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, (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)
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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)

4

 �
� (Syllabus)



Outline
•AI
•Big Data Analytics

5



AI, Big Data, Cloud Computing
Evolution of Decision Support, 

Business Intelligence, and Analytics
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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 
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Definition 
of 

Artificial Intelligence 
(A.I.) 
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Artificial Intelligence 

“… the science and 
engineering

of 
making 

intelligent machines” 
(John McCarthy, 1955)

9Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 

“… technology that 
thinks and acts 
like humans”

10Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 

“… intelligence
exhibited by machines

or software”
11Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



4 Approaches of AI
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Thinking Humanly Thinking Rationally

Acting Humanly Acting Rationally

Source: Stuart Russell and Peter Norvig (2016) , Artificial Intelligence: A Modern Approach, 3rd Edition, Pearson International



4 Approaches of AI
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2.
Thinking Humanly: 

The Cognitive
Modeling Approach

3. 
Thinking Rationally:
The “Laws of Thought” 

Approach

1.
Acting Humanly:

The Turing Test 
Approach (1950)

4. 
Acting Rationally:

The Rational Agent 
Approach

Source: Stuart Russell and Peter Norvig (2016) , Artificial Intelligence: A Modern Approach, 3rd Edition, Pearson International



AI Acting Humanly:
The Turing Test Approach

(Alan Turing, 1950)

• Natural Language Processing (NLP)
• Knowledge Representation
• Automated Reasoning
• Machine Learning (ML)
• Computer Vision
• Robotics

14Source: Stuart Russell and Peter Norvig (2016) , Artificial Intelligence: A Modern Approach, 3rd Edition, Pearson International



Can a robot pass a university entrance exam?
Noriko Arai at TED2017

15
https://www.ted.com/talks/noriko_arai_can_a_robot_pass_a_university_entrance_exam

https://www.youtube.com/watch?v=XQZjkPyJ8KU

https://www.ted.com/talks/noriko_arai_can_a_robot_pass_a_university_entrance_exam
https://www.youtube.com/watch?v=XQZjkPyJ8KU


Artificial Intelligence (A.I.) Timeline 

16Source: https://digitalintelligencetoday.com/artificial-intelligence-timeline-infographic-from-eliza-to-tay-and-beyond/



Artificial Intelligence
Machine Learning & Deep Learning

17Source: https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/



AI, ML, DL

18Source: https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/deep_learning.html
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19Source: https://www.i-scoop.eu/artificial-intelligence-cognitive-computing/
Ecosystem of AI

Artificial Intelligence (AI) 
is many things



Deep Learning Evolution

20Source: http://www.erogol.com/brief-history-machine-learning/

Deep Learning



3 Machine Learning Algorithms

21Source: Enrico Galimberti, http://blogs.teradata.com/data-points/tree-machine-learning-algorithms/



Machine Learning (ML) / Deep Learning (DL)

22
Source: Jesus Serrano-Guerrero, Jose A. Olivas, Francisco P. Romero, and Enrique Herrera-Viedma (2015), 

"Sentiment analysis: A review and comparative analysis of web services," Information Sciences, 311, pp. 18-38.

Machine 
Learning

(ML)

Supervised 
Learning

Unsupervised 
Learning

Decision Tree 
Classifiers

Linear 
Classifiers

Rule-based 
Classifiers

Probabilistic 
Classifiers

Support Vector 
Machine (SVM)

Deep Learning 
(DL)

Neural Network 
(NN)

Bayesian 
Network (BN)

Maximum 
Entropy (ME)

Naïve Bayes 
(NB)

Reinforcement  
Learning



Deep learning for 
financial applications: 

A survey
Applied Soft Computing (2020)
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Source: 
Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). 

"Deep learning for financial applications: A survey." 
Applied Soft Computing (2020): 106384.



Financial 
time series forecasting with 

deep learning: 
A systematic literature review: 

2005–2019
Applied Soft Computing (2020)

24

Source: 
Omer Berat Sezer, Mehmet Ugur Gudelek, and Ahmet Murat Ozbayoglu (2020), 

"Financial time series forecasting with deep learning: A systematic literature 
review: 2005–2019." Applied Soft Computing 90 (2020): 106181.



Deep learning for financial applications: 
Topics

25
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.



Deep learning for financial applications: 
Deep Learning Models

26
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.



Deep learning for financial applications: 
Topic-Model Heatmap

27
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.



Deep learning for financial applications: 
Topic-Feature Heatmap

28
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.



Deep learning for financial applications: 
Topic-Dataset Heatmap

29
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.



Deep learning for financial applications:
Algo-trading applications embedded with time series forecasting models

30
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Algo-trading applications embedded with time series forecasting models
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Classification (buy–sell signal, or trend detection) based algo-trading models



33
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Stand-alone and/or other algorithmic models
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Credit scoring or classification studies
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Financial distress, bankruptcy, bank risk, mortgage risk, crisis forecasting studies.



36
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Fraud detection studies
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Portfolio management studies
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Asset pricing and derivatives market studies
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Cryptocurrency and blockchain studies
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Financial sentiment studies coupled with text mining for forecasting
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Text mining studies without sentiment analysis for forecasting
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Text mining studies without sentiment analysis for forecasting
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Financial sentiment studies coupled with text mining without forecasting



44
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Other text mining studies
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Other theoretical or conceptual studies
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Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." 

Applied Soft Computing (2020): 106384.

Deep learning for financial applications:
Other financial applications
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Source: Omer Berat Sezer, Mehmet Ugur Gudelek, and Ahmet Murat Ozbayoglu (2020), "Financial time series forecasting with deep learning: 

A systematic literature review: 2005–2019." Applied Soft Computing 90 (2020): 106181.

Financial time series forecasting with 
deep learning: Topic-model heatmap



48
Source: Omer Berat Sezer, Mehmet Ugur Gudelek, and Ahmet Murat Ozbayoglu (2020), "Financial time series forecasting with deep learning: 

A systematic literature review: 2005–2019." Applied Soft Computing 90 (2020): 106181.

Stock price forecasting using only 
raw time series data
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Source: Omer Berat Sezer, Mehmet Ugur Gudelek, and Ahmet Murat Ozbayoglu (2020), "Financial time series forecasting with deep learning: 

A systematic literature review: 2005–2019." Applied Soft Computing 90 (2020): 106181.

Stock price forecasting using various data



50
Source: O. Bustos and A. Pomares-Quimbaya (2020), "Stock Market Movement Forecast: A Systematic Review." 

Expert Systems with Applications (2020): 113464.

Stock Market Movement Forecast:
Phases of the stock market modeling



Big Data 
Analytics
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Big Data 4 V

52Source: https://www-01.ibm.com/software/data/bigdata/
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Value Creation by Big Data Analytics
(Grover et al., 2018)

54
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Figure 3. Value Creation by Big Data Analytics
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Source: Varun Grover, Roger HL Chiang, Ting-Peng Liang, and Dongsong Zhang (2018), "Creating Strategic Business Value from Big Data 
Analytics: A Research Framework", Journal of Management Information Systems, 35, no. 2, pp. 388-423.



Research Landscape of 
Business Intelligence and Big Data Analytics: 

A bibliometrics study
• A bibliometric analysis on Big Data and 

Business Intelligence from 1990 to 2016.
• Big Data papers grow much faster than 

Business Intelligence papers
• Computer Science and information systems 

are two core disciplines.
• Most influential papers are identified and a 

research framework is proposed.

55
Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,  

Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10



56
Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,  

Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10

Evolution of top keywords in 
“BD & BI” publications

2014 2015 2016 2017

• Management
• Text Mining
• Data Mining
• Data Science

• Big Data 
Analytics

• Social Media
• Business 
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• Information 
System

• Cloud 
Computing

• Data 
Warehouse

• Knowledge 
Management
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Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,  

Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10

Framework for BD and BI Research

Technology Application
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Figure 3 Visualization of Major Keywords in „Big Data” Literature 
 

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,  
Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10

Business Intelligence and Big Data analytics



59Source: http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596

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


60Source: https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288

Business Intelligence, Analytics, and Data Science: 
A Managerial Perspective, 4th Edition, 

Ramesh Sharda, Dursun Delen, and Efraim Turban, 
Pearson, 2017. 

https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288


61Source: 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


62Source: 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


63Source: http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/B00D81X2YE

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


Stephan Kudyba (2014), 
Big Data, Mining, and Analytics: 

Components of Strategic Decision Making, Auerbach Publications

64Source: http://www.amazon.com/gp/product/1466568704

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


Architecture of Big Data Analytics

65Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Architecture of Big Data Analytics

66Source: 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)

67Source: 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)
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Business Intelligence (BI) Infrastructure

69Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 
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The Evolution of BI Capabilities

Source:  Turban et al. (2011), Decision Support and Business Intelligence Systems 71
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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.
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Data Mining 
Is a Blend of Multiple Disciplines

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

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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Organizations have to work smart. Paying careful attention to the management of BI 
initiatives is a necessary aspect of doing business. It is no surprise, then, that organizations 
are increasingly championing BI and under its new incarnation as analytics. Application 
Case 1.1 illustrates one such application of BI that has helped many airlines as well as, of 
course, the companies offering such services to the airlines.
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84 Chapter 2  • Descriptive Analytics I: Nature of Data, Statistical Modeling, and Visualization  

Although its value proposition is undeniable, to live up its promise, the data has to 
comply with some basic usability and quality metrics. Not all data is useful for all tasks, 
obviously. That is, data has to match with (have the coverage of the specifics for) the task 
for which it is intended to be used. Even for a specific task, the relevant data on hand 
needs to comply with the quality and quantity requirements. Essentially, data has to be 
analytics ready. So what does it mean to make data analytics ready? In addition to its rel-
evancy to the problem at hand and the quality/quantity requirements, it also has to have 
a certain data structure in place with key fields/variables with properly normalized values. 
Furthermore, there must be an organization-wide agreed-on definition for common vari-
ables and subject matters (sometimes also called master data management), such as how 
you define a customer (what characteristics of customers are used to produce a holistic 
enough representation to analytics) and where in the business process the customer-
related information is captured, validated, stored, and updated.

Sometimes the representation of the data may depend on the type of analytics being 
employed. Predictive algorithms generally require a flat file with a target variable, so mak-
ing data analytics ready for prediction means that data sets must be transformed into 
a flat-file format and made ready for ingestion into those predictive algorithms. It is also 
imperative to match the data to the needs and wants of a specific predictive algorithm 
and/or a software tool—for instance, neural network algorithms require all input vari-
ables to be numerically represented (even the nominal variables need to be converted 
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Big Data with Hadoop Architecture
Logical Architecture
Processing: MapReduce
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Big Data with Hadoop Architecture
Logical Architecture

Storage: HDFS
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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
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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
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(Big Data Architecture)
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Spark and Hadoop
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Data Science and 
Business Intelligence
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Data Science and 
Business Intelligence

90Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015

Predictive Analytics 
and Data Mining 

(Data Science)

What if…?
What’s the optimal scenario for our business?

What will happen next?
What if these trends countinue?

Why is this happening?

Optimization, predictive modeling, forecasting statistical analysis

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



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

91Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Lifecycle
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Key Roles for a 
Successful Analytics Project

94Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Overview of Data Analytics Lifecycle

95Source: 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
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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
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Summary
•AI
•Big Data Analytics
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