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Abstract-Frequent item set mining leads to the discovery of associations and correlations among item sets in large 
transactional data base. Weighted pattern mining can discover more important knowledge compared to the traditional 
frequent pattern mining by considering different weights of the items. It plays an important role in the real world scenarios.  
The main contribution of the weighted frequent pattern mining is to retrieve this hidden knowledge from database. In recent 
years, the attention of the research community has also been focused on the infrequent item set mining problem, i.e., 
discovering item sets whose frequency of occurrence in the analyzed data is less than or equal to a maximum threshold. This 
paper addresses the discovery of infrequent and weighted item sets, i.e., the Infrequent Weighted Item sets (IWIs), from 
transactional weighted datasets. To address this issue, the IWI-support measure is defined as a weighted frequency of 
occurrence of an item set in the analyzed data. Occurrence weights are derived from the weights associated with items in 
each transaction by applying a given cost function.  
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I. INTRODUCTION 
 
Frequent item set mining leads to the discovery of 
associations and correlations among item sets in large 
transactional data base. The information contained in 
data bases available to marketers has increased 
dramatically in the  last few years. To deal with this 
volume of information, a new approach known as 
data mining has developed.[1] Berry and linoff [2] 
define data mining as “The evaluation and  analysis, 
by automatic or semi automatic means of large 
quantities of data in order to discover meaningful 
patterns and rules.” By considering different weights 
of the items, weighted frequent pattern mining can 
discover more important knowledge compared to 
traditional frequent patterns mining. Take the 
shopping in supermarket for example, although the 
frequency of gold ring is very low compared to the 
frequency of pen sold, we would not treat them with 
the same criteria, because the gold ring is more 
important than pen due to its high weight [3].  
 Weighted pattern mining [5], [6], [7], [8] can 
discover more important knowledge compared to the 
traditional frequent pattern mining [4], [9] by 
considering different weights of the items. It plays an 
important role in the real world scenarios. For 
example, in a real world business database, frequency 
of gold ring is very low compared to the frequency of 
pen sold. Therefore, knowledge about the patterns 
having low frequency but high weight remains hidden 
by finding only frequent patterns. The main 
contribution of the weighted frequent pattern mining 
is to retrieve this hidden knowledge from database. In 
recent years, the attention of the research community 
has also been focused on the infrequent item  set 
mining problem, i.e., discovering item sets whose 
frequency of occurrence in the analyzed data is less 
than or equal to a maximum threshold. For instance, 

in [20], [22] algorithms for discovering minimal 
infrequent item sets, i.e., infrequent item sets that do 
not contain any infrequent subset, have been 
proposed. Infrequent item set discovery is applicable 
to data coming from different real-life application 
contexts such as (i) statistical disclosure risk 
assessment from census data and (ii) fraud detection 
[20]–[22].  
 
However, traditional infrequent item set mining 
algorithms still suffer from their inability to take local 
item interestingness into account during the mining 
phase. In fact, on the one hand, item set quality 
measures used in [11]–[13] to drive the frequent 
weighted item set mining process are not directly 
applicable to accomplish the infrequent weighted 
item set mining task effectively, while, on the other 
hand, state-of-the-art infrequent item set miners are, 
to the best of our knowledge, unable to cope with 
weighted data.  
 
This paper addresses the discovery of infrequent and 
weighted item sets, i.e., the Infrequent Weighted Item 
sets (IWIs), from transactional weighted datasets. To 
address this issue, the IWI-support measure is defined 
as a weighted frequency of occurrence of an item set 
in the analyzed data. Occurrence weights are derived 
from the weights associated with items in each 
transaction by applying a given cost function.  
  
Back ground work:  
 Frequent item set mining is a widely used data 
mining technique that has been introduced in [10]. In 
the traditional item set mining problem items 
belonging to transactional data are treated equally. To 
allow differentiating items based on their interest or 
intensity within each transaction, in [11] the authors 
focus on discovering more informative association 



International Journal of Advances in Electronics and Computer Science, ISSN: 2393-2835 Volume-2, Issue-7, July-2015 

 Minimal Infrequent Weighted Item Set Mining 
 

82 

rules, i.e., the Weighted Association Rules (WAR), 
which include weights denoting item significance.   
An efficient mining methodology for Weighted 
Association Rules (WAR) is proposed in [15]. 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 item sets. Post WAR 
doesn’t interfere with the process of generating 
frequent item sets but focuses on how weighted AR’s 
can  be generated by examining weighting factors of 
items included in generated frequent item sets. 
Similar techniques for weighted fuzzy association 
rule mining are presented in [16, 17, and 18].   
 
In [19] a two-fold pre processing approach is used 
where firstly, quantitative attributes are discretized 
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+1itemset, which is not 
guaranteed to validate the valid downward closure 
property. However, weights are introduced only 
during the rule generation step after performing the 
traditional frequent item set mining process.  The first 
attempt to pushing item weights into the item set 
mining process has been done in [12]. However, in 
[11], [12] weights have to be pre assigned, while, in 
many real-life cases, this might not be the case. To 
address this issue, in [13] the analyzed transactional 
dataset is represented as a bipartite hub authority 
graph and evaluated by means of a well known 
indexing strategy, i.e., HITS [14], in order to 
automate item weight assignment.  
  
Problem Statement and Definitions:  
This paper addresses the problem of mining minimal 
infrequent weighted item sets from transactional 
datasets. Let I= {i1, i2,… im} be a set of data items. 
A transactional dataset T= {t1, t2, . . ., tn} is a set of 
transactions, where each transaction tq (q ∈  [1, n]) is 
a set of items in I and is characterized by a 
transaction ID (tid).  
 An item set I is a set of data items [10]. More 
specifically, we denote as k-item set a set of k  items 
in I. The support (or occurrence frequency) of an item 
set is the number of  transactions containing  I  in T. 
An item set  I  is infrequent  if its support is less than 
or equal to a predefined maximum support threshold 
ξ. Otherwise, it is said to be frequent [10]. An 
infrequent item set is said to be minimal if none of its 
subsets is infrequent [20]. Given a transactional 

dataset T and a maximum support threshold  ξ,  the 
infrequent (minimal) item  set mining problem entails 
discovering all infrequent (minimal) item sets from T 
[21].  
  
Proposed work:  
Given a weighted transactional dataset and a 
maximum IWI-support (IWI-support-min or IWI-
support max) threshold ξ, the Minimal Infrequent 
Weighted Item set Miner (MIWI Miner) algorithm 
extracts all the MIWIs that satisfy ξ. This is done by 
using FP-Tree.   
The proposed architecture follows two phrases: In the 
first phase equivalence property of the item sets are 
introduced. Evaluation of the equivalence property is 
applied on the FP Tree of the weighted transactional 
datasets. In the second phase, each transaction rules 
in the FP Tree is pruned using improved pruning 
method.  
Weighted Equivalence Function: Let Transaction t1= 
{(a, 0), (b, 23), (c, 14), (d, 68)}; Minimum 
Equivalence Weight Function:  
t1.a= {(a, 0), (b, 0), (c, 0), (d, 0)}  
t2.b= {(b, 14), (c, 14), (d, 14)}  
t3.c= {(b, 9), (d, 9)}  
t4.d= {(d, 45)}  
Similarly Maximum Equivalent Weight function is 
the reverse process of minimum equivalent weight 
function.  
 

 
Fig1. Proposed Flow Chart 
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Tree Pruning Method:  
In this procedure tree pruning is done in two steps as:  

a) FP tree construction and   
b) Mining infrequent item sets recursively from 

the Modified frequent pattern tree.    
  
Proposed Miner finds infrequent item sets instead of 
frequent item sets in FP growth. To process this 
requirement, the following vital changes W.R.T FP 
growth algorithm have been proposed  

i. Robust tree pruning method to save the tree 
search space of items or item set.  

ii. Change in tree construction using weighted 
item sets along with Infrequent support 
weights and index as shown in Fig 2.1 and 
2.2. 

 

 
Fig 2.1 before pruning 

 

 
Fig 2.2 after pruning 

 
Importance of equivalence procedure:  
To enable the IWI mining process from weighted 
data, an equivalence procedure is preliminary applied 
to the original dataset in order to suit weighted data to 
the subsequent FP-Growth-like mining step. By 
applying the equivalence property we can reduce the 
number of nodes generated in FP-Tree.  
 
CONCLUSION 
  
Weighted pattern mining can discover more 
important knowledge compared to the traditional 
frequent pattern mining by considering different 
weights of the items. It plays an important role in the 
real world scenarios. Therefore, knowledge about the 

patterns having low frequency but high weight 
remains hidden by finding only frequent patterns. The 
main contribution of this paper is to mine weighted 
infrequent item sets. This paper explains FP-Tree 
based weighted infrequent item set mining method 
MIWI in which equivalence property is applied. This 
also explains about the tree pruning method.    
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