
����	�
Practices of Business Intelligence

1

1071BI02
MI4 (M2084) (2888)

Wed, 7, 8 (14:10-16:00) (B217)

������������
(Business Intelligence, Analytics, and 

Data Science)

Min-Yuh Day
���

Assistant Professor

����


Dept. of Information Management, Tamkang University
����������

http://mail. tku.edu.tw/myday/
2018-09-19

Tamkang 
University

Tamkang University

http://mail.tku.edu.tw/myday/
http://mail.tku.edu.tw/myday/cindex.htm
http://www.im.tku.edu.tw/en_index.html
http://english.tku.edu.tw/index.asp
http://www.tku.edu.tw/
http://www.im.tku.edu.tw/
http://mail.tku.edu.tw/myday/


6% (Week)   �! (Date)   ��(Subject/Topics)
1  2018/09/12  
# ��
2(�,

(Course Orientation for Practices of Business Intelligence)
2  2018/09/19  
# ��	"/3�'�

(Business Intelligence, Analytics, and Data Science)
3  2018/09/26  �� �����/8)7*

(ABC: AI, Big Data, and Cloud Computing)
4  2018/10/03  �5�	"I9��&�4�-1$�/�0�

(Descriptive Analytics I: Nature of Data, Statistical Modeling,
and Visualization)

5  2018/10/10  ��+�� (����) (National Day) (Day off)
6  2018/10/17  �5�	"II9
# �/3���

(Descriptive Analytics II: Business Intelligence and 
Data Warehousing)

2(�. (Syllabus)

2



-� (Week)   �� (Date)   ��(Subject/Topics)
7  2018/10/24  .�
��I0+���� ���'�!�

(Predictive Analytics I: Data Mining Process,
Methods, and Algorithms)

8  2018/10/31  .�
��II0���$,'�%�/��
(Predictive Analytics II: Text, Web, and 

Social Media Analytics)
9  2018/11/07  ��	� (Midterm Project Report)
10  2018/11/14  ��&) (Midterm Exam)
11  2018/11/21  (�
��0���'��

(Prescriptive Analytics: Optimization and Simulation)
12  2018/11/28  ��$"��

(Social Network Analysis)

* 
# (Syllabus)

3



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

13  2018/12/05  ���#&���#
(Machine Learning and Deep Learning)

14  2018/12/12  %�+('�
(Natural Language Processing)

15  2018/12/19  AI�-���&�*�
�
(AI Chatbots and Conversational Commerce)

16  2018/12/26  
������.��1�&!�$0
(Future Trends, Privacy and 
Managerial Considerations in Analytics)

17  2019/01/02  ���	 (Final Project Presentation)

18  2019/01/09  ��$) (Final Exam)

, 
" (Syllabus)

4



Business Intelligence (BI)

5

Introduction to BI and Data Science

Descriptive Analytics

Predictive Analytics

Prescriptive Analytics

1

3

5
4

Big Data Analytics

2

6 Future Trends



Outline 

• Business Intelligence (BI)
• Analytics
• Data Science

6



Business 
Intelligence 

(BI)
7



Evolution of Decision Support, 
Business Intelligence, and 

Analytics

8

 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 
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FIGURE 1.8 Evolution of  Decision Support, Business Intelligence, and Analytics.
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Changing Business Environments and 
Evolving Needs for Decision Support 

and Analytics
1. Group communication and collaboration
2. Improved data management
3. Managing giant data warehouses and Big Data
4. Analytical support
5. Overcoming cognitive limits in processing and 

storing information
6. Knowledge management
7. Anywhere, anytime support

9
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), 
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Decision Support Systems (DSS)
(Gorry and Scott-Morton, 1971)

“interactive 
computer-based systems, 

which help decision makers 
utilize data and models to 

solve unstructured problems”
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Decision Support Systems (DSS)
(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.”
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Evolution of Business Intelligence (BI)
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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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FIGURE 1.9 Evolution of  Business Intelligence (BI).

Technical staff

Build the data warehouse

- Organizing
- Summarizing
- Standardizing

Data 
warehouse

Business users

Access

Manipulation, results

Managers/executives

BPM strategies

Future component:
Intelligent systems

User interface

- Browser
- Portal
- Dashboard

Data Warehouse
Environment

Business Analytics
Environment

Performance and
Strategy

Data
Sources
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2003, p. 32, Illustration 5.)
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Business Intelligence (BI) Infrastructure

14Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 
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Architecture of Big Data Analytics

16Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Architecture of Big Data Analytics

17Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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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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FIGURE 1.11 Three Types of  Analytics.
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Three Types of Business Analytics

• Prescriptive Analytics
• Predictive Analytics
• Descriptive Analytics

20Source: Thomas H. Davenport, "Enterprise Analytics: Optimize Performance, Process, and Decisions Through Big Data", FT Press, 2012



Three Types of Business Analytics

21Source: Thomas H. Davenport, "Enterprise Analytics: Optimize Performance, Process, and Decisions Through Big Data", FT Press, 2012
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Business Intelligence and 
Enterprise Analytics

• Predictive analytics
• Data mining
• Business analytics
• Web analytics
• Big-data analytics

22Source: Thomas H. Davenport, "Enterprise Analytics: Optimize Performance, Process, and Decisions Through Big Data", FT Press, 2012



Data Science

23



Data Analyst

• Data analyst is just another term for 
professionals who were doing BI in the form of 
data compilation, cleaning, reporting, and 
perhaps some visualization. 

• Their skill sets included Excel, some SQL 
knowledge, and reporting. 

• You would recognize those capabilities as 
descriptive or reporting analytics.

24
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), 

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



Data Scientist
• Data scientist is responsible for predictive analysis, statistical 

analysis, and more advanced analytical tools and algorithms.
• They may have a deeper knowledge of algorithms and may 

recognize them under various labels—data mining, knowledge 
discovery, or machine learning. 

• Some of these professionals may also need deeper 
programming knowledge to be able to write code for data 
cleaning/analysis in current Web-oriented languages such as 
Java or Python and statistical languages such as R. 

• Many analytics professionals also need to build significant 
expertise in statistical modeling, experimentation, and 
analysis.

25
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), 

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



Data Science and 
Business Intelligence

26Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Data Science and 
Business Intelligence

27Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Data Science and 
Business Intelligence

28Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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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

29Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Data Scientist Profile

Source: 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

32Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Overview of Data Analytics Lifecycle

33Source: 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

34

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

35Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Example of Analytics Applications 
in a Retail Value Chain
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Retail Value Chain
Critical needs at every touch point of the Retail Value Chain

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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Analytics Ecosystem

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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Although some researchers have distinguished business analytics professionals from 
data scientists (Davenport and Patil, 2012), as pointed out previously, for the purpose of 
understanding the overall analytics ecosystem, we treat them as one broad profession. 
Clearly, skill needs can vary between a strong mathematician to a programmer to a mod-
eler to a communicator, and we believe this issue is resolved at a more micro/individual 
level rather than at a macro level of understanding the opportunity pool. We also take the 
widest definition of analytics to include all three types as defined by INFORMS—descrip-
tive/reporting/visualization, predictive, and prescriptive as described earlier.

Figure 1.13 illustrates one view of the analytics ecosystem. The components of the 
ecosystem are represented by the petals of an analytics flower. Eleven key sectors or clus-
ters in the analytics space are identified. The components of the analytics ecosystem are 
grouped into three categories represented by the inner petals, outer petals, and the seed 
(middle part) of the flower.

The outer six petals can be broadly termed as the technology providers. Their pri-
mary revenue comes from providing technology, solutions, and training to analytics user 
organizations so they can employ these technologies in the most effective and efficient 
manner. The inner petals can be generally defined as the analytics accelerators. The accel-
erators work with both technology providers and users. Finally, the core of the ecosystem 
comprises the analytics user organizations. This is the most important component, as 
every analytics industry cluster is driven by the user organizations.

The metaphor of a flower  is well-suited for the analytics ecosystem as multiple com-
ponents overlap each other. Similar to a living organism like a flower, all these petals grow 
and wither together. We use the terms components, clusters, petals, and sectors interchange-
ably to describe the various players in the analytics space. We introduce each of the industry 
sectors next and give some examples of players in each sector. The list of company names 
included in any petal is not exhaustive. The representative list of companies in each cluster 
is just to illustrate that cluster’s unique offering to describe where analytics talent may be 
used or hired away. Also, mention of a company’s name or its capability in one specific 
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Of course, user organizations include career paths for analytics professionals moving 
into management positions. These titles include project managers, senior managers, and 
directors, all the way up to the chief information officer or chief executive officer. This 
suggests that user organizations exist as a key cluster in the analytics ecosystem and thus 
can be a good source of talent. It is perhaps the first place to find analytics professionals 
within the vertical industry segment.

The purpose of this section has been to present a map of the landscape of the ana-
lytics industry. Eleven different groups that play a key role in building and fostering this 
industry were identified. More petals/components can be added over time in the analytics 
flower/ecosystem. Because data analytics requires a diverse skill set, understanding of this 
ecosystem provides you with more options than you may have imagined for careers in 
analytics. Moreover, it is possible for professionals to move from one industry cluster to 
another to take advantage of their skills. For example, expert professionals from providers 
can sometimes move to consulting positions, or directly to user organizations. Overall, 
there is much to be excited about the analytics industry at this point.

SECTION 1.8 REVIEW QUESTIONS

1. List the 11 categories of players in the analytics ecosystem.
2. Give examples of companies in each of the 11 types of players.
3. Which companies are dominant in more than one category?
4. Is it better to be the strongest player in one category or be active in multiple categories?

1.9 Plan of the Book
The previous sections have given you an understanding of the need for information 
technology in decision making, the evolution of BI, and now into analytics and data 
science. In the last several sections we have seen an overview of various types of analytics 
and their applications. Now we are ready for a more detailed managerial excursion into 
these topics, along with some deep hands-on experience in some of the technical topics. 
Figure 1.15 presents a plan on the rest of the book.

In this chapter, we have provided an introduction, definitions, and overview of DSSs, 
BI, and analytics, including Big Data analytics and data science. We also gave you an 

FIGURE 1.14  Word Cloud of  Job Titles of  Analytics 
Program Graduates.
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Google Colab
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Summary

40

• Business Intelligence (BI)
• Analytics
• Data Science
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