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1. Introduction

For mining association rule in transactional or relational 
database in data mining till now we have used different 
approaches. Apriori algorithm is costly to handle a huge number 
of candidate sets and it requires multiple scans for the database 
which is a tedious job. However, in situations with a large 
number of frequent patterns, long patterns, or quite low 
minimum support thresholds, an Apriori-like algorithm may 
suffer from some above problems and it is used for only single 
dimensional mining. Although an FP-tree is rather compact, its 
construction needs two scans of a transaction database, which 
may represent a nontrivial overhead [3].

Finding frequent patterns plays an important role in data mining 
and knowledge discovery techniques. Association rule describes 
correlation between data items in large databases or datasets. 
The first and foremost algorithm to find frequent pattern was 
presented by R. Agrawal et al. in 1993. Presented frequent 
pattern tree approach, for mining association rules without 
candidate generation. The candidate generation and test 
methodology called Apriori techniques was the first technique to 
compute frequent patterns based on the Apriori principle and 
anti-monotone property. The Apriori technique finds the 
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frequent pattern of length k from the set of already generated 
candidate patterns of length k-1. This algorithm requires 
multiple database scans and large amount of memory to handle 
the candidate patterns when the number of potential frequent 
pattern is reasonably large. In the past two decades, large 
numbers of research studies have been published presenting 
new algorithms or extending existing algorithms to solve 
frequent pattern mining problem more effectively and 
efficiently. But all the above-mentioned studies are well suitable 
for single-dimensional transactional databases.

2. Association Rules

Definition 1: Let I = {i1, i2, i3,……. in} be a set of items. D is a 
database of transactions. Each transaction T is a set of items and 
has an identifier called TID. Each T      I.

Definition 2: Association rule is the implication of the form
A    B, where A and B are item sets which satisfies A    I , B    I and 

A∩ B = φ.

Definition 3: The strength of an association rule can be measured 
in terms of its Support and Confidence.

The support supp(X) of an item set X is defined as the proportion 
of transactions in the data set which contain the item set.

The confidence of a rule is defined

Conf (X     Y) = supp (X?    Y)/supp(X)

Definition 4: Boolean Matrix: is a matrix with element ‘0’ or ‘1’.

Definition 5: The Boolean AND operation is defined as follows: 
0.0=0 0.1=0 1.0=0 1.1=1. Where logical implication is denoted by 
‘.’ or AND

There are different methods for generating frequent item sets 
and association rule mining.

Some of them are as follows:-
A. Apriori Algorithm
The classical Apriori algorithm employs an iterative method to 
find all the frequent item-sets. First, the frequent 1- item sets L  is 1

found according to the user-specified minimum support 
threshold and then the L  is used to find frequent 2-iemsets L , 1 2

and so on, until there is no new frequent item sets could be found. 
After finding all the frequent item sets using Apriori, we could 
generate the corresponding association rules [5]. Apriori 
employs an iterative approach known as a level-wise search, 
where k-item sets are used to explore (k+1)-item sets. Apriori 
principle: If an item set is frequent, then all of its subsets must 
also be frequent. It works in two steps-Join Step: Ck is generated 
by joining Lk-1with itself. Prune Step: Any (k-1)-item set that is 
not frequent cannot be a subset of a frequent k-item set.

Apriori Algorithm is the simple Single-dimensional mining 
algorithm.

B. Sampling Algorithm
The main idea for the sampling algorithm is to select small 
sample one that fits in the main memory of the database of 
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transactions and to determine the frequent item sets from that 
sample. If those frequent item sets form a superset of frequent 
item sets for the entire database, then we can determine the real 
frequent item sets by scanning the remainder of the database in 
order to compute exact support values for the superset item sets. 
A superset of frequent item sets can usually be found from by 
using for eg.Apriori algorithm with a lowered minimum 
support.

C. Partition Algorithm
In this algorithm if we are given a database with a small number 
of potential large item sets say a few thousands, then support for 
them can be tested in one scan by using a partitioning technique. 
Partitioning divides the database into non-overlapping subsets; 
these are individually considered as separate databases and all 
large item sets for that partition called local frequent item sets, 
are generated in one pass. The Apriori algorithm can then be 
used efficiently on each partition if it fits entirely in main 
memory. Partitions are chosen in such a way that each partition 
can be accommodated in main memory.

D.  FP-growth algorithm
FP-growth algorithm is an efficient method of mining all 
frequent item sets without candidate’s generation. The 
algorithm mine the frequent item sets by using a divide-and-
conquer strategy as follows: FP-growth first compresses the 
database representing frequent item set into a frequent-pattern 
tree, or FP-tree, which retains the item set association 
information as well. The next step is to divide a compressed 
database into set of conditional databases (a special kind of 
projected database), each associated with one frequent item. 
Finally, mine each such database separately. Particularly, the 
construction of FP-tree and the mining of FP-tree are the main 
steps in FP-growth algorithm.

In reality, for example, along with items purchased in sales 
transactional databases, other related information like quantity 
purchased, price, branch location etc are stored. Additional 
related information regarding the customers who purchased the 
items, such as customer age, occupation, credit rating, income, 
and address also stored in the database. Frequent item sets along 
with other relevant information will be helpful in high-level 
decision-making. This leads to the challenging mining task of 
multilevel and multidimensional association rule mining. In 
recent years, there has been lot of interest in mining databases 
with multidimensional data values.

3. Conditional - Hybrid Dimensional Association
Rule Mining

Thus here I present mining conditional hybrid-dimensional 
association rules. Based on these marking, either it does intra-
dimensional join or inter-dimensional join.

To solve these problems for founding frequent item sets we have 
proposed this algorithm. It mines hybrid dimension Association 
rules not only from single-dimensional as well as 
multidimensional database. It meets the definite condition to 
generate conditional hybrid dimensional association rules, from 
multidimensional transactional database. It scans database only 
once which makes easy to find large frequent patterns. It does not 
generate the candidate item sets as we generate in Apriori 

⊆ 

⇒ ⊆ ⊆ 

⇒ 
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(intra-dimensional join or inter-dimensional join) 

B.  The Conditional restriction in hybrid-dimension

Association rules
First the frequent item-sets are obtained, and then we generate 
the hybrid-dimension association rules from the frequent item-
sets. In the process of generating frequent item-sets, we make 
both intra-dimensional join and inter-dimensional join as well as 
the conditional restrictions while proceeding with join, all of the 
frequent item-sets have such a character: the values within main 
attribute field occur many times while the values within 
subordinate attribute fields occur only once. Thus, the rules 
generated by the algorithm may include many predicates or 
include the same predicate. So the hybrid dimension association 
rules are formed [1].

4. Algorithm

The algorithm consists of following steps:
1. Transforming the multidimensional transaction database 

into two Boolean matrices one for subordinate attributes 
(Am*p) and one for main attribute (Am*q).

2. Generating the set of frequent 1-itemset L  (from the A1

subordinate attributes matrix) and L  (from the main B1

attribute matrix).
3. Pruning the Boolean matrices.
4. Perform AND operations to generate 2-itemsets:

L  join L  and L  join L  for inter-dimension joinA1 B1 A1 A1

And L  join L  for intra-dimension join.B1 B1

5. Repeat the process to generate (k+1)-item-sets from Lk

• Transforming the multidimensional transaction 
database into Boolean matrix
• Generating the frequent 1-itemset L1

• Pruning the Boolean matrix
• Generating the set of frequent k-item sets Lk

We integrate the single-dimensional mining and no repetitive 
predicate multi-dimensional mining and present a method for 
mining hybrid-dimensional association rules using Boolean 
Matrix. Let a multi-dimensional transaction database order, 
which includes two subordinate attributes Age and Income and 
one main attribute Ordered_items as given in table I. In order to 
simplify the implement process, we pre-processed some 
attributes before algorithm executes shown below in table II and 
table III.

The multidimensional transaction table order is transformed 
into two Boolean Matrices: Am*p as subordinate attributes 
matrix and Bm*q as main attribute matrix which are as given 
below: Let the minimum support is 0.4; m=10 is the number of 
transactions.

algorithm, rather it uses Boolean Vector “relational calculus” to 
generate frequent item sets. I take multidimensional datasets 
with five attribute as input and apply on Hybrid-Dimensional 
Association Algorithm Rule to generate association rule using 
Boolean Matrix. I use backend Sql Server and front end jdk1.5 
version.

Methodology used in this project:-
• Transforming the multidimensional transaction database 

into two Boolean matrices one for subordinate attributes 
(Am*p) and one for main attribute (Am*q).

• Generating the set of frequent 1-itemset L  (from the A1

subordinate attributes matrix) and L  (from the main B1

attribute matrix).
• Pruning the Boolean matrices.
• Perform AND operations to generate 2-itemsets:

L        L  and L   __  L  for inter-dimension join and A1 B1 A1 A1

L       L  for intra-dimension join.B1 B1

• Repeat the process to generate (k+1)-item sets from L .k

Transforming the multidimensional transaction database into 
Boolean matrix
Generating the frequent 1-itemset L1

Pruning the Boolean matrix
Generating the set of frequent k-item sets Lk

The generation of frequent item sets is the core of all the 
association rules mining algorithms. Previous studies on mining 
multi-dimensional association rules we focused on finding non-
repetitive predicate multi-dimensional rules. We integrate the 
single-dimensional mining and no repetitive predicate multi-
dimensional mining, and present a method for mining hybrid-
dimensional association rules using Boolean Matrix.

A.  The Join Process
There are two steps in generation of the frequent item sets and 
frequent predicate sets. The two steps are joining and pruning.

• The join generating candidate 2-itemsets C2; we find 
frequent 1-itemsest based on each attribute, at the same time 
we mark items belong to every main attribute. So it will be 
clear that the marked items are the items of main attribute 
and unmarked items are the subordinate items. When we 
search for C2, if both of the two joining items are marked 
items, we call the function for intra-dimensional join 
between the items as well as inter-dimensional join, but only 
proceed with inter-dimensional join on the other occasions.

• The join on other occasions when we generate frequent item 
sets directly according to the join mode of the Apriori, it 
would occur intradimensional join as well as inter- 
dimensional join. But there are some restrictions to the 
generation of intradimensional join and inter-dimensional 
join. Therefore we make the following modifications to the 
joining step of the Apriori. We assume that items within 
transaction and item-set are sorted in lexicographic order. 
We could take two steps to find L .k

• Distinguish the intra-dimensional join and inter-
dimensional join; If all the items within the two (k-1) item-
sets belong to the main attribute we proceed with intra-
dimensional join and proceed with inter-dimensional join 
on other occasions.

• Implement join L    L , and choose the corresponding k-1 k-1

joining condition according to the characteristic of the join 
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Table I: Order

Therefore min_sup_num=10. We compute the sum of the 
elements value of each column in the Boolean matrix A  and B  10*5 10*5

set of frequent 1-itemset is:

L  = {{y},{m},{h},{l}}, L  = {{I1},{I2},{I3},{I5}} smaller than the A1 B1

minimum support number [7]. Now we perform the ‘AND’ 
operation to join L  and L  (according to the type of join) to A1 B1

generate L . The possible 2-itemsets are: Inter-dimensional join 2

(L     |L  and L     |L ): It is performed by AND operation A1 B1 A1 A1

among the columns of Matrix A  AND B  and A  AND A . m*p m*q m*p m*p

Intra-dimensional join (L    L ): It is performed by AND B1 B1

operation among the columns of Matrix B  AND B . The m*p m*q

possible 2-item sets from L  and L  are: (y,l), (m,h), (h,1), (h,2), A1 B1

(h,3), (h,5), (l,1), (l,2), (l,3), (l,5), (y,1), (y,2), (y,3), (y,5), (m,1), (m,2), 

(m,3), (m,5), (I1,I2), (I1,I3), (I1,I5), (I2,I3), (I2,I5), (I3,I5). After 
performing ‘AND’ operation to get the support numbers of these 
mentioned item sets the Boolean matrices A  and B  are 10*18 10*6

generated. Now again we compute the sum of the columns of 
matrices A  and B . And prune the columns of the 2-itemsets 10*18 10*6

those are not frequent. Same process will be repeated till for next 
higher item sets.

Table II:
Mapping Age

Table III:
Mapping Income

Table IV:
Order Sets

We can generate such a hybrid-dimension association rule:
                    (Support=40% and Confidence=100%)

5. Experiment

To test whether the proposed method is fast, expansible and 
effective our experiments are made on machine with Intel (R) 
Core 2Duo, 1.5GHz and 1GB memory. The Operating system is 
Windows XP. We use a database that has 500 records and 13 
attributes, which have 2~8 different value. Time value for 
execution is given in millisecond.

6. Result and Discussion

The confidence of association rules has a specific meaning: When 
the antecedent of the rule is satisfied, the consequent of the rule 
will have c% (here c refers to the confidence of the rule) 
possibility of being satisfied. In association rules, only in the 
antecedent part of multidimensional association rules include 
several predictions at the same time. We can say that the result of 
prediction on multidimensional association rules is better and 
more precise than on Single Dimensional Association Rules.

m ∩h ∩I1⇒I 2 
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For example, Table I presents a multidimensional transaction 
database Order. If we make a single dimensional association 
analysis on the predicate Ordered_items, which presents 
itemsets. A in transaction, the result of analysis will only include 
the relevance of Order itemsets A. But, if we make a hybrid 
dimension association analysis, the result of analyzing not only 
includes the relevance of Order itemsets A, but also includes the 
relevance of customers’ information, e.g.: Age, Income. Thus 
when we proceed with predictions on the product order of 
customers’ by means of the result of association analysis, 
obviously the conditions included in the antecedent of 
multidimensional association rules is more abundant, and will 
bring better prediction result.

7. Conclusion

The proposed algorithm uses input datasets and meets the 
definite condition to generate conditional-hybrid dimensional 
association rules, from multidimensional transactional database. 
The main features are: it scans the database only once, it does not 
generate the candidate item sets and it uses the “relational 
calculus” to generate frequent item sets. It stores data in the form 
of bits, so it needs less memory space and can be applied to large 
relational databases.
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