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Abstract— Knowledge discovery and decision making 

demands the ability to process and extract insights from “Big” 

Data in a scalable and efficient manner. Data mining is the 

function of refined analysis to large quantity of data in order to 

determine new knowledge in the outline of patterns, trends, 

and relations. With the introduction of World Wide Web, the 

sum of data stored and available electronically has grown-up 

enormously and the method of knowledge innovation from this 

data has turn out to be very significant for the business and 

scientific research communities. Frequent Itemset Mining is 

one of the most extensively acknowledged procedures to dig out 

knowledge from data. The combinatorial outburst of Frequent 

Itemset Mining methods becomes even additional challenging 

when they are pertained to Big Data. Providentially, recent 

developments in the area of parallel programming already 

offer outstanding tools to deal with this problem. Nevertheless, 

these tools move toward their own technical disputes, e.g. 

unbiased data sharing and inter-communication costs. In our 

paper, we examine the applicability of Frequent Itemset 

Mining method on the Map Reduce platform. We introduce 

new method for pulling out large datasets: Big-Frequent-

Itemset-Mining is optimized to run on actually large datasets. 

Our approach is similar to FP-growth i.e top down but using 

different data structure based on algebraic topology. In our 

research we demonstrate the scalability of our techniques. 

 
Index Terms— Data mining, frequent item sets, association 

rules, Big data Sets, Frequent Pattern Mining, Map Reduce. 

I. INTRODUCTION 

Since current progress in technology, science, user habits, 

businesses, etc amplified production and storage of gigantic 

quantity of data, not astonishingly, the clever analysis of big 

data has develop into more significant for equally businesses 

and academics. Previously Frequent Itemset Mining has 

been vital ingredient of data analysis and data mining. 

Frequent Item Set Mining attempt to pull out information 

from databases based on frequently taking place measures, 

i.e., an event, or a set of events, is attractive if it take place 

frequently in the data, according to a user specified 

minimum frequency threshold. Numerous methods have 

been made-up to extract databases for frequent events [5], 

[7], [31]. These procedures work well in practice on 

archetypal datasets, but they are not appropriate for really 

Big Data. Applying frequent Itemset mining to large 

databases is difficult. Predominantly very large databases do 

not fit into main memory. In these conditions, one 

elucidation is to exercise level wise breadth first search 

 
 

based algorithms, like reputable Apriori algorithm [5], 

where frequency accumulation is realized by reading the 

dataset over and over again for each size of candidate item 

sets. Unfortunately, the memory requirements for managing 

the total set of candidate item sets propel up fast and turn 

into Apriori based schemes very incompetent to exploit on 

single machines. Recent approaches tend to keep the output 

and runtime under control by escalating the minimum 

frequency threshold, involuntarily dropping the number of 

candidate and frequent item sets. Conversely, research in 

recommendation systems has revealed that item sets with 

lower frequencies are more fascinating [22]. Hence, we still 

observe obvious need for methods that can contract with low 

frequency thresholds in Big Data. Parallel programming is 

becoming a necessity to deal with the massive amounts of 

data, which is produced and inspired more and more every 

day. Parallel programming architectures, and therefore the 

algorithms, can be clustered into two major subcategories: 

shared memory and distributed (share nothing).  

Considering shared memory systems, all processing units 

can in tandem use a shared memory area. Additionally, 

distributed systems are tranquil of processors that contain 

their individual internal memories and converse with each 

other by passing messages [6]. It is easier to adapt 

algorithms to shared memory parallelism in general, but 

they are typically not scalable enough [6]. The Map Reduce 

framework anticipated by Google [10], which make simpler 

the programming for distributed data dispensation, and the 

Hadoop execution by Apache Foundation [2], which 

provides the framework unreservedly accessible for one and 

all, distributed programming is fetching more and more 

accepted. Besides, current viable and non-viable systems 

and services advance the usability and accessibility for 

anyone. In this paper, we establish new algorithm that 

exploit the Map Reduce framework to compact with Big 

Data. Big-Frequent-Itemset-Mining is optimized to compact 

with strictly Big Data by using a hybrid algorithm on Map 

Reduce.  

 

II. RELATED WORK 

Literature in Data mining make use of parallel methods 

previously since its very early days [4], and many novel 

parallel mining methods as well as plans that parallelize 

existing sequential mining techniques exist. However, the 

number of algorithms that are adapted to the Map Reduce 
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framework is rather limited. In this section we will give an 

overview of the data mining algorithms. 

 

A. Overview of association analysis 

Among the various data mining techniques, association 

analysis is a popular and well researched method for 

discovering interesting associations and/or relationships 

among variables in large databases. For a pattern to be 

interesting, it should be logical and actionable. Association 

rule learning basically consists of revealing relationships 

among attribute values that occur frequently together in a 

dataset, and then representing them in the form of 

association rules. Association rules do not indicate causality, 

but instead suggest strong co occurrence relationships that 

can be further investigated as associated factors. Two 

important metrics in association analysis are support and 

confidence. 

Support indicates how often a rule is applicable to a 

specific data set and can be used to eliminate uninteresting 

rules, such as those that occur simply by chance []. 

Confidence measures the reliability of the inference made 

by a rule, for instance, X -> Y, measured as how frequently 

items or attributes in Y appear in transactions or patients 

that contain X. Minimum support and confidence thresholds 

are selected for assessing the association rules extracted 

from the data. An Itemset is frequent if its support is greater 

than or equal to that minimum support value. One important 

issue with mining association rules in large data sets is the 

fact that it can be computationally expensive depending on 

the algorithm used. A brute-force approach for discovering 

patterns from data would consist of computing the support 

and confidence for every possible rule. As the number of 

rules that can be obtained from a data set grows 

exponentially with the number of items in that set, this 

brute-force approach becomes prohibitively expensive. This 

approach also results in wasted transactions, as many of the 

rules would be discarded for falling below the minimum 

support and confidence levels selected. 

 

B. Apriori and FP-Growth Algorithms 

 

Many algorithms for generating association rules have 

been presented over time, such as the Apriori and FP-

Growth algorithms []. A common strategy that these 

algorithms implement, in terms of performance 

improvement, is to decompose the problem into two 

subtasks: 

a) Frequent item set generation, accomplished by 

reducing either the number of: i. candidate item sets based 

on the support measure, as in the Apriori algorithm, or ii. 

comparisons, as in the FP-Growth algorithm; 

b) rule generation, which first excludes rules that have 

empty antecedents or consequents and then checks that, after 

splitting item set Y into two non-empty subsets (X and Y – 

X), rule X -> Y – X satisfies the confidence threshold. Y – 

X in this case is known as the rule consequent. Rule 

generation does not require any additional passes over the 

dataset. 

 

C. Data Mining Algorithms On Map Reduce 

 

Lin et al. propose three algorithms that are adaptations of 

Apriori on Map Reduce [21]. These algorithms all distribute 

the dataset to mappers and do the counting step in parallel. 

Single Pass Counting (SPC) utilizes a Map Reduce phase for 

each candidate generation and frequency counting steps. 

Fixed Passes Combined-Counting starts to generate 

candidates with n different lengths after p phases and counts 

their frequencies in one database scan, where n and p are 

given as parameters. Dynamic Passes Counting  is similar to 

FPC, however n and p is determined dynamically at each 

phase by the number of generated candidates. The PApriori 

algorithm by Li et al. [20] works very similar to SPC, 

although they differ on minor implementation details. 

MRApriori [16] iteratively switches between vertical and 

horizontal database layouts to mine all frequent item sets. At 

each iteration the database is partitioned and distributed 

across mappers for frequency counting. Parallel FP-Growth 

[18] is a parallel version of the well-known FP-Growth [17]. 

PFP groups the items and distributes their conditional 

databases to the mappers. Each mapper builds its 

corresponding FP-tree and mines it independently.  The 

PARMA algorithm by Riondato et al. [27] finds 

approximate collections of frequent item sets. 

 

D.  Hadoop Framework 

Hadoop is a software framework for distributed 

processing of large datasets across large clusters of 

computers. HDFS was designed in the project NUTCH]. It 

acts as the storage mechanism. Input data are split into 

different chunks and stored in HDFS. The default chunk size 

is 64MB.  

Hadoop framework consists on two main layers  

 • Distributed file system (HDFS) 

 • Execution engine (Map Reduce) 

The following diagram shows Hadoop architecture. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2.1 Hadoop architecture 

 

HDFS has block oriented architecture. Each block has 

fixed size and are stored in the hadoop cluster. These 

different blocks are called as data node and they contains the 

actual data. The data nodes are stored in different machines 

at different clusters. The data is processed in the same 

cluster were it is stored. HDFS has the master slave 

architecture. Each hadoop cluster contains a single name 

node, that is the master node and slave nodes are the data 
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nodes. The primary communication mechanism between the 

name node and data node is called heartbeat. In every three 

seconds the heartbeat is sent to the name node from the data 

node. Heart beat contain the block report and list of blocks 

in the data node. If the heartbeat is not received the name 

node will create another replica of the data node. The 

following diagram describes architecture of HDFS. 

Fig 2.2 HDFS architecture 

 

E.  Map Reduce 

The Map Reduce framework helps us to retrieve the data 

efficiently from large spectrum of data. The Map Reduce 

framework was introduced by Google in 2004 . Map Reduce 

process the data as the key value pair. There are mainly four 

phases to perform the Map Reduce operation. First phase, 

mapper phase will collect the data from the HDFS which are 

stored in the different clusters. Output from the mapper 

phase is the intermediate results. These results are then 

given to other phase for passing to the reducer. Second 

phase is shuffle phase, here intermediate results are shuffled 

so that the results of the different mappers are brought 

together. Third phase is sort phase. In this the shuffled 

intermediate results are sorted together based on the key 

value, so the same key valued contents are brought together. 

By doing sorting the contents can be easily passed to the 

reducer for processing. Last phase is reducer phase. In this 

the sorted contents are processed to get the significant data. 

The jobs in the hadoop cluster are performed by the task 

tracker. When a job is scheduled, the job tracker will assign 

the job to the task tracker. It will proceeds to the job 

execution and the output is produced. Thus the large range 

of data is processed into useful contents. The following 

diagram explains layers in Map- Reduce. 

 

Fig 2.3 Layers in Map Reduce frame work 

 

The functionality of Map Reduce can be explained by 

following diagram. 

 

Fig 2.4 Functionality of Map Reduce 

 

III. FREQUENT ITEM SET MINING ON MAPREDUCE 

 

We propose two new methods for mining frequent item 

sets in parallel on the Map Reduce framework where 

frequency thresholds can be set low. We introduce a second 

method which is hybrid method that first uses an Apriori 

based method to extract frequent item sets of length k and 

later on switches to Eclat when the projected databases fit in 

memory. First, mining for k-FIs can already be infeasible. 

Indeed, in the worst case, one mapper needs the complete 

dataset to construct all 2-FIs pairs. Considering Big Data, 

the tid-list of even a single item may not fit into memory. 

Secondly, most of the mappers require the whole dataset in 

memory in order to mine the sub-trees. 

The following are various steps involved in our new 

algorithm 

1. Generating k-FIs: Big Frequency Item Set Mining 

covers the problem of large tid-lists by generating k-FIs 

using the breadth-first method. This can be achieved by 

adapting the Word Counting problem for documents, i.e., 

each mapper receives part of the database (a document) and 

reports the items/item sets (the words) for which we want to 

know the support (the count). A reducer combines all local 

frequencies and reports only the globally frequent 

items/item sets. These frequent item sets can be redistributed 

to all mappers to act as candidates for the next step of 

breadth-first search. These steps can be repeated k times, to 

obtain the set of k-FIs. 

2. Finding Potential Extensions: After computing 

the prefixes, the next step is computing the possible 

extensions, i.e., obtaining tid-lists for (k+1)-FIs. This can be 

done similar to Word Counting, however; now instead of 

local support counts we report the local tid-lists. A reducer 

combines the local tid-lists from all mappers to a single 

global tid-list and assigns complete prefix groups to 

different mappers. 

3. Subtree Mining: Finally, the mappers work on 

individual prefix groups. A prefix group defines a 

conditional database that completely fits into memory. The 

mining part then utilizes diffsets to mine the conditional 

database for frequent item sets using depth-first search. we 
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can continue the iterative process until we reach a set of k-

FIs that are small enough. 

In our methods frequent item sets are mined in step 3 by 

the mappers and then communicated to the reducer. To 

reduce network traffic, we encoded the mined item sets 

using a compressed trie string representation for each batch 

of patterns. 

 

IV. EXPERIMENT RESULTS AND ANALYSIS 

We analyze the running time of algorithms on both 

synthetic and real datasets. Our experiments suggest 

independence of the assignment method: using longer 

prefixes results in a better balancing of the load. Generating 

the longer prefixes requires additional initial computation. 

However, for large databases this computation is negligible 

compared to the entire mining process. Here we consider 

two data sets of different sizes and evaluated generation of 

association rules based on different parameters. 

The following diagram shows the relation between 

support and confidence in generating association rules. 

 

Fig 4.1 Support and Confidence 

 

The following diagram shows the  apper and Reducer 

execution. 

 

 
 

Fig4.2 Mapper and Reducer execution 

 

The Figures 4.3 and 4.4 shows how execution time varies 

for different no of association rules for data set1 and data 

set2 

 
Fig 4.3 No of Association Rules and time taken for 

execution from dataset1 

 
Fig 4.4 No of Association Rules and time taken for 

execution from dataset2 

 

The Figures 4.5 and 4.6 No of association Rules 

generated from from data set1 and data set2 

Fig 4.5 No of Association Rules mined from data set1 

 
 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.6  No of Association Rules mined from data set2 

The following diagrams shows efficiency of BigFM and 

Apriori algorithms on data set1 and data set2 with different 

min support and min confidence values. 
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Fig 4.7 Mining efficiencies of BigFM and Apriori 

algorithm with different   

min_sup  and min_conf in dataset1 

 

Fig 4.8 Mining efficiencies of BigFM and Apriori 

algorithm  

with different min_sup and min_conf in dataset 2 

 

 

Fig 4.9 Relationship between No of Generated Item Sets 

and time 

 

 

Fig 4.10 Relationship between number of transactions 

and time in BigFM 

 

The following table shows results of BigFM and Apriori 

on Big Data sets 

Table 4.1 Results of BigFM Vs Apriori on Big Data Sets 

 

Status #new 

Transa- 

ctions 

# Transa- 

ctions 

Big 

FM 

Apriori 

First run 10 10 0.51 0.17 

Frequent run 10 20 0.53 0.42 

Frequent run 50 70 0.91 1.88 

Frequent run 200 270 1.13 3.61 

Frequent run 400 670 1.30 5.00 

Frequent run 600 1270 2.67 6.98 

Frequent run 1200 2470 5.28 14.98 

Average Frequent run times 1.97 5.482 

This is Decrease of 63.95% 

 

The following diagrams describes the efficiency in terms 

of No of Different Items and Total Frequent Item Sets 

Fig 4.11 No of Different Items Vs Total Frequent Item 

Sets 

Fig 4.12 No of Different Item Sets for No of Different 

Items 

Fig 4.13 No of Different Item Sets for No of Different 

Items 
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V. CONCLUSION AND FUTURE WORK 

 

The concept of association rule generation or mining can 

be done effectively in distributed systems that can use 

parallel executions as in Hadoop environment. This is 

because it can be scaled up to large volumes of data with 

less execution time and cost with good accuracy. The 

proposed algorithm in this paper also considers the type of 

input data and can be applied to any data formats. By 

dividing the input data into many splits and processing them 

using many nodes, the execution is made easy. The 

management issues such as data transfer between the nodes, 

storage of data, failure of any node and other issues within 

the cluster are all handled by Hadoop automatically. Thus 

the proposed system is more efficient in terms of scalability 

and robustness. The proposed association rule mining 

algorithm also has the same features and so it is efficient. 

Also by making use of the key-value pair approach, the 

processing is made much easier compared to that of the 

existing binomial approach. But still the proposed algorithm 

is not the best in performance when comes to really large 

datasets. So in the future the Fuzzy based association rule 

mining can be done in Hadoop to handle data larger than the 

one in this paper. Further the input data can be classified 

based on the calculated support and confidence values by 

using a suitable classification algorithm. In future this work 

can be extended to implement feature selection first using 

information gain or mutual information  before implanting 

Association Rule Mining.  
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