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Syllabus
Week    Date    Subject/Topics

1 2025/09/10 Introduction to Python for Accounting Applications

2 2025/09/17 Python Programming and Data Science

3 2025/09/24 Foundations of Python Programming

4 2025/10/01 Data Structures

5 2025/10/08 Control Logic and Loops

6 2025/10/15 Functions and Modules; Files and Exception Handling

7 2025/10/22 Data Analytics and Visualization with Python

8 2025/10/29 Self-Learning
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Syllabus
Week    Date    Subject/Topics

9 2025/11/05 Midterm Project Report

10 2025/11/12 Obtaining Data From the Web with Python

11 2025/11/19 Statistical Analysis with Python

12 2025/11/26 Machine Learning with Python

13 2025/12/03 Text Analytics with Generative AI and Python

14 2025/12/10 Applications of Accounting Data Analytics with Python

15 2025/12/17 Applications of ESG Data Analytics with Python

16 2025/12/24 Final Project Report
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Python Programming 
and 

Data Science
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Outline
• Python Programming
• Data Science
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Python
Programming
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Top Programming Languages

7https://spectrum.ieee.org/the-top-programming-languages-2023
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Python is an 
interpreted, 

object-oriented, 
high-level 

programming language 
with 

dynamic semantics.
8Source: https://www.python.org/doc/essays/blurb/



Python Ecosystem for Data Science

9Source: https://medium.com/pyfinance/why-python-is-best-choice-for-financial-data-modeling-in-2019-c0d0d1858c45



Python Ecosystem for Data Science

10Source:https://duchesnay.github.io/pystatsml/introduction/python_ecosystem.html



The Quant Finance PyData Stack

11Source: http://nbviewer.jupyter.org/format/slides/github/quantopian/pyfolio/blob/master/pyfolio/examples/overview_slides.ipynb#/5
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Numpy
NumPy

Base 
N-dimensional array 

package



Python 
matplotlib

13Source: https://matplotlib.org/
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Python 
Pandas

http://pandas.pydata.org/

http://pandas.pydata.org/


W3Schools Python

15https://www.w3schools.com/python/

https://www.w3schools.com/python/


W3Schools Python: Try Python

16https://www.w3schools.com/python/trypython.asp?filename=demo_default
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LearnPython.org

17https://www.learnpython.org/

https://www.learnpython.org/


Google’s Python Class

18https://developers.google.com/edu/python

https://developers.google.com/edu/python


Google Colab

19https://colab.research.google.com/notebooks/welcome.ipynb

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


Connect Google Colab in Google Drive
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Google Colab
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Google Colab
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Connect Colaboratory to Google Drive
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Google Colab
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Google Colab
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Google Colab
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Run Jupyter Notebook 
Python3 GPU
Google Colab
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Google Colab Python Hello World
print('Hello World')
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Python in Google Colab (Python101)
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101

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


Anaconda
The Most Popular 

Python 
Data Science Platform

30Source: https://www.anaconda.com/



Download Anaconda

31https://www.anaconda.com/download

https://www.anaconda.com/download


Python
HelloWorld
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Anaconda-Navigator
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Launchpad



Anaconda Navigator
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Jupyter Notebook
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Jupyter Notebook
New Python 3



print("hello, world")
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38Source: https://www.python.org/community/logos/



Python Fiddle

39http://pythonfiddle.com/

http://pythonfiddle.com/


Text input and output

40Source: http://pythonprogramminglanguage.com/text-input-and-output/

name = input("Enter a name: ")

x = int(input("What is x? "))

x = 2
y = 3
print(x, ' ', y)

x = 3
print(x)

print("Hello World")

print("Hello World\nThis is a message")

x = float(input("Write a number "))

http://pythonprogramminglanguage.com/text-input-and-output/
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Python in Google Colab
https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RkCrT

https://tinyurl.com/aintpupython101
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Text input and output
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Data Science
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AI, Big Data, Cloud Computing
Evolution of Decision Support, 

Business Intelligence, and Analytics

44

 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
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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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The Development of Big Data Analytics

Source: Wang, Junliang, Chuqiao Xu, Jie Zhang, and Ray Zhong (2022). "Big data analytics for intelligent manufacturing systems: A review." Journal of Manufacturing Systems 62 (2022): 738-752.



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.

46
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.

47
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

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



Data Science and 
Business Intelligence

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

Predictive Analytics 
and Data Mining 

(Data Science)



Data Science and 
Business Intelligence

50Source: 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

51Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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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
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Key Roles for a 
Successful Analytics Project

54Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015



Overview of Data Analytics Lifecycle

55Source: 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

56

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

57Source: 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

58

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 Ecosystem64 Chapter 1  • An Overview of Business Intelligence, Analytics, and Data Science 

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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FIGURE 1.13  Analytics Ecosystem.
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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



60

Job Titles of Analytics72 Chapter 1  • An Overview of Business Intelligence, Analytics, and Data Science 

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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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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 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?

Predictive

What will happen?
Why will it happen?

Prescriptive

What should I do?
Why should I do it?

Q
ue

st
io

ns
E

na
bl

er
s

Well-defined
business problems
and opportunities

Accurate projections
of future events and

outcomes

Best possible
business decisions

and actions

O
ut
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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



A Data to Knowledge Continuum

62

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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FIGURE 2.1 A Data to Knowledge Continuum.
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A Simple Taxonomy of Data

63
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),  Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Data Preprocessing Steps

64
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),  Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



An Analytics Approach to Predicting Student Attrition

65
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),  Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



A Graphical Depiction of the 
Class Imbalance Problem

66
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),  Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Relationship between Statistics 
and Descriptive Analytics

67
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),  Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Understanding the Specifics about 
Box-and-Whiskers Plots

68
Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),  Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



69

Estimation Methodologies for 
Machine Learning Classification Tasks

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

• Simple split (or holdout or test sample estimation) 
• Split the data into 2 mutually exclusive sets 

training (~70%) and testing (30%)

• For ANN, the data is split into three sub-sets 
(training [~60%], validation [~20%], testing [~20%])
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k-Fold Cross-Validation:
Machine Learning Data Splitting and Model Assessment

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



Data Science for 
Sustainability and ESG
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Data Science for 
Sustainability and ESG

• Data Science and Sustainability
• Data Collection and Analysis for Sustainability
• Implementing Data-Driven Sustainability 
Strategies

72



Fundamentals of Data Science

• Definition of Data Science: 
• Interdisciplinary field using scientific methods, 

processes, algorithms and systems to 
extract knowledge and insights 
from structured and unstructured data.

• Key components: 
• Statistics, Machine Learning, Data Engineering

73



Data Science Process

1. Business Understanding
2. Data Understanding
3. Data Preparation
4. Modeling
5. Evaluation
6. Deployment

74



Sustainability and ESG
• Sustainability: Meeting present needs without 
compromising future generations
• ESG: Environmental, Social, and Governance
• Environmental: Climate change, resource depletion, 

waste, pollution, deforestation
• Social: Human rights, labor standards, workplace 

safety, community relations
• Governance: Board diversity, executive 

compensation, ethics, transparency
75



Sustainability and ESG: Business case 
• Risk management
• Cost savings
• Innovation
• Brand value 
• Investor attraction

76



Intersection of Data Science with 
Sustainability and ESG

• Data-driven decision making for sustainability 
initiatives
• Predictive analytics for environmental impact
•Machine learning for optimizing resource usage
• Big data analysis for social impact assessment
• AI-powered governance risk management

77



The Interconnectedness of 
Data, Sustainability & ESG

•Sustainability encompasses environmental, social, 
and governance concerns.
•ESG provides a framework for measuring and 
reporting sustainability performance.
•Data science offers the tools to collect, analyze, 
and use ESG data for decision-making. 
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ESG:

Environmental

Social
Governance
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Sustainable Development Goals (SDGs)

80Source: https://sdgs.un.org/goals
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Sustainable Development Goals (SDGs) and 5P

81Source: Folke, Carl, Reinette Biggs, Albert V. Norström, Belinda Reyers, and Johan Rockström. "Social-ecological resilience and biosphere-based sustainability science.”Ecology and Society 21, no. 3 (2016).
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ESG to 17 SDGs

82Source: Henrik Skaug Sætra (2021) "A Framework for Evaluating and Disclosing the ESG Related Impacts of AI with the SDGs." Sustainability 13, no. 15 (2021): 8503.



ESG to 17 SDGs

83Source: https://sustainometric.com/esg-to-sdgs-connected-paths-to-a-sustainable-future/
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ESG Reporting Frameworks and Standards
1. GRI (Global Report Initiative): 

https://www.globalreporting.org/
2. CDP (Carbon Disclosure Project): 

https://www.cdp.net/
3. SASB (Sustainability Accounting Standards Board): 

https://sasb.org/
4. ISSB (International Sustainability Standards Board):

https://www.ifrs.org/groups/international-sustainability-standards-board/
5. TCFD (Task Force on Climate-related Financial Disclosures): 

https://www.fsb-tcfd.org/
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Summary
• Python Programming
• Data Science
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