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Armageddon:
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| BIG DATA, BIG OPPORTUNITY

] 10% CAN LEAD TO LARGE RETURNS

A10% increase in USABILITY of
data transiates to an increase of

$2.01 billion $65.67 million

in total revenue per year.

| \
A10% increase in ACCESSIBILITY to
data translates to an additional

in net income per year
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THE NEW DYNAMICS OF BUSINESS

COMPETING ON DATA DRIVEN ANALYTICS

OCompanies adopting
data driven analytics have Empower New
5%- 6% better top line “Blue Ocean”
and bottomtline. € . : Business Models

- McKinsey & Co

Competitive
Differentiation

Improve
Operational Actionable
Efficiencies Customer Ot g
Insights Service Services
Reduce Risk Reduce . - Predictive
and Costs Churn ' Analytics Incubate New
"B ! Ventures
. —
Save “‘l“ [y . Self Improve 4
Time Service Customer
, _ Experience : :
E_—_———= Median ROIs from Analytics :
Lower AOperational Analytics: 277%
Campiasy AFinancial Analytics: 139%
ACustomer Analytics: 55%
= IDC
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COMPETING ON DATA DRIVEN ANALYTI
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4 Factors

in Enterprise Analytics
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NEW FOCAL POINT FOR BIG DATA

BIG DATA ANALYTICS

The market for big data is evolving.
QOrganizations were initially looking for
big data management solutions that
enable them to deal with the massive
data volumes and variety...but the real
value is derived from gaining insights in
the data, which requires organizations
to then look for big data analytics tools
that provide insights

An EE! " Company




I BIG DATA ANALYTICS GAP

| DRIVING SIGNIFICANT INNOVATION IN THE DATABASE INDUSTRY

A r

Business . Deep Analytics
Value Big Data ) — HighAgility
Platform - Massive Scalability
. — Real Time

Tomorrow

— High Variety
» High Volume p
Challenges tilgh Completiy Big Data
— High Velocity
>
Time
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I COMPETING ON SPEHDANALYSIS

REAL TIME ANALYTICS DRIVES VALUE

INTELLIGENCE

WHY THIS IS DIFFICULT
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| THEGREAT CIO CHALLENGE

| HARMONIZE AND LEVERAGE RIGHT TECHNOLOGY & SKILLS

BUSINESS EXPECTATIONS TECHNOLOGIES, SOLUTIONS, SKI
Reduce
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Is a unifying platform
possible?

Business - Deep Analytics
Value Big Data | — HighAgility

Platform - Massive Scalabil
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NEW DEMANDS NEED A NEW BUSINES
ANALYTICS PLATFORM

Data Warehouse
& Data Mart DBMSs

A Designed to store
massive volumes of
complex data collected
across the enterprise

A Accessed by a small
number of users

A Designed to analyze

(
r
r
Traditional DBMSs
A Transactional DBs used
for operational reporting
A Not intended for complex
reporting and analytics
re .
| Ij |A
e
\
.
.

massive volumes of
complex data collected
across the enterprise

Designed for large
numbers of users,
workloads & interfaces

CECECECE T
I I I
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BIG DATA, WHAT IS IT? WIKIPEDIA SAY.

A Not really what we used to call VLDB

A datasets that become awkward to work with usingloand database
management tools.

A Difficulties include capture, storagé search, sharing, analyti€sand
visualizing.

A Benefits of working with larger and larger datasets allowing analysts to
"spot business trends, prevent diseases, combat crithg."

A Scientists regularly encounter this problemimn , ,
scomplex physics simulations biological and environmental
research®, Internet search, finance arid

A Ubiquitous informatiorsensing mobile devices, aerial sensory technologies
( ))"software logs, cameras, microphones, RFID readers,
wireless sensor networks and so chl”

A One current feature of big data is the difficulty working with it using
relational databases and desktop statistics/visualization packages, requirir
iInstead "massively parallel software running on tens, hundreds, or even
thousands of servers:*

A C
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| BIG DATA: THE EXTENDED DATA WAREF

Workload agility &
workload complexity

most of the data
Is structured

Data velocity

Analytic RDBMS & volume

appliance or
platform

co-existence

most of the data

is multi-structured
Non-

SEEVGEL
System

Universal
RDBMS

Data variety &
analytic complexity

Source 3: Colin White, Bl Research, Big Data Use Cases Matching Technology tWSE- A wc
n >’ Company
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| DATA STORAGE & ALGORITHMS ARE
MOVING CLOSER TOGETHER

REQUIRESLLDATA ANALLALGORITHMS TOGETHER IN ONE PLATFORM

[ Visualization & Interaction]

Algorithms

FTTTTT
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Big Data

Data Type
Diversity

Complex
Questions

[ Visualization & Interaction]

=

Algorithms
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Sybase |Q ldatabase Analytics

Simply Smarter

Figure 1: THE OLD WAY

= Logic /filtering applied | ey !
Dita [RATaMIc b erkbench Results} ‘

Servers

Visualization

Data To Logic = SLOW + CLUMSY

Figure 2. THE NEW WAY

& Average Dashboard -
e — !

Logic /filtering —) |
applied Results \ -~ ‘

Visualization

Logic to Data = FAST + EFFICIENT
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V Data NEVER leaves database until
results are materialized

V Analytics code/models are SHAREAB
and allow ABHOC analysis

V Analytics code/models are applicable
to the LATEST data set

V PRIVACY protection is ensured

V STANDARDS based access,
EXTENSIBILITY ofdatabase logic

V PERFORMANCE and SCALABILITY
improvements are visible

V Average SQL specialist able to code |
database analytical models



Sybase 1Q and Fuzlzgfé

\ ¥ A

Solving Multiple Paradigms

A Balancing between large volumes of data,
throughput and accuracy has always been a

challenge.

A The conventional wisdorg pick any two (or

just one!)

A Sybase IQ and Fuzzy Logix provide an

analytical platform where one can achieve all Volume

L : N
three objectives simultaneously.

A Traditional constraints of data analysis are

non-existent in this platform. Powered by column based
architecture and indatabase analytics

A C
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I WHAT IMAPREDUGCE

A Software framework developebly Google in 2004
A Supports distributed computing on large data sets across clusters/nodes

A MapReducdgso &SR 2y TFdzy OuA2y Il f LINPINI YYAY:
functions

A Libraries written inC++, C#rlang JavaQCam| Perl, Python, PHP, Ruby, F#, R and
other programming languages

A C
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A Master node receives the input
A Partitions input up into smaller sybroblems
A Distributes the sukproblems to worker nodes.

NOTEA worker node may repeat this process, leading to a rheNil tree
structure. The worker node processes the smaller problem, and passes the
answer back to its master node.



' [ ¢9t HY Gw95!/ 9¢

A Master node collects the answers to all the suioblems

A Combines the answers to form the output

A C
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I WHAT ISHADOOP

A Software framework ownetly Apache

A Enables applications to work with thousands of nodes peisbytesof data.
A Inspired byMapReduce

A Written in Java

A Yahoo! And~aceboolare the most prominent users

A C
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COMPLEKADOORARCHITECTURE

A Similar to a simple architecture but with dedicated servers for each node

MapReduce
layer

HDFS
layer

21 ¢ CompanyConfic

master slave
task task
tracker tracker

o ,______________
| job |
tracker

multi-node cluster




PREDICTIVE MODELING MARKUP

LANGUAGE (PMML)

Open Standard Agile Deployment of Predictive Analytics

Unifies Proprietary

ModelBuilding Model Deployment

3‘1 Integration/ Execution
SAP BusinessObjects’

Simple Deployment & Execution
* Turn PMML into UDFs

*Deploy PMML files & UDF stubs
*Write SQL against UDFs

O3fere  MTIBCO
The Power of Now
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wﬂg Universal Predicti
PMML Plug-in redictions

ACalleable via SQL
Aln-database scoring

I Any predictive model

I Any data mining vendor
AEase of use
AHighly scalable




ANALYTICS INTEGRATED INTO BUSINE.
PROCESS PROVIDES RBAE INSIGHTS

NEW ANALYTIC SERVERS RUN PREDICTIVE MODELS AGAINST IREAIDANIA IN
PROVIDING MORE ACCURATE, TIMELY INSIGHTS

Big Data Analytics
/' Business Process

Modgel
éﬁ)ata Scientist

A C
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Predictive Analysis



I TYPES OFIDNATABASE ANALYTICS

Mathematical
and Statistical

ABasic math
AMatrix algebra

AGamma and beta
functions

AArea under curve
AANOVA
AChisquare
ADescriptive statistics

bl

Probability
Time Series Distributions
AARIMA AMonte Carlo
AGARCH simulation
AForecasting AUnivariate
AAuto - Correlation Ad'Str'bUt'OnS
Alntervention COPU|IaSZ
Detection Correlated
multivariate

distributions

e N ENE

Data Mining

ALinear regression
AL ogistic regression

APrincipal
component analysis
(PCA)

ACluster analysig
five models
available

ADiscriminant
analysis




CER COMPLEX EVENT PROCESSING

Send the data to the queries.

CEP Application

Updates
ts Actions

Memory

Disk

A C
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CER COMPLEX EVENT PROCESSING

Streaming data analytics.

Situation Detection Automated response

AAnalyze live data for patterns which Aldentify criticalsituationsand drive
identify critical situations immediate responses

Examples Examples

AOut of range sensor readings A Automated backesting

A Operational problentemediationsuggestions

Aout of specification utilization
Alntrusion detectionand isolation actions

AUnrecognized IP packets

Continuous Intelligence

A Trackoperational performancéo
adjustexecution rapidly

Stream Transformation

ACleanse and Enrich live data streams
ATurn raw data into actionable info

Examples
A Situational Riskntelligence
AHuman and machine fault monitoring

AScenarlecehtrlc|nter§ctlon analytics A Dynamic resource reallocation management
ABest execution metrics

ABandwidth utilization analysis

Examples
ATest datacleansingandenrichment

A C
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MARKET LIQUIDITY ANALYSIS

Consolidates order book across execution venues

A Analyze liquidity in a
fragmented market

A ldentify when, where to trade

A AlgoTrading, Smart Order
Routing




