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Abstract—In this paper, a novel two-phase fuzzy mining
approach based on the designed upper-bound multiple fuzzy
frequent-pattern (UBMFFP) tree is proposed to obtain all fuzzy
frequent itemsets from a quantitative database. It prunes
unpromising itemsets in the first phase, and then finds the actual
fuzzy frequent itemsets in the second phase. Experimental results
indicate that the proposed approach has better performance than
some previous ones.
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L

Depending on the classes of knowledge derived, it may be
classified as those finding association rules [1], classification
rules [12], clustering rules [16], or sequential patterns [2, 20],
among others. Especially, finding association rules in large
transaction datasets is most commonly seen in data mining
research [4, 18]. In these years, fuzzy sets have been used in
many fuzzy data mining approaches for managing quantitative
data [5, 8-9]. It used membership functions to transform
quantitative values in transactions into linguistic terms through
fuzzy theory. Papadimitriou et al. proposed a tree structure
called the fuzzy frequent pattern tree (FFPT) to mine fuzzy
association rules [19]. Lin et al. then proposed fuzzy data
mining approaches to efficiently mine the fuzzy frequent
itesmets from the designed tree structures [13-15]. It only
considers the term with the maximum cardinality, thus making
the number of fuzzy regions processed equal to the number of
original items, which reduces the processing time.

INTRODUCTION

In this paper, an upper-bound multiple fuzzy FP tree
(UBMFFP tree) algorithm is proposed, which keeps the fuzzy
frequent 1-regions whether they are generated from the same
item. In the mining process, the fuzzy regions transformed
from the same term (item) cannot be joined into fuzzy frequent
itemsets using the combination method. Based on the proposed
approach, the mining result are more natural and
understandable for human beings.

IL.

In this section, the fuzzy association rules mining and the
FP-growth algorithm are shortly described.
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A. Fuzzy Association Rules Mining

The data mining approach is useful to extract knowledge
from real-world databases and represented in a comprehensible
form. Linguistic representation produces more understandable
knowledge for human beings, which is easily implemented by
fuzzy sets. Chan et al. proposed the F-APACS algorithm to
mine fuzzy association rules [3]. Hong et al. proposed a fuzzy
aprioritid mining algorithm to mine fuzzy rules from
quantitative databases [8]. Papadimitriou ef al. proposed a
fuzzy frequent pattern tree (FFPT) to mine fuzzy association
rules [19]. Lin et al. then proposed the novel fuzzy data mining
approaches to efficiently mine the fuzzy frequent itesmets from
the designed tree structures [13-15]. The above algorithms,
however, were proposed for handling single region with the
maximum cardinality among transformed fuzzy regions of an
item, thus generating incomplete fuzzy frequent itemsets.

B.  FP-growth Algorithm

Han ef al. proposed the Frequent-Pattern-tree structure (FP-
tree) and the FP-growth algorithm for efficiently mining
frequent itemsets without generation of candidate itemsets [7].
Three steps were involved in FP-tree construction. The
database to be mined was first scanned to find all the items
with their counts. The support of an item was then defined as
its count divided by the total number of transactions. The items
with their supports equal to or larger than a predefined
minimum support were then selected as frequent 1-itemsets
(items). Next, the frequent items were sorted in a descending
order of their frequencies. At last, the database was scanned
again to construct the FP tree according to the sorted order of
frequent items. The construction process was executed tuple by
tuple, from the first transaction to the last one. After all
transactions were processed, the FP tree was completely
constructed.

After the FP tree was constructed from a database, the FP-
growth mining algorithm was then executed to find all frequent
itemsets [7]. Several other algorithms based on the FP-tree
structure have also been proposed [6, 10].

III. THE PROPOSED UBMFFP CONSTRUCTION ALGORITHM

A special notation is often used to represent fuzzy sets.
Assume that x; to x, are the elements in a fuzzy set 4, and g, to



M, are, respectively, their membership grades in 4. 4 is usually
represented as follows:

A=&+&+...+&‘
XX, X

n

A.  The UBMFF- tree construction algorithm

The proposed mining approach integrates the fuzzy-set
concepts, the FP-tree-like algorithm and the two-phase
processing way to efficiently derive fuzzy frequent itemsets
from quantitative transactions. The UBMFFP tree construction
algorithm is stated as follows.

UBMFFP tree construction algorithm:

INPUT: A quantitative database consisting of » transactions
and m items, a set of membership functions, and a
predefined minimum support threshold s.

OUTPUT: A constructed UBMFFP tree.

STEP 1: Transform the quantitative value v; of each item /; in
the i-th transaction into a fuzzy set f;; represented as
(y/Ryr & fio/Riz + ...F fiy /Ryy) using the given
membership functions, where #; is the number of
fuzzy regions for [, R; is the /-th fuzzy region of /,,
1<1< hj, and fj; is v;’s fuzzy membership value in

region R

STEP 2: Calculate the scalar cardinality of each fuzzy region

Rj; in the transaction data as:
count ; = Zf,.j,.

i=1
STEP 3: Check whether the value count; of the fuzzy region
R; is greater than or equal to the user-specific
minimum count n*s. If the count of a fuzzy region
Rj is equal to or greater than the minimum count,

put the fuzzy region in the set of fuzzy frequent
regions (L;). That is:

L; = {Ry| county2n*s, 1 <j<m}.

STEP 4: While executing the above steps, also find the
occurrence number o(R;;) of each fuzzy region R;; in
the quantitative database. It is later used to decide

the item order.

STEP 5: Build the Header Table by keeping the fuzzy
frequent regions in L; in the descending order of

their occurrence numbers.

STEP 6: Remove the fuzzy regions of the items not in L,
from the transactions of the transformed database.
Sort the remaining fuzzy regions in each transaction
according to the order of the fuzzy regions in

Header Table.

Initially set the root node of the UBMFFP tree as
root.

STEP 7:
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STEP 8: Insert the updated transactions in the transformed
databases into the UBMFFP tree tuple by tuple. The
following two cases may exist to concern.

Substep 8-1: If a fuzzy region Rj in the currently
processed i-th transaction appears in
the corresponding path of the
UBMFFP tree, add the membership
value of the region R; in the
transaction to the node with R;

Substep 8-2: Otherwise, add a new node with R to
the end of the corresponding path and
set the membership value of the
region Ry in the currently processed i-
th transaction as the value in the node.
Insert a link from the node of R;; in the
last branch to the current node. If
there is no such branch, insert a link
from the entry of R;; in Header_Table
to the current node.

After STEP 8, the UBMFFP tree finally constructed.

B.  An Example

Assume that the predefined minimum support threshold is
set at 30%. The quantitative database is shown in Table I.

TABLE L. QUANTITATIVE DATABASE
TID Items

1 A2, C8,E:10

2 A:2,C:5,E:10

3 B4, C:8, D:5

4 B:9, D:4

5 A3, B:5, C:5,D:9

6 A2, B:7,C:11

7 B:5,C:3,D:3,E9

8 A:3,B:7,C9,E9

Assume that the fuzzy membership functions are the same
for all items shown in Figure 1. The UBMFFP tree is
constructed as follows.

Membership
Value
1

Low

Middle High

Amount

0
Figure 1.

1 6

Membership functions used in the example.
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The quantitative database in Table I is then transformed
into fuzzy sets according to the defined membership function in
Figure 1. The results are shown in Table I1.



TABLE IL Fuzzy SETS TRANSFORMED FROM TABLE [
TID Items
08 02 0.6 0.4 02 08
1 A.Low AMddie’ CMddle C.High' EMddle FE.High
) 08 02 02 ,_ o8 02 08
A.Low  AMddie’ C.Low CMddle’ EMddle  E.High
04 06 0.6 04 02 08
3 BIow BMiddie CMidle CHigh DIow DMiddle
0.4 0.6 04 0.6
4 + —, +
B.Mddle B.High' DIow DMdde
5 06 04 02 08 01, 08 04 05
A.Low AMiddie’ B.Low BMddie’ C.Low C.Middle’ DMiddle DHigh
p 08 02 0.8 02 1
A.Low AMddie’ BMiddle B.High' C.High
02 08 06 04 06 04 04 . 06
7 BlLow B.Middle’ C.low C.Mddle” DIow DAMddle’ EMddle E.High
06 04 08 02 0.4 0.6 04 06
8 | Alow Arbddie’ BMiddie B.High' C.Middle C.High' EMddle F.High

The minimum count is then calculated as (8 * 0.3) (= 2.4).
The occurrence number of each frequent fuzzy region is
calculated and shown in Table III.

TABLE III. COUNTS AND THE OCCURRENCE NUMBERS OF FUzzy
REGIONS
Item Count Occurrence number
A.Low 3.6 5
B.Middle 4.2 6
C.Middle 3.6 6
C.High 2.4 4
E.High 2.8 4

The fuzzy regions in L; are then sorted in descending order
of their occurrence numbers and are put in Header Table. The
fuzzy regions not in L; are removed from the transactions from
Table II. The remaining fuzzy regions in each transaction are
then sorted according to the order in the Header Table. The
updated transactions are shown in Table IV.

TABLE IV. THE UPDATED TRANSACTIONS

TID Fuzzy frequent regions
0.6 0.8 0.4 0.8

CMiddle” A.Low’ C.High' E.High

1

0.8 0.8 0.8
C.Adiddle” A Low’ E.High
0.6 0.6 04
B.Addle” C AMddle” C.High

0.4
B.Middle

0.8 0.8 0.6
BMiddle’ CMiddle” A.Low

0.8 0.8 1
B Middle” A Low’ C.High

0.8 0.4 0.6
BMiddle’ ¢ Middle’ E High

0.8 0.4 0.6 0.6 0.6
B Middle” CMiddle” A Low’ C.High’ E.High
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The updated transactions in Table IV are used to construct
the UBMFFP tree tuple by tuple from the first transaction to
the last one. The results are shown in Figure 2.

Header_Table *
Items Count
/' TS N
B.Middle 42 F+¥—— p—e———"
C.Middle
A Low K" e
E High C High EHigh
C High I 03 “ 04 II 0 "
NS oo
EHieh s \.
\
<
Figure 2. The finally constructed UBMFFP tree.
IV. THE UBMFFP-GROWTH MINING ALGORITHM

After the UBMFFP tree is constructed, the fuzzy frequent
itemsets with more than one fuzzy region can then be found by
the proposed UBMFFP-growth mining algorithm.

A. Proposed Mining Algorithm
The details of the UBMFFP-growth mining algorithm are

as follows.

UBMFFP-growth mining algorithm:

INPUT:

The already constructed UBMFFP tree, its
corresponding  Header Table, the transferred
database, and the predefined minimum support
threshold s.

OUTPUT: The fuzzy frequent itemsets.

STEP 1:

STEP 2:

STEP 3:

STEP 4:

STEP S:

STEP 6:

Process the fuzzy regions in Header Table one by
one and bottom-up using the following steps. Let the
currently processed fuzzy region be R;,.

Find all the nodes with the fuzzy region R in the
UBMFFP tree through the links, starting from
Header Table.

Set the variable k£ = 2, where & is used to keep the
number of items in the currently processed itemsets.

Trace the paths with the currently processed fuzzy
region Ry to generate the fuzzy k-itemsets except for
any of its super-items associated with the same /; and
set their upper-bound fuzzy counts as the minimum
of the values in the corresponding nodes, which
contain the fuzzy regions in the itemsets.

Sum the upper-bound fuzzy counts of the same
fuzzy itemsets from different paths.

If the summed upper-bound fuzzy count of a fuzzy
itemset after STEP 5 is larger than or equal to the



predefined minimum count (n*s), add it to the
candidate set C which will be used to generate fuzzy
candidate (k+1)-itemsets.

STEP 7: Setk=k+ 1 and repeat STEPs 4 to 6 to generate the
fuzzy candidate k-itemsets in C based on the
downward-closure property recursively. The process
is repeated until no more fuzzy itemsets are

generated.

STEP 8: Repeat STEPs 2 to 7 for another fuzzy region until

all the fuzzy regions in Header Table are processed.

STEP 9: Rescan the transferred database to get the actual
fuzzy counts of the fuzzy candidate itemsets in C
and check them against the predefined minimum

count.

STEP 10: Output the candidate fuzzy itemsets with their fuzzy
counts equal to or larger than the predefined

minimum count as the fuzzy frequent itemsets.

B.  An Example

For the constructed UBMFFP tree in Figure 2, the
proposed UBMFFP-growth mining algorithm finds all the
fuzzy frequent itemsets as follows. The variable £ is initially
set at 2, where £ is used to keep the number of items in the
currently processed itemsets. The paths with the currently
processed fuzzy region are then used to form the candidate
fuzzy k-itemsets. The upper-bound fuzzy counts of the same
fuzzy itemsets are summed up. The summed upper-bound
fuzzy counts of the derived fuzzy itemsets with the currently
processed item are checked against the predefined minimum
count, which is 2.4. The above steps are repeated for another
fuzzy region until all the fuzzy regions in Header Table are
processed. The final candidate fuzzy itemsets with their upper-
bound fuzzy counts in C are shown {4.Low, C.Middle: 2.6},
and {C.Middle, E.High: 2.8}.

The transferred database is then re-scanned to find the
actual fuzzy counts of the derived candidate fuzzy itemsets.

The final derived fuzzy frequent itemsets are shown in Table
V.

TABLE V. FINAL FuzzY FREQUENT ITEMSETS
1-itemset Count

A.Low 3.6

B.Middle 42

C.Middle 3.6

C.High 2.4

E.High 2.8
2-itemset Count

A.Low, C.Middle 2.4

V.  EXPERIMENTAL RESULTS

A real dataset called FOODMART from an anonymous
chain store was used in the experiments [17]. The quantitative
database was then transformed into fuzzy 2-regions by the

221

predefined membership functions. Figure 3 shows the
comparisons of execution times of the Apriori-based algorithm
[1] for mining multiple fuzzy-term frequent itemsets (MF-
Apriori), the multiple fuzzy FP tree (MFFP-tree) algorithm
[11], and the proposed UBMFFP-tree algorithm. It was obvious
to see from Figure 3 that the proposed UBMFFP-tree algorithm
ran faster than the other two for the various minimum support
thresholds. The experimental results in Figure 4 show the
numbers of tree nodes generated from the two algorithms for
two fuzzy regions. It reveals that the numbers of nodes in the
UBMFFP tree are fewer than the MFFP tree.

600
~ s00 ™
=3
2 \
S 40 \
2 300 ™
=
g 200
@
=100 ————

0 L e -
0.16% 0.17% 0.18% 0.19% 0.20%
Minimum support threshold
=t=MF-Apriori ==MFFP-tree ====UBMFFP-treg| foodmart
Figure 3. Execution time for three approaches.
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Figure 4. Number of tree nodes generated from the two approaches.
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In this paper, we proposed a two-phase multiple fuzzy
mining algorithm for finding the complete fuzzy frequent
itemsets based on the UBMFFP tree. Experimental results
show that the proposed approach generates fewer nodes than
the fuzzy FP-tree algorithm. In the future, we will further
extend the approach to solve other fuzzy mining problems.

CONCLUSION
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