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Abstract

In Today’s modern and advanced era, huge amounts of data have become available on hand to developers and choice makers. Big data
successfully handles datasets that are not only large, but also very high in velocity and variety, which difficult to handle using conventional
techniques, methods and tools. Multilevel association rule mining plays a very vital role in distributed environment in analysis of big data
for preparing different Marketing strategies. As compared to Single Level rule, more precise and prominent information is provided by
multilevel association rule and additionally from the hierarchical dataset it generates the conceptual hierarchy of knowledge. This paper
aims to analyze Data Mining Technique named Multilevel Association rule, which provides additional important information in comparison
to single level rule, and it also invents conceptual hierarchy of information/data from the hierarchical dataset. Tools and techniques of Big

Data have also been reviewed in detail.
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1. Introduction

Data Mining is nothing but extraction of information from already
existing huge sets of data. In other words, it can be stated that data
mining is the method of pulling out knowledge and specific infor-
mation from data [1]. The data mined or extracted by this process
can be used in many ways by industries these days.

As on date we have plenty of Data Mining methods and techniques.
One of those techniques is ‘Association rule mining’. It’s the task
in which relationships of data are explored. This is used for the mar-
ket basket analysis for specific company who is concerned in iden-
tifying stuff or products that are being purchased together as well
as frequently. It supports in establishing patterns, inter-relations, as-
sociations or informal structures among sets of various items in dif-
ferent transaction databases. Hence it supports in knowing customer
purchasing habits by establishing associations and correlations be-
tween the different items that customers collect in their “shopping
basket”[2].

Association rules are used to establish and analyze the relationship
among frequently purchased item sets in relational and transactional
databases.

Let us suppose that [ = {I1, 12..., Im} is a set of different items. Let
us suppose that ‘D’ is a set of database connections where each of
transaction T is a set of items in such away that T S 1. Let ‘S’ be a
set of items. A transaction T will be said to contain S if and only if
S © T. Here an association rule is being shown in the form A—C,
where AcC|,CcTand ANC=0 [3] [4].

This rule shows the “IF THEN” relationship between the item set
A with the item set C. The association rules are created on the basis
of support and confidence.

Support: Frequency of the occurring event. The computing of oc-
currence frequency can be taken as the probability that the 2 events
(A and C) occur in the same transaction. The equation of support is
as under.

Support (A—C)=P (AN C)

Confidence: Proportion of frequency of co-occurring events (A and
C) to the frequency of ancestor event (A). The equation of confi-
dence is as under

Confidence (A—C) =P (C|A) =P (AN C)/P (A)

Concept hierarchy: It organizes concepts or available data in the
form of hierarchy. Then this concept is used to express knowledge
in useful, brief and facilitative knowledge of mining at multiple lev-
els of abstraction. For instance, consider following rules, in which
“Stallion Chassis” is an antecedent of “Ashok Leyland” based on
the concept hierarchy. Support(A —C) = Support(A U C)=P(A U
C) Confidence(A —C ) = P(C |A) = Support(A U C ) Support(A)
Stallion Chassis— Super Structure, Ashok Leyland— Super Struc-
ture. The concept hierarchy complexity can be explained in expres-
sions of internal nodes numbers and height of each internal node. It
efficiently measures the interestingness of the knowledge rules dis-
covered. “Multilevel association rules” are obtained from data min-
ing at multiple levels of concept hierarchy [5].

2. Preliminaries

2.1. Big data

In Today’s Technology and science age, Big data is hottest topic of
research and it has a great scope in each segment of our surrounding
world; such as Market, weather, physical conditions, SS, and much
more. Big data is presently considered as data sets of sizes more
than capability of normally utilized tools in usual software for man-
aging and capturing data. Big data is yet in its immature stage and
it is clearly evident from its indistinct explanation, limited applica-
tion and privacy barriers for enveloping implementation [6].As it is
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an application-oriented area, so definitely it is required to incorpo-
rate field acquaintance and data into information systems, which are
just like usual database systems and which have a thorough mathe-
matic base, execution mechanism and a set of designed rules.

2.2. History and evolution of big data

Although the word “BIG DATA” is new but the base concept is
very old. Even in the 1940s-1950s, decades prior to anyone spoken
or heard of the term “big data,” businesses used to utilize basic an-
alytics (essentially statistics in a business worksheet that were ex-
amined by hand ) to find out trends and calculations of business.
Certainly Big data enables the business to run speedily and effi-
ciently. In the past gathered information could be used for taking
futuristic decisions whereas currently big data provides immediate
references and results for an industry to work faster and having a
competitive edge.

2.3. Big data analytics

Since ages, multi-structured data is getting generated by humans
and machineries. The diagnostic value, scope, and power of stored
data were supposed to bloom for sure one day. In nut shell, data is
a strategic asset which can supports govt. as well as private organi-
zations in enhancing their capabilities and competencies in a big
way. So there was a special and urgent requirement of a tool or soft-
ware that can handle vast and mammoth volumes of data to analyze
and represent.. The well-timed entry, performance and the awesome
recognition of the Hadoop [7] frameworks has proven as a boon to
derive actionable insights by reducing difficulty levels and allowing
making speedy decisions. Hadoop-based analytical products are
competent enough to analyze and process data type and quantity
through thousands of products server clusters.

2.4. Uses of big data

Government

Big data usage in government organization both in central and local
allows saving and resource utilizations in field of improvement,
modernization, cost and productivity.

International development

At international level, it supports in exploring opportunities in cost-
optimization enabling improvement in making fast decisions in
field of significant improvement fields like service sector, health
segment, crime control, public safety and natural calamity. Manu-
facturing Big data utilizes sensory data of various vital inputs (like;
power, pressure, airflow, voltage, controller data etc) of manufac-
turing sector to predict upcoming uncertainties. It supports in
achieving Predictive manufacturing which continually proceeds to-
wards near-zero downtime and minimum rejection levels.
Healthcare

Avrea of Healthcare has been strengthened by Big data by introduc-
ing predictive analysis, assisting tailored medication and specific
analytics, waste reduction, automatic reporting of patient’s external
and internal data. This includes electronically maintained data of
health records, sensor data, patient generated data and various other
forms of complicated to process data [7] [8].

2.5. Characteristics of big data

Big Data has a lot of characteristics mentioned as V’s characteris-
tics. These characteristics of the Big Data are outcome of many re-
searches, data analysis and study. So far 9V’s characteristics have
been listed down: (Velocity, Volume, Validity, Veracity, Visuali-
zation, Variety, Variability, Volatility, and Value) [9].

Three major Vs are elaborated below in fig 1:

Variety:
Structured
Unstructured
Probablistic
Multi factor

Velocity: Volume:
Batch Tera byte
Streams Tables
Real time Transactions
Processes Records

Fig. 1: Characteristics of Big Data.

3. Literature review

R.A. Angryk, F.E. Petry [10] investigates function of fuzzy concept
hierarchies for pulling out multilevel information from huge da-
tasets. The unique process of induction of fuzzy hierarchical has
been analyzed and further it has been extended with new distinc-
tiveness which further improves applicability of the innovative ap-
proach to technical and systematic data mining. We get introduced
a consistent model of fuzzy induction and further it is applied to
mine generalized association rules. It states that utilization of fuzzy
concept hierarchies provides additional flexibility which in turn re-
sults in improved modeling of dependencies of real-life and in-
creased satisfaction levels of induction process.

Authors N.E. Oweis, M.M. Fouad, S.R. Oweis, S.S. Owais, V. Sna-
sel [11] developed a “parallel association rule mining algorithm”
based on Map Reduce paradigm by using “Lift interestingness”
measured (MRLAR). MRLAR can successfully hold huge datasets
with a very large quantity of nodes. This straightly eliminates the
requirement of additional calculations.

Big table is nothing but a spread storage system used for handling
organized data which is planned to range to a mega sizes: Thou-
sands of servers having data in petabytes.

F. Chang, J. Dean, W.C. Hsieh, D.A. Wallach, M. Burrows, R.E.
Gruber [12] describes the design, implementation of big table and
also details the simple data model which is provided by Big table,
that in return provides dynamic control on format and data layout
to client’s support.

Authors J.H.C. Yeung, C.C. Tsang, K.H. Tsoi, B. Kwan, C.
Cheung, A.P.C. Chan, P.H.W. Leong, [13] presents the application
of a MR(map-reduce) library holding parallel field programmable
gate arrays and “graphics processing units” called as GPUs. This
paper further shows that, supported by the MR methodology and
library, large systems can be developed with elevated output/effi-
ciency and using brief issue details on mixed GPU/FPGA-based
customized computing machines.

P.N. Tan, V. Kumar, J. Srivastav [14], describes numerous im-
portant properties that should be studied so that correct measure for
a provided application can be selected. These properties have been
studied in comparison using 21 measures which have initially been
developed in various areas such as SS, Science, Machine learning,
data mining and statistics.

Finally, this paper presents an algorithm for choosing a small set of
patterns in a way that field specialists can easily find a way that
suits their necessities in best way by grading or positioning this
small set of patterns.

T. Brijs, K. Van hoof, G. Wets [15] proposed a summary of few
prevailing “measures of interestingness” and also comments on
properties of same. Overall, interestingness measures are divided
into objective and subjective measures. This paper emphasis on ob-
jective measures of interestingness only.

G. Shaw, Y. Xu, S. Geva [16] proposes the elimination of rules of
hierarchically redundant from multi-leveled datasets. It additionally
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states; As Association rules can easily be derived from the repre-
sentation, so the subsequent conciseness presentation of ‘non-re-
dundant association rules’ is totally loss free. Experimentations
proved that multilevel non-redundant rules can be effectively gen-
erated by extension.

Ultimate aim of this paper is to reduce the rule set size in order to
make the usefulness and quality better with no triggering to any
type of information loss.

Y. Xu, G. Shaw, Y. Li [17] initially presents meaning for ‘redun-
dancy’ and a brief representation called Reliable basis for present-
ing ‘non-redundant association rules’. Then the paper shows that
hierarchically redundant rules can be removed from multi-level da-
tasets. It proposes an approach which removes ‘hierarchical redun-
dancy’ by using frequent closed generators and item sets.

Y. Xu, G. Shaw, Y. Li [18] proposes a novel method for improving
data mining situation by studying the rules mined from original con-
cept level to attain multilevel rules. Dynamic concept hierarchies
are also supported by this proposed method. It also discusses about
the calculation problems of multilevel association rules at specific
level, rule support and the adjustment among suggested possible so-
lutions, commonsense and specific patterns.

T. Fadi, S. Hammoud [19] overcomes from the issue of very huge
data mining by suggesting a new rule called Map-Reduce associa-
tion rule mining (MR-ARM) technique .A format of hybrid data
transformation is used for finding recurrent items and rules genera-
tion, speedily. MR-ARM implementation done on Weka and Ha-
doop. The results show that MR-ARM is very valuable instrument
for mining of association rules from big datasets from distributed
environment.

From the view point of big data, in this paper authors Kalyan P.
Subbu, Athanasios V. Vasilakos [20] presents context aware com-
puting. Firstly classification of accessible work on the base of sense
platforms is proposed and afterwards it discusses the latest advance-
ment and progress in this area of Big data context aware systems
centered on how such systems deal with a variety of challenges of
big data. Secondly it explains the “Context aware computing”
called as CAC that facilitates applications for awareness of the con-
text by creating inferences by supplying elegant intelligent services
to the user.

The projected scheme by Navroop Kaur, Sandeep K. Sood [21] pro-
vides approximation of the data characters of big data stream in ex-
pressions of variability, velocity, variety and volume.

The projected system intends allotment of proper assets to big data
stream based on its FOUR Vs.

Daniele Apiletti, lenaBaralis, Tania Cerquitelli, PaoloGarza, Fabio
Pulvirenti and LucaVenturini [22] presents analysis of Spark-based
scalable algorithms and Hadoop attending to the recurrent item set
mining issue in the domain of Big Data via comparative analysis of
experiments and theory.

Drew Schmidt, Wei-ChenChen, ike Matheson and George Ostrou-
chov [23]explains that without addition of overhead of memory and
excess computational overheads, ‘R’ exploits extremely scalable
parallel libraries like ScaLAPACK and PBLAS through pbdR
packages and this is done by non inclusion of big extent of overhead
of memory and computational overhead.

For management of data produced by networks of wireless multi-
media sensor, Cihan Kiigiikkegeci, Adnan Yazic1[24] offers a big
database model based on graph database. It generates synthetic data
using simulator.

4. Technology used

4.1. Hadoop

Hadoop is a JAVA programming language and an open source
framework, which allows processing of huge data sets in a distrib-
uted or parallel computing environment. Two main components of
Apache Hadoop are Map Reduce (MR) and HDFS [25].

4.2. Hadoop distributed file system (HDFS)

HDFS is system that is planned to stock up very huge sets of data
dependably and then to stream these sets at very elevated bandwidth
to user applications. ‘HDFS’ is a file system which is having block-
structure and it breaks a file into fixed size blocks for storing it into
numerous machines; default block size of block is 64MB. Hadoop
has two types of machines that work in a master-slave style, a Name
Node as master machine and a number of Data Nodes as slave ma-
chines. [26][25] The Name Node allocates block ids to the blocks
of a file and stores metadata (name of file, authorization, copy, each
block’s location) of file system in main memory which provides
rapid access to this information. Data Nodes are nothing but the in-
dividual machines in the clusters that store and recover the repli-
cated blocks of several files.

4.3. Map reduce

Map Reduce is backbone of Hadoop. It is the hub of Hadoop and a
programming paradigm enabling mass scalability across plentiful
servers in cluster of Hadoop. Hadoop Map Reduce is a software
construction for simply scripting applications which route massive
volumes of data in-parallel on big hardware clusters in a mistake-
tolerant and dependable way. It is used as functional programming
in artificial intelligence. It has also been reintroduced by GOOGLE
to resolve the issue of big data analyzation. [27]

MAP and REDUCE are two key functions to be applied. The Map
Reduce framework operates on (key, value) pairs [28] [29]. Ecosys-
tem of hadoop as shown in fig.

Table.1: Hadoop Ecosystem
SOLAR IN-
HIVE DEXER PIG
Spark of Map Reduce
Resource Management
YARN
Storage
HDFS, Hbase

CRUNCH

SEARCH IMPALA

4.5. Apache spark

Apache Spark is an innovative structure for spread computing
which has been planned and made functional to enhance tasks of
low-latency and to stock midway data and outcomes in memory. It
is logically appropriate for machine learning. [30].It is a super-fast
cluster computing technology, which has been designed for rapid
computation. Based on Hadoop Map Reduce, it spreads the Map
Reduce model to proficiently use it for additional types of compu-
tations, which comprises stream processing and interactive queries.
In-memory cluster computing is the key feature of Spark that en-
hances an application’s processing speed. Spark covers a varied se-
ries of workloads like interactive queries, iterative algorithms, batch
applications and streaming. Other than supporting this workload in
a defined system, it decreases the management load of upholding
separate tools [29].

5. Conclusion

In this paper the big data's content, usage, characteristics, tools and
techniques have been reviewed with the help of various Tools and
techniques of Big Data. Multilevel association rule has also been
reviewed which imparts additional and important information with
respect to single level rule. With supportive LIVE example it has
been shown that MAR helps in knowing customers buying behavior
through establishing links and correlation among various items that
are purchased by defined set of customers in defined time period.
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