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Course Objectives
1. Understand the fundamental concepts 

and research issues of big data analysis.
2. Equip with Hands-on practices of big 

data analysis.
3. Conduct information systems research in 

the context of big data analysis.
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Course Outline
• This course introduces the fundamental concepts, 

research issues, and hands-on practices of big data analysis. 
• Topics include 

1. Introduction to Big Data Analysis
2. AI and Big Data Analysis
3. Foundations of Big Data Analysis in Python
4. Quantitative Big Data Analysis with Pandas in Python 
5. Machine Learning with Scikit-Learn In Python
6. Deep Learning for Finance Big Data Analysis with TensorFlow 
7. Artificial Intelligence for Robo-Advisors
8. Conversational Commerce and Intelligent Chatbots for Fintech
9. Hands-on Practices with FintechSpace Digital Sandbox
10. Case Study on Big Data Analysis
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(Core Competence)

• !��	��
����$��� 80 %
• �"�#���� 10 %
•  ���������� 10 %

9



�
�
�!2
(Four Fundamental Qualities)

• �� (Professionalism)
– ���$&	1(� (Creative thinking and Problem-solving) 30 %

– #�"�(Comprehensive Integration) 30 %
• �0 (Interpersonal Relationship)

– �,�* (Communication and Coordination) 10 %
– �/�� (Teamwork) 10 %

• �� (Ethics)
– )���(Honesty and Integrity) 5 %
– �-% (Self-Esteem and Self-reflection) 5 %

• �0' (International Vision)
– ��.� (Caring for Diversity) 5 %
– +��' (Interdisciplinary Vision) 5 %
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�������
(College Learning Goals)

• Ethics/Corporate Social Responsibility
• Global Knowledge/Awareness
• Communication
• Analytical and Critical Thinking
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������
(Department Learning Goals)

• Information Technologies and System 
Development Capabilities
• Internet Marketing Management 

Capabilities
• Research capabilities

12



, (Week)    �� (Date)    �� (Subject/Topics)

1  2020/09/16  ������' (Introduction to Big Data Analysis)

2  2020/09/23  AI����)�����
(AI and Big Data Analysis)

3  2020/09/30  Python ������#
(Foundations of Big Data Analysis in Python)

4  2020/10/07  ��!"%�
+.��!"�	��&�
(Digital Sandbox Lesson 1: Introduction to

FintechSpace Digital Sandbox)

5  2020/10/14  ��!"%�
+.�$���*�)����
(Digital Sandbox Lesson 2: Hands-on Practices)

6  2020/10/21  Python Pandas ���-
��
(Quantitative Big Data Analysis with Pandas in Python)
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.� (Week)    �� (Date)    �� (Subject/Topics)

7  2020/10/28  ��� $�
,0
��%+-��(���*
(Digital Sandbox Lesson 3: Learning Teams 
Hands-on Project Discussion and Project Presentation)

8  2020/11/04  Python Scikit-Learn �	
' I 
(Machine Learning with Scikit-Learn In Python I)

9  2020/11/11  ���� (Midterm Project Report)

10  2020/11/18  Python Scikit-Learn �	
' II 
(Machine Learning with Scikit-Learn In Python II)

11  2020/11/25  TensorFlow ��
'/)����� I 
(Deep Learning for Finance Big Data Analysis with TensorFlow I)

12  2020/12/02  �������!#
(Case Study on Big Data Analysis)

14
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#� (Week)    �� (Date)    �� (Subject/Topics)

13  2020/12/09  TensorFlow �
��$�
���� II 
(Deep Learning for Finance Big Data Analysis with TensorFlow II)

14  2020/12/16  TensorFlow �
��$�
���� III 
(Deep Learning for Finance Big Data Analysis with TensorFlow III)

15  2020/12/23  AI ����"%�
(Artificial Intelligence for Robo-Advisors)

16  2020/12/30  $�������!���
(Conversational Commerce and 
Intelligent Chatbots for Fintech)

17  2021/01/06  ��	� I (Final Project Report I)

18  2021/01/13  ��	� II (Final Project Report I)
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����
����
(Teaching methods and activities)

• 
� (Lecture)
• �� (Discussion)
• �	 (Practicum)

16



���

(Evaluation Methods)

• ��	� (Individual Presentation) 60 %
• ��	� (Group Presentation) 10 %
• �
��	� (Case Report) 10 %
• ���� (Class Participation) 10 %
• �� (Assignment) 10 %
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����
(Required Texts)

• Aurélien Géron (2019), 
Hands-On Machine Learning with Scikit-Learn, Keras, 
and TensorFlow: Concepts, Tools, and Techniques to 
Build Intelligent Systems, 
2nd Edition, O’Reilly Media.
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����
(Reference Books)

• Yves Hilpisch (2018), 
Python for Finance: Mastering Data-Driven Finance, 
2nd Edition, O'Reilly Media.

• ������(Other References)	
– Paolo Sironi (2016), FinTech Innovation: From Robo-

Advisors to Goal Based Investing and Gamification, 
Wiley.

– Yuxing Yan (2017), Python for Finance: Apply 
powerful finance models and quantitative analysis 
with Python, Second Edition, Packt Publishing

19



20Source: https://www.amazon.com/Hands-Machine-Learning-Scikit-Learn-TensorFlow/dp/1492032646/

Aurélien Géron (2019), 
Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow: 

Concepts, Tools, and Techniques to Build Intelligent Systems, 2nd Edition
O’Reilly Media, 2019

https://github.com/ageron/handson-ml2

https://www.amazon.com/Hands-Machine-Learning-Scikit-Learn-TensorFlow/dp/1492032646/
https://github.com/ageron/handson-ml2


Yves Hilpisch (2018), 
Python for Finance: Mastering Data-Driven Finance, 

O'Reilly

21Source: https://www.amazon.com/Python-Finance-Mastering-Data-Driven/dp/1492024333

https://www.amazon.com/Python-Finance-Mastering-Data-Driven/dp/1492024333


22Source: https://www.amazon.com/FinTech-Innovation-Robo-Advisors-Investing-Gamification/dp/1119226988

Paolo Sironi (2016)
FinTech Innovation: 

From Robo-Advisors to Goal Based Investing and Gamification, 
Wiley



Yuxing Yan (2017), 
Python for Finance: Apply powerful finance 

models and quantitative analysis with Python, 
Second Edition, Packt Publishing

23Source: https://www.amazon.com/Python-Finance-powerful-quantitative-analysis/dp/1787125696

https://www.amazon.com/Python-Finance-powerful-quantitative-analysis/dp/1787125696


24Source: https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952

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.

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


Hands-On Machine Learning with 
Scikit-Learn, Keras, and TensorFlow

25

Notebooks
1.The Machine Learning landscape
2.End-to-end Machine Learning project
3.Classification
4.Training Models
5.Support Vector Machines
6.Decision Trees
7.Ensemble Learning and Random Forests
8.Dimensionality Reduction
9.Unsupervised Learning Techniques
10.Artificial Neural Nets with Keras
11.Training Deep Neural Networks
12.Custom Models and Training with TensorFlow
13.Loading and Preprocessing Data
14.Deep Computer Vision Using Convolutional Neural Networks
15.Processing Sequences Using RNNs and CNNs
16.Natural Language Processing with RNNs and Attention
17.Representation Learning Using Autoencoders
18.Reinforcement Learning
19.Training and Deploying TensorFlow Models at Scale

https://github.com/ageron/handson-ml2

https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/01_the_machine_learning_landscape.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/02_end_to_end_machine_learning_project.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/03_classification.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/04_training_linear_models.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/05_support_vector_machines.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/06_decision_trees.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/07_ensemble_learning_and_random_forests.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/08_dimensionality_reduction.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/09_unsupervised_learning.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/10_neural_nets_with_keras.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/11_training_deep_neural_networks.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/12_custom_models_and_training_with_tensorflow.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/13_loading_and_preprocessing_data.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/14_deep_computer_vision_with_cnns.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/15_processing_sequences_using_rnns_and_cnns.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/16_nlp_with_rnns_and_attention.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/17_autoencoders.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/18_reinforcement_learning.ipynb
https://nbviewer.jupyter.org/github/ageron/handson-ml2/blob/master/19_training_and_deploying_at_scale.ipynb
https://github.com/ageron/handson-ml2


Sequences using RNNs and CNNs

26https://colab.research.google.com/github/ageron/handson-ml2/blob/master/15_processing_sequences_using_rnns_and_cnns.ipynb

https://colab.research.google.com/github/ageron/handson-ml2/blob/master/15_processing_sequences_using_rnns_and_cnns.ipynb


Google Colab

27https://colab.research.google.com/notebooks/welcome.ipynb

https://colab.research.google.com/notebooks/welcome.ipynb
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

http://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
http://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

http://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
http://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

http://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
http://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

http://tinyurl.com/aintpupython101

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
http://tinyurl.com/aintpupython101


32http://tinyurl.com/aintpupython101

Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

http://tinyurl.com/aintpupython101
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT
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AI, Big Data, Cloud Computing
Evolution of Decision Support, 

Business Intelligence, and Analytics

34

 Chapter 1  • An Overview of Business Intelligence, Analytics, and Data Science  39

Evolution of Computerized Decision Support  
to Analytics/Data Science

The timeline in Figure 1.8 shows the terminology used to describe analytics since the 
1970s. During the 1970s, the primary focus of information systems support for decision 
making focused on providing structured, periodic reports that a manager could use for 
decision making (or ignore them). Businesses began to create routine reports to inform 
decision makers (managers) about what had happened in the previous period (e.g., day, 
week, month, quarter). Although it was useful to know what had happened in the past, 
managers needed more than this: They needed a variety of reports at different levels 
of granularity to better understand and address changing needs and challenges of the 
business. These were usually called management information systems (MIS). In the early 
1970s, Scott-Morton first articulated the major concepts of DSS. He defined DSSs as “inter-
active computer-based systems, which help decision makers utilize data and models to 
solve unstructured problems” (Gorry and Scott-Morton, 1971). The following is another 
classic DSS definition, provided by Keen and Scott-Morton (1978):

Decision support systems couple the intellectual resources of individuals with the capabilities 
of the computer to improve the quality of decisions. It is a computer-based support system 
for management decision makers who deal with semistructured problems.

Note that the term decision support system, like management information system 
and several other terms in the field of IT, is a content-free expression (i.e., it means dif-
ferent things to different people). Therefore, there is no universally accepted definition 
of DSS.

During the early days of analytics, data was often obtained from the domain experts 
using manual processes (i.e., interviews and surveys) to build mathematical or knowledge-
based models to solve constrained optimization problems. The idea was to do the best 
with limited resources. Such decision support models were typically called operations 
research (OR). The problems that were too complex to solve optimally (using linear or 
nonlinear mathematical programming techniques) were tackled using heuristic methods 
such as simulation models. (We will introduce these as prescriptive analytics later in this 
chapter and in a bit more detail in Chapter 6.)

In the late 1970s and early 1980s, in addition to the mature OR models that were 
being used in many industries and government systems, a new and exciting line of mod-
els had emerged: rule-based expert systems. These systems promised to capture experts’ 
knowledge in a format that computers could process (via a collection of if–then–else rules 
or heuristics) so that these could be used for consultation much the same way that one 

1.3 

1970s 1980s 1990s 2000s 2010s

Routine Reporting

AI/Expert Systems

Decision Support Systems

Relational DBM
S

On-Demand Static Reporting

Enterprise Resource Planning

Data W
arehousing

Dashboards & Scorecards

Executive Information Systems

Cloud Computing, SaaS

Data/Text M
ining

Business Intelligence

Big Data Analytics

In-M
emory, In-Database

Social Network/M
edia Analytics

Decision Support Systems Enterprise/Executive IS Business Intelligence Analytics Big Data ...

FIGURE 1.8 Evolution of  Decision Support, Business Intelligence, and Analytics.
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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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Big Data 4 V

35Source: https://www-01.ibm.com/software/data/bigdata/
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Artificial Intelligence
Machine Learning & Deep Learning

37Source: 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

38Source: http://www.amazon.com/gp/product/1466568704

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


Architecture of Big Data Analytics

39Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Architecture of Big Data Analytics

40Source: 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)

41Source: http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X

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


Architecture for 
Social Big Data Mining

(Hiroshi Ishikawa, 2015)

42

Hardware
Software Social Data

Physical Layer

Logical Layer

Integrated analysis
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analysis

Application 
specific task

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 
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• Integrated analysis model

• Natural Language Processing
• Information Extraction
• Anomaly Detection
• Discovery of relationships 

among heterogeneous data
• Large-scale visualization

• Parallel distrusted processing

Source: Hiroshi Ishikawa (2015), Social Big Data Mining, CRC Press



Business Intelligence (BI) Infrastructure

43Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 



Data Warehouse
Data Mining and Business Intelligence 
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to support
business decisions End User
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44Source: 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 45
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 Chapter 1  • An Overview of Business Intelligence, Analytics, and Data Science  49

computer technology, management science techniques, and statistics to solve real prob-
lems. Of course, many other organizations have proposed their own interpretations and 
motivations for analytics. For example, SAS Institute Inc. proposed eight levels of analytics 
that begin with standardized reports from a computer system. These reports essentially 
provide a sense of what is happening with an organization. Additional technologies have 
enabled us to create more customized reports that can be generated on an ad hoc basis. 
The next extension of reporting takes us to OLAP-type queries that allow a user to dig 
deeper and determine specific sources of concern or opportunities. Technologies available 
today can also automatically issue alerts for a decision maker when performance warrants 
such alerts. At a consumer level we see such alerts for weather or other issues. But similar 
alerts can also be generated in specific settings when sales fall above or below a certain 
level within a certain time period or when the inventory for a specific product is running 
low. All of these applications are made possible through analysis and queries on data being 
collected by an organization. The next level of analysis might entail statistical analysis to 
better understand patterns. These can then be taken a step further to develop forecasts or 
models for predicting how customers might respond to a specific marketing campaign or 
ongoing service/product offerings. When an organization has a good view of what is hap-
pening and what is likely to happen, it can also employ other techniques to make the best 
decisions under the circumstances. These eight levels of analytics are described in more 
detail in a white paper by SAS (sas.com/news/sascom/analytics_levels.pdf).

This idea of looking at all the data to understand what is happening, what will happen, 
and how to make the best of it has also been encapsulated by INFORMS in proposing three 
levels of analytics. These three levels are identified (informs.org/Community/Analytics) as 
descriptive, predictive, and prescriptive. Figure 1.11 presents a graphical view of these three 
levels of analytics. It suggests that these three are somewhat independent steps and one type 
of analytics applications leads to another. It also suggests that there is actually some overlap 
across these three types of analytics. In either case, the interconnected nature of different 
types of analytics applications is evident. We next introduce these three levels of analytics.

Business Analytics

Descriptive

What happened?
What is happening?
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What will happen?
Why will it happen?

Prescriptive

What should I do?
Why should I do it?

Q
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st
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Accurate projections
of future events and

outcomes

Best possible
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and actions

O
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m

es

   Business reporting
   Dashboards
   Scorecards
   Data warehousing

   Data mining
   Text mining
   Web/media mining
   Forecasting

   Optimization
   Simulation
   Decision modeling
   Expert systems

FIGURE 1.11 Three Types of  Analytics.
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Three Types of Analytics 

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



47Source: https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041

Big Data, Data Mining, and Machine Learning: Value Creation for 
Business Leaders and Practitioners, 

Jared Dean, 
Wiley, 2014.

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


Data Mining at the 
Intersection of Many Disciplines
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49Source: http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596

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


50Source: http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/B00D81X2YE

http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/B00D81X2YE


51Source: https://www.thalesgroup.com/en/worldwide/big-data/big-data-big-analytics-visual-analytics-what-does-it-all-mean



Big Data with Hadoop Architecture

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

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
Processing: MapReduce

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

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

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

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

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

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

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

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


Traditional ETL Architecture

57Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

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


58Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

Offload ETL with Hadoop 
(Big Data Architecture)

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


Spark and Hadoop

59Source: http://spark.apache.org/

http://spark.apache.org/


Spark Ecosystem

60Source: http://spark.apache.org/

http://spark.apache.org/


Summary
• This course introduces the fundamental concepts, research 

issues, and hands-on practices of big data analysis. 
• Topics include 

1. Introduction to Big Data Analysis
2. AI and Big Data Analysis
3. Foundations of Big Data Analysis in Python
4. Quantitative Big Data Analysis with Pandas in Python 
5. Machine Learning with Scikit-Learn In Python
6. Deep Learning for Finance Big Data Analysis with TensorFlow 
7. Artificial Intelligence for Robo-Advisors
8. Conversational Commerce and Intelligent Chatbots for Fintech
9. Hands-on Practices with FintechSpace Digital Sandbox
10. Case Study on Big Data Analysis
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