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Abstract — A novel approach is presented for effectively
mining frequent Item sets and association rules (ARs) based
on fuzzy Apriori and weighted fuzzy Apriori. The authors
address the issue of invalidation of downward closure
property (DCP) in weighted association rule mining where
each item is assigned a weight according to its significance
With respective to some user defined criteria. Most works on
weighted association rule mining do not address the
downward closure property while some make assumptions to
validate the property. This chapter generalizes the weighted
association rule mining problem with binary and fuzzy
attributes with weighted settings. Their methodology follows
an Apriori approach but employs T-tree data structure to
improve efficiency of counting itemsets. The authors’
approach avoids pre and post processing as opposed to most
weighted association rule mining algorithms, thus eliminating
the extra steps during rules generation. We generalize the
problem of downward closure property and propose a fuzzy
weighted support and Confidence framework for Boolean
and quantitative items with weighted settings. The problem
of invalidation of the DCP is solved using an improved model
of weighted support and confidence framework for classical
and fuzzy association rule mining. The proposed approach
uses both binary data and fuzzy data and generates Frequent
Item Sets. This paper presents experimental results on both
synthetic and real-data sets and a discussion on evaluating
the proposed approach.

Keywords — Frequent Item sets, Association rules, fuzzy,
weighted support, weighted confidence, downward closure.

I. INTRODUCTION

Association rules (ARs) [1][2][6] have been widely used
to determine customer buying patterns from market basket
data. The task of mining association rules is mainly to
discover association rules (with strong support and high
confidence) in large databases. Classical Association Rule
Mining (ARM) deals with the relationships among the
items present in transactional databases [7, 8]. The typical
approach is to first generate all large (frequent) itemsets
(attribute sets) from which the set of ARs is derived. A
large itemset is defined as one that occurs more frequently
in the given data set than a user supplied support
threshold. To limit the number of ARs generated a
confidence threshold is used.

Association rules (ARs) (Agrawal, Imielinski & Swami,
1993)[1][2][3] are a well established data mining
technique used to discover co-occurrences of items mainly
in market, basket data. An item is usually a product
amongst a list of other products and an itemset is a
combination of two or more products. The items in the
database are usually recorded as binary data (present or
not present). The technique aims to find association rules
(with strong support and high confidence) in large
databases. Classical Association Rule Mining (ARM)

deals with the relationships among the items present in
transactional databases (Agrawal & Srikant, 1994; Bodon,
2003). Typically, the algorithm first generates all large
(frequent) itemsets (attribute sets) from which association
rule (AR) sets are derived. A large itemset is defined as
one that occurs more frequently in the given data set
according to a user supplied support threshold [2][4][6].
To limit the number of ARs generated, a confidence
threshold is used to limit the number by careful selection
of the support and confidence thresholds. By so doing,
care must be taken to ensure that itemsets with low
support but from which high confidence rules may be
generated are not omitted. We define the problem as
follows:

Given a set of items I = {i1, i2,..,im}and a database of
transactions D = {t1, t2,..,tn}  where ti = {Ii1, Ii2,.., Iip} ,
p ≤ m and I i j € I i f X  I with     k = |X| is called a k-
itemset or simply an itemset. Let a database D be a multi-
set of subsets of I as shown. Each supports an itemset X 
I if X  T holds. An association rule is an expression X 
Y , where X, Y are item sets and X  Y =  holds. Number
of transactions T supporting an item X w.r.t D is called
support of X, Supp(X) =| {T € D | X  T} | / | D |.  The
strength or confidence (c) for an association rule X  Y is
the ratio of the number of transactions that contain X  Y
to the number of transactions that contain X, Conf (X  Y)
= Supp (X  Y) / Supp(X) . For non-binary items, fuzzy
association rule mining (firstly expressed as quantitative
association rule mining (Srikant & Agrawal, 1996) has
been proposed using fuzzy sets such that quantitative and
categorical attributes can be handled (Kuok, Fu & Wong,
1998). A fuzzy rule represents each item as< item, value >
pair. Fuzzy association rules are expressed in the
following form:  If X is A satisfies Y is B.

This paper is organized as follows: Section II describes
related review. Section III describes Architecture; Section
IV describes proposed work (Methodology). Section V
describes implementation details. Section VI presents
experimental results and performance analysis. Section
VII presents conclusion and future scope.

II. LITERATURE REVIEW

In association rule mining literature, weights of items
are mostly treated as equally important i.e. weight one (1)
is assigned to each item until recently where some
approaches generalize this and give item weights to reflect
their significance to the user (Lu, Hu, & Li 2001). The
weights may be as a result of particular promotions for
such items or their profitability etc. There are two
approaches for analyzing data sets with weighted settings:
pre- and post-processing. Post processing handles firstly
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the non-weighted problem (weights=1) and then perform
the pruning process later. Pre-processing prunes the non-
frequent itemsets after each iteration using weights. The
issue in post-processing weighted ARM is that first; items
are scanned without considering their weights and later,
the rule base is checked for frequent weighted ARs. By
doing this, we end up with a very limited itemset pool to
check weighted ARs and potentially missing many
itemsets. In pre-processed classical ARM, itemsets are
pruned by checking frequent ones against weighted
support after every scan. This results in less rules being
produced as compared to post processing because many
potential frequent super sets are missed. In (Cai et al.,
1998) a post-processing model is proposed with two
algorithms proposed to mine itemsets with normalized and
un-normalized weights. The authors use a k-support bound
metric to ensure validity of the DCP but does not
guarantee that every subset of a frequent set will be
frequent unless the k-support bound value of (k-1) subsets
was higher than (k). An efficient mining methodology for
Weighted Association Rules (WAR) is proposed in
(Wang, Yang & Yu, 2000). A Numerical attribute was
assigned for each item where the weight of the item was
defined as part of a particular weight domain. For
example, soda[4,6] → snack[3,5] means that if a customer
purchases soda in the quantity between 4 and 6 bottles, he
is likely to purchase 3 to 5 bags of snacks. WAR uses a
post-processing approach by deriving the maximum
weighted rules from frequent itemsets. Post WAR doesn’t
interfere with the process of generating frequent itemsets
but focuses on how weighted AR’s can be generated by
examining weighting factors of items included in
generated frequent itemsets.

Similar techniques for weighted fuzzy association rule
mining are presented in (Lu, 2002; Wang & Zhang, 2003;
Yue et al., 2000). In (Gyenesei, 2000), a two-fold pre
processing approach is used where firstly, quantitative
attributes are discretised into different fuzzy linguistic
intervals and weights assigned to each linguistic label. A
mining algorithm is applied then on the resulting dataset
by applying two support measures for normalized and un-
normalized cases. The downward closure property is
addressed by using the z-potential frequent subset for each
candidate set. An arithmetic mean is used to find the
possibility of frequent k+1 itemset, which is not
guaranteed to validate the valid downward closure
property.
A. Problem Definition

In this section, we define terms and basic concepts for
item weight, itemset transaction weight, weighted support
and weighted confidence for both binary (Boolean
attributes) and fuzzy (quantitative) data. The technique for
binary data is termed as Binary Weighted Association
Rule Mining and that for fuzzy data Fuzzy Weighted
Association Rule mining.
B. Binary Weighted Association Rule Mining

Let the input data D with   transactions t = {t1,t2,..,tn}
have a set of items I = {i1,i2,..,i|I |} and a set of  positive
real  numbered  weights W ={w1 ,w2 ,..,wi } 1 2 | |
corresponding to each item i. Each ith transaction ti is

some subset of I and a weight w is attached to each item
ti[i j] (jth item in the “ith” transaction). A pair (i, w) is
called a weighted item where i  I and the “” item’s
weight in the “” transaction is given by ti[ij[w]] .

Definition 1. Item Weight is a non-negative real value
given to each item ranging [0..1] with some degree of
importance, a weight .

Definition 2. Itemset Transaction Weight is the
aggregated weight of all the items in the itemset present in
a single transaction.

Definition 3. Weighted Support WS is the aggregated
sum of itemset transaction weight ITW of all the
transactions in which itemset is present, divided by the
total number of transactions.

Definition 4. Weighted Confidence WC is the ratio of
sum of votes satisfying both X Y to the sum of votes
satisfying X:
C. Fuzzy Weighted Association Rule Mining

A fuzzy dataset D’ consists of fuzzy transactions T ' =
{t1 ,t2 ,.tn}  with fuzzy sets associated with each item in I =
{I1 ,I2 ,..In, }  , which is identified by a set of linguistic
labels L = { L1, L2,..Ln, }  (for example L = {small,
medium, large} ). We assign a weight w to each l in L
associated with i. Each attribute t’i' [ij] is associated (to
some degree) with several fuzzy sets. The degree of
association is given by a membership value in the range
[0..1], which indicates the correspondence between the
value of a given ti’ [ i j ] and the set of fuzzy linguistic
labels. The “kth” weighted fuzzy set for the “jth” item in
the “ith” fuzzy transaction is given by t’i[ij[lw]].

III. SYSTEM ARCHITECTURE

Fig.3.1 Architecture System

The System is divided into 3 Layers Data Base Layer
which hold large set of Data (Binary and Fuzzy data Sets)
and Weighted values. The Fuzzy Algorithms layer
implements Apriori Algorithms using Fuzzy method and
weighted fuzzy methods. The Knowledge extraction
process generates frequent item sets and association rules.
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IV. METHODOLOGY

A. Downward Closure Property
In a classical Apriori algorithm it is assumed that if the

itemset is large, then all its subsets should also be large
and is called Downward Closure Property (DCP). This
helps algorithm to generate large itemsets of increasing
size by adding items to itemsets that are already large. In
the weighted ARM case where each item is assigned
weight, the DCP does not hold. Because of the weighted
support, an itemset may be large even though some of its
subsets are not large. This violates DCP. This is explained
using following tables.
Table 1 Frequent itemsets with invalid DCP

T Items Items i Weight
(W)

T1 A B C D E 1 .1
T2 A C E 2 .3
T3 B D 3 .6
T4 A D E 4 .7
T5 A B C D 5 .9

Large
Item sets

Support Large? Weighted
Support

Large

AB 40% Yes 0.16 No

AC 60% Yes 0.42 Yes
ABC 40% Yes 0.4 Yes
BC 40% Yes 0.36 No
BD 60% Yes 0.72 Yes
BCD 40% Yes 0.72 Yes
Table 1 shows four large itemsets of size 2 (AB, AC,

BC, BD) and two large itemsets of size 3 (ABC, BCD,
which are a combination of two large itemsets. In classical
ARM, when the weights are not considered, all of the six
itemsets are large. But if we consider item weights and
calculate the weighted support of itemsets according to
definition 3 and 7, a new set of support values are
obtained. classical support of all itemsets is large, if ABC
and BCD are frequent then their subsets will also be large
according to classical ARM. But weighted support of AB
and BC are no longer frequent. In classical ARM using
DCP, we assume that if AB and BC are not frequent, then
ABC and BCD cannot be frequent so we don’t consider
generating the supersets that contain non-frequent
itemsets.
B. Weighted Downward Closure Property

In classical ARM algorithm, it is assumed that if the
itemset is large, then all its subsets should be large, a
principle called downward closure property (DCP). For
example, in classical ARM using DCP, it states that if AB
and BC are not frequent, then ABC and BCD cannot be
frequent, consequently their supersets are of no value as
they will contain non-frequent itemsets. This helps
algorithm to generate large itemsets of increasing size by
adding items to itemsets that are already large. In the
weighted ARM where each item is given a weight, the

DCP does not hold in a straightforward manner. Because
of the weighted support, an itemset may be large even
though some of its subsets are not large. We argue that the
DCP with binary and quantitative data can be validated
using the proposed approach. We prove this by showing
that if an itemset is not frequent, then its superset cannot
be frequent and WS (subset) ≥ WS (superset) is always
true.
C. Fuzzy Apriori

The proposed Composite Fuzzy Apriori algorithm is
developed using T-tree data structures and works in a
fashion similar to the Apriori algorithm.

The algorithm consists of four major steps:
Data preprocessing Steps:

1. Transformation of ordinary transactional data set (T)
into a property data set(Tp ).

2. Transformation of property data set (Tp) into a fuzzy
data set(T’) .
Association Rule Mining Steps:

3. Apply Fuzzy Apriori-T association rule mining
algorithm to using fuzzy support, confidence and certainty
measures of the form described above to produce a set of
frequent item sets .

4. Process and generate a set of fuzzy ARs such that the
interestingness threshold (either confidence or certainty as
desired by the end user) is above some user specified
threshold.

The algorithms for steps 1and 2 are presented as
follows.

Raw to property data set Converter

Property to Fuzzy Dataset Converter
D. The Fuzzy Apriori-T Algorithm

The Fuzzy Apriori-T algorithm (Apriori-Total) is
founded on tree structure called the T-tree. This is a set
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enumeration tree structure in which to store frequent item
set information. What distinguishes the T-tree from other
set enumeration tree structures is:

1. Levels in each sub-branch of the tree are defined
using arrays. This thus permits "indexing in" at all levels
and consequently offers computational advantages.

2. To aid this indexing the tree is built in "reverse".
Each branch is founded on the last element of the frequent
sets to be stored. This allows direct indexing with attribute
number rather than first applying some offset.

Thus given a data set of the form (ignoring any fuzzy
membership issues):

A=0.6, B=0.5, C=0.3, D=0.2, E=0.8, F=0.3
{ 1 2 3 4 5 6 }
{0.6 0.3 0.2 0.4 0.1 0.9}
{0.5 0.2 0.8 0.5 0.6 0.4}
{0.5 0.2 0.3 0.3 0.2 0.1}

and assuming a support count of less than 0.01, we can
identify the following frequent sets (support counts in
parenthesis):

1 (0.53) 1 2 (0.13) 1 4 6 (0.11)
2 (0.23) 1 4 (0.21)
3 (0.43) 1 6 (0.26)
4 (0.40) 2 6 (0.12)
5 (0.30) 3 4 (0.19)
6 (0.47) 3 5 (0.18)

4 5 (0.13)
4 6 (0.19)

These can be presented in a T-tree of the form given in
following Figure.

Fig. 4.1 T Tree

E. Weighted Fuzzy Apriori
The proposed Weighted Apriori ARM algorithm is

developed using T-tree data structures  and works in a
fashion similar to the Apriori algorithm. The Weighted
Apriori ARM algorithm consists of two major steps:

1. Apply Apriori-T association rule mining algorithm
using weighted support measures of the form described
above to produce a set of frequent item sets F.

2. Process F and generate a set of weighted ARs R such
that r € R the interestingness threshold (confidence as
desired by the end user) is above some user specified
threshold.

The Fuzzy Apriori algorithm (Apriori-Total)  is founded
on a tree structure called the T-tree. This is a set
enumeration tree structure in which to store frequent item
set information.

V. IMPLEMENTATION DETAILS

In this section, we analyze the performance of our new
approach for classifying the customer credit card data
using back propagation approach and predicting the who
likely customers to our new business are. This we compare
with Bayesian classification approach. The Algorithms
were implemented in java Swing as Front end. We have
placed transactional data records in data sets.

VI. EXPERIMENTAL RESULTS

In order to evaluate the performance of our proposed
algorithm, we have conducted experiments on a PC (CPU:
Intel(R) Core2Duo, 3.16GHz) with 4GByte of main
memory running Windows XP. The following shows the
results of Fuzzy Apriori Algorithm and Weighted Fuzzy
Apriori for generating frequent item sets and association
rules.

The following are the frequent item sets and association
rules generated by fuzzy apriori.

OUTPUT FREQUENT SETS USING OUTPUT
SCHEMA:

Fuzzy Apriori-T
Format: [N] {I} = S, where N is a sequential number, I

is the item set and S the support.
[1] {small_A} = 0.31
[2] {verySmall_A} = 0.27
[3] {small_A verySmall_A} = 0.06
[4] {medium_A} = 0.27
[5] {verySmall_A medium_A} = 0.06
[6] {large_A} = 0.08

OUTPUT ASSOCIATION RULES USING OUTPUT
SCHEMA:

(N) ANTECEDENT -> CONSEQUENT
CONFIDENCE (%)

(1)  {medium_A} ->  {verySmall_A}  23.07
(2)  {verySmall_A} ->  {medium_A}  23.07
(3)  {verySmall_A} ->  {small_A}  23.07
(4)  {small_A} ->  {verySmall_A}  20.0

The following shows the time comparison of Fuzzy
Apriori and weighted Fuzzy Apriori algorithms for
different Support values with 240 records.

Fig. 6.1 Comparison of time between Fuzzy Apriori &
Weighted Fuzzy Apriori.
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The following shows the time comparison of Fuzzy
Apriori and weighted Fuzzy Apriori algorithms for
different Support values with 240 records.

Fig. 6.2 Comparison of space between Fuzzy Apriori &
Weighted Fuzzy Apriori.

The following shows the comparison of No Of Nodes ,
No Of levels and no of Support Value increments  created
between Fuzzy Apriori and weighted Fuzzy Apriori
algorithms for different Support values with 240 records.

Fig. 6.3 Comparison of No Of Nodes between Fuzzy
Apriori & Weighted Fuzzy Apriori.

Fig. 6.4 Comparison of No Of Levels between Fuzzy
Apriori & Weighted Fuzzy Apriori.

Fig. 6.5 Comparison of No Of Support value increments
between Fuzzy Apriori & Weighted Fuzzy Apriori.

VII. CONCLUSION AND FUTURE WORK

We have presented a generalized approach for
effectively mining weighted fuzzy association rules from
databases with binary and quantitative (fuzzy) data. A
classical model of binary and fuzzy association rule
mining is adopted to address the issue of invalidation of
downward closure property (DCP) in weighted association
rule mining. This was addressed using an improved model.
We used classical and weighted ARM examples to
compare support and confidence measures and evaluated
the effectiveness of the proposed approach. We have
demonstrated the validity of the DCP with formal
comparisons to classical weighted ARM.
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