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Abstract: The Trivial association rule mining which should be fixed in order to avoid both that early trivial
rules is retained and also that interesting rules are not discarded. In fact the situations which use the relative
comparison to express association rules are more complete than the situations that generate association rules
that use the absolute comparison. The traditional concept of association rule mining will lose some
information in generating association rules. The user does have to determine the degree of support and
confidence thresholds before generating association rules. In our paper, we proposed new approach in finding
association rules. This new approach uses the concept of rough set theory and Bayesian network
classification to generate association rules. This provides a way for decision maker to get more information
to generate association rules than traditional approach. The new approach for revving association rules has
the ability to handle the certainty in the classifying process so that we can reduceinformation loss and
enhance the result of data mining. This new algorithm can simulate the value of probability which is based on
continuous data set.
Keywords: Data mining, Association rule mining, frequent item set, Electronic commerce, Rough set
theory, Bayesian network, Bayesian classification.

1. Introduction:
Association rules of events/nodes can be regarded as probability rules due to their co-occurrence [1]. The
real life example is the database of sales transactions. In such case, the objective is to find the items that are
bought together. Such information is helpful in the development of marketing strategies with great success.
Association rule mining finds interesting association or correlation relationship among a large data set of
items [1, 2]. The discovery of interesting association rules can help in decision making process. Association
rule mining that implies a single predicate is referred as a single dimensional or intra dimension association
rule, since it contains a single distinct predicate with multiple occurrences (the predicate occurs more than
once within the rule). The terminology of single dimensional or intra dimension association rule is used in
multidimensional database by assuming each distinct predicate in the rule as a dimension. For instance, in
market basket analysis,. In market basket analysis, it might be discovered a Boolean association rule “laptop
b/w printer” which can also be written as a single dimensional association rule as follows.
Rule-1 buys(X, “laptop”) buys(X, “b/w printer”), where buys is a given predicate and X is a variable
representing customers who purchased items (e.g. laptop and b/w printer). In general, laptop and b/w printer
are two different data that are taken from a certain database attribute, called items. In general, Apriori [1] is
used an influential algorithm for mining frequent itemsets for generating Boolean (single dimensional)
association rules. Additional relational information regarding the customers who purchased the items, such
as customer age, occupation, credit rating, income and address, may also have a correlation to the purchased
items. Considering each database attribute as a predicate, it can therefore be interesting to mine association
rules containing multiple predicate, such as:
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Rule-2: Age (“20..29”) ? sex(“Male”) ? income(“5K..7K”) ?buys(“Laptop”) Where there are four
predicates, namely age, sex, income and buys. Association rules that involve two or more dimensions or
predicates can be referred to as multidimensional association rules. Multidimensional rules with no repeated
predicates are called interdimension association rules (e.g Rule-2)[4] .On the other hand, multidimensional
association rules with repeated predicates, which contain multiple occurrences of some predicates, are called
hybrid-dimension association rules .The rules may be also considered as combination (hybridization)
between intradimension association rules and interdimension association rules. An example of such a rule is
the following, where the predicate buys is repeated
Rule-3 Age (“20..29”) ? sex(“Male”) ? income(“5K”) ? buys(“Laptop”) ? buys(“Laser Printer”). In
association rules, events are taken as variables but ifa complete rule is taken as a variable/node which is
basedon probability rule with maximized probability to developthe relation among relation for further
generalization inthe market strategy.Here, we may firstly interested in mining multidimensional association
rules with no repeated predicates or interdimension association rules. Hybrid dimension association rules as
an extended concept of multidimensional association rules will be discussed later in our next paper. The inter
dimension association rules may be generated from a relational database or data warehouse with multiple
attributes by which each attribute is associated with a predicate. Conceptually, a multidimensional
association rule, consists of A and B as two datasets, called Condition and decision, respectively.
This paper is organized as follows: Section 2 completely describes System Design and Implementation.
Section 3 describes Proposed work(Association Rule Mining for generating Binary Association Rules).
Section 4 presents experimental results and performance analysis. Section 5 presents conclusion and future
scope.

2. System Design and Implementation:
The Following Figure shows Architecture of the Proposed System.

Figure 2.1 System Architecture

The system is composed of five layers
1) User interface layer 2) Data mining algorithms implementation layer 3)Data base server layer
4) Data base layer
User Interface Layer:
This layer is responsible for interaction with user and various calls to different graphical and
visualization utilities. This module provides an interface for user to invoke with system and to execute
queries based Association Rule Mining algorithms. The following are different services that this module
offers.
1) To design an interface for Apriori algorithm. 2) To design an interface for Bayesian algorithm.
3) To design an interface for Rough set based algorithm
Data mining algorithms implementation layer: This layer is main layer that connects all system
components together. This layer is divided into 3 sub modules. 1) Apriori Association Rule Mining Module
2) Bayesian Association Rule Mining Module 3) Rough Based Association Rule Mining Module
Database server layer : This layer uses a database server for maintaining transactional data items for use in
Association Rule mining algorithm.
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Database layer : This layer is collection of datasets that maintains transactional data items. We can also
datasets for maintaining transactional data items.

3. Proposedwork:
3.1 Association Rule Mining Using Rough Set Theory : In 1982 Z.Pawalak introduced a new tool to
deal with vagueness, called the “rough set”. It is a method for uncovering dependencies in data, which are
recorded by relations. The rough set philosophy is based on the idea of classification

3.1.1 Model: The rough set method operates on data matrics, so called “Information System.It contains data
about the universe of interest, condition attributes and decision attributes. U of interest, condition attributes
and decision attributes. The goal is to derive rules that give information how the decision attributes depend
on the condition attributes. By an information system S, S= {U, At, V, f}, where U is a finite set of objects,
U= {x1.x2…..xn}, At is a finite set of attributes, the attribute in At is further classified into two disjoint subsets,
condition attributes C and decision attribute D. At = C∪D where C= c1 ∧ c2 ∧ c3 ….. ∧cn and D= d1∧ d2 ∧
d3 …… ∧ dn.
V = vp and vp is a domain of attribute p.
PεA
The function f performs a mapping code of conditionattributes such that c1, c2…cn into one simple
attribute C which can be added directly into the informationsystem as one certain attribute, it will only
posses onecolumn in the information system, analogous an item. f: U Χ at → V is a total function such that
f(xi,q)ε V. A prerequisite for rule generation is a partitioning of in a finite number of blocks, so called
equivalence classes, of same attribute values by applying an equivalence relation. We propose an algorithm
for mining of interdimension association rules in transaction database i.eCombineDims
3.1.2 Combine Dims Algorithm (RSMAR):
We prepare the data from the general table as follows:
1. Select the dimension d, d1,d2,d3,…,dm From the general tables where d1=(duser1) And d2=(duser2 )
And…..dm=(duserm ) group by <d1,d2,……dm>.This syntax create an initialized table IntTab for mining
multidimensional association rule. Now we apply one distinct mapping code which is stored on MapTab for
selected dimension as follows. (age dimension/sex dimension/income dimension, buys(d),and mapping code)
(„29/‟M‟/30k, ‟Laptop‟,‟0001‟). Here we combine three dimensions: age, sex and income into one
mapping code „0001‟.The following are the details of our proposed algorithm.
1. Procedure CombineDims
2. X= {Total rows of table IntTab}
3. For I=1 to X Loop //on table IntTab
4. If! CheckMapCode (d1, d 2.... d m) then
5. GenMapCode (d1, d 2....dm);
6. End IF;
7. End Loop;
8. For J= 1 to X Loop// on table IntTab
9. S=FindMapCode (d1, d 2.... d m);
10. Insert MdTab (IntTab (d.key), MapTab (MapCode))
11. End Loop;
After creating MdTab, we use that table in the GenFI algorithm to discover frequent item set on
interdimension mining association rules in transaction database.

3.1.3 Mining of Association Rules
The mining of association rules is usually a two phase's process. The first phase is for frequent itemsets
generation. The second phase generates the rules using another user defined parameter minconf, which again
affects the generation of rules. The second phase is easier and the overall performance of mining association
rules is determined mainly by the first step.

3.2 Association Rule Mining Using Bayesian Network: Bayesian Network (BN) is used to build a
modelusing a probability distribution over a set of variables. The benefit of BN is the compact representation
of complex problem domains. Also, BN provides decision making, smooth, consistent and flexible
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applicability in the complex domains. On the other hand, association rules are based on antecedent and
consequent part which have condition attributes and decision attributes respectively. Each association rule
has a confidence percentage value which shows the rule effectiveness in terms of probability. Thus,
association rules and Bayesian Network can be linked up due to probabilistic approach. Therefore, we focus
on association rules to develop an automated data mining technique with the use of Bayesian Network. For
this purpose, we suggested Associated Rules Binary Symmetric Matrix using K2 (ARBSM-K2) technique in
order to generate Hierarchical Association Rules (HAR). This structure shows the relations among the
association ruleswhich show more certainty in the hierarchy after maximizing the probability for each
association rule treated as a node. Hence, this hierarchy may open new research dimensions to academia
community by refining the existing techniques with the latest techniques to further obtain knowledge in any
domain.
For generating Hierarchical Association Rules first association rules as shown in Table 1
are converted into the binary dataset using their confidence% values in a text file as a dataset. Therefore,
such conversion in Binary Dataset is shown in the following matrix where ∆i j=∆ji;
Table 3.2.1 Association Rules

Matrix

Figure 3.2.1 Proposed Model for HAR

4. Experimental Results
In order to implement the required Bayesian Network algorithm (HAR), we selected to use c# language
in .Net environment. For this purpose, a text matrix file of association rules on confidence values in
percentages is used. The following are the results of Bayesian Network algorithm implementation.
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Figure4.1 Dataset used.
Figure4.2 Hierarchical Association Rules.
Figure 4.1 shows Data set used in the system and Figure 4.2 shows The generated Hierarchical Association Rules.
The following are the results of Rough set theory based association rule mining algorithm (Combined Dims
algorithm);

Table4.1 Sales Database.

Figure 4.3(a) No of frequent item set.

Figure 4.3(b) Computation Time

The following Figures (Figure 4.4 and Figure 4.5) show the comparison of performance of
Apriori and Baysian Network Algorithms by using time complexity.

Figure 4.4

Figure 4.5

The following Figures (Figure 4.4 and Figure 4.5) show the comparison of performance of Apriori and
Baysian Network Algorithms by using Space complexity.
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Figure 4.6

Figure 4.7

5. Conclusions and Future Work
In this paper, the RSMAR is proposed to mining of interdimension association rules. Mining rules with
the RSMAR algorithm is two step processes: First we apply the CombineDims algorithm to combine the
selected dimensions in order to provide the framework for mining interdimension association rules. Then, we
apply the GenFI algorithm to discover frequent itemsets in the transaction database. The algorithm provides
better performance improvements. The gap between the RSASM and Apriori algorithms becomes evident
with the number and size of pattems identified and the searching time reduced. Also in this paper, we
presented an automated HAR data mining technique (Baysian Network based Association Rule Mining
algorithm). This technique is useful for obtaining further knowledge from association rules in a hierarchical
way. Additionally, this technique shows the relation in uncertain environment among nodes (association
rules) with the help of probability.
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