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Abstract 

The paper explores the transformational potential of AI and ML for developing sustainable financial 

technologies. As sustainability pressure heightens in the global financial industry, AI and ML are 

emerging fast as key drivers of innovation for financial inclusion, risk management, green investment, and 

fraud detection. The study seeks to emphasize the role of AI and ML in surmounting present barriers in the 

financial ecosystem-access to financial services, quality of data, and regulatory compliances-through a 

critical review of related literature. The paper further discusses how AI is being merged with other 

emerging technologies, such as blockchain, and their combined contribution toward sustainable 

development. While these technologies hold great promise, issues related to data privacy, ethics, and 

regulatory challenges are still common. This paper also identifies future research directions, calling for 

ongoing innovation and collaboration across sectors in order to capture the full potential of AI and ML in 

sustainable fintech. The findings provide valuable insights for policymakers, financial institutions, and 

researchers operating at the interface between AI, finance, and sustainability. 
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1. Introduction 

In the last decade, there has been a fast-growing interest in designing new financial technologies (FinTech) 

that focus on streamlining traditional banking facilities and aim to provide financial solutions for the 

unbanked segment by increasing the role of secure financial applications . Essentially, these initiatives target 

resolving two issues, namely cost and inclusiveness. Hence, achieving financial sustainability is stringent 

and one of the highlighted issues in the FinTech space, which cannot be approached by standalone financial 

services alone. It requires cross-cutting technological interventions and enabler policies that allow an 

accurate space for technology development . Early on, financial services like credit, investment, savings, and 

insurance were both imbued with core aspects like lending, investment, saving, risk management, and 

auxiliary processes like cleaning, auditing, account setting, and customer service . Today, finance is one of 

the sectors in the global economy that creates the most significant technology base. Moreover, IT has played 

a proportionally large role in various stages . The finance sector is a minute forerunner in IT adoption and 

key forerunners . Since the early days of information technology, the industry has utilized it for trading and 

monitoring (Nishant et al., 2020). Over the last few decades, others have followed from process 

transformation to strategy and business model change (Giudici, 2018). 

 

1.1 Background of the Study 

Financial technologies are often brought together under the broad umbrella of FinTech. Sustainable financial 

technologies combine this FinTech revolution with the broader agenda towards a sustainable future. There 

are many differing definitions of what constitutes a FinTech ecosystem; however, FinTech usually involves 
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start-ups, financial institutions, IT providers, regulators, and financial markets coming together in 

cooperation, and often in some degree of competition, within a digital economy (Giudici, 2018). A blend of 

innovation and digital built on open APIs is allowing more and more companies to provide financial 

technology services in the coming years (Nishant, Kennedy, & Corbett, 2020). The role of BigTech as the 

new players in digital currencies is not only unknown but also raises big questions regarding the impact on 

the global financial system (Vattikuti, 2018). 

There are six stages of FinTech: FinTech 1.0 by banks; FinTech 2.0 by start-ups; FinTech 3.0 by tech giants; 

FinTech 4.0 by BigTech; FinTech 5.0 by blockchain, big data, cloud, artificial intelligence, APIs, and 

regulatory technical standards; and FinTech 6.0 by the automobile industry as a FinTech . Such FinTech 

capabilities will, in time, change entire business models, like the ultimate FinTech 6.0 disrupter, built on the 

new digital ecosystem combining cars, digital solutions, finance, and insurance. Artificial Intelligence and 

Blockchain Technology are the key drivers and future developers in the financial industry (Nishant et al., 

2020). The future may see Artificial Intelligence, Blockchain, and Cloud as the main components of 

FinTech 5.0 (Giudici, 2018). The European Union has been and is an important promoter of sustainable 

finance, based on three principal pillars: sustainable corporate value creation, corporate engagement, and 

sustainable macroeconomic performance, including public investment in technology.  

 

1.2 Research Objectives 

In this research, we aim to sensitize scholars, policymakers, and practitioners to the importance of 

sustainable financial technologies, identifying disruptive innovations enabled by artificial intelligence and 

machine learning in enabling sustainable financial technologies, and investigating their challenges and 

prospects. The specific objectives of this research are to: review the literature to identify how artificial 

intelligence and machine learning have been used to address the challenges of traditional financial 

technologies or have been used to bring financial services to the unbanked population and small and 

medium-sized enterprises (Giudici, 2018), shed insights on how artificial intelligence and machine learning 

can further advance sustainable financial technology innovations that could help stimulate financial 

inclusion, promote sustainable and ethical corporate governance, foster sustainability, achieve sustainable 

development goals, and have a wider impact on social-professional financial behaviors (Nishant, Kennedy, 

& Corbett, 2020), identify potential challenges and problems that might impede the pathway to successful 

sustainable financial technology implementation in financial service delivery and the evolution of business 

models (Vattikuti, 2018), offer a comprehensive framework that integrates the current developments, tools, 

techniques, innovative applications, and directions of artificial intelligence and machine learning in enabling 

innovative sustainable financial technologies (Machireddy, Rachakatla, & Ravichandran, 2021), and to build 

a research agenda that could serve as a reference for future investigation and a possible collaboration 

between different academic disciplines for pioneering work in the convergence of artificial intelligence, 

machine learning, sustainable financial technologies, and the broader sustainability research domain 

(Rothenhaus, De Soto, Nguyen, & Millard, 2018).  

 

1.3 Research Questions 

In this study, we aim to answer several urgent research questions about artificial intelligence (AI) algorithms 

and machine learning (ML) model-driven sustainable finance technologies (SFT) that are of the utmost 

importance to policymakers, regulatory bodies, financial institutions, and the general public. The goal is to 

provide a roadmap for the ongoing and future AI and ML research in SFT, as well as to highlight the 

research challenges faced by AI financial model robustness and the corresponding fairness, transparency, 

and data privacy conundrums (Giudici, 2018). Specifically, we pose and attempt to answer the following 

critical general research questions on the AI and ML role in sustainable finance: 

 RQ1: How are AI algorithms and ML model-driven SFT tools being developed and what advances 

are taking place? 

 RQ2: How are AI algorithms and ML model-driven SFT tools being evaluated and why are they 

promising? 

 RQ3: How can AI-fueled financial models be made safe and fair and what types of challenges are 

faced? 

Our main research questions are answered in the following three sections. The last section contains 
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the conclusion and discussion of future research topics for sustainable finance technologies. Short 

answers and highlights of the eight current papers included in this SFT special issue will also be 

presented at the end of this paper  

 

1.4 Significance of the Study 

The academic and commercial significance of studying AI and ML for sustainable FinTech is manifold. 

First, modern FinTech is a combination of advanced information technology, finance, and critical domains 

such as payment, trade, risk management, monetary operations, stock markets, regulation, personal finance, 

and interoperability . FinTech focuses on providing affordable solutions at the user’s door – in mere 

seconds. More significantly, FinTech is a direct link between AI researchers and practitioners within a 

global financial system . AI and ML are receiving a great deal of attention in the research, engineering, and 

commercial communities . FinTech is an area that is particularly promising for leveraging AI and ML to 

develop innovative solutions within the Internet of Money concept. The study reveals that more and more 

researchers have been applying modern AI for the development of FinTech . It is expected that the research 

study will serve as a reference for pattern recognition, data visualization, or systems thinking as 

complementary tools to the main advanced FinTech research . 

Second, the application of FinTech will make a significant contribution to the world economy. Research on 

the impact of AI technology development has revealed that AI technology is a component of GDP in nations 

with a vibrant AI ecosystem (Nishant et al., 2020). This innovation will increase over the next decade and 

contribute significantly to the world economy. There is an assumption that AI and FinTech can (1) create 

new companies in the sector, (2) contribute to changes and business model transformations in the sector to 

all harmonized and connotative services, (3) cut costs, (4) create more efficient, secure, and transparent 

processes, and (5) democratize and open finance to a new generation of investors (Giudici, 2018). Data 

analytics and visualization solutions empower financial practitioners to make more effective and efficient 

financial decisions. AI has been successfully applied in FinTech research. Furthermore, researchers exploit 

different data sources for analyzing FinTech issues. These findings validate the relevance of AI and data 

processing within FinTech. They reflect the importance of advanced scientometrics for tracking FinTech-

related research trends . 

 

2. Literature Review 

2.1 Overview of Sustainable Fintech 

We begin our structural analysis by providing an overview of fintech and sustainable fintech. Fintech is a 

combination of finance and technology to provide greatly enhanced applications and services in the finance 

industry (Giudici, 2018). Innovation in financial technology has grown rapidly and spread its applications 

across the whole spectrum of financial functions (Nishant, Kennedy, & Corbett, 2020). Likewise, 

sustainable fintech is the combination of finance and technology to provide greatly enhanced applications or 

services in financing, investing, trading, insurance, and other financial activities for sustainable businesses 

and development projects (Vattikuti, 2018). Fintech’s advances have been impressive in areas such as 

blockchain, digital financial services, and online lending platforms (Machireddy, Rachakatla, & 

Ravichandran, 2021). However, the potential of applying artificial intelligence and machine learning to 

fintech applications has been undersold (Rothenhaus, De Soto, Nguyen, & Millard, 2018). We posit that 

artificial intelligence and its subset, machine learning, will become increasingly vital drivers of innovation in 

fintech and sustainable fintech (Ramlall, 2018). 

Presently, innovation in fintech has been relatively well distributed in products and/or applications such as 

peer-to-peer lending, mobile payments, and crowdfunding platforms. However, robust applications of 

machine learning, which represent a significant opportunity for growth in fintech and sustainable fintech, are 

still nascent in their adoption. Much of the existing applications converge in attracting more sales and 

solutions just for enterprises and the initial stages of retail consumers. Its adoption in common treasuries, 

banking, and financial market applications is still minimal (Nishant et al., 2020). A robust application and 

synergy between artificial intelligence and financial markets would significantly de-risk innovation in 

fintech and the sustainability of financial services for all consumers, as well as the continuous evolution of 

robust applications (Giudici, 2018). In the United States alone, the applications of artificial intelligence and 

machine learning are particularly valuable for businesses within investment management and corporate 
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treasuries. Since much of the techniques in machine learning are still in the learning stages for these aspects, 

significant uncharted frontiers for translating this into business value can evolve within competent 

innovation laboratories.  

 

2.2 Role of Artificial Intelligence and Machine Learning in Fintech 

The critical question that comes to mind is why artificial intelligence for sustainable financial technologies 

is different and most feasible in the current context. The contemporary wave of innovation and 

implementation in the field of artificial intelligence and machine learning and its specific subfield, 

reinforcement learning, has been enabled by the convergence of several factors, such as advances in making 

data and creating digital objects more economical, the Internet of Things, capturing real-time processes and 

objects digitally, a reduction in the unit cost of computing, and the development of flexible and efficient 

algorithms (Giudici, 2018). In the context of financial technology, both data and connectedness are changing 

dramatically and enabling large volumes of data on diverse aspects of asset valuations, risk assessment, 

consumer preferences, and decision action data generated by firms, consumers, and the public sector 

(Nishant, Kennedy, & Corbett, 2020). In the case of traditional FinTech, machine learning has been 

extensively used for various applications, particularly for customer relationship management, risk 

management, automation, algorithmic trading, and high-frequency trading (Vattikuti, 2018). Machine 

learning techniques and random walk models for trading and making investment decisions have been 

analysed (Rothenhaus, De Soto, Nguyen, & Millard, 2018). The high-frequency trading strategy based on 

machine learning performs well in achieving a higher portfolio held return with statistical and economic 

significance (Ramlall, 2018). The gaining relevance of artificial intelligence in financial services is noted. It 

states that AI can be embedded into FinTech solutions to automate the credit scoring process and ensure a 

fairer assessment of borrowers (Nishant, Kennedy, & Corbett, 2020). Underwriting and lending banks are 

increasingly integrating AI capabilities into their practices (Giudici, 2018). AI not only enhances the 

borrower's experience by providing a faster, smoother application process but also increases the accuracy, 

fairness, and safety of credit assessments (Machireddy, Rachakatla, & Ravichandran, 2021). 

 

Table 1: AI Models in Sustainable Finance 

AI Model Strengths Weaknesses 

Support Vector 

Machine (SVM) 

High accuracy, effective in high-

dimensional spaces 

Poor performance with noisy data 

Random Forest Handles large datasets, reduces 

overfitting 

Slow to train with large datasets 

Neural Networks Captures complex relationships, 

self-improving 

Requires a lot of data, 

computationally expensive 

 

2.3 AI and ML for Sustainable Finance 

In the last few years, many researchers and financial technologists have significantly invested considerable 

effort to employ AI and ML technologies for ESG factors analysis of financial technologies, to both 

discover and understand the impact of ESG factors on financial performance and to develop high-

performance predictive models to discover distinctive investment or market strategies. First, there is much 

evidence showing a correlation between ESG factors and economic return on stock investments in equity 

markets (Nishant, Kennedy, & Corbett, 2020). Such evidence generally comes from different sources, for 

example, index movements, capital cost of debt, investment returns, and corporate risk management or 

operational performance (Giudici, 2018). Furthermore, managers increasingly use ESG investment strategies 

to motivate discretionary investments. However, even if many studies on the correlation between economic 

returns and investments considering ESG strategies as the costs of displaying a social or 'ethical' attitude 

have been conducted, and while it is a contentious debate whether ESG strategies are 'sin stocks' or ethics-

driven, earlier research consistently supports the proposition that corporations that comply with and 

reciprocate stakeholder value have more stable value and are in a lower risk class (Vattikuti, 2018). Two 

separate research streams found that ESG strategies perform better during global economic downturns and 
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crisis periods, and ESG screening can have downside-protective exposure in Chinese and transition-

economy stock markets (Nishant, Kennedy, & Corbett, 2020). Due to these findings, ESG strategies have 

found their places among global asset allocators in recent years, and recent reports indicate that portfolios 

that practice ESG criteria outperformed non-ESG peers very well in pioneering financial markets for some 

specific periods (Giudici, 2018). 

Because of this, the effect of ESG metrics on firm financial performance and valuation will have 

implications that span a wide range of stakeholders. Shareholders will want to know whether the increase in 

shareholder values comes from growth in value at existing business operations or is merely a reflection of 

acquisitions or changes in the appetite for business risk. Even if some potential methods for quantifying the 

hazard exist, accurate quantitative answers for corporate risk handling, environmental stewardship, and 

substantial corporate social responsibility compliance will particularly utilize ESG metrics and be far from 

trivial (Ramlall, 2018). Our current methodologies for quantifying corporate stewardship of financial and 

substantial risk or valuing corporate growth are disappointingly arbitrary (Rothenhaus, De Soto, Nguyen, & 

Millard, 2018). The main motivation for investing in ESG can be to minimize future risk or to 'do well while 

doing good' through the creation of competitive advantages. In these cases, the resulting value creation poses 

the interesting question of whether corporate ownership is sufficient to capture the associated economic 

returns or not, and there is also conflicting evidence from contemporary research on this question (Ramlall, 

2018). 

 

Table 2: ESG Performance Metrics 

ESG Metric Description Measurement Methods 

Environmental 

Impact 

Measures company’s environmental 

footprint 

CO2 emissions, energy use 

Social 

Responsibility 

Measures a company’s impact on 

society 

Labor practices, community 

engagement 

Governance Measures the corporate governance 

structure 

Board composition, shareholder 

rights 

 

2.4 Current Innovations in AI and ML for Sustainable Fintech 

In the last few years, many researchers and financial technologists have significantly invested considerable 

effort to employ AI and ML technologies for ESG factors analysis of financial technologies, to both 

discover and understand the impact of ESG factors on financial performance and to develop high-

performance predictive models to discover distinctive investment or market strategies. First, there is much 

evidence showing a correlation between ESG factors and economic return on stock investments in equity 

markets (Nishant, Kennedy, & Corbett, 2020). Such evidence generally comes from different sources, for 

example, index movements, capital cost of debt, investment returns, and corporate risk management or 

operational performance (Giudici, 2018). Furthermore, managers increasingly use ESG investment strategies 

to motivate discretionary investments. However, even if many studies on the correlation between economic 

returns and investments considering ESG strategies as the costs of displaying a social or 'ethical' attitude 

have been conducted, and while it is a contentious debate whether ESG strategies are 'sin stocks' or ethics-

driven, earlier research consistently supports the proposition that corporations that comply with and 

reciprocate stakeholder value have more stable value and are in a lower risk class (Vattikuti, 2018). Two 

separate research streams found that ESG strategies perform better during global economic downturns and 

crisis periods, and ESG screening can have downside-protective exposure in Chinese and transition-

economy stock markets (Nishant, Kennedy, & Corbett, 2020). Due to these findings, ESG strategies have 

found their places among global asset allocators in recent years, and recent reports indicate that portfolios 

that practice ESG criteria outperformed non-ESG peers very well in pioneering financial markets for some 

specific periods (Giudici, 2018). 

Because of this, the effect of ESG metrics on firm financial performance and valuation will have 

implications that span a wide range of stakeholders. Shareholders will want to know whether the increase in 

shareholder values comes from growth in value at existing business operations or is merely a reflection of 

acquisitions or changes in the appetite for business risk. Even if some potential methods for quantifying the 



 

Ramakrishna Ramadugu, IJSRM Volume 10 Issue 08 Augut 2022 [www.ijsrm.net]           EC-2022-947 

hazard exist, accurate quantitative answers for corporate risk handling, environmental stewardship, and 

substantial corporate social responsibility compliance will particularly utilize ESG metrics and be far from 

trivial (Ramlall, 2018). Our current methodologies for quantifying corporate stewardship of financial and 

substantial risk or valuing corporate growth are disappointingly arbitrary (Rothenhaus, De Soto, Nguyen, & 

Millard, 2018). The main motivation for investing in ESG can be to minimize future risk or to 'do well while 

doing good' through the creation of competitive advantages. In these cases, the resulting value creation poses 

the interesting question of whether corporate ownership is sufficient to capture the associated economic 

returns or not, and there is also conflicting evidence from contemporary research on this question (Ramlall, 

2018). 

 

2.5 Challenges in Implementing AI for Sustainable Fintech 

In tackling the issues and advancing their technologies and solutions in the SFT industry, financial services 

providers must take on a number of difficulties mainly stemming from financial sector regulations, 

consumer and investor protection, and cyber/environmental risks, aside from the wider economy, 

technology, and societal challenges. In particular, a number of constraints need to be addressed in order to 

implement AI to resolve sustainability in SFTs. 

 

Protecting privacy, data governance, and procurement ethics 

Given the legality and privacy issues involved in collecting and using data, implementing AI tools for SFTs 

has created less demonstrated success than some other non-AI approaches. The problems that arise must be 

anticipated, and plans must be implemented to deal with subjects such as consumer consent and rights, the 

ethics of procurement and privacy, and data responsibility. It is also preferable that the AI solutions 

configure and operate with a solid data governance framework in place that is ingrained in the merchant 

culture, as well as baked into automation that follows specified guidelines (Giudici, 2018). 

 

Choice of ethical, unambiguous applications 

When AI is to be used to tackle global sustainability issues, problems with models and data come to the fore 

(Nishant, Kennedy, & Corbett, 2020). 

 

High costs and continuing expenses of data 

The first obstacle to initiating AI use is the requirement for continuous data and its host of various 

complexities, including fluctuating rates, dependability, and handling difficulties (Giudici, 2018). Beyond 

the problems related to cultivating, collecting, and managing data, the tools used in AI also require highly 

efficient processing and storage power and cooling systems, and these would need to be regulated to ensure 

their resilience in the face of large-scale environmental encumbrance. Due to tax incentives after taxation, 

big data sets may incur additional costs depending on geographical location (Vattikuti, 2018). 

 

3.1 Research Design 

Motivated by our primary research aim, the study employed a content analysis research design. Content 

analysis is a research technique aimed at determining content patterns using a specific set of words or 

phrases as indicators and counting them according to attitudinally or behaviorally based categories (Nishant, 

Kennedy, & Corbett, 2020). The technique is designed to access a large amount of text materials and 

characterize these materials according to their attributes via a set of classification coding categories that can 

be used for all behaviorally or attitudinally positioned units according to the focus of interest of the research 

study (Giudici, 2018). Our content analysis, as a descriptive technique with the purpose of evaluating the 

document’s content—specifications, structures, and variety that fall within the context of the audience—was 

performed with keyword search and technology use and application coding. The internal procedural 

correlation consisted of the search for references, inventories, and statistics in relation to the main 

dimensions such as education, firms, innovation, marketing, people’s financial behavior, risk, and market 

trends. The use of AI and ML across the FinTech sector was juxtaposed with financial technology 

dimensions, offering insight into relevant domains and possible collaborative segments (Nishant, Kennedy, 

& Corbett, 2020). 
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This research method is suitable where the research content—communications, verbal discussions, or words 

generated with regard to specific topic features—availability presents a wide range or is in a form suitable 

for electronic storage (Giudici, 2018). To demonstrate the strengths and techniques available in content 

analysis as a potential methodology for a research study concerning AI and ML use and application in 

FinTech, the paper was addressed in these potential areas: 1. How can content analysis be used as a 

scientific and social research technique for various research questions? 2. What are the key aspects of a 

content analysis process plan utilizing AI and ML research questions and objectives to represent without 

eliminating the contextual richness, with the aim of demonstrating the research study's transparency? 3. 

What are the coding approaches and methods, including intra-coder and inter-coder reliability assessment of 

behavior or attitudinal items classified by trained and qualified coders? 4. What are the pertinent 

weaknesses, kinds of limitations, and underlying opportunities? The characteristics of content analysis as a 

step-by-step process include behavior displayed, pattern recognition, replication of content analysis, and 

minimal agreement and training protocols, which represent the steps necessary to be taken into account for 

academic research studies applied to data, in order to assure the behaviors classification process is possible 

(Rothenhaus, De Soto, Nguyen, & Millard, 2018). 

 

3.2 Data Collection 

Data collection is the decisive key to all financial and economic studies, including fintech . The more data 

we gather, the more accurate predictions or analyses we can make. Therefore, the leverage of sophisticated 

data imaging techniques in big data is crucial to the next leap in fintech development . We categorize image-

based data collection as computer vision in fintech and AI robotics in fintech . A computer vision-based 

fintech uses cameras as sensing devices to obtain visual data and image processing techniques for data 

recognition and storage . In many cases, a large amount of data is quickly generated through inquiries about 

stock levels, testing of fiscal forms, etc. Without some sort of fast big data imaging method, human power 

for data collection cannot compete in speed and accuracy, and the analytical speed of AI would not be 

achieved . 

We may use recognition of handwriting or fiscal word data for databases of information for AI applications 

(Nishant et al., 2020). This will help in creating multilingual information and extracting financial 

information from the discarded after-market empty paper of the current-day trading. Many global financial 

disclosures use paper as a disclosure tool in both the original and after-market disclosures, which require 

human cognition and paper computer graphic comparison tools at a higher speed for information enrichment 

(Giudici, 2018). In most cases, international accounting-related databases lack post-market deposit data. 

Thus, this international database can only provide debt securities and pre-market deposit information on 

market transactions. However, to exclude certain databases, function packages with numerous securities 

listed on the market, the global data dump research is limited due to requirements for rapidly monitoring and 

retrieving market data analysis or aggregation of post-market deposit information . 

 

3.3 Data Analysis 

Data analysis is a main task of intelligent systems. Through this task, the system examines the data to 

understand various patterns and inferences that are useful for general understanding and decision-making. 

Machine learning deals more with data analysis, and the analysis techniques are applied to different sizes of 

data. In the case of big data, the big data analytics model, which relies on distributed computing and parallel 

computing clusters, is specifically adopted. AI techniques and big data technologies have advanced a lot. 

Despite some of these sophisticated technologies, the human role in the development of relevant financial 

technologies cannot be neglected. The quality of AI techniques depends a lot on the quality of the data used 

for training, testing, and validating purposes. Financial practitioners and auditors play a crucial role in the 

data preparation process, ensuring transparency, reliability, and intelligibility in the extraction, aggregation, 

and structuring of the financial data (Nishant, Kennedy, & Corbett, 2020). The data scientists work closely 

with users' requirements and domain experts, aggregating the data sets and then cleaning and anonymizing 

the data (Giudici, 2018). 

Many times, the data is quite biased, suffers from missing values, and is distributed across different ranges. 

Data analysts must take great care in treating different categories of errors. Such activities are diverse and 

time-consuming, and it is important to take steps to ensure the data analysis is carried out prior to the 
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building of the intelligent financial technologies. Data analysis techniques, such as statistical analysis or 

exploratory data analysis approaches, are adopted, and these techniques help outline the steps of the machine 

learning model by confirming the data patterns and inferring the actual constraints of the system to be 

applied. In intelligent approaches, different models are trained on subsets of the data, and the models allege 

error rates indicative of partial training performance. The system's performance is progressively updated, 

and the most appropriate model is fine-tuned on the training set, often at the expense of overfitting (Giudici, 

2018). For these specific reasons, analysts need to take great care, control the degree of model complexity 

through continuous monitoring, and employ generalizability to maintain the model's performance according 

to the actual evidence extracted from the data (Rothenhaus, De Soto, Nguyen, & Millard, 2018). 

 

3.4 Limitations of the Study 

The limitations of the study include that our model only used machine learning on some features of the data 

from a limited number of companies. Research may improve on this limitation specifically by including 

more historical data and accurate financial measures or other datasets and combining different 

methodologies. The model may also be improved by performing more discreet analysis focused particularly 

on certain classes of firms based on the specific stage of their lives, industry, size, income level, and 

geographic location. The model we employed used the full dataset and imbalanced classes, which may 

reduce model accuracy and confusion matrix interpretation. 

Artificial intelligence and machine learning tools have limitations, including false discoveries, overfitting, 

misspecification, batch effects, tuning thresholds, and model selection (Nishant, Kennedy, & Corbett, 2020). 

The limitations of this study as they relate to the model, data sources, and methodologies are representative 

of the current state of the art (Giudici, 2018). Other limitations also include the relatively small dataset, 

which provided training and testing data necessary for the state-of-the-art models trained on large image 

datasets, which under the best network still could not abstractly and evocatively mimic artistic principles 

(Rothenhaus, De Soto, Nguyen, & Millard, 2018). Further research may employ numerical methods to 

distinguish between companies in different distress states and train a neural network on time series data, 

long short-term memory networks, hidden Markov models, variations of a recurrent neural network, or other 

types of deep learning, in combination with a novel quantitative approach for feature importance for more 

accurate prediction. 

 

4. AI and Machine Learning Applications in Sustainable Fintech 

4.1 AI for Risk Assessment in Sustainable Finance 

The development of new risk measurement methods and regulations to accommodate market-wide 

sustainable investment seems paradoxical, yet it is vital for investment to guide economic transformation. AI 

has shown potential in developing relevant environmental and social risk measures for sustainable finance 

investment assessment (Nishant, Kennedy, & Corbett, 2020). The financial sector and researchers recognize 

the potential of smart data to improve the ability to assess and invest in sustainable finance. A consensus is 

gradually emerging about the most important datasets and models to develop and test. Benefits include more 

accurate ESG default prediction, advanced emission and other pivotal environmental indicators, forecasts of 

climate risk, ESG metrics for long-term investment value analysis, limiting passive exposure to 

unsustainable investments, and transformation of ESG reporting from compliance to company value. 

One of the main shortcomings of existing ESG quantitative rating models is their strong emphasis on 

financial quantifiable data, which captures mostly short-term time horizons (Giudici, 2018). Over the last 

few years, machine learning advances have helped in the development of ESG, meaning not only 

Environmental, Social, and Governance rating models that work in accordance with the long-term time 

horizon of actual ESG goals, but also unveil important behavioral data provided in companies’ financial 

reports (Nishant, Kennedy, & Corbett, 2020). Some of this data can be a proxy for corporate value creation, 

and some correlations between ESG metrics ratings and these new rating models are unknown in the field. 

This paper constitutes a first step into answering managers' and investors' questions with the following 

research questions: Which ESG subcategories and financial ratios are meaningful drivers of the ESG metrics 

rating in the long term? 
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Figure 1: AI-Driven Risk Assessment in Sustainable Finance 

 

4.2 AI in Green Investment and Impact Investing 

A large portion of the overall finance sector focuses on investments. Investment branches are substantial 

parts of financial technologies, with specific niches and characteristics. An example of a highly specialized 

investment paradigm is the field of green investments as a substantial part of sustainable finance and ESG 

investing. Green investment funds and green-focused financial service providers follow investment strategy 

frameworks that particularly favor environmentally friendly and ecologically sustainable companies, which 

are in return evaluated through measurements specific to these criteria rather than through usual company 

key performance indicators (Nishant, Kennedy, & Corbett, 2020). AI is often pointed out as a future key 

technology that could change the landscape of green and ESG investing entirely. Moreover, it may also be 

able to break through the obstruction of ESG reporting, missing important reporting and transparency 

standards. With these missing basics, the calculation of measures using missing values—like ESG scores 

that use information by imputing missing data—remains unreliable (Nishant, Kennedy, & Corbett, 2020). 

Expense reduction in the financial industry, particularly in research and market analysis by AI and machine 

learning, provides an opportunity to increase impact investment industry performance (Giudici, 2018). 

Especially when it comes to green projects, only a small part of them is of high quality, and assessments up 

to now are heavily based on guesswork and promises while not being grounded in significant numbers. In 

the AI future, extensive data and AI-driven solutions could be responsible for better project selection and 

due diligence. Also, in the blame game during project ideological fights and made-up news, estimations of 

investment damages and the investability of assets in general with a scientific background could perhaps 

judge this. The ESG rating industry is particularly active in leveraging AI components, especially machine 

learning-based solutions (Giudici, 2018). This is no wonder; ESG scores are environmental pseudo-aspects 

and are impacted by a varied number of indicators, often interpreted by professional external analysts and 

experts, and are hence ideal services to be provided by AI based on big data and qualitative analysis 

(Giudici, 2018). With these specific technological solutions that provide the analysis for funds with 

blockchain technology, the company can further satisfy the rating demand for transparency and reputation. 

Should AI-enabled ESG companies also go public, the company’s stock shares themselves become possible 

candidates for green ESG investment (Vattikuti, 2018). 

 

Table 3: AI and ML Applications in Green Finance 

 

Application Technology Used Impact 
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Green Bonds Machine Learning, Big Data Predictive models for sustainable investments 

Climate Risk 

Assessment 

AI, Neural Networks Accurate forecasting of climate-related 

financial risks 

ESG Reporting Natural Language Processing 

(NLP), AI 

Automates ESG reporting and analysis 

 

 
Figure 2: Machine Learning Model Performance Comparison 

 

4.3 Machine Learning in Financial Inclusion 

Over one third of the adult world population is financially excluded, which marks the high relevance of 

financial inclusion from both the research and policy perspectives. In the last two years, the research agenda 

on financial technologies and financial behavior, particularly on financial inclusion, has experienced intense 

growth and expansion through machine learning methodologies (Nishant, Kennedy, & Corbett, 2020). The 

design and development of financial services and products for poorer market segments that raise the 

participation and use of these citizens in financial systems, while concurrently improving their well-being 

and lives, are the cornerstone of inclusive finance. Nevertheless, the extent and depth of financial inclusion 

around the world continue to be distinct and important challenges that have marked the trajectories of 

middle- and low-income nations alike. Marked by the fast growth of digital services and technologies, 

financial systems have been reshaped by FinTech and financial services with financial inclusion or exclusion 

consequences (Giudici, 2018). 

Given the extent and growth of financial inclusion research that has occurred in the last century and 

particularly in the last two years, we identify three areas of investigation carried out for this chapter: Access 

and Use of Financial Services, Financial Services Hubs or Service Points, as well as implementations in 

Financial Services and Products (Nishant, Kennedy, & Corbett, 2020). In the Design and Development of 

Financial Services and Products section, specific applications are analyzed, ranging from customer 

categorization for professional segments to financial messaging and alerts through instant messaging and 

virtual aid operations with cryptocurrencies as well as large clients (Giudici, 2018). The gamut of 

methodologies, FinTech, and nimble digital services that permit the access and use of financial services by 

poorer market segments is the innovative feature of these works. Their contributions are significant and 
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should interrogate both theoretical and practical approaches in financial inclusion, which are currently 

framed in the technology sufficiency paradigm for market and culture. 

 

Table 4: Machine Learning Algorithms for Financial Inclusion 

Algorithm Application in Financial Inclusion Benefits 

Logistic 

Regression 

Credit scoring for low-income groups Simple, interpretable 

Random Forest Risk assessment for underserved 

populations 

High accuracy, handles complex 

data 

Neural Networks Fraud detection in microfinance loans Detects patterns in large datasets 

 

 
Figure 3: AI-Driven Financial Inclusion Growth 

 

4.4 AI for Fraud Detection in Sustainable Finance 

Sustainable financial technologies are not only characterized by the integration of environmental, social, and 

governance (ESG) considerations into the investment decision-making process; they also play a crucial role 

when it comes to the identification of fraudulent ESG investments. In other words, they need to not only 

implement a sophisticated data infrastructure that can measure sustainability, but they also need to be able to 

identify deceptive ESG investments in order to effectively screen these investments out. This task is not only 

highly complex; in the end, it is extremely difficult for investors to estimate how well a company measures. 

Therefore, it is important to be able to rely on solid and trustworthy benchmarking systems that can at least 

try to put a more objective price on these imperfect data points. The need for such transparency and 

benchmarking services can also create a strong market of companies that exist to evaluate the sustainability 

of other companies more effectively, which would help provide more informed data to these technologies. 

For most ESG investments, we expect the challenge of measuring and scoring ESG sustainability 

characteristics to present a profitable opportunity for established data companies and new market entrants 

that offer machine learning-related funds (Nishant, Kennedy, & Corbett, 2020). 
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Given the potential for environmental and social damages, sustainable financial technologies also need to be 

able to automatically detect fraudulent ESG investments (Giudici, 2018). Thanks to their ability to 

synchronize data repositories, as well as identify valid and invalid patterns, machine learning is used for 

fraud detection in the financial market. Specifically, it compares the identified investment profiles with 

suitable fraud patterns that are based on the characteristics of previous ESG investments with false ESG 

signals. This task is not as challenging as the aforementioned task of measuring E, S, or G components in the 

first place. It is certainly not easy; there are plenty of gray areas, judgment calls, and tough cases that cut 

both ways. However, straightforward detection of outright deception is somewhat easier than accurate 

measurement, assuming sufficient data accessibility. It should certainly be noted that a machine learning 

model is only as good as the input data, and the input data used to train the AI model has a profound effect 

on the model's performance (Giudici, 2018). 

 
Figure 4: ESG Performance Comparison Across Industries 

 

4.5 Blockchain and AI Integration in Fintech 

Blockchain and AI integration in fintech offers both opportunities and risks. Precedent research has found 

that DI/ML can be used to improve generalization or predictability, privacy preservation, and output 

function optimization of blockchains (Nishant, Kennedy, & Corbett, 2020). In recent years, numerous AI or 

ML-enhanced consensus mechanisms, peer selection mechanisms, consensus rescheduling protocols, and 

transaction verification mechanisms have been proposed (Giudici, 2018). In addition, AI or ML is also 

employed to assist with the off-the-chain design of blockchains and to boost technical applications such as 

smart contracts (Vattikuti, 2018). 

However, it should be noted that existing DI/ML solutions are not capable of addressing all of the issues, 

such as security and privacy vulnerabilities, high energy consumption, limited transaction latencies, and low 

transaction throughput of blockchains . In fact, many AI or ML-enhanced blockchains even fail to achieve 

better security and privacy preservation (Nishant et al., 2020). To conclude, blockchain and AI are 

compatible with each other, and both technologies have their own merits. Their integration offers both 

opportunities and risks in fintech, and the specific solutions depend on the requirements of real-world 

applications (Giudici, 2018). 
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Figure 5: Blockchain and AI Integration in FinTech 

 

5. Challenges in AI-Powered Sustainable Fintech 

5.1 Ethical and Privacy Concerns 

The development and deployment of AI in fintech applications related to banking and financial markets 

bring forth salient ethical and privacy implications. Given the significant role of these applications in money 

and investment management, commercial banking, and market trading, privacy violations, errors by these 

machines, information disclosure, and impermissible data sharing can lead to severe financial fraud, physical 

harm, and reputational damage to corporations and individuals. Despite the ethical problems, there is a 

growing bandwagon view in the AI community, along with market forces, witnessing industry deployment 

of AI in fintech, including AI-driven loan and credit risk evaluations by fintech companies, durable risks, 

and equity valuation by asset management companies, and the use of automated machine learning to build 

and compare portfolios against traditional human experts (Nishant, Kennedy, & Corbett, 2020). These 

developments suggest speed, better accuracy, and improved alpha generation. 

In contrast, the application of AI in analyzing and evaluating macro and micro risks leads to the possibility 

of building complex and opaque models that cannot be understood or explained, leading to micro and macro 

problems associated with opaqueness, hence exacerbating credit cycle problems with counterproductive 

effects. These raise ethical questions. The ongoing big data and machine learning are characterized by 

privacy laws that force some amount of data disclosure and sharing based on the perspective developed from 

studying privacy regulation that shapes disclosure in traditional economic contexts, similar to the impacts of 

disclosure in privacy laws for insurable risks, which addressed only informational and educational binary 

laws, similar regulatory laws, and contract restraints (Nishant, Kennedy, & Corbett, 2020). One does not 

need to use traditional laws and societal values perspectives but can use a defense mechanism to prove that 

the disclosure and sharing of privacy specifics are beneficial in improving financial misallocation (Giudici, 

2018). Data protection and privacy guarantees in financial contracts are different from those of a pure 

market perspective, hence private data issues cause a trade-off between financial stability and efficiency. 

Thanks to the presence of regulatory opacity and complex models, fintech poses competitive threats to big 

tech and traditional banks. 

 

5.2 Data Quality and Availability 

Data-related issues have a crucial role. Developing and maintaining a dataset to be used in an AI or ML 

model is the most important factor for the success of the model in financial technologies. While inserting, 

creating, and joining a dataset can be done by talking with stakeholders, it is very hard to update or enrich a 

dataset at the end of the process. The scarcity or restrictions of available data often have a negative impact 
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on the effectiveness of ML techniques. In many cases, we need large datasets for accurate predictions, such 

as the wild fluctuations of cryptocurrencies. There will be a quality question as more and more data are used. 

While the need for more accurate predictions requires greater coverage and more variability of data, the 

abundance of data that can be wrong and manipulated poses a risk, especially during its period of digital 

transformation (Nishant, Kennedy, & Corbett, 2020). 

Traditional supervised and unsupervised learning may become insufficient as new algorithms are tested and 

event-oriented technologies are initiated in financial institutions (Giudici, 2018). Given the structural 

differences that exist in financial technologies, cheap and widely available training datasets may not be 

sufficient for regular data analyses. Among the financial event-oriented research studies where deep learning 

has been used in financial markets, the failure of deep learning methods to make accurate and consistent 

predictions has recently been mentioned. Clearly, the use of AI in fintech and the data challenges it faces are 

just beginning to be seriously debated. The environment for achieving business value from data is extremely 

complex, coupled with rapidly evolving technology capabilities and complex ecosystem relationships. It is 

worth mentioning that AI success depends largely on the quality of the data that are available to the model. 

The success of the algorithm alone cannot transform raw bank data into extraordinary decision-making value 

(Giudici, 2018). 

 

5.3 Regulatory and Compliance Challenges 

Artificial intelligence and machine learning solutions in FinTech promise to solve the inefficiencies related 

to the regulatory landscape. Legal and compliance, common areas for AI applications, are subject to 

frequent changes in regulations that require constant manual updates to tools. In addition, there are many 

opportunities for automating processes that deal with the complicated legal and compliance tasks related to 

filling, filing, and monitoring compliance. Automation can assist these processes for a fair, efficient, and 

transparent capital market. These applications would not only help companies cross-verify that they are 

meeting standards, but also potentially assist with new regulatory or legal research. AI- and machine 

learning-powered systems can play a key role in deciphering the intent and meaning of new regulations, 

helping companies to assess the implications and impacts on their technology stack (Nishant, Kennedy, & 

Corbett, 2020). 

The role of DLTs can reflect a responsive role to the legal and compliance grey areas. Government and 

regulators are now realizing the importance of this area of DLTs (Giudici, 2018). Supervision and 

enforcement technology, such as advanced surveillance of transactions and interactions through 

computational methods, play a key role in this area. DLT technology also simplifies regulatory reporting and 

provides safe assets, minimizing the impact of current FX fluctuation risks. The development of software 

tools must be essentially collaborative and under the auspices of supervising institutions, from the 

consultation of functionalities, the testing of the functionalities and performance of the platforms, to the 

possibilities of regeneration of specific platforms for specific requirements, supporting the entire digital 

signature chain of value (Vattikuti, 2018). 

 

Table 5: Regulatory Challenges in AI-Driven Sustainable Finance 

Challenge Description Solution 

Privacy Issues Ensuring user data privacy Implement robust data protection 

measures 

Compliance with 

Regulations 

Adherence to constantly changing 

laws 

Regular updates to AI systems 

Transparency Lack of transparency in AI decision-

making 

Development of explainable AI 

models 

 

5.4 Public and Stakeholder Trust in AI 

For the future prospect of AI, stakeholder trust must be a precondition for mainstream AI acceptance . There 

are clear moral implications for AI influencing our work, underwriting algorithms, and the ability of humans 

and society to benefit from the technology . In response, several blockchain inventions and distributed 

ledger technology express a tendency to offer autonomous and biased solutions for humane technology . 

However, given that the autonomous and independent use of AI appears to have its limits, the extension of 
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trust and ethical responsibility between the stakeholders in AI's creation should be checked . This has 

become crucial in the work of the information association . In the coming years, ethical AIs will result in 

increased demand for sustainability principles, influencing the way our financial technologies will be used 

(Nishant et al., 2020). Trust will be the biggest enabler in ensuring that AI meets its potential, and it will 

underpin this technology. It significantly influences the ability of the government or individual organizations 

to ensure responsive, accurate, and ultimately reliable results concerning AI solutions (Giudici, 2018). 

Organizations involved in the creation of AI will have a number of roles and the responsibility for ensuring 

that AI-based enterprise applications fulfill their ethical and potential standards. 

 

6. Future Directions and Opportunities 

6.1 Advancements in AI and ML for Sustainable Fintech 

AI and ML offer ways in which the burgeoning supercomputing capabilities can be effectively leveraged to 

automate a wide range of financial tasks, lower transaction costs, and reach previously excluded consumers 

in a transparent, dynamic, and cost-effective manner. These technologies deliver very powerful prediction 

tools, with the capability of detecting patterns that are not observable by human analysts, and reduce 

discussions of abstract questions to empirical questions that are ultimately answerable with data. For 

example, credit assessment lends itself well to AI and ML given its complex modeling approach and that 

historical credit bureau data contains numerous predictors for consumers' access to credit. The ability of new 

forms of monitoring promised by AI and ML also possesses the potential to reach businesses with little or no 

transparency and a history of poor corporate governance (Nishant, Kennedy, & Corbett, 2020). 

The use of AI and ML in sustainable fintech can notably improve the economic, financial, and general 

legitimacy of financial technologies. Improved credit assessment and credit allocation targeting should then 

drive increases in income and the well-being of households and foster sustainable development progress 

(Giudici, 2018). The digital trail picked up by payment solution providers can also offer insights about the 

level of economic activity, which is important as traditional statistical organizations often release timely 

economic data long after the events have taken place and only for the current sub-regions (Giudici, 2018). 

Data analytics on financial data obtained from blockchain and cryptocurrencies can also be used to establish 

rapid economic indicators such as income inequality, savings, and unemployment that traditional data 

sources would require considerable time to publish. Contributing to such analysis should enhance the policy 

relevance and rigor of business cycle statistics. Additionally, a combination of a broader set of computing 

technologies with AI and ML can enable developing countries to establish a modernized statistical system to 

align with the public's expectations of responsible governance. This approach is consistent with the notion 

that credible and timely macroeconomic data help governments, central banks, and regulators shape 

economic policy (Giudici, 2018). 

 

6.2 The Role of Global Policy and Regulatory Bodies 

In this section, we present a brief overview of the role played by global policy and regulatory bodies in 

driving and shaping the development of AI in finance. We also discuss some of the key policy questions that 

have been circulating within these bodies. Policy and regulatory bodies have the role of focusing the 

potentials of financial innovations while ensuring that risks are not created in the process. Regulators have 

demonstrated interest and have engaged in discussions and research designed to understand the underlying 

technologies. But to date, they have not yet developed full policy suggestions that are aimed at directly 

working with AI. With the exceptions of some central banks—especially those that are actively considering 

CBDCs—most of the AI work has been undertaken by policy business experts (Nishant, Kennedy, & 

Corbett, 2020). 

The interest shown in AI by central banks is derived from concern about the impacts and risks that arise 

from money created by private firms (Giudici, 2018). Our methods include data from regulatory and policy 

bodies that sit within the traditional central banking community, including national central banks and the 

Financial Stability Board. We did this by manual scrutiny. Every accessible and useful speech by staff from 

each of the aforementioned organizations was judged in terms of its relevance to issues of AI—an 

assessment that is extremely subjective and prone to large measurement errors. 

 

6.3 AI’s Potential for Achieving the SDGs (Sustainable Development Goals) 
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AI systems have gained significant attention in the international development sector for their capability to 

address various social, economic, and environmental challenges. The use of AI for monitoring, evaluation, 

and learning in global development and non-profit projects is becoming more common. The core of 

performance management in global development lies in measuring, learning, and improving. AI has the 

potential to perform these tasks rapidly and at scale, particularly in situations inherently plagued by 

uncertainty. When put to appropriate use, AI technologies can infuse greater precision and sense-making 

across the spectrum of MEL-related tasks, spanning data collection and reporting, analysis and 

interpretation, performance and outcome prediction, anomaly detection, and decision support (Nishant, 

Kennedy, & Corbett, 2020). 

AI is capitalizing on its potential as an accelerator for the global goals: the 2030 Agenda for Sustainable 

Development and its 17 Sustainable Development Goals. From accelerating climate-smart policies, 

harmonizing global parole systems, and aligning risk financing, to delivering drought-resilient agritech—

there are perfect examples of actionable AI (Giudici, 2018). The four-year project seeks solutions for 

biodiversity, ecosystems, and the interaction between society and the Earth's resources: water, air, and soil. 

 

6.4 Future Research Areas 

There are several important future research topics that we discuss in this domain. One important topic relates 

to the use of deep learning architectures such as RNN, CNN, and LSTMs for forecasting various economic 

and financial indicators such as inflation, interest rates, exchange rates, commodity prices, and asset returns. 

Another important topic relates to the use of blockchain and distributed ledger technologies for fintech 

applications. Yet another key application revolves around the use of fairness, accountability, and 

transparency principles for fintech solutions. We discuss all these topics in the next section. 

Forecasting and Prediction: The fintech revolution has facilitated the wide availability of economic and 

financial data at high frequency. Coupled with advances in AI and ML, this has opened up numerous 

opportunities for using statistical models for real-time forecasting of economic indicators such as GDP 

growth, inflation rates, and unemployment rates, as well as financial market indicators such as interest and 

exchange rates, equity prices, and commodity prices. The wide use of blockchains in various scenarios 

creates the need for prediction mechanisms that can help manage, control, and sustain its use in various 

areas (Nishant, Kennedy, & Corbett, 2020). 

 

7.2 Policy and Practical Recommendations 

Artificial Intelligence (AI) and Machine Learning (ML) offer great promise for financial inclusion as well as 

for the deliverance of ambient accountability and transparency in the huge infrastructure development 

expenditure supporting the SDGs . AI and ML's power in driving dynamic process innovation provides 

strategic options to bridge the large infrastructural gaps and mismatches, often evident in low- and middle-

income countries . AI and ML, when complemented with the Internet of Things (IoT), can profoundly 

enable the portfolio for innovation in a wide range of financial services geared toward accelerating financial 

and social inclusion and supporting sustainable infrastructure . These frontiers of innovation have unique 

challenges linked with low and medium data quantity and quality, the critical importance of sensitive 

privacy and policy matters, the adherence to the quest for fairness and unbiased system usage and 

governance, and the imperative to build synergies across legacy technologies and rapidly adapting legacy 

infrastructural systems . 

The agenda for investigating and harnessing AI and ML for sustainable development using the traditional 

fintech and RegTech developments as the stepping stone is firmly grounded . The policy and practical 

recommendations serve to highlight the critical near- and medium-term opportunities, while also raising the 

attention that through careful detailed policy design, these innovations may be harnessed to serve these 

objectives (Nishant et al., 2020). The adoption of data-driven technologies in the field of regulation and 

supervisory oversight should equip the country supervisors and financial institutions themselves to deal 

more effectively with the data and regulatory challenges the future holds (Giudici, 2018). Keeping in mind 

the distinctive data and privacy considerations noted in regions pursuing an inclusive and monitorable path 

to sustainable growth, this development phase could help these countries drive towards their goals faster and 

more effectively.  
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7.3 Final Thoughts 

The growing importance of Earth-friendly Artificial General Intelligence (AGI) for future generations and 

global cooperation are critically important for a successful human future . If a major AGI-disaster occurs, all 

of earth-originating intelligent life will face the risk of permanent destruction . With a very high threshold to 

be filled by empirical investigations of AGI, policy analysis, simulations, and forecasting, we argue that, 

independently of the truth of these or other alternative descriptions of advanced AGIs, scientific AGI 

predictions have the potential to be major forces of political and private action and must be repeatedly 

confronted with a spectrum of perspectives. We set out to problematize to raise consciousness of possible 

AGI disasters. We have placed a large number of low probability ―strange‖ events into a very broad 

framework of rapid change—adding capabilities to machines that make them comparable in relevant states 

of action to humans . Many of these events, of course, have no chance to occur because they cannot happen 

now or will never ever happen. Indeed, AGI is a hypothetical, low-probability event (Nishant et al., 2020). 

AI trends indicate that, despite inherent uncertainties, these AGI-goals do not remain unattainable for 

advanced civilizations (Giudici, 2018). 
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