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ABSTRACT 

Recently, high utility pattern or itemset mining 

has become the most important research issues 

in data mining.  In high utility itemset mining, 

the profit values for every item are considered.  

Generating high utility itemsets from a set of 

transactions in horizontal data format is a 

common practice.  We hereby present the study 

of issues related to the different structures used 

and algorithms for mining the high utility 

itemsets, so that the astute reader would  

apprehend the various techniques used in 

mining high utility itemsets. 

Keywords— data mining; frequent itemset; 

high utility itemset; horizontal data format; 

vertical database layout.  

 

I.  INTRODUCTION 

Frequent item sets mining [1], [2] is a 

fundamental and important research topic for 

data mining. The goal of frequent item set 

mining is to find items that co-occur in a 

transaction database above a user given 

frequency threshold. In the past decade many 

researchers [1], [2], [3], [8], [9], [11] focused 

on deriving efficient algorithms for finding 

frequent itemsets without considering the 

quantity or weight such as profit of the items.  

In these works, mining treats all items with the 

same importance/weight/price, further in one 

transaction, each item appears in a binary (0/1) 

form, i.e., either present or absent. However, in 

the real world, one customer can buy multiple 

copies of an item and each item in the 

supermarket has a different price and. To add 

further to this, low and high profit values are 

correlated to items having high and low selling 

frequencies.  So, quantity and weight are 

significant for addressing real world decision 

problems that require maximizing the utility in 

an organization.  

In the next paragraphs we explore the 

concept of high utility itemset mining, the 

vertical database layout and the horizontal data 

format.  This section is followed by the survey 

of some prominent papers for mining the high 

utility itemsets.  The last section proposes the 

new model for the computation of mining high 

utility itemsets.  

A. Horizontal Data Format  

Most of the papers on mining frequent itemsets 

and on association rule mining used a 

horizontal data format.  Here the data contains 

the transaction id (tid) followed by the list of 

items.  For example, in market basket analysis, 

the data format is optional customer id followed 

by tid, followed by the list items purchased by 

the customer.  

B. Vertical Database Layout 

In a vertical database layout, each item set is 

associated with its corresponding cover, the set 

of all transactions (or tids) where it appears. We 

use the term the cover of an itemset X as 

described in [18] and explain it in the following 

paragraph. 

C. High Utility Itemset (HUI) Computing 

Various techniques are constantly developed 

and improved for discovering various types 

patterns in database since 1991 when Agrawal 

et al published paper on mining association rule 

[2].  As people started exploring this area, new 

problems have also emerged.  Although, 

various algorithms have been developed and 

are in practice, for the discovery of patterns, 

most of these patterns found uninteresting to 

the user, reason being it was a mere 

computational output. Further it became 

complex for the user to comprehend and 

identify the patterns that are interesting to him. 
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ARM model [2] treats all the items in the 

database equally by only considering if an item 

is present in a transaction or not. However, 

frequency of occurrence may not express the 

semantics of applications, because the user's 

interest may be related to other factors, such as 

cost, profit, or aesthetic value.  For example, a 

shopping mall owner is interested only in 

itemsets having a significant profit (typical 

meaning used in business) and not only in 

frequent itemsets. 

The above limitations motivated the 

researchers to develop a utility based itemset 

mining approach, which allows a user to 

conveniently express his or her perspectives 

concerning the usefulness of itemsets as utility 

values and then find itemsets with utility values 

higher than a threshold.  

 

II.  PROBLEM DEFINITION  

We use the definitions to those 

presented in the previous works [18, 19, 20, 

21]. Let I= {i1, i2, . . . , im} be a finite set of 

items, a set X I is called an itemset, or a k-

itemset if it contains k items. Let D={T1, T2, . . 

. , Tn} be a transaction database. Each 

transaction Ti  D, with an unique identifier 

tid, is a subset of I. 

The internal utility q (ip, Td) represents the 

quantity of item ip in the transaction Td.  The 

external utility p(ip) is the unit profit value of 

item ip. The utility of an item ip in the 

transaction Td is defined as u (ip, Td) =p(ip) ˟ q 

(ip, Td).  

The utility of an itemset X in the 

transaction Td  is defined as: 

 
The utility of an itemset X in D is defmed as: 

 
  An itemset X is called a high utility itemset if  

u(X) ≥ min_util, where min_util is a user-

specified minimum utility threshold. Otherwise, 

it is called a low utility itemset. Given a 

transaction database D, the task of high utility 

itemset mining is to find all item sets that have 

utilities no less than min_util. 

The main challenge of high utility 

itemset mining is the itemset utility does not 

have the downward closure property. Liu et al. 

[20] proposed transaction-weighted downward 

closure to prune the search space of high utility 

itemsets.  

The transaction utility of a transaction 

Td  is defmed as TU (Td ) = U (Td , Td ). The 

transaction-weighted utilization of an item set 

X is the sum of the transaction utilities of all 

the transactions containing X, which is defmed 

as: 

 
X is a High Transaction-Weighted Utilization 

Itemset (abbreviated as HTWUI) if TWU(X) ≥ 

min_util.   Otherwise, it is called a Low 

Transaction-Weighted Utilization Itemset 

(abbreviated as LTWUI). 

 

III. PRIOR APPROACH 

Authors in [17] defined the exact 

problem of utility mining. They have analyzed 

the utility relationships among itemsets, and 

identified the utility bound property and the 

support bound property. Authors further 

defined the mathematical model of utility 

mining based on these properties. 

Agarwal and Srikant in [1] proposed the 

Apriori Algorithm for finding the frequent 

itemsets, but this cannot be used for finding 

HUI. 

Tseng et al in [22] proposed two 

algorithms utility pattern growth (UP-Growth) 

and UP-Growth+, for mining high utility 

itemsets with a set of effective strategies for 

pruning candidate itemsets. A tree-based data 

structure named utility pattern tree (UP-Tree) is 

maintained for the information of high utility 

itemsets such that candidate itemsets are 

generated with only two scans of database. The 

authors then proposed two efficient algorithms 
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named UP-Growth and UP-Growth+ for 

mining high utility itemsets from transaction 

databases.  It is found that the runtime is 

improved especially when databases contain 

lots of long transactions. 

Authors in [23] proposed a novel 

framework for mining closed high utility 

itemsets (CHUIs), which serves as a compact 

and lossless representation of HUIs.  This paper 

proposed three efficient algorithms named 

AprioriCH (Apriori-based algorithm for mining 

High utility Closed itemsets), AprioriHC-D 

(AprioriHC algorithm with Discarding 

unpromising and isolated items) and CHUD 

(Closed High Utility Itemset Discovery) to find 

this representation. To recover all HUIs from 

the set of CHUIs, authors proposed a method 

called DAHU (Derive All High Utility 

Itemsets) and that to without accessing the 

original database.  Authors claimed that this 

technique achieves a massive reduction in the 

number of HUIs. 

AprioriHC-D and AprioriHC both 

algorithms can’t perform well on dense 

databases when min_utility is low since they 

suffer from the problem of a large amount of 

candidates. 

Chowdhary et al in [15] focused on 

incremental and interactive data mining 

because this provides the ability to use previous 

data structures.  They proposed three tree 

structures and claimed that these structures 

efficiently perform incremental and interactive 

HUP (High Utility Pattern) mining.  This 

reduces the calculations when a minimum 

threshold is changed or a database is updated.   

One of the tree structures, Incremental HUP 

Lexicographic Tree (IHUPL-Tree), is arranged 

according to an item’s lexicographic order. It 

can capture the incremental data without any 

restructuring operation.  The second tree 

structure is the IHUP Transaction Frequency 

Tree (IHUPTF-Tree).  This is simple and easy 

to construct and handle. In this tree the items 

are arranged according to their transaction 

frequency.  It does not require any restructuring 

operation even when the data base is 

incrementally updated.  Authors have achieved 

the less memory consumption. 

The mining time is reduced by 

designing the IHUP-Transaction-Weighted 

Utilization Tree (IHUPTWU-Tree).  This tree 

design is based on the TWU value of items in 

descending order. 

All these structures require a maximum 

of two database scans. 

To identify isolated items from 

transactions and to ignore (during candidate 

generation) them Li,Yeh and Chang in [12] 

have proposed the Isolated Items Discarding 

Strategy (IIDS).  The share mining models are 

ShFSM and Direct Candidates Generation 

(DCG).  DCG is a level-wise method and it 

maintains an array for each candidate during 

each pass.  Authors in [12] have applied IIDS 

to ShFSM and DCG, and proposed the two 

methods Fast Utility Mining (FUM) and DCG+ 

and claimed the performance improvement in 

the HUI mining. 

To discover high utility itemsets from 

two directions, authors in [24] proposed a 

hybrid method composed of a row enumeration 

algorithm (i.e., Inter-transaction) and a column 

enumeration algorithm (i.e., Two-phase). 

Intertransaction seeks long high utility itemsets 

from the top and the Two-phase seeks short 

high utility itemsets from the bottom. For the 

further improvement in in the performance of 

computing intersection of transactions, authors 

have adopted some optimization techniques 

using redundant information. This Hybrid 

model is found to be suitable for large high 

dimensional datasets with long patterns. 

Chu, Tseng and Liang in [25] 

considered the database where the utility values 

for the items could be negative.  They have 

proposed the method HUINIV (High Utility 

Itemsets with Negative Item Values)-Mine and 

claimed that this method can effectively 

identify high utility itemsets by generating 

fewer high transaction-weighted utilization 

itemsets such that the execution time can be 

reduced substantially in mining the high utility 
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itemsets.  They also claimed that the memory 

requirement is less and there is less CPU I/O. 

This HUINIV-Mine algorithm is based on the 

principle of the Two-Phase algorithm [14] and 

augments with negative item value. 

Authors in [18] have used the vertical 

data representation and developed an algorithm 

UDepth and they have claimed that UDepth 

outperforms the Two-Phase and HUC-Prune 

algorithms both in efficiency and scalability.  In 

this algorithm, the database is stored in main 

memory using the vertical database layout and 

the transaction weighted utilization of an 

itemset is computed by intersecting the covers 

of two of its subsets.  

But UDepth found to exceed memory 

limits some times in finding the cover of 

itemsets. 

Authors in [7] tried to mine the itemset 

with the average utility measure which is 

different than the original utility measure.  It 

uses the summation of the maximal utility 

among the items in each transaction including 

the target itemset as the upper bounds to 

overestimate the actual average utilities of the 

itemset and processes it in two phases. 

We present in the following table some 

prominent works in short along with our 

findings. 

 

Sr 

No 
Author Name Basic Concept Claims by Author Remarks 

1 

Vincent S. Tseng, Bai-En 

Shie, Cheng-Wei Wu, and 

Philip S. Yu, 2013  

Utility mining, 

External utility and 

Internal utility  

Tree based data structures 

can be used to store the 

candidate itemsets.  

Improvement in the run time especially 

when database contains lots of long 

transactions. 

2 
Rakesh Agarwal , 

Ramakrishna Srikant, 1994  
Association rule  

Apriori Algorithm is 
developed for finding the 

frequent itemsets.  

Apriori Algorithm cannot be used for 

finding HUI  

3 
Vincent S. Tseng, Cheng-
Wei Wu, Philippe Fournier-

Viger, and Philip S. Yu, 2015  

Closed high utility 

itemset, lossless and 

concise 
representation  

High utility itemset can be 
compacted after pruning the 

database.  

AprioriHC-D  and  AprioriHC both 

algorithms can’t perform well on dense 
databases when min_utility is low since they 

suffer from the problem of a large amount 

of candidates. 

4 

Chowdhury Farhan Ahmed, 
Syed Khairuzzaman Tanbeer, 

Byeong-Soo Jeong, and 

Young-Koo Lee, 2009  

Incremental mining, 

Interactive mining  

Three new structures with 
the “build once mine many” 

is suitable for incremental 

database  

Authors used pattern growth approach, 

which avoids the problem of level wise 
candidate generation  

5 
Yu-Chiang Li , Jieh-Shan 
Yeh , Chin-Chen Chang, 

2007  

Isolated Items 
Discarding Strategy 

(IIDS)  

IIDS can also be applied to 
Apriori like traditional 

mining.  

IIDS identify isolated items from 
transactions and ignore them in candidate 

generation  

6 
Guangzhu Yu, 
Keqing Li, 

Shihuang Shao, 2008  

High Dimensional 

Data  

A hybrid method, 

of a row  enumeration 

algorithm 
and a column enumeration 

algorithm is better  to 

discover high utility itemsets 
from two directions.  

Hybrid method decomposes a complex 

problem into two parts and then uses 
different algorithms to solve them 

separately, according to different aims and 

data characteristics. Redundant information 
is used to speedup the intersection of 

transactions.Suitable  for arge high 

dimensional datasets with long patterns. 

7 
Chun-Jung Chu a, Vincent S. 
Tseng b, Tyne Liang, 2009  

Negative values for 

utilities if itemsets 

are considered 

Mining for negative item 
values is also  utility mining  

The  critical requirements of temporal and 
spatial  efficiency for mining high utility 

itemsets with negative item values are met. 

High  scalability in dealing with large 
databases is achieved. 

8 
Hong Yao, Howard J. 

Hamilton, and Cory J. Butz  

Basics of utility 

mining 
Problem definition 

Exact problem of utility mining and 

mathematical model defined 

9 
Wei Song, Yu Liu, Jinhong 
Li, 2012  

Vertical Database  

Vertical database layout 

allows low storage and high 
efficiency during the high 

utility itemset pruning.  

Vertical mining allows counting HUI cover 

intersections.Candidate generation and 
counting happens in a single step.May 

exceed memory limits for large databases. 
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IV.  CONCLUSION 

 After the study of the different types of 

the data structures and the algorithm, we can 

conclude that if the transactions are stored in 

database using the quantities and the unit price 

of each itemset i.e. in vertical database layout 

then we can find the high utility itemsets more 

quickly. Also we find out that the high utility 

itemsets mining can be speed up by using the 

cover technique for joining the itemsets. 

 Authors in [6] gave the basic concepts 

of high utility itemset, which was Mining with 

Expected Utility (MEU). MEU used a heuristic, 

but this approach cannot maintain the 

downward closure property. MEU usually 

overestimates, especially at the beginning 

stages, and hence MEU is not suitable where 

the number of distinct items is large and the 

utility threshold is low. 

A Two-Phase algorithm is proposed by 

Liu et al. [20]. They used a transaction 

weighted utility measure in the first phase.  

This is followed by a rescan of the database to 

determine the actual high utility itemsets 

among them. But the problem with this 

algorithm is the level-wise candidate 

generation-and test methodology.  

Li et al. [12] proposed an Isolated Items 

Discarding Strategy, abbreviated as IIDS, to 

reduce the number of candidates. But, this 

approach still scans database multiple times. 

CTU-Tree [21], HUCtree [22] tree structures 

are proposed to solve the problems of large 

number of candidates and multiple times of 

database scanning. This is followed by the 

algorithms to HUI mine, but these algorithms 

discover HTWUIs in a pattern-growth 

approach. Still, the problem of huge memory 

usage for constructing and visiting conditional 

trees, is unavoidable. 

Vertical high utility itemsets mining 

algorithm is proposed in [18]. This required 

less storage and maintains the downward 

closure property with a transaction-weighted 

utilization value of an item set, and uses cover 

intersection operation to avoid level-wise 

candidate generation-and-test problem. 

We hope the reader of this paper can take a 

proper decision as to which data structure is to 

use and in what situation.  
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