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Course Introduction

* This course introduces the fundamental concepts and
applications technology of big data mining.

* Topics include
— Big Data Mining
— Artificial Intelligence and Big Data Analytics
— Association Analysis
— Classification and Prediction
— Cluster Analysis
— Machine Learning and Deep Learning
— Data Mining Using SAS Enterprise Miner (SAS EM)
— Case Study and Implementation of Big Data Mining
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(Objective)
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* Understand and apply the fundamental
concepts and technology of big data mining



F42 K4 (Syllabus)

B R (Week) B HR (Date) P % (Subject/Topics)
1 2019/02/20 E = & HHREERLZN4
(Course Orientation for Big Data Mining)

2 2019/02/27 AlA T % E 91 K #IE 0 #r
(Artificial Intelligence and Big Data Analytics)

3 2019/03/06 4% #7 (Cluster Analysis)

4 2019/03/13 MK »#7 ¥ E— (SAS EM 5 Bf 5 #7)
Case Study 1 (Cluster Analysis - K-Means using SAS EM)

5 2019/03/20 [ »-#7 (Association Analysis)

6 2019/03/27 A8 % » #7425 VF = (SAS EM B i #7) :
Case Study 2 (Association Analysis using SAS EM)

7 2019/04/03 {2 47#EUERE B (Off-campus study)
8 2019/04/10 +4-#a %278 .8] (Classification and Prediction)



F42 K4 (Syllabus)

B &k (Week) B Hp (Date) M % (Subject/Topics)
9 2019/04/17 X7 ¥ 3% % (Midterm Project Presentation)
10 2019/04/24 #7 % #% :Xi# (Midterm Exam)

11 2019/05/01 8% 54 T AE = (SAS EM s A bt » B A 3R45) :
Case Study 3 (Decision Tree, Model Evaluation using SAS EM)

12 2019/05/08 &% 5 #7 ¥ F VF 19 (SAS EM 3@ 65 547 ~ $84% 42 48 2% ) -
Case Study 4 (Regression Analysis, Artificial Neural Network using SAS EM)

13 2019/05/15 # B2 EREEE
(Machine Learning and Deep Learning)
14 2019/05/22 #A K =#k% (Final Project Presentation)

15 2019/05/29 # #¥ #:X:4 (Final Exam)
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— 3% & (Slides)
— B k3R AEE A - LASAS Enterprise Miner A T B
25 kg 0 2015 5 SAS BT K #h B

S TR

— Big Data, Data Mining, and Machine Learning: Value Creation for Business
Leaders and Practitioners, Jared Dean, Wiley, 2014

— Data Science for Business: What you need to know about data mining and
data-analytic thinking, Foster Provost and Tom Fawcett, O'Reilly, 2013

— Applied Analytics Using SAS Enterprise Mining, Jim Georges, Jeff
Thompson and Chip Wells, SAS, 2010

— Data Mining: Concepts and Techniques, Third Edition, Jiawei Han,
Micheline Kamber and Jian Pei, Morgan Kaufmann, 2011

— Learning Data Mining with Python - Second Edition, Robert Layton, Packt
Publishing, 2017
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Team Term Project

* Term Project Topics
— Big Data mining
— Big Data Analytics
— Business Intelligence
— FinTech

* 3-AANB—#4
—_ /\,Q.H-Z ‘gjjé\ 2019/02/27 (E_) %’%%i“}?%—%a%:_?gii
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Al, Big Data, Cloud Computing
Evolution of Decision Support,
Business Intelligence, and Analytics

Al Cloud Computing Big Data
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Decision Support Systems » Enterprise/Executive IS Business Intelligence ‘Big Data -

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson 12



Data Mining

Is a Blend of Multiple Disciplines

Management
Science &
Information

Systems

Database
Management
& Data

Warehousing

Statistics

DATA MINING

(Knowledge
Discovery)

Information
Visualization

Artificial
Intelligence

Machine
Learning &
Pattern
Recognition

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Data Mining Tasks & Methods

Data Mining Tasks & Methods Data Mining Algorithms Learning Type
1 1
| i
1 1
> Prediction | |
S e
o E Decision Trees, Neural Networks, Support E .
™| Classification ' Vector Machines, kNN, Naive Bayes, GA ! Supervised
1 1
I _: ____________________________________ : ___________________
. i Linear/Nonlinear Regression, ANN, i )
_> H Regression Trees, SVM, kNN, GA ' 2L
1 1
S e ympmynynyeyeye
1 1
' : i Autoregressive Methods, Averaging i )
_> | Methods, Exponential Smoothing, ARIMA | Bheeibias
YN oy —— ympepeympmpspnyepspnypmpspmp]
i :
1 1
——‘ Association ! !
1 1
R L L L L L L L L :‘::::::::::::::::::
| i !
»| Market-basket ! Apriori, OneR, ZeroR, Eclat, GA ! E Unsupervised 1
| O l
| i
1 1
. . ! Expectation Maximization, Apriori ! ]
> Link analysis ! Algorithm, Graph-Based Matching E Rl
e e
: Apriori Algorithm, FP-Growth, i .
| Sequence analysis i ’ Graph?Based Matching | Unsupervised
1 1
1 1
- ) - = e = e fom o o o -
| i
1 1
B e
1 1
| k-means, Expectation Maximization (EM) | Unsupervised
1 1
P e —————
1 1
Outlier analysis | k-means, Expectation Maximization (EM) | Unsupervised
1 1
1 1
1 1

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Big Data
Analytics
and
Data Mining




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/ 16






Artificial Intelligence

Machine Learning & Deep Learning

ARTIFICIAL
INTELUGENCE

e IR MACHINE
LEARNING

DEEP

A

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/



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

Big Data,
Mining, and
Analytics

y i *Stephan u
SSEoreword by Tom Davenport,.

Source: http://www.amazon.com/gp/product/1466568704

19


http://www.amazon.com/gp/product/1466568704

Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Raw
Data

Big Data

Transformation

y

Middleware dee
Transformed| MapReduce
Pi
Extract Data Hivge
» Transform >
Load Jaql
03 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

20



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

21



Social Big Data Mining

(Hiroshi Ishikawa, 2015)

Social Big Data
Mining

Hiroshi Ishikawa

Source: http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X

22
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Architecture for

Social Big Data Mining

Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection

* Discovery of relationships
among heterogeneous data
Large-scale visualization

* Parallel distrusted processing

AN Integrated analysis/

\ : Ui
\
\ \

1
1
y \ ] \Conceptual Layer
T Y J ! :
! \ 1 Vo )
/ ‘\ " \vl g
/ V! /- Data )
! 1 e ,
/ v Mining
\
; V] _—
/" Multivariate % ! Application

specific task

Logical Layer

Software Social Data

S ——————
S e —— -y

- Hardware

— Physical Layer\'

Analysts

I
I

I

I

I

I

I

I

I

* Construction and :
confirmation :
of individual :
hypothesis :

* Description and :
execution of :
application-specific |

I

task I

I

I

I

I

I

J

23



Business Intelligence (BIl) 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. 24



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

25



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

26



Questions

Enablers

Outcomes

Three Types of Analytics

Business Analytics

Descriptive Predictive Prescriptive

What happened? What will happen? What should | do?
What is happening? Why will it happen? Why should | do it?

v’ Business reporting v Data mining v/ Optimization
v' Dashboards v/ Text mining v/ Simulation
v/ Scorecards v Web/media mining v’ Decision modeling
v' Data warehousing v' Forecasting v Expert systems
Well-defined Accurate projections Best possible
business problems of future events and business decisions
and opportunities outcomes and actions

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson

27



Data Mining: Concepts and Techniques, Third Edition,

Jiawei Han, MichelineKamber and Jian Pei,
Morgan Kaufmann, 2011

Third Edition

r Bl et
O
' T S

DATA MINING

Concepts and Techniques

M< Jiowei Han | Micheline Kamber | Jion Pei

https://www.amazon.com/Data-Mining-Concepts-Techniques-Management/dp/0123814790

28
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AR, F R, T 2 E, BOHHRY)

(Jiawei Han, Micheline Kamber, Jian Pei, Data Mining - Concepts and Techniques 3/e),
=3 F Z, 2014

\

= M IR 2

DATA MINING

Concepts and Techniques 3/e

Jiawei Han * Micheline Kamber * Jian Pei &
wmsk EHE S22 wE

ELSEVIER TAIWAN LLC - &izE#  S7EHR

http://www.books.com.tw/products/0010646676

29
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Learning Data Mining with Python - Second Edition,
Robert Layton,
Packt Publishing, 2017

Data Mining
with Python

Second Edition

Use Python to manipulate data and build pradictive models

By Robert Layton

Source: https://www.amazon.com/Learning-Data-Mining-Python-Second/dp/1787126781 30



https://www.amazon.com/Learning-Data-Mining-Python-Second/dp/1787126781

Big Data, Data Mining, and Machine Learning: Value Creation for
Business Leaders and Practitioners,
Jared Dean,
Wiley, 2014.

woMACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners

Jared Dean s

Source: https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041
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Social Network Based Big Data Analysis and Applications,
Lecture Notes in Social Networks,
Mehmet Kaya, Jalal Kawash, Suheil Khoury, Min-Yuh Day,
Springer International Publishing, 2018.

Lecture Notes in Social Networks

Mehmet Kaya - Jalal Kawash
Suheil Khoury - Min-Yuh Day Editors

Social Network
Based Big Data

Analysis and
Applications

@ Springer

Source: https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952

32
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Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Management Science &
Information Systems

Mathematical
Modeling



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. 36



Knowledge Discovery (KDD) Process

' MENY
-\-‘i&i\\#&&

S
Data mining: Pattern Evaluation
core of knowledge discovery process I

Data Miy
4

Task-relevant Data '
Data Warehouse Ation

A
|
I
I
Data Cleaning : |l
________ | :
4‘(&1 Integration :

Databases

Source: Han & Kamber (2006) 37



Data Mining Processing Pipeline

Data
Collection

Data Preprocessing

Feature e
) and
Extraction .
Integration

Analytical Processing

Building

Building
Block 2

Block 1

Output
—» for

Analyst

38



DATA MINING,
ano MACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners |

Jared Dean
Cogyrighted m.umml. W l L E Y

http://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041
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Intelligence from Big Data

Deep Learn



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

BIG DATA
ANALYTICS

TURNING BIG DATA INTO BIG MONEY

Hlll BEE EEn
. AEmERE T Em
im HEEEER = =

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

41
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. M - Copyrighted P.1.~.-I.|.'n.a| -
- o
pi

R @

: A REVOLUTION

THAT WILL TRANSFORM HOW
WE LIVE, WORK, AND THINK

= VIKTOR MAYER-SCHONBERGER
m » KENNETHCUKIER = « ®
i 2 i s
http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/BO0D81X2YE
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National Cyber Maritime Smarter
Security security security Transport
VISUAL ANALYTICS
DYNAMIC & INTERACTIVE ENHANCE

Dashboard Graph
Map

Understanding Investigation
User Experience

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

BIG DATA = Real Time
@

Complex by nature

817

DATA

Complex by structure

R
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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
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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

|
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Big Data with Hadoop Architecture

Logical Architecture
Storage: HDFS

Data Node Data Node Data Node

 BLOCK

BLOCK

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

A
> Pm > l Reduce 0 B2

Split O

Input

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 47



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

Big Data with Hadoop Architecture
Hadoop Cluster

 Master e W e
siave | sl |
- slave e N | [So500l |,
siave pu i ool |
- slave s N | [S=o0l |
| slave g NN | [0l |
- slave SN | [S5o0l |,
slave S | Sl |,
 Slave N | S0l s

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

\A A

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

/_\

DATA
WAREHOUSE

S—

|

ITL

L N R R N

HEE
‘H @3 '8

=
A

OLAP
ANALYSIS

DATA
MINING

REPORTING
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Big Data Solution

SAS® Display SAS® SAS' SAS' SAS” Visual
Manager Enterprise Integration  Enterprise Analytics
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FALCON® PIG MCATALOG HBASE
i SQO0P &
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WetHDFS ::: \\i

aMmM.  HORTONWORKS &
Hortonworks  DATA PLATFORM (HDP) :
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Existing Sources Emerging Sources
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HDP

A Complete Enterprise Hadoop Data Platform

GOVERNANCE

INTEGRATION

Data Workflow,
Lifecycle &
Governance

Falcon

WebHDFS
NFS
Flume
Sqoop
Kafka

DATA ACCESS SECURITY OPERATIONS

Script SQL  Javal/Sc... NoSQL Stream Search In-Mem  Others...

Pig Hive Cascading HBase Storm Solr Spark Engines
HCatalog Accumulo
Phoenix

EE , Emm Tez JSNS /T

YARN: Data Operating System

HDFS
Hadoop Distributed File System

DATA MANAGEMENT

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

Authentication,
Authorization, Audit &
Data Protection

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

Provision, Manage &
Monitor

Ambari
ZooKeeper

Scheduling

Qozie
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Spark and Hadoop

Spor‘llg

'~haEIEJEJp 4%

cassandra

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

53


http://spark.apache.org/

Spark Ecosystem

Spark MLlib
Streamingll (machine

learning)

Apache Spark

Source: http://spark.apache.org/
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SAS Big data Strategy
— SAS areas

~D Datameer () & splunk> MicroStrategy
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APPLICATIONS
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Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics
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SAS® Within the
HADOOP ECOSYSTEM
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Yves Hilpisch,

Python for Finance: Analyze Big Financial Data,

O'Reilly, 2014
‘ .

NANCIAL DATA

Yves Hilpisch
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Business Intelligence Trends

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

Big Data

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

 Clouc
e Mobi
* Socia

Computing and Service

Computing and Service
e Computing and Service
Computing and Service
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Business Intelligence and Analytics

e Business Intelligence 2.0 (Bl 2.0)
— Web Intelligence
— Web Analytics
— Web 2.0
— Social Networking and Microblogging sites

e Data Trends
— Big Data

* Platform Technology Trends

— Cloud computing platform
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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
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Summary

* This course introduces the fundamental concepts and
applications technology of big data mining.

* Topics include
— Big Data Mining
— Artificial Intelligence and Big Data Analytics
— Association Analysis
— Classification and Prediction
— Cluster Analysis
— Machine Learning and Deep Learning
— Data Mining Using SAS Enterprise Miner (SAS EM)
— Case Study and Implementation of Big Data Mining
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