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 10 

Aims: Frequent pattern mining is one of the imperative tasks in the data mining. The soft 
computing techniques such as neural network, fuzzy logic have potential to be used in fre-
quent pattern mining since these powerful tools efficiently model data which is also an es-
sential part of mining. The proposed paper aims to provide efficient mining solution using 
auto associative memory neural network.  
Methodology: This paper proposes an efficient algorithm for mining frequent patterns using 
auto associative memory. Auto associative memory is best suitable artificial neural network 
(ANN) approach for association rule mining as it stores associations among the patterns. In 
the proposed system auto associative memory based on the correlation matrix memory 
(CMM) is used to find frequent patterns. The proposed work introduces novel learning and 
recall algorithms using CMM for mining frequent patterns efficiently.  
Conclusion: The performance of the proposed system is compared with traditional algo-
rithms like Apriori and FP-growth. The experimental results show order of magnitude im-
provement in execution time and storage space optimization to accumulate frequent pat-
terns.  
 11 
Keywords:  Association Rule Mining, Frequent Pattern Mining, Artificial Neural Network, Auto 12 
Associative Memory, Correlation Matrix Memory  13 
 14 
 15 

1. INTRODUCTION  16 

 17 
The data mining techniques can be broadly classified as predictive and descriptive tech-18 
niques into association rule mining, classification, clustering, and regression and prediction 19 
analysis. Data mining is defined as a multi disciplinary research area which integrates vari-20 
ous techniques from soft computing field such as machine learning, statistics, ANNs, etc.  21 

Among the descriptive data mining techniques, association rule mining is a two step 22 
process. The first step is frequent pattern mining where all frequent patterns are mined using 23 
predefined minimum support threshold. In the second step strong association rules are gen-24 
erated from the frequent patterns using minimum confidence threshold. As the second step 25 
is less costly in terms of number of computation and based on first step, the overall perfor-26 
mance of association rule mining is determined mainly by frequent pattern mining.   27 

Introduced by Agrawal et al. [1] association rule mining is a technique to form rules defining 28 
the associativity among the attributes of a datasets. Similarly, in the ANNs, the concept of 29 
associativity defines an explicit relationship between an input and target patterns offered to 30 
the ANN. Earlier less research work appeared using ANN for rule mining may be because of 31 
its complex architecture and learning algorithms. Later, rule mining researchers recognized 32 
ANN as an important technique.  33 
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The rule mining algorithms have been continuously developed by both ANN and non-neural 34 
network researchers. Craven and Shavilk proposed rule mining as learning for if-then-else 35 
rule mining using a trained ANN [2, 3]. One approach to tackle the drawback of not gaining 36 
accurate interpretations of the nonlinear systems has been to develop methods of rule ex-37 
traction [4, 5, 6, 7, 8, 9]. This approach turns the conversion of the real-valued knowledge 38 
formed in the weight matrix into symbolic rules. The rule extraction mechanisms already ex-39 
ist for different neural architectures such as multilayer perceptron [10, 11, 15, 18, 25], recur-40 
rent networks [13], self-organising networks [9, 14], associative memory networks [19], ge-41 
netic algorithms [23,28], Fuzzy rules [21], and even for hybrid architectures [12]. They have 42 
focused on the formation of rules, in particular for classification tasks. A Hopfield network for 43 
rule mining has already been proposed by Gaber et al. [16], generating association rules 44 
from an ANN and employing incremental training for maintaining rules throughout time, is 45 
proposed by Eom and Zhang [17]. Multilevel association rule mining using Multi Level Feed 46 
Forward (MLFM) neural network is proposed as a specialize area of rule mining [20, 26]. A 47 
novel four phase data mining algorithm using ANN, referred as ESRNN (Extraction of Sym-48 
bolic Rules from ANNs), is proposed  for extracting symbolic rules [25]. The algorithm uses 49 
backpropagation learning. 50 

ANNs have the capability to interpret meaning from complicated data and hence can be 51 
used for extracting patterns and detecting trends in various applications like e-commerce 52 
applications [27], credit card fraud detection [22], and biomedicine [24].  53 

This paper uses CMM structure of auto associative memory neural network effectively for 54 
storing and mining frequent patterns. Novel learning and recall algorithm is proposed for effi-55 
cient frequent pattern mining. 56 

The remainder of this paper is organized as follows: Section 2 reviews work related to fre-57 
quent pattern mining using ANN approaches. Section 3 describes preliminaries for auto as-58 
sociative memory. Section 4 introduces a novel learning and recall algorithm using CMM for 59 
mining frequent patterns efficiently. Section 5 shows experimental results and comparison of 60 
proposed implementation with Apriori and FP-growth algorithms. Finally, Section 6 draws 61 
conclusions from the proposed work and discuss about future scope. 62 

 63 

2. RELATED WORK 64 

 65 
This section represents the problem statement and related work done in the area of frequent 66 
pattern mining using ANN.  67 

2.1 Problem Definition 68 

Let any element �� from a set � = ���,��,. . , �
�	 be called an item and a grouping or formation 69 

of items 
 such that 
 ⊆ �  be called an itemset. In particular, an itemset 
 with � = 	 |
| is 70 
called a k-itemset. Let � be a set of � transactions, representing an environment. Each 71 
transaction �� is defined by a unique identifier id together with an itemset	�, satisfying	� ⊆ �. 72 
A �� is said to support an itemset 
 if	
 ⊆ 	 ��. �. 73 

A basic association rule is an implication defined by 
 → 	� in which the itemsets	
 ∧ �	 ⊂ 	�, 74 
but, 
	 ∩ 	�	 = 		∅.  75 

The support of an itemset 
 with respect to �	 is defined by the fraction of transactions sup-76 
porting it. This can be defined as follows: 77 
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/   (1)                                      78 

Since the support of 
	defines the occurrence frequency of 
	in �, it can also be understood 79 
as the probability of 
 ,  �
�. In the case of a rule defined by	
 → �, its support is given by 80 
the support of 
	 ∪ �. The strength of a rule in � is defined by its confidence as follows:   81 

                 12�3�
	 ∪ 	�� 	= 4566�(∪&�	
4566�(� 	                                    (2) 82 

Since it is impractical and not desirable to mine and generate the total space of itemsets and 83 
rules, the challenge of rule mining has been to discover only those rules which are interest-84 
ing. The interestingness of an itemset and a rule is determined by evaluating the properties 85 
of support and confidence against the thresholds of min_sup and min_conf respectively. For 86 
instance, an itemset 
 is frequent iff 	�����
� ≥ min_���. 87 
 88 
2.2 Literature review 89 

Frequent Pattern Mining using ANN is less researched area.  The techniques like associa-90 
tive memories, feedforward neural network, and competitive neural network like self organiz-91 
ing map are already explored.  92 

Dong et al. [18] proposed competitive network based FP-growth (CNFP) method for mining 93 
frequent patterns. This method combines competitive neural network with FP-growth. In 94 
competitive learning grouping of similar patterns is carried out by the network and 95 
represented by a single neuron. Grouping of similar patterns is done automatically based on 96 
data correlations and large dataset is divided into sets of similar patterns. After competitive 97 
learning, to construct FP-sub-trees neurons in competitive layer are considered as root and 98 
FP-sub-trees contain transactions similar to each other. Frequent patterns are mined using 99 
FP-sub-tree which in turn reduces the search space, whereas for large datasets competition 100 
phase may take more time for generating neurons.  101 

The paper [25] proposed a novel four-phase data mining algorithm using ANNs, referred as 102 
Extraction of Symbolic Rules from ANNs (ESRNN), for extracting symbolic rules. The algo-103 
rithm uses backpropagation learning. By using heuristic clustering algorithm, the nodes in 104 
the hidden layers are discretized. Then symbolic rules are extracted from frequent patterns 105 
using extraction algorithm. An important feature of the proposed rule extraction algorithm is 106 
its recursive nature. 107 

The Vicente Oswaldo [19] proposed algorithms for frequent pattern mining using auto asso-108 
ciative neural network and the self-organizing map. In this paper the learning and recall algo-109 
rithms are introduced to mine frequent patterns. The neural-based proposed framework in-110 
volves the building of artificial memories that are able to learn, store and recall itemset sup-111 
port. In learning process the weight matrix of an itemset support is constructed based on the 112 
associations among patterns. In recall phase frequent patterns are mined. It utilizes inherent 113 
feature of auto associative memory to store associations among patterns. However, the case 114 
of finding frequent patterns for itemsets larger than two items remains an open problem.  115 

The scope of the research work is to propose a novel and efficient algorithm to overcome the 116 
drawbacks of previously proposed approaches and utilize inherent features of auto associa-117 
tive memory more efficiently. 118 
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3. AUTO-ASSOCIATIVE MEMORY BASICS 119 

 120 
The concept of an auto associative memory is mainly exploited by neural architectures which 121 
imitate the concept of associative memory present in our brain. In general terms, the explicit 122 
association among the inputs is the target to be learnt by some networks to form a know-123 
ledge which can be used for pattern association or recognition tasks. 124 

The frequent pattern association involves associating a new pattern with a stored pattern.  125 
The associative memory is considered as a special case of the neural computing approach 126 
for pattern recognition. Types of associative memory are the Hetero-Associative memory, an 127 
Auto-Associative memory, the Hopfield Network and the Bidirectional Associative Memory 128 
(BAM).  129 

The auto associative memory is best suited neural network approach for association rule 130 
mining as it stores associations among patterns. In the proposed system auto associative 131 
memory based on CMM is used to find frequent patterns. Associative memory can be feed-132 
forward or recurrent.  This is supervised single-layer network.  133 

Architecture of Auto-Associative Memory 134 

The architecture of Auto-Associative Memory is shown in the Fig. 1. It is based on the con-135 
cept of association. The neural network is first trained to store a set of patterns in the form  136 

 ∶ 	� where 
 represents the input vector and � is the corresponding output associative vec-137 
tor. Input patterns are represented as unipolar vectors. It has the property to remember the 138 
associativity expressed between input patterns under supervised training.  139 

 140 

 141 

 142 

=��	 

=�/ 

 143 

 144 

 145 

Fig. 1. Auto-Associative Memory 146 

It uses CMM to store the associations among patterns. The CMM is a single-layer memory 147 
structure defined as square matrix whose dimension is the	> number of elements in the pat-148 
terns.  149 

The CMM Models are binary weighted and non-binary weightless. The CMM resulting from 150 
supervised training is represented as ?	∈ @
×
	 for binary weighted model. The CMM is 151 
trained using a hebbian learning rule which offers excellent speed and scalability advantag-152 
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es. The work utilizes inherent features of CMM and proposes an efficient algorithm for fre-153 
quent pattern mining. 154 

4. FREQUENT PATTERN MINING USING AUTO-ASSOCIATIVE MEMORY 155 

In order to perform frequent pattern mining with an auto-associative memory using CMM, 156 
focus is on how to perform the counting of patterns or itemsets. It is normally produced by 157 
looking for the patterns by scanning the high dimensional space defined by the original data 158 
environment. In the work first learning algorithm is proposed using weighted CMM matrix. 159 
Then the proposed recall algorithm utilizes a novel approach to recall itemset support from 160 
trained CMM matrix. The following section describes a two step novel frequent pattern min-161 
ing algorithm using CMM matrix memory. 162 

4.1 Learning for itemset support using CMM 163 

The weighted CMM matrix ? is used to store frequencies or pattern occurrences in the form 164 
of weights. Learning is done using natural ability of the CMM to learn about occurrence fre-165 
quency of the patterns based on input patterns. 166 

Input to this step is represented as a group of n unipolar vectors ∈ 	 !0,1*, where each input is 167 
an m-vector defining a particular association among items from the set I = !i�, i�	, . . , iE* 168 
where > represents total number of items and transactions from the set T = !t�, t�	, … . , tI	* 169 
where � is total number of transactions in database. 170 

Training requires pairs of patterns representing associations with a form X → Y  in which an 171 
input or key pattern is associated with an output or memorized pattern. Corresponding asso-172 
ciations among patterns may look as,!�X�, Y��, �X�, Y�	�, … . , �XI, YI�*, where both patterns, the 173 
input and the output, will obtain their values from the n	 transactions in D. In particular, each 174 
pattern of each pair will take the same value defined by a transaction	tM. Hence pair k satis-175 
fies 
N → �N = �
N, �N� and represented as  
N = �N = �N. O . Learning algorithm is proposed 176 
as described below which takes input as pairs of patterns and output is weighted CMM	?. 177 

  Learning Algorithm: 178 

• To train	?, the equation defined (Haykin, 1999; Ham and Kostanic, 2001) is as in (3). 179 
  180 

?	 = ∑ 	

NQ� �N
NR        (3) 181 

 182 

• The term �N
NR is an estimation of the weight matrix =��� of the neural network func-183 
tioning as a linear associator. This matrix	=���, which associates 
N onto �N , forms a 184 
mapping representing the association described by the �th

 input pair in turn. 185 

• The resulting matrix ? is grouping of the m weighted matrices	=. 186 

• Individual weight values of the network, whose update resembles a generalization of 187 
the Hebbian rule learning, can be expressed by (4).  188 
 189 

      S�T = ∑ 	

NQ� U�NOTN                          (4) 190 

•  As a consequence of using unipolar elements as inputs, the product U�OT of some �th
 191 

pattern will be in one of the two states as shown in (5).  192 
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The output of symmetric	?, from which itemset support values will be estimated, is 195 
represented in (6)   196 
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 198 

In the weighted CMM	?, S�T also means frequency of pattern. Advantage of learning algo-199 

rithm is it reduces search space for recall mechanism to focus on the knowledge of only 200 
��� + 1� 2⁄  nodes rather than the �� elements of the complete matrix.  201 

4.2 RECALL FOR FINDING FREQUENT PATTERNS USING CMM  202 

To use the embedded information in triangular M matrix, the right interpretation needs to be 203 
drawn to produce accurate support values from it. Therefore, to achieve accurate itemset 204 
support recalls from	?, when a stimulus is presented, a novel recall algorithm is proposed. 205 
The output of recall algorithm is mined frequent 1-itemsets, 2-itemsets, … , n-itemsets re-206 
spectively.  207 

Algorithm Recall (weighted CMM	? , int min_sup 	ξ )  208 

• Determine the support of all items � = ���,��,.		.		. , �
		� stored in	?, applying equation 209 

(7), where 3nop�S��	� is occurrence frequency of pattern	� stored in ? at index	��. 210 
Support for pattern � is determined as  �S��� which is the probability of the i

th
 item in 211 

the � transactions defining the training dataset.  212 

         ������� =  �S��� = +,-.�q##	�
/                       (7) 213 

 If ������� ≥ r then that pattern is stored as frequent 1-itemset. 214 

• Determine frequent 2-itemsets ���� applying formula as in (8) to all > items stored 215 
in	?. 216 

�������� =  sS�Tt 				= +,-.�q#u	�	
/ 		32n	vww	� ≠ �		     (8)     217 

 If  �������� ≥ r then pattern ���� is stored as frequent 2-itemset. 218 

• Determine support for k-itemsets �2 > � ≤ >� using following steps- 219 
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a. Only frequent 1-itemsets and frequent 2-itemsets are considered as per an-220 
timonotone property (if subset of any pattern is infrequent then its superset 221 
are also infrequent) 222 

b. Determine frequent k-itemsets applying equation as in (9) to combinations of 223 
only frequent 1-itemsets and frequent 2-itemsets stored in ? . 224 

                                 �
� = 	∑ ∑ {sq#ut|
u}#

|
#}~

/                      (9) 225 

Where, all unique pairs of X� i.e., �	= 
k
C2 and � is length of itemset. 226 

Proposed novel recall algorithm is more efficient as it finds k-itemsets �2 > � ≤ >� using 227 
frequent 1-temsets and frequent 2-itemsets and ignores all infrequent patterns. 228 

As an example consider database �@	 as shown in Table 1, with 5 transactions. Let mini-229 
mum support threshold ξ is 3. 230 

Table 1. The transaction database 231 

Transaction ID Items Input 

1001 3, 6, 1, 4, 7, 13, 16, 9 
1002 3, 6, 1, 2, 13, 12, 15 
1003 6,  2, 8, 10, 15 
1004 3, 16, 2, 11, 19 
1005 3, 6, 1, 13, 16, 5, 12,  14 

 232 

The output ? of learning algorithm for example is as shown below:   233 

Showing weighted CMM ? 234 

3	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	

1	3	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	

3	2	4	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	

1	0	1	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	

1	0	1	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	

3	2	3	1	1	4	0	0	0	0	0	0	0	0	0	0	0	0	0	

1	0	1	1	0	1	1	0	0	0	0	0	0	0	0	0	0	0	0	

0	1	0	0	0	1	0	1	0	0	0	0	0	0	0	0	0	0	0	

1	0	1	1	0	1	1	0	1	0	0	0	0	0	0	0	0	0	0	

0	1	0	0	0	1	0	1	0	1	0	0	0	0	0	0	0	0	0	
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0	1	1	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	

2	1	2	0	1	2	0	0	0	0	0	2	0	0	0	0	0	0	0	

3	1	3	1	1	3	1	0	1	0	0	2	3	0	0	0	0	0	0	

1	0	1	0	1	1	0	0	0	0	0	1	1	1	0	0	0	0	0	

1	2	1	0	0	2	0	1	0	1	0	1	1	0	2	0	0	0	0	

2	1	3	1	1	2	1	0	1	0	1	1	2	1	0	3	0	0	0	

0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	

0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	

0	1	1	0	0	0	0	0	0	0	1	0	0	0	0	1	0	0	1	

The outputs of Recall algorithm for given example for certain cases are as shown below: 235 
 236 

� Case 1: for k = 3, therefore  
3
C2=3 so X	 = �	X�	, X�	, X�	�	237 

 Then, for example   238 
 239 

 �1	2	3� =  �S�	�� +  �S�	�� +  �S�	��
3  

               240 

 �1	2	3� =
2
5 +

1
5 +

3
5

3 = 0.4 

  241 
� Case 2: for  � = 4, therefore 

4
C2  = 6 so X = ( X1 , X2 , X3 , X4 ). Then,    242 

 243 

 �1	3	6	13� =  �S�	�� +  �S�	�� +  �S��	�� +  �S�	�� +  �S��	�� +  �S��	��
6  

 244 

 �1	3	6	13� =
3
5 +

3
5 +

3
5 +

3
5 +

3
5 +

3
5

6 = 0.6 

 245 
The final output of Recall algorithm for given example is: CMM matrix  246 
 247 
Generating candidates: 1 - itemset 248 
Possibilities: 19 249 

{1}: 3.0 : 0.6 250 
{2}: 3.0 : 0.6 251 
{3}: 4.0 : 0.8 252 
{6}: 4.0 : 0.8 253 
{13}: 3.0 : 0.6 254 
{16}: 3.0 : 0.6 255 
 256 

Generating candidates: 2 - itemset 257 
Possibilities: 171 258 
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{1 3}: 3.0 : 0.6 259 
{1 6}: 3.0 : 0.6 260 
{1 13}: 3.0 : 0.6 261 
{3 6}: 3.0 : 0.6 262 
{3 13}: 3.0 : 0.6 263 
{3 16}: 3.0 : 0.6 264 
{6 13}: 3.0 : 0.6 265 
 266 

Generating candidates: 3 - itemset 267 
Possibilities: 969 268 

{1 3 6}: 3.0 : 0.6 269 
{1 3 13}: 3.0 : 0.6 270 
{1 6 13}: 3.0 : 0.6 271 
{3 6 13}: 3.0 : 0.6 272 
 273 

Generating candidates: 4 - itemset 274 
Possibilities: 3876 275 

{1 3 6 13}: 3.0 : 0.6 276 
 277 

Generating candidates: 5 - itemset 278 
Possibilities: 11628 279 
Time required finding frequent candidate is: 0.015 seconds  280 
 281 
If the results are compared for a given example, time required to mine frequent patterns is 282 
less than the standard frequent pattern mining algorithms like Apriori and FP-growth algo-283 
rithms. 284 

 285 

5. EXPERIMENTAL RESULTS 286 
 287 
This section will provide the experimental results of proposed system. Various parameters 288 
considered for comparison are time required for finding frequent 1-itemsets and total execu-289 
tion time. In order to determine the accuracy of the proposed mechanisms for itemset sup-290 
port recalls from a trained CMM, experiments with standard real datasets are performed in 291 
this section. The experiments were performed on an Intel Core2 Duo processor 1.66GHz 292 
with 2GB memory, running the Microsoft Windows. The standard datasets used in previous 293 
studies are downloaded from FIMI’04 website [29] and used to compare the algorithms per-294 
formance. Experiments are performed on chess and mushroom dataset, where chess is 295 
denser than mushroom dataset. The experimental results of the proposed work are consis-296 
tent for all the datasets.   297 

Time required for finding frequent 1-itemsets using mushroom dataset is shown in table 2 for 298 
Apriori and proposed frequent pattern mining with an auto-associative memory using CMM 299 
algorithms. It proves that frequent 1-itemsets generation time efficiency obtained by CMM in 300 
real datasets like mushroom is also notable with respect to various minimum support thre-301 
sholds.  302 

Table 2. Time required for finding frequent 1-itemsets 303 

 304 

Algorithm/ Min. Support  10% 20% 30% 40% 50% 60% 70% 80% 90% 

Apriori  Time Taken (Sec) 0.422 0.422 0.437 0.453 0.422 0.406 0.438 0.421 0.422 

CMM Time Taken (Sec) 0.171 0.156 0.156 0.141 0.109 0.093 0.093 0.093 0.094 
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Time required for training, recall 305 
taset is shown in table 3 for minimum support threshold range of 50 to 9306 

Table 3. Time required for mining frequent pattern307 

 308 

Table 4 shows comparison 309 
rithms. The results of all algorithms are compared for the minimum support threshold range 310 
of 50 to 90%. 311 

Table 4. Comparison of Mining time for mushroom dataset312 

313 
Mushroom dataset is a sparse dataset and as shown in Fig. 2 314 
an auto-associative memory using CMM 315 
FP-growth algorithms. 316 

317 

318 

319 

320 

321 

322 

323 

324 
325 
326 
327 

Fig. 328 
 329 

For chess dataset frequent pattern mining with an auto330 
achieves good mining time efficiency as shown in Fig. 3. Although being dense it takes co331 
paratively lesser time for mining than Apriori and FP332 

Min. Support  50%

Time to train(sec) 0.109

Time to recall (Sec) 0.235

Total Time (Sec) 0.375

Algorithm/ Min.  
Support 

50%

Apriori Time (Sec) 1.812

CMM  Time (Sec) 0.375

FP Growth Time (Sec) 

Time required for training, recall phase and total mining time for CMM using mushroom d
taset is shown in table 3 for minimum support threshold range of 50 to 90%. 

equired for mining frequent patterns using CMM for mushroom dataset

Table 4 shows comparison based on mining time for Apriori, FP-growth and CMM alg
rithms. The results of all algorithms are compared for the minimum support threshold range 

Comparison of Mining time for mushroom dataset 

 
Mushroom dataset is a sparse dataset and as shown in Fig. 2 frequent pattern mining with 

associative memory using CMM shows better efficiency as compared to Apriori and 

 

 

 

 

 

 

 

 
 
 
 

 2 Mining time for mushroom dataset 

frequent pattern mining with an auto-associative memory 
achieves good mining time efficiency as shown in Fig. 3. Although being dense it takes co
paratively lesser time for mining than Apriori and FP-growth algorithms.  

50% 55% 60% 65% 70% 75% 80% 85% 

0.109 0.094 0.093 0.093 0.093 0.094 0.093 0.11 

0.235 0.062 0.032 0.016 0.079 0.015 0.016 0.031 

0.375 0.203 0.172 0.156 0.172 0.156 0.156 0.141 

50% 55% 60% 65% 70% 75% 80% 85%

1.812 1.406 1.094 1.015 0.953 0.938 0.969 0.797

0.375 0.203 0.172 0.156 0.172 0.156 0.156 0.141

0.7 0.6 0.4 0.4 0.4 0.3 0.3 0.3 

phase and total mining time for CMM using mushroom da-

for mushroom dataset 

growth and CMM algo-
rithms. The results of all algorithms are compared for the minimum support threshold range 

frequent pattern mining with 
as compared to Apriori and 

associative memory using CMM 
achieves good mining time efficiency as shown in Fig. 3. Although being dense it takes com-

90% 

0.094 

0.047 

0.141 

85% 90% 

0.797 0.641 

0.141 0.141 

 0.3 
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333 

334 

335 

336 

337 

338 

339 

340 
Fig341 

 342 
These experimental results prove efficiency of propose343 
sparse datasets. Proposed CMM algorithm even work efficiently for low minimum supports.344 

 345 

6. CONCLUSION 346 
 347 
Auto-Associative memory based CMM348 
tion rule mining as it stores associations among patterns349 
duces search space for recall mechanism to350 
nodes rather than the �� elements of the complete matrix351 
only frequent 1-patterns and frequent 2352 
ing up mining process. More scope of 353 
tial pattern mining and distributed pattern mining.354 
 355 
 356 
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