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The SMAQ stack for big data
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You will need a big data stack called
SMAQ (Storage, MapReduce and Query)

LAMP is for Web Services.
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Potential Use Cases for Big Data Analytics

Credit & Market Risk in Banks
Fraud Detection (Credit Card) & Financial Crimes (AML) in Banks

(including Social Network Analysis

Event-based Marketing in Financial Services and Telecoms

Markdown Optimization in Retail

—
Claims and Tax Fraud in Public Sector
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: ; Social Media
Maintenance in p .
Aerospace Sentiment Analysis '
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Disease Analysis
on Electronic Health
Records

1

Demand Forecasting
in Manufacturing
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Video Surveillance/
Analysis

Traditional Data

Warehousing Text Mining
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Structured Semi-structured Unstructured

£EKJR : Big Data is the Answer - What was the Question? Data Varlety
http://www.saama.com/blog/bid/76211/Big-Data-is-the-Answer-What-was-the-Question



PAST: Big Data at Rest

Can gigabytes predict
the next Lady Gaga?

By Stacey Higginbotham

Want to know how playing on Jimmy
Kimmel Live will boost the sales of an
artist’s album? Or how about figuring out
where fans go to find artists after they hit the evening news? What about the effect
Whitney Houston’s death had on her YouTube and Vevo plays? They shot up 4,525
percent, by the way.

How big data can curb
the world’s energy
consumption

One hospital’s
Source: 10 ways big data changes everything, embrace Ofbfg data
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Data at Rest — MapReduce Framework
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SERBSEREIEYS Hadoop
Key Concept : Data Locality
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Processing Time of Batch Jobs
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Phase 1 : Data Collection Phase 2 : Data Processing Phase 3 : Event Handling



NOW: Big Data in Motion
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Disaster Prevention
Tsunami Forecast
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Realtime Data Center Power Usage
and related notifications
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Data in Motion — In-Memory Processing
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GoogleByFflTiEE vs
Apache B2

Big Query Dremel Apache Drill
(JSON, SQL-like) (2010) (2012)
Incremental Index Update Percolator
(Caffeine) (2010)
Pregel Apache Giraph
D
Graph Database (2009) (2011)
-~ “«.
BigTable Apache HBase
Query (2006) (2007)
MapReduce Hadoop MapReduce
mapiedace (2004) (2006)
Google File System HDFS
Storage
| g (2003) (2006)
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NoSQL vs NewSQL

Non-relational ~ Analytic  Mapr
Piccolo  Hadooc Teradata emc Calpont IBM InfoSphere
Dryad sk Hadapt Aster Data Greenplum VectorWise HP Vertica
Operational I\‘ Orade IMBDB2 SQL Server lustOne\
InterSystems Progress \— : PR A R
Objectivity  (Document | arklogic MySQL Ingres PostgreSQ)
Versant Lotus Notes McObject SAP Sybase ASE EnterpriseD8
/NoSQL|  cocioe i O\|/ NewsQL Handersocket |
J n/ 9.’ -
Mongore ‘as-a-Service'|||| Amazon ROS MySQL Cluster
K:{ RavenDB :
Value Cloutant  App Engine SQL Azure _ Clustrix
Coodhbase Datastore Database.com Drizzle
Riak ) GenleDB
Reds B. bl SlmpleDB Xeround FathomDB ScalArc
Membrai ig tables
'C‘;m d,? Graph Schooner MySQL  CodeFutures
Voldemort Hypertable 'nﬂrn'«eGJfaph Tokutek ScaleBase  NimbusDB
o Neod ‘ 2
BerkeleyDB . (;va;hug oot VoitD8
& SPRAIN
/ -
Data Grid/Cache Terracotta  GigaSpaces Oracle Coherence mamcached
IBM eXtreme Scale GridGain ScaleOut Vmware GemFire InfiniSpan CloudTran

/Relational \
Infobright  Netezza ParAccel SAPSybase'Q\-

http://www.infoq.com/news/2011/04/newsq|




In-Memory ProcessingHYi&E & 5
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Streaming Data Collection , Data Cleaning

Volume
-+ EB Structure
Batc\ d
PB z
Realtime
Unstructured
1 TB
Variety Velocity
Message
Queue

Storm /| Kafka



Twitter Storm
+ Apache Kafka

1 Flexible 2 Data failover 3 Real-time, fault-tolerant,
data input

snapshots scalable, in-stream processing
AN

BATCH UPLOAD

CUSTOM
CONNECTORS

http://blog.infochimps.com/2012/10/30/next-gen-real-time-streaming-storm-kafka-integration/
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Lambda Architecture for Big Data after 2013

New data
HBase [ stream }

Storm

Batch layer (Hadoop)

Speed layer (Storm)

= Or

Serving layer

Source: Lambda Architecture, 8. March 2013
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Future: Big Data Security

Perishability . Fidelity
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Future: Better Hadoop

Ecosystem
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Evolution of

Core
Hadoop
as % of —
New
Patches

Relevant
Projects

Apache Hadoop Ecosystem

100% 100%
58%
S 37% 31%
I I
2006 2007 2008 2009 2010 2011
« Core Hadoop + Core Hadoop « Core Hadoop  + Core Hadoop | « Core Hadoop + Core Hadoop
» HBase » HBase » HBase * HBase
» Zookeeper  Pig * Pig * Pig
* Mahout » Zookeeper « Zookeeper « Zookeeper
* Mahout » Mahout * Mahout
* Hive * Hive « Hive
* Avro * Avro
* Whirr * Whirr
« Sqoop « Sqoop
« HCatalog
* Mrunit
* Bigtop
« Oozie

Hadoop World 2011: The Hadoop Stack - Then, Now and in the Future
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Complexity of
Apache

Big Data Stack
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