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ABSTRACT Many association rule mining algorithms have been well-established, such as Apriori, Eclat,
FP-Growth, or LCM algorithms. However, the challenge is that the huge size of association rules is extracted
by using these algorithms, and it is difficult for users to select satisfied association rules from them. In this
paper, a new method is proposed to select satisfied association rules, which is based on the aggregation of
fuzzy linguistic satisfied degrees of extracted association rules. To this end, two problems must be solved,
one is which interesting measures are utilized to obtain fuzzy linguistic satisfied degrees of association
rules and the other is how to aggregate them. For the first problem, many objective and subjective interesting
measures have been proposed, which are generally included in [0, 1] or others universes and easily calculated
by support, confidence, or other measures, these interesting measures cannot be directly aggregated, because
different interesting measures represent different satisfied degrees of association rules. In this paper, a new
transformation function is proposed to transform these interesting measures into fuzzy linguistic satisfied
degrees, such as dissatisfied, fair, satisfied, and so on. For the second problem, by considering different
weights of objective and subjective interesting measures, linguistic aggregation operators are designed to
aggregate these fuzzy linguistic satisfied degrees of association rules. Accordingly, satisfied association
rules are selected by using order on the aggregation results of linguistic satisfied degrees. In cases’ study,
Apriori, Eclat, FP-Growth, and LCM algorithms are first utilized to extract association rules with higher
support or confidence measures from Chess, Connect, Mushroom, and T40I110D100K databases, then the
proposed method is applied to obtain fuzzy linguistic satisfied degrees of extracted association rules and
aggregate and select satisfied association rules from those extracted association rules, and comparison and
analysis show that the proposed method is a useful and alternative tool to select satisfied association rules
from extracted association rules.

INDEX TERMS Association rule mining, objective interesting measures, subjective interesting measures,
fuzzy linguistic satisfied degree, linguistic aggregation operator.

I. INTRODUCTION

After Agrawal proposed association rule mining [1], it has
become one of the most popular data mining techniques
and contributed to many advances in the area of knowl-
edge discovery, by which implicit, previously unknown and
potentially useful knowledge can be discovered from large
datasets. Generally, association rule mining consists of two
phases, one is to mine itemsets (or called patterns) according
to support measure, the other is to generate association rules
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from mined itemsets according to confidence measure, which
are formally explained as follows: Let (U, .A) be a transaction
database, where U be a non-empty finite set of transactions,
A a non-empty finite set of items and each transaction u € U
such that u € A. Subset A’ € A is called as an itemset
and u contains A’ if A’ C u. The count of A’ is the number
of transactions in U that contain A’, suppose that the total
number of transactions is |U| = n, support measure of A’ is
defined by Sup(A’) = l{ueUlnﬂ. A’ is called as frequent
itemset (FI) if Sup(A’) > r (r is a given minimum support).
Theoretically, all FIs are mined from subsets of .4 by scanning
U many times to obtain their counts, i.e., 2MI_ 1 nonempty
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subsets of A and their counts. In addition, foreach FI1 F; € A
such that Ay UA, = Frand Aj NA, = @,A — A
is an association rule generated by Fy, A; is as left side of
the rule and A; as right side of the rule. Suppose F; with /
items, then there are 2/ — 2 nonempty subsets can be used
to generate association rules, in which, confidence measure

Con(A; — Ay) = ‘;Zﬁgig of Ay — A is widely used to

evaluate “usefulness’ of these association rules. It is obvious
that mining all FIs and association rules become NP-hard
problem when U or A are in large datasets.

Existed association rule mining algorithms show that the
challenge is the huge size of extracted association rules and
many of them are redundant or useless in practical applica-
tions. Theoretically, the problem can be solved by utilizing
interesting measures [2]—[4], i.e., only those association rules
satisfied by interesting measures are generated. Roughly,
interesting measures of association rules can be divided
into objective and subjective interesting measures. Objective
interesting measures involve analyzing the association rules’
structure, predictive performance and statistical significance,
such as support and confidence measures which are mostly
used in association rule mining, in addition, interest factor,
certainty factor and entropy measures and so on. In [5],
a comparative study has been made for twenty-one objective
interesting measures, it seems that objective interesting mea-
sures may provide conflicting information in many situations,
one should examine their properties in order to select the
right objective interesting measure in association rule mining.
Subjective interesting measures take into account users’ the
knowledge and interests in association rule mining, in [6],
unexpectedness and actionability interesting measures are
provided, where unexpectedness means that association rules
are interesting if they are unknown for users or contradict
with users’ existing knowledge (or expectations), actionabil-
ity means that association rules are interesting if users can do
something with them, in practical applications, actionability
is partially handled through unexpectedness because action-
able rules are either expected or unexpected.

Compared objective interesting measures with subjec-
tive interesting measures in association rule mining meth-
ods, objective interesting measures are paid more attention
due to their explicit definitions and statistical significance
[7]-[18]. In fact, by considering objective interesting mea-
sures as a fitness function, association rule mining is trans-
formed into multi-objective optimization problem, and many
efficient algorithms can be designed, such as the cuckoo
optimization algorithm [19], weighted rule-mining tech-
nique [20], evolutionary algorithm [21], principal com-
ponents analysis [22], structured association map [23],
multi-tier granule structures [24] and many fuzzy optimiza-
tion algorithm [25]-[34]. Because decision making methods
are similar with multi-objective optimization, recently, they
become useful and alternative tools to mine association rules,
such as in [35], multiple-criteria decision making method is
utilized to evaluate objective interesting measures and help
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users to choose interesting measures in the context of associ-
ation rules. In [36], performance, memory space and response
time of mining algorithms are considered as decision criteria,
then multiple-criteria decision analysis is utilized to choose
the best association rule mining algorithm, the selected algo-
rithm can be applied to extract association rules from med-
ical records. In [37], based on involved criteria and covered
examples by association rules, a new measure is presented to
evaluate the similarity between two rules and a new genetic
algorithm is provided to obtain a reduce set of different
positive and negative quantitative association rules. In [38],
an adaptive relational association rule mining method is pro-
posed to discover interesting relational association rules from
the set of extracted association rules, which was established
by mining the data before the feature set changed and preserv-
ing the completeness. As our best knowledge, association rule
mining algorithms based on support and confidence measures
are well-established and widely used in large datasets, such
as Apriori [1], Eclat [39], FP-Growth [40] or LCM [41] algo-
rithms, adding others interesting measures in these algorithms
to mine satisfied association rules generally face memory
space or response time problem. Hence decision making
methods may be useful and alternative tools to select satisfied
association rules from the set of extracted association rules.

In the paper, fuzzy linguistic satisfied degrees are proposed
to explain several objective and subjective interesting mea-
sures, which are generally used to evaluate interestingness of
extracted association rules [5] and mine satisfied association
rules, then fuzzy linguistic satisfied degrees are aggregated
by considering different weights of objective and subjective
interesting measures, accordingly, satisfied association rules
are selected by using order on linguistic aggregation results of
extracted association rules. Major contributions of the paper
are summarized as follows:

1) Transform selection of satisfied association rules into a
decision making problem, where criteria are objective
and subjective interesting measures, which are easily
calculated by support measure, confidence measure
or structure of extracted association rule, alterna-
tives are the set of extracted association rules which
are generated by existed association rule mining
algorithms;

2) Present a new transformation function to trans-
form objective and subjective interesting measures of
extracted association rules into fuzzy linguistic sat-
isfied degrees. In practical applications, numbers in
[0, 1] or others universes of objective and subjec-
tive interesting measures cannot be directly aggregated
according to properties of interesting measures, and
fuzzy linguistic satisfied degrees is natural or artifi-
cial language, which can been easily understood by
users and processed by linguistic information process-
ing methods;

3) Propose different linguistic aggregation operators to
aggregate fuzzy linguistic satisfied degrees of each
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extracted association rule, which are based on different
weights of objective and subjective interesting mea-
sures, then order on linguistic aggregation results are
utilized to select satisfied association rules.

The rest of this paper is structured as follows: In Section II,
interesting measures of association rules are discussed and
2-tuple fuzzy linguistic representation model is briefly
reviewed, then selection of satisfied association rules is for-
malized as a decision making problem. In Section III, a new
transformation function is proposed to transform interesting
measures into fuzzy linguistic satisfied degrees of extracted
association rules. In Section IV, linguistic aggregation oper-
ators according to weights of objective and subjective inter-
esting measures are proposed to aggregate fuzzy linguistic
satisfied degrees of extracted association rules, then selec-
tion of satisfied association rules is carried out by linguistic
aggregation results. In Section V, Chess, Connect, Mushroom
and T40I10D100K databases are utilized to experiment and
analyze the proposed method, extracted association rules are
generated by Apriori, Eclat, FP-Growth or LCM algorithms.
Section VI is conclusion of the paper.

Il. PRELIMINARIES

In the section, forms and properties of interesting measures of
association rules and 2-tuple fuzzy linguistic representation
model are briefly reviewed, then satisfied association rule
mining is processed as a decision making problem.

A. INTERESTING MEASURES OF ASSOCIATION RULES
Interesting measures play an essential role in association rule
mining, which are utilized to extract and reduce association
rules from databases. In [2], interestingness is explained as
it is a broad concept that emphasizes conciseness, coverage,
reliability, peculiarity, diversity, novelty, surprisingness, util-
ity and actionability, if or not an association rule is inter-
esting is determined by these characteristic. According to
existed studies, interesting measures of association rules are
divided into objective and subjective interesting measures.
In [42], a semantic measure is considered as the semantics
and explanations of association rule, which is a special type
of subjective interesting measure due to semantic involving
domain knowledge from users.

1) OBJECTIVE INTERESTING MEASURES

Theoretically, many objective interesting measures can be
obtained from the raw database by using probability,
statistics or information theory, where support measure
Sup(A — B) represents generality of association rule and
confidence measure Con(A — B) represents reliability of
association rule, which are the most basic interesting mea-
sures and many other objective interesting measures can be
calculated by them, such as cosine measure C(A — B) =

% [2], conviction of association rule CA(A —
B) = % [43], and weighted relative accuracy

WA — B) = Sup(A)(Con(A — B) — Sup(B)) [44].
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Meanwhile, the properties of objective interesting measures,
such as symmetric, monotonic, dependent, invariant and con-
sistent, have been analyzed in [2], [5], [8], [21], [22]. Table 1
shows some objective interesting measures, in which trans-
action database is (U, A), forany A € A, A = A — A.
In Table 1, Add(A — B) and Lif (A — B) can also be used
to represent reliability of A — B. Acc(A — B) is used to
represent accuracy or veracity of A — B. Cer(A — B)isused
to represent variation of the probability that B is in an example
considering only those where A is present, Cer(A — B) > 0
means that B is satisfied more frequently when A is satisfied
than it is generically, Cer(A — B) = 0 means that B is
satisfied with the same frequency when A is satisfied as it
is generically, Cer(A — B) < 0 means that B is satisfied
less frequently when A is satisfied than it is generically [10].
Int(A — B) is used to represent surprise of association
rule for user, which discovers not only the rules with higher
frequency but also the rules comparatively less frequency in
the database [48].

2) SUBIJECTIVE INTERESTING MEASURES

Different with objective interesting measures, which are data-
driven and only take into account the data cardinalities, sub-
jective interesting measures are user-driven in the sense that
take into account the user’s a priori knowledge. In [6], unex-
pectedness and actionability of association rules have been
discussed as the two main subjective interesting measures,
and actionability is partially handled through unexpectedness
because actionable rules are either expected or unexpected.
From the granular computing point of view, the user’s a priori
knowledge on the set of transactions or items are generally
represented by information granules, which can be induced
by indiscernible, equivalent or similar relations on transac-
tions or items [49]—-[51]. For sake of simplicity, suppose that
information granule A, C A of a transaction database (U, .A)
is the user’s expected knowledge and information granule
A C Ais the user’s unexpected knowledge, where A,NAz =
@ and A, UA; € A. If A, UA; = A, then we call that
user owns distinct knowledge about (U, A), i.e., expected and
unexpected knowledge are distinct. Otherwise, there exists
indeterminate knowledge in the user’s a priori knowledge.
Accordingly, the following subjective interesting measures of
association rules are proposed, i.e., for any extracted associ-
ation rule A — B,

« Complete expected degree of association rule: Complete
expected degree of A — B can be defined by

4 > B) I(AUB)NA,|
— - - @@
Hece AU B

; (H
where | - | is cardinality of a set. If pe(A — B) = 1
(or AUB C A,), then the association rule A — B
is called as a complete expected association rule, i.e.,
both left and right sides of A — B are conformed to
the user’s expected knowledge, which is also called as a
conforming association rule [6];
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TABLE 1. Some objective interesting measures of association rules.

ID | Measure name Definition Domain
1 The relative support of A C A [1] Sup(A) = M [0, 1]
2 The relative support of association rule Sup(A — B) = Sup(A U B) [0, 1]
3 The confidence of association rule [1] Con(A — B) = %J)B) [0, 1]
4 Accuracy of association rule [2] Acc(A — B) = Sup(A — B) + Sup(A — B) [0, 1]
5 Added value or change of support [17] Add(A — B) = Con(A — B) — Sup(B) [-0.5, 1]
6 | Liftof association rule [45] Lif(A > B) = 22028 [0, 11
. o CO"(L)(SUP(B) if Con(A — B) > Sup(B),
7 Certainty Factor of association rule [46] | Cer(A — B) = Con(A—B) - Sup(B) [-1,1]
e 2Pl if Con(A — B) < Sup(B).
up(B)
8 Interestingness of association rule [47] Int(A — B) = S%pu(;\(z)B) X Suspu(ﬁ(g)B) X (1 — Sup(A — B)) [0, 1]

o Left expected degree of association rule: Left expected
degree of A — B can be defined by

[ANA,|
Hie(A — B) = A )

If (A — B) = 1 (orA C A,), then the association rule
A — Bis called as a left expected association rule, i.e.,
left side of A — B is conformed to the user’s expected
knowledge;

o Right expected degree of association rule: Right
expected degree of A — B can be defined by

[BNA|
Pre(A — B) = ———. 3)
B
If we(A — B) = 1 (or B C A,), then the association rule
A — Biscalled as a right expected association rule, i.e.,
right side of A — B is conformed to the user’s expected
knowledge;
o Complete unexpected degree of association rule: Com-
plete unexpected degree of A — B can be defined by
n [(AU B) N Ag| 4
Meu(A — B) = TAUB 4
If uew(A — B) = 1 (orAUB C Ap), then the association
rule A — B is called as a complete unexpected associ-
ation rule, i.e., both left and right sides of A — B are
conformed to the user’s unexpected knowledge;
o Left unexpected degree of association rule: Left unex-
pected degree of A — B can be defined by

|A N Agl
(A — B) = ——=. &)

Al
If (A — B) = 1 (or A C Ag), then the association
rule A — B is called as a left unexpected association
rule, i.e., left side of A — B is conformed to the user’s
unexpected knowledge;
« Right unexpected degree of association rule: Right unex-
pected degree of A — B can be defined by

[BN Ag|
A —> B) = ———. (6)
|B|
If u,u(A — B) = 1 (or B C Ap), then the association
rule A — B is called as a right unexpected association
rule, i.e., right side of A — B is conformed to the user’s
unexpected knowledge.
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It is obvious that subjective interesting measures («(A — B)
isin [0, 1] according to Egs. (1)-(6). In practical applications,
the more u«(A — B) is, the more expected or unexpected
association rule is. Formally, the above mentioned objective
and subjective interesting measures as criteria can be uti-
lized to select interesting, non-redundant, maximal-minimal,
actionable, expected or unexpected association rules
and so on.

In this paper, Acc(A — B), Cer(A — B) and Int(A — B)
are selected as objective evaluation criteria and six subjective
interesting measures w«(A — B) defined by Eqgs. (1)-(6) as
subjective evaluation criteria, the set of extracted association
rules is generated by Apriori, Eclat, FP-Growth or LCM
algorithms with higher Sup(A — B) and Con(A — B).
Then selection of satisfied association rules is transformed
into a decision making problem, i.e., extracted association
rules as alternatives are evaluated by criteria Acc(A — B),
Cer(A — B), Int(A — B) and six subjective interesting
measures («(A — B), decision making table can be con-
structed in Table 2. Accordingly, decision making method
can be utilized to select satisfied association rules instead of
multi-objective optimization models, which are widely used
to mine satisfied association rules.

It can be noticed from Table 1 that universes of
Acc(A — B) and Cer(A — B) are different, i.e., [0, 1]
and [—1, 1], in addition, Int(A — B) is general less than
Acc(A — B), this means that they correspond to different
satisfied degrees despite Inf(A — B) and Acc(A — B) have
the same universe [0, 1]. Similarly, expected and unexpected
degrees of association rules also correspond to different sat-
isfied degrees on universes [0, 1], hence numbers of these
interesting measures cannot be directly aggregated. In the
paper, these numbers of interesting measures are transformed
into fuzzy linguistic satisfied degrees of extracted association
rules, or they are normalized as linguistic satisfied degrees of
extracted association rules.

B. 2-TUPLE LINGUISTIC REPRESENTATION MODEL

Linguistic variable is the foundation of computing with
words or linguistic information processing [51], in which
information is represented by linguistic values, which are nat-
ural or artificial language and consisted by names of linguistic
values (or called as linguistic terms) and fuzzy sets, fuzzy
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TABLE 2. Decision making table of selection of satisfied association rules.

Objective and subjective interesting measures
Object interesting measures Subjective interesting measures
Rules Acc() T Cer() [ IntQ) | #eeQ | #1eQ [ #reO | #euO [ #1uQ [ #ru0
Ry : Ay — By V11 V12 V13 V14 V15 vig v17 v1s V19
Ry : Ay — B> V21 V22 V23 V24 v25 V26 v27 V2g V29
Rm : Am — Bm Um1 Um2 Um3 VUma Ums Vm6 Um7 Ums Vm9

sets are utilized to explain linguistic terms and linguistic
terms are utilized to describe fuzzy sets. Up to now, linguistic
decision making is an important application of computing
with words or linguistic information processing [52]-[57],
because fuzzy linguistic values provide a more direct way
to represent imprecise or uncertain information in decision
making problems, the representation is closest to human
being’s cognitive processes that occurs in real life. In lin-
guistic decision making, linguistic decision making methods
based on 2-tuple linguistic representation model [58] have
been paid more attention due to its’ computational simplic-
ity, no loss information, the accuracy and understandability
[59]-[67]. 2-tuple linguistic representation model can be for-
mally expressed as follows:

Let L = {s0, 51, , 8¢} be an initial linguistic term set,
whose semantics are provided by fuzzy sets on a universe of
discourse, a total order on L is for any s;,s; € S, s < s;
if and only if i < j, operators on § are Neg(s;) = s; where
J = g — i, max{s;, sj} = sj and min{s;, s;} = s; if 5; < 5j; a is
a numerical value that represents the value of the symbolic
translation, i.e., « = [-0.5,0.5) if 5; € {s1, -+, 8,1}
a = [0,05)if 5; = so; 0 = [-05,0)if 5y = s,.
Theoretically, 2-tuple fuzzy linguistic representation model
provides transformation from numerical values of [0, g] to
2-tuple linguistic terms on linguistic term set L:

A:[0,g] — L x[-0.5,05), 8= AB) =(sj,a). (7

where j =round(B), « = B —j € [—0.5,0.5) and round(-)
is the usual rounding operation, s; € L is the linguistic
term that is mostly close to 8 and « represents the symbolic
translation value. A is an one-to-one mapping, its inverse
function transforms 2-tuple linguistic terms to its equivalent
numerical values, i.e.,

AL x[-0.5,0.5) — [0, g,
(sj,0) — A7 (s, ) =j+a e[0,g].  (8)

Formally, the 2-tuple linguistic term (s;, &) can be used to
represent continues linguistic information on the universe of
discourse, such as in Fig.1, fuzzy set of each linguistic term
si € L = {sg, --- , s¢} is defined on the universe of discourse
[0, 1], fuzzy set of 2-tuple linguistic term (s3, 0.4) on L can
be induced by A or A1, where u € [0, 1] is the universe of
discourse of linguistic terms L, p is membership degree of
fuzzy set, for example membership degree of u = 0.75 corre-
sponding to fuzzy set of linguistic term s5 is 0.6. In the paper,
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FIGURE 1. The fuzzy set of 2-tuple linguistic term (s3, 0.4) on [0, 1].

denote all 2-tuple linguistic terms as Ljo,g) = {(s;, @)|s; €
L,a €[-0.5,0.5)}.

Combined with linguistic decision making method based
on 2-tuple linguistic terms, selection of satisfied association
rules is consisted by the following five steps: 1) Intelli-
gence: Alternatives of the problem are the set of extracted
association rules from a database by using Apriori, Eclat,
FP-Growth or LCM algorithms, the objective is to evalu-
ate extracted association rules and select satisfied associa-
tion rules; 2) Modeling: The framework is shown in Fig.2,
where each extracted association rule is evaluated by objec-
tive and subjective interesting measures, which represent
different satisfaction of association rules; 3) Information
gathering: Table 2 represents information gathering, each
viji=1,---,m,j=1,---,9) can be calculated by the raw
database and the user’s domain or background knowledge; 4)
Analysis: Evaluation values of Table 2 cannot be aggregated
directly due to their different satisfied degrees, which are
transformed into 2-tuple linguistic terms on initial linguistic
satisfied degrees set. Then linguistic aggregation operators
are provide to aggregate these linguistic satisfied degrees;
5) Selection: According to linguistic satisfied degree results,
satisfied association rules can be selected. The five steps are
also shown in Fig.(2).

I1l. LINGUISTIC SATISFIED DEGREES OF EXTRACTED
ASSOCIATION RULES

In this section, initial linguistic satisfied degrees are designed
and a new transformation function is provide to transform
evaluation values of Table 2 into 2-tuple linguistic satisfied
degrees of extracted association rules.

A. INITIAL LINGUISTIC SATISFIED DEGREE TERMS

In the paper, initial linguistic satisfied degrees are designed
as L = {so (very dissatisfied), s1 (dissatisfied), s» (slightly
dissatisfied), s3 (fair), s4 (slightly satisfied), ss5 (satisfied),
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FIGURE 2. Selection of satisfied association rules via aggregation of fuzzy linguistic satisfied degrees.
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FIGURE 3. Fuzzy sets of linguistic satisfied degrees for accuracy.
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-1 -0.67 -0.33 0 033 0.67 1y

FIGURE 4. Fuzzy sets of linguistic satisfied degrees for certainty factor.

se¢ (very satisfied)}, which are utilized to evaluate satisfied
degrees of extracted association rules according to interest-
ing measures of Acc(), Cer(), Int(), tceQ), pieQ)s LreQs e,
i, () and w4, () in Table 2. Based on analysis of objective and
subjective interesting measures, different interesting mea-
sures of Table 2 correspond to different linguistic satisfied
degrees, hence fuzzy sets of linguistic satisfied degree term
for different interesting measures are different, in the paper,
triangular or trapezoidal fuzzy sets of linguistic satisfied
degree term for different interesting measures are designed,
such as fuzzy sets of linguistic satisfied degrees for accuracy
of association rule are {,ug“, e ,/,LSCC} shown in Fig.(3),
where u € [0, 1] is domain of accuracy of association rule.
Others triangular or trapezoidal fuzzy sets of linguistic sat-
isfied degree terms are shown in Figs.(4)-(7), respectively,
where u € [—1, 1] of Fig.(4) is domain of certainty factor
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FIGURE 5. Fuzzy sets of linguistic satisfied degrees for interestingness.
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>
0 02 03 04 05 08 09 1u

FIGURE 6. Fuzzy sets of linguistic satisfied degrees for expected degree.

0 01 02 035 05 06 08 09 11U

FIGURE 7. Fuzzy sets of linguistic satisfied degrees for unexpected
degree.

of association rule, u € [0, 1] of Fig.(5) is domain of interest-
ingness of association rule, u € [0, 1] of Fig.(6) is domain of
expected degree of association rule and u € [0, 1] of Fig.(7)
is domain of unexpected degree of association rule, u of
Figs.(3)-(7) is membership degree of fuzzy set. Theoretically,
these fuzzy sets can be utilized to transform each interesting

91523



IEEE Access

F. Ren et al.: Selection of Satisfied Association Rules via Aggregation of Linguistic Satisfied Degrees

measure of association rule into linguistic satisfied degree
s; € L of the association rule.

B. A NEW TRANSFORMATION FUNCTION

To obtain linguistic satisfied degree of an association rule
for each interesting measure v;; in Table 2, v;; needs to be
transform into 2-tuple linguistic term on initial linguistic
satisfied degrees L according to their fuzzy sets shown
in Figs.(3)-(7) on domains of interesting measures,
respectively. Existed transformation methods are summarized
as follows:

e In fuzzy set theory [51], v;; can be transformed into
linguistic value sx(k = O0,---,6) according to the
maximum membership degree principle, i.e., g (vy) =
max{po(vij), - - - , e(vij)}, such as in Fig.2, v;; can be
described by linguistic term sg with membership degree
ug(vi).

e In 2-tuple linguistic representation model [58], v;;
can be transformed into 2-tuple linguistic term (s, o)
(k = 0,---,6)on L = {sg,---,s6} according to
membership degrees of v;; in all fuzzy sets of linguistic

Mk (vij) <k

Ym0 ik vi)

In this paper, a new transformation function is proposed to
obtain 2-tuple linguistic term (sx, ;) of interesting measure
v;j in Table 2, which is formalized as follows: Let initial
linguistic terms L = {so, --- , s} are defined on universe
[a1, as], triangular or trapezoidal fuzzy sets of initial linguis-
tic terms are {jg, - -+ , g} on [a1, az] and their centers are
{vo, -+ ,vg}, ie., forany k € {0,---, g}, center vy of py
is the center of the set {v|ur(v) = 1}. Denote cross point
of triangular fuzzy membership functions px—1 and i is
Uk—1k> such as in Fig.3, the cross point of triangular fuzzy
sets wo and w3 of linguistic satisfied degree s, and s3 is (423
Then for any v € [ay, az], 2-tuple linguistic term (sx, ox) of
v is decided by

satisfied degrees, i.e., (s;, o) = A(Z,?:O

A ar, az]l — Ljog
v i—> (Sk, k), ©)

sk satisfies g (v) = max{po(v), - - - , ug(v)} and oy is

_ SO —vi)(ur(v) — 1)

(I =8O =viig—1k + 1+ SO = vi))ikk+1) — 2
where S(v — vi) is sign function, i.e., S(v — v) = 1 if
v—vr>0and S(v —vy) = —1ifv—vr <O.

Property 1: In Eq.(9), o« satisfies the
propositions:

1) If v—v; <0, then oy € [—0.5, 0);

2) Ifv—v; =0, then o = 0;

3) If v— v, > 0, then o € (0, 0.5].

Proof: 1) If v—v; < 0,then S(v—v;) = —1 and vis placed
at the left of the center vi. in such case,

(275

following

o = —(ur(v) = 1)
(I = D))=k + A+ (D)) pre+1) — 2
=@ 11—

S 2pk—k —2 20 = pge—ne
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Because wi(v) = max{pmo(v), -- -, ug(v)} and w1y is the
cross point of px—1 and g, we have wg—1x < pr(v), ie.,
1—pk (v) _ _1 1—pr(v) _

0 < =y < 1land o = 3 X R e [-0.5,0),

especially, if (V) = k-1, then o = —0.5.

2)Ifv—vy =0,thenv = v, i.e., ur(v) = ur(vy) = 1 and
S —vi)(urg(v) — 1) = 0, hence ax = 0.

3)If v — v > 0, then S(v — v¢) = 1 and v is placed at the
right of the center v. in such case,

o = —(uk(v) = 1)
(I = (=DE-—nr + A + (D) pke+1) — 2
_ om0 —=1 11— )
24y —2 21— ey
Because u(v) = max{mo(v), -- -, ug(v)} and w1y is the
cross point of wy and pg41, we have w1y < ur(v), i.e.,
1—p(v) _ 1 1—p (v)
0 < =TT < 1and o = 7 X =TT e (0,0.5],

especially, if g (V) = (kk+1), then ax = 0.5.

Intuitively, Property 1 shows that the transformation func-
tion A based on Eq.(9) can be utilized to transform any num-
ber vin [a1, ap] into 2-tuple linguistic term (s, o) on initial
linguistic terms L with fuzzy sets defined on [a, az], where
1) the number v with the membership degree in [ —1y, 1)
is described by the 2-tuple linguistic term (sx, ox)(ox €
[—0.5,0)), and v with the membership degree p—1)k is
described by (s, —0.5); 2) v = v; with the membership
degree 1 is exactly described by si; 3) the number v with
the membership degree in [k 1), 1) is described by the
2-tuple linguistic term (sx, og)(ox € (0,0.5]), and v with
the membership degree pik+1) is described by (si, 0.5) =
(sk+1, —0.5), it is coincide with our sense.

Example 1: In Fig.1, for v = 0.75, according to the
maximum membership degree principle, v = 0.75 is trans-
formed into s5 because membership degree 0.6 of v is
maximum.

Based on 2-tuple linguistic representation model, v = 0.75
is transformed into 2-tuple linguistic term (ss5, 0.33) due to
A(REEIX0) = A(5.33) = (55, 0.33).

Based on the new transformation function A defined by
Eq.(9), v = 0.75 is transformed into 2-tuple linguistic term
(s5,04)duetov—vs > 0and a = % =0.4.

Based on the transformation function A defined by Eq.(9),
decision making table of selection of satisfied association
rules shown in Table 2 can be transformed into linguistic
satisfied degree decision making table of association rules,
which is shown in Table 3.

IV. AGGREGATION LINGUISTIC SATISFIED DEGREES AND
SELECTION OF SATISFIED ASSOCIATION RULES

In this section, based on Table 3 and weights of objective
and subjective interesting measures, we propose linguis-
tic aggregation operators to aggregate linguistic satisfied
degrees of association rules, then satisfied association rules
can be selected from extracted association rules accord-
ing to order on linguistic evaluation results of association
rules.
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TABLE 3. Linguistic satisfied degree decision making table of association rules.

Linguistic satisfied degrees
Objective Criteria Subjective Criteria D
Rules Acc() T Cer() [ Int() | peeO | #1eQ [ #reQ | #euO [ #1uQ [ pru0
Ri: A1 — B; S11 S12 S13 S14 S15 S16 S17 S18 S19 dy
Ry : Ay — Ba 821 S22 S23 S24 S25 S26 S27 S28 S29 do
Rm : Am — Bm Sm1 Sm2 Sm3 Sma Sms5 Sm6 Sm7 Sms Sm9 dm

A. 2-TUPLE LINGUISTIC AGGREGATION OPERATOR
Existed 2-tuple linguistic aggregation operators can be
roughly divided into two categories: 1) non-considering
weight information; 2) considering weight information.
Here, three 2-tuple linguistic aggregation operators [59] are
reviewed. Formally, let L = {so, - - - , s} be an initial linguis-
tic term set, 2-tuple linguistic terms X = {(s1, 1), - - - , (S,
ay)} C Lyo,¢) are aggregated.

(1) 2-tuple linguistic arithmetic mean X : Ly, ., — Lio,g1,
which is the non-considering weight information linguistic
aggregation operator and formalized as

1 n
T((s1, 00, s o)) = A YA, )
j=1

1 n
= AC Y B, (10)
j=1

The 2-tuple linguistic arithmetic mean allows us to compute
the mean of 2-tuple linguistic terms in a linguistic and precise
way without any approximation process.

(2) 2-tuple linguistic weighted averaging operator X,
Lio.¢) = Lio.g1> which is the considering weight information
linguistic aggregation operator and formalized as

(51, 1), -+, (sm @) = AQ wiA™ (sj, @)
j=1

= A(Z w;B))- (11)
j=1

in which, {wy, ---, w,} such that each w; > 0 and 27:1
w;j = 1 are weights of 2-tuple linguistic terms in X.

(3) 2-tuple linguistic ordered weighted averaging operator
Xo : Ljy o = Lio,g1» which is the considering partial known
weight information linguistic aggregation operator and for-
malized as

Xo((s1, 1), -+ (s @) = A i), (12)

j=1
in which, g; is the jth largest value in {8y = A‘l(sj/, o)l =
1,2,---,n} and weight w; is decided by fuzzy linguistic
quantifier [68], i.e.,
_ el j—1 .
Wj—Q(;)—Q(T), J=12-,n (13)
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Function Q : [0, 1] — [0, 1] such that Vx, y € [0, 1], O(x)
< Q) ifx < yand

0, if0 <x <a,
x—a .
Ox) = , ifa<x<b, (14)
b—a
1, ifb<x <1,

parameters a, b € [0, 1] and a < b, different a and b mean
different fuzzy linguistic quantifier, such as “Most” with
a=0.3andb = 0.8, “Atleast half”” witha = 0and b = 0.5
and ““ As many as possible ” witha = 0.5and b = 1.

B. AGGREGATING LINGUISTIC SATISFIED DEGREES
Theoretically, linguistic satisfied degrees of extracted asso-
ciation rules in Table 3 can be aggregated by any linguis-
tic aggregation operator. However, in this paper, the user’s
expected and unexpected knowledge satisfies A, N Az = @,
i.e., linguistic satisfied degrees of expected and unexpected
degrees are exclusive, hence for each extracted association
rule R,‘, denote S,'2 = {S,‘4, Si5, Si6, Si7, Si8, S[g} and

Smax(Ri) = maxSp = max{sis, si5, Sis, 8i7, 8ig, Sio}.  (15)

In practical applications, the more the value s, (R;) is,
the more the rule R; is expected exclusive-or unexpected.
According to Table 3 and Eqs.(10)-(12), the following
linguistic aggregation operators are provided to aggregate
linguistic satisfied degrees of extracted association rules.

1) NON-CONSIDERING WEIGHTS OF EVALUATION CRITERIA
Because evaluation criteria of extracted association rules are
divided into object criteria and subjective criteria, the fol-
lowing two situations are considered in 2-tuple linguistic
arithmetic mean of linguistic satisfied degrees.

(1) Non-considering weights of object criteria and subjec-
tive criteria, i.e., object criteria and subjective criteria have
the same important degree, then linguistic arithmetic mean of
linguistic satisfied degrees of extracted association rules is

di = x1({si1, $i2, 83}, Smax (R}))
1_ |
= A(EX(SM, 52, 8i3) + Eﬂ’l”“")

1 1 1 1 .
= A(=p5; —Bi —Bi — B! , 16
(6ﬂ1+6,32+6,33+2/3max) (16)

in which, g1 = A™'(sin), B2 = A7 (i), Bis = AT (si3)
and B}, = A" (Spmax (R)). IE considering each element of
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Si» has the the same important degree, then Eq.(16) becomes
di = x1({si1, siz, si3}, Si)

1 1
= A(EJ_C(SH )82, 83) + ESiZ)
= ACBI+ 2Bt St Bt + =)
= 6 il 6 i2 6 i3 12 i4 12 i9)-

(2) Non-considering weights of Acc(), Cer(), Int() and
Smax (), then linguistic arithmetic mean of linguistic satisfied
degrees of extracted association rules is

di = X2(8i1, 8i2, $i35 Smax (R;))
= A(zﬂil + Z'Biz + Z,BB + Z,By',mx)- )

If non-considering weights of Acc(), Cer(), Int() and S, then
Eq.(17) becomes

di = x2(si1, Si2, 8i3, Si2)

1
= A(gﬁil + §ﬁi2 +- 4 §ﬁi9)-

2) CONSIDERING WEIGHTS OF EVALUATION CRITERIA
Because weights are stemmed from different sources, hence
known weights and partial known weights of evaluation
criteria are considered in the following linguistic weighted
aggregation operators.

(1) 2-tuple linguistic weighted averaging operators of
linguistic satisfied degrees are as follows:

o Considering known weights of object criteria and

subjective criteria, i.e.,

di = XL ({si1, 52, 53}, Smax (RD)) _
= AW1Xy(sits 5i2, 5i3) + W2Bpax)
= A(wi(w1Bi1 +w2Bi+w3Bi3) +w2Bu), (18)
in which, w and w» are weights of object criteria and subjec-
tive criteria, non-negative numbers w1, w> and w3 are weights
of Acc(), Cer() and Int() such that w; + wr + w3 = 1.
Similarly, if weights of Sij» = {si, - - , sio} such that w4 +
.-+ 4+ w9 = 1 are known, then
di = x2,({si1, si2, 53}, Si2)
= AW1Xyw(si1, 8i2, $i3) + w2Xy(S2))
= Awi(w18i1 + w282 + w3Bi3) + wa(waPia
+ w5 Bis + wePic + w71Bi7 + wsPis + woPiv)),  (19)
in which, Bix = A~ (su)(k = 4,5,6,7,8,9).
o Considering known weights of Acc(), Cer(), Int() and
Smax(), i.e.,

di = T(si1, 52, 513 Smax (R:))
= A(w1Bi1 +w2Bio + w3z +waB, ), (20)

in which, non-negative weights are such that wy +wy +w3 +
wy = 1. If weights of Acc(), Cer() , Int() and elements of Sj»
are known, i.e., w; + wp + --- + wg = 1, then

di = % (si1, 82, 5 519)
= Aw1Bi1 +w2Bi2 + -+ + woBi). 2n
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TABLE 4. A transaction database (U, .A).

1 2 3

N

(o) WU E OV R |

O———oHQ
——
==
——O—~,OoO—=Q
O = ——Q

(2) 2-tuple linguistic ordered weighted averaging opera-
tors of linguistic satisfied degrees are as follows:
« Considering partial known weights of object criteria and
subjective criteria, i.e.,

di = % ({si, 512, 53} Smax(R))
= Xo(Xo(Si1, Si25 Si3), Smax (R;))
= Aw1 8} + w2, (22)

in which, X,(si1, s2,53) = Alw1f; + w28, + w3p5),
By By Biy € 1Birs Bio, Bis} and B, > By > Bl B, B} €
(18] + 2B, + @3Bj3, Biyr} and B} = B7, w1, w3 and
w3 or wy and wy are decided are decided by Eq.(14) with
fixed a and b. Similarly, if weights of Sip = {sia, --- , sio}
are partial known, then

di = T2F@o(si1, $i2, 5i3)s Fo(Sid, - » 8i9))
= Aw18] +waB?), (23)
where, X,(si4, - -+, Si9) = AlwaBly + -+ + woBly). B €

{Bia, -+ . Bioy and B, = -+ = Blo. Bl B? € {wiB +
w2}, + 3Bz, wafiy + - - + wofjo} and B! > B}.
o Considering partial known weights of Acc(), Cer() , Int()
and s, 0, i.e.,

d; = )_Cz(sil, 5i2, Si35 Smax (Ri))
= Awi Bl +waB? + w3 +waBh. 24

in which, g}, B2, B3, B} € {Bi1, B, Bi3s Blyy} and B} >
,3,~2 > ﬂf > ,B;‘ . If weights of Acc(), Cer() , Int() and elements
of Sj, are partial known, then

di =X} (sit, -+, si9)
= AW} + -+ wop), (25)

where, B € {Bi1, -+, Bio} and B} > - = B

According to linguistic aggregation operators Egs.(15)-
(25), linguistic satisfied degrees of each association rule R;
can be aggregated, i.e., 2-tuple linguistic satisfied degree d;
of each association rule R; in Table 3 can be obtained.

C. SELECTION OF SATISFIED ASSOCIATION RULES
Based on Table 3, extracted association rules can be ranked

by 2-tuple linguistic satisfied degrees D = {dy, - - - , diu}, i.e.,
for any two association rules R; and Ry,
R; > Ry ifandonlyifd; > dy. (26)
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TABLE 5. Objective and subjective interesting measures of twenty two association rules.

Rules Evaluation Criteria
Object Criteria Subjective Criteria
(minSup = 0.5, minCon = 0.8) Acc() Cer() Int() Bee() Hie() Hre() Heu() Hiw () Bru()
Ry a1 — as (%, 1) 0.83 0 0.22 0 0 0 1 1 1
Ro :ai ANas — as (% 1) 0.67 0 0.25 0.33 0.5 0 0.67 0.5 1
R3 :a1 Naz N as — as (%, 1) 0.67 1 0.3 0.25 0.33 0 0.5 0.67 0
Ry :ayr Nag ANas — az (%, 1) 0.67 0 0.25 0.25 0.33 0 0.5 0.33 1
Rs : a1 Nags — a2 A as (%, 1) 0.67 1 0.3 0.25 0.5 0 0.5 0.5 0.5
Rg : a2 Nag N as — ar (%, 1) 0.67 1 0.375 0.25 0.33 0 0.5 0.33 1
Ry :aa Nas — a1 N az (% 1) 0.67 0 0.375 0.25 0.5 0 0.5 0 1
Rg a1 Naz — as (%, 1) 0.83 1 0.27 0 0 0 0.67 1 0
Ry : a1 Nas — as (%, 1) 0.83 0 0.22 0 0 0 0.67 0.5 1
Rip:a1 — as Nas (%,1) 0.83 1 0.27 0 0 0 0.67 1 0.5
Ri1:ax Aas — ar (%,0.8) 0.83 0.4 0.27 0 0 0 0.67 0.5 1
Ris:as — a1 Aaz (£,0.8) 0.83 0.4 0.27 0 0 0 0.67 0 1
Riz a1 Nag = a5 (5,1) 0.67 1 0.3 0.33 0.5 0 0.33 0.5 0
Ri4:aqs Nas — ay (%, 1) 0.67 1 0.375 0.33 0.5 0 0.33 0 1
Ris :a1 — a5 (5,1) 0.83 1 0.27 0 0 0 0.5 1 0
Rig : a5 — a1 (%,0.8) 0.83 0.4 0.27 0 0 0 0.5 0 1
Ri7 a3 — a2 (%,1) 0.83 0 0.22 0.5 1 0 0.5 0 1
Rig : a3z AN as — az (%, 1) 0.67 0 0.25 0.33 0.5 0 0.33 0 1
Rig : as — az (%, 1) 0.83 0 0.22 0.5 1 0 0.5 0 1
Rap : as N as — asz (%, 1) 0.67 0 0.25 0.33 0.5 0 0.33 0 1
Ro1 : a2 — as (%,0.83) 1 0 0.14 0 0 0 0.5 1 0
Ras : a5 — as (%, 1) 1 0 0.14 0 0 0 0.5 0 1
TABLE 6. 2-tuple linguistic satisfied degrees of twenty two association rules.
Evaluation Criteria
Object Criteria Subjective Criteria
Rules Acc() Cer() Int() tee() tie() tre() Heu() Hiw () tru ()
Ry (s5,0.36) 53 (s1,0.24) 50 S0 S0 s6 s6 s6
R, (s4,—0.43) 53 (s2,—0.5) (51,0.3) 53 S0 (54, —0.36) S s6
R3 (s4,—0.43) S6 (s2,0) (s1,—0.5) (s1,0.3) S0 S2 (s4,—0.36) S0
R4 (s4,—0.43) S3 (s2, —0.5) (s1,—0.5) (s1,0.3) S0 So (s1,0.18) S6
Rs (s4,—0.43) S6 (s2,0) (s1,—0.5) S3 S0 So So So
Rg (s4,—0.43) S6 (s3,—0.21) | (s1,—0.5) | (s1,0.3) S0 So (s1,0.18) S6
R7 (84, 7043) Se (53, 70.21) (Sl, 70‘5) S3 S0 S2 S0 Se
Rg (85,0.36) Se6 (52,70.16) S0 S0 S0 (84, 70.36) S6 S0
Ry (s5,0.36) s3 (s1,0.24) S0 S0 S0 (s4,—0.36) So S6
Rio (s5,0.36) S6 (s2,—0.16) S0 S0 S0 (s4,—0.36) S6 S4
Ry (s5,0.36) (s4,0.21) | (s2,—0.16) S0 S0 S0 (s4,—0.36) S4 S6
Ry2 (s5,0.36) (54,0.21) [ (s2,—0.16) S0 S0 S0 (54, —0.36) S0 S6
R13 (54, 7043) S6 (82,0.4) (81,0.3) S3 S0 (31,0.18) S92 S0
R14 (84, 7()‘43) Se (83,70.21) (51,0‘3) S3 S0 (81,0.18) S0 Se
R15 (55,0.36) Se6 (52, 7016) S0 S0 S0 S2 S6 S0
R15 (85,0.36) (84,0‘21) (52,70.16) S0 S0 S0 S2 S0 Se
Rq7 (s5,0.36) s3 (s1,0.24) s3 S6 S0 So S0 S6
Ris (s4,—0.43) s3 (s2,—0.5) (s1,0.3) s3 S0 (s1,0.18) S0 S6
R (s5,0.36) S3 (s1,0.24) s3 S6 S0 So S0 s6
R20 (54, —0.43) 83 (527 —0.5) (3170.3) 83 So (31,0.18) S0 S6
Ro1 Se S3 (s1,—0.38) S0 S0 S0 So s6 S0
Rzg Se S3 (51, 7038) S0 S0 S0 S2 S0 Se

Then satisfied association rules can be selected from ranking
association rules, i.e.,

Rumax = {Rild; = maxD = max{dy,dy, - - - , dn}}.
or s-level satisfied association rules in practical applications,

Ry = {Rild; = s}, (28)

27)

in which s is a fixed linguistic satisfied degree.

Example 2: Let a transaction database be (U, .A) shown
in Table 4, where U {1,2,3,4,5,6} and A
{a1, a2, a3, a4, as}. Let A, {az, a4}, Az = {a1, a2},
minSup() 0.5 and minCon() 0.8. By using Apri-
ori algorithm, twenty two association rules are generated,
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according to Table 1 or Eqgs.(1)-(6), objective and subjective
interesting measures of twenty two association rules can be
obtained, which are shown in Table 5. Based on Figs.(3)-(7),
objective and subjective interesting measures of twenty
two association rules are transformed in 2-tuple linguistic
satisfied degrees on L = {so (very dissatisfied), s1 (dissat-
isfied), s> (slightly dissatisfied), s3 (fair), sq4 (slightly sat-
isfied), ss (satisfied), s¢ (very satisfied)}, which are shown
in Table 6.

(1) Non-considering weights of evaluation criteria.
Linguistic aggregation operators x; and X, defined by
Eqgs.(16) and (17) are utilized to aggregate 2-tuple linguistic
satisfied degrees of twenty two association rules.
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TABLE 7. All aggregation results d; of twenty two association rules.

D
Rules T T T T T ) o T
Ry (55, -0.4) (51,-01) | (s5,-0.104) | (s5,—0.44) | (s3,0.208) | (s4,0.013) | (s4,—0.23) | (s3, —0.47)
R (51,0.345) | (sa,—0.48) | (s5,—0.26) (54,0.30) (s3,0.07) (54,0.00) (53,0.39) | (s3,—0.15)
Rs (s1,—-0.25) | (s4,-0.2) (51,—0.1) | (s4,—0.14) | (52,0.46) | (s, —0.26) | (s4,—0.05) | (s2,0.16)
R (51,0.345) | (s, —0.48) | (s5,—0.26) (54,0.30) | (s3,—0.36) | (s4,0.00) (s3,0.39) (52,0.20)
Rs (s3,0.43) (51, —0.36) (53,0.17) (s3,0.44) | (s3,—0.28) | (s3,0.23) (53,0.42) | (s3,—0.26)
Re (s5,0.00) (s5,—0.41) (s5,0.08) (s5,—0.23) | (s3,—0.12) | (s5,—0.39) | (s5,—0.18) | (s2,0.45)
R, (s5,0.06) (s5,—0.41) (s5,0.08) (s5,—0.23) | (s3,—0.22) | (s5,—0.39) | (s5,—0.18) | (s3,—0.49)
Rs (s5,0.2) (s5,—0.35) (s5,0.22) (s5,—0.08) | (s3,—0.48) | (s5,—0.11) | (s5,0.26) | (s2,—0.38)
Rg (85, 70‘4) (84, 70.1) (85, 70104) (55, 7044) (83, 70.39) (54, 0.013) (54, 7023) (82, 70.05)
RIO (85,0‘2) (85,70.35) (5570.22) (85, 7008) (83, 70.23) (55,70.11) (85,0.26) (8270.31)
Ri1 (s5,—0.1) (54,0.23) (55,0.03) (55, —0.26) | (s3,-0.3) | (s5,—0.46) | (s4,0.43) (52,0.25)
Riz (s5,—0.1) (51,0.23) (55,0.03) (55, -0.26) | (s2,0.44) | (55, —0.46) | (54,0.43) | (s2,—0.43)
Ris (s3,0.495) | (s4, —0.36) (s3,0.17) (s3,0.44) (52,0.37) (s3,0.23) (53,0.42) | (s2,—0.31)
Ria (s5,0.06) (s5,—0.41) (s5,0.08) (s5,-0.23) | (s3,—0.31) | (s5,—0.39) | (s5,—0.18) | (s2,0.38)
R15 (55,0.2) (55,70.35) (85,0.22) (55, 7008) (32,0.35) (55,70.11) (85,0.26) (51,0.39)
ng (85, 70.1) (84,0.23) (55,0.03) (55, 7026) (8270.27) (55,70.46) (84,0‘43) (81,0.34)
R17 (85, 70.4) (84, 70.1) (85, 70104) (85, 7044) (83, 0208) (54, 0.013) (54, 7023) (83, 70.31)
Ris | (54,0.345) | (sa,—0.48) | (s5,—0.26) (54,0.30) (s2,0.46) (54,0.00) (s3,0.39) (52,0.13)
Rio (s5,—0.4) (54, —-0.1) | (s5,—0.104) | (s5,—0.44) | (s3,0.208) | (s4,0.013) | (s, —0.23) | (ss3,—0.31)
Ra0 (51,0.345) | (s, —0.48) | (s5,—0.26) (s4,0.30) (s2,0.46) (54,0.00) (s3,0.39) (52,0.13)
Ra1 | (55, —0.397) | (51,-0.2) (s5,—0.06) | (s5,—0.23) | (52,0.30) | (s1,—0.02) | (sa,0.14) (s1,0.08)
Rao (s5,—0.397) (s4,—0.2) (s5,—0.06) (s5,—0.23) (s2,0.30) (s4,—0.02) (s4,0.14) (s1,0.08)

(2) Considering known weights of evaluation criteria, i.e., e Using X2: Ruax = (R, Ri0,R15}, Rsy,0) {Re,
« linguistic aggregation operator )_cvlv defined by Eq.(18) is R71R8,_R110, Ri1, Ri2, Ri4, Ris5, Rig s
utilized to aggregate 2-tuple linguistic satisfied degrees o Using X, Rimax = {Rs, R0, Ris}, Riss.0) {R6,

of twenty two association rules, in which w; = 0.4 and
wy = 0.6, w1 = 0.4, wp = 0.2 and w3 = 0.4;

linguistic aggregation operator )_c?v defined by Eq.(20) is
utilized to aggregate 2-tuple linguistic satisfied degrees
of twenty two association rules, in which w; = 0.3,
wy = 0.1, w3 = 0.2 and wy = 0.4;

linguistic aggregation operator )?fv defined by Eq.(21) is
utilized to aggregate 2-tuple linguistic satisfied degrees
of twenty two association rules, in which w; = 0.2,
wy = 0.05, w3y = 0.15, W4 = 0.2, w5 = 0.05,
we = 0.05, w; = 0.2, wg = 0.05 and wg = 0.05.

R7,Rg, Ri0, R11, R12, R4, Ri5, Ri6};

Using X3¢ Rmaxr = (Rs, Rio, Ris), Riss—03) =
{Re, R7, Rg, R10, R11, R12, R14, R15, Ri6, Ro1, R2});
Using Xi: Rmar = {R1,R17, R0}, Ris300 = (Ri,
R2, R17, Ri9};

Using X1: Ruax = {Rs, Ri0, Ri5}, Riss.—03) = {Rs,
Ri0, R15};

Using X3: Rmax = (Rs, Rio,Ris), Riss0) = (Rs,
R10, R15};

Using X4 Ruax = {R2}, Riss—05) =
R17, Ri9};

{R2, R5, Ry,

In Example 2, it can be noticed that
« Some extracted association rules with higher Sup() and
Con() are not included in satisfied association rules

(3) Considering partial known weights of evaluation crite-
ria, where fuzzy linguistic quantifier Most with a = 0.3 and
b = 0.8 is selected to obtain weights, i.e.,

« linguistic aggregation operator )_c(l) defined by Eq.(22)) is
utilized to aggregate 2-tuple linguistic satisfied degrees
of twenty two association rules, in which w; = 0.4 and
wo =0.6,a)1 = %,0)2 = % anda)3 = 14—5;

« linguistic aggregation operator )_ci defined by Eq.(24) is
utilized to aggregate 2-tuple linguistic satisfied degrees
of twenty two association rules, in which w; = 0, wy =
%,W3 = % and wy = %;

« linguistic aggregation operator )_cﬁ defined by Eq.(25) is
utilized to aggregate 2-tuple linguistic satisfied degrees,
in whichw; =0, wy =0, w3 = 11—5,W4 = W5 = Wg =
w7 = %,ws = % and wg = 0.

Rumax or s-level satisfied association rules R, such as
R13 with Sup(R13) = % and Con(R13) = 1, Ry with
Sup(R») = 7 and Con(Ry) = 0.83 and Ry, with
Sup(Ry) = % and Con(R»y) = 1 are not in R, and
Rs. This means that satisfied association rules are not
decided by interesting measures Sup() and Con();

Different linguistic aggregation operator can be uti-
lized to obtain different satisfied association rules from
extracted association rules, such as R,y of )_cfv, Rimax
of )_c‘o‘ and R,.c of X1 or X, are different each other.
This means that linguistic aggregation operator and
weights of objective and subjective interesting measures
can be utilized to select different satisfied association

All aggregation results d; are shown in Table 7. Based on
Eqgs.(27) and (28), the following satisfied association rules
can be selected from twenty two association rules.
o Using Xi: Rpax = {Rs, Ri0, Ris}, Riss.00 = {Re,
R7, R3, Rio, Ri4, Ris};

rules.
It seems that linguistic aggregation operators provide an alter-
native and useful tool to select satisfied association rules from
the huge size of extracted association rules, in which, dif-
ferent linguistic aggregation operator or weights of objective
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TABLE 8. The characteristics and parameters of chess, connect, mushroom and T40110D100K databases.

Dataset Items | Transactions | (Sup(),Con()) | Number Expected knowledge A, Unexpected knowledge Az
Chess 75 3196 (0.8,0.8) 558825 11,15} {50, -, 75}

Connect 129 67557 0.97,08) 8002 {21,---,30) U {61, -, 70} {51, - ,60} U{8L, --,100}
Mushroom 119 8124 (03,058 13558 {31, - ,50] {61, -, 100}
T40IT0D100K | 1000 100000 (0.013,0.8) 146451 | {1, --,100} U {450, --,600} | {200, -, 300} U {850, --,900}

Algorithm 1 Selecting Satisfied Association Rules Based on
Linguistic Aggregation Operators
Input: A transaction database (U, A).
Output: Satisfied association rules.
Method:
1) Using Apriori, Eclat, FP-Growth and LCM algorithms
to extract the set R of association rules with higher sup-
port or confidence measures.
2)fori:=1:|R|do
3) forj:=1:9do
4)  vij = Acc(R)), Cer(R;), Int(R;), frce(Ri), pie(R)),
Mre(Ri), peu(Ri), pi(R;) and iy (R;)
5)  A®y) = (sk, ox) based on Eq.(9) and Figs.(3)-(7)
6) end
7) linguistic satisfied degree d; = Agg(A(vir),:--,
A(vi9)) by linguistic aggregation operators Eqs.(16)-(25)
8) insert d; to D
9) end for
10) sort D with the descending order of d;
11) return satisfied association rules R, or R

and subjective interesting measures can help us to select
satisfied association rules. Accordingly, Algorithm 1 based
on linguistic aggregation operators can be designed to select
satisfied association rules from the huge size of extracted
association rules.

In the next section, four real databases are utilized to show
selection of satisfied association rules via Algorithm 1.

V. CASES STUDY

In the section, Chess, Connect, Mushroom and T40I110D 100K
databases are utilized to experiment selection of satis-
fied association rules via aggregation of linguistic satisfied
degrees, where Chess, Connect and Mushroom are obtained
from http://archive.ics.uci.edu/ml/index.php, T40110D100K
is high-dimensional and sparse (HiDS) matrix, which is
generated using the generator from the IBM Almaden Quest
research group. In real applications, HiDS matrices are com-
monly encountered in many big-data-related and industrial
applications like recommender systems, recently, acquiring
useful patterns or generating highly accurate predictions from
them have become an important issue [69]-[73].

The characteristics of the four databases are shown
in Table 8, our experiments were performed on a ThinkPad
laptop with 2.3 GHz Intel i5-6200U CPU, 20 GB of mem-
ory, running 64-bit Windows 10. By using Apriori, Eclat,
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FP-Growth or LCM algorithms, extracted association rules
are generated from Chess, Connect and Mushroom databases,
their (Sup(), Con()) and the number of extracted associ-
ation rules are shown in Table 8. Objective and subjec-
tive interesting measures of extracted association rules from
three databases can be obtained according to Table 1 and
Egs. (1)-(6), linguistic satisfied degrees, weights of objective
and subjective interesting measures and linguistic aggrega-
tion operators are similar with Example 2.

In Chess database, 558825 association rules are extracted
according to (Sup(), Con()) = (0.8,0.8), in which,
34 extracted association rules with the maximum linguistic
satisfied degree (ss, 0.05) are selected by linguistic aggre-
gation operator X1, 34 extracted association rules with the
maximum linguistic satisfied degree (s5, —0.41) are selected
by Xx», 34 extracted association rules with the maximum
linguistic satisfied degree (s, —0.48) are selected by 7_53\»
1 extracted association rule with the maximum linguistic sat-
isfied degree (s5, —0.11) is selected by )_cfv, 5 extracted asso-
ciation rules with the maximum linguistic satisfied degree
(s3,0.33) are selected by )?fv, 1 extracted association rule
with the maximum linguistic satisfied degree (ss5, —0.02) is
selected by )_c}, 1 extracted association rule with the maximum
linguistic satisfied degree (s, —0.48) is selected by )_cz and
5 extracted association rules with the maximum linguistic
satisfied degree (s3,0.15) are selected by )?4;, the first five
satisfied association rules of them are shown in Table 9.
Fig.(8) shows analysis of time and spatial complexities by
using the proposed method in Chess database.

In Connect database, 8092 association rules are extracted
according to (Sup(), Con()) = (0.97,0.8), in which,
8 extracted association rules with the maximum linguistic
satisfied degree (ss, 0.06) are selected by linguistic aggre-
gation operator x|, 8 extracted association rules with the
maximum linguistic satisfied degree (s5, —0.40) are selected
by X3, 8 association rules with the maximum linguistic satis-
fied degree (s5, 0.10) are selected by )_cvlv, 8 association rules
with the maximum linguistic satisfied degree (ss, —0.09) are
selected by )_cfv 1 association rule with the maximum linguis-
tic satisfied degree (s3, 0.34) is selected by )_cfv, 5 association
rules with the maximum linguistic satisfied degree (s5, 0.03)
are selected by )?(1), 5 association rules with the maximum
linguistic satisfied degree (sg, —0.40) are selected by J_cf, and
2 association rules with the maximum linguistic satisfied
degree (s3,0.15) are selected by )_c;‘, the first five satisfied
association rules of them are shown in Table 10. Fig.(9)
shows analysis of time and spatial complexities by using the
proposed method in Connect database.
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TABLE 9. The first five satisfied association rules with the maximum linguistic satisfied degrees in Chess database.

Op E-Rules L-degree Op E-Rules L-degree Op E-Rules L-degree
TA29 A58 A66 — 60 | (s5,0.05) TA29AB58A66 — 60 | (s5,—0.41) TA29 A58 A 66 — 60 | (sg, —0.48)
7TA29A62 — 58 (s5,0.05) 7TA29A62 — 58 (s5,—0.41) 7TA29A62 — 58 (s6, —0.48)

Ty | TA40A62 — 58 (s5,0.05) To | TA40A 62— 58 (s5,—0.41) | To, | TA40A62 — 58 (s6,—0.48)
7TA52AB58A66— 60 | (s5,0.05) 7TA52AB58A66— 60 | (s5,—0.41) 7TA52A58A66— 60 | (s¢,—0.48)
7 A52A62 — 58 (s5,0.05) 7 A52A62 — 58 (s5, —0.41) 7 A52A62 — 58 (s6, —0.48)
62 — 25 (s5, —0.11) 52 A 60 A 62 — 58 (s3,0.33) 62 — 58 (55, —0.02)
29 A 40 A 62 — 58 (s5,—0.12) 52 A 58 A 66 — 60 (s3,0.33) 29 A 40 A 62 — 58 (s5, —0.03)

73 | 20 A52 A 62 — 58 (s5,—0.12) | T2 | 52 A 66 — 60 (s3,0.33) ZL | 29 A52 A 62 — 58 (s5,—0.03)
29 A 62 — 58 (s5,—0.12) 62 — 58 (s3,0.33) 29 A 62 — 58 (s5, —0.03)
40 A 52 A 62 — 58 (s5, —0.12) 66 — 60 (s3,0.33) 40 A 52 A 62 — 58 (s5, —0.03)
62 — 58 (s6, —0.48) 52 A 60 A 62 — 58 (53,0.15)

29 A 40 A 62 — 58 (s5,0.49) 52 A 58 A 66 — 60 (s3,0.15)
z3 | 29 A52 A 62 — 58 (s5,0.49) 72 | 52766 — 60 (s3,0.15)
29 A 62 — 58 (s5,0.49) 62 — 58 (s3,0.15)
40 A 52 A 62 — 58 (s5,0.49) 66 — 60 (s3,0.15)

FIGURE 8. Time and spatial complexities of satisfied association rules via aggregation of fuzzy linguistic satisfied degrees from Chess database.

TABLE 10. The first five satisfied association rules with the maximum linguistic satisfied degrees in Connect database.

Op E-Rules L-degree Op E-Rules L-degree Op E-Rules L-degree
T9A37TA88 — 01 (s5,0.06) 19 A37 A 88 — 91 (s5, —0.40) T9A37A88 — 91 (s5,0.10)
19 A 55 A 88 — 91 (s5,0.06) 19 A 55 A 88 — 91 (s5, —0.40) 19 A 55 A 88 — 91 (s5,0.10)
Ty | 75 A88 A 106 A109 — 91 | (ss5,0.06) Ty | 75 A 88 A 106 — 91 (s5,—0.40) | L, | 75 A88 A 106 A 109 — 91 | (s5,0.10)
37 A 55 A 88 — 91 (s5,0.06) 37 A 55 A 88 — 91 (s5, —0.40) 37 A 55 A 88 — 91 (s5,0.10)
75 A 88 A 106 — 91 (s5,0.06) 75 A 88 A 106 A 109 — 91 | (s5,—0.40) 75 A 88 A 106 — 91 (s5,0.10)
T9A37 A 88 — 91 (s5, —0.09) 88 — 91 (s3,0.34) 75 A 88 — 91 (s5,0.03)
19 A 55 A 88 — 91 (s5,—0.09) 55 A 88 — 91 (s3,0.33) 88 — 91 (s5,0.03)
73 | 37T A55A88 — 91 (s5,—0.09) | % | 55 — 91 (s3,0.33) z: | 88 A 109 — 91 (s5,0.03)
75 A 88 A 106 — 91 (s5,—0.09) 91 — 55 (s3,0.29) 88 A 109 A 127 — 91 (s5,0.03)
75 A 88 A 106 A 109 — 91 | (s5,—0.09) 88 — 55 (s3,0.28) 88 A 127 — 91 (s5,0.03)
75 A 88 — 91 (s6, —0.40) 55 A 88 — 91 (s3,0.15)
88 — 91 (s6, —0.40) 88 — 91 (s3,0.15)
75 | 88 A 109 — 91 (ss,—0.40) | T2 | 55— 91 (s3,0.15)
88 A 109 A 127 — 91 (s6, —0.40) 88 — 55 (s3,0.15)
88 A 127 — 91 (s6, —0.40) 88 A 91 — 55 (s3,0.15)

In Mushroom database, 43558 association rules are
extracted according to (Sup(), Con()) = (0.3, 0.8), in which,
3 association rules with the maximum linguistic satisfied
degree (s5, 0.04) are selected by linguistic aggregation oper-
ator X1, 3 association rules with the maximum linguistic
satisfied degree (s5, —0.43) are selected by Xx,, 6 association
rules with the maximum linguistic satisfied degree (s5, 0.09)
are selected by X\, 3 association rules with the maximum
linguistic satisfied degree (ss, —0.12) are selected by )_cfv,
3 association rules with the maximum linguistic satisfied

degree (s3, 0.33) are selected by )?ﬁ,, 3 association rules with
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the maximum linguistic satisfied degree (s5, 0.0) are selected
by )_c;, 3 association rule with the maximum linguistic sat-
isfied degree (s5, 0.49) are selected by )?[3, and 4 association
rules with the maximum linguistic satisfied degree (s3, 0.14)
are selected by )_cﬁ, the first five satisfied association rules
of them are shown in Table 11. Fig.(10) shows analysis of
time and spatial complexities by using the proposed method
in Mushroom database.

In T40I10D100K database, 146451 association rules are
extracted according to (Sup(), Con()) = (0.013,0.8), in
which, 3 association rules with the maximum linguistic sat-
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FIGURE 9. Time and spatial complexities of satisfied association rules via aggregation of fuzzy linguistic satisfied degrees from connect

database.

TABLE 11. The first five satisfied association rules with the maximum linguistic satisfied degrees in Mushroom database.

Op E-Rules L-degree Op E-Rules L-degree Op E-Rules L-degree
85 A86 A90 — 34 | (s5,0.04) 85 A86A90 — 34 | (s5,—0.43) 34 A 85 — 86 (s5,0.09)
86 A 90 — 34 A 85 | (s5,0.04) 86 A 90 — 34 A 85 | (s5,—0.43) 34 — 85 A 86 (s5,0.09)
T1 | 86A90 — 34 (s5,0.04) To | 86 A90 — 34 (s5,—0.43) | T, | 85A86A90 — 34 | (s5,0.09)
24 A53 — 90 A 94 | (s5,0.03) 24 A53 — 90 A 94 | (s5,—0.45) 86 A 90 — 34 A 85 | (s5,0.09)
34 — 85 A 86 (s5,0.03) 34 — 85 A 86 (s5, —0.45) 34 — 86 (s5,0.09)
34 A 85 — 86 (s5, —0.12) 34 A 85 — 86 (s3,0.33) 34 A 85 — 86 (55,0.0)
34 — 85 A 86 (s5,—0.12) 34 — 85 A 86 (s3,0.33) 34 — 85 A 86 (s5,0.0)
T3 | 34— 86 (s5,—0.12) | T2 | 34 — 86 (s3,0.33) zt | 34— 86 (s5,0.0)
85 A 86 — 34 (s5,—0.14) 85 A 86 — 34 (s3,0.32) 85 A 86 — 34 (s5, —0.05)
86 — 34 A 85 (s5, —0.14) 86 — 34 A 85 (s3,0.32) 86 — 34 A 85 (s5, —0.05)
34 A 85 — 86 (s5,0.49) 34 A 85 — 86 (s3,0.14)
34 — 85 A 86 (s5,0.49) 34 — 85 A 86 (s3,0.14)
75 | 34— 86 (s5,0.49) 74 | 34— 86 (s3,0.14)
85 A 86 — 34 (s5,0.42) 86 — 34 A 85 (s3,0.14)
86 — 34 A 85 (s5,0.42) 34 A85A90 = 86 | (s3,0.13)

FIGURE 10. Time and spatial complexities of satisfied association rules via aggregation of fuzzy linguistic satisfied degrees from mushroom

database.

isfied degree (s, 0.47) are selected by linguistic aggregation
operator X1, 1 association rules with the maximum linguis-
tic satisfied degree (sq, —0.29) are selected by x>, 3 asso-
ciation rules with the maximum linguistic satisfied degree
(s7, —0.45) are selected by )_cvlv, 10 association rules with the
maximum linguistic satisfied degree (s5, 0.4) are selected by
)_cfv, 1 association rules with the maximum linguistic satisfied
degree (s5, —0.37) are selected by )_cf:,, 10 association rules

with the maximum linguistic satisfied degree (s¢, 0.29) are
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selected by )_C(l), 1 association rule with the maximum lin-
guistic satisfied degree (s7, —0.42) are selected by )_c?, and
50 association rules with the maximum linguistic satisfied
degree (s4,0.03) are selected by )_cﬁ, the first five satisfied
association rules of them are shown in Table 12. Fig.(11)
shows analysis of time and spatial complexities by using the
proposed method in T40I110D 100K database.

It can be noticed from Tables 9-12 that linguistic aggre-
gation operators x| and X, seem own the similar effect in
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TABLE 12. The first five satisfied association rules with the maximum linguistic satisfied degrees in T40110D100K database.

Op E-Rules L-degree Op E-Rules L-degree
509 A 544 A 598 — 680 A 876 (s6,0.47) 509 A 544 A 598 — 680 A 876 (s6,—0.29)
680 A 876 A 900 — 509 A 544 A 598 | (sg,0.47) 680 A 876 A 900 — 509 A 544 A 598 | (sg, —0.30)
T 509 A 544 A 598 — 876 A 900 A 989 | (sg,0.47) T2 509 A 544 A 598 — 876 A 900 A 989 | (sg, —0.30)
509 A 544 A 598 — 618 A 876 A 989 | (sg,0.46) 509 A 544 A 598 — 618 A 876 A 989 | (sg, —0.31)
618 A 876 A 989 — 509 A 544 A 598 | (sg,0.46) 618 A 876 A 989 — 509 A 544 A 598 | (s, —0.31)
509 A 544 N 598 — 680 A 876 (s7,—0.45) 509 A 544 A 598 — 618 A 876 A 989 | (ss,0.40)
680 A 876 A 900 — 509 A 544 A 598 | (s7,—0.45) 618 A 876 A 989 — 509 A 544 A 598 | (s5,0.40)
Llu 509 A 544 A 598 — 876 A 900 A 989 | (s7,—0.45) ig'w 509 A 544 A 598 — 680 N 876 (s5,0.40)
509 A 544 A 598 — 618 A 876 A 989 | (s7,—0.46) 680 A 876 A 900 — 509 A 544 A 598 | (s5,0.40)
618 A 876 A 989 — 509 A 544 A 598 | (s7, —0.46) 509 A 544 A 598 — 680 A 876 A 966 | (ss,0.40)
205 A 339 A 544 — 509 A 598 A 900 | (s5,—0.37) 509 A 544 A 598 — 618 A 876 A 989 | (sg,0.29)
509 A 598 A 900 — 205 A 339 A 544 | (s5,—0.38) 618 A 876 A 989 — 509 A 544 A 598 | (sg,0.29)
ffu 205 A 544 A 598 — 339 A 509 A 900 | (s5,—0.40) Ei 509 A 544 A 598 — 680 A 876 (s6,0.29)
205 A 544 A 900 — 339 A 509 A 598 | (s5,—0.40) 680 A 876 A 900 — 509 A 544 A 598 | (sg,0.29)
205 A 598 A 900 — 339 A 509 A 544 | s5, —0.40) 509 A 544 A 598 — 680 A 876 A 966 | (sg,0.29)
509 A 544 N 598 — 680 A 876 (s7,—0.42) 205 A 509 A 598 — 339 A 544 (s4,0.03)
680 A 876 A 900 — 509 A 544 A 598 | (s7,—0.44) 205 A 544 A 598 — 339 A 509 (s4,0.03)
Ef’, 509 A 544 A 598 — 876 A 900 A 989 | (s7,—0.44) Eﬁ 205 A 544 — 339 A 509 A 598 (s4,0.03)
509 A 544 A 598 — 618 A 876 A 989 | (s7,—0.46) 339 A 509 A 598 — 205 A 544 (s4,0.03)
618 A 876 A 989 — 509 A 544 A 598 | (s7, —0.46) 339 A 544 — 205 A 509 A 598 (s4,0.03)

FIGURE 11. Time and spatial complexities of satisfied association rules via aggregation of fuzzy linguistic satisfied degrees from T40110D100K

database.

selecting satisfied association rules from extracted associa-
tion rules, because satisfied association rules selected from
Chess, Connect, Mushroom or T40I10D100K databases by
using x¥; and x; are almost the same. 2-tuple linguistic
weighted averaging operators and 2-tuple linguistic ordered
weighted averaging operators seem own different effect in
selecting satisfied association rules from extracted associa-
tion rules, because satisfied association rules selected from
Chess, Connect, Mushroom or T40I10D100K databases by
using them are very different. Satisfied association rules
selected from Chess, Connect, Mushroom or T40I10D100K
databases via aggregation of linguistic satisfied degrees fur-
ther show that linguistic aggregation operator and weights of
objective and subjective interesting measures can be utilized
to select different satisfied association rules from the huge
size of extracted association rules.

VI. CONCLUSION

Apriori, Eclat, FP-Growth or LCM algorithms have been
well-established, by which the huge size of association rules
with higher support or confidence measures are extracted
from databases. In the paper, a new method based on aggre-
gating linguistic satisfied degrees of extracted association
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rules has been proposed, which can be utilized to select
satisfied association rules from extracted association rules.
In the new method, objective and subjective interesting mea-
sures of extracted association rules are firstly transformed
into linguistic satisfied degrees, then linguistic aggregation
operators are designed according to weights of objective
and subjective interesting measures, which are utilized to
aggregate linguistic satisfied degrees of each extracted asso-
ciation rule, finally, order on linguistic aggregation results of
extracted association rules is used to select satisfied associ-
ation rules. Chess, Connect, Mushroom and T40110D100K
databases are utilized to experiment the new method, in which
association rules are extracted from them by Apriori, Eclat,
FP-Growth or LCM algorithms, results show that different
linguistic aggregation operator and weights of objective and
subjective interesting measures can be utilized to select differ-
ent satisfied association rules from the huge size of extracted
association rules.

REFERENCES

[1] R. Agrawal, T. Imieliniski, and A. Swami, ‘“Mining association rules
between sets of items in large databases,” in Proc. ACM SIGMOD Int.
Conf. Manage. Data, 1993, pp. 207-216.

VOLUME 7, 2019



F. Ren et al.: Selection of Satisfied Association Rules via Aggregation of Linguistic Satisfied Degrees

IEEE Access

[2]
[3]

[4]
[5]

[6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]
[17]
[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

L. Geng and H. J. Hamilton, “Interestingness measures for data mining:
A survey,” ACM Comput. Surv., vol. 38, no. 3, 2006, Art. no. 9.

B. Liu, W. Hsu, L.-F. Mun, and H.-Y. Lee, “Finding interesting patterns
using user expectations,” IEEE Trans. Knowl. Data Eng., vol. 11, no. 6,
pp. 817-832, Nov. 1999.

A. A. Freitas, “On rule interestingness measures,” Knowl.-Based Syst.,
vol. 12, pp. 309-315, Oct. 1999.

P-N. Tan, V. Kumar, and J. Srivastava, “Selecting the right objective
measure for association analysis,” Inf. Syst., vol. 29, no. 4, pp. 293-313,
2004,

B. Liu, W. Hsu, S. Chen, and Y. Ma, ““Analyzing the subjective interesting-
ness of association rules,” IEEE Intell. Syst. Appl., vol. 15,n0. 5, pp. 47-55,
Sep./Oct. 2000.

E. R. Omiecinski, “Alternative interest measures for mining associations
in databases,” IEEE Trans. Knowl. Data Eng., vol. 15, no. 1, pp. 57-69,
Jan. 2003.

J. Wu, S. Zhu, H. Xiong, J. Chen, and J. Zhu, “Adapting the right measures
for pattern discovery: A unified view,” IEEE Trans. Syst., Man, Cybern.,
B, Cybern., vol. 42, no. 4, pp. 1203-1214, Aug. 2012.

F. Berzal, I. Blanco, D. Sianchez, and M.-A. Vila, “Measuring the accuracy
and interest of association rules: A new framework,” Intell. Data Anal.,
vol. 6, no. 3, pp. 221-235, 2002.

D. J. Prajapati, S. Garg, and N. C. Chauhan, ‘“MapReduce based multilevel
consistent and inconsistent association rule detection from big data using
interestingness measures,” Big Data Res., vol. 9, pp. 18-27, Sep. 2017.
M. Delgado, M. D. Ruiz, and D. Sanchez, “New approaches for discover-
ing exception and anomalous rules,” Int. J. Uncertainty, Fuzziness Knowl.-
Based Syst., vol. 19, no. 2, pp. 361-399, 2011.

L. Wang, J. Meng, P. Xu, and K. Peng, “Mining temporal association rules
with frequent itemsets tree,” Appl. Soft Comput., vol. 62, pp. 817-829,
Jan. 2018.

J.Wu, Z. Y. He, and F. Y. Gu, “Computing exact permutation p -values for
association rules,” Inf. Sci., vols. 346-347, pp. 146-162, 2016.

D. Yadav and C. R. Chowdary, “OOIMASP: Origin based association
rule mining with order independent mostly associated sequential patterns,”
Expert Syst. Appl., vol. 93, pp. 62-71, Mar. 2018.

J. Sahoo, A. K. Das, and A. Goswami, “‘An efficient approach for mining
association rules from high utility itemsets,” Expert Syst. Appl., vol. 42,
no. 13, pp. 5754-5778, 2015.

T. Mai, B. Vo, and L. T. T. Nguyen, “A lattice-based approach for mining
high utility association rules,” Inf. Sci., vol. 399, pp. 81-97, Aug. 2017.
D. H. Glass, “Confirmation measures of association rule interestingness,”
Knowl.-Based Syst., vol. 44, pp. 65-77, May 2013.

Y. Xu, Y. Li, and G. Shaw, “‘Reliable representations for association rules,”
Data Knowl. Eng., vol. 70, pp. 555-575, Jun. 2011.

M. H. Afshari, M. N. Dehkordi, and M. Akbari, ‘“Association rule hid-
ing using cuckoo optimization algorithm,” Expert Syst. Appl., vol. 64,
pp. 340-351, Dec. 2016.

S. Mallik, A. Mukhopadhya, and U. Maulik, “RANWAR: Rank-based
weighted association rule mining from gene expression and methylation
data,” IEEE Trans. Nanobiosci., vol. 14, no. 1, pp. 59-66, Jan. 2015.

M. Martinez-Ballesteros, A. Troncoso, F. Martl’nez—Alvarez, and
J. C. Riquelme, “Obtaining optimal quality measures for quantitative
association rules,” Neurocomputing, vol. 176, pp. 36-47, Feb. 2016.

M. Martinez-Ballesteros, F. Martl’nez—Alvarez, A. Troncoso, and
J. C. Riquelme, “Selecting the best measures to discover quantitative
association rules,” Neurocomputing, vol. 126, pp. 3—14, Feb. 2014.

J. W. Kim, “Construction and evaluation of structured association map
for visual exploration of association rules,” Expert Syst. Appl., vol. 74,
pp. 70-81, May 2017.

Y. Li and J. Wu, “Interpretation of association rules in multi-tier struc-
tures,” Int. J. Approx. Reasoning, vol. 55, pp. 1439-1457, Sep. 2014.

M. Delgado, N. Marin, D. Sdnchez, and M.-A. Vila, “Fuzzy association
rules: General model and applications,” IEEE Trans. Fuzzy Syst., vol. 11,
no. 2, pp. 214-225, Apr. 2003.

M. Delgado, M. D. Ruiz, D. Sanchez, and J. M. Serrano, “A formal
model for mining fuzzy rules using the RL representation theory,” Inf. Sci.,
vol. 181, no. 23, pp. 5194-5213, 2011.

D. Taniar, W. Rahayu, V. Lee, and O. Daly, “Exception rules in association
rule mining,” Appl. Math. Comput., vol. 205, pp. 735-750, Nov. 2008.

J. Kupka and I. Tomanov4, “Dependencies among attributes given by fuzzy
confirmation measures,” Expert Syst. Appl., Int. J., vol. 39, pp. 7591-7599,
Jul. 2012.

VOLUME 7, 2019

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

[40]

(41]

[42]

[43]

(44]

[45]

[46]

(47]

(48]

(49]

(50]

(51]

D. H. Glass, “Fuzzy confirmation measures,” Fuzzy Sets Syst., vol. 159,
pp. 475490, Feb. 2008.

M. D. Ruiz, J. Gémez-Romero, M. Molina-Solana, J. R. Campafi, and
M. J. Martin-Bautista, ‘“Meta-association rules for mining interesting asso-
ciations in multiple datasets,” Appl. Soft Comput., vol. 49, pp. 212-223,
Dec. 2016.

D. Sanchez, M. Delgado, M. A. Vila, and J. Chamorro-Martinez, “On
a non-nested level-based representation of fuzziness,” Fuzzy Sets Syst.,
vol. 192, pp. 159-175, Apr. 2012.

C.-H. Chen, G.-C. Lan, T.-P. Hong, and S.-B. Lin, “Mining fuzzy tem-
poral association rules by item lifespans,” Appl. Soft Comput., vol. 41,
pp. 265-274, Apr. 2016.

J. Stoklasa, P. Luukka, and T. Taldsek, ““Set-theoretic methodology using
fuzzy sets in rule extraction and validation-consistency and coverage revis-
ited,” Inf. Sci., vols. 412413, pp. 154-173, Oct. 2017.

M. Antonelli, D. Bernardo, H. Hagras, and F. Marcelloni, ‘“Multiobjective
evolutionary optimization of type-2 fuzzy rule-based systems for financial
data classification,” IEEE Trans. Fuzzy Syst., vol. 25, no. 2, pp. 249-264,
Apr. 2017.

P. Lenca, P. Meyer, B. Vaillant, and S. Lallich, “On selecting interesting-
ness measures for association rules: User oriented description and multiple
criteria decision aid,” Eur. J. Oper. Res., vol. 184, pp. 610-626, Jan. 2008.
K. S. Lakshmi and G. Vadivu, “Extracting association rules from medical
health records using multi-criteria decision analysis,” Procedia Comput.
Sci., vol. 115, pp. 290-295, 2017.

D. Martin, J. Alcald-Fdez, A. Rosete, and F. Herrera, “NICGAR:
A niching genetic algorithm to mine a diverse set of interesting quantitative
association rules,” Inf. Sci., vols. 355-356, pp. 208-228, Aug. 2016.

G. Czibula, I. G. Czibula, A.-M. Sirbu, and I.-G. Mircea, “A novel
approach to adaptive relational association rule mining,” Appl. Soft Com-
put., vol. 36, pp. 519-533, Nov. 2015.

M. J. Zaki, S. Parthasarathy, M. Ogihara, and W. Li, “New algorithms
for fast discovery of association rules,” in Proc. 3rd Int. Conf. Knowl.
Discovery Data Mining (KDD). Newport Beach, CA, USA: AAAI Press,
1997, pp. 283-296.

J. Han, J. Pei, and Y. Yin, “Mining frequent patterns without candidate
generation,” in Proc. 19th ACM Int. Conf. Manage. Data. New York, NY,
USA: ACM Press, 2000, pp. 1-12.

T. Uno, T. Asai, Y. Uchida, and H. Arimura, “LCM: An efficient algorithm
for enumerating frequent closed item sets,” in Proc. CEUR Workshop
Frequent Item Set Mining Implement. TU, Aachen, Germany, vol. 90, 2003,
pp. 1-10.

Y. Yao, Y. Chen, and X. Yang, “A measurement-theoretic foundation of
rule interestingness evaluation,” in Foundations and Novel Approaches in
Data Mining, T. Y. Lin, S. Ohsuga, C. J. Liau, and X. Hu, Eds. Berlin,
Germany: Springer-Verlag, 2006, pp. 41-59.

S. Brin, R. Motwani, J. D. Ullman, and S. Tsur, “Dynamic itemset counting
and implication rules for market basket data,” in Proc. ACM SIGMOD
Int. Conf. Manage. Data, J. Peckham, Ed. Tucson, AZ, USA: ACM Press,
1997, pp. 255-264.

N. Lavrac, P. Flach, and B. Zupan, “‘Rule evaluation measures: A unifying
view,” in Proc. 9th Int. Workshop Inductive Logic Program. (ILP). Bled,
Slovenia: Springer-Verlag, 1999, pp. 174-185.

S. Brin, R. Motwani, and C. Silverstein, “Beyond market baskets: Gener-
alizing association rules to correlations,” in Proc. ACM SIGMOD/PODS
Joint Conf., 1997, pp. 265-276.

E. H. Shortliffe and B. G. Buchanan, “A model of inexact reasoning in
medicine,” Math. Biosci., vol. 23, pp. 351-379, Apr. 1975.

M. K. Gupta and G. Sikka, “Association rules extraction using multi-
objective feature of genetic algorithm,” in Proc. World Congr. Eng. Com-
put. Sci. (WCECS), San Francisco, CA, USA, 2013, pp. 23-25.

D. J. Prajapati, S. Garg, and N. C. Chauhan, “Interesting association rule
mining with consistent and inconsistent rule detection from big sales data
in distributed environment,” Future Comput. Inform. J., vol. 2, pp. 19-30,
Jun. 2017.

Z.Pei, Y. Xu, D. Ruan, and K. Qin, “Formal concept analysis based on the
topology for attributes,” Inf. Sci., vol. 236, pp. 66-82, 2013.

G. Chiaselotti, T. Gentile, and F. Infusino, ‘“Knowledge pairing sys-
tems in granular computing,” Knowl.-Based Syst., vol. 124, pp. 144-163,
May 2017.

L. A. Zadeh, “Toward a theory of fuzzy information granulation and its
centrality in human reasoning and fuzzy logic,” Fuzzy Sets Syst., vol. 19,
pp. 111-127, Sep. 1997.

91533



IEEE Access

F. Ren et al.: Selection of Satisfied Association Rules via Aggregation of Linguistic Satisfied Degrees

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

Z. Pei, D. Ruan, J. Liu, and Y. Xu, Linguistic Values Based Intelligent
Information Processing: Theory, Methods, and Applications. Paris, France:
Atlantis Press, 2010.

Z. Xu, Hesitant Fuzzy Sets Theory (Studies in Fuzziness and Soft Comput-
ing). Berlin, Germany: Springer, 2014.

F. Herrera and E. Herrera-Viedma, “‘Linguistic decision analysis: Steps for
solving decision problems under linguistic information,” Fuzzy Sets Syst.,
vol. 115, no. 1, pp. 67-82, 2000.

R. M. Rodriguez, L. Martinez, and F. Herrera, “Hesitant fuzzy linguistic
term sets for decision making,” IEEE Trans. Fuzzy Syst., vol. 20, no. 1,
pp. 109-119, Feb. 2012.

V. B. S. Silva and D. C. Morais, “A group decision-making approach
using a method for constructing a linguistic scale,” Inf. Sci., vol. 288,
pp. 423-436, Dec. 2014.

B. Zhu and Z. Xu, “Consistency measures for hesitant fuzzy linguistic
preference relations,” IEEE Trans. Fuzzy Syst., vol. 22, no. 1, pp. 35-45,
Feb. 2014.

F. Herrera and L. Martinez, “A 2-tuple fuzzy linguistic representation
model for computing with words,” IEEE Trans. Fuzzy Syst., vol. 8, no. 6,
pp. 746-752, Dec. 2000.

L. Martinez, R. M. Rodriguez, and F. Herrera, The 2-Tuple Linguistic
Model: Computing With Words in Decision Making. Cham, Switzerland:
Springer, 2015.

J.-H. Wang and J. Hao, “A new version of 2-tuple fuzzy linguistic rep-
resentation model for computing with words,” IEEE Trans. Fuzzy Syst.,
vol. 14, no. 3, pp. 435-445, Jun. 2006.

L. Martinez and F. Herrera, “An overview on the 2-tuple linguistic model
for computing with words in decision making: Extensions, applications and
challenges,” Inf. Sci., vol. 207, pp. 1-18, Nov. 2012.

F. Herrera, E. Herrera-Viedma, and L. Martinez, “A fuzzy linguistic
methodology to deal with unbalanced linguistic term sets,” IEEE Trans.
Fuzzy Syst., vol. 16, no. 2, pp. 354-370, Apr. 2008.

D. Meng and Z. Pei, ““On weighted unbalanced linguistic aggregation oper-
ators in group decision making,” Inf. Sci., vol. 223, pp. 31-41, Feb. 2013.
Z.Pei, D. Ruan, J. Liu, and Y. Xu, “A linguistic aggregation operator with
three kinds of weights for nuclear safeguards evaluation,” Knowl.-Based
Syst., vol. 28, pp. 19-26, Apr. 2012.

Z. Pei, L. Zou, and L. Yi, “A linguistic aggregation operator including
weights for linguistic values and experts in group decision making,” Int.
J. Uncertainty, Fuzziness Knowl.-Based Syst., vol. 21, no. 6, pp. 927-943,
2013.

G. Wei and X. Zhao, “Some dependent aggregation operators with 2-
tuple linguistic information and their application to multiple attribute group
decision making,” Expert Syst. Appl., vol. 39, no. 5, pp. 5881-5886, 2012.
G.-W. Wei, “Extension of TOPSIS method for 2-tuple linguistic multiple
attribute group decision making with incomplete weight information,”
Knowl. Inf. Syst., vol. 25, no. 3, pp. 623-634, 2010.

R. R. Yager, “On ordered weighted averaging aggregation operators in
multicriteria decisionmaking,” IEEE Trans. Syst., Man, Cybern., vol. 18,
no. 1, pp. 183-190, Jan./Feb. 1988.

X. Luo, M. Zhou, S. Li, Y. Xia, Z.-H. You, Q. Zhu, and H. Leung,
“Incorporation of efficient second-order solvers into latent factor models
for accurate prediction of missing QoS data,” IEEE Trans. Cybern., vol. 48,
no. 4, pp. 1216-1228, Apr. 2018.

X. Luo, M. Zhou, S. Li, and M. Shang, “An inherently nonnegative latent
factor model for high-dimensional and sparse matrices from industrial
applications,” IEEE Trans. Ind. Informat., vol. 14, no. 5, pp. 2011-2022,
May 2018.

91534

(71]

[72]

(73]

X.Luo,J. Sun, Z. Wang, S. Li, and M. Shang, ““Symmetric and nonnegative
latent factor models for undirected, high-dimensional, and sparse networks
in industrial applications,” IEEE Trans. Ind. Informat., vol. 13, no. 6,
pp. 3098-3107, Dec. 2017.

X. Luo, M. Zhou, S. Li, Z. You, Y. Xia, and Q. Zhu, “A nonnegative
latent factor model for large-scale sparse matrices in recommender systems
via alternating direction method,” IEEE Trans. Neural Netw. Learn. Syst.,
vol. 27, no. 3, pp. 579-592, Mar. 2016.

X. Luo, M. Zhou, Y. Xia, Q. Zhu, A. C. Ammari, and A. Alabdulwahab,
“Generating highly accurate predictions for missing QoS data via aggre-
gating nonnegative latent factor models,” IEEE Trans. Neural Netw. Learn.
Syst., vol. 27, no. 3, pp. 524-537, Mar. 2016.

FANGLING REN received the M.S. degree from
Yan’an University, Yan’an, China, in 2010, where
she is currently a Lecturer with the College of
Mathematics and Computer Science. Her research
interests include probability and mathematical
statistics, financial mathematics, and decision-
making theory. She has nearly 20 research papers
published in academic journals and has coauthored
Probability Statistics and Application.

ZHENG PEI received the M.S. and Ph.D. degrees
from Southwest Jiaotong University, Chengdu,
China, in 1999 and 2002, respectively. He is
currently a Professor with the School of Com-
puter and Software Engineering, Xihua University,
Chengdu. His research interests include rough set
theory, fuzzy set theory, logical reasoning, and
linguistic information processing. He has nearly
70 research papers published in academic jour-
nals or conferences.

KEHONG WU is currently pursuing the M.S.
degree with Xihua University, Chengdu. His
research interests include software engineering
and data analysis.

VOLUME 7, 2019



	INTRODUCTION
	PRELIMINARIES
	INTERESTING MEASURES OF ASSOCIATION RULES
	OBJECTIVE INTERESTING MEASURES
	SUBJECTIVE INTERESTING MEASURES

	2-TUPLE LINGUISTIC REPRESENTATION MODEL

	LINGUISTIC SATISFIED DEGREES OF EXTRACTED ASSOCIATION RULES
	INITIAL LINGUISTIC SATISFIED DEGREE TERMS
	A NEW TRANSFORMATION FUNCTION

	AGGREGATION LINGUISTIC SATISFIED DEGREES AND SELECTION OF SATISFIED ASSOCIATION RULES
	2-TUPLE LINGUISTIC AGGREGATION OPERATOR
	AGGREGATING LINGUISTIC SATISFIED DEGREES
	NON-CONSIDERING WEIGHTS OF EVALUATION CRITERIA
	CONSIDERING WEIGHTS OF EVALUATION CRITERIA

	SELECTION OF SATISFIED ASSOCIATION RULES

	CASES STUDY
	CONCLUSION
	REFERENCES
	Biographies
	FANGLING REN
	ZHENG PEI
	KEHONG WU


