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Abstract: Due to the massive data size and complexness, big
data mining using a sole computer is a problematic task. With the
rapid increase in the database size, parallel and distributed
computing systems can yield better benefits in the data mining
applications. Parallelization of the Association Rule Mining
(ARM) algorithms is a significant task in the data mining
application for effectively mining the frequent itemsets from the
large-size databases. These mining algorithms allocate the
database in a horizontal manner or increase the number of
processors to decrease the overall time necessary for mining the
frequent itemsets. In this paper, a combined Horizontal
Parallel-Apriori (HP-Apriori) and Adaptive Frequent Pattern
(FP) Growth algorithm is proposed to divide the database both
horizontally and vertically into four sub-processes, for parallel
processing of all four tasks. The Horizontal Parallel-Apriori
algorithm increases the speed of the mining process using an
index file. Adaptive Binomial Distribution (ABD) is applied to the
Frequent Pattern Growth Algorithm to find the minimum support
for mining the optimal frequent itemsets. Experimental analysis
established that the combined algorithm outperforms in terms of
minimizing the overall execution time and increasing the
computational speed in high scalability.
Keywords: Apriori Algorithm, Big Data Mining, Frequent Pattern
Growth Algorithm, Parallel and Distributed Processing

I. INTRODUCTION

The swift advancement of the data storage capability and
data collection capability resulted in the prompt growth in the
size of the database in various fields[1]. Big data processing
involves huge data that needs additional real-time study[2].
Big data analytics using the machine learning techniques and
data mining approaches has attracted the attention of the
researchers. Due to the huge data size and high complexity,
big data mining is extremely difficult with the present data
mining techniques. Hence, this makes it as a great challenge
for finding the valuable information from the big data due to
the huge volume, dissimilar and independent sources with the
distributed control to discover the intricate relationship
between data [1].ARM discovers uniformities in the
transaction database that results in the implementation of
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better tactical business decisions [2, 3]. The two stages of
ARM are mining of the frequent itemsets and extraction of the
association rules.
The Apriori algorithm is one among the mainly prevailing
data mining algorithms used to extract useful information
from the database [4]. For huge datasets, the existing ARM
algorithms could not deliver effective mining results within a
stipulated time. The Apriori algorithm applies a breadth-first
search concept to calculate the support count of the frequent
itemsets. Hence, the Apriori algorithm is less effective than
other mining algorithms. During application of the ARM to
the big data, the difficulty of mining the frequent itemsets is
higher than the extraction of the association rules. This is due
to the reason that scanning of the whole database is required
for computing the support count of each frequent itemset. The
confidence of the strong association rules is calculated
simply. Thus, mining of the frequent itemset requires more
time than the ARM step [5]. The parallel prototype is
considered as an effective way to handle this issue. Maximum
big-data based mining algorithms are based on the parallelism
concept. The data is separated into the fragments and the
mining operation is performed in parallel. Parallel-based
mining algorithms partition the data in a horizontal or vertical
manner, and perform data mining task on each subset. At last,
the results are combined with their corresponding support
count.
Apriori algorithm and FPGrowth algorithm are the
extensively employed algorithms for mining the frequent
itemsets. However, these algorithms suffer from an issue in
defining the minimum support threshold (min_sup) for
mining the frequent itemsets. If the min_sup is set too low,
several frequent itemsets will be generated. This may cause
these algorithms to be inefficient and consume more memory
space. If the min_sup is set high, less frequent itemsets are
mined. This work solves this issue by using the ABD to find
appropriate min_sup adaptively. This facilitates in the mining
of the optimal frequent itemsets.
HP-Apriori algorithm mines the frequent itemsets from the
big data in a parallel manner. The dataset is partitioned in both
horizontal and vertical ways into four subsets. The itemset
mining process is furthermore divided into the sub-tasks:
candidate itemset creation, support count computation and
association rule combination. A node generates each
candidate itemset and combines the association rules. Hence,
the time needed for calculating the support count is highly
greater than other tasks. The algorithm generates an index file
to improve the support count computational speed.
The paper is systematized in
the subsequent way: Section II
presents a brief overview of
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the existing works relevant to the mining of the frequent
itemsets from big data. Section III describes the horizontal
parallel Apriori algorithm and Frequent Pattern growth
algorithm. Section IV presents the comparative analysis of the
proposed combined algorithm and existing techniques. The
merits of the work are determined in Section V.
II. EXISTING MINING ALGORITHMS
In the parallel data mining process, the huge data is
separated into smaller portions. Parallelism approach focuses
on partitioning the huge data into smaller portions, such that
each portion is processed individually using a single
processor. Hence, the number of support count calculations
can be done simultaneously and parallelly[1]. In [6], the
partition algorithm emphases on the efficient partitioning of
the dataset on a huge database. A level-wise algorithm is used
for generating local frequent itemsets and collecting their
global support counts during a second pass. Due to the
availability of minimum information in the minimum
portions, this algorithm yields many False Positives (FPs).
Park et al. [7]formulated Parallel Data Mining (PDM)
algorithm to identify the global set of large frequent itemsets
and minimize the required amount of inter nodal data
exchange. The large frequent itemsets are calculated by
replacing their support count. Agrawal and Shafer
[8]suggested parallel data mining algorithms for mining the
association rules. In the Count Distribution algorithm, the
local candidate itemsets are created from the large itemsets
found at the previous iteration[9]. The Candidate Distribution
algorithm divides the candidate itemsets, and replicates the
itemsets in a selective way despite of partitioning and
switching the database transactions. The Data Distribution
algorithm divides the entire database and assigns the
candidate itemsets to various processors. But, this Data
Distribution algorithm suffered from large communication
overhead due to scanning of the entire database in all
iterations.
Mueller [10] proposed an algorithm incorporating both
Transaction Identifier (TID)-lists and partitioning approach.
The prefix tree is used to avoid counting of the needless
candidates. Vu and Alaghb and [11] proposed a new parallel
method for finding the frequent patterns. Two mining
schemes are combined and the optimal appropriate mining
scheme is applied to each subset to acclimate to the
characteristics of the data and execute faster on the sparse and
dense databases. The novel lock-free scheme of this method
reduces the synchronization requirements and improves the
data individuality to yield high scalability.
III. PROPOSED WORK
The Apriori algorithm includes the following stages
 Candidate itemset creation at the ‘n’th level:
 The Apriori Algorithm associates the frequent itemsets of
size (n-1) with the 1-itemsets for creating ‘n’ number of
candidate itemsets with the frequency measure.
 Support value computation at the ‘n’th level:
 The frequencies of all candidate itemsets are calculated and
the frequent itemsets among them are determined.
These stages are repeated continuously till not any new
frequent itemset is mined at the level ‘n’. Initially, the Apriori
algorithm performs database scanning for counting the
support value of the 1-itemsets. The frequent 1-itemsets are
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selected and supersets are created, while passing through the
transaction database again. The candidate itemsets are
generated by associating the frequent (n-1) itemsets with the
frequent 1-itemsets. Subsequently, the support count of the
novel candidate itemsets are calculated by scanning the
dataset and removing the itemsets having lowest support
threshold than the minimum support threshold. This involves
several passes through the whole dataset. Finally, a list of
frequent n-itemsets is generated as the output.

Figure 1 Relationship among the sub-process in the
Horizontal Parallel Apriori Algorithm
The Horizontal Parallel Apriori Algorithm [12] involves
four sub-processes for mining the frequent itemsets from the
big data. The sub-processes are candidate generation phase,
two support count calculation phases and frequent itemset
determination phase. The support value calculation process
consumes more time for scanning the entire big dataset, due to
the high size of the transactions in the big dataset. Figure 1
depicts the relationship between the sub-processes in the
Horizontal Parallel Apriori Algorithm.
During each iteration, the list of the candidate itemsets is
regenerated and global frequent itemsets is updated. Both the
index lists are created at the first step. The first phase
generates two lists of candidate itemset by using the frequent
(n-1) itemsets by inserting the candidate itemset one by one,
so that a candidate itemset is introduced in the primary list and
next candidate itemset is inserted into the secondary list. The
second and third phases count the support of the itemsets 1
and 2 using the index lists 1 and 2, respectively. Lastly, the
support counts are added together into the lists of the
candidate itemset.
The fourth phase combines both the candidate itemsets 1
and 2 while determining the global support for each candidate
itemset and inserting the combined itemsets into the list of
global frequent itemsets. These steps are executed for n>1.
For k=1, these steps are employed in different ways as
described follows:
The database is separated in the horizontal direction into
twofold partitions of similar data size. Each horizontal
partition is vertically divided into twofold subsets. The big
data is again separated into four subsets that are further
allocated to the parallel processing. In the first step, each node
separately creates the candidate 1-itemsets and index list for
each subset. Then, phases 1 and 4 combine the local 1-itemset
lists while the phases 2 and 3 merge the local index lists, such
that a single index list file is created for every horizontal
partition. Finally, the phases 2 and 3 calculate the support
count of 1-itemsets. Phase 4
groups two 1-itemset lists to
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define the global frequent 1-itemset list.
Figure 2 shows the flow chart of the FP growth Frequent
Itemset algorithm. The first step is to input the transaction
dataset. Secondly, the number of specific items should be
calculated from the transaction dataset. Then, the total
number of items and ABD of each frequent item are
calculated. The optimal adaptive threshold is found out by
using the ABD and applied to the Frequent Pattern growth
algorithm for mining the optimal frequent itemsets [13].
HP Apriori and FP growth Frequent Itemset Algorithm
Input: ‘Q’–Transaction database, ‘S’ - Support threshold and
‘I’ -Item prefix such that
.
Output:
is a list of frequent itemsets
N=1;
If (N=1)
{
For each transaction
For each candidate itemset
If
then
{

do
do

//Phase 1
//Phase 2 and Phase 3
//Phase 4
Figure 2 Flow chart of the FP growth algorithm

}
//index list of Phase 1
//index list of Phase 2 and Phase 3
//index list of Phase 4
//Phase 1
//Phase 2 and Phase
3
//Phase 4
N++
}
Else
{
While
Generation of candidate n-itemsets; //Phase 2 and Phase 3
Support value calculation for
; //Phase 2 and Phase 3
Combine
; // Phase 4
Identify frequent itemsets; //Phase 4
N++;
}

for all

occurring in Q do

# Create

for
occurring in Q so that
if support
then
for all

do

IV. PERFORMANCE ANALYSIS
The performance of the combined algorithm is evaluated
using the Chess and Mushroom datasets from UCI repository
[14]. The adaptive threshold value for the Chess dataset is
0.65 and Mushroom dataset is 0.75. Then, 0.65 and 0.75 are
set as min_supfor the Chess and Mushroom dataset,
respectively. If the min_sup<0.65 and 0.75, then a large
number offrequent itemsets will be created and the execution
time of the algorithm is increased. If the min_sup>0.65 and
0.75, the execution time is reduced significantly but some
effective frequent itemsets are lost. The confidence level is
fixed to be 70% better to create effective strong rules. The
confidence rate needs to be fixed high for more accurate
result.
Figure3 illustrates the comparative analysis of the
execution time of the chess dataset. Figure 4 presents the
comparative analysis of the execution time of the mushroom
dataset. From the graphs, it is observed that the performance
of the proposed combined algorithm is better than the
FP-growth algorithm and Apriori algorithm. In Table I, the
execution time analysis of the proposed combined algorithm,
Apriori and FP growth algorithms for the Chess dataset is
shown. Table II depicts the execution time analysis of the
proposed combined algorithm, Apriori and FP-growth
algorithm for the Mushroom dataset is presented.

do

# Depth-first recursion
Calculate
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Table I Execution time analysis of the proposed algorithm,
Apriori and FP growth algorithm for Chess dataset
Support

Time (sec)
Apriori

0.6
0.65
0.7

165
72
35

Frequent Pattern
Growth
95
42
27

Proposed Algorithm

0.75
0.8
0.85

25
20
9

19
16
7

15
8
2

0.9

4

2

0.5

70
32
24

Table II Execution time analysis of the proposed combined
algorithm, Apriori and FP growth algorithm for Mushroom
dataset
Support
Apriori

Time (sec)
Pattern Proposed Algorithm

0.6
0.65

139
50

Frequent
Growth
82
38

0.7
0.75

28
20

22
17

15
9

0.8
0.85

13
4

9
2

5
1

0.9

2

1

0.5

65
30

V. CONCLUSION
The traditional ARM algorithms could not be able to
perform the extraction of information from big data. Parallel
ARM in the big data reduces the overall execution time
required for the mining process. This work includes parallel
Apriori algorithm that mines frequent itemsets using four
sub-tasks in the parallel manner. The HP-Apriori algorithm
performs partitioning of the data in a horizontal manner and
applies two processes to each horizontal partition for
computing the support count of the local candidate itemsets.
Thus, the execution time is minimized significantly. The
adaptive threshold is generated automatically and applied on
the Apriori and FP growth algorithms for the effective mining
of the frequent itemset. Hence, the difficulties in determining
the minimum support threshold are reduced. This resulted in
the effective reduction of the execution time. The future scope
of the work is to apply different clustering techniques for
mining the associations for a large database.
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