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New IDC Forecast Sees Worldwide Big Data Technology and Services Market
Growing to $48.6 Billion in 2019, Driven by Wide Adoption Across Industries

November 09, 2015 08:30 AM Eastern Standard Time

FRAMINGHAM, Mass.--(BUSINESS WIRE)--The Big Data market continues to exhibit strong momentum as businesses
accelerate their transformation into data-driven companies. This momentum is driving strong growth in big data-related

infrastructure, software, and services. A new forecast from International Data Corporation (IDC) sees the big data technology
and services market growing at a compound annual growth rate (CAGR) of 23.1% over the 2014-2019 forecast period with

annual spending reaching $48.6 billion in 2019. And a new IDC Special Study examines spending on big data solutions in
greater detail across 19 vertical industries and eight big data technologies.

“The ever-increasing appetite
of businesses to embrace
emerging big data-related
software and infrastructure
technologies while keeping
the implementation costs low
has led to the creation of a
rich ecosystem of new and
incumbent suppliers”

"The ever-increasing appetite of businesses to embrace emerging big data-
related software and infrastructure technologies while keeping the
implementation costs low has led to the creation of a rich ecosystem of new and
incumbent suppliers,” said Ashish Nadkarni, Program Director, Enterprise
Servers and Storage and co-author of the report with Dan Vesset, Program Vice
President, Business Analytics & Big Data. "At the same time, the market
opportunity is spurring new investments and M&A activity as incumbent suppliers
seek to maintain their relevance by developing comprehensive solutions and new
go-to-market paths."”

All three major big data submarkets — infrastructure, software, and services — are
expected to grow over the next five years. Infrastructure, which consists of



Big Data — A Brief Review

Perhaps you’ve seen these before?
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As of 2011, the global size of
data in hezlthcare was

By 2014, it's anticipated
thers will be
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Where is this Big Data coming from?
't’s the Internet of Everything...
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Where is this Big Data coming from?
't’s User-Generated Content...




Where is this Big Data coming from?
't’s Sensor Data...

Gyroscope
Magnetometer Bluetooth
Barometer GSM/CDMA Cell
J NFC: Near Field

Camera (front)

Camera (back)




Where is this Big Data coming from?
't’s Sensor Data...
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Where is this Big Data coming from?
't’s Connected Data...
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Where is this Big Data coming from?
It’s all these “Smart” “Things”...

Where We Are...Devices
* PCs
* Tablets

* Smartphones
*» Connected TVs
* Connected Cars

*» Wearables

Where We’re Going... Things’

*  Smart homes Efﬁ
TFg

* Smart cities

* Smart offices 3
Ny Vo,
* Smart factories ¥ N JL{V‘
s




Big Data — A Brief Review

So, we know that “big data” is BIG...

1 terabyte 1,000,000,000,000
1 petabyte 1,000,000,000,000,000
1 exabyte 1,000,000,000,000,000,000

1 zettabyte 1,000,000,000,000,000,000,000



How do we Manage and Analyze Big Data?
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Big Data Analytic Platforms

What is enabling them?

* Lower Cost

* Greater Storage (HD and RAM)

* Faster Input / Output Operations
* Faster Processing

* Increased Bandwidth

Since 1990, the average price per MB of memory has dropped from
$59 to 0.49 cents — a 99.2% price reduction.

At the same time, the capacity of a memory module has increased
from 8MB to a 8GB.

Average Computer Memory Prices By Year
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Big Data Analytic Platforms

What is enabling them?

* Cloud / Distributed Computing

* New Data Management Tools (Hadoop, etc.)
* New Technologies (Spark, etc.) SPQI""(\Z

* Ease-of-Use (Browser-based, etc.) Hehtning-Fast Cluster Computing
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Big Data Analytic Platforms

=— Menu JLL amazon AWS re:invent Announcements  Products  More v English v  MyAccount v Create an AWS Account

Get Started with AWS for Free

Explore the AWS platform, cloud Create a Free Account
products and solutions

Amazon EC2
750 hours of Linux & Windows

Learn more about AWS » .
Micro Instances/month

View AWS Free Tier Details »

Recommended for You

Gain free, hands-on
experience with AWS for

T~




Big Data Analytic Platforms

) Google Cloud Platform =S Signin

Why Google  Products Solutions  Launcher Pricing Customers Documentation Support Partners Contact Sales

» Platform as a service

Build at the speed of Google . Virtual machines

- Big data solutions

Get $300 in credit towards a 60-day free trial. O | NoE@L atahatas

This trial is absolutely free and you will not be billed )
. ! - Object storage
unless you decide to upgrade to a paid account. 1 o .
- Application services

{) TRvITFREE

Introducing Cloud Datalab
Interactive large-scale data exploration, analysis and visualization




Big Data Analytic Platforms

Hewlett Packard Solutions Services Products About Us Support
Enterprise

& & D il & 2

Software Home Security Big Data Software Operations Management App Lifecycle Services & Support

BIG DATA PLATFORM

HP Haven, the industry’s first comprehensive, scalable, open, and secure platform for Big Data analytics enables you to
deliver actionable insight where and when it is needed to drive superior business outcomes and gain competitive
advantage.

Seize the Data

Delivered via the cloud and on-premise, HP Haven is designed to
harness 100% of your data—>business, human, and machine—to
extract business value from all your data to gain competitive
advantage today and power the next generation of applications
and services for tomorrow.

(PDF 3209KB)

Download the White Paper

R, 1-877-686-9637 (Sales) R, 1-800-633-3600 (Support) [ Contact a Sales Expert Live chat (offline) Have a question?




Big Data Analytic Platforms

(0?) IBM Bluemix DISCOVER CATALOG PRICING DOCS GARAGE COMMUNITY

Your applications in the cloud

Session videos from IBM Relay Bluemix public region open in Alpha Modus reinvents
Sydney, Australia investment with IBM Bluemix




Big Data Analytic Platforms

SALES 1-800-765-471 w MY ACCOUNT PORTAL Search p'

FREE TRIAL

Why Azure  Products Documentation Pricing Partners Blog Resources Support

" 57% of Fortune
The C|OUd for mOdern bUSIDeSS : 500 companies

already use Azure.

Move faster : Hear their stories »
Save money

Integrate on-premises apps and data

Why Azure? >

Sign up and deploy your first cloud solution in under 5 minutes

Get Started Azure Friday
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Big Data Analytic Platforms
How do we use them for Analysis?
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What happened?
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Descriptive Statistics

Data Clustering
Business Intelligence
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Spectrum of Analytics

Diagnostic

Why did it happen?

Financial
Hardship

« Business Intelligence
» Sensitivity Analysis
* Design of Experiments

Sales

Predictive
What will happen?

Price

Linear and Logistic
Regression

Neural Networks
Support Vector
Machines

Analytical Sophistication

Prescriptive
What shoud | do?
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GIS — A Brief Review

As we all know, location matters...

DU «XIn
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= (9) Massachusetts State Police

LOCATION
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GIS — A Brief Review

and everything happens somewhere...
and at a specific time...




Dr. John Snow

Dr. Snow is frequently referred to as the 'father of public health.' In 1854 a cholera epidemic
raged across Europe. The onset of the disease is sudden and death can result in as little as a

week. In London, one devastating outbreak claimed the lives of more than 500 people in just
ten days. The search for the cure and the cause was furious and fruitless.

Dr. Snow had observed cholera first-hand in 1831 as an apprentice surgeon, but it was only
17 years later, in 1848-1849, that he developed a new theory for the mechanism of cholera
transmission. Contrary to the prevailing belief, Snow argued that cholera was a disease of the
gut and that the causal agent must enter through the mouth and then multiply within the gut
of the sufferer, subsequently spreading to others. Dr. Snow reasoned that broad transmission
of cholera had to be due to contaminated drinking water.

In September 1854, when Dr. Snow was called on to examine the causes of the cholera
epidemic, he turned immediately to the water supply. His previous research suggested that
the localized nature of the outbreak would mean that the cause had to be a contaminated
pump or well, rather than a problem with the general water supply. He discovered that while
there were five water pumps in the neighborhood, most of the deaths took place near the
pump on Broad Street. Upon further investigation he discovered that among the deaths of
people situated farther from the Broad Street pump, half of the deceased preferred the
water from the Broad Street pump to their nearer pump, and another third attended school
near the ill-fated pump. Upon presentation of his findings to community leaders, the handle
of the Broad Street pump was removed, and the epidemic quickly abated. Further
investigation of the well discovered that a sewer pipe underground was leaking raw sewage
into the drinking water of the Broad Street pump.

Dr. Snow realized that a spot map illustrating the location of the deaths in the Broad Street
cholera outbreak would be a useful addition to his report. Snow's famous map was first
exhibited at a meeting of the Epidemiological Society of London in December 1854.













John Snow Map, 1854
Soho, London, England







160+ Years Later
Soho, London, England
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2015 map / 1854 map
Soho, London, England
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2015 map / 1854 map
Soho, London, England
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2015 map / 1854 map
Soho, London, England
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2015 map / 1854 map
Soho, London, England
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John Snow now...
Soho, London, England

Real-time monitoring
to identify problems
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John Snow now...
Soho, London, England

\> A8
< N ga
o ) N 04 P
gV . < \‘oou G L L
- CEa \
2> 9 <H % \
) wee Z
§ D yi9° S ,:n - we\\\ﬂ
6:,_4 . BN, 5178 % o
L) % Z
(8 = ® e
(\) 36'\\\* 660

i)
iy O -
% o % & o
%. ° B b e Del B NAIEQ, USGS, |
\d % (Hong Kong), Esri (I'hailana), TomTom, 2012

Hot spot analysis and
identified water lines

\Lei cester

Square

on®

sV

s



John Snow now...
Soho, London, England
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John Snow now...

Soho, London, England
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Spatial Big Data and Analytics

SALES 1-300-867-1389 W

A brief detour...

Why Azure

Products

Overview
Best Practices
Compute

Web & Mobile
Data & Storage
Analytics

Internet of Things
Networking
Media & CDN

Hybrid Integration

Identity & Access Management

Developer Services
Management & Security

Billing

Pricing Partners Blog Resources Support

Overview

Get Started
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juickly get started with Azure

Azure Friday Videos

Watch the weekly 10 minute video series with Scott Hanselman

Create a Windows Virtual Machine

Create an Azure virtual machine (VM) in the Microsoft Azure porta

Create a Linux Virtual Machine

MY ACCOUNT

Create an Azure virtual machine using the Azure Command-line Interface

Create an ASP.NET Web App

Create an ASP.NET web application and deploy it to App Service using Visual Studio
Create a Node.js Web App

Create a Node application and deploy it to Azure App Service Web Apps using Git
Create an iOS Mobile Backend

Add a cloud-based backend service to an iOS app using Azure Mobile Services

Build your first Machine Learning experiment

Create your first experiment in Azure Machine Learning Studio

PORTAL

Search




Spatial Big Data and Analytics

Why Azure  Products

Overview

Best Practices

Compute

Web & Mobile

Data & Storage
Analytics

Internet of Things
Networking

Media & CDN

Hybrid Integration
Identity & Access Management
Developer Services
Management & Security

Billing

SALES 1-800-867-1389 Ww MY ACCOUNT PORTAL Search

FREE TRIAL

Pricing Partners Blog Resources Support

Analytics Get credits that enable:

Data Lake Analytics 8§ standard SQL Databases

Distributed analytics service that makes big data easy .
: - ’ Hadoop instance for a

Data Lake Store week

Hyperscale repository for big data analytics workloads
yp P . - : And much more...

HDInsight

Provision managed Hadoop clusters

Learn more »

Machine Learning

Powerful cloud-based predictive analytics

Stream Analytics

Real-time stream processing

Data Factory

Orchestrate and manage data transformation and movement

Event Hubs

ngest, persist, and process millions of events per second

Data Catalog

Data source discovery to get more value from existing enterprise data assets



Spatial Big Data and Analytics

= Cortana Analytics Gallery Search by name, algorithm or tags AR @ Sign in
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Spatial Big Data and Analytics

= Cortana Analytics Gallery
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dataset
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Spatial Big Data and Analytics
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Spatial Big Data and Analytics

NYC Taxi Data - consists of over 173 million taxi rides in the year 2013




Spatial Big Data and Analytics

NYC Taxi Data - includes driver details, pickup and drop-off locations,
time of day, trip locations (longitude-latitude), cab fare and tip
amounts. An analysis of the data shows that:

* Almost 50% of the trips did not result in a tip,
* The median tip on Friday and Saturday nights was typically the highest, and
* The largest tips came from taxis going from Manhattan to Queens.



Spatial Big Data and Analytics
NYC Taxi Data
Was a tip paid for the trip? (Binary Classification)
What was the tip amount range? (Multiclass Classification)

What was the tip amount? (Regression)



Microsoft Azure Machine Learning: Algorithm Cheat Sheet

ANOMALY DETECTION

One-class SVM

PCA-based anomaly detection

REGRESSION

Ordinal regression

Poisson regression

Fast forest quantile regression

Linear regression

Bayesian linear regression

Neural network regression

Decision forest regression

Boosted decision tree regression

>100 features,
aggressive boundary

«— Fast training

Finding unusual
data points

+—— Data in rank ordered categories —

Predicting event counts

+——— Predicting a distribution

+——— Fast training, linear model

+——/Linear model, small data sets—

+——Accuracy, long training time —

Accuracy, fast training

‘

Accuracy, fast training,
large memory footprint

CLUSTERING

K-means

Discovering
structure

’_

Threeor
more

Predicting
categories

Predicting values

TWO-CLASS CLASSIFICATION

Two-class SVM ;
linear model

Two-class averaged perceptron «— .
gedp P linear model

Fast training,

Two-class logistic regression 3
linear model

Two-class Bayes point machine «~— R L

Accuracy, fast training

Depends on the two-class
classifier, see notes below

>100 features, =

Fast training, _|

This cheat sheet helps you choose the best Azure Machine Learning Studio
algorithm for your predictive analytics solution. Your decision is driven by
both the nature of your data and the question you're trying to answer.

MULTI-CLASS CLASSIFICATION

—— Fast training, linear model ——= Multiclass logistic regression

— Accuracy, long training times — Multiclass neural network

Multiclass decision forest

— Accuracy, small memory footprint—e Multiclass decision jungle

——= One-v-all multiclass

Accuracy,

. ' ——e Two-class decision forest
fast training

Accuracy,
| fasttraining,
large memory
footprint
Accuracy,

— small memory —= Two-class decision jungle
footprint

— Two-class boosted decision tree

Fast training, _|

— >100 features —s Two-class locally deep SVM

Accuracy, long

S 4 —e Two-class neural network
training times

@ Microsoft




Spatial Big Data and Analytics

Uber data, NYC Taxi data, and Weather data

“What if | were Uber?”
“How would we use this Spatial-Temporal Data?”

* Real-time data - Uber and Weather data
e Historic data - Uber, NYC Taxi, and Weather data



Spatial Big Data and Analytics

Uber data, NYC Taxi data, and Weather data

“What if | were an Uber driver?”

“How would | use this Spatial-Temporal Data?”

* Where should | be for the most number of pick-ups?
* Where is the best place for the highest tip?
* What's the weather for the highest tip?




Spatial Big Data and Analytics

NYC Taxi Data — 48 hour period — 30 and 31 December 2013
Emerging Hot Spot Analysis

Space-Time Cube Analysis
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Spatial Big Data and Analytics




Spatial Big Data and Analytics

How do we / will we use them for spatial-temporal:

analysis?

data mining?
machine learning?
knowledge discovery?
visualization?



Spatial Big Data and Analytics

What are / will be the workflows?

How will data move through these platforms?

data > non-spatial analysis > spatial analysis
data > spatial analysis > non-spatial analysis > spatial analysis
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Spatial Big Data and Analytics

Information
Management

Azure
Data Catalog

Big Data Stores

Y

Azure
SQL Data Warehouse

==

GIS?
INTELLIGENCE

Machine Learning
and Analytics

Azure
Machine Learning

Dashboards and
Visualizations

I.Il. | Power BI

Personal Digital Assistant

Cortana

Azure

HDInsight (Hadoop) Perceptual |ﬂt€"igence

[ .
@ Face, vision
L |

g ? Speech, text
Azure

Stream Analytics Business Scenarios

Recommendations,
customer churn,
forecasting, etc.

GIS?

People

Automated
Systems

GIS?

ACTION




Spatial Big Data and Analytics

What will the future look like?



