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Abstract Rare item problem in association rule mining was solved by assigning
multiple minimum supports for each item. In the same way rare item problem in
correlated pattern mining with all-confidence as interesting measure was solved by
assigning multiple minimum all-confidences for each items. In this paper multiple
fuzzy correlated pattern tree (MFCP tree) for correlated pattern mining using
quantitative transactions is proposed by assigning multiple item all-confidence
(MIAC) value for each fuzzy items. As multiple fuzzy regions of a single item are
considered, time taken for generating correlated patterns also increases. Difference
in Scalar cardinality count for each fuzzy region is considered in calculating MIAC
for fuzzy regions. The proposed approach first constructs a multiple frequent cor-
related pattern tree (MFCP) using MIAC values and generates correlated patterns
using MFCP mining algorithm. Each node in MFCP tree serves as a linked list that
stores fuzzy items membership value and the super—itemsets membership values
of the same path. The outcome of experiments shows that the MFCP mining
algorithm efficiently identifies rare patterns that are hidden in multiple fuzzy fre-
quent pattern (MFFP) tree mining technique.
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1 Introduction

Data mining techniques have played an imperative role in deriving interesting
patterns from a wide range of data [1]. Different mining approaches are divided
based on the required necessity of knowledge like association rules [2, 3], classi-
fication rules [4] and clustering [5]. Most of the algorithms in association rule
mining use level by level approach to generate and test candidate itemsets. One
such algorithm is Apriori, which requires high computation cost for rescanning the
whole database iteratively. To overcome the above drawback Han et al. [6] pro-
posed the frequent pattern tree (FP Tree) approach which requires only two scans
for processing the entire database and mining frequent patterns. The FP tree rep-
resents tree structure of a database which contains only the frequent items.

Fuzzy set theory [7] has been progressively used in intelligent systems for its
easiness. Fuzzy learning algorithms for generating membership functions and
inducing rules for a given dataset are proposed [8, 9, 10] and used in specific
domains. In real world the transaction data mostly consists of quantifiable value.
Hong et al. [6, 9] proposed a fuzzy mining algorithm for mining fuzzy association
rules from quantitative data. Papadimitriou et al. [11] proposed an approach to mine
fuzzy association rules based on FP trees. To mine frequent items from quantitative
values, fuzzy mining has been proposed to derive the fuzzy rules using fuzzy
FP-trees [12, 13, 14].

A correlation between two items becomes the key factor in detecting associa-
tions among items in market basket database. Correlated pattern mining was first
introduced by Brin et al. [15] using contingency table that evaluates the relationship
of two items. Many interesting measures like All-Confidence, Coherence and
Cosine has been used in correlated pattern mining [16]. All confidence [17, 18]
measure is used for mining interestingness of a pattern, which satisfies both
anti-monotonic and null invariance properties. The above measure at higher
threshold invokes rare item problem. Rare item problem in association rule mining
was solved using multiple minimum supports by Liu et al. [19]. In the same way
rare item problem in correlated pattern mining with all-confidence as interesting
measure was solved using multiple minimum all-confidences by Rage et al. [20].
Fuzzy Correlated rule mining was first proposed by Lin et al. [21] using fuzzy
correlation coefficient as the interesting measure.

Taking support and confidence as the only interesting measure would not pro-
duce rare correlated patterns. As fuzzy frequent and rare itemsets are mined by
assigning multiple minimum supports to each fuzzy region, fuzzy correlated fre-
quent and rare patterns are mined by assigning multiple item All-confidence values
to each fuzzy regions. In this paper, a correlated pattern tree structure called mul-
tiple fuzzy correlated pattern tree (MFCP) is designed to mine frequent correlated
patterns using Multiple Item all-confidence (MIAC). The proposed approach first
constructs a MFCP tree using MIAC values and generates correlated patterns using
MFCP mining algorithm. The amount of patterns generated is compared with the
amount of patterns mined in multiple fuzzy frequent pattern rule mining algorithm.
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1.1 Fuzzy FP-Tree Algorithm

Frequent pattern mining is one of the most significant research issues in data
mining. Mining association rules was first given by Agarwal et al. [3] in the form of
Apriori algorithm. The main drawback of the algorithm was repeated scanning of
the database which proved to be too costly. To overcome the above problem Han
et al. [22] introduced frequent pattern (FP) growth algorithm. FP growth algorithm
uses a compressed data structure, called frequent pattern tree (FP-tree) which retains
the quantitative information about frequent items. Frequent 1 itemsets will have
nodes in the tree. The order of arrangement of tree nodes is that the more frequent
nodes have better likelihood of sharing nodes when compared to less frequent
nodes. FP-tree based pattern growth mining moves from frequent 1 itemset, scans
the conditional pattern base, creates the conditional FP-tree and executes recursive
mining till all its frequent itemset are scanned. Fuzzy FP Growth works in a same
manner of FP-tree, with each node corresponding to a l-itemset has a fuzzy
membership function. The membership function for each 1-itemset is retrieved from
the fuzzy dataset and the sum of all membership function values for the 1-itemset is
its support. The support for a k-itemset (where k = 2) is calculated from the nodes
corresponding to the itemset by using a suitable t-norm (Table 1).

Hong et al. [23] proposed mining fuzzy association rules using Aprioritid
algorithm for quantitative transactions. Papadimitriou and Mavroudi [11] proposed
an algorithm for mining fuzzy association rules based on FP trees. In their approach
only local frequent 1-itemsets in each transaction were used for rule mining which
was very primitive. Lin et al. [13] introduced a new fuzzy FP tree structure for
mining quantitative data. In that approach the FP tree structure was huge as two
transactions with identical fuzzy regions but different orders were put into two
diverse paths. To overcome the above drawback Lin et al. [14] devised a com-
pressed fuzzy frequent pattern tree. Here the items in the transactions, used for
constructing the compressed fuzzy FP (CFFP) tree were sorted based on their
occurrence frequencies. The above methodologies used only linguistic terms with
maximum cardinality for mining process, making the number of fuzzy regions equal
to the number of given items thus reducing the processing time.

1.2 Multiple Fuzzy FP-Tree Algorithm

Hong et al. [12] introduced a multiple fuzzy frequent pattern (MFFP) tree algorithm
for deriving complete fuzzy frequent itemsets. Here a single itemset would have

Table 1 t-norms in fuzzy

t—norm

sets .
Ty (x,y) =min(x,y)
Tp(x,y) =xy

Tw(x,y) =max(x+y—1,0)
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more than one fuzzy region which enables it to derive more fuzzy association rules
than the previous models. A compressed multiple fuzzy frequent pattern tree
(CMFFP) algorithm was proposed by Jerry Chun et al. [24]. This approach was an
extension work of CFFP tree. CMFFP algorithm constructs tree structure similar to
that of CFFP tree to store multiple fuzzy frequent itemsets for the subsequent
mining process and each node contains additional array to keep track of the
membership values of its prefix path. Hence the algorithm is efficiently designed for
completely mine all the fuzzy frequent item sets.

Notation

n Number of transactions in D

m Number of items in D

D' The ith transaction datum, i = lto n.

I; The jth item, j=1 to m.

V} The quantity of an item /; in. t ith transaction
R; The K_th fuzzy region of item ;.

fﬂ(i) Vj" ’s fuzzy membership value in the region Rj
Sumy; The count of fuzzy region R;; in D

max_Sum; The maximum count value of the fuzzy region Rj; in D

2 The Multiple Fuzzy Correlated Pattern Tree
Construction Algorithm

Input: A body of n quantitative transaction data, a set of membership functions, a
minimum all confidence threshold minAllconf and MIAC (Minimum item all
confidence) values for all frequent fuzzy regions.

Output: A multiple fuzzy correlated pattern tree (MFCP tree).

Step 1 Transform the quantitative value V]." of each transaction datum

D!, i= 1to n for each item I;,j=1to m, into a fuzzy set ]j@ represented as

ON) 0
(j;f;_l +% + - +j;f€”_> using the membership functions, where Rj is the
J J e/

Kth fuzzy region of item I, Vj(n is the quantity of item /; in ith transaction,

];Ei) is Vj(i)’s fuzzy membership value in region Rj; and p is the number of
fuzzy regions for ;.
Step 2 Calculate the sum of membership (scalar cardinality) values of each fuzzy

region Rj; in the transaction data as

Sumﬂ = .;f’ﬂ (1)
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Step 3 The sum of fuzzy regions for each item is checked against the predefined
minimum support count (a). If the sum is equal to (or) greater than
minimum support count, the corresponding fuzzy region is put in the set of
frequent fuzzy region (Fy).

F1={Rj/SMInjl>(Z,1SjSm} (2)

Step 4 Build the Header table by arranging the frequent R;; in F; in descending
order of their MIAC values.

Step 5 Remove the item of Rj;’s not present in F; from the transactions and place
the remaining R;;’s in new transaction database (D).

Step 6 Sort the remaining R;;’s in each transaction of (D;) in descending order of
their membership values.

Step 7 Set the root node of the MFCP tree as {null} and add the transactions of D,
into the MFCP tree tuple by tuple.

While inserting, two cases can exist.

Sub step 7-1 If a fuzzy region Rj in a transaction is at the corresponding
branch of the MFCP tree for the transaction, add the member-
ship value f;; of Rj; in the transaction to the node of Rj; in the
branch.

Sub step 7-2 Else insert a node of R;; at the end of the identical branch, fix the
sum of the node as the membership value f;; of Rj;, and inset a
link from the node of Rj; in the last branch to the current node. If
there is no such branch with the node of Rj, insert a link from
the entry of Rj in the header table of the added node.

2.1 An Example

This section illustrates the proposed multiple fuzzy correlated pattern mining
algorithm in quantitative database using an example. Assume six transactions with
five items (A — E) as shown in Table 2. The amount given in the database for each
items are denoted using three fuzzy regions Low, Middle and High. Thus, each item
in a transaction gets three fuzzy membership values based on the predefined
membership functions. The minimum support is set as 25 %. The membership
functions in Fig. 1 are used for all the items in the database.

Table 2 Database with six TID
transactions

Items

(A:5) (C:10) (D:2) (E:9)
(A:8) (B:2) (C:3)

(B:3) (C:9)

(A7) (C9) (D:3)

(A:5) (B:2) (C:5)

(A:3) (C:10) (D:2) (E:2)

NN R N =
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Fig. 1 The membership Membership value
functions used in the example A .
Low Middle High
1
=
0 1 6 11

Quantitative value

Table 3 shows the transformation of quantitative values of the item to fuzzy sets.
For example the amount “5” of item A in Transaction one is transformed into
( Aolozw + o d 7 e) The sum of membership values of each fuzzy region is then
calculated. For example the sum of the membership value of A.middle is calculated
as (0.8 + 0.6 + 0.8 + 0.8 + 0.4) which is 3.4. This step is repeated for all the
regions and the results are displayed in Table 4.

Let minimum All-Confidence (minAllconf) threshold for the entire database is
set to 70 % and the minimum support threshold is set as 24 %. The size of the
dataset is 6 so the minimum support count is calculated as 6 * 24 % (=1.4). The
sum of fuzzy regions that equals or larger than the minimum support count is kept
in the set of frequent fuzzy regions (F) are used in successive mining. The frequent
fuzzy regions (F;) are displayed in Table 5.

Table 3 Fuzzy sets for Table 2 transactions

TID Items

1 0.2 + 0.8
Alow  Amiddle szddle Chlgh

(

(D low B. mtddle) E. mlddle E. ngh

2 0.4 0.4
(A middle A hlgh) (B low B. mtddle) (C low C.middle)
3
<B low B. mlddle) (C mtddle C. htgh)
4 0.2 0.6
(A middle A high) (D low D. mlddle)
5 0.8 0.2
(A low A mtddle) (B low B. mzddle) C. low C. mtddle)
6

<A low A mzddle) (C mzddle C. hzgh)

0.2
(D.low * B,mzddle) (E low E. mzddle
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Table 4 Sum of membership oy Sum Item Sum
1 for the fuzzy region

;?V‘;sinoT;bTeg Y IRIONS g ow 22 Alow 1.0
B.middle 0.8 A.middle 34
B.high 0.0 A.high 0.6
C.low 0.8 D.low 2.2
C.middle 2.4 D.middle 0.8
C.high 2.8 D.high 0.0
E.low 0.8 E.high 0.6
E.middle 0.6

Table 5 The frequent fuzzy  prequent fuzzy regions Sum

regions of set F Blow 2
A.middle 34
C.middle 24
C.high 2.8
D.low 2.2

Mining frequent patterns and rare patterns requires Minimum item all confidence
values (MIAC) values for all the fuzzy regions. To generate MIAC values for all
fuzzy regions, it is necessary to calculate the difference in sum of the entire fuzzy
region existing in the database.

Consider max_Sum;; as the maximum sum value in the database. (In this case it
is 3.4). The difference in sum of entire fuzzy region (D) is calculated using the
formula.

Sum Difference (D?) = max_Sumj — max_Sumj* minAllconf (3)

=max_Sumj;* (1 — minAllconf) 4)

The MIAC value for each fuzzy region (Rj) in the database is given by the
formula.

MIAC(R;) =1 — ( Sf::ﬂ) (5)

The MIAC value of any fuzzy region (Rj;) with maximum sum is the minAllconf
value itself. For example the fuzzy region A.middle contains the maximum sum
value of 3.4, the difference in sum value for the entire database is calculated as

D =max_Sumj* (1 — minAllconf)
=3.4(1-0.70)
=1.02
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Table 6 MIAC values for the o MIAC values (%)
frequent fuzzy items Blow )
A.middle 70
C.middle 57
C.high 63
D.low 54
Table 7 Header table Fuzzy region Sum
A.middle 34
C.high 2.8
C.middle 24
B.low 2.2
D.low 2.2

Substituting the above value in calculating MIAC (A.middle) we get

1.02
MIAC ( A.middle)=1— (ﬁ) =0.70

From this we come to a conclusion that the fuzzy regions of maximum sum
would get minAllconf value as its MIAC value. In the same way MIAC values of
other fuzzy regions are calculated and displayed in Table 6.

The MIAC values generated should be lesser or equal compared to the
minAllconf of the entire database. So that rare fuzzy patterns are discovered.

The frequent fuzzy regions in F are arranged in descending order of their MIAC
value and are kept in the header table shown in Table 7.

The frequent fuzzy regions from each transaction are picked up from database
(D) and placed into modified database (D;). Sort the fuzzy regions in each
transactions of (D) in descending order of their membership values. The results are
displayed in Table 8. Build the MFCP tree by inserting fuzzy regions of each
transactions tuple by tuple using the pattern tree. The resultant tree is given in
Fig. 2.

Table 8 Ordered fuzzy TID
regions for each transaction

Items

0.8 0.8
A.middle) (C.high) (D low)(C mzddle)

0.8 0.6 0.4
B lo )(A mtddle) (C mlddle)

—

)(C htgh) (C rmddle)

0.6 . 0.4
A.mi ddle) (C htgh) (D low) (C midd[e)

A.mt:ddle) (B low) (C mtddle)

NN B W

0.8 0.8 0.4 0.2
C.high) ) (D lnw) (A mtddle) (CAmiddle)
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{nyul}
¥ ) ¥

Dlow14 Cridde02 || Cruddle0d || Cmisdle04 A middke: 0.4

C.middle 0. Cmiddle 0.2

Fig. 2 MFCP tree after scanning all the transactions till tid = 6

3 Proposed Multiple Fuzzy Correlated Pattern Growth
Mining Algorithm

The two measures for identifying frequent item set are support and confidence. Low
level in these measures leads to the generation of too many patterns which are of
least significance. To solve the above problem in quantitative databases
All-Confidence measure is used which satisfies both anti-monotonic and null
variance properties.

A fuzzy pattern using All-confidence measure for any two fuzzy regions F, and
F, is defined as

FAIl = conf({Fy, F,}) = Zzgff(}(ﬁgp){m; {Fﬁ,)Fy}) 6)

where f;(1;) is the degree that a fuzzy region appears in transaction #; and fsupp is the
fuzzy support value of two fuzzy regions Fy, Fy. In both the cases the minimum
operator is used for intersection. Using fuzzy All-confidence measure and gener-
ating MIAC values for each fuzzy region the proposed algorithm generates rare
correlated patterns.

Input: The MFCP tree, header table and predefined MIAC values for frequent
items.
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Output: The fuzzy correlated patterns.

Step 1

Step 2

Step 3

Step 4

Step 5

The fuzzy regions in the header table, arranged in descending order of
MIAC values are processed one by one from lowermost to the uppermost.
Let the current fuzzy region is taken as Ry;.

The items in the path of the fuzzy region R (a.term) are extorted to form
the conditional fuzzy patterns. The minimum operator is used for inter-
section. The fuzzy values are obtained by grouping of fuzzy itemsets
related to Rj; using minimum operation, which excludes the items asso-
ciated with the same /;. (For example when considering the fuzzy region
C.middle, all other frequent fuzzy region are associated with it except
C.High as both regions are from same fuzzy item).

Add the fuzzy values of the resultant fuzzy itemsets that are same and put
as conditional pattern base of Rj. Let f.term be any fuzzy item in condi-
tional pattern base, Rj.

The fuzzy correlated patterns are generated by checking it against the

following conditions.
Sfsupp(a.term, f.term) > minsup (7)
and

fsupp(p.term)withR;;
sum(f.term)

> MIAC(.term) (8)

As p.term would be region with maximum value compared with a.term the
Eq. (6) can be rewritten in the form of Eq. (8) and checked against MIAC
value of the fuzzy region.

Repeat the steps 2—4 for subsequent fuzzy region until all the fuzzy regions
in the header table are processed.

3.1 An Example

For the above generated MFCP tree, the items are processed from bottom to top in
the order given by the header table (D.low, B.low, C.middle, C.high, A.middle). To
generate any correlated pattern of (a, ) where « is fuzzy region of smallest MIAC
value compared to /8 and  is a's conditional pattern base.

From the given MFCP tree, the conditional pattern base of (D.low) consists of
(B.low)(C.middle) (C.high) and (A.middle). If f.term is taken as (C.high).

and

Sfsupp(D.low, C.high) = 1.4 > minsup
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Table 9 Fuzzy correlated S.No Fuzzy correlated Itemsets
paterns 1 (C.middle, A.middle)

2 (D.low, C.high)

3 (B.low, C.middle)

Ssupp(D.low, C.high)
sum(C.high)

=79% > MIAC(C.high)

Hence, (D.low, C.high)is a correlated pattern. The final lists of fuzzy correlated
patterns are shown in the Table 9. For the above example database only 2-fuzzy
correlated pattern are generated. There are no possibilities of mining 3-fuzzy cor-
related patterns from the given example.

4 Experimental Results

The testing environment consists of a 2.13 GHZ Intel® Core™ i3 processor with
2.00 GB of memory running a windows xp operating system. We took mushroom
dataset and Retail dataset publicly available at the FIMI repository [25] is used for
evaluation. The details of the datasets are shown in Table 10. Random values from
1 to 11 were assigned to the items in the dataset.

Minimum support value is set to 0.01. Experiments are conducted for a range of
minimum All-Confidence values 100-30 %. MIAC values are calculated for the
frequent-1 items (items in Header Table) with reference to the highest support item
in the database. Figures 3 and 4 show the execution times taken for various min-
imum All-Confidence values for mushroom and retail datasets respectively.

Table 10 Details of databases

Database No. of transactions No. of items Avg. length of transactions
Mushroom 8124 119 23
Retail 88,162 16,470 76
Fig. 3 Execution time at 5000
different MIAC values for _
mushroom dataset § 4000 -
v
E 3000
-
= -
e 2000 —3 region
E 2 region
S 1000

0 |
1 0920807 06050403
Minimum All-Confidence
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8

Fig. 4 Execution time at
different MIAC values for
retail dataset

8

4000

=— 2 region

8

— 3 region

Bxecution Time (sec)
w
(=]
8

8

(=]

1 0.9 08 0.7 0.6 a5 0.4 0.3
Minimum All-Confidence

Figures 3 and 4 show that the execution time is prolonged for three regions when
compared to two regions for all minimum All-Confidence thresholds. This is due to
the fact that three regions would produce more tree nodes than two fuzzy regions.
The processing time also depends upon transformation of fuzzy regions using
predefined membership functions and the quantitative values of items.

Figure 5 illustrates the number of correlated patterns generated for various
minimum All-Confidence values for mushroom and retail dataset. The number of
patterns obtained in the retail dataset is more when compared to the patterns gen-
erated from the mushroom dataset. This is because; increase in dataset size causes
more patterns to be generated. The number of correlated patterns generated using
the MFCP approach is more when compared with multiple fuzzy frequent pattern
(MFFP) growth mining algorithm. The MFCP mining approach uses different
MIAC values for each item based on its support difference, so at even high con-
fidence levels rare items are generated. As support and confidence are the only
interesting measures considered for MFFP growth mining algorithm, the time taken
is slightly less when compared to the MFCP tree mining approach. Figure 7 dis-
plays the time taken for execution using the above methods using retail dataset.
Fuzzy rare patterns are left out in MFFP growth mining algorithm as it works on
single support and confidence measure for the entire database. The MFCP approach
generates rare patterns along with frequent patterns. So Comparatively MFCP
generates more number of patterns than MFFP approach. Using Retail dataset for

Fig. 5 Number of correlated 1600
patterns generated at different
min-all-confidence

5
& =
8 8 8B

mushroom

o
=]
(=]

— retail

No of Correlated pattern
Y o
(=] (=]
o o

ra
=]
o &

1 08 08 07 06 05 04 03
Minimum All-Confidence
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Fig. 6 Comparison on the 1200
number of patterns generated

using MFFP and MFCP i

800

600
— MFCP

No of patterns

400 — MFFP
200 4

0
07 0.6 05 04 0.3 0.2

Support

Fig. 7 Execution time of 7000

MFFP and MFCP 5000

5000 -

8
8

3000 — MEFP
— MFCP

BExecution time (sec)

2000 -

1000 -

0.8 0.7 0.6 0.5 0.4 0.3 0.2
Support

the given support measure, patterns are generated using the above mentioned
approaches. The Fig. 6 displays the number of patterns generated using both MFCP
and MFFP growth mining algorithms.

5 Conclusions and Future Work

In Traditional data mining approaches, maximum work is on binary databases to
find significant information. The discovered knowledge is represented in a statis-
tical or numerical way. In real world applications, the scope of using binary
databases is less. Fuzzy set theory reveals human thinking and aids to take sig-
nificant decisions. In this paper, the idea of Multiple Fuzzy Frequent Pattern tree
[12] and Correlated pattern tree [20] are integrated to find fuzzy correlated patterns
in a given quantitative data set. In the MFCP tree mining algorithm MIAC values
are set for each item to find the fuzzy correlated patterns. The rational for using two
confidence thresholds has been justified. An example is given to demonstrate that
the MFCP tree mining algorithm can derive multiple frequent correlated patterns
under multiple minimum item confidence in a simple and effective way.
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In the future, the proposed approach is extended for dynamic databases and also

investigates the extension of proposed work for generating fuzzy closed and
maximal correlated patterns.
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