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Course Learning Objectives: This course (18CS72) will enable students to:

e Understand fundamentals of Big Data analytics

e Explore the Hadoop framework and Hadoop Distributed File system
o lllustrate the concepts of NoSQL using MongoDB and Cassandra for Big Data
o Employ MapReduce programming model to process the big data
e Understand various machine learning algorithms for Big Data Analytics, Web Mining and Social
Network Analysis.
Module 1 Contact
Hours
Introduction to Big Data Analytics: Big Data, Scalability and Parallel Processing, | 10
Designing Data Architecture, Data Sources, Quality, Pre-Processing and Storing, Data
Storage and Analysis, Big Data Analytics Applications and Case Studies.
Text book 1: Chapter 1: 1.2 -1.7
RBT: L1, L2 L3
Module 2
Introduction to Hadoop (T1): Introduction, Hadoop and its Ecosystem, Hadoop Distributed | 10
File System, MapReduce Framework and Programming Model, Hadoop Yarn, Hadoop
Ecosystem Tools.
Hadoop Distributed File System Basics (T2): HDFS Design Features, Components, HDFS
User Commands.
Essential Hadoop Tools (T2): Using Apache Pig, Hive, Sqoop, Flume, Oozie, HBase.
Text book 1: Chapter 2 :2.1-2.6
Text Book 2: Chapter 3
Text Book 2: Chapter 7 (except walk throughs)
RBT: L1, L2 L3
Module 3
NoSQL Big Data Management, MongoDB and Cassandra: Introduction, NoSQL Data | 10
Store, NoSQL Data Architecture Patterns, NoSQL to Manage Big Data, Shared-Nothing
Architecture for Big Data Tasks, MongoDB, Databases, Cassandra Databases.
Text book 1: Chapter 3: 3.1-3.7
RBT: L1, L2 L3
Module 4
MapReduce, Hive and Pig: Introduction, MapReduce Map Tasks, Reduce Tasks and | 10
MapReduce Execution, Composing MapReduce for Calculations and Algorithms, Hive,
HiveQL, Pig.
Text book 1: Chapter 4: 4.1-4.6
RBT:L1,L2 L3
Module 5
Machine Learning Algorithms for Big Data Analytics: Introduction, Estimating the 10

relationships, Outliers, Variances, Probability Distributions, and Correlations,

Regression analysis, Finding Similar Items, Similarity of Sets and Collaborative Filtering,
Frequent Itemsets and Association Rule Mining.

Text, Web Content, Link, and Social Network Analytics: Introduction, Text mining, Web




Mining, Web Content and Web Usage Analytics, Page Rank, Structure of Web and analyzing
a Web Graph, Social Network as Graphs and Social Network Analytics:

Text book 1: Chapter 6: 6.1106.5

Text book 1: Chapter 9: 9.1t09.5

Course Outcomes: The student will be able to:

e Understand fundamentals of Big Data analytics.

o Investigate Hadoop framework and Hadoop Distributed File system.

o lllustrate the concepts of NoSQL using MongoDB and Cassandra for Big Data.

e Demonstrate the MapReduce programming model to process the big data along with Hadoop
tools.

e Use Machine Learning algorithms for real world big data.

e Analyze web contents and Social Networks to provide analytics with relevant visualization tools.

Question Paper Pattern:

e The question paper will have ten questions.

e Each full Question consisting of 20 marks

e There will be 2 full questions (with a maximum of four sub questions) from each module.

o Each full question will have sub questions covering all the topics under a module.

e The students will have to answer 5 full questions, selecting one full question from each module.

Textbooks:

1. Raj Kamal and Preeti Saxena, “Big Data Analytics Introduction to Hadoop, Spark, and
Machine-Learning”, McGraw Hill Education, 2018 ISBN: 9789353164966, 9353164966

2. Douglas Eadline, ""Hadoop 2 Quick-Start Guide: Learn the Essentials of Big Data
Computing in the Apache Hadoop 2 Ecosystem", 1*Edition, Pearson Education, 2016. ISBN-
13: 978-9332570351

Reference Books:

1. Tom White, “Hadoop: The Definitive Guide”, 4" Edition, O’Reilly Media, 2015.ISBN-13: 978-
9352130672

2. Boris Lublinsky, Kevin T Smith, Alexey Yakubovich, ""Professional Hadoop Solutions™,
1%Edition, Wrox Press, 20141SBN-13: 978-8126551071

3. Eric Sammer, ""Hadoop Operations: A Guide for Developers and Administrators',1¥Edition,
O'Reilly Media, 2012.ISBN-13: 978-9350239261

4. Arshdeep Bahga, Vijay Madisetti, "'Big Data Analytics: A Hands-On Approach®, 1st Edition,
VPT Publications, 2018. ISBN-13: 978-0996025577
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Module 1

Introduction to Big Data Analytics

Contents

Big Data

Scalability and Parallel Processing

Designing Data Architecture

Data Sources

Quality

Pre-Processing and Storing

Data Storage and Analysis

Big Data Analytics Applications and Case Studies
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Introduction

History of data storage

Floppy Disk{1.44 MB)

WRITEX
DVD-R _

Blue Ray DiskiS0 GB)

Cloud Data Storage
The amount of data in today’s Digital Universe is
2,700,000,000,000,000,000 KB

Approximately 2.7 zettabytes of digital data exist today.
8 bits = 1Byte
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1024 bytes = 1KB

1024 KB = 1MB

1024MB = 1GB

1024GB = 1TB

1000 (1024) terabytes = 1 petabyte

1000 petabytes = 1 exabyte

1000 exabytes = 1 zettabyte

30 billion 4K movies can be stored in 1 zettabyte.

90% of 2.7 zettabytes of data has been created in the last 10 to 15 years.

How can so much of data get created?

Approximately 40 exabytes of data gets generated by
a single smart phone every month.
* There are approximately 6000000000 smart phones
users across the world.
* Monthly generation of world-wide data is,
40 exabytes x 6000000000

BIG DATA

Data generated on the internet per minute
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2.1 million snaps shared 3.8 million scarches 1 million logins

.
4.5 million videos watched 188 million emails sent

Definitions of Data

“Data is information, usually in the form of facts or statistics that one can analyze
or use for further calculations.”

“Data is information that can be stored and used by a computer program.”

“Data is information presented in numbers, letters, or other form.”

“Data is information from series of observations, measurements or facts.”

“Data is information from series of behavioral observations, measurements

or facts.”

Definition of Web
“Web is large scale integration and presence of data on web servers.”
Is Web and Internet the same???

* Web is a part of the Internet that stores web data in the form of documents and other
web resources.
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Definition of Web Data
“Web Data is the data present on web servers in the form of text, images, videos, audios

and multimedia files for web users.”

(1] Tube:

Graw OXFORD

* Examples of Web data

WlKlPEDlA

l The Free Encyclopedia

Hill B O O K S O R |

Education |

Classification of Data

DATA

| !

Structured Semi - Structured Unstructured

ZIng & e

Mra
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Structured Data
* Structured data conform and associate with data schemas and data models.
« Structured data are found in tables (rows and columns).
* Databases that hold tables in this form are called Relational Databases.
* In structured data, all row in a table has the same set of columns.

* SQL (Structured Query Language) programming language used for structured data.

nama | age (16 [sublect | Veachar |
Jimy 28 1 Languagos John Jonas
2 Pam 26 Track Wally Waest
3 Michael 42 a Swimming Arthur Curry
A Computers Victor Stone

a8
100
75

wNwwﬂN

ﬂlw.nu

76
88

Structured data enables the following

— Data insert, delete, update and append.

— Indexing to enable faster data retrieval.

— Scalability which enables increasing or decreasing capacities and data processing
operations such as storing, processing and analytics.

— Transaction’s processing which follows ACID rules (Atomicity, Consistency, Isolation
and Durability).

— Encryption and Decryption for data security.

Semi-Structured Data
« Semi-structured data contain tags and other markers.
* The tags are used to separate semantic elements thereby creating a hierarchy.
* Here the data does not conform and associate with formal data model structures.
» It does not confine into a rigid structure such as that needed for relational databases.

» Examples of semi-structured data are XML and JSON documents.
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<note-~

<to>Tove</to>
<from>Jani</from>
<heading>Reminder</heading>
<body>Don't forget me this weekend!</body>
</note>
Note
To: Tove in XML file and its

corresponding output
From: Jani

Reminder
Don't forget me this weekend!
Unstructured Data

* Unstructured data is information that either does not organize in a pre-defined manner
or not

have a pre-defined data model.

« It is a data that is present in absolute raw form.

» This type of data does not possess data features such as a table or a database.

* The data here is text-heavy but may also contain numbers, dates, and facts as well.
* Word, PDF, Videos and audio files are classical examples of unstructured data.
Some examples of unstructured data

* Mobile data: Text messages, chat messages, tweets, blogs and comments.

» Website content data: YouTube videos, browsing data, e-payments, user-generated
maps.

* Social media data: Images and videos from Instagram, Facebook, LinkedIn, Flickr
(upload,

access, organize, edit and share photos from any device from anywhere in the world).

« Satellite images, atmospheric data, surveillance, traffic videos.

Big Data Definitions

“Big Data is high volume, high velocity and/or high-variety information asset that
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requires new forms of processing for enhanced decision making, insight discovery and
process optimization.”

“Big Data is a collection of data sets so large or complex that traditional data processing
applications are inadequate."

“Big Data is data of a very large size, typically to the extent that its manipulation and
management present significant logistical challenges."

"Big Data refers to data sets whose size is beyond the ability of typical database software

tool to capture, store, manage and analyze."

Big Data Characteristics

Scal Data Different
) Qmm. -
Big

Data

Uncertainty

Anal s of
el of Data

Data

Tratinravaint 17 3
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Big Data Characteristics

Velocity

5Vs

of
Big Data

Veracity

1/4/2021 Padmavathi H G — IRCS72

Volume

* Volume defines the amount or quantity of data, which is generated from various
applications.

* This data is generated from different sources such as IoT devices, social media, videos,
financial transactions and customer logs.
* Volume determines the processing considerations needed for handling that data.

* Currently distributed systems are used to store data in several locations and brought
together

by frameworks like Hadoop, Storm, Hive and Spark.
Velocity

*» The term Velocity refers to the speed of generation of data.

* Velocity is a measure of how fast the data is generated and processed.
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* To meet the demands and the challenges of processing Big Data, the velocity of
generation of

data plays a crucial role.
* This is because only after analysis and processing, the data can meet the demands of the
clients/users.

* There is no point in making huge investments if we end up waiting for data.

Variety
* One of the most important Big Data characteristics is its variety.
« It refers to the different sources of data and their nature.
* Earlier, it was only available in spread sheets and databases.
» Nowadays, data is present in photos, audio files, videos, text files, and PDFs.

* Out of all the data available, 80% comprises of unstructured data while the rest is
structured

and semi structured.

Veracity
* Veracity refers to the quality of data captured.
« It is a measure of how accurate or truthful a data set may be.
* The quality of data is dependent on certain factors such as
— Where the data has been collected from
— How it was collected
— How it will be analysed.
* Low veracity data, usually contains a high percentage of non-valuable, ,,noisy* and
meaningless data.
Big Data Types

The following classification is developed by a team from IBM
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Big Data Classification

Various classification methods for traditional data

Basis of Classification

Examples

Data sources

Data storage such as records

RDBMs

Distributed databases

Row-oriented In- memory data tables
Column-oriented In-memory data tables
Data warchouse

Data formats

Structured
Semi-structured

Data Stores structure

Enterprise or cloud servers

Data warchouse

Row-oriented data for OLTP
Column-oriented for OLAP
Records

Graph databases

Hashed entriés’for'kéy/valae pairs

Basis of Classification

Examples

Processing data rates

* Batch
* Near-time
* Real-time

Various classification methods for Big duta

Basis of Classification

Examples

Big Data sources

Distributed file system

Operational Data Store (ODS)

Data warchouse

NoSQL database (MongoDB. Cassandra)

Sensors data

External data such as web, social media, weather daty, health records

Big Data formats

(AR BN

*  Unstructured
*  Semi-structured
*  Multistructured,....
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Basis of Classification Examples
* High volume, velocity, varicty and verngcity
* Batch
Processing Big data rates g
85 * Near-time
* Real-time, Streaming

Batch processing (using MapReduce, Hive or Pig),

Big Data precessing methods | * Real-ime processing (using SparkStreaming, SparkSQL, Apache Drill)

Statistical analysis
Predictive analysis
Regression analysis
Machine learning algorithms
Clustening algonithms
Classifiers

Social network analysis
Location-based analysis
Diagnostic analysis

Big Data analysis methods

Big Data Handling Techniques

Following are the techniques deployed for Big Data storage, applications, data
management and mining and analytics.

Big Data Handling Techniques

Big Data
managem
ent

Big Data
Storage

11/4/2021 wdmavathi H G — I18CS72
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Big Data Handling Techniques

* Huge dats volumes storage

. , * Data distribution
Big Datn Storage ; SRS

* High-speed nctworks
* High performance computing
| o I~
. G- o Applications which are open source, reliable, scalable, distributed file system, distributed
Big Data Applications ¥ \ T

database, parallel and distnibuted computing systems such as Hadoop or Spark.
NoSOI

* Column-onented database

Big Data management

Graph database

*  Other form of databases used as per needs of the applications

SCALABILITY AND PARALLEL PROCESSING
* Traditional data stores use RDBMS tables or data warehouse to store and manage data.

* Big Data needs processing of larger data volume and therefore needs intensive
computations.

* Processing complex applications with large datasets (TB to PB datasets) need hundreds
of

computing nodes.

» Therefore, Big Data processing and analytics requires scaling up of computing
resources.

» Scalability enables increase or decrease in the capacity of data storage, processing and
analytics.
Analytics Scalability to Big Data

* The Scalability of an application can be measured by the number of requests or tasks it
can

effectively support simultaneously.

* The point at which an application can no longer handle additional requests effectively is
the

limit of its scalability.

* This limit is reached when a critical hardware resource runs out, requiring different or
more machines.

* Scaling these resources can include any combination of adjustments to CPU and
physical memory, hard disk and/or the network bandwidth.
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SCALABILITY AND PARALLEL PROCESSING

Scalability

Horizontal Vertical

Horizontal Scalability

* Horizontal scalability means increasing the number of systems working in coherence
and

scaling out the workload.
« It is also referred to as Scaling out.

* Scaling out means using more resources and distributing the processing and storage
tasks in parallel.

Vertical Scalability

* Vertical scalability means scaling up the given system's resources and increasing the
system's

analytics, reporting and visualization capabilities.

« It is also referred to as Scaling up.

Vertical Scalability e iu...,Horizontal Scalability

Scaling up and scaling out are definitely beneficial for carrying out analytics.

* However, buying faster CPUs, bigger and faster RAM modules, hard disks and
motherboards will be expensive.

Dept. of ISE, BRCE 14
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* Also, if more CPUs add in a computer, but the software does not exploit the advantage
of them, then this results in wastage of resources.

* We next discuss alternative ways for scaling up and out processing of analytics software
and Massively Parallel Processing Platforms

* Scaling uses parallel processing systems.

» It is impractical or impossible to efficiently execute programs that are large and
complex on a

single computer with limited memory.

* Such scenarios require use of Massive Parallel Processing(MPPs) platforms.
* Parallelization of tasks can be done at several levels:

— Distributing separate tasks onto separate threads on the same CPU.

— Distributing separate tasks onto separate CPUs on the same computer.

— Distributing separate tasks onto separate computers.

* When designing an algorithm or problem, we need to draw the advantage of availability
of multiple computing systems.

» Multiple compute resources are used in parallel processing systems.

» The computational problem is broken into discrete pieces of sub-tasks that can be
processed simultaneously.

* The system executes multiple program instructions or sub-tasks at any moment in time.

* Total time taken will be much less than with a single compute resource.

Distributed Computing Model

Processing
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At a basic level, a Distributed System is a collection of computers that work together to
form a single computer for the end-user.

* The computers that are in a distributed system can be physically close together and
connected by a local network, or they can be geographically distant and connected by a
wide area network.

» These connected systems are able to fail independently without damaging the whole
system.» Hence a distributed system can be thought of as a set of interdependent and

autonomouscomputers or nodes.

* Processing Big Data requires,

— Distributed computing

— Parallel computing

— Scalable computing

el A=l E e e || @ [00008
\ \ - | @ 999
=2 — Y 00
Memory ,,mfm Parallel Computing J @
- 3 . Scalable Computing
Distributed Computing
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* A Distributed Computing model uses ~ Table 1.2 Distributed computing paradigms

— Cloud o
— Grid Distributed computing on multiple D:[f _ |large datasets | Small to medium
— Clusters processing nodes/clusters ',T\, v | below1oM | datasetsupto1M

Distributed computing Yes  |Yes No

Parallel computing Yes  |Yes No

Scalable computing Yes  |Yes No

Shared nothing (No in-between data sharing | Limited

2 g o €s : No
and inter-processor communication) sharing
Shared in-between between the distributed | Limited
0 A Yes
nodes/clusters sharing

Cloud Computing

Mentorng - Collaboration ’
Coantent Communic atan

Platform

=3 © B
- T e D
Objpect Starage Buntsme Database
Infrastructure

Network
Phones

Cloud Computing
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Wikipedia defines cloud computing as “Cloud computing is a type of Internet-based
computing that provides shared processing resources and data to the computers and other
devices on demand.”

* In the simplest terms, cloud computing means storing and accessing data and programs
over

the internet instead of your computer's hard drive.

» Some examples of cloud resources are
e B8 & /A
Microsoft Azure
Google Drive Drop Box * /\ Il' l b =
S3 l-.("l

Some of the important features of cloud computing are:

— On-demand service

— Resource pooling

— Scalability

— Accountability

— Broad network access.

* Cloud services can be accessed from Anywhere and at Anytime through the Internet.

* A local private cloud can also be set up on a local cluster of computers.

® Development platform, Database, Software applications are some computing
infrastructures provided by cloud computing.

® Cloud computing services can be classified into three fundamental types.
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<
o
&

SaaS

Used by end users
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& PaaS
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Used by software dovelopers
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laaS
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Software as a Service (SaaS)

* Providing software applications as a service to end users is known as Software as a
Service.

» Software applications are hosted by a service provider and made available to
customers over the

Internet.

* In this model, an Independent Software Vendor (ISV) may contract a third-party
cloud provider to

host the application.

* With larger companies, such as Microsoft, the cloud provider might also be the
software vendor.

* Google workspace, Microsoft Office 365, Adobe Creative Cloud are some popular
examples of

SaaS.

Platform as a Service (PaaS)

« It implies providing the runtime environment to allow developers to build
applications and

services.

* Computing platforms which typically includes operating system, programming
language

execution environment, database, web server is provided.

* Using PaaS users can build, compile and run their programs without worrying about
the

underlying infrastructure.

» Google App Engine, AWS Elastic Beanstalk, Heroku, AWS Elastic Beanstalk are
popular

examples of PaaS.
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Infrastructure as a Service (laaS)

* Providing access to resources, such as hard disks, network connections, databases
storage,

data center and virtual server spaces is Infrastructure as a Service (laaS).

* In simple terms, [aaS is the equivalent to servers and hardware that we might have
in our

workplace.

» [aaS enables end users to scale and shrink resources on the basis of demand.

» This helps in reducing the need for high, up-front capital expenditures or
unnecessary

“owned” infrastructure.

*+ Amazon Web Services (AWS), Cisco Meta cloud, Microsoft Azure, Google
Compute Engine

(GCE)

Grid Computing

» Grid Computing refers to a group of computing resources from several locations
that are connected

with each other to achieve a common task.

* Alternately Grid computing is defined as a group of networked computers which
work together to

perform large tasks, such as analyzing huge sets of data

* Grid is a group of computers that might spread over remotely.

How Grid

Computing e D
~ - B R -—
Works “ -
- 1 ~
=y - i
et ) Eysp— .
D) ot —— ~
‘# c°ntro§ .
| e—
.2 Node e . a
e ™ = =

Grid Computing is a subset of Distributed computing.

* The nodes in the grid consist of machines with different platforms running on various
different

OsS.
* A Grid computing network mainly consists of these three types of machines

— Control Node
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A computer, usually a server or a group of servers which administrates the whole
network and keeps the

account of the resources in the network pool.

— Provider

The computer which contributes it"s resources in the network resource pool.
— User

The computer that uses the resources on the network.

Features of Grid Computing

* Large scale: a grid must be able to deal with a number of resources ranging from just a
few to

millions.
* Geographical distribution: grid's resources may be located at distant places.

 Heterogeneity: a grid hosts both software and hardware resources that can be very
varied.

* Resource sharing and coordination: resources in a grid must be coordinated in order to
provide aggregated computing capabilities.
» Transparent access: a grid should be seen as a single virtual computer.

* Dependable access: a grid must assure the delivery of services under established Quality
of

Service (QoS) requirements.

Advantages of Grid Computing
* Makes better use of existing resources.

* Grid environments don’t have single points of failure. If one of the nodes within the
grid fail

there are plenty of other resources able to pick the load.
* Jobs can be executed in parallel speeding performance.

* Can solve larger, more complex problems in a shorter time.

Cluster Computing

* A cluster is a group of computers connected by a network.
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* The group works together to accomplish the same task.

* Clusters are used mainly for load balancing.

* They shift processes between nodes to keep an even load on the group of connected
computers.

* All the nodes connected in the cluster must have the same configuration.

Cloud vs Grid vs Cluster

Cloud Grid Cluster
Connectivity WAN WAN LAN
Dependency Loosely coupled Loosely coupled Tightly coupled
Configuration of
Heterogeneous Heterogeneous Homogeneous
nodes
Resource : . :
Decentralized Distributed Centralized
Management
: : 5 : Whole cluster
Every node is Every node is g ;
Autonomy functions as a single
¢ autonomous autonomous =
system.
« y Lower than Grid and .
Security Gl Lower than Cluster High
’ S

Volunteer Computing

* Volunteer computing is a distributed computing paradigm which uses computing
resources of

the volunteers.
* Volunteers are organizations or members who own personal computers.

* Volunteer computing is mainly used to help achieve scientific and medical research at
minimal

cost.

» Some issues with volunteer computing are
— Volunteered computers heterogeneity.

— Their sporadic availability.

— Incorrect results at volunteers are unaccountable as they are essentially from
anonymous volunteers.

Data Architecture Design
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"Big Data architecture is the logical and/ or physical layout/structure of how Big Data
will be stored, accessed and managed within a Big Data or IT environment. Architecture

logically defines how Big Data solution will work, the core components (hardware,
database,

software, storage) used, flow of information, security and more."
* Big Data architecture design uses a logical layers approach.

* There are 5 layers in a Big Data architecture design which satisfy the fundamental Big
Data

characteristics.

DESIGNING DATA ARCHITECTURE

Anadytics (resd e, tear eyl o,
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Dai Processing Spark liyterad [scgasing

Cotsidersben of types (histancul ur
mwcremental ). lornuais, compesen {reguency
of incoming data, pattens of quaenying med duta

Cunsumpnon

Hinddoop domibuned file wystem (scabfmg. wll
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.mu,m.{. Faag) uh'ii.lnllév equireauas (B

Egestion msing Exmact
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Jatn the sniroes for iogestion filon, web or service

and extemal sources of dut Ingerson

The layers of Big data architecture are:

(i) Identification of data sources.

(if) Acquisition, ingestion, extraction, pre-processing, transformation of data.
(i) Data storage at files, servers, cluster or cloud.

(iv) Data-processing.
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(v) Data consumption in the number of programs and tools.

» Data ingestion, pre-processing, storage and analytics require special tools and
technologies.

» Data is consumed for applications like data mining, AI, ML, text analytics, descriptive
and

predictive analytics etc.

* Logical layer 1 (L1) is for identifying data sources, which are external, internal or both.
» Layer 2 (L2) is for data-ingestion which is a process of absorbing information.

* Ingestion is the process of obtaining and importing data for immediate use or transfer.

* Ingestion may be in batches or in real time.

* Layer L3 is for storage of data from the L2 layer.

* Layer L4 is for data processing using software, such as MapReduce, Hive, Pig or Spark.
* The top Layer L5 is for data consumption.

* Data is consumed for analytics, visualizations, reporting, export to cloud or web servers.
* L1 considers the following aspects in a design:

— Amount of data needed at ingestion layer (L2).

— Push from L1 or pull by L2 as per the mechanism for the usages.

— Source data-types: Database, files, web.

— Source formats: Semi-structured, unstructured or structured.

* L2 which is the Ingestion Layer is the first step for the data coming from variable
sources to

start its journey
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Data ingestion is a process by which data is moved from one or more sources to a
destination

where it can be stored and further analyzed.

* The data might be in different formats and come from various sources, including
RDBMS,

other types of databases, S3 buckets, CSVs, or from streams.

* Since the data comes from different places, it needs to be cleansed and transformed in a
way

that allows you to analyses it together with data from other sources.

* Otherwise, your data is like a bunch of puzzle pieces that don't fit together.
* We can ingest data in real time or in batches.

* When ingested in batches, data is imported at regularly scheduled intervals.

* This can be very useful when we have processes that run on a schedule, such as reports
that

run daily at a specific time.

* Real-time ingestion is useful when the information required is very time-sensitive.

* Data from a power grid that must be monitored moment to moment is an example.

* L3 is the Data Storage layer where the ingested data is stored for further processing.
* This is where Big Data lives, once it is gathered from various sources.

* As the volume of data generated and stored by companies start to explode, measures
need to

be taken to manage this huge volume of data.
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* Tools like Apache Hadoop DFS (Distributed File System) or Google File System are
some

tools available for this.
* A computer with a big hard disk might be all that is needed for smaller data sets.

 But when we start to deal with storing and analyzing truly big data, a more
sophisticated,

distributed system is called for.

* Such a system must be able to

— Store data that the computer system will understand — File system.

— Organize and categorize data in a way that people will understand — Database.

» Examples of such storage systems are

n h | amazon

DynamoDB

O

mongoDB  CAssandra

L4 is the Data Processing layer where the data stored in the repository is subjected to
analytics for the first time.

* When we want to use the data, we have stored to find out something useful, we will
need to

process and analyses it.

 Essentially, processing involves selecting the elements of the data that we want to
analyze and

putting it into a format from which insights can be extracted.

 Automated pattern recognition tools and manual analysis is used to determine trends in
the

data and draw conclusions.

. Examples of popular processing and analysis tools are

a
SAICH:E sAPACHEa

IVE

L5 is the Data Consumption or Data Output layer.
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This is how the insights from the analysis is passed on to the end users who can take
action to

benefit from them.

This output can take the form of reports, charts, figures and key recommendations.
Data Visualization Layer

Real-time Dashboard Intelligent Agents

g
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Managing Data for Analysis

» Data managing means enabling, controlling, protecting, delivering and enhancing the
value

of data and information asset.
Data management functions include:
» Data assets creation, maintenance and protection.

* Data governance, which includes establishing the processes for ensuring the
availability,

usability, integrity, security and high-quality of data.

« Data architecture creation, modeling and analysis.
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* Database maintenance, administration and management system.

For example, RDBMS, NoSQL.

* Managing data security, data access control, deletion, privacy and security.
* Managing the data quality.

* Data collection using the ETL(Extract, Transform, Load) process.

» Managing documents, records and contents.

* Creation of reference and master data and data control and supervision.

* Data and application integration.

» Integrated data management, enterprise-ready data creation, fast access and analysis,
automation and simplification of operations on the data.

* Data warehouse management.

» Maintenance of business intelligence.

* Data mining and analytics algorithms.

DATA SOURCES

* There are two types of big data sources

— Internal

— External

* Data is internal if a company generates, owns and controls it.

* Corporate ERP modules, Internal documents, website logs are some examples of
internal data.

* External data is public data or the data generated outside the company. The company
neither

owns nor controls it.

* Surveys, questionnaires, research and customer feedback are some examples of external
data.

* Data sources can be structured, semi-structured, multi-structured or unstructured.
Structured Data Sources
* Structured data source for ingestion, storage and processing can be a file or a database.

* The data source may be on the same computer running a program or a networked
computer.
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» Examples of structured data sources are SQL Server, MySQL, Microsoft Access
database,

Oracle DBMS, IBM DB?2 etc.

* In addition to databases, other sources of structured data include,
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Naming a structured data source is also very important. The name needs to be
meaningful.

* A data source name implies a defined name, which a process uses to identify the source.
* For example, a source that holds data about student grades could be named as
StudentName_Grades.

* Data Dictionary is another way by which data can be easily accessed and managed.

* A data dictionary is a centralized repository of metadata

The dictionary consists of a set of master lookup tables and resides at a central location.

» The central location enables easier access as well as administration of changes in
sources.
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Field Name Data type Faeld Size Data Format Description Example
Student[D Text I NLINNLINNN ‘ Unigue ID of 2 studemt BO10ISH0
Fist Name Tex .| Farst mame of Student Anand
Last Name Text 20 Last name of Student Ravindran
DOB Date i NNNNNNNN Date of birth of stude= 0607193

A ddress Tex 100 Adidress of stodent

PostCode Number b NNNNNN Postal code of student S60063

Mobale Number H NNNNNNNNNN Mobile number of student 9532387412

Unstructured Data Sources
* Unstructured data is the data which does not conform to a data model and has no easily
identifiable structure.

* Unstructured data is not organized in a pre-defined manner or does not have a pre-
defined data

model.

* Some characteristics of unstructured data are:

— Data can not be stored in the form of rows and columns as in Databases.

— Data does not follows any rules.

— Data lacks any particular format or sequence.

— Due to lack of identifiable structure, it can notused by computer programs easily.
* Sources of Unstructured Data include

— Text files

— Web pages

— Images (JPEG, GIF, PNG, etc.)

— Videos

— Word documents and PowerPoint presentations

Data Sources - Sensors, Signals and GPS

» Sensors are electronic devices that sense the physical environment.

* Sensors are devices which are used for measuring temperature, pressure, humidity, light

intensity, acceleration, locations, object(s) proximity etc.
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* Sensors play an active role in the automotive industry.

* RFIDs and their sensors play an active role in RFID based supply chain management
and

tracking parcels, goods and delivery.

 Sensors embedded in processors, which include machine-learning instructions and
wireless

communication capabilities sources in 10T applications.

Data quality
* Data quality is the measure of how well suited a data set is to serve its specific purpose.

* Data quality is said to be high if it enables all the required operations, analysis,
decisions,

planning and knowledge discovery correctly.

* Data quality is determined by 5 important characteristics:
— Relevancy

— Recency

— Range

— Robustness

— Reliability

Data Integrity

 Data integrity refers to the maintenance of consistency and accuracy in data over its
usable

life.

* Software which stores, processes or retrieves the data, should maintain the integrity of
data.
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* Data should be incorruptible.
* For example, the grades of students should remain unaffected upon processing.

» To summarize, data integrity is the overall accuracy, completeness and consistency of
data.

Data Noise, Outliers, Missing and Duplicate Values

Noise

* Noise in data refers to data giving additional meaningless information besides true
(actual/required) information.

» Noise refers to difference in the value measured from true value due to additional
influences.

* Noise is random in character, which means frequency with which it occurs is variable
over

time.

* Result of data analysis is adversely affected due to noisy data.
Outliers

* An Outlier refers to data, which appears to not belong to the dataset.

« It is an observation that lies an abnormal distance from other values in a random sample
from

a population.

* Outliers are extremely high or extremely low values in a data set that can throw off your
stats.

* Actual outliers need to be removed from the dataset, else the result will be affected by a
small

or large amount.

Missing Values

 Missing value implies data not appearing in the data set.

* Missing data is a problem because it adds ambiguity to the analysis.

Duplicate Values

* Duplicate value implies the same data appearing two or more times in a dataset.

* Presence of duplicate values or records will not result in accurate analysis.
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Data Pre-processing

Data pre-processing is an important step at the ingestion layer.

Data when being exported to a cloud service or data store needs pree processing.
Data preprocessing is a technique which is used to transform the raw data in a
useful and efficient

Pre-processing needs are:

(i) Dropping out of range, inconsistent and outlier values.

(ii) Filtering unreliable, irrelevant and redundant information

(iii)Data cleaning, editing, reduction and/ or wrangling

(iv)Data validation, transformation or transcoding

(v) ETL processing.
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Data Preprocessing

Data Cleaning Pata Transformation Data Reduction
. p—— Normalization b—Data Cube
e IM115510Q Data Aggregation
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probable wvalue)

| Discretization e NUumerosity
b NOisy Data Reduction
1.Binning Hethod

2.Regression |__Concept Hiererchy

—=Dimensionality

3.Clustering Generation Reduction

Data Cleaning

Data cleaning refers to the process of removing or correcting incomplete, incorrect,
inaccurate or irrelevant parts of the data after detecting them.

For example,

correcting the grade outliers or mistakenly entered values means cleaning and correcting
the

data.

Data Cleaning

Data Cleaning Tools

Data cleaning is done before mining of data.

Incomplete or irrelevant data may result into misleading decisions.

Data can generate in a system in many formats when it is obtained from the web.

Data cleaning tools help in refining and structuring data into usable data. Examples of
such

tools are OpenRefine and DataCleaner.

Data Enrichment
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Techopedia definition is as follows: "Data enrichment refers to operations or processes
which refine, enhance or improve the raw data."”

Data Editing

Data editing refers to the process of reviewing and adjusting the acquired datasets.

The editing controls the data quality.

Editing methods are

(1) interactive,

(i) selective,

(iii) automatic,

(iv) aggregating and

(v) distribution.

Data Reduction

Data reduction enables the transformation of acquired information into an ordered,
correct and simplified form.

The reductions enable ingestion of meaningful data in the datasets.

The basic concept is the reduction of multitudinous amount of data, and use of the
meaningful parts.

The reduction uses editing, scaling, coding, sorting, collating, smoothening, interpolating

and preparing tabular summaries.

Data Wrangling

Data wrangling refers to the process of transforming and mapping the data.

Results from analytics are then appropriate and valuable.

For example, mapping enables data into another format, which makes it valuable for
analytics and data visualizations.

Data Format used during Pre-Processing

Examples of formats for data transfer from

(a) data storage,

(b) analytics application,

(c) service or
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(d) cloud

can be:

(i) Comma-separated values CSV

(i) Java Script Object Notation (JSON) as batches of object arrays or resource arrays
(iii)Tag Length Value (TLV)

(iv) Key-value pairs

(v) Hash-key-value pairs

CSV Format

An example is a table or Microsoft Excel file which needs conversion to CSV format.
A student_record.xIsx converts to student_record.csv file.

Comma-separated values (CSV) file refers to a plain text file which stores the table data
of

numbers and text.

When processing for data visualization of Excel format file, the data conversion will be
done

from csv to xIsx format.

CSV Format

Each CSV file line is a data record.

Each record consists of one or more fields, separated from each other by commas.
RFC 4180 standard specifies the various specifications.

A CSV file may also use space, tab or delimiter tab-separated formats for the values in
the

fields.

Data Format Conversions

Transferring the data may need pre-processing for data-format conversions.

Data sources store need portability and usability.

A number of different applications, services and tools need a specific format of data only.
Pre-processing before their usages or storage on cloud services is a must

Data Store Export to Cloud

Figure 1.3 shows resulting data pre-processing, data mining, analysis, visualization and
data store. The data exports to cloud services.
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The results integrate at the enterprise server or data warehouse.

18CS72

Data Storage and Management
Data cleaning, reduction, wrangling, enrichment and ETL

'

Export

Data Store

'

Y

Cioud

Data Mining

!

Big Data port

Data Analysis, Machine Learning, Analytics,
Text Analytics, Noisy Text Analysis and Natural Language Processing

!

Data Reports, Data Visualization

A

Y

Data Integration with the Enterprise
Server or Data Warehouse

Import

Big Data port

Analysis Results, Data
for Integration with
Enterprise Server

Cloud Services

Cloud offers various services.

These services can be accessed through a cloud client (client application), such as a web

browser, SQL or other client.

Figure 1.4 shows data-store export from machines, files, computers, web servers and web

services.

The data exports to clouds, such as IBM, Microsoft, Oracle, Amazon, Rackspace, TCS,

Tata Communications or Hadoop cloud services.
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igure 1.4 Data store export from machines, files, computers, web servers and
web services

Export of Data to AWS and Rackspace Clouds

The following example explains the export processes to Amazon and Rackspace clouds.
(a) How do the rows in MySQL database table export to Amazon AWS?

(b) How do the rows in MySQL database table export to Rackspace?

Data Store Export to Cloud

Export of Data to AWS and Rackspace Clouds

SOLUTION

(a) Following are the steps to export to an EC2 instance:

(i) A process pre-processes the data-rows of table in MySQL database and
creates a CSV file.

(if) EC2 instance provides AWS data pipeline.
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(i) The CSV file exports to Amazon S3 using pipeline. The CSV file then copies into an
S3

bucket.

(iv)AWS notification service (SNS) sends notification on completion.

(b) Following are the steps to export to Rackspace9:

(i) One or more databases create a database instance.

An instance name has maximum 255 characters.

The process of creation can be configured to create an instance now or later.
Each database can have a number of users.

(i) Default port number for binding of MySQL is port 3306.

(i) Command

mysqldump - u root - p database_name>database_name.sql

exports to Rackspace cloud

(ili)When a database is at a remote host then a command

mysqldump- h host_name - u user_name -p database_name>database_name.sql
Google cloud platform provides a cloud service called BigQuery.

Figure 1.5 shows BigQuery cloud service at Google cloud platform.

After pre-processing the data exports from a table or partition schema, JSON, CSV or
AVRO files from data sources.

Data Store first pre-processes from machine and file data sources.

Pre-processing transforms the data in table or partition schema or supported data formats.
For example, JSON, CSV and AVRO.

Google cloud platform provides a cloud service called Big Query.

Figure 1.5 shows Big Query cloud service at Google cloud platform.
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Figure 1.5 BigQuery cloud service at Googlecloud platform

Data Store export after ’ Table or partition schema, or supported data
pre-processing data from &3 formats; For exampie, ISON, CSV and AVRO
machine and file data sources {Compressed or uncompressed data)
3 A 4
Google Cloud ' BigQuery Cloud Service
i = BigQuery.tables.create; bigquery.dataEditor;
Data Store - > y :
Backis bigauery.dataOwner; bigguery.admin;
P bigauery.tables.updateData
A
y
Google Cloud Platform
Google Cloud

Data Storage and Management: Traditional Systems

Data Store with Structured or Semi-Structured Data

Traditional systems use structured or semi-structured data.

SQL An RDBMS uses SQL (Structured Query Language).

SQL is a language for viewing or changing (update, insert or append or delete) databases.
It is a language for data access control, schema creation and

data modifications.

Create schema

Data Control

Language (DCL) S Q L

Fuctionalities

Create catalog

Data Manipulation Data Definition
Language (DML) Language (DDL.)

Data Storage and Management: Traditional Systems
Data Store with Structured or Semi-Structured Data SQL
Functionalities of SQL
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1. Create schema, which is a structure which contains description of objects (base
tables, views, constraints) created by a user.

The user can describe the data and define the data in the database.

2. Create catalog, which consists of a set of schemas which describe the database.
3. Data Definition Language (DDL) for the commands which depicts a database, that
include creating, altering and dropping of tables and establishing the constraints.

A user can create and drop databases and tables, establish foreign keys, create view,
stored procedure, functions in the database.

Data Store with Structured or Semi-Structured Data

SQL

4. Data Manipulation Language (DML) for commands that maintain and query the
database.

A user can manipulate (INSERT/UPDATE) and access (SELECT) the data.

5. Data Control Language (DCL) for commands that control a database, and include
administering of privileges and committing.

A user can set (grant, add or revoke) permissions on tables, procedures and

views.

Data Store with Structured or Semi-Structured Data :

Large Data Storage using RDBMS

RDBMS tables store data in a structured form.

The tables have rows and columns.

Data management of Data Store includes

* privacy and security,

* data integration,

* compaction and

» fusion.

The systems use machine-generated data, human-sourced data, and data from
business processes (BP) and business intelligence (Bl).

Data Store with Structured or Semi-Structured Data:

Large Data Storage using RDBMS
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A set of keys and relational keys access the fields at tables, and retrieve data using
queries (insert, modify, append, join or delete).

RDBMSs use software for data administration also.

Data Store with Structured or Semi-Structured Data:

Distributed Database Management System

A distributed DBMS (DDBMYS) is a collection of logically interrelated databases at
multiple system over a computer network.

Distributed Database Management System

1. A collection of logically related databases.

2. Cooperation between databases in a transparent manner. Transparent means that
each user within the system may access all of the data within all of the databases
as if they were a single database.

3. Should be 'location independent’ which means the user is unaware of where the
data is located, and it is possible to move the data from one physical location to
another without affecting the user.

In-Memory Column Formats Data

The In-Memory Column Store (IM column store) stores tables and partitions in memory
using a columnar format

A columnar format in-memory allows faster data retrieval when only a few columns in a
table

need to be selected during query processing or aggregation.
A single memory access loads many values at the column.
Parquet, and ORC file are examples of columnar file formats.
Data Store with Structured or Semi-Structured Data:

In-Memory Column Formats Data
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Columns Stored Contiguously
Sales

Analytics run faster on column format

- Fast accessing few columns, many rows

— Query

Data Store with Structured
or Semi-Structured Data :

In-Memory Column Formats Data

-~ 1 A Example: Report on sales totals by region
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Data Storage and Management: Traditional Systems
Data Store with Structured or Semi-Structured Data:
In-Memory Column Formats Data

Online Analytical Processing (OLAP) in real-time transaction processing is fast when
using in-memory column format tables.

OLAP enables real-time analytics.

The CPU accesses all columns in a single instance of access to the memory in columnar
format in memory data-storage.

In-Memory Column Formats Data
Online Analytical Processing (OLAP) enables online viewing of analyzed data and
visualization up to the desired granularity by rolling up or drilling down.

OLAP enables obtaining online summarized information and automated reports for a
large
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database.

Metadata describes the data.

Pre-storing of calculated values provide consistently fast response.

Result formats from the queries are based on Metadata.

In-Memory Row Format Databases

A row format in-memory allows much faster data processing during OLTP

(online transaction processing).

Each row record has corresponding values in multiple columns and the on-line values
store at the consecutive memory addresses in row format.

A specific day's sale of five different chocolate flavours is stored in consecutive columns
c to c+5 at memory.

A single instance of memory accesses loads values of all five flavours at successive
columns during online processing.

Data Storage and Management: Traditional Systems

Data Store with Structured or Semi-Structured Data :

In-Memory Row Format Databases

For example, the total number of chocolates sold computes online.

Data is in-memory row-formats in stream and event analytics.

The stream analytics method does continuous computation that happens as data is
flowing through the system.

Event analytics does computation on event and use event data for tracking and
reporting events.

Data Storage and Management: Traditional Systems

Data Store with Structured or Semi-Structured Data:
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Data Storage and Management: Traditional Systems

Data Store with Structured or Semi-Structured Data:

Enterprise Data-Store Server and Data Warehouse

Enterprise data, after data cleaning process, integrate with the server data at warehouse.
Enterprise data server use data from several distributed sources which store data using
various technologies.

All data merge using an integration tool.

Integration enables collective viewing of the datasets at the data warehouse (Figure
1.3).

DATA STORAGE AND ANALYSIS

11/4/2021 Padmavathi H G — 18CS72 130

Data Storage and Management: Traditional Systems

Data Store with Structured or Semi-Structured Data :

Enterprise Data-Store Server and Data Warehouse

Enterprise data integration may also include integration with application(s), such as
analytics, visualization, reporting, business intelligence and knowledge discovery.
Heterogeneous systems execute complex integration processes when integrating at an
enterprise server or data

Complex application-integration integrates heterogeneous application architectures
and processes with the databases at the enterprise.

DATA STORAGE AND ANALYSIS

11/4/2021 Padmavathi H G — 18CS72 131
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Data Storage and Management: Traditional Systems

Data Store with Structured or Semi-Structured Data:

Enterprise Data-Store Server and Data Warehouse

Enterprise data integration may also include integration with application(s), such as
analytics, visualization, reporting, business intelligence and knowledge discovery.
Following are some standardized business processes, as defined in the Oracle
application-integration architecture:

1. Integrating and enhancing the existing systems and processes

2. Business intelligence

3. Data security and integrity

4. New business services/products (Web services)

5. Collaboration/knowledge management

DATA STORAGE AND ANALYSIS
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Data Storage and Management: Traditional Systems

Data Store with Structured or Semi-Structured Data:

Enterprise Data-Store Server and Data Warehouse

6. Enterprise architecture/SOA

7. e-commerce

8. External customer services

9. Supply chain automation/visualization

10. Data center optimization
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Steps in enterprise data and applications integration and management with high
performance computing using local and cloud resources

1
SOA enabled data services > High volume data
= - N 8
ERPs, CRMs, B28 systems, Flat Data cleaning, reduction,
files, XML data, LDAP, JOBC, and wrangling enrichment, ETL
ODbBC enrichment, ETL, Data migration
3
Oracle Fusion Middleware, Data governance and data
Oracle Database and o management model, Data based
External Data i on Not Only SQL or NoSQL

Oracle data Integrator with the Enterprise server or data warehouse

5 5
A
- Data Analysis, Text Analytics, Noisy
Data Reports, Data Visualization, Text analysis and natural language
Business Intelligence, Decisions, processing; analytics with social
Knowledge discovery network messages, pages, graph
databases

Big Data Storage

Big Data NoSQL or Not Only SQL NoSQL databases are considered as semi-structured
data.

Big Data Store uses NoSQL.

NOSQL stands for No SQL or Not Only SQL.

The stores do not integrate with applications using SQL.

NoSQL is also used in cloud data store.

Features of NoSQL are as follows:

1. It is a class of non-relational data storage systems, and the flexible data models and
multiple schema:

(i) Class consisting of uninterrupted key/value or big hash table

(ii) Class consisting of unordered keys and using JSON (PNUTS)

(iii) Class consisting of ordered keys and semi-structured data storage systems
[Big Table, Cassandra (used in Facebook/ Apache) and HBase]

(iv) Class consisting of JSON (Mongo DB)

Features of NoSQL are as follows:
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(v) Class consisting of name/value in the text (Couch DB)

(vi)May not use fixed table schema.

(vii)Do not use the JOINS

(viii) Data written at one node can replicate at multiple nodes, therefore Data storage is
fault-tolerant,

(ix) May relax the ACID rules during the Data Store transactions.

(x) Data Store can be partitioned and follows CAP theorem (out of three properties,
consistency, availability and partitions, at least two must be there during the transactions)
Consistency means all copies have the same value like in traditional DBs.

Availability means at least one copy is available in case a partition becomes inactive or
fails.

Partition means parts which are active but may not cooperate as in the distributed DBs.
Coexistence of Big Data, NoSQL and Traditional Data Stores
Figure 1.7 shows coexistence of data at server,

SQL, RDBMS with NoSQL and Big Data at Hadoop, Spark, Meses, 53 or compatible
Clusters.

Big Data Clusters (Milkon Byte to Peta byte)

3

Hadoop Distributed File System < Spark, Mesos, Big Data Stack
{HDFS), Ceph, 53

Operational Data Store

High-volume Billion or Tera Bytes, {CDS) and Operational
Social Media Data, Messages, Pages, Systems
e-Mails and Text files, Not Only SQL or
NoSQL MongoDB, Cassandra, Riak
(Million to Billion Bytes)

- Documents, Images, Videos

Data Warehouse and
Data Marts

Traditional RDBMS, 5QL, Tables,
Oracle, Sybase, SQL Server,
DB2 (up to Billion rows)

= Computing Logs, Web
server, Enterprise server

Traditional Structured and Semi-structured Data (Million Bytes)

Figure 1.7 Coexistence of RDBMS for traditional server data, NoSQL and Hadoop,
Spark and compatible Big Data Clusters
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Big Data Storage
Coexistence of Big Data, NoSQL and Traditional Data Stores
Table 1.4 gives various data sources for Big Data along with its examples

of usages and the tools used.

Table 1.4 Various data sources and examples of usages and tools

Data Source

Examples of Usages

Example of Tools

Microsoft Access, Oracle, IBM DB2, SQL
Server, MySQL, PostgreSQL Composite, SQL

Rf l‘: sonal :n""vo'ffiil"'s business 'l‘;‘?'::‘“"“’ on Hadoop [HPE (Hewlett Packard
$ Enterprise) Vertica, IBM BigSQL, Microsoft
Polybase, Oracle Big Data SQL]
Analysis
i Sybase 1Q, Kognitio, Terradata, Netezza,
:::: B (MPP, :‘E; ytpiec l;formance queries and Vertica, ParAccel, ParStream, Infobright,
’ v b
In-memory) achucwhie
NoSQL databases | Key-value pairs, fast read/write Key-value pair databases: Riak DS (Data
(Key-value pairs, | using collections of name-value Store), OrientDB, Column format databases
Columnar format, | pairs for storing any type of data; | (HBase, Cassandra), Document oriented
documents, Columnar format, documents, databases: CouchDB, MongoDB; Graph
Objects, graph) | objects, graph DBs and DSs databases (Neodj, Tetan)
Ability to process large data sets
Hadoop clusters | across a distributed computing Cloudera, Apache HDFS
environment

Web applications

Access to data generated from web
applications

Google Analytics, Twitter

Elastic scalable outsourced

Cloud data databases, and data administration ":"‘mle's'q‘:'b Sexyioms, Rackspecs,
services

Individual data | Individual productivity MS Excel, CSV, TLV, JSON, MIME type
Well-defined bounded exploration

Multidimensional | especially popular for financial Microsoft SQL Server Analysis Services
applications

Social media data | Text data, images, videos Twitter, Linkedin

Big Data Platform

A Big Data platform supports large datasets and volume of data.
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The data generate at a higher velocity, in more varieties or in higher veracity.
Managing Big Data requires large resources of MPPs, cloud, parallel processing and
specialized tools.

Big data platform tools and services:

1. storage, processing and analytics,

2. developing, deploying, operating and managing Big Data environment.

3. reducing the complexity of multiple data sources and integration of applications into
one cohesive solution,

4. custom development, querying and integration with other systems, and

5. the traditional as well as Big Data techniques.

Data management, storage and analytics of Big data captured at the companies and
services require the following:

. New innovative non-traditional methods of storage, processing and analytics
. Distributed Data Stores
. Creating scalable as well as elastic virtualized platform (cloud computing)

. Huge volume of Data Stores

1

2

3

4

5. Massive parallelism
6. High speed networks

7. High performance processing, optimization and tuning

8. Data management model based on Not Only SQL or NoSQL
9

. In-memory data column-formats transactions processing or dual in-memory data
columns as well as row formats for OLAP and OLTP

10. Data retrieval, mining, reporting, visualization and analytics

11. Graph databases to enable analytics with social network messages, pages and data
analytics.

12. Machine learning or other approaches.

13. Big data sources: Data storages, data warehouse, Oracle Big Data, Mongo DB
NoSQL, Cassandra NoSQL.

14. Data sources: Sensors, Audit trail of Financial transactions data, external data such as
Web, Social Media, weather data, health records data.
Big Data Platform
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Hadoop

Big Data platform consists of Big Data storage(s), server(s) and data management and
business intelligence software.

Storage can deploy Hadoop Distributed File System (HDFS), NoSQL data stores, such as
HBase, MongoDB,Cassandra.

HDFS system is an open source storage system. HDFS is a scaling, self-managing and
self-healing file system.

Hadoop is a scalable and reliable parallel computing platform.
Hadoop manages Big Data distributed databases.

Figure 1.8 showsHadoop based Big Dataenvironment. Smallheightcylindersrepresent
MapReduceand big ones representthe Hadoop.

Hadoop
— — 9 3
Hadoop Distributed File e High-volume Social Media Data, Messages,
System (HDFS) 4 pages, e-Malls and Text files, Not Only SQL
or No5SQL
Data Warehouse and Data Marts i Documents, Images, Videos

Operational Data Store (ODS) K Web server, Enterprise server and
and Operational Systems Computing Logs

Big Data Platform Mesos
Mesos v0.9 is a resources management platform which enables sharing of

cluster of nodes by multiple frameworks and which has compatibility with an open
analytics stack [data processing (Hive,Hadoop, HBase,Storm), data

management (HDFS)].

Big Data Stack

A stack consists of a set of software components and data store units.
Applications, machine-learning algorithms, analytics and visualization tools
use Big Data Stack (BDS) at a cloud service, such as Amazon EC2, Azure or

private cloud.
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The stack uses cluster of high-performance machines.
Table 1.5 gives Big Data management, storage and processing tools.
Big Data Stack

Table 1.5 gives Big Data management, storage and processing tools.

Table 1.5 Tools for Big Data environment

Hadoop, Apache Hive, Apache Pig, Cascading, Cascalog, mrjob (Python MapReduce

MapReduce | .
library), Apache S4, MapR, Apple Acunu, Apache Flume, Apache Kafka

NoSQL
Databases | MongoDB, Apache CouchDB, Apache Cassandra, Aerospike, Apache HBase, Hypertable

Spark, IBM BigSheets, PySpark, R, Yahoo! Pipes, Amazon Mechanical Turk, Datameer,

Processing E
Apache Solr/Lucene, ElasticSearch

Sopvors Amazon EC2, S3, GoogleQuery, Google App Engine, AWS Elastic Beanstalk, Salesforce
Heroku

Storage Hadoop Distributed File System, Amazon S3, Mesos

Data analysis need pre-processing of raw data and gives information

useful for decision making. Analysis brings order, structure and meaning to the collection
of data.

Data is collected and analyzed to answer questions, test the hypotheses or
disprove theories.

Data Analytics can be formally defined as the statistical and mathematical
data analysis that clusters, segments, ranks and predicts future possibilities.
An important feature of data analytics is its predictive, forecasting and
prescriptive capability.

Analytics uses historical data and forecasts new values or results.
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Analytics suggests techniques which will provide the most efficient and

beneficial results for an enterprise.

Data analysis helps in finding business intelligence and helps in decision

making.

Data analysis can be defined as (Wikipedia),

"Analysis of data is a process of inspecting, cleaning, transforming and

modeling data with the goal of discovering useful information, suggesting
conclusions and supporting decision making."

Phases in Analytics

Analytics has the following phases before deriving the new facts, providing business
intelligence and generating new knowledge.

1. Descriptive analytics enables deriving the additional value from visualizations and
reports.

2. Predictive analytics is advanced analytics which enables extraction of new facts and
knowledge, and then predicts/forecasts.

3. Prescriptive analytics enable derivation of the additional value and undertake better
decisions for new option(s) to maximize the profits.

4. Cognitive analytics enables derivation of the additional value and

undertake better decisions.

Analytics integrates with the enterprise server or data warehouse.

Figure 1.9 shows an overview of a reference model for analytics architecture.

The figure also shows on the right-hand side the Big Data file systems, machine
learning algorithms and query languages and usage of the Hadoop ecosystem.
Examples are: Determine root causes of defects, faults and failures in minimum time.

Deliver advertisements on mobiles or web, based on customer's location and buying
habits.

Detect offender before that affects the organization or society.
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h Y
Services, Reporting, Data Visualizations, OLAP, Business Analytics Mahout [Distr_ibubed
Advance Analytics (Predictive/Prescriptive Analytics) and Intelligence --- @nd scalable library
L Applications ! of maching learning
t t 3 k algorithms )
A :
. 1 GraphX,
Data Acge;s, SQL..Qgew Processing, OLTP, ETL, Analytics ! PySpark,
R- Descriptive Statistics, In-Memory or On-Store A '
Applications - -««--- ' SparksQl,
database processing, MapReduce and Others Support HiveQLl
Applications Support layer
r Y
b ¥ i —
Traditional DataStore/Data Warehouse ganize HOFS {Hadoop File
Event Stream Processing DataStore cceceeen-- Syst for Blg Data
Complex Event Processing Layer em) for Big
r or Mesos
Data Sources, Enterprise Data Sources, Sources for
External Data Sources and Big Data Sources Acquiring Data

Figure 1.9 Traditional and Big Data analytics architecture reference model

Berkeley Data Analytics Stack (BDAS)

The importance of Big Data lies in the fact that what one does with it
rather than how big or large it is.

Identify whether the gathered data is able to help in obtaining the
following findings:

1) cost reduction,

2) time reduction,

3) new product planning and development,

4) smart decision making using predictive analytics and

5) knowledge discovery.

Big Data analytics need innovative as well as cost effective techniques.
BOAS is an open-source data analytics stack for complex computations
on Big Data.

It supports efficient, large-scale in-memory data processing, and thus
enables user applications achieving three fundamental processing
requirements; accuracy, time and cost.

Berkeley Data Analytics Stack (BDAS) consists of data processing, data
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management and resource management layers.

Berkeley Data Analytics Stack
(BDAS)

New apps: AMP-Genomics, Carat, ...

Application
( \J * in-memory processing
: + trade between time, quality, and
Data Processing << cost
|/

Efficientdata sharing across
frameworks

Data Management

Resource Management  N\JShare infrastructure across

j & frameworks
(multi-programming for datacenters)

Big Data Analytics

Berkeley Data Analytics Stack (BDAS)

1.Applications, AMP-Genomics and Carat run at the BOAS.

Data processing software component provides in-memory processing
which processes the data efficiently across the frameworks?

AMP stands for Berkeley's Algorithms, Machines and Peoples Laboratory.
2. Data processing combines batch, streaming and interactive computations.
3. Resource management software component provides for sharing the

infrastructure across various frameworks.

Figure 1.10 shows a four layers architecture for Big Data Stack that consists of Hadoop,
MapReduce, Spark core and parkSQL, Streaming,R, Graphx, MLib, Mahout,Arrow and
Kafka.
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Apache SparkSQL, Spark Streaming, SparkR, Spark
GraphX. Spark MLIb (library for ML applications), Spark
Arrow Mahout, Apache Kafia

l l

[ Application Engine
Spark (Core) I Processing Engine

HDFS compatible systems such as HBase, Cassandra, Ceph, S3

Data Storage

Hadoop YARN MapReduce
or Apache Mesos

Parallel tasks Resources
Management and
MapReduce Processing

Figure 1.10 Four layers architecture for BigData Stack consisting of Hadoop,
MapReduce. Spark core and SparkSQL Streaming, R, GraphX,MLib,
Mahout, Arrow and Kafka

Many applications such as social network and social media, cloud applications, public
and commercial web sites, scientific experiments,

simulators and e-government services generate Big Data.

Big Data analytics find applications in many areas. Some of the popular
ones are.

marketing, sales, health care,medicines,advertising etc.

Data are important for most aspect of marketing, sales and advertising.
Customer Value (CV) depends on three factors —

e (uality,
e service and
e price.

The facts enable marketing companies to decide what products to sell.

A definition of marketing is the

"Creation, communication and delivery of value to customers".
Customer (desired) value means what a customer desires from a product.

Customer (perceived) value means what the customer believes to have received from a
product after purchase of the product.

Customer value analytics (CVA) means analyzing what a customer really needs.

CVA makes it possible for leading marketers, such as Amazon to deliver the

Dept. of ISE, BRCE 57



Big Data Analytics 18CS72

consistent customer experiences.

Following are the five application areas in order of the popularity of Big Data use cases:
1. CVA using the inputs of evaluated purchase patterns, preferences, quality, price and
post sales servicing requirements.

2. Operational analytics for optimizing company operations.
3. Detection of frauds and compliances.

4. New products and innovations in service.

5. Enterprise data warehouse optimization.

Big data is providing marketing insights into

(i) most effective content at each stage of a sales cycle,

(i) investment in improving the customer relationship management (CRM),

(iii) addition to strategies for increasing customer lifetime value (CLTV),

(iv) lowering of customer acquisition cost (CAC).

Cloud services use Big Data analytics for CAC, CLTV and other metrics, the
essentials in any cloud-based business.

Contextual marketing means using an online marketing model in which a marketer
sends to potential customers the targeted advertisements, which are based on the
search terms during latest browsing patterns usage by customers.

For example, if a customer is searching an airline for flights on a specific date from
Delhi to Bangalore, then a smart travel agency targeting that customer through
advertisements will show him/her, at specific intervals, better options for another

airline or different but cheap dates for travel or options in which price reduction
occursgraduallyBig data algorithms and advanced analytics techniques enable price
optimization for agiven product or service, and pricing decisions, especially in the
commodity driven industries where products are inelastic.

Inelastic product means a situation in which the service, required quantity or supply of a
product remains unaffected by the price changes.

Big Data Analytics in Detection of Marketing Frauds
Fraud detection is vital to prevent financial loses to users.

Fraud means someone deceiving deliberately.
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For example, mortgaging the same assets to multiple financial institutions,
Compromising customer data and transferring customer information to thirdparty,
falsifying company information to financial institutions,

e [] marketing product with compromising quality,
e [ marketing product with service level different from the promised,
e [J stealing intellectual property, and much more.

Big Data usages features-for enabling detection and prevention of frauds:

1. Fusing of existing data at an enterprise data warehouse with data from sources such
as social media, websites, blogs, e-mails, and thus enriching existing data.

2. Using multiple sources of data and connecting with many applications.

3. Providing greater insights using querying of the multiple source data.

4. Analyzing data which enable structured reports and visualization.

Big Data usages features-for enabling detection and prevention of frauds:

5. Providing high volume data mining, new innovative applications and thus leading
tonew business intelligence and knowledge discovery

6. Making it less difficult and faster detection of threats, and predict likely frauds by
using various data and information publicly available.

Big Data Risks

Large volume and velocity of Big Data provide greater insights but also associate risks
with the data used.

Data included may be erroneous, less accurate or far from reality.
Analytics introduces new errors due to such data.
Big Data can cause potential harm to individuals.

For example, when someone puts false or distorted data about an individual in a blog,
Facebook post, WhatsApp groups or tweets, the individual may suffer loss of educational
opportunity, job or credit for his/her urgent needs. A company may suffer financial
losses.

Five data risks, described by Bernard Marr are

data security,

data privacy breach,

costs affecting profits,

bad analytics and bad data.

Companies need to take risks of using Big Data and design appropriate risk

management procedures.
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They have to implement robust risk management processes and ensure reliable
predictions.

Corporate, society and individuals must act with responsibility.

Big Data Credit Risk Management

Financial institutions, such as banks, extend loans to industrial and household sectors.
These institutions in many countries face credit risks, mainly risks of

(1) loan defaults,

(i) timely return of interests and principal amount.

Financing institutions are keen to get insights into the following:

1. Identifying high credit rating business groups and individuals,

2. ldentifying risk involved before lending money

3. ldentifying industrial sectors with greater risks

4. ldentifying types of employees (such as daily wage earners in construction sites)
and businesses (such as oil exploration) with greater risks.

5. Anticipating liquidity issues (availability of money for further issue of credit and
rescheduling credit installments) over the years.

The insight using Big Data decreases the default rates in returning of loan, greater
accuracy in issuing credit and faster identification of the non-payment or fraud issues of
the loan receiving entities.

One innovative way to manage credit risks and liquidity risks is use of available data and
Big Data.

High volume of data analysis gives greater insight into the default patterns, emerging
patterns and thus credit risks.

Big Data analytics monitors social media, interactions data, contact addresses, mobile
numbers, website, financial status, activities or job changes to find the emerging credit
risk that may affect a customer loan returning capacity.

Digital footprints across social media provide a valuable alternative data source for credit
risk analysis.

The data companies assist in rating the customer in application processing and also
during the period of repayment of a loan.

Friends on Facebook and their credit rating, comments and assets posted also help in
determining the risks.

The data insights from the analytics lead to credit and liquidity risk management and
faster reactions.
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Three benefits are

(i) minimize the non-payments and frauds,

(ii) identifying new credit opportunities, new customers and revenue streams, thereby
broadening the company high credit rating customers base and

(iii) marketing to low-risk businesses and households.

BIG DATA ANALYTICS APPLICATIONS AND CASE STUDIES

Big Data and Algorithmic TradingWikipedia gives a definition of algorithm trading as
follows:

"Algorithmic trading is a method of executing a large order (too large to fill all atonce)
using automated pree programmed trading instructions accounting for variables such as
time, price and volume."

Complex mathematics computations enable algorithmic trading and business investment
decisions to buy and sell.

The input data are insights gathered from the risk analysis of market data.

Big data bigger volume, velocity and variety in the trading provide an edge overother
trading entities

Big Data and Healthcare

Big Data analytics in health care use the following data sources:
(1) clinical records,

(i) pharmacy records,

(iii) electronic medical records

(iv) diagnosis logs and notes and

(v) additional data, such as deviations from person usual activities, medical leaves from
job, social interactions.

Healthcare analytics using Big Data facilitate the following:

1. Provisioning value-based and customer-centric healthcare,

2. Utilizing the 'Internet of Things' for health care.

3. Preventing fraud, waste, abuse in the healthcare industry and reduce healthcare
costs.

4. Improving outcomes

5. Monitoring patients in real time.
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Value-based and customer-centric healthcare means cost effective patient care
byimproving healthcare quality using latest knowledge, usages of electronic health and
medical records and improving coordination among the healthcare providing agencies,
which reduce avoidable overuse and healthcare costs.

Healthcare Internet of Things create unstructured data. The data enables themonitoring of
the devices data for patient parameters, such as glucose, BP, ECGs andnecessities of
visiting physicians.

Prevention of fraud, waste, and abuse uses Big Data predictive analytics and helpresolve
excessive or duplicate claims in a systematic manner.

The analytics of patient records and billing help in detecting, anomalies such
asoverutilization of services in short intervals, different hospitals in different
locationssimultaneously, or identical prescriptions for the same patient filed from
multiplelocations.

Improving outcomes is possible by accurately diagnosing patient conditions,
earlydiagnosis, predicting problems such as congestive heart failure, anticipating
andavoiding complications, matching treatments with outcomes and predicting patientsat
risk for disease or readmission.

Patient real-time monitoring uses machine learning algorithms which process real-
timeevents. They provide physicians the insights to help them make life-saving
decisionsand allow for effective interventions. The process automation sends the alerts
tocare providers and informs them instantly about changes in the condition of a patient.

Big Data in Medicine

Big Data analytics deploys large volume of data to identify and derive intelligence
usingpredictive models about individuals.

Big Data driven approaches help in research in medicine which can help the patients.
Big Data offers potential to transform medicine and the healthcare.

Big Data analytics deploys large volume of data to identify and derive intelligence
usingpredictive models about individuals.

Big Data driven approaches help in research in medicine which can help the patients.
Big Data offers potential to transform medicine and the healthcare.

Following are some findings:

building the health profiles of individual patients and predicting models for
diagnosing better and offer better treatment,

1. Aggregating large volume and variety of information around from multiple sourcesthe
DNAs, proteins, and metabolites to cells, tissues, organs, organisms, andecosystems, that
can enhance the understanding of biology of diseases. Big datacreates patterns and
models by data mining and help in better understanding andresearch,
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2. Deploying wearable devices data, the devices data records during active as well
asinactive periods, provide better understanding of patient health, and better riskprofiling
the user for certain diseases,

The impact of Big Data is tremendous on the digital advertising industry.

The digital advertising industry sends advertisements using SMS, e-mails, WhatsApp,
LinkedIn, Facebook, Twitter and other mediums.

Big Data technology and analytics provide insights, patterns and models, which relatethe
media exposure of all consumers to the purchase activity of all consumers usingmultiple
digital channels.

Big Data help in identity management and can provide an advertising mix for
buildingbetter branding exercises.

Big Data captures data of multiple sources in large volume, velocity and variety of
dataunstructured and enriches the structured data at the enterprise data warehouse.

Big data real time analytics provide emerging trends and patterns, and gain
actionableinsights for facing competitions from similar products.

The data helps digital advertisers to discover new relationships, lesser competitiveregions
and areas.

Success from advertisements depend on collection, analyzing and mining.

The new insights enable the personalization and targeting the online, social media
andmobile for advertisements called hyper-localized advertising.

Advertising nowadays limits no longer to TV, radio and print.
Advertising on digital medium needs optimization.
Too much usage can also effect negatively.

Phone calls, SMSs, e-mail-based advertisements can be nuisance if sent without
appropriate researching on the potential targets.

The usage of Big Data after appropriate filtering and elimination is crucial enabler ofBig
Data Analytics with appropriate data, data forms and data handling in the rightmanner.
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Introduction to Hadoop

OBJECTIVES
Introduction to Hadoop

* Introduction

» Hadoop and its Ecosystem

» Hadoop Distributed

» File System

* MapReduce Framework and Programming Model

» Hadoop Yarn

» HadoopEcosystem Tools.
Hadoop Distributed File System Basics

« HDFS Design Features

« Components

* HDFS User Commands.

What is Hadoop?
The Technology that empowers Yahoo, Facebook, Twitter, Walmart and others

!
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An open source framework that allows distributed processing of large data-sets across the
Cluster of commodity hardware

Centralized Computing Model
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All These tasks are Computed Centrally

Big Data Distributed Computing Model



Uses the databases ot multiple computing nodes with data

shanng between the nodes during  computation

Requires shanng between the DBs m »

Transparency between data nodes at computing nodes do not fulfill for Big Data when
distributed computing takes place using data sharing between local and remote.
reasons for this are:
+«+ Distributed data storage systems do not use the concept of joins.
+«+ Data need to be fault-tolerant and data stores should take into account the
possibilities of network failure.
% Follows CAP theorem-- out of three properties (consistency, availability and
partitions), two must at least be present for applications, services and processes.

The solution is the Hadoop which provides the model for this.

Distributed computing model which requires no sharing between data nodes.

Multiple tasks of an application are also distributed, run using machines associated with
multiple data nodes and execute at the same time in parallel.

Application is divided in number of tasks and sub-tasks. The sub-tasks get inputs from data
nodes at the same cluster. The results of sub-tasks aggregate and communicate to the

application. The aggregate results from each cluster collect using APis at the application.

Big Data Storage Model

Data Store model of files in data nodes in racks in the clusters, Hadoop system uses the
data store model.
In which storage is at clusters, racks, data nodes and data blocks.
Data blocks replicate at the DataNodes such that a failure of link leads to access of the data
block from the other nodes replicated at the same or other racks
Big data programming model
Big Data programming model is that application in which application jobs and tasks (or
sub-tasks) is scheduled on the same servers which store the data for processing.
Hadoop system uses the programming model, where jobs or tasks are assigned and
scheduled on the same servers which hold the data

AEV.MU L M alpHAg Rk i protmsiy

1) Proccssing the quenes m an apphication

and sending the result back to the apphication.

2) Intuctions for sorting the cxamination
porformance dats.




Big Data Storage Model

Hadoop is widely used by

Google

Hadoop is
widely used by

facebook

B® Microsoft

Distributed File
System

Hadoop Distributed
File Sywtem

Important key terms and their meaning
Cluster Computing: refers to computing, storing and analyzing huge amounts of
unstructured or structured data in a distributed computing environment.
Clusters improve
«» the performance,
«» provide cost-effective and
«» improved node accessibility.
Data Flow (DF) refers to flow of data from one node to another. For example,
Transfer of output data after processing to input of application.
Important key terms and their meaning
Resourcesmeans computing system resources, i.e., the physical or virtual components or
devices, made available for specified or scheduled periods within the system.
Examples
+» Files,
++ Network connections and
+ Memory blocks.

Important key terms and their meaning



Resource managementrefers to managing resources such as their creation, deletion and
controlled usages.
The manager functions includes managing the
(i) availability for specified or scheduled periods,
(if) prevention of resource unavailability after a task finishes and (iii) resources
allocation when multiple tasks attempt to use the same set

of resources

Important key terms and their meaning

Horizontal scalabilitymeans increasing the number of systems working in coherence.
Processing different datasets of a large data store running similar application deploys the
horizontal scalability.

Vertical scalability means scaling up using the given system resources and increasing the
number of tasks in the system.

Processing different datasets of a large data store running multiple application tasks deploys
vertical scalability

Important key terms and their meaning
Vertical scalability
Example
Extending analytics processing by including the
= reporting,
= business processing (BP),
= business intelligence (BI),
= Data visualization,
= knowledge discovery and
= machine learning (ML) capabilities
All these require additional ways to solve problems.
Important key terms and their meaning
Ecosystem refers to a system made up of multiple computing components, which work
together.
Distributed File System means a system of storing files
Files can be for
= The set of data records,
= Key-value pairs,
= Hash key-value pairs,
= Relational database or NoSQL database
= Important key terms and their meaning
= Hadoop Distributed File System means a system of storing files (set of data
records, key-value pairs, hash key-value pairs or applications data) at distributed
computing nodes according to Hadoop architecture and accessibility of data blocks
after finding reference to their racks and cluster.
Important key terms and their meaning
Scalability of storage and processing means the execution using varying number of
servers according to the requirements,



i.e., bigger data store on greater number of servers when required and on smaller data
when smaller data used on limited number of servers.
Big Data Analytics require deploying the dusters using the servers or cloud for
computing as per the requirements
Important key terms and their meaning
Utility Cloud-based Servicesmean infrastructure, software and computing platform
services similar to utility services, such as electricity, gas, water etc. Infrastructure refers to
units for data-store, processing and network.
services at the cloud are
> laaS,
» Saas and
» PaaS
HADOOP AND ITS ECOSYSTEM
Hadoop has mainly two Components
% data store
++ computations
Data is stored in blocks in the clusters.
Computations are done at each individual cluster in parallel with another.
Hadoop components are written in Java with part of native code in C.
The command line utilities are written in shell scripts.
The Rack is the collection of around 40-50 DataNodes connected using the same network
switch.
A data node is an appliance that can add to your event and flow processors to increase
storage capacity and improve search performance.
Each data node can be connected to only one processor, but a processor can support multiple
data nodes.

Block is the physical representation of data. It contains a minimum amount of data that can
be read or written. HDFS stores each file as blocks.

Hadoop Cluster
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Hadoop enables Big Data storage and cluster computing.

The Hadoop system manages both, large-sized structured and unstructured data in different
formats, such as XML, JSON and text with efficiency and effectiveness.

The Hadoop system performs better with clusters of many servers when the focus is on
horizontal scalability.

The system provides faster results from Big Data and from unstructured data as well.



Hadoop Core Components: Figurer shows the Core Components of Apache Hadoop
Framework

The Hadoop core components of the framework are

The common module contains the libraries and utilities that are required by the other
modules of Hadoop

For example: various components and interfaces for distributed file system and general

like Serialization, Java RPC (Remote Procedure Call) and file-based data structures.

Hadoop
Common
Module

A Java-based distributed file system
which can store all kinds of data on the disks at the clusters.

Software programming model in Hadoopl using Mapper and Reducer.
The vl processes large sets of data in parallel and in batches.
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Spark

Spark is an open-source cluster-computing framework of Apache Software Foundation.

Spark deployes data in-memory analytics.

Enables OLAP and real-time processing.

Spark does faster processing of Big Data.

Spark has been adopted by large organizations, such as Amazon, eBay and
Yahoo.

Spark is now increasingly becoming popular.
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Spark deploys data in-memory analytics.
Enables OLAP and real-time processing.

Spark does faster processing of Big Data.

Spark has been adopted by large organizations, such as Amazon,

eBay and Yahoo.

Spark is now increasingly becoming popular.

Features of Hadoop: Hadoop features are

Faulit-efficient scalable, flexible and modular design
Robust design of HDFS

Store and process Big Data

Distributed clusters computing model with data locality
Hardware fault-folerant

Open-source framework

Java and Linux based

Fault-efficient scalable, flexible and modular design Robust design of HDFS
A Uses simple and modular programming model. \

* Provides servers at high scalability. + Execution of Big Data applications

#+ The system is scalable by adding new nodes to handle larger e rEn e e A
data. server or cluster fails.

< Very helpful in storing, managing, processing and analyzing Big % This is because of backup and a
Data. data recovery mechanism.

#* Modular functions make the system flexible. % HDFS thus has high reliability.

#* One can add or replace components at ease. Modularity allows

replacing its components for a different software tool.




Store and process Big Data Distributed clusters . computing Hardware fault-tolerant

model with data locality
%+ Processes Big Data of 3V \ A A fault does not affc&

characteristics # Processes Big Data at high. data . and  application
processing.
% One can achieve more computing
power by increasing the number of % This 15 due to multiple
computing nodes. copies of all data blocks
which replicate
% The processing  splits  across automatically.
multiple DataNodes (servers), and
thus fast processing and agpregated #% Default 1s three copies of
results. data blocks.
Open-source Jramework Java and Linux based
/.:. ro S ucco-u\ = Hadoop uses Java interfaces,
and cloud services 2 Hadoop base is Linux but haw
enable Iarge dnta store. it own et of shell comumnnds
nupport,

2 Hadoop uses n aluster of
multiple mexpensive
servers or the cloud.

Hadoop Ecosystem Components

Hadoop ecosystem refers to a combination of technologies.

Hadoop ecosystem consists of own family of applications which support the storage,
processing, access, analysis, governance, security and operations for Big Data

The system includes the application support layer and application layer components- AVRO,
ZooKeeper, Pig, Hive, Sqoop, Ambari, Chukwa, Mahout, Spark, Flink and Flume.

The figure also shows the components and their usages

For distributed-
scalable library and
ML applications

Application Layer ~ for applications such as ETL, Analytics, BP, Bl, Data
Visualization, R of Descriptive Statistics, Machine learning, Data mining

using toals, such as Spark, Flink, Flume, Mahout t
Mahout
[ Y
A
Application support layer — Pig data-flow language and execution framework,
Hive {Queries data aggregation and summarizing), HiveQL (SQL-like scripting For Coordination
language for Query Processing), Sqoop for data-transfer between data stores among
such as relational DBs and Hadoop, Ambari for web-based tools, Chukwa—a Components
For monitoring system for DFs and DBs, MapReduce and HBase APIs
Serialization l I
r Y
AVRO 3 MapReduce job scheduling and task Hadoop v2 ZooKeeper
YARN for managing

execution using Mapper and Reducer and
a YARN-based system for parallel
processing; HBase Columnar DBs;
Cassandra for NoSQL DBs

resources for computing of
subtasks running in parallel
at the Hadoop for a user
application

l l

HDFS (Hadoop File System) for Big Data
[Each Data Block Sizes 64 MB]




The four layers in Figure 2.2 are

(i) Distributed storage layer

(if) Resource-manager layer for job or application sub-tasks scheduling and
execution

(iii) Processing-framework layer, consisting of Mapper and Reducer for the
MapReduce process-flow.

(iv) APis at application support layer (applications such as Hive and Pig).
The codes communicate and run using MapReduce or YARN at
processing framework layer. Reducer output communicate to Apis

AVRO enables data serialization between the layers. Zookeeper enables coordination

among layer components

Hadoop Streaming
HDFS with MapReduce and Y ARN-based system enables parallel processing of large
datasets. The two stream processing technologies are

» Spark

* Flink
The two lead stream processing systems and are more useful for processing a large volume
of data.

Spark Flink
< Spark provides in-memory processing of < Flink improve the overall performance s i1 provides
data, thus improving the processing pecd ingle min-time for streaming ns well an bateh processing
< Spark includes security features < Simple and flexible architecture of Flink is suitable for
fromming dats

Hadoop Pipes
% Hadoop Pipes are the C++ Pipes which interface with MapReduce.
A pipe means data streaming into the system at Mapper input and aggregated
results flowing out at outputs.
Apache Hadoop provides an adapter layer, which processes in pipes.
The adapter layer enables running of application tasks in C++ coded MapReduce
programs.
Pipes do not use the standard 1/0 when communicating with Mapper and
Reducer codes. Cloudera distribution including Hadoop (CDH) version CDH
5.0.2 runs the pipes.
s Applications which require faster numerical computations can achieve higher
throughput using C++ when used through the pipes

%
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HADOOP DISTRIBUTED FILE SYSTEM (HDFS)

s HDFS is a core component of Hadoop.

s HDFS is designed to run on a cluster of computers and servers at cloud-based
utility services.
HDFS stores Big Data which may range from GBs to PBs
HDFS stores the data in a distributed manner in order to compute fast.
The distributed data store in HDFS stores data in any format regardless of schema.
HDFS provides high throughput access to data-centric applications that require large-
scale data processing workloads.
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HDFS Data Storage
+« Hadoop data store concept implies storing the data at a number of clusters.

+«+ Each cluster has a number racks.

+« Eachrack stores a number of DataNodes.

+«+ Each DataNode has a large number of data blocks.

«+ The racks distribute across a cluster.

% The nodes have processing and storage capabilities.

% The nodes have the data indata blocks to run the application tasks.

% The data blocks replicate by default at least on three DataNodes in same or remote
nodes.

% Data at the stores enable running the distributed applications including analytics, data

mining, OLAP using the clusters.
% Afile, containing the data divides into data blocks.
% A data block default size is 64 MBs

Hadoop Cluster
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A Hadoop cluster example, and the replication of data blocks in racks for two students of IDs
96 and 1025

HADOOP CLUSTER
ITCH
SWITCH IONG
SWITCH
SWITCH SWITCH
SWITCH
SWITCH
File Stud:96 , .
DataNode 1 DataNode 3 DataNode 239
tfs,lgcz,e,s; :
DataNode 2 DataNode 4 DataNode 240
Block 1025 1 —
File Stud:1025
Rack 1 Rack 2 Rack 120

Hadoop HDFS features are
(i)  Create, append, delete, rename and attribute modification functions
(i)  Content of individual file cannot be modified or replaced but appended with new
data at the end of the file.
(i) Write once but read many times during usages and processing.
(iv)  Average file size can be more than 500 MB.

Hadoop Physical Organization

Conventional file system

% Uses directories

Each directory consists of folders

Each folder consists of files

When data processes, the data sources identify by pointers for the resources

Resource Pointers at data-dictionary.

Master tables at the dictionary store at a central location

The centrally stored tables enable administration easier when the data sources

change during processing

Hadoop Physical Organization
% Similarly, the identification of datablocks, DataNodes and Racks using MasterNodes
(NameNodes) is needed for processing the data at slave nodes.

% . HDFS use the NameNodes and DataNodes

+ A NameNode stores the file’s meta data.

)
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7

+ Meta data gives information about the file of user application, but does not participate
in the computations.
¢+ The DataNode stores the actual data files in the data blocks.

7

+ Few nodes in a Hadoop cluster act as NameNodes, termed as MasterNodes

7

+«»+ Different configuration supporting high DRAM and processing power

7

+«+ Masters use much less local storage

7

% Majority of the nodes in Hadoop cluster act as DataNodes and TaskTrackers.

1
/ Primary S da :
Client Node / e econdary ‘
/ Master i
- Application NameNode | f
Czr‘:\mand Line / NameNode Secondary || |
> Master ( NameNode |
Hive \ Job Tracker I
Job \ — !
\ ookeeper |
Pig Zookeeper !
Mahout
Y

Slave Node

Slave Node

Slave Node

Task Tracker

Task Tracker

Task Tracker

Data Node

Data Node

Data Node

Map Reduce Map Reduce Map Reduce

Clients as the users run the application with the help of Hadoop ecosystem projects. For
example, Hive, Mahout and Pig are the ecosystem's projects.

A single MasterNode provides HDFS, MapReduce and Hbase using threads in small to
medium sized clusters. When the cluster size is large, multiple servers are used, such as to
balance the load.

HDFS Data Storage: Hadoop Physical Organization

R/
°

The MasterNode fundamentally plays the role of a coordinator.

The MasterNode receives client connections, maintains the description of the global
file system namespace, and the allocation of file blocks.

It also monitors the state of the system in order to detect any failure.

The Masters consists of three components NameNode, Secondary NameNode and
JobTracker.

NameNode

NameNode stores all the file system related information such as:

1. The file section is stored in which part of the cluster

2. Last access time for the files.

3. User permissions like which user has access to the file.
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% Secondary NameNode is an alternate for NameNode.
% Secondary node keeps a copy of NameNode meta data.
% Thus, stored meta data can be rebuilt easily, in case of NameNode failure.
%+ The secondary NameNode provides NameNode management services and Zookeeper
is used by HBase for metadata storage.
JobTracker
% The JobTracker coordinates the parallel processing of data.
Drawback of Hadoopl
% Single NameNode failure in Hadoopl is an operational limitation.
% Scaling up was also restricted to scale beyond a few thousands of DataNodes and
few number of clusters.
% However Hadoop2 provides the multiple NameNodes.
% This enables higher resource availability.
Each MN has the following components:
% An associated NameNode
%+ Zookeeper coordination client (an associated NameNode), functions as a centralized
repository for distributed applications.
Zookeeper uses synchronization, serialization and coordination activities.
It enables functioning of a distributed system as a single function.
%+ Associated JournalNode (JN).
The JN keeps the records of the state, resources assigned, and intermediate
results or execution of application tasks.
Distributed applications can write and read data from a JN.
The system takes care of
One set of resources is in active state.
The other one remains in standby state.
Two masters, one MNI is in active state and other MNZ2 is in secondary state. That ensures
the availability in case of network fault of an active NameNode NMI.
The Hadoop system then activates the secondary NameNode NM2 and creates a
secondary in another MasterNode MN3 unused earlier.
The entries copy from JNI in MNI into the JN2, which is at newly active MasterNode MN2.
Therefore, the application runs uninterrupted and resources are available ninterrupted.

HDFS Data Storage: HDFS Commands

Commands for interacting with the files in HDFS require /bin/hdfs dfs
<args>, where args stands for the command arguments.

-copyToLocal is the command for copying a file at HDFS to the local.

-cat is command for copying to standard output (stdout).

All Hadoop commands are invoked by the bin/Hadoop script.

% Hadoop fsck I -files -blocks



Assume stu_filesdir is a directory of student files in Example 2.2. Then
viiledie command for creating the

directory is $Hadoop hdfs-mkdir/user/stu filesdir creates the
directory named stu_files_dir

Assume file stuData_id96 to be copied at stu_filesdir directory in Example
-put 2.2. Then SHadoop hdfs-put stuData_id9%6 /user/ stu_filesdir

copies file for student of id96 into stu_filesdir directory

Assume all files to be listed. Then Shdfs hdfs dfs-1s command does
provide the listing.

Assume stuData_id96 to be copied from stu_filesdir to new students'
directory newstu_filesDir. Then $Hadoop hdfs-cp stuData_id96
/user/stu filesdir newstu filesDir copies file for student of ID 96
into stu_filesdir directory

Acp

MAPREDUCE FRAMEWORK AND PROGRAMMING MODEL

MapReduce is a programming model for distributed computing.

Mapper means software for doing the assigned task after organizing the data blocks
imported using the key.

Reducer means software for reducing the mapped data by using the aggregation,
query or user-specified function.

Aggregation function means the function that groups the values of multiple rows

together to result a single value of more significant meaning or measurement.
For example, function such as count, sum, maximum, minimum,
deviation and standard deviation.

Querying function means a function that finds the desired values.
For example, function for finding a best student of a class who
has shown the best performance in examination.

MapReduce allows writing applications to process reliably the huge amounts of data, in

parallel, on large clusters of servers.

Features of MapReduce framework are
1. Provides automatic parallelization and distribution of computation based on
several processors
2. Processes data stored on distributed clusters of DataNodes and racks
3. Allows processing large amount of data in parallel.

MAPREDUCE FRAMEWORK AND PROGRAMMING MODEL.: Hadoop
MapReduce Framework
MapReduce provides two important functions.
+« The distribution of job based on client application task or users query to various
nodes within a cluster.



% The second function is organizing and reducing the results from each node into a
cohesive response to the application or answer to the query.
Daemonrefers to a highly dedicated program that runs in the background in a system.
MapReduce runs as per assigned Job by JobTracker, which keeps track of the job submitted
for execution and runs TaskTracker for tracking the tasks.
MapReduce programming enables job scheduling and task execution as follows
» A client node submits a request of an application to the JobTracker.
» A JobTracker is a Hadoop daemon (background program).

The following are the steps on the request to MapReduce:
(i) estimate the need of resources for processing that request,
(if) analyze the states of the slave nodes,
(iii)  place the mapping tasks in queue,
(iv) monitor the progress of task, and on the failure, restart the task on
slots of time available.

The job execution is controlled by two types of processes in MapReduce:

A single master process called JobTracker is one.

This process coordinates all jobs running on the cluster and assigns map and reduce
tasks to run on the TaskTrackers.

The second is a number of subordinate processes called TaskTrackers.

These processes run assigned tasks and periodically report the progress to the JobTracker.
Figure 2.4 showed the job execution model of MapReduce.

Here the JobTracker schedules jobs submitted by clients, keeps track of TaskTrackers and
maintains the available Map and Reduce slots.

The JobTracker also monitors the execution of jobs and tasks on the cluster.

The TaskTracker executes the Map and Reduce tasks, and reports to the JobTracker

MAPREDUCE FRAMEWORK AND PROGRAMMING MODEL.: Hadoop
MapReduce Framework

MapReduce program can be written in any language including JAVA, C++ PIPEs

or Python.

Map function of MapReduce program do mapping to compute the data and convert the
data into other data sets (distributed in HDFS).

After the Mapper computations finish, the Reducer function collects the result of map and
generates the final output result.

MapReduce program can be applied to any type of data, i.e., structured or unstructured
stored in HDFS.

The input data is in the form of file or directory and is stored in the HDFS.

The MapReduce program performs two jobs on this input data, the Map job/Phase and the
Reduce job/Phase.

The map job takes a set of data and converts it into another set of data.

The individual elements are broken down into tuples (key/value pairs) in the resultant
set of data.



The reduce job takes the output from a map as input and combines the data tuples into a
smaller set of tuples.

Map and reduce jobs run in isolation from

one another.

The reduce job is always performed after

the map job

MapRaduce and YARN

b3 sad resource schaduling
splits the jobs into subtasks
which run across numiber of
sarvars in parallel.

.sP

MAPREDUCE FRAMEWORK AND PROGRAMMING MODEL: HADOOP YARN
YARN is a resource management platform.

It manages computer resources.

The platform is responsible for providing the computational resources, such as CPUs,
memory, network 1/0 which are needed when an application executes.

An application task has a number of sub-tasks.

YARN manages the schedules for running of the sub-tasks.

Each sub-task uses the resources in allotted time intervals.

YARN separates the resource management and processing components.

YARN stands for Yet Another Resource Negotiator.

An application consists of a number of tasks.

Each task can consist of a number of sub-tasks (threads), which run in parallel at the nodes
in the cluster.

YARN enables running of multi-threaded applications.

YARN manages and allocates the resources for the application sube tasks and submits the
resources for them at the Hadoop system.

MAPREDUCE FRAMEWORK AND PROGRAMMING MODEL : Hadoop 2
Execution Model

Figure2.5 shows the YARN-based execution model.

The figure shows the YARN components-Client, Resource Manager (RM), Node Manager
(NM), Application Master (AM) and Containers.

Figure2.5 also illustrates YARN components namely, Client, Resource Manager (RM), Node
Manager (RM), Application Master (AM) and Containers.
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List of actions of YARN resource allocation and scheduling functions are:
% A MasterNode has two components: (i) Job History Server and (ii) Resource
Manager(RM).

% A Client Node submits the request of an application to the RM. The RM is the
master. One RM exists per cluster. The RM keeps information of all the slave NMs.
Information is about the location (Rack Awareness) and the umber of resources (data
blocks and servers) they have. The RM also renders the Resource Scheduler service
that decides how to assign the resources. It, therefore, performs resource
management as well as scheduling.

% Multiple NMs are at a cluster. An NM creates an AM instance (AMI) and starts up.
The AMI initializes itself and registers with the RM. Multiple AMis can be created in
an AM.

List of actions of YARN resource allocation and scheduling functions are:

% The AMI performs role of an Application Manager (ApplM),that estimates the

resources requirement for running an application program or sube task. The

ApplMs send their requests for the necessary resources to the RM. Each NM

includes several containers for uses by the subtasks of the application.

s NM is aslave of the infrastructure. It signals whenever it initializes. All active NMs
send the controlling signal periodically to the RM signaling their presence.
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HADOOP DISTRIBUTED FILE SYSTEM (HDFS)
The functionalities of the ecosystem
tools and components.
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HADOOP ECOSYSTEM TOOLS

Provisions high-performance coordination service for distributed running of
and 2.6.1.1)

Provisions data serialization during data transfer between application and pr
2.4.1)

Provides a way to package and bundles multiple coordinator and workflow jc
(Section 2.6.1.2)

Provisions for data-transfer between data stores such as relational DBs and |

Provisions for reliable data transfer and provides for recovery in case of failu
applications, such as related to social-media messages (Section 2.6.1.4)

Provisions, monitors, manages, and viewing of functioning of the cluster, Ma
2.6.2)

Functionalities
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Provisions data serialization during data transfer between application and pr
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Provides a way to package and bundles multiple coordinator and workflow jc
(Section 2.6.1.2)

Provisions for data-transfer between data stores such as relational DBs and |

Provisions for reliable data transfer and provides for recovery in case of failu
applications, such as related to social-media messages (Section 2.6.1.4)

Provisions, monitors, manages, and viewing of functioning of the cluster, Ma
2.6.2)

HADOOP ECOSYSTEM TOOLS: Zookeeper

Zookeeper in Hadoop behaves as a centralized repository where distributed applications
can write data at a node called JournalNode and read the data out of it.

Zookeeper uses synchronization, serialization and coordination activities.

It enables functioning of a distributed system as a single function.

ZooKeeper's main coordination services are:

Name service -A name service maps a name to the information associated with that name.

For example, DNS service is a name service that maps a domain name
to an IP address.

Similarly, name keeps a track of servers or services those are up and
running, and looks up their status by name in name service.

Concurrency control - Concurrent access to a shared resource may cause inconsistency
of the resource.

A concurrency control algorithm accesses shared resource in the

distributed system and controls concurrency.
ZooKeeper's main coordination services are:

Configuration management - A requirement of a distributed system is a central
configuration manager.

A new joining node can pick up the up-to-date centralized
configuration from the ZooKeeper coordination service as soon as the node joins the
system.
Failure - Distributed systems are susceptible to the problem of node failures. This

requires implementing an automatic recovering strategy by selecting
some alternate node for processing (Using two MasterNodes with a
NameNode each).

HADOOP ECOSYSTEM TOOLS: Oozie
» Apache Oozie is an open-source project of Apache that schedules Hadoop jobs.



>
> Analysis of Big Data requires creation of multiple jobs and sub-tasks in a process.
» Qozie design provisions the scalable processing of multiple jobs.
» Thus, Oozie provides a way to package and bundle multiple coordinator and
workflow jobs, and manage the lifecycle of those jobs.
The two basic Oozie functions are:

1. Oozie workflow jobs are represented as Directed Acrylic Graphs (DAGS),
specifying a sequence of actions to execute.
2. Oozie coordinator jobs are recurrent Oozie workflow jobs that are triggered
by time and data availability.
Oozie provisions for the following:

1. Integrates multiple jobs in a sequential manner
2. Stores and supports Hadoop jobs for MapReduce, Hive, Pig, and Sqoop

3. Runs workflow jobs based on time and data triggers.
HADOOP ECOSYSTEM TOOLS: Sqoop
Apache Sqoop is a tool that is built for loading efficiently the voluminous amount of
data between Hadoop and external data repositories that resides on enterprise application
servers or relational databases.
Sqoop works with relational databases such as Oracle, MySQL, PostgreSQLand DB2.

Sqoop provides the mechanism to import data from external Data Stores into HDFS.

Sqoop relates to Hadoop eco-system components, such as Hive and HBase.

Sqgoop can extract data from Hadoop or other ecosystem components.

Sqgoop provides command line interface to its users.

Sqoop can also be accessed using Java APis.

Sqgoop exploits MapReduce framework to import and export the data, and transfers for
parallel processing of sub-tasks.

Sqoop provisions for fault tolerance.

Parallel transfer of data results in parallel results and fast data transfer.

Sqoop initially parses the arguments passed in the command line and prepares the map task.
The map task initializes multiple Mappers depending on the number supplied by the user in
the command line.

Each map task will be assigned with part of data to be imported based on key defined in the
command line.

Sqoop distributes the input data equally among the Mappers.

Then each Mapper creates a connection with the database using JDBC and fetches the part of
data assigned by Sqoop and writes it into HDFS/Hive/HBase as per the choice provided in
the command line.

HADOOP ECOSYSTEM TOOLS: Flume



Apache Flume provides a distributed, reliable and available service.

Flume efficiently collects, aggregates and transfers a large amount of streaming data into
HDFS.

Flume enables upload of large files into Hadoop clusters.

The features of flume include robustness and fault tolerance.

Flume provides data transfer which is reliable and provides for recovery in case of failure.
Flume is useful for transferring a large amount of data in applications related to logs of
network traffic, sensor data, geo-location data, e-mails and social-media messages.
Apache Flume has the following four important components:

1. Sources which accept data from a server or an application.

2. Sinks which receive data and store it in HDFS repository or transmit the data to

another source. Data units that are transferred over a channel from
source to sink are called events.
HADOOP ECOSYSTEM TOOLS: Ambari
Apache Ambari is a management platform for Hadoop. It is open source.
Ambari enables an enterprise to plan, securely install, manage and maintain the clusters in the
Hadoop.
Ambari provisions for advanced cluster security capabilities, such as Kerberos Ambari.
Features of Ambari and associated components are :

1. Simplification of installation, configuration and management
2. Enables easy, efficient, repeatable and automated creation of clusters
3. Manages and monitors scalable clustering

4. Provides an intuitive Web User Interface and REST APL The provision enables
automation of cluster operations.
5. Visualizes the health of clusters and critical metrics for their operations

6. Enables detection of faulty node links

7. Provides extensibility and customizability.

Hadoop Administration

Hadoop large clusters pose a number of configuration and administration challenges.
Administrator procedures enable managing and administering Hadoop clusters, resources
and associated Hadoop ecosystem components (Figure 2.2).

Administration includes installing and monitoring clusters.

Ambari also provides a centralized setup for security.

This simplifies the administering complexities and configures security of clusters across the
entire platform.

Hadoop Administration



Ambari helps automation of the setup and configuration of Hadoop using Web User
Interface and REST APIs.

The console is similar to web Ul at Ambari.
The console enables visualization of the cluster health, HDFS directory structure, status of
MapReduce tasks, review of log records and access application status.

Hadoop Administration

Single harmonized view on console makes administering the task easier.
Visualization can be up to individual components level on drilling down.

Nodes addition and deletion are easy using the console.

The console enables built-in  tools for administering.

Web console provides a link to server tools and open-source components associated
with those.

HADOOP ECOSYSTEM TOOLS: HBase

Similar to database, HBase is an Hadoop system database. HBase was created for large
tables.

HBase is an open-source, distributed, versioned and non-relational (NoSQL) database.

Features ofHBase features are:
1.Uses a partial columnar data schema on top of Hadoop and HDFS.
2.Supports a large table of billions of rows and millions of columns.

3.Provides small amounts of information, called sparse data taken from large data sets
which are storing empty or presently not-required data.
4. Supports data compression algorithms.

5. Provisions in-memory column-based data transactions.

6. Accesses rows serially and does not provision for random accesses and write
into the rows.
7. Provides random, real-time read/write access to Big Data.

8. Fault tolerant storage due to automatic failure support between DataNodes
servers.
9. Similarity with Google BigTable.

HBase is written in Java. It stores data in alarge structured table.

Hbase provides scalable distributed Big Data Store.

HBase data stores as key-value pairs.

HBASE applies a partial columnar scheme on top of the Hadoop and HDFS.
An HBase column represents an attribute of an object.

HADOOP ECOSYSTEM TOOLS: Hive



Apache Hive is an open-source data warehouse software.

Hive facilitates reading, writing and managing large datasets which are at distributed Hadoop
files.

Hive uses SQL. Hive puts a partial SQL interface in front of Hadoop.

Hive design provisions for batch processing of large sets of data.

An application of Hive is for managing weblogs.

Hive does not process real-time queries and does not update row-based data tables.

Hive also enables data serialization/ deserialization and increases flexibility in

schema design by including a system catalog called Hive Metastore.

HQL also supports custom MapReduce scripts to be plugged into queries.

Hive supports different storage types, such as text files, sequence files (consisting of
binary key/value pairs) and RCFiles (Record Columnar Files), ORC (optimized row
columnar) and HBase.

Three major functions of Hive are data summarization, query and analysis.

Hive basically interacts with structured data stored in HDFS with a query language
known as HQL (Hive Query Language) which is similar to SQL.

HQLtranslates SQL-like queries into MapReduce jobs executed on Hadoop automatically.

HADOOP ECOSYSTEM TOOLS: Pig

Apache Pig is an open source, high-level language platform.

Pig was developed for analyzing large-data sets.

Pig executes queries on large datasets that are stored in HDFS using Apache Hadoop.
The language used in Pig is known as Pig Latin.

Pig Latin language is similar to SQL query language but applies on larger datasets.

Additional features of Pig are :

(i) Loads the data after applying the required filters and dumps the data inthe  desired
format.
(if) Requires Java runtime environment for executing Pig Latin programs.
(iii)  Converts all the operations into map and reduce tasks.

The tasks run on Hadoop.
(iv) Allows concentrating upon the complete operation, irrespective of the individual Mapper
and Reducer functions to produce the output results.

HADOOP ECOSYSTEM TOOLS: Mahout

Mahout is a project of Apache with library of scalable machine learning algorithms.
Apache implemented Mahout on top of Hadoop.

Apache used the MapReduce paradigm.

Machine learning is mostly required to enhance the future performance of a system based
on the previous outcomes.



Mahout provides the learning tools to automate the finding of meaningful patterns in the Big

Data sets stored in the HDFS.

Mahout supports four main areas:

* Collaborative data-filtering that mines user behavior and makes product
recommendations.

* Clustering that takes data items in a particular class, and organizes them into
naturally occurring groups, such that items belonging to the same group are
similar to each other.

* Classification that means learning from existing categorizations and then
assigning the future items to the best category.

* Frequent item-set mining that analyzes items in a group and then identifies
which items usually occur together.

HADOOP DISTRIBUTED FILE SYSTEM (HDFS) BASICS (T2)
HDFS Design Features
The Hadoop Distributed file system (HDFS) was designed for Big Data processing.
Although capable of supporting many users simultaneously, HDFS is not designed as a true
parallel file system.
Rather, the design assumes a large file write-once/read-many model.
The design of HDFS is based on the design of the Google File System (GFS).
HDFS is designed for data streaming where large amounts of data are read
from disk in bulk. The HDFS block size is typically 64MB or 128MB.
HDFS FEATURES
%+ The write-once/read-many design is intended to facilitate streaming reads.
%+ Files may be appended, but random seeks are not permitted.
% There is no caching of data.
» Converged data storage and processing happen on the same server nodes.
“Moving computation is cheaper than moving data.”
S FEATURES
The write-once/read-many design is intended to facilitate streaming reads.
Files may be appended, but random seeks are not permitted.
There is no caching of data.
%+ Converged data storage and processing happen on the same server nodes.
% “Moving computation is cheaper than moving data.”
HDFS FEATURES
s Areliable file system maintains multiple copies of data across the cluster.
s Consequently, failure of a single node (or even a rack in a large cluster) will not bring
down the file system.
¢ A specialized file system is used, which is not designed for general use.
HDFS Components
There are two types of HDFS installation
Single Node Installation.
Multiple Node Installation.
The designed of HDFS is based on three types of nodes
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Name Node : Only one node per cluster
Date Node : Multiple Nodes
Secondary Node : Checkpoint or Backup Node
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Figure 3.1 Various system roles in an HDFS deployment

NAME NODE (MASTER NODE)

Name Node Manages all the meta data needed to store and retrieve actual data from the Data
Nodes.

Data is not stored in Namenode.

Master Node manages the file system namespace and regulates access to files by clients.
Name Node perform operation such as opening, closing, delete, renaming files and
directories.

NAME NODE (MASTER NODE)

NameNode also handles mapping of blocks to DataNodes and Handle Data Node Failure.
Name Node Manages block creation, mapping of blocks, deletion and replication.

It maintains two file to track changes to the metadata:FsIlmage (New File Entry) and
EditLogs (Deletion and Modification)

DATA NODE (SLAVE NODE)

DataNodes are the slave nodes in HDFS.

Unlike NameNode, DataNode is a commodity hardware, that is, a non-expensive system
which is not of high quality or high-availability.



The DataNode is a block server that stores the data in the local file ext3 or ext4.

DATA NODE (SLAVE NODE)

The actual data is stored on DataNodes and process which runs on each slave machins.
The DataNodes perform the low-level read and write requests from the file system’s clients.
They send heartbeats to the NameNode periodically to report the overall health of HDFS, by
default, this frequency is set to 3 seconds.

SECONDARY NAMENODE

The Secondary NameNode works concurrently with the primary NameNode as a helper
daemon.

And don’t be confused about the Secondary NameNode

being a backup NameNode because it is not.

Secondary Query for EditLogs

. . NameNode
NameNode in regular intervals

Update Fsimage
with EditLogs

!

Fsimage

Copy the updated Fsimage
back to NameNode

Fsimage

SECONDARY NAMENODE
The Secondary NameNode is one which constantly reads all the file systems and metadata
from the RAM of the NameNode and writes it into the hard disk or the file system.
It is responsible for combining the EditLogs with Fsimage from the NameNode.
It downloads the EditLogs from the NameNode at regular intervals and applies to FsImage.
The new Fsimage is copied back to the NameNode, which is used whenever the NameNode
is started the next time
The various roles in HDFS can be summarized as follows:
HDFS uses a master/slave model designed for large file reading/streaming.
The NameNode is a metadata server or “data traffic cop.”
HDFS provides a single namespace that is managed by the NameNode.
Data is redundantly stored on DataNodes; there is no data on the NameNode.
The SecondaryNameNode performs checkpoints of NameNode file
system’s state but is not a failover node.
+» Block Replication
+ Safe Mode
¢ Rack Awareness
+« High Availability
¢ Back Up
Block Replication
When HDFS writes a file, it is replicated across the cluster.
The amount of replication is based on the value of dfs.replication in the
hdfs-site.xml file.
This default value can be overruled with the hdfsdfs-setrepcommand.



For Hadoop clusters containing more than eight DataNodes, the replication value is usually
set to 3.
In a Hadoop cluster of eight or fewer DataNodes but more than one DataNode, a replication
factor of 2 is adequate.
For a single machine, the replication factor is set to 1.
Various HDFS user commands.
* List Files in HDFS
» Make a Directory in HDFS
» Copy Files to HDFS
» Copy Files from HDFS
+ Copy Files within HDFS
* Delete a File within HDFS
» List Filesin HDFS
» To list the files in the root HDFS directory, enter the following command:
. Syntax: $ hdfsdfs -Is /
+ Output:
* Found 2 items
« drwxrwxrwx - yarn hadoop 0 2015-04-29 16:52 /app-logs
* drwxr-xr-x - hdfshdfs 0 2015-04-21 14:28 /apps

List Files in HDFS
* Tollist files in your home directory, enter the following command:
+ Syntax: $ hdfsdfs -Is
+ Output:
* Found 2 items
* drwxr-xr-x - hdfshdfs 0 2015-05-24 20:06 bin
» drwxr-xr-x - hdfshdfs 0 2015-04-29 16:52 examples

% Make a Directory in HDFS
To make a directory in HDFS, use the following command. As with the -Is command,
when no path is supplied, the user’s home directory is used
Syntax: $ hdfsdfs -mkdir stuff
$ hdfsdfs -Is

Copy Files to HDFS
To copy a file from your current local directory into HDFS, use the following command.
If a full path is not supplied, your home directory is assumed. In this case, the file test is
placed in the directory stuff that was created previously.
Syntax: $ hdfsdfs -put test stuff
The file transfer can be confirmed by using the -Is command:
Syntax: $ hdfsdfs -Is stuff
Output:
Found 1 items
-rw-r--r-- 2 hdfshdfs 12857 2015-05-29 13:12 stuff/test

Copy Files from HDFS



Files can be copied back to your local file system using the following command.
In this case, the file we copied into HDFS, test, will be copied back to the current local

directory with the name test-local.
Syntax: $ hdfsdfs -get stuff/test test-local

Copy Files within HDFS

The following command will copy a file in HDFS:

Syntax: $ hdfsdfs -cp stuff/test test.hdfs

Delete a File within HDFS

The following command will delete the HDFS file test.dhfs that was
Syntax: $ hdfsdfs -rmtest.hdfs



Module 3

OBJECTIVES

—Introduction,

—NoSQL Data Store,

—NoSQL Data Architecture Patterns,

—NoSQL to Manage Big Data,

—Shared-Nothing Architecture for Big Data Tasks,
—MongoDB Databases,

—Cassandra Databases.

Introduction

Big Data uses distributed systems.

A distributed system consists of multiple data nodes at clusters of machines and distributed
software components.

The tasks execute in parallel with data at nodes in clusters.

The computing nodes communicate with the applications through a network.
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Performance

Open system makes \ | The collection of processors in the |
the nan e iar e cible system provides higher performance than
S imadas centralized computer, due to lesser cost of

communication among machines (Cost

means time taken up in communication).

The demerits of distributed computing are

(i)issues in troubleshooting in a larger networking infrastructure,

(if)additional software requirements and

(iii)security risks for data and resources.

The Solution to these demerits is the Big Data solutions with a scalable distributed computing
model with shared-nothing architecture.

Examples

vMongoDB and

vCassandra.

%

MongoDB and Cassandra DBMS create HDFS compatible distributed data stores and include
their specific query processing languages.

Key terms in database

' MS SOL
Object erver
Tuple Sybase
Transaction  patabase DB2

transactional MY SQL Oracle

model

Class refers to atemplate of program codes that is extendable.
Class creates instances, called objects.
A class consists of states (variables), member functions and methods (behavior).



Object is an instance of a class in Java, C++, and other object-oriented languages. Object
can be an instance of another object (for example, in JavaScript).

Tuple is an ordered set of data which constitutes a record. For example, one row record in a
table. A row in arelational database has column fields or attributes.

Transaction means execution of instructions in two interrelated entities, such as a query and the
database.

Database transactional model refers to a model for transactions, such as the one the ACID or
BASE properties.

My SQL refers to a widely used open-source database, which excels as a content management
server.

Oracle refers to a widely used object-relational DBMS, written in the C++ language that
provides applications integration with service-oriented architectures and has high reliability.
Oracle has also released the NoSQL database system.

DB2 refers to a family of database server products from IBM with built-in support to handle
advanced Big Data analytics

Sybase refers to database server based on relational model for businesses, primarily on UNIX.
Sybase was the first enterprise-level DBMS in Linux.

MS SQL server refers to a Microsoft-developed RDBMS for enterprise-level databases that
supports both SQL and NoSQL architectures.

PostgreSQL refers to an enterprise-level, object-relational DBMS. PostgreSQL uses procedural
languages like Perl and Python, in addition to SQL.

ACID Properties in SQL Transactions

Atomicity of transaction means all operations in the transaction must complete, and if
interrupted, then must be undone (rolled back).

For example, if a customer withdraws an amount then the bank in first operation enters the
withdrawn amount in the table and in the next operation modifies the balance with new amount
available.

Atomicity means both should be completed, else undone if interrupted in between.

A new category of data stores is NoSQL (means Not Only SQL) data stores.

NoSQL is an altogether new approach of thinking about databases, such as schema
flexibility, simple relationships, dynamic schemas, auto sharding, replication, integrated



caching, horizontal scalability of shards, distributable tuples, semi-structures data and flexibility
in approach.

Issues with NoSQL data stores are lack of standardization in approaches, processing difficulties
for complex queries, dependence on eventually consistent results in place of consistency in all
states.

NoSQL DB does not require specialized RDBMS like storage and hardware for processing.
Storage can be on a cloud.

NoSQL records are in non-relational data store systems. They use flexible data models. The
records use multiple schemas.

NoSQL data stores are considered as semi-structured data.

NoSQL data store characteristicsare as follows:

1.NoSQL is a class of non-relational data storage system with flexible data model.
Examples of NoSQL data-architecture patterns of datasets are  key-value pairs,
name/value pairs, Column family Big-data store, Tabular data store, Cassandra (used in
Facebook/ Apache), HBase, hash table unordered keys using JSON (CouchDB), JSON
(PNUTS), JSON (MongoDB), Graph Store, Object Store, ordered keys and semi-structured
data storage systems.

2. NoSQL not necessarily has a fixed schema, such as table; do not use the concept of
Joins (in distributed data storage systems);

Data written at one node can be replicated to multiple nodes.

Data store is thus fault-tolerant.

The store can be partitioned into unshared shards.

Features in NoSQL Transactions

NoSQL transactions have following features:

(i) Relax one or more of the ACID properties.

(if) Characterize by two out of three properties (consistency, availability
and partitions) of CAP theorem, two are at least present for
the application/ service/ process.

(iii) Can be characterized by BASE properties

Big Data NoSQL solutions use standalone-server, master-slave and peer-to-peer distribution
models.

Big Data NoSQL Solutions
NoSQL DBs are needed for Big Data solutions.
They play an important role in handling Big Data challenges.



Table 3.1 gives the examples of widely used NoSQL data stores.

NoSQL. Data Description
Store
HDFS compatible, open-source and non-relational data store written inJava: A column-family based
m NoSQL data store. data store providing BigTable-like capabilities (Sections 2.6 and 3.3.3.2): scalability.
strong consistency, versioning, configuring and maintaining data store characteristics
HDFS compatible; master-slave distribution model (Section 3.5.1.3); document-oriented  data store

withJSON-like documents and dynamic schemas; open-source, NoSQL, scalable and non-relational
database; used by Websites Craigslist, eBay, Foursquare at the backend

Apache's
MongoDB
HDFS compatible DBs; decentralized distribution peer-to-peer model (Section 3.5.1.4); open source;

NoSQL; scalable, non-relational, column- family based, fault-tolerant and tuneable consistency
(Section 3. 7) used by Facebook and Instagram

Apache's

Cassandra

A project of Apache which is also widely used database for the web. CouchDB consists of Document
Store It uses the )SON data exchange format to store its documents JavaScript  for indexing,
combining and transforming documents, and HTTP APis

Apache's
CouchDB

Oracle Step towards NoSQL data store; distributed key-value data store; provides transactional  semantics for
NoSQL data manipulation, horizontal scalability, Simple administration  and monitoring

An open-source key-value store: high availability (using replication concept), fault tolerance,
operational simplicity, scalability and written in Erlang

Riak

Among C, A and P, two are at least present for the application/service/process.

Consistency means all copies have the same value like in traditional DBs.

Availability means at least one copy is available in case a partition becomes inactive or fails.
For example, in web applications, the other copy in the other partition is available.

Partition means parts which are active but may not cooperate (share) as in distributed DBs.

1. Consistency in distributed databases means that all nodes observe
the same data at the same time.
Therefore, the operations in one partition of the database should
reflect in other related partitions in case of distributed database.
Operations, which change the sales data from a specific
showroom in atable should also reflect in changes in related tables
which are using that sales data.
2. Availability means that during the transactions, the field values must be available in other
partitions of the database so that each request receives a response on success as well as failure.
(Failure causes the response to request from the replicate of data). Distributed databases
require transparency between one another. Network failure may lead to data unavailability
in a certain partition in case of no replication. Replication ensures availability.
3. Partition means division of a large database into different databases without affecting
the operations on them by adopting specified procedures.



Partition tolerance: Refers to continuation of operations asa whole even in case of message
loss, node failure or node not reachable.

NoSQL: CAP Theorem

In case of any network failure, a choice can be:
* Database must answer, and that answer would be old or wrong data
(AP).

*Database should not answer, unless it receives the latest copy of the data

(CP).

The CAP theorem implies that for a network partition system, the choice of consistency and
availability are mutually exclusive.
CA means consistency and availability, AP means availability and partition tolerance and
CP means consistency and partition tolerance.

Cannot be
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il p, TR o
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Postgres'& DynamoDB, Re dis,
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Figure 3.1 CAP theorem in Big Data solutions



NoSQL.: Schema-less Models

Schema of a database system refers to designing of a structure for datasets and data structures
for storing into the database.

NoSQL data not necessarily have a fixed table schema. The systems do not use the concept
of Join (between distributed datasets). A cluster-based highly distributed node manages a
single large data store with a NoSQL DB.

Data written at one node replicates to multiple nodes. Therefore, these are identical, fault-
tolerant and partitioned into shards. Distributed databases can store and process a set of
information on more than one computing nodes.

NoSQL data model offers relaxation in one or more of the ACID properties (Atomicity,
consistence, isolation and durability) of the database. Distribution follows CAP theorem.

Figure 3.2 shows characteristics of Schema-less model for data stores. ER stands for
entity-relation modelling.

Relations in a database build the connections between various tables of data. For example, a
table of subjects offered in an academic programme can be connected to a table of
programmes offered in the academic institution. NoSQL

data stores use non-mathematical relations but store this information as an aggregate called
metadata.

Metadata refers to data describing and specifying an object or objects. Metadata is a record with
all the information about a particular dataset and the inter-linkages.

Metadata helps in selecting an object, specifications of the data and, usages that design where
and when.

Metadata specifies access permissions,attributes of the objects and enables additions of an
attribute layer to the objects. Files, tables, documents and images are also the objects
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Figure 3.2 Characteristics of Schema-less model

NoSQL data store possess characteristic of increasing flexibility for data manipulation.
The new attributes to database can be increasingly added. Late binding of them is also
permitted.

BASE is a flexible model for NoSQL data stores. Provisions of BASE increase flexibility.
BASE Properties BA stands for basic availability, S stands for soft state and E stands for
eventual consistency.

1.Basic availability ensures by distribution of shards (many partitions of huge data store)
across many data nodes with a high degree of replication.

Then, a segment failure does not necessarily mean a complete data store unavailability.
2.50ft state ensures processing even in the presence of inconsistencies but achieving
consistency eventually. A program suitably takes into account the inconsistency found
during processing. NoSQL database design does not consider the need of consistency all
along the processing time.
3. Eventual consistency means consistency requirement in NoSQL databases meeting at some
point of time in future.

Data converges eventually to a consistent state with no time-frame
achieving that.

ACID rules require consistency all along the processing on completion of each transaction.

specification for



BASE does not have that requirement and has the flexibility.
BASE model is not necessarily appropriate in all cases but it is flexible and is an alternative to
SQL-likeadherence to ACID properties.
Use examples of database for the students in various university courses to demonstrate the
concept of increasing flexibility in NoSQL DBs.
SOLUTION
Figure 3.3 shows increasing flexibility concept using additional data models

Additional attributes appended as

Programme Course Offered course progresses with NoSQL DBs
textual documents

Id Id

Course_ 1D
Semester
Admission Date Faculty ld Student Feedbacks
Faculty Feedbacks

Details wPeactical Bibliographic References

Credit |

Fixed Schema RDDs Course_ID

Academic Year
id Semester
Faculty Power Points
Name Tutorials
Videos

Address
Additional attributes appended as course
Contact Info. progresses with NoSQL DBs and inclusion
of graph stores

Figure 3.3 Increasing flexibility in NoSQL DB of students

Key-Value store
Document Store
TabularData
Object Data Store
Graph Database

Key-Value store
The simplest way to implement a schema-less data store is to use key-value pairs.



Data retrieval is fast in key-value pairs data store.

Key maps to a large data string or BLOB (Basic Large Object).

Key-value store accesses use a primary key for accessing the values. Therefore, the store can be
easily scaled up for very large data.

The concept is similar to a hash table where a unique key points to a particular item(s) of
data. Figure 3.4 shows key-value pairs architectural pattern and example of students'
database as key-value pairs

Keyl Valuesl Key Value
"Ashish” *Category: Student; Class:
B.Tech.; Semester: V1i; Branch:
2 Values2 p ‘
sy Engineering; Mobile:9999912345"
i "Mayurt” “Category: student; class:
KeyN ValuesN
Number of key-values pair, N can be
a very large number

Figure 3.4 Example of key-value pairs in data architectural pattern

Advantages of a key-value store are :

1.The key-value system stores the information as a BLOB of data (such as text, hypertext,
images, video and audio) and return the same BLOB when the data is retrieved, querying for
key retrieves the values.

2. A query just requests the values and returns the values as a single item.
Values can be of any data type.

3. Key-value store is eventually consistent..

4. Key-value data store may be hierarchical or may be ordered key-value
store.

5. Returned values on queries can be used to convert into lists, tablee
columns, data-frame fields and columns.



6. Have (i) scalability, (ii) reliability, (iii) portability and (iv) low
operational cost.

7.The key can be synthetic or auto-generated.

The key is flexible and can be represented in many formats:
(i) Artificially generated strings created from a hash of a value,
(i) Logical path names to images or files,
(iii) REST web-service calls (request response cycles), and
(iv) SQL queries.

The key-value store provides client to read and write values using a key

(i) Get (key), returns the value associated with the key.

(i1) Put (key, value), associates the value with the key and updates a value
if this key is already present.

(iii) Multi-get ( keyl, key2, .. " keyN), returns the list of values associated
with the list of keys.

(iv) Delete (key), removes a key and its value from the data store.

Limitations of key-value store architectural pattern are:

(i) No indexes are maintained on values, thus a subset of values is

not searchable.

(if) Key-value store does not provide traditional database capabilities, such as atomicity of
transactions, or consistency when multiple transactions are executed simultaneously. The
application needs to implement such capabilities.

Limitations of key-value store architectural pattern are:

(i) No indexes are maintained on values, thus a subset of values is

not searchable.

(if) Key-value store does not provide traditional database capabilities, such as atomicity of
transactions, or consistency when multiple transactions are executed simultaneously. The
application needs to implement such capabilities.

Limitations of key-value store architectural pattern are:

(iii) Maintaining unique values as keys may become more difficult when the volume of data
increases. One cannot retrieve a single result when a key-value pair is not uniquely
identified.

(iv)Queries cannot be performed on individual values.
No clause like ‘where' in a relational database usable that filters a result set.



Table 3.2 Traditional relational data model vs. the kev-value store model

Result set based on row values Queries return  a single item

Values of rows for large datasets are indexed | No indexes on values

Same data type values in columns Any data tvpe values

Typical uses of key-value store are:
(i) Image store,
(it) Document or file store,
(iii) Lookup table, and
(iv) Query-cache.
key-value pairs used in
*Riak
*DynamoDB
*Redis
*Memcached and its flavours,
*Berkeley DB, upscaledb
*Project VVoldemort and
«Couchbase.
Characteristics of Document Data Store are high performance and flexibility.
Scalability varies, depends on stored contents.
Complexity is low compared to tabular, object and graph data stores.

Following are the features in Document Store:

1. Document stores unstructured data.

2. Storage has similarity with object store.

3. Data stores in nested hierarchies. Hierarchical information stores ina single unit  called
document tree. Logical data stores together ina unit.

4. Querying is easy. For example, using section number, sub-section number and figure
caption and table headings to retrieve document partitions.

5. No object relational mapping enables easy search by following paths from the root of
document tree.

6. Transactions on the document store exhibit ACID properties.

Typical uses of a document store are:

(i)office docum

(if)inventory store,

(iii)forms data,

(iv)document exchange and



(v)document search.

The demerits in Document Store are incompatibility with SQL and complexity for
implementation.

The database stores and retrieves documents, such as XML, JSON, BSON (Binary-
encoded Script Object Notation (for objects)). The documents are self-describing, hierarchical
tree-structured consisting of maps, collections and scalar values. The documents stored are
similar to each other but do not have to be the same. Some of the popular document data stores
are CouchDB, MongoDB, Terrastore, OrientDB and RavenDB.

CouchDB uses the JSON store data, HTTP AP is for connectivity, JavaScript for the query
language and MapReduce for processing.

Document JSON Format CouchDB Database

Apache CouchDB is an open-source database.

Its features are:

1. CouchDB provides mapping functions during querying, combining  and filtering of
information.

2. CouchDB deploys JSON Data Store model for documents. Each  document maintains
separate data and metadata (schema).

3.CouchDB is a multi-master application. Write does not require field  locking when
controlling the concurrency during multi-master application.

4. CouchDB querying language is JavaScript. Java script is a language which documents use to
transform.

5. CouchDB queries the indices using a web browser. CouchDB accesses the documents
using HTTP APL HTTP methods are Get, Put and Delete

6. CouchDB data replication is the distribution model that results in fault tolerance and
reliability.

Document JSON Format-MongoDB Database
MongoDB Document database provides a rich query language and constructs, such as
database indexes allowing easier handling of Big Data.



"ig®: *1001”
*Student Name®:

{

*First?®: *Ashish”,
"Middle*: *Kumar”,
"Lagt*: “"Rai”

}

*Category”: "“Student”,

*Clage*: *B.Tech.”,

*Semegtexr®: *VIIF,

"Branch”: “Computer Engineering”,
*Mcobile®: *123457

}

The document store allows querying the data based on the contents as well. For example, it is
possible to search the document where student's first name is "Ashish"”, Document store can also
provide the search value's exact location.

The search is by using the document path.

A type of key accesses the leaf values in the tree structure.

Since the document stores are schema-less, adding fields to documents (XML or JSON)
becomes a simple task.

Document Architecture Pattern and Discovering Hierarchical Structure



Following is example of an XML document in which a hierarchical structure discovers later.
Figure 3.5 shows an XML document architecture  pattern in a document fragment and
document tree structure.

ROOT
[ |
BRANCH BRANCH
e 1
VALUE | VALUE VALUE
<ar
<b> ~
<d> 4 </d> AN
<> 7</ex b ¢
</t> /\ /\
<O d e
<d> 4 </d> I o Il
d>6 </ a4 7 4 6
</o
<ja»
{a) XML document fragment {b) Tree representation of fragment

Figure 3.5 XML document architecture pattern

The document store follows a tree-like structure (similar to directory structure in file system).
Beneath the root element there are multiple branches.

Each branch has a related path expression that provides a way to navigate from the root to any
given branch, sub-branch or value.

The document store follows a tree-like structure (similar to directory structure in file system).
Beneath the root element there are multiple branches.

Each branch has a related path expression that provides a way to navigate from the root to any
given branch, sub-branch or value.

XQuery and XPath are query languages for finding and extracting elements and attributes from
XML documents.

The query commands use sub-trees and attributes of documents.

The querying is similar as in SQL for databases.



XPath treats XML document as a tree of nodes.
XPath queries are expressed in the form of XPath expressions.

Give the structures of XML and JSON document fragments for a student
record.

SOLUTION

Following are the structures:

{ <atudentas
“atudentas”: | <student>
{ <name>Asgshigh Jaine</name»
“name": “Ashish Jain", <rollNo>12345</rolllNo>
“rollNo": “12345" </atudent >
}. <gtudent>
{ <name >Sandeep Joshi</names
*name”: “Sandeep Joshi", <Y0llNo>12346</rollNo>
"*rollNo": "“12346" </atudent>
} </studentse>
]
}
tah JSON tb) XML equivalent

When compared with XML, JSON has the following advantages:

* XML is easier to understand but XML is more verbose than JSON.

* XML is used to describe structured data and does not include arrays, whereas JSON
includes arrays.

« JSON has basically key-value pairs and is easier to parse from JavaScript.
* The concise syntax of JSON for defining lists of elements makes it preferable for
serialization of text format objects.

Document Collection A collection can be used in many ways for managing a large document
store. Three uses of a document collection are:

1. Group the documents together, similar to a directory structure ina file-system. (A
directory consists of grouping of file folders.)

2. Enables navigating through document hierarchies, logically grouping  similar documents
and storing business rules such as permissions, indexes and triggers (special procedure on
some actions in a database).

3. A collection can contain other collections as well.

Tabular data stores use rows and columns. Row-head field may be used as a key which access
and retrieves multiple values from the successive columns in that row. The OLTP is fast on in-
memory row-format data.

Oracle DBs provide both options: columnar and row format storages.

in-memory row-based data, in which a key in the first column of the row is at a memory address,
and values in successive columns at successive memory addresses.

That makes OLTP easier.

All fields of a row are accessed at a time together during OLTP.



Different rows are stored in different addresses in the memory or disk.

In-memory row-based DB stores a row as a consecutive memory or disk entry. This strategy
makes data searching and accessing faster during transactions processing.

In-memory column-based data has the keys (row-head keys) in the first column of each row at
successive memory addresses. The next column of each row after the key has the values at
successive memory addresses. The values in the third column of each row are at the next
memory addresses in succession, and so on up to N columns. The N can be a very large number.
The column-based data makes the OLAP easier. All fields of a column access together. All
fields of a set of columns may also be accessed together during OLAP. Different rows are
stored in different addresses in the memory or disk, but each row values are now not at
successive addresses. In-memory column-based DB store a column as a consecutive memory or
disk entry. This strategy makes the analytics processing fast.

Columnar Data Store is A way to implement a schema. Storage of each column, successive
values is at the successive memory addresses. Analytics processing (AP) In-memory uses
columnar storage in memory. A pair of row-head and column-head is a key-pair. The pair
accesses a field in the table.

All values in successive fields in a column consisting of multiple rows save at consecutive
memory addresses. This enables fast accesses during in-memory analytics, which includes CPU
accesses and analyses using memory addresses in which values are cached from the disk before
processing. The OLAP (on-line AP) is also fast on in-memory column-format data. An
application uses a combination of row head and a column head as a key for access to the value
saved at the field.

Column-Family Data Store

Column-family databases store data in column families as rows that have many columns
associated with a row key. Column families are groups of related data that is often accessed
together.

Column-family data-store has a group of columns as a column family. A combination of row-
head, column-family head and table-column head can also be a key to access a field in a column
of the table during querying. A column-family head is also called a super-column head.

Column-Family Data Store

Column-family databases store data in column families as rows that have many columns
associated with a row key. Column families are groups of related data that is often accessed
together.

Column-family data-store has a group of columns as a column family. A combination of row-
head, column-family head and table-column head can also be a key to access a field in a column
of the table during querying. A column-family head is also called a super-column head.



Table 3.3 Each day's sales of chocolates on 999 ACVMs

Nestle Chocolate Flavours Group

Popular Flavours . 3 et
ACYM_ID | Family Costly Flavours Family
kitkat  |milk | Fruitand |0 et | oreo
Nuts
1 360 150 500 101 222
Row-group 1 for IDs 1 to 2 289 175 457 145 317
100 : : '
Row-group._m for IDs 901 [ 123 200|385 199|310
to 999 _
999 75 215 560 108 250
Field .
Value ACYRA_1D 1 2 9598 | 959 |Kitkat| 360 | 289 123 | 75 | Mik| 150 | 175
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Figure 3.6 Fields in columnar storage and addresses in memory.

Columns store databases use a concept called a keyspace. A keyspace is kind of like a schema in
the relational model. The keyspace contains all the column families (kind of like tables in the
relational model), which contain rows, which contain columns.
A breakdown of each element in the row:
Row Key. Each row has a unique key, which is a unique identifier for that row.
Column. Each column contains a name, a value, and timestamp.



https://database.guide/what-is-a-database-schema/
https://database.guide/what-is-a-table/

Name. This is the name of the name/value pair.

Value. This is the value of the name/value pair.

Timestamp. This provides the date and time that the data was inserted. This can be used to
determine the most recent version of data.

emallAddress gender age
Bob bob @ example com male 35

1465676582 1465676582 1465676582
emailAddress gender

Britney brit @ example com female
1465676432 1465676432
emallAddress country hairColor

Torl tori@exampie.com Sweden Blue
1435636158 1435636158 1465633654

Advantages of column stores are:

1.Scalability: The retrieval of data from the distributed node can be least complicated by an
intelligent plan of row IDs and columns, there by increasing performance. Scalability means
addition of number of rows as the number of ACVMs increase (i). Number of processing
instructions is proportional to the number of ACVMs due to scalable operations.

2. Partitionability: Large data of ACVMs can be partitioned into datasets of size, saylMB in the
number of row-groups. Values in columns of each row-group, process in-memory at a partition.
Values in columns of each row-group independently parallelly process in-memory at the
partitioned nodes.

3. Availability: The cost of replication is. The lack of Join operations enables storing a part of a
column- family matrix on remote computers. Thus, the data is always available in case of
failure of any node.

4. Tree-like columnar structure consisting of column-family groups, column families and
columns. The columns group into families. The column families group into column groups
(super columns). A key for the column fields consists of three secondary keys: column-families



group ID, column-family ID and column-head name.

5.  Adding new data at ease: Permits new column Insert operations. Trigger operation
creates new columns on an Insert. The column-field values can add after the last address in
memory if the column structure is known in advance. New row-head field, row-group 1D field,
column-family group, column family and column names can be created at any time to add new
data.

6. Querying all the field values in a column in a family, all columns in the family or a group of
column-families, is fast in in-memory column-family data store.

7. Replication of columns: HDFS-compatible column-family data stores replicate each data store
with default replication factor= 3.

8. No optimization for Join: Column-family data stores are similar to sparse matrix data. The
data do not optimize for Join operations.

Typical uses of column store are:
(i) web crawling,
(i) large sparsely populated tables and
(iii) system that has high variance.
Examples of widely used column-family data store are Google's BigTable, HBase and
Cassandra. Keys for row key, column key, timestamp and attribute uniquely identify the values
in the fields
BigTable features :
1. Massively scalable NoSQL. BigTable scales up to 100s of petabytes.
2. Integrates easily with Hadoop and Hadoop compatible systems.
3. Compatibility with MapReduce, HBase APis which are open-source Big
Data platforms.
4. Key for a field uses not only row_ID and Column_ID but also
timestamp and attributes. Values are ordered bytes. Therefore, multiple
versions of values may be present in the BigTable.
Handles million of operations per second.
Handle large workloads with low latency and high throughput
Consistent low latency and high throughput
APis include security and permissions

9. BigTable, being Google's cloud service, has global availability and its
service is seamless.

NGO



EXAMPLE 3.7 )

Consider Example 3.6. Consider column fields which have keys to access a
field not only by row ID and Column ID but also include the timestamp and

attributes in a row. Show the column-keys for accessing column fields of a
column,

SOLUTION

Table 3.4 gives keys for each day’s sales of KitKat chocolates at ACVMs, First
row-headings are the column-keys.

Table 3.4 Each day’s sales of KitKat chocolates at ACVMs

Column-keys —m KitKatSalesDate | Timestarnp | KitKatSalesNumber

B

Hive

Hive uses Record Columnar (RC) file-format records for querying. RC is the best choice for
intermediate tables for fast column-family store in HDFS with Hive. Serializability of RC table
column data is the advantage. RC file is DeSerializable into column data. A table such as that
shown in Example 3.6 can be partitioned into row groups. Values at each column of a row group
store as the RC record. The RC file records store data of a column in the row group

(Serializability means query or transaction executable by series of instructions such that
execution ensures correct results).

Explains the use of row groups in the RC file format for column of a row group:

Consider Example 3.6. Practically, row groups have millions of rows and in-
memory between 10 MB and 1 GB. Assume two row groups of just two rows
each. Consider the following values given in Table 3.3.

Row-group 1 for [Ds 1to2

| 360 150 500 101 222

——

2 289 175 457 145 317

998 123 201 385 199 310
999 75 215 560 108 250

Make a file in RC format.




SOLUTION

The values in each column are the records in file for each row group. Each
row-group data is like a column of records which stores in the RC file.

Row group | Row group_m

1.2; 098, 999; ACVM_ID
-
360), 289; 123, 75; KinKat
-~
Milk
-

Fruit and Nuts
-

Nouga[

222, 317; 310, 250; Oreo

RC file for row group_1 will consists of records 1, 2; 360, 289; ..., 222, 317;
on serialization of column records. RC file for row group_m will consists of

An ORC (Optimized Row Columnar) file consists of row-group data called stripes. ORC enables
concurrent reads of the same file using separate RecordReaders. Metadata store uses Protocol
Buffers for addition and removal of fields.

ORC is an intelligent Big Data file format for HDFS and Hive.2 An ORC file stores a
collections of rows as a row-group. Each row-group data store in columnar format. This
enables parallel processing of multiple row-groups in an HDFS cluster.

An ORC file consists of a stripe, size of the file is by default 256 MB. Stripe consists of indexing
(mapping) data in 8 columns, row-group columns data (contents) and stripe footer (metadata).
An ORC has two sets of columns data instead of one column data in RC. One column is for each
map or list size and other values which enable a query to decide skipping or reading of the
mapped columns. A mapped column has contents required by the query. The columnar layout
in each ORC file thus, optimizes for compression and enables skipping of data in columns. This
reduces read and decompression load.

Lightweight indexing is an ORC feature. Those blocks of rows which do not match a query
skip as they do not map on using indices data at metadata. Each index includes the aggregated
values of minimum, maximum, sum and count using aggregation functions on the content
columns. Therefore, contents-column key for accessing the contents from a column consists of
combination of row-group key, column mapping key, min, max, count (number) of column
fields of the contents column. Table 3.5 gives the keys used to access or skip a contents column
during querying. The keys are Stripe_ID, Index-column key, and contents-column name, min,
max and count.



Index Column | Index Column 2

Index column 1 key | Index column 2 key |
Contents- Contents Contents Counit (number)
Column pame Minimum  Maximum  of content-column
value value fields
Siripe_ID
Index column 1 key 2 Index column 2 key 2
Column- Minimum Maximum Count of number
name value value of column fields

In the Example 3.6. ORC Kkey to access during a query consist of not only column head
'KitKat' (Table 3.3) but also column minimum and maximum sales on an ACVM, count of
number of fields in values 'KitKat'. Analytics operations frequently need these values. Ready
availability of these values from the index data itself improves the throughput in Big Data HDFS
environment. These values do not need to compute again and again using aggregation
functions, such as min, max and count.

An ORC thus, optimizes for reading serially the column fields in HDFS environment. The
throughput increases due to skipping and reading of the required fields at contents-
column key. Reading less number of ORC file content-columns reduces the workload on
the NameNode.

Parquet is nested hierarchical columnar-storage concept. Nesting sequence is the table, row
group, column chunk and chunk page. Apache Parquet file is columnar-family store file. Apache
Spark SQL executes user defined functions (UDFs) which query the Parquet file columns. A
programmer writes the codes for an UDF and creates the processing function for big long
queries.

A Parquet file uses an HDFS block. The block stores the file for processing queries on Big
Data. The file compulsorily consists of metadata, though the file need not consist of data.

Tabular Data: Parquet File Formats

The Parquet file consists of row groups. A row-group columns data process in-
memory after data cache and buffer at the memory from the disk. Each row group has a number
of columns. A row group has Ncol columns, and row group consists of Ncol column chunks.
This means each column chunk consists of values saved in each column of each row group.

A column chunk can be divided into pages and thus, consists of one or more pages. The column
chunk consists of a number of interleaved pages, Npg- A page is a conceptualized unit which
can be compressed or encoded together at an instance. The unit is minimum portion of a chunk
which is read at an instance for in-memory analytics.

Parquet format file does not consist of extra column per nesting level, just one column per leaf in



the schema.
Column Chunk 1 key
Page | key  Page 2 key

R

Page m key

Row-group_[D
Column Chunk 2 key

Page lkey  Page 2 key

SRR

Page key m'

Object Data Store
An object store refers to a repository which stores the:

1. Obijects (such as files, images, documents, folders, and business
reports)

2. System metadata which provides information such as filename,

creation_date, last_modified, language_used (such as Java, C, C#, C++, Smalltalk,
Python), access permissions, supported query

languages)

3. Custom metadata which provides information, such as subject, category, sharing
permissions.

Metadata enables the gathering of metrics of objects, searches, find the contents and specifies
the objects in an object data-store tree. Metadata finds the relationships among the objects,
maps the object relations and trends. Object Store metadata interfaces with the Big Data. API
first mines the metadata to enable mining of the trends and analytics. The metadata defines
classes and properties of the objects. Each Object Store may consist of a database. Document
content can be stored in either the object store database storage area or in a file storage area. A
single file domain may contain multiple Object Stores.

Eleven Functions Supporting APis An Object data store consists of functions supporting APis
for:

(1) scalability,

(i) indexing,

(i) large collections,

(iv) querying language, processing and optimization(s),
(V) Transactions,

(vi) data replication for high availability, data distribution model, data integration (such as with
relational database, XML, custom code),

(vii) schema evolution,

(viii) persistency,



(ix) persistent object life cycle,

(x) adding modules and

(xi) locking and caching strategy.

Object Store may support versioning for collaboration. Object Store can be created using IBM
‘Content Platform Engine'. Creation needs installing and configuring the engine (Engine is
software which drives forward.). Console of the engine makes creation of process easy. Amazon
S3 and Microsoft Azure BLOB support the Object Store.

Amazon S3 (Simple Storage Service) S3 refers to Amazon web service on the cloud named S3.
The S3 provides the Object Store. The Object Store differs from the block and file-based cloud
storage. Objects along with their metadata store for each object store as the files. S3 assigns an
ID number for each stored object. The service has two storage classes: Standard and infrequent
access. Interfaces for S3 service are REST, SOAP and Bit Torrent. S3 uses include web
hosting, image hosting and storage for backup systems. S3 is scalable storage
infrastructure, same as used in Amazon e-commerce service. S3 may store trillions of
objects.

List the functions of Minio, Riak, VERSANT Object Database (VOD),
GEMSTONE, Amazon $3 and Microsoft Azure BLOB that support using Object
Store APIs.

SOLUTION

1. An open-source multi-clouds object storage server is Minio, which is API
compatible with Amazon S3 API and number of widely used public and
private clouds. Compatibility enables data export to $3 and usages of
APIs.

2. Riak CS (Cloud Storage) is object storage management software on top of
Riak. It models on open-source distributed-database which is Amazon-
compliant. This means database exports to S3 and use S3 APIs.

3. VOD consists of 11 functions supporting APIs listed above. VOD enables
use by multiple concurrent users. VOD supports cross-platform
operating systems (0Ss), such as Linux, Windows NT, AIX, HP-UX and
Solaris (both 32 and 64 bits for all platforms).

4. GEMSTONE Object DB APIs development language is SmallTalk. The
platform supports in-memory DBs, object-oriented processing and
distributed caches. GEMSTONE provides cross platform support, OSs
AlX, Linux, MacOS and Solaris.

The following example explains object relational mapping.
How does an HTML object and XML based web service relate with tabular data stores?




SOLUTION
Figure 3.7 shows the object relational mapping of HTML document and XML
web services store with a tabular data store.
HIML Into “"'u‘, 2’2‘“"
sie
Java Olv Dute Shore Table
HTML Java Objects
Table Data
.| Java Obznx Store to L]
to HTML vé Object
Java Objects T:::f::‘
to HiML Java Objects
XML Web
Service Java Objects
to Table
Duata Store
Using the Gbpect Relationat Mappings Using the Qoject Relations! Mappmgs
Figure 3.7 HTML document and XML web services

Graph Database

Data Store focuses on modeling interconnected structure of data. Data stores based on graph
theory relation G = (E, V), where E is set of edges el, e2, <+ and V is set of vertices, vl, v2,
e« vn- Nodes represent entities or objects. Edges encode relationships between nodes. Some
operations become simpler to perform using graph models. Examples of graph model usages are
social networks of connected people. The connections to related persons become easier to model
when using the graph model.

The following example explains the graph database application in describing entities
relationships and relationship types



EXAMPLE 3.11 =%

Let us assume a car company represents a node entity, which has two
connected nodes comprising two

model entities, namely Hexa and Zest. Draw graph with directed lines,
joining the car company with two entities. (i) How do four directed lines
relate to four weeks and two directed lines? One directed line corresponds
to a car model. Only directed line corresponds to weekly total sales. (ii) How
will the yearly sales compute? (iii) Show the path traversals for
computations exhibit BASE properties.

SOLUTION

(i) Figure 3.8 shows section of a graph database for the sales of two car
models.

Add Weely Sale |
ofall the months |

Year
Sales
Data

Figure 3.8 Section of the graph database for car-model sales



Figure 3.8 Section of the graph database for car-model sales

(ii) The yearly sales compute by path traversals from nodes for weekly
sales to yearly sales data.

(iv) The path traversals exhibit BASE properties because during the
intermediate paths, consistency is not maintained. Eventually when all
the path traversals complete, the data becomes consistent.

| &

Graph databases enable fast network searches. Graph uses linked datasets, such as social
media data. Data store uses graphs with nodes and edges connecting each other through
relations, associations and properties.

Querying for data uses graph traversal along the paths. Traversal may use
single-step, path expressions or full recursion. A relationship represents key. A node possesses
property including ID. An edge may have a label which may specify a role.

Characteristics of graph databases are:

1.Use specialized query languages, such as RDF uses SPARQL

2.Create a database system which models the data in a completely different way than the
key-values, document, columnar and object data store models.

3. Can have hyper-edges. A hyper-edge is a set of vertices of a hypergraph. A hypergraph
is a generalization of a graph in which an edge can join any number of vertices (not

only the neighbouring vertices).

4. Consists of a collection of small data size records, which have complex interactions
between graph-nodes and hypergraph nodes. Nodes represent the entities or objects. Nodes use
Joins. Node identification ~ can use URI or other tree-based structure. The edge encodes a
relationship between the nodes.
When a new relationship adds in RDBMS, then the schema changes The task of adding relations
in graph database is simpler. The nodes assign internal identifiers to the nodes and use these
identifiers to join the network. Traversing the joins or relationships is fast in graph databases. It
is due to the simpler form of graph nodes. The graph data may be kept in RAM only. The
relationship between nodes is consistent in a graph store.
Graph databases have poor scalability. They are difficult to scale out on multiple servers.
This is due to the close connectivity feature of each node in the graph. Data can be replicated on
multiple servers to enhance read and the query processing performance. Write operations to
multiple servers and graph queries that span multiple nodes, can be complex to implement.

Typical uses of graph databases are:

) link analysis,

(i) friend of friend queries,
(iii) Rules and inference,
(iv) rule induction and

(v) Pattern matching. Link analysis is needed to perform searches and look for



patterns and relationships in situations, such as social networking, telephone, or
email. Rules and inference are used to run queries on complex structures such as
class libraries, taxonomies and rule-based systems.
Examples of graph DBs are Neo4J, AllegroGraph, HyperGraph, Infinite Graph, Titan and
FlockDB.Neo4J graph database enable easy usages by Java developers. Neo4J can be designed
fully ACID rules compliant. Design consists of adding additional path traversal in between
the transactions such that data consistency is maintained and the transactions exhibit ACID
properties.

Spark provides asimple and expressive programming model that includes supports to a wide
range of applications, including graph computation.

Six data architectures are SQL-table key-value pairs, in-memory column-family, document,
graph and object. Selected architecture may need variations due to business requirements.
Business requirements are ease of using an architecture and long-term competitive
advantage. The following example explains the requirements for the database of students
of a University that offers multiple courses in their various academic programmes for several
years

EXAMPLE 3.12 &

List the selection requirements for the database of University students in
successive years. The University runs various Under Graduate and Post
Graduate programmes. Students are registered to Multiple courses in a
programme.

SOLUTION
Following are the selection requirements:

1. Scalability: Since the University archives the data for several years, data
store should be scalable.

2. Search ability: Search of required information needs to be fast.

3. Quarrying ability: All applications need to query the data. Query
retrieves the required data among the Big Data of several years.

4. Security: Database needs security and fault tolerance.



5. Affordability: Open source is a requirement.

6. Interoperability: Needs ease in search from different platforms. Search
from any computer operating system, such as Windows, Mac, Linux,
Android and iOS should be feasible.

7. Importability: Database needs to import data from other platforms, such
as import of slides, video lectures, tutorials, e-books, webinars should be
facilitated in store.

8. Transformability: Queries may be written in one language and may
require transformation to another language, such as HTML.

Analysis of the above requirements suggests the document architecture
attern will be more suitable.

S

Variations of NoSQLArchitecturalPatterns

Kelly-McCreary, co-founder of 'NoSQL Now' suggested that when selecting a NoSQL-pattern,
the pattern may need change and require variation to another pattern(s).

Some reasons for this are:

1. Focus changing from performance to scalability

2. Changing from modifiability to agility

3. Greater emphasis on Big Data, affording capacity, availability of support, ability for
searching and monitoring the actions

Steps for selecting a NoSQL data architectural pattern can be :
1. Select an architecture

2. Perform a use-case driven difficulty analysis for each of the six architectural
patterns. Difficulties may be low, medium or high in the following processes:
(i) ingestion,

(ii) validation of structure and its fields,

(iii) updating process using batch or record by record approach,  (iv) searching process
using full text or by changing the sorting order, and

(v) export the reports or application results in HTML, XML orJ  SON.

3. Estimate the total efforts for each architecture for all business  requirements. Process the
choice of architecture using trade-off. For  example, between the MongoDBdocument data
store and Cassandra column-family data store.

Using NoSQL to Manage Big Data

This describe how to use a NoSQL data store to manage Big Data.

NoSQL

(1) limits the support for Join queries, supports sparse matrix like columnar-family,



(i) characteristics of easy creation and high processing speed, scalability and storability of
much higher magnitude of data (terabytes and petabytes).

NoSQL sacrifices the support of ACID properties, and instead supports CAP and BASE

properties.

NoSQL data processing scales horizontally as well vertically.

Big Data solution needs scalable storage of terabytes and petabytes, dropping of support for

database Joins, and storing data differently on several distributed servers (data nodes) together

as a cluster. A solution, such as CouchDB, DynamoDB, MongoDB or Cassandra follow CAP

theorem(with compromising the consistency factor) to make transactions faster and easier to

scale.

A solution must also be partitioning tolerant.

Characteristics of Big Data NoSQL solution are:

1. High and easy scalability: NoSQL data stores are designed to expand horizontally.

Horizontal scaling means that scaling out by adding more machines  as data nodes

(servers) into the pool of resources (processing, memory, network connections). The design

scales out using multi-utility cloud services.

2. Support to replication: Multiple copies of data store across multiple nodes of a cluster.

This ensures high availability, partition, reliability and fault tolerance.

3. Distributable: Big Data solutions permit sharding and distributing of shards ~ on  multiple

clusters which enhances performance and throughput.

4. Usages of NoSQL servers which are less expensive. NoSQL data stores require less

management efforts. It supports many features like automatic  repair, easier data

distribution and simpler data models that makes database administrator (DBA) and tuning

requirements less stringent.

5. Usages of open-source tools: NoSQL data stores are cheap and open source. Database

implementation is easy and typically uses cheap servers to manage the exploding

data and transaction while RDBMS databases are expensive and use big servers and

storage systems. So, cost per gigabyte data store and processing of that data can be many
times less than the cost of RDBMS.

6. Support to schema-less data model: NoSQL data store is schema less, so data can be

inserted in a NoSQL data store without any predefined schema. So, the format or data model

can be changed any time, without  disruption of application. Managing the changes is a

difficult problem in  SQL.

7. Support to integrated caching: NoSQL data store support the caching in system

memory. That increases output performance. SQL database needs a separate
infrastructure for that.
8. No inflexibility unlike the SQL/RDBMS, NoSQL DBs are flexible (not rigid) and

have no structured way of storing and manipulating data. SQL stores in the form of tables
consisting of rows and columns. NoSQL data stores have flexibility in following ACID
rules.



Model Schema-less model Relational

Schema Dynamic schema Predefined

Types of data Key/value based, column-family based, document

architecture y ey ) y » Table based
based, graph based, object based

patterns

Scalable Horizontally scalable V_t’ﬂl(.‘l")‘

scalable
Use of SQI No Yes

Large dataset
not preferred

Dataset size

; Prefers large datasets
preference

Consistency Variable Strong

Vendor support Open source Strong

May not support, instead follows Brewer's CAP

s , Strictly follows
theorem or BASE properties

ACID properties

The columns of two tables relate by a relationship. A relational algebraic equation specifies the
relation. Keys share between two or more SQL tables in RDBMS. Shared nothing (SN) is a
cluster architecture. A node does not share data with any other node.

Big Data store consists of SN architecture. Big Data store, therefore, easily partitions into
shards. A partition processes the different queries on data of the different users at each node
independently. Thus, data processes run in parallel at the nodes. A node maintains a copy of
running-process data. A coordination protocol controls the processing at all SN nodes. An SN
architecture optimizes massive parallel data processing.

Data of different data stores partition among the number of nodes (assigning different
computers to deal with different users or queries). Processing may require every node to
maintain its own copy of the application's data, using a coordination protocol. Examples are
using the partitioning and processing are Hadoop, Flink and Spark.

The features of SN architecture are as follows:

1. Independence: Each node with no memory sharing; thus possesses computational
self-sufficiency

2. Self-Healing: A link failure causes creation of another link

3. Each node functioning as a shard: Each node stores a shard (a partition of large DBs)
4. No network contention.

Big Data requires distribution on multiple data nodes at clusters. Distributed software
components give advantage of parallel processing; thus providing horizontal scalability.
Distribution gives



) ability to handle large-sized data, and

(i) processing of many read and write operations simultaneously in an application. A
resource manager manages, allocates, and schedules the resources of each processor,
memory and network connection. Distribution increases the availability when a
network slows or link fails. Four models for distribution of the data store are given
below:
Four models for distribution of the data store are:
Single Server Model
Sharding Very Large Databases
Master-Slave Distribution Model
Peer-to-Peer Distribution Model
Choosing Master-Slave versus Peer-to-Peer
Simplest distribution option for NoSQL data store and access is Single Server Distribution
(SSD) of an application. A graph database processes the relationships between nodes at a
server. The SSD model suits well for graph DBs.
Aggregates of datasets may be key-value, column-family or BigTable data stores which require
sequential processing. These data stores also use the SSD model. An application executes the
data sequentially on a single server. Figure 3.9(a) shows the SSD model. Process and datasets
distribute to a single server which runs the application.
Figure 3.9(b) shows sharding of very large datasets into four divisions, each running the
application on four i,j, k and | different servers at the cluster. DBi, DBj, DBk and DB1 are four
shards.

Very Large Datasets

Application

required datasets 1
distributed per DBion

instance Serveri Servers

h 4 LLk T
{ Dbj on inacluster
Single Server Server
running the !
application DBk on
Server k

DBl on
Server/

{a) )

Figure 3.9 (a) Single server model (b) Shards distributed on four servers
in a cluster.

Choosing the Distribution Models: Master-Slave Distribution Model

A node serves as a master or primary node and the other nodes are slave nodes. Master directs
the slaves. Slave nodes data replicate on multiple slave servers in

Master Slave Distribution (MSD) model. When a process updates the master, it updates the



slaves also.

A process uses the slaves for read operations. Processing performance improves when process
runs large datasets distributed onto the slave nodes. Figure 3.10 shows an example of
MongoDB. MongoDB database server is mongod and the client is mongo.

For Configuration Cient
mongo (Client) mongo{Cient) mongod
mongod
mongaod mongod
mongod | ———— | mongod mongod | ——— | mongod
mongod

Figure 3.10 Master-slave distribution model. Mongo is a client and

mongod is the server

Choosing the Distribution Models: Master-Slave Distribution Model

Master-Slave Replication Processing performance decreases due to replication in MSD
distribution model. Resilience for read operations is high, which means if in case data is not
available from a slave node, then it becomes available from the replicated nodes. Master uses the
distinct write and read paths.

Complexity Cluster-based processing has greater complexity than the other architectures.
Consistency can also be affected in case of problem of significant time taken for updating.

Peer-to-Peer distribution (PPD) model and replication show the following characteristics:
(1) All replication nodes accept read request and send the responses. (2) All replicas
function equally. (3) Node failures do not cause loss of write capability, as other replicated node
responds.

Cassandra adopts the PPD model. The data distributes among all the nodes in a cluster.
Performance can further be enhanced by adding the nodes. Since nodes read and write both, a
replicated node also has updated data. Therefore, the biggest advantage in the model is
consistency. When a write is on different nodes, then write in consistency occurs.
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Figure 3.11 Shards replicating on the nodes, which does read and write

operations both

Master-slave replication provides greater scalability for read operations. Replication provides
resilience during the read. Master does not provide resilience for writes. Peer-to-peer
replication provides resilience for read and writes both.

Sharing Combining with Replication Master-slave and sharding creates multiple masters.
However, for each data a single master exists. Configuration assigns a master to a group of

datasets. Peer-to-peer and sharding use same strategy for the column-family data stores. The
shards replicate on the nodes, which does read and write operations both.

Ways for handling Big Data problems and |
achieving higher performance
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Figure 3.12 Four ways for handling big data problems

Ways of HandlingBig Data Problems
1. Evenly distribute the data on a cluster using the hash rings: Consistent
to a process where the datasets in a collection distribute using a hashing algorithm which

generates the pointer for a collection.

*
Separatiftly
the concerns.
in evaluation
of query

hashing refers

Using only the hash of Collection_ID, a Big Data



solution client node determines the data location in the cluster. Hash Ring refers to a map
of hashes with locations. The client, resource manager or scripts use the hash ring
for data searches and Big Data solutions. The ring enables the consistent assignment
and usages of the dataset to a specific processor.
2. Use replication to horizontally distribute the client read-requests: Replication means creating
backup copies of data in real time. Many Big Data clusters use replication to make the failure-
proof retrieval of data in a distributed environment. Using replication enables horizontal scaling
out of the client requests.

3. Moving queries to the data, not the data to the queries: Most NoSQL data stores use cloud
utility services (Large graph databases may use enterprise servers). Moving client node queries
to the data is efficient as well as a requirement in Big Data solutions.

4. Queries distribution to multiple nodes: Client queries for the DBs analyze at the analyzers,
which evenly distribute the queries to data nodes/ replica nodes. High performance
query processing requires usages of multiple nodes. The query execution takes
place separately from the query evaluation (The evaluation means interpreting the
query and generating a plan for its execution sequence).

MongoDB is an open source DBMS.

MongoDB programs create and manage databases.

MongoDB manages the collection and document data store.

MongoDB functions do querying and accessing the required information.

The functions include viewing, querying, changing, visualizing and running the transactions.
Changing includes updating, inserting, appending or deleting.

MongoDB is
) non-relational,
(i) NoSQL
(i) distributed,
(iv) open source,
(V) document based,
(vi) cross-platform,
(vii) Scalable,
(viii) flexible data model,
(ix) Indexed,

(x) multi-master and
(xi) fault tolerant.

Document data store in JSON-like documents. The data store uses the dynamic schemas.
The typical MongoDB applications are content management and delivery systems, mobile
applications, user data management, gaming, e-commerce, analytics, archiving and logging.

Features of MongoDB:

1. MongoDB data store is a physical container for collections. Each DB gets its own set of
files on the file system. A number of DBs can run on a single MongoDB server. DB s
default DB in MongoDB that stores within a data folder. The database server of
MongoDBis mongod and the client is mongo.

2. Collection stores a number of MongoDB documents. It is analogous to a table of



RDBMS. A collection exists within a single DB to achieve a single purpose. Collections
may store documents that do not have the  same fields. Thus, documents of the collection are
schema-less. Thus, it is possible to store documents of varying structures in a collection.

Practically, inan RDBMS, it is required to define a column and its data type, but does
not need them while working with the MongoDB.

3. Document model is well defined. Structure of document is clear, Document is the unit of

storing data in a MongoDB database. Documents are analogous  to the records of RDBMS

table. Insert, update and delete operations can be performed on a collection. Document use

JSON (javascript Object Notation) approach for storing data. JSON is a lightweight, self-
describing format used to interchange data between various applications. JSON data

basically has key-value pairs. Documents have dynamic  schema.

4. MongoDB is a document data store in which one collection holds different documents.

Data store in the form of JSON-style documents. Number of fields, content and size of the

document can differ from one document  to another.

5. Storing of data is flexible, and data store consists of JSON-like documents.

This implies that the fields can vary from document to document and data structure can

be changed over time; JSON has a standard structure, and scalable way of describing
hierarchical data.
6. Storing of documents on disk is in BSON serialization format. BSON isa binary
representation of JSON documents. The mongo JavaScript shell and MongoDB  language
drivers perform translation between BSON and language-specific document representation.
7. Querying, indexing, and real time aggregation allows accessing and analyzing

the data efficiently.

8. Deep query-ability-Supports dynamic queries on documents using a document-
based query language that's nearly as powerful as SQL.

9. No complex Joins.
10. Distributed DB makes availability high, and provides horizontal scalability.

11. Indexes on any field in a collection of documents: Users can create indexes on any field in a
document. Indices support queries and operations. By default, MongoDB creates an index on
the _id field of every collection.

12. Atomic operations on a single document can be performed even though support of
multi-document transactions is not present. The operations are alternate to ACID
transaction requirement of a relational DB.

13. Fast-in-place updates: The DB does not have to allocate new memory location and
write a full new copy of the object in case of data updates. This results into  high
performance for frequent update use cases. For example, incrementing a counter operation
does not fetch the document from the server. Here, the increment operation can simply be set.

14. No configurable cache: MongoDB uses all free memory on the system automatically

by way of memory-mapped files (The operating systems use the similar approach with their
file system caches). The most recently used data is kept in RAM. If indexes are created
for queries and the  working dataset fits in RAM, MongoDB serves all queries from memory.



15. Conversion/mapping of application objects to data store objects not needed

Dynamic Schema

Dynamic schema implies that documents in the same collection do not need to
have the same set of fields or structure. Also, the similar fields in a document may contain
different types of data. Table 3.8 gives the comparison with RDBMS.

Any relational DB has a typical schema design that shows the number of tables and the
relationship between these tables. While in MongoDB, there is no concept of relationship.

Table 3.8 Comparison of RDBMS and MongoDB databases

Database Data store
Table Collection
Column Key

Value Value

Records / Rows / Tuple | Document / Object

Joins Embedded Documents

Index Index

Primary key Primary key (_id) is default key provided by MongoDB itself
Replication ensures high availability in Big Data. Presence of multiple copies increases  on

different database servers. This makes DBs fault-tolerant  against any database server failure.
Multiple copies of data certainly help in localizing the data and ensure availability of data in
a distributed system environment.

MongoDB replicates with the help of a replica set.

A replica set in MongoDBis a group of mongod (MongoDb server) processes that store the
same dataset.

Replica sets provide redundancy but high availability.

A replica set usually has minimum three nodes.

Any one out of them is called primary.

The primary node receives all the write operations.

All the other nodes are termed as secondary.

The data replicates from primary to secondary nodes.

A new primary node can be chosen among the secondary nodes at the time of automatic
failover or maintenance.
The failed node when recovered can join the replica set as secondary node again.



Replica set starts a mongodb instance by specifying-replSet option before running these
commands from mongo (MongoDb Client). Table 3.9 gives the commands used for replication
(Recoverability means even on occurrences of failures; the transactions  ensure consistency).

rs.initiate () | To initiate a new replica set

rs.conf () To check the replica set configuration

rs.status () | To check the status of a replica set

rs.add () To add members to a replica set

Auto-sharding Sharding is a method for distributing data across multiple machines in a
distributed application environment. MongoDBuses sharding to provide services to Big Data
applications.

Vertical scaling by increasing the resources of a single machine is quite expensive. Thus,
horizontal scaling of the data can be achieved using sharding mechanism where more
database servers can be added to support data growth and the demands of more read and write
operations.

Sharding automatically balances the data and load across various servers. Sharding provides
additional write capability by distributing the write load over a number of mongod
(MongoDBServer) instances.

(Figure 3.10) Basically, it splits the dataset and distributes them across multiple DBs, called
shards on the different servers. Each shard is an independent DB. The whole collection of shards
forms a single logical DB. If a DB has a 1 terabyte dataset distributed amongst 20 shards, then
each shard contains only 50 Giga Byte of data.

A shard stores lesser data than the actual data and handles lesser number of operations in a
single instance.

For example, to insert data into a collection, the application needs to access only the shard that
contains the specified collection. A cluster can thus easily increase its capacity horizontally.



Lype Description

Double Represents a float value.

String UTF-8 format string.

Object Represents an embedded document.
Array Sets or lists of values.

Binary

dntis String of arbitrary bytes to store images, binaries.

Objectlds (MongoDB document identifier, equivalent to a primary key) are:
Object id small, likely unique, fast to generate, and ordered. The value consists of 12-

bytes, where the first four bytes are for timestamp that reflects the instance
when Objectld creates.

Boolean Represents logical true or false value.

Date BSON Date is a 64-bit integer that represents the number of milliseconds
since the Unix epoch (Jan 1, 1970).

Null Represents a null value. A value which is missing or unknown is Null.
Regular RegE aps directly t avaScript RegE

Expression egExp maps directly to a JavaScript RegExp

32-bit < . £

integer Numbers without decimal points save and return as 32-bit integers.

A special timestamp type for internal MongoDB use and is not associated

. with the regular date type. Timestamp values are a 64-bit value, where first
Timestamp | 37 bits are time, t (seconds since the Unix epoch), and next 32 bits are an
incrementing ordinal for operations within a given second.

64-bit . : : e

; Number without a decimal point save and return as 64-bit integer.

integer

Min key MinKey‘ compare les's tha{l all f)ther ;?ossible BSON element values,
respectively, and exist primarily for internal use.

Max key MaxKey compares greater than all other possible BSON element values,
respectively, and exist primarily for internal use.

Rich Queries and Other DB Functionalities MongoDB offers a rich set of features and
functionality compared to those offered in simple key-value stores. They can be comparable
to those offered by any RDBMS. MongoDB has a complete query language, highly-
functional secondary indexes (including text search and geospatial), and a powerful
aggregation framework for data analysis. MongoDBprovides functionalities and features for
more diverse data types than a relational DB, and at scale.

Table 3.11 gives a comparison of features.

The ability to derive a document-based data model is also a distinct advantage of MongoDB.



The method of storing data inthe form of BSON (Binary JSON) helps to store the data ina
very rich way while can hold arrays and other documents.

Table 3.11 Comparison of features MongoDB with respect to RDBMS

Rich Data Model No Yes
Dynamic Schema No Yes
Typed Data Yes Yes
Data Locality No Yes
Field Updates Yes Yes
Complex Transactions Yes No
Auditing Yes Yes
Horizontal Scaling No Yes

Table 3.12 MongoDB querying commands
Following explains the sample usages of the commands:
To Create database Command use - use command creates a database; For

example, Command use lego creates a database named lego. (A sample
database is created to demonstrate subsequent queries. The Lego is an
international toy brand). Default database in MongoDB is test.

To see the existence of database Command db - db command shows that lego
database is created.

To get list of all the databases Command show dbs - This command shows the names of all
the databases.

To drop database Command db. dropDatabase () - This command drops a database. Run
use lego command before the db. dropDatabase () command to drop lego Database. If no
database is selected, the default database test will be dropped.

To create a collection Command insert () -To create a collection, the easiest way is to insert
arecord (adocument consisting of keys (Field names) and Values) into a collection. A new
collection will be created, if the collection does not exist. The following statements
demonstrate the creation of a collection with three fields (ProductCategory, Productld and
ProductName) in the lego



db.lego.insert
{

“ProductCategory”™ : *Airplane”,
"ProductlId”: 10725,

"ProductName" :

)

“Loat Temple®

To add array in a collection Command insert() - Insert command can also be used to insert

multiple documents into a collection at one time.
db.lege.insert
(

[
{
“ProductCategory”: “Airplane”,
"ProductId”: 10725,
"ProductName” : "“Lost Temple”
b

“ProductCategory” :

*Airplane”,

“ProductId”: 31047,
"“ProductName”: "“Propeller Plane”

*Airplane”,

“ProductName”: “Twin Spin Helicopter”

ke
{
*ProductCategory” :
"ProductId”: 310489,
}



To view all documents in a collection Command db.<database
name>. find () - Find command is equivalent to select query of RDBMS. Thus,
“Select * from lego” can be written as db.lego.find () in MongoDB.
MongoDB created unique objecteld (“_id”) on its own. This is the primary key of
the collection. Command db.<database name>.find() .pretty() gives a
prettier look.

To update a document Command db.<database name>.update ()- Update
command is used to change the field value. By default, multi attribute is false. If
{multi: true} is not written then it will update only the first document.

To delete a document Command db.<database name>.remove ()- Remove
command is used to delete the document. The query db.<database
name>.remove ( (“ProdctID”:10725)) removes the document whose
productld is 10725.

Cassandra

was developed by Facebook and released by Apache. Cassandra was named after Trojan
mythological prophet Cassandra, who had classical allusions to a curse on oracle. Later on,
IBM also released the enhancement of Cassandra, as open source version. The open
source version includes an IBM Data Engine which processes No SQL data store. The
engine has improved throughput when workload of read-operations is intensive.

Cassandra is basically a column family database that stores and handles massive data of
any format including structured, semi-structured and unstructured data.

Apache Cassandra DBMS contains a set of programs. They create and manage databases.
Cassandra provides functions (commands) for querying the data and accessing the required
information. Functions do the viewing, querying and changing (update, insert or append
or delete), visualizing and perform transactions on the DB.

Apache Cassandra has the distributed design of Dynamo. Cassandra is written in Java. Big
organizations, such as Facebook, IBM, Twitter, Cisco, Rackspace, eBay, Twitter and Netflix
have adopted Cassandra.

Characteristics of Cassandra are

) open source,

(i) scalable

(i) Non-relational

(iv) NoSQL

(V) Distributed

(vi) column based,
(vii) decentralized,
(viii) fault tolerant and

(ix) tunable consistency.

Features of Cassandra are as follows:



1. Maximizes the number of writes - writes are not very costly (time consuming)
2. Maximizes data duplication

3. Does not support Joins, group by, OR clause and aggregations

4. Uses Classes consisting of ordered keys and semi-structured data storage

systems
5. Is fast and easily scalable with write operations spread across the cluster. The  cluster
does not have a master-node, so any read and write can be handled by any node in the
cluster.
6. Is a distributed DBMS designed for handling a high volume of structured data  across

multiple cloud servers
7. Has peer-to-peer distribution in the system across its nodes, and the data is  distributed
among all the nodes in a cluster

Data Replication Cassandra stores data on multiple nodes (data replication) and thus has
no single point of failure, and ensures availability, a requirement in CAP theorem. Data
replication uses a replication strategy. Replication factor determines the total number
of replicas placed on different nodes. Cassandra returns the most recent value of  the
data to the client. If it has detected that some of the nodes responded  with a stale
value, Cassandra performs a read repair in the background to update the stale values.
CASSANDRA DATABASES
Components at Cassandra Table 3.13 gives the components at Cassandra and their description.
Table 3.13 Components of cassandra

Node Place where data stores for processing

Data Center | Collection of many related nodes

Cluster Collection of many data centers

Commit log | Used for crash recovery; each write operation written to commit log

Mem-table | Memory resident data structure, after data written in commit log, data
write in mem-table temporarily

SSTable When mem-table reaches a certain threshold, data flush into an SSTable
disk file

Fast and memory-efficient, probabilistic-data structure to find whether an

Bloom filter : :
element is present in a set, Bloom filters are accessed after every query.

Scalability Cassandra provides linear scalability which increases the throughput and
decreases the response time on increase in the number of nodes at cluster.



Transaction Support Supports ACID properties (Atomicity, Consistency, Isolation, and
Durability).

Replication Option Specifies any of the two replica placement strategy names. The strategy
names are Simple Strategy or Network Topology Strategy

The replica placement strategies are:
1. Simple Strategy: Specifies simply a replication factor for the cluster.
2. Network Topology Strategy: Allows setting the replication factor for each  data center

independently.
Table 3.14 Data types built into Cassandra, their usage and description

ascii US-ASCII character string
bigint 64-bit signed long integer
blob Arbitrary bytes (no validation), BLOB expressed in hexadecimal

boolean  |True or false

counter  IDjstributed counter value (64-bit long)

decimal  |variable-precision decimal integer, float

double 64-bit [EEE-754 double precession floating point integer, float

float 32-bit IEEE-754 single precession floating point integer, float

IP address string in IPv4 or IPv6 format, used by the python-cql driver and

inet : 3
CQL native protocols

int 32-bit signed integer

list A collection of one or more ordered elements

map A JSON-style array of literals: {literal: literal, literal: literal ...}
set A collection of one or more elements

text UTF-8 encoded string

timestamp |Date plus time, encoded as 8 bytes since epoch integers, strings

varchar  |UTF-8 encoded string

varint Arbitrary-precision integer

Cassadra Data Model Cassandra Data model is based on Google's BigTable.

Each value maps with two strings (row key, column key) and timestamp, similar to Hbase.
The database can be considered as a sparse distributed multi-dimensional sorted map.
Google file system splits the table into multiple tablets (segments of the table) along a row.



Each tablet, called MET Al tablet, maximum size is 200 MB, above which a compression

algorithm used.

MET AO is the master-server.

Querying by MET AO server retrieves a MET Al tablet.

During execution of the application, caching of locations of tablets reduces the number of

queries.

Cassandra Data Model consists of four main components:

0] Cluster: Made up of multiple nodes and keyspaces,

(i) Keyspace: a namespace to group multiple column families, especially one per
partition,

(iii) Column: consists of a column name, value and timestamp and

(iv) Column-family: multiple columns with row key reference.

Cassandra does key space management using partitioning of keys into ranges and assigning
different key-ranges to specific nodes.

Following Commands prints a description (typically a series of DDL statements) of
a schema element or the cluster:

Consistency Command CONSISTENCY shows the current consistency level.
CONSISTENCY<LEVEL> sets a new consistency level.

Valid consistency levels are ANY, ONE, TWO, THREE, QUORUM, LOCAL_ONE,
LOCAL_QUORUM,EACH_QUORUM, SERIAL AND LOCAL_SERIAL.



DESCRIBE CLUSTER

DESCRIBE SCHEMA

DESCRIBE KEYSPACES

DESCRIBE KEYSPACE <keyspace name>
DESCRIBE TABLES

DESCRIBE TABLE <table name>

DESCRIBE INDEX <index name>

DESCRIBE MATERIALIZED VIEW <view name>
DESCRIBE TYPES

DESCRIBE TYPE <type name>

DESCRIBE FUNCTIONS

DESCRIBE FUNCTION <function name>
DESCRIBE AGGREGATES

DESCRIBE AGGREGATE <aggregate function name>

Following are their meanings

1. ALL: Highly consistent. A write must be written to commitlog and memtable
on all replica nodes in the cluster.

2. EACH_QUORUM: A write must be written to commitlog and memtable on quorum of
replica nodes in all data centers.

3. LOCAL_QUORUM: A write must be written to commitlog and memtable on quorum
of replica nodes in the same center.

4. ONE: A write must be written to commit log and memtable of at least one replica
node.

5. TWO, THREE: Same as One but at least two and three replica  nodes, respectively.
6. LOCAL_ONE: A write must be written for at least one replica node in the local data
center.

7. ANY: A write must be written to at least one node.
8. SERIAL.: Linearizable consistency to prevent unconditional update.

9. LOCAL_SERIAL.: Same as Serial but restricted to the local data center.



Keyspaces A keyspace (or key space) in a NoSQL data store is an object that contains all
column families of a design as a bundle. Keyspace is the outermost grouping of the data in the
data store. It is similar to relational database. Generally, there is one keyspace per application.
Keyspace in Cassandra is a namespace that defines data replication on nodes. A cluster
contains one keyspace per node.

Create Keyspace Command CREATE KEYSPACE <Keyspace Name> WITH

replication = {‘class’: ‘<Strategy name>', ‘replication_factor’: ‘<No. of
replicas>"}AND durable writes =‘<TRUE/FALSE>’;
CREATE KEYSPACE statement has attributes replication with option class

and replication factor, and durable_write.

Default value of durable writes properties of a table is set to true. That commands the
Cassandra to use Commit Log for updates on the current Keyspace true or false. The option
is not compulsory.

1. ALTER KEYSPACE command changes (alter) properties, such as the number
of replicas and the durable_writes of a keyspace: ALTER KEYSPACE
<Keyspace Name> WITH replication = {'class ‘<Strategy name>’,
‘replication_factor’: ‘<No. of replicas>"};

2. DESCRIBE KEYSPACE command displays the existing keyspaces.
3. DROP KEYSPACE command drops a keyspace:

4, Re-executing the drop command to drop the same keyspace will result in
configuration exception.

5. Use KEYSPACE command connects the client session with a keyspace.



Table 3.15 CQL commands and their functionalities

Command Functionality

CQLSH A command line shell for interacting with Cassandra through
cQL

HELP Runs help. This displays the list of all the commands

CONSISTENCY Shows the current consistency level

EXIT Terminate the CQL shell

SHOW HOST Displays the host

SHOW VERSION Displays the details of current cglsh session such as host,
Cassandra version, or data type assumptions

CREATE KEYSPACE

<Keyspace Name>

Creates keyspace with a name

DESCRIBE KEYSPACE | _,
akeyspace Namer Displays the keyspace with a name
ALTER KEYSPACE

<Keyspace Name>

Modifies keyspace with a name

DROP KEYSPACE
Deletes keyspace with a name
<Keyspace Name>
CREATE  (TABLE |
COLUMNFAMILY) Creates a table or column family

COLLECTIONS

Lists the Collections




(1) Create Table Command: CREATE TABLE command creates a table in the
current keyspace:

CREATE (TABLE | COLUMNFAMILY) <tablename>
(‘<column-definition>"?, ‘<column-definition>’)
(WITH <option> AND <option>);

Primary key is a column used to uniquely identify a row. Therefore,
defining a primary key is compulsory while creating a table. A primary
key is made of one or more columns of a table.

Example: Create a table Productinfo in the keyspace lego, with primary key
field ProductId.

Use lego;

Create table ProductlInfo(ProductId int primary
key, ProductType text):;

(2) Describe Tables Command: DESCRIBE TABLE Command displays all the
tables in the current keyspace:

DESCRIBE TABLE <TABLE NAME>;
Example: Display the details of a table Productinfo:
DESCRIBE TABLE ProductInfo;

(3) Alter Tables Command:

ALTER TABLE Command ALTER (TABLE | COLUMNFAMILY)
<tablename> (ADD | DROP) <column name>

The above command adds a column in the table or to delete a column of
the table:

Example: Add a column dateOfManufacturing in the table Productinfo:

ALTER TABLE ProductInfo add dateOfManufacturing

timestamp;

* timestamp is a datatype used for date fields.



(4) Cassandra CURD Operations: (CURD—Create, Update, Read and Delete
data into tables) :

(a) Insert Command:

INSERT command creates data in a table:

INSERT INTO <tablename> (<columnl name>, <column?2
name>....) VALUES (<valuel>, <valueZ2>....) USING
<option>

(b) Update Command:

UPDATE command updates data in a table. The following keywords
are used while updating data in a table:

Where - This clause is used to select the row to be updated.
Set - Set the value using this keyword.

Must - Includes all the columns composing the primary key.
If a given row is unavailable, then UPDATE creates a new row.

UPDATE <tablename> SET <column name> = <new value>
<column name> = <value>.... WHERE <condition>

[A WHERE clause can be used only on the columns that are a part of
primary key or have a secondary index on them.]

(c) Select Command

SELECT command reads the data from a table. The command can
read a whole table, a single column, or a particular cell:

SELECT <column name (s)> FROM <Table Name>
To select all records:

SELECT * FROM <Table Name>

To select records that fulfils required condition:

SELECT <columnl, columnZ, ..> FROM <Table Name>
where <Condition>



from ProductInfo where ProductId = 31047;

(d) Delete Command
DELETE command deletes data from a table:
DELETE FROM <identifier> WHERE <condition>;
Example: Delete row from a table where Product id is 31047:
DELETE FROM ProductInfo WHERE ProductId = 31047;
(5) Creating a Table with List
CREATE Table command is used for creating a table with a list.

The following query creates a table with two columns, one is the
primary key and the other has multiple items (List):

CREATE TABLE data (<column name>, <data type>
PRIMARY KEY, <column name list<data type>);

Example : Create a sample table Contactinfo with three columns: Sno, name
and Emailld. To store multiple Email Ids, use a list:

create table ContactInfo (Sno int Primary key,

Name text, emailld list <text>);



(6) Insert Command for inserting data into a list

INSERT Command also inserts data into a list. To insert data into the
elements in a list, enter all the values separated by a comma within
square braces []:

INSERT INTO <table name> (columnl, columnz2,)
VALUES (valuel, value2, [list wvaluel, list wvalue2,
)

Example: Insert data of three persons into the ContactInfo Table:

Insert into ContactInfo (Sno, Name, EmailId)
values

(1, ‘Rahul’, [ ‘rahul@gmail.com’,
‘rahul@yahoo.com’]) ;

Insert into ContactInfo (Sno, Name, EmailId)
values {1, ‘Geetika’, [ ‘geetikalgmail.com’,
‘geetikal@yahoco.com’]);

Insert into ContactlInfo (Sno, Name, EmaillId)
values (1, ‘Deepika’, [ ‘deepikalgmail.com’,
‘deepikal@yahoo.com’]);

(7) Update Command for updating Data into a List
UPDATE command also updates data into a list:

UPDATE <table Name> SET <New data> where

<condition>.

Example : Add one more email 1d to the emailld list in ContactInfo table :
UPDATE ContactInfo SET emailld = emailld +
[ ‘preeti@ymail.com’] where SNo=1l.

Cassandra Client A relational database client connects to DB server using drivers. Java JDBC
driver API enables storing and retrieving data. Cassandra has peer-to-peer distribution
architecture. Several instances require the clients. The driver enables the use of different
languages for connecting to DBs. Cassandra does not include the drivers.



A client-generation layer enables the database interactions. AVRO project provides the
client generation layer. Third party sources provide Cassandra clients in Java, Ruby, C#,
Python, Perl, PHP, C++, Scala and other languages. The Cassandra client can be included in the
applications.

Cassandra Hadoop Support Cassandra 2.1 has Hadoop 2 support. The setup and configuration
overlays a Hadoop cluster on the Cassandra nodes. A server is configured for the NameNode
andJobTracker. Each Cassandra node then installs the TaskTracker and Data Node.

The nodes in the Cassandra cluster can read data from the data in the Data Node in HDFS as
well as from Cassandra. A client application sends the MapReduce input to Job
Tracker/Resource Manager. RM/JobTracker sends a MapReduce request of job to the Task
Trackers/Node Managers and clients such as MapReduce and Pig. The Reducer output writes
to Cassandra. The client gets the results from Cassandra.
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MODULE 4

MapReduce, Hiveand Pig

Syllabus to Discuss

MapReduce,HiveandPig:Introduction,MapReduceMapTasks,ReduceTasksandMapReduce
Execution,ComposingMapReduceforCalculationsandAlgorithms,Hive,HiveQL,Pig.

INTRODUCTION

Thedataprocessinglayer

istheapplicationsupportlayer,

whiletheapplicationlayeristhedataconsumptionlayerinBig-
Dataarchitecturedesign,whenusing

HDFS,theBigDataprocessinglayerincludesthe API’sofProgramssuchasMapReduceandS
park.

v

v

TheapplicationsupportlayerincludesHBasewhichcreatescolumn-
familydatastoreusingother formatssuchas key-valuepairs or JSON file.

HBasestoresandprocessesthecolumnardataaftertranslatingintoMapReducetaskstoru
ninHDFS.

ThesupportlayeralsoincludesHivewhichcreatesSQL-

liketables.HivestoresandprocessestabledataaftertranslatingitintoMapReducetas
kstoruninHDFS.

HivecreatesSQL-

liketablesinHiveshell.HiveusesHiveQL processesqueries,adhoc(unstructured)qu
eries,aggregationfunctionsandsummarizingfunctions,suchasfunctionstocomput
emaximum,minimum,averageofselectedorgroupeddatasets.HiveQL isarestricte
dformofSQL.

ThesupportlayeralsoincludesPig.Pigisadata-
flowlanguageandanexecutionframework.
PigenablestheusageofrelationalalgebrainHDFS.MapReduceistheprocessingframew

Module-4MapReduce, Hiveand PIG
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orkand YARN is theresourcemanagingframework.
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Figure4.1showsBigDataarchitecturedesignlayers:(i)datastorage,
(ii)dataprocessinganddataconsumption,(iii)supportlayerAPisforMapReduce,HiveandPigr
unningontopoftheHDFSDataStore,and(v)applicationtasks.Pigisadataflowlanguage,which
means that itdefines adatastream and aseriesof transformations.

Thesmallestunitofdatathatcanbestoredorretrievedfromthediskisablock.HDFSdeals
with the data stored in blocks.

TheHadoopapplicationisresponsiblefordistributingthedatablocksacrossmultiple nodes.
Thetasks,therefore,firstconvert into mapandreduce tasks.

Thisrequirementarisesbecausethemappingofstoredvaluesisveryimportant. Thenumber
ofmaptasksinanapplicationishandledbythenumberofblocksofinputfiles.

Reducetaskusesthosevaluesforfurtherprocessingsuchascounting,sortingoraggregating.

Applicationsub-
taskassignedforprocessingneedsonlytheoutputsofreducetasks.Forexample, aqueryneeds
therequiredresponseforadata store.

Consumpticn data visualisation, R descriptive statistics, machine learning,

Layer 5 - Dota Application Layer - For applications, such as ETL, analytics, 8P, B,
Layer data mining using tools

1

Application Support Layer — MapReduce APls, Hive [Queries data
aggregation and summarizing) + HiveQl [SQl-tke scripting language
for query processingl, Pig (data-flow anguage and execution
framework, siso for implementation of functions, such as relational

b | algebira functions, user-defined functions. ) Conversion
Recuce of anl mg
tasks operations
oviput Into map and
MapReduce b scheduling and task execution using Mapper and reduce
Reducer, and a YARN-based system for paralisl processing and tasks
Layer & managing resources for computing 1o subtasks running in paraliel at
Data the Hadoop for 3 user application,
Processing HBase Colurmnar Dis: MongoDBs document Data Stores and
Layer processing using Guery language, Cassandra Diis Colurmn-family
Data Stores and processing using CQl.
Layer 3 - Data HOFS (Hadcop Flle System) for Big Data [Each dats block
storage Layer sizes 64 MB|

Figure 4.1 Big Data architecture design layers
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MapReduceprogrammingmodelreferstoaprogrammingparadigm
forprocessingBigDatasetswithaparallelanddistributedenvironmentusingmapandredu
cetasks.

YARNTreferstoprovisioningofrunningandschedulingparallelprogramsformapandreduceta
sksandallocatingparallelprocessingresourcesforcomputingsub-tasks runningin
parallelattheHadoop for auserapplication.

TheY ARNresourcesmanagementenableslarge-
scaledataanalyticsusingmultiplemachines(data nodes) in theHDFScluster.

Scriptreferstoasmallprogram(codesuptofewthousandlinesofcode)inalanguageusedfo
rpurposessuchasqueryprocessing,textprocessing,orreferstoasmallcodewritteninadyn
amichigh-levelgeneral-purposelanguage,suchasPythonorPERL.

SQL-
likescriptinglanguagemeansalanguageforwritingscriptthatprocessesqueriessimilartoSQL
.SQLIetsus:(i)writestructuredqueriesforprocessinginDBMS, (ii)createandmodifyschema,a
ndcontrolthe dataaccess, (iii) Createclientforsendingquery
scripts,andcreateandmanageserverdatabases,and
(iv)view,queryandchange(update,insertorappend ordelete)databases.

AtheoremknownasCAP(Consistency,Availabilityand£,artitions)statesthatoutofthreepro
perties,atleasttwomustbepresentfortheapplication/service/process.

NoSQLreliesuponanothermodelknownastheBASEmodel. Thismodelhasthreeprinciples:
Basicavailability(theavailabilityofdataeveninthepresenceofmultiplefailures),Softstate(da
taconsistencyisthedeveloper'sproblemandshouldnotbehandledbythedatabase).

Eventualconsistency(whennonewchangesoccuronexistingdata,eventuallyallaccessestot
hatdatawillreturn thelastupdatedvalue).
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Data-architecturepatternsrefertoformatsusedinNoSQLDBs. TheexamplesareKey-
ValueDataStores,ObjectDataStores,ColumnfamilyBigDataStores, TabularData
StoresandDocumentStores.

Key-ValueDataStorereferstoasimplestwaytoimplementaschema-lessdatabase. A
stringcalledkeymapsto values in a large data stringorBLOB(basiclarge object)..

ObjectDataStorereferstoarepositorywhichstoresthe(i)objects(suchasfiles,images,docum

ents,foldersandbusinessreports),(ii)systemmetadatawhichprovidesinformationsuchasfile
name,creation_date,last_modified,language_used,access_permissions,supportedQueryla
nguages,and(iii)Custom metadatawhichprovidesinformation
suchassubject,categoryandsharingpermission.

TabularDataStorereferstotable,column-family orBigTablelikeDataStore.

ColumnfamilyBigDatastorereferstostorageinlogicalgroupsofcolumnfamilies. Thestorag
emaybesimilartocolumnsofsparsematrix. Theyuseapairofrowandcolumnkeystoaccessthe
columnfields.

BigTableDataStoreisapopularcolumn-familybasedDataStore.

Rowkey,column
keyandtimestampuniquelyidentifyavalue.GoogleBigTable,HBaseandCassandraDBs
usetheBigTable DataStoremodel.

DocumentStoremeansaNoSQLDBwhichstoreshierarchicalinformationinasingleunitcalle
ddocument.Documentstoresdatainnestedhierarchies,forexampleinXMLdocumentobject
model,JSONformatsdatamodelormachine-readabledataasoneBLOB.

Tuplemeansanorderedlistofelements.Ann-
tuplerelatestosettheory,acollection(sequence)of'n"elements. Tuplesimplementtherecords.

Collectionmeansawell-definedcollectionofdistinctobjectsinaset,theobjectsofasetare
theelements.Acollection may beanalogousto atableofRDBMS. Acollectionin a
databasealsoreferstostorage of a numberofdocuments.
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Aggregatereferstocollectionofdatasetsinthe
keyvalue,columnfamilyorBigTabledatastoreswhichusuallyrequiresequentialprocessing.

Aggregationfunctionreferstoafunctiontofindcounts,sum,maximum,minimum,other
statisticalormathematicalfunctionusingacollectionofdatasets,suchascolumnorcolumn-
family.

Sequencereferstoanenumeratedcollectionofobjects, (therepetitionscanbethere)whichcont
ainmemberssimilartoaset.Sequencelengthequalsthenumberofelements(canalsobeinfinite
).Sequenceshouldreflectanorderwhichmatters,unlikeaset.

Documentreferstoacontainerforthenumberofcollections. Thecontainercanbeaunitofstorin
gdatainadatabase,suchasMongoDB.

Naturaljoiniswheretwotablesjoinbasedonallcommoncolumns.Boththetablesmusthave
thesamecolumnname and thedatatype.

MAPREDUCEMAPTASKS,REDUCETASKSANDMAPREDUCEEXECUTION

BigDataProcessingemploystheMapReduceProgramming
Model.AjobmeansaMapReduceProgram.Eachjobconsistsofseveralsmallerunit,calledMapR
educeTasks.

A software executionframework in MapReduce programmingdefines theparalleltasks.

TheHadoopMapReduceimplementationusesJavaframework.
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Map 1

Input Data » Map2 { Reduce }-—- Output Data

7
4

Map 3

Figure 4.2 MapReduce Programming Model

Themodel defines two important tasks, namelyMapandReduce.

Maptakesinputdatasetaspiecesofdataandmapsthemonvariousnodesforparallelprocessin
g.

Thereducetask,whichtakestheoutputfromthemapsasaninputandcombinesthosedatapiec
esintoasmallersetofdata. Areducetaskalwaysrunafterthemaptask(s).

Manyreal-worldsituationsareexpressibleusingthismodel.

Innerjoinisthedefaultnaturaljoin.ltreferstotwotablesthatjoinbasedoncommoncolu
mnsmentionedusingtheONCclause.InnerJoinreturnsallrowsfrombothtablesifthecolum
nsmatch.

Nodereferstoaplaceforstoringdata,datablockorreadorwritecomputations.
DatacenterinaDBreferstoacollectionofrelatednodes.Manynodesformadatacenterorrack.
Clusterreferstoacollectionofmanynodes.
Keyspacemeansanamespacetogroupmultiplecolumnfamilies,especiallyoneperpartition.

Indexingtoafieldmeansprovidingreferencetoafieldinadocumentofcollectionsthatsupport
thequeriesandoperationsusingthatindex. ADBcreatesanindexonthe _idfieldofeverycollect
ion.
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TheinputdataisintheformofanHDFSfile. TheoutputofthetaskalsogetsstoredintheHDFS.

Thecomputenodesandthestoragenodesarethesameatacluster,thatis,theMapReducepr
ogramandtheHDFSare runningonthesamesetofnodes.

Input Files
™1 Map Task L, Data | Map
TaskTracker 1 Segment 1 Qutput 1
— )oh;:sml:e 3 MapTasks > M MapTask " Data Map
c"“;“ TRCRRE TaskTracker 2 Segment 2 Output 2
Jo
le |
Map Task N Data || Map Output
TaskTracker n-1 Segment n-1 n1
L Reduce Task Final Output
TaskTracker n

Figure 4.3 MapReduce process on client submitting a job

Figure4.3showsMapReduceprocesswhenaclientsubmitsajob,andthesucceedingacti
onsbytheJobTrackerandTaskTracker.

JobTrackerandTaskTrackerMapReduceconsistsofasinglemasterJobTrackerandon
eslaveTaskTrackerperclusternode.

Themasterisresponsibleforschedulingthecomponenttasksinajobontotheslaves,monit
oringthemandre-
executingthefailedtasks. Theslavesexecutethetasksasdirectedbythemaster.
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ThedataforaMapReducetaskisinitially atinputfiles. Theinput
filestypicallyresideintheHDFS.Thefilesmaybeline-basedlogfiles,binary
formatfile,multi-lineinputrecords,orsomethingelseentirelydifferent.

TheMapReduceframeworkoperatesentirelyonkey,value-
pairs. Theframeworkviewstheinputtothetaskasasetof(key,value)pairsandproducesas
etof(key,value)pairsastheoutputofthetask,possiblyofdifferenttypes.

Map-Tasks

Maptaskmeans ataskthatimplements amap(),
whichrunsuserapplicationcodesforeachkey-valuepair(kl,vl).Keyklisasetofkeys.Keykl
mapstogroupofdatavalues(Section3.3.1).Valuesvlarealargestringwhichisreadfromtheinp
ut file(s).

Theoutputofmap()wouldbezero(whennovaluesarefound)orintermediatekey-
valuepairs(k2,v2).Thevaluev2istheinformationforthetransformationoperationatther
educetaskusingaggregationorotherreducingfunctions.

Reducetaskreferstoataskwhichtakestheoutputv2fromthemapasaninputandcombines
thosedatapiecesintoasmallersetofdatausingacombiner. Thereducetaskisalwaysperfor
medafterthemaptask.

TheMapperperformsafunctiononindividualvaluesinadatasetirrespectiveofthedatasiz
eoftheinput. ThatmeansthattheMapperworksonasingledataset. Figure4.4showslogical
viewoffunctioningofmap().

map{Keyl, valuel) —_— List (Key2, valua2)

Zero or Intermediate

putpul, keyvalue
pairs produced

Figure 4.4 Logical view of functioning of map()
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HadoopJavaAPlincludesMapperclass.Anabstractfunctionmap()ispresentintheMapp
erclass.AnyspecificMapperimplementationshouldbeasubclassofthisclassandoverridesthe
abstractfunction,map ().

The SampleCodeforMapperClass

publicclaseSampleMapperextendsMapper<kl,VI,k2,v2>
{

voidmap(klkey, Vivalue, Context context) throwe
IOException,InterruptedException

1.}

IndividualMappersdonotcommunicatewitheachother.

NumberofMapsThenumberofmapsdependsonthesizeoftheinputfiles,i.e.,thetotalnumber
ofblocks oftheinput files.

Iftheinputfilesareof1 TBinsizeandtheblocksizeis128MB,therewillbe8192maps. Thenumbe
rofmaptaskNmapcanbeexplicitlysetbyusingsetNumMapTasks(int).Suggestednumberisnea
rly10-100mapspernode.Nmapcanbesetevenhigher.

Key-ValuePair

Eachphase(MapphaseandReducephase)ofMapReducehaskey-
valuepairsasinputandoutput.Datashouldbefirstconvertedintokey-
valuepairsbeforeitispassed totheMapper,astheMapperonlyunderstandskey-
valuepairsofdata.

Key-valuepairs inHadoopMapReducearegeneratedasfollows:

InputSplit-
DefinesalogicalrepresentationofdataandpresentsaSplitdataforprocessingatindividual
map().
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RecordReader-CommunicateswiththelnputSplitandconvertstheSplitinto
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recordswhichareintheformofkey-valuepairsinaformatsuitableforreadingbytheMapper.

RecordReaderusesTextinputFormatby defaultfor convertingdata intokey-
valuepairs.

RecordReadercommunicateswiththelnputSplituntilthefileisread.

—_—

‘ 5 —»  Key-value —»«l
0 —“ Inputsplit ™ RecordRea der St Map Task
@ —  Keyvalle f—
e | C—
g & > Key-value .
o £ ﬁ “Vaiu —>
o -
o [ InputSplit — RecordReader — Map Task
AR - x
4 2 ey-value —»
g E | S—
> —_— —
§ —— > Key-value L
B InputSplit | RecordReader Map Task
h———

";
—— » Key-value _Jl
J N —

Figure 4.5 Key-value pairing in MapReduce

Figure4.5showsthesteps in MapReducekey-valuepairing.

Generationofakey-
valuepairinMapReducedependsonthedatasetandtherequiredoutput.Also,thefunctionsuset
hekey-valuepairsatfourplaces:map()input,map()output,reduce()inputandreduce()output.

GroupingbyKey
Whena maptask completes, Shuffleprocessaggregates(combines)allthe

Mapperoutputsbygroupingthekey-valuesoftheMapperoutput,andthevaluev2append in a
list of values.A "Group By"operationon intermediatekeys createsv2.

ShuffleandSortingPhase

Allpairswiththesamegroupkey(k2)collectandgrouptogether,creatingonegroupforeachke
y.
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ShuffleoutputformatwillbeaListof<k?2,List(v2)>.Thus,adifferentsubsetoftheintermediat
e keyspace assigns to eachreduce node.

Thesesubsetsoftheintermediatekeys(knownas"partitions™)areinputstothereduce tasks.

Eachreducetaskisresponsibleforreducingthevaluesassociatedwithpartitions.HDFSsortst
hepartitionsonasinglenodeautomaticallybeforethey inputtotheReducer.

Partitioning

v’ ThePartitionerdoesthepartitioning. Thepartitionsarethesemi-
mappersinMapReduce.
Partitionerisanoptionalclass.MapReducedriverclasscanspecifythePartitioner.
ApartitionprocessestheoutputofmaptasksbeforesubmittingittoReducertasks.
Partitioner functionexecutes on eachmachinethat performs a map task.
Partitioneris anoptimization in MapReducethat allowslocal partitioning
beforereduce-taskphase.

The samecodes implement the Partitioner,Combineraswellasreduce()functions.
FunctionsforPartitionerandsortingfunctionsareatthemappingnode.

v ThemainfunctionofaPartitioneristosplitthemapoutputrecordswiththesamekey.

AN NN

ANERN

Combiners

Combinersaresemi-reducers in MapReduce.Combineris anoptional
class.MapReducedriver classcan specifythe combiner.

The combiner()executeson eachmachinethat performsa map task.
CombinersoptimizeMapReducetaskthat locallyaggregatesbefore the shuffleand sort
phase.
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Thesamecodesimplementboththecombinerandthereducefunctions,combiner()onmapnode
and reducer()onreducernode.

ThemainfunctionofaCombineristoconsolidatethemapoutputrecordswiththesamekey.

Theoutput(key-
valuecollection)ofthecombinertransfersoverthenetworktotheReducertaskasinput.

Thislimitsthevolumeofdatatransfer
betweenmapandreducetasks,andthusreducesthecostofdatatransferacrossthenetwork.Com
binersusegroupingbykeyforcarryingoutthisfunction.

Thecombinerworksasfollows:

v" Itdoes not have its own interfaceand it must implementthe interface atreduce().

v' ltoperatesoneachmapoutputkey.ltmusthavethesameinputandoutputkey-
valuetypesastheReducerclass.

v" ltcanproducesummaryinformationfromalargedatasetbecauseitreplacestheoriginal
Mapoutputwithfewerrecordsorsmallerrecords.

Reduced Tasks
JavaAPlatHadoopincludesReducerclass.Anabstractfunction,reduce()isintheReducer.

v AnyspecificReducerimplementationshouldbesubclassofthisclassandoverridetheabs
tractreduce().

v Reducetaskimplementsreduce()thattakestheMapperoutput(whichshufflesandsorts),
whichisgroupedbykey-values(k2,v2)andappliesitinparalleltoeachgroup.

v IntermediatepairsareatinputofeachReducerinorderaftersortingusingthekey.
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v Reducefunction iterates overthe list of values associated with a keyandproduces
outputs suchasaggregationsand statistics.

v Thereducefunction sendsoutput zeroor anotherset ofkey-
valuepairs(k3,v3)tothefinaltheoutputfile.Reduce:{(k2,list(v2)->list(k3,v3)}

Samplecode for Reducer Class
publicclassExarrpleReducerextendsReducer<k2,v2,k3,v3>

void reduce (k2 key, Iterable<V2> values, Context context)
throwslOBxception,InterruptedBxception

{.}
Detailsof MapReduceprocessingSteps.

From other Nodes

FromHODRS T —
| SHUFFLE |

E Process |

W J f out
3

COMBINE SORT REDUCE P

J L Files

—-———

SHUFFLE |

|
Process | to HOFS

..........

from other Nodes

Input

1
"’{ SPLT MAP
(o )

RR - RecordResder
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1 - intermediste key vahue pairs
3~ Funal Key-Vahoe Paies

Figure 4.6 MapReduce execution steps
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ExecutionofMapReducejobdoesnotconsiderhowthedistributedprocessingimplements.R
ather,theexecutioninvolvestheformatting(transforming)ofdataateachstep

Figure4.6showstheexecutionsteps,dataflow,splitting,partitioningandsortingonamap
nodeandreduceronreducernode.

Copyingwith Node Failure

TheprimarywayusingwhichHadoopachievesfaulttolerance isthrough
restartingthetasks.

v Eachtask
nodes(TaskTracker)regularlycommunicateswiththemasternode,JobTracker.lfa
TaskTrackerfailstocommunicatewiththeJobTrackerforapre-defined
period(bydefault,itissettol0minutes),atasknodefailurebytheJobTrackerisassum
ed.

v ThelJobTrackerknowswhichmapandreducetaskswereassignedtoeachTask Tracker.

v’ Ifthejobiscurrently inthemappingphase,then
anotherTaskTrackerwillbeassignedtore-
executeallmaptaskspreviouslyrunbythefailedTaskTracker.

v'Ifthejobisinthereducingphase,thenanotherTaskTrackerwillre-
executeallreducetasksthatwereinprogress onthefailedTaskTracker.

v Oncereducetasksarecompleted,theoutputwritesbacktotheHDFS. Thus,ifaTaskTrack
erhasalreadycompletednineoutoftenreducetasksassignedtoit,onlythetenthtask
mustexecuteatadifferentnode.

ThefailureofJobTracker(ifonlyonemasternode)canbringtheentireprocessdown;Masterh
andlesotherfailures,andtheMapReducejobeventuallycompletes.\WhentheMastercompute-
nodeatwhichtheJobTrackerisexecutingfails,thentheentire
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MapReducejobmustrestart.Followingpointssummarizethecopingmechanismwithdistinct
NodeFailures:

v' MapTaskTrackerfailure:

- Map tasks completed or in-progressatTaskTracker,arereset to idleonfailure

- ReduceTaskTrackergetsa noticewhenatask is rescheduledon
anotherTaskTracker

v ReduceTaskTrackerfailure:
-Onlyin-progresstasksareresettoidle
v MasterJobTrackerfailure:

-Map-Reduce taskabortsandnotifies the client (incase of one masternode).

COMPOSINGMAPREDUCEFORCALCULATIONSANDALGORITHMS
MapReduceprogramcompositionincountingandsumming,algorithmsforrelational
algebraicoperations,projections,unions,intersections,naturaljoins,groupingandag
gregation,matrixmultiplicationandothercomputations.

ComposingMap-ReduceforCalculations

Thecalculationsforvariousoperationscomposeare:
Counting andSumming

v Thenumberof alertsormessagesgeneratedduringaspecificmaintenanceactivityof
vehicles needcountingfor a month.

v FromFigure4.8showedthepseudocodeusingemit()inthemap()ofMapper
class.Mapperemitslforeachmessagegenerated.

v Thereducergoesthroughthelistoflsandsumsthem.Countingisusedinthedataqueryin
gapplication.
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v" Forexample,countofmessagesgenerated,wordcountinafile,numberofcarssold,
andanalysisofthelogs,suchasnumberoftweets per
month.Applicationisalsoinbusinessanalyticsfield.

Sorting

v Fromfigure4.6illustratedMapReduceexecutionsteps,i.e.,dataflow,splitting,partitio
ningand sortingon amap nodeandreduceon a reducer node.

v' Mappersjustemitallitemsasvaluesassociatedwiththesortingkeyswhichassembleas
afunction ofitems.

v Reducerscombineallemittedpartsintoafinallist.

FindingDistinctValues(Countingunique values)
Applications such asweblog analysisneedcountingof unique users.

Evaluationisperformedforthetotalnumberofuniquevaluesineachfieldforeachsetof
recordsthatbelongs to the samegroup.

Twosolutionsarepossible:
v' TheMapperemitsthedummycountersfor eachpairoffieldandgroupld,andthe

Reducercalculates the totalnumber ofoccurrences foreachsuchpair.

v' TheMapperemitsthevaluesandgroupld,andtheReducerexcludestheduplicatesfromt
helistofgroupsforeachvalueandincrementsthecounterforeachgroup.

v' ThefinalstepistosumallthecountersemittedattheReducer. ThisrequiresonlyoneMap
Reducejobbuttheprocessisnotscalable,andhencehaslimitedapplicabilityinlargedata
sets.

Collating

v Collatingisawaytocollectallitemswhichhavethesamevalueoffunctioninonedocumen
torfile,orawaytoprocessitemswiththesamevalueofthefunctiontogether.
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v' Examplesofapplicationsareproducinginvertedindexesandextract,transformandload
operations.

v" Mappercomputesagivenfunctionforeachitem,producesvalueofthefunctionas a
key,and the item itself as avalue.

v Reducerthenobtainsallitemvaluesusinggroup-
byfunction,processesorsavesthemintoalistandoutputs totheapplicationtaskorsaves
them.

Filtering orParsing

v" Filteringorparsingcollectsonlythoseitemswhichsatisfysomeconditionortransformea
chitem intosomeotherrepresentation.

v' Filtering/parsingincludetasks such astext parsing,valueextraction
andconversionfrom oneformat to another.

v' Examplesofapplicationsoffilteringarefoundin
datavalidation,loganalysisandqueryingofdatasets.

v Mappertakesitemsonebyoneandacceptsonlythoseitemswhichsatisfytheconditions
and emit the accepted items or their transformedversions.

v Reducerobtainsalltheemitteditems,savesthemintoalistandoutputstotheapplication.

DistributedTasks Execution

v' Largecomputationsdivide
intomultiplepartitionsandcombinetheresultsfromallpartitions forthefinal result.

v' Examplesof distributedrunning of tasks are
physicalandengineeringsimulations,numericalanalysisandperformancetesting.

v Mappertakesaspecificationasinputdata,performscorrespondingcomputationsandem
itsresults.Reducercombinesallemittedparts into the finalresult.

GraphProcessingusinglterativeMessagePassing

v Graphisa network ofentitiesandrelationships betweenthem. A nodecorresponds to
anentity.An edge joiningtwo nodes correspondsto a relationship.
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v' Pathtraversalmethodprocessesagraph. Traversalfromonenodetothenextgeneratesare
sultwhichpassesasamessagetothenexttraversalbetweenthetwonodes.Cyclic path
traversal usesiterativemessagepassing.

v Asetofnodesstoresthedataandcodesatanetwork.Eachnodecontainsalistofneighborin
gnodelDs.MapReducejobs
executeiteratively.Eachnodeinaniterationsendsmessagesto its neighbors.

v" Eachneighborupdatesitsstatebasedonthereceivedmessages. Iterationsterminateonso
meconditions,suchascompletionoffixedmaximalnumberofiterationsorspecifiedtime
toliveornegligiblechangesinstatesbetweentwoconsecutiveiterations.

v MapperemitsthemessagesforeachnodeusingthelDoftheadjacentnodeasakey.Allmess
agesthusgroupbytheincomingnode.Reducercomputesthestateagainandrewritesanod
enewstate.

CrossCorrelation

Cross-correlation  involvescalculation  using  numberoftupleswheretheitems  co-
occurinasetoftuplesofitems. IfthetotalnumberofitemsisN, thenthetotalnumberofvalues=
NxN.Crosscorrelationisusedintextanalytics.(Assumethatitemsare
wordsandtuplesaresentences).Anotherapplicationisinmarket-
analysis(forexample,toenumerate, the customerswhobuyitem xtend to also buyy).

IfNxNisasmallnumber,suchthatthematrixcanfitinthememoryofasinglemachine,
thenimplementationis straightforward.

Twosolutionsforfindingcrosscorrelationsare:

v' TheMapperemitsallpairsanddummycounters,andtheReducersumsthesecounters.

v' Thebenefitfromusingcombinersislittle,asitislikelythatallpairsaredistinct.
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Theaccumulationdoes not use in-memorycomputationsasNisverylarge.

v' TheMappergroupsthedatabythefirstitemineachpairandmaintainsanassociativearray
("stripe™)wherecountersfor alladjacentitemsaccumulate.

v' TheReducerreceivesallstripesfortheleadingitem,mergesthemandemitsthesameresu
Itasinthepairsapproach.

Thegrouping:

v' Generatesfewer intermediate keys.Hence, theframework has less sortingtodo.

Greatlybenefitsfromtheuseofcombiners.

v" In-memoryaccumulationpossible.
v' Enablescompleximplementations.
v

Resultsingeneral,fastercomputationsusingstripesthan*pairs".

Matrix-Vector Multiplication by MapReduce

NumbersofapplicationsneedmultiplicationofnxnmatrixAwithvectorBofdimensionn.
EachelementoftheproductistheelementofvectorCofdimension
n.TheelementsofCcalculatebyrelation,

L)
< =E.ﬂy'bj An example of calculations is given below,

=1
1 5 4 -3
Assuime S = |2 1 3 and B= || .
= 1 3

Multip]i{:ar.il:ull:’=.-$x]]=[2::(4+]>{]+3:=<3

12 d 4+ 5214+ 4> 3

A A+ 221 +1x3
21
Hence., C= |18
21
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AlgorithmforusingMapReduce: TheMapperoperatesonAandemits row-
wisemultiplicationofeachmatrixelementandvectorelement(aijxbj'Vi). TheReducerexecutess
um()forsummingallvaluesassociatedwitheachiandemitstheelementci.Applicationofthealgo

rithmisfoundinlineartransformation.

Relational- AlgebraOperationsSelection

Considertheattributenames(ACVM_ID,Date,chocolate_flavour,daily_sales).Consi
derrelation

R ={(524,12122017, KitKat, 82), (524, 12122017, Oreo,72), (525
2122017,KitKat,82),(525,12122017,0re0,72),(526,12122017 KitKat,
82),(526,12122017,0re0,72)}.

SelectionACVM_ID<= 525 (R) selectsthe subset

R={(524,12122017 KitKat,82),(524,12122017,0re0,72), (525,12122017,
KitKat,82), (525,

12122017,0re0,72)}.

Selectionchocolate_flavour=Oreoselectsthesubset{(524,12122017,0reo,72),(525,12122
017,0reo0,72),(526,12122017,0re0,72)}.

TheMappercallstest()foreachtupleinarow.Whentestsatisfiestheselectioncriterion then
emits the tuple.

TheReducertransfersthe receivedinputtupleastheoutput.
Projection

Considerattributenames(ACVM _ID,Date,chocolate_flavour,daily_sales).

ConsiderrelationR={(524,12122017,KitKat,82),(524,12122017,0re0,72) }.Projectionl|
ACVM_m(R)selectsthesubset{(524)}.

Projection,llchocolate_flavour,0.s*daily_salesselectsthesubset{(KitKat,0.5x82),(Oreo,
0.5X72)}

TheMappercallstest() foreachtuplein a row.Whenthetest satisfies,
thepredicatethenemitsthetuple(sameasinselection).
TheReducertransfers thereceivedinputtuples after
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eliminatingthepossibleuplicates.Suchoperationsareusedinanalytics

Union

Consider,

RI={(524,12122017 KitKat,82),(524,12122017,0re0,72)}

R2={(525,12122017 KitKat,82),(525,12122017,0re0,72) }and

R3={(526,12122017 KitKat,82),(526,12122017,0re0,72)}
ResultofUnionoperationbetweenRlandRa3is:

RIUR3={(524,12122017,KitKat,82),(524,12122017,0re0,72),(526,12122017,
KitKat,82),(526,12122017,0re0,72)}

TheMapperexecutesalltuplesoftwosetsforunionandemitsalltheresultanttuples.

TheReducerclassobjecttransfersthereceivedinputtuplesaftereliminatingthepossible
duplicates.
Intersection

Consider,R1={(524,12122017,0re0,72)}
R2={(525,12122017,KitKat,82)}
and R3={(526,12122017,KitKat,82),(526,12122017,0re0,72)}
ResultofintersectionoperationbetweenRlandR3areRINR3={

(12122011,0re0)}
TheMapperexecutesalltuplesoftwosetsforintersectionandemitsalltheresultanttuples.

TheReducertransfersonlytuplesthatoccurredtwice.Thisispossibleonlywhentupleinclude
sprimary keyandcanoccuronceinaset. Thus,boththesetscontainthistuple.

Difference
Consider:

RI={(12122017,KitKat,82),(12122017,0re0,72) }and
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R3={(12122017 KitKat,82),(12122017,0reo0,25)}

Differencemeansthetupleelementsarenotpresentinthesecondrelation.
Therefore,difference
set_lisRI-R3=(12122017,0reo,
72)andset_2isR3-R1=(12122017,0re0,25).

TheMapperemitsallthetuplesandtag. Atagisthenameofthe
set(say,set_lorset_2towhichatuplebelongsto).

TheReducertransfersonlytuplesthatbelongtoset_|.

SymmetricDifference

Symmetricdifference(notationisAfl.B(orAeB)]isanotherrelationalentity.ltmeansthesetofel
ementsinexactlyoneofthetworelationsAorB.R3e Rl=

(12122017,0re0,25).

TheMapperemitsallthetuplesandtag. Atagisthenameoftheset(say,set_lorset_2thistuplebe
longsto).

TheReducertransfersonlytuplesthatbelongtoneitherset | orset 2.

NaturalJoin

ConsidertworelationsRlandR2fortuplesa,bandc.NaturalJoincomputesforRI(a,b)w
ithR2(b,c).NaturalJoinisR(a,b,c).

TuplesbjoinsasoneinaNaturalJoin. TheMapperemitsthekey-valuepair
(b,(Rl,a))foreachtuple(a,b)ofRl,similarlyemits(b,(R2,c))foreachtuple(b,
c) ofR2.

TheMapperismappingbothwithKeyforb. TheReducertransfersallpairsconsisting
ofonewithfirstcomponentRlandtheotherwithfirstcomponentR2,say(Rl,a)and(R2,c

).

Theoutputfromthekeyandvaluelistisasequenceofkey-
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valuepairs.Thekeyisofnouseandisirrelevant.Eachvalueisoneofthetriples(a,b,c)suc
hthat(Rl,a)and(R2,c)arepresentintheinputlistofvalues.

Groupingand Aggregation by MapReduce

Groupingmeansoperationonthetuplesbythevalueofsomeoftheirattributesafterapplyingthea
ggregatefunctionindependentlytoeachattribute. AGroupingoperationdenotesby<grouping
attributes>j<function-list>(R).Aggregatefunctionsarecount(),
sum(),avg(),min()andmax().

Assume R={(524,12122017, KitKat, 82), (524, 12122017, Oreo,72), (525,

12122017 KitKat,82),(525,12122017,0re0,72),(526,12122017 KitKat,82),
(526,12122017,0re0,72)}.

Chocolate_flavouri countACVM_ID, sum(daily_sales(chocolate_flavour))

willgivetheoutput(524,KitKat,sale_month),(525,KitKat,sale_month),....and(524,0reo,sale
_month),(525,0reo,sale_month), ....forallACVM_IDs.

TheMapperfindsthevaluesfromeach tupleforgroupingand
aggregatesthem.TheReducerreceivesthealreadygroupedvaluesininputforaggregation.

MatrixMultiplication

ConsidermatricesnamedA(irowsandjcolumns)andB(rowsandkcolumns)toproducethematr
ixC;(irowsandkcolumns).ConsidertheelementsofmatricesA,Band Casfollows:

L
j =E;ag'bj L An example of calculations iz given below,
—
4_
3

._-1_

-

Assume A = and B =

L b=

td

5

MMultiplication C= A x B = [2x4+]x]+3x 3

1244+ S5x1+d4xx 3
A a4+ 231 +1x3

r21
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A.B=C;Eachelementevaluatesasfollow:

First Row ofC

v' C firstcolumnelement=(a11b11+a12b21+....+alj'p1).
v" Secondcolumnelement=(allb12+al2b22+ +aljebjz),
v' Thek"columnelement=(aj 1 bk+a12bk+....+aj bjk).

SecondrowofC
v' Cfirstcolumnelement=(a21b11+a22b21 +....+aj2.p1).

v" Secondcolumnelement=(a21b12+a22b22++azj*bjz),
v' Thek"columnelement=(a21bk+a22 bk++azj-bjk).

Theith rowofC

v' Cfirstcolumnelement=(ailb11+d2b21+....+aij.p).
v Secondcolumnelement=(ailb12+ai2h22+....+aij. ).
v' Thek™columnelement=(ailbk+dobk+.............. +aij.bjk).

HIVE

HivewascreatedbyFacebook.Hiveisadatawarehousingtoolandisalsoadatastoreontheto
pofHadoop.Anenterpriseusesadatawarehouseaslargedatarepositoriesthataredesignedt
oenablethetracking,managing,andanalyzingthedata.
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Figure 4.9 Main features of Hive

HiveCharacteristics

v'HasthecapabilitytotranslatequeriesintoMapReducejobs. ThismakesHivescalable,
abletohandledatawarehouseapplications,andtherefore,suitablefortheanalysisofst
aticdataofanextremelylargesize,wherethefastresponse-timeisnotacriterion.

v Supportswebinterfacesaswell. ApplicationAPisaswellasweb-
browserclients,canaccesstheHiveDBserver.
v ProvidesanSQLdialect(Hive Query Language,abbreviatedHiveQLorHQL).

Resultsof HiveQLQueryand the data load in the tableswhich storeat
theHadoopclusteratHDFS.

Limitations ofHiveis:

v" Not afull
database.MaindisadvantageisthatHivedoesnotprovideupdate,alteranddeletionofr

ecordsinthedatabase.

v" Notdevelopedforunstructureddata.
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v Notdesignedforreal-timequeries.

v Performsthepartitionalwaysfromthelastcolumn.

HIVE ARCHITECTURE

Web Browser l User Application I IDBC/ODBC Application I
URL Command
Web Interface I Hive CL) | Hive SERVER |

Hive Driver — Metastore '

Figure 4.10 Hive architecture

ComponentsofHivearchitectureare:
v" HiveServer(Thrift)-Anoptional servicethatallowsa remoteclienttosubmitrequeststoHiveand

retrieveresults.Requestscanuseavarietyofprogramminglanguages.
v ThriftServerexposesaverysimpleclientAPltoexecuteHiveQLstatements.

v" HiveCLI(CommandLinelnterface)-
PopularinterfacetointeractwithHive.Hiverunsinlocalmodethatuseslocalstoragewhe
nrunningtheCLI onaHadoopclusterinsteadofHDFS.

v" WeblInterface-

Hivecanbeaccessedusingawebbrowseraswell. ThisrequiresaHWIServerrunningons
omedesignatedcode. TheURLhttp://hadoop:<portno.>/ hwicommandcanbe used
to access Hive through theweb.

v Metastore-
Itisthesystemcatalog.AllothercomponentsofHiveinteractwiththeMetastore. Itstorest

heschemaormetadataoftables,databases,columnsinatable,theirdatatypesandHDFSm
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apping.
v HiveDriver-
ItmanagesthelifecycleofaHiveQLstatementduringcompilation,optimizationand

execution.
ComparisonwithRDBMS

HiveisaDB systemwhichdefinesdatabasesandtables.Hiveanalyzesstructureddata in
DB.Hivehas certaindifferences with RDBMS.

Recordlevelqueries NoUpdateandDelete | |qort Update andDelete
Transactionsupport No Yes

Latency Minutesormore Infractionsofasecond
Datasize Petabytes Terabytes

Dataperquery Petabytes Gigabytes
Querylanguage HiveQL SQL
SupportJDBC/ODBC Limited Full

HiveDataTypesandFileFormats

Hivedefinesvariousprimitive,complex, string,date/time,collection data
typesandfileformatsforhandlingandstoringdifferentdataformats. ThefollowingTablegi
vesprimitive,string,date/timeandcomplexHivedatatypesandtheirdescriptions.
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DataTypeName Description
TINYINT 1bytesignedinteger.PostfixletterisY.
SMALLINT 2bytesignedinteger.PostfixletterisS.
INT 4bytesignedinteger
BIGINT 8bytesignedinteger.PostfixletterisL.
FLOAT 4bytesingle-precisionfloating-pointnumber
DOUBLE 8bytedouble-precisionfloating-pointnumber
BOOLEAN TrueorFalse
TIMESTAMP UNIXtimestampwithc_nptionalnanosecondprecision.
Itsupports Oava.sgl. Timestampformat"YYYY-MM-
DDHH:MM:SS fffffffff’
DATE YYYY-MM-DDformat
VARCHAR 1to  65355bytes.Use
singlequotes(")ordoublequotes(™")
CHAR 255bytes
DECIMAL Used for_ represe_nt_ing immutable N
arbitraryprecision. DECIMAL (precision,sc
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The followingTable givesHive three Collectiondatatypes andtheirdescriptions.

FileF o
ormat Description

Textfile Thedefaultfileformat,andalinerepresentsarecord. Thedelimiti
ngcharactersseparatethelines. TextfileexamplesareCSV, TS
V,JSONandXML(Section3.3.2).

Sequenti

alfile Flatfilewhichstoresbinarykey-
valuepairs,andsupportscompression.

RCFile RecordColumnarfile(Section3.3.3.3).

ORCFILE ORCstandsforOptimizedRowColumnar
whichmeansitcanstoredatainanoptimizedwaythanintheot
herfileformats(Section3.3.3.4).

HIVE DataModel

Name Description

Database Namespacefortables

SimilartotablesinRDBMSSupportfilter,projection,joinandunionop
Tables erationsThetabledatastoresina directoryinHDFS
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Partitions Tablecanhaveoneormorepartitionkeysthattellhowthedata
stores
Dataineachpartitionfurtherdividesintobucketsbasedonhashofacolu

Buckets

mninthe table.Storedasafileinthepartitiondirectory.

HivelntegrationandWorkflowSteps

User Cllent Interface

MapReduce Job
| 1l
e b, Execution 7 » MapReduce
L Z < Process
0 Engine 9
4 .
2 5 8
| 1
3 -
Compiller > Metastore
T4

Figure 4.11 Dataflow sequences and workflow steps

Theworkflow stepsare as follows:

ExecuteQuery:Hive interface(CLI or Web Interface)sends a query
toDatabaseDrivertoexecutethequery.

GetPlan:Driversendsthequerytoquerycompilerthatparsesthequerytocheckthesyntaxandqueryplanorther
equirementofthequery.
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GetMetadata:Compilersendsmetadatarequestto
Metastore(ofanydatabase,suchasMySQL).

SendMetadata: Metastoresendsmetadataasaresponsetocompiler.

SendPlan:Compilercheckstherequirementandresendstheplantodriver. Theparsinga
ndcompilingofthequeryiscompleteatthisplace.

ExecutePlan:Driversendstheexecuteplantoexecutionengine.

ExecuteJob:Internally,theprocessofexecutionjobisaMapReducejob. Theexecution
enginesendsthejobtoJobTracker,whichisinNamenodeanditassignsthisjobtoTaskTra
cker,whichisinDatanode. Then,thequeryexecutesthejob.

MetadataOperations:Meanwhilethe executionenginecan execute
themetadataoperationswithMetastore.

FetchResult:ExecutionenginereceivestheresultsfromDatanodes.

SendResults:ExecutionenginesendstheresulttoDriver.

SendResults:DriversendstheresultstoHivelnterfaces.

HiveBuilt-inFunctions

Return Syntax Description
Type
BIGINT round(doublea) ReturnstheroundedBIGINT(8Byteintege

rvalueofthe8Bytedouble-
precisionfloatingpointnumbera

floor(doublea) Returnsthemaximum

BIGINT BIGINTvaluethatisequal toorless
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ReturnstheminimumBIGINTvaluethatis

BIGINT ceil(doublea) equaltoorgreaterthanthedouble.

rand(),rand(intseed) Returnsarandomnumber(double)thatdist

double ributesuniformlyfromOtolandthatchang
esineachrow.Integerseedensuredthatran
domnumbersequenceisdeterministic.
concate(string
string strl, | Returns  the string resulting
stringstr2,...) fromconcatenatingstriwithst
r2,
_ substr(stringstr,intst | Returnsthesubstringofstrstartingfromast
string art) artpositiontilltheendofstringstr.

substr(stringstr,intst
string art,intlength) Returnsthesubstringofstrstartingfromthe

startpositionwiththegivenlength.

_ upper(string
string str), Returnsthestringresultingfromconvertin

ucase(stringstr) gallcharactersofstrtouppercase.

lower(string
str), | Returnsthestringresultingfromconvertin

strin
g Icase(stringstr) gallcharactersofstrtolowercase.

trim(stringstr) Returnsthestringresultingfromtrimmings
pacesfrombothends.trim('12A3456')
returns'12A3456'

string
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Itrim(string Returnsthestringresultingfromtrimmings
) str); | paces(onlyoneend,leftorrighthandsideor
string rtrim(stringstr) right-handsidespacestrimmed).
Itrim('12A3456")returns'12A3456'andrtri
m('12A3456")returns'12A3456'.
_ rtrim(stringstr) Returnsthestringresultingfromtrimmin
string gspacesfromtheend(righthandside)ofst
r.
int year(string | Returnstheyear partofadateoratimestampstring.
date)
int month(strin
n gdate) Returnsthemonth partofadateoratimestampstring.
int day(string
date) Returnsthedaypartofadateoratimestampstring.
HIVEOL

v" HiveQueryLanguage(abbreviatedHiveQL )isforqueryingthelargedatasetsw
hichresideintheHDFSenvironment.

v HiveQLscriptcommandsenabledatadefinition,datamanipulationandquerypr
ocessing.

v HiveQLsupportsalargebaseofSQLuserswhoareacquaintedwithSQL toextrac
tinformationfromdatawarehouses.

HiveOL HiveQLissimilartoSQLforqueryingonschemainformation

Process attheMetastore.ltisoneofthereplacementsoftraditionalappr

Engine oachforMapReduceprogram.Insteadof
writingMapReduceprograminJava,wecanwriteaqueryfor
MapReducejobandprocessit.

Execution ThebridgebetweenH_iveQ LprocessEngineandMfapRedu_cei

Engine S _ _ Hive ExecutionEngine.
Executionengineprocessesthequeryandgeneratesresultssa
measMapReduceresults.ltusestheflavorofMapReduce.
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HiveQLDataDefinitionLanguage(DDL)

HiveQLdatabasecommandsfordatadefinitionforDBsandTablesareCREATEDATABA
SE,SHOWDATABASE{listofaliIDBs), CREATESCHEMA,CREATETABLE.

FollowingareHiveQLcommandswhichcreateatable:

CREATE[TEMPORARY][EXTERNAL]TABLE[IFNOTEXISTS][<database
name>.]

<tablename>

[(<columnname><data type>[ COMMENT
<columncomment>],...)][COMMENT<tablecomment>]

[ROW FORMAT<rowformat>][STOREDAS<fileformat>]
Acommandis

CREATEDATABASEISCHEMA[IFNOTEXISTS]<databasename>;

IFNOTEXISTSisanoptionalclause. Theclausenotifiestheuserthatadatabasew
iththesamenamealreadyexists. SCHEMAcanbealsocreatedinplaceof DATABA
SEusingthiscommand

A commandis written to getthelistofall
existingdatabases. SHOWDATABASES,;

Acommandiswrittentodeleteanexistingdatabase.

DROP (DATABASEISCHEMA)[RESTRICTI CASCADE];[IF EXISTS]
<database name>

HiveQLDataManipulationLanguage(DML)

HiveQLcommandsfor datamanipulation are USE <databasename>,DROPDATABASE,
DROPSCHEMA ALTERTABLE,DROPTABLE,andLOADDATA.

Thefollowingisacommandforinserting(loading)dataintotheHiveDBs.LOADDAT
A[LOCAL]INPATH'<filepath>[OVERWRITE]INTO
TABLE<tablename>[PARTITION(partcoll=vall,partcol2=val2...)]

LOCALisanidentifiertospecifythelocalpath.ltisoptional. OVERWRITEisopt
ionaltooverwritethedatainthetable. PARTITIONisoptional.vallisvalueassigne
dtopartitioncolumnl(partcoll)andval2isvalueassignedtopartitioncolumn2(part



Big DataAnalytics Module-4MapReduce, Hiveand PIG

col2).

HiveQLForQueryingtheData

Partitioningandstoringaretherequirements. Adatawarehouseshouldhavea
largenumberofpartitionswherethetables,filesanddatabasesstore.Queryingthenrequi
ressorting,aggregatingandjoiningfunctions.

QueryingthedataistoSELECTaspecificentitysatisfyingacondition,having
presenceofanentityorselectingspecificentityusingGroupBy.

SELECTI[ALLI DISTINCT]<select

expression>,<selectexpression>,...FROM<tablename>

[WHERE <wherecondition>][GROUP BY<columnList>][HAVING
<havingcondition>]

[CLUSTERBY<columnList>I[DISTRIBUTEBY <columnList>][SORTBY<col
umnList>]]

[LIMITnumber];

PIG
v’ It is anabstract over MapReduce
v' It is anexecutionframeworkforparallelprocessing
v Reduces the complexities ofwriting aMapReduceprogram
v’ lIsahigh-

leveldataflowlanguage.DataflowlanguagemeansthataPigoperationnodetakest
heinputsandgeneratestheoutputforthenextnode

v' IsmostlyusedinHDFSenvironment
v’ Performsdatamanipulation operationsatfilesatdatanodesinHadoop.

Applications ofApache Pig
v" Analyzinglargedatasets

Executingtasksinvolvingadhocprocessing

v

v Processinglargedatasourcessuchasweblogsandstreamingonlinedata
v Dataprocessingforsearchplatforms.Pigprocessesdifferenttypesofdata
v

Processingtimesensitivedataloads;dataextractsandanalyzesquickly.
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Pig

MapReduce

Adataflowlanguage

Adataprocessingparadigm

Highlevellanguageand flexible

Lowlevellanguageandrigid

PerformingJoin,filter,sortingorord
eringoperationsarequitesimple

RelativelydifficulttoperformJoin,fi
Iter,sortingororderingoperationsbet
weendatasets

Programmerwithabasicknowledge
ofSQLcanworkconveniently

Complex Java
implementationsrequir
eexposuretoJavalanguage

Usesmulti-
queryapproach,therebyreducingth
elengthofthecodes significantly

Requirealmost20timesmorethenu
mberoflinestoperformthesametask

Noneedforcompilationforexecutio
n;operatorsconvertinternallyinto
MapReducejobs

Longcompilationprocess forJobs

Providesnesteddatatypesliketuples
,bagsandmaps

Nosuchdatatypes

DifferencesbetweenPigand SQL

PigLatinisaprocedurallanguage

Adeclarativelanguage

ingaschema

Schemaisoptional,storesdatawithoutassign

Schema is mandatory

Nestedrelational datamodel

Flatrelational data model

Provideslimited opportunity for
Queryoptimization

More  opportunity
forqueryoptimiza

PigandHivecodes,bothcreateMapReducejobswhenexecute.Hiveinsomecases,operates
on HDFS in a similarwayApache Pigdoes.
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DifferencesbetweenPigandHive

OriginallycreatedatYahoo Originally
createdatFacebook
ExploitsPigLatinlanguage ExploitsHiveQL
_ o HiveQL is a
PigLatin isadataflowlanguage queryproces
PigLatinisaprocedurallanguageanditfitsinpipel ) )
; : HiveQL IS
ineparadigm
adeclarat
Handlesstructured,unstructuredandsemi- Mostl q
structureddata ostly  use
forstructure
PigArchitecture
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Thethreewaystoexecutescriptsare:

1. GruntShell:Aninteractiveshell ofPigthatexecutes thescripts.

2. ScriptFile: Pig commandswritten in a script filethat executeat PigServer.

3. EmbeddedScript:CreateUDFsforthefunctionsunavailableinPigbuiltinoperators.
UDFcanbeinotherprogramminglanguages. TheUDFscanembedinPigLatinScriptfi
le.
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ParserAparserhandlesPigscriptsafterpassingthroughGruntorPigServer. TheParserperfo
rmstypecheckingandchecksthescriptsyntax. TheoutputisaDirected AcyclicGraph(DAG)

Acylicmeansonlyonesetofinputsaresimultaneouslyatanode,andonlyonesetofoutput
generatesafternode operations.

DAGrepresentsthePigLatinstatementsandlogicaloperators.Nodesrepresentthelogicalop
erators.Edgesbetweensequentiallytraversednodesrepresentthedataflows.

OptimizerTheDAGissubmittedtothelogicaloptimizer.Theoptimizationactivities,sucha
ssplit,merge,transformandreorderoperatorsexecuteinthisphase. Theoptimization is
anautomatic feature.

The
optimizerreducestheamountofdatainthepipelineatanyinstantoftime,whileprocessingthe
extracteddata. ltexecutescertainfunctionsforcarryingoutthistask,asexplainedasfollows:

PushUpFilter:Iftherearemultipleconditionsinthefilterandthefiltercanbesplit,Pigsplitst
heconditionsandpushesupeachconditionseparately.Selectingtheseconditionsatanearlyst
agehelpsinreducingthenumberofrecordsremainingin thepipeline.

PushDownforEachFlatten:Applyingflatten,whichproducesacrossproductbetweena
complextypesuchasatuple,bag or
otherfieldsintherecord,aslateaspossibleintheplan.Thiskeeps
thenumberofrecordslowinthepipeline.

ColumnPruner:Omittsneverusedcolumnsortheonesnolongerneeded,reducingthesizeof
therecord.Thiscanbeappliedaftereachoperator,sothatthefieldscanbeprunedasaggressive
lyaspossible.

MapKeyPruner:Omitts neverusedmapkeys,reducingthesizeoftherecord.

LimitOptimizer:Ifthelimitoperatorisimmediatelyappliedafterloadorsortoperator,Pigc
onvertstheloadorsortintoalimit-
sensitiveimplementation,whichdoesnotrequireprocessingthewholedataset. Applyingthe
limitearlierreducesthenumberofrecords.

CompilerThecompilercompilesaftertheoptimizationprocess. The
optimizedcodesareaseriesofMapReducejobs.

ExecutionEngineFinally,theMapReducejobssubmitforexecutiontotheengine. TheMap
Reducejobsexecute anditoutputsthefinalresult.
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Apache-PigGruntShell

MainuseofGruntshellisforwritingPigLatinscripts.Anyshellcommandinvokesusingshan
dls.Syntaxofshcommandis:

grunt>shshellcommandparametersSyntaxofls
command:
grunt>shls

PigLatin Data Model

PigLatinsupportsprimitivedatatypeswhichareatomicorscalardatatypes.Atomi
cdatatypesareint,float,long,double,char[],byte[].

Thelanguagealsodefinescomplexdata types.Complex
datatypesaretuple,bagandmap.

Datatypesandexamples

Datatype Description Example
bag Collectionoftuples {(1,1),(2,4)}
tuple Orderedset offields (1,2)
map(datamap) Setofkey-valuepairs [Number#l]
int Signed32-bitinteger 10
long Signed64-bitinteger IOLor101
float 32-bitfloatingpoint 22.7For22.7f
double 64-bitfloatingpoint 3.40r3.4e2 or3.4E2
chararray Char[],Characterarray dataanalytics
bytearray BLOB(Bytearray) ffoo

Pig Latin andDevelopingPigLatin scripts

PigLatinenablesdevelopingthescriptsfordataanalysis.AnumberofoperatorsinPigLatinh
elptodeveloptheirownfunctionsforreading,writingandprocessingdata.PigLatinprogram
sexecuteinthePigrun-timeenvironment.

Pig Latin

v/ Basicconstructstoprocessthe data.
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v' LOADstatementreadsthedatafromfilesystem,DUMPdisplaystheresultandSTORE

storestheresult.

Singlelinecommentsbeginwith--andmultilinebeginwith/*andendwith*/

Keywords(forexample, LOAD,STORE,DUMP)arenotcase-
sensitive.Functionnames,relationsandpathsarecase-sensitive.
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Figure 4.15 Order of processing Pig statements—Load, dump, and store

ApachePig Execution

PigExecutionModesLocal Mode: All the datafiles install and runfroma
localhostusingthelocal filesystem.Localmodeismostlyused fortestingpurpose.

COMMAND:
pig -x
local

MapReduceMode:

AllthedatafilesloadorprocessthatexistsintheHDFS.AMapReducejob

invokesintheback-

endtoperformaparticularoperationonthedatathatexistsintheHDFSwhenaPigLatinstatem

entexecutestoprocessthedata.
COMMAND:

pig -x mapreduceorpig

PigLatinScriptExecutionModes
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v’ InteractiveMode-UsingtheGruntshell.
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v’ BatchMode - Writing the Pig Latin script in a single filewith
.pigextension.

v" EmbeddedMode-
DefiningUDFsinprogramminglanguagessuchasJava,andusingtheminthescript.

Commands

v’ Togetthelistofpigcommands:pig-help;

v Togettheversionofpig:pig-version.

v TostarttheGruntshell,writethecommand:pig
LOADCommandThefirst step to a dataflowis to specify the input.
LoadstatementinPigLatinloadsthedatafromPigStorage.

To loaddatafromHBase:book load'MyBook'usingHBaseStorage();

ForreadingCSVfile,PigStoragetakesanargumentwhichindicateswhichcharacterto
useasa separator.

Forexample,
book=LOAD'PigDemo/Data/Input/myBook.csv'USINGPigStorage(,);

Tospecifythedata-schemafor loading: book=
LOAD'MyBook'AS(name,author,edition,publisher);

StoreCommandPigprovidesthestorestatementforwritingtheprocesseddataafterthe
processingis complete.ltisthe mirrorimage oftheloadstatementincertainways.

Bydefault,PigstoresdataonHDFSinatab-delimitedfileusingPigStorage:
STOREprocessedinto'/PigDemo/Data/Output/Processed’;

To storein HBaseStoragewith a using
clause:STOREprocessedinto'processed'using HBaseStorage();

Tostoredataascomma-
separatedtextdata,PigStoragetakesanargumenttoindicatewhichcharactertouseas
aseparator:STOREprocessedinto'processed'usingPigStorage(',");

DumpCommandPigprovidesdumpcommandtoseetheprocesseddataonthescreen.Thisi
sparticularlyusefulduringdebuggingandprototypingsessions. ltcanalsobeusefulforquick
adhocjobs.
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The followingcommanddirectstheoutputof the Pig scripton the displayscreen:
DUMPprocessed;

RelationalOperations

TherelationaloperationsprovidedatPigLatinoperateondata. Theytransformdatausing

sorting,grouping,joining,projectingandfiltering.Followingsarethebasicrelationalop
erators:

ForeachFOREACHgivesasimpleway toapplytransformationsbasedoncolumns.ltis
Pig'sprojection operator.
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OBJECTIVES
» Introduction

» Estimating the Relationships, Outliers, Variances, Probability Distributions and

Correlations
» Simple Linear Regression
» Finding Similar Items, Similarity of Sets and Collaborative Filtering
» Frequent Itemset and Association Rule Mining
» Text Mining
» Web Mining, Web Content and Web Usage Analytics
» Page Rank, Structure of Web and Analyzing a Web Graph
» Social Networks as Graphs and Social Network Analytics
» SimRank
» Counting Triangles and Graph Matches
Machine Learning Algorithms for Big Data Analytics

» Analytics uses the mathematical equations, formulae and models. Analytics also
uses the statistics, Al, ML and DL, and predict the behavior of entities, objects and
events. Statistics refers to studying organization, analysis of a collection of data,

making interpretations and presentation of analyzed results.
Machine Learning - Definition and Usage Examples

» Artificial Intelligence (Al) refers to the science and engineering of making
computers perform tasks, which normally require human intelligence. For example,
tasks such as predicting future results, visual perception, speech recognition,

decision making and natural language processing.

* Two concepts in Al, 'machine learning' and 'deep learning' provide powerful tools

for advanced analytics and predictions.



Machine Learning (ML) is a field of computer science based on Al which deals with
learning from data in three phases, i.e. collect, analyze and predict. It does not rely

on explicitly programmed instructions.

An ML program learns the behavior of a process. The program uses data
generated from various sources for training. Learning from the outcomes from
common inputs improves future performance from previous outcomes.
Learning applies in many fields of research and industry. Learning from study of data

enables efficient and logical decisions for future actions.

Advanced ML techniques wuse unsupervised, semi-supervised or supervised
learning. Supervised learning uses a known dataset (called training dataset).
Learning enables creation of a model program for evaluating outcomes. The
program makes future predictions and leads to knowledge discovery.
Supervised learning uses output datasets, which are used to train a machine
(program) such that the program leads to the desired outputs. Unsupervised

learning does not use output datasets to train a machine.

a convention for fonts when denoting an absolute value, mean value, function value,

vector element, set member, entity or variable using a character or set of characters,

entities or elements.

1.

lu] represents absolute value of u, means value without sign. For
example, consider |- 3| and |+ 3|, the value of both is 3.

X represents mean, average or expected value of x.

F (y, x) represents a function with an expression, which finds value of F
from the given values of y and x. F (y, x) values depend on one or more
dependent variables as a function of one or more independent variables.
For example, F depends y as well as x is F (y, x) = 1/sqrt {(y + x)? + k?}. The
F also depends on constant k. Another example is y = F (x), for example, y
= cos (x). F (x) represents a function F, which gives value of y, is a
dependent variable. The x is an independent variable.

V denotes a vector V (V1, V2 ...). Vis in bold font. V1 and V2 are in text
font and are elements 1 and 2 of V. The V consists of number of elements
Vi Vv2...

||U]| represents length of vector U.

S denotes a set S (A, B, C ...). Font S is in French script MT or distinct
font for English S. The A, B and C are in text font (no bold), and are the
members of S. The members can be vectors or subsets. They, when
denoted in bold, represent vector elements.



ESTIMATING THE RELATIONSHIPS,OUTLIERS,VARIANCES, ROBABILITY
DISTRIBUTIONS AND CORRELATIONS

» Methods of studying relationships use variables.
Types of variables used are as follows:

1. Independent variables represent directly measurable characteristics.

For example, year of sales figure or semester of study.
Dependent variables represent the characteristics.
For example, profit during successive years or grades awarded in successive

semesters.

2. Predictor variable is an independent variable, which computes a dependent variable

using some equation, function or graph, and does a prediction. For example, predicts
sales growth of a car model after five years from given input datasets for the sales, or

predicts sentiments about higher sales of particular category of toys next year.

3. Outcome variable represents the effect of manipulation(s) using a function, equation

or experiment. For example, CGPA (Cumulative Grade Points Average) of the
student or share of profit to each shareholder in a year using profit as the dependent
variable. CGP A of a student computes from the grades awarded in the semesters for

which student completes his/her studies.

4. Explanatory variable is an independent variable, which explains the behavior of the

dependent variable, such as linearity coefficient, non-linear parameters or probabilistic

distribution of profit-growth as a function of additional investment in successive years.

5. Response variable is a dependent variable on which a study, experiment or

computation focuses. For example, improvement in profits over the years from the
investments made in successive years or improvement in class performance s

measured from the extra teaching efforts on individual students of a class.

6. Feature variable is a variable representing a characteristic. For example, apple feature

red, pink, maroon, yellowish, yellowish green and green. Feature variables are
generally represented by text characters. Numbers can also represent features. For
example, red with 1, orange with 2, yellow with 3, yellowish green 4 and green 5.



7. Categorical variable is a variable representing a category. For example, car, tractor

and truck belong to the same category, i.e., a four-wheeler automobile. Categorical

variables are generally represented by text characters

Relationships-Using Graphs, Scatter Plots and Charts

A relationship between two or more quantitative dependent variables with respect
to an independent variable can be well-depicted using graph, scatter plot or chart
with data points, shown in distinct shapes. Conventionally, independent variables are
on the x-axis, whereas the dependent variables on the y-axis in a graph. A line

graph uses a line on an x-y axisto plot a continuous function.

A scatter plot is a plot in which dots or distinct shapes represent values of the
dependent variable at the multiple values of the independent variable. Whether
two variables are related to each other or not, can be derived from statistical analysis

using scatter plots.

Whether two variables are related to each other or not, can be derived from

statistical analysis using scatter plots.

A data point is (xi, Yi) when dependent variable value = Yi at the independent

variable value= xi. The
1. Linear and Non-linear Relationships

A linear relationship exists between two variables, say x and y, when a straight line
(y=a0 +al .x) can fit on a graph, with at least some reasonable degree of accuracy.
The al is the linearity coefficient. For example, a scatter chart can suggest a linear

relationship, which means a straight line.

Figure 6.1 shows a scatter plot, which fits a linear relationship between the number of

students opting for computer courses in years between 2000 and 2017.
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Figure 6.1 Scatter plot for linear relationship between students opting
for computer courses in years between 2000 and 2017 A linear relationship

can be positive or negative. A positive relationship implies if one variable increases
in value, the other also increases in value. A negative relationship, on the other hand,
implies when one increases in value, the other decreases in value. Perfect, strong or

weak linearship categories depend upon the bonding between the two variables.

A non-linear relationship is said to exist between two quantitative variables when a
curve (y =a0 + al .x +a2.x2 + ¢s+ ) can be used to fit the data points. The fit should be
with at least some reasonable degree of accuracy for the fitted parameters, a0, al,
a2 e+ Expression for y then generally predicts the values of one quantitative variable
from the values of the other quantitative variable with considerably more accuracy than a

straight line.

Consider an example of non-linear relationship: The side of a square and its area are
not linear. In fact, they have quadratic relationship. If the side of a square doubles, then

its area increases four times. The relationship predicts the area from the side

Figure 6.2 shows a scatter plot in case of a non-linear relationship between side of

square and its area
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Figure 6.2 Scatter plot in case of a non-linear relationship between side
of square and its area

Estimatingthe Relationships

Estimating the relationships means finding a mathematical expression, which gives the
value of the variable according to its relationship with other variables. For example,
assume Ym = sales of a car model m in xth year of the start of manufacturing that
model.

Assume that computations show that the ym relates by a mathematical expression (ym=
a0 + al.xm + a2.xm2) up to an acceptable degree of accuracy, when a0 = 490, al =10
and a2 = 5.

Estimated first year sales, Ym(I) = (490 + 10) = 500, second year Ym(2) = (490 + 10 x
2 +5 x 22) = 530, thirdyear Ym(3) = (490+ 10x 3 + 5 x 32) = 565, if fit
with the desired accuracy, then the results are showing that the expression of ym
estimates the relationship between model m sales in next and other years. The ym can
also predict the sales in 6th or later years. Predictions are up to a certain degree of

certainty.
Outliers

Outliers are data, which appear as they do not belong to the dataset Outliers are data
points that are numerically far distant from the rest of the points in a dataset, are
termed as outliers. Outliers show significant variations from the rest of the points

(Section 1.5.2.2). Identification of outliers is important to improve data quality or to



detect an anomaly. The estimating parameters mathematically, statistically, describing
an outcome, predicting a dependent variable value, or taking the decisions based on the

datasets given for the analysis are sensitive to the outliers.
There are several reasons for the presence of outliers in relationships.
Some of these are:

*Anomalous situation

*Presence of a previously unknown fact

*Human error (errors due to data entry or data collection)

*Participants intentionally reporting incorrect data (This is common in self- reported
measures and measures that involve sensitive data which participant doesn't want to
disclose)

*Sampling error (when an unfitted sample is collected from population).

Population means any group of data, which includes all the data of interest. For
example, when analysing 1000 students who gave an examination in a computer course,
then the population is 1000. 100 games of chess will represent the population in

analysis of 100 games of chess of a grandmaster.

Sample means a subset of the population. Sample represents the population for uses,
such as analysis and consists of randomly selected data.

Variance

A random variable is a variable whose possible values are outcomes of a random

phenomenon.

A random variable is a function that maps the outcomes of unpredictable processes to

numerical quantities.

A random variable is also called stochastic variable or random quantity. Randomness can

be around some expected mean value or outcome, and with some normal deviation.

Variance measures by the sum of squares of the difference in values of a variable
with respect to the expected value. Variance can alternatively be a sum of squares of the
difference with respect to value at an origin. Variance indicates how widely data points

in a dataset vary. If data points vary greatly from the mean value in a dataset, the



variance is large; otherwise, the variance is less. The variance is also a measure of

dispersion with respect to the expected value.

A high variance indicates that the data in the dataset is very much spread out over a large
area (random dataset), whereas a low variance indicates that the data is very similar

in nature.

No variance is sometimes hard to understand in real datasets. The following example

illustrates no variance

EXAMPLE 6.1 )

Consider an examination where everyone gets the same grades. What does it
signify?
SOLUTION

Some measurement problem may have taken place in a situation where
either the semester examination questions were so easy that everyone got
full marks, or it was so hard that everyone got a zero. Now consider the two
types of examinations. After each examination, everyone gets the same
score on the test, i.e., everyone gets ‘A’ grade in one test and everyone gets
‘B’ in the second test. This is again not telling much

about the study or intelligent quotient of the students. Now, these no
variance results signify the extreme case and hard to understand or explain.
But in general, differences in scores are always found.

-

Standard Deviation and Standard Error Estimates

The variance isnot a standalone statistical parameter. Estimations of other statistical

parameters, such as standard deviation and standard error are also used.

Standard Deviation With the help of variance, one can find out the standard
deviation. Standard deviation, denoted by s, is the square root of the variance. The s
says, "On an average how far do the data points fall from the mean or expected
outcome?" Though the interpretation is the same as variance but s is squared rooted,

therefore, less susceptible to the presence of outliers.

The formulae for the population and the sample standard deviations are as follows:
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where N is number of data points in population, S is number in the sample, m is expected

in the population or average value of x, and x is expected X in the sample.

StandardErrorThe standard error estimate is a measure of the accuracy of predictions
from a relationship. Assume the linear relationship in a scatter plot of y (Figure 6.1).
The scatter plot line, which fits, is defined as the line that minimizes the sum of
squared deviations of prediction (also called the sum of squares error). The standard

error of the estimate is closely related to this quantity and is defined below

aeﬂt
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= - , . (6.2)

where Se IS the standard error in the estimate, y is an observed value, y¢ is a predicted
value, and N is the number of values observed. The standard error estimate is a
measure of the dispersion (or variability) in the predicted values from the expression

for relationship. Following are three interpretations from the Se:

1. When sg is small, most of the observed values (y) dots are fairly close to the
fitting line in the scatter plot, and better is the estimate based on the equation of

the line.
2. When the se is large, many of the observed values are far away from the line.

3. When the standard error is zero, then no variation exists corresponding to the
computed line for predictions. The correlation between the observed  and

estimation is perfect.
Probabilistic Distribution of Variables, Items or Entities

Probability is the chance of observing a dependent variable value with respect to some
independent variable. Suppose a Grandmaster in chess has won 22 out of 100 games,

drawn 78 times, and lost none.

Then, probability P of winning P,, is 0.22, P of drawn game P, is0.78 and P of
losing, PL = 0.



The sum of the probabilities is normalized to 1, as only one of the three possibilities

exist.

Probability distribution is the distribution of P values as a function of all possible

independent values, variables, situations, distances or variables.

For example, if P is given by a function P(x), then P varies as x changes. Variations in

P(x) with x can be discrete or continuous.
The values of P are normalized such that sum of all P values is 1.
Assuming distribution  is around the expected value r, the standard normal

distribution formula is
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Normal distribution relates to Gaussian function. Figure 6.3 shows a PDF with normal

distribution around x = x standard deviation = s and variance = s?

P(x) X=X

I 13.6%

T
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Figure 6.3 Probability distribution function as a function of x assuming
normal distribution around x =%, and standard deviation = s

The figure also shows the percentages of areas in five regions with respect to the total
area under the curve for P(x).

The variance for probability distribution represents how individual data points relate to
each other within a dataset.

The variance is the average of the squared differences between each data value and the

mean.



Moments (0, 1, 2 ...) refer to the expected values to the power of (0, 1, 2,) of random
variable variance (Section 6.2.5.3). The variance is the second central moment of a
distribution, which equals to the square of the standard deviation, and the covariance of
the random variable with itself, and it is often represented by s2 or var (x).

The variance is computed as follows:

s
o’ =—2(x;v 2} (6.4)

Assume that probability  distribution (PDF) is normal, called Gaussian
distribution, which is like a bell-shaped curve (Figure 6.3). The PDF of the normal
distribution is such that 68% of area under the PDF is within (x.+ s) and ( r, - s), 95% of
area under the PDF is within (x" + zs) and (X, - zs) and 99.7% is within(x.. + ss) and

(X.. -ss).

Standard deviation and empirical rule help in computing the population distribution over
68%, 95% and 99. 7% of data under normally distributed population. This further
helps in forecasting. The following example explains the meaning of population,

expected values, normalized probabilities, PDF and interpretation using mean value



o

EXAMPLE 6.2

Assume that N students gave the examination. Let N, is number of students
obtained grade pointer average = 1, N, got 2, ..., N,, got 10. Highest-grade

pointer is 10.0. Grade pointer obtained is not a random variable. Grade
pointer variation is a random variable with an expected value and standard
deviation.

Expected value among the distributed x; values, where i varies discretely

from 0.0 to 10.0 will depend on the expected performance of the student. If
teaching in the class is very good and students prepare for the examination
very well, then expected value of GPA is 8.0 for very good performing
students and standard deviation found is 1.0.

(i) What do vou mean by population? What do you mean by sample?
(i) What will be the normalized probabilities?

(iii) How will you define Probability Distribution Function (PDF)?
(iv) How will you interpret the results in terms of normal distribution?

(v) When will you interpret the results as poor and poorer in terms of
normal distribution?

SOLUTION

(i) Population is GPA of all the students of the university who gave the
examination. Population size is N. Sample means datasets used in the
analysis. It can be N or less than N students and GPA of each one.

(ii) y . , ) ()

Probability that students obtained grade pointer 1 is \ ¥/ 2is ¥/ |

on normalization of probability. (N = N, + N, + ....)

(iii) PDF represents a curve for independent variable x between GPA = 0 and
GPA = 10, such that the sum of all P values is 1, where P, is the ratio of
number of students getting GPA = i with respect to the total population
N or the sample.

-(l-Y!’

Pix)= e 20 (6.5)
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between x = 0 and 10.0, where s = 1.0 and x- = 8.0.

(iv) GPA value is 8.0 and standard deviation is 1.0, which means 68% of the
students will get GPAs between 7.0 and 9.0, 95% between 6.0 and 10.0,
and 99.7% between 5.0 and 10.0.

(v) The expected value of 3.0 (less than 3.0) and standard deviation of 1.0
means poor performance of students because 68% students get
between 2.0 and 4.0. The expected value of 3.0- (less than 3.0, say 2.5)
and standard deviation of 1.5 means poorer performance of students
because 68% students get between 1.0 and 4.0.

Ke

rnel Functions



A probability or weight can be represented by a kernel functionl like a Gaussian or tri-
cube function. (Kernel in English means some thing central and key (important)
part. For example, the kernel inside a walnut's shell is important because it is the
edible part. Kernel in an operating system is key or central component.)

Kernel function is a function which is a central or key part of another function.
For example, Gaussian kernel function is the key part of the probability
distribution  function [Equation (6.5)]. Figure 6.3 shows the probability normal

distribution, which isa Gaussian function based on the Gaussian kernel function.

A kernel functionl, K* defines as

K*u) = AK(A.u). (6.6a)
where A > 0. Gaussian kernel function is
s
K*x) = & 2 (6.6b)
(v27)
X=X |
and when u = |73 [ the distribution function is proportional to
=
1 —1x-x)%
Pix)= ¢ 20
o\2n

A= [ : ) in Equation (6.3).
032

Tricube kernel function is:

K*(u)=t70/81) (l—lulsﬁ..K(l.uL (6.6¢)
where |u| =1.

Moments

Moments (0, 1, 2, ...) refer to expected values to the powers of (0, 1, 2 ...) of
random variable variance. 0™ moment is 1, 1 moment = E(x) = %, (expected
value), 2" moment is squared V[(x, - ,)?] = sum of product of (x; - )% and P(x =
;).

Here, P is the probability at x=x, when i is varying from 1 to n, for n values of
random variable x. The r'" moment is r'P power of variance V[(x, - x)].
Moments are evaluated from the results obtained for the randomly distributed
probabilistic values of the variable, such as sales. 1% moment assigns equal weight to

variances of outliers and inliers, i.e., equal weight for variance of each. 2" moment



assigns higher weight to outliers compared to inliers. 3 moment assigns greater
weight to outliers compared to inliers. Moment can be defined with respected to the

origin, and in that case, x- is considered 0.

Let P is along y axis and variable x on x axis. Central moment means that moments
compute taking x(bar), equals to variable x at x axis point where the probability

curve partitions equally by a vertical axis, parallel to they axis.
Unequal Variance Welch's t-test
A test in statistics is unequal-variance t test, also called Welch t-test.

(i) The test assumes that two groups of data are sampled data which consist of Gaussian
distributed populations (Equation (6.3)).

(i) The test does not assume those two populations have the same standard  deviation.
Unequal variances t-test is a two-sample location test.

It tests the hypothesis that two populations have equal means. (Hypothesis means

making assumption statements about certain characteristics of the population.

For example, an assumption that most students of a specific professor will excel as a

programmer.

Hypothesis when tested for a decade may pass or fail depending up on whether the
statistically significant results show that the students of that professor really excelled as

programmers.)

Welch's t-test is an adaptation of student's t-test in statistics. The t-test is more

reliable when the two samples have unequal variances and unequal sample sizes.
Analysis of Variance (ANOVA)

An ANOVA test is a method which finds whether the fitted results are significant or not.
This means that the test finds out (infer) whether to reject or accept the null hypothesis.
Null hypothesis is a statistical test that means the hypothesis that "no significant
difference exists between the specified populations”. Any observed difference is just due

to sampling or experimental error.

Consider two specified populations (datasets) consisting of yearly sales data of Tata Zest
and Jaguar Land Rover models. The statistical test is for proving that yearly sales of both



the models, means increments and decrements of sales are related or not. Null
hypothesis starts with the assumption that no significant relation exists in the two sets

of data (population).

The analysis (ANOV A) is for disproving or accepting the null hypothesis. The test also
finds whether to accept another alternate hypothesis. The test finds that whether

testing groups have any difference between them or not.

Analysis of variance (ANOV A) is a useful technique for comparing more than two
populations, samples, observations or results of computations. It is used when
multiple sample cases are involved. Variation between samples and also within sample

items may exist.

For example, compare the effect of three different types of teaching methodologies
on students. This may be done by comparing the test scores of the three groups of
20 students each. This technique provides inferences about whether the samples
have been drawn from populations having the same mean. It is done by examining the
amount of variation within each of these samples, relative to the amount of variation

between the samples.

F-test F-test requires two estimates of population variance- one based on variance
between the samples and the other based on variance within the samples. These two
estimates are then compared for F-test:
ElV)
= (6.7)
E2V)
where EI(V) is an estimate of population variance between the two samples and E2(V)
is an estimate of population variance within the two samples. Several different F-
tables exist. Each one has a different level of significance. Thus, look up the numerator

degrees of freedom and the denominator degrees of freedom to find the critical value.

The value of F calculated using the above-mentioned formula is to be compared
to the critical value of F for the given degrees of freedom. If the F value calculated

is equal or exceeds the critical value, then significant differences between the



means of samples exist. This reveals that the samples are not drawn from the same

population and thus null hypothesis is rejected.
No Relationship Case

Statistical relationship isa dependence or association between two random variables
or bivariate data. Bivariate means 'two variables'. In other words, there are two types
of data. Relationships between variables need to be studied and analyzed before drawing
conclusions based on it. One cannot determine the right conclusion or association

when no relationship between the variables exists.
Correlation

Correlation means analysis which lets us find the association or the absence of the
relationship between two variables, x and y. Correlation gives the strength of the
relationship between the model and the dependent variable on a convenient O-
100% scale.

R-Square R is a measure of correlation between the predicted values y and the
observed values of x. R-squared (R2) is a goodness-of-fit measure in lineare
regression model. It is also known as the coefficient of determination. R2 is the square
of R, the coefficient of multiple correlations, and includes additional independent

(explanatory) variables in regression equation.

Interpretation of R-squared The larger the R2, the better the regression model fits the
observations, i.e., the correlation is better. Theoretically, if a model shows 100%
variance, then the fitted values are always equal to the observed values, and therefore,

all the data points would fall on the fitted regression line.

Correlation differs from a regression analysis. Regression analysis predicts the value of
the dependent predictor or response variable based on the known value of the
independent variable, assuming a more or less mathematical relationship between two or

more variables within the specified variances.
Correlation Indicators of Linear Relationships

Correlation is a statistical technique that measures and describes the 'strength’ and
'direction' of the relationship between two variables. Let us explore the relations

between only two variables.



Does y increase or decrease with x? For example, expenditure increases with income or

does the number of patients decrease with proper medication. (Direction)
(i) Suppose y does increase with x; then, how fast? (ii) Is this relationship strong?

(iii) Can reliable predictions be made? That is, if one tells the income, can the

expenditure be predicted?

Relationships and correlations enable training model on sample data using statistical
or ML algorithms. Statistical correlation is measured by the coefficient of
correlation. The most common correlation coefficient, called the Pearson product-
moment correlation coefficient. It measures the strength of the linear association

between variables.

The correlation r between the two variables x and y is:

=02 B e

where n is the number of observations in the sample, xi is the x value for

observation i, x- is the sample mean of x, Yi is they value for observation i, y- is the
sample mean of y, sx is the sample standard deviation of x, and sy is the sample

standard deviation of y.
Summation is over all nvalues of i, i =1, 2, ..., n.

[r2 is square of sample correlation coefficient between the observed outcomes and the

observed predictor values, and includes intercept on y-axis in case of linear regression.]
Use of Statistical Correlation Assume one sample dataset is {ul, ees, u)
containing n values of a parameter r. The ru,i is i-th data point in dataset u. (i = 1,

2, ..., n). Another sample dataset is {v1l, s, vn}

containing n values of r. rv,i is i-th data point in dataset v. Let the correlation among

two samples is being measured.
Use of Statistical Correlation Assume one sample dataset is {ul, ee, 1)
containing n values of a parameter r. The ry; is i-th data point in dataset u.

(i=1,2,..., n). Another sample dataset is {vI, *e*, vn}



containing n values of r. ry,is i-th data point in dataset v. Let the correlation among two

samples is being measured.

Sample Pearson correlation metric c¢; measures how well two sample datasets fit on a

straight line.
AL =T N =T)
cAu,v) = z‘ - : - = . (6.8b)
:JZ‘.["“‘_’}] 2"(’.\’.1_’:{)‘
where the summations are over the values of parameter in the datasets.
Three other similarities based on correlation are:
(i) Constrained Pearson correlation - It is a variation of Pearson correlation that

uses midpoint instead of mean rate.

(i) Spearman rank correlation - It is similar to Pearson correlation, except that  the

ratings are ranks.

(iii) Kendall's G correlation - It is similar to the Spearman rank correlation, but
instead of using ranks themselves, only the relative ranks are used to calculate

the correlation.

Numerical value of correlation coefficient ranges from + 1.0 to -1.0. It gives an
indication of both the strength and direction of the relationship between variables.

In general, a correlation coefficient r > 0 indicates a positive relationship; r <0 indicates
a negative relationship; r = 0 indicates no relationship (or that the variables are
independent of each other and not related). Here r = + 1.0 describes a perfect positive

correlation and r = -1.0 describes a perfect negative correlation.

The closer the coefficients are to + 1.0 and -1.0, the greater is the strength of the

relationship between the variables.

Table 6.1 gives rough guidelines on the strength of the relationship (though many
experts  would somewhat disagree on the choice of boundaries).



Table 6.1 The strength of the relationship as a function of r

-1.0 to -0.5 or 1.0to 05 | Strong
-0.5 to -0.3 or 0.3 to 0.5 | Moderate
-0.3to -0.1 or 0.1 to 03 | Weak

-0.1 to 0.1

None or very weak

Correlation is only appropriate for examining the relationship between meaningful

quantifiable data (such as, temperature,

such as gender,

and negative relationships. And the strength and

Direction of the relationship between variables.

marks, score) rather than categorical

data,

color etc. Figure 6.4 shows perfect and imperfect, linear positive
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REGRESSION ANALYSIS

Correlation and regression are two analyses based on multivariate distribution. A

multivariate distribution means a distribution in multiple variables.

Suppose a company wishes to plan the manufacturing of Jaguar cars for coming
years. The company looks at sales data regressively, i.e., data of previous years'

sales. Regressive analysis means estimating relationships between variables

Regression analysis is a set of statistical steps, which estimate the relationships
among variables. Regression analysis may require many techniques for modeling
and performing the analysis using multiple variables. The aim of the analysis
is to find the relationships between a dependent variable and one or more
independent,  outcome, predictor or response variables. Regression analysis

facilitates prediction of future values of dependent variables.

Regression analysis is a set of statistical steps, which estimate the relationships
among variables. Regression analysis may require many techniques for modeling
and performing the analysis using multiple variables. The aim of the analysis

is to find the relationships between a dependent variable and one or more



independent,  outcome, predictor or response variables. Regression analysis

facilitates prediction of future values of dependent variables.

* It helps to find how a dependent variable changes when variation is in an
independent variable among a set of them, while the remaining independent
variables in the set are kept fixed.

» Non-linear regression equation is as follows:

% 3 4
YV =ag+a,X+ 8, + a3, (6.9)
where number of terms on the right-hand side are 3 or 4. Linear regression means only

the first two terms are considered. The following subsections describe regression

analysis in detail.
Simple Linear Regression

» Linear regression is a simple and widely used algorithm. It is a supervised ML
algorithm for predictive analysis. It models a relationship between the
independent predictor or explanatory, and the dependent outcome or variable, y

using a linearity equation.

y = flag, @) = ay + ay.x, {6.10)

where a0 is a constant and al is the linearity coefficient.

Simple linear regression is performed when the requirement is prediction of values of one
variable, with given values of another variable. The following example explains the

meaning of linear regression.



- EXAMPLE 6.3 h

How can a university student’s GPA be predicted from his/her high school
percentage (HSP) of marks?

SOLUTION

Consider a sample of ten students for whom their GPAs and high school
scores, HSPs, are known. Assume linear regression. Then,

GPA =85, .HSP +A . (6.11)

Figure 6.5 shows a simple linear regression plot for the relationship
between the college GPA and the percentage of high school marks. Plot the
values on a graph, with high school scores in percentage on the x axis and
GPA on the y axis.

Figure 6.5 shows a simple linear regression plot for the relationship
between the college GPA and the percentage of high school marks. Plot the
values on a graph, with high school scores in percentage on the x axis and
GPA on the y axis.
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Figure 6.5 Linear regression relationship between college GPAand
percentage of high school marks




Whenever a perfect linear relationship between GPA and high school
score exists, all 10 points on the graph would fit on a straight line. However,
this is never the case. Whenever an imperfect linear relationship exists
between these two variables, a cluster of points on the graph, which slope
upward, may be obtained. In other words, students who got more marks in
high school should get more GPA in college as well.

One variable, denoted by x, is regarded as the predictor, explanatory or
independent variable. The other variable, denoted by vy, is regarded as the
response, outcome or dependent variable.

XS
Figure 6.6 shows a simple linear regression with two regression lines with different

regression equations. Looking at the scatter plot, two lines can fit best to summarize the

relation between GPA and high school percentage.

; GPA = HSP*0 88+ 44
P 2l

= GPA= HSP*0.E5+5.05
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Figure 6.6 Linear regression relationship with two regression lines with
different coefficient in regression equation

Following notations can be used for examining which of the two lines is a better fit:

1. Yi denotes the observed response for experimental unit i

2. Xi denotes the predictor value for experimental unit i

3. Yiisthe predicted response (or fitted value) for experimental unit i

Then, the equation for the best fitting line using a sum of the error estimating function is:

Y, =+ dyx, (6.12)

where a'y and a'j are the coefficients in Equation (6.10). Use of the above equation to

predict the actual response Yi, leads to a prediction error (or residual error) of size:



e'.=}'l.—y; (6.13)

FINDING SIMILAR ITEMS, SIMILARITY OF SETS AND
COLLABORATIVE FILTERING

» Similar item search refers to a data mmmg method which helps in discovering
items which have similarities in datasets. (Data mining means discovering
previously unknown interesting  patterns  and knowledge from apparently
unstructured data. The process of data mining uses the ML algorithms. Data
mmmg enables analysis, categorization and summarization of data and relationships

among data.)
Finding Similar Items

An analysis requires many times to find similar items. For example, finding similar
excellent performance of students in Python programming, similar showrooms of a
specific car model which show high sales per month, recommending books on similar

topic such as in Internet of Things by Raj Kamal from McGraw-Hill Higher Education, etc.
Application of Near Neighbor Search

» Similar items can be found using Nearest Neighbor Search (NNS). The search finds
that a point in a given set is most similar (closest) to a given point. A dissimilarity
function having larger value means less similar. The dissimilarity function is used to

find similar items

* NNS algorithm is as follows: Consider set S having points in a space M.
Consider a queried point g EM, which means g is member of M. k-NNS
algorithm finds the k-closet (1-NN) pointsto g in S.

Three problems with the Pearson similarities :

. 1. Do not consider the number of items in which two users' preferences

overlap. (e.g., 2 overlap items==> 1, more items may not be better.)
« 2. Iftwo users overlap on only one item, no correlation can be computed.

» 3. The correlation is undefined if series of preference values are identical.



FREQUENT ITEMSETS AND ASSOCIATION RULE MINING

Frequent Itemset Mining

Extracting knowledge from a dataset is the main goal of data analytics and data
mining. Data mining mainly deals with the type of patterns that can be
mined. A method of mining is Frequent Patterns (FPS) mining method.

Frequent patterns occur frequently in transactional data.

Frequent item set refers to a set of items that frequently appear together, for
example, Python and Big Data Analytics. Students of computer science frequently
choose these subjects for in-depth studies. Frequent item set refers to a frequent
iternset, which is a subset of items that appears frequently in a dataset.

Frequent Itemset Mining (FIM) refers to a data mining method which helps in
discovering the itemsets that appear frequently in a dataset. For example,
finding a set of students who frequently show poor performance in semester
examinations.  Frequent subsequence is a sequence of patterns that occurs
frequently. For example, purchasing a football follows purchasing of sports kit.
Frequent substructure refers to different structural forms, such as graphs, trees or

lattices, which may be combined with itemsets or subsequences.

FIM is one of the popular techniques to extract knowledge from data. The
technique has been an essential part of data analysis and data mining. The
extraction is based on frequently occurring events. An algorithm specifies a given
minimum frequency threshold for considering an itemset as frequent. The extraction
generally depends on the specified threshold.

Frequent Itemset Mining (FIM) refers to a data mining method which helps in
discovering the itemsets that appear frequently in a dataset. For example,
finding a set of students who frequently show poor performance in semester
examinations.  Frequent subsequence is a sequence of patterns that occurs
frequently. For example, purchasing a football follows purchasing of sports Kit.
Frequent substructure refers to different structural forms, such as graphs, trees or

lattices, which may be combined with itemsets or subsequences.

FIM is one of the popular techniques to extract knowledge from data. The

technique has been an essential part of data analysis and data mining. The



extraction is based on frequently occurring events. An algorithm specifies a given
minimum frequency threshold for considering an itemset as frequent. The extraction

generally depends on the specified threshold.
Association Rule- Overview

* An important method of data mining is association rule mining or association
analysis. The method has been widely used in many application areas for discovering
interesting relationships which are present in large datasets. The objective is to find
uncovered relationships using some strong rules. The rules are termed as

association rules for frequent itemset. Mahout includes a

» 'parallel frequent pattern growth' algorithm. The method analyzes the items in a
group and then identifies which items typically appear together (association)

(Section 6.8). A formal statement of the association rule problem is:
LetI ={I1, 12, e+, Id} be a set of d distinct attributes, also called literals. Let T =

o {tl, t2, *es  t) Dbe set of n transactions and contain a set of items such that T c I.
An association rule is an implication of the form, X _.. Y, where X, Y belong to sets

of items called itemset (X, Y ¢ 1), and X and Y are disjoint itemset
(X nY =0). Here, X is called antecedent, and Y consequent.
Explanation:

« 1.c means 'subset of, ¢ means 'proper (strict) subset of, n means intersection

and 0 means disjoint, no commonality in members.

« 2.Consider an If() then () form of a rule. The If part of the rule (A) is known as
antecedent and the THEN part of the rule (B) is known as consequent. The condition

is antecedent. Result is consequent.

Applications of Association Rules

* FIM is a popular technique for market basket analysis.
* Market Basket Model

» Market basket analysis is a tool for knowledge discovery about co-occurrence of
items. A co-occurrence means two or more things occur together. It can also be

defined as a data mining technique to derive the strength of association



between pairs of product items. If people tend to buy two products (say A and B)
together, then the buyer of product A is a potential customer for an

advertisement of product B.

The concept is similar to the real market basket where we select an item (product) and
put it in a basket (itemset). The basket symbolizes the transactions. The number of
baskets is very high as compared to the items in a basket. A set of items that is present in
many baskets is termed as a frequent itemset. Frequency is the proportion of baskets

that contain the items of interest.

Market basket analysis can be applied to many areas. The following example explains the

market basket model using application examples
Example :- Suggest application examples of the market basket model

SOLUTION

Application 1

1. Items = Products

Baskets = Sets of products a customer purchases at one time from a store.

Example:

Run sales on flowers; raise price of chocolates.

The knowledge is useful when many buy chocolates and flowers together of an

application:Given that, many people buy chocolates and flowers together.

Application 2:

2. Items= Words
Baskets = Web pages

Unusual words appearing together in a large number of documents, for example, 'research’

and 'plastic’ may provide interesting information.

Finding Association

Association rules intend to tell how items of a dataset are associated with each other.



The concept of association rules was introduced in 1993 for discovering relations between

items in sales data of a large retailing company.

The following examples give rules between items found associated in the sales data of a

retailer.

Suggest association rules between items found in the sales data of a retailer, and rules for

course choice for a computer science student in college
SOLUTION

1. {Bread} ~{Butter}

The rule suggests a relationship between the sales of bread and butter. A

customer who buys bread also buys butter.
2. {Chocolates}~ {a Gift Box}

The rule suggests a that relationship between the sales of chocolates and empty gift boxes
exists. A customer who buys chocolates also buys a gift box.

3. {Java programming r+ {advanced web technology} and

{Python programming} ~ {Big Data Analytics}

The rules suggest relationships between Java and advanced web technology, and Python
programming and data analytics. Students who opt for Java programming also want to learn
advanced web technology, and those who opt for Python programming also opt for
Big Data Analytics.

Finding Similarity

Let A and B be two itemset. Jaccard similarity index of two itemsets is measured in

terms of set theory using the following equation:

|AnB;j
AuBI

Jaccard ITETNsEIs siMUanty INgex = | _ = 100%.

Explanation: n means intersection, number of those elements or items which are the same in
set A and B.



U means union, number of elements or items present in union of A and B

Text Mining

Text mining is the art and science of discovering knowledge, insights and patterns
from an organized collection of textual databases. Textual mining can help with
frequency analysis of important terms, and their semantic relationships.

Text is an important part of the growing data in the world. Social media
technologies have enabled users to become producers of text and images and other
kinds of information. Text mining can be applied to large-scale social media data
for gathering preferences, and measuring emotional sentiments. It can also be
applied to societal, organizational and individual scales.

Text Mining Applications

Text mining is a useful tool in the hands of chief knowledge officers to extract
knowledge relevant to an organization. Text mining ca be used across industry
sectors and application areas, including decision support, sentiment analysis, fraud
detection, survey analysis, and many more.

1. Marketing: The voice of the customer can be captured in its native and raw
format and then analyzed for customer preferences and complaints.

1. Social personas are a clustering technique to develop customer segments
of interest. Consumer input from social media sources, such as reviews,
blogs, and tweets, contain numerous leading indicators that can be used
towards anticipating and predicting consumer b avior.

2. A ‘listening platform’ is text mining application, that in real time, gathers
social media, blogs, and other textual feedback, and filters out the chatter
to extract true consumer sentiment. The insights can lead to more
effective product marketing and better customer service.

2. The customer call center conversations and records can be analyzed for
patterns of customer complaints. Decision trees can organize this data to
create decision choices that could help with product management activities
and to become proactive in avoiding those complaints.

3. Business operations: Many aspects of business functioning can be accurately
gauged from analyzing text./

1. Social network analysis and text mining can be applied to emails, blogs,
social media and other data to measure the emotional states and the



mood of employee populations. Sentiment analysis can reveal early signs
of employee dissatisfaction which can then can be proactively managed.

2. Studying people as emotional investors and using text analysis of the
social Internet to measure mass psychology can help in obtaining
superior investment returns.

3. Legal: In legal applications, lawyers and paralegals can more easily search case
histories and laws for relevant documents in a particular case to improve their
chances of winning.

1. Text mining is also embedded in e-discovery platforms that help in
minimizing risk in the process of sharing legally mandated documents.

2. Case histories, testimonies, and client meeting notes can reveal
additional information, such as morbidities in a healthcare situation
that can help better predict high-cost injuries and preventcosts.

4. Governance and Politics: Governments can be erturned based on a tweet
originating from a self-immolating fruit-vendor in Tunisi

1. Social network analysis and text ning large-scale social media data can
be used for measuring the emotional states and the mood of constituent
populations.  Micro-targeting constituents with specific messages
gleaned from social media analysis can be a more e icient use of
resource when fighting democratic elections.

2. In geopolitical ecurity, internet chatter can be processed for real- time
information and to connect the dots on any emerging threats.

3. In acade , research streams could be meta-analyzed for underlying
research trends.

Text Mining Process

Text Mining is a rapidly evolving are of research. As the amount of social media
and other text data grows, there is need for fficient abstraction and
categorization of meaningful information from the text.

1 Text 2. Features 3. Features 4. Data Miining S. Analyzing
Pre-processing Generation Selection Results

« Text Cleanup *Bag of words * Reduce - * Clustering * Visualization
% « Tokenization o, 'Slemmrg ™~ dlmem-onalny (thumr\ased) N « Interpretation
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The five phases for processing text are as follows:

Phase 1: Text pre-processing enables Syntactic/Semantic text-analysis and does
the followings:

1. Text cleanup is a process of removing unnecessary or unwanted
information. Text cleanup converts the raw data by filling up the missing
values, identifies and removes outliers, and resolves the inconsistencies. For
example, removing comments, removing or escaping "%?20" from URL for
the web pages or cleanup the typing error, such as teh (the), do n't (do not)
[%620 specifies space in a URL].

2. Tokenization is a process of splitting the cleanup text into tokens
(words) using white spaces and punctuation marks as delimiters.

3. Part of Speech (POS) tagging is a method that attempts labeling of each token
(word) with an appropriate POS. Tagging helps in recognizing names of
people, places, organizations and titles. English language set includes the
noun, verb, adverb, adjective,

prepositions and conjunctions. Part of Speech encoded in the annotation system of the
Penn Treebank Project has 36 POS tags.4

4. Word sense disambiguation is a method, which identifies the sense of a word
used in a sentence; that gives meaning in case the ord has multiple
meanings. The methods, which resolve the ambiguity of ds ¢ n be context
or proximity based. Some examples of such words are bear, bank, cell and
bass.

5. Parsing is a method, which generates parse-tree for each sentence. Parsing
attempts and infers the precise grammatical relationships between different
words in a given sentence.

Phase 2: Features Generation is a proc ss which first defines features (variables,
predictors). Some of the ways of feature generations are:

1. Bag of words-Orde of words is not that important for certain applications.

Text document is represented by the words it contains (and their
occurrences). Document classificati commonly use the bag-of-words
model. The pre- processing of a document first provides a document with a
bag of words. Document classification methods then use the ccurrence
(frequency) of each word as a feature for training a classifier. Algorithms do
not directly apply on the bag of words, but use the frequencies.

2. Stemming-identifies a word by its root.

(i) Normalizes or unifies variations of the same concept, such as speak
for three variations, i.e., speaking, speaks, speakers denoted by
[speaking, speaks, speaker-
+ speak]
(i)Removes plurals, normalizes verb tenses and remove affixes.
Stemming reduces the word to its most basic element. For example, impurification -+



pure.

3. Removing stop words from the feature space-they are the common words,
unlikely to help text mining. The search program tries to ignore stop
words. For example, ignores a, at, for, it, in
and are.

4. Vector Space Model (VSM)-is an algebraic model for representing text documents as
vector of identifiers, word frequencies or terms in the document index. VSM uses
the method of term frequency-inverse document frequency (TF-IDF) and
evaluates how important is a

word in a document.

When used in document classification, VSM also refers to the bag-of-words model.
This bag of words is required to be converted into a term-vector in VSM. The term
vector provides the numeric values corresponding to each term appearing in a
document. The term vector is very helpful in feature generation and selection.

Term frequency and inverse document frequency (IDF) are important metrics in text
analysis. TF-IDF weighting is most common Instead of the simple TF, IDF is
used to weight the importance of word in the document.

Phase 3: Features Selection is the process that selects a subset of features by
rejecting irrelevant and/or redundant features (variables, predictors or dimension)
according to defined criteria. Feature selection process does the following:

1. Dimensionality reduction-Feature selection is one of the methods of division and
therefore, dimension reduction. The basic objective is to eliminate irrelevant
and redundant data. Redundant features are those, which provide n extra
information. Irrelevant features provide no useful or relevant information in a
context.

Principal Component Analysis (PCA) and Li r D scriminate Analysis (LDA) are
dimension reduction methods. Discrimination ability of a feature measures relevancy
of features. Correlation helps in finding the redunda cy of the feature. Two
features are redundant to each other if their values correlate with each other.

2. N-gram evaluation-finding the number of conse utive words of interest and extract
them. For example, 2-gram is a two words sequence, ["tasty food", "Good one"]. 3-
gram is a three words sequence, ["'Crime Investigation De artment"].

3. Noise detection and evaluation of outliers methods do the identification of
unusual or suspicious items, vents or observations fr the data set. This step helps
in cleaning the data.

The feature selection algorithm reduces dimensionality that not only improves the
performance of learning algorithm but Iso reduces the storage requirement for a
dataset. The process enhances data understandin and its visualization.

Phase 4: Data mining techniques enable insights about the structured database that
resulted from the previous phases. Examples of techniques are:



1. Unsupervised learning (for example, clustering)
() The class labels (categories) of training data are unknown

(i) Establish the existence of groups or clusters in the data
Good clustering methods use high intra-cluster similarity and low inter-cluster
similarity.
Examples of uses - biogs,
pattern and trends.
2. Supervised learning (for example, classification)
() The training data is labeled indicating the class

(i) New data is classified based on the training set

Classification is correct when the known label of test sample is identical with the resulting class
computed from the classification model

Examples of uses are news filtering application, where it is required to
automatically assign incoming documents to pre-defined categories; email spam
filtering, where it is identified whether incomingemail messagesare spam or not.

Example oftext classificationmethods are Naive Bayes Classifierand SVMs.

3. ldentifying evolutionary patterns in temporal text streams-the method is useful in
a wide range of applications, such as summarizing of events in news articles
and extracting the research trends in the scientific literature.

Phase 5: Analysing results

(i) Evaluate the outcome of the complete process.

(i) Interpretation of Result- If acceptable then results obtained can be used as an input
for next set of sequences. Else, the result can be discarded, and try to understand
what and why the process failed.

(ili) Visualization - Prepare visuals from data, and d a prototype.

(iv)Use the results for further improvement inac  ies at the enterprise, industry or
institution.

Text Mining Challenges

The challenges in the area of text mining can be classified on the basis of

documents area- characteristics. Some of the classifications are as fo ows:

1. NLP issues:
(i) POS Tagging

(i) Ambiguity



(iii) Tokenization
(iv) Parsing
(v)Stemming
(vi) Synonymy and polysemy

2. Mining techniques:
() Identification of the suitable algorithm(s)
(if)Massive amount of data and annotated corpora
(iii) Concepts and semantic relations extraction
(iv) When no training data is available

3. Variety of data:
(i) Different data sources require different approaches and different areas of expertise
(if) Unstructured and language independency

4. Information visualization

5. Efficiency when processing real-time text stream

6. Scalability

1.2 Term Document Matrix

This is the heart of the structuring process. Free flowing text can be transformed into
numeric data in a TDM, which can then be mined using regular data mining techniques.

1. There are several efficient techniques for identifying key terms from a text.
There are less efficient techniques available for creating topics out of them.
For the purpose of this discussion, one could call key words, phrases or topics
as a term of interest. This approach measures the frequencies of sele
important terms occurring in each document. This creates a t x d Term-by
Document Matrix (TDM) where t is the number of terms and d is the number
of ments (Table11.1). Creating a TDM requires making choices of which terms



to include. The terms chosen should reflect the stated purpose of the text
mining exercise. The list of terms should be as extensive as needed, but
should not include unnece ary stuff that will serve to confuse the analysis, or
slow the computation.

Term-Document Matrix
Document/ | Investment Profit Happy | Success
Terms
Doc 1 10 4 3 o
Doc 2 7 2 2
Doc 3 2 6
Doc 4 1 5 3
Doc 5 6 2
Doc 6 4 2

Here are some considerations in creating a TDM.

1. A large collection of documents mapped to a large bag of words will likely
lead to a very sparse matrix if they have few common words. Reducing
dimensionality of data will help improve the speed of analysis and
meaningfulness of the results. Synonyms, or terms will similar meaning, should
be combined and should be counted together, as a common term. This would
help reduce the number of distinct terms of words or ‘tokens’.

2. Data should be cleaned for spelling errors. Common spelling errors should be
ignored and the terms should be combined. Uppercase- lowercase terms
should also be combined.

3. When many variants of the same term are used, just the stem of theword would
be used to reduce the number of terms. For instance, terms like customer order,
ordering, order data, should be combined into a single token word, called
‘Order’.

4. On the other side, homonyms (terms with same spelling but different
meanings) should be counted separately. This would nhance the quality of
analysis. For example, the term order can mean a customer order, or the anking
of certain choices. These two should be treated separately. “The boss ordered
that the customer orders data analysis be presented in chronological order’.
This statement shows three different meanings for the word ‘order’. Thus, there
will be a need for a manual review of the TD matrix.

5. Terms with very few occurrences in ery few documents should be eliminated
from the matrix. This would help increase the density of the matrix and the
quality of analysis.



6. The measures in ch cell of the matrix could be one of several possibilities. It
could be a simple count the number of occur s of each term in a
document. It could also be the log of that numbe could be the fraction
number computed by dividing the frequency count by the total number of
words in the document. Or there may be binary valuesin the matrix to represent
whether a term is mentioned or not. The choice of value in the cells will depend
upon  purpose of the textanalysis.

At the end of this analysis and cleansing, a well-formed, densely populated,
rectangular, TDM will be ready for analysis. The TDM could be mined using all the
available data mining techniques.

1.3 Mining the TDM

The TDM can be mined to extract patterns/knowledge. A variety of techniques

could be applied to the TDM to extract new knowledge.

Predictors of desirable terms could be discovered through predictive techniques,
such as regression analysis. Suppose the word profit is a desirable word in a
document. The number of occurrences of the word profit in a document could be
regressed against many other terms in the TDM. The relative strengths of the
coefficients of various predictor variables would show the relative impact of those
terms on creating a profit discussion.
Predicting the chances of a document being liked is another form of analysis. For example,
important speeches made by the CEO or the CFO to investors could be evaluated for quality. If the
classification of those documents (such as good or poor speeches) was available, then the terms of
TDM could be used to predict the speech class. A decision tree could be constructed that
makes a simple tree with a few decision points that predicts the success of a speech 80 percent of

the time. This tree could be trained with more data to become better over time.

Clustering techniques can help categorize documents by common profile. For
example, documents containing the words investment and it more often could be
bundled together. Similarly, documents containing the words, ¢ mer orders and
marketing, more often could be bundled together. Thus, a few strongly demarcated
bundles could capture the essence of the entire TDM. These bundles could thus help
with further processing, such as handing over select documents to others for legal

disco ery.



Association rule analy ould show relationships of coexistence. Thus, one could say
that the words, tasty and sweet, occur together often say 5 percent of the time); and
further, when these two words are present, rcent of the time, the word happy, is
also present in the document.

1.4 Comparing Text Mining and Data Mining

Text Mining is a form of data mining. There are many common elements between
Text and Data Mining. However, there are some key differences (Table 1.2). The key
difference is that text mining requires conversion of text data into frequency data,
before data mining techniques can beapplied.

WEB MINING, WEB CONTENT AND WEB USAGE ANALYTICS
Web is a collection of interrelated files at web servers.

Web data refers to:

(i) web content-text, image and records,

(i1) web structure-hyperlinks and tags, and

(iii) web usage-http logs and application server logs.

Features of web data are:

1. Volume of information and its ready availability

2. Heterogeneity
3. Variety and diversity (Information on almost every topic is available using different forms,

such as text, structured tables and lists, images, audio and video.)



4. Mostly semi-structured due to the nested structure of HTMLcode

5. Hyperlinks among pages within a website, and across different websites

6. Redundant or similar information may be present in several pages

7. Mostly, the web page has multiple sections (divisions), such as main contents of the page,
advertisements, navigation panels, common menu for all the pages of a website and copyright
notices

8. A web form or HTMLform on a web page enables a user to enter data that is sent to a

server for processing

9. Website contents are dynamic in nature where information on the web pages constantly
changes, and fast information growth takes place such as conversations between users, social
media, etc.

The following subsections describe web data mining and analysis methods:
Web Mining

« Data Mining is a process of discovering patterns in large datasets to gain
knowledge. The process can be shown as [Raw Data - Patterns - Knowledge]. Web
data mining is the mining of web data. Web mining methods are in multidisciplinary

domains:

(i)  data mining, ML, natural language,
(i)  processing, statistics, databases, information retrieval, and

(iii)  multimedia and visualization.

Web consists of rich features and patterns. A challenging task is retrieving interesting
content and discovering knowledge from web data. Web offers several opportunities and

challenges to data mining.

Definition of Web Mining

Web mining refers to the use of techniques and algorithms that extract knowledge from the
web data available in the form of web documents and services. Weh mining applications are

as follows:



(i) Extracting the fragment from a web document that represents the full web document

(i1) Identifying interesting graph patterns or pre-processing the whole web graph to come up

with metrics, such as PageRank
(iii)  User identification, session creation, malicious activity detection and filtering, and

extracting usage path patterns

Web Mining Taxonomy

Web mining can broadly be classified into three categories, based on the types of web data to
be mined. Three ways are web content mining, web structure mining and web usage mining.

Figure 9.6 shows the taxonomy of web mining.

Web Mining

Ty '
Web Structure Web Usage
Mining Mining
Lit Web Applica- Applica
2¢ | Server tion tion
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Web mining taxonomy
Web content mining is the process of extracting useful information from the contents of

web documents. The content may consist of text, images, audio, video or structured

records, such as lists and tables.

Web structure mining is the process of discovering structure information from the web.
Based on the kind of structure-information present in the web resources, web structure

mining can be divided into:

1. Hyperlinks: the structure that connects a location at a web page to a different
location, either within the same web page (intra document hyperlink) or on a

different web page (inter-document hyperlink)



2. Document Structure: The structure of a typical web graph consists of web pages as

nodes, and hyper links as edges connecting the related pages.

Web Content Mining

Web Content Mining is the process of information or resource discovery from the content
of web documents across the World Wide Web. Web content mining can be (i) direct
mining of the contents of documents or (ii) mining through search engines. They search
fast compared to direct method.

Web content mining relates to both, data mining as well as text mining. Following are the
reasons:
(i) The content from web is similar to the contents obtained from database,
file system or through any other mean. Thus, available data mining techniques
can be applied to the web.
(i)  Content mining relates to text mining because much of the web content
comprises texts.
(iii) Web data are mainly semi-structured and/or unstructured, while data mining

is structured and the text is unstructured.

Applications

Following are the applications of content mining from web documents:

1. Classifying the web documents into categories
2. ldentifying topics of web documents
3. Finding similar web pages across the different web servers

4. Applications related to relevance.

PAGE RANK, STRUCTURE Of WEB AND ANALYZING A WEB GRAPH
Page Rank Definition

The in-degree (visibility) of a link is the measure of number of in-links from other
links. The out-degree (luminosity) of a link is number of other links to which that link

points.



PageRank definition according to earlier approaches

Assume a web structure of hyperlinks. Each hyperlink in-links to a number of
hyperlinks and out-links to a number of pages. A page commanding higher authority
(rank) has greater number of in-degrees than out-degrees. Therefore, one measure of a

page authority can be in-degrees with respect to out-degrees.

PageRank refers to the authority of the page measured in terms of number of times a

link is sought after.
PageRank definition according to the new approach

Earlier approach of page ranking based on in-links and out-links does not capture the
relative authority (importance) of the parents. Page and co-authors (1998) defined a
page ranking method,5 which considers the entire web in place of local neighbourhood

of the pages and considers the relative authority of the parent links (over children).

Web Structure

Web structure models as directed-graphs network-organization. Vertex of the directed
graph models an anchor. Let n = number of hyperlinks at the page U. Assume u is a vector
with elements ul, u2, <= un. Each page Pg (u) has anchors, called hyperlinks. Page Pg
(v) consists of text document with m number of hyper links. v is a vector with elements vi,
vz, **» vm- The m is number of hyper links at Pg (v). A vertex u directs to another Page V.

A page Pg (v) may have number of hyperlinks directed by out-edges to other page Pg (w).
Consider the following hypotheses:

1. Text at the hyperlink represents the property of a vertex u that describes the
destination V of the out-going edge.
2. A hyperlink in-between the pages represents the conferring of the authority.

Pages U and U¢ hyperlinks u and ue out-linking to Page V. Let Page U has three
hyperlinks parenting three Pages, V one, W two, X

two, U' one, and Y two, respectively.

Web Communities



Web communities are web sites or collections of websites, which limit the contents view
and links to members. Examples of web communities are social networks, such as
LinkedIn, SlideShare, Twitter and Facebook.

The communities consist of sites for do-it-yourself sites, social networks, blogs or

bulletin boards. The issues are privacy and reliability of information.

Metric for analysis of web-community sites are web graph parameters, such as triangle

count, clustering coefficient and Keneighbourhood.

K-neighbourhood analysis means the number of 1st neighbour nodes, 2nd neighbour
nodes, and so on(K =1, 2, 3, 4 and so on).

K-core analysis means the number of cores within a marked area. A core may consist of a
triangle of connected vertices. A core may consist of a rectangle with interconnected
edges and diagonals. A core may also be a group of cores.

Spark Graphx (Section 8.5) described functions for degree centralities, degree
distribution,  separation  of degree, betweenness centralities, closeness centralities,
neighbourhoods, strongly connected components, triangle counts, PageRank, shortest
path, Breadth First Search (BFS), minimum spanning tree (forest), spectral clustering and

cluster coefficient.
Limitations of Link, Rank and Web Graph Analysis
Following are the limitations oflink and web graph analysis:

1. Search engines rely on metatags or metadata of the documents. That enhances the

rank if metadata has biased information.

2. Search engines themselves may introduce bias while ranking the pages of clients

higher as the pages of advertising companies

may provide higher searches and hence lead to biased ranks.

3. A top authority may be a hub of pages on a different topic resulting in increased

rank of the authority page.



4. Topic drift and content evolution can affect the rank. Off-topic pages may return the

authorities.

5. Mutually reinforcing affiliates or affiliated pages/sites can enhance each other's

rank and authorities.

6. The ranks may be unstable as adding additional nodes may have greater influence
in rank changes.

SOCIAL NETWORKS AS GRAPHS AND SOCIAL NETWORK ANALYTICS

» Asocial network is a social structure made of individuals (or organizations) called
"nodes," which are tied (connected) by one or more specific types of inter-
dependency, such as friendship,  kinship, financial exchange, dislike or
relationships of beliefs, knowledge or prestige. (Wikipedia)

» Social networking is the grouping of individuals into specific groups, like small
rural communities or some other neighbourhoods based on a requirement. The
following subsections describe social networks as graph, uses, characteristics and

metrics.

Representation of social
networksas graphs

methods of social network
analysis, finding the
clustering in social netviork
graphs, evaluating the

Sim Ran counting triangles
(chiques) and discovening
the communities

Social Network as Graphs

Social network as graphs provide a number of metrics for analysis. The metrics enable
the application of the graphs in a number of fields. Network topological analysis tools
compute the degree, closeness, betweenness, egonet, K-neighbourhood, top-K shortest

paths, PageRank, clustering, SimRank, connected components, K-cores, triangle count,



graph matches and clustering coefficient. Bipartite weighted graph matching does

collaborative filtering.

Apache Spark Graphx and IBM System G Graph Analytics tools are the tools for social

network analysis.

Centralities, Ranking and Anomaly Detection

Important metrics are degree (centrality), closeness (centrality), betweenness (centrality)
and eigenvector (centrality). Eigenvector consists of elements such as status, rank and
other properties. Social graph-network analytics discovers the degree of interactions,

closeness, betweenness, ranks, probabilities, beliefs and potentials.

Social network analysis of closeness and sparseness enables detection of abnormality
in persons. Abnormality is found from properties of vertices and edges in network graph.

Analysis enables summarization and find attributes for anomaly.

Graph Network Topological Analysis using Centralities and PageRank

Social graph network can be topologically analyzed. The centralities (degree, closeness,
effective closeness and betweenness) and

PageRank (vertex Rank similar to PageRank in web graph network) are the parameters

analyzed.
Degree

Degree of a graph vertex means the total number of edges linked to that. In-degree of a
vertex means the number of in-edges from the other vertices. Out-degree of a vertex
means the number of out-edges to other vertices to which that vertex directs. Degree
distribution function means the distribution function for the degrees of vertices (Section
6.2.5 described the common distribution functions).

Closeness

Graph vertex closeness Cc (v) is a way of defining the centrality of a vertex in reference
to other vertices. Sum is the overall vertices connected to other vertices u. The u is a

subset of vertices in set V.



The centrality (closeness index), ¢ is function of distances of vertices.

The centrality (closeness index), c is function of distances of vertices.
Ce(V)= [I.. d (u.vin
u e\

where d (u, v) is distance between u and v for path traversal.

Effective Closeness

Effective closeness Cec(v)can also be analyzed. Use approximate average distance from v
to all other vertices in place of the shortest paths. Cec reduces run time for cases with a

large number of edges and near linear scalability in computations.
Betweenness

Graph vertices betweenness means the number of times a vertex exists between the
shortest path and the extent to which a vertex is located 'between' other pairs of vertices.
Betweenness ¢8 (v) of a vertex v requires calculating the lengths of shortest paths among

all pairs of vertices and computations of the summation for each pairing vertex in V.

PageRank
PageRank is a metric for the importance of each vertex in a graph, assuming an edge
from vl to v2 represents endorsement of importance of v2 by vl by connecting,

following, interacting, opting for relationship, sharing belief or some other means.

Contacts Size
Contacts size means a vertex connection to many vertices. The size of each vertex does not
convey any meaningful information. A big social graph network will also require high

maintenance cost.

Indirect Contacts
Indirect contacts metric means betweenness, which is the sum of the shortest paths within
geodesic distances from all other pairing vertices. Three-step contact metric means a
number of edges to other vertices plus the number of edges from other vertices within

geodesic distances =< 3.

Both metrics convey meaningful information. The indirect contacts metric has meaning

in terms of magnitude of betweenness centrality.

Structure Diversity



Structure diversity metric means that social graph has access to diverse sub-graphs

(knowledge).

Clusteringin Social Network Graphs

One of the methods of detecting communities from social graph analysis is finding
clustering and cluster coefficients. A clustering coefficient is a metric for the
likelihood that two associated vertices of a vertex are also associated with other
vertices. A higher clustering coefficient indicates a greater association and

cohesiveness.

Connected components mean components of the datasets (represented by
properties of vertices) connected together. For example, finding student-teacher

datasets, social network datasets, etc.

Sim Rank

Similarity can be defined by properties of graph vertices. For example course,
subject, student, scientist, Java programmer, status, values, or any other salient
characteristic. Social network analysis of graphs computes SimRank.

SimRank is the metric for measuring similarity between vertices of the same type.
The computation starts from a vertex possessing specific property and path
traversals through the edges search the similarities. The vertices having similar

properties are counted to the SimRank.

Counting Triangles and Graph Matches

One of the methods of detecting communities is counting of triangles. A triangle

means three vertices forming a triangle with edges interconnecting them.

Triangle count refers to the number of triangles passing through each vertex. The
count is a measure of clustering. A vertex is part of a triangle when it has two
adjacent vertices with an edge between them.

Graph matches are computed using filtering or search algorithm, which uses
the properties, labels of vertices, edges or the geographic locations.

shows triangles and triangles between similar graph properties found from graph

matches. Edge labels show the GPAs of students socially connected.
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9.14 Clustering of five triangles and three matches of graphs
Using Spark Graph(Map-Reduce)for Network Graphs

 describes Spark GraphX algorithms for analyzing graphs.
Connected  components compute by graph. connected Components () .
vertices method in Spark Graph. Connected Components Algorithm labels
each connected component of the graph with an ID. Each connected component
ID is ID of the lowest-numbered vertex. For example, in a social network,
connected component objects can approximate clusters. GraphX contains an
implementation  of the algorithm in the Connected Components Object.  The
clusters are found by discovering close-by connected components using
closeness centrality metric.

» SparkGraphX triangle-count algorithm computes the number of triangles passing
through each vertex. The count is a measure of clustering. TriangleCount requires
the edges to be in canonical orientation (srcld < dstld). Source vertex ID is srcld
and Destination vertex ID is dstID. Graph is partitioned using Graph.partitionBy
operator.

Direct Discovery of Communities
» Three metrics identify groups and communities from a social graph:

1. Cliques - A clique forms by a set of vertices when each of the vertices directly
connects to every other individual vertex through the edges. Detecting the cliques leads to

direct discovery of communities.



2. Structurally cohesive blocks.
3. Social circles from connections and neighbourhoods

A bridge enables the link between two groups. Application of analyzing communities,
SimRanks and bridges are finding a set of experts, specific areas of expertise, and ranking

the expertise in an organization.

Experience in social science fields shows that the social network of a person is the key
indicator of the stature of the person and his/her success potential. Social graph analysis
enables finding key bridges and persons with most connections.



