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342 X % (Syllabus)

¥ =t (Week) P ¥y (Date) P % (Subject/Topics)
1 2016/02/17 Course Orientation for Social Computing and
Big Data Analytics
RS E RN R &/ WAR (i S Ry
2 2016/02/24 Data Science and Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data
(FH 55 82 % Hesfp o 47
B A AT AR R TR
3 2016/03/02 Fundamental Big Data: MapReduce Paradigm,
Hadoop and Spark Ecosystem

(= #cdp A #_: MapReducel, & -

Hadoop®? Spark # #& % %1



F = (Week)
4 2016/03/09

5 2016/03/16

6 2016/03/23

7 2016/03/30

8 2016/04/06

A2~ B (Syllabus)

p #p (Date) P % (Subject/Topics)

Big Data Processing Platforms with SMACK:
Spark, Mesos, Akka, Cassandra and Kafka

(~ #cdp ed® T 5 SMACK

Spark, Mesos, Akka, Cassandra, Kafka)
Big Data Analytics with Numpy in Python
(Python Numpy =~ #icdz ~ 17)
Finance Big Data Analytics with Pandas in Python
(Python Pandas B4 7 ~ #icdg » +7)

Text Mining Techniques and

Natural Language Processing
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¥ =X (Week) P ¥y (Date) P % (Subject/Topics)
9 2016/04/13 Social Media Marketing Analytics

10 2016/04/20
11 2016/04/27

12 2016/05/04

13 2016/05/11

(AL 4R 17 4 4 47)

#p ¥ 4F 2 (Midterm Project Report)

Deep Learning with Theano and Keras in Python
(Python Theano v Keras i & 5 ¥ )

Deep Learning with Google TensorFlow

(Google TensorFlow /& & & %)

Sentiment Analysis on Social Media with
Deep Learning
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F = (Week)

14
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16

17
18

A2~ B (Syllabus)

2016/05/18
2016/05/25
2016/06/01

2016/06/08
2016/06/15

p #p (Date) P % (Subject/Topics)

Social Network Analysis (A& € 3 3 & 47)
Measurements of Social Network (7 ¢ 4 % & 7
Tools of Social Network Analysis
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Final Project Presentation | (#f % 3R 2 1)
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EMC Education Services,
Data Science and Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data,
Wiley, 2015

EMC

Data Science and
Big Data Analytics

Discovering, Analyzing, Visualizing and Presenting Data

A R

13110107

EMC Education Services

http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
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Jennifer Golbeck (2013), Analyzing the Social Web, Morgan Kaufmann
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Analyzing the
Social Web

Jennifer Golbeck

Source: http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
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Big Data
Analytics
and
Data Mining




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

Big Data,
Mining, and

AnalytiCs
‘E‘

4 * Stephan'j dyio
Forewordiby TomDAVENP ot

Source: http://www.amazon.com/gp/product/1466568704
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Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

y

N\

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Big Data Big Data
Transformation Platforms & Tools
f
Middleware N
Raw Transformed| MaprEduce
Data | Extract Data HEIg
» Transform > s
Load Jaql
Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others
CSV, Tables L

Reports
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Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Big Data
Transformation

Big Data
Platforms & Tools

Big Data
Analytics
Applications

Queries

Reports

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

(Hiroshi Ishikawa, 2015)

Social Big Data

Source - http://lwww.amaz

Mining

Hiroshi Ishikawa

on.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X
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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

AN Integrated analysis / A
1 d

1 7 S
A
‘\

)
ll ‘| I
] ) ; ‘\Conceptual Layer
! \ 1 Vs
l' ‘| i \vi \‘
/ ] /- Data
l ‘ ’ . . /
/ ] . Mining_~
J v ! I \
,' Multivariate “.' Application

specific task -

Logical Layer

Software

Social Data

Hardware

Physical LayeFT

Analysts

* Construction and
confirmation
of individual
hypothesis

* Description and
execution of
application-specific
task
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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. 15



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
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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



Data Mining

Advanced Data Analysis

Evolution of
Database System Technology



Evolution of Database System Technology

Data Collection and Database Creation
(1960s and earlier)

e Primitive file processing

e

Database Management Systems
(1970s—early 1980s)

e Hierarchical and network database systems
e Relational database systems
e Query languages: SQL, etc.
e Transactions, concurrency control and recovery
* On-line transaction processing (OLTP)

——

Advanced Database Systems
(mid-1980s—present)

e Advanced data models: extended relational, object-relational,
etc.
¢ Advanced applications: spatial, temporal,
multimedia, active, stream and sensor, scientific and
engineering, knowledge-based
* XML-based database systems
e Integration with information retrieval
¢ Data and information integration

Advanced Data Analysis:
(late 1980s—present)

e Data warehouse and OLAP

« Data mining and knowledge discovery:

generalization, classification, association, clustering
e Advanced data mining applications:
stream data mining, bio-data mining,
time-series analysis, text mining,
Web mining, intrusion detection, etc.
e Data mining applications
e Data mining and society

New Generation of Information Systems
(present—future)

19



Big Data Analysis

* Too Big,
too Unstructured,
too many different source
to be manageable through traditional
databases

20



Internet Evolution

Internet of People (loP): Social Media
Internet of Things (loT): Machine to Machine

B Internet of Internet of Internet of Internet of
“Human to human” é “Www" é “Web 2.0" é “Social media” é “Machine to machine”

» Fixed and mobile « e-mail « e-productivity « Skype « |dentification, tracking,
telephony « Information « e-commerce « Facebook monitoring, metering, ...
« SMS « Entertainment . » YouTube « Automation, actuation,
. . payment, ...
+smart +smart +smart +smart +smart
networks IT platforms phones and devices, Data and
and services applications objects, data ambient context

Source: Marc Jadoul (2015), The loT: The next step in internet evolution, March 11, 2015

http://www?2.alcatel-lucent.com/techzine/iot-internet-of-things-next-step-evolution/ 21
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Data Mining Technologies

Statistics

Database
Systems

Data
Warehouse

Machine
Learning

\ 4

Data Mining

\
/'

Information
Retrieval

A

Pattern
Recognition

/
\

Applications

Visualization

Algorithms

High-
performance

Computing |
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Exploratory

Analytical
Approach

Explanatory

Data Science and
Business Intelligence

’-----
P ~

» Business ,
1 Intelligence »
) '

‘-----’

Past

4 Predictive Analytics and Data Mining N\

(Data Science)
Typical * Optimization, predictive modeling,
Technjques forecasting, statistical analysis
and * Structured,/unstructured data, many
Data Types types of sources, very large datasets
o What if..?
°°m: ":)°“"s * What's the optimal scenario for our business?
» What will happen next? What if these trends
N continue? Why s this happening?

Business Intelligence N
Typical * Standard and 8d hoc reponting, 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?
K * Whare |a the problemT In which stuationa? J

Time

Future

23



BIG DATA N
DATA MINING.
o MACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners '

Jared Dean |
oy TEENVILEY

http://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041
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Deep Learning

Intelligence from Big Data
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BIG DATA
ANALYTICS

TURNING BIG DATA INTO BIG MONEY

http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596

26


http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596

. " - Comighted M.z!vn.\' -
! -
= g "

B - T

|AREVOLUTION
THAT WILL TRANSFORM HOW
WE LIVE, WORK, AND THINK

B VIKTOR MAYER-SCHONBERGER I
A = K E N N.,gxlnml l.1.[;|.'lr‘v’a.K I E R . o -
| " li===]
http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/BO0D81X2YE
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Business Intelligence Trends

Agile Information Management (IM)
Cloud Business Intelligence (BI)
Mobile Business Intelligence (Bl)
Analytics

Big Data

Source: http://lwww.businessspectator.com.au/article/2013/1/22/technology/five-business-intelligence-trends-2013
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Business Intelligence Trends:

Computing and Service

* Cloud Computing and Service
* Mobile Computing and Service
* Social Computing and Service

29



Business Intelligence and Analytics

* Business Intelligence 2.0 (Bl 2.0)
— Web Intelligence
— Web Analytics
— Web 2.0

— Social Networking and Microblogging sites
* Data Trends

— Big Data
e Platform Technology Trends

— Cloud computing platform

30



Business Intelligence and Analytics:

Research Directions
1. Big Data Analytics

— Data analytics using Hadoop / MapReduce
framework

2. Text Analytics
— From Information Extraction to Question Answering
— From Sentiment Analysis to Opinion Mining
3. Network Analysis
— Link mining
— Community Detection
— Social Recommendation

31



Big Data,
Big Analytics:

Emerging Business Intelligence

and Analytic Trends
for Today's Businesses



Big Data,
Prediction
VS.
Explanation




Big Data:
The Management
Revolution



Source

Business Intelligence and
Enterprise Analytics

Predictive analytics
Data mining
Business analytics
Web analytics
Big-data analytics

: Thomas H. Davenport, "Enterprise Analytics: Optimize Pe

rformance,

Process,

and Decisions

Through Big Data", FT P

SSSSSS

2012
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Three Types of Business Analytics

* Prescriptive Analytics
* Predictive Analytics
* Descriptive Analytics

36



Three Types of Business Analytics

Optimization
Randomized Testing

Predictive Modeling /
Forecasting

Statistical Modeling

Alerts

Query / Drill Down

Ad hoc Reports /
Scorecards

Standard Report

“What's the best that can happen?’:

“What if we try this?”

“What will happen next?”

“Why is this happening?”

“What actions are needed?”

“What exactly is the problem?”

“How many, how often, where?”

“What happened?”

>

Prescriptive
Analytics

Predictive

- Analytics

Descriptive
Analytics

Source: Thomas H. Davenport, "Enterprise Analytics: Optimize Performance, Process, and Decisions Through Big Data", FT Press, 2012
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Data Scientist:

The Sexiest Job of the 21st Century

hen Jonathan Goldman ar-

rived for work in June 2006
at LinkedIn, the business
networking site, the place stll
felt like a start-up. The com-
pany had just under 8 million
accounts, and the number was
growing quickly as existing mem-
bers invited their friends and col-
leagues to join. But users weren't
seeking out connections with the people who were already on the site
at the rate executives had expected. Something was apparently miss-
ing in the social experience. As one LinkedIn manager put it, “It was
like arriving at a conference reception and realizing vou don’t know
anyone. 5o you just stand in the comer sipping your drink—and you
probably leave early.”

Meet the people who
can coax treasure out of
messy, unstructured data.
by Thomas H. Davenport
and D.J. Patil

7o Harvard Business Review October zonz
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Big Data

Social
Media

Video
Surveillance

Video
Rendering

39



More Structured

Big Data Growth
is increasingly unstructured

Structured

S -'.- ;-’;;t -“ —I. .’a.
“Quasi” Structured

40



Typical Analytic Architecture

Science

41



Data Evolution and the
Rise of Big Data Sources

MEASURED IN

TERABYTES

178 = 1, 000GB

Shpd

ORACLE

1990s
(RDBMS & DATA
WAREHOUSE)

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

&
)

You%
* 4
(or A3 —
[-w: @ U

2000s 2010s
(CONTENT & DIGITAL ASSET  (NO-SQL & KEY VALUE)
MANAGEMENT)
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Emerging Big Data Ecosystem

Data QEO@@ZJ‘%@G@\"{@

DeVICeS  criipHone GPS  MP3  EHOON VIDEO CABLEBOX AIM  CRED CARD COMPUTER  RFID VIDEQ MEDICAL
PLAYER GAME READER SURVEILLANCE  IMAGING

Analytsc Inforenation
Sordons e ! Brokers Marietors Employers
- Data

Data
Aggregators

Data

Users/Buyers
Media Phone,/TV f -~

\V Cradit Privaite
Bureaus Desivery w
Cemime
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;mi:o,oooto et

Data Savvy Professionals - s milion

Technology and Data Enablers

Note: Figures above refiect a projected talant gap in US In 20418, 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

45



Data Scientist Profile

Quantitative

Communicative
and

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Big Data Analytics
Lifecycle




Key Roles for a
Successful Analytics Project

Business Intelligence
Analyst

A ¥t T

Business User Projact Sponsor Project Manager

Database
Administrator (DBA

Data Engineer Data Scientist

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Overview of Data Analytics Lifecycle

Operationalize

5

Communicate

Results

Is the model robust
enough? Have we
failed for sure?

4

Model

Building

Do | have enough
information to draft
an analytic plan and

share for peer review?

2 Do I have
enough good
quality data to
Data Prep start building
the model?
3
Model
Planning
Do | have a good idea
about the type of model
to try? Can | refine the
analytic plan?

49



Overview of Data Analytics Lifecycle

1. Discovery

2. Data preparation

3. Model planning

4. Model building

5. Communicate results
6. Operationalize

50



Key Outputs from a
Successful Analytics Project

" Code M3M Presentation for Analysts
&= Technical Specs HIN Presentation for Project Sponsors

Susiness User

A

Project Manager Business Intelligence Analyst

L

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015 51



Data Mining Process



Data Mining Process

* A manifestation of best practices
* A systematic way to conduct DM projects
* Different groups has different versions

* Most common standard processes:

— CRISP-DM
(Cross-Industry Standard Process for Data Mining)

— SEMMA
(Sample, Explore, Modify, Model, and Assess)

— KDD
(Knowledge Discovery in Databases)
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Data Mining Process

(SOP of DM)

What main methodology
are you using for your
analytics,
data mining,
or data science projects ?

Source: http://www.kdnuggets.com/polls/2014/analytics-data-mining-data-science-methodology.html
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Data Mining Process

CRISP-DM (86) Ty
______________________ ;| I 42 %
My own (55) N 57 5%
I 19%
ISEMMA (17) :- 8.5%
:_______________________|— 13%
Other, not domain-specific (16) B 5o
4%
IKDD Process (15 | | 7 5%
: N 7 3%
My organizations' (7) I 3.5%
S 3%
A domain-specific methodology (4) |8 29
H 4.7%
None (0) 0%
H 4.7%
e 2014 poll S 2007 poll

Source: http://www.kdnuggets.com/polls/2014/analytics-data-mining-data-science-methodology.html
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Data Mining.
Core Analytics Process
The KDD Process for

Extracting Useful Knowledge
from Volumes of Data



Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P.

Extracting Useful Knowledge

The KDD Process for

from Volumes of Data.

(1996).

Communications of the ACM, 39(11), 27-34.

{nowl

organi

AU

dge Discovery in Databases creates
developing the tools needed to control the
zations that depend en ever-growing databases of business,
tUring, saentiic, and parsonal iInformation.

The KDD Process
for Extracting Usetul
Knowledge from
Volumes of Data

A W AR

3 THE AGE
af digial informazion, the
problem of dam overboad
leoms ominously ahead.

Chur ahifiey 1o 2arabye and Grego

undersand massive
damses lags far behind
aur abilier wr guiber and
miwe the daa A new gen-
eruion of compumational wochnigues
and 1oals is requirsd @ suppon the
exiraciion of weful knowledge from
the rapidly growing velumes of daa.
These wechniques and wals are the
sabjer of the emerging field of knowl.
edge discovery in dabases (KD} and
el mining.

lamge dambases of digial informa-
ion are ubiguitous. Dao fom e
neighborhond sore's checkour regis-
ter, your bank's credin crd awthoriz-
tion device, reconds in your docior's
affice, pazems in vour welephone calls,

and rany mare appliicaions generzie
mremms of diicl records archived in
huge daabases, somedmes in sooazlled
dac warehouses.

Current. hardware and daabose wch-
nalogy allow efficient and nexpensive
refizble daa sorage and acces. Howey-
er, whesher the coneen is busines,
medidne, sdence, ar govemment, the
dagisen themaetves (in rw form) are of
linde direcy vahoe. Whae is of value is the
knowisdge tha can be inferred from
the dam and pur i use. For example,
the markedng dambese of 2 consumer

TR WEEHT

ORI TIONE O THE SO P S5 3 e 1 BT
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Data Mining

Knowledge Discovery in Databases (KDD) Process

Pre- Trans- Data Interpretation/
Selectlon pr‘acessmg f::nrmal:lcrn EIE'E& Evaluation .
Target Prepmcessed Transformed Patterns Knowledge
Data Data Data
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Knowledge Discovery in Databases (KDD)

Process
Data mining: Evaluationand  Kngwledge
core of knowledge discovery process PresentatiV
Data Mining .PEa!eTns

Selection and
Transformation

A .
A Task-relevanti

Data
Data

Warehouse

Cleaning and
Integration

>

4 Z
I : : :
Databases : Flatfiles ... S L Y
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Data Mining Process:
CRISP-DM

|2

[1]
—> Data
Understanding

Business
Understanding  |g—-
N &
Data
Preparation

[6]

S

LJ

N

Deployment

®

/(e

5

Testing and
Evaluation

Data Sources
——
T ¥ [4]

Model
Building
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Data Mining Process:

CRISP-DM
Step 1: Business Understanding -
Accounts for
Step 2: Data Understanding __ ~85% of total
project time
Step 3: Data Preparation (!)

—_—

Step 4: Model Building
Step 5: Testing and Evaluation
Step 6: Deployment

* The process is highly repetitive and experimental
(DM: art versus science?)
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Data Preparation —
A Critical DM Task

: Real-world
Data

Data Consolidation

Il

Data Cleaning

Il

r

.

Data Transformation

~

J

Il

[ Data Reduction ]

Well-formed
Data

Collect data
Select data
Integrate data

Impute missing values
Reduce noise in data
Eliminate inconsistencies

Normalize data
Discretize/aggregate data
Construct new attributes

Reduce number of variables
Reduce number of cases
Balance skewed data

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

Sample
(Generate a representative
sample of the data)

ASSess

(Evaluate the accuracy and
usefulness of the models)

Explore
(Visualization and basic
description of the data)

Model Modify
(Use variety of statistical and (Select variables, transform
machine learning models ) variable representations)

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



Data Mining Processing Pipeline

Data
Collection

Data Preprocessing

Feature SUETI
. and
Extraction :
Integratlon

Analytical Processing

Building

Block 1

Building
Block 2

Output
—>» for

Analyst
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Big Data Solution

EG

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 65
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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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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 67
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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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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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SAS Big data Strategy
— SAS areas

~D Datameer () v=w splunk> MicroStrafegy
detableaw w 55&3 ReEVOLUTION [ platfora DEV & DATA TOOLS

o Visual Studio

APPLICATIONS

NET

u " "

=

5 TERADATA XY HANA OPERATIONS TOOLS
A T 58

o . g8 o

< Z  oracLe 3 e Center

E ﬁi&l‘#&r}ﬂl; - Data Management TFR&_.DE& openstack

tidt

@& rednat R

L EEE
— mam 5
— -1-1-] w n 1
1T / LI
OLTFP, ERP, Documents Web Logs, Social Machine Sensor Geo-location
CRM Systems E Emails Click Streams Networks Generated Data Data

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



APPLICATIONS

v
2
w
2
=
3

SAS Big data Strategy

— SAS areas

Osas

DEV & DATA TOOLS

TERADATA  ZT7 HANA

= 2

_ & ORACLE
SQL Server 212

Governance
& Integration

Data Management

§Sas

OPERATIONS TOOLS

SR,
.

System Center
TERADATA, openstack

t i it

L EEE
—] 11 s{ﬁ
L] 11
EEE
OLTFP, ERP, Documents Web Logs, Social Machine Sensor Geo-location
CRM Systems E Emails Click Streams Networks Generated Data Data

INFRASTRUCTURE

@& rednat R
)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
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Analytics applied
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Visualization
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Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics 80
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