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Course Objectives

1. Understand the fundamental concepts and research 
issues of Artificial Intelligence in Finance and 
Quantitative Analysis.

2. Equip with Hands-on practices of Artificial Intelligence 
in Finance and Quantitative Analysis.

3. Conduct information systems research in the context of 
Artificial Intelligence in Finance and Quantitative 
Analysis.
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Course Outline
• This course introduces the fundamental concepts, research issues, and hands-on practices of 

AI in Finance and Quantitative Analysis. 
• Topics include:

1. Introduction to Artificial Intelligence in Finance and Quantitative Analysis
2. AI in FinTech: Metaverse, Web3, DeFi, NFT, Financial Services Innovation and Applications
3. Investing Psychology and Behavioral Finance
4. Event Studies in Finance
5. Finance Theory
6. Data-Driven Finance
7. Financial Econometrics
8. AI-First Finance
9. Deep Learning in Finance
10. Reinforcement Learning in Finance
11. Algorithmic Trading, Risk Management, Trading Bot and Event-Based Backtesting
12. Case Study on AI in Finance and Quantitative Analysis.
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Core Competence

• Exploring new knowledge in information technology, 
system development and application  80 %

• Internet marketing planning ability  10 %

• Thesis writing and independent research skills  10 %
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Four Fundamental Qualities
• Professionalism
• Creative thinking and Problem-solving 40 %
• Comprehensive Integration 40 %

• Interpersonal Relationship
• Communication and Coordination 10 %
• Teamwork 5 %

• Ethics
• Honesty and Integrity 0 %
• Self-Esteem and Self-reflection 0 %

• International Vision
• Caring for Diversity 0 %
• 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
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Syllabus
Week    Date    Subject/Topics

1   2023/09/12   Introduction to Artificial Intelligence in Finance and
                              Quantitative Analysis

2   2023/09/19   AI in FinTech: Metaverse, Web3, DeFi, NFT, 
                              Financial Services Innovation and Applications 

3   2023/09/26   Investing Psychology and Behavioral Finance 

4   2023/10/03   Event Studies in Finance 

5   2023/10/10   National Day (Day off) 

6   2023/10/17 Case Study on AI in Finance and Quantitative Analysis I
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Syllabus
Week    Date    Subject/Topics

7   2023/10/24   Finance Theory and Data-Driven Finance 

8   2023/10/31   Midterm Project Report 

9   2023/11/07   Financial Econometrics 

10   2023/11/14   AI-First Finance 

11   2023/11/21   Industry Practices of AI in Finance and Quantitative
                                Analysis 

12   2023/11/28   Case Study on AI in Finance and Quantitative Analysis II

11



Syllabus
Week    Date    Subject/Topics

13   2023/12/05   Deep Learning in Finance; 
                                Reinforcement Learning in Finance 

14   2023/12/12   Algorithmic Trading; Risk Management; 
                                Trading Bot and Event-Based Backtesting 

15   2023/12/19   Final Project Report I 

16   2023/12/26   Final Project Report II 
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Teaching Methods and Activities

• Lecture
• Discussion
• Practicum
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Evaluation Methods

• Individual Presentation 60 %
• Group Presentation 10 %
• Case Report 10 %

• Class Participation 10 %
• Assignment 10 %
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Required Texts

•Yves Hilpisch (2020), 
Artificial Intelligence in Finance: A Python-Based Guide, 
O’Reilly Media.

15Source: https://www.amazon.com/Artificial-Intelligence-Finance-Python-Based-Guide/dp/1492055433

https://www.amazon.com/Artificial-Intelligence-Finance-Python-Based-Guide/dp/1492055433


Reference Books
• Stefan Jansen (2020), Machine Learning for Algorithmic Trading: Predictive models to extract 

signals from market and alternative data for systematic trading strategies with Python, 2nd 
Edition, Packt Publishing.

• Aurélien Géron (2022), Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow: 
Concepts, Tools, and Techniques to Build Intelligent Systems, 3rd Edition, O’Reilly Media.

• Hariom Tatsat, Sahil Puri, Brad Lookabaugh (2020), Machine Learning and Data Science Blueprints 
for Finance: From Building Trading Strategies to Robo-Advisors Using Python, O'Reilly Media

• Chris Kelliher (2022), Quantitative Finance With Python: A Practical Guide to Investment 
Management, Trading, and Financial Engineering, Chapman and Hall/CRC.

• Simon Thompson (2023), Green and Sustainable Finance: Principles and Practice in Banking, 
Investment and Insurance, 2nd Edition, Kogan Page. 

• Cino Robin Castelli, Cyril Shmatov (2022), Quantitative Methods for ESG Finance, Wiley
• Abdullah Karasan (2021), Machine Learning for Financial Risk Management with Python: 

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

Media.
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Other References

• Paolo Sironi (2016), FinTech Innovation: From Robo-Advisors 
to Goal Based Investing and Gamification, Wiley.
• Yves Hilpisch (2020), Financial Theory with Python: A Gentle 

Introduction, O’Reilly Media.
• Yves Hilpisch (2020), Python for Algorithmic Trading: From 

Idea to Cloud Deployment, O’Reilly Media.
• Yuxing Yan (2017), Python for Finance: Apply powerful 

finance models and quantitative analysis with Python, Second 
Edition, Packt Publishing.
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Yves Hilpisch (2020), 
Python for Algorithmic Trading: 

From Idea to Cloud Deployment, 
O’Reilly

19Source: https://www.amazon.com/Python-Algorithmic-Trading-Cloud-Deployment/dp/149205335X
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Yves Hilpisch (2021), 
Financial Theory with Python: 

A Gentle Introduction, 
O’Reilly

20Source: https://www.amazon.com/Financial-Theory-Python-Gentle-Introduction/dp/1098104358

https://www.amazon.com/Financial-Theory-Python-Gentle-Introduction/dp/1098104358


Stefan Jansen (2020), 
Machine Learning for Algorithmic Trading: 

Predictive models to extract signals from market and alternative data for systematic trading strategies 
with Python, 2nd Edition, 

Packt Publishing.

21Source: https://www.amazon.com/Machine-Learning-Algorithmic-Trading-alternative/dp/1839217715/

https://www.amazon.com/Machine-Learning-Algorithmic-Trading-alternative/dp/1839217715/


Chris Kelliher (2022), 
Quantitative Finance With Python: 

A Practical Guide to Investment Management, Trading, and Financial Engineering, 
Chapman and Hall/CRC.

22Source: https://www.amazon.com/Quantitative-Finance-Python-Engineering-Mathematics/dp/1032014431/

https://www.amazon.com/Quantitative-Finance-Python-Engineering-Mathematics/dp/1032014431/


Simon Thompson (2023), 

Green and Sustainable Finance: 
Principles and Practice in Banking, Investment and Insurance, 2nd Edition,  

Kogan Page

23Source: https://www.amazon.com/Green-Sustainable-Finance-Principles-Investment/dp/1398609242/

https://www.amazon.com/Green-Sustainable-Finance-Principles-Investment/dp/1398609242/


Cino Robin Castelli, Cyril Shmatov (2022), 

Quantitative Methods for ESG Finance, 
Wiley

24Source: https://www.amazon.com/Quantitative-Methods-Finance-Robin-Castelli/dp/1119903807/

https://www.amazon.com/Quantitative-Methods-Finance-Robin-Castelli/dp/1119903807/


Campbell R. Harvey, Ashwin Ramachandran, Joey Santoro, Fred Ehrsam (2021), 

DeFi and the Future of Finance, 
Wiley

25Source:  https://www.amazon.com/DeFi-Future-Finance-Campbell-Harvey-ebook/dp/B09DJV2QLC

https://www.amazon.com/DeFi-Future-Finance-Campbell-Harvey-ebook/dp/B09DJV2QLC


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

O'Reilly

26Source: https://www.amazon.com/Python-Finance-Mastering-Data-Driven/dp/1492024333

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


27Source: 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



Doron Kliger and Gregory Gurevich (2014), 

Event Studies for Financial Research: 
A Comprehensive Guide, 

Palgrave Macmillan 

28Source: https://www.amazon.com/Event-Studies-Financial-Research-Comprehensive/dp/1137435380/



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

Packt Publishing

29Source: https://www.amazon.com/Python-Finance-powerful-quantitative-analysis/dp/1787125696

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


Artificial Intelligence 
(AI) 
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AI, Big Data, Cloud Computing
Evolution of Decision Support, 

Business Intelligence, and Analytics
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 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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The Rise of AI

32
Source: DHL (2018), Artificial Intelligence in Logistics,  

http://www.globalhha.com/doclib/data/upload/doc_con/5e50c53c5bf67.pdf/

1.1  Origin & Definition of AI

Artificial intelligence (AI) is not new. The term was coined 

in 1956 by John McCarthy, a Stanford computer science 

professor who organized an academic conference on the 

topic at Dartmouth College in the summer of that year. 

The field of AI has gone through a series of boom-bust 

cycles since then, characterized by technological break-

throughs that stirred activity and excitement about the 

topic, followed by subsequent periods of disillusionment 

and disinterest known as 'AI Winters' as technical limita-

tions were discovered. As you can see in figure 1, today  

we are once again in an 'AI Spring'.

Artificial intelligence can be defined as human intelligence 

exhibited by machines; systems that approximate, mimic, 

replicate, automate, and eventually improve on human 

thinking. Throughout the past half-century a few key com-

ponents of AI were established as essential: the ability to 

perceive, understand, learn, problem solve, and reason. 

Countless working definitions of AI have been proposed 

over the years but the unifying thread in all of them is  

1 UNDERSTANDING ARTIFICIAL INTELLIGENCE

Understanding Arti!cial Intelligence 3

that computers with the right software can be used to 

solve the kind of problems that humans solve, interact 

with humans and the world as humans do, and create  

ideas like humans. In other words, while the mechanisms 

that give rise to AI are ‘artificial’, the intelligence to which 

AI is intended to approximate is indistinguishable from 

human intelligence. In the early days of the science, pro-

cessing inputs from the outside world required extensive 

programming, which limited early AI systems to a very 

narrow set of inputs and conditions. However since then, 

computer science has worked to advance the capability of 

AI-enabled computing systems.

Board games have long been a proving ground for AI 

research, as they typically involve a finite number of 

players, rules, objectives, and possible moves. This essen-

tially means that games – one by one, including checkers, 

backgammon, and even Jeopardy! to name a few – have 

been taken over by AI. Most famously, in 1997 IBM’s Deep 

Blue defeated Garry Kasparov, the then reigning world 

champion of chess. This trajectory persists with the ancient 

Chinese game of Go, and the defeat of reigning world 

champion Lee Sedol by DeepMind’s AlphaGo in March 2016.

Figure 1: An AI timeline; Source: Lavenda, D. / Marsden, P.
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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)

34Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 
 

“… technology that 
thinks and acts 
like humans”

35Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 
 

“… intelligence 
exhibited by machines 

or software”
36Source: 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 (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson



4 Approaches of AI

38

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 (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson



AI Acting Humanly:
The Turing Test Approach

(Alan Turing, 1950)

• Knowledge Representation
• Automated Reasoning
•Machine Learning (ML)
• Deep Learning (DL)

• Computer Vision (Image, Video)
• Natural Language Processing (NLP)
• Robotics

39Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Technology
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Financial Technology
FinTech

“providing 
financial services 
by making use of 

software and 
modern technology”

43Source: https://www.fintechweekly.com/fintech-definition



Financial Revolution with Fintech

44Source: http://www.hedgethink.com/fintech/european-fintech-top-100/



FinTech: Financial Services Innovation

45Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf



FinTech: 
Financial Services Innovation

1. Payments
2. Insurance

3. Deposits & Lending
4. Capital Raising

5. Investment Management
6. Market Provisioning

46Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf



FinTech: Payment

47Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Insurance

48Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Deposits & Lending

49Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Capital Raising

50Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Investment Management

51Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Market Provisioning

52Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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AI 
in 

FinTech
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FinBrain: when Finance meets AI 2.0
(Zheng et al., 2019)

54
Source: Xiao-lin Zheng, Meng-ying Zhu, Qi-bing Li, Chao-chao Chen, and Yan-chao Tan (2019), "Finbrain: When finance meets AI 2.0." 

Frontiers of Information Technology & Electronic Engineering 20, no. 7, pp. 914-924



AI 2.0
a new generation of AI 

based on the 
novel information environment of 

major changes and 
the development of 

new goals.
55Yunhe Pan (2016),  "Heading toward artificial intelligence 2.0." Engineering 2, no. 4, 409-413.



Technology-driven 
Financial Industry Development

Development 
stage

Driving 
technology 

Main landscape Inclusive 
finance

Relationship 
between 
technology 
and finance

Fintech 1.0 
(financial IT)

Computer Credit card, ATM, 
and CRMS

Low Technology as a 
tool

Fintech 2.0 
(Internet finance)

Mobile 
Internet

Marketplace 
lending, third-party 
payment, 
crowdfunding, and 
Internet insurance

Medium Technology-
driven change

Fintech 3.0 
(financial 
intelligence)

AI, Big Data, 
Cloud 
Computing, 
Blockchain

Intelligent finance High Deep fusion

56
Source: Xiao-lin Zheng, Meng-ying Zhu, Qi-bing Li, Chao-chao Chen, and Yan-chao Tan (2019), "Finbrain: When finance meets AI 2.0." 

Frontiers of Information Technology & Electronic Engineering 20, no. 7, pp. 914-924



Deep learning for financial applications: 
Topic-Model Heatmap

57
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." Applied Soft 

Computing (2020): 106384.

A.M. Ozbayoglu, M.U. Gudelek and O.B. Sezer / Applied Soft Computing Journal 93 (2020) 106384 21

Fig. 9. The histogram of publication count in model types.

Fig. 10. Topic-model heatmap.

the model-topic heatmap, in this case, we saw a distinction
between the associations. Even though price data and technical
indicators have been very popular for most of the research areas
that are involved with time series forecasting, like algorithmic
trading, portfolio management, financial sentiment analysis and
financial text mining, the studies that had more significant spatial
characteristics like risk assessment and fraud detection did not
depend much on these temporal features. One other noteworthy
difference came up with the adaptation of text related features.
Highly text-based applications like financial sentiment analysis,
financial text mining, risk assessment and fraud detection pre-
ferred to use features like text (extracted from tweets, news or
financial data) and sentiments during their model development
and implementation. However, the temporal characteristics of
the financial time series data were also important for financial
sentiment analysis and financial text mining, since a significant
portion of these models were integrated into algorithmic trading
systems.

Fig. 12 elaborates on the distribution of the dataset types for
the research areas through a dataset-topic heatmap. If we analyze

the heatmap, we see similarities with the feature-topic associa-
tions. However, this time, we had three main clusters of dataset
types, the first one being the temporal datasets like Stock, Index,
ETF, Cryptocurrency, Forex and Commodity price datasets, and
the second one being the text-based datasets like News, Tweets,
Microblogs and Financial Reports, and the last one being the
datasets that had both numeric and textual components like Con-
sumer Data, Credit Data and Financial Reports from companies or
analysts. As far as the dataset vs. application area associations are
concerned, these three main clusters were distributed as follows:
Stock, Index, Cryptocurrency, ETF datasets were used almost in
every application area except Risk Assessment and Fraud Detec-
tion which had less of temporal properties. Meanwhile, Credit
Data, Financial Reports and Consumer Data were particularly
used by these two application areas, namely Risk Assessment
and Fraud Detection. Lastly, pure text based datasets like news,
tweets, microblogs were preferred by Financial Sentiment Analy-
sis and Financial Text Mining studies. However, as was the case in
the feature-topic associations, temporal datasets like stock, ETF,
Index price datasets were also used with these studies since some
of them were tied with algorithmic trading models.

6. Discussion and open issues

After reviewing all the publications based on the selected cri-
teria explained in the previous section, we wanted to provide our
findings of the current state-of-the-art situation. Our discussions
are categorized by the DL models and implementation topics.

6.1. Discussions on DL models

It is possible to claim that LSTM is the dominant DL model
that is preferred by most researchers, due to its well-established
structure for financial time series data forecasting. Most of the fi-
nancial implementations have time-varying data representations
requiring regression-type approaches which fits very well for
LSTM and its derivatives due to their easy adaptations to the
problems. As long as the temporal nature of the financial data
remains, LSTM and its related family models will maintain their
popularities.

Meanwhile, CNN based models started getting more traction
among researchers in the last two years. Unlike LSTM, CNN works
better for classification problems and is more suitable for either
non-time varying or static data representations. However, since
most financial data is time-varying, under normal circumstances,



Deep learning for financial applications: 
Topic-Feature Heatmap

58
Source: Ahmet Murat Ozbayoglu, Mehmet Ugur Gudelek, and Omer Berat Sezer (2020). "Deep learning for financial applications: A survey." Applied Soft 

Computing (2020): 106384.

22 A.M. Ozbayoglu, M.U. Gudelek and O.B. Sezer / Applied Soft Computing Journal 93 (2020) 106384

Fig. 11. Topic-feature heatmap.

Fig. 12. Topic-dataset heatmap.

CNN is not the natural choice for financial applications. However,
in some independent studies, the researchers performed an inno-
vative transformation of 1-D time-varying financial data into 2-D
mostly stationary image-like data to be able to utilize the power
of CNN through adaptive filtering and implicit dimensionality
reduction. This novel approach seems working remarkably well
in complex financial patterns regardless of the application area.
In the future, more examples of such implementations might be
more common; only time will tell.

Another model that has a rising interest is DRL based im-
plementations; in particular, the ones coupled with agent-based
modeling. Even though algorithmic trading is the most preferred
implementation area for such models, it is possible to develop the
working structures for any problem type.

Careful analyses of the reviews indicate in most of the papers
hybrid models are preferred over native models for better ac-
complishments. A lot of researchers configure the topologies and
network parameters for achieving higher performance. However,
there is also the danger of creating more complex hybrid models
that are not easy to build, and their interpretation also might be
difficult.

Through the performance evaluation results, it is possible to
claim that in general terms, DL models outperform ML coun-
terparts when working on the same problems. DL models also
have the advantage of being able to work on larger amount of
data. With the growing expansion of open-source DL libraries
and frameworks, DL model building and development process is
easier than ever.



Deep learning for financial applications: 
Topic-Dataset Heatmap
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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.

22 A.M. Ozbayoglu, M.U. Gudelek and O.B. Sezer / Applied Soft Computing Journal 93 (2020) 106384

Fig. 11. Topic-feature heatmap.

Fig. 12. Topic-dataset heatmap.

CNN is not the natural choice for financial applications. However,
in some independent studies, the researchers performed an inno-
vative transformation of 1-D time-varying financial data into 2-D
mostly stationary image-like data to be able to utilize the power
of CNN through adaptive filtering and implicit dimensionality
reduction. This novel approach seems working remarkably well
in complex financial patterns regardless of the application area.
In the future, more examples of such implementations might be
more common; only time will tell.

Another model that has a rising interest is DRL based im-
plementations; in particular, the ones coupled with agent-based
modeling. Even though algorithmic trading is the most preferred
implementation area for such models, it is possible to develop the
working structures for any problem type.

Careful analyses of the reviews indicate in most of the papers
hybrid models are preferred over native models for better ac-
complishments. A lot of researchers configure the topologies and
network parameters for achieving higher performance. However,
there is also the danger of creating more complex hybrid models
that are not easy to build, and their interpretation also might be
difficult.

Through the performance evaluation results, it is possible to
claim that in general terms, DL models outperform ML coun-
terparts when working on the same problems. DL models also
have the advantage of being able to work on larger amount of
data. With the growing expansion of open-source DL libraries
and frameworks, DL model building and development process is
easier than ever.
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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

O. Bustos and A. Pomares-Quimbaya / Expert Systems With Applications 156 (2020) 113464 5 

Fig. 2. Count of articles by publication year. 

Fig. 3. Phases of the stock market modeling . 

Fig. 4. Classifications of inputs. 
reviewed use structured type inputs, for which processing tech- 
niques already exist, and their importance has been extensively 
studied. Most recent ones allow the use of unstructured informa- 
tion, which is more difficult to process and to extract useful infor- 
mation. Fig. 4 shows a proposed taxonomy for the inputs used to 
forecast the stock market in the analyzed studies. 
3.1. Structured inputs 

The structured information refers to data groups with a prede- 
fined skeleton, organized in tabular form, where the characteristics 
or attributes can be described as columns of a table. That struc- 
ture makes information more accessible to navigate, and simple or 
complex searches can be done without further effort. Most arti- 
cles use this type of information, which is usually open and ex- 
posed through API programming interfaces. The most common is 

the time series of historical stock prices, which can be used di- 
rectly by different computational models. 
3.1.1. Stock values 

Given the technical analysis approach, stock prices reflect all the 
information required to understand market behavior. In this way, 
the important thing is to analyze the series of time correspond- 
ing to the prices. Generally, this information is public and free and 
can be downloaded from the pages of the stock markets (such as 
Nasdaq Kazem, Sharifi, Hussain, Saberi, & Hussain (2013) ), third 
parties (such as Yahoo Finance Wen, Yang, Song, & Jia (2010) ). Be- 
sides, some companies like Bloomberg ( Ding, Zhang, Liu, & Duan, 
2015 ) provide paid services with more information related to stock 
prices. 

In some articles, daily stock information is used, which consists 
of the opening price (OP), closing price (CP), the maximum (MAX) 
and minimum price (MIN), and the volume (VOL) of transactions 
performed Wang, Liu, Shang, and Wang (2018) Fischer and Krauss 
(2018) Di Persio and Honchar (2016) . Closing prices are the most 
commonly used information, but the volume and ranges have also 
shown value in the prediction. Most of the studies employ a time- 
span of 10 0 0 days, that can be handled easily for most of the ma- 
chine learning algorithms. 

In addition, there are other studies that use intraday informa- 
tion for prediction ( Huang & Li, 2017; Tsantekidis et al., 2017 ). The 
most fine-grained intraday information is the bid-ask price for a 
stock. When a stock is being traded in an exchange, there are buy- 
ers and sellers interested in trading that stock. Ask price is the 
minimum price a seller is willing to accept, while the bid price 
is the maximum price that the buyer offers to pay for the share. 
The consolidation of all these prices leads to an enormous number 
of points having to be recorded to predict the intraday price. 
3.1.2. Technical indicators 

Technical indicators have been useful for predicting the stock 
market. These have been increasing in sophistication, and are al- 
ready part of the language of brokers. Technical indicators can 
summarize the behavior or trends in the time series, making their 
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Evolution of Sustainable Finance Research

62
Source: Kumar, S., Sharma, D., Rao, S., Lim, W. M., & Mangla, S. K. (2022). Past, present, and future of sustainable finance: 

Insights from big data analytics through machine learning of scholarly research. Annals of Operations Research, 1-44.
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AI for 
Environmental, 

Social, and 
Governance

(AI4ESG)
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Source: Nenad Tomašev, Julien Cornebise, Frank Hutter, Shakir Mohamed, Angela Picciariello, Bec Connelly, Danielle Belgrave et al. (2020) 
"AI for social good: unlocking the opportunity for positive impact." Nature Communications 11, no. 1: 1-6.



AI for 
Social Good

(AI4SG)
64

Source: Nenad Tomašev, Julien Cornebise, Frank Hutter, Shakir Mohamed, Angela Picciariello, Bec Connelly, Danielle Belgrave et al. (2020) 
"AI for social good: unlocking the opportunity for positive impact." Nature Communications 11, no. 1: 1-6.
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SDGs
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Sustainable Development Goals (SDGs)

66Source: https://sdgs.un.org/goals

https://sdgs.un.org/goals


Sustainable Development Goals (SDGs) and 5P

67Source: 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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Green Finance
Generic term 

implying use or diversion 
of financial resources 

to deploy and support projects 
with long term positive impact 

on the environment
68Source: Bhattacharyya, Rupsha. "Green finance for energy transition, climate action and sustainable development: overview of concepts, applications, implementation and challenges." Green Finance 4, no. 1 (2022): 1-35.



Sustainable Finance
Finances 

deployed in support of projects 
that ensure just, sustainable and 

inclusive growth 
or attainment of one or more 

sustainable development goals
69Source: Bhattacharyya, Rupsha. "Green finance for energy transition, climate action and sustainable development: overview of concepts, applications, implementation and challenges." Green Finance 4, no. 1 (2022): 1-35.



Carbon Finance
Financial instruments 

based on 
economic value of carbon emissions 

which an organization cannot avoid but which 
it offsets by funding other compensatory projects 

that contribute to carbon emissions reduction

70Source: Bhattacharyya, Rupsha. "Green finance for energy transition, climate action and sustainable development: overview of concepts, applications, implementation and challenges." Green Finance 4, no. 1 (2022): 1-35.



Climate Finance
Finances deployed 

in support of low carbon and 
climate resilient projects 

that help in climate change mitigation and 
adaptation efforts, 
particularly in the 

energy and infrastructure sectors

71Source: Bhattacharyya, Rupsha. "Green finance for energy transition, climate action and sustainable development: overview of concepts, applications, implementation and challenges." Green Finance 4, no. 1 (2022): 1-35.



ESG Investing
Investments considering the broad range of 

environmental (e.g. climate change, 
pollution biodiversity loss), 

social (e.g. working conditions, human rights, salary or 
compensation structures) 

and governance (e.g. board composition, diversity and 
inclusion, taxes) 

characteristics of the projects or companies being invested in; 
ethical and business sustainability considerations are 

integral part of financing
72Source: Bhattacharyya, Rupsha. "Green finance for energy transition, climate action and sustainable development: overview of concepts, applications, implementation and challenges." Green Finance 4, no. 1 (2022): 1-35.



Impact Investing

Investing in projects 
that solve a social or environmental problem; 

the focus is on the positive impact 
rather than the 

means used to produce that impact

73Source: Bhattacharyya, Rupsha. "Green finance for energy transition, climate action and sustainable development: overview of concepts, applications, implementation and challenges." Green Finance 4, no. 1 (2022): 1-35.



Dynamic Trends of Green Finance and Energy Policy

74Source: Wang, Moran, Xuerong Li, and Shouyang Wang. (2021) "Discovering research trends and opportunities of green finance and energy policy: A data-driven scientometric analysis." Energy Policy 154 (2021): 112295.
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Corporate
Social
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ESG to 17 SDGs

77Source: 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

78Source: https://sustainometric.com/esg-to-sdgs-connected-paths-to-a-sustainable-future/

https://sustainometric.com/esg-to-sdgs-connected-paths-to-a-sustainable-future/
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AI and Sustainability Development Goals (SDGs)

80
Source: Schoormann, T., Strobel, G., Möller, F., Petrik, D., & Zschech, P. (2023). 

Artificial Intelligence for Sustainability—A Systematic Review of Information Systems Literature. Communications of the Association for Information Systems, 52(1), 8.



AI 
for 

Sustainability

81
Source: Schoormann, T., Strobel, G., Möller, F., Petrik, D., & Zschech, P. (2023). 

Artificial Intelligence for Sustainability—A Systematic Review of Information Systems Literature. Communications of the Association for Information Systems, 52(1), 8.



Sustainable Productivity:
Finance ESG

82Source: Huang, Ziqi, Yang Shen, Jiayi Li, Marcel Fey, and Christian Brecher (2021). "A survey on AI-driven digital twins in Industry 4.0: Smart manufacturing and advanced robotics." Sensors 21, no. 19: 6340.



Sustainable Resilient Manufacturing
ESG

83Source: Huang, Ziqi, Yang Shen, Jiayi Li, Marcel Fey, and Christian Brecher (2021). "A survey on AI-driven digital twins in Industry 4.0: Smart manufacturing and advanced robotics." Sensors 21, no. 19: 6340.



ESG Indexes

•MSCI ESG Index
•Dow Jones Sustainability Indices (DJSI)
•FTSE ESG Index

84



MSCI ESG Rating Framework

85Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



MSCI ESG Key Issue Hierarchy

86Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



MSCI Governance Model Structure

87Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



MSCI Hierarchy of ESG Scores

88Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



DJSI S&P Global ESG Score

89Source: DJSI, S&P Global Corporate Sustainability Assessment (CSA), https://www.spglobal.com/esg/solutions/data-intelligence-esg-scores



FTSE Russell ESG Ratings

90Source: https://www.ftserussell.com/data/sustainability-and-esg-data/esg-ratings



Sustainalytics 
ESG Risk Ratings

91Source: https://www.sustainalytics.com/esg-data

Sustainalytics’ ESG Risk Ratings measure a company’s 
exposure to industry-specific material ESG risks and 
how well a company is managing those risks.

Analyst-based 
approach



Truvalue 
ESG Ranks

• Truvalue Labs applies AI to analyze over 100,000 sources and uncover 
ESG risks and opportunities hidden in unstructured text. 

• The ESG Ranks data service produces an overall company rank based on 
industry percentile leveraging the 26 ESG categories defined by the 
Sustainability Accounting Standards Board (SASB).  

• The data feed covers 20,000+ companies with more than 13 years of 
history. 

92Source: :https://developer.truvaluelabs.com/data/esg-ranks

TruValue Labs Machine-based 
approach



Analyst-driven vs. AI-driven ESG

93Source: Mark Tulay (2020), Man vs. machine: A tale of two sustainability ratings systems, GreenBiz, 
https://www.greenbiz.com/article/man-vs-machine-tale-two-sustainability-ratings-systems

Sustainalytics

Truvalue Labs



Analyst based 
ESG Research

AI based 
ESG Research

94Source: https://www.esganalytics.io/insights/how-data-is-accelerating-esg



ESG Analytics: NLP Taxonomy

95Source: https://www.esganalytics.io/insights/how-data-is-accelerating-esg



Top 
ESG Reporting 

Software

96Source: https://www.softwarereviews.com/categories/environmental-social-and-governance-reporting

Environmental, Social and 
Governance (ESG) Reporting 
software or Sustainability 
software helps organizations 
manage their operational 
data, evaluate their impact on 
the environment and provide 
reporting to perform audits.



ESG Reporting Software: Emitwise
• Emitwise is the carbon management platform for companies with complex 

manufacturing supply chains to confidently understand, track and reduce their 
complete carbon footprint. 

• Combining 100 years of carbon accounting experience and machine learning 
technology, we accelerate climate action by increasing the accuracy of scope 3 
emissions. 

• The platform empowers manufacturers and their supply chains to make carbon-led 
business decisions that lower risk, increase profitability and deliver ambitious climate 
action.

97Source: https://www.softwarereviews.com/categories/environmental-social-and-governance-reporting



ESG Reporting Software: Workiva ESG
• Workiva is a cloud native platform that simplifies the complexities of reporting and 

compliance. 

• Workiva ESG is the end-to-end platform that allows you to integrate financial data, 
nonfinancial data, and XBRL. 

• Workiva, the platform that streamlines your entire ESG process. 

• Automate data collection, utilize frameworks, and directly connect to all your ESG 
reports. in meaningful glossy reports, accurate survey responses, and regulatory 
filings with integrated XBRL tagging.

98Source: https://www.softwarereviews.com/categories/environmental-social-and-governance-reporting



The Quant Finance PyData Stack

99Source: http://nbviewer.jupyter.org/format/slides/github/quantopian/pyfolio/blob/master/pyfolio/examples/overview_slides.ipynb#/5



Yves Hilpisch (2020), Artificial Intelligence in Finance: A Python-Based Guide, O’Reilly

100Source: https://github.com/yhilpisch/aiif

https://github.com/yhilpisch/aiif

https://github.com/yhilpisch/aiif/tree/main/code
https://github.com/yhilpisch/aiif/tree/main/code


Yves Hilpisch (2020), Artificial Intelligence in Finance: A Python-Based Guide, O’Reilly

101Source: https://github.com/yhilpisch/aiif/tree/main/code

https://github.com/yhilpisch/aiif/tree/main/code

https://github.com/yhilpisch/aiif/tree/main/code
https://github.com/yhilpisch/aiif/tree/main/code
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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
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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
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Python in Google Colab (Python101)

https://tinyurl.com/aintpupython101

https://tinyurl.com/aintpupython101
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Teaching
• Artificial Intelligence in Finance and Quantitative

• Fall 2021, Fall 2022, Fall 2023
• Artificial Intelligence for Text Analytics

• Spring 2022, Fall 2023
• Big Data Analytics

• Fall 2020, Spring 2023

• Software Engineering
• Fall 2020, Fall, 2021, Spring 2022, Spring 2023

• Artificial Intelligence
• Spring 2021, Fall 2022

• Data Mining
• Spring 2021

• Foundation of Business Cloud Computing
• Spring 2021, Spring 2022, Spring 2023

• Python for Accounting Applications
• Fall 2023 120https://web.ntpu.edu.tw/~myday/teaching.htm

https://web.ntpu.edu.tw/~myday/teaching.htm


Research Projects

121

1. Applying AI technology to construct knowledge graphs of cryptocurrency anti-money laundering: a few-shot learning 
model
• MOST, 110-2410-H-305-013-MY2, 2021/08/01~2023/07/31 

2. Fintech Green Finance for Carbon Market Index, Corporate Finance, and Environmental Policies. Carbon Emission 
Sentiment Index with AI Text Analytics
• NTPU, 112-NTPU_ORDA-F-003，2023/01/01~2024/12/31

3. Digital Support, Unimpeded Communication: The Development, Support and Promotion of AI-assisted Communication 
Assistive Devices for Speech Impairment. Multimodal Cross-lingual Task-Oriented Dialogue System for Inclusive 
Communication Support
• NSTC 112-2425-H-305-002-, 2023/05/01-2026/04/30

4. Establishment and Implement of Smart Assistive Technology for Dementia Care and Its Socio-Economic Impacts. 
Intelligent, individualized and precise care with smart AT and system integration
• NSTC, NSTC, 112-2627-M-038-001-, 2023/08/01~2024/07/31 

5. Use deep learning to identify commercially dental implant systems - observational study
• USTP-NTPU-TMU, USTP-NTPU-TMU-112-01, 2023/01/01~2023/12/31

6. Metaverse AI Multimodal Cross-Language Task-Oriented Dialogue System
• ATEC Group x NTPU, NTPU-112A413E01, 2023/05/01~2026/04/30

7. Metaverse Avatar Automatic Metadata Generation Module
• FormosaVerse x NTPU, NTPU-111A413E01, 2022/12/01~2023/11/30

8. Pilot Study on Universal Data Processing for Code Generation Engine
• III x NTPU, NTPU-112A513E01, 2023/08/01~2023/12/22

https://web.ntpu.edu.tw/~myday/cindex.htm#projects

https://web.ntpu.edu.tw/~myday/cindex.htm


Summary
• This course introduces the fundamental concepts, research issues, and hands-on practices of 

AI in Finance and Quantitative Analysis. 
• Topics include:

1. Introduction to Artificial Intelligence in Finance and Quantitative Analysis
2. AI in FinTech: Metaverse, Web3, DeFi, NFT, Financial Services Innovation and Applications, 
3. Investing Psychology and Behavioral Finance
4. Event Studies in Finance
5. Finance Theory
6. Data-Driven Finance
7. Financial Econometrics
8. AI-First Finance
9. Deep Learning in Finance
10. Reinforcement Learning in Finance
11. Algorithmic Trading, Risk Management, Trading Bot and Event-Based Backtesting
12. Case Study on AI in Finance and Quantitative Analysis.
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AI in Finance and Quantitative Analysis

Min-Yuh Day, Ph.D.
Associate Professor
Institute of Information Management, National Taipei University

Tel: 02-86741111 ext. 66873
Office: B8F12
Address: 151, University Rd., San Shia District, New Taipei City, 23741 Taiwan
Email: myday@gm.ntpu.edu.tw
Web: http://web.ntpu.edu.tw/~myday/
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Contact Information

http://www.mis.ntpu.edu.tw/en/
https://www.ntpu.edu.tw/
http://web.ntpu.edu.tw/~myday/

