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ABSTRACT 

Data mining is a technology to explore, analyze (knowledge discovery from data) the data and At last, extract the 

interesting (non-trivial, implicit, previously unknown and potentially useful) pattern or knowledge from huge 

amount of data. In this paper, we discuss about the problem in online mining of data in large transactional database, 

here we apply association rule for mining the data which helps to remove the redundant rule and helps in compact 

representation of rules for user. 

In this paper, optimized algorithm has been proposed for online rule generation. The advantage of this algorithm is 

that the graph generated in our algorithm has less edge as compared to the lattice used in the existing algorithm. This 
algorithm generated all the essential rules and no rule is missing. The use of non redundant association rules help 

significantly in the reduction of irrelevant noise in the data mining process. 
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1    INTRODUCTION 
Data Mining is a process of analysis the data and summarizing it into useful information. In other words, Data 

Mining is a technology to enable data exploration, data analysis, and data visualization of very large databases at a 

high level of abstraction, without a specific hypothesis in mind. Technically, data mining is the process of finding 

pattern among dozens of fields in large relational databases. Data mining software is one of a number of analytical 

tools for analyzing data. It allows users to analyze data from many different dimensions or angles, categorize it, and 

summarize the relationships identified. Data mining is often also called Knowledge discovery in databases (KDD).   

              

1.2 Overview of the Work done 

Association rule mining, basically describes relationships between items in data sets. It helps in finding out the 

items, which would be selected given certain set of items have already been selected. An improved algorithm for 

fats rule generation has been discussed Agrawal et. al (1994). Two algorithms have been suggested, namely the 

‘Simple Algorithm’ and the ‘Fast Algorithm’, in this paper. The advantage of Fast algorithm over Simple algorithm 

is that in case of the Fast algorithm the number of rules to be checked is very less than the rules to be checked in the 

Simple algorithm 

2. Adjacency Lattice 

This adjacency lattice is crucial in performing effective online data mining. The adjacency lattice could be stored 

either in a main memory or on secondary memory. The idea of adjacency is to pre-store a number of item sets at a 

level of support. These items are stored in a special format (called adjacency lattice) which reduces the disk I/O 

required in order to perform the query.  

Online generation of the rules deals with the finding the association rules online by changing the value of the 

minimum confidence value. Problems with the existing algorithm is that the lattice has to be constructed again for 
all large itemsets, to generate the rules, which is very time consuming for online generation of rule. The number of 

edges would be more in the generatted lattice as we have edges for a frequent itemset to all its supersets in the 

sbusequetn levels. 

This project aims to develop a new algorithm for online rule generation. A weighted directed graph has been 

constructed and depth first search has been used for rule generation. In the proposed algorithm, online rules can be 
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generated by generating adjacency matrix for some confidence value and the generating rules for confidence 

measure higher than that used for generating the adjancany matrix.  

A new algorithm has been developed to overcome these diffculties. In this algorithm the number of edges graph 

generated is less than the adjacancy lattice and it is also capable of fidning all the esential rules 

2.1 Overview 

Association rule mining (Rakesh et. al, 1994) is one of the important problems of data mining. The goal of 

Association Rule Mining is to detect relationships or associations between specific values of categorical variables in 

large data sets. This is a common task in many data mining projects. Suppose I is a set of items, D is a set of 

transactions, an association rule is implication of the form X Y, where X, Y are subsets of I and X, Y do not 

intersect. Each rule has two measures, support and confidence. Association rule mining was originally in domain of 

market basket data. The association rule mining on market ‘Basket Data’ is a Boolean Association Rule Mining in 

which only Boolean attributes are considered. In order to do association rule mining on quantitative data, such as 

remotely sensing image data, some mapping should be done from quantitative data to Boolean data.  The main idea 

here is to partition the attribute values into Transaction patterns. Basically, this technique enables analysts and 

researchers to uncover hidden patterns in large data sets. 

2.2 Fast Association Rule Mining 

The problem of finding association rules falls within the purview of database mining, it is also called knowledge 

discovery in database. The association rules considered in this project are probabilistic in nature. The presence of a 

rule X  does not necessarily mean that X + Y A also holds because the later may not have the minimum 

support. Similarly, the presence of rules X Y and Y Z does not necessarily mean that X Z holds because the 

later may not have the minimum support. 

Two algorithms for generating association rules have been discussed in ‘Fast Algorithms for Mining Association 

Rules’ by Rakesh Agrawal and Srikant (1994). These two algorithms are termed as simple and fast algorithm 

depending upon the performance of each of these algorithms. A brief overview of simple and fast algorithm for 

association rule mining has been provided in this chapter. 

2.2.1 Advantage of Fast Algorithm Over Simple Algorithm  

As an example of the advantage of fast algorithm, considering that we are going to generate the rules from a large 

itemset ABCDE, firstly we will check for all the rules with one-item consequent rules. Let us assume that ACDE  

B and ABCE  D are the only one-item consequent rules derived from this item set that have the minimum 

confidence If we use the simple algorithm since ACDE  B rule holds comparing with a  (l – a) we have a = 

ACDE and l = ABCDE, so we have to check all the rules two-item consequent and antecedent as a subset of a i.e. 

ACD BE, ADE BC, CDE BA, and ACE  BD hold.  

While from the fast algorithm we can directly say that first of these rules cannot hold because E BE, and ABCD 

 E does not have minimum confidence. The second and third rules cannot hold for similar reason. Thus there is no 

need to check for first three rules, it need to be checked only for the last rule.  

Similarly ABCE  D holds, we will test if the rules ABC DE, ABE DC, BCE DA, and ACE BD hold, and 

will find that the first three of these rules do not hold. In fact, the only two-item consequent rule that can possibly 

hold is ACE  BD, where B and D are the consequents in the valid one-item consequent rules. This is the only rule 

which will be tested by the faster algorithm 

3. ONLINE RULE GENERATION 

Substantial amount of work has been carried out by researchers in the field of online rule generation. An online 

association rule mining technique discussed by Charu et. al. (2001) suggests a graph theoretic approach. Here the 

pre-processed data is stored in such a way that online rule generation may be done with a complexity proportional to 

the size of the output. In this paper concept of an adjacency lattice of itemsets has been introduced. This adjacency 

lattice is crucial to performing effective online data mining. The adjacency lattice could be stored either in main 



INTERNATIONAL JOURNAL OF COMPUTER APPLICATION                                                                                                                

ISSUE 2, VOLUME 3 (JUNE 2012)                                                                                                                      ISSN: 2250-1797 
 

 Page 264 
 

memory or on secondary memory. The idea of the adjacency lattice is to prestore a number of large itemsets at a 

level of support possible given the available memory. These itemsets are stored in a special format (called the 

adjacency lattice) which reduces the disk I/O required in order to perform the query. In fact, if enough main memory 
is available for the entire adjacency lattice, then no I/O may need to be performed at all.  

3.1 Adjacency lattice 

An itemset X is said to be adjacent to an itemset Y if one of them can be obtained from the other by adding a single 

item. Specifically, an itemset X is said to be a parent of the itemset Y, if Y can be obtained from X by adding a single 

item to the set X. It is clear that an itemset may possibly have more than one parent and more than one child. In fact, 

the number of parents of an itemset X is exactly equal to the cardinality of the set X. This observation follows from 

the fact that for each element ir in an itemset X, X-ir is a parent of X.  

In the lattice if a directed path exists from the vertex corresponding to Z to the vertex corresponding to X in the 

adjacency lattice, then X Z. In such a case, X is said to be a descendant of Z and Z is said to be an ancestor of X. 

3. The Algorithm 

 

There are three steps in the algorithms proposed in the paper. 

STEP 1: 

Generation of adjacency lattice: 
The Adjacency lattice is created using the frequent itemsets generated using any standard algorithm by defining 

some minimum support. This support value is called primary threshold value. 

The itemsets obtained above are referred as prestored itemsets, and can be stored in main memory or secondary 

memory. This is beneficial in the sense that we need not to refer dataset again and again from different value of the 

min. support and confidence given by the user. 

The adjacency lattice L is a directed acyclic graph. An itemset X is said to be adjacent to an itemset Y if one of them 

can be obtained from the other by adding a single item. The adjacency lattice L is constructed as follows:     

Construct a graph with a vertex v(I) foe each primary itemset I. Each vertex I has a label corresponding to the value 

of its support. This label is denoted by S(I). For any pair of vertices corresponding to itemsets X and Y, a directed 

edge exists from v(X) to v(Y) if and only if X is a parent of Y. 

Note that it is not possible to perform online mining of association rules at levels less than the primary threshold. 
Consider the following, market basket given in the Table 1.1 from which we have to generate the rules.  

1 A, B, D 

2 A, C, D 

3 A, B, C, D 

4 B, D 

5 A, D 

Table 1.1 

Large itemsets with support = 0.3 (minimum support) is given in Table 1.2 

Itemsets Support 

A 0.8 

B 0.6 

C 0.4 

D 1.0 

AB 0.4 

AC 0.4 

AD 0.8 

BD 0.6 

CD 0.4 

ACD 0.4 

ABD 0.4 

While (Generated  (N – Ns; N)) 
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     begin 

         Mid = (High + Low)/2; 

         Generated = DHP(Mid); 
     end; 

     return(Mid); 

end     

 

Algorithm: Construct Lattice (Number of Itemsets: N, Slack: Ns) 

begin 

     p = Naive Find Threshold(N, Ns) 

     For each itemset X = {i1; : : : ir} with S(X)  p do 

     Add the vertex v(X) to the adjacency lattice with label S(X) 

     Add the edge E(X – {ik};X) for each k  {1; : : : ; r} 

end  

STEP 2 

Online Generation of Itemsets: 

Once we have stored adjacency lattice in RAM. Now user can get some specific large itemsets as he desired. 

Suppose user want to find all large itemsets which contain a set of items I and satisfy a level of minimum support s, 

then there is need to solve the following search in the adjacency lattice.    

AC 0.4 

AD 0.8 

BD 0.6 

CD 0.4 

ACD 0.4 

ABD 0.4 

Table 1.3 

 

 

 

Figure 1.3: The adjacency lattice diagram of the large itemsets. 

 

Adjacency lattice obtained by the large itemsets and their support is show in the Figure 1.1. We have to store this 

adjacency lattice in the RAM for online querying. 

Function:  Native Find Threshold (Number of Itemsets: N, Slack: Ns) 
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begin 

High = maxi {Support of item i} 

     Low = 0; Generated = 0;  
For a given itemset I, find all itemsets J such that v(J) is reachable from v(I) by a directed path in the lattice L, and 

satisfies S(J) ≥ s. 

 

 

For the above example let user wants to have all large itemsets which contain A, B or D and whose support is greater 

or equal to 0.4. So the value of I = {A, B, D} and s = 0.4. 

 

Figure 4.2: The large itemsets having itemset I and support >=0.4. 

 

Algorithm: Find Itemsets (Itemset: I, Support: s)  

begin  

LIST = v(I); Output List=  

While LIST! =  do 

 begin 
 Select a vertex v(R) from LIST; 

 { 

 Assume that the children of a vertex are arranged in decreasing order of support 

     }   

While the next child v(T) of v(R) 

        Satisfies S(T) >= s do 

  begin 

  if v(T)   Output List do  

        begin 

        LIST=LIST U v(T) 

    Output List = Output List U (v(T); S(T)); 

        Cardinality=cardinality+1; 

                                    End 

 

Rule Generation: 
Rules are generated by using these prestored itemsets for some user defined minimum support and minimum 

confidence. 

Let X = {X1, X2 ...} be the itemsets generated in the first phase of the online processing algorithm. Let c be the 

minimum confidence at level at which it is desired to mine the association rules. For each Xi  X, rule may be 
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generated by applying a reverse search algorithm starting from v(Xi) and finding all the ancestors of v(Xi) which 

have a support value at most S(Xi)/c. For each such ancestor v(Y) it is possible to generate the rules of the form Y  

(Xi – Y). 

Thus our problem becomes a graph search problem in the adjacency lattice, prestored in the memory.   
Problem: Find all the ancestor vertices of the v(X) which have the support at most S(X)/c. Now all the ancestors, say 

Y, of a vertex v(X) obtained above will generate rules of the form as Y  (X-Y). But we can easily see that there will 

be redundancy in the rules generated above. There are two types of redundancy described bellow; 

Simple Redundancy: Let A B and C  D be two rule satisfying A B = C  D = X. The rule C  bears 

simple redundancy with respect to the rule A B, if C A. In other words, if the rule A B is true at a certain level 

of support and confidence, then so is C , independent of the nature of the transaction data. 

Thus, in simple redundancy, the support value for the two rules is the same, but the confidence value for one is 

larger than the confidence value for the other. The support values for the rules are the same since they are generated 

from the same itemset. As an example, the rule XY  bears simple redundancy with respect to the rule X  

Strict |Redundancy:  We consider two rules generated from item sets Xi and Xj respectively, such that Xi  Xj. Let 

A B end; 

      Delete the vertex v(R) from LIST 

            end;  

end;  

Algorithm: Find Support (ItemSet: Z, Cardinality: k) 

begin 

LIST= v(Z); Output List= ; 

Cardinality= 0 

While (LIST!= ) and (cardinality<=k) do 

    begin 

    Select a vertex v(R) from LIST with largest value of S(R); 

    Output List = Output List U (v(R); S(R)); 

    cardinality=cardinality+1; 

    for each child v(T) of v(R) do 
 begin  

 if v(T)  Output List do 

                 LIST=LIST U v(T); 

           End; 

    Delete the vertex v(R) from LIST 

    end; 

 

return (min {S(R) : (v(R); S(R))  Output List}; Output List) 

end; 

 

STEP 3 

and C  be rules satisfying A  B = Xi, C  = Xj, and C  A. Then the rule C  is redundant with respect to 

the rule A B. 

Thus, in strict redundancy, one rule dominates the other based upon both support as well as confidence. As an 

example, the rule X Y bears strict redundancy with respect to the rule X  YZ. 

 

Definition:  A vertex is a maximal ancestor of v(X) at confidence level c if and only if S(Y)/S(X) <1/c, and no strict 

ancestor v(Z) of v(Y) satisfies S(Z)/S(X) <1/c.   

In order to actually generate rules from itemsets X = {X1, X2 ...}, we apply the following method. For each itemset Xi 

 X, we find the all the maximal ancestors of Xi. And for each maximal ancestor, we can generate the rule Y (Xi – 

Y ). Unfortunately, this may result in strict redundancy while generating rules from two different itemsets Xi and Xj 

which satisfy Xi Xj. So to avoid the redundancy in this case, it is necessary and sufficient to prune the set of 
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maximal ancestors of an itemset X to avoid strict redundancy. It should not share any itemsets with the set of 

maximal ancestors of any itemset Xk, which is a child of X. 

Algorithm: Find Boundary (ItemSet: X, Confidence: e)                                                                                                                                                                    
begin 

LIST= v(X); Boundary List=  

While LIST!=  do 

     begin 

     Select a vertex v(R) from LIST; 

     For each parent v(T) of v(R) do 

 begin 

 if v(T) has not yet been visited  

     and S(T)_S(X)=c do 

  LIST=LIST U v(T); 
 End; 

     Delete the vertex v(R) from LIST 

     If v(R) is maximal add v(R) to Boundary List  

     end; 

end; 

Algorithm: Generate Rules (Set of Itemsets: X, c) 

begin 

Rule Set =  

for each Xi  X  do F(Xi; c) = Find Boundary (Xi; c) 

for each Xi  X do  

      begin  

      P(Xi; c) = F(Xi; c) 

      for each child Xj  X of Xi do 

 P(Xi; c) = P(Xi; c) -- F(Xj; c) 

 For each itemset Y  P(Xi; c) do  

      Rule Set = Rule Set U {Y => Xi – Y}  

  end; 

return Rule Set 

end; 

 

4.4 Weakness of the Algorithm  

 The lattice has to be constructed again and again for all large itemsets, to generate the rules, which is a very 

time consuming for online generation of rule. 

 The number of edges would be more in the generated lattice as we have edges for a frequent itemset to all 

its supersets in the subsequent levels.  

The pseudo code for the Initialize ( )  

//function for storing the large itemsets and support in the structure: 

Algorithm 

Initialize (S) 

Begin for each large itemset Є S do 

   Item1 = s(i).itemset; 

   Item2=s(i+1).itemset; 

    M1=length(item1); 

     M2 = length(item2); 

     s(j,k).itemsets = item1; 

     s(j,k).support=s(i).support; 

      Increment k; 

     If(diff of lengths of consecutive items!=0) 
       put itemsets in the next row of s; 

  return s; 
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End 

 

Figure 5.1: Initializing structure with itemsets and support. 
Now to calculate the weight of the edge between itemset X and itemset Y, where (X-Y) = 1-itemset, calculate the 

value support(X)/support(Y) if this value is greater than minimum confidence then we can have an edge between the 

itemset X and the itemset Y and this edge will have weight = support(X)/support(Y). 

Now a function is required to generate the adjacency matrix using the structure S and s. This function will take one 

large itemset from s(i, j) and compare with all the items in s(i+1, j). If any subset of this itemset in s(i, j) is present 

in s(i+1, j) then it  is required to find that whether there will be link between them and if there will be link then what 

will be the weight of the link.  

Let an itemset X from structure s(i, j) is taken and searched in the S(i). When index of itemset X, say index 1, in the 

structure S is obtained, we can easily get the support of this itemset X. Now search all subset of this itemset in s(i+1, 

J). There is need to find the support for each itemset Y, which is present in the s(i+1, j) and also subset of the itemset 

X present in s(i, j), The index of the itemset Y, index2, is obtained by searching it in structure S(i). Now weight = 
S(index1).support/S(index2).support is calculated if it is greater than minimum confidence then in the adjacency 

matrix, say a, a[index1, index2] is assigned value equal to the weight.  

 

5. PROPOSED ALGORITHM 

The algorithm by Charu et. al (2001) has been discussed in previous chapter. Detailed discussion of the proposed 

algorithm has been done in the current chapter. Graph theoretic approach has been used in the proposed algorithm. 

The graph generated is a directed graph with weights associated on the edges. Also the number of edges is less 

compared to that in the algorithm  

5.1 Algorithm 

The algorithm has two steps explained below. The first step is explained in the section 5.1.1 in which we will 

explain that how are we going to construct the graph. The second step is explained in section 5.1.2 in which rule 

generation is explained.  

5.1.1 Construction of adjacency lattice: 

The large itemsets obtained by applying some traditional algorithm for finding frequent itemsets (like Apriori) are 

stored in one file and corresponding values of support is stored in another file. Using these two files we can store the 

item and their corresponding support in a structure say S. 

create an array of structure s(i, j) having two fields itemsets and support. This array of structure is used to store the 

different length of large itemsets in different dimensions. In the field itemsets of structure s(i, j) we will store 1-

itemsets in s(1, j), 2-itemsets in s(2 pseudo code for gen_adj_lattice()B  is given in the following Fig 4.2: 

 

Algorithm gen_adj_lattice(S,s) 

Begin 

      For each row of s do 
                    Item 1 = s(I,j).itemsets; 

                    Index1 = find_index(item1,s); 

 //finding all subsets of item1 in s(i+1,j) 

      For each itemset in s(i+1) do 

                   Item2 = s(i+1,k).itemsets; 

             If (item1 is superset of item2) 

                 Index2 = find_index(item2,5); 

             Confidence = s(index2).support/s(index1).support 

              If(Confidence >= minconf) 

                  Adj_lat(index1,index2)=Confidence; 

       Return adj_lat; 
End; 

, j), 3-itemsets  in s(3, j) and so on.  

 Figure 5.2: The algorithm for generating adjacency lattice. 

In the above gen_adj_lattice() function there is a sub-function  to search an element in the structure S which returns 

the index of that itemset in the structure. Using this index we can get the support of the corresponding large itemset. 

Let an itemset X is to be searched in the S(i) firstly find the length of the itemset X. Now take start traversing the 

structure S if the length of the current itemset is equal to the length of the itemset to be searched then only compare 
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the two itemsets. If all the items of the both itemsets are matching then return the index. This pseudo code for 

find_index() is given in the following Figure 5.3.    

 
//function for finding the index of an itemset in S. 

Algorithm find_index(item,S) 

Begin 

 N1 = length(item1); 

      For each itemset in S do 

Item2= S( r).itemsets; 

N2 = length(item2); 

If(length of the itemsets are equal) 

         If(Each item matched) 

 index = r; 

    return index; 
end; 

 

 Figure 5.3: Algorithm for finding index of given itemset. 

The graph generated will be directed graph in which largest itemsets will be at the first level and 1-large itemsets 

will be at support of the itemset at the nth level. 

For example: Consider X=A (1-itemset) and Y=AB (2-itemset). If the confidence of rule A B is equal to 0.85 then 

we have an edge between A and AB with weight 0.85. (Minimum confidence = 0.8). 

Similarly the graph will have edges between A and AC, C and BC, AB and ABC, AC and ABC. These edges are 

shown by dark arrows. The dotted arrows would not be part of the graph as shown in Figure 5.4. All the doted edges 

should be ignored from the graph as shown in Figure 5.5. The graph depicted in Figure 5.5 would be used for the 

rule generation.  

 
Figure 5.4: Graph before applying minimum confidence. 

 
Figure 5.5: Graph for minimum confidence = 0.8. 
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5.1.2 Generation of rules 

Each node in the directed graph is chosen for rule generation. Call that node starting node and do depth first search 
in the directed graph. And generate the rules from the visited node and starting node if and only if it satisfies all the 

condition, which are required to generate essential rule. 

 

Conditions: 

1. Product of the confidence of the path between the starting node and the visited mode must be greater than 

minimum confidence lowest level. And the direction of the edges will be from (n-1)th  level to nth level. 

And the weight will be equal to the support of the itemset in the (n-1)th  level divided by the To reduce 

simple redundancy: We generate set of all children of the visited node and then this set of child nodes is 

compared with the nodes that have already been used by the same starting node for rule generation. If any 

one of the child nodes is found there from this visited node no rule can be generated. Because this rule will 

be redundant. 
The pseudo cod for find_allChild()  is given in the following Figure 5.6.  

Algorithm find_allChild(adj_lat,i) 

Begin 

             C1=C=NULL; 

             C1=C=child(adj_lat,i); 

             While C1 = NULL do 

                 For each c Є C1 do 

                       C1 = Child(adj_lat,c); 

         C = C Ụ C1; 

                  Return C; 

End; 

Figure 5.6: Algorithm for finding all children of given itemset. 
We have a structure, say G, which stores nodes that have already been used for generating rules. They are stored in 

such a way that we can get the required nodes just by reaching the corresponding index. The pseudo code for the 

same is given in the following Figure 5.7. 

 

Algorithm node_gen_rule(node set: S,G) 

Begin 

 generated Set = NULL; 

 for each node S(i) Є S do 

                     generated Set – generated Set Ụ G(S(i)); 

                return generated Set; 

End; 
                  

Figure 5.7: Algorithm for finding nodes used for rule generating. 

 

2. To reduce strict redundancy; 
(a) We have generated s of all Parents of the starting node and then for all these parent nodes we have to 

find out all the nodes which have been used for Rule Generation by these parent nodes. Then this set of 

node is compared with the visited node. If this visited node is found then from this visited node no rule 

can be generated. Because this rule will be strictly redundant. The pseudo code for find_allParents() is 

given in the following Figure 4.8 

. 

Algorithm find_allParents(adj_lat,i) 
Begin 

                 P1=P=NULL; 

  P1=P=Parents(adj_lat,i) 

                  While P1 is not equal to NULL do 

                     For each P Є P1 dp 

                           P1 = Parents(adj_lat,P) 

                           P = P Ụ P1; 
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                     Return P; 

End; 

Algorithm for finding all parents of given itemset. 
 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

Generating rules for selected node 

 

We generate set of all Childs of the visited node and the set of all Parents of the starting node and then for all these 

parent’s nodes we have to find out all the nodes, which have been used for Rule Generation by these parent nodes. 

Then this set of node is compared with the set of all child. If any of child of this visited node is found there then 

from this visited node no rule can be generated. Because this rule will be strictly redundant.  

 

CONCLUSION AND FUTURE WORK 

 

In this report we discussed data mining, techniques of data mining and one of important technique of data mining. 

We discussed issues related with association rule mining and then we introduced online mining of association rules 

to resolve these issues. Online association mining helps to remove redundant rules and helps in compact 

representation of rules for user.  A new algorithm has been proposed for online rule generation. The advantage of 
this algorithm is that the graph generated in our algorithm has less edge as compared to the lattice used in the 

existing algorithm. Our algorithm generated all the essential rules also and no rule is missing.  

Our future work will be implementing both existing both existing and proposed algorithms, and then test these 

algorithms on large datasets like the Zoo Dataset, Mushroom Dataset and Synthetic Dataset. 
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