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週次 (Week)    日期 (Date)    內容 (Subject/Topics) 

1    2016/02/17    Course Orientation for Social Computing and  
                           Big Data Analytics  
                           (社群運算與大數據分析課程介紹) 

2    2016/02/24    Data Science and Big Data Analytics:  
                           Discovering, Analyzing, Visualizing and Presenting Data  

                           (資料科學與大數據分析： 
                             探索、分析、視覺化與呈現資料) 

3    2016/03/02    Fundamental Big Data: MapReduce Paradigm,  
                            Hadoop and Spark Ecosystem  
                           (大數據基礎：MapReduce典範、 
                             Hadoop與Spark生態系統) 

課程大綱 (Syllabus) 

2 



週次 (Week)    日期 (Date)    內容 (Subject/Topics) 

4    2016/03/09    Big Data Processing Platforms with SMACK:  
                           Spark, Mesos, Akka, Cassandra and Kafka  
                           (大數據處理平台SMACK： 
                             Spark, Mesos, Akka, Cassandra, Kafka) 

5    2016/03/16    Big Data Analytics with Numpy in Python  
                           (Python Numpy 大數據分析) 

6    2016/03/23    Finance Big Data Analytics with Pandas in Python 
                           (Python Pandas 財務大數據分析) 

7    2016/03/30    Text Mining Techniques and  
                           Natural Language Processing  
                           (文字探勘分析技術與自然語言處理) 

8    2016/04/06    Off-campus study (教學行政觀摩日) 

課程大綱 (Syllabus) 
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週次 (Week)    日期 (Date)    內容 (Subject/Topics) 

9    2016/04/13     Social Media Marketing Analytics  
                           (社群媒體行銷分析) 

10    2016/04/20    期中報告 (Midterm Project Report) 

11    2016/04/27    Deep Learning with Theano and Keras in Python 
                             (Python Theano 和 Keras 深度學習) 

12    2016/05/04    Deep Learning with Google TensorFlow  
                             (Google TensorFlow 深度學習) 

13    2016/05/11    Sentiment Analysis on Social Media with  
                              Deep Learning  

                             (深度學習社群媒體情感分析) 

課程大綱 (Syllabus) 
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週次 (Week)    日期 (Date)    內容 (Subject/Topics) 

14    2016/05/18    Social Network Analysis (社會網絡分析) 

15    2016/05/25    Measurements of Social Network (社會網絡量測) 

16    2016/06/01    Tools of Social Network Analysis  
                             (社會網絡分析工具) 

17    2016/06/08    Final Project Presentation I (期末報告 I) 

18    2016/06/15    Final Project Presentation II (期末報告 II) 

課程大綱 (Syllabus) 
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2016/02/24 

Data Science and  
Big Data Analytics:  

Discovering, Analyzing,  
Visualizing and Presenting Data  

(資料科學與大數據分析： 
探索、分析、 

視覺化與呈現資料) 
6 



EMC Education Services,  
Data Science and Big Data Analytics:  

Discovering, Analyzing, Visualizing and Presenting Data,  
Wiley, 2015 

7 Source: http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X 

http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X
http://www.amazon.com/Data-Science-Big-Analytics-Discovering/dp/111887613X


8 Source: http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311 

Jennifer Golbeck (2013), Analyzing the Social Web, Morgan Kaufmann 
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Big Data 
Analytics  

 and  
Data Mining 
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Stephan Kudyba (2014),  

Big Data, Mining, and Analytics:  
Components of Strategic Decision Making, Auerbach Publications 

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

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


Architecture of Big Data Analytics 

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

12 Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications 
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Social Big Data Mining 
(Hiroshi Ishikawa, 2015) 

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

(Hiroshi Ishikawa, 2015) 
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Hardware 

Software Social Data 

Physical Layer 

Logical Layer 

Integrated analysis 

Multivariate 
analysis 

Application 
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Data  
Mining 

Conceptual Layer 

Enabling Technologies Analysts 
• Model Construction 
• Explanation by Model  

• Construction and  
confirmation  
of individual  
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execution of  
application-specific  
task 

• Integrated analysis model 
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Source: Hiroshi Ishikawa (2015), Social Big Data Mining, CRC Press 



Business Intelligence (BI) Infrastructure 

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



Data Warehouse 
Data Mining and Business Intelligence  

Increasing potential 

to support 

business decisions End User 
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16 Source: Jiawei Han and Micheline Kamber (2006), Data Mining: Concepts and Techniques, Second Edition, Elsevier 



The Evolution of BI Capabilities 

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 17 



Data Mining 
 

Advanced Data Analysis 
 

Evolution of  
Database System Technology 

18 
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Data Collection and Database Creation 
(1960s and earlier) 
• Primitive file processing 

Database Management Systems 
(1970s–early 1980s) 

• Hierarchical and network database systems 
• Relational database systems 
• Query languages: SQL, etc. 

• Transactions, concurrency control and recovery 
• On-line transaction processing (OLTP) 

Advanced Database Systems 
(mid-1980s–present) 

• 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 

• Integration with information retrieval 
• Data and information integration 

Advanced Data Analysis: 
(late 1980s–present) 
• Data warehouse and OLAP 

• Data mining and knowledge discovery: 

generalization, classification, association, clustering 
• Advanced data mining applications: 
stream data mining, bio-data mining, 

time-series analysis, text mining, 
Web mining, intrusion detection, etc. 

• Data mining applications 
• Data mining and society 

 
 

New Generation of Information Systems 
(present–future) 

Evolution of Database System Technology 

Source: Jiawei Han and Micheline Kamber (2011), Data Mining: Concepts and Techniques, Third Edition, Elsevier 



Big Data Analysis 

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

20 



Internet Evolution 
Internet of People (IoP): Social Media 

Internet of Things (IoT): Machine to Machine 

21 
Source: Marc Jadoul (2015), The IoT: The next step in internet evolution, March 11, 2015 
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Data Mining Technologies 

22 Source: Jiawei Han and Micheline Kamber (2011), Data Mining: Concepts and Techniques, Third Edition, Elsevier 
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Data Science and  
Business Intelligence 

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



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

25 Source: https://www.vlab.org/events/deep-learning/ 
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26 Source: http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596 
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27 Source: http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/B00D81X2YE 
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Business Intelligence Trends 

1. Agile Information Management (IM) 

2. Cloud Business Intelligence (BI) 

3. Mobile Business Intelligence (BI) 

4. Analytics 

5. Big Data 

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

• Cloud Computing and Service 

• Mobile Computing and Service 

• Social Computing and Service  

29 



Business Intelligence and Analytics 

• Business Intelligence 2.0 (BI 2.0) 

– Web Intelligence 

– Web Analytics 

– Web 2.0 

– Social Networking and Microblogging sites 

• Data Trends 

– Big Data 

• Platform Technology Trends 

– Cloud computing platform 

30 
Source: Lim, E. P., Chen, H., & Chen, G. (2013). Business Intelligence and Analytics: Research Directions.  

ACM Transactions on Management Information Systems (TMIS), 3(4), 17 



Business Intelligence and Analytics: 
Research Directions 

1. Big Data Analytics 

– Data analytics using Hadoop / MapReduce 
framework 

2. Text Analytics 

– From Information Extraction to Question Answering 

– From Sentiment Analysis to Opinion Mining 

3. Network Analysis 

– Link mining 

– Community Detection 

– Social Recommendation 

31 
Source: Lim, E. P., Chen, H., & Chen, G. (2013). Business Intelligence and Analytics: Research Directions.  

ACM Transactions on Management Information Systems (TMIS), 3(4), 17 



Big Data,  
Big Analytics:  

Emerging Business Intelligence 
and Analytic Trends  

for Today's Businesses 
 

32 



Big Data,  
Prediction  

vs.  
Explanation 

33 
Source: Agarwal, R., & Dhar, V. (2014). Editorial—Big Data, Data Science, and Analytics: The Opportunity and Challenge for IS Research. 

Information Systems Research, 25(3), 443-448. 



34 Source: McAfee, A., & Brynjolfsson, E. (2012). Big data: the management revolution.Harvard business review. 

Big Data:  
The Management 

Revolution 
 



Business Intelligence and 
Enterprise Analytics 

• Predictive analytics 

• Data mining 

• Business analytics 

• Web analytics 

• Big-data analytics 

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



Three Types of Business Analytics 

• Prescriptive Analytics 

• Predictive Analytics 

• Descriptive Analytics 

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



Three Types of Business Analytics 

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

Optimization 
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Predictive Modeling / 

Forecasting 

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?” 
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Analytics 
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38 Source: Davenport, T. H., & Patil, D. J. (2012). Data Scientist. Harvard business review 



Big Data 

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



Big Data Growth  
is increasingly unstructured 

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



Typical Analytic Architecture 

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



Data Evolution and the  
Rise of Big Data Sources 

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



Emerging Big Data Ecosystem 

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



Key Roles for the New  
Big Data Ecosystem 

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



Profile of a Data Scientist 

• Quantitative  

– mathematics or statistics 

• Technical  

– software engineering,  
machine learning,  
and programming skills 

• Skeptical mind-set and critical thinking 

• Curious and creative 

• Communicative and collaborative 
45 Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015 



46 

Curious  
and  

Creative 

Communicative  
and  

Collaborative 
Skeptical 

Technical 

Quantitative 

Data 
Scientist 

Data Scientist Profile 

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



Big Data Analytics 
Lifecycle 

47 



Key Roles for a  
Successful Analytics Project 

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



Overview of Data Analytics Lifecycle 

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



1. Discovery 

2. Data preparation 

3. Model planning 

4. Model building 

5. Communicate results 

6. Operationalize 

50 

Overview of Data Analytics Lifecycle 

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



Key Outputs from a  
Successful Analytics Project 

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



Data Mining Process 

52 



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) 

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 53 



Data Mining Process 
(SOP of DM) 

What main methodology  
are you using for your  

analytics,  
data mining,  

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

Core Analytics Process 
 

The KDD Process for  
Extracting Useful Knowledge  

from Volumes of Data 

56 
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. 



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. 
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Data Mining  
Knowledge Discovery in Databases (KDD) Process 

(Fayyad et al., 1996) 

58 
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. 



Knowledge Discovery in Databases (KDD) 
Process 

Cleaning and  
Integration 

Selection and  
Transformation 

Data Mining 

Evaluation and  
Presentation 

59 

Databases 

Data  
Warehouse 

Patterns 

Knowledge 

Flat files 

Data mining:  
core of knowledge discovery process 

Source: Jiawei Han and Micheline Kamber (2006), Data Mining: Concepts and Techniques, Second Edition, Elsevier 

Task-relevant  
Data 



Data Mining Process:  
CRISP-DM 

Data Sources

Business 

Understanding

Data 

Preparation

Model 

Building

Testing and 

Evaluation

Deployment

Data 

Understanding

6

1 2

3

5

4

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 60 



Data Mining Process:  
CRISP-DM 

Step 1: Business Understanding 

Step 2: Data Understanding 

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?) 

Accounts for 

~85% of total 

project time 

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 61 



Data Preparation –  
A Critical DM Task 

 

Data Consolidation

Data Cleaning

Data Transformation

Data Reduction

Well-formed

Data

Real-world

Data

· Collect data

· Select data

· Integrate data

· Impute missing values

· Reduce noise in data 

· Eliminate inconsistencies 

· Normalize data

· Discretize/aggregate data 

· Construct new attributes 

· Reduce number of variables

· Reduce number of cases 

· Balance skewed data 

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 62 



Data Mining Process:  
SEMMA 

 
Sample

(Generate a representative 

sample of the data)

Modify
(Select variables, transform 

variable representations)

Explore
(Visualization and basic 

description of the data)

Model
(Use variety of statistical and 

machine learning models )

Assess
(Evaluate the accuracy and 

usefulness of the models)

SEMMA

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 63 



Data Mining Processing Pipeline 
(Charu Aggarwal, 2015) 

64 Source: Charu Aggarwal (2015), Data Mining: The Textbook Hardcover, Springer 

Data 
Collection 

Data Preprocessing 
 
 
 

Analytical Processing 
 
 

Feature 
Extraction 

Cleaning  
and  

Integration 

Building  
Block 1 

Building  
Block 2 

Output 
for  

Analyst 

Feedback (Optional) 

Feedback (Optional) 



Big Data Solution 
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Python for Big Data Analytics 
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(The column on the left is the 2015 ranking; the column on the right is the 2014 ranking for comparison 

Source: http://spectrum.ieee.org/computing/software/the-2015-top-ten-programming-languages 

2015 2014 
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Architectures of  
Big Data Analytics 

69 



Traditional Analytics 
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Operational Data 
Sources 

EDW 

Data Mart 

Data Mart 

Analytic 
Mart 

Analytic 
Mart 

BI and 

Analytics 

Unstructured, Semi-structured and Streaming 

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

Warehouse flow 

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



Hadoop as a “new data” Store 
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Operational Data 
Sources 

EDW 

Data Mart 

Data Mart 

Analytic 
Mart 

Analytic 
Mart 

BI and 

Analytics 

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



Hadoop as an additional input to 
the EDW 
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Operational Data 
Sources 

EDW 

Data Mart 

Data Mart 

Analytic 
Mart 

Analytic 
Mart 

Analytic 
Mart 

Data Mart 

BI and 

Analytics 

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



Hadoop Data Platform As a  
“staging Layer” as part of a “data Lake”  
– Downstream stores could be Hadoop, data appliances or an RDBMS 
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Data Mart 

Operational Data 
Sources EDW 

Data Mart 

Analytic 
Mart 

Analytic 
Mart 

BI and 

Analytics 

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



SAS Big data Strategy  
– SAS areas 
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SAS Big data Strategy  
– SAS areas 

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



SAS® Within the  
HADOOP ECOSYSTEM  
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Impala 

Next-Gen 

SAS
®
 User 

User  

Interface 

Metadata 

Data  

Access 

Data 

Processing 

File 

System 

SAS
®
 User 

MPI Based 

SAS® LASR™  
Analytic 
Server 

SAS® High- 
Performance 

Analytic  Procedures  

HDFS 

Base SAS & SAS/ACCESS®  
to Hadoop™ 

SAS Metadata 

Pig 

Map Reduce 

In-Memory 
Data Access 

SAS®  Visual 

Analytics 

SAS®  

Enterprise 

Miner™ 

SAS®  Data 

Integration 

SAS®  

Enterprise 

Guide®  

Hive 

SAS Embedded  
Process  

Accelerators  
  

SAS®  In-Memory 

Statistics for 

Haodop 

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

EG EM VA 



SAS enables the entire lifecycle 
around HADOOP 
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IDENTIFY / 

FORMULATE 

PROBLEM 

DATA 

PREPARATION 

DATA 

EXPLORATION 

TRANSFORM 

& SELECT 

BUILD 

MODEL 

VALIDATE 

MODEL 

DEPLOY 

MODEL 

EVALUATE / 

MONITOR 

RESULTS 

SAS enableS the entire lifecycle around HADOOP 

SAS Visual Analytics 

SAS Visual Statistics 

SAS In-Memory Statistics for Hadoop 

Done using either the Data 

Preparation, Data Exploration 

or Build Model Tools 

SAS High Performance Analytics Offerings 

supported by relevant clients like SAS 

Enterprise Miner, SAS/STAT etc. 

Decision Manager 

SAS Scoring Accelerator for Hadoop 

SAS Code Accelerator for Hadoop 

SAS Visual Analytics 

Decision Manager 

Done using either the Data Preparation, 

Data Exploration or Build Model Tools 

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



SAS® VISUAL ANALYTICS 
A Single solution for  

Data Discovery,  
Visualization, analytics and 

reporting 

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



SAS® VISUAL ANALYTICS 
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Example:  text analysis gives you insight to 
customer experience and opinion 

VISUALIZATION POWERED BY SAS 
ANALYTICS Analytics applied 

to text provides 

real MEANING 

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



Visualization 

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