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Big Data4 'V

It's estimated that

2005 2.5 QUINTILLION BYTES

[ 2.3 TRILLION GIGABYTES ]
of data are created each day

40 ZETTABYTES

[43 TRILLION GIGABYTES ]

of data will be created by
2020, an increase of 300

times from 2005 202

The
FOURV’s
of Big
Data

From traffic patterns and music downloads to web
history and medical records, data is recorded,
stored, and analyzed to enable the technology
and services that the world relies on every day.
But what exactly is big data, and how can these
massive amounts of data be used?

6 BILLION
PEOPLE

have cell
phones

Most companies in the
U.S. have at least

100 TERABYTES
[ 100,000 GIGABYTES ]
of data stored

WORLD POPULATION: 7 BILLION As a leader in the sector, IBM data scientists
break big data into four dimensions: Volume,

Velocity, Variety and Veracity

Modern cars have close to

100 SENSORS

The New York Stock Exchange Depending on the industry and organization, big

captures data encompasses information from multiple
] TB UF TRADE ( that monitor items such as internal and external sources such as transactions,
INFORMATION (\ fuel level and tire pressure social media, enterprise content, sensors and

mobile devices. Companies can leverage data to

during each trading session adapt their products and services to better meet

customer needs, optimize operations and
infrastructure, and find new sources of revenue.

Velocity = B

By 2015
ANALYSIS OF 4.4 MILLION IT JOBS
STREAMING DATA

will be created globally to support big data,
with 1.9 million in the United States

By 2016, it is projected
there will be

18.9 BILLION
NETWORK
CONNECTIONS

YYYYYYYYYYY
sz fR4d e R R R EE

As of 2011, the global size of
data in healthcare was
estimated to be

By 2014, it's anticipated
there will be

420 MILLION
150 EXABYTES WEARABLE, WIRELESS
{161 BILLION GIGABYTES ] HEALTH MONITORS

&2
&.

4 BILLION+
HOURS OF VIDEO

are watched on
YouTube each month

You
You
m
‘

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

&

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

Poor data quality costs the US

R

economy around
$3.1 TRILLION A YE

they use to make decisions .

Veracity

UNCERTAINTY
OF DATA

in one survey were unsure of
how much of their data was
inaccurate

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS

Source: https://www-01.ibm.com/software/data/bigdata/ 6
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Definition
of

Artificial Intelligence
(A.l.)



Artificial Intelligence

“ . the science and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)



Artificial Intelligence

“... technology that
thinks and acts
like humans”



Artificial Intelligence

“.. intelligence
exhibited by
machines or

software”



4 Approaches of Al

Thinking Humanly

Thinking Rationally

Acting Humanly

Acting Rationally

14



4 Approaches of Al

Thinking Humanly

“The exciting new effort to make comput-
ers think ... machines with minds, in the
full and literal sense.” (Haugeland, 1985)

“IThe automation of] activities that we
associate with human thinking, activities
such as decision-making, problem solv-
ing, learning . ..” (Bellman, 1978)

Thinking Rationally

“The study of mental faculties through the
use of computational models.”
(Charniak and McDermott, 1985)

“The study of the computations that make
it possible to perceive, reason, and act.”
(Winston, 1992)

Acting Humanly

“The art of creating machines that per-
form functions that require intelligence
when performed by people.” (Kurzweil,
1990)

“The study of how to make computers do
things at which, at the moment, people are
better.” (Rich and Knight, 1991)

Acting Rationally

“Computational Intelligence is the study
of the design of intelligent agents.” (Poole
et al., 1998)

“Al ...is concerned with intelligent be-
havior in artifacts.” (Nilsson, 1998)

15



4 Approaches of Al

2.
Thinking Humanly:
The Cognitive
Modeling Approach

3.
Thinking Rationally:
The “Laws of Thought”
Approach

1.

Acting Humanly:
The Turing Test
Approach s

4.
Acting Rationally:
The Rational Agent
Approach

16



Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

Natural Language Processing (NLP)
Knowledge Representation
Automated Reasoning

Machine Learning (ML)

Computer Vision

Robotics

17



Boston Dynamics: Atlas

> Pl o) 022/0:54

#13 ON TRENDING
What's new, Atlas?

https://www.youtube.com/watch?v=fRj3404hN4|

18


https://www.youtube.com/watch?v=fRj34o4hN4I

Humanoid Robot: Sophia

INVESTMENTY VW

INITIATIMERF™ 5 O:N (I

A et B

s l ‘ ST'.ENT
) INITIATIVE

INVESTMENT | ENT

INITIATIVE NITIATIVE
| FUTURE / - x.a.f?
INVESTHAENT RdALL ”

b -
st A N/ v "r- SSI™2

> Pl o) 1:29/504 (cc K SC

https://www.youtube.com/watch?v=S5t6K9iwcdw
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https://www.youtube.com/watch?v=S5t6K9iwcdw

Artificial Intelligence (A.l.)

Timeline

A.l. TIMELINE & -
m ‘:\ ‘A’-,'

1950 1955 1961 1964 1966 A.l. 1997 1998

Computer scientist Term ‘artificial First industrial robot, Pioneering chatbot The "first electronic WI NTER Deep Blue, a chess- Cynthia Breazeal at MIT
Alan Turing proposes a  intelligence’ is coined Unimate, goes to work  developed by Joseph person’ from Stanford, Many false starts and playing computer from  introduces KISmet, an
test for machine by computer scientist,  at GM replacing Weizenbaum at MIT Shakey is a general- dead-ends leave Al out |BM defeats world chess emotionally intelligent
intelligence. If a John McCarthy to humans on the holds conversations purpose mobile robot ;1o 014 champion Garry robot insofar as it
machine can trick describe “the science assembly line with humans that reasons about Kasparov detects and responds
humans into thinking it  and engineering of its own actions to people’s feelings

is human, then it has making intelligent

intelligence machines”

<0+ AlphaGo

1999 2002 2011 2011 2014 2014 2016 2017

Sony launches first First mass produced Apple integrates Siri, IBM’s question Eugene Goostman, a Amazon launches Alexa, Microsoft's chatbotTay = Google’s A.l. AlphaGo
consumer robot pet dog autonomous robotic an intelligent virtual answering computer chatbot passes the an intelligent virtual goes rogue on social beats world champion
AIBO (Al robot) with vacuum cleaner from assistant with a voice Watson wins first place  Turing Test with a third  assistant with a voice media making Ke Jie in the complex
skills and personality iRobot learns to navigate interface, into the on popular $1M prize of judges believing interface that completes inflammatory and board game of Go,
that develop overtime  and clean homes iPhone 4S television quiz show Eugene is human shopping tasks offensive racist notable for its vast
Jeopardy comments number (2179) of

possible positions




Artificial Intelligence

Machine Learning & Deep Learning

ARTIFICIAL
INTELLIGENCE

Early artificial intelligence

stirs excitement. M AC H I N E
LEARNING

DEEP
LEARNING

MK MK
MMM

1950’s 1960's 1970’s 1980’s 1990’s 2000's 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Source: https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/



Artificial Intelligence (Al)
is many things

DEEP
LEARNING

.(;i‘t,'\:’ \;‘x:: ,'\
RECOMMENDATION “\@
ENGINES

N1

PREDICTIVE
ANALYTICS

NLP/TEXT MINING

= ,;,0\
o7 -

EVIDENCE
BASED

MACHINE
LEARNING SYSTEMS

o

o2%e oo °
R4 '0_.0.9 000
o ¥ .e

PRESCRIPTIVE
ANALYTICS

NATURAL LANGUAGE GENERATION

Ecosystem of Al




Artificial Intelligence (Al)
Intelligent Document Recognition algorithms

23



Subjective Popularity

Deep Learning Evolution

Vapnik, Cortes
J.R. Quinlan
Breiman
Freund, Schapire
Linnainmaa 1970
Werbos
‘,\Of? o ° Decision Tree, ID3 w
\'56 '\96
& 5
o"e '\(“. LeCun
& Perceptron N Rumelhart, Hinton, Williams
@ | Hetch, Nielsen
Hochreiter et. al. ——_
° Neu?al Networks J. Schmidhuber ;:%3: No
' IDSIA ndrew
Created by erogol
[ I I ! I I l I ' l J >
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015
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Machine Learning Models

Deep Learning Kernel

Ensemble

Association rules

Decision tree Dimensionality reduction

Regression Analysis

Clustering

Bayesian Instance based

25



3 Machine Learning Algorithms

TEMPORAL

DIFFERENCE

RENFORCEMENT LEARNING

Q-LEARNING

K-MEANS

DEEP BELIEF
NETWORKS

CLUSTERING

UNSUPERVISED
LEARNING

PRINCIPAL
COMPONENT
ANALYSIS

DIMENSIONALITY
REDUCTION

LINEAR
DISCRIMINANT

ANALYSIS
GENERALIZED

DISCRIMINANT
ANALYSIS

LEARNING

CONVOLUTIONAL
NEURAL NETWORK

REGRESSION

SUPERVISED
LEARNING

RANDOM
FOREST

LINEAR
REGRESSION

CLASSIFICATION NAIVE BAYES

CONDITIONAL
DECISION TREE

K-NEAREST NEIGHBORS

RECURSIVE NEURAL
NETWORK

MACHINE LEARNING
+
DEEP LEARNING

EMAILS

DATA D

SOCIAL
MEDIA

ISCOVERY

26



Machine Learning (ML) / Deep Learning (DL)

-

Machine
Learning
(ML)

o

Supervised
Learning

1

Unsupervised
Learning

|

1

Reinforcement
Learning

|

Decision Tree
] Classifiers ]

Linear
] Classifiers ]

Rule-based
~ Classifiers

[ Probabilistic |

~ Classifiers |

27



Neural

Networks

(NN)

A mostly complete chart of

© Backfed Input Cell N e u ra l N etWO rks Deep Feed Forward (DFF)

() Input Cell ©2016 Fjodor van Veen - asimovinstitute.org
Q Nolsy lepus Col Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

@ Hiddenceul
© rrobablistic Hidden Cell

@ spiking Hidden Cell

@ outputcelt

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
o o a QO a Qo

SN
. Match Input Output Cell “( )‘( )‘(
D) I‘\ DY/
. Recurrent Cell
. Memory Cell . .
Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Different Memory Cell

. Kernel

. Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)

NP TN, PN/
l)‘.'\\.li.‘&“oi X

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)

N/
A 0 I

; X cm %
XSO R S0 X

LY,
VAR
LX) i
K@

e

Generative Adversarial Network (GAN) Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

e

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

s et 9 ke

Source: http://www.asimovinstitute.org/neural-network-zoo/

Va¥a¥a ¥ V.
VaTavaTaTAS
AV AV AW
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Convolutional Neural Networks
(CNN or Deep Convolutional Neural Networks, DCNN)




Recurrent Neural Networks
(RNN)

%
X
%

./




Long / Short Term Memory
(LSTM)

Y

TN
GG

N




Gated Recurrent Units
(GRU)

N
)
T

\/
X

N

6\,‘ .

S




Generative Adversarial Networks
(GAN)

N NN NN
TaTaTaTaTA
YAV AV AWV




Support Vector Machines
(SVM)

Cortes, Corinna, and Vladimir Vapnik. “Support-vector networks.” Machine learning 20.3 (1995): 273-297.

Source: http://www.asimovinstitute.org/neural-network-zoo/
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Architectures of
Big Data Analytics



Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Raw
Data

Big Data

Transformation

y

Middleware
Hadoop
Transformed| MapR_educe
Extract Data HPil\;ge
» Transform >
Load g
Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others

Big Data

Platforms & Tools

CSV, Tables

7~

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Reports

36



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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Creating Value with Big Data Analytics:
Making Smarter Marketing Decisions,
Peter C. Verhoef and Edwin Kooge, Routledge, 2016

Creating Value
with BIg Data
Analytics

Making smarter marketing decisions

38



Big Data Value Creation Model

Creating Value with Big Data Analytics:
Making Smarter Marketing Decisions

( 1 ( N (7 o .\ [ o Y
Big Data Big Data Big Data Analytics Big Data
Assets Capabilities Value

o [ N
4 Decision
People Systems support Value to
Insights the firm
@@ N o - Actions/ - -
campaigns , ,
a ( Value to
Models Information | the
@ process "Organization based LcustomerJ
\ products/
@ _ solutions |
\ J \ J k ) \ J

39



Digital Data Platform for Enterprises
Big Data Analytics

Enterprise Applications g)
Operational Customer Organization Document Sales
Benchmark focus Connections Search Forecast

Security (Authentication, Authorization, Auditing, Encryption, Protection)

Variety of ’ Ingestion Processing Storage Analytics  Visualization
Sources layer Layer £F ..o Layer Layer - Apps
y y e Layer gy Yer sk, _App

) o -

Dat Traditi | I RS S
o Data Mining Hadoop R L
Connectors Analytics

. Data Search Based e 4
Data Extraction NoSQL Analytics
Real-time Predictive
ata Ol Batch Ad-hoc

Data Governance and Monitoring (Workflow, lifecycle management,@

RDBMS

In-Memory

VvV vV Vv

scheduler, manage)
Digital Data Driven Platform for Enterprises

Source: https://blog.persistent.com/index.php/2015/05/05/is-your-enterprise-data-platform-ready-for-the-dive-into-digital-transformation/ 40



VN NN NN NN NN NN NN NN NN NN NN NN SN NN NN SN NN SN BN BN BN BN BN BN BN BN B Ny,

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

/|

( Integrated analysis /

\ . Ui
\
\ \

A

)
1
I |} (] \ 7 \
/ . / \Conceptual Layer
/ | \ § - - 7 Y
y \ " \\ :I \
l' ‘| ’l ‘VI \‘
/ V! / Data
l ‘ . [ ‘
/ v _Mining
; V! S \
/ Multivariate % ! Application

Logical Layer

Software

Social Data

Hardware

Physical Layer\'

S T T

Analysts

* Construction and
confirmation
of individual
hypothesis

* Description and
execution of
application-specific
task

41



Business Intelligence (BI) Infrastructure

Extract, transform,
load

Historical
Data

Casual users
* Queries
* Reports

e Dashboards

Web Dat

/ Power users

* Queries
* Reports

e Data mining :

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 42



A

Data Warehouse
Data Mining and

Increasing potential
to support
business decisions End User

Data Presentation Business
o . Analyst
Visualization Techniques
Data Mining : Data
Information Discovery | Analyst

Data Exploration
Statistical Summary, Querying, and Reporting

/ Data Preprocessing/Integration, Data Warehouses \
DBA

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

43



The Evolution of Bl Capabilities

Querying and ETL
reporting
Data
Metadzia ’ warehouse
EIS /ESS DSS
Financial Data marts Spreadsheets
reporting (MS Excel)
Digital cockpits
and dashboards —> ot
Business \w
Scorecards and / Intelligence
dashboards
Workflow 4
Alerts and
notifications
Data & text Portals
mining Predictive Broadcasting

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

>

Exploratory“.

Analytical
Approach

‘IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII-..
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEESR

.

Explanatory..'

‘0
Yspsssnnnns®

Data Science and
Business Intelligence

(

Predictive Analytics and Data Mining \\

(Data Science)
Typical * Optimization, predictive modeling,

Technlques fﬂw statistical analysis

and * Structured,/unstructured data, many
Data Types types of sources, very large datasets
Co o What if..?

mmon "
Questions * What's the optimal scenario for our business?

o What will happen next? What if these trends

o= w— — \_ continue? Why Is this happening? ))
’ -_----
4 1
1 Data i ~
| [ Science ' Business Intelligence

Typical

* Standard and ad hoc reporting, dashboards,

1 Business

Techniques alerts, queries, details on demand
and ® Structured data, traditional sources,
Data Types manageable datasets
Common * What happened last quarter?
Questions * How many units sold?

L}
1 Intelligence
i '

~-----'

:‘ Past

A4

Tim

\

* Whare |a the problem? In which sftuationa? /

e

vy

Future -

AN EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEER®
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Data Science and
Business Intelligence

Predictive Analytlcs
and Data Mining
(Data Science)

Time



Predictive Analytics
and Data Mining
(Data Science)

Structured/unstructured data, many types of sources,
very large datasets

Optimization, predictive modeling, forecasting statistical analysis

What if...?
What's the optimal scenario for our business?
What will happen next?
What if these trends countinue?
Why is this happening?

47



Data Mining

Al

Machine Learning




Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Management Science &
Information Systems

Mathematical
Modeling



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
¢ Relational database systems
e Query languages: SQL, etc.
¢ 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
e 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
¢ Data mining and society

New Generation of Information Systems
(present—future)

51



Big Data Analysis

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



Internet Evolution

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

. Internet of Internet of Internet of Internet of
“Human to human” é “WwWw” é “Web 2.0" é “Social media” b “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/ 53



http://www2.alcatel-lucent.com/techzine/iot-internet-of-things-next-step-evolution/

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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[Data Mining

]

‘-»[Prediction ]

r

1

L

Classification

e

.

L

Regression

A Taxonomy for Data Mining Tasks

Learning Method

Popular Algorithms

Classification and Regression Trees,

»[Association ]

r

>

L

Link analysis

r

>

L

N\

Sequence analysis

Supervised ANN, SVM, Genetic Algorithms

Supervised Decision trees, ANN/MLP, SVM, Rough
g sets, Genetic Algorithms

Supervised Linear/Nonlinear Regression, Regression

trees, ANN/MLP, SVM

Unsupervised

Apriory, OneR, ZeroR, Eclat

J

‘-»[Clustering ]

Outlier analysis ]

Unsupervised

Unsupervised

Expectation Maximization, Apriory
Algorithm, Graph-based Matching

Apriory Algorithm, FP-Growth technique

Unsupervised

K-means, ANN/SOM

Unsupervised

K-means, Expectation Maximization (EM)




Traditional Analytics

Bl and
Analytics

Mart

Operational Data
Sources

Analytic

Data Mart

Analytic
POF PPT E Mart
Unstructured, Semi-structured and Streaming &

data (i.e. sensor data) handled often outside the
Warehouse flow




Hadoop as a “new data” Store

o
.
s

57



Hadoop as an additional input to
the EDW

58



Hadoop Data Platform As a

“staging Layer” as part of a “data Lake”

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

Data Mart
Data Mart

Bl and
Analytics

& &
& &
& &
& &
& &
& &
& &
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SAS Big data Strategy
— SAS areas

~D Datameer () & splunk> MicroStrategy
Witableaw w §Sas RevOLuTIoN [ platfora DEV & DATA TOOLS

APPLICATIONS

g "

5 TERADATA ETYHANA OPERATIONS TOOLS
& B —

< o

g ﬁb ORACLE' System Center

g SQL Server 2012 Data Management Te RADATA openstack

tidd

= E E & 08 © |pna

cisco

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

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



SAS Big data Strategy
— SAS areas

Osas T

2
£
S
2
g

g r
5 TERADATA FTYHANA
> e w E -
g i 7 oracLe $f Sytem Conter
SQL Server 2012 Y o Data Management TFRJ:\_[‘)-/'\—TL\' openstack

tidd

= B B & 08 © jpma

cisco
OLTP, ERP, Documents Web Logs, Social Machine Sensor Geo-location
CRM Systems & Emails Click Streams Networks Generated Data Data

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



SAS® Within the
HADOOP ECOSYSTEM

EG EM VA
User En?ep;s:?se i o= En?g'sise SASEVisual SASSt®tI'n;'Me:‘n e
Int ti P atistics for
l Interface | e ntegration Miner ™ Analytics Haodon
SAS® User Metadata SAS Metadata
Data Base SAS & SAS/ACCESS® In-Memory
Access to Hadoop™ Data Access
SAS Embedded SAS® LASR™
Process .
: Analytic
Data
Processing Accelerators Serrver
SAS® High-
Performance
Map Reduce Analytic Procedures
File HDFS
System

Next-Gen
SAS® User
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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 o7
Decision Manager 9.
IDENTIFY /

FORMULATE
PROBLEM

EVALUATE / . .
MONITOR ‘ DATA SAS Visual Analytics

e PrecAZES 7 SAS Visual Statistics
& <) SAS In-Memory Statistics for Hadoop

SAS Scoring Accelerator for Hadoop «
SAS Code Accelerator for Hadoop 0.}

DEPLOY
MODEL
DATA

EXPLORATION

; Done using either the Data
VALIDATE ' Preparation, Data Exploration
RleoEL TRANSFORM . or Build Model Tools

& SELECT

Decision Manager ‘@

, SAS High Performance Analytics Offerings
@ supported by relevant clients like SAS
WA Enterprise Miner, SAS/STAT etc.
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Big Data,
Big Analytics:

Emerging Business Intelligence

and Analytic Trends
for Today's Businesses



Big Data,
Prediction
VS.
Explanation




Big Data:
The Management
Revolution



Business Intelligence and
Enterprise Analytics

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

Source: Thomas H. Davenport, "Enterprise Analytics: Optimize Performance, Process, an

d Decisions

Through Big Data", FT P

sssss

2012
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Three Types of Business Analytics

* Prescriptive Analytics
* Predictive Analytics
* Descriptive Analytics

Source : Thomas H. Davenport, "Enterprise Analytics: Optimize Performance, Process, and Decisions Through Big Data", FT Press, 2012 68



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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Smart
Grids

Big Data

Geophysical
Exploration

Medical
Imaging

Video
Rendering

Gene
Sequencing
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More Structured

Big Data Growth
is increasingly unstructured

Structured

“Quasi” Structured
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Typical Analytic Architecture

©® Data
Sources

Departmental
Warehouse

i Data
: = m 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)

WILL BE MEASURED IN

MEASURED IN
PETABYTES EXABYTES
1EB =« 1 000P8B

1PE =« 1.0007TB

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

Data E EFROR B IFrEa D& 2 @

DeViCOS  criipHONE GPS  MP3  EBOOK VIDEO CABLEBOX AIM  CREDIT CARD COMPUTER  RFID VIDEO MEDICAL
PLAYER GAME READER SURVENLANGE  IMAGING

i — [ Medical '} RESEaa - ik Eias
Entorzement 5 - ~—
- Data '|
Collectors ,
i ~ \ ” Data
- 4 Aggregators

Data

Users/Buyers -
O,
Media Phone,/TV
[N Credi P'i!-h
l]ure.‘l .'u; Financial Brokers m‘

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015 74



Key Roles for the New

Big Data Ecosystem
_ |

Data Scientists

' jected U.S. tale
Deep Analytical Talent "ga::'?fo,ooom memt

Data Savvy Professionals - T s mion

Technology and Data Enablers

Note: Figures above reflect a projected talent gap In US In 2018, 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
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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

Business User Project Sponsor Project Manager

AF T+

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?

i 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?
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Overview of Data Analytics Lifecycle

1. Discovery

2. Data preparation

3. Model planning

4. Model building

5. Communicate results
6. Operationalize
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Key Outputs from a
Successful Analytics Project

' Code NUN Presentation for Analysts
B3 Technical Specs NN Presentation for Project Sponsors

Project Manager Business Intelligence Analyst

7 ¥ ¥

—
¢ ‘—'
J

Database

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



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

Data Mining Process

CRISP-DM (86) N 43%
______________________ I 42%
My own (55) N 27 5%
I 19%
ISEMMA (17) :- 8.5%
: ______________________ _ I 13%
Other, not domain-specific (16) B 5o
Bl 4%
IKDD Process (15) | | 7 5%
: B 7 3%
My organizations' (7) B 35%
5 3%
A domain-specific methodology (4) B 2%
B 4.7%
None (0) 0%
I 4.7%
I 2014 poll NS 2007 poll

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

86


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

Data Mining.
Core Analytics Process
The KDD Process for

Extracting Useful Knowledge
from Volumes of Data



Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996).
The KDD Process for
Extracting Useful Knowledge

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

Knowiedge Discovery in Databases creates the context for

developing the tools needed to control the flood of data facing

As WE MARCH INTO THE AGE
of digial information, the
problem of dac overkad
looms ominously ahead.
Our ability o amlyze and Greg
undersand massive
dacsers lags far behind
our abiliey o gather and
moce the daa A new gen-
enruion of compuaional wechniques
and 1ools is required 1o support the
exiraction of useful knowledge from
the rapidly growing volumes of da.
These wechniques and wols are the
subject of the emerging field of knowl-
edge discovery in daabases (KDD) and
dawa mining,

large dambases of digial informa-
ton are ubiquitous. Daz from the
neighborhood store’s checkout regis-
ter, your bank's credic card authoniz-
ton device, records in your docior's
affice, pazerns in your welephone calls,

organizations that depend on ever-growing databases of business,

manufacturing, scentific, and personal information.

The KDD Process
for Extracting Useful
Knowledge from
Volumes of Data

and many more applications generaie
sreams of digicl records archived in
huge dambases, somedmes in socalled
dac warchouses.

Current hardware and daabase wch-
nology allow efficient and inexpensive
relizble daa sworge and access. Howev-
er, whedher the conwext is busines,
medidne, sdence, or government, the
dacises themselves (in raw form) are of
lide direct value. Whae is of value is the
knowledge that can be inferred froe
the dam and put w use. For example,
the marketing cacihase of 2 consumer

COMMSICE TIOE O THE ACH Nombe (Al 3 e 1 RT

TE AT WE R
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Data Mining

Knowledge Discovery in Databases (KDD) Process
(Fayyad et al., 1996)

Pre- Trans- : Data : Interpretation/
Selection @ processing s formation Mlnln -Evaluauon W
: : l

Target Preprocessed | Transformed Patterns Knowledge
Data Data Data

Source: Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996). The KDD Process for Extracting Useful Knowledge from Volumes of Data.
Communications of the ACM, 39(11), 27-34. 89



Knowledge Discovery (KDD) Process

B A\
'[ l l 7, 1y I\\L| K‘
Ly
Data mining: Pattern Evaluation

core of knowledge discovery process I
Data Miy
4

Task-relevant Data '
Data Warehouse Ation

|

|

Data Cleaning : |
mm————— :

Kzﬁ; Integration

Databases

Source: Han & Kamber (2006) 90



Data Mining Process:
CRISP-DM

|2

I 1
— Data
Understanding

Business
Understanding  |g—-o
N &
Data
Preparation

I? w
SE =
Model

Deployment
| & & Building

N

5

Testing and
Evaluation
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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

Data Transformation

Collect data
Select data
Integrate data

( \
. J
e o o

Impute missing values
Reduce noise in data
Eliminate inconsistencies

( )
. J
e o o

Normalize data
Discretize/aggregate data
Construct new attributes

. J

Il

[ Data Reduction ]

-

Reduce number of variables
Reduce number of cases
Balance skewed data

Well-formed
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 SR
Extraction and
Integration

Analytical Processing

Building

Block 1

Building
Block 2

Output
—>» for

Analyst
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[Data Mining

]

‘-»[Prediction ]

r

1

L

Classification

e

.

L

Regression

A Taxonomy for Data Mining Tasks

Learning Method

Popular Algorithms

Classification and Regression Trees,

»[Association ]

r

>

L

Link analysis

r

>

L

N\

Sequence analysis

Supervised ANN, SVM, Genetic Algorithms

Supervised Decision trees, ANN/MLP, SVM, Rough
g sets, Genetic Algorithms

Supervised Linear/Nonlinear Regression, Regression

trees, ANN/MLP, SVM

Unsupervised

Apriory, OneR, ZeroR, Eclat

J

‘-»[Clustering ]

Outlier analysis ]

Unsupervised

Unsupervised

Expectation Maximization, Apriory
Algorithm, Graph-based Matching

Apriory Algorithm, FP-Growth technique

Unsupervised

K-means, ANN/SOM

Unsupervised

K-means, Expectation Maximization (EM)




Fundamental Big Data:
MapReduce Paradigm,
Hadoop and Spark
Ecosystem



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
BIG ANALYTICS
QUERY & FILTER DETECT PREDICT DECIDE
Complex queries Anomalies Tending Simulation
R?? Communities Real-time Optimization
Typologies Prediction

BIG DA'I'A Batch BIG DATA - Real Time
(]

Complex by nature DATA Complex by structure

gF[/ G
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MapReduce
Paradigm




MapReduce Paradigm

Map

Reduce

I Big Data l
N
MapO Mapl Map?2 Map3
ReduceO Reducel Reduce?2 Reduce3
MapReduce Data
J

A 4

Output Data

100




MapReduce Word Count

Input

Dog Love Cat
Bird Love Bird
Dog Bird Cat

https://www.edureka.co/blog/mapreduce-tutorial/ 101



https://www.edureka.co/blog/mapreduce-tutorial/

MapReduce Word Count

Input Output
>
Dog Love Cat Bird, 3
Bird Love Bird Cat. 2
Dog Bird Cat Dog, 2
Love, 2

https://www.edureka.co/blog/mapreduce-tutorial/ 102
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MapReduce Word Count

Input Split Map Shuffle Reduce N Output

Bird, (1, 1, 1) F—> Bird, 3

Dog Love Cat

Cat, (1,1) > Cat, 2

Dog Love Cat
Bird Love Bird Bird Love Bird
Dog Bird Cat

Dog, (1,1) F—> Dog, 2

Dog Bird Cat

Love, (1,1) F—>{ Love, 2

https://www.edureka.co/blog/mapreduce-tutorial/ 103
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Hadoop
Ecosystem



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/

Big Data with Hadoop Architecture

LOGICAL ARCHITECTURE PROCESS FLOW

Processing: MapReduce

+rm [ Reduce 0 |8

Job Tracker Split 0

Task Tracker Task Tracker Task Tracker

'I T 'I

s & o e

[ reocer R reovcer PRI Reoucer | Spite

¥

N\ .
> g T 2z [

PHYSICAL ARCHITECTURE
Hadoop Cluster

Storage: HDFS

Hhaasen

Data Node Data Node Data Node
S Blox coo [l
BLOCK BLOCK BLOCK

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop. pdf 107
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https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

Big Data with Hadoop Architecture

Logical Architecture
Processing: MapReduce

Job Tracker

Task Tracker Task Tracker Task Tracker
| e |

Jil

Shuffle and Sort

oo R reovcer IR rooucer

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop. pdf 108
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Big Data with Hadoop Architecture

Logical Architecture
Storage: HDFS

Data Node Data Node Data Node

BLOCK

BLOCK

Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf 109
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Big Data with Hadoop Architecture
Process Flow

A
s Creaceo [8

Split O

Split 1 \
A b
S i T, - R

Split n

o \i— 1"

Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf 110
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Big Data with Hadoop Architecture
Hadoop Cluster

 Master e N e
siave sl |,
- slave e NN | [S5500l |,
| siave s i ool |
- slave s N | [S=o0l |
slave g N | [0l |,
- slave SN | [S5o0l |,
slave Sl | Sl |,
 Slave N | S0l s

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop. pdf 111
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Hadoop Ecosystem

Oozie Chukwa Flume Zoo Keeper

(Workflow S P D Man men
Monitoring) (Monitoring) (Monitoring) (Management) ata Management

Mahout Avro Sqoop
(Machine (RPC, (RDBMS Data Access

Learning) Serialization) Connector)

YARN

(Cluster & Resource Management)

Map Reduce

Data Processing
(Cluster Management)

HDFS HBase

(Distributed file system) (Column DB Storage) Data Storage

Source: https://savvycomsoftware.com/what-you-need-to-know-about-hadoop-and-its-ecosystem/ 112



Hadoop Ecosystem

\
B System Deployment
J
Machine / \ ——
Learning Distributed Programming Scheduling
4 N | | | a A 4
o0 | <
£ 43 )
< ? & ®
8 > | = y
- on Q o = (=]
- QO c > (®) oo
= b= o Q QLT o
[« B =3 o N =
£ 5 o S 2O 1 75) © S 3
® @© E 1%5) T v o g 3
== \ : ' J 5
TJ 1[ T/ (Y
4 Data Ingestion
MapRe_duce Framework-YARN NoSQL Database
B0 Sa00P " HERASE
5 S
g s
23
g8
\- -/ Hadoop core L )
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HORTONWORKS

HDP (Hortonworks Data Platform)
A Complete Enterprise Hadoop Data Platform

= OPERATIONS
INTEGRATION TooLs

Data Lifecycle & Zeppelin Administration Provisioning, Managing,
Governance Ambari User Views Authentication & Monitoring
Authorization Auditing
Falcon Data Protection Ambari
Atlas Cloudbreak
Knox
Batch Script sQL NoSQL Stream Search In-Mem = Others... Atlas
Data Workflow MapReduce Pig Hive HBase Storm Solr Spark ISV Engines HOFS Encryption
Sqoop ﬁfr?g;ﬂo =
Flume - Scheduling
Kafia Tez Sicer JN Sicer s /1]
NFS Oozie

WebHDFS YARN: Data Operating System

HDFS Hadoop Distributed File System

DATA MANAGEMENT

http://hortonworks.com/hdp/ 114
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Apache Hadoop
Hortonworks Data Platform

Integrate
& Test

Fixed Issues
Design &
Develop

Package
Ambari Release & Certify
Stable Project
y Design & Develop Releases
Mbu
Other Distribute
Apacho
Propcrs
Upstream Community Projects Downstream Enterprise Product

http://hortonworks.com/hdp/
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Hadoop and Data Analytics Tools

-\\9’ Datameer () &ic MicroStrategy
ir+ableau w Ssas (1 platfora 5p|unk> DEV & DATA TOOLS

!

APPLICATIONS

w
: i SAR
g ERL\PATA e HANA
g o ORACLE »
SOL Server o0 [ERADATA openstack

-

Source: http://hortonworks.com/hdp/ 116
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Hadoop 1 = Hadoop 2

Hadoop 1
« Silos & Largely batch
 Single Processing engine

Script SQL Real-time Others

Pig Hive HBase Storm,

Salr, etc.

MapReduce

(Cluster Resource Management & Data Processing)

HDFS
(Hadoop Distributed File System)

Hadoop 2 w/ BZH

* Multiple Engines, Single Data Set
* Batch, Interactive & Real-Time

Script Java Engines = Others  Others

Pig Cascading HBase Engines ISV
Accumulo, Engines

Storm, Solr,
spark 3 ks

YARN: Data Operating System

(Cluster Resource Management)

HDFS
(Hadoop Distributed File System)

Folut

http://hortonworks.com/hadoop/tez/ 117
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Big Data Solution
G EM VA

E

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 el N
s semnces SAS® LASR™ Analytic )
AMBAR) P N Server
FALCON® PIG MCATALOG HBASE
i SQO0P &
OO2IE ® gyt
Lows SAS" High Performance
e “*| rer | oren Analytics
WetHDFS ::: \\i

aMmM.  HORTONWORKS &
Hortonworks  DATA PLATFORM (HDP) :

i S S )

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

SOURCES

http://www.newera-technologies.com/big-data-solution.html 118
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CRM

ERP

WEB SITE
TRAFFIC

Traditional ETL Architecture

> TL)
>

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

csv

Staging
Area

\A A/

—

DATA
WAREHOUSE

S——

it e
H '3 B

Data
Marts

DATA
MINING

REPORTING
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Offload ETL with Hadoop
(Big Data Architecture)

CRM ANALYSIS
A

DATA
WAREHOUSE T L

DATA
MINING

ERP > Tl.> T L
R » sV

\A A

HEE
‘H @3 '8

>
g
g
a

REPORTING

3
a

SOCIAL
MEDIA

0DBC
Q Flume JDBC C— 00000 Sghlli:e
SENSOR B Siiiy
LOGS

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop. pdf 120



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

Spark
Ecosystem



K

Apache Spark

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

Spa

Lightning-fast cluster computing



http://spark.apache.org/

soark’ Logistic regression in

o
-

Hadoop and Spark
—~ 120 110
)
@ 90 -
— ® Hadoop
o 60
= ¥ Spark
c
-
-
o

0.9

0 ,

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

Source: http://spark.apache.org/ 123



http://spark.apache.org/

Spqr‘,?

Ease of Use

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

http://spark.apache.org/ 124
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<<
rK
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/ 125
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Spark and Hadoop

Spor‘lzz

;hadaap 4%&

cassandra

Source: http://spark.apache.org/ 126
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Spor‘l'(? Spark Ecosystem

Spark Spark MLIib
SQL JgStreamingll (machine

learning)

Apache Spark

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

SparK® Spark Ecosystem

Spark SQL + Streamin MLIib GraphX
DataFrames 8 Machine Learning Graph Computation
Spark Core API
R SQL Python Scala Java

https://databricks.com/spark/about 128
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™

Spc)‘ll(\Z Spark Ecosystem

Spark

N\

Spark MLlib | Spark 1{ GraphX ‘

(machine

\ Streaming ) ' learming) ) | SQL 1| (graph) |

Kafka Flume [ H20 Hive ] Titan

[ HBase ][Cassandra]

| HDFS | ‘
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cassandra

SMACK Stack

Spark

— fast and general engine for distributed, large-scale data
processing

Mesos

— cluster resource management system that provides efficient
resource isolation and sharing across distributed applications

Akka

— a toolkit and runtime for building highly concurrent, distributed,
and resilient message-driven applications on the JVM
Cassandra

— distributed, highly available database designed to handle large
amounts of data across multiple datacenters

Kafka

— a high-throughput, low-latency distributed messaging system
designed for handling real-time data feeds
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Hadoop vs. Spark

HDFS HDFS HDFS HDFS
read write read write
i lter. 1 E lter. 2 D —> 000

Input

Spor‘l‘g

iﬁ . _,’_m_’ —> 000
Input




Summary

Big Data

Artificial Intelligence

Deep Learning

Architectures of Big Data Analytics
Data Mining Process

Fundamental Big Data:
MapReduce Paradigm,
Hadoop and Spark Ecosystem
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