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Syllabus
Week    Date    Subject/Topics

1 2026/02/24 Introduction to Artificial Intelligence in Finance and
                          Quantitative Analysis

2 2026/03/03 AI in FinTech: Metaverse, Web3, DeFi, NFT, Generative AI
                          and Agentic AI for Financial Innovation Applications

3 2026/03/10 Investing Psychology and Behavioral Finance

4 2026/03/17 Event Studies in Finance

5 2026/03/24 Case Study on AI in Finance and Quantitative Analysis I

6 2026/03/31 Finance Theory and Data-Driven Finance
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Syllabus
Week    Date    Subject/Topics

7 2026/04/07 Make-up holiday for NTPU Sports Day (No Classes)

8 2026/04/14 Midterm Project Report

9 2026/04/21 Financial Econometrics

10 2026/04/28 AI-First Finance

11 2026/05/05 Industry Practices of AI in Finance and 
                            Quantitative Analysis

12 2026/05/12 Case Study on AI in Finance and Quantitative Analysis II
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Syllabus
Week    Date    Subject/Topics

13 2026/05/19 Deep Learning in Finance; 
                            Reinforcement Learning in Finance; 
                            Generative AI and Agentic AI in Finance

14 2026/05/26 Algorithmic Trading; 
                            Risk Management; 
                            Trading Bot and Event-Based Backtesting

15 2026/06/02 Final Project Report I

16 2026/06/09 Final Project Report II
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AI in FinTech: 
Metaverse, 

Web3, DeFi, NFT, 
Generative AI and Agentic AI 

for Financial Innovation 
Applications
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FinTech ABCD
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Decentralized Finance (DeFi)
Block Chain Financial Technology
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Block Chain & Bitcoin
(BTC)

Smart Contract & Ethereum 
(ETH)

Decentralized Application 
(DApp)



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 
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FIGURE 1.8 Evolution of  Decision Support, Business Intelligence, and Analytics.
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AI, ML, DL

11Source: https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/deep_learning.html
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AI, ML, NN, DL

12
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.
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AI, ML, DL, Generative AI

Source: Jeong, Cheonsu. "A Study on the Implementation of Generative AI Services Using an Enterprise Data-Based LLM Application Architecture." arXiv preprint arXiv:2309.01105 (2023).



Generative AI, Agentic AI, Physical AI

14Source: NVIDIA (2025), GTC March 2025 Keynote with NVIDIA CEO Jensen Huang, https://www.youtube.com/watch?v=_waPvOwL9Z8
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Generative AI
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Generative AI, Agentic AI, Physical AI

16

Physical AI
(Actuation)
Real-world 

Interaction & Execution

Agentic AI
(Orchestration)

Workflow & 
Decision 

Automation

Generative AI
(Creation)

Content & Idea 
Synthesis

Autonomous 
Synergy

New Economic 
Paradigm Shift:
From Creation 
to Execution



17

The Future of AI
From Tools to Agents: 

The Rise and Autonomy of Agentic AI
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Modular Modalities
Where Can The Transformer Fit?

Source: NVIDIA DLI (2025), Rapid Application Development with Large Language Models (LLMs), https://learn.nvidia.com/courses/course-detail?course_id=course-v1:DLI+S-FX-26+V1
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From Generative AI to Agentic AI

19Source: Schneider, Johannes. "Generative to Agentic AI: Survey, Conceptualization, and Challenges." arXiv preprint arXiv:2504.18875 (2025).



Generative AI (Gen AI)
AI Generated Content (AIGC)

20Source: Yihan Cao, Siyu Li, Yixin Liu, Zhiling Yan, Yutong Dai, Philip S. Yu, and Lichao Sun (2023). "A Comprehensive Survey of AI-Generated Content (AIGC): A History of Generative AI from GAN to ChatGPT." 
arXiv preprint arXiv:2303.04226.



Intelligent Agents Roadmap

21Source: Cheng, Yuheng, Ceyao Zhang, Zhengwen Zhang, Xiangrui Meng, Sirui Hong, Wenhao Li, Zihao Wang et al. "Exploring large language model based intelligent agents: Definitions, methods, and prospects." arXiv preprint arXiv:2401.03428 (2024).



AI Agents
• Traditional AI Agents 
• Simple reflex agents
• Model-based reflex agents
• Goal-based agents
• Utility-based agents
• Learning agents

22

• Evolution of AI Agents
• LLM-based Agents

• Multi-modal agents
• Embodied AI agents in 

virtual environments
• Collaborative AI agents



Definition 
of 

Artificial Intelligence 
(A.I.) 
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Artificial Intelligence 

“… the science and 
engineering 

of 
making 

intelligent machines” 
(John McCarthy, 1955)

24Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 
 

“… technology that 
thinks and acts 
like humans”

25Source: https://digitalintelligencetoday.com/artificial-intelligence-defined-useful-list-of-popular-definitions-from-business-and-science/



Artificial Intelligence 
 

“… intelligence 
exhibited by machines 

or software”
26Source: 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

28

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

29Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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AI and Big Data Analytics (BDA)

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.
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Financial Technology
FinTech

“providing 
financial services 
by making use of 

software and 
modern technology”

32Source: https://www.fintechweekly.com/fintech-definition



Financial 
Technology
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Financial 
Services
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FinTech: Financial Services Innovation

35Source: 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

36Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf



FinTech: Payment

37Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Insurance

38Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf

2



FinTech: Deposits & Lending

39Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Capital Raising

40Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Investment Management

41Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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FinTech: Market Provisioning

42Source: http://www3.weforum.org/docs/WEF_The_future__of_financial_services.pdf
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Deep learning for financial applications: 
Topic-Model 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.

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
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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.



Deep learning for financial applications: 
Topic-Dataset Heatmap

45
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: Omer Berat Sezer, Mehmet Ugur Gudelek, and Ahmet Murat Ozbayoglu (2020), "Financial time series forecasting with deep learning: 

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

Financial time series forecasting with deep learning: 
Topic-model heatmapO.B. Sezer, M.U. Gudelek and A.M. Ozbayoglu / Applied Soft Computing Journal 90 (2020) 106181 21

Fig. 7. Topic-model heatmap.

In addition to DMLP, CNN is also a popular choice for
classification-type financial time series forecasting implementa-
tions. Most of these studies appeared within the last 3 years. As
mentioned before, to convert time-varying sequential data into a
more stationary classifiable form, some preprocessing might be
necessary. Even though some 1-D representations exist, the 2-
D implementation for CNN is more common, mostly inherited
through image recognition applications of CNN from computer
vision implementations. In some studies [188,189,193,199,219],
innovative transformations of financial time series data into an
image-like representation have been adapted, and impressive
performances have been achieved. As a result, CNN might in-
crease its share of interest for financial time series forecasting
in the next few years.

As one final note, Fig. 13 shows which frameworks and plat-
forms the researchers and developers used while implementing
their work. We tried our best to extract this information from the
papers. However, we must keep in mind that not every publica-
tion provided their development environment. Also, most papers
did not give details, preventing us from a more thorough compar-
ison chart, i.e, some researchers claimed they used Python, but
no further information was given, while some others mentioned
the use of Keras or TensorFlow, providing more details. Also,
within the ‘‘Other’’ section, the usage of Pytorch has increased
in the last year or so, even though it is not visible from the
chart. Regardless, Python-related tools were the most influential
technologies behind the implementations covered in this survey.

6. Discussion and open issues

From an application perspective, even though financial time
series forecasting has a relatively narrow focus, i.e., the imple-
mentations were mainly based on price or trend prediction, de-
pending on the underlying DL model, very different and versatile
models exist in the literature. We must remember that even

Fig. 8. The histogram of publication count in years.

though financial time series forecasting is a subset of time-series
studies, due to the embedded profit-making expectations from
successful prediction models, some differences exist, such that
higher prediction accuracy sometimes might not reflect a prof-
itable model. Hence, the risk and reward structure must also be
taken into consideration. At this point, we will try to elaborate on
our observations about these differences in various model designs
and implementations.

6.1. DL models for financial time series forecasting

According to the publication statistics, LSTM was the preferred
choice of most researchers for financial time series forecasting.
LSTM and its variations utilized time-varying data with feedback
embedded representations, resulting in higher performances for
time series prediction implementations. Because most financial
data, one way or another, included time-dependent components,
LSTM was the natural choice in financial time series forecasting
problems. Meanwhile, LSTM is a special DL model derived from a
more general classifier family, namely RNN.

Careful analysis of Fig. 11 illustrates the dominance of RNNs
(which mainly consist of LSTM). As a matter of fact, more than
half of the published papers on time series forecasting fall into
the RNN model category. Regardless of its problem type, price,
or trend prediction, the ordinal nature of the data represen-
tation forced researchers to consider RNN, GRU, and LSTM as
viable preferences for their model choices. Hence, RNN models
were chosen, at least for benchmarking, in many studies for
performance comparison with other developed models.

Meanwhile, other models were also used for time series fore-
casting problems. Among those, DMLP had the most interest due
to the market dominance of its shallow cousin (MLP) and its wide
acceptance and long history within ML society. However, there is
a fundamental difference in how DMLP- and RNN-based models
were used for financial time series prediction problems.

DMLP fits well for both regression and classification problems.
However, in general, data order independence must be preserved
to better utilize the internal working dynamics of such networks,
even though some adjustments can be made through the learning
algorithm configuration. In most cases, either trend components
of the data need to be removed from the underlying time series or
some data transformations might be needed so that the resulting
data becomes stationary. Regardless, some careful preprocessing
might be necessary for a DMLP model to be successful. In contrast,
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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 



Modelling Strategy to Forecast Carbon Emissions with AI

48Source: Brière, M., Keip, M., & Le Berthe, T. (2022). Artificial Intelligence for Sustainable Finance: Why it May Help. Available at SSRN 4252329.



The Research Framework
Do clean energy indices outperform using contrarian strategies

49Source, Min-Yuh Day and Yensen Ni (2023), "Do clean energy indices outperform using contrarian strategies based on contrarian trading rules?", Energy, Volume 272, 1 June 2023, 127113.



Metaverse
Web3
DeFi
NFT
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Metaverse Development 
from 1991 to 2021

51
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.



Web3: Decentralized Web
Internet Evolution

52Source: https://www.businessinsider.com/personal-finance/what-is-web3
1990 2000 2020



Metaverse Economy

53Source: Yang, Qinglin, Yetong Zhao, Huawei Huang, Zehui Xiong, Jiawen Kang, and Zibin Zheng (2022). 
"Fusing blockchain and AI with metaverse: A survey." IEEE Open Journal of the Computer Society 3 : 122-136.



Blockchain in the Metaverse

54Source: Gadekallu, Thippa Reddy, Thien Huynh-The, Weizheng Wang, Gokul Yenduri, Pasika Ranaweera, Quoc-Viet Pham, Daniel Benevides da Costa, and Madhusanka Liyanage (2022).
 "Blockchain for the Metaverse: A Review." arXiv preprint arXiv:2203.09738..



Blockchain 
for Key Enabling Technologies of the Metaverse

55Source: Gadekallu, Thippa Reddy, Thien Huynh-The, Weizheng Wang, Gokul Yenduri, Pasika Ranaweera, Quoc-Viet Pham, Daniel Benevides da Costa, and Madhusanka Liyanage (2022).
 "Blockchain for the Metaverse: A Review." arXiv preprint arXiv:2203.09738..



Fusion of AI and Blockchain in Metaverse

56Source: Yang, Qinglin, Yetong Zhao, Huawei Huang, Zehui Xiong, Jiawen Kang, and Zibin Zheng (2022). 
"Fusing blockchain and AI with metaverse: A survey." IEEE Open Journal of the Computer Society 3 : 122-136.



DeAI: 
Synthesizing On-device AI, Edge AI, and Cloud AI

57Source: Cao, Longbing (2022). "Decentralized ai: Edge intelligence and smart blockchain, metaverse, web3, and desci." IEEE Intelligent Systems 37, no. 3: 6-19.



Smart Virtuality-Reality Metaverse Ecosystem: 
Metasynthesizing DeAI, Metaverse, Blockchain, Web3

58Source: Cao, Longbing (2022). "Decentralized ai: Edge intelligence and smart blockchain, metaverse, web3, and desci." IEEE Intelligent Systems 37, no. 3: 6-19.



The difference between AR, MR, and VR 
under the umbrella of XR

59
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.
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Computer vision in the metaverse 
with scene understanding, object detection, and human action/activity recognition

60
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.



A Blockchain-based IoT Framework 
with ML to enhance security and privacy

61
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.



5G and beyond for Metaverse Services
AI with ML algorithms and DL models contribute in multi-level tasks

62
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.



A Data-Driven Digital Twin Architecture 
for intelligent healthcare systems using ML to process raw data of IoMedicalThings devices

63
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.



Brain-Machine Interfaces (BMIs)
for processing neural signals and responding neural stimulations

64
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.



AI for the Metaverse in the Application Aspects 
healthcare, manufacturing, smart cities, gaming 

E-commerce, human resources, real estate, and DeFi

65
Source: Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, Thanh Thi Nguyen, Zhu Han, and Dong-Seong Kim  (2022). 

"Artificial Intelligence for the Metaverse: A Survey." arXiv preprint arXiv:2202.10336.



Blockchain-Registered: 
Crypto, Collectables, and Art. 

66
Source: Belk, Russell, Mariam Humayun, and Myriam Brouard. (2022) 

"Money, possessions, and ownership in the Metaverse: NFTs, cryptocurrencies, Web3 and Wild Markets." Journal of Business Research 153: 198-205.



Combination of Web3 with other Technologies

67
Source: Sheridan, Dan, James Harris, Frank Wear, Jerry Cowell Jr, Easton Wong, and Abbas Yazdinejad. (2022) 

"Web3 Challenges and Opportunities for the Market." arXiv preprint arXiv:2209.02446.



Decentralized 
Finance 
(DeFi)

Block Chain FinTech
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Decentralized Finance (DeFi)

• A global, open alternative to the current financial system.
• Products that let you borrow, save, invest, trade, and more.

• Based on open-source technology that anyone can program 
with.

69Source: https://ethereum.org/en/defi/



Traditional Finance
Centralized Finance (CeFi)

• Some people aren't granted access to set up a bank account or use financial 
services.
• Lack of access to financial services can prevent people from being employable.
• Financial services can block you from getting paid.
• A hidden charge of financial services is your personal data.
• Governments and centralized institutions can close down markets at will.
• Trading hours often limited to business hours of specific time zone.
• Money transfers can take days due to internal human processes.
• There's a premium to financial services because intermediary institutions need 

their cut.

70Source: https://ethereum.org/en/defi/



DeFi vs. CeFi
Decentralized Finance (DeFi) Traditional Finance (Centralized Finance; CeFi)
You hold your money. Your money is held by companies.

You control where your money goes and how 
it's spent.

You have to trust companies not to mismanage 
your money, like lend to risky borrowers.

Transfers of funds happen in minutes. Payments can take days due to manual 
processes.

Transaction activity is pseudonymous. Financial activity is tightly coupled with your 
identity.

DeFi is open to anyone. You must apply to use financial services.

The markets are always open. Markets close because employees need breaks.

It's built on transparency – anyone can look at a 
product's data and inspect how the system 
works.

Financial institutions are closed books: you 
can't ask to see their loan history, a record of 
their managed assets, and so on.

71Source: https://ethereum.org/en/defi/



(DeFi) 
Decentralized Applications (Dapps)

• Ethereum-powered tools and services
• Dapps are a growing movement of applications that use 

Ethereum to disrupt business models or invent new ones

72Source: https://ethereum.org/en/defi/



The Internet of Assets

• Ethereum isn't just for 
digital money. 

• Anything you can own can be 
represented, 
traded and 
put to use as 
non-fungible tokens (NFTs).

73Source: https://ethereum.org/en/defi/



Financial 
Services
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Technology
Innovation
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FinTech Innovation
FinTech high-level classification

76

Lending Payments AnalyticsRobo 
Advisors Others

Profile Advice Re-Balance Indexing

Source: Paolo Sironi (2016), “FinTech Innovation: From Robo-Advisors to Goal Based Investing and Gamification”, Wiley.



Generative AI and 
Agentic AI 

for 
Financial Innovation 

Applications
77



Generative AI for Financial Innovation 
Applications

•Security & Compliance
•Personalized Financial Services
•Trading & Investment
•Customer Service & Operations
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Technology-driven 
Financial Industry 

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

80
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.
81Yunhe 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

82
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



Artificial Intelligence in the Financial Markets

83Source: Ashta, Arvind, and Heinz Herrmann (2021). "Artificial intelligence and fintech: An overview of opportunities and risks for banking, investments, and microfinance." Strategic Change 30, no. 3 (2021): 211-222.



AI in Managerial Blind Spots: 
Unknown Knowns and Unknown Unknowns

84Source: Ashta, Arvind, and Heinz Herrmann (2021). "Artificial intelligence and fintech: An overview of opportunities and risks for banking, investments, and microfinance." Strategic Change 30, no. 3 (2021): 211-222.



Generative AI for Financial Innovation

•Security & Compliance
• Fraud detection using synthetic data
•AI Risk Decisioning with knowledge fabric & natural 

language interfaces
•Risk management through economic scenario 

simulation
•Automated regulatory compliance monitoring
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Generative AI for Financial Innovation

•Personalized Financial Services
•Custom financial planning & investment 

recommendations
• Intelligent budgeting with predictive expense analysis
• Lifestyle-based financial guidance

86



Generative AI for Financial Innovation

•Trading & Investment
•Advanced algorithmic trading strategies
• Finance-specific Large Language Models (LLMs)
•Multi-agent frameworks with layered memories
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Generative AI for Financial Innovation

•Customer Service & Operations
•24/7 AI chatbots and virtual assistants
•Automated financial reporting
• Earnings call analysis
•Data-driven market research
•Portfolio performance optimization

88



Generative AI Financial Risk Agents

89

Paper Model/Approach Key Findings Gaps Future Work

[1]
Generative AI for credit 
evaluation

20% reduction in 
loan default rates

Limited 
explainability of 
models

Develop 
interpretable AI 
models for credit 
scoring

[7]
AI risk management 
frameworks

25% 
improvement in 
risk model 
accuracy

Insufficient focus 
on real-time risk 
assessment

Real-time, 
adaptive risk 
frameworks

[9]
Generative AI for 
operational risk

30% reduction in 
operational 
inefficiencies

Lack of 
generalization 
across financial 
domains

Cross-domain 
adaptable risk 
models

Source: Satyadhar Joshi (2025), "A literature review of gen AI agents in financial applications: Models and implementations." Available at SSRN 5133985



Generative AI Investment Risk Agents

Paper Model/Approach Key Findings Gaps Future Work

[16]
Collaborative AI-agent 
framework 15% increase in ROI

Limited scalability 
for large datasets

Scalable AI 
frameworks for 
big data

[15]
Multi-agent stock 
prediction system

20% improvement in 
prediction accuracy

Lack of robustness 
under market 
volatility

Develop robust 
models for 
dynamic markets

90Source: Satyadhar Joshi (2025), "A literature review of gen AI agents in financial applications: Models and implementations." Available at SSRN 5133985



Generative AI Fraud Risk Agents

91Source: Satyadhar Joshi (2025), "A literature review of gen AI agents in financial applications: Models and implementations." Available at SSRN 5133985

Paper Model/Approach Key Findings Gaps Future Work

[10]
Generative AI for fraud 
detection

40% decrease in 
false positives

Limited focus on 
new fraud 
patterns

Adaptive models 
for evolving fraud 
tactics

[8]
AI for SEC filing 
irregularities

92% accuracy in 
fraud detection

Over-reliance on 
historical data

Integrate real-
time data sources



Generative AI Stock Market Agents

92Source: Satyadhar Joshi (2025), "A literature review of gen AI agents in financial applications: Models and implementations." Available at SSRN 5133985

Paper Model/Approach Key Findings Gaps Future Work

[6]
Multimodal trading AI 
agent

12% increase in 
profit margins

Limited 
application to 
small-cap 
markets

Extend to small-
cap and emerging 
markets

[17]
Multi-agent market 
model

Price stabilization, 
reduced volatility

Focused on 
single-agent 
interactions

Investigate multi-
agent 
interactions in 
real-time



Generative AI Customer Support Agents

93Source: Satyadhar Joshi (2025), "A literature review of gen AI agents in financial applications: Models and implementations." Available at SSRN 5133985

Paper Model/Approach Key Findings Gaps Future Work

[5]
Generative AI-powered 
support agents

35% reduction in 
response time

Limited 
personalization in 
customer 
interactions

Personalized 
support using 
customer 
behavioral data

[3]
Executive strategies for 
AI agents

50% increase in 
customer 
satisfaction

Limited adoption 
in SMEs

Adapt strategies 
for small and 
medium 
enterprises



Green Finance 
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Sustainable Finance 
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Evolution of Sustainable Finance Research

95
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.

1986 1995 2005 2015 2020

Topic

Socially Responsible Investing
Ethical Investing
Green Financing

Carbon Financing
Climate Financing

Conscious Capitalism
CSR: Corporate Social Responsibility 

ESG: Environmental, Social, and Governance

Impact Investing
Innovative Financial Instrument

SDGsSDGs: 
Sustainable Development Goals



Sustainable Development Goals (SDGs)

96Source: https://sdgs.un.org/goals

https://sdgs.un.org/goals


Sustainable Development Goals (SDGs) 
and 5P

97Source: 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).

Planet

People

Prosperity

Peace

Partnership



ESG to 17 SDGs

98Source: 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

99Source: 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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Green FinTech Ecosystem

100Source: Lee, Haein, Jang Hyun Kim, and Hae Sun Jung. "Deep-learning-based stock market prediction incorporating ESG sentiment and technical indicators." Scientific Reports 14, no. 1 (2024): 10262.



The EU AI Act Regulatory Framework

101Source: Lee, Haein, Jang Hyun Kim, and Hae Sun Jung. "Deep-learning-based stock market prediction incorporating ESG sentiment and technical indicators." Scientific Reports 14, no. 1 (2024): 10262.



102

AI System and ESG World

Source: Xu, Jun. (2024) "AI in ESG for Financial Institutions: An Industrial Survey." arXiv preprint arXiv:2403.05541 (2024).
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AI Solution for Net Zero Model

Source: Xu, Jun. (2024) "AI in ESG for Financial Institutions: An Industrial Survey." arXiv preprint arXiv:2403.05541 (2024).
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Data Analytics for ESG Ranking & Scoring

Source: Xu, Jun. (2024) "AI in ESG for Financial Institutions: An Industrial Survey." arXiv preprint arXiv:2403.05541 (2024).
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Traditional and AI-Power ESG Rating

Source: Xu, Jun. (2024) "AI in ESG for Financial Institutions: An Industrial Survey." arXiv preprint arXiv:2403.05541 (2024).
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ESG Data Providers

Source: Xu, Jun. (2024) "AI in ESG for Financial Institutions: An Industrial Survey." arXiv preprint arXiv:2403.05541 (2024).
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ESG Data Providers

Source: Xu, Jun. (2024) "AI in ESG for Financial Institutions: An Industrial Survey." arXiv preprint arXiv:2403.05541 (2024).
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ESGReveal:
LLM for Data Analytics from ESG Reports

Source: Yi Zou,Mengying Shi, Zhongjie Chen, Zhu Deng, ZongXiong Lei, Zihan Zeng, Shiming Yang, HongXiang Tong, Lei Xiao, and Wenwen Zhou. (2023) 
"ESGReveal: An LLM-based approach for extracting structured data from ESG reports." arXiv preprint arXiv:2312.17264.
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Structure of ESG Metadata Module: 
Entities, Extensions, and Expressions

Source: Yi Zou,Mengying Shi, Zhongjie Chen, Zhu Deng, ZongXiong Lei, Zihan Zeng, Shiming Yang, HongXiang Tong, Lei Xiao, and Wenwen Zhou. (2023) 
"ESGReveal: An LLM-based approach for extracting structured data from ESG reports." arXiv preprint arXiv:2312.17264.
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Information Extraction: 
Unstructured to Structured for ESG Reports

Source: Zounachuan Sun, Ranjan Satapathy, Daixue Guo, Bo Li, Xinyuan Liu, Yangchen Zhang, Cheng-ann Tan, Ricardo Shirota Filho, and Rick Siow Mong GOH. (2024) ”
Information Extraction: Unstructured to Structured for ESG Reports." 2024 IEEE International Conference on Data Mining Workshops (ICDMW)
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SGX Suggested ESG Metrics

Source: Zounachuan Sun, Ranjan Satapathy, Daixue Guo, Bo Li, Xinyuan Liu, Yangchen Zhang, Cheng-ann Tan, Ricardo Shirota Filho, and Rick Siow Mong GOH. (2024) ”
Information Extraction: Unstructured to Structured for ESG Reports." 2024 IEEE International Conference on Data Mining Workshops (ICDMW)

Environmental Social Governance

Total GHG absolute emissions
GHG Emission intensities
Total energy consumption
Energy intensity consumption
Total water consumption
Water consumption intensity
Total waste generated

Current employees by gender
New hires by gender
Turnover by gender
Current employees by age groups
New hires by age groups
Turnover by age groups
Total turnover
Total number of employees
Average training hours per employee
Average training hours per employee 
by gender
Fatalities
High-consequence injuries
Recordable injuries
Recordable work-related ill health 
cases

Board independence
Women on the board
Women in the management team
Anti-corruption disclosures
Anti-corruption training for 
employees
List of relevant certifications
Alignment with frameworks and 
disclosure practices
Assurance of sustainability report



AI and Sustainability Development Goals (SDGs)

112
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

113
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

114Source: 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

115Source: 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
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MSCI ESG Rating Framework

117Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



MSCI ESG Key Issue Hierarchy

118Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



MSCI Governance Model Structure

119Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



MSCI Hierarchy of ESG Scores

120Source: https://www.msci.com/documents/1296102/21901542/ESG-Ratings-Methodology-Exec-Summary.pdf



DJSI S&P Global ESG Score

121Source: DJSI, S&P Global Corporate Sustainability Assessment (CSA), https://www.spglobal.com/esg/solutions/data-intelligence-esg-scores



FTSE Russell ESG Ratings

122Source: https://www.ftserussell.com/data/sustainability-and-esg-data/esg-ratings



Sustainalytics 
ESG Risk Ratings

123Source: 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. 

124Source: :https://developer.truvaluelabs.com/data/esg-ranks

TruValue Labs Machine-based 
approach



Analyst-driven vs. AI-driven ESG

125Source: 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

126Source: https://www.esganalytics.io/insights/how-data-is-accelerating-esg
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Native RAG, Advanced RAG, Agentic RAG

Source: Jun Xu (2024). "GenAI and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118.
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Modular + Agentic RAG

Source: Jun Xu (2024). "GenAI and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118.
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LLM Prompt, RAG, Agent, Fine tuning

Source: Jun Xu (2024). "GenAI and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118.
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LLM Decision Path for Suitable Techniques 

Source: Jun Xu (2024). "GenAI and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118.
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LLM Stack

Source: Jun Xu (2024). "GenAI and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118.
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LLM Functionalities

Source: Jun Xu (2024). "GenAI and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118.



Domain-Specific Language Model (DSLM) for ESG
Model 
Architecture

Base Model Parameter 
Count

Training Focus Primary Use Case Key Performance Metric

ClimateBERT DistilRoBERTa ~82M Climate news, science, 
& corporate reports

Fact-checking, Climate 
Specific Classification

48% improvement in 
domain MLM tasks 
(Webersinke et al., 2021)

ESG-BERT BERT-Base ~110M Sustainable investing 
corpora

Sentiment Analysis, 
Category Classification

F1-score of 0.90 on ESG 
text mining (Mehra et al., 
2022)

SusGen-GPT Llama/Mistral 7B - 8B SusGen-30K (Financial 
+ ESG tasks)

TCFD Report 
Generation, Relation 
Extraction

~2% performance gap to 
GPT-4 on specialized tasks 
(Wu et al., 2024)

ClimateChat Llama 2 (tuned) 7B+ ClimateChat-Corpus 
(Q&A pairs)

Climate Science Q&A, 
Policy Analysis

Improved accuracy on 
scientific discovery tasks 
(ClimateChat Team, 2025)
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GenAI in ESG Datasets
Dataset Name Size / Composition Primary Application Source

SusGen-30K 30,000 samples; 7 financial/ESG tasks. 
Sourced from TCFDHub & Hugging Face.

Training SusGen-GPT; Balancing 
financial NLP with ESG reporting 
tasks.

Wu et al. 
(2024)

ClimateChat-Corpus Instruction-tuned Q&A pairs derived 
from scientific docs and web scraping.

Fine-tuning conversational agents 
for climate science.

ClimateChat 
Team (2025)

A3CG 1,679 sustainability reports (SGX 
companies); Annotated Aspect-Action 
pairs.

Greenwashing detection; Cross-
category generalization testing.

Ong et al. 
(2025)

ESG-Activities 1,325 labeled text segments classified by 
EU ESG taxonomy.

Benchmarking LLM performance on 
granular ESG activity identification.

Intelligent ESG 
Evaluation 
Team (2025)

FinRpt Chinese & English Equity Research 
Reports.

Evaluating automated generation of 
comprehensive financial reports.

Li et al. (2025)
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Large Language Models for Financial Applications

Source: Yuqi Nie, Yaxuan Kong, Xiaowen Dong, John M. Mulvey, H. Vincent Poor, Qingsong Wen, and Stefan Zohren (2024). 
"A Survey of Large Language Models for Financial Applications: Progress, Prospects and Challenges." arXiv preprint arXiv:2406.11903.
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Financial Large Language Models (Fin LLMs)

Source: Yuqi Nie, Yaxuan Kong, Xiaowen Dong, John M. Mulvey, H. Vincent Poor, Qingsong Wen, and Stefan Zohren (2024). 
"A Survey of Large Language Models for Financial Applications: Progress, Prospects and Challenges." arXiv preprint arXiv:2406.11903.
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Financial Reasoning Tasks

Source: Yuqi Nie, Yaxuan Kong, Xiaowen Dong, John M. Mulvey, H. Vincent Poor, Qingsong Wen, and Stefan Zohren (2024). 
"A Survey of Large Language Models for Financial Applications: Progress, Prospects and Challenges." arXiv preprint arXiv:2406.11903.
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Financial LLM Agent

Source: Yuqi Nie, Yaxuan Kong, Xiaowen Dong, John M. Mulvey, H. Vincent Poor, Qingsong Wen, and Stefan Zohren (2024). 
"A Survey of Large Language Models for Financial Applications: Progress, Prospects and Challenges." arXiv preprint arXiv:2406.11903.
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ESG Agent and ESG Benchmark

Source: Yilei Zhao, Wentao Zhang, Xiao Lei, Yandan Zheng, Mengpu Liu, and Wei Yang Bryan Lim. (2026) 
"Advancing ESG Intelligence: An Expert-level Agent and Comprehensive Benchmark for Sustainable Finance." arXiv preprint arXiv:2601.08676 (2026)
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ESG Agent Overall Architecture and Workflow

Source: Yilei Zhao, Wentao Zhang, Xiao Lei, Yandan Zheng, Mengpu Liu, and Wei Yang Bryan Lim. (2026) 
"Advancing ESG Intelligence: An Expert-level Agent and Comprehensive Benchmark for Sustainable Finance." arXiv preprint arXiv:2601.08676 (2026)



Innovation

141Source: https://www.merriam-webster.com/dictionary/innovation



Innovation:
a new idea, 
method, or 

device
142Source: https://www.merriam-webster.com/dictionary/innovation



Innovation:
something 

new
143Source: https://www.merriam-webster.com/dictionary/innovation



Novelty :
something new or unusual

 
the novelty of a self-driving car

144Source: https://www.merriam-webster.com/dictionary/novelty



Creativity is not a 
new Idea. 

Creativity is 
an old belief 

you leave behind
145



Innovation
“a process of 

searching and recombining 
existing knowledge 

elements”

146
Source: Savino, Tommaso, Antonio Messeni Petruzzelli, and Vito Albino. "Search and recombination process to innovate: 

A review of the empirical evidence and a research agenda." International Journal of Management Reviews (2017).



Search and recombination process to innovate: 
A review of the empirical evidence and a research agenda

147
Source: Savino, Tommaso, Antonio Messeni Petruzzelli, and Vito Albino. "Search and recombination process to innovate: 

A review of the empirical evidence and a research agenda." International Journal of Management Reviews (2017).



Innovation Research 
in 

Economics, 
Sociology and 

Technology Management

148
Source: Gopalakrishnan, Shanti, and Fariborz Damanpour. 

"A review of innovation research in economics, sociology and technology management." Omega 25, no. 1 (1997): 15-28.



Innovation Research in Economics, 
Sociology and Technology Management

149
Source: Gopalakrishnan, Shanti, and Fariborz Damanpour. 

"A review of innovation research in economics, sociology and technology management." Omega 25, no. 1 (1997): 15-28.



Business, 
Innovation, 

and 
Knowledge 
Ecosystems

150
Source: Valkokari, Katri. "Business, innovation, and knowledge ecosystems: how they differ and how to 

survive and thrive within them." Technology Innovation Management Review 5, no. 8 (2015).



Business, Innovation, and Knowledge Ecosystems

151
Source: Valkokari, Katri. "Business, innovation, and knowledge ecosystems: how they differ and how to 

survive and thrive within them." Technology Innovation Management Review 5, no. 8 (2015).
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Business Ecosystems Innovation Ecosystems Knowledge Ecosystems

Baseline of 
Ecosystem

Resource exploitation for 
customer value

Co-creation of 
innovation

Knowledge exploration

Relationships 
and 

Connectivity

Global business relationships 
both competitive and co-

operative

Geographically clustered actors, 
different levels of collaboration 

and openness

Decentralized and disturbed 
knowledge nodes, synergies 

through knowledge exchange

Actors and 
Roles

Suppliers, customers, and focal 
companies as a core, other 

actors more loosely involved

Innovation policymakers, 
local intermediators, 

innovation brokers, and 
funding organizations

Research institutes, innovators, and 
technology entrepreneurs serve as 

knowledge nodes

Logic of 
Action

A main actor that operates as 
a platform sharing resources, 

assets, and benefits or 
aggregates other actors 

together in the networked 
business operations

Geographically proximate actors 
interacting around hubs 

facilitated by intermediating 
actors

A large number of actors that are 
grouped around knowledge 
exchange or a central non-

proprietary resource for the benefit 
of all actors

Source: Valkokari, Katri. "Business, innovation, and knowledge ecosystems: how they differ and how to 
survive and thrive within them." Technology Innovation Management Review 5, no. 8 (2015).

Innovation Ecosystems
Characteristics



Innovation
(Diffusion of Innovation)

1. Relative advantage
2. Compatibility
3. Complexity
4. Trialability
5. Observability 

153Source: Everett M. Rogers (2003), “Diffusion of Innovations”, Free Press, 5th Edition



Diffusion of Innovation

154Source: https://en.wikipedia.org/wiki/Diffusion_of_innovations



Innovation Adoption Process

155
Source: Pichlak, Magdalena. 

"The innovation adoption process: A multidimensional approach." Journal of Management and Organization 22, no. 4 (2016): 476.

Initiation Adoption 
Decision Implementation



Innovation Adoption Process

156
Source: Pichlak, Magdalena. 

"The innovation adoption process: A multidimensional approach." Journal of Management and Organization 22, no. 4 (2016): 476.

DOI = 
Diffusion of Innovation Theory 

TAM= 
Technology 
Acceptance 
Model

RBV=
Resource-Based View

Initiation Adoption 
Decision Implementation

Environmental 
Characteristics

Organizational 
Characteristics

Top Managers 
Characteristics

Innovation  
Characteristics

User 
Acceptance 
Attributes



Innovation Adoption Process

157
Source: Pichlak, Magdalena. 

"The innovation adoption process: A multidimensional approach." Journal of Management and Organization 22, no. 4 (2016): 476.

DOI = 
Diffusion of Innovation Theory 

TAM= 
Technology 
Acceptance 
Model

RBV=
Resource-Based View



The Quant Finance PyData Stack

158Source: http://nbviewer.jupyter.org/format/slides/github/quantopian/pyfolio/blob/master/pyfolio/examples/overview_slides.ipynb#/5
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