
International Journal For Technological Research In Engineering 

Volume 2, Issue 9, May-2015                                                ISSN (Online): 2347 - 4718 

 
 

www.ijtre.com                        Copyright 2015.All rights reserved.                                                                          2001 
 

A SURVEY ON DIFFERENT FUZZY ASSOCIATION RULE MINING 

TECHNIQUES 
 

Dhiraj Kapila
1
, Dr. Vinay Chopra

2
 

1
M.Tech Student (CSE) DAVIET, Jalandhar 

2
Professor in Dept. of CSE DAVIET, Jalandhar 

 
 

ABSTRACT: With the growth of data mining, most 

important service is to find association between different 

entities one of the fundamental tasks of data mining. The 

classical and conventional association rule mining 

algorithms using items from crisp set to find association 

between different items and are meant for handling 

Boolean data. However, in case of real life quantitative 

dataset consists of large volume of items and also high 

dimensional, needs careful attention for discovering 

knowledge. Therefore, to dig out association rules from 

quantitative high dimensional and large volume dataset, the 

dataset in this case must be partitioned into different 

intervals, and then converted this dataset into Boolean type. 

In this conversion, the dataset may suffer with the problem 

of sharp boundary. Hence, fuzzy association rule minig 

alogorithms are developed to solve the above mentioned 

problem by handling quantitative data using fuzzy set. 

Fuzzy association rules use fuzzy logic to convert numerical 

attributes to fuzzy attributes for mining associations rules 

from different dataset. In this paper, we have studied and 

discovered several and different well-known techniques and 

algorithms for fuzzy association rule mining. These 

techniques and methodologies are briefly discussed in this 

paper which will present the recent and current trends and 

future scope of research in the aspect of fuzzy association 

rule mining field. 

Keywords: Knowledge discovery in databases, Data mining, 

Fuzzy association rule mining, Classical association rule 

mining, Very large datasets, Minimum support, Fuzzy Set, 

Fuzzy Membership Function. 

 

I. INTRODUCTION 

With the significant progress of data mining, association rule 
mining is one of the most important an aspect of data mining 

and also a method of knowledge discovery in databases 

(KDD) in which the different available sources of data are 

studied and analyzed [1]. In order to discover the knowledge, 

one has to use the knowledge base that contains the domain 

specific knowledge in the form heuristic rules which provides 

the information, methods or procedures to solve certain 

problem. These procedures and methods provide the idea and 

concept of “Association Rule Mining”. Association Rule 

Mining or ARM is the widely accepted and well researched 

data mining technique that extracts and finds interesting 

association, correlations, frequent patterns or relationship 
between a large dataset of items in the transaction databases. 

[3] Association rules mining technique in widely used in 

various [40] areas such as telecommunication networks,  

 

stock market research and risk management, inventory 

control etc.  Association rule mining  [40] is to find and dig 

out association rules that gratify the pre-defined minimum 

support and confidence from a given dataset of items. The 

problem of finding association rules from given dataset is 

usually partitioned into two sub problems. One problem is to 

find frequent and large itemsets, those itemsets whose rate of 

incidences exceeds a predefined threshold in the database. 

The second problem is to produce association rules from 

those frequent and large itemsets with the restraints of 
minimal confidence. Consider one of the large itemsets is Ik 

such that Dk = {D1, D2,…Dk}, association rules with this 

itemsets are produced in the following way: the 1st rule is { 

D1, D2, …, Dk-1 }⇒{ Dk }, by checking the confidence of 

this rule, one can be decide as weather this rule interesting or 

not i.e whether the rule generate the strong association or 

not. Then other rule can be produced by deleting the last 

items in the precursor and then inserting these items to the 

subsequent, now the confidences of the new produced rules 

are then checked to conclude weather this rule interesting or 

not. Those processes continue further until the precursor 
becomes empty.  

 

II. CLASSIFICATION OF DIFFERENT ASSOCIATION 

RULE MINING ALGORITHMS. 

Association rule mining algorithms can be separated in two 

basic forms; one is in the form of Breath First Search (BFS) 

like method and other is in the form of Depth First Search 

(DFS like algorithms) [4].  In case of breath first search, 

minimum support is first determined for all itemsets in an 

explicit level of depth, but in case of depth first search, it fall 

down the structure recursively through various depth levels. 
Both of these forms of association rule mining algorithms 

can be further separated in two sub forms; one is called 

counting and other is called intersecting. The very first 

association rule mining algorithm also known as Apriori 

algorithm [5] comes under the category of counting sub-form 

of BFS algorithms. Apriori algorithm [K] was the first and 

effective effort to mine association rules from a large dataset. 

The Apriori algorithm is used for frequent item set mining 

using association rules over the transactional databases. The 

apriori algorithm is proceeds by recognize the frequent 

individual items in the dataset and expanding them to larger 

and larger item sets as long as those item sets appear 
adequately often in the database. The frequent item sets 

which are determined by Apriori algorithm can be used to 

determine association rules which highlight the recent trends 

in the database. Now the another frequent pattern also known 
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as FP-Growth algorithm [7] comes under the counting sub-

form of DFS algorithms. These two algorithms are the well 

known examples of the conventional association rule mining. 

Association rule mining can be classified as in the following 
figure,. 

 
Figure 1. Classification of Association Rule Mining 

Algorithms. 
 

III. ASSOCIATION RULES 

In Association Rule mining, our task is to finding the 

association rules that will envisage the incidence of an item 

based on the occurrence of the other items in the transaction. 

The Table below shows the dataset for Market-Basket 

Transactions 

Tid Items 

1 Bread, Milk 

2 Bread, Diaper, Beer, Eggs 

3 Milk , Diaper, Beer, Coke 

4 Bread, Milk, Diaper, Beer 

5 Bread, Milk, Diaper, Coke 

Table 1: Dataset for Market-Basket Transactions 

By using the dataset above, we can derive the following 

association rules 

{Diaper}→{Beer}, 
{Bread, Milk}→{Egg, Coke}, 

{Bread, Beer}→{Milk}, 

This symbol → denotes Implication which means co-

occurrence.  So by using above example, we can say that and 

Association rule is an implication expression of the form X 

→Y, where X and Y are itemsets. 

 

Example: {Milk, Diaper}→{Beer} 

 
A. Important Terms 

Support (S): Portion of transactions that contain both X and 

Y. 

Confidence (C): Measures how repeatedly items in Y become 
visible in transactions that contain X. 

Itemset: A collection of one or more items.  

Example  {Milk, Diaper, Beer}.  

Frequent Itemset: An itemset whose support value is greater 

than or equal to a minimum support threshold. In association 

rule mining task from a set of transactions T, our objective is 

to find all rules having Support >= min_sup threshold and 

Confidence >= min_conf threshold. 

The task of association rule mining comes in two phases 

during the data mining association rules. 

 Find all frequent itemsets: i.e. all the itemsets in 
transaction must that have support value S has 

above a predetermined minimum threshold value. 

 Produce strong association rules from the frequent 

itemsets, these association rules should have 

confidence value C above a pre-determined 

minimum threshold value.  

After the large item sets are recognized, the corresponding 

association rules can be resultant in a moderately simple 

manner. Thus the overall routine of mining association rules 

is resolute principally by the first step. Capable counting of 

large itemsets is thus the matter of concern for most 
association rules mining algorithms. 

 

IV. RELATED WORK 

In the last few years and decade, there has been a huge 

number of research work is already done in the field of fuzzy 

association rule mining. The concept and idea of fuzzy 

association rule mining approach is produced or generated 

from the requirement to efficiently mine quantitative data 

frequently present in dataset. Algorithms for mining 

quantitative association rules have already been proposed in 

conventional association rule mining. Separating an attribute 

of data into different sets covers certain ranges of values 
which gives the sharp boundary problem. To overcome this 

problem, the concept of fuzzy logic has been introduced in 

association rule mining. But fuzzy association rule mining 

(FARM) also have some unavoidable problems that must be 

recognized. Following are the recent methodologies and 

techniques has been briefly discussed. Ashish 

Mangalampalli, Vikram Pudi [12 ] discussed and represents 

a research paper “Fuzzy Association Rule Mining Algorithm 

for Fast and Efficient Performance on Very Large Datasets” 

in 2009 IEEE International Conference on Fuzzy Systems 

which shows and represent the issues with conventional 
association rule mining regarding the sharp range positioning 

which creates the problem of uncertainty or vagueness that 

results in major loss of information occurs at the boundaries 

of these ranges. In this paper, they are also represents that 

small changes in sharp range boundaries may create very 

unknown results which could be wrong at some interval. 

This paper shows that, In fuzzy association rule mining 

(FARM) the numerical attributes are first transformed into 

fuzzy attributes using the fuzzy logic concept. Just like 

Boolean data, these attribute values are not represented by 

just 0 or 1 but these attribute values are represented within a 

range between 0 and 1. The paper suggests that the 
algorithms which are already in use for FARM are the fuzzy 

versions of Apriori algorithm. Apriori algorithm is quite 

slow and inefficient in case of large volume datasets. In 

another case, the fuzzy versions of Apriori algorithm would 

not be able to handle real-life huge datasets. The another 

association rule mining algorithms like FP-Growth [14] uses 

the standards of memory dependency are inadequate to deal 

with huge datasets. But these huge datasets can be easily deal 
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with the partial memory reliant variant algorithms like 

ARMOR [15].  In this paper, the authors proposed a new 

fuzzy association rule mining algorithm which will perform 

fuzzy association rule mining task effectively and efficiently 
on huge datasets. They proposed two step processing 

technique in this algorithm. There is also pre-processing of 

dataset by fuzzy c-means clustering process.  The objective 

of the algorithm is to minimize the following equation [17], 

[18], [19] 

………………………………………….Eq. (1) 

Where m is any real number in the range such that 1 ≤ m < 

∞, and 𝜇𝑖𝑗 is the degree of membership of 𝑥𝑖 in the cluster of 

j, 𝑥𝑖 is the 𝑖𝑡ℎ dimensional measured data,𝑐𝑗 is the d-

dimensional cluster center, and  || ∗ || is any norm stating the 

comparison between any measured data and the center. In 

this way the corresponding fuzzy dataset partitions is 

produced where each value of numeric elements are 

exclusively identified by their membership functions (μ). 

With the help of these fuzzy dataset partitions defined for an 

element, each and every existing crisp data element is then 

converted to multiple fuzzy data.  This conversion of data 
elements leads to production of number of fuzzy records that 

may set to a minimum threshold value for the membership 

function μ which is equal to 0.1 to manage the production of 

huge number of fuzzy records.  As the FARM process 

continues, because of the huge number of fuzzy partitions are 

produced on each and every quantitative attribute so the 

original crisp dataset is increased with attributes values with 

the range (0, 1).  To work on this new increased fuzzy dataset 

partition, some qualitative measures known as T-norms are 

required [20], [21],[22] to create the new fuzzy dataset 

known as extended fuzzy dataset E on which the steps of 

algorithm has implemented to get results.  This dataset is 
further sensibly separated into p disjoint partitions 

p1,p2,p3,….pp. . Further authors have used the following 

notations in the new proposed algorithm 

 E=fuzzy dataset generated after pre-processing 

 Set of partitions 𝑃={ p1,p2,p3,….pp. } 

 td[it] = tid list of itemset it 

 μ = fuzzy membership of any itemset 

 count[it] = cumulative μ of itemset it over all 

partitions in which it has been processed 

 d = number of partitions that have been processed 

since the partition in which it was added.  

In this paper, Ashish Mangalampalli, Vikram Pudi has 

proposed a new byte-vector like data structure which is used 
to represent and symbolize the fuzzy partitions of given data 

set. Each attribute of the byte-vector representation is nothing 

but it is the membership value (μ) of the itemset.  Now if 

there is an empty cell in the byte-vector representation during 

transaction, the cell will be market 0 as initial value. Further 

this byte-vector representation may lead to continual 

thrashing problem if the byte-vector representation of Tidlists 

will be huge so to overcome from this problem , they have 

used zlib compression algorithm. In a transaction the byte-

vector cell which does not contain any itemset, is assigned a 

value of 0. Initially the each byte-vector cell has the value of 

0. Byte-vector representation of Tidlists is huge and could 
lead to incessant thrashing problem. They have used zlib 

compression algorithm to overcome this problem.  The 

figure 2 shows the Byte-vector representation of tidlist 

 
Figure 2: Byte-vector representation of tidlist 

In the First step, the new proposed FARM algorithm scans 

each and every current transaction present in the recent 

partition of the dataset to create a Tidlist to get each 

singleton occurred in the current partition. When the 

transaction gets all singletons from the recent partition, the 

proposed FARM algorithm keeps the d-frequent tidlists of 
singletons in memory which is compressed by using Zlib 

compression method.  The one data structure count[s] in the 

algorithm preserves the count of each singleton s. To 

maintain this data structure, authors have includes BFS like 

technique to create huge itemset.  To produce a (k+1) itemset 

i.e it(k+1), it requires to coalesce each k-itemset itk with the 

other k-itemset itk’ by considering a difference of just one 

singleton of two k-itemsets.  The tidlist td [𝑖𝑡𝑘+1] for each 

(k+1)-itemset 𝑖𝑡𝑘+1 is produced by overlapping the tidlists 

of its close relative k-itemsets, td [𝑖𝑡𝑘] and td [𝑖𝑡𝑘′ ]. Now 

during processing if 𝑖𝑡𝑘+1 is not d-frequent, then the tidlist 

td [𝑖𝑡𝑘+1] is deleted and the data structure count [𝑖𝑡𝑘+1] 

preserves the count of each (k+1)-itemset. Tidlist is produced 

as soon as possible after the creation of an new itemset. 

Tidlist can be deleted soon after the grouping of 𝑖𝑡𝑘 with all 

other k-itemsets has done. In the second step, the new 

proposed FARM algorithm starts from the first partition and 

navigates each partition one-by-one to find out the Itemsets 
which are enumerate in first step can be superfluous and 

Itemsets which are d-frequent throughout the entire dataset 

apart from the discarded itemsets are the required itemsets. 

After that algorithm recognizes the singletons 𝑆1,𝑆2,…,𝑆𝑚, 

then it interconnects the tidlists of each and every consequent 

singletons to generate the tidlist td[it]  of it. Further the data 

structure count [it] sustains the count of every singleton it 

found. At the same time FARM algorithm generates outputs, 

it also rejects itemsets and generates Tidlists. This process 

persist up to each and every itemsets has been processed.  

D.S. Rajput, R.S. Thakur, G.S. Thakur has discussed and 
represents research paper “Fuzzy Association Rule Mining 

based Frequent Pattern Extraction from Uncertain Data” in 

2012 IEEE World Congress on Information and 

Communication Technologies which shows that frequent 

item set invents from association rule mining that are utilized 

to find association rules of items in huge transactional 
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datasets that reduces the database scans and improve the 

efficiency and accuracy. There are many existing and popular 

algorithms are used to mine association rules for the frequent 

itemset from static transaction dataset that can be distinct, 
specific, known and precise. In this paper, they have 

performed a research study on uncertain data and fuzzy 

association rule mining approach to extract the frequent 

patterns from the uncertain data. There are three main 

contribution has discussed in this paper,. First they have 

showed a review on existing method to figure out frequent 

patterns form uncertain data. Second they have proposed a 

new and advanced approach for figure out frequent patterns 

from uncertain data, and in third, they excrementally evaluate 

the performance and outcomes of proposed approach for 

uncertain data. They have started writing this paper with the 

concept of uncertain data, In uncertain data, each and every 
item in a transaction database is connected with probability 

that specifies the possibility that the item may exists in the 

transaction. This kind of data item set is called uncertain 

dataset.  Figure 3.shows that the  difference in transactional 

dataset about Precise and uncertain data. 

Figure 3. Difference between Precise Dataset and Uncertain 

Dataset 

According to authors, An uncertain dataset T consists of n 

transactions T1, T2, T3 . . ., Tn. A transaction Tn consists a 

number of items. Each item Im in Tn is related with a non-

zero probability PTn (Im), which points out the possibility 
that item Im is present in transaction Tn. Further they has 

discussed the example of  a shop that has sold (i) 76% bread  

(ii) 25% butter (iii) 64% milk and (iv) 81% egg. that they had 

denoted as I1, I2, I3, I4 is respectively. It is represented as in 

Table below         

 I1 I2 I3 I4 

T1 0.76 0.25 0.64 0.81 

T2 0.24 0.15 0.68 0.48 

T3 0.12 0.48 0.34 0.45 

Table 2: Uncertain Data 

In this table, each item specifies the chances that those item 

exist to a certain extent than the item has definitely or doesn’t 

have them. To figure out the frequent patterns from uncertain 

data, this is not quite simple as much as in precise data. So 

normal methodologies those are work for precise data isn’t 

practicable for uncertain data. Hence competent algorithm 

for mining association rule from uncertain data is in huge 

demand. It is generally acknowledged that the various real 

world associations are basically based on the concept of 
fuzzy logic therefore the concept of fuzzy logic sets may 

help and easy the task for data mining to determine novel, 

useful and meaningful frequent patterns from data. Fuzzy 

logic is a logical system based on the extension of multi 

valued logic which narrates to classes of objects with 

unsharp boundaries where degree of membership is a matter 

of concern. According to authors, Fuzzy association rules are 

other addition of association rules which are based on the 

concept fuzzy sets. Fuzzy association rules extraction is 

carried out in the following way  

 

Let F = {A, B, C} denotes the exclusive fuzzy itemset that 
further consists of fuzzy sets in different attribute value, 

where A, B, and C stand for the fuzzy sets. Now Support of  

F is calculated with the following equation 

)/n……………………………………………………Eq.(2) 

Where Zi denotes the transaction of the database, Zi) 
denotes the membership value evaluated by the result of 

product operation (t-norm) of each item (Fuzzy Set) in F and 

n represent the total number of transactions in the database.  

Now using this support value, confidence of fuzzy 

association rule A-->B is calculated as  

                                   

                                

                                               
…………………………………………………Eq.(3)  

Where A and B are fuzzy item sets. The fuzzy association 

rule has dug out when these values of this rule are more than 

pre-defined minimal support and pre-defined minimal 

confidence. Now they mainly focus on the problem of 

mining fuzzy association rules that describes how efficiently 
finds the "frequent itemsets" from the transaction database. 

They have proposed the solution of this problem by 

representing an algorithm that mines uncertain data and 

figure out frequent patterns that satisfying the user-specified 

short and snappy constraint. They have used the following 

notation in their algorithm 

Ck 

Lk 

n 

T 

M 
min_Supp 

The algorithm uses a one transactional dataset T with various 

item ids, In the first step, the proposed algorithm scans the 

uncertain dataset T once and collects support of each itemset 

with their corresponding transaction ids. They consider the 

user specified threshold with different min_Supp values and 

removes the infrequent itemsets that will never be frequent. 

Then they rebuild the database by removing the infrequent 

items. This process continues with new min_Supp values and 

continues till all the infrequent items will be filtered. Once 
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all infrequent items has been removed, they have calculated 

the confidence of each possible fuzzy association rules of 

frequent items. Toshihiko WATANABE, Ryosuke Fujioka 

has discussed in “Fuzzy Association Rules Mining Algorithm 
Based on Equivalence Redundancy of Items” about the 

essential development for extracting fuzzy association rules 

from a transactional database. The main objective or aim of 

this paper according to authors is to improve the execution 

and computational time of mining and to prune extracted 

redundant rules at the same time for an authentic data mining 

application. In this paper, they have defined the equivalence 

redundancy of fuzzy items and its related terms as a new 

concept for fuzzy data mining. Further they proposes a basic 

algorithm based on the apriori algorithm for association rule 

extraction and employing the equivalence redundancy of the 

fuzzy items based on redundancy concepts of fuzzy 
association rules. The crucial performance of the algorithm is 

then evaluated experientially using benchmark data 

ABALONE. From the results, they have concluded that the 

proposed method is found to be capable in terms of 

computational time and redundant-rule pruning and 

extraction They have first discussed in the paper that the 

concept of extraction of fuzzy association rules  by 

defining the fuzzy itemset F which is arbitrary set of fuzzy 

sets. They have defined the support of Itemset F is as follows 

            
…………………………………………….Eq.(4) 

Where Xi denotes the ith transaction of the database, N 

denotes the total number of transactions in the dataset, and 
mF(Xi) denotes the membership value calculated by the 

result of an arithmetical product operation from each item  in 

the fuzzy itemset F. From the above the equation, they have 

further calculated the confidence for the fuzzy set G and H by 

using following equations. So the confidence of the fuzzy 

association rule GH is given as follows 

                         

………………………………………….Eq.(5) 

They proposed that the fuzzy association rule which is 

extracted from the dataset when the support and confidence 

values of the rule are more than the pre-defined minimal 

support and pre-defined minimal confidence, respectively.  

Further they present that those itemset that has a support 

value larger than the pre-defined threshold value is called 

“frequent itemset.”  Then they discussed the concept of 

Apriori algorithm [1, 2] which is an crucial and effectual 
method for finding frequent itemsets. The basic idea behind 

the Apriori algorithm is that a frequent itemset should include 

the subsets of the frequent itemset and can be composed from 

smaller frequent itemsets one after another. Further they 

introduced the concept of redundancy of fuzzy association 

rules which is new and advanced decisive factor to perform 

the fuzzy association rules mining effectively and efficiently.  

They have introduced a measure of redundancy of extracted 

rules [16] by defining the certainty factor (CF) of the rule 

A→C as follows  

…………Eq.(6) 

.…….Eq.(7) 

                                 

………………..…Eq.(8) 

………………………………….……,…Eq.(9) 

Then they discussed the concept of improvement of apriori 

algorithm based on equivalence redundancy of items. In this 

study, they introduce and propose an equivalence concept of 
fuzzy association rules to prevent producing redundant rules 

and to prune extracted redundant fuzzy association rules. 

Then they introduced the two definitions for the equivalence 

concept that helps to produce rule from any equivalence 

itemset and any supplementary items would be a redundant 

rule, a plain rule or an omissible rule. Then they can delete 

the equivalence itemset through the mining process. Further 

they modify the Apriori algorithm to reproduce the 

equivalence concepts. The algorithm was applied to the 

“abalone data” available at the UCI Machine Learning 

Repository [35]. This time also authors have used two 
different fuzzy membership functions. Many redundant rules 

are extracted along with the necessary non-redundant rules. 

Their objective was to prevent the generation of the 

redundant rules.The redundant rules or apparent rules are 

successfully deleted by the proposed algorithm based on the 

equivalence concept for fuzzy association rules mining. 

 

V. CONCLUSION  
Association rule mining is very fascinating subject of 

research in the field of data mining. We have presented an 

appealing survey of most recent research work. However 

association rule mining is at rest in a stage of examination 

research and growth. There are still some crucial concerns 

and issues that need to be resolved for make out useful 

association rules. We hope that data mining researchers those 

who have strong interest in the field of association rule 
mining can find more efficient and scalable approaches for 

Fuzzy Association Rule mining that are not based on some 

strict assumptions but they should be comprehensive so that 

they can be more widely used for generating association 

rules for mining frequent pattern based on fuzzy logics, 
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