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Abstract— Data mining can be defined as the process of 

uncovering hidden patterns in random data that are 

potentially useful. The discovery of interesting association 

relationships among large amounts of business transactions 

is currently vital for making appropriate business decisions. 

Association rule analysis is the task of discovering 

association rules that occur frequently in a given transaction 

data set. Its task is to find certain relationships among a set 

of data (itemset) in the database. It has two measurements: 

Support and confidence values. Confidence value is a 

measure of rule’s strength, while support value corresponds 

to statistical significance. There are currently a variety of 

algorithms to discover association rules. Some of these 

algorithms depend on the use of minimum support to weed 

out the uninteresting rules. Other algorithms look for highly 

correlated items, that is, rules with high confidence. 

Traditional association rule mining techniques employ 

predefined support and confidence values. However, 

specifying minimum support value of the mined rules in 

advance often leads to either too many or too few rules, 

which negatively impacts the performance of the overall 

system. This work proposes a way to efficiently mine 

association rules over dynamic databases using Dynamic 

Matrix Apriori technique and Multiple Support Apriori 

(MSApriori). A modification for Matrix Apriori algorithm 

to accommodate this modification is proposed. Experiments 

on large set of data bases have been conducted to validate 

the proposed framework. The achieved results show that 

there is a remarkable improvement in the overall 

performance of the system in terms of run time, the number 

of generated rules, and number of frequent items used.  

Key words: Apriori Algorithm, Association rule mining, 

Dynamic Databases, Multiple Item Support. 

I. INTRODUCTION 

Large quantity of data have been collected in the course of 

day-to-day management in business, administration, sports, 

banking, the delivery of social and health services, 

environmental protection, security, politics and endless 

ventures of modern society. Such data is often used for 

accounting and for management of the customer base. 

Typically, management data sets are sizable, exponentially 

growing and contain a large number of complex features. 

While these data sets reflect properties of the managed 

subjects and relations, and are thus potentially of some use 

to their owner, they generally have relatively low 

information density, in the context of association rule 

mining. Robust, simple and computationally efficient tools 

are required to extract information from such data sets. The 

development and understanding of such tools forms the core 

of data mining. These tools utilizes the ideas from computer 

science, mathematics and statistics. 

The introduction of association rule mining in 1993 by 

Agrawal, Imielinski and Swami [1]  and, in particular, the 

development of an efficient algorithm by Agrawal and 

Srikant [2] and by Mannila, Toivonen and Verkamo [3] 

marked a shift of the focus in the young discipline of data 

mining onto rules and data bases. Consequently, besides 

involving the traditional statistical and machine learning 

community, data mining now attracted researchers with a 

variety of skills ranging from computer science, 

mathematics, science, to business and administration. The 

urgent need for computational tools to extract information 

from data bases and for manpower to apply these tools has 

allowed a diverse community to settle in this new area. The 

data analysis aspect of data mining is more exploratory than 

in statistics and consequently, the mathematical roots of 

probability are somewhat less prominent in data mining than 

in statistics. Computationally, however, data mining 

frequently requires the solution of large and complex search 

and optimization problems [4] and it is here where 

mathematical methods can assist most. This is particularly 

the case for association rule mining which requires 

searching large data bases for complex rules. Mathematical 

modeling is required in order to generalize the original 

techniques used in market basket analysis to a wide variety 

of applications. Mathematical analysis provides insights into 

the performance of the algorithms. An association rule is an 

implication or if-then-rule which is supported by data. The 

motivation given in [5] for the development of association 

rules is market basket analysis which deals with the contents 

of point-of-sale transactions of large retailers. A typical 

association rule resulting from such a study could be "90 

percent of all customers who buy bread and butter also buy 

milk". Insights into customer behavior may also be obtained 

through customer surveys, but the analysis of the 

transactional data has the advantage of being much cheaper 

and covering all current customers. Compared to customer 

surveys, the analysis of transactional data does have some 

severe limitations, however. For example, point-of-sale data 

typically does not contain any information about personal 

interests, age and occupation of customers. Nonetheless, 

market basket analysis can provide new insights into 

customer behavior and has led to higher profits through 

better customer relations, customer retention, better product 

placements, product development and fraud detection. 

Market basket analysis is not limited to retail shopping but 

has also been applied in other business areas including: 

(1) Credit card transactions, 

(2) Telecommunication service purchases, 

(3) Banking services, 

(4) Insurance claims, and 

(5) Medical patient histories. 

(6) Economy, Stock Predictors 
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Association rule mining generalizes market basket 

analysis and is used in many other areas including 

genomics, text data analysis and Internet intrusion detection. 

For motivation, the focus is given on retail market basket 

analysis in this dissertation. When a customer passes 

through a point of sale, the contents of his market basket are 

registered. This results in large collections of market basket 

data which provide information about which items were sold 

and, in particular, which combinations of items were sold.  

Association rule mining [1,2] is one of the most 

important and well-researched techniques of data mining, 

that aims to induce associations among sets of items in 

transaction databases or other data repositories. Currently, 

Apriori algorithms [1,2,6] play a major role in identifying 

frequent item set and deriving rule sets out of it. Apriori 

algorithm is the classic algorithm of association rules, which 

enumerate all of the frequent item sets. When this algorithm 

encountered dense data due to the large number of long 

patterns emerge, this algorithm's performance declined 

dramatically. In order to find more valuable rules, this 

dissertation proposes an improved algorithm of association 

rules over the classical Apriori algorithm. The improved 

algorithm is verified, the results show that the improved 

algorithm is reasonable and effective, can extract more value 

information. 

A. Problem Statement 

Association rule analysis is the task of discovering 

association rules that occur frequently in a given transaction 

data set. Its task is to find certain relationships among a set 

of data (itemset) in the database. It has two measurements: 

Support and confidence values [1, 2]. Confidence value is a 

measure of rule’s strength, while support value is of 

statistical significance. Traditional association rule mining 

techniques employ predefined support and confidence 

values. However, specifying minimum support value of the 

mined rules in advance often leads to either too many or too 

few rules, which negatively impacts the performance of the 

overall system. In this dissertation, it is proposed to replace 

the Apriori’s user-defined minimum support threshold with 

a more meaningful aggregate function based on empirical 

analysis of the database. Also, Classical Apriori Algorithm 

is inefficient in finding out association rules as the number 

of database operations is huge and every time the database is 

updated, the mining of association rules is to be performed 

from a fresh start. To overcome the issue of rescanning the 

database, Matrix Apriori algorithm [7] was proposed in 

which matrices MFI and STE are prepared to mine 

association rules. Matrix Apriori gives great performance 

improvement over classical Apriori. Further, to manage for 

the dynamic nature of transactional databases, dynamic 

matrix Apriori algorithm was proposed which manages the 

dynamic nature of the databases without recreation of the 

MFI and STE matrices. Although no provision was provided 

for accounting the custom defined support values for the 

datasets. This dissertation focuses on the issue of setting up 

custom support values over Dynamic Matrix Apriori 

algorithm for efficient association rule mining. 

B. Objective 

The objective of this dissertation is to provide a mechanism 

for user defined support values for various classes of data 

items for effective mining of association rules and at the 

same time, provide mechanism so that such technique can 

be inculcated into matrix Apriori technique so that multiple 

scans of database can be avoided and association rules 

corresponding to infrequent items can be accounted. 

Association rule mining has become a popular 

research area due to its applicability in various fields such as 

market analysis, forecasting and fraud detection. Given a 

market basket dataset, association rule mining discovers all 

association rules such as “A customer who buys item X, also 

buys item Y at the same time”. These rules are displayed in 

the form of X → Y where X and Y are sets of items that 

belong to a transactional database. Support of association 

rule X → Y is the percentage of transactions in the database 

that contain X U Y . Association rule mining aims to 

discover interesting relationships and patterns among items 

in a database. It has two steps; finding all frequent itemsets 

and generating association rules from the itemsets 

discovered. Itemset denotes a set of items and frequent 

itemset refers to an itemset whose support value is more 

than the threshold described as the minimum support. Since 

the second step of the association rule mining is 

straightforward, the general performance of an algorithm for 

mining association rules is determined by the first step. 

Therefore, association rule mining algorithms commonly 

concentrate on finding frequent itemsets. For this reason, in 

most of the literature, “association rule mining algorithm” 

and “frequent itemset mining algorithm” terms are used 

interchangeably. Apriori and FP-Growth [8] are known to be 

the two important algorithms each having different 

approaches in finding frequent itemsets. The Apriori 

Algorithm uses Apriori Property in order to improve the 

efficiency of the level-wise generation of frequent itemsets. 

On the other hand, the drawbacks of the algorithm are 

candidate generation and multiple database scans. FP-

Growth comes with an approach that creates signatures of 

transactions on a tree structure to eliminate the need of 

database scans and outperforms compared to Apriori. A 

recent algorithm called Matrix Apriori [7] which combines 

the advantages of Apriori and FP Growth was proposed. The 

algorithm eliminates the need of multiple database scans by 

creating signatures of itemsets in the form of a matrix. The 

algorithm provides a better overall performance than FP-

Growth. Although all of these algorithms handle the 

problem of association rule mining, they ignore the mining 

for infrequent items as all these techniques employs user 

specified minimum support. Although, work on multiple 

minimum support has been carried out in recent years, no 

existing techniques addresses the issue of implementing 

multiple minimum support [9,10,11] over matrix Apriori 

algorithm.  

The user specified support values are generally not 

optimal and a common minimum-support value cannot be 

assigned to all the items. Thus, there is a critical need to 

develop techniques so as to compensate for this issue. 

II. RESEARCH APPROACH 

For each item of the item universe, the support value is 

evaluated using entire thorough scan of the database. The 

range of values of support of different items is tabulated in 

ascending order, thereby, providing a closed interval in 

which these support values lies. This range of support values 

is very large for most general market basket databases. The 

support values are maximum for everyday consumables like 
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bread and butter and in contrast, very low for items such as 

food processor or television. Thus a common minimum 

specified support value cannot be assigned to all the items 

for association rule mining. One approach is to make classes 

of items belonging to specific range of support values over 

entire range of support values. Another approach is to 

provide custom specified minimum support values to be 

assigned to each item based on the average values of the 

support and the probability distribution of infrequent items. 

The derived Minimum Item Support (MIS) can be used in 

matrix apriori algorithm for generation of MFI and STE 

matrices. Also, techniques are provided so that these custom 

specified support values can be used with Matrix Apriori 

algorithm. 

III. PROPOSED WORK 

A. Matrix Apriori Algorithm 

The Matrix Apriori Algorithm is a frequent itemset mining 

algorithm that combines the advantages of both Apriori and 

FP-Growth algorithms [7]. Resembling Apriori, algorithm 

Matrix Apriori consists of two steps. First, discover frequent 

patterns, and second, generate association rules from the 

discovered patterns. The first step determines the 

performance of the algorithm.  

Let L = {i1, i2, …, im} be a set of items, D be a 

repository containing a set of transactions, δ a minimal 

support predefined by the user, T a transaction, where each 

transaction T ⊆ L. Algorithm Matrix Apriori employs two 

simple structures for generating frequent patterns: a matrix 

called MFI (matrix of frequent items) which holds the set of 

frequent items identified during the first traversal of 

repository D, and a vector called STE which stores the 

support of candidate sets. Frequent items will be represented 

by columns of MFI, however, they could also be represented 

by rows. The total number of frequent items is stored in 

variable NFI and the total number of candidate sets NCS. 

Initially the database is scanned in order to 

determine frequent items. These items are sorted in a 

descending support count and trimmed to those that are 

above the minimum support value to create the frequent 

items list. The sorted frequent items list is the basis for the 

order of columns of the MFI. Subsequently, in the second 

scan, MFI and STE are built. The first row of the MFI is left 

empty. This row will be updated later in the modification. 

Therefore, inserting rows to MFI begins after this empty 

row. For each new transaction in the database, a row of 

zeros and ones is inserted according to the following rule. 

The row is constructed by using the order in the frequent 

items list. For each item in the list, either “1” or “0” is added 

to the column of the row if the transaction contains the item 

or not. If the transaction is already included in the MFI, then 

it is not stored again in a new row, but its STE is 

incremented by “1”. 

Consider the following illustration for matrix apriority 

algorithm: 

Transaction Id Item Set 

1 c,d,e,g,h,i,k,p 

2 b,e,f,g,h,i,p 

3 c,e 

4 a,b,c,d,e,f,g,i,p 

5 a,b,c,d,e,p 

6 a,b,c,d,f,h,p 

7 b,e,f,h,i,p 

8 a,c,d,e,k,p 

9 a,c,d,e,f,i,p 

10 a,c,d,e,f,h,i,p 

Table 3.1: Transaction Table of Hypothetical Data 

Considering the minimum support as 6, the 1- 

Frequent itemset list can be constructed as shown: 

Item Support 

a 6 

b 5 

c 8 

d 7 

e 9 

f 6 

g 3 

h 5 

i 6 

k 2 

p 9 

Table 3.2: Support Count 

Table 3.3 lists frequent items sorted according to 

the list of frequency and eliminating those with less than 

minimum support. 

 [shaded elements are eliminated from further analysis] 

Item Support 

e 9 

p 9 

c 8 

d 7 

a 6 

f 6 

i 6 

b 5 

h 5 

g 3 

k 2 

Table 3.3: Sorted List of Frequent Items With Minimum 

Support 

The number of frequent items is stored in variable 

NFI; in this example, the number of frequent items is 7. 

Table 3.4 lists the transaction id and transactions sorted by 

the order of support. 

Transaction Id Item Set 
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1 e,p,c,d,i 

2 e,p,f,i 

3 e,c 

4 e,p,c,d,a,f,i 

5 e,p,c,d,a 

6 p,c,d,a,f 

7 e,p,f,i 

8 e,p,c,d,a 

9 e,p,c,d,a,f,i 

10 e,p,c,d,a,f,i 

Table 3.4: Transaction Lists with Sorted Support 

Initially, MFI is prepared by second scan of the 

entire database.  

The frequent items FI = {e, p, c, d, a, f, i} will be 

represented in matrix MFI where the first column will 

correspond to frequent item e, the second column to 

frequent item p, the third column to frequent item c and so 

forth. For inserting the first transaction of repository D, that 

is (1001, <e,p,c,d,i>) according to Table 3.5, into matrix 

MFI, the columns are identified that correspond to the 

frequent items included in the transaction. For example, 

<e,p,c,d,i> = <1,2,3,4,7>. This information is used to 

determine the nonzero elements that will be inserted in the 

second row of the matrix.  

In the second transaction we find the columns 

<e,p,f,i> = <1,2,6,7> whose elements will be inserted in the 

third row of matrix MFI as [1,1,0,0,0,1,1]. An important 

aspect to consider is that before inserting the row into matrix 

MFI, it is necessary to compare it with previously inserted 

rows – i.e. only [1,1,1,1,0,0,1] at this moment. If it is 

identical to an existing row, the support value for that row 

must be incremented by 1 and stored in vector STE; 

otherwise, the new row is inserted in the matrix, assigning it 

a support equal to 1 in vector STE. 

MFI STE 

 

 1 2 3 4 5 6 7 

1        

2 1 1 1 1 0 0 1 

3 1 1 0 0 0 1 1 

4 1 0 1 0 0 0 0 

5 1 1 1 1 1 1 1 

6 1 1 1 1 1 0 0 

7 0 1 1 1 1 1 0 

 e p c d A f I 

 

 

STE 

Row 

Candidate 

Set 

Count 

1 1 

2 2 

3 1 

4 3 

5 2 

6 1 
 

Table 3.5: initial Matrix of Frequent Items (Mfi) And Ste 

The resulting values in matrix MFI and vector STE, 

after full traversal of repository D, are presented in table 3.5. 

The fourth candidate set (stored in row 5) has support equal 

to 3, that is, the candidate set is present in three transactions 

of repository D. This value is stored in the fourth position of 

vector STE. The next procedure to be executed is modified 

MFI, which begins its process in the first row of MFI and 

has the goal of writing indexes to accelerate the search for 

frequent patterns. In the first row of matrix MFI we store the 

row number where the j-th frequent item appears for the first 

time. For example, frequent item f appears for the first time 

in the third row, hence MFI[1, 6] = 3. The value 3 inserted is 

thus an index, and following it, the row number where 

frequent item f appears for the second time will be stored in 

row 3 of the matrix, that is in MFI[3, 6] the inserted value 

will be 5. The next row where f is found is row 7, so this 

value is stored in MFI[5, 6]. Finally, element MFI[7, 6] 

stores the value 1 to indicate that no more rows contain item 

f. Figure 3.6 shows the result obtained after modifying the 

MFI. The reason for insertion in 3, 5 and 7th row in case of 

element f being this that these are the nonzero cells in the 

column vector of these columns. 

MFI STE 

 

 1 2 3 4 5 6 7 

1 2 2 2 2 5 3 2 

2 3 3 4 5 0 0 3 

3 4 5 0 0 0 5 5 

4 5 0 5 0 0 0 0 

5 6 6 6 6 6 7 1 

6 1 7 7 7 7 0 0 

7 0 1 1 1 1 1 0 

 e p C d A f I 

 

 

STE 

Row 

Candidate 

Set 

Count 

1 1 

2 2 

3 1 

4 3 

5 2 

6 1 
 

Table 3.6: Modified Matrix of Frequent Items (Mfi) and Ste 

The last step is to find Frequent Patterns, which 

takes as input matrix MFI and vector STE as presented in 

table 3.6. This procedure applies the method of growing 

patterns, basically consisting of combining frequent items, 

determining the support associated to this combination, and 

comparing the support of a combination with the minimal 

support to decide whether or not it is a frequent pattern. 

In the process of searching for frequent patterns, 

item i is combined with the frequent items found on its left 

hand side (f, a, d, c, p and e), then the support for each of the 

combinations is calculated, obtaining the result shown in 

Table 3.7. 

Combined Items Support 

f-i 5 

a-i 3 

d-i 4 

c-i 4 

p-i 6 

e-i 6 

Table 3.7: combinations Obtained Based On Conditional 

Pattern I 
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This can be understood in the following way. 

In table 3.6, the column vectors corresponding to 

the elements i and f are considered. The values which are 

common to both of the columns are 3 and 5. This means that 

the 3rd and 5th row of the unmodified matrix consists of 

both the items. Also, the entry corresponding to 3rd row is 

stored in 2nd column of STE and the entry corresponding to 

5th row is stored in 4th column of STE. The second and 

fourth column of STE represents 2 and 3 respectively 

(which is the number of repeated transactions). Thus the 

support of the combined itemset <f-i> is 2+3 = 5. Other 

support values can be obtained likewise. Table 3.8 presents 

the sorted lists of frequent items having minimum support. 

Combined Items Support 

p-i 6 

e-i 6 

f-i 5 

c-i 4 

d-i 4 

a-i 3 

Table 3.8: Combinations Obtained Based On Conditional 

Pattern I with Minimum Support 

In the next iteration of the search process, these two 

combinations will be taken as conditional patterns. 

(1) For conditional pattern <p, i>, there is only one 

item to the left of p, namely item e, hence 

combination <e, p, i> with a support of 6, becomes 

a frequent pattern.  

(2) For conditional pattern <e, i>, no items exist to the 

left of e, therefore no combination can be 

generated. 

Once the analysis on item i has concluded, the 

process continues with conditional pattern f. Combinations 

are made with the items situated to the left of f (a, d, c, p and 

e), obtaining the combinations with their corresponding 

support values.  

Matrix Apriori works without candidate generation, 

scans database only twice and uses Apriori Property. Also, 

the management of matrix is easy. 

B.  Dynamic Matrix Apriori  

It is impractical to scan database to construct MFI and STE 

every time the database is updated. Also, the transactional 

database of a typical market basket analysis frequently 

changes with a number of transactions being added every 

day. This gives motivation for development of techniques to 

inculcate dynamicity in the matrix apriori algorithm so as to 

dynamically generate association rules based on the overall 

transactional database under consideration. 

Dynamic Matrix Apriori Works on the similar lines 

as the matrix apriori algorithm. When new transactions 

arrive, they are scanned and 1-itemset ordered list of items 

are updated to include the 'now frequent' items. 

The new items in the additions are included to the 

MFI by adding new columns. The MFI is updated as 

follows: 

First, the new transaction is checked whether it is 

existed in the MFI or not. If it exists, its STE is incremented 

by “1”; if it does not exist, it is added to the MFI. Adding to 

the modified MFI is done by setting the cell value to the row 

number of transaction where the “1” value is stored in the 

MFI. When the item does not exist in the remaining 

transactions of the incremental database, the cell value is set 

to “1”. Finally, according to the change of the 1-itemset 

ordered list of items, the order of items in the MFI is 

changed 

C. Multiple Minimum Support in Apriori : MSApriori 

Traditional association rule mining techniques employ 

predefined support and confidence values. However, 

specifying minimum support value of the mined rules in 

advance often leads to either too many or too few rules, 

which negatively impacts the performance of the overall 

system. 

Apriori discover association rules based on 

frequent itemsets which are extracted by fixing the same (or 

single) minimum support for all items. For extracting rare 

itemsets, the single minimum support (minsup) based 

approaches suffer from rare item problem dilemma. At high 

minsup value, rare itemsets could not be extracted as rare 

items fail to satisfy the minsup criteria. Also, if low minsup 

is set to extract rare itemsets, the number of itemsets 

explode as huge number of frequent itemsets satisfy the 

minsup criteria [13]. 

Also, recent studies [13, 14, 15] have argued 

against the use of a uniform minimal support for the entire 

database. The claim is that the use of a single minimal 

support value directly affects the efficacy of the process of 

generating frequent patterns. In several applications, there 

are certain items that appear frequently in the database, 

whereas other items seldom appear. For example, items such 

as milk and bread possess higher support than food-

processor or television set; hence it would be convenient to 

define a separate minimal support value for each case or 

specific set of items, so as to be able to discover all frequent 

patterns that are better adjusted to a given domain. 

The key element that makes association-rule 

mining practical is 'minsup', the minimum support value 

adjusted as a definition of being frequent. Usually, the 

necessities, consumables and low-price products are bought 

frequently, while the luxury goods, electric appliance and 

high-price products infrequently. In such a situation, if 

minsup is being set too high, all the discovered patterns are 

concerned with those low-price products, which only 

contribute a small portion of the profit to the business. On 

the other hand, if minsup is too low, too many meaningless 

frequent patterns are generated and these will overload the 

decision makers, who may find it difficult to understand the 

patterns generated by data mining algorithms. The same 

difficulty may occur in case of mining association rules in 

medical records. Mining medical records is a very important 

issue in real-life application and it can reveal which 

symptoms are related to which disease. However, many 

important symptoms and diseases are infrequent in medical 

records. For example, flu occurs much more frequent than 

severe acute respiratory syndrome (SARS), and both have 

symptoms of fever and persistent cough. If the value of 

minsup is set high, though the rule flu→fever, cough can be 

found, but one would never find the rule SARS→fever, 

cough. To find this SARS rule, the value of minsup should 

be very low. However, this will cause lots of meaningless 

rules to be found at the same time. The dilemma faced in the 

two applications above is called rare item problem. 
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MSApriori is an association rule mining algorithm proposed 

to extract frequent itemsets involving rare items and to give 

better performance in comparison with approaches that 

employs single minimum support. 

Frequent item sets involving rare items are 

discovered by assigning Minimum Item Support (MIS) 

value to each item. The MIS value is calculated through 

item support value S (ij) and user specified proportional 

value (β) that can vary between 0 and 1. For every item 

ij,I, MIS(ij) calculated as per equation 3.1. 

   (  )   {
  (  )      (  )     

                            
 

where, β is a user-specified proportional value 

which can be varied between 0 to 1, S(ij) refers to support of 

an item equal to f(ij)/N, (f(ij ) represents frequency of ij and 

N is the number of transactions in a transaction dataset) and 

LS corresponds to user-specified least support value. 

Transactions 

 

Support Count 

(Sorted) 

  

Transaction Id Item Set 

1 c,d,e,g,h,i,k,p 

2 b,e,f,g,h,i,p 

3 c,e 

4 a,b,c,d,e,f,g,i,p 

5 a,b,c,d,e,p 

6 a,b,c,d,f,h,p 

7 b,e,f,h,i,p 

8 a,c,d,e,k,p 

9 a,c,d,e,f,i,p 

10 a,c,d,e,f,h,i,p 
 

Item Support 

e 9 

p 9 

c 8 

d 7 

a 6 

f 6 

i 6 

b 5 

h 5 

g 3 

k 2 
 

Table 3.9: illustrates MSApriori modified MIS values over 

table 3.1 and 3.2 repeated here for ready reference. 

Item Support MIS Rounded Values 

e 9 7.2 7 

p 9 7.2 7 

c 8 6.4 6 

d 7 5.6 6 

a 6 4.8 5 

f 6 4.8 5 

i 6 4.8 5 

b 5 4 4 

h 5 4 4 

g 3 4 4 

k 2 4 4 

Table 3.9: Minimum Item Support (Msapriori) [Β= 0.8 And 

Ls = 4] 

To facilitate participation of rare items, MIS for the 

rare items have to be less than their support values. It can be 

achieved by setting low β value. However, this may cause 

frequent items to set very low MIS values. With low MIS 

values for frequent items, the items will be associating with 

one another in all possible ways, thereby generating a huge 

number of frequent itemsets. Thus, LS and β must be 

suitable chosen to ensure participation of rare elements into 

the mining process for association rules.  

The variation of MIS with β is given in table 3.10 

and depicted in figure 3.1 given below. 

item β = 0.9 β = 0.8 β = 0.7 

e 8 7 6 

p 8 7 6 

c 7 6 6 

d 6 6 5 

a 5 5 4 

f 5 5 4 

i 5 5 4 

b 5 4 4 

h 5 4 4 

g 4 4 4 

k 4 4 4 

Table 3.10: Variation in Support Values With Β 

 

Fig. 3.3: Horizontal Axes shows the items and vertical axes 

and vertical axes shows the support values 

D. Matrix Apriori Algorithm For Frequent Itemset Mining 

with Multiple Minimum Support 

Consider the transaction table and the frequency 

count of items, shown in the table 3.11 given below 

Transaction 

Id 
Item Set 

1 Bread, Jam, Milk, Butter 

2 Jam, Soap, Detergent 

3 Milk, Butter, Paper-Napkin 

4 Cold-Drink, Soda, Detergent 

5 Milk, Paper-Napkin, Soap 

6 Screw-Driver, AA-batteries 

7 
Bread, Cold-Drink, AA-batteries, Screw-

Driver 

8 Milk, Jam 

9 Bread, Milk, Jam 

0

2

4

6

8

10

e p c d  a  f i b h g k

β = 0.9 

β = 0.8 

β = 0.7 
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10 Soap, Detergent, Paper-Napkin 

11 Jam, Soap, Detergent 

Table 3.11: Typical Transactional Db of Store 

Item Support MIS MIS (rounded) 

Milk 5 3.5 4 

Jam 5 3.5 4 

Soap 4 2.8 3 

Detergent 4 2.8 3 

Bread 3 2.1 2 

Paper-Napkin 3 2.1 2 

Butter 2 1.4 1 

Cold-Drink 2 1.4 1 

Screw-Driver 2 1.4 1 

AA-batteries 2 1.4 1 

Soda 1 1 1 

Table 3.12: Min Item Support Based On Msapriori [Β = 0.7, 

Ls= 1] 

 

M

il

k 

J

a

m 

B

re
a

d 

S

o
a

p 

Det

erg

ent 

Pape

r-
Nap

kin 

B

ut
te

r 

Col

d 
Dri

nk 

Scre

w 
Driv

er 

AA 

Batt

eries 

S

o
d

a 

Ro

w 
1            

Ro
w 

2 

1 1 1 0 0 0 1 0 0 0 0 

Ro

w 
3 

0 1 0 1 1 0 0 0 0 0 0 

Ro
w 

4 

1 0 0 0 0 1 1 0 0 0 0 

Ro

w 
5 

0 0 0 0 1 0 0 1 0 0 1 

Ro

w 

6 

1 0 0 1 0 1 0 0 0 0 0 

Ro

w 
7 

0 0 0 0 0 0 0 0 1 1 0 

Ro

w 

8 

0 0 1 0 0 0 0 1 1 1 0 

Ro

w 
9 

1 1 0 0 0 0 0 0 0 0 0 

Ro

w 

10 

1 1 1 0 0 0 0 0 0 0 0 

Ro

w 
11 

0 0 0 1 1 1 0 0 0 0 0 

Table 3.13: Matrix of Frequent Items (Mfi) 

1 1 

2 1 

3 2 

4 1 

5 1 

6 1 

7 1 

8 1 

9 1 

10 1 

Table 3.14: Ste Table 
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1

0 

R

o

w 

1

1 

0 0 0 1 1 1 0 0 0 0 0 

Table 3.15: Modified Matrix of Frequent Items (Mfi) 

The frequent Items can be generated using the 

following formula. 

 (                )   
        (  )    (  )    (  )     (  )  

Itemset Support 

Min. 

Support 

Required 

Valid 

Association 

Rule 

Soda, AA Batteries 0 1 No 

Soda, Screw- Driver 0 1 No 

Soda, Cold Drink 1 1 YES 

Soda, Butter 0 1 No 

Soda, Paper-Napkin 0 1 No 

Soda, Detergent 1 1 YES 

Soda, Soap 0 1 No 

Soda, Bread 0 1 No 

Soda, Jam 0 1 No 

Soda, Milk 0 1 No 

Table 3.16: Mining of Association Rules [{Soda}] 

Itemset 
Suppo

rt 

Min. 

Support 

Require

d 

Valid 

Associatio

n Rule 

AA batteries, Screw-

Driver 
1 1 YES 

AA Batteries, Cold 

Drink 
1 1 YES 

AA Batteries, Butter 0 1 NO 

AA Batteries, Paper-

Napkin 
0 1 NO 

AA Batteries, Detergent 0 1 NO 

AA Batteries, Soap 0 1 NO 

AA Batteries, Bread 1 1 YES 

AA Batteries, Jam 0 1 NO 

AA Batteries, Milk 0 1 NO 

Table 3.17: Mining of Association Rules [{Aa-Batteries}] 

The three items can also be generated in the same 

way. It is evident from the above result that both interesting 

{AA Batteries- Screw Driver} and uninteresting rules {AA 

Batteries-Cold Drink} mined out from the transactional 

database based on the values of β and LS 

Dynamic Matrix Apriori Algorithm For Frequent Itemset 

Mining with Multiple Minimum Support 

The proposed method for Dynamic Matirx Apriori with 

Multiple Minimum Support can be described as follows: 

(1) Initial Support count table, MFI and STE are 

constructed in the same way as in the case of 

Matrix Apriori Procedure. 

(2) The minimum item support for individual items can 

be computed using Least Support specified by the 

user and β. A high value of β corresponds to larger 

support values, whereas a larger LS leads to 

smaller gap between maximum and minimum 

support values. 

(3) After computation of modified MFI, the 2-frequent, 

3-frequent and n-frequent item sets can be 

generated by MIS values of the support table. 

(4) When new transactions are added to the database, 

only modified MFI needs to be changed 

corresponding to the transaction. If the transaction 

already exists in the MFI, then only corresponding 

STE value is changed. Otherwise, the new element 

is added (if needed) and the last entry of modified 

MFI, corresponding to the particular element, 

containing entry 1 is replaced by count of last row 

and the last entry is set to 1. 

(5) A set of association rules can be mined based on 

varying values of LS and β parameter. 

Section 4 discusses the matrix apriori with multiple 

minimum support as proposed with example and 

discusses the results. 

IV. RESULTS 

A. 4.1 Infrequent item Rule Mining Using Custom Support 

A part of Walmart megastore database, is shown below. The 

complete mysql dump (filename: foodmart.sql) of the 

database is included in the CD-ROM enclosed.  

The relational schema of the database considered for 

simulation is described below: 

 

Foreign Key 

PRODUCT 

product_id 

product_name 

brand_name 

net_weight 

recyclable_pack 

fat_contents 

units_per_case 

TRANSACTIO

N 
transaction_id 

product_id 

 transaction_tim

e 

cases_per_carto

n 
brand_name 

product_class_i

d 
unit_price 
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The product_id field in the transaction table 

consists of comma separated product id's, the details of 

which can be fetched from the product table. In the data set 

considered for simulation model, there are 1560 different 

products and 55000 different transactions. Table 4.1 shows 

an illustration of first 15 records of the table. 

Transaction 

Id 
Products 

1 

Jeffers Oatmeal, Top Measure Chardonnay, 

Carrington Frozen Peas, Moms Pimento 

Loaf 

2 

Shady Lake Rice Medly, Applause Canned 

Mixed Fruit, Lake Chicken Hot Dogs, Blue 

Label Chicken Soup, Ship Shape Extra Lean 

Hamburger 

3 
Tell Tale Mandarin Oranges, Landslide 

Pepper, Best Choice Mini Donuts 

4 

Gorilla Low Fat Cottage Cheese, Modell 

Rye Bread, Modell English Muffins, 

Cormorant AA-Size Batteries, Fast Salted 

Pretzels, Just Right Turkey Noodle Soup, 

Nationeel Chocolate Donuts, Even Better 

Muenster Cheese, Pleasant Chicken Noodle 

Soup 

5 

Fast Fudge Brownies, Token Cream Soda, 

Red Spade Potato Salad, Hermanos 

Broccoli, Tell Tale Tomatos, Landslide 

Strawberry Jam, Horatio Dried Apricots 

6 

Fort West Avocado Dip, Mighty Good 

Monthly Auto Magazine, Great Rye Bread, 

Faux Products 200 MG Acetominifen, 

Excellent Diet Cola, Hermanos Sweet 

Onion, Blue Label Canned String Beans, 

Best Choice Corn Chips 

7 

Choice Bubble Gum, Cormorant Plastic 

Knives, Pleasant Noodle Soup, Fort West 

Frosted Cookies, CDR Apple Jelly, Tell 

Tale Elephant Garlic 

8 

Sunset 75 Watt Lightbulb, Ebony Tomatos, 

Tri-State Dried Mushrooms, Sunset Plastic 

Spoons, Tell Tale Almonds 

9 

Akron City Map, Imagine Frozen Chicken 

Wings, Tri-State Limes, Ebony Fresh Lima 

Beans 

10 

Red Spade Foot-Long Hot Dogs, Golden 

Frozen Carrots, High Quality Plastic Knives, 

Denny Paper Plates, Fort West Salted 

Pretzels, Plato Grape Jelly, Hermanos Dried 

Mushrooms 

11 

Club 2% Milk, Hermanos Prepared Salad, 

Pleasant Chicken Ramen Soup, Golden 

Waffles, American Beef Bologna, 

Carrington Frozen Broccoli, Consolidated 

Tartar Control Toothpaste, Ebony Elephant 

Garlic, Just Right Canned Tomatos, Even 

Better Cheese Spread 

12 Faux Products HCL Nasal Spray, Red Wing 

Toilet Paper, Bird Call Childrens Aspirin, 

Hermanos Cauliflower, Top Measure 

Chardonnay Wine 

13 

Top Measure Light Wine, Token Cola, 

Gauss Monthly Home Magazine, PigTail 

Frozen Cheese Pizza, Modell Wheat Bread, 

Blue Label Turkey Noodle Soup 

14 
Ebony Canned Peanuts, Bird Call 

Conditioning Shampoo 

15 
Red Wing Counter Cleaner, Cormorant 

Plastic Knives, Ebony Lemons, Ebony Beets 

Table 4.1: Transaction Listing Of Commodity Store 

The support values of the entire set of items can be 

tabulated using the parameters LS and β specified by the 

database user. However, as all the elements have minimum 

support values greater than or equal to LS (as per the 

definition), all the elements are to be listed in the database 

table. 

B. Performance Evaluation of Classical and Matrix Apriori 

Assuming t be the number of Transactions and n be the 

number distinct elements from the commodity set, the 

number of database transactions in mining association rules 

can be computed analytically. Using Classical Apriori, the 

time required to compute all frequent itemset can be 

evaluated as follows: 

Time required to compute the support values of n 

distinct elements is proportional to t*n. Time required to 

compute 2 frequent itemset is C(n,2)*t. Here C(n,r) refers to 

fact(n)/[fact(r)*fact(n-r)] where fact(n) represent factorial of 

number n, which is the product of first n natural numbers. 

Time required to compute 3 frequent itemset can be 

computed on the basis of the number of association rules 

containing two different itemsets. Considering the worst 

case scenario, the time required to mine the 3-frequent 

itemsets is (1/2)*C(n,3)*t. This is because about half of the 

combinations of any two elements will not qualify the 

minimum support value as specified by the user. 

Thus, time required to compute all the frequent itemsets is  

T= [C(n,1) +(1/2)C(n,2) + (1/2
2
)C(n,3).....+(1/2

n-2
)C(n,n-

1)]*t 

Using Matrix Apriori, two complete scan of 

database is needed to enumerate the list of all the data items 

and to enlist all possible transactions. 

Time required for two complete database scans is given by 

T1 = 2*t 

For finding two frequent itemset, the corresponding 

columns of the elements must be compared to check 

identical entries. Thus t
2
 comparisons are needed between 

the matrix elements, for any two itemsets. Since there are n 

elements, for two frequent itemsets, a total of n*t
2
 

comparisons are needed. For three different itemsets, this 

comparison takes into account only those 2-frequent 

itemsets having greater than minimum specified threshold 

value. This significantly reduces the number of comparisons 

for 3-frequent itemsets. Thus, considering the worst case 

analysis, the number of comparisons needed for 3-frequent 

itemsets is δ*n*t
2
 where δ ~ 0.5. Considering identical 
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computation for 4-frequent itemsets, one needs a total of 

about δ
2
 *n*t

2
 comparisons. 

Thus, the number of  comparisons needed for 

finding all frequent itemsets is: 

T2 = (t*n
2
 + δ*t*n

2
 + δ

2
*t*n

2
 +......... +δ

n-3 
* t*n

2
) 

However, matrix processing and manipuation is 

much more fast and computationally easier as compared to 

database scanning. Therefore, total time to mine the 

association rules in case of matrix apriori is given by 

T = T1 + α T2 

where α <1. 

Table 4.2 enlists the tabulated values and figure 4.1 

depicts the execution-time performance analysis of Classical 

and Matrix apriori. 

Item 

count 

Classical 

Apriori 
Matrix Apriori 

 
T T1 T2 T 

5 150,345 
2000

0 
250000 195000 

10 420966 
2000

0 
1968750 

139812

5 

15 884028.6 
2000

0 

4497802.7

34 

316846

2 

20 1650186.72 
2000

0 

7999877.9

3 

561991

5 

25 2887826.76 
2000

0 

12499994.

04 

876999

6 

30 4851548.957 
2000

0 

17999999.

73 

126200

00 

35 7924196.629 
2000

0 

24499999.

99 

171700

00 

40 12678714.61 
2000

0 
32000000 

224200

00 

45 19968975.51 
2000

0 
40500000 

283700

00 

50 31062850.79 
2000

0 
50000000 

350200

00 

55 47836790.21 
2000

0 
60500000 

423700

00 

60 73059825.05 
2000

0 
72000000 

504200

00 

65 110807401.3 
2000

0 
84500000 

591700

00 

70 167063466.6 
2000

0 
98000000 

686200

00 

75 250595199.9 
2000

0 

11250000

0 

787700

00 

80 374222165.2 
2000

0 

12800000

0 

896200

00 

85 556655470.8 
2000

0 

14450000

0 

1.01E+

08 

90 825159874.3 2000 16200000 1.13E+

0 0 08 

95 1219402925 
2000

0 

18050000

0 

1.26E+

08 

100 1797014837 
2000

0 

20000000

0 

1.4E+0

8 

Table 4.2: Execution Time For Mining Of Frequent Itemsets 

[Α = 0.7, T=10,000] 

 

Fig. 4.1: Performance Analysis of Classical and Matrix 

Apriori. Horizontal axes shows the number of items and 

vertical axis shows the execution time. 

C. Performance Evaluation of Matrix and Dynamic Matrix 

Apriori 

Considering similar parameter values, dynamic matrix 

apriori works in a similar way as of apriori but changes its 

matrix element values on transaction additions and 

deletions. 

Initial transaction count, t = 10,000. 

Transactions added = 100 

Number of items n. 

Execution time of Matrix Apriori = 2*t +2*(t+100) 

Execution time of Dynamic Matrix Apriori = 2*t 

+α*2*(t+100) 

Where α <1, to account for the fact that matrix 

manipulation operations are easier as compared to database 

related operations. 

transactions Matrix Dynamic Matrix 

10000 40200 20000 

11000 44200 22800 

12000 48200 25600 

13000 52200 28400 

14000 56200 31200 

15000 60200 34000 
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6000,00,000

8000,00,000
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16000 64200 36800 

17000 68200 39600 

18000 72200 42400 

19000 76200 45200 

20000 80200 48000 

Table 4.2: Execution Time For Mining Of Frequent Itemsets  

[Α = 0.4] 

 

Fig. 4.2: Performance Analysis of Matrix Apriori and 

Dynamic Matrix Apriori. Horizontal axes shows the number 

of transactions and vertical axis shows the execution time. 

D. Performance Evaluation of Dynamic Matrix Apriori and 

Dynamic Matrix Apriori with Multiple Minimum Support 

Considering similar parameter values, Dynamic matrix 

apriori with Multiple Minimum Support calculates the 

minimum support values of each of the items on the basis of 

β and Least Support (LS). 

Initial transaction count, t = 10,000. 

Transactions added = 100 

Number of items n. 

Execution time of Dynamic Matrix Apriori = 2*t 

+α*2*(t+100) 

Execution time of Dynamic Matrix Apriori with MIN 

Support consists of : 

T1 = 2*t  (Two scans of database for evaluation distinct 

items and support count.) 

T2 = α*2*(t+100) (Evaluation based on new transactions) 

T3 = n*(t+100)  (Evaluating Min Support based 

on β and LS and corresponding change in whole matrix) 

T = 2*t + α*2*(t+100) + n*(t+100) 

Comparison of results of Dynamic Matrix Apriori 

with Multiple Minimum Support with Dynamic Matrix 

Apriori (Damla Oguz [16]), are tabulated below:  

Transactio

n Count 

Dynamic 

Matrix 

Dynamic Matrix with 

Multiple Minimum Support 

10000 20000 220000 

11000 22800 242800 

12000 25600 265600 

13000 28400 288400 

14000 31200 311200 

15000 34000 334000 

16000 36800 356800 

17000 39600 379600 

18000 42400 402400 

19000 45200 425200 

20000 48000 448000 

Table 4.3: Execution Time For Mining Of Rare-Itemsets 

Using Multiple Minimum Support [Α = 0.4] 

 

Fig. 4.3: Performance Analysis of Dynamic Matrix Apriori 

and Dynamic Matrix Apriori with Multiple Minimum 

Support. Horizontal axes shows the number of transactions 

and vertical axis shows the execution time. 

The implications of Figure 4.3 are straight and 

direct. Dynamic Matrix Apriori with MIN takes much more 

execution time as compared to Dynamic Matrix Apriori. 

This is because of the following two reasons: 

(1) All the items needs to be considered as none of the 

items have support value less than LS by the 

definition of MSApriori. 

(2) With a change in the number of transaction (new 

transactions added or deleted), frequent itemsets 

are mined overall in the complete database as per 

the following equation: 

(3)  (                )    
       (  )    (  )    (  )      (  )  

V. CONCLUSION 

Association rule mining aims to discover interesting patterns 

in a database. There are two steps in this data mining 

technique. The first step is finding all frequent itemsets and 

the second step is generating association rules from these 

frequent itemsets. Association rule mining algorithms 

generally focus on the first step since the second one is 

direct to implement. Although there are a variety of frequent 

itemset mining algorithms, each one requires some pre-

specified value of the minimum support count. This results 

in inefficient mining of information as some of the 

infrequent rules get skipped away although these are of 

particular interest. Moreover, classical Apriori algorithm is 

inefficient in the sense that complete database scan has to be 

performed for generating k-frequent itemsets from K-1 

frequent itemsets. 

In this dissertation, both these problems are 

combined to give a complete solution of mining association 

rules which are infrequent, and also in efficient way so that 

the complete database scan need not be performed every 

time new transactions are added and frequent itemsets can 
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be obtained in an efficient manner. The results obtained are 

compared with Dynamic Matrix Apriori algorithm time 

complexity is compared. 

The efficiency of the algorithm as compared to 

classical apriori gives 70 percent improvement in mining 

candidate list. 

As compared with Dynamic Matrix Apriori, the 

algorithm performs about 25% less efficiently in execution 

time but this can be compensated in view that the proposed 

matrix apriori utilizes multiple minimum support in contrast 

to standard support values in which case, the base algorithm 

fails to mine the association rules for infrequent items. 

As future scope, the same algorithm is to be 

implemented utilizing the domain specific heuristic 

knowledge to filter out uninteresting rules from the 

interesting ones, to provide a complete solution as a whole, 

which relates to the issues of efficiency, infrequent rule 

mining and dynamic database problem. 
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