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Abstract
Now a day’s association rule mining is one of the important key 
issues in data mining to extract the information from databases. In 
this paper, we introduce a new measure w-support, which does not 
require pre-assigned weights. It takes the quality of transactions 
into consideration using link-based models. W-support, a new 
measure of item sets in databases with only binary attributes. These 
weights are completely derived from the internal structure of the 
database based on the assumption that good transactions consist 
of good items. Finally fast mining algorithm is given, and a large 
amount of experimental results are presented.
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I. Introduction
Database Management Systems have continually evolved from 
primitive file systems to sophisticated and powerful relational 
and object oriented models. Present days systems implement 
various constructs in the form of query optimizing modules, 
event-condition action rules to trigger events of interest and 
other mechanisms that have made their use imperative in most 
applications. The implicit and unknown patterns in the underlying 
data can be effectively utilized in decision-making. The process 
of gleaning important information from data is known as Data 
Mining. It has attracted a great deal of attention due to the wide 
availability of huge amounts of data and the imminent need for 
turning such data into useful information. The knowledge gained 
can be used for applications ranging from business management, 
production control, and market analysis, engineering design and 
science exploration. The term data mining is often used to apply to 
the two separate processes of knowledge discovery and prediction 
[1-2].
Descriptive mining: It is the process of drawing the essential 
characteristics or general properties of the data in the database. 
Clustering, Association and Sequential mining are some of the 
descriptive mining techniques.
Predictive mining: This is the process of inferring patterns form 
data to make predictions. Classification, Regression and Deviation 
detection are predictive mining techniques.
While large-scale information technology has been evolving 
separate transaction and analytical systems, data mining 
provides the link between the two. Generally, any of four types 
of relationships are sought: 

Classes: Stored data is used to locate data in predetermined • 
groups. For example, a restaurant chain could mine customer 
purchase data to determine when customers visit and what 
they typically order. This information could be used to 
increase traffic by having daily specials.
Clusters: Data items are grouped according to logical • 
relationships or consumer preferences. For example, data 
can be mined to identify market segments or consumer 
affinities. 
Associations: Data can be mined to identify associations. The • 

beer-diaper example is an example of associative mining. 
Sequential patterns: Data is mined to anticipate behavior • 
patterns and trends. For example, an outdoor equipment 
retailer could predict the likelihood of a backpack being 
purchased based on a consumer’s purchase of sleeping bags 
and hiking shoes. 

Data mining consists of five major elements: 
Extract, transform, and load transaction data onto the data • 
warehouse system. 
Store and manage the data in a multidimensional database • 
system. 
Provide data access to business analysts and information • 
technology professionals. 
Analyze the data by application software. • 
Present the data in a useful format, such as a graph or • 
table. 

A. Data Mining Techniques

1. Association Rule
Association rule mining is a data mining technique used to find 
interesting associations among a large set of data items. A typical 
application of association rule mining is market-basket analysis. In 
market-basket analysis, buying habits of customers are analyzed to 
find associations between the different items that customers place 
in their “shopping baskets”. The discovery of such associations 
can help retailers develop marketing and placement strategies as 
well as plan on logistics for inventory management [3].

2. Classification
Classification is the process of partitioning a given dataset into 
disjoint classes using a class attribute. For example, in determining 
a store location, the success of a store is determined by its 
neighborhood. The goal of classification is to analyze the training 
set and to develop an accurate description or model for each class 
using the attributes presented in the data [4].

3. Clustering
Clustering is the process of grouping the data into clusters with high 
intra-cluster similarity and low inter-cluster similarity. A similarity 
measure needs to be defined and the quality of the cluster, to a large 
extent, depends on the appropriateness of the similarity measure 
for the data set or the domain of application[4]. 

4. Prediction
Prediction techniques are based on some continuous valued 
attributes. Previous history of the attributes is used to build the 
model. This technique is commonly used for predicting product 
sales[5].

5. Deviation Analysis
This technique compares current data with previously defined 
normal values to detect anomalies. Deviation analysis tools are 
useful in security systems, where authorities can be warned about 
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deviation in resource utilization [6].

II. Literature Review
Most of the current work on the traditional Apriori algorithm 
makes use of the large support metric framework. However 
these works still view items as having equal weights though 
trying to distinguish them using various methods. Wei Wang et 
al.[6] proposed an efficient mining methodology for Weighted 
Association Rules (WAR). The idea is inspired by the fact that a 
numerical attribute can be assigned for every item which in turn 
judges the weight of the item in a particular weight domain. 
Agrawal et al. Proposed an algorithm, called AIS algorithm 
[1,3], for generating frequent itemsets. In the AIS algorithm, 
frequent itemsets are generated through iterations on scanning the 
database. The iteration terminates when no new frequent item-set 
is derived. After reading a transaction in the kth iteration, the AIS 
algorithm computes the candidate k − itemsets by first deriving a 
set of (k−1)−itemsets which contains itemsets that are both in the 
frequent (k−1)−itemsets and in the transaction. One disadvantage 
of the AIS algorithm is that it generates too many invalid candidate 
itemsets. Houtsma and Swami proposed the SETM algorithm [4] 
that uses SQL for generating the frequent itemsets. Although it uses 
standard SQL join operation for generating candidate itemsets, the 
SETM algorithm generates candidate itemsets through a process of 
iterations similar to that of the AIS algorithm. The disadvantage of 
the SETM algorithm is similar to that of the AIS algorithm. That 
is, it generates too many invalid candidate itemsets.
In [1,3], the candidate item sets are generated on the fly during 
the pass over the database. For every transaction, candidate item 
sets are generated by extending the large item sets from previous 
pass with the items in the transaction such that the new item sets 
are contained in that transaction. In [3] candidate item sets are 
generated using only the large item sets from the previous pass. 
It is performed by joining the large item set with it. The resulting 
set is further pruned to exclude any item set whose subset is not 
contained in the previous large item sets. This technique produces 
a much smaller candidate set than the former technique. To count 
the supports for the candidate item sets, for each transaction the 
set of all candidate item sets that are contained in that transaction 
are identified. The counts for these item sets are then incremented 
by one.
Agrawal and Srikant also proposed two fast algorithms, called 
Apriori and AprioriTid [3], for generating frequent itemsets. In 
the Apriori algorithm, the candidate k − itemsets is generated 
by a cross product of the frequent (k−1)−itemsets with itself. 
Then, the database is scanned for computing the count of the 
candidate k − itemsets. The frequent k − itemsets consist of only 
the candidate k − itemsets with sufficient support. This process is 
repeated until no new candidate itemsets is generated. A hybrid 
algorithm is proposed which uses Apriori for initial passes and 
switches to AprioriTid for later asses in [7]. In this paper we 
propose an object oriented approach for association rule mining 
in large databases.
WAR[6] uses a two-fold approach where the frequent itemsets 
are generated through standard association rule mining algorithms 
without considering weight. Post-processing is then applied on the 
frequent itemsets during rule-generation to derive the maximum 
WARs. WAR doesn’t interfere with the process of generating 
frequent itemset. Rather, it focuses on how weighted association 
rules can be generated by examining the weighting factors of the 
items included in generated frequent itemsets. Therefore, we could 
classify this type of weighted association rule mining methods as 

a technique of post processing or maintaining association rules.
Han et al.[8] proposed a solution where a concept hierarchy was 
used and association rules were classified into multiple conceptual 
levels of granularity. This idea inspires the work where the existing 
association rule model is extended to allow users to specify multiple 
threshold supports. In the extended model, the threshold support is 
expressed in terms of minimum item supports (MIS) of the items 
that appear in the rule. The main feature of this technique is that 
the user can specify a different threshold item support for each 
item, similar to the scenario of assigning weights to items[9]. This 
technique can discover rare item rules without causing frequent 
items to generate too many unnecessary rules. Liu’s model also 
breaks the “downward closure property”. The problem is solved 
by using a “sorted closure property” where the items in the item 
space are sorted in ascending order of their MIS values.

III. Objectives and System Structure
The objective is to find out frequent item sets from the given 
database considering that transactions with large number of items 
are considered more important than transactions with only one item. 
The classical model of association rule mining employs the support 
measure, which treats every transaction equally. Association rule 
mining aims to explore large transaction databases for association 
rules, which may reveal the implicit relationships among the data 
attributes. The classical model of association rule mining employs 
the support measure, which treats every transaction equally. Much 
effort has been dedicated to association rule mining with pre-
assigned weights. However, most data types do not come with 
such pre assigned weights, such as Web site click-stream data. 
There should be some notion of importance in those data. For 
instance, transactions with a large amount of items should be 
considered more important than transactions with only one item. 
Current methods, though, are not able to estimate this type of 
importance and adjust the mining results by emphasizing the 
important transactions. The classical models ignore the quality 
of the transactions. Different transactions have different weights 
in real-life data sets. Weighted association rule mining does not 
work on databases with only binary attributes. 
To overcome the drawbacks of the existing classical model 
of mining frequent item sets using measures like support and 
confidence we propose a new measure Weighted Support which 
is link based. W-support, a new measure of item sets in databases 
with only binary attributes. The basic idea behind w-support is 
that a frequent item set may not be as important as it appears, 
because the weights of transactions are different. These weights 
are completely derived from the internal structure of the database 
based on the assumption that good transactions consist of good 
items. These link based weights are completely derived from the 
internal structure of the database based on the assumption that 
good transactions consist of good items. W-support is distinct 
from weighted support in weighted association rule mining 
(WARM) where item weights are assigned. Furthermore, a new 
measurement framework of association rules based on w- support 
is proposed. Experimental results show that w-support can be 
worked out without much overhead, and interesting patterns may 
be discovered through this new measurement. We present the 
evaluation of transactions with HITS, followed by the definition 
of w-support and the corresponding mining algorithm.

A. System Architecture
Data mining task can be performed using Classification, Regression, 
Prediction, Clustering and Association rules. Association rule 
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mining searches for interesting relationships among items in a 
given data set. In this paper algorithm has been implemented, 
which is an effective algorithm for mining association rules in large 
transaction databases. This algorithm mainly consist of two phases 
they are: Generating frequent itemsets, generating association 
rules from frequent itemsets generated in the previous step. In 
first phase the database is given as input to system and the system 
scans the data base and outputs frequent itemsets. In second phase 
generated frequent itemsets are given as input to the association 
rules generation module and this will produce association rules 
as output as shown in Fig 1. The algorithm performs a series of 
iterations, each consisting of two basic steps:
Authority Update: Update each node’s Authority score to be equal 
to the sum of the Hub Score’s of each node that points to it. That 
is, a node is given a high authority score by being linked to by 
pages that are recognized as Hubs for information. 
Hub Update: Update each node’s Hub Score to be equal to the 
sum of the Authority Score’s of each node that it points to. That 
is, a node is given a high hub score by linking to nodes that 
are considered to be authorities on the subject. The Hub score 
and Authority score for a node is calculated with the following 
steps

Start with each node having a hub score and authority score • 
of 1. 
Run the Authority Update Rule. • 
Run the Hub Update Rule.• 
Normalize the values by dividing each Hub score by the sum • 
of all Hub scores, and dividing each Authority score by the 
sum of all Authority scores. 
Repeat from the second step as necessary.• 

Fig. 1: System Structure

IV. Implementation
Implementation is the stage where all the planned activities are put 
into action. The most crucial stage in achieving a new successful 
system and in giving confidence on the system for the users that 
will work efficiently and effectively.

A. Description of Some Important Classes
Class AprioriT_GUI_App: Creates a user interface that allows 
the user to perform the Apriori algorithm.
Class AprioriTcontrol: Creates a user interface that allows the user 
to select some association parameters and run the Apriori.
Variables:MIN_THOLD,MAX_THOLD,outputFileName,hasFr
equentSetsFlag,supportReductionValue .
Methods: AprioriTcontrol()-which calls various functions to 
handle the inputs  such as parameters, create File Menu(), create 
TholdInput Menu(), createAprioriTmenu(), create Generator 
Menu(), create OutputMenu() -to create various menu.
Class Bipartite: This class is used to create the Bipartie graph 
between the items and the itemsets.
Class WARMMain: This class provides the user interface for the 
user to perform various actions such as loading the database, load 

the file, to calculate the support, hub weights, w-supports.

B. Module Description
Assigning weights using Weighted Association Rule Mining: 
WARM generalizes the traditional model to the case where items 
have weights. 
Functionality: The methodologies of WARM are to assign weights 
to items, invent new measures (weighted support) based on these 
weights, and develop the corresponding mining algorithms. A 
directed graph is created where nodes denote items and links 
represent association rules. A generalized version of HITS is 
applied to the graph to rank the items, where all nodes and links 
are allowed to have weights.
Ranking Transactions with HITS: A database of transactions can 
be depicted as a bipartite graph without loss of information. Let 
D={T1,T2,…Tm}be a list of transactions and I={i1,i2…in} be 
the corresponding set of items. Then, clearly D is equivalent to 
the bipartite graph G = (D,I,E), where

Functionality: The graph representation of the transaction database 
is inspiring. It gives us the idea of applying link-based ranking 
models to the evaluation of transactions. In this bipartite graph, 
the support of an item i is proportional to its degree. Intuitively, a 
good transaction, which is highly weighted, should contain many 
good items; at the same time, a good item should be contained by 
many good transactions.
Calculating W-Support: Item set evaluation by support in classical 
association rule mining is based on counting. A link-based measure 
called w-support and formulate association rule mining in terms 
of this new concept. As the iteration converges, the authority 
weight 

The w-support of an item set X is defined as

where hub(T) is the hub weight of transaction T. An item set is said 
to be significant if its w-support is larger than a user specified value. 
w-support can be regarded as a generalization of support, which 
takes the weights of transactions into account. These weights 
are not determined by assigning values to items but the global 
link structure of the database. This is why we call w-support link 
based.
Fast Mining Algorithm: The problem of mining association rules 
that satisfy some minimum w-support and w-confidence can be 
decomposed into two sub problems:

Find all significant item sets with w-support above the given • 
threshold.
Derive rules from the item sets found in Step 1.• 

The first step is more important and expensive. The key to achieving 
this step is that if an item set satisfies some minimum w-support, 
then all its subsets satisfy the minimum w-support as well. It is 
called the downward closure property of w-support.

V. Results
In this paper we conducted experiments and observe the results. 
Table 1 indicates samples database trans and itemset. Table 2 
indicates the W support vs hubweight and also shown in fig. 2. 
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Table 3 indicates the items sets support and confidence. Table 4 
indicates the frequent sets using attribute numbers and also shown 
in fig. 3. Table 5 indicates the association rules using attribute 
numbers and also shown in fig. 4.

Table 1: Database Transactions
Trans ID Itemset
26704 A,B,C,D
26705 A,D,E
26706 A,C,D,E
-- --
-- --
26721 D,F
26722 A,B,C

Table 2: W Support vs Hub Weight
HUB WEIGHT W-SUPPORT
 0.07093185 A 0.48209342
 0.61196107 B 0.18910864
 0.5062587 C 0.74263895
 0.7065368 D 0.7459426
 0.33657855 E 0.5658286
 0.36995825 F 0.06376101
 0.54102916 G 0.44759858
 0.3657858 H 0.44759858

Fig. 2: Hub Weight vs W-Support

Table 3: Items Sets Support and Confidence
INPUT SUPPORT THRESHOLD:
Support threshold (%) = 5.0
Minimum support (# records) = 11.15
INPUT CONFIDENCE THRESHOLDS:
Confidence threshold (%) = 5.0
APRIORI-T (WITH X CHECK):
Apriori-T with X-CcheckinnMinimum support threshold = 
5.0% (11.15 records)
Generation time = 0.0 seconds (0.0 mins)
Number of frequent sets = 66.
GENERATE ARs (SUPPORT AND CONFIDENCE 
FRAMEWORK):
Number of rules = 396
GENERATE ARs (SUPPORT AND LIFT FRAMEWORK):
Number of rules = 292

Table 4: Frequent Sets Using Attribute Numbers
Format: [N] {I} = S, where N is a sequential number, I is the 
item set and S the support.

[1] {1} = 98 [57] {1 3 7 8} = 24

[2] {2} = 51 [58] {2 3 7 8} = 12
-- [59] {4 7 8} = 46
[51] {4 5 8} = 28 --
[52] {3 4 5 8} = 18 [62] {1 3 4 7 8} = 14
[53] {7 8} = 71 [63] {5 7 8} = 38
[54] {1 7 8} = 33 [64] {3 5 7 8} = 25
[55] {2 7 8} = 18 [65] {4 5 7 8} = 28
[56] {3 7 8} = 49 [66] {3 4 5 7 8} = 18

Fig. 3: Itemset vs Support

Table 5: Association Rules Using Attribute Numbers
(N) ANTECEDENT -> CONSEQUENT LIFT
(1) {5 8} -> {4 7} 3.57 (101) {4 8} -> {1 3 7} 2.83
(2) {5 7} -> {4 8} 3.57 (102) {4 7} -> {1 3 8} 2.83
(3) {4 8} -> {5 7} 3.57 (103) {1 3 8} -> {4 7} 2.83
(4) {4 7} -> {5 8} 3.57 (104) {1 3 7} -> {4 8} 2.83
-- --
(68) {3 7} -> {8} 3.14 (279) {1 4} -> {3 7} 1.01
(69) {8} -> {2 7} 3.14 (280) {3 7} -> {1 4} 1.01
(70) {7} -> {2 8} 3.14 (281) {1 4} -> {3 8} 1.01
(71) {2 8} -> {7} 3.14 (282) {3 8} -> {1 4} 1.01
-- --

Fig. 4: Antecedent Vs Consequent Lift

V. Conclusion
Data mining is a very active and rapidly growing research area in 
the field of computer science. The task of data mining is to extract 
useful knowledge for human users from a database. Association 
rule mining is one of the most well-known data mining techniques 
to extract the data from database. In this paper we have presented 
a novel framework in association rule mining without predefined 
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weights. Experimental results show that the computational cost of 
the link-based model is reasonable. At the expense of three or four 
additional database scans, we can acquire results different from 
those obtained by traditional counting-based models. Future work 
includes the development of appropriate metrics for rule quality 
and develops new techniques for rule post-processing. 
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