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Abstract— The data mining methods are applied to discoer 

the hidden knowledge from large databases. The association 

rule mining methods are applied to discover the frequent item 

set mining process. The association rule mining method 

considers only the frequency values. The importance of the 

attributes are not focused in the traditional rule mining 

process. The weighed rule mining and utility based mining 

methods are introduced to discover the rules with item 

importance analysis. The literature survey is conducted on 

weighted rule mining, sequential rule mining, privacy 

preserved mining and utility based mining methods. 

Distributed rule mining and rule pruning techniques are also 

analyzed in the comparison process. The high utility rule 

mining process is build with pruning methods.  
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I. INTRODUCTION 

Years of effort in data mining has produced a variety of 

efficient and effective techniques. Especially, finding 

association rules in transaction databases is most commonly 

seen among them. The Apriori algorithm was first proposed 

to mine association rules based on a level wise processing 

way. The FP-growth algorithm was then proposed to 

construct a compressed tree structure and mine the rules 

based on it. These approaches treated all the items in a 

database as binary variables, only considering whether an 

item is bought in a transaction or not. 

The utility mining finds all itemsets in a transaction 

database with utility values higher than the minutil threshold. 

Standard methods for mining association rules are based on 

the support confidence model. They first find all frequent 

itemsets, i.e., itemsets with support of at least minsup, and 

then, from these itemsets, generate all association rules with 

confidence of at least minconf. The support measure is used 

because it is assumed that only highly frequent itemsets are 

likely to be of interest to users. 

Mining frequent sequential patterns from a sequence database 

is an important data mining problem has been attracting 

researchers for more than a decade. Dozens of algorithms find 

sequential patterns effectively. Relatively few researchers 

have addressed the problem of reducing redundancy, ranking 

patterns by interestingness, or using the patterns for solving 

further data mining problems. 

II. WEIGHTED RULE MINING 

A. Efficient Mining of Weighted Interesting Patterns with a 

Strong Weight and/or Support Affinity 

Most algorithms for frequent pattern mining use a support 

constraint to prune the combinatorial search space but support 

based pruning is not enough. After mining datasets to obtain 

frequent patterns, the resulting patterns can have weak 

affinity. Although the minimum support can be increased, it 

is not effective for finding correlated patterns with increased 

weight and/or support affinity. Interesting measures have 

been proposed to detect correlated patterns but any approach 

does not consider both support and weight [10]. The 

Weighted interesting pattern mining (WIP) is a measure, 

weight-confidence, is suggested to mine correlated patterns 

with the weight affinity. A weight range is used to decide 

weight boundaries and an h-confidence serves to identify 

support affinity patterns. In WIP, without additional 

computation cost, original h-confidence is used instead of the 

upper bound of h-confidence for performance improvement. 

WIP not only gives a balance between the two measures of 

weight and support, but also considers weight affinity and/or 

support affinity between items within patterns so more 

correlated patterns can be detected. A comprehensive 

performance study shows that WIP is efficient and scalable 

for finding affinity patterns. Moreover, it generates fewer but 

more valuable patterns with the correlation. To decrease the 

number of thresholds, w-confidence, h-confidence and 

weighted support can be used selectively according to 

requirement of applications. 

B. Enhancing the Efficiency in Mining Weighted Frequent 

Itemsets 

The association rule mining models are applied to discover 

the frequent itemset patterns. The item importance is not 

focused in the association rule mining process. The weighted 

rule mining model is applied to consider the frequency and 

the importance of the items [1]. The weight is assigned for the 

items and the rule mining process is carried out with the 

weight and frequency levels. The projection-based weighted 

frequent itemset mining approach is build with an improved 

strategy (PWAI) to speed up the execution efficiency in terms 

of finding weighted frequent itemsets in transactions. A 

projection-based pruning strategy is developed to obtain more 

accurate upper-bounds of weighted values for itemsets in 

mining. The algorithm achieves good performance in 

execution efficiency. 

C. Infrequent Weighted Itemset Mining Using Frequent 

Pattern Growth 

The itemset analysis model is focused on discovery of 

infrequent and weighted itemsets, i.e., the infrequent 

weighted itemsets, from transactional weighted data sets. To 

address this issue, the IWI-support measure is defined as a 

weighted frequency of occurrence of an itemset in the 

analyzed data. Occurrence weights are derived from the 

weights associated with items in each transaction by applying 

a given cost function [19]. The system is focused the attention 

on two different IWI-support measures: (i) The IWI-support-

min measure, which relies on a minimum cost function, i.e., 

the occurrence of an itemset in a given transaction is weighted 

by the weight of its least interesting item, (ii) The IWI-

support-max measure, which relies on a maximum cost 

function, i.e., the occurrence of an itemset in a given 

transaction is weighted by the weight of the most interesting 
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item. Note that, when dealing with optimization problems, 

minimum and maximum are the most commonly used cost 

functions. Hence, they are deemed suitable for driving the 

selection of a worthwhile subset of infrequent weighted data 

correlations.  

D. Mining Weighted Association Rules without Preassigned 

Weights 

The classical model of association rule mining employs the 

support measure, which treats every transaction equally. In 

contrast, different transactions have different weights in real-

life data sets. There should be some notion of importance in 

those data. For instance, transactions with a large amount of 

items should be considered more important than transactions 

with only one item. Current methods, though, are not able to 

estimate this type of importance and adjust the mining results 

by emphasizing the important transactions. 

Weighted support(W-support) is a  measure of item 

sets in databases with only binary attributes. The basic idea 

behind w-support is that a frequent item set may not be as 

important as it appears, because the weights of transactions 

are different [20]. These weights are completely derived from 

the internal structure of the database based on the assumption 

that good transactions consist of good items. This assumption 

is exploited by extending Kleinberg’s HITS model and 

algorithm bipartite graphs. Therefore, w support is distinct 

from weighted support in weighted association rule mining 

(WARM), where item weights are assigned. Furthermore, a 

new measurement framework of association rules based on 

w-support is applied.  

III. SEQUENTIAL PATTERNS 

A. Pattern Based Sequence Classification 

Most datasets used in the sequence classification task can be 

divided into two main cases. In the first case, the class of a 

sequence is determined by certain items that co-occur within 

it, though not always in the same order. In Sequence 

Classification based on Interesting Patterns (SCIP), the 

algorithms are applied to mine both types of interesting 

patterns — itemsets and subsequences. The discovered 

patterns are converted into classification rules. Two methods 

are applied to build classifiers to determine the class to which 

a new instance belongs. The select rules to be applied based 

on their confidence, while the second uses a novel approach 

by taking into account how cohesive the occurrence of the 

pattern that defines the rule is in the new instance.  

The algorithms are applied to mine two different 

types of patterns. The CBA based classifier is replaced with 

a new classifier, based on the HARMONY scoring function, 

which achieves better performance. The top-k strategy is 

deployed for all the classifiers, instead of using only the 

highest ranked rule. The discovered patterns are used as 

features in order to transform each sequence into a feature 

vector [9]. The feature vector representation approach is 

adapted by setting each feature value as the cohesion of the 

feature in a sequence. Machine learning algorithms are 

applied for sequence classification and find that this new 

feature vector representation approach outperforms the 

traditional presence-weighted feature vector representation 

approach. 

B. Mining Compressing Sequential Patterns 

Redundancy is a well-known problem in sequential pattern 

mining. The sequential pattern mining model uses alternative 

interestingness measures rather than relying on frequency 

alone. The Krimp algorithm mines patterns that compress the 

data well using the minimum description length (MDL) 

principle. This approach has been shown to reduce 

redundancy and generate patterns that are useful for 

classification, component identification and change 

detection. The technique is adapted to sequential data [11]. 

The key issue in designing an MDL-based algorithm for 

sequence data is the encoding scheme that determines how a 

sequence is compressed given some patterns. In contrast to 

itemsets the system is needed to consider the ordering of 

elements in a sequence and need to be able to deal with gaps, 

as well as overlapping and repeating patterns; all properties 

that are not present in itemset data. MDL-based algorithms 

are adapted for mining non-redundant and meaningful 

patterns from a sequence database.  

C. Classification with Association Rules and Lattice based 

Approach  

Classifiers based on class-association rules are more accurate 

than those of traditional methods such as C4.5 and ILA both 

theoretically and with regard to experimental results. Fazy 

associative classification differed from CARs in that it used 

rules mined from the projected dataset of an unknown object 

for predicting the class instead of using the ones mined from 

the whole dataset. Genetic algorithms have also been applied 

recently for mining CARs [12]. The GA based approach is 

adapted to build the classifier for numeric datasets and to 

apply to stock trading data. The Pareto-optimal is used for 

building autonomous classifiers using genetic algorithms. 

The GA-based method is employed without required 

minimum support and minimum confidence thresholds. 

These algorithms were mainly based on heuristics to build 

classifiers. 

D. Sequential Data Patterns, Categorization and 

Visualization 

Temporal correlations in the data are summarized in an 

undirected graph and use the “skeleton” of the graph as a 

higher granularity where hidden temporal patterns are more 

likely to be identified. In the meantime, the embedding 

topology of the graph translates the rich temporal content of 

symbolic sequences into a metric space for easier analysis and 

visualization [13]. The temporal skeletonization can greatly 

alleviate the curse of cardinality for challenging tasks such as 

sequential pattern mining and sequence clustering. It is 

convenient to visualize sequential patterns in the embedding 

space of the temporal graph. 

The temporal skeletonization framework is 

constructed to improving the technical presentation with 

intuitive examples, several generalizations of the temporal 

graph construction by computing robust temporal 

correlations with smooth functions and available event-

happening time. The temporal clustering algorithm is 

constructed with the Mean- Shift procedure in the embedding 

space of the temporal graph. The system uses principled 

guidance on selecting the important parameters, such as the 

temporal order parameter, the embedding algorithm and 
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dimensions, the Mean-Shift clustering kernel and bandwidth 

and the degree of smoothing regularization for sequence 

encoding. In sum, with the generalizations, the temporal 

clustering algorithm and the guidance on parameter selection, 

the temporal skeletonization framework can suit more 

application scenarios and be conveniently used in practice.  

E. Hierarchical Spatio-Temporal Pattern Discovery 

Scheme 

A spatio-temporal (ST) pattern is regarded as the repeated 

sequence or association of certain ST events or ST features. 

To identify these sequences or associations, such as the ST 

patterns of crime occurrences, appropriate distance-based and 

duration-based measurements are needed to constrain the size 

or shape of the pattern. Real-world ST patterns different sizes 

and shapes over time and non-uniformly distributed over 

space [14]. This nonstationarity property of ST patterns was 

recognized by Ratcliffe in the study of crime patterns and has 

been mentioned in climate studies. The system uses Cluster-

Confidence-Rate Boosting (CCRBoost) approach. The 

approach (1) mitigates the nonstationarity in identifying ST 

pattern by constituting an ST pattern as a hierarchical 

structure constructs a predictive model based on this 

hierarchically learned pattern. The local abstracted patterns 

are identified from the distributed representations and then 

hierarchically learn a global ensemble pattern built upon the 

identified local patterns. 

F. Mining Partially Ordered Sequential Rules on Multiple 

Sequences 

Sequential pattern mining is an important data mining task 

with wide applications. It consists of discovering 

subsequences that are common to multiple sequences. 

Several algorithms are applied for this task such as GSP, 

PrefixSpan, SPADE and CM-SPADE. Sequential patterns 

found by these algorithms are often misleading for the user. 

The reason is that patterns are found solely on the basis of 

their support. Mining “partially-ordered sequential rules” 

(POSR) is a general form of sequential rules common to 

multiple sequences such that items in the antecedent and in 

the consequent of each rule are unordered [15]. RuleGrowth 

algorithm is employed to discover “partially-ordered 

sequential rules” (POSR). It uses a novel approach named 

“rule expansions” to generate sequential rules and includes 

several strategies to perform the search efficiently. 

RuleGrowth is easily extendable. Constraints can be added to 

the algorithm for the needs of specific applications. 

TRuleGrowth finds rules occurring with a sliding-window 

constraint. This constraint is important for many real 

applications because users often only wish to discover 

patterns occurring within a maximum amount of time. 

IV. PRIVACY PRESERVED RULE MINING 

A. Approximate Protocol for Privacy Preserving 

Association Rule Mining 

Privacy-preserving data mining has made major advances in 

the recent years. Many protocols have been proposed for 

different data mining algorithms such as classification, 

association rule mining, clustering and outlier detection, etc. 

provides a comprehensive survey. There are two main types 

of technique – perturbations based methods and secure 

multiparty computation techniques. In the perturbation 

methods the data is locally perturbed before delivering it to 

the data miner. Special techniques are used to reconstruct the 

original distribution and the mining algorithm needs to be 

modified to take this into consideration [17]. Agrawal and 

Srikant introduced this approach in the form of a procedure 

to build a decision tree classifier from perturbed data. The 

second approach assumes data is distributed between two or 

more sites that cooperate to learn the global data mining 

results without revealing the data at individual sites. This 

approach was introduced by Lindell and Pinkas, with a 

method that enabled two parties to build a decision tree 

without either party learning anything about the other party’s 

data, except what might be revealed through the final decision 

tree. Typically, the techniques used are cryptographic. While 

the first approach has known security problems and cannot 

lead to provably secure solutions, the second approach has 

typically been too computationally intensive. This is 

especially the case for vertically partitioned data, where 

unlike horizontally partitioned data little data summarization 

can be carried out before engaging in the distributed protocol. 

B. Direct and Indirect Discrimination Prevention in Data 

Mining 

Discrimination can be either direct or indirect. Direct 

discrimination consists of rules or procedures that explicitly 

mention minority or disadvantaged groups based on sensitive 

discriminatory attributes related to group membership. 

Indirect discrimination consists of rules or procedures that, 

while not explicitly mentioning discriminatory attributes, 

intentionally or unintentionally could generate discriminatory 

decisions. Redlining by financial institutions is an archetypal 

example of indirect discrimination, although certainly not the 

only one. With a slight abuse of language for the sake of 

compactness, indirect discrimination will also be referred to 

as redlining and rules causing indirect discrimination will be 

called redlining rules. Indirect discrimination could happen 

because of the availability of some background knowledge. 

The background knowledge might be accessible from 

publicly available data or might be obtained from the original 

data set itself because of the existence of nondiscriminatory 

attributes that are highly correlated with the sensitive ones in 

the original data set [18]. Discrimination is detected from the 

original data only for one discriminatory item and based on a 

single measure. This approach cannot guarantee that the 

transformed data set is really discrimination free, because it 

is known that discriminatory behaviors can often be hidden 

behind several discriminatory items and even behind 

combinations of them.  

C. Secure Mining of Association Rules in Horizontally 

Distributed Databases 

The protocol computes a parameterized family of functions, 

which is called as threshold functions, in which the two 

extreme cases correspond to the problems of computing the 

union and intersection of private subsets. Those are in fact 

general-purpose protocols that can be used in other contexts 

as well. Another problem of secure multiparty computation is 

the set inclusion problem; namely, the problem where Alice 

holds a private subset of some ground set and Bob holds an 
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element in the ground set and they wish to determine whether 

Bob’s element is within Alice’s subset, without revealing to 

either of them information about the other party’s input 

beyond the above described inclusion. 

The protocol based on the Fast Distributed Mining 

(FDM) algorithm is an unsecured distributed version of the 

Apriori algorithm [16]. Its main idea is that any s-frequent 

item set must be also locally s-frequent in at least one of the 

sites. Hence, in order to find all globally s-frequent item sets, 

each player reveals his locally s-frequent item sets and then 

the players check each of them to see if they are s-frequent 

also globally.  

V. HIGH UTILITY MINING 

A. An Efficient Projection-Based Indexing Approach for 

Mining High Utility Itemsets 

Recently, utility mining has widely been discussed in the field 

of data mining. It finds high utility itemsets by considering 

both profits and quantities of items in transactional data sets. 

However, most of the existing approaches are based on the 

principle of level wise processing, as in the traditional two-

phase utility mining algorithm to find a high utility itemsets. 

The efficient utility mining approach adopts an indexing 

mechanism to speed up the execution and reduce the memory 

requirement in the mining process [3]. The indexing 

mechanism can imitate the traditional projection algorithms 

to achieve the aim of projecting sub-databases for mining. In 

addition, a pruning strategy is also applied to reduce the 

number of unpromising itemsets in mining. Finally, the 

experimental results on synthetic data sets and on a real data 

set show the superior performance of the proposed approach. 

B. Mining High Utility Itemsets without Candidate 

Generation 

 High utility itemsets refer to the sets of items with high utility 

like profit in a database, and efficient mining of high utility 

itemsets plays a crucial role in many reallife applications and 

is an important research issue in data mining area. To identify 

high utility itemsets, most existing algorithms first generate 

candidate itemsets by overestimating their utilities, and 

subsequently compute the exact utilities of these candidates. 

These algorithms incur the problem that a very large number 

of candidates are generated, but most of the candidates are 

found out to be not high utility after their exact utilities are 

computed [4]. The HUI-Miner (High Utility Itemset Miner) 

algorithm is build for high utility itemset mining. HUI-Miner 

uses a novel structure, called utility-list, to store both the 

utility information about an itemset and the heuristic 

information for pruning the search space of HUI-Miner. By 

avoiding the costly generation and utility computation of 

numerous candidate itemsets, HUI-Miner can efficiently 

mine high utility itemsets from the utilitylists constructed 

from a mined database. HUI-Miner is compared with the 

state-of-the-art algorithms on various databases, and 

experimental results HUI-Miner outperforms these 

algorithms in terms of both running time and memory 

consumption. 

C. Efficient Tree Structures for High Utility Pattern Mining 

in Incremental Databases 

 Recently, high utility pattern (HUP) mining is one of the 

most important research issues in data mining due to its 

ability to consider the nonbinary frequency values of items in 

transactions and different profit values for every item. On the 

other hand, incremental and interactive data mining provide 

the ability to use previous data structures and mining results 

in order to reduce unnecessary calculations when a database 

is updated, or when the minimum threshold is changed [6]. 

Three novel tree structures are employed to efficiently 

perform incremental and interactive HUP mining. The first 

tree structure, 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), which obtains a compact 

size by arranging items according to their transaction 

frequency. To reduce the mining time, the third tree, IHUP-

Transaction-Weighted Utilization Tree (IHUPTWU-Tree) is 

designed based on the TWU value of items in descending 

order.  

D. A Fast High Utility Itemsets Mining Algorithm 

Association rules mining (ARM) is one of the most widely 

used techniques in data mining and knowledge discovery and 

has tremendous applications in business, science and other 

domains. The frequent itemsets identified by ARM does not 

reflect the impact of any other factor except frequency of the 

presence or absence of an item. Frequent itemsets may only 

contribute a small portion of the overall profit, whereas non-

frequent itemsets may contribute a large portion of the profit. 

In a traditional frequency oriented ARM, these transactions 

representing highly profitable customers may be left out [2]. 

A sequence of webpages visited by a user can be defined as a 

transaction. Since the number of visits to a webpage and the 

time spent on a particular webpage is different between 

different users, the total time spent on a page by a user can be 

viewed as utility. The website designers can catch the 

interests or behavior patterns of the customers by looking at 

the utilities of the page combinations and then consider 

reorganizing the link structure of their website to cater to the 

preference of users. Frequency is not sufficient to answer 

questions, such as whether an itemset is highly profitable, or 

whether an itemset has a strong impact. Utility mining is 

likely to be useful in a wide range of practical applications. 

E. A Foundational Approach to Mining Itemset Utilities 

from Databases 

The frequency of an itemset may not be a sufficient indicator 

of interestingness, because it only reflects the number of 

transactions in the database that contain the itemset. It does 

not reveal the utility of an itemset, which can be measured in 

terms of cost, profit, or other expressions of user preference. 

The itemset share is generalized as two models. They are 

utilities for items, transaction utility and external utility [5]. 

The transaction utility of an item in a transaction is defined 

according to the information stored in the transaction. By 

processing a transaction database and a utility table together, 

data mining can be guided by the utilities of itemsets. The 
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discovered knowledge may be useful for maximizing a user’s 

goal.  

F. Mining High Average-Utility Itemsets 

The mining algorithm for high average-utility itemsets uses 

average-utility upper bounds to overestimate the actual 

average utilities of itemsets for satisfying the downward 

closure property. The average-utility upper bound of an 

itemset is designed here as the summation of the maximal 

utility among the items in each transaction including the 

itemset [7]. Only the combinations of the itemsets which have 

their average utility upper bounds beyond the user-defined 

threshold are added into the candidate set in a level-wise way. 

The downward closure property can thus be maintained in 

this way. Finally, the performance of the mining algorithm is 

verified by real-world market data. 

G. Efficiently Mining High Average Utility Itemsets with a 

Tree Structure 

Utility mining was thus build to partially solve the problem. 

It may be thought of as an extension of frequent-itemset 

mining with sold quantities and item profits considered. 

Traditionally, the utility of an itemset is the summation of the 

utilities of its items in all the transactions regardless of its 

length. Thus, the utility of an itemset in a transaction will 

increase along with the increase of its length. Longer itemsets 

in a transaction result in higher utility values [8]. In order to 

alleviate the effect of the length of itemsets and identify really 

good utility itemsets, Hong et al. proposed the average utility 

measure to reveal a better utility effect of combining several 

items than the original utility measure. It is defined as the total 

utility of an itemset divided by its number of items within it. 

The average utility of an itemset is then compared with a 

threshold to decide whether it is a high average-utility 

itemset. The mining approach with the aid of a tree structure 

is build to efficiently implement the concept. A new tree 

structure called high average utility pattern tree (HAUP tree) 

is designed to keep related information for mining. A mining 

approach called HAUP-growth based on the proposed 

HAUP-tree structure is also proposed to mine high average-

utility itemsets.  

VI. EFFICIENT VERTICAL MINING OF HIGH AVERAGE-

UTILITY ITEMSETS BASED ON NOVEL UPPER-BOUNDS 

The problem of mining frequent itemsets and association 

rules in transaction databases is a fundamental research 

problem in the field of knowledge discovery in databases, 

which consists of discovering frequently purchased itemsets 

in customer transactions. To efficiently solve this problem for 

binary transaction databases, algorithms have been developed 

based on the downward closure property (DCP) of the support 

measure for itemsets. This property indicates that, if an 

itemset is infrequent, all its super itemsets are also infrequent, 

and can thus be pruned to reduce the search space. A popular 

extension of frequent itemset mining is weighted itemset 

mining, where weights are assigned to items to indicate their 

relative importance [21]. The goal is to discover itemsets 

having weights that are no less than a user defined threshold. 

Although these prior studies have several applications, real 

life transactional databases usually not only contain weights 

but also information about the quantities of items in 

transactions. Butitems having high selling frequencies are 

often not the most important to the user.  

Facing these limitations of traditional and weighted 

frequent itemset mining, the problem of high utility itemset 

mining (HUIM) has emerged as an important research 

problem. The goal is to extract itemsets that have a highutility 

the utility of an itemset is defined as the sum of the utilities 

of its items in transactions where the itemset appears. An 

itemset is of high utility (HU) if its utility is larger than or 

equal to a minimum utility threshold 𝑚𝑢,defined by the user. 

The key challenge for designing efficient HUIM algorithms 

is that the DCP does not hold for the utility measure. To 

address this issue, an upper bound (UB) on the utility of 

itemsets that respect the DCP was proposed, named 

transaction weighted utilization (TWU). The DCP property 

of the TWU upper bound states that supersets of an itemset 

having a TWU value that is less than the 𝑚𝑢 threshold also 

have low TWU values, and are low utility itemsets. The 

TWUupper bound has been used in numerous HUIM 

algorithms to prune unpromising itemsets and thus reduce the 

search space. 

  The high utility itemset mining is useful, the 

standard utility measure does not take the length of itemsets 

into account. But in reallife, an itemset contains many 

itemsisoften uninteresting as it is difficult to copromote a 

large set of products. Besides, itemsets containing several 

items often have a higher utility than those containing fewer 

items may be seen as unfair. For instance, many high utility 

items such as laptop produce high utility itemsets when they 

are combined with items having a lower utility such as USB 

drives or mouse pads. This can result in a huge number of 

high utility patterns containing information that is not useful 

for decision making. To more fairly measure the utility of 

itemsets, Hong et al. have proposed the average utility 

measure, adds a penalty that is proportional to the length of 

an itemset to the utility measure. The average utility of an 

itemset is the sum of the utilities of its items in transactions 

where it appears, divided by its length. Although, high 

average utility itemset mining (HAUIM) is a well studied 

research problem, extracting HAUIs remains time 

consuming. Thus, proposing techniques to improve the 

efficiency of HAUIM is important.  

  The key challenge for designing efficient HAUIM 

algorithms is that the DCP does not hold for the average 

utility (AU) of itemsets (HUIM). To deal with this issue, 

researchers have proposed an average utility upper bound 

(UB) on the average utilities of itemsets named 𝑎𝑢𝑢𝑏 restores 

the DCP. Then, to further reduce the search space, an 

improved upper bound has been designed and integrated in a 

projection based two phase algorithm. To more efficiently 

mine HAUIs, an AU list structure and a corresponding 

pruning strategy were proposed in the HAUI Miner 

algorithm. Recently, Linet al. and Yun et al. proposed 

additional alternative UBs to enhance the performance of 

HAUIM. Despite these advances, UBs used by current state-

of-the-art HAUIM algorithms remains loose. Thus, 

algorithms cannot reduce the search space effectively, 

consider a large amount of unpromising candidate itemsets 

and as a result can have long runtimes. Moreover, although 

many UBS have been proposed, no generic theoretical model 



A Comparative Analysis on Association Rule Mining Techniques with Weight, Privacy and Utility Features 

 (IJSRD/Vol. 7/Issue 01/2019/320) 

 

 All rights reserved by www.ijsrd.com 1226 

has yet been designed to compare their ability at pruning 

unpromising candidates.  

VII. CONCLUSION  

The rule based knowledge discovery can be achieved with a 

variety of rule mining and pattern discovery methods. The 

literature survey is carried out on weighted rule mining, 

sequential mining and privacy preserved rule mining and 

utility based rule mining models. Based on the idea of 

computing utility values using a vertical form in quantitative 

databases, the system uses four tight UBs, called𝑎𝑢𝑏1, 𝑎𝑢𝑏, 

𝑖𝑎𝑢𝑏 and𝑙𝑎𝑢𝑏,a generic framework to evaluate UBs in terms 

of their pruning effects, and three pruning strategies to 

eliminate unpromising candidates early. A new IDUL tree 

structure was also developed to quickly calculate the average 

utility and UBs of itemsets using a recursive process. A novel 

algorithm named dHAUIM has been further presented to 

efficiently mine high average-utility itemsets. dHAUIM 

outperforms fourstate-of-the-art HAUI mining algorithms in 

terms of execution time and number of join operations on 

both real-life and synthetic databases. 
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