http://ansinet.com/itj ISSN 1812-5638

INFORMATION
TECHNOLOGY JOURNAL

ANSIlzet

Asian Network for Scientific Information
308 Lasani Town, Sargodha Road, Faisalabad - Pakistan




Information Technology Journal 7 (1) 119-124, 2008
ISSN 1812-5638
© 2008 Asian Network for Scientific Information

A New Fuzzy Clustering Algorithm on Association Rules for Knowledge Management

Pi Dechang and Qin Xiaolin
College of Information Science and Technology, Nanjing University of Aeronautics and Astronautics,

Yudao Street 29, Nanjing, liangsu, 210016, People’s Republic of China

Abstract: A great munber of association rules found mn the dataset makes the decision maker dizzy to analyze
and use. A new algorithm for association rules clustering is proposed and applied to association rules
clustering. Firstly, an example is presented to demonstrate the weakness by the distance measure for clustering.

Secondly, the definition of fuzzy simulation degree and simulated matrix for association rules are put forward.
Thirdly, a new algorithm based on a dynamic tree is brought forward, which can be used to implement the fuzzy
clustering. Experiment shows that this algorithm can efficiently cluster the association rules for a user to

understand.
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INTRODUCTION

Association rule is a focus in the data mining area
recently, meanwhile, it 13 a way to express the knowledge.
Fuzzy set theory has been applied to many fields
including data mining. Fuzzy clustering method is more
precise in dealing with data simulation and the results are
easier to be understocod and used. Therefore, research
mnto fuzzy clustering method for knowledge 13 sigmficant
not only to theory, but also to application. Many fuzzy
clustering methods have already been proposed and used
in data mining. Fuzzy clustering with squared Minkowski
distances was proposed in (Groenen and Jajuga, 2001).
Fuzzy c-means method was used in dynamic data mining
(Corespao and Weberb, 2005). Clustening algorithm based
on self-similarity of the dataset was suggested in
(Barbara and Chen, 2003). Fosca Giannotti et al. (2002)
cluster transactional data with the standard definition of
mathematical distance used in the K means algorithm to
represent dissimilarity among transactions. Hirano and
Tsumoto (2003) cluster a nmumerical dataset using relative
proximity. Oh and Lee (2003) use clustering method to
detect any anomalous behavior in the audit data.
Grabmeier and Rudolph (2002) gives an overview of
cluster analysis techniques from a data-mimng point of
view. Xiaoyong et al. (1999) presents a method to select
some, representative. rules but not a large number of rules
for a user to understand. Clustering rules 1s necessary in
merging multi-sources, which may contain conflicting
knowledge and make us illusive currently (Zobel and
Rees, 2003). From the literatures, we have not found any

methods to cluster association rules based on fuzzy
simulation for a user to expediently understand.
Association rules are used to discover the
relationships and potential associations, of items or
attributes among huge amounts of data. These rules can
be effective in uncovering the unknown relationships,
providing results that can be the basis of forecast and
decision. They have proven to be very useful The
application and development about association rules 1s a
popular area of data mining research (Yuh-Jiuan and

Tiunn-Yann, 2003).

Review of association rules and the classical mining
algorithm: The early data mining method for association
rules 1s the support-confidence framework established by
Agrawal et al. (1993) and Agrawal and Srikant (1994).
They proposed a model to discover meamngful itemsets
and construct association rules for market analysis. The
following is a formal statement of the problem.

LetI = {i, 1, 1,.....1;+ be a set of N distinct literals,
called items. In general, a set of items 15 called an itemset.
The number of items in an itemset is the length of an
itemset. Ttemset of length k is referred to as a k-itemset.
Let D be a set of variable length transactions, where each
transaction T 1s a set of items such that Tl Associated
with each transaction is a umque identifier, which shall be
referred to as its TID. |D| is the cardinality of database D.
A transaction T 1s said to support an itemset X, where
X < I, if it contains all items of X, 1.e., X < T. The fraction
of the transactions in D that support X is called the
support of X, denoted Support(X). An itemset is large if
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its support is above some user-specified minimum support
threshold, denoted MinSup. An association rule i1s an
implication of the form 11 X =7, where X1, YT and
XY = o. The support for rule r 15 defined as Support
(XuY). A confidence factor defined as support
(XuY)support(X), 18 used to evaluate the strength of
such association rules.

The process of Apriori mining association rule
algorithm makes multiple passes over the database D to
build candidate itemsets and then create large itemsets. In
the kth level, the algorithm finds all large k-itemsets.
Denoting 1., is the set of all large k-itemsets and C, is the
set of candidate k-itemsets by obtaimng from L, ,, that 1s,
potentially large k-itemsets. For each transaction in D, the
candidates in Ck also contained in the transaction are
determined and their support 1s increased by 1/D|. At the
end of scanning, if their supports are greater than, or
equal to, the user-specified minimum support (MinSup),
the candidate k-itemsets immediately become the large
k-itemsets. Meanwhile, it will generate a large number of
the candidate itemsets that need to be contrasted with the
whole database level by level in the process of mining the
assoclation rules. Therefore, performance 1s dramatically
affected, as the database is repeatedly scanned. The most
time-consuming part of the algorithm is to discover large
itemsets while the generation of association rules given
the large itemsets is straightforward enough. Many
researchers have tried to improve its efficiency from
different angles and decreased the number of database
scans and the number of candidate itemsets.
(De-Chang et al., 2005; Yuh-Tan and Jnnn-Yann, 2005).

A comimon problem in association rule mining is that
a large number of rules are generated from the datasets,
which makes it difficult for users to analyze and make use
of the rules. Solutions have been proposed to overcome
this problem, which include constraint-based data mining,
post-pruning rules, grouping rules (Yih-Ten ef al., 2005)
and unexpected patterns based on user’s beliefs
(Padmanabhan and tozhilin, 1999).

Related research on fuzzy clustering: Currently, most of
the commercial clustering systems are based on the
boolean logic model. They assume that a user’s
requirements can precisely be characterized by the terms.
However, this assumption 1s inappropriate due to the fact
that the user’s requirements may contain fuzziness. The
reason for the fuzziness contaned m the user’s
requirements is that the user may not know much about
the subject he/she is clustering or may not be familiar with

the clustering system. Since fuzzy set theory can be used
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to describe imprecise or fuzzy information, many
researchers have applied the fuzzy set theory to many
systems including clustering (Ravi and Gowda, 1999;
Yih-Jen et al., 2005).

The objective of fuzzy clustering methods is to divide
a given dataset into a set of clusters based on similarity
(Timm et al, 2004). In classical cluster analysis each
datum must be assigned to exactly one cluster. Fuzzy
cluster analysis relaxes tlhis requirement by allowing
membership degrees, thus offering the opportunity to deal
with data that belong to more than one cluster at the same
time. Most fuzzy clustering algorithms are objective
function based: they determine an optimal classification
by minimizing an objective function. In objective function
based clustering usually each cluster is represented by a
cluster prototype. This prototype consists of a cluster
center and maybe some additional information about the
size and the shape of the cluster. The cluster center 15 an
the
domain, just as the data points in the dataset to divide.

instantiation of the attributes used to describe

However, the cluster center 15 computed by the clustering
algorithm and may or may not appear in the dataset. The
size and shape parameters determine the extension of the
cluster in different directions of the underlying domain.

The degrees of membership to which a given data
point belongs to the different clusters are computed from
the distances of the data point to the cluster centers. The
closer a data pomt lies to the center of a cluster, the
higher is its degree of membership to this cluster. Hence,
the problem to divide a dataset X={x, . ,x } into ¢
clusters can be stated as the task to mimmize the
distances of the data points to the cluster centers. An
iterative algorithm is used to solve the classification
problem in objective function based clustering: since the
objective function cannot be mimmized directly, the
cluster prototypes and the membership degrees are
alternately optimized.

Defects in association rules clustering based on
distance: Clustering methods based on distance, such as
Euclid distance, Minkowski distance and Hamming
distance often have some limitations and they cannot
effectively deal with the association rules clustering.

Usually association rules are denoted as the form:
X=Y, mwhich X and Y are often expressed as X, and X,
and ... and X, As aforementioned, association rule is a
way for knowledge expression and there are some
similarities among them. For example, the following two
rules are discovered from the zoo dataset in the UCI
Machine Learning Database Repository.
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Rule 1: if backbone = true and breathes = true and
venomous = false then fins = false

Rule 2: if backbone = true and venomous = false and
fins = false then breathes = true

Obviously we can find some similarities between the
two rules. From the antecedent attributes of these rules
we can cluster them n terms of similarities. The core
problem is how to depict the simulation degree between
these rules. Suppose that there are four rules as follows:

. : ¥, and X; and X, and X; = conclusion 1
: X, and X, and X, and X, = conclusion 2
: X, and X, = conclusion 3

T
L ] rz
L ] r3

+ 1, X, = conclusion 4

In the premise, let X, appearing denotes 1 and non-
appearing denotes 0. Using FEuclid distance, the
sinulation coefficient between two rules is expressed with

distance d, as follows:

d(r,r,)=1414

* d{r,r)=2
e d(r,,)=223
o dr,r)=2

d(r,1,)=2.23
dr,r,)=1.73

Obviously rule r, and rule r, should belong to the
same class in terms of the distance clustering method,
because the distance between them 1s mmimal After
clustering, we denote this class as R, and its center of
gravity is (0.5, 1, 1, 0.5, 1, 0). In the same way, we can
compute the distances between R, and other rules:

d(R, ;) =187
dR,r,)=212
dr,r,) =173

Obviously rule r; and rule 1, should be clustered to
the same class because the distance between them is
mimimal. But considering from the attributes appeared in
r; and r,, we should not make them belong to the same
class because they do not have the same attributes. This
result indicates that current clustering methods based on
distance are not suitable for rules clustering. Until now,
we have not found same literature to cluster association
rules for a user to understand on the view of knowledge
management.

Based on the research on association rules and fuzzy
clustering, we bring forward the FCAR algorithm for
assoclation rules clustering.
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FUZZY CLUSTERING ALGORITHM BASED ON
RULE SIMULATION

Fuzzy clustering 1s partitioning n objects mto K
subsets, which are called as clustering dollop. The
clustering result can be denoted by the membership
degree matrix U.

s > U,
stn = (uik)sxn = u117 . ulk’ um
1

Where, u, €[0, 1], 1<i<s, 1<k<n

For clustering methods based on fuzzy similar
relation, the first step is to construct the fuzzy simulated
matrix, however the key of this step 1s how to define the
simulation coefficient, which can reflect the similarity
between two objects. At present, there are many methods
that can be used to express simulation coefficient, such as
maximum-minimum method. But they cannot describe the
simulation between rules and are not appropriate to rule
clustering just as Euclid distance method.

Some definitions: We bring forward the concept and
defimtion of rule simulation coefficient in terms of
expressions of association rules.

Definition 1: Rule r 15 expressed mn this form: X=Y, where
¥ and Y denote AND relation between attributes, namely
Ajand ... and A,

Definition 2: |1, A 1, is the number of attributes, which

appear in the antecedents of rule r, and r, at the same
time.

Definition 3: ||r, V 1, is the number of attributes, which
appear 1n the premise of rule r, and r,,.

Definition 4:

I, AT,

C

uw

I, vrI,

is the fuzzy simulation coefficient between rule r, and rule
1. Apparently, the bigger c,, 1s, the more similar the rules
are and vice versa.

Definition 5: Rule fuzzy simulated matrix C = (¢
denotes simulation degree between rules.
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Matrix C expresses the simulation degrees between
different rules. The ¢, represents the simulation degree of
uth rule to vth rule and it satisfies the follow demands:
¢ ¢,f[0,1]

Reflexivity: vu, v, C,, =1, ifu =v
Symmetry: vu,v,C,=C,, ifu=v

Clustering method based on fuzzy simulation coefficient:
Our algorithm FCAR combines rule simulation coefficient
with dynamic construction tree method. Its general steps
can be described as follows:

Use association rules to construct simulated matrix.
Construct a tree.

Prune the tree according to the user-specified
threshold and then get the clustering results.

LetN = (V, {E}) be the storage form for the simulated
matrix, where V is a set of the rules, {E} 1s a set of the
branches among rules. Let 1] be a non-empty subset of V
and TE be a set of the branches about N. Clustering
algorithm based on the simulation coefficient is described
as follows:

U= {u,t, whereu, eV

TE=0:
WHILEU # V DO
BEGIN
Find a maximal ¢, where u, € U, v, £ V-U
Execute TE=TE u {{(u,, v)} and U=Tu {v;}
END
FOR each branch b e TEDO
IF b.value < the user-specified threshold A THEN
Cut down this connection
ENDIF
ENDFOR

We still use these rules r,~r, mentioned earlier as
example to indicate that our method has an advantage
over the distance method. The fuzzy simulation
coefficients between two rules can be expressed with
simulation degree sd, as follows:

sd(r,r,) =06
sd(r,r;) =02
sd(r,r,)=0
sd(r,, ;) =02
sd(r,, r,)=0
sd(r,, 1,)=0

and the simulated matrix C for these four rules is:
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Fig. 1: Fuzzy simulation degree between rules r~1,

The comnection among these rules is described in
Fig. 1 and the numbers on the line are the fuzzy simulation
coefficients.

If user specified threshold be 0.5, obviously these
four rules can be divided into three classes, {r, 1}, {rs}
and {r,}. If the threshold be 0.2, we can get two sets, {r,,
r,, 154 and {r,}. Apparently, by employing c,. we can
avoid the weakness of distance clustering and at the same
time, we can control the clustering by adjusting the

threshold of ¢,
EXPERIMENT

As C++ STL is powerful, this fuzzy clustering
algorithm 1s implemented with C++ STL, compiled with
Microsoft Visual C++ 6.0. We use Apriori algorithm to
mine association rules from the zoo dataset with different
support and confidence. This dataset can be obtained
from UCI Machine Learmng Database Repository at
http:/Awww . ics. uci.edw/~mlearn/ MLRepository html and
it contains 101 records and 18 attributes. Table 1 shows
the numbers of association rules generated from the
dataset Zoo with different support and confidence.

If the thresholds for support and confidence are 0.5
and 0.9, respectively, 64 rules are found. The following
four rules are examples and obviously they should be
clustered into one class.

If feathers = no and airborne = true and toothed
= true then backbone = true and venomous = no
support = 0.544554 confidence = 0.932203.

If feathers = no and toothed = true and backbone =
true then airbome = no and venomous = no support
= 0.544554 confidence = 0.901639.
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Table 1: No. of association rules mined from the Zoo dataset

Minsup
MinConf 0.5 0.6 0.7
0.9 64 19 4]
0.8 120 34 10
0.7 165 50 12
0.6 203 56 12
o]
6
-]
i
5 47
k-
g
24
1 -
0- 0.7 &
0.5 0.5
eoefioient () -
Fig. 2: Clustering the association rules discovered from

the Zoo dataset

If airborne = no and toothed = true then backbone =
true and feathers = no and venomous = no support =
0.544554 confidence = 0.932203.
If toothed = true then backbone = true and venomous
= no and feathers = no and awrborne = no support =
0.544554 confidence = 0.901639.

We use this algorithm to cluster the above 12 rules
sets as shown in Table 1 as well as to prune the
simulation tree with different prumng coefficient A. Let the
confidence threshold be 0.9, the range of A be [0.2,0.7] and
the range of support be [0.5,0.7], then we get the
clustering results as shown m Fig. 2. With the prumng
coefficient A being 0.7, the numbers of the association
rules clustering are 7, 2 and 2. If we change A into 0.2, the
clustering number will be 1.

CONCLUSIONS AND FURTHER WORK

Usually the number of association rules found by
data mining algorithms 1s big. Although these rules have
high supports and confidences, they are often pertained
to some aspects and have higher similarity. Using this
method we can categorize the association rules; hence
they can be easily understood and used. The core of this
research can be summarized as follows:
¢ Propose the definition c,,, which denotes the fuzzy
close degree between rule r, and rule r,,.
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Define the simulated matrix.

Put forward a clustering algorithm based on the
simulated matrix, by which we can obtam different
clustering results with different pruming coefficients.

We use Apriori algorithm to mine association rules
from the Zoo dataset provided by the UCI and employ our
algorithm to cluster these found rules. Experiment
shows that this algorithm is efficient in clustering the
association rules.

What we need to explain is, if the premise is out of
the AND expression, we must translate it into the normal
form. If the premise contams the NOT operator, our
algorithm camnot run smoothly. We are studying the new
method to resolve this problem.
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