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Abstract – In order to extract useful and meaningful 

information from raw data pattern mining is used. This 

paper aims to extract item  sets that has regularity and 

homogeneity in data. The goal of this paper is to propose a 

new efficient pattern mining algorithm that can be used in 

Bigdata. For this purpose a series of algorithm based on 

map reduce framework and hadoop open source 

implementation have been used. The proposed system has 

three modules namely Map Reduce Frame work, 

partitioning and FP Growth algorithm. The performance of 

the proposed system is analyzed by collecting various 

Bigdata datasets.  

Key Words:  Bigdata, Hadoop, Map Reduce, 

Pattern Mining, FP Growth Algorithm. 

 

                                1. INTRODUCTION 

 
Distributed storage systems, such as GFS and 

Azure, have been widely adopted in enterprises to provide 

large-scale storage services. However, in large-scale storage 

systems component failures are frequent and diverse. 

Across multiple storage nodes (or servers) systems usually 

stripe data redundancy to ensure data availability. 

Replication is traditionally used to provide data redundancy, 

yet it introduces high storage overhead and becomes a 

scalability bottleneck. On the other hand, erasure coding 

provides space-optimal data redundancy while achieving 

the same fault tolerance as replication. It operates by 

encoding data into multiple fragments, such that any subset 

of fragments can sufficiently reconstruct the original data. 

By both commercial and academic communities Erasure 

coding has been widely deployed and evaluated in large-

scale storage systems . 

There are two types of failures in practical storage 

systems. They are permanent and temporary. If a node loses 

all its stored data then it is permanently failed. To preserve 

the required redundancy level and maintain data 

availability, a storage system performs failure recovery, 

which reconstructs all the lost data in another new node. As 

shown in previous studies permanent failure recovery has 

always been important. If a node temporarily unavailable 

for direct access but its stored data is not lost then the node 

is said to be temporarily failed. To access the unavailable 

data, a storage system performs a degraded read, which 

retrieves data from surviving nodes and reconstructs the 

unavailable data. It is expected that normal reads are faster 

than degraded data. As per field measurements in large-

scale storage systems the temporary failures contribute to 

the majority of component failures. So, the degraded reads 

occur more frequently than failure recovery operations, and 

their performance optimizations are critical.  

 

 1.1  HADOOP OVERVIEW 

 It is necessary to distribute them to multiple 

independent computers when data sets go beyond a single 

storage capacity. Distributed file system means trans-

computer network storage file management system . There 

are thousands of servers in a typical Hadoop distributed file 

system and each server stores partial data of file system. 

HDFS cluster configuration is simple. It just needs more 

servers and some simple configuration to improve the 

Hadoop cluster computing power, storage capacity and IO 

bandwidth. In addition, HDFS achieves reliable data 

replication, fast fault detection and automatic recovery, etc. 

An open source framework, in a distributed fashion across 

clusters of commodity computers and hardware using a 

simplified programming model which can process large 

amounts of heterogeneous data sets, from the Apache 

foundation is called as hadoop. Reliable shared storage and 
analysis system are provided by hadoop. 

 

 1.2. SOFTWARE OVERVIEW 

 JAVA 

  Java was developed at Sun Microsystems. Work 

on Java originally began with the goal of creating a 

platform-independent language and operating system for 

consumer electronics. The original intent was to use C++, 

but as work progressed in this direction, the Java developers 

realized that creating their own language rather than 

extending C++ would better serve them. The effort toward 
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consumer electronics led the Java team, then known as First 

Person, Inc., toward developing hardware and software for 

the delivery of video-on-demand with Time-Warner. 

 

Java Virtual Machine (JVM) 

This is generally referred as JVM. Before, we have a 

tendency to discuss concerning JVM lets see the phases of 

program execution. Phases area unit as follows: we have a 

tendency to write the program, then we have a tendency to 

compile the program and eventually we have a tendency to 

run the program. 

 

1) Writing of the program is after all done by java applied 

scientist such as you and American state. 

2)   Compilation of program is finished by javac compiler, 

javac is that the primary java compiler enclosed in java 

development kit (JDK). The input is java program and the 

output generated is byte code. 

3) In third section, JVM executes the byte code generated 

by compiler. This is called program run phase. 

 

Java Development Kit (JDK) 

 

  While explaining JVM and byte code, I actually 

have used the term JDK. Let’s discuss about it. As the name 

suggests this is often complete java development kit that 

has JRE (Java Runtime Environment), compilers and varied 

tools like Java Doc, Java computer program etc. In order to 

form, compile and run Java program you'd want JDK put in 

on your laptop. 

 

Java Runtime Environment (JRE) 
 

  JRE could be a part of JDK which implies that 

JDK includes JRE. When you have JRE put in on your 

system, ready to} run a java program but you won’t be able 

to compile it. JRE includes JVM, browser plug-in and 

applets support. When you solely have to be compelled to 

run a java program on your laptop, you'd solely want JRE. 

 

       2.   LITERATURE REVIEW 

[1] J. Han, et., al., “Frequent pattern mining: 

Current status and future directions,” 2007Frequent 

pattern mining has been a focused theme in data mining 

research for over a decade. Abundant literature has been 

dedicated to this research and tremendous progress has been 

made, ranging from efficient and scalable algorithms for 

frequent item set mining in transaction databases to 

numerous research frontiers, such as sequential pattern 

mining, structured pattern mining, correlation mining, 

associative classification, and frequent pattern-based 

clustering as well as their broad applications. In this article, 

we provide a brief overview of the current status of frequent 

pattern mining and discuss a few promising research 

directions. We believe that frequent pattern mining research 

has substantially broadened the scope of data analysis and 

will have deep impact on data mining methodologies and 

applications in the long run. However, there are still some 

challenging research issues that need to be solved before 

frequent pattern mining can claim a cornerstone approach in 

data mining applications. 

 

The first proposal of this new data mining task and 

its associated efficient mining algorithms, there have been 

hundreds of follow-up research publications, on various 

kinds of extensions and applications, ranging from scalable 

data mining methodologies, to handling a wide diversity of 

data types, various extended mining tasks, and a variety of 

new applications. With over a decade of substantial and 

fruitful research, it is time to perform an overview of this 

flourishing field and examine what more to be done in order 

to turn this technology a cornerstone approach in data 

mining applications. 

 

[2] J. M. Luna, et., al., “On the use of genetic 

programming for mining comprehensible rules in 

subgroup discovery,” 2014 This paper proposes a novel 

grammar-guided genetic programming algorithm for 

subgroup discovery. This algorithm, called comprehensible 

grammar-based algorithm for subgroup discovery (CGBA-

SD), combines the requirements of discovering 

comprehensible rules with the ability to mine expressive 

and flexible solutions owing to the use of a context-free 

grammar. Each rule is represented as a derivation tree that 

shows a solution described using the language denoted by 

the grammar. The algorithm includes mechanisms to adapt 

the diversity of the population by self-adapting the 

probabilities of recombination and mutation. We compare 

the approach with existing evolutionary and classic 

subgroup discovery algorithms. CGBA-SD appears to be a 

very promising algorithm that discovers comprehensible 

subgroups and behaves better than other algorithms as 

measures by complexity, interest, and precision indicate. 

The results obtained were validated by means of a series of 

nonparametric tests. 

 

[3] J. M. Luna, et., al., “Mining frequent patterns 

without candidate generation: A frequent-pattern tree 

approach,” 2004 Mining frequent patterns in transaction 

databases, time-series databases, and many other kinds of 

databases has been studied popularly in data mining 

research. Most of the previous studies adopt an Apriori-like 

candidate set generation-and-test approach. However, 

candidate set generation is still costly, especially when there 

exist a large number of patterns and/or long patterns. 

 

In this study, we propose a novel frequent-pattern 

tree (FP-tree) structure, which is an extended prefix-tree 

structure for storing compressed, crucial information about 

frequent patterns, and develop an efficient FP-tree-based 

mining method, FP-growth, for mining the complete set of 

frequent patterns by pattern fragment growth. Efficiency of 

mining is achieved with three techniques: (1) a large 

database is compressed into a condensed, smaller data 

structure, FP-tree which avoids costly, repeated database 

scans, (2) our FP-tree-based mining adopts a pattern-

fragment growth method to avoid the costly generation of a 

large number of candidate sets, and (3) a partitioning-based, 

divide-and-conquer method is used to decompose the 

mining task into a set of smaller tasks for mining confined 

patterns in conditional databases, which dramatically 
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reduces the search space. Our performance study shows that 

the FP-growth method is efficient and scalable for mining 

both long and short frequent patterns, and is about an order 

of magnitude faster than the Apriori algorithm and also 

faster than some recently reported new frequent-pattern 

mining methods. 

 

There are several advantages of FP-growth over 

other approaches: (1) It constructs a highly compact FP-

tree, which is usually substantially smaller than the original 

database and thus saves the costly database scans in the 

subsequent mining processes. (2) It applies a pattern growth 

method which avoids costly candidate generation and test 

by successively concatenating frequent 1-itemset found in 

the (conditional) FP-trees. This ensures that it never 

generates any combinations of new candidate sets which are 

not in the database because the item set in any transaction is 

always encoded in the corresponding path of the FP-trees. 

In this context, mining is not Apriori-like (restricted) 

generation-and-test but frequent pattern (fragment) growth 

only. The major operations of mining are count 

accumulation and prefix path count adjustment, which are 

usually much less costly than candidate generation and 

pattern matching operations performed in most Apriori-like 

algorithms.(3) It applies a partitioning-based divide-and-

conquer method which dramatically reduces the size of the 

subsequent conditional pattern bases and conditional FP-

tree. Several other optimization techniques, including direct 

pattern generation for single tree-path and employing the 

least frequent events as suffix, also contribute to the 

efficiency of the method.  

 

[4] J. M. Luna, et., al., “Design and behavior 

study of a grammar-guided genetic programming 

algorithm for mining association rules,” 2012 This paper 

presents a proposal for the extraction of association rules 

called G3PARM (Grammar-Guided Genetic Programming 

for Association Rule Mining) that makes the knowledge 

extracted more expressive and flexible. This algorithm 

allows a context-free grammar to be adapted and applied to 

each specific problem or domain and eliminates the 

problems raised by discretization. This proposal keeps the 

best individuals (those that exceed a certain threshold of 

support and confidence) obtained with the passing of 

generations in an auxiliary population of fixed size n. 

G3PARM obtains solutions within specified time limits and 

does not require the large amounts of memory that the 

exhaustive search algorithms in the field of association rules 

do. Our approach is compared to exhaustive search (Apriori 

and FP-Growth) and genetic (Quant Miner and ARMGA) 

algorithms for mining association rules and performs an 

analysis of the mined rules. Finally, a series of experiments 

serve to contrast the scalability of our algorithm. The 

proposal obtains a small set of rules with high support and 

confidence, over 90 and 99% respectively. Moreover, the 

resulting set of rules closely satisfies all the dataset 

instances. These results illustrate that our proposal is highly 

promising for the discovery of association rules in different 

types of datasets. 

[5] R. Agrawal, et., al., “Mining association rules 

between sets of items in large databases,” 1993 We are 

given a large database of customer transactions. Each 

transaction consists of items purchased by a customer in a 

visit. We present an efficient algorithm that generates all 

significant association rules between items in the database. 

The algorithm incorporates buffer management and novel 

estimation and pruning techniques. We also present results 

of applying this algorithm to sales data obtained from a 

large retailing company, which shows the effectiveness of 

the algorithm. 

 

It incorporates buffer management to handle the 

fact that all the item sets that need to be measured in a pass 

may not fit in memory, even after pruning. When memory 

fills up, certain item sets are deleted and measured in the 

next pass in such a way that the completeness is maintained; 

there is no redundancy in the sense that no item set is 

completely measured more than once; and there is 

guaranteed progress and the algorithm terminates. 

 

                      3. PROBLEM DEFINITION 

  Frequent item sets mining algorithms can be 

divided into two categories, namely, Apriori and FP-growth 

schemes. Apriori is a classic algorithm using the generate-

and-test process that generates a large number of  

candidates item sets; Apriori has to repeatedly scan an 

entire database. To reduce the time required for scanning 

databases, a novel approach called FP-growth, which avoids 

generating candidate item sets. Most antecedently 

developed parallel FIM rules were engineered upon the 

Apriori algorithm. Unfortunately, in Apriori-like parallel 

FIM algorithms, each processor has to scan a database 

multiple times and to exchange an excessive number of 

candidates item sets with other processors. 

 

                     IV. PROPOSE METHODOLOGY 

 

  Parallel frequent item set mining. Datasets in 

modern data mining applications become excessively large; 

therefore, improving performance of FIM is a practical way 

of significantly shortening data mining time of the 

applications. Unfortunately, sequential FIM algorithms 

running on a single machine suffer from performance 

deterioration due to limited computational and storage 

resources. To fill the deep gap between huge amounts of 

datasets and consecutive FIM schemes, we are focusing on 

parallel FIM algorithms running on clusters. Data 

partitioning in Hadoop clusters. In trendy distributed 

systems, execution correspondence is controlled through 

information partitioning that successively provides the 

suggests that necessary to realize high potency and smart 

measurability of distributed execution in a large-scale 

cluster. Thus, economical performance information of 

knowledge of information}-parallel computing heavily 

depends on the effectiveness of data partitioning. 

 

 3.1   MAPREDUCE FRAMEWORK     

Map Reduce may be a fashionable processing 

paradigm for economical and fault tolerant employment 

distribution in giant clusters. A Map Reduce computation 

has 2 phases, namely, the Map section and therefore the 

scale back section. The Map section splits Associate in 
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Nursing input file into an oversized range of fragments, 

which are evenly distributed to Map tasks across a cluster of 

nodes to process. Each Map task takes in a very key-value 

try so generates a group of intermediate key-value pairs. 

After the Map Reduce runtime system teams and kinds all 

the intermediate values related to constant intermediate key, 

the runtime system delivers the intermediate values to 

Reduce tasks. Each scale back task takes altogether 

intermediate pairs related to a selected key and emits a final 

set of key-value pairs.  

 3.2   DATA AWARE PARTITIONING 

Voronoi diagram may be a approach of dividing an 

area into variety of regions. A set of points referred to as 

pivots (or seeds) is specified beforehand. For each pivot, 

there is a corresponding region consisting of all objects 

closer to it than to the other pivots. The regions are called 

Voronoi cells. The idea of Voronoi diagram-based 

partitioning can be formally described as follows. Given a 

dataset D, Voronoi diagram-based partitioning selects k 

objects as pivots (donated p1; p2……… pk). Then, all 

objects of D are split into k disjoint partitions (donated 

C1;C2……….Ck), where each object is assigned to the 

partition with its closest pivot. In this way, the entire data 

space is split into k cells. 

Distance Metric 

Recall that to optimize FIM, an honest partitioning 

strategy ought to cluster similar knowledge objects to a 

similar partition. Similarity is a metric to quantitatively 

measure the correlation strength between two objects. To 

capture the characteristics of transactions, we tend to adopt 

the Jaccard similarity as a distance metric. Jaccard 

similarity may be a datum normally used for examination 

the similarity and variety of sample knowledge objects. A 

high Jaccard similarity worth indicates that 2 knowledge 

sets area unit terribly about to one another in terms of 

distance. 

In order to quantify the gap among transactions, 

we model each transaction in a database as a set. Then, the 

distance among transactions is measured using the Jaccard 

similarity among these sets. The Jaccard similarity of 2 sets 

A and B is outlined as 

J(A,B)=|A∩B|/|A∪B| (1) 

Obviously, J(A;B) is a number ranging between 0 

and 1; it is 0 when the two sets are disjoint, 1 when they are 

identical, and strictly between 0 and 1 otherwise. That is, 

the distance between two sets is close when their Jaccard 

index is closer to 1; if there is a large distance between the 

two sets, their Jaccard index is closer to 0. 

PARTITIONIG STRATEGIES 

 

      Locality sensitive hashing, or LSH, boosts the 

performance of Min Hash by avoiding the comparisons of 

an outsized range of component pairs. Unlike Min Hash 

repeatedly evaluating an excessive number of pairs, LSH 

scans all the transactions once to identify all the pairs that 

are likely to be similar. We adopt LSH to map transactions 

in the feature space to a number of buckets in a way that 

similar transactions are likely to be mapped into the same 

buckets. More formally, the locality sensitive Hash function 

family is defined as follows. 

For Hash family H, if any two points p and q 

satisfy the following conditions, then H is called (R; c; P1; 

P2)- sensitive: 

IF |(|p-q| )|≤R THEN P_rH (h_((p) ) )=h_((q) )≥P_1 (2) 

IF|(|p-q| )|≤cR,THEN P_rH (h_((p) ) )=h_((q) )≤P_2 (3) 

A family is interesting when P1 > P2. The above 

condition 1) ensures two similar points are mapped into the 

same buckets with a high probability; condition 2) 

guarantees two dissimilar points are less likely to be 

mapped into the same buckets. 

LSH has to make use of the Min Hash signature 

matrix obtained (i.e., M0). Given the lxn signature matrix 

M0, we design an effective way of choosing the hash family 

by dividing the signature matrix into b bands consisting of r 

rows, where bxr = l. For each band, there is a hash function 

that takes the r integers (the portion of one column within 

that band) as a vector, which is placed into a hash bucket. It 

depends on the utilization of a family of neighborhood 

protective hash functions, creating several hash tables that 

similar items with high probability are more likely to be 

hashed into the same bucket than dissimilar items. 

3.3 Frequent Item sets using FP Growth Algorithm 

 

Frequent Item set Mining is one amongst the 

foremost essential and long tasks in association rule mining 

(ARM), an often-used data mining task, provides a strategic 

resource for decision support by extracting the foremost 

vital frequent patterns that at the same time occur in an 

exceedingly massive dealing info. A typical application of 

ARM is that the renowned market basket analysis. In FIM, 

support may be a live outlined by users. An item set X has 

support s if s% of transactions contain the item set. 

 

 It denote s = support (X); the support of the rule X 

) Y is support(X[Y ). Here X and Y are two item sets, and 

X\Y. The purpose of FIM is to identify all frequent item 

sets whose support is greater than the minimum support. 

The first section is tougher and complex than the other. 

Most previous studies area unit primarily centered on the 

difficulty of discovering frequent item sets. 

 

Fig-3.1 Execution time of Apriori anf FP growth 
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Confidence Level Execution Time per second 

Apriori FP Growth 

30% 13 2 

40% 22 2 

50% 32 3 

60% 64 6 

70% 84 10 

80% 131 19 

                       Fig-3.2  Table Format 

ALGORITHM IMPLEMENTATION 

Step 1. Parallel Counting: The first Map Reduce job counts 

the support values of all items residing in the database to 

discover all frequent items or frequent 1-itemsets in 

parallel. It is price noting that this step merely scans the 

information once. Step 2. Sorting frequent 1-itemsets to 

FList: The second step sorts these frequent 1-itemsets in a 

decreasing order of frequency; the sorted frequent 1-

itemsets are cached in a list named FList.  

Step 2 is a non-Map Reduce process due to its simplicity as 

well as the centralized control. 

Step 3. Parallel FP-Growth: this is often a core step of Pfp, 

where the map stage and reduce stage perform the 

following two important functions. 

Step 4. Aggregating: The last Map Reduce job produces 

final results by aggregating the output generated in Step 3. 

Data partitioning -FPgrowth Algorithm 

Input: FList, ,DBi; 

Output: transactions corresponding to each Gid; 

1: function MAP(key offset, values DBi) 

2: load FList,; 

3: GlistsGenerateGlists(FList);/* based on the correlation of 

each item in FList */ 

4: for all (T in DBi) do 

5: items[]   Split(eachT ); 

6: for all (item in items[]) do 

7: if item is in FListthen 

8: a[]   item 

9: end if 

10: end for 

11: Add Generate-signature-matrix(a[]) into 

ArrarylistsigMatrix; 

12: end for 

13: for all (ci in sigMatrix )do 

14: divide ci into b bands with r rows; 

15: HashbucketHashMap(each band of ci()); 

16: end for 

17: if at least one band of ci and pivot pj is hashed into the 

same bucket then 

18: Gid   j; 

19: Output(Gid, new TransactionTree(a[i])); 

20: end if 

21: for all each GListt(t 6= i) do 

22: if ci contains an item in GListtthen 

23: Gid   t 

24: Output(Gid, new TransactionTree(a[i])); /* guarantee 

the data completeness for each GList */ 

25: end if 

26: end for 

27: end function 

Input: transactions corresponding to each Gid; 

Output: frequent k-itemsets; 

28: function REDUCE(key Gid, values DBGid) 

29: Load GLists; 

30: nowGroupGListGid 

31: localFptree.clear; 

32: for all (Ti in DBGid) do 

33: insert-build-fp-tree(localFptree, Ti); 

34: end for 

35: for all (ai in nowGroup )do 

36: Define a max heap HP with size K; 

37: Call TopKFPGrowth(localFptree,ai,HP); 

38: for all (vi in HP) do 

39: Output(vi, support(vi)); 

40: end for 

41: end for 

42: end function 

 

                                            4. CONCLUSION 

 

The high communication and reduce computing 

cost in Map Reduce-based FIM algorithms, the proposed 

Hadoop-DAP, which exploits correlation among 

transactions to partition a large dataset across data nodes in 

a Hadoop cluster. Hadoop-DAP is able to (1) partition 

transactions with high similarity together and (2) group 

highly correlated frequent items into a list. One of the 

salient features of Hadoop-DAP lies in its capability of 

lowering network traffic and computing load through 

reducing the number of redundant transactions, which are 

transmitted among Hadoop nodes. Hadoop-DAP applies the 

Voronoi diagram-based data partitioning technique to 

accomplish data partition, in which LSH is incorporated to 

offer an analysis of correlation among transactions. At the 

heart of Hadoop-DAP is the second Map Reduce job, which 

(1) partitions a large database to form a complete dataset for 

item groups and (2) conducts FP-Growth processing in 

parallel on native partitions to come up with all frequent 

patterns. Our experimental results reveal that Hadoop-DAP 

significantly improves the FIM performance of the existing 

Pfp solution by up to 31 percent with an average of 18 

percent. 
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