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ABSTRACT 

Mining high utility item sets from a transactional database refers to the discovery ofitem sets with high utility like profits. 

Although a number of relevant algorithms have been proposed in recent years, they incur the problem of producing a large 

number of candidate itemsets for high utility itemsets. Such a large number of candidate item sets degrades the mining 

performance in terms of execution time and space requirement. The situation may become worse when the database contains lots 

of long transactions or long high utility itemsets. In this paper, we propose two algorithms, namely utility pattern growth (UP-

Growth) and UP-Growth+, for mining high utility itemsets with a set of effective strategies for pruning candidate itemsets.The 

information of high utility itemsets is maintained in a tree-based data structure named utility pattern tree (UP-Tree) such that 

candidate itemsets can be generated efficiently with only two scans of database. The performance of UP-Growth and UP-Growth+ 

is compared with the state-of-the-art algorithms on many types of both real and synthetic data sets. Experimental results show that 

the proposed algorithms, especially UP-Growth+, not only reduce the number of candidates effectively but also outperform other 

algorithms substantially in terms of runtime, especially when databases contain lots of long transactions. 

Keywords—High utility itemset ,UP-Tree 

                                 1.INTRODUCTION 

It is widely recognized that a large number of features can 

adversely affect the performance of inductive learning 

algorithms, and clustering is not an exception. However, while 

there exists a large body of literature devoted to this problem 

for supervised learning task, feature selection for clustering 

has been rarely addressed. The problem appears to be a 

difficult one given that it inherits all the uncertainties that 

surround this type of inductive learning. Particularly, that there 

is not a single performance measure widely accepted for this 

task and the lack of supervision available. 

 

1.1  Feature Selection 

In machine learning and statistics, feature selection, also 

known as variable selection, attribute selection or variable 

subset selection, is the process of selecting a subset of relevant 

features for use in model construction. The central assumption. 

When using a feature selection technique is that the data 

contains many redundant or irrelevant features. Redundant 

features are those which provide no more information than the 

currently selected features, and irrelevant features provide no 

useful information in any context. Feature selection techniques 

are a subset of the more general field of feature extraction.  

Feature extraction creates new features from functions of the 

original features, whereas feature selection returns a subset of 

the features. Feature selection techniques are often used in 

domains where there are many features and comparatively few 

samples (or data points). The archetypal case is the use of 

feature selection in analyzing DNA microarrays, where there 

are many thousands of features, and a few tens to hundreds of 

samples. Feature selection techniques provide three main 

benefits when constructing predictive models. 
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With such an aim of choosing a subset of good features with 

respect to the target concepts, feature subset selection is an 

effective way for reducing dimensionality, removing irrelevant 

data, increasing learning accuracy, and improving result 

comprehensibility. Irrelevant features, along with redundant 

features, severely affect the accuracy of the learning machines. 

Thus, feature subset selection should be able to identify and 

remove as much of the irrelevant and redundant information as 

possible. Moreover, “good feature subsets contain features 

highly correlated with (predictive of) the class, yet 

uncorrelated with (not predictive of) each other.” 

 

Many feature subset selection methods have been 

proposed and studied for machine learning applications. They 

can be divided into four broad categories: the Embedded, 

Wrapper, Filter, and Hybrid approaches. 

 

1.2 APPROACH 

1.2.1 Embedded approach 

The embedded methods incorporate feature selection as a part 

of the training process and are usually specific to given 

learning algorithms, and therefore may be more efficient than 

the other three categories. Traditional machine learning 

algorithms like decision trees or artificial neural networks are 

examples of embedded approaches. 

 

1.2.2 Wrapper Method 

Wrapper methods are widely recognized as a superior 

alternative in super- vised learning problems, since by 

employing the inductive algorithm to evaluate alternatives 

they have into account the particular biases of the algorithm. 

How- ever, even for algorithms that exhibit a moderate 

complexity, the number of executions that the search process 

requires results in a high computational cost, especially as we 

shift to more exhaustive search strategies. The wrapper 

methods use the predictive accuracy of a predetermined 

learning algorithm to determine the goodness of the selected 

subsets, the accuracy of the learning algorithms is usually 

high. However, the generality of the selected features is 

limited and the computational complexity is large. 

.  

1.2.3 Filter Method 

The filter methods are independent of learning algorithms, 

with good generality. Their computational complexity is low, 

but the accuracy of the learning algorithms is not guaranteed. 

 

1.2.4 Hybrid Approach 

The hybrid methods are a combination of filter and wrapper 

methods by using a filter method to reduce search space that 

will be considered by the subsequent wrapper. They mainly 

focus on combining filter and wrapper methods to achieve the 

best possible performance with a particular learning algorithm 

with similar time complexity of the filter methods. 

 

In cluster analysis, graph-theoretic methods have been well 

studied and used in many applications. Their results have, 

sometimes, the best agreement with human performance. The 

general graph-theoretic clustering is simple: compute a 

neighborhood graph of instances, then delete any edge in the 

graph that is much longer/shorter (according to some criterion) 

than its neighbors. The result is a forest and each tree in the 

forest represents a cluster. In our study, we apply graph-

theoretic clustering methods to features. In particular, we 

adopt the minimum spanningtree (MST)-based clustering 

algorithms, because they do not assume that data points are 

grouped around centers or separated by a regular geometric 

curve and have been widely used in practice. 

 

Based on the MST method, we propose a Fast clustering based 

feature Selection algorithm (FAST). The FAST algorithm 

works in two steps. In the first step, features are divided into 

clusters by using graph-theoretic clustering methods. In the 

second step, the most representative feature that is strongly 

related to target classes is selected from each cluster to form 

the final subset of features. 

 

Features in different clusters are relatively independent; the 

clustering based strategy of FAST has a high probability of 

producing a subset of useful and independent features. The 

proposed feature subset selection algorithm FAST was tested 

various numerical data sets. The experimental results show 

that, compared with other five different types of feature subset 

selection algorithms, the proposed algorithm not only reduces 

the number of features, but also improves the classification 

accuracy. 
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1.3APPLICATIONS OF FAST CLUSTERING DATASET 

1.3.1 Statistics Applications 

Modern statistics deals with large and complex data 

sets, and consequently with models containing a large number 

of parameters. This book presents a detailed account of 

recently developed approaches, including the Lasso and 

versions of it for various models, boosting methods, 

undirected graphical modeling, and procedures controlling 

false positive selections. 

 

1.3.2  Scalability and usability 

The clustering technique should be fast and scale with the 

number of dimensions and the size of input. It should be 

insensitive to the order in which the data records are presented. 

Finally, it should not presume some canonical form for data 

distribution. Current clustering techniques do not address all 

these points adequately, although considerable work has been 

done in addressing each point separately. 

 

1.3.3 Subspace Clustering Application 

 

Empirical evaluation shows that CLIQUE scales linearly with 

the size of input and has good scalability as the number of 

dimensions in the data or the highest dimension in which 

clusters are embedded is increased. CLIQUE was able 

toaccurately discover clusters embedded in lower dimensional 

subspaces, although there were no clusters in the original data 

space. 

            2.OVERVIEW OF EXISTING SYSTEM 

Feature subset selection can be viewed as the process of 

identifying and removing as many irrelevant and redundant 

features as possible. This is because, 

 1) Irrelevant features do not contribute to the 

predictive accuracy, and 

 2) Redundant features do not redound to getting a 

better predictor for that they provide mostly information which 

is already present in other feature(s). 

 

Of the many feature subset selection algorithms, some can 

effectively eliminate irrelevant features but fail to handle 

redundant features, yet some of others can eliminate the 

irrelevant while taking care of the redundant features. Our 

proposed FAST algorithm falls into the second group. 

 

                     3.PROPOSED SYSTEM 

Quite different from these hierarchical clustering-based 

algorithms, our proposed FAST algorithm uses minimum 

spanning tree-based method to cluster features. Meanwhile, it 

does not assume that data points are grouped around centers or 

separated by a regular geometric curve. Moreover, our 

proposed FAST does not limit to some specific types of data. 

Irrelevant features, along with redundant features, severely 

affect the accuracy of the learning machines. Thus, feature 

subset selection should be able to identify and remove as much 

of the irrelevant and redundant information as possible. 

Moreover, “good feature subsets contain features highly 

correlated with (predictive of) the class, yet uncorrelated with 

(not predictive of) each other.” Keeping these in mind, we 

develop a novel algorithm which can efficiently and 

effectively deal with both irrelevantand redundant features, 

and obtain a good feature subset. We achieve this through a 

new feature selection framework which composed of the two 

connected components of irrelevant feature removal and 

redundant feature elimination. The former obtains features 

relevant to the target concept by eliminating irrelevant ones, 

and the latter removes redundant features from relevant ones 

via choosing representatives from different feature clusters, 

and thus produces the final subset. 

 

4.DESIGN 

The design which improves efficiency and effectiveness of 

features to form clusters. Select a subset of relevant features 

by using feature selection technique. Eliminate irrelevant and 

redundant features from relative ones via choosing 

representatives from different feature clusters and thus 

produces the final feature subset in which dimensionality is 

drastically reduc The high dimensional datas are taken as an 

input from the cancer data set. Perform entropy calculation in 

which we have to compute entropy and conditional entropy 

using some mathematical formulas. Perform F-correlation 

method. Construct a minimum spanning tree (MST) by using 

the F-Correlation values which we obtain Eliminate irrelevant 

and redundant features from relative ones via choosing 

representatives from different feature clusters.   
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Fig:Overall Process Of System Design 

Thus produces the final feature subset in which dimensionality 

is drastically reduced. 

 

5.EXPERIMENT 

5.1 Load Data and Classify 

Load the data into the process. The data has to be preprocessed 

for removing missing values, noise and outliers. Then the 

given dataset must be converted into the arff format which is 

the standard format for WEKA toolkit. From the arff format, 

only the attributes and the values are extracted and stored into 

the database. By considering the last column of the dataset as 

the class attribute and select the distinct class labels from that 

and classify the entire dataset with respect to class labels. 

 

Fig:Load And Classify 

5.2 Information Gain Computation 

Relevant features have strong correlation with target concept 

so are always necessary for a best subset, while redundant 

features are not because their values are completely correlated 

with each other. Thus, notions of feature redundancy and 

feature relevance are normally in terms of feature correlation 

and feature-target concept correlation. 

 

Fig2:Information Gain Computation 

To find the relevance of each attribute with the class label, 

Information gain is computed in this module. This is also said 

to be Mutual Information measure. Mutual information 

measures how much the distribution of the feature values and 

target classes differ from statistical independence. This is a 

nonlinear estimation of correlation between feature values or 

feature values and target classes. The symmetric uncertainty 

(SU) is derived from the mutual information by normalizing it 

to the entropies of feature values or feature values and target 

classes, and has been used to evaluate the goodness of features 

for classification 

The symmetric uncertainty is defined as follows:  

 

To calculate gain, we need to find the entropy and conditional 

entropy values. The equations for that are given below: 
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Where p(x) is the probability density function and p (x|y) is 

the conditional probability density function. 

 5.3 T-Relevance Calculation 

The relevance between the feature Fi € and the target 

concept C is referred to as the T-Relevance of Fi and C, and 

denoted by SU (Fi,C). If SU (Fi,C) is greater than a 

predetermined threshold , we say that Fi is a strong T-

Relevance feature.  

 

 

Fig-3 T-Relevance Calculation 

After finding the relevance value, the redundant attributes will 

be removed with respect to the threshold value.  

 

6.CONCLUSION 

In this paper, we have presented a novel clustering-based 

feature subset selection algorithm for high dimensional data. 

The algorithm involves 1) removing irrelevant features 2) 

redundant attributes will be removed based on the threshold 

value we get from T-Relevance computation. In the proposed 

algorithm, a cluster consists of features. Each cluster is treated 

as a single feature and thus dimensionality is drastically 

reduced. In future work, we are going to compute F-

Correlation and construct a Minimum Spanning Tree (MST) 

by using the correlated value we obtain.Partition MST and 

select representative patterns. It is more effective and 

improves speed and accuracy of learning algorithms. 

 

7.FUTURE WORK 

A search query interface allows a user to search the desired 

data by selecting the options that describes the items of his/her 

interest. This phase of proposed prototype automatically 

detects the domain specific search interfaces by looking at 

domain ontology. To support keyword based searching, query 

processing method has been proposed in this phase that splits 

the user query into keywords then searches these keywords in 

inverted index for attribute name. As soon as attribute name 

corresponding to keyword is found, SQL query is 

automatically generated using template for that attribute and 

respective keyword (value). 

Security Implementation using one-time password. 

Email notification regarding on topic knowledge. User 

knowledge analysis and ontology mining using big data.  

Finally the Graphical user interface is designed for 

user interaction where the user can fill the query in the 

form of keywords and find the desired result in integrated 

form. 
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