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Architecture of Big Data Analytics
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Architecture of Big Data Analytics

. . Big Data
Big Data Big Data Big Data Analytics
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Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection
Discovery of relationships
among heterogeneous data
Large-scale visualization

Parallel distrusted processing

S ———————

Architecture for
Social Big Data Mining
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Business Intelligence (BIl) Infrastructure

Extract, transform,
load

(%]

Historical
Data

Casual users

* Queries

* Reports

¢ Dashboards
Web Dat Hadoop E @) O O

Custer\ X C; ;: Ei it

Power users
* Queries

* Reports

* OLAP

ki\i\

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson.



Data Warehouse
Data Mining and

A
Increasing potential

to support
business decisions

Data Presentation

Visualization Techniques

Data Mining :
Information Discovery |

Data Exploration
Statistical Summary, Querying, and Reporting

AN

/ Data Preprocessing/Integration, Data Warehouses

AN

End User

Business
Analyst

Data
Analyst

\D BA

Data Sources
Paper, Files, Web documents, Scientific experiments, Database Systems




The Evolution of Bl Capabilities

Qu erying an d ETL
reporting
Data
e warehouse
EIS / ESS l DSS
Financial Data marts Spreadsheets

reporting (MS Excel)

Digital cockpits
and dashboards

—
Business ¢
Scorecards and / Intelligence

dashboards
Workflow 4
Alerts and
notifications
Data & text Portals
mining Pradictive Broadcasting
[ —— ﬂnﬂl}"ti'ﬂs tools

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems



Exploratory

Analytical
Approach

Explanatory

Data Science and
Business Intelligence

‘-----

Data
Science
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» Business ,
1 Intelligence
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Past

4 Predictive Analytics and Data Mining N\
(Data Science)
Typical * Optimization, predictive modeling,
Techniques forecasting, statistical analysis
and * Structured,/unstructured data, mary
Data Types types of sources, very large datasets
o What if..?
Com: ":::nns © What's the optimal scenario for our business?
o What will happen next? What if these trends
X continue? Why Is this happening? "
Business Intelligence N
Typical * Standard and &d hoc reporting, dashboards,
Techniques alerts, queries, details on demand
and ® Structured data, traditional sources,
Data Types manageable datasets
s * What happened last quarter?
Questions * How many units sold?
\ * Whare |a the problem? In which stuationa? j

Time

Future
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Data Mining at the
Intersection of Many Disciplines

Pattern
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Machine
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Information Systems

Mathematical
Modeling




Knowledge Discovery (KDD) Process

Data mining: Pattern Evaluation

core of knowledge discovery process I
Data Miy
A

Task-relevant Data '
Data Warehouse A:tion

A
|
|
|
Data Cleaning : |l
________ | .
> : :

Data Integration :

Databases

Source: Han & Kamber (2006) 13



A Taxonomy for Data Mining Tasks

[Data Mining ] Learning Method : Popular Algorithms
l . . Classification and Regression Trees,
Prediction ] Supervised ANN, SVM, Genetic Algorithms
( ' a_n
L . Decision trees, ANN/MLP, SVM, Rough
\-»LCIassmcatlon ) Supervised sets, Genetic Algorithms
( ' a a q 0
. . Linear/Nonlinear Regression, Regression
\->LRegreSS|on ) Supervised trees, ANN/MLP, SVM
*-»[Association ] Unsupervised Apriory, OneR, ZeroR, Eclat
r 1 . . . - .
| Link analysis Unsupervised Expectation Maximization, Apriory
L ) Algorithm, Graph-based Matching
( '
| Sequence analysis Unsupervised Apriory Algorithm, FP-Growth technique
. J
‘->[C|ustering ] Unsupervised K-means, ANN/SOM
Outlier analysis ] Unsupervised K-means, Expectation Maximization (EM)
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Deep Learning

Intelligence from Big Data



https://www.vlab.org/events/deep-learning/
https://www.vlab.org/events/deep-learning/
https://www.vlab.org/events/deep-learning/

Big Data

Social
Media

Video
Surveillance

Video
Rendering
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More Structured

Big Data Growth
is increasingly unstructured

Structured

S -‘.- ’-’;'4 o-" —I. '.’..
*Quasi” Structured
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Typical Analytic Architecture

Science
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Data Evolution and the
Rise of Big Data Sources

MEASURED IN

TERABYTES

178 = 1,000GB

SAPd

ORACLE

1990s
(RDBMS & DATA
WAREHOUSE)

MEASURED IN WILL BE MEASURED IN
PETABYTES EXABYTES
1PE =~ 1 0007TB 1EB = 1 000P8

V(11 Tube; é .

T 4T
IOSNCc/I. | f
f=/fx:) &

2000s 2010s
(CONTENT & DIGITAL ASSET  (NO-SQL & KEY VALUE)
MANAGEMENT)
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Emerging Big Data Ecosystem
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Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Key Roles for the New

Big Data Ecosystem
_ |

Data Scientists

' cted U.S. tale
Deep Analytical Talent "ga.';'“ﬁo.ooomi'éof'otoo

Data Savvy Professionals o TS milkon

Technology and Data Enablers

Note: Figures above refiect a projected talant gap in US In 2048, as shown In MoK insey May 2011 article “Big Data The Next Frontier for
Innovation, Competition, and Productivity”
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Profile of a Data Scientist

Quantitative
— mathematics or statistics
Technical

—software engineering,
machine learning,
and programming skills

Skeptical mind-set and critical thinking
Curious and creative

Communicative and collaborative

22



National Cyber Maritime Smarter

Security security security Transport
VISUAL ANALYTICS
DYNAMIC & INTERACTIVE ENHANCE
Dashboard Graph Understanding Investigation
Map User Experience

wars [A] BE =4 =) PY B

QUERY & FILTER

Complex queries
R??

BIG ANALYTICS
DETECT PREDICT DECIDE
Anomalies Tending Simulation
Communities Real-time Optimization
Typologies Prediction

) W

BIG DATA - Batch \ BIG DATA — Real Time
#¥hadoop Fi @

Complex by nature

DATA Complex by structure

5
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MapReduce Paradigm

Map

V
Reduce

I Big Data ‘

4 )
MapO Mapl Map?2 Map3
ReduceO Reducel Reduce?2 Reduce3

MapReduce Data
. 4

A 4

‘ Output Data I
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The Apache™ Hadoop® project
develops open-source software
for reliable, scalable,
distributed computing.

http://hadoop.apache.org/



http://hadoop.apache.org/

MapReduce | Processing

HDFS Storage

http://hadoop.apache.org/



http://hadoop.apache.org/

Big Data with Hadoop Architecture

LOGICAL ARCHITECTURE PROCESS FLOW
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https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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Big Data with Hadoop Architecture

Logical Architecture
Processing: MapReduce

Job Tracker

Task Tracker
'l

Task Tracker

Task Tracker
'l

fil

Shuffle and Sort

II Reducer Reducer II

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

]
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Big Data with Hadoop Architecture

Logical Architecture
Storage: HDFS

Data Node Data Node Data Node

BLOCK

BLOCK

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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Big Data with Hadoop Architecture
Process Flow

> v Reduce 0 |3

Split O

Input

h
L T \+’—>|
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Split n

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf 30
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Big Data with Hadoop Architecture
Hadoop Cluster

EI{EI:EICEI‘EI‘EIC|:§IEI<|§I<

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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Hadoop Ecosystem
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| 42 Sqoop
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g )
Machine / o : \ —
Learning Distributed Programming Scheduling
w0 : 3
= 63 2]
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© = e 3
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Traditional ETL Architecture

_
CRM
= i
ey
ERP > i > DATA > DATA
B T L > T L P | \WAREHOUSE T L » MINING
— L » > ﬁ
L:[J%E[[IFIEE Staging e
Area I'["I}::IZ REPORTING

ﬂr

Source: https:/Isoftware.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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Offload ETL with Hadoop
(Big Data Architecture)
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Sqoop oDeC
Flume JDBC
Sqoop Sgoop
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Big Data Solution

SAS® Display SAS” SAS SAS” SAS” Visual
Manager Enterprise Integration  Enterprise Analytics
Guide® Miner”

Base SAS & SAS/ACCE§S Interface to In-Memory Data Access
Hadoop A~

OPERATIONAL : .
seavices semvicas SAS" LASR™ Analytic
AMBAR! FLUME Server
FALCON" | PIG | oaTaLoG | MBASE &
 OODE sQooP '

SAS® High Performance
Analytics

AT

‘.

S HORTONWORKS &
Hortonworks  DATA PLATFORM (HDP)

. S S )

Existing Sources Emerging Sources
(CRM, ERP, Clickstream, Logs) (Sensor, Sentiment, Geo, Unstructured)

SOURCES

http://www.newera-technologies.com/big-data-solution.html 35
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HDP

A Complete Enterprise Hadoop Data Platform

GOVERNANCE DATA ACCESS SECURITY OPERATIONS
INTEGRATION

Data Workflow,
Lifecycle &
Governance

Falcon

WebHDFS
NFS
Flume
Sqoop
Kafka

Script saL JavalSc... NoSQL Stream Search In-Mem = Others...

Pig Hive Cascading HBase Storm Solr Spark Engines
HCatalog Accumulo
Fhoenix

Tez Tez Tez | Slider | [ Slider | Tez s/ T

YARN: Data Operating System

HDFS
Hadoop Distributed File System

DATA MANAGEMENT

http://hortonworks.com/hdp/

Authentication,
Authorization, Audit &
Data Protection

Storage: HDFS
Resources: YARN
Access: Hive
Pipeline: Falcon
Cluster: Knox
Cluster: Ranger

Provision, Manage &
Monitor

Ambari
ZooKeeper

Scheduling

Oozie
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ik

Apache Spark

is a fast and general engine
for
large-scale data processing.

Spa

Lightning-fast cluster computing

Source: http://spark.apache.org/



http://spark.apache.org/

Spa

7S

Logistic regression Iin
Hadoop and Spark

120 -

o
-

Cad
-

Running time (s)
S

_EI ]

110

0.9

B Hadoop
8 Spark

Run programs up to 100x faster than
Hadoop MapReduce in memory,
or 10x faster on disk.

Source: http://spark.apache.org/
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Spor‘lhé

Ease of Use

* Write applications quickly in
Java, Scala, Python, R.

http://spark.apache.org/
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i«
Word count in Spark's Python API

Spa

text_file = spark.textFile("hdfs://...")

text_file.flatMap(lambda line: line.split())
.map(lambda word: (word, 1))
reduceByKey(lambda a, b: a+b)

Source - http://spark.apache.org/
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Spark and Hadoop

oik’

Sp

Q)
8
=
8
|

-

cassandra

MESOS

FA/\/
A VAVA
VAVAVAY

VAVAY
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Spor‘l’(?

Spark Ecosystem

Spark MLlIib
Streamingl} (machine

learning)

Apache Spark

Source: http://spark.apache.org/
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quﬁ(? Spark Ecosystem

Spark

N é

Spark Milib || Spark | ( GraphX ‘

(machine

~ Streaming  learming | QL || (graph)

Kafka Flume [HZO Hive] [Titan

[ HBase ][Cassandra]

| HDFS | ‘
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Python for Big Data Analytics

(The column on the left is the 2015 ranking; the column on the right is the 2014 ranking for comparison

2015 2014
Language Rank Types Spectrum Ranking Spectrum Ranking

. Java _th;l

5
e w o

7. PHP & s 84.5
8. JavaScript &0 _ 78.9
9. Ruby ® w2 743
10. Matlab D 72.8

Source: http://spectrum.ieee.org/computing/software/the-2015-top-ten-programming-languages 44
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Top Analytics, Data Mining, Data
Science software used, 2015

0% 10% 20% 30% 40%

Hadoop
Tableau
SAS base
Spark

| | | | ]

50%

http://www.kdnuggets.com/2015/05/poll-r-rapidminer-python-big-data-spark.html
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Modern Reality

e Commoditization

Il Sa gl el d=i le Architectures
e Scale

e New Complex Streams
e Perishable Considerations
e Cost

e New Category of Business Problems

Ana |ytic5 e Analytical Algorithms
e Operationalization

=N
=3
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TEXT ANALYTICS

es in unstructured data
media or survey tools
buld uncover insights
onsumer sentiment

FORECASTING

Leveraging historical data
to drive better insight into
decision-making

for the future )
o g
&
2
® INFORMATION
af MANAGEMENT

IMIZATION

DATA MINING nalyze massive

ounts of data in
der to accurately
tify areas likely to
produce the most

profitable results

Mine transaction database
for data of spending patterns
that indicate a stolen card..

Source: Deepak Ramanathan (2014)



STRATEGIC -

A

OPERATIONAL

Trends in Analytics

Complex Business Problems Are Driving Analytics Innovation

Speed Will Be Of Essence

Leverage Analytics To Unlock The Information Contained In
Unstructured Data

Operationalizing Analytics
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Architectures of
Big Data Analytics



Traditional Analytics

Operational Data
Sources

Data Mart

Analytic

Analytic
\Eas

Unstructured, Semi-structured and Streaming
data (i.e. sensor data) handled often outside the
Warehouse flow
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Hadoop as a “new data” Store

P
= = = =

Bl and
Analytics

& &
& &

& &
& &
& &
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Hadoop as an additional input to

the EDW

%
= - = =

Bl and
Analytics

& &
& &

& &
& &

& &
& &
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Hadoop Data Platform As a
“staging Layer” as part of a “data Lake”

— Downstream stores could be Hadoop, data appliances or an RDBMS

Bl and

Analytics
s

& &
& &

& &
& &
& &
& &
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APPLICATIONS

DATA SYSTEMS

SAS Big data Strategy

— SAS areas

~D Datameer () &= splunk> MicroStrategy
i+ableaw w gsas F{EV@LHTlp_hg L platfora

TERQ_Q_JE{\‘ ST HANA

g8

= o) :;

_ &, ORACLE £
SQL Server 12 G5  DataManagement

DEV & DATA TOOLS

g Visual Studio

NET

OPERATIONS TOOLS

'-..\;1_
el

iﬁl-am{:mlpr
TERADATA openstack

ftedt

= B # & & @ @

OLTP, ERP, Documents Web Logs, Social Machine Sensor Geo-lecation
CRM Systems E Emails Click Streams Networks Generated Data Data

INFRASTRUCTURE

@& rednat @
)M

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics
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APPLICATIONS

L2 ]
=
L
2
=
8

SAS Big data Strategy

— SAS areas

Osas

TERADATA  ZTY HANA

)i 2

¢ ORACLE'
SQL Server 012

Governance
& Integration

Data Management

DEV & DATA TOOLS

Systern Center
TERADATA openstack

tidt

= B # & & @ @

OLTP, ERP, Documents Web Logs, Social Machine Sensor Geo-lecation
CRM Systems E Emails Click Streams Networks Generated Data Data

INFRASTRUCTURE

@& rednat @
)M

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics
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SAS® Within the
HADOOP ECOSYSTEM

EG EM VA
R ccvise e Enewse s T ‘
ntegration i
l rieriace Guide® i Miner™ s — m
SAS® User Metadata SAS Metadata Next-Gen
SAS® User
Data Base SAS & SAS/ACCESS® In-Memory
Access to Hadoop™ Data Access
SAS Embedded SAS® LASRTM
Process .
i Analytic
Data Accelerators
Processing Server
SAS® High-
Performance
Map Reduce Analytic Procedures
File HDFS
System
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SAS enables the entire lifecycle
around HADOOP

SAS enableS the entire lifecycle around HADOOP

@ Done using either the Data Preparation,
WA Data Exploration or Build Model Tools

SAS Visual Analytics 77 =¥
Decision Manager s
IDENTIFY /

FORMULATE
PROBLEM

EVALUATE / . .
MONITOR | BT SAS Visual Analytics

FE ‘ PREPARSICE «7=x SAS Visual Statistics
4 = }*~ SAS In-Memory Statistics for Hadoop

SAS Scoring Accelerator for Hadoop r
SAS Code Accelerator for Hadoop — 4x 4 Nl

DATA

EXPLORATION

»~,, Done using either the Data
VALIDATE Preparation, Data Exploration
e TRANSFORM . or Build Model Tools

& SELECT

i -
Decision Manager ‘@

SAS High Performance Analytics Offerings
supported by relevant clients like SAS
Enterprise Miner, SAS/STAT etc.
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SAS® VISUAL ANALYTICS

A Single solution for
Data Discovery,
Visualization, analytics and
reporting



SAS® VISUAL ANALYTICS

Example: text analysis gives you insight to
customer experience and opinion

(B[ Visusizaion

Cutiomer. COODSIF, Locaton: Fens. They.
Cumamer: GOOUZXIC Locaton: PEswgh.
oonzvap

T orcer s for GOCOTUER. located i OX
uttomer. CODNIXIC, Location: PRI

Word cloud of Order Note

00002XTA i Pratuagn saced an orter.
T crceris for COOLEXTG locates i P
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T crder ' for COCCIZ M locatns 1 Ko
Curomer. C0002VAP, Locaton: Prsmgn

™

0000215 Pesorgh placed an arcer.
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ot
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000U s Bemingham piaced an crcer

L
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e
S00IXTA - Pt saced an crder

Cusamer. 003

T onderia for DO0CIVAP ocated I P Ty e or CODXTA located i .
(Customer: 000023, Location B Pas 1

Cusomer: COU0ZXTC, Location: P

O000S0LZ i Tutns pinant a0 cnce. 1 .

Curamer. SOMMMO, Locatn: Jackacn. T
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00002Y4V i Prutargn paced an orcer
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U022 1 Jackaon placed an onde, 1 .
Cusmommer CONGIOSR. Locaton: Tutmn 1 4.

p———
Order Note: 00002X7L in PRisb)
G n pen
g . Thie) ware orsere
02 Pensu 5o Fraquancy:
@©

Cusomer, COCEIYAU. Location: M.
03001398 o Acain slaced an xowr 1

CO00XT i MEILurgn paced an onder. sy
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. 00002, s P Pa—
[r——

Cusiomer. 0000274
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™ "

Analytics applied
to text provides
real MEANING

=
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Comomer. C00022IC, Locaton: For Wormh.
OCO0IZIE = ot Wer places 3+ crder

CO0DOM in Pt paced w1 cnte.

Customer SO0022IE. Lacason: Fort Worm._
CORBIEN in Dover places e rder. They

I
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[l[ - ] visualization 1 F-0%
Topic: [novelty gift git, novety, customer | v | <1 1>
Word cloud of Order Note
denver little louis milwaukee
birmingham san francisco jose raleigh  toy game lincoln Cealully oakland bmslzms‘f’rizﬁ:no
baton stPortland  tucson order  baltimore |85 Ve9as unit  paso
buffalo neutral . omaha orlando jacksonville
francisco des place risk wo customer . Iake order -
antonio atlanta game ity philadelphia app sal york
salt
- novelty novelty gift gift
CEEED e fort worth
charlotte conten .
i . novelty thrift richmond
moines  satisfy thrift NeUtral st |ocate t!:mle rock location' st. louis
minneapolis supplier nashville pittsburgh 1ok new york
baton fouge el pasof rt tulsa washington miami co::r?te o
o salt lake cit
IS QL seattle paul vegas des moines Y

phoenix colorado springs albuquerque unhappy colorado
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cleveland Sacramento

$an Jose gan antonio
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Visualization

| o
W (T ] o ] R ) )
[ &[] us Facilities. 5 -
2
:) Network Plot of Facility Country Hierarchy
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Topie: | novelty gif, gft, rovety, customer | v | @l 1>

Word cloud of Order Note

denver little louis
san francisco

milwaukee
birmingham joseraleigh toygame %9 ooy
baton stPotland  tucson order  batimore s

vegas unit SO
buffalo neutral worth omaha § —

francisco des place risk ~ custol
antonio 28Nt game city philadelphia happy

e novelty novelty gl

charlotte content

oakland boise fresno
louisville

mer

novelty th

satisfy thrift "®U@ st |ocate
supplier nashville
washington

minneapolis
baton rouge el paso
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san jose san antonio

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics
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