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1,736,111
Instagram pics

204,000,000
emails

f

4,166,667 likes &
200,000 photos

L

347 222 tweets

Tube

300 hours of
video uploaded
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Volume  «¢

40,000 =

By 2020, accumulated digital universe of
U, data will grow from 4.4 zetabyets today
to around 44 zettabytes, or

44 trillion gigabytes.
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Variety <

Log Audio Video Image

Un-Structured
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Velocity <

Every 60 seconds

o 100,000+ tweets
o 695,000 + status update

.-. 11,000,000 + instant messages
Mobile, social
Internet media, cloud 698,445 Google Searches

BEQ 160000000« emate[ ]
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a 1,820 TB data created
D 217+ new mobile users
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Next
Generation
Products

Cost
Reduction

Big Data
Analytics
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Faster and
Better Decision
Making

Improved
Services or
Products




Big Data

Big Data Ju 5 45005 4 5l
S 9 aiedsa sleglejlw sloul -

v. .
oo

‘ | S |

patterns, scientific analysis, and technological tools

=
New York Police Department is utilizing data
to prevent the occurrence of crime
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i Analysing all the clicks of every )
o visitor on a website

] étudying the paths leading themﬁ
to buy products

Customer Satisfaction

Amazon uses customer click-stream data and historical purchase data of more than 300 million
customers and each user is shown customized results on customized web pages.
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/Parkland Hospital uses\

analytics and predictive
modelling to identify high-
risk patients and predict
likely outcomes once
patients are sent home.
As a result, Parkland
reduced 30-day
readmissions for patients
with heart failure, by 31
percent, saving $500,000

\ annually. /
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Big Data tools are used to operate Google's Self Driving Cars. The Toyota Prius is fitted
with cameras, GPS as well as powerful computers and sensors to safely drive on the road
without the intervention of human beings.

A smart yoga mat has sensors embedded in the mat will be able to provide feedback on
your postures, score your practice, and even guide you through an at-home practice.
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Healthcare Insurance

Big Data
Analytics

Finance Automobile Education
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Starbucks uses behavioural analytics to
cater to its customers

Starbucks gather a lot of info
about their customers’ coffee-
buying habits from their preferred
drinks to what time of day they're
usually ordering

The company directs exciting
offers and coupons to their
customers and ensures to
maintain their interest
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P&G uses Market Basket Analysis and price
optimization to optimize their products

J

Procter&Gamble

Market Basket Analysis, analyses
customer buying habits by finding
associations between the different
items that customers place in
their “shopping baskets”

The company uses simulation
models and predictive analysis in
order to create the best design for

its products.
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Identifying Problem

Designing Data
Requirement

Big Data

Visualizing Data

Pre-processing Data

=]

l

Performing Analytics
Over Data
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(Descriptive Analytics) iwog Julos 9 450 -

NETFLIX, ) .cwl osls o Jb oo Bl ax (63959 el bl v
(Google Analytics Tool

Google Analytics Tool is the best example for =

descriptive analysis. A business gets result from the
web server through the tool which help understand
what actually happened in the past and validate if a
promotional campaign was successful or not based on

basic parameters like page views.
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(Predictive Analytics) abKiwe Judoo 9 45520 -
(Southwest Airlines analyses) .aa 5, (Bl 4z oanl )5 cuwl (Koo v

For example, Southwest Airlines analyses sensor data on
their planes in order to identify patterns that indicate a
potential malfunction, thus allowing the airlines to the

necessary repairs before its schedule.
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(Prescriptive Analytics)  Josllgiws Judos g 4500 -V
(Google self-driving car) .95 obssl Lb Joc 4> v

decides the direction to take based on data.

Google’s self-driving car is a perfect example of ~a
prescriptive analytics. It analyses the environment and




Jﬂ Big Data

Big Data JJos 9 43555 glgl <
(Diagnostic Analytics) gsbus Judos 9 4500 -F

(Social media marketing) .otsl glsl | > v

-
For a Social Media marketing campaign, you can use
diagnostic analytics to assess the number of posts, mentions,
followers, fans, page views, reviews, pins, etc. and analyse the
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Structured

» Organized data format
* Data schema is fixed
* Ex: RDBMS data, etc.

Big Data

Big Data o ¥siw

0 Hbslo b @Lm 6305 u.i»)'b).;

Semi - Structured

Partial organized data

Lacks formal structure of a data
model

Ex: XML & JSON files, etc.

Unstructured

ey ® - UN-Organized data
* Unknown schema
= Ex: multi-media files, etc.
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Hard Disk Capacity v.s. Disk Transfer Performance
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Source: Tom's Hardware




I Big Data

Big Data —Yiw o> ol

\/

Hadoop <«
090 4 1) S5 sla eals dcgeme 25 (0 05 b a5 cunl o9z )l> gola

S G510 50 9 0 35 00l 2565 9 (S5lge

'aIaJ,c.rJ

HDES - ) MapReduce
(Storage) (Processing)

Allows to dump any kind of data across the Allows parallel processing of the data stored in
cluster HDFS

\/

Nlgs b oo @lgda;wwbwg&@olgwl)Hadoop o




I Big Data

Hadoop Distributed File System
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Hadoop s, lexs

Master Node Slave Node Slave Node

TaskTracker
MapReduce layer JobTracker

DataNode - | DataNode
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HIVE & DRILL
(Analytical

SQL-on-Hadoop)

Resource

Management

SPARK PIG
{in-Memory, (Scipting)
Data Flow Engine)

APACwNE

Spark.

ZOOKEEPER & AMBARI
(Management &
Coordination)

MAHOUT &
SPARK MIib
{(Machine learning)

OOZIE
(Scheduling)

APACHE

Spark.

KAFKA & STORM MLIIB SOLR & LUCENE
(Streaming) (Searching &
indexing)
& O "Loam PRI
| Solr-
Flume Sqoop
L £]3]in|
o (x
Bl
Unstructured/

Semi-structured Data Structured Data
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