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Section #1: Who am I?

More importantly, what am | doing here?

CTO of a company
developing Big Data
Solutions




To explain
Big Data —

Simply!!!
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What’s in it for us?’?

Big Data = Big Money




Objectives?

Big Data Overview 3 Applying IT




Practical Examples




Application in Health Care




Application 1n Finance




Arijit Mitra

M.Sc. Electronic Engineering

Worked in diverse industry sectors, from
Finance, Legal, Energy, Bio-pharmaceutical
and Government

16 Years+ Enterprise Content Management

Founder hi-tech startup, HQ Silicon Valley,
focusing on Big Data Analytics




Section #2: Concepts

www . shutterstock.com - 223785412




Gartner Definition - Big
Data
= "Big data” is high-volume, -velocity

and -variety information assets that
demand cost-effective, innovative

forms of information processing for
enhanced insight and decision
making

» http://www.gartner.com/it-glossary/big-
data,




Big Data - States of Matter

Data in Many Forms Data in Doubt

D Uncertainty due to

data inconsistancy

& Incompletensss,

ambiguities, model
approximations




promotes Thought




Volume: Big, Bigger & Bigger

Gigabyte
Terabyte
Petabyte
Exabyte

1,000 megabytes
1,000 gigabytes
1,000 terabytes
1,000 petabytes




Velocity: Blink and you’ll miss
it
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Structured Data
Unstructured Data




Veracity: Data Truth

www. shutterstock.com - 193134332




3: Origins
A brief history of Big-data

Rippling across time — evolution of ideas

1941 — Phrase Information explosion

1944 — Fremont Rider speculates that the Yale Library would house — 2m
volumes, span 6000 shelves, 6000 librarians

1997 — Term 'Big Data’ used in a paper by Michael Cox and David Ellsworth

1999 — "Big Data for Scientific Visualization” - Steve Bryson, David
Kenwright, Michael Cox, David Ellsworth, and Robert Haimes

2000 - Peter Lyman and Hal R. Varian at UC Berkeley publish "How Much
Information?

2001 —Terms Volume, Velocity, Variety coined by Doug Laney, an analyst
with the Meta Group




Ever Expansion

Mobile Traffic IT Storage

#1ZB=1Trillion Gigabytes
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Business Process £ |\ Bio-informatics

e

More Data with More Complex Relationship...in Real Time and At Scale
(To Manage, Govern and Analyze)




Privacy? Huh??
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Promise of Data Insight




Software companies sense
the opportunity and jumps

in to build solutions..




4: Why? Who? How?
What?




WHY ?

Big Data Science Tackling Humanities Biggest
Challenges




Big Data Landscape 2016
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I Continuous Evolution

Sentry
Tez
Evolution of the Apache Hadoop Ecosystem Parquet

Flume
Bigtop
Oozie
MRUnit
HCatalog

Hbase
Core Hadoop ZooKeeper
WFS.MR e M ™

2006




Section #5: Technology
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I Computational framework

2004 2010
MapReduce paper Spark paper

2002 2008 2014
MapReduce @ Google Hadoop Summit Apache Spark top-level




MapReduce

* |n 2004, Google published a paper on a process called
MapReduce that used such an architecture.

= 2005 Apache Open Project Hadoop adopts MapReduce

——
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Reduce —*Results
(Reduce)—> Results

Input Data




Hadoop project

Hadoop Ecosystem

Ambari

Provisioning, Managing and Monitoring Hadoop Clusters
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Coor dmaton

MNote: This is not an exhaustive list




| Apache Spark’s Resilient
Distributed Data (RDD)

RDD concept & implementation first described: Resilient Distributed Datasets: A
Fault Tolerant Abstraction for In-Memory Cluster Computing — University of
California- Berkeley.

RDD Objects DAGScheduler TaskScheduler Worker

Cluster

manager
TaskSet Task

>

Threads

Block
manager

rddl. join(rdd2) split graph into launch tasks via execute tasks

.groupBy(..)
Filter(y stages of tasks cluster manager

_ submit each retry failed or store and serve
build operator DAG stage as ready straggling tasks blocks




Apache Spark




Apache Spark vs Hadoop
MapReduce

» We found Apache Spark
* Easier to Install
* Much Faster
* More Flexible
* Readily Scalable
* Easier to code




New Age-0ld Questions




SQL or NoSQL

Why NoSQL?
Can do everything with RDBMSs!
Having performance, scalability,

transactions and SOL

RDBMSs provide a common
interface with SQL, transactions,
and relational schema

UNDERSTANDING THE MERITS

RDBMS do not scale as good
as NoSQL systems like
Google's Bigtable

A key-value store is adequate
for key lookups and easier to
understand than a RDEMS

Some applications require a flexible
schema. Adding new attributes at
runtime in RDEMS is typically

not possible




Section #6: Using It!

How is this really
implemented?




Coders View

Download JDK 1.8.0_45
Download Eclipse
Download DataStax Cassandra

Download Apache Spark

select package type from 2nd Drop Down: Pre Built for Hadoop
2.6 and later

Download hadoop-common-2.2.0-bin-master.zip
Copy to C:\ drive

Setup HADOOP_HOME to C:\hadoop-common-2.2.0-bin-
master

Avoid nasty bug which prevents you from loading files in Spark




Resources

» http://spark.apache.org/docs/latest/program
ming-guide.html7z

» http://spark.apache.org/docs/latest/streamin
g-programming-quide.html

» http://spark.apache.org/docs/latest/sql-
programming-guide.html




Standalone Apache Spark

Application
= Start Simple!

= Word Count = Apache Spark Equivalent of
Hello World

= RDD’s In practice
Operations
Transformation

= Return a new RDD
Action

= Return a result




| Spark Driver in Action

Worker Node

Executor | Cache

Task Task

Driver Program

SparkContext ]1 Cluster Manager T
Worker Node l

Executor | Cache

Task Task




TECHNOLOGY STACK

Apache
Cassandra Tomcat

Standalone Scheduler




Commonalities 1n demand
between Medical and
Financial Data Sets

Handling of large data sets
Structured/Unstructured data

Data Aggregation
Extraction of Key Performance Indicators

Leveraging of existing code base and
ecosystems




Application in Health Care

= Assessing a patient in less than 8 minutes

= Creating a standard for evidence based
medicine

* |nterfacing disparate data sets
Structured data
RDMBS
Unstructured
Patient Notes
Doctors Notes database




Health Care Big-data landscape

| © Paper Based
ﬁ + System
Patient

Records - Research

Hospital  pocumentation
Records

BIO - MEDICAL BIG DATA LANDSCAPE

Disrupt by handling multiple sources
of data from different systems

Patient  Hospital  gocaarch  Joumals
Recards  Records  pocumen-
tation

L 1

I--: = Part-Paper
Eﬁ :

Electronic Copy

B

Lots of IT System

e}

Historical
Research
Data Sets

APURB/

TECHNOLO G

Big Data Analysis
Framework

Journals %
Patient
Health
Care Records

Hospital
Data




Application 1n Financial

Analysis
= Seizing an opportunity
Security Exchange Commission (SEC) repository
of financial disclosures

Quarterly reports of every major US listed
Company

= Massive of eXtensible Business Reporting
Language (XBRL) format




What does XBRL do?

= What is XBRL

eXtensible Business
Reporting Language

Each line item is given e G
data tag standardized by I.':.:":': B s

US GAAP and different

industries Al N
ik — |

Creates machine I’eadable AR .

data

Facilitates exchange of
financial data between IT
Systems




l Insights from

— | Traders
Macro Excel

i T
8 {-«m Quary I b 4
Traders

; . Data Input
v Template | § Workers
Data Input
Workers

] £ €

XML HTML Paper

Paper Paper

XBRL Silos

£

Traders

Figure value
of variable

Consistency
Repeatability

Update




Opportunities

Company Valuation

SEC XBRL Data
Forecasting
Competitive Position

Leveraging Tax
Benefits

Tax Compliance

Detection of Tax
Evasion




Section #7: Conclusion

It's about time we wrap up!




Conclusion

Big-data is opening up huge possibilities in
healthcare and other areas

The market indicators are forecasting very
aggressive growth of this industry

In all predictions, this area is here to stay and
will become ubiquitous in all spheres of life

What does to us as a society is however a very
open question...




Thanks for your time and
attention!

If you want to contact me, email me at ari@apurbatech.com




