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Abstract— One of the most well-known and extended data mining techniques is that of association rule mining, a helpful tool to
discover relations between items present in sets of transactions. Nevertheless, in some other scenarios, another interesting issue is that
of considering not only the possible relations involving presence of
items, but the absence of them. The problem gets more complex when
it is necessary to represent also imprecision and/or uncertainty in
the information. In this paper, we introduce a methodology to obtain
fuzzy association rules involving absent items. Additionally, our proposal is based on restriction level sets, a recent representation of imprecision that extends that of fuzzy sets, and introduces some new operators, covering some misleading results obtained from usual fuzzy
operators as, for example, negation. In our methodology, we define
new measures of interest and accuracy for fuzzy association rules as
RL-numbers, as well as we propose a new way of summarizing the
resulting set of fuzzy association rules, distributed in restriction levels.
Keywords— Absence of items, fuzzy association rules, restriction
levels

1 Introduction

terest in this problem, and additional information and efﬁcient
algorithms can be found in [4],[5],[6], and [7].
On the other hand, another interesting issue is that of applying the theory of fuzzy sets [8] in the modeling of how
items are included in transactions, leading to the deﬁnition of
fuzzy association rules. In the literature, some interesting approaches are discussed in [9], [10], [11], [12], and [13], among
others.
But, as far as we know, none of the cited works manage
properly the absence of items in the fuzzy case. In particular,
consider an item i that belongs to a fuzzy transaction with a
membership degree of 0.5. According to the usual fuzzy extension of the complement operator, the complementary item
¬i should belong to the same transaction with a membership
degree of 1 − 0.5 = 0.5, leading us to counterintuitive results.
Restriction level sets [14], a recently introduced representation
of fuzzy quantities that extends the representation by means of
fuzzy sets, manage to solve scenarios like these.
The representation via restriction level sets can be seen as
equivalent to that of fuzzy sets seen as collections of alpha
cuts, and hence it offers a alternative approach to the representation and management of fuzzy quantities, differing from
fuzzy sets in the sense that operations are deﬁned on levels.
However, some operations as negation result in a representation that may not correspond to the alpha cuts of a fuzzy set.
Actually, although a parallel deﬁnition of a logic model for
association rules based also on restriction level sets can be
found in [15], our proposal, in this paper, is a methodology
for mining fuzzy association rules via restriction level sets, instead of fuzzy sets, extending the deﬁnition introduced in [16],
and, in addition, considering both present and absent items.
The paper is organized as follows. Sections 2 and 3 are devoted to introduce the reader in the followed representations
and previous methodologies. Next, we introduce our proposal
in section 4, where we deﬁne new measures for fuzzy association rules, based on RL-numbers, and we describe some derived properties from these. Next, some aspects with respect
to the implementation and our ﬁrst experimentation results are
discussed in section 5. Finally, we present our concluding remarks as well as propose some interesting open issues in the
conclusions sections.

As the amount of information stored in databases grows continuously day after day, it is desirable the development of
tools, not only to properly manage all this knowledge, but
to get a proﬁt from it. Over the past two decades, considerable efforts have been devoted to the study and development of techniques in data mining and knowledge discovery
in databases. One of the most well-known and extended data
mining techniques is that of association rule mining, a helpful
tool to discover implicit, non-trivial and potentially useful relations between items in sets of transactions. The most known
example if that of market baskets, but association rules can be
also applied on relational databases. Since the original association rule deﬁnition was proposed in [1], many studies and
related methodologies have been devoted to extend this tool in
order to manage different scenarios and knowledge representations.
One interesting issue, approached in works like [2], and
[3], is that of considering both present and absent items. In
these cases, it is not only interesting to detect relations between items included in transactions, but also if the absence
of given items in the transaction can be related to the presence
2 Data mining tools
of some others. One possible application can be the discovery
of conﬂicts or complements between items, as well as the es- 2.1 Association rules
tablishment of constraints in the sets of items involved in the Given a set I (“set of items”) and a set of transactions T (also
data mining procedure. Some other authors have shown in- called T-set), each transaction being a subset of I, association
ISBN: 978-989-95079-6-8
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• The support of the fuzzy association rule A ⇒ C in the
rules [1] are “implications” of the form A ⇒ C that relate the
FT-set T  , Supp(A ⇒ C), is the evaluation of the quanpresence of itemsets (sets of items) A and C in transactions of
tiﬁed sentence Q of T are Γ̃A∪C = Q of T are (Γ̃A ∩ Γ̃C ).
T , assuming A, C ⊆ I, A ∩ C = ∅ and A, C = ∅.
In the case of relational databases, it is usual to consider that
• The conﬁdence of the fuzzy association rule A ⇒ C in
items are pairs attribute, value, and transactions are tuples
the FT-set T  , Conf (A ⇒ C), is the evaluation of the
in a table. For example, the item X, x0  is in the transaction
quantiﬁed sentence Q of Γ̃A are Γ̃C .
associated to a tuple t iff t[X] = x0 .
The ordinary measures proposed in [1] to assess associaAs seen in [16], the proposed method is a generalization
tion rules are confidence (the conditional probability p(C|A))
of the ordinary association rule assessment framework in the
and support (the joint probability p(A ∪ C)). An alternative
crisp case.
framework was proposed in [17]. In this framework, accuracy
is measured by means of Shortliffe and Buchanan’s certainty
3 Restriction-level representation
factors [18], in the following way: the certainty factor of the
3.1 Representation
rule A ⇒ C is
The RL-representation of an imprecise property is a collection
(Conf (A ⇒ C)) − S(C)
(1) of crisp sets, each crisp set corresponding to a crisp realizaCF (A ⇒ C) =
1 − S(C)
tion of the property under a restriction rule. We distinguish
if Conf (A ⇒ C) > S(C), and
between atomic and derived properties. Atomic properties are
those that cannot be deﬁned in terms of other properties in our
(Conf (A ⇒ C)) − S(C)
CF (A ⇒ C) =
(2) problem. Derived properties are deﬁned by logical operations
S(C)
on other properties.
In [14] we consider that atomic imprecise properties are
if Conf (A ⇒ C) < S(C), and 0 otherwise.
represented
by fuzzy sets, and hence restrictions are of the
Certainty factors take values in [−1, 1], indicating the extent
form
degree
≥ α with α ∈ (0, 1], and restriction levels are
to which our belief that the consequent is true varies when the
associated
to
values
α ∈ (0, 1]. In the same case, the crisp
antecedent is also true. It ranges from 1, meaning maximum
realization
of
an
atomic
imprecise property represented by a
increment (i.e., when A is true then C is true) to -1, meaning
fuzzy
set
A
in
the
restriction
level α corresponds to the α-cut
maximum decrement.
Aα .
For every property we assume that there is a ﬁnite set
2.2 Fuzzy association rules
of
restriction levels Λ = {α1 , . . . , αm } verifying that
In [16], the model for association rules is extended in order to
1
=
α1 > α2 > · · · > αm > αm+1 = 0, m ≥ 1. We call
manage fuzzy values in databases. The approach is based on
such
sets RL-sets. The consideration that a RL-set is ﬁnite is
the deﬁnition of fuzzy transactions as fuzzy subsets of items.
not
a
practical limitation since humans are able to distinguish

Let I = {i1 , . . . , im } be a set of items and T be a set of
a
limited
number of restriction or precision levels and, in pracfuzzy transactions, where each fuzzy transaction is a fuzzy
tice,
the
limit
in precision and storage of computers allows us

subset of I. Let τ̃ ∈ T be a fuzzy transaction, we note τ̃ (ik )
to
work
with
a
ﬁnite number of degrees (and consequently, of
the membership degree of ik in τ̃ . A fuzzy association rule is
levels)
only.
In
practice, the RL-set for an atomic property
an implication of the form A ⇒ C such that A, C ⊂ I and
represented
by
a
fuzzy
set A on an universe X is
A ∩ C = ∅.
It is immediate that the set of transactions where a given
(5)
ΛA = {A(x) | x ∈ support(A)} ∪ {1}
item appears is a fuzzy set. We call it representation of the

item. For item ik in T we have the following fuzzy subset of
The RL-set employed to represent a derived property is obT :
tained as the union of the RL-sets of the atomic properties

in terms of which the property is deﬁned. Finally, the RLΓ̃ik =
τ̃ (ik )/τ̃
(3) representation of an imprecise property on X is deﬁned in [14]
τ̃ ∈T 
as follows:
This representation can be extended to itemsets as follows:
let I0 ⊂ I be an itemset, its representation is the following Definition 1 A RL-representation is a pair (Λ, ρ) where Λ is
a RL-set and ρ is a function
subset of T  :

ρ : Λ → P(X)
(6)
Γ̃i = mini∈I0 Γ̃i
Γ̃I0 =
(4)
i∈I0

In order to measure the interest and accuracy of a fuzzy association rule, we must use approximate reasoning tools, because of the imprecision that affects fuzzy transactions and,
consequently, the representation of itemsets. In [16], a semantic approach is proposed based on the evaluation of quantiﬁed
sentences (see [19]). Let Q be a fuzzy coherent quantiﬁer:
• The support of an itemset Γ̃I0 is equal to the result of
evaluating the quantiﬁed sentence Q of T  are Γ̃I0 .
ISBN: 978-989-95079-6-8

The function ρ indicates the crisp realization that represents
the imprecise property for each restriction level. As an example, the RL-representation for an atomic imprecise property
deﬁned by a fuzzy set A is the pair (ΛA , ρA ), where ΛA is
obtained using equation (5), and ρA (α) = Aα ∀α ∈ ΛA .
Given an imprecise property P represented by (ΛP , ρP ),
we deﬁne the set of crisp representatives of P , ΩP , as
ΩP = {ρP (α) | α ∈ ΛP }

(7)
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For an atomic property A, the set of crisp representatives Definition 4 Let f : Rn → R and let R1 . . . Rn be RL-real
ΩA is the set of signiﬁcant α-cuts of A, as we have seen. How- numbers. Then f (R1 , . . . , Rn ) is a RL-real number with
ever, notice that in deﬁnition 1 there is no restriction about the

ΛRi
(11)
Λf (R1 ,...,Rn ) =
possible crisp representatives for non-atomic properties. In
1≤i≤n
particular, as a consequence of operations, they don’t need to
be nested, so the ﬁnal RL-representation of a derived property
is not always equivalent to the α-cut representation of fuzzy and, ∀α ∈ Λf (R1 ,...,Rn )
sets.
Rf (R1 ,...,Rn ) (α) = f (RR1 (α), . . . , RRn (α))
(12)
In order to deﬁne properties by operations, it is convenient
to extend the function ρ to any RL α ∈ (0, 1]. Let (Λ, ρ) be
This approach offers two main advantages:
a RL-representation with Λ = {α1 , . . . , αm } verifying 1 =
α1 > α2 > · · · > αm > αm+1 = 0. Let α ∈ (0, 1] and
• RL-numbers are representations of fuzzy quantities that
αi , αi+1 ∈ Λ such that αi ≥ α > αi+1 . Then
can be easily obtained by extending usual crisp measurements to fuzzy sets.
(8)
ρ(α) = ρ(αi )
• Arithmetic and logical operations on RL-numbers are
straightforward and unique extensions of the operations
Finally, let us remark that a RL-representation (Λ, ρ) on X is
on crisp numbers, verifying the following:
a crisp set A ⊆ X iff ∀α ∈ Λ, ρ(α) = A.
3.2

Interpretation in terms of evidence

Given a RL-representation (ΛA , ρA ) for an atomic property
A, the values of ΛA can be interpreted as values of possibility
of a possibility measure deﬁned ∀ρA (αi ) ∈ ΩA as
P os(ρA (αi )) = αi .

(9)

– They verify all the usual properties of crisp arithmetic and logical operations.
– The imprecision does not necessarily increase
through operations, and can even diminish. The
maximum imprecision is related to the number of
restriction levels employed.

4 Fuzzy association rules via restriction levels

Following this interpretation we deﬁne a basic probability
assignment in the usual way:
As we noted before, restriction level sets can be viewed as sets
of alpha cuts in fuzzy sets. Actually, if the restriction level set
represents an atomic property, the representation is equal to
Definition 2 Let (Λ, ρ) be a RL-representation with crisp
that of fuzzy sets. Following this idea, we extend the deﬁnition
representatives Ω. The associated probability distribution
of fuzzy association rules introduced in [16], using restriction
m : Ω → [0, 1] is
level sets instead. Moreover, since each restriction level cor
responds to a crisp set, and crisp operators hold for each level,
αi − αi+1 .
(10) we can deﬁne a fuzzy association rule via restriction levels as
m(Y ) =
αi | Y =ρ(αi )
an aggregation of all the related (crisp) association rules extracted at each restriction level.
In our approach, we represent items via restriction levels as
The basic probability assignment mF gives us information
about how representative of the property F is each crisp set in follows. Let I = {i1 , . . . , im } be a set of items and T  be
ΩF . For each Y ∈ ΩF , the value mF (Y ) represents the pro- a set of fuzzy transactions, where each fuzzy transaction is a
portion to which the available evidence supports the claim that restriction level set of I. Let τ̃ ∈ T  be a fuzzy transaction, we
the property F is represented by Y . From this point of view, note τ̃ (ik ) the membership degree of ik in τ̃ . Let suppα (ik ) be
a RL-representation can be seen as a basic probability assign- the support of ik (i.e., the probability that τ̃ (ik ) > α, ∀τ̃ ∈ T  )
ment in the sense of the theory of evidence, plus a structure at the restriction level α.
On the other hand, let ¬ik be the negation (absence) of item
indicating dependencies between the possible representations
ik , and let suppα (¬ik ) = 1 − suppα (ik ) be the support of
of different properties.
¬ik at the restriction level α. Note how, in the case of negated
3.3 RL-numbers
items, the subsequent restriction level set may not correspond
On the basis of RL-representations and operations, RL- necessarily to a fuzzy set.
Let I¯ = {¬i1 , . . . , ¬im } be the set of negated items from I,
numbers were introduced in [20] as a representation of im¯ C ∈ {I ∪ I},
¯ A ∩ C = ∅, the antecedent and
and
A ⊂ {I ∪ I},
precise quantities.
the consequent of the fuzzy association rule R : A ⇒ C. If we
see this fuzzy association rule R under its RL-representation
Definition 3 A RL-real number is a pair (Λ, R) where Λ is a
as the pair (ΛR , ρR ), we deﬁne the set of crisp representations
RL-set and R : (0, 1] → R.
of R, ΩR , as
We shall note RRL the set of RL-real numbers. The RL-real
ΩR = {ρR (α) | α ∈ ΛR }
(13)
number Rx is the representation of a (precise) real number x
iff ∀α ∈ ΛRx , RRx (α) = x. We shall denote such RL-real
where ρR )(α) = (R)α , that is, ρ represents the association
number as Rx or, equivalently, x, since in the crisp case, the rules at each restriction level. In other words, this fuzzy asset ΛRx is unimportant. Operations are extended as follows:
sociation rule can be viewed as the aggregation of all (crisp)
ISBN: 978-989-95079-6-8
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association rules of the form A ⇒ C that can be obtained at
each restriction level α.
Let Suppα (A ⇒ C), Confα (A ⇒ C), and CFα (A ⇒ C)
be, respectively, the support, conﬁdence and certainty factor
of the crisp association rule Suppα (A ⇒ C) at restriction
level α.
Following the deﬁnitions in section 2.2, we must deﬁne the
measures of interest and accuracy of a fuzzy association rule
in terms of evaluation of quantiﬁed sentences. Hence, we deﬁne the support, conﬁdence and certainty factor of the fuzzy
association rule A ⇒ C as RL-numbers, according to the RLevaluation process proposed in [21].
Definition 5 Let mR be the basic probability assignment for
association rule R : A ⇒ C at each restriction level. The
support of the fuzzy association rule A ⇒ C, RL-Supp(A ⇒
C), is given by


RLSupp(A ⇒ C) =
mR ((A ⇒ C)α ) · Suppα (A ⇒ C)

(14)

(A⇒C)α ∈ΩR

Definition 6 The confidence of the fuzzy association rule R :
A ⇒ C, RL-Conf(A ⇒ C), is given by


RLConf (A ⇒ C) =
mR ((A ⇒ C)α ) · Confα (A ⇒ C)

(15)

(A⇒C)α ∈ΩR

Definition 7 The certainty factor of the fuzzy association rule
R : A ⇒ C, RL-CF(A ⇒ C), is given by


RLCF (A ⇒ C) =
mR ((A ⇒ C)α ) · CFα (A ⇒ C)

(A⇒C)α ∈ΩR

(16)

rules, via restriction levels. The derived properties for this new
measure will be the object of study in a separate paper.
Finally, let us notice that, due to the followed RLrepresentation, and opposite to the fuzzy sets case, it is not
possible to ﬁnd itemsets containing both items i and ¬i, which
not only is desirable but also sounds logical.

5

Experiments

5.1 Implementation aspects
In our implementation, we start from the same Apriori-based
algorithm proposed in [16], with the exception that we must
compute the measures of interest and accuracy in terms of evidence in restriction levels, following deﬁnitions 5, 6, and 7.
Additionally, we must take into account that now we consider also absent/negated items, which result in a larger number of itemsets to be computed. I.e., if the original Apriori
algorithm [1] takes into account up to 2n itemsets, in our
proposal we must consider all the combinations of items and
negated items (except those impossible cases containing both
i and ¬i), resulting in a total number of (n + 1) · 2n ≈ n · 2n
itemsets. In each iteration, we must count the occurrences of
items in the set of transactions at each restriction level, but
also the absences of them. This results in that when considering combinations of items and negated items, we must correctly compute, for each restriction level, the correct support
for each itemset. I.e., supp({¬i1 , ¬i2 }) = 1 − (supp(i1 ) +
supp(i2 ) − supp({i1 , i2 })), supp({i1 , ¬i2 }) = supp(i1 ) −
supp({i1 , i2 }), and so on. One important remark is that we
need to keep all the generated itemsets, in order to have access
to their support values when necessary. This fact increases the
amount of necessary memory, and delays the threshold pruning (by minimum support, etc.) until the second stage of the
algorithm (association rule extraction).
According to this, the ﬁnal efﬁciency of the algorithm is approximately that of classic Apriori algorithm, but multiplied
by (n + 1) (due to negated items consideration) and by k (being k the number of restriction levels considered). One of our
pending tasks will be the study and development of a more efﬁcient algorithm. In this sense, one choice is that of parallelize
the overall process. Since each one of the restriction levels is
a crisp set, we can reduce the problem to that of concurrently
extract crisp association rules at each level, and then aggregate
the obtained measures. We will address this aspect in a future
paper.

These measures, RL-Supp(A ⇒ C), RL-Conf(A ⇒ C)
and RL-CF(A ⇒ C), can be viewed as the summarization of,
respectively, the support, conﬁdence, and certainty factor of
every crisp association rule A ⇒ C obtained at each restriction level. In fact, if the considered association rule has no
negated items involved, the following propositions (as generalizations of the one proposed in [21]) hold.
5.2 Experimentation results

In order to test the resulting algorithm, we ﬁrst performed our
Proposition 1 The RL-support of the fuzzy association rule
experiments over artiﬁcially generated set of transactions. We
A ⇒ C, RL-Supp(A ⇒ C), is equal to the support of the rule
randomly generated a set of transactions, involving 100 items
as computed in [16], using the method GD proposed in [22].
(and their negations), considered k = 10 restriction levels,
Proposition 2 The RL-confidence of the fuzzy association and obtained a total number of 39600 fuzzy association rules.
rule A ⇒ C, RL-Conf(A ⇒ C), is equal to the confidence of For space saving purposes, we restrict the number of items in
the rule as computed in [16], using the method GD proposed a rule to 2, 1 in the antecendent and 1 in the consequent. In
forthcoming papers, we will afford the study of more complex
in [22].
rules.
Let us remark that these same propositions for RL-Supp and
Each fuzzy association rule has a related set of (crisp) assoRL-Conf are not applicable for RL-CF since, again according ciation rules, present in each restriction level. Table 2 shows
to [16], the certainty factor for a fuzzy association rule was an example subset of the obtained rules, after establishing a
still computed in the same way as for a crisp one. Thus, we threshold of minimum support and minimum certainty factor
are deﬁning a new measure of accuracy for fuzzy association of 0.5. Note that, after establishing these thresholds, a rule
ISBN: 978-989-95079-6-8

1574

IFSA-EUSFLAT 2009
Table 1: Example of extracted fuzzy association rules
id#

Rule

#39283

¬i90 ⇒ ¬i92

Evidence

RL-Supp

RL-CF

0.4

0.31

0.31

#39295

¬i90 ⇒ ¬i95

0.4

0.30

0.25

#39347

¬i91 ⇒ ¬i92

0.4

0.31

0.31

#39359

¬i91 ⇒ ¬i95

0.1

0.05

0.05

#39463

¬i93 ⇒ ¬i95

0.5

0.38

0.36

#39503

¬i94 ⇒ ¬i95

0.5

0.38

0.36

#39519

¬i94 ⇒ ¬i99

0.6

0.45

0.38

#39591

¬i97 ⇒ ¬i99

0.5

0.38

0.37

#39599

¬i98 ⇒ ¬i99

0.5

0.38

0.37

may not appear in all restriction levels. For sake of simplicity
and space saving matters, only the rule number is shown. See
Table 1 for a more complete description of some of the rules.
Applying deﬁnitions 5 and 7, we can summarize the support
and certainty factor of the rules in the restriction levels, and
compute the measures for the fuzzy association rules. Table 1
shows some of the obtained fuzzy association rules. The rule
numbers correspond to the referred ones in previous Table 2.
In addition, another interesting issue of our proposed
methodology is that, in terms of the restriction levels evidence,
we can summarize also the obtained set of fuzzy association
rules. Actually, we can reduce the number of rules present
at each restriction level, by discarding those with low support
and/or low certainty factor. After this pruning, we can compute the associated probability distribution (see deﬁnition 10)
for each rule, and then interpret the resulting set of association rules in terms of evidence. For example, the association
rules shown in Table 2 could be summarize according to their
evidence in the following expression,
Ruleset = {#39519}/0.6 +
{#39463, #39503, #39591, #39599}/0.5 +
{#39283, #39295, #39347}/0.4

(17)

Again, for space saving purposes, we only refer to the rules
by its rule number. Let us remark that this expression is not
actually a fuzzy set, but still can be very helpful in order to
interpret the set of results, as we relate a relevance degree, the
basic probability assignment, to each rule or set of rules.
Finally, we applied our proposed methodology on real
data, obtained from a database containing soil information
(see [23] for a more complete description). We reduce the
set of data to those attributes modeled as fuzzy quantities
(Averagerainf all, Altitude, Depth, P H, and attributes describing the soil chemical composition). A set of linguistic labels {Low, M edium, High} was deﬁned for every attribute.
Table 3 shows some of the obtained fuzzy association rules,
all having Evidence = 1.0, restraining the thresholds of minimum support to 0.5 and minimum certainty factor to 0.7, for
space saving purposes.
Let us notice that considering absent items allows us
to improve the semantics of the rules. I.e., considering
item ¬Avg.Rainf all = Low allows us to represent both
ISBN: 978-989-95079-6-8

Table 3: Example of fuzzy association rules on real data
RL-Supp

RL-CF

P H = High ⇒ ¬Avg.Rain. = Low

Rule

0.616

0.97

P H = Low ⇒ ¬Avg.Rain. = M edium

0.616

0.97

P H = High ⇒ ¬Avg.Rain. = M edium

0.616

0.97

P H = High ⇒ ¬Avg.Rain. = High

0.616

0.97

P H = M edium ⇒ ¬Avg.Rain. = Low

0.616

0.97

P H = Low ⇒ ¬Avg.Rain. = Low

0.616

0.97

P H = M edium ⇒ ¬Avg.Rain. = M edium

0.616

0.97

P H = Low ⇒ ¬Avg.Rain. = High

0.616

0.97

P H = M edium ⇒ ¬Avg.Rain. = High

0.616

0.97

¬Alt. = Low ⇒ ¬Avg.Rain. = High

0.810

0.83

¬Alt. = M edium ⇒ ¬Avg.Rain. = High

0.810

0.83

¬Alt. = High ⇒ ¬Avg.Rain. = Low

0.810

0.83

¬Alt. = High ⇒ ¬Avg.Rain. = High

0.810

0.83

¬Alt. = M edium ⇒ ¬Avg.Rain. = Low

0.810

0.83

¬Alt. = High ⇒ ¬Avg.Rain. = M edium

0.810

0.83

¬Alt. = Low ⇒ ¬Avg.Rain. = M edium

0.810

0.83

¬Alt. = M edium ⇒ ¬Avg.Rain. = M edium

0.810

0.83

¬Alt. = Low ⇒ ¬Avg.Rain. = Low

0.810

0.83

Avg.Rainf all = M edium and Avg.Rainf all = High
concepts. This aspect will be addressed in more detail in a
forthcoming paper.

6 Concluding remarks
We have introduced a new methodology to represent fuzzy
association rules in terms of RL-sets, as an alternative representation to that of fuzzy sets. This methodology offers
some new advantages as, for example, it allows us to properly consider issues as fuzzy association rules involving absent items. As far as we know, ours is a novel methodology,
combining both presence and absence of items with imprecision and uncertainty management. Considering both presence
and absence of items can lead us to discern possible conﬂicts
between items or detect when a set of items complements another.
In addition, it also offers a method of summarizing the set
of obtained rules, representing them in a format similar to that
of fuzzy sets, and thus allowing us to help the user to discern
the relevance of a given rule or set of rules, along with the
usual measures of interest and accuracy. With respect to these
measures, we have seen how the resulting measures values are
the same to those obtained in the fuzzy set approach. In this
sense, our approach is still coherent with respect to previous
ones. Nevertheless, in the general case, and specially in the
case of the measure of certainty factor, new challenges appears
abroad, and the derived properties for these new deﬁnitions for
measuring the accuracy in rules will be approached in a future
paper.
Finally, we have extended an existing Apriori-based algorithm in order to consider a fuzzy association rule as the aggregation (RL-representation) of the related association rules

1575

IFSA-EUSFLAT 2009
Table 2: Example of (crisp) association rules distributed through restriction levels
PP
PP Rule #39283 #39295 #39347 #39359 #39463 #39503 #39519 #39591
PP
RL
P
P
1.0
×
×
×
×
×
×

#39599
×

0.9

×

×

×

×

×

×

×

×

0.8

×

×

×

×

×

×

×

×

0.7

×

×

×

×

×

×

×

×

×

×

×

×

×

×

0.6

×

0.5
×

0.4

at each restriction level. As the overall performance is affected [11] S. Ben-Yahia and A. Jaoua. A top-down approach for mining
fuzzy association rules. In Proc. 8th Int. Conf. on Informaby the higher number of itemsets to be taken into account, one
tion Processing and Management of Uncertainty in Knowledgepending task will be the optimization of this algorithm in order
Based Systems, IPMU’2000, pages 952–959, 2000.
to improve its efﬁciency.
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