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ABSTRACT

The production and growing power of computer and network technology has considerably
amplified the collection, storage, and manipulation ability of data. The exponential growth in
data has produced a commanding need for new techniques and more efficient algorithms to
extract useful patterns trom such massive data. Data mining emerged in the early 1980’s as
the technique for mining large datasets. Data mining employs tools and techniques that can
automatically unearth valuable hidden facts from large databases over different locations. The
Apriori algorithm is an association rule learning based technique that identifies the most
frequent itemsets from massive data and extends them to bigger itemsets as the items appear
in the database. There have been several popular implementations of Apriori algorithm in
sequential computing but big data analysis over distributed systems or cloud systems requires
parallel and distributed algorithms. Computational and memory costs for the classic Apriorl
algorithm are very high for massive data. In serial processing, single processors (CPU) are
used and the storage resources are limited resulting in poor performance. In this research we
design and implement a fast, scalable and efficient Apriori algorithm for association rules
learning in data mining. The research involves analyzing modifications and improvements on
Apriori algorithm, founded by Agarwal et al. in 1994, and then develops an enhanced
version. To improve the Apriori algorithm, we employ a parallel and distributed computing
platform known as MapReduce. The improved Apriori extracts frequent itemsets to produce
association rules. The Apache Hadoop MapReduce framework provides multi-processing for
huge datasets as key-value pairs in parallel. The implementation of the enhanced Apriori
algorithm proved to have better efficiency and scalability compared to past sequential

improvements on the Apriori as shown by the experimental results.

Keywords: Association rule mining, Data mining, Distributed, Frequent Itemset,

Hadoop MapReduce, YARN, Candidate itemsets
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CHAPTER 1: INTRODUCTION

Chapter 1 provides the introduction and the background of the research and the areas that has
been investigated. Firstly, the concepts of Data extraction, Association rule mining, frequent
itemsets extraction and Hadoop MapReduce (MR) platforms are explained. Secondly the
background of data analysis and big data analysis are described. Furthermore, the research
problem is discussed from which the research questions are derived. The justification of the
study is explained with the significance of data mining and the need >r new data mining
algorithm development. Finally the structure to be followed for the rest of the dissertation is

proposed.

1.1 Introduction

Due to explosive data growth collected through transactional systems, the need for new and
efficient techniques to discover useful hidden patterns in the data has arisen. ‘lata mining and
data science have gained more importance nowadays as a result of the need for efficient and
faster techniques {1]. Data mining can be defined as a process of determining unseen and
interesting patterns from large amounts of data. Data science i1s a multidisciplinary blend of data
inference, algorithm development, and technology with the aim of solving analytically complex
problems. As a result of data mining, an  eresting field called data science is fast gaining
importance where technology and skills are used to increase awareness, clarity and direction for

mined data [2].

Many data mining activities employ a technique for finding frequent itemsets to discover
interesting and valuable patterns from big data. ..ie patterns can be discovered using mining
techniques which include correlations, association rules, clustering, sequences and classification
[3]. Relationships between data can be unearthed by using association rules. An association rule
states that the purchase of a certain item/product will result in the customer buying another
related product in a retail store. An example is when a customer buys a product X and a product
called Y at the same time and they appear on the same receipt. We can say that whenever item X
is bought, Y is also purchased. We can express the example above as fi ows: 1y {X -Y}

where X is the antecedent and Y is the consequent [4]. The rule proposes that a relationship



exists between the sale of X and Y due to the manner in which customers are purchasing the
goods. An association rule can extract data by using the frequently used data for marketing,
inventory control and customer relationship management in retail stores, bioinformatics in
science and financial models and customer relationship management in the banking industry,

medical diagnosis, scientific data analysis and content optimisation.

We can measure the strength of association rules by using the support and confidence properties.
Support is an expression of how many times a rule can be utilized in a dataset whereas
confidence measures the occurrence of Y in the transactions that also have X [5]. The formulas

(1) and (2) are used to calculate support and confidence of item X:

Support S (X=>Y) =#, .......................................................................................... (1)

_o(vy)

Confidence con (X=>Y) o0

where N is number of items X and ¢ is the support count [2].

There are a number of association rule algorithms that utilise support and confidence properties
to help them discover interesting and frequent patterns. In our research we studied Apriori
algorithm which is an association rule learning approach. The Apriori algorithm has two phases
which are explained as follows: The first phase is the mining of frequent itemsets and the second
phase is association rule discovery through machine learning. The frequent itemsets are
generated by using the Apriori principle which states that: *'If an item set 1s frequent, then all of
its subsets must also be frequent”, according to Han et al. [3]. Apriori utilises breadth first search
to generate the (k+/) candidate itemsets based on A-frequent items. In market basket analysis, the
classic algorithm is used to determine association rules which reveal general trends in the

database that will give insight to decision makers [6].

The Apache® Hadoop© MapReduce™ programming model is scalable and mostly used for
multiprocessing data in a parallel and distributed manner. Apache Hadoop MR was adopted for

this research mainly due to its ability to schedule and process datasets in parallel. More



importantly MR is a scalable framework, making it best fit for our needs. MR is a programming
tool with parallel computing capabilities that can handle high volumes of data over the cloud
and even on standalone computers. MR utilizes a map and reduce technique. According »
Zhen Liu et al. [7] this simplifies application development in cloud environments by
providing a parallel architectural design thus it can be employed to obtain a better
performance for Apriori algorithm. Additionally, Apache Hadoop provides a ult-tolerant
Hadoop distributed file system (HDFS) which can store both structured and unstructured files in
either a centralized or distributed set up. [DFS offers extraordinary throughput access to

application data making it appropriate for large datasets [8].

The greatest benefit of MR is that it has the ability to hide system level details from the system
developers by generalization [9]. This mecans the programmers need not understand how
computations are carried out but only the functionalities that they have to program. rthermore,
Hadoop uses a functional and object oriented programming languages called java for
programming which allows the developers to inherit most of the inbuilt MR functions, methods
and classes. Computations are distributed by the HDFS and MR thus the rogrammer need not
be aware of how data and code are split and processed. The benefits of the MR model allow us to
use it as a parallel programming model to implement a parallel Apriori algorithm to discover

frequent itemsets in mining large customized retail data sets.

1.2 Problem Statement

The Apriori algorithm pioneered the use of support based pruning in an effort to overcome large
and unnecessary candidate itemsets generation using association rule learning techniques [3, 10,
11]. There have been various Apriori algorithm modifications proposed and developed over the
years. Some research approaches have been ased on candidate itemset generation, testing and
pattern growth changes have been proposed [12]. Unfortunately, in candidate itemset generation
and test approach, the candidate itemsets generated are infrequent and worse still, a transaction
database must be scanned repeatedly in order to eliminate the infrequent itemsets. urthermore,
these modifications have not given a scalable and efficient algorithm for mining vo  minous data
sets, RAM processing capacity and storage of the machine being the major setback. As a result
serial and sequential algorithm improvements have proven to be expensive due to iterative scan

of the database and resource requirements [10, 13, 14].



Setting of minimum support count requires someone with experience which may decrease the
efficiency and availability of the rule if such a person is not available. In authors proposed
parallel formulations of Apriori algorithm where candidate itemsets were partitioned among
different processors. Communication overhead and redundant work were the main challenges
experienced in these parallel proposed implementations of Apriori. Apriori modifications have
been done with the goal of making parallel and distributed algorithm [3, 15]. The proposed
parallel implementations also proposed a scalable and distributed framework that is efficient and
with improved performance [16, 17]. The Apache Hadoop MR is a communication reduction and
is a fault tolerant platform. We propose to improve Apriori algorithm by employing a parallel
Apriori approach and then utilizing Apache Hadoop MR platform. We also propose to
implement pruning locally on each split to all infrequent itemsets. We then propose to increase

the mappers in order to increase the improved parallel Apriorn algorithm’s performance.
1.3 Research Questions (RQs)

Based on the above stated research problems, this study sought to answer the following

questions:
RQ1: How can the Apriori formulation be extended so that it can work well in data mining?

RQ2: How can we best increase the efficiency and scalability of the modified Apriori?

RQ3: How can asymmetric binary Apriori algorithm be best implemented to discover
relationships in data mining?

RQ4: How can the new enhanced Apriori algorithm and the traditional Apriori be compared with

items of scalability and efficiency?

1.4 Research Aim and Objectives

We present the aim to be achieved in this research in the next section. We also describe the

research objectives which addresses the research questions.
1.4.1Research Aim

The aim of this research is to produce a fast, scalable and efficient Apriori algorithm for data

mining.



1.4.2Research Objectives

The following objectives are of interest to ac! :ve the aim of this research:

RO1: To design an efficient parallel Apriori algorithm model for data mining.

RO2: To design and implement data mining in Hadoop framework with MR and Java Runtime
Environment implementation.

RO3: To implement the improved Apriori algorithm on Hadoop framework with MR that is
efficient and effective.

RO4: To extract observations from a retail datasets using improved Apriori and compare the

results with other prior Apriori modification.

1.5 Justification of the study

The rapidly increasing phenomenon of unstructured data demonstrates a large increase of
available data which needs processing, data mining, and machine learning technologies to
manage and extract useful information from the data. Figure 1.1 shows that emerging markets
have experienced explosive data growth over time and this is estimated to continue in the near
future. Data mining helps businesses to analyze their past years’ data and draw different
conclusions, ideas, theories, and solutions that are relevant to business today. Data mining has
created opportunities for retail stores to keep track of purchase patterns, loyalty programs and
what is selling the most. Market basket analysis is used to search for data sales and histories to

predict which products are bestselling.



Figure 1.1:Structured and Unstructured Data Growth Projection [18]

Finding hidden relationships between data entities is critical in data mining and data science.
These relationship patterns can be extracted using mining associations such as correlations, and
classification. Apriori has become the most well-known algorithm for discovering most
occurring itemsets from data [3]. The main hindrance is that many database scans are needed in
traditional Apriort algorithm in order to generate a huge candidate itemsets. Major research work
has been done on frequent itemset mining. However, very little has been done based on retail
datasets. In this research we investigate the problem of extracting useful itemsets using
customized retail data sets on a parallel Apriori technique based on Hadoop™ Cloudera™. We
considered Apriori because it i1s easy to understand and we can perform a parallel
implementation of the algorithm on a scalable MR based framework to address many of the
challenges of the Apriori algorithm. As a result, the retail stores may improve their business and

increase their sales through implementing this proposed innovation.

1.6 Scope and limitations
The following limitations and assumptions will be taken into consideration:

e We used Apache Hadoop Cloudera framework to build the clusters.
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e Experiments were conduc | on a multico processor standalone computer.
e The Eclipse IDE was utilized for functional programming of java.
e Weused 2, 4 and 6 processors to conduct the experiments and to measure the effects on

the speedup and the execution time of the proposed modification.

1.7 Significance of the Research

The main rationale of the research was to e ance the process of using the Apriori algorithm in
frequent itemsets mining in retail systems by improving its efficiency and performance using
MR. The investigation aimed at reducing the time spent in determining frequent itemsets and
enforcing efficient use resources that i1s the inputs and output devices. We present a cost
effective method to discover frequent itemsets and extract association rules from retail data by
identifying unknown valuable relationships that can be manipulated for decision making and
prediction. We targeted to improve the Apriori algorithm to fit within I R framework and to
benefit from the uncommon scalability attributes of the software to overcome the poor
performance of sequential Apriori algorithm.

1.8 Methods of Investigation

Based on the goal of this research, quantitative and qualitative research methods were used as

follows:

e Qualitative Research: The framework oftware and hardware tools) selection to be used.
Finding of data sets in the cloud or internet of things (IoT) and or populating of the data
node with data from electronic store.

e Quantitative Research: Simulation of the Apriort algorithm using experiments.
Comparative Data analysis of the data outputs from the two algorithms (Apriori
algorithm and improved parallel Apriori algorithm) by analyzing the data produced

within a ttime frame.

1.8.1 Literature Review

Literature review includes the knowledge, substantive findings, as well as theoretical and

methodological contributions on previous work related to data mining and machine learning and



data science in general. The implementation of the algorithm on different software tools is

unearthed and analyzed.
1.8.2 Model Design

Based on the literature review, the Apriori algorithm model will be designed and optimized by

parallel implementation using MR for processing and HDFS for storage.
1.8.3  Model and Algorithm Implementation

Based on the designs, improved Apriori algorithm pseudo code is formulated and the parallel
architectural design based on MR will be implemented on Hadoop framework with Java Runtime

Environment.
1.8.4  Analysis and Evaluation

The designed improved Apriori algorithm is analyzed and evaluated for performance and

comparison with other algorithms on Hadoop framework.

1.9 Dissertation Organization

Chapter 1 of this dissertation discusses the introduction of the study, the research problem as
well as the research questions for the study. The chapter also demonstrates how the research
questions drawn from the research problem are answered through research objectives. Chapter 2
provides detailed review of the work done currently and previously by researchers as basis for
current work. Chapter 3 presents the designed model and give implementation details of the
algorithm developed. The chapter also demonstrates how the model and algorithms are used to
achieve the main goal of this research. Chapter 4 gives a critical discussion of the results
obtained in the implementation of the model and proposed algorithms. In conclusion it will give
a brief analysis of results. Finally, chapter 5 concludes dissertation and provides possible future

work.



CHAPTER 2: LITERATURE REVIEW

In this chapter, we present an overview of approaches related to the main concepts of the study
from the literature. The first section presents data mining paradigms as well as the Apriori
algorithm for association rule mining and the works conducted in improving the performance of

the Apriori as sequential and parallel algorithm.

2.1 Introduction

In data mining therc are both mathematical and computing procedures which are combined to
achieve the main goal of unearthing valuable relationships from large amounts of data to predict
future trends. The mathematical and computing concepts that have been adopted into data mining
include methods and processes from artificial intelligence, machine leaming, statistics, and
database systems. Intelligent mechanisms can be employed to obtain undctected patterns from

data warehouses and databases.

In [19] the main goal of mining relationships from datasets in data mining is to transform it into
understandable and usable format for analytics and future predictions. Data mining methods ¢ 1
either be based on supervised learning or unsupervised learning. In supervised learning data
mining algorithms and activities are inferre from training data in which a set output value is
expected whilst in unsupervised learning are unlabeled data set are used to extract hidden
features from the data. In this research we will utilize unsupervised learning using association

rule learning properties [20].

Data mining offers a connection between transaction and analytical systems as there is an
exponential growth of data within enterprises 11]. Software applications have been developed to
facilitate analyzing relationships in stored transactional data [22]. Extracting information from
data has been made simpler by the use of specific data mining models that can be created based
on the kind of relationships obtained from data. Past work in data mining have presented the

following possible relationships to exist:

e Classes: When data is extracted and grouped into predetermined groups to form classes.

For example Pick and Pay (PNP) can use its purchasing options of a PNP shopper card,



bank cards, account or cash to classify its customers. The retail store can then use the

information to advertise to each class of customers depending on purchase trends [23].

e Clusters: When data items with similar attributes in a dataset are grouped in accordance
with logical relationships clusters are formed. This can be illustrated by consumer

affinities through the use of consumer preferences [4].

e Associations: Associations show the connections within data to be mined. One popular
example is the beer-diaper where data collected and reviewed from main database, most

fathers were seen to be buying beer and diapers on Thursdays and Fridays [4, 13, 24].
« Sequential patterns: As discrete data structures are mined various data behavior and
patterns are extracted [14].
Elements of Data mining

According J.C Shafer et al [25], there are activities which are crucial to data mining processes
[26]. These activities follow the knowledge discovery in databases (KDD) process in extracting

strong rules within the retail data which we used in our research.

e Data is extracted, transformed and loaded as transaction data onto the data warehouse

system. The data is then stored and managed in a multidimensional database system.

« Business analysts and information technology professionals are given access to the data.
e The data is then analyzed using appropriate software.
o Data is presented in a useful format in the form of graphs and tables.

Figure 2.1 illustrates the overall data mining process.
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Support is a measure of the occurrence of items in a transactional dataset. Support can be used to
remove unexciting rules and to discover some connections between data entities/rules [3].
Confidence of an item in a given dataset measures the reliability of the implication derived trom
the rule. For example, the implication X — Y, if the confidence threshold is greater than 50%
that means item Y is likely to be present in transactions with X item. Conditional probability of
item Y given X can also utilise confidence to determine strong rules [13]. In association rule
mining the user must estimate a minimum support which is used to eliminate infrequent items
and the user has to also set a minimum confidence [25]. Many algorithms exist for ARM. These
may include AIS, SETM, Apriori, AprioriTID, Apriori hybrid and FP growth [4, 6]. In this

research we present Apriori algorithm.

Association rules mining has two phases namely:

e Frequent [temset Generation where all items and subsets whose support counts >
minimum support are generated, and
e Rule Generation is a process where frequent itemsets are generated from a user

specified confidence threshold.

2.2.1 The Apriori algorithm

The Apriori algorithm has been described as an influential and popular algorithm that helps to
extract frequent itemsets by past researchers in ARM [3]. Apriori works by traversing the
transactional database looking for connections and relationships between data resulting in
frequent itemsets generation [25]. Unfortunately, the algorithm is computationally expensive and
its running times can be several days and there is a need to scan databases many times [4, 5].
Most implementations have been based on simple and easy to understand data structures and

breadth-first search to traverse through the data.

According to authors in [32] we can divide the algorithm into four sections, as illustrated in

Figure 2.1. These sections are initial frequent itemset sets, candidate generation and candidate

12



pruning and support calculation. In summary the process involves the determination of frequent
itemsets by support count calculation and feeding the results into the system. Frequent itemsets
are joined to generate candidate itemsets and infrequent candidate itemsets are pruned. Candidate
support count is executed every time infrequent itemsets has to be trimmed. The process is

repeated several times until the final frequent itemsets are discovered.

temsets o i "1 Caleulation

5
Initial Frequent | Candicate | . Candidate Support
I Generation Pruning

[ .

Figure 2.2: Apriori Algorithm Process Flow [33]
Description of Apriori algorithm

Apriori 1s designed to opcrate on databases containing similar transactions (for example,
collections of items bought by customers, details of a website frequentation, creditors and
debtors in banking systems database and DNA research analysis). Apriori uses a breadth first
approach, where frequent subsets are extended one item at a time in order to generate candidates,
and groups of candidates are tested against the data. The algorithm terminates when no further
successful extensions are found [2].

Below 1s the Apriori algorithm according to Agarwal and Srikanth 2,39]:

Fi= (Frequent item sets of cardinality 1),

For (k=1 Fko: k+ - ) do begin

Cr=1=Apriori-gen (Fy); New candidates

For all transactions t ¢ Database do begin

C,'=subsct (Cy+; t); //Candidates contained in t

For all candidate ¢ ¢ ('v, do

c.count ++;

end;

Fiee 1={C & Csq|e.count> minimum count support}

End for

13



End for

Until Fi =0

Answers= UFE,

The function Apriori-gen in the algorithm generates Cy+; from Fy in two steps below:
Joining: Generate Ry the initial candidates of the frequent item sets of size k+1 by taking the
union of the two frequent item sets of size kP, and Q that have the first k-1 elements in
common.
Ris 1 =ProOp= liten; dtents | itemb g, itenyy, z'fc’/fzkl,’»
Py= (itemy,items, ... itemk-1,item 1)}
Q= litem; items ... itemyy, iteny, I'Ic’m/\]}
Where item<item-<...item k<item|\l
Pruning: Check if all the item sets of size k in Ry are frequent and generate Cy+; by removing
those that do not pass this requirement from Ry:;.

2.2.1.1 Frequent Itemset Generation

Frequent itemset mining is a computational and memory intensive task and has its application in
scientific and statistical areas [4]. The datasets keep on growing into big data sources. As such
efficient algorithms are required to process these amounts of data. In general candidate itemset
gencration involves an iterative process. Frequent itemset generation is computationally

expensive. The steps below are involved in frequent itemset generation.

e Generation of first frequent itemset (1-itemsets): Involves calculation of support count
and updating the frequent itemsets as the itemset size in through the repetitive candidate
generation and pruning activities. Given a dataset with an average transaction width of w
that means the operation of generating frequent 1-itemsets requires O (NW) time (N is
the total number of transactions). As a result the need to employ efficient methods and
functions for candidate generation [2, 4].

e Candidate generation: Involves the joining of frequent itemsets to form candidate
itemset. Assuming d items available then there will be 2 possible candidate itemsets
hence there is a greater need for researchers to come up with efficient methods to
generating candidate itemsets [33]. Figure 2.2 illustrates how multiple and unnecessary

candidate itemsets are produced usi-~ Apriori algorithm during candidate neration.
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=2 (k= 2)]Cy < Cost of merging <Y1, (k= 2)|FK = 1]% oo (3)

Candidate Pruning is a process where all infrequent itemsets are deleted from the candidate
itemsets. This operation is an iterative process that eliminates some unnecessarily generated
candidate k-itemsets which are appearing less frequently by using the support-based pruning
strategy. Candidate pruning also helps reduce input/output cost due to memory usage during

generation of frequent itemsets.

2.2.2Main drawbacks of Apriori

The traditional Apriori algorithm has a clear execution process and can be utilized to discover
connections between data. Apriori algorithm is mostly employed in processing big data and
when a small size of minimum support count is used the dimension becomes large. Therefore the
exccution efficiency of the algorithm is decreased. Many researchers have proposed

modifications on Apriori algorithm but, the following are still drawbacks and challenges:

e Exponential generation of unnecessary candidate items. In previous studies it was
difficult to generate few candidate itemsets or to eliminate the process of candidate
generation which generate a huge and infrequent itemset mining. Once candidate
itemsets are large, the multiple connections to be derived become huge and complex.
Additionally, the matching process becomes time requiring process. As a result we
require a mechanism that can help reduce the time spent on candidate generation and
matching.

e Multiple database scans. Apriori algorithm scans the database several times to initially
find and extract transactions that possess some relationships. Next, the generated
candidate itemsets have to be matched every time there is a generation, thus the database
or transactions table has to be rescanned. The value of & determines the number of times
support counting has to be carried out for example for k=1, 2, 3 ..., n, database scans
are at least n times [35].

e matching candidate itemsets consumes a lot of time [3]
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e Support counting takes a lot of time and requires more 1/O resources which results in

poor performance of the algorithm [35].

Previous studies have come up with two approaches in their attempt to improve and modify

Apriori algorithm namely candidate generation and frequent pattern formation. Researchers in
data mining moved from sequential processes towards parallelization of Apriori algorithm
activities but there was no fundamental and scalable platform to enhance it !5, 36-38]. In recent
years much work has been on parallelization of Apriori based on scalable and multiprocessing
frameworks in big data mining, IoT and cloud computing with software platforms like Apache

Hadoop.
2.2.3 Applications of Apriori algorithm

The Apriori is a useful algorithm in association rule learning and frequent itemsets. Some of the

application areas of the Apriori are as follows:

e (C it card Fraud Detection

o Market basket analysis

¢ Recommendation on websites
o Drug effectiveness analysis

e Medical diagnosis

e Bioinformatics

e Handwriting digit recognition
e Crime pattern detection

e  Web mining

o Scientific data analysis

2.2.4 Evolution of Apriori Algorithm
The original Apriori algorithm scans the database multiple times, using a breadth first search
approach, generating candidates and examining every transaction in the database. In an effort to
reduce database scans, Aggarwal et al. [4] proposed AprioriTID algorithm where transaction

identity is implemented and reference to support counting from the database is only made at 1
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first count [39]. The AprioriTID was an improvement on Apriori in that there was reduced

database scans and because the generated set is used for support counting [12].

Apriori and AprioriTID algorithms exploit candidate generation technique and similar support
counting method on generated itemsets. Apriort Hybrid [28], proposed in 2013, uses Apriori
properties in its first phase of discovering first frequent itemsets and changes to AprioriTID
when candidate item sets are in memory. This results in reduced number of database scans.
Frequent pattern (FP) tree algorithm proposed by Han [4] overcomes the problem of candidate
generation found in the first two Apriori versions by using pattern fragment growth method to
reduce the amount of candidate generation. The FP-Tree algorithm adopts a divide and conquer
tactic in obtaining the algorithm activities and routing their pathways using a specialized tree 1n
an effort to effectively use /O resources. The prefix tree representation helps minimize the
memory used for storing the transactions. All nodes referring to the same item are linked
together in a list, so that all the transactions containing the same item can easily be found and
counted [ 40]. The main setback of FP-Tree growth is that it becomes computationally costly to
traverse through the tree when there are many patterns.

As databases continued to exponentially grow over a short period of time, A Agarwal et al [25]
proposed and discussed distributed and parallel algorithms. Unfortunately distributed computing
over a large candidate itemset experienced high communication cost. Based on [25, 38] the count
distribution and distributed mining parallel algorithms have been proposed in order to mimimise
storage problems and communication overheads. Additionally, the four parallel algorithms had
challenges of avoiding duplication of work and employing the most optimal search method.
Algorithm comparison based on distribution and parallelism of algorithms without considering
the hardware and load balancing that does not improve the algorithm performance were
presented in [25]. As a result parallelism was noted to contribute on the improvement to provide

scalability and algorithms reduce execution time.

2.2.5 Apriori Modifications to Reduce Memory Utilization

Researchers have presented different methods to optimize and reduce memory utilization in
Apriori algorithm. Singh et al. [34] proposed a novel frequent itemset mining mechanism using

probabilistic frequent pattern growth. They employed vertical sorting to maintain order and
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support probability distribution function (SPDF) to prune infrequent data patterns. Sangita et al.
[41] proposed an improvement to Apriori algorithm by introduci  a new attribute on the
transaction database in an effort to reduce the scans over the main database. They : .0 proposed

parallel candidate generation using multi-core processors to reduce the processing time.

According to Raghuvanshi et al. [46], the best way to improve the Aprion algorithm in pattern
mining is by using the set theory concept of intersection with the record lter approach. They
used hash table to record different width within transaction thereby achieving memory pointers.

Thus the Apriori algorithm achieved an optimized candidate generation phase.

Zhang [43] proposed a solution where a new transaction identifier is generated and two linear
tables store items and respective TIDs composed of transaction identifiers. Pratibha et al. [¢

presented an improvement on Apriori to remove the drawbacks of generating ample itemset
quantities and to reduce the high frequency in querying that required a ht  : amount of resources
in relation to time or space. The researchers reduced the number of database scans. However,

there was still an overload on IO devices.

2.2.6 Modifications of Apriori to Reduce Pruning and Support Counting

The proposed Apriori algorithm improvement by Darshan [78] decreased the deleting procedures
of second candidate itemsets, C», thereby increasing efficiency of the algorithm slightly. The
researcher used candidate pruning to eliminate infrequent candidate k-itemsets by implementing
support-based pruning. The researcher utilized the Apriori principle, to remove some of 1

unnecessarily generated candidate itemsets without counting their support values thereby

reducing the processing time [4].

A converse principle to the Apriori 1s when infrequent itemsets are discarded by removing all
subsets of all infrequent itemsets [5]. Figure 2.3 illustrates how the Apriori principle can be

employed to prune infrequent data to extract useful patterns.
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reducing the process time. Mohammed et al. [35] proposed an approach to minimise the search
time for discovering frequent itemsets in database transactions. Their research focused on the
enhancement of the frequent itemset extraction algorithm to decrease time consumption of
candidate itemset joining and matching by incorporating the TID in candidate generation. The
proposed improvement made it easier and « icker to search for the specific transactions in a
database. However, the proposed approach did not overally optimise the algorithm since there
was still a need to match the candidate itemsets. In 2012, researchers in [46] improved the
Apriori algorithm by making use of a matrix library and implemented it on MATL.
framework. The use of matrices caused a reduction in the computing co  and also improved
operational efficiency significantly. On the other hand, Abaya [3] modified the Apriori algorithm
by introducing set size and set size frequency which allowed the early deletion on infrequent
candidate keys generated thus saving on memory utilisation.

Based on the studies presented above, the drawbacks of sequential approach have been outlined.
These setbacks include a lack of scalability and speed of processing and hence the need to

overcome the setbacks in our implementation.
2.2.7 Apriori Algorithm Based On Parallel Computing

New developments in parallel computing have also made data mining easier. Sophisticated
multi-core processors and embedded systems have been designed for data mining which decrease
processing time and increase performance [37]. The execution of a new multi-core architectural
design allowed helper threads to process more blocks of data simultaneously [47]. he designed
and developed parallel computers have multi-threading and multi-tasking capabilitics which can

occur in a single step.

Based on work presented in [48] parallel algorithms that can carry multiple tasks concurrently.
The algorithms proposed for data mining and embedded systems were to carry out parallel tasks

at a lower cost than previous sequential algorithms

The adopted distributed memory structure involves database splitting for each processor that has
to be carried out in a logical way > that 1ta can ! fairly allocated for processing. D
partitioning must also accompany resource | nagement to enable quick processing of the data.

Nilesh et al. [53] presented parallel implementation of the Apriori algorithm on quad core
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processors. Abaya [3] proposed an implementation of Apriori on CUDA invented by NVIDIA
where a collection of multiple running threads employ the power of graphics processing unit to
escalate computer performance. Baddal et al [50]. concluded that the implementation of Apriori

algorithm on MATLAB improved its performance.

2.3 MapReduce (MR) Based Parallel Algorithms for Large Data Processing

MapReduce (MR) software framework introduced by Google in 2004 is a special tool for
processing massive data in a parallel manner. As presented in [48] MR s a software framework
that 1s utilized for processing and generating data sets that are extremely large in parallel. Data
mining algorithms from association, clustering and classification paradigms have all been

explored on MR for data processing.

All map and reduce operations are fully parallelizable. The map functions are executed
simultaneously and independent from other activities. Similarly, reduce operations can take
several datasets and allocate them to each reduce function so that they can be executed in parallel

[51].

Gowraj et al. [52] described the concept [48] of classification, association and clustering in their
proposed algorithm, Preprocessed Apriori for Logical Matching (PALM). The researchers
outlined the problem that users are faced with when trying to utilize information found on the

internet. They used PALM to do web mining based on MapReduce.

Lietal. [12] presented a solution for parallelizing Apriori algorithm and implementing it on MR
by using concurrent activities in its execution. In the paper presented with the aim of improving
thc ARM algorithm Zheng et al. [S53] utilized the MR model to provide a parallel design
methodology. They also outlined a simplified platform for application developments. MR
possesses the mechanism to minimize the communication costs that are due to the

synchronization of tasks between nodes or mappers [54].

MR uses two functions which are a mapper and a reducer. Key-value structured data formats can
be processed using the map and reduce methods. MR was used to parallelize Apriori and have
the data stored in the HDFS to ensure that all frequent itemsets were mined [53]. White et al.

[55] presented Hadoop as a multi structured framework with different functional units for job
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execution and file staging. There are also several utilities in Hadoop that ¢ Hw different formats
of files to be stored and used. The datasets are automatically divided into segments by the HDFS
and a Map function can be executed on each data segment. MR is a parallel processing tool that
accepts inputs in the format of key-value pairs and processes them to roduce intermediate

components which also are stored as key-value pairs.

The final output that is produced from MR are key and value data structures and these are

stored in HDFS.

Figure 2.5: Map/Reduce Key-Value Pair Structure [53]

The dataset is first loaded into HDFS and the format changed to suit the required key/value
structure. As illustrated in Figure 2.4 key/value pairs act as both inputs and output to the simple
map and reduce functions. It is therefore crucial to note that the output of map functions are
inputs in reduce function. The candidate itemsets are generated and then collected by the
mappers whilst the reducer functions sum theuw support and prune the unnecessary candidate
itemsets which possess infrequent items [9]. Consecutive execution of map and reduce functions

result in determination of frequent itemsets.
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problems related to network communication, concurrency control and fault tolerance [7, 58].
HDFS 1s also an instrument to decrease overhead involved in the scheduling network

communication.

Shaosang et al. [S9] proposed improvements on the Apriori algorithm to discover frequent
itemsets by splitting data into data blocks and allocating them to nodes for process. The Spark

Implementation of Apriori in Parallel (SIAP) implementation process i1s shown in Figure 2.7






Based on Shuo et al. [60] work in 2012, Apriori was used to generate association rules to
recommend useful products. The proposed modification recommends the products to customers
as proposed by the researcher. They applied Apriori in E-commerce by developing an online
store and used the algorithm to suggest to customers what products they could buy on their next
purchase. The proposed algorithm offered decreased access to database thereby increasing its

performance.

Dai Li [40], presented an implementation of Apriori algorithm to improve SQL statements that
queried relational tables for candidate set support, frequent item sets and their support if they
were stored in those relational tables. The use of customer habits does not contribute to the
improvement of Apriori but rather helps on algorithm efficiency. The research resolved the
problem of ARM only by determining the presence of items in databasc and treating them

equally.

In [61] they proposed an enhancement of Apriori to come up with an aggregate function based
on the Central Limit Theorem (CLT) that converts the database into a bitmap. They also
presented new functions to calculate the smallest support for each itemset based on the
probability of collision [36]. As a result they managed to resolve the problem of setting the
minimum support count to obtain frequent itemsets. Setting the support threshold predicts if the
number of rules is too large, and would produce only a small number of rules when support
count initializes or even no rules to conclude [34]. The threshold value should be decreased to do
the mining again, which may or may not give a better result, as by setting the threshold too
small, too many results would be produced and would require a long time to compute and screen

these rules.

In an effort to find interaction between items purchased by customers in market basket analysis,
researchers proposed an approach for frequent itemsets using cluster based master slave
structural design [62,72]. They presented a technique that integrates both the bottom up and top-
down exploration of Apriori algorithm and adopted candidate partition in their efforts to make

Apriori more efficient.
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2.5 Data Mining Software Frameworks

There are many software frameworks that have been developed to automatically and quickly
analyse data mining algorithms. We present some of data mining platforms that are readily
available in this section. Firstly we have the Weka toc funded by the New Zealand
Government's Foundation for Research, Science and Technology which applies algorithms
directly to a dataset or called from your own Java code [45, 63]. Tools contained in WEKA
framework are used for data pre-processing, classification, regression, clustering, association
rules, and visualization. It is a platform-independent mining software that possess facilities for
scripting based programs but lacks the cap ilities for parallel processing [47]. Secondly we
have Anaconda tool which is open source platform powered by Python. Anaconda divides
workloads into parallel threads to maximise investments in multicore CPUs and GPUs and
employs Python compiler and harness mode computer infrastructure where it also configures
Hadoop apache within its anaconda module to scale up data extraction an transformation [64].
Thirdly there is MATLAB which is a multi-digital framework which uses four -generation
programming language. Although MATLAB is purposefully meant for numeric  computing it
can be used for strings. Fourthly, is SPFM a software platform implemented in Java and it
specializes in identifying patterns [65]. Finally, there is Hadoop which is an open source product
from Apache that provides many ways for storage and processing of large volumes of data [66].
Hadoop comprises of MR module for parallel data processing and is mostly used to process lots

of data in a parallel and distributed manner on a cluster of connected nodes [7, 8, 17, 22, 58, 74].
2.5.1Benefits of Using Hadoop MapReduce

Apache Hadoop was adopted for this research mainly for its ability to schedule and process data
in parallel. It is scalable and conducive to managing large volumes of da by utilizing parallel
and distributed computing on the cloud. The parallel and distributed architecture is composed
of a master node and multiple slave nodes. A mapping function is harnessed on a list of values
by the mapper and the output is directed to a reducer which can combine functions of values

to output results.

MR can be employed in data extraction to e ciently uti  : the current hardware and software
without buying new expensive computing systems [67]. As network and computer technology

is developing cloud computing is becoming an area of interest for most big data researchers
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[73, 75]. Notably single processor’s memory and CPU resources cannot handle big data to be
employed for data mining solutions in huge data [7, 76]. Thus, there is no need to buy new
expensive computers for Hadoop experimental solutions. An MR platform simplifies the
programming needs by incorporating them on map and reduces tasks. Therefore MR when
deployed speeds up the processes of support count and obtaining new candidate sets for data
mining. According to Liu et al. [7] the MR model offers simplified application development
in distributed settings to the Apriori algorithm to improve parallel processing. MR
intermediate results are transferred to the reducer through a repetitive process allowing it to
handle values too big to be accommodated by the memory. The presentations from previous
studies show that parallelization is the best solution to efficient data mining. The MR framework
1s designed to process voluminous data using hundreds or thousands of machines hence the
library must be able to endure machine failures. MR is used on jobs with high rates of failure

and guides them to successful completion on a large cluster [18].

2.6 Theories Based on Hadoop MapReduce

We describe theories based on Hadoop™! developed by Apache® and MR™ developed by
Google®. Both MR and Hadoop are open source software which are both suitable for processing

big data.
2.6.1Apache Hadoop

The Apache™ Hadoop [68] framework permits distributed handling of huge volumes of datasets
across clusters of computers over the internet. The framework is built in such a way that instead
of relying on hardware to offer reliable compatibility, it relies on the software library. The
software library has been crafted to detect and deal with failures at each application layer.
Hadoop design allows for scalability of many machines over the internet and each machine
offers its own storage and computations [51, 56]. The Hadoop distributed system overs the

following favorable traits [54, 57]:

e Accessibility: Hadoop is available on clusters of hardware over the internet and most of

its implementations are based on cloud computing services such as Cloudera™.
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e Robustness: Hadoop is intended to run on commodity hardware, thus it has strong
management tools that equip it to hanc : hardware failures.

e Scalability: Hadoop offers a linear sci : in order to ideally handle big data by increasing
the number of nodes to clusters available.

e Simplicity: Hadoop possess the ability to handle and provide 1e environment for

functional program handling.

Hadoop is an open source software which is capable of handling distributed programs for
developing and running large databases. Hadoop is simple and easy to setup and configure such
that even college students can quickly create their own cheap Hadoop cluster. The jobs are
controlled by the master node, which is known as the NameNode and it's re onsible for
chunking the data. Hadoop activities like data replication, data splitting and monitoring the status

of the cluster are carried out synchronously [54, 71].

2.6.1.1 Components of a Hadoop Cluster

The Hadoop framework uses a cluster with master-slave architecture. Figure 2.8 shows the core
components of a Hadoop cluster which inc les NameNode, Secondary NameNode which are
components of the HDFS and the JobTracker carries out map and reduce functions on a single
machine. In HDFS datasets can be split into chunks and then replicated across DataNodes in a
Hadoop cluster. In the scenario for a single node, all entities are executed by the single node with

a NodeManager.
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DataNode

The DataNode engages itself in activities of storing data into HDFS and manages files with one
node. It communicates with the NameNode conceming its information, storage and operations

[70].
JobTracker and TaskTracker

JobTracker is a component that residences on Hadoop and its functions include receiving
requests and assigning TaskTrackers. JobTracker holds and manages the jobs whilst
TaskTracker manages the small activities called task kids. Tasks are assigned to TuskTracker
based on the availability of data to be processed on the DataNode [18]. Ta s car e allocated to
a mapper or machine for processing using their location within the racks. We can also deduce
from the functionalities of JohTracker as presented to manage the resources and tracking their
availability to be used. On the other hand, the TuskTrackers take the orders from the JobhTracker

and update their status periodically.

The Hadoop framework has a pre-configured TuskTracker where the number of slots indicates
the number of activities it can accept. Therefore whenever a JohTracker schedules a task it has to
consider the empty slots on TuskTracker running on the identical server which hosts the
DataNode where the data for that task resides. Otherwise, it looks for the machine in the same
rack. There is no consideration of system load during this allocation. Different JVM processes
spawn to ensure that process failures do not bring down the TuskTracker. The TaskTracker send
heartbeat messages to the JobTracker to show its activities and to keep it updated with the empty
slots available for executing more tasks. Hadoop uses a web interface to keep the status
information and updates of JohTracker and TaskTracker.

Hadoop does speculative execution on a slow machine in the cluster and the map/reduce tasks
running on this machine and other machines runs redundant jobs on other machines to process

the same task which helps if a machine fails [71].

2.6.1.2 Hadoop Distributed File System (HDFS)

The "7 =S [66] is designed to store both structured and unstructured lots of data sets reliably

with high bandwidth applications. The resource can grow with demand while remaining

33






where the first data file to be accessed is huge. Second files are manipulated via streaming access

patterns typical of batch-processing workloads [54].

Many files are written in a sequential manner. Hadoop uses a coherence model to allow data to
be modified once written to exploit the streaming workloads [74].  JFS is divided into large
blocks for storage and access, typically 64MB in size. Portions of the file can be stored on
different cluster nodes thus balancing storage resources and demand [75]. In [6( manipulating
data at this granularity is efficient because streaming-style applications are likely to read or write
the entire block before moving on to the next [41]. In addition, this design choice improves
performance by decreasing the amount of metadata that must be tracked in the file system, and

allows access latency to be amortized over a large volume of data [68].

2.6.2MR Programing Model

MR is a processing technique and a prograni model for distributed computing mainly based on
object oriented language called java. The MR tool contains two important tasks, namely Map and
Reduce used for parallel data processing [71]. The main advantage of MR is that it can scale data
processing over multiple computing nodes and does not have data model or schema dependency.
Under the MR miodel, mappers and reducers are agents of implementation of a MR in MR Model
[8,9]. AMR job usually splits the input data-set into independent chunks which are processed by
the map tasks in a completely parallel manner. The framework sorts the outputs of the maps,
which are then input to reduce tasks. To ensure a job is progressing in the presence of variable
system load different scheduling  hniques are utilized. Finally, to avoid failures in data centres
a number of failure avoidance and recovery features are enforced to ensure job completion in the

environment [57].

2.6.2.1 N... Job Flow to JobTracker

When the MR job is submitted to JobTracker it is then the JobTracker's responsibility to send
the job to the TaskTracker and schedule tasks and monitor them. TuskTrac  gives the

JobTracker feedback on the progress of the job. Figure 2.10 illustrates how a MR job is
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processed from JobTracker and to other different loads in a particular manner. Listed below are
the steps which are followed when any MR job is submitted by the user until it gets submitted to
JobTracker[54]:

o The user copies input file to distributed file system (dfs)

o User submits job

« Job client gets input files information

s« HDFS creates splits

« User uploads job information which include Job.jar and Job.xml

e Validation of Job Output directory occurs through HDFS API call and then client
submits job to JobTracker using RPC call [66]

MR is ideal for operating on very large datasets and performs parallel operations on them. The
MR Job goes through a map stage and a reduce stage where arithmetic operations on transaction

items take place.

3 et

2 S J

Figure 2.11: MR Job Flow to JobTracker [54]
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The decision to split input data can be done as data is captured into HDFS and this is
determined by the number of DataNodes and mappers. The replication factor determines
the amount of replication to be carried out. One map task is created for each split and the
number of map tasks will be equal to the number of Input Splits. The split is divided into
records and each record will be processed by the mapper.

Record Reader

In Hadoop MR the Record Reader communicates with the Input Split and converts the
data into suitable format for interpretation and analysis by the mapper. Text Input Format
1s used to convert data into a paired format. The Record Reader communicates with the
Input Split throughout the whole process of file reading. The Record Reader assigns byte
offsets (unique number) to each line present in the file. Lastly, key and value pairs are
taken to the mapper for further processing [71].

Mapper

The mapper processes input record from Record Reader and generates new key-value
pair, and this key-value pair generated by Mapper is completely different from the input
pair. The output of Mapper is also known as intermediate output which is written to the
local disk. The output of the Mapper is temporary data and writing on HDFS will create
unnecessary multiple copies. HDFS is a high latency system so the output of mappers is
passed to combiner for further processing.

Combiner

The combiner is also referred to as a Mini-reducer and performs local aggregation on the
mappers’ output to minimize the data transfer between mapper and reducer. Once the
combiner functionality is executed, the output is passed to the partitioner.

Partitioner

Hadoop MR Partitioner is utilized when more than one reducer is implemented. The
Partitioner takes the output from combiners and performs partitioning. Partitioning of
output takes place on the basis of the key and then sorted using hash function and key
used to derive the partition [69]. Partitioning allows even distribution of the map output

over the reducer.

Shuffling and Sorting
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Shuffling is the physical movement of the data over the network. It involves transferring
data from the temporal data from mappers stored in HDFS to reducers for processing.
Shuffling can start even before the map phase has finished to save time[53, 58]. Sorting is
a process that allows data output from mappers to be orders in items of the same identity
and similar keys to help reduce processing time for the reducer. A reduce task can
distinguish when a new reduce task should start since Hadoop can only start a new reduce
task when the next key in the sorted input data is different from the previous key [73].
During shuffling, input data is pre-sorted (locally) in the map phase 71]and merge-sorted
in the reduce phase (since the reducers get data from many mappers). Once all the
mappers are finished and their output is shuffled on the reducer no s, then this
intermediate output is merged and sorted, it is then provided as input to reducer phase.
Reducer

Reducer takes intermediate pairs produced by the mappers as the entry data input.
Reducer function is executed on the input to generate the output. Then the output of the
reducer is the final output which is stored in HDFS.

Record Writer

Consequently, Record Writer writes 1 se output key-value pairs from the Reducer phase
to the output files.

Output Format

The Output Format determines the way the output key-value pairs are written in output
files by Record Writer. Output Format instances provided by the Hadoop are used to
write files in HDFS or on the local disk. As a result the final output of reducer is written

on HDFS by Output Format instances.

Figure 2.12 illustrates an MR job from the point it 1s split until it is completely processed. Once

the MR job is initiated, the HDFS splits the data into five data blocks which are then processed

by the available three workers for the map phase. The TuskTracker in He  op is the one that is

responsible for allocating tasks as it checks the progress of jobs through the JobTracker.

Workers in the map phase read the data and pass its output to intermediate files located on

HDEFS. The web interface on Hadoop Appcascr possesses a summary of . the activities taking

place and the resources allocated [47]. The two workers in the reduce phase accept the
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CHAPTER 3: PROPOSED IMPROVED APRIORI ALGORITHM MODEL

This chapter addresses the improved Apriori model. The first section of this chapter presents
theorems and definitions of the study area. Secondly we describe how the Apriori algorithm is
presented and utilized on MR followed by the flow of activities. The third section present the
pseudo code of the improved algorithm and its parallel implementation. Lastly, we propose the

experimental set up based on Hadoop MR and Yet another Resource Negotiator (Y ARN).
3.1 Definitions and Theorems

The discovery of frequent itemsets based on relationships between data in databases is a
cumbersome process. Though the Apriori algorithm is easy to understand and uses a simple data
structure the computation’s complexity is high for the whole process. The Apriori algorithm has
been revised in many ways by past researchers. We propose a parallel utilization of Apriori
through the use of Hadoop MR and Java Eclipse. We also propose to utilize HDFS storage.
Lastly, we propose deletion of transactions that do not satisfy minimum frequency count and the

value of k size candidate itemset at each level increment.

Definition 1: Cy; where C; the candidate itemset of size k, and L; frequent items  of k large [5,
20].

Definition 2: Suppose that the transaction database is split into N data splits then each item has
local item frequency, By and the support count (global support) which is obtained by adding £

for all data splits.

Where [ysupport count of an itemset in the Nth is spilt and N is the 1antity of processor
number of the processors/split. T. obal support count the total support count of an item.

Apriori Principle suggest that a frequent itemset has also all its subsets frequent[4, 13]. This
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_ Inciple makes the pruning process less complex and also possible to prune using either a top

down or bottom up method.

We utilize Hadoop HDFS to map the database transactions and split them into N data Splits to
ensure that our improvement strategy scans the database exactly once. The splitting of the data
blocks is determined by the processors or mappers available. We programmed the improved
Apriori algorithm using Java Eclipse and exported into a jar file. We then employed the jar file in
Hadoop MR to extract frequent patterns. MR processes the data by using Map/Reduce function
to obtain local item support, fy and its global support count, 6. We utilized Sy to prune
infrequent itemsets on each data split and ¢ to delete infrequent itemsets in the whole data set.
The support counting results are stored in HDFS. Support counting for candidate itemsets
generated 1s simultaneously calculated using the Map function of the MR concept of Apache
Hadoop architecture. Pruning of infrequent itemsets 1s carried out by using a support based
pruning strategy that exploits the Apriori principle and anti-monotone property of support
measure described in the above definitions. All generated candidate itemsets whose support

count does not meet the minimum support count threshold are deleted also.

We perform Candidate generation of the k-itemsets based on the frequent itemset.;, found in the
previous iteration. The candidate itemsets for every frequent itemset, are composed of a frequent
itemset 4., and a frequent itemset;, L;. Henceforth, all frequent itemsets; are part of the

candidate itemset; that will be generated.

We propose to implement a pruning strategy and to make the Apriori algorithm parallel using
software frameworks that can accommodate parallel tasks such as MapReduce [71]. There are
many different implementations of the MR interface based on environments [7, 76]. We propose
to utilize a scalable framework based on MapReduce. The MR model requires key-values pairs
for input and output. Hadoop stores both structured data and unstructured data formats making

the Hadoop MR most appropriate for retail data mining [16, 53].

Figure 3.1 provides a general illustration of the improved Apriori algorithm on MR paradigm
outlining the activities that are involved at each MR phase. MR provides sufficient high-level

parallelization [77]. Transactions from the transactional database are split into N splits and data
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(itemset, ©), The first pruning takes place in the mappers after aggregating the intermediate
output of each mapper the item Sy is compared to minimum support count. Any itemset with an
occurrence less than the minimum support threshold is deleted (8,°  min support). Second
elimination takes place after integrating the results of all mappers at the masters” node. Thus
there is local deletion at the mappers (splits) and global deletion for the whole data still based on
minimum support conditions. Reduce function adds the respective support count of the item from
each data split and outputs the items with ¢ >= minimum support. The frequent itemsets, are
produced at both the reduce phase and mapper phase. All available mappers iterate on the
candidate generation process utilizing a complete effective candidate generation method. All
candidate itemsets with §y >= minimum support count are considered for strong rules. The

frequent itemset Ly is obtained by merging the output of all reducers.
3.2 Proposed Flow of Activities

In Figure 3.2 we illustrate and discuss a scquential flow of activities to be followed in

implementing the improved Apriori algorithm.

e Collect and generate retail data

e Customize and fine tune retail data

e Data splitting and uploading on hadoop

e Determine frequent itemset and candidate generation
e Generate frequent itemset for split

e Determine the frequent itemset for whole data set

¢ Determine the strong association rules



Figure 3.15: Proposed Flow of Activities

3.3 Improved Apriori Pseudo code

The customized retail data is loaded and partitioned into splits by Hadoop. The map function
starts processing the split as initiated by the Map Task. The map function sequentially reads and
converts data to (key, value) pairs. Intermediate results are written to the HDFS where they
temporarily reside whilst they await the combiner class to process them. In Algorithm 3.1 we
present the pseudo code of the FrequentitemMapper class that implements the map function. In
Algorithm 3.2 we present the FrequentitemReducer class for arithmetic sum. The reducer adds
up the value associated with the same key and writes results in the output file in ascending order
of the keys. The output file consists of a list of frequent itemset items. The output of the

FrequentltemsetReducer is stored temporarily on 177 =S,
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FrequentitemMapper

Input: Data split Ds;, min support
Qutput: (key. value),

Key: frequent itemsetx item

Value split support count, § ),

Map (item. Ds) // Map function
L1=Get frequent itemset: |.-)

For (k=2 Lk-1£ 0, k ++)

Candida + nset generation. Cx,
For each candidate itemset ¢ €Cx
c.count =c.count +1;

End for

L= {ceCk | c.count =z min support}
Ifitemsett e [

Output (1. itemcount);

End map

End

Algorithm 3.1: Frequent Itemset Mapper
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FrequentitemReducer

Input: (key?2 value2) where key?2 is frequent itemsetk item and value?2: split ¢ port
count.g.).

Output: (key3, 1). v e key3 is frequent candidate itemsetx, item
Reduce (key?2, value?) // Reduce function
Qutput (key3. 1), / collected in Li
End reduce

End

Algorithm 3.2: Frequent Itemset Reducer

Algorithm 3.3 describes the computation apper of improved parallel Apriori algorithm
discovering of frequent itemsets from all splits is an interactive process that involves an iteration
of map and reduce function. The Computation mapper class takes input from Frequent Itemset
Reducer class. The input (key, value) is the list of frequent itemsets. ien e fre 1ency of each
item in the frequent itemsety 1s counted using the map function. The support count of each

itemset in a split (suppitemy) is computed.

ComputationMapper
Input: Data spht. Dsi. L1 and L1 1s stored as a temp intermediate file.

Output: (key. ie). where key is, nofthe list, L1 and value 1s split suppc
count g )

For each temset lin Li
Map (item Ds) /# Map function
count = count I frequency in De
Output (I. count)
“d Map

End for

Algorithm 3.3: Computation Mapper
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The above algorithm describes the computation mapper of  yroved parallel Apriori algorithm.

Discovery of frequent itemsets from all splits is an interactive process that involves an iteration
of mapping and reduction functions. Algorithm 3.3 Computation Mapper class takes input from
Frequent Itemset Reducer class. The input (key, value) is the list of frequent itemsets. Then the
frequency of each item in the frequent itemset; 1s counted using the map function. The support
count of each itemset in a split (suppitemy) i1s computed. The reducer function in Algorithm 3.4
obtains the input from the Computation Mapper class and sums the frequency of the associated

key for all the splits of the data sets.

Both Algorithm 3.5 and Algorithm 3.6 are map and reduce functions to determine the association
learning rules. Firstly, Rule Mining Mapper will extract all frequent associations that have been
discovered during frequent itemset mining. The mapper does this by listing the frequent itemsets
with their support count globally by taking the temporally saved output file from the computation
reducer class. The inputs are shuffled and sorted then sent as output to the reducer. Finally the

improved algorithm outputs frequency frequent itemsets, Ly; La; Ly.
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CompurationReducer

Input: (key?2 value2). where key1 is candidate itemsetr, items. {value1 is split support

count ).

Ourput: (key3, value3). where key is fr ient itemsetx. ifem and value? is support

count g
Reduce (key?2, value?2) // Reduce function
Sum =0,

While (values hasNext (}) {
Sum += values next ().get ():
Qutput (key3. (sum).
End if

If (sum==min support)

Out (key3. sum),

Endif

End reduce

End

Algorithm 3.4: Computation Reducer
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RuleMii  gMapper

Input frequent itemset list Lk, support count where Ligis the global . uent itemsels
Output Associaled rules, support count

Map Function (Lkg . Supportt count)

For each frequent item Fi in Liy

Put on same partition entries of the same key

End if

End for

Algorithm 3.5: Rule Mining Mapper

RuleMiningReducer

Input frequent itemset list, Lig, support count where Lig s the global frequent itemsets
for all splits/mappers
Output Rs. Asa  fof strong associated rules
Reduce Function ()
For every candidate itemset i:
Calculate confidence con = support count of i / support count;
If con == confidence threshold
Rs = Rs union (key --» con):
End for

End

Algorithm 3.6: Rule Mining Reducer
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Finally Algorithm 3.6 of the improved Aprion algorithm pseudo code describes rule mining
reducer class where the confidence of each candidate itemset is calculated by the reducer
function. All frequent itemsets with confidence >= minimum threshold are produced as strong

association
FrequentltemPartitioner

Input: (key, value, ReduceTask Value), w 2 key is the itemset, value is 1 and Reduce

task Value is ti  number of red iasks.
GetPartition (key, value, ReduceTask number) {
Read keysize from dataset

Split (*,).Length

It (n ReduceTasks==0)

Return O;

If (keysize ==1)

Return 0;

Else (keysize==2)

Return 1;

Else Ret 12;

Algorithm 3.7: Frequent Itemset Partitioner

Algorithm 3.7 presents the Partitioner class which is responsible for dividing and allocating
intermediate data to respective reducers based reducer tasks available. The Partitioner s ch

through the temporal data stored into HDFS after map operations and extracts e number of
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reducer tasks and assigns them accordingly. A Partitioner class is designed only when there are

at least two reducer functions to process data.
3.4 The parallelization of Improved Apriori based on YARN MR Model

We propose to make all core activities of improved Apriori parallel. The parallelizable activities
include determining frequent itemset and pruning for every split, computing frequent itemset for
all splits and implementing unsupervised learning techniques in MR to discover association
rules. Figure 3.10 presents a parallel and distributed improved Apriori algorithm with all its

activities. We generate and customise retail data and copy it into Hadoop using the terminal.

The HDEFS first divides the data sets into N splits that correspond to N mappers. We have divided
the improved algorithms into three phases. During the first phase, data partitions are allocated to
mappers. The mappers read and process the assigned splits. The map function executes and
provides a value pair from each. Map task determines the support count of the candidate itemset
and outputs the candidate set and their support counts. The output is stored temporarily in HDFS.
Candidate itemsets are generated from the allocated mappers. The partitioner allocates the map
output to the reducers available. MR then gathers all the value pairs and pass them to reducers.
The reducer receives a key and a list of values and produce key and sum. The reduce function
takes assigned itemsets and produces frequent itemsets. All infrequent itemsets are deleted using
Apriori support measure where all itemsets with support count that does not meet set conditions
for minimum support frequency set are eliminated. The obtained most occurring itemsets are

saved and stored in HDFS.

The second phase involves processes that will determine the frequent itemsets for the whole data
sets. The map function takes a combination of the output from the HDFS and part of the input
data sets. The Map task sums the local support count of the candidate itemsets and outputs the
candidate set and their support counts. All frequent itemsets from each split are combined into
associated values. The global support (o) is an output of support count of the itemsets and is
calculated based on the reduce function. The reduce task handles all reduce tasks assigned from
map tasks and outputs the item and their support count. As a result itemsets with support count
less than minimum support are pruned and the rest of the data is transmitted to HDFS as output.
The frequent itemsets are then generated from the results-.In the final phase, the mappers collects

all " :quent iter :ts their support counts that have been saved in T ymbiner
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3.5 Hadoop (MR2x) YARN Implementation

In this section we present the Hadoop MR YARN (Yet another Resource Negotiator) framework
which we employed to run our implementation. We also discussed the components of the YARN
based framework and the execution of MR job on YARN which comes with Cloudera CHDS set
up version that we utilized. Firstly we load the customised data set into the hadoop using the
provided terminal to submit MR jobs. Once the MR task is submitted ApplicationMaster
negotiates for the resources from the ResourceManager. YARN incorporated open source
systems are best in controlling distributed applications over internet [32]. The YARN container
controls the access to resources on the host to applications. It also optimizes cluster utilization
by keeping all resources in use all the time. ApplicationMaster partners with NodeManager to
run and manage the container’s operations. The responsibility of NodeManager includes
monitors launching containers and monitoring them. Lastly the History server maintains
information about the submitted MR jobs after the ApplicationMaster terminates. In Figure 3.11
the activities that take place during the execution of MR on YARN are summarized in sequential

order of execution.
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7. Clients contacts ResourceManager /Application master to monitor application’s status.
8. ApplicationMaster deregisters with the ResourceManager when job is completed.

9. The container is started

10. Create the container

11. The job resources has to be acquired.

12. The whole programme is executed.

In this chapter we presented the proposed improved algorithm and its implementation
framework. The improved Apriori algorithm is based on MR on YARN. We also described the
experimental set up based on Hadoop framework. The next chapter presents the experimental

results and performance evaluation of the improved algorithm.
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CHAPTER 4: EXPERIME!.. AL RESULTS AND ANALYSIS

In this chapter we present and analyze the experimental results to determine that the improved
Apriori algorithm determines association rules in a faster way. The chapter presents the parallel
improved algorithm based on two measures of strength that are support count and the
confidence. Additionally, the experimental set up is presented and discussed. Lastly we present

and discuss the experimental results.

4.1 Experimental Data

We considered retail data sets based on structured and unstructured presentations as HDFS can
accommodate both formats. We downloade grocery and supermarket data sales transactions
from the internet in its raw format as csv as shown in F~ ire 4.1. The researchers generated and
customized the data and copied it into HDFS where it was replicated by replication factor 1. In
Figure 4.2 some of the dataset samples are presented. The transactions had an estimated average
transaction magnitude of 11 products and a maximum frequent transaction of 5 products. Sixteen
mappers were implemented and three reducers. In cloudera Hadoop cluster, these datasets are

first stored in HDFS before all data input files are processed.

F' 1re4.18: S le Transactionall aF
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a range 16 MB to 64 MB chunks presented as a map task with a factor 1. HDFS stores made
duplicate files and stored the data block to ensure that data reliability and availability which in

turn increased the performance of the algorithm.

4.3 Progress of MR job Hadoop

We implemented the improved Apriori algorithm on the Hadoop MR data processing
framework. The algorithm first extracts frequent itemsets for each  lit which are then
integrated. Then the algorithm determines hidden relationships and discovers frequent itemsets
for all splits and eventually generates association rules. Then Apriori is executed and confidence
is used to determine strong association rulesThe map function had to be completed rst then the
reduce function would start. Figure 4.4 represents 16 input paths being created meaning that 16
mappers had to be executed before the reduce function could start. We present Figure 4.3 which
shows the progress of the map and reduce function. When Reduce function reaches 100% that

means the job has been completed.
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process a given transaction size the execution time is less than the execution time required to
process the same size of transaction with ¢ traditional Apriori algorithm. For example, to
process about 3000 transactions it takes traditional Apriori 93.13 seconds to process the data,
whereas improved Apriori takes only 6.04 seconds to process the same data. Similarly, according
to the Figure 4.8 execution time of 450 transactions with traditional algorithm take
approximately 20seconds compared to almost 6seconds required to process 450 transactions with
the modified algorithm. The improved Apriori algorithm has a steady increase on time as the
number of transactions increases whilst traditional algorithm experiences a sharp increase in
execution time as the number of transactions increases. From the results shown in Figure 4.8 we
can conclude that when the number of transactions is small processing time for both algorithms
is almost similar whereas when the transaction size increases the processing times change
significantly. We therefore conclude that localized pruning, support counting and shared
execution of activities proposed on improved Apriori algorithm helped enhance the performance

of the algorithm.

Disk latency is the time delay between a request for data and the return of the data which is
critical to the performance of a system. Figure 4.9 shows a sample presentation of a real time
online experimental results carried out at North West University in South Africa using Hadoop
Cloudera cloud computing resources that are freely available. The time shown on the results is
based on EDT time format were America which hosts Cloudera Hadoop server. This is why the
experiment appears to have been done in the early morning hours. The latency in the graph in
Figure 4.9 shows that there was delay from about 03:50 AM when data was ingested into
Hadoop until to 03:56AM.There is a sharp increase of disk latency when the experiment was
running from 03:33 to AM to 04:00 AM. After 04:00 AM there was also a sharp drop in disk
latency as the results were produced. The sharp decrease in disk tency is a good for the
investigation because there is reduced delay ‘om the reading process of data from memory to
RAM. The sharp increase in latency at the beginning of the experiment was may be attributed by
little RAM
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Disk Latency

[ v b 1Ims

Figure 4.9: Disk Latency

Figure 4.10 shows an extraction of graphs taken from Hadoop Cluster after running some of the
experiments. The first presentation of transaction shows that there was an increase in operations
per second on transactions and this is so because the transactions were loaded into Hadoop
around 03:50 AM and the MR processing started thereafter. Thus there is an increase of
transactions being processed between 03:50 AM and 04:05 AM. As the algonthm continues to
process the transactions there is a steady decrease time for processing transaction. The other
three presentations show that there have been transactions loaded into MR for processing, the
edit log and lastly the presentation of average edit logs based on the transactions loaded in the

session of this experiment.
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was discussed. We presented experimental results of the improved Aprioni as well as the
evaluation of its performance. The results show that there was slight improvement in the

execution time, speedup and sizeup of the improved Apriori algorithm.
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CHAPTER 5: CONCLUSION AN FUTURE WORK

This chapter gives conclusion of the dissertation work and presents possible guidelines on future

research work.
5.1 Conclusion

Association rule mining is applicable in many arecas and can also be impl:  ented easily. There
have been significant improvements and modifications on sequential Aprion algorithms [22] .
There have been many proposals on parallel Apriori implementation based on serial frameworks
which has proved to be currently expensive. A few studies have been conducted based on
parallelizing the Aprion algorithm using MapReduce. Some researchers worked on Apriori but
focused their work on its implementation on word count based on English and Arabic corpora.
Though there have been significant researches on Apriori algorithm based on MapReduce, very
little of that has been based on market basket analysis. The results of this research show that

parallel algorithms on parallel systems provide better performance and scalability.

In our research we have improved Apriori algorithm by parallelizing all e core activities and
allowing distributed pruning of infrequent itemsets at both their mappers and reducers. We also
employed a hybrid implementation between in-memory and hadoop by ' lizing YARN to get
better execution times [21]. Based on the experimental results, we demonstrated that the
improved Apriori has been enhanced.. Implementation of the improved Apriori on MR makes

the algorithm scalable.

5.2 Problems encountered during imp nentation

Data mining is an area whose research interest is growing rapidly. The growth in research

proposals in data mining or data science is mainly the need for better and efficient algorithms

and mechanisms to enhance the field of research interest. It has been observed and proven
ally rer the y» s that advance :nt in microprocessor chnolc -

systems has also contributed to past achievements in data mining. Rec tly
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mining has proved that software frameworks in that area aided by complementing hardware
platforms have produced better performances. Due to circumstances beyond our control we
encountered some challenges during the implementation stage of the research which affected the

results of the experiment. We present some of the drawbacks to our implementation as follows:

e Hadoop Cloudera minimum requirements for RAM 16GIG using Cloudera express
application on trial, we managed to acquire 12GIG RAM which we used to conduct the
investigation. Though we managed to install and use standard tools for data mining
(Hadoop cloudera express) and complete the implementation, we had many interruptions
when running java applications and hence we could not load more data since the system
was complaining in terms of RAM, processors and data size ratio.

e As a result we could not fully exploit Hadoop Cloudera, a parallel platform, for
processing data as some functions could not work as RAM and multiprocessor
requirement were not met.

e There was an increase in disk latency during the peak processing time due to inadequacy
of RAM.

e There was a limited number of processors on the computer that could grant us an efficient
parallel implementation.

e Java programming was constrained by the RAM size and we could not program within
the planned time because eclipse IDE would promptly shut down as RAM processing

was very low thereby affecting our productivity

5.3 Future work
We used a small scale cluster with one master node based on Cloudera Express to evaluate the

performance of the improved Apriori. We would want to have our master installed as a Hadoop
server that can accommodate many clients/nodes so that we are able to implement a master node-
slave nodes architecture. Furthermore, there is a need to fully optimize the Apriori algorithm for
market basket analysis where there is no need to input a user specific minimum support and
minimum confidence threshold. Further work can also be based on improving parallel and

distributed Apriori algorithms based on faster pruning strategies and an efficient candidate
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generation method targeting node or mapper level and at the same time devising methods to

reduce communicalion costs.
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