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Abstract

This paper surveys some genetic-fuzzy data
mining techniques for mining both membership
functions and fuzzy association rules. The
motivation from crisp mining to fuzzy mining will
be first described. Three types of genetic-fuzzy
data mining approaches are then described
according to the utilized methods and different
mining problems, including Integrated Genetic-
Fuzzy approaches for items with Single Minimum
Support (IGFSMS), Integrated Genetic-Fuzzy
approaches for items with Multiple Minimum
Supports (IGFMMS) and Divide-and-Conquer
Genetic-Fuzzy approaches for items with Single
Minimum Support (DGFSMS).

Keywords: Data mining, Fuzzy set, Genetic
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1. Introduction

Data mining is most commonly used in
attempts to induce association rules from
transaction data [2]. An association rule is an
expression X - Y, where X is a set of items and Y
is a single item. It means in the set of transactions,
if all the items in X exist in a transaction, then Y
is also in the transaction with a high probability.
For example, assume whenever customers in a
supermarket buy bread and butter, they will also
buy milk. From the transactions kept in the
supermarkets, an association rule such as "Bread
and Butter - Milk" will be mined out. Most

previous studies focused on binary valued
transaction data. Transaction data in real-world
applications, however, usually consist of
quantitative values. Many sophisticated data-
mining approaches have also been proposed to
deal with various types of data presents a
challenge to workers in this research field [3, 23,
27].

As to fuzzy data mining, many approaches
have also been proposed for mining fuzzy
association rules [4, 13, 20, 22, 25]. Most of the
previous approaches, however, set a single
minimum support threshold for all the items or
itemsets and identify the relationships among
transactions. In real applications, different items
may have different criteria to judge their
importance and quantitative data may exist. We
thus divide the fuzzy data mining approaches into
two types, namely single-minimum-support
fuzzy-mining (SSFM) [4, 13, 20, 25] and
multiple-minimum- support fuzzy-mining
(MSFM) problems [22].

In fuzzy data mining, the first thing that it
needs to be done is to define appropriate
membership functions because they have a critical
influence on the final mining results. Generally
speaking, membership functions are defined by
experts. That is the best approach, absolutely.
However, experts may not always do this since
the customers’ favorites change all the time. Most
of the previous fuzzy data mining algorithms thus
assume the membership functions are already
known. Of course, it is not suitable when we try
to apply it to real applications. The algorithms
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that can derive both the appropriate membership
functions and fuzzy rules automatically are thus
developed. In this paper, we made a survey of
several algorithms that can mine both appropriate
membership functions and fuzzy association rules
[5,6,7,8,10, 11, 12, 17, 18, 19]. We divide them
into four different genetic-fuzzy data mining
problems according to the utilized approaches and
two types of problems in fuzzy data mining,
namely Integrated Genetic-Fuzzy approach for
items with Single Minimum Supports (IGFSMS)
[5, 8, 11, 17, 18, 19], Integrated Genetic-Fuzzy
approaches for items with Multiple Minimum
Supports  (IGFMMS) [7], Divide-and-Conquer
Genetic-Fuzzy approaches for items with Single
Minimum Supports (DGFSMS) [6, 10, 12] and
Divide-and-Conquer Genetic-Fuzzy approaches
for items with Multiple Minimum Supports
(DGFMMS) problems as shown in Table 1.

In the Table 1, in the integrated genetic-fuzzy
approaches, they encoded all membership
functions of all items (attributes) into a
chromosome (also called an individual). The
genetic algorithms are then used to derive a set of
appropriate membership functions according to
the designed fitness function. Finally, the best set
of membership functions are then used to mine
fuzzy association rules. On the other hand, the
divide-and-conquer genetic-fuzzy approaches go
in different direction. They encoded membership
functions of each item into a chromosome. In
other words, chromosomes in a population were
maintained just for only one item. We will
introduce them more in the following sections.

Table 1: The four different genetic-fuzzy
data mining problems

Divide-and-
Integrated
Approach ST
Approach
Single IGESMS DGFSMS
Minimum
Problem Problem
Support
Multiple | =) 1vs DGEMMS
Minimum
Problem Problem
Support

The remaining part of this paper is organized as
follows. Definition of the genetic-fuzzy mining
algorithm and its importance are first described in

Section 2. Some integrated genetic-fuzzy
approaches for items with single minimum
support are then described in Sections 3. Some
integrated genetic-fuzzy approaches for items
with  multiple minimum supports are then
described in Sections 4. Some divide-and-conquer
genetic-fuzzy approaches for items with single
minimum support are then described in Sections 5.
At last, the conclusions are given in Section 6.

2. Definition of the Subject and Its
Importance

Data mining techniques have been used in
different fields to discover interesting information
from databases in recent years. Association rules
mining is one of the popular data mining
techniques since it was proposed by Agrawal et al.
[2]. The basic concept of association rules is that
it tries to find a rule format likes “If milk was
bought, Then bread was bought” with a support
value and confidence value from transaction
dataset. The proposed approach was used for
binary data. However, in real applications,
guantitative data exists and should also be
considered. Srikant et al. thus proposed a method
for mining quantitative association rules from
those with quantitative attributes [23]. Fuzzy sets
which was proposed by Zadeh and Goguen in
1965 [26] are also used to mine fuzzy association
rules since the derived rules are easy to
understand for human. Many algorithms are thus
proposed for mining fuzzy association rules [4, 13,
20, 22, 25]. Most of these fuzzy data mining
algorithms assume the membership functions are
already known. In mining problems, the given
membership functions may, however, have a
critical influence on the final mining results. The
developing of mining algorithms that can mine
both appropriate membership functions and fuzzy
association rules automatically is thus an
important task. There at least have two reasons.
The first one is that companies may not always
ask experts to define the appropriate membership
function because it needs to spend lots of money
and time. The second reason is that the favorite
things of customers change all the time. Some
mechanisms are thus needed to adapt the
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membership  functions to these

automatically.

changes

3. Integrated Genetic-Fuzzy
approaches for items with Single
Minimum Support

In IGFSMS problem, many approaches have
been published [5, 8, 11, 17, 18]. Hong et al.
proposed a genetic-fuzzy data-mining algorithm
for extracting both association rules and
membership  functions  from  quantitative
transactions [11]. They propose a GA-based
framework for searching membership functions
suitable for mining problems and then use the
final best set of membership functions to mine
association rules. The proposed framework is
shown in Figure 1.
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Figure 1: GA-based framework for
searching membership functions

The proposed framework consists of two phases,
namely mining membership function and mining
fuzzy association rules phases. In the first phase,
the proposed framework maintains a population of
sets of membership functions, and uses the
genetic algorithm to automatically derive the
resulting one. It first transforms each set of
membership functions into a fixed-length string.
The chromosome was then evaluated by the
number of large 1-itemsets and the suitability of
membership functions. The fitness value of a
chromosome Cj is then defined as:

L, |

fC,)=—""——,
(€4 suitabilit y(C,)

where |L;| is the number of large 1-itemsets
obtained by using the set of membership functions
in Cq. The suitability measure was used to reduce
the occurrence of bad types of membership
functions. The two bad types of membership
function are shown in Figure 2, where the first
one is too redundant, and the second one is too
separate.

(a) Too redundant

(b) Too separate

Low Middle High Low Middle High
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Figure 2: The two bad types of
membership functions

Two factors, overlap factor and coverage factor,
are used to avoid those shapes. The overlap factor
is designed for avoiding the first bad case (too
redundant), and the coverage factor is for the
second one (too separate). After fitness evaluation,
it then chooses appropriate chromosomes for
mating, gradually creating good offspring
membership  function sets. The offspring
membership function sets then undergo recursive
evolution until a good set of membership
functions has been obtained. In the second phase,
the final best membership functions are gathered
to mine fuzzy association rules. The fuzzy mining
algorithm proposed in [14] is adopted to achieve
this purpose.

The calculation for large 1-itemsets, however,
would still take a lot of time, especially when the
database to be scanned could not totally fed into
main memory. An enhanced approach, called the
cluster-based fuzzy-genetic mining algorithm
were thus proposed [8] to speed up the evaluation
process and keep nearly the same quality of
solutions as that in [11]. The proposed approach
also maintains a population of sets of membership
functions, and uses the genetic algorithm to
automatically derive the resulting one. Before
fitness evaluation, the clustering technique was
first used to cluster chromosomes. In other words,
it used the k-means clustering approach to gather
similar chromosomes into groups. The two factors,
overlap factor and coverage factor, were then used
as attributes for clustering. For example, assume
there have ten chromosomes with its coverage and
overlap factor and shown in Table 2, where the
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column “suitability” represents the pair (coverage
factor, overlap factor).

The k-means clustering approach is executed to
divide the ten chromosomes into k clusters. In this
example, assume the parameter k is set at 3. The
three clusters found are shown in Table 3. The
representative chromosomes in the three clusters

are Cs (4.37, 0.33), C4(4.66, 0) and Cq (4.09, 8.33).

Table 2: The coverage and the overlap
factor of ten chromosomes

C, | Suitability | C, | Suitability
C, (4,0) Cs | (45,0
C, | (4.24,05) | C; | (4.45,0)
C: | (437,0) | Cq (4.37,

0.53)
Cs | (466,00 | Co (4.09,

8.33)
Cs | (437, | Cw | (4.87,0)

0.33)

Table 3: The three clusters found from the
ten chromosomes

Cluster; Chromosome Representalive
chromosome
CIUSterl Ci, Cy, Cs, Cq Cs
CIUSterz Cs, Cy, Cs, C7, Cyg Ca
CIUSter3 Cy Co

All the chromosomes in a cluster use the
number of large 1-itemsets derived from the
representative chromosome in the cluster and their
own suitability of membership functions to
calculate their fitness values. Since the number for
scanning a database decreases, the evaluation cost
can thus be reduced. In this example, the
representative chromosomes are chromosomes C,,
Cs, Co and it only needs to calculate the number
of large 1-itemsets three times. The evaluation
results are utilized to choose appropriate
chromosomes for mating in the next generation.
The offspring membership function sets then
undergo recursive evolution until a good set of
membership functions has been obtained. Finally,
the derived membership functions are used to
mine fuzzy association rules.

Besides, Kaya et al. also proposed several
genetic-fuzzy data mining approaches to derive
membership functions and fuzzy association rules
[17, 18, 19]. In [17], the proposed approach tries

to derive membership functions, which can get a
maximum profit within an interval of user
specified minimum support values and then using
the derived membership functions to mine fuzzy
association rules. The concept of their idea is
shown in Figure 3.

As shown in Figure 3(a), they first used
genetic-fuzzy mining approach to derived
membership functions form the given quantity
transaction database. The final membership
functions are then wused to mining fuzzy
association rules. The concept of maximizing the
large itemsets of the given minimum support
interval is used to design the fitness function as
shown in Figure 3(b). They also extended the
approach to mine fuzzy weighted association rules
[18]. Furthermore, since the fitness functions are
not easily to be defined for optimizing problems,
the multi-objective genetic algorithm has thus
been developed for this situation [15, 16]. In other
words, there always needs more than one criterion
to do things well in real applications. A set of
solutions, namely non-dominate points (also
called Pareto-Optimal Surface) is derived and
given to user instead the best one solution by
genetic algorithm. Kaya et al. thus proposed a
multi-objective  genetic  algorithm  based
approaches for mining membership functions,
which can generate interesting fuzzy association
rules [19]. Three objective functions, namely
strongness, interestingness and comprehensibility,
are used to find the Pareto-Optimal Surface.

uantitative

ransaction
Database

(a) The flowchart
Large Itemsets

Large_ltemsets[1]

™S

Large_ltemsets[n] | | |

Minimum Support
Mini_Sup[1] Mini_Sup[n]

(b) The concept of the designed fitness function

Figure 3: The concept of Kaya’s approach

4, Integrated Genetic-Fuzzy
approaches for Items with Multiple
Minimum Supports
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In above subsection, we can know that lots of
researches are focused on integrated genetic-fuzzy
approaches for items with single minimum
support. However, different items may have
different criteria to judge their importance. For
example, if there have some items and they are
expensive, then people usually may not buy it. It
is easy to know that the support value of that item
is low. Even people may not buy it, manager may
also interest on those produces because of their
high profit. In such cases, the IGFSMS
approaches may not suitable for this problem. In
this subsection, we then introduced another
genetic-fuzzy data mining approach [7] which
extends the approach proposed in [11] to solving
this problem. The proposed algorithm combines
the clustering, fuzzy and genetic concepts to
derive minimum support values and membership
functions for items. The final minimum support
values and membership functions are then used to
mine fuzzy association rules. The genetic-fuzzy
mining framework is shown in Figure 4. It is also
the first proposed approach for achieving the
purpose.

As shown in Figure 4, it can be divided into
two phases. The first phase searches for suitable
minimum support values and membership
functions of items and the second phase uses the
final best set of minimum support values and
membership functions to mine fuzzy association
rules. The proposed framework maintains a
population of sets of minimum support values and
membership functions, and uses the genetic
algorithm to automatically derive the resulting
one. It first uses the k-means clustering approach
to gather similar items into groups. All items in
the same cluster are considered to have similar
characteristics and are assigned similar values
when a population is initialized. The values (or
initialization information) include an appropriate
number of linguistic terms for each item, its
reasonable membership functions, and a range of
its possible minimum support values. It then
generates and encodes each set of minimum
support values and membership functions into a
fixed-length string according to the initialization
information.
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Figure 4: The proposed genetic-fuzzy

mining framework for items with multiple
minimum supports

In this approach, the minimum support values
of the items may be different. It is hard to assign
the values. As an alternative, the values can be
determined according to the required number of
rules. It is, however, very time-consuming to
obtain the rules for each chromosome. Usually, a
larger number of 1-itemsets will result in a larger
number of all itemsets with a higher probability,
which will thus usually imply more interesting
association rules. The evaluation by 1-itemsets is
faster than that by all itemsets or interesting
association rules. Using the number of large 1-
itemsets can thus achieve a trade-off between
execution time and rule interestingness [11].

A criterion should thus be specified to reflect
the user preference on the derived knowledge. In
this approach, the required number of large 1-
itemsets (RNL) is proposed for this purpose. It is
the number of linguistic large 1-itemsets that a
user wants to get from an item. It can be defined
as the number of linguistic terms of an item
multiplied by the predefined percentage which
reflects users’ preference on the number of large
1-itemsets. It is used to reflect the closeness
degree between the number of derived large 1-
itemsets and the required number of large 1-
itemset. For example, assume there are three
linguistic terms for an item and the predefined
percentage p is set at 80%. The RNL value is then
set as | 3*0.8., which is 2. RNL is thus used in the

2008 International Conference on Advanced Information Technologies (AIT)



2008 FRFKBIFEFZ §

fitness function to evaluate the goodness of a
chromosome. For example, assume there are three
linguistic terms for an item and the predefined
percentage p is set at 80%. The RNL value is then
set as | 3*0.8., which is 2. The fitness function is
then composed of the suitability of membership
functions and the closeness to the RNL value. The
minimum support values and membership
functions can thus be derived by GA and are then
used to mine fuzzy association rules by a fuzzy
mining approach for multiple minimum supports
such as the one in [22].

5. Divide-and-Conquer  Genetic-
Fuzzy approaches for items with
Single Minimum Support

The advantages of the integrated genetic-fuzzy
approaches are that they are simple and easy to
use. However, if there has lots of items, the
integrated genetic-fuzzy approaches maybe need
lots of time to find the near optimal solution
because the length of a chromosome is too long.
Recently, the divide-and-conquer strategy has
been wused in the evolutionary computation
community to very good effect. Many algorithms
based on it have also been proposed in different
applications [1, 9, 21, 24]. The divide-and-
conquer strategy thus becomes a good choice to
deal with this situation. Hong et al. thus propose
an enhanced algorithm that can divide-and-
conqguer the derivation process of the membership
functions for different items [10]. The GA-based
framework with the divide-and-conquer strategy
is thus proposed for searching for membership
functions suitable for the mining problems. The
proposed framework is shown in Figure 5.

The proposed framework in Figure 5 is divided
into two phases: mining membership functions
and mining fuzzy association rules. Assume the
number of items is m. In the phase of mining
membership functions, it maintains m populations
of membership functions, with each population
for an item 1; (1 < j < m). Each chromosome in a
population represents a possible set of
membership functions for that item. The
chromosomes in the same population are of the
same length. The fitness of each set of

membership functions is evaluated by the fuzzy-
supports of the linguistic terms only in large 1-
itemsets and by the suitability of the derived
membership functions. The offspring sets of
membership  functions  undergo  recursive
evolution until a good set of membership
functions has been obtained. Next, in the phase of
mining fuzzy association rules, the sets of
membership function for all the items are gathered
together and used to mine the fuzzy association
rules from the given gquantitative database.

Llngulstlc terms Mlnlmum support Minimum confidence

Mining! Fuzzy Association Rules
I

Figure 5: The proposed GA-based
framework for fuzzy data mining

Besides, an enhanced approach [6], which
combines the clustering and the divide-and-
conquer techniques, were also proposed to speed
up the evaluation process. The clustering idea is
similar to that in IGFSMS [8] except that the
center value of each membership function is also
used as an attribute to cluster chromosomes. The
clustering process is thus executed according to
the coverage factors, the overlap factors and the
center values of chromosomes. For example,
assume each item has three membership functions.
Totally five attributes including one coverage
factor, one overlap factor and three center values,
are used to form appropriate clusters. Note that
the number of linguistic terms for each item is
predefined in the mentioned approaches. It may
also be automatically and dynamically adjusted
[12].

6. Conclusions
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Since association rules was proposed Agrawal
et al., lots of researchers devoted themselves to it,
no matter what they just improve the existing
algorithms, create new ideas or combine the
existing one with other techniques. In fact,
association rules mining approaches become an
important topic. In this article, we thus focus on
genetic-fuzzy data mining techniques and lots of
literatures are introduced. According to the two
skills used to solve the problem and two types of
fuzzy mining problems, we divide all algorithms
into four classes and three of them are discussed.
The remaining one is the divide-and-conquer
genetic-fuzzy approaches for items with multiple
minimum supports because it still doesn’t have
any papers yet. Thus, developing algorithms for
this part is the first future direction. Besides, how
to design algorithms that can derive membership
functions for items with taxonomy and fuzzy
association rules is also an interesting direction. In
general, the future directions on this topic can be
very diversity since the rules mining is commonly
used in every fields.
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