

In order to illustrate the definition, let us consider again the reduced proBram
of Example 2. By applying successi@\/ P to P, we can inferS from P5". Then,
this means thaPS™ +p;, S. It is important to see thas is the only set that we can
be infer fromPS", thenS is unique. It is easy to see thét is an answer set aP*,
therefore we can say thatis a possibilistic answer set &f.

Example 4.Let P, be the possibilistic program from Example 3 &hd= {(a,0.7), (b,0.6)}.
We have already seen thBf" is:
0.7:aVb. 0.8:a < b. 0.6:b+« a.
Then, we want to know i’ is apossibilistic answer saif P;. First of all, it is easy to
see thatS* is an answer set dP;". Hence, we have to construct a proof in possibilistic
logic for (a,0.7) and (b,0.6) by consideringP;®". Let us consider the proof for the
possibilistic atom(a, 0.7):
(aVvbd)— ((b—a)—a) 1) Tautology
0.7) Premise fromP;
( 0.7) From 1 and 2 by GMP
b—a 0.8) Premise fromP;®
0.7) From 3 and 4 by GMP

5 < is the standard relation between rational numbers.



The proof for (b,0.6) is similar to the proof of(a,0.7). Notice thatfl S’ such that

Pfs/)* Fpr S"andS C S’. Therefore, we can conclude thigits apossibilistic answer
setof P;.

We have to notice that there is an important conditiott. the definition of thepos-
sibilistic answer setsThis is that a possibilistic sétis not a possibilistic answer set of
a possibilistic logic progran® if S* is not an answer set of the extended logic program
P*. This condition guarantees any clausegtfis satisfied byl *. For instance, let us
consider the possibilistic logic prograft

04 :a. 0.6 :b.
and the possibilistic se¥ = {(a,0.4)}. We can see thaP*>™ Fp; S. However,S* is
not an answer set adP*. ThenS could not be a possibilistic answer seti®f Hence,
a straightforward relation between the possibilistic answer semantics and answer set
semantics is formalized by the following proposition.

Proposition 2. Let P be a possibilistic disjunctive logic program.M is a possibilistic
answer set of P, the/* is an answer set aP*.

Proof. The proof is straightforward by the possibilisitic answer set’s definition.

When all the possibilistic clauses of a possibilistic progfaimave as certainty level
the top of the lattice that was consideredinthe answer sets dP* can be directly
generalized to the possibilistic answer set$’of

Proposition 3. Let P = ((Q, <), N) be a possibilistic disjunctive logic program and
TOPg be the top of the latticéQ), <). If Vr € P, n(r) = TOPg, andM’ is an answer
set of P*, thenM := {(I,TOPg)|l € M'} is a possibilistic answer set @.

Proof. (Sketch) We know that if\/ is a possibilistic answer set &f, then)M * is an an-
swer set ofP* (by Proposition 2) andV ™" +p;, M. Now, since (GMP)y TOPg), (¢ —
¥ TOPg) Fpr (v TOPg), then any formula inferred from P by GMP will have
TOPg as necessity-value. Then, M’ is an answer set aP*, then{(l, TOPy)|l €
M'} will be a possibilistic answer set df.

For the class of possibilistic normal logic programs, our definition of possibilistic
answer set is closely related to the definition of possibilistic stable model presented in
[15]. In fact, both semantics coincide.

Proposition 4. Let P be a possibilistic normal logic progrand{ is a possibilistic an-
swer set of P if and only i#/ is a possibilistic stable model @1.

Proof. (Sketch) It is not difficult to see that when is a possibilistic normal program,
then the syntactic reduction of Definition 2 and the syntactic reduction of Definition 10
from [15] coincide. Then the problem is reduced to possibilistic definite programs. But,
this case is straightforward, since essentially GMP is applied for inferring the possi-
bilistic models of the program in both approaches.

In terms of computability, since there is an extended versioasulutionfor possi-
bilistic logic ([6]) it is not difficult to see that the there exists an algorithm that computes
the set of possibilistic answer sets of any possibilistic disjunctive logic program.



Proposition 5. Given a possibilistic progran® there exists an algorithm that computes
the set of possibilistic answer setsiof

Proof. This results follows from the generalization of resolution for Possibilistic Logic
[6] and the answer solvers that there are in the literature [1].

4 Inconsistent possibilistic logic programs

As we commented in the background section, there are several approaches for handling
an inconsistent program in ASP. Most of them do not give a useful answer. However,
frequently we have to confront with inconsistent knowledge bases and it is needed a
concrete answer.

Let us consider again Example 1. By continuing with the described situation, now
we will suppose that the patient fell in dead brain and now the patient is considered
as a potential donor of organs. The problem is that if the donor had endocarditis due to
streptococcus viridans, then the recipient could be infected by the same microorganism.
Therefore, the organs from this donor could not be viable for transplanting.

A short representation of this medical situation could be the following progtam
(again in this program we consider the relative likelihoods of Figure 1):

probable :  endocarditis < T.

probable :  —endocarditis «— T.
confirmed : non_viable < endocarditis
plausible :  viable «— not —endocarditis.

The first two rules say that the doctor does not know if the donor has endocarditis.
The third one says that if the donor has endocarditis then his organs are not viable for
transplanting and the last one says that if the donor explicitly does not have endocarditis
then it is plausible that his organs are viable for transplanting.

Notice thatP; is an inconsistent possibilistic program. Nico&tsal, in [15] sug-
gested to consider an inconsistent degree for eliminating the formulae involved in the
inconsistency. Formally, this process is calldct a-cut However to apply atrict
a-cutto an inconsistent program could eliminate important information in order to sup-
port/infer conclusions. In order to illustrate this problem, let suppose that thecstrigt
just deletes fronmP; the possibilistic clauses:

probable : endocarditis «— T.
probable : —endocarditis «— T.

It is worth mentioning that the strict-cut was defined in terms of totally ordered
sets. Hence we are applying a hypothetical cuf’lowhere we are supposing that
probable < plausible and plausible < confirmed and the inconsistent degree of
P, is probable. Then the consistent prografy that we get after applying the strict
a-cuttoPs is:

confirmed : non_viable < endocarditis
plausible :  wviable «+ not —endocarditis.



The only possibilistic answer set &%, is: {(viable, plausible)}. Then this possi-
bilistic answer set suggests that the organs of the donor could be viable for transplant-
ing. But this is adangerousconclusion, because we are omitting the premises that the
donor could be infected by streptococcus viridans.

Now, since we are allowing that an answer set could have a pair of complementary
literals, we can apply directly the definition of possibilistic answer séttoThen the
only possibilistic answer set @% is: { (endocarditis, probable), (—mendocarditis, probable),
(non_viable, probable) }. This possibilistic answer set suggests that the donor’s organs
probable are not viable for transplanting. Notice that this conclusion is a more cautious
conclusion.

In general, we believe that to eliminate information for handling inconsistent knowl-
edge bases could carry unexpected results. In addition, not to have a concrete answer
from an inconsistent knowledge base could be an expected result when we have to make
or support a decision.

5 Conclusions and future work

We have been working in the decision making process for deciding if a human or-
gan is viable or not for being transplanted [21, 16, 20]. Our experience suggests that in
our medical domain, we requirecmalitativetheory of default reasoning like ASP for
modeling incomplete information andcmantitativetheory like possibilistic logic for
modeling uncertain events.

This paper describes a possibilistic disjunctive logic programming approach which
considers ideas from ASP and possibilistic logic. This approach introduces the use of
possibilistic disjunctive clauses which are able to capincemplete informatiorand
incomplete states of a knowledge bas¢he same time. In fact, one of the main mo-
tivations of our approach is to define a description language and a reasoning process
where the user could consider relative likelihoods for modeling different levels of un-
certaintye.g., Toulmin’s “qualifiers”[22]: possible probable plausible supportedand
open where each likelihood is a possible world/class of beliefs. We know that this kind
of representation of uncertainty could rediihs conclusionsHowever, we have to ac-
cept that this form of reasoning is commonly performed by ordinary people. In fact,
these kind of bias are many times well-accepted since they could reflect the experience
or commonsense of an expert in a field [12].

The approach of possibilistic logic programming is not new in the literature [4, 23,
15]. However, to the best of our knowledge all of the well-known approaches suggested
until now do not include possibilistic disjunctive programs. Moreover, our approach is
enough flexible for using lattices for expressing incomplete states of a knowledge base
and is close related to possibilistic logic.

In general terms, we are proposing a possibilistic disjunctive logic programming
framework able to deal with reasoning under uncertainty and incomplete information.
This framework permits to use explicitly labels lipessible probable plausible etc,
for capturing the incomplete state of a belief in a disjunctive logic program when the
numerical representations are not available or difficult to get.



In terms of computability, we observe that our approach is computable. By the mo-
ment, we do not have resulisr.t. complexity of our approach; however itis an issue for
our future work. Also we have observed that the possibilistic normal logic programs can
be expressed by standard logic programs. In fact, we have an experimental approach for
mapping possibilistic normal programs into standard logic programs. However it seems
that to express possibilistic disjunctive logic programs into standard logic programs is
not straightforward.

Nowadays, we are interested in supporting decision making in the medical domain.
Especially in the process of organ transplanting. In this issue, we have been defining an
argumentation framework for building arguments that support a given decision [17]. We
have seen that the use of arguments could help to infer consistent information from an
inconsistent knowledge base. In [17], it is described a process for inferring consistent
information from an inconsistent possibilistic knowledge base. This process consists
mainly of three steps:

1. To infer the possibilistic stable models from the possibilistic knowledge base,
2. To build arguments, and
3. Selection of arguments.

In [17], the knowledge base only could be expressed by possibilistic normal pro-
grams. Now, as future work we will define an argumentation framework based on
the possibilistic answer sets for inferring consistent information from an inconsistent
knowledge base.
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