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ABSTRACT  

Ecommerce-oriented Data mining is a very promising area. It can automatically predict trends in customer 

spending, market trends which guide company to build personalized business intelligence web site, bring huge 

business profits. Data mining is combined with e-commerce systems with the appropriate data transformation 

bridges from the transaction processing system to the data warehouse and vice-versa to take advantage of this 

domain. Association rule learning in data mining is used to discover interesting relations between variables in 

large databases. Traditional model treats all the items in the database equally by only considering if an item is 

present in a transaction or not. The existing system uses FP-tree algorithm to find the frequent itemsets bought 

by the customers. But there is no way of knowing the quantity of the purchase. Utility pattern tree is proposed to 

mine high utility itemsets from a transactional database. It is achieved by employing large scale data sampling 

and length constraint strategy, reducing the number of candidate sets of frequent item sets and the global 

sensitivity.  
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I. INTRODUCTION 

Data mining is widely used to retrieve the hidden patterns and their relationships in a data by utilizing a variety 

of data analysis tools. It is a versatile subfield of computer science and statistics which has the overall goal of 

extracting information from a data and transforming them into a meaningful structure for further use. It involves 

database and database management aspects, data preprocessing, interestingness metrics, complexity 

considerations, post processing of discovered structures and online updating. Data mining and data warehouse 

are integrated together to retrieve information as in fig 1. 
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Figure 1:  mining data from a database. 

The first step in analysis of data in data mining is to characterize the data- compile its statistical attributes, 

reviewing it visually using charts and graphs, then look for possible meaningful links among the variables. In 

data mining process, collection, exploration and selection of the correct data is critically important. A predictive 

model must be constructed based on patterns because data description alone cannot determine an action plan. To 

verify the constructed model is the final step. 

The data mining is usually applied to large scale data as well as any applications of computer decision support 

system, including artificial intelligence and business intelligence. Data mining consists of techniques like 

classification, association, outlier detection, clustering, prediction and more. But in terms of business 

perspective only few analysis is used which provides different outcomes and different insights. Anomaly, 

association rule learning, clustering, classification and regression analysis is the five most used technique for 

helping create business value. 

 

II. MATERIALS AND METHODS 

Association rule learning is rule based machine learning technique used to find interesting relations between 

variables in large databases. It identifies a strong rule in database using a measure of interestingness, which in 

terms will generate new rules as it analyzes more. In a point of sale (POS) systems, association rule learning 

discovers routines of product transactions in supermarkets.  

Architecture diagram of high utility itemset is given in figure 2. 

 

 

 

 



 

188 | P a g e  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: architecture of high utility itemset 

     Transactional database is taken and is preprocessed, thus converts the raw data into data useful for mining, 

also are split into columns. It uses preliminary data mining practice, data preprocessing transforms the data into 

a format that will be more easily and effectively processed for the purpose of the user. 

2.1 Market Basket Analysis 

The technique is used to discover concurrence relationships among the products transactions by the customer in 

the supermarket. It is applied in general to the recorded transaction of an individual. It calculates support and 

confidence. Support is an measure of transaction in which the probability of product A and product B bought 

together. 

Support (A→B) = P(A∪  B)  

Confidence is the measure of probability of having product B when product A is brought. 

Confidence (A→B) = P(B|A) 

2.2 FP growth tree 

 Frequent pattern growth algorithm is an efficient method for mining complete set of frequent patterns by pattern 

using an extended prefix-tree structure which stores compressed and crucial information about frequent patterns. 

Transactional utilities are multiplied with their respective profit of a product using equation (1). 

  U(X) =∑ U                               (1)           

     Every multiplied product and transaction utilities are added together. The itemset weights are applied. For a 

specific product that involves in transaction have their utility values added together by using equation (2) 
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 Itwu(x) = ∑ tu (Tq)                 (2) 

A minimum threshold value is given to eliminate the profit values coming under the threshold value using 

equation (3) 

(3) 

Where Sigma value is given as the user's preferred value of percentage. Based on their profit the products are 

arranged in descending order. The transactions and their routes are reorganized. 

2.3 Utility pattern mining 

Utility pattern mining is used to overcome the problem of the frequent itemset mining. The problem of the 

frequent itemset mining is that it does not take the quantity of the product into the account and the product 

appears as either 1 or 0  in transaction which denotes whether they are bought or not respectively. Every product 

are viewed with same utility weight. By applying strategy DGU, an UP tree is constructed. For every route 

support count and utility is estimated. A minimum threshold is applied that removes below thresholds. 

The tree is rearranged with new paths and respective paths support count and utility. 

 

III. RESULTS AND DISCUSSION 

The algorithm presented has been experimented with real time databases Real-Store database. The graphical 

representation of running time and memory requirement values for various min_util values for retail-store 

database is shown in fig 2. 

 

 

IV. CONCLUSIONS 

 There are many approaches to improve the efficiency of the algorithm. The efficiency would improve to a 

greater extent if the number of unwanted item sets is reduced. The proposed efficiency of the proposed 

algorithm reduces if the number of items and its support increases with the number of transaction being constant.  
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Future work includes mining top-k high utility itemsets from data streams and mining high utility itemsets from 

data streams with constraints of time spent in verifying the patterns depends on the number of candidates 

generated and reduces the efficiency of the algorithm provide the complete set of top-k high utility itemsets 

from every sliding window without missing any itemsets. With the evolution of the new application, the data 

processed may be in the continuous dynamic data streams. As the data streams come with high speed and are 

continuous and unbounded, mining result must be generated as fast as possible and make only one pass over a 

data. 
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