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2.3.2 IF ItemNodePointer = = null.
2.3.3 Construct new FP-Graph node.

2.3.4 Insert the ltemNodePointer address into H-
Table;

/* Assume that the ItemNodePointer is filled at this
stage. */

/* Adjust ParentNodePointer and Transld for tagging
pattern-path with transid */

IF Parent-list! = null/* this current item-identifier node
has parent */

ParentNodePointer=Add Prefix Pattern Parent Node.
Else

Construct empty Parent-list and then Add Prefix
Pattern Parent Node in it.

3.3 Add this Transld to Transld-list.

Frequent itemset: & Siell walied o6 cedid £ 3
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Algoithm1: Procedure of Construct FP-Graph.

Input: A transaction database DB and frequent item
header table H-table.

Output: FP-Graph.

Initialize Transld to 0.
For each Transaction t € DB.
2.1 Initialize ParentNodePointer = null.
2.2 transld++;
2.3 For each itemi €t.

2.3.1 ItemNodePointer = scan H-Table and get the
graph pointer.
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Algorithm2: Procedure of Frequent itemset mining.

Input: FP-Graph, Support threshold min_sup and
frequent item header table H-table.

Output: Frequent patterns FP.

For (each bottom up item from H-table).
Access the FP-Graph node of that Item-id.
1.2 FP = {¢}.
1.3 For (each Parent-list).
1.3.1 Get Transld of Transld-list.
1.3.2 IF (Transld-list is empty).
1.3.3 Skip and get next Transld-list.
1.3.4 For (each Transld in Transld-list).
1.3.5 Generate conditional patterns CP.
1.3.6 Delete CP based on min_sup.
1.3.7FP=CPU FP.

1.3.8 Generate all combinations of FP.
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Abstract— The Finding of frequent itemset in big data is an important task in data mining and knowledge
discovery. The exponential daily growth of data, called “Big Data”, mining frequent patterns from the huge
volumes of data has many challenges due to memory requirement, multiple data dimensions, heterogeneity
of data and so on. The complexities related to mining frequent item-sets from a Big Data can be minimized
by using Modified FP-growth algorithm and parallelizing the mining task with Map Reduce framework in
Hadoop. In this paper, a modified FP-growth based on directed graph with Hadoop framework will reduce
the execution time for the massive database and works efficiently on number of nodes (computers). The
algorithm was tested, our experimental results demonstrated that the proposed algorithm could scale well
and efficiently process large datasets. In addition, it achieves improvement in memory consumption to store
frequent patterns and time complexity.

Keywords— Association Rule Mining (ARM), Big Data , Map-Reduce, FP-growth, Directed Graph.



