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Hadoop and Spark Ecosystem)
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Case Study 1 (Cluster Analysis — K-Means using SAS EM)
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Case Study 2 (Association Analysis using SAS EM)

o B~ W



S A2 K& (Syllabus)

R (Week) B Hj (Date) M % (Subject/Topics)
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9 2017/04/13 #A ¥ 3% (Midterm Project Presentation)
10 2017/04/20 #A ¥ = XA (Midterm Exam)

11 2017/04/27 ABE 54782 F AF = (SAS EM & Sjist ~ #AGRAE)
Case Study 3 (Decision Tree, Model Evaluation using SAS EM)

12 2017/05/04 B % 5 #7 $2°F VE w9 (SAS EM @6 541 ~ $a4b 48 4885
Case Study 4 (Regression Analysis,
Artificial Neural Network using SAS EM)

13 2017/05/11 Google TensorFlow & & 2§
(Deep Learning with Google TensorFlow)

14 2017/05/18 #AK 3Rk (Final Project Presentation)
15 2017/05/25 £ ¥ 313X (Final Exam)
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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

y

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Big Data Big Data
Transformation Platforms & Tools
4
Middleware -
Raw Transformed] MapR.EdUCG
Data | Extract Data P.'8
» Transform > Hive
Load Jag
Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others
CSV, Tables L

Reports




Architecture of Big Data Analytics

. . . Big Data
Big Data Big Data Big Data Analytics
Sources Transformation Platforms & Tools Applications

-

ueries

* Internal 2

* External

* Multiple Reports
formats

* Multiple
locations

* Multiple

applications

\

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

Analysts

Enabling Technologies

* Integrated analysis model

execution of
application-specific
task

specific task

Large-scale visualization analysis

Logical Layer

I
. :
i { Integrated analysis ; A . '
| '\_/“ g Yy A Explanation by Model
] / \ \
: I \ ! .3 ! \
! I \ [ Conceptual Layer
I ] ; I vV k
I l ‘ 'l A\ 4 ‘ H
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* Discovery of relationships | /| e \ " aoplication ™ « Describtion and
among heterogeneous data | // Multivariate | ¢ PP ) P
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Parallel distrusted processing Social Data

Software
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Business Intelligence (BIl) Infrastructure

Extract, transform,
load

Historical
Data

Casual users
* Queries
* Reports

e Dashboards

Web Dat

/ Power users

* Queries
* Reports

< Data mining :

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 10



A

Data Warehouse
Data Mining and

Increasing potential
to support
business decisions End User

Data Presentation Business
L. . 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
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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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Exploratory“.

Analytical
Approach
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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?

15



Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Management Science &
Information Systems

Mathematical
Modeling



[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

Operational Data

Sources Data Mart

Analytic

Analytic
Mart

Unstructured, Semi-structured and Streaming
data (i.e. sensor data) handled often outside the
Warehouse flow

Bl and
Analytics

A
A

&
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Hadoop as a “new data” Store

et & &
LI

19



Hadoop as an additional input to
the EDW

20



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
i¥+ableau w SSaS RevOoLuTioN [ platfora DEV & DATA TOOLS

) LA R LA Al ..w
NET .
o Visual Studio

APPLICATIONS

7]

=

= TERADATA ZTY HANA OPERATIONS TOOLS
& T =

g \?b ORACLE System Center

g §6£Sewer201; Data Management TF@L\_IQ Op?ﬂSta(k

tidd

E B E 08 @ D

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 e

APPLICATIONS

2] r

&

o TERADATA ZTYHANA 0

@ 1

-~ Z  oracLe s Syl Gonter

g ‘S(')T.Servenm; Y o Data Management Te Rf\_[.)ﬂf\_ openstack

W

E B E 08 @ D

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  [ININAS SAS®Data _ SASS SAS®Visual SAS®In-Memory |
. e e e W
SAS® User Vetadata SAS Metadata Next-Gen
SAS® User
Data Base SAS & SAS/ACCESS® In-Memory
Aocess to Hadoop™ Data Access

Data
Processing

SAS EmbEdded SAS® LASR™
Process .
. H Analytic
Plg Hive Accelerators Server
Impala SAS® High-
Performance
Map Reduce Analytic Procedures
¢
fle N ) HDFS
System

24



SAS enables the entire lifecycle
around HADOOP

SAS enableS the entire lifecycle around HADOOP

’ Done using either the Data Preparation,
Uz Data Exploration or Build Model Tools

SAS Visual Analytics 7% »¥
Decision Manager AL
IDENTIFY /

FORMULATE
PROBLEM

EVALUATE / ‘ . .
MONITOR ‘ DATA SAS Visual Analytics

R PREmAEE «7-2Y) SAS Visual Statistics
&)~ SAS In-Memory Statistics for Hadoop

SAS Scoring Accelerator for Hadoop r
SAS Code Accelerator for Hadoop A Aoiaedg

DATA

EXPLORATION

. Done using either the Data
VALIDATE @ Preparation, Data Exploration

MODEL T or Build Model Tools
& SELECT

) .
Decision Manager .‘*

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

25



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)

27



Data Mining Process

(SOP of DM)

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




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
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%
B 4.7%
I 2014 poll NS 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. (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 0 amlyze and Greg
undersand massive
dacsers lags far behind
our abiliey o gather and
moce the daa A new gen-
enruion of compucional 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 docilor'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 conext 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

COMMSTCE TIOE O THE ACH Nombe (Al 3 1 RT

TE AT WEE R

31



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. 32



Knowledge Discovery in Databases (KDD)

Process
Data mining: Evaluationand  Knowledge
core of knowledge discovery process PresentatiV
Data Mining .Piéerns

Selection and
Transformation

A .
A Task-relevant :

Data
Data

Warehouse

Cleaning and
Integration

4 =
E % : n :
Databases :_Flat files : e reereaaenna Y

33



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

34



Data Mining Process:

CRISP-DMVM
Step 1: Business Understanding n
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?)

35



Data Preparation —
A Critical DM Task

Source:

: 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

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

36



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

leanin
Feature Sz

) and

Extraction .
Integration

Analytical Processing

Building

Block 1

Building
Block 2

Output
—» for

Analyst

38



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
ward [A] B K= ) PS B
BIG ANALYTICS
QUERY & FILTER DETECT PREDICT DECIDE
Complex queries Anomalies Tending Simulation
R?? Communities Real-time Optimization
Typologies Prediction

BIG DATA - Batch BIG DATA = Real Time
@

Complex by nature DATA Complex by structure

1 Jel A




MapReduce
Paradigm




MapReduce Paradigm

Map

V
Reduce

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

A 4

Output Data

42




MapReduce Word Count

Input

Dog Love Cat
Bird Love Bird
Dog Bird Cat

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




MapReduce Word Count

Input N 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/ 44




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) > Dog, 2

Dog Bird Cat

Love, (1, 1) |—> Love, 2

https://www.edureka.co/blog/mapreduce-tutorial/ 45




Hadoop
Ecosystem



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

http://hadoop.apache.org/




MapReduce

Processing

M
| |

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

S

49



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

|

50



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

> Pm > l Reduce 0 B2

LN l b

Data @& | }m > l .l Reduce 0 .

Set N
Split 1 \

. \ b

> - I (g — lli Reduce 0 >.

Split n

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf 52




Big Data with Hadoop Architecture
Hadoop Cluster

 Master e Nl e
siave | sl |
- slave e N | [So500l |,
| siave gl ool |
- slave s N | [S5o0l |
| slave g NN | [0l |
- slave SN | [S5o0l |,
slave S | Sl |,
 Slave  pu N | S0l s

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




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 Encryplion
Sqoop 'Tfﬁigil" e
Flume - Scheduling
Kafka Tez  Slider |  Slider | S/ 7]
NFS Oozie

WebHDFS YARN: Data Operating System

HDFS Hadoop Distributed File System

DATA MANAGEMENT

http://hortonworks.com/hdp/ 35




Apache Hadoop
Hortonworks Data Platform

¥ o Integrate
& Test
Y Apache B .
Hive

Fixed Issues
Design &
Develop

Y T Package

o Release Hortonworks & Certify
Data Platform
Stable Project
Desngn & Develop Releases
Ambu
poch Distribute
Apocho
Ptog.cts
Upstream Community Projects Downstream Enterprise Product

http://hortonworks.com/hdp/ 26




Hadoop and Data Analytics Tools

~D Datameer () & MiroStrategy
vetableovu w Ssas ( platfora splunk> DEV & DATA TOOLS

. ;.. LR .
o Visual Studio

r- B

wv
=
=
=
<
o
—
[+N
o
-4

v

b3

E T DATA :../W. HANA OPERATIONS TOOLS

?’; P ] >

< o ~

—- p-. ) Syatern Certer

= SQL Server 1 TERADATA - openstack
- J

Source: http://hortonworks.com/hdp/




Hadoop 1 -2 Hadoop 2

Hadoop 1
+ Silos & Largely batch
» Single Processing engine

Script SQL Real-time Others

Pig Hive HBase Storm,

Solr, etc.

MapReduce

(Cluster Resource Management & Data Processing)

HDFS
(Hadoop Distributed File System)

Hadoop 2 w/

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

‘Scrlpt Java Engines = Others ‘Others

Pig Cascading HBase Engines ISV

Accumulo, Engines

Storm, Solr,

YARN: Data Operating System

(Cluster Resource Management)

HDFS
(Hadoop Distributed File System)

Folut

http://hortonworks.com/hadoop/tez/ 58




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 59




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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CRM

ERP

WEB SITE
TRAFFIC

SOCIAL
MEDIA

SENSOR
LOGS

Sqoop
Flume JDBC
Sqoop Sqoop

Offload ETL with Hadoop
(Big Data Architecture)

> TL> T L
» sV

Staging
Area

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

\A A/

/_\

DATA
WAREHOUSE

S—

|

ITL

L N R R N

HEE
‘H '3 B

=
A

OLAP
ANALYSIS

DATA
MINING

REPORTING




Spark
Ecosystem



K

Apache Spark

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

Spa

Lightning-fast cluster computing




Spa

7S

Running time (s)

Logistic regression in

Hadoop and Spark
120 1 110
90 -
® Hadoop
60
¥ Spark
30 -
0.9
O .

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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Spofllg

Ease of Use

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

http://spark.apache.org/

65



<<
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/
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Spark and Hadoop
K’
o

cassandra

Spo
i liEElEED

Source: http://spark.apache.org/
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Spoﬁ‘g

Spark Ecosystem

Spark MLIib
Streamingf} (machine

learning)

Apache Spark

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




™

SpQ‘I’(\Z Spark Ecosystem

Spark

N\

Spark - MLlib || Spark 1 GraphX ‘

(machine

\ Streaming )  learming) || QL || (graph)
|
I |

Kafka Flume [ H20 Hive ] Titan
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Hadoop vs. Spark
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Steps to
Install Hadoop
on a
Personal Computer
(Windows/OS X)




Hodoop: Linux Based Software

LINUX

LINUX

Source: https://www.youtube.com/watch?v=rO-V1mxhzcM&list=PLyZEf-TOnZen8E5m5T Iplsdok2fyKDNRa&index=5
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Appliance

Personal Computer (Windows / OS X)

Linux

(  Hadoop )

Source: https://www.youtube.com/watch?v=rO-V1mxhzcM&list=PLyZEf-TOnZen8E5m5T Iplsdok2fyKDNRa&index=5
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Connection to Hadoop

Personal Computer (Windows / OS X)

>

Browser

Access
from
host

https://www.youtube.com/watch?v=rO-V1mxhzcM&list=PLyZEf-TOnZen8E5m5T Iplsdok2fyKDNRa&index=5
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Steps to Install Hadoop on a
Personal Computer (Windows/OS X)

Step 1. Download and Install VirtualBox
Step 2. Download Appliance

Step 3. Import Appliance

Step 4. Configure Virtual Machine (VM)

Step 5. Start Virtual Machine (VM)

Step 6. Test Connection From Host

Source: https://www.youtube.com/watch?v=rO-V1mxhzcM&list=PLyZEf-TOnZen8E5m5T Iplsdok2fyKDNRa&index=5
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Virtual Box

search...
Login  Preferences

Welcome to VirtualBox.org!

VirtualBox is a powerful x86 and AMD64/Intel64 virtualization product for enterprise as well as home use. Not only is News Flash
About VirtualBox an extremely feature rich, high performance product for enterprise customers, it is also the only professional
Screenshots solution that is freely available as Open Source Software under the terms of the GNU General Public License (GPL) . 5@ Jr;uagvllzzhl 2|017 @

: " i " R N iIrtuaiBox S5.1. released!
o o version 2. See "About VirtualBox" for an introduction. e iy e o o
ownloads . . . ) int | hich i

Presently, VirtualBox runs on Windows, Linux, Macintosh, and Solaris hosts and supports a large number of guest 2::{,?,if;‘i?,%eﬁr:eiaf:g:ves'scio,',r;psrg‘ées
Documentation operating systems including but not limited to Windows (NT 4.0, 2000, XP, Server 2003, Vista, Windows 7, Windows 8, the Changelog for details.

Windows 10), DOS/Windows 3.x, Linux (2.4, 2.6, 3.x and 4.x), Solaris and OpenSolaris, 0S/2, and OpenBSD. .

End-user docs ) / ’ (2.4, ’ ) P , 0S/2, p mi:;fember 2nd, 2016
Technical docs VirtualBox is being actively developed with frequent releases and has an ever growing list of features, supported guest Looking for a new challenge? We're

operating systems and platforms it runs on. VirtualBox is a community effort backed by a dedicated company: everyone looking for a GUI developer

Contribute is encouraged to contribute while Oracle ensures the product always meets professional quality criteria. (Germany/European Union).
« [T july 12th, 2016
Community (4 VirtualBox 5.1 released!
Many enhancements and
improvements. Read more in the
D I d announcement.
own oa More information...
\ L]

/Irtualbox

Hot picks:

» Pre-built virtual machines for developers at =»Oracle Tech Network

+ Hyperbox Open-source Virtual Infrastructure Manager = project site

« phpVirtualBox AJAX web interface =»project site

« IQEmu automated Windows VM creation, application integration =»http://mirage335-site.member.hacdc.org:6380/wiki/Category:IQEmu

ORACLE

https://www.virtualbox.org/ 76




Steps to Install Hadoop on a
Personal Computer (Windows/OS X)

Step 1. Download and Install VirtualBox

. Hortonworks
Step 2. Download Appliance Sandbox

Step 3. Import Appliance

Step 4. Configure Virtual Machine (VM)

Step 5. Start Virtual Machine (VM)

Step 6. Test Connection From Host

Source: https://www.youtube.com/watch?v=rO-V1mxhzcM&list=PLyZEf-TOnZen8E5m5T Iplsdok2fyKDNRa&index=5 77




Hortonworks Sandbox

The easiest way to get started with Enterprise Hadoop

COMMUNITY BLOGS PARTNERS CONTACT US Q SUPPORT LOGIN E ENGLISH &
MM‘)Rp \ Products  Solutions ~ Customers  Services & Support ~ About Us GET STARTED
HORTONWORKS'

GET STARTED TODAY WITH HORTONWORKS SANDBOX

@ Ready to Get Started? DOWNLOAD SANDBOX

OVERVIEW WHAT'S NEW DOWNLOADS RESOURCES

= MENU  products SHARE in f ¥ ‘ NEWSLETTER Contact Sales? mm

http://hortonworks.com/products/hortonworks-sandbox/#install 78




Get started on Hadoop with these tutorials
based on the Hortonworks Sandbox

COMMUNITY BLOGS PARTNERS CONTACT US Q SUPPORT LOGIN E ENGLISH &
MM‘H \ Products  Solutions ~ Customers  Services & Support ~ About Us GET STARTED

HORTONWORKS®

TUTORIALS

Get started on Hadoop with these tutorials based on the Hortonworks Sandbox

DEVELOP WITH HADOOP

Start developing with Hadoop. These tutorials are designed to ease your way into developing with Hadoop:

Apache Spark on HDP

° Hands-on Tour of Apache Spark in 5 Minutes
Apache Spark is a fast, in-memory data processing engine with elegant and expressive development APIs in Scala, Java, Python, and R that allow data

workers to efficiently execute machine learning algorithms that require fast iterative access to datasets (see Spark APl Documentation for more info).
Spark on Apache Hadoop YARN enables deep integration with Hadoop [.. ]

= MENU SHARE in f W ‘ NEWSLETTER Contact Sales? mm

http://hortonworks.com/tutorials/ 79




Apache > Hadoop >

What Is Apache
Hado...

Getting Started ...
Download Hadoop

Who Uses Hadoop?...

News

Releases

Release Versioning
Mailing Lists

Issue Tracking
Who We Are?

Who Uses Hadoop?
Buy Stuff
Sponsorship
Thanks

Privacy Policy
Bylaws

Committer criteria
License

> Documentation
> Related Projects

built with
Apache Forrest

Apache Hadoop

Search with Apache Solr Search

Last Published: 01/27/2017 02:33:46

\:’T

Welcome to Apache™ Hadoop®!

o
al

What Is Apache Hadoop?

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

The Apache Hadoop software library is a framework that allows for the distributed processing of large data sets across clusters of computers using simple
programming models. It is designed to scale up from single servers to thousands of machines, each offering local computation and storage. Rather than rely on
hardware to deliver high-availability, the library itself is designed to detect and handle failures at the application layer, so delivering a highly-available service on
top of a cluster of computers, each of which may be prone to failures.

The project includes these modules:

« Hadoop Common: The common utilities that support the other Hadoop modules.
« Hadoop Distributed File System (HDFS™): A distributed file system that provides high-throughput access to application data.
« Hadoop YARN: A framework for job scheduling and cluster resource management.
« Hadoop MapReduce: A YARN-based system for parallel processing of large data sets.
Other Hadoop-related projects at Apache include:
« Ambari™: A web-based tool for provisioning, managing, and monitoring Apache Hadoop clusters which includes support for Hadoop HDFS, Hadoop

MapReduce, Hive, HCatalog, HBase, ZooKeeper, Oozie, Pig and Sqoop. Ambari also provides a dashboard for viewing cluster health such as heatmaps and
ability to view MapReduce, Pig and Hive applications visually alongwith features to diagnose their performance characteristics in a user-friendly manner.

« Avro™: A data serialization system.

« Cassandra™: A scalable multi-master database with no single points of failure.

« Chukwa™: A data collection system for managing large distributed systems.

« HBase™: A scalable, distributed database that supports structured data storage for large tables.
« Hive™: A data warehouse infrastructure that provides data summarization and ad hoc querying.
« Mahout™: A Scalable machine learning and data mining library.

« Pig™: A high-level data-flow language and execution framework for parallel computation.

http://hadoop.apache.org/ 80




Apache Hadoop

http://hadoop.apache.org/releases.html#Download

Apache > Hadoop >

Search with Apache Solr Search

Last Published: 01/27/2017 02:33:46

© Welcome
. [ Apache Hadoop Releases a
Release Notes PDF
© Release Versioning
ailing Lists Download
o Issue Tracking Hadoop is released as source code tarballs with corresponding binary tarballs for convenience. The downloads are distributed via mirror sites and should be checked
@ Who We Are? for tampering using GPG or SHA-256.
° Who Uses Hadoop?
uy Stuff
= Sponsorship 3.0.0-alpha2 25 January, 2017 source signature checksum file
@ Thanks binary signature checksum file
= Privacy Policy 3.0.0-alphail 03 September, 2016 source signature checksum file
@ Bylaws binary signature checksum file
@ Committer criteria 2.7.3 25 August, 2016 source signature 227785DC 6E3E6EFS..
° License binary signature D489DF38 08244B90..
» Documentation 2.6.5 08 October, 2016 source signature 3A843F18 73D9951A..
’ Related Projects binary signature 001AD18D 4B6DOFES..
2.5.2 19 Nov, 2014 source signature 139EF872 09C5637E..
binary signature 0BDB4850 A3825208..

To verify Hadoop releases using GPG:

Download the release hadoop-X.Y.Z-src.tar.gz from a mirror site.
Download the signature file hadoop-X.Y.Z-src.tar.gz.asc from Apache.
Download the Hadoop KEYS file.

gpg --import KEYS

gpg --verify hadoop-X.Y.Z-src.tar.gz.asc

u kLN

To perform a quick check using SHA-256:

1. Download the release hadoop-X.Y.Z-src.tar.gz from a mirror site.
2. Download the checksum hadoop-X.Y.Z-src.tar.gz.mds from Apache.
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Apache Hadoop YARN

MapReduce Status ———»
Job Submission ------ >

Node Status —— e -
Resource Request ----......
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Apache Spark

p Qr ~  Lightning-fast cluster computing

Download Libraries v Documentation ~ Examples Community ~ Developers ~

Apache Software Foundation ~

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

Speed

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

Apache Spark has an advanced DAG execution engine that supports acyclic
data flow and in-memory computing.

Ease of Use
Write applications quickly in Java, Scala, Python, R.

Spark offers over 80 high-level operators that make it easy to build parallel
apps. And you can use it interactively from the Scala, Python and R shells.

w
o

— 120 7 110

)

g 90 -

= 60 ¥ Hadoop
2

= ¥ Spark
c

=]

o

0.9

o

Logistic regression in Hadoop and Spark

text_file = spark.textFile("hdfs://...")
text_file.flatMap(lambda line: line.split())

.map(lambda word: (word, 1))
.reduceByKey(lambda a, b: a+b)

Word count in Spark's Python API

http://spark.apache.org/

Latest News

Spark Summit East (Feb 7-9th, 2017,
Boston) agenda posted (Jan 04, 2017)

Spark 2.1.0 released (Dec 28, 2016)

Spark wins CloudSort Benchmark as
the most efficient engine (Nov 15, 2016)

Spark 2.0.2 released (Nov 14, 2016)

Archive

Download Spark

Built-in Libraries:

SQL and DataFrames
Spark Streaming

MLIib (machine learning)
GraphX (graph)

Third-Party Projects
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