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Abstract 

 Data mining allows the discovery of 
knowledge and patterns potentially useful and 
unknown. Whether the knowledge discovered is 
useful, is very subjective and depends upon the 
application and the user. Traditional approaches in 
Association Rule Mining (ARM) focuses on presence 
of an item in a transaction, whether or not it is 
purchased, as a binary variable. Thus the ARM does 
not reflect the item sets semantic significance. The 
usefulness of the knowledge or pattern is generally 
termed as the utility of pattern. Utility mining 
incorporates the economic factors of the situation like 
the costs and benefits associated with each decision 
and hence determine patterns which are of most 
benefit to the user. There exist several algorithms in 
literature to mine high utility itemsets. This survey 
presents a review of recent advancements in utility 
based data mining concepts.  
 
1 INTRODUCTION 
 In a nutshell, data mining is the algorithmic 
process of retrieving interesting patterns from 
transaction databases. These patterns can be used to 
address challenging business questions that require 
prediction and inference. With tremendous technical 
advances in storage, data processing and networking 
of computer technology, data analytics is viewed as a 
significant tool to transform large volumes of data 
into useful patterns.  Data mining techniques are 
widely used in marketing, surveillance, medicine, and 
scientific innovation.  
 
 There are two kinds of data mining tasks i) 
Descriptive mining and ii) Predictive mining. 
Descriptive mining is the method in which the 
essential characteristics or general properties of the 
data in the database are portrayed. The descriptive 
mining techniques entail tasks like Clustering, 
Association and Sequence analysis. Predictive 
mining methods infer patterns from the data such that 
predictions can be made. The predictive mining 
techniques consists task like Classification, 
Regression and Deviation detection. Frequent Itemset 

Mining (FIM) from transaction databases is a primary 
task for several forms of knowledge discovery such 
as association rules, sequential patterns, and 
classification [33]. 
 
 One of the fashionable descriptive data 
mining techniques is Association rule mining (ARM) 
[34], due to its extensive use in marketing and retail 
communities in addition to many other diverse fields. 
Mining association rules from the dataset is mainly 
useful for discovering associations among items from 
large databases [35]. The “market-basket analysis” 
which performs a study on the behaviors of 
customers [36] is the source of motivation behind 
ARM. The extraction of interesting associations, 
correlations, frequent patterns, or casual structures 
among sets of items in the transaction databases or 
other data repositories is the main objective of ARM 
[37].  
 

Mining of most useful patterns using 
interestingness measures play significant role in data 
mining. Interestingness measures aimed for selecting 
and ranking patterns according to the users’ interest. 
Interestingness is a broad concept that highlights 
conciseness, coverage, reliability, diversity, novelty, 
surprisingness, utility, and actionability. These 
criteria further classified into objective, subjective 
and semantic based. Utility is the one kind of 
semantic interestingness measure based on utility 
functions in addition to the raw data. The utility can 
be measured in terms of cost, profit or other 
expressions of user preferences. For example, a 
computer system may be more profitable than a 
telephone in terms of profit. Business analyst might 
be interested in extracting all sales with high profit in 
a transaction database, while another may be 
interested in finding all transactions with large 
increase in gross sales.   
 

Traditional ARM approaches do not carry a 
semantic meaning of the itemset and it consider only 
the itemset is there or not. The frequency of itemset is 
not enough to reflect the actual utility of an itemset. 
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For example, the sales manager may not be interested 
in frequent itemsets that do not generate significant 
profit. The above limitation is the motivational point 
behind; to develop a utility-based data mining 
approach. In a nutshell, utility mining is the 
automated discovery of identifying high utility 
itemsets from the transaction databases. The main 
objective of high-utility itemset mining is to find all 
itemsets having utility greater or equal to user-
specified minimum utility threshold [38]. 
 
2 ASSOCIATION RULE MINING 
 The method of association rule mining was 
first brought out by Agrawal et al. [36] in 1993. 
ARM aims at extracting association rules for the 
relatively large number of frequent itemsets that 
occur in a database. So, it is a method of finding 
relationships of the form 𝑋 ⟹ 𝑌 amongst itemsets 
that occur together in a database where X and Y are 
disjoint itemsets [36]. The strength of an association 
rule can be measured in terms of its support and 
confidence. Support determines how often a rule is 
applicable to a given dataset, while confidence 
determines how frequently item in Y appear in 
transactions that contain X. The formal definition of 
support and confidence measures is illustrated in 
equation (1) and (2) respectively. 
Support (𝑋 ⟹ 𝑌)= P(X∪Y)  (1) 
Confidence(X⟹Y)=P(X|Y)= Support(X∪Y)

Support(X)
 (2) 

Association rules are used for discovering regularities  
between products in large scale transaction data. For 
example, the rule  
𝑏𝑢𝑦𝑠(𝑋,𝑚𝑖𝑙𝑘)⋀𝑏𝑢𝑦𝑠(𝑋, 𝑒𝑔𝑔)

⟹𝑏𝑢𝑦𝑠(𝑋, 𝑏𝑟𝑒𝑎𝑑){𝑠𝑢𝑝𝑝𝑜𝑟𝑡
= 30%, 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 = 80%} 

found in the sales data of a supermarket would 
indicate that if a customer buys milk and egg 
together, he or she is likely to also buy bread. ARM 
consists of two phases. One is to find the frequent 
itemsets whose occurrence or frequency must be 
greater than the user defined or predefined support 
threshold value. The second phase is to create the 
association rules from the itemsets with minimum 
confidence and support constraints. The main goal of 
frequent itemset mining is discovering all the 
itemsets that appear with high frequency in 
transactional databases. It only considers an item 
presence and it ignores both the quantity and the 
utility of an item. If the minimum support value is set 
to a low in ARM, a vast number of frequent itemsets 
are generated that are not interesting to the user. In 
this situation, user needs to do additional work to 
select the association rules that are attractive. 
 
 

3 UTILITY MINING 
 The conventional ARM algorithms consider 
only the item is present or not. The frequency of 
itemset is not enough to reflect the actual utility of an 
itemset. One of the most demanding data mining 
tasks is the mining of high utility itemsets efficiently. 
Utility Mining is the process of discovering the 
itemsets with high utilities from the transaction 
database. The utility is measured in terms of cost, 
profit or other terms of user preferences. For 
example, a mobile phone may be more profitable 
than a computer in terms of profit. Utility mining 
model was proposed in [8] to define the utility of 
itemset. The utility u(X) is a measure of how valuable 
or beneficial an itemset X is. It is computed by sum 
up the utilities of itemset X in all the transactions 
containing X. An itemset X is called a high utility 
itemset if and only if u(X) >= minUtil, where minUtil 
is a user defined minimum utility threshold [38].The 
primary objective of high utility itemset mining is to 
unearth all those itemsets having utility greater or 
equal to user-defined minimum utility threshold. In 
this paper, we have presented a comprehensive 
survey of the recent researches in the field of utility 
based mining. 
 
3.1 RECENT RESEARCHES IN UTILITY 
MINING 
 
3.1.1 RULE MINING 
 Traditional association rule mining 
techniques promotes the method of mining 
interesting association rule patterns not from the 
perspective of user’s objective and utility in mining. 
In this paper [6], a method to resolve this problem is 
given by considering the mining of association 
patterns that are both statistically and semantically 
important to the utility of the business. So this 
approach would take into consideration the utility, 
significance and the interestingness in mining 
association patterns. 
 
 Xianshan Zhou et al [25] have presented the 
motivation based association rule and a down-top 
algorithm called HM-miner which integrates both the 
support and utility of the items and solves the 
problem of both the utility based and support based 
association rule mining. The motivation of an itemset 
gives the semantic and statistical features of itemsets 
and this algorithm also has a pruning methodology 
based on the upper bound property in order to reduce 
the search space. 
 
 Dongwon Lee et al[26] was proposed the 
high-utility rule mining (HURM) algorithm which 
outputs the rule utility  in the form of a rule utility 
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function (RUF) which is a  measure for rules’ 
usefulness and contains three elements namely 
opportunity, effectiveness, and probability. This 
helps use to find how much a rule would be useful 
when applied to a particular business. The main 
reason for the development of this algorithm is that in 
the existing work, the usefulness of a rule gives the 
amount of output that would be produced when a rule 
is applied. The utilities of the same rule may differ 
based on how well the rule fits a specific business 
purpose. In this paper the HURM model was 
developed for cross-selling. Since an RUF was 
defined to fit for cross selling, the HURM should 
provide a qualified list of products or services which 
would be useful for a marketing campaign. 
 
3.1.2 WEB MINING 
 
 To overcome the problems of level-wise 
candidate generation and several database scans in 
the existing algorithms, Chowdhury et al[19] 
proposed UWAStree (utility-based web access 
sequence tree) and IUWAS-tree (incremental UWAS 
tree) approach for mining web access sequences in 
static and dynamic databases respectively. The 
existing algorithms is not applicable for incremental 
mining and does not tell how to mine web traversal 
sequences with external utility but considers only 
forward references of web access sequences. The 
UWAS-tree structure performs three database Scans 
to capture the web access sequence information in a 
very compact form for a user-given threshold.  But 
the IUWAS-tree performs incremental mining by 
using a maximum of only two database scans and 
proves that it is more efficient than the existing 
algorithms. 
 
Chowdhury et al [22] presented an algorithm for 
utility based web path traversal mining. The frequent 
web path traversal pattern gives information about 
the websites visited by a user, but only when we can 
estimate the amount of time spent by a user in a 
website, new web path traversal patterns can be 
introduced. This algorithm pruned a huge number of 
candidates and efficiently divides the search space by 
small projected databases recursively using the divide 
and conquers technique.  As in other algorithms this 
does not require several scanning of the whole 
database and proves to be more efficient than the 
others. 
 

3.1.3 DISTRIBUTED AND DYNAMIC 
DATABASES 
 
 Bay Vo et al [10] presented an algorithm to 
mine the high utility itemsets from a vertical 
distributed database is discussed. Existing algorithms 
are used to mine the high utility itemsets based on 
their utility values and transaction weighted 
utilization but here a WIT tree technique is used and 
the time spent for communication between the master 
site and slave site is reduced. Master site processes 
the entire request from slave sites. The slave site 
receives all details from the master site and computes 
the required information and sends it back to the 
master site. The algorithm proposed in this paper 
scans the local database only once and minimizes the 
time spent for communication between the master 
site and slave site.  
 
 The usefulness of an itemset i.e in terms of 
their utility values must be taken into consideration 
when itemsets are mined from any transactional 
database [4]. But the frequent itemset mining which 
was originally developed mines the itemsets that are 
only frequent. So only the statistical relationship 
between items is taken into account but not the 
semantic significance. Hence, there comes a need to 
give the usefulness in terms of utility values and if 
the itemset satisfies the utility constraint then tat 
itemset is of high interestingness to the user. Hong 
Yao et al [16] proposed the UMining and 
UMining_H algorithms which incorporates the 
pruning strategies and works efficiently in the field of 
utility based itemset mining when implemented in the 
real world and synthetic databases. 
 
 Guo-Cheng et al [18] presented an 
incremental algorithm to update the high utility 
itemsets for record insertion is given and this 
algorithm works more efficiently than the two phase 
batch mining algorithm. In this algorithm when a 
transaction is inserted into a database, the itemsets 
are then partitioned into four parts according to 
whether they are high transaction-weighted 
utilization itemsets in the original database. Then all 
the parts are processed in a unique manner and the 
newly identified high utility itemsets are updated. 
 
 Guo-Cheng et al [17] designed an improved 
maintenance algorithm for record modification which 
works better than the two phase mining algorithm 
which is used to mine the high average utility 
itemsets from a dynamic database and also the batch 
utility mining algorithm which is used to update the 
high average utility itemsets in a maintenance 
mechanism .  This algorithm first partitions the 

896 
 

http://www.ijiset.com/


IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 2 Issue 9, September 2015. 

www.ijiset.com 

ISSN 2348 – 7968 

 

itemsets into four parts and then checks whether the 
count difference is positive or negative in the 
changed database. Then all the individual parts are 
processed in their own unique methods. 
 
3.1.4 HIGH UTILITY ITEMSET MINING 
  
 Yu-Chiang Li et al [9] denotes the 
importance of an algorithm for utility mining because 
in a corporation, the unit profit for each item may 
vary and a customer may purchase more than one of 
the same items in a transaction. Hence an efficient 
IIDS (Isolated Items Discard Strategy) algorithm is 
proposed in this paper for utility mining which 
removes all the unwanted isolated items from a 
transaction and inturn reduces the number of 
candidate itemsets being generated. This algorithm 
was then used in the ShFSM and DCG approach, 
which led to the implementation of the methods FUM 
and DCG+ and the latter is proved to be more 
efficient in the case of both synthetic and real 
databases. 
 
 Shankar et al [11] demonstrates the use of 
Fast Utility Mining (FUM) algorithm which is used 
to mine the high utility itemsets. This algorithm 
proves to be effective because it gives the semantic 
relationships between items unlike the frequent 
itemsets which denotes only the statistical 
relationship between items. As the incorporation of 
utility values in data mining proves to be efficient, 
high utility itemset mining aims at finding the items 
that contributes to large utility. The FUM algorithm 
is proved to be effective than the existing UMining 
algorithm as it reduces the execution time when more 
itemsets are identified as high utility itemsets and 
when the number of distinct items in the database 
increases. 
 
 Bac Le et al [21] presented the 
TWU(Transaction weighted utilization ) algorithm 
which is based on the WIT tree pattern and scans the 
database only once and based on the intersection of 
tids it computes the utility value and the  transaction 
weighted utilization of itemsets very faster. This 
algorithm is mainly used to reduce the search space 
and to reduce the time for mining. In this paper 
certain comparisons are also made like the runtime of 
TWUMining algorithm with Two-Phase and it is also 
proved that the proposed algorithm is more efficient. 
 
 Shankar et al [3] describes about the Fast 
Utility Mining (FUM) algorithm which overcomes 
the flaws in the Umining algorithm. The FUM 
algorithm is more simple and efficient than the 

UMining algorithm. The FUM algorithm considers 
only the distinct itemsets that take part in a 
transaction and not the entire itemset and it reduces 
redundancy because it ignores a transaction if it 
contains an already processed itemset which inturn 
considerably reduces the execution time and proves it 
more efficient than the UMIning algorithm. This 
paper also gives a method of generating different 
types of itemsets such as High Utility and High 
Frequency itemsets (HUHF), High Utility and Low 
Frequency itemsets (HULF), Low Utility and High 
Frequency itemsets (LUHF) and Low Utility and 
Low Frequency itemsets (LULF) using a 
combination of FUM and Fast Utility Frequent 
mining (FUFM) algorithms. 
 
 Guo-Cheng et al [1] demonstrates the 
importance of taking into consideration about the 
contribution of each itemset rather than considering 
only their individual profit and quantity values. The 
significant contribution of each itemset in a 
transaction is denoted by the term high transaction 
weighted utility itemsets. The algorithm which is 
used to mine these high transaction weighted utility 
itemsets is the two phase mining algorithm. The first 
phase of this algorithm finds all the possible 
candidate transaction weighted utility itemsets and in 
the next phase scanning of the database is done to 
find the actual utility values of the candidate 
transaction weighted utility itemsets and this would 
make us conclude whether they are the high 
transaction weighted utility itemsets. This algorithm 
could be very useful in practical applications and 
denotes a significant improvement in performance. 
 
 Guo-Cheng et al [2] discussed the 
advantages of the pruning technique over the two 
phase mining algorithm.  The pruning algorithm is 
advantageous because it reduces the time for 
scanning and also the size of data being processed. 
This algorithm removes all the unhopeful itemsets 
and thus creates a better upper bound values for the 
itemsets. So in turn it does reduce the number of 
candidate  itemsets being generated and a significant 
improvement is shown in terms of execution speed 
and time when compared to the two phase mining 
algorithm. 
 
 In recent research, many algorithms were 
developed algorithms which effectively work on 
dense data, but in the case of sparse data it is not true. 
So Alva Erwin et al [14] has developed a new 
algorithm called the CTU-PRO algorithm which is 
used to mine the high utility itemsets.  In the case of 
high utility Itemset Mining , the anti monotone  
property cannot be applied, so this algorithm also 
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uses the concept of Transaction Weighted Utilization 
(TWU) but avoids the rescan of the database. This 
algorithm first identifies all the high transaction 
weighted utilization itemsets and then constructs a 
Global CUP (Compressed Utility Pattern) Tree for 
each item. Then a local CUP Tree is got from the 
Global CUP tree by mining all the high utility 
patterns. This algorithm works efficiently in the case 
of sparse data, and it has given better performance 
than the existing Two Phase and CTU Mine 
algorithms. 
  
 Liu & Qu [39] proposed a High utility 
itemset miner (HUI-Miner) algorithm, for high utility 
itemset mining. HUI-Miner uses a special data 
structure, called utility-list, to store both the utility 
value of an itemset and the heuristic information for 
pruning the search space of HUI-Miner. HUI-Miner 
can efficiently mine HUIs from the utility-list 
constructed from a mined database by avoiding costly 
generation and utility calculation of candidate 
itemsets. 
 
Yun et al [40] proposed an algorithm called MU-
Growth (Maximum Utility Growth) which include 
two pruning techniques for reducing the number of 
candidates generated effectively in mining process. 
This approach also utilizes a novel data structure 
MIQ-Tree (Maximum Item Quantity Tree), which 
confines database information with a single-pass. 
This approach outperforms well when compared to 
the existing approach in terms of number of 
candidates generated and running time. 
 
3.1.5 UTILITY FREQUENT PATTERN 
MINING 
  
 To overcome the problems of mining multi-
relational frequent patterns in databases, the RFPS 
algorithm is proposed in [31]. This algorithm uses a 
declarative bias which is used to refine and confine 
the pattern space and a sampling methodology makes 
it more suitable for multi-relational frequent patterns. 
This algorithm outperforms the existing static multi-
relational frequent pattern mining algorithms and 
proves its efficiency. 
 
 Xiaoyong Lin et al [27] proposed a strategy 
for Utility Frequent Patterns Mining (UFPM). In this 
approach, all the patterns which don’t satisfy the 
minimum utility threshold are removed and the utility 
frequent pattern mining system is used to find a 
combination of items with high frequencies and 
utilities is given based on a share strategy. The 
motivation behind introducing this concept is to 

overcome the difficulties of frequent pattern mining 
and utility mining and give the itemsets which 
contain both the frequency and utility. Initially all the 
patterns with have the specified minimum support 
threshold is found. Then a share strategy shares most 
of the results from the previous mining process 
instead of separating them and this significantly 
reduces the computation cost.  
 
 Vid Podpecan et al [8] explained the Fast 
Utility Frequent Mining (FUFM) algorithm which 
denotes the importance of mining itemsets that are 
not only of high utility but also those which are 
frequent. FUFM implements the utility-frequent 
itemset mining which also takes into consideration 
about the rate of reoccurrence of itemsets  i.e the 
frequency of itemsets. This algorithm executes faster 
than the existing 2P-UF algorithm and it is also 
simpler to implement. 
 
 The importance of diversity based 
interesting measures in association rule mining is 
given in [29]. Here some other interesting measures 
like generality, reliability, peculiarity, novelty, 
surprisingness, utility, and applicability are included 
in addition to the existing measures like support, 
confidence, and lift. Diversity is given an importance 
here because it takes any interestingness measure 
which is used for summaries and applies it to 
association rules. 
 
4 OTHER RELATED WORKS 
 A survey about all the existing algorithms in 
frequent itemset mining, association rule mining and 
utility mining is explained in detail in [13]. There are 
numerous existing algorithms being developed in the 
case of frequent itemset mining and association rule 
mining. Adopting the utility considerations in data 
mining has gained a lot of importance in recent years. 
Discovering the association rules that most suit or 
intensify the business applications are also being 
developed. Here a comparative study of all the 
algorithms used in identifying frequent itemsets and 
association rules with the utility values is also 
presented. 
 
 The three novel tree structures discussed in 
[23] are used for incremental mining as they perform 
only two database scans and avoid the use of level-
wise candidate generation and test methodology 
using pattern growth approach. These structures 
outperform their predecessors in terms of execution 
time and memory usage too. Incremental and 
interactive data mining is used mainly, to use 
previous data structures and mining results in order to 
reduce unnecessary calculations when a database is 
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updated, or when the minimum threshold is changed. 
The, Incremental HUP Lexicographic Tree (IHUPL-
Tree), manages the incremental data without 
restructuring. The IHUP Transaction Frequency Tree 
(IHUPTF-Tree), which obtains a compact size by 
arranging items according to their transaction 
frequency and requires less amount of memory. The 
IHUP-Transaction-Weighted Utilization Tree 
(IHUPTWU-Tree) is developed to reduce the mining 
time. 
 
 Shankar et al [5] discussed an approach to 
improve the Customer Relationship Management in 
retail business. So in order to improve the customer 
relationship management it is necessary to identify 
the customers who actively participate and also rank 
them based on their total business value. In this paper 
an approach to mine the utility and frequent itemsets 
using a framework of FUM and Fast Utility Frequent 
Mining (FUFM) algorithm from a retail transaction 
database is given because when it comes to customer 
relationship management in any practical application, 
the demand and rate of occurrence of an itemset plays 
an important role. 
 
 Incorporating utility constraints in 
association rule mining is an important research area 
in the field of data mining. As the interesting 
association rule patterns would improve the business 
utility, it is important to consider the utility, 
significance and interestingness in mining association 
rule pattern. Shankar et al [7] proposed a utility 
sentient approach for mining association pattern from 
transaction databases. Here first the frequent patterns 
are mined and from them the novel interesting 
association rule patterns which considers the utility, 
significance and interest of the user. This approach’s 
evaluation proves that the utility oriented interesting 
association patterns are a more efficient technique 
than its predecessors. 
 
 Jyothi Pillai et al [12] given a literature 
survey about all the algorithms involved in high 
utility itemset mining. In earlier days, association rule 
mining that played a huge role and several algorithms 
were developed. Now it is important to include utility 
considerations in data mining which has led to the 
need of finding algorithms for utility mining too. One 
such technique is the Rare High Utility Itemset 
Mining which is used to mine the rare itemsets from 
a transaction database. Rare itemsets are those which 
do not occur frequently in a transaction and so these 
itemsets can give huge profit. So this technique is 
very useful in practical and real time applications too. 
 

 Guo-Cheng et al [24] proposed an algorithm 
to reduce the execution time when records are deleted 
and also used to mine the high average utility 
itemsets. The average utility is taken into 
consideration as it gives better utility effect of 
combining several items than the normal utility 
measure. This algorithm is a combination of the two-
phase approach and the FUP (Fast Update) concept 
and proves to be efficient in terms of performance 
even when the database is changed to a very small 
extent. 
 
 Hanisha et al [30] designed a toolkit named 
BODY-Buckets of Disease symptoms for Disease 
Outbreak Analysis which makes an analysis of 
historical data i.e. a set of hospital records of patients 
and gives all the disease outbreak patterns.  The main 
reason for this development is to give all possible 
outbreaks of disease symptoms. The steps of this 
methodology are, first propose a system of buckets 
for disease symptoms (BODY), second each bucket 
of disease symptom is associated with a set of similar 
words, third the text about symptom description is 
replaced with a standard set of buckets, next to give 
understanding about different forms of the data and a 
grouping of plots according to each bucket, city is 
done. Then to identify the frequent co-occurring 
symptoms, Apriori algorithm is used, and alerts for 
possible disease outbreaks are given using animated 
visualizations. Finally the major symptoms of the 
disease are identified to be body pain, fever, vomiting 
and diarrhea. The BODY’s toolkit is implemented on 
the VAST 2010 Challenge Data containing hospital 
data entries from 11 cities across the world. 
 
 Tomonobu Ozaki et al [32] presented an 
algorithm called wgMiner to mine all t h e  closed 
and maximal patterns in the internally and 
externally weighted graph databases. This algorithm 
is effectively used to mine patterns from 
communication ne tworks .Here  two weights called 
the internal weights and external weights are given 
and they represent the utility and significance of 
each edge in the graph. So this gives exact details 
about the data or itemset to be mined. 
 
 Alva Erwin et al [15] proposed an algorithm 
called the CTU-Mine which efficiently mines the 
high utility itemsets in dense databases using the 
pattern growth approach. Utility mining is performed 
which is better than frequent pattern mining because 
in the former the utility (i.e. the cost, profit or 
revenue) of each itemset for discovering the patterns 
is considered, whereas in frequent pattern mining 
only the frequency of occurrence of items is taken 
into consideration. The two phase algorithm which 
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first designs the transaction weighted utilization 
model, where the transaction weighted utilization of a 
item set (i.e. the sum of the transaction utilities of all 
the transactions of the itemset) is used and then 
performs a scan of the entire database to remove the 
low utility itemsets. This mainly suites the sparse 
data and short patterns. In the CTU-Mine algorithm, 
it uses the Compressed Transaction Utility Tree 
(CTU–Tree) for utility mining and also pattern 
growth approach is used instead of candidate set 
generation and test. This eliminates the scan of the 
entire database which is done in the two phase 
algorithm. In this paper it is clearly shown that for 
higher thresholds, two Phase runs relatively fast 
compared to CTU-Mine, but when the utility 
threshold becomes lower, CTUMine outperforms 
TwoPhase. 
 
 The introduction of utility mining 
algorithms led to mine the high utility items but the 
quantity relationship between them is not expressed. 
Chia-Ming Wang  et al [20] proposed an approach to 
mine the high utility fuzzy item sets i.e. which 
contains both the quantity and profit of the itemset 
from quantitative databases is given. Additionally the 
HUFI-Miner algorithm which solves the problem by 
scanning the original database only twice is also 
given in this paper. The high profitable patterns are 
obtained and its efficiency is proved by its 
experimental results on a synthetic database. 
 
 Parvinder S et al [28] presented an approach 
to mine association rules mined with some 
constraints like weight (W-gain) and utility (U-gain). 
The existing algorithms gives association patterns 
which takes some factors into consideration like the 
utility and weight (i.e. the quantity of item sold). But 
the approach in this paper gives a utility weighted 
score which is a combination of utility and weigthage  
for every association rule mined using this approach. 
In this approach, first the  Apriori algorithm is used  
to generate association rules from a database.  The 
anti-monotone property which states that for any n-
itemset to be frequent all the (n-1) subsets of that 
itemset must be frequent. The association rules are 
finally obtained based on the UW-Score which 
proves to be effective in generating high utility 
association rules that can be extensively useful and 
profitable for any business development. 
 
5 CONCLUSION 
 The size of raw data stored in business 
databases is exploding. Raw data by itself, however, 
does not provide much information. In today's 
fiercely competitive business environment, 
organizations require to quickly transform these raw 

data into significant insights into their customers and 
markets to make decisions in marketing and 
investment. Incorporating utility considerations into 
data mining is found to benefit the business to a great 
extent. There are numerous work related to utility 
based mining existing in literature. In this paper we 
have reviewed latest research in the field of utility 
based mining. 
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