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1. Introduction
The increasing importance of the dynamic assessment of financial risk is closely related 
to market volatility and uncertainty, which cause rapid fluctuations in the economic and 
financial spheres. The paper studies AI-powered systems in the context of financial risk. 
Although  the  results  obtained  can  be  used  to  improve  the  possibility  of  making 
investment decisions and evaluating the riskiness of  financial  instruments or entities 
primarily  in  cryptocurrencies  and  tokenized  assets,  they  are  also  important  for 
traditional assets. By focusing on the AI methodologies that have the potential to help in 
making  financial  risk  assessments  and  illuminating  the  main  concerns  about  how 
predictive  algorithms  enhance  risk  intelligence  and  dynamically  capture  various 
financial risk factors at the micro, macro, and meso levels, especially starting from AI-
empowered  systems  in  finance,  the  paper  explores  this  complex  and  multifaceted 
process  from  a  dynamic  point  of  view.  Rapid  economic  and  market  changes  push 
forward the implementation of  dynamic risk assessment within various areas of  the 
economy and finance. As the traditional methods and models used in contemporary 
finance and risk assessment have numerous strengths, they also involve a number of 
limitations.  The most  important  is  that  they may not  consider  the  rapidly changing 
market, economic, and financial conditions. In the scientific literature, many focus on AI 
technologies that may potentially help to make various assessments, including risk ones. 
Furthermore, it is also worth emphasizing that recently, AI has attracted a lot of interest 
from business practitioners and scientists due to its potential in numerous applications, 
such  as  forecasting  asset  returns,  detecting  bankruptcy,  classifying  securities  into 
investment categories, or proposing cryptocurrency trading strategies.
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1.1. Background and Significance
1.1.1. Evolution of Financial Risk Assessment Financial risk assessment has been one of 
the most important practices for financial managers since the early 20th century. While 
regular risk measurements were initially performed in-house,  financial  markets have 
become more complex over time. As a result, increased attention has been paid to the 
development of external systems to help address the lack of adequate control systems 
due  to  the  insufficiency  of  their  own  internal  control  systems  to  ensure  financial 
stability. Modern portfolio theory, expected utility and mean-variance optimization, and 
capital asset pricing models are just a few of the classic technologies. Daily Value at Risk 
and other structured investment portfolios are included in popular risk indicators such 
as  standard  deviation  and  variance.  Nonetheless,  these  systems  have  experienced 
significant failures in recent years. In 2008, a consortium of global banks and financial 
institutions lost over $150 billion in a liquidity crisis. From 2020 to 2021, the COVID-19 
pandemic wreaked havoc on global economies and introduced extreme volatility into 
financial  markets.  As  financial  markets  develop,  new techniques  for  automated risk 
assessment must be created to meet more complex requirements.

1.1.2. AI Integration in Risk Assessment AI technology is considered the next important 
tool  to  provide  reliable  and  efficient  financial  risk  assessment  systems.  Instead  of 
reactive risk management, AI provides real-time monitoring and assessment according 
to  financial  market  conditions,  market  volatility,  and  even  external  factors  such  as 
political risks. Although banking, stressed financial information, and legal data analytics 
are widely assessed, the value of AI in automated fundamental security analysis and as 
a complementary tool for biased social media analysis is still unknown. Note that AI 
technology  can  also  assess  global  financial  stability  and  identify  weak  points  in 
international systems. Generally speaking, the focus of AI is on predictive power, real-
time assessment, and integration beyond known financial indicators. Identifying new 
methods  to  gain  value  from  AI  technology  and  financial  markets  is  crucial  to 
understanding the impacts of economic and financial risks and the potential role and 
significance  of  this  research.  Improved  financial  risk  assessment  may  even  have  an 
impact  on  financial  stability  and  integrated  economic  sustainability.  At  present, 
understanding the importance of risk management in gaining financial knowledge is 
crucial for the future. Modern and advanced features without classic financial ecology 
tend to be heavily reliant on alternative data. Thus, understanding the background is 
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key to appreciating our new offers. Accompanying slow and secure income levels, the 
special research characteristics hoped for in our study also support the integration of 
potential  and  unlimited  qualities.  Financial  success  is  increasingly  important  in 
recognizing the world and the need for better risk assessment.

1.2. Research Objectives
1.2. Research Objective What is the performance of an AI system in terms of assessing 
financial risks with high accuracy compared to traditional tools? Can an AI-powered 
business credit scoring model tackle the dynamic financial environment more efficiently 
as it can automatically adapt to changes in marketplace conditions? Is it possible to rely 
on  an  AI-powered  tool  in  predicting  financial  risks  before  they  materialize  and  in 
identifying which internal and external parameters can have a lowering or raising effect 
on those risks? Answers to these questions can be found in this study.

Objective 1: To present a structured overview of the scientific research about the possible 
use of artificial intelligence systems in the field of financial risks. Objective 2: To test 
traditional and advanced risk assessment models in a workshop setting employing a 
real-world case study. Objective 3: To give an overview of how AI models work in terms 
of risk assessment.  At the group and individual level,  we simulated the situation in 
which a  lender  was  to  assess  the risk of  granting a  loan to  a  company from a risk 
category for which the monthly probability of default  was predicted to be twice the 
probability of the entire loan portfolio. The results of the two workshops demonstrate 
substantial differences between the estimated and realized financial risks, which was 
especially the case for the application of a dynamic financial early warning indicator. 
The correlation between the estimated, forecasted, and risk premiums was significantly 
better for the traditional rating model than for the AI-powered rating models. Finally, 
the  best  AI  model  did  perform functionally  better  than  the  traditional  model,  even 
though not all AI-powered models were able to optimize the risk-return trade-off at the 
individual loan level in the case study.

1.3. Scope and Limitations
The research explores the financial risk assessment problem and the application of AI 
techniques to it.  AI systems are employed in various areas of finance, including risk 
management, fraud detection, and portfolio optimization. Here, the scope is put on the 
assessment  of  defaults  and  bankruptcies.  Financial  risk  in  itself  is  the  possibility  of 
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losing money when engaging in financial transactions. Financial risk assessment is the 
empirical estimation of this probability. In finance, two main areas of risk predominate: 
market risk and credit risk, with further subclasses elaborated on below. This review 
considers financial risk with a focus on credit and market risk.

AI can be applied to any data and task with consistent patterns, and many techniques, 
such as deep learning, have been applied to numerous fields. Conversely, this review is 
limited to the areas in finance where the problem and datasets are similar. Therefore, 
there are regulatory differences, explaining the insignificant amount of relevant work on 
credit assessment in the listed companies. There are slight differences in the datasets. AI 
comparisons, model comparisons, and the most popular techniques in the other finance 
fields are outside the scope of this paper. The depth of financial jargon is insufficient for 
this review to be useful to a professional quant. Analysis concentrates on the limitations 
of  data  and the  limits  of  AI  prediction that  may be  motivated by these  issues.  The 
classification focus is due to most academic papers using classification. Data limitations 
make  comparing  probabilities  of  default  between  banks  or  over  time,  particularly 
growth in expected default frequencies, difficult.

Particularly  in  credit  risk,  data  limitations  make  prediction  more  difficult  when 
macroeconomic variables are present in a model. If this were an election or opinion poll, 
adjustments  would be  required on outcomes  when variables  were  biased from past 
predictions.  Finally,  classification  accuracy  would  be  important  even  when  various 
models' outputs were uncertain, uncalibrated, and varied due to the increasing private 
and  policy  uncertainty.  This  paper  provides  a  perspective  on  data,  models,  and 
comparison statistics that practitioners consider both to be used seriously. However, it is 
not single source evidence for implementing an AI credit risk model, or a model in any 
sub-field of finance. Practice considerations can depend on small sample size, lack of 
historical data for weak economic conditions, and expectations of model outputs. The 
model and comparison outcomes may depend on the context in which they are tested.

2. Theoretical Framework
Theoretical Framework. Prior to presenting a review of the literature, this study first 
outlines the theoretical framing on which the research is based. This framing includes 
the  rationale  underlying  the  application  of  artificial  intelligence  in  financial  risk 
assessment. The section begins with an overview of machine learning methodologies 
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suitable for the evaluation of potential credit card issuer targets and an illustration of 
how advanced unsupervised modeling methods can be employed to improve financial 
risk assessment. The section then moves on to discuss differences between static and 
dynamic  risk  environments,  as  well  as  exploring  considerations  for  the  financial 
modeling  of  dynamic  risk  environments.  A  series  of  key  theoretical  constructs  are 
employed,  including cybernetic  theory,  cognitive theory,  institutional  classicism,  and 
Luhmann’s  social  systems  theory  to  identify  factors  that  require  recognition  in  any 
financial modeling of dynamic risks. Finally, the financial risk and issues that are related 
to  the  topic  are  reviewed to  figure  out  the  general  situation  of  the  study area  and 
existing research.

In terms of credit risk evaluation, the literature indicates that various machine learning 
methodologies  have  been  proposed.  Artificial  neural  network  algorithms  have  been 
used to model  consumers’  credit  default  in personal  lending.  In a  business-financial 
decision-making context, decision trees have been used to model creditors’ decisions in 
which they consider a range of financial and firm-specific risk factors. The literature is 
replete with a range of other modeling techniques including econometric models, such 
as  logit  or  probit  regression,  or  discriminant  analysis.  Although  these  modeling 
techniques  may  be  useful  for  various  kinds  of  static  firms’  credit  risk  evaluation 
purposes, the paper adopts the assumption that a dynamic risk evaluation is likely to 
result in more accurate outcomes. In its essence, ‘dynamics’ is a time-based concept – it 
operates in the realm of temporality. As is explained below, what is considered ‘risky’ is 
contingent on judgments as to what may or may not occur with particular futureity.

2.1. Machine Learning in Financial Risk Assessment
Machine  learning  possesses  various  techniques  that  are  specifically  adapted  to  risk 
assessment.  Most of the machine learning algorithms are supervised learning, which 
requires a suitable target  variable,  most  likely expected loss or volatility in financial 
applications,  which  an  algorithm  seeks  to  estimate.  However,  in  finance,  many 
"anomalous" instances can be found. These might indicate market beta changes due to 
sudden and unpredictable  pieces  of  news,  margin  calls,  management  decisions,  and 
many  others.  Several  machine  learning  techniques  can  have  an  unsupervised 
counterpart where the decision is taken with regard to how "different" an instance is.
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Machine learning applications have thus focused on two distinguishing features of this 
new era of finance. First, machine learning should be capable of handling big data. In 
bureaucracy, when credit data was scarce, it would have been an arduous task to grant 
funding to the two entrepreneurs that the algorithm would be able to predict. Now that 
big data is  available,  this  algorithm would have to predict  an upcoming insolvency. 
Second,  machine  learning  handles  nuances  that  are  not  considered  by  traditional 
economists.  Suppose  a  credit  classifier  would  have  to  predict  different  defaults  on 
different credit products. A machine learning technique will consider, in the training 
and generalization phases, all this information simultaneously in various dimensions.

Recent developments have cast machine learning as much more than a tool: its arrival is 
a game changer in the industry. A vast body of empirical research documents successful 
applications in banking and beyond. Financial institutions use these techniques to assess 
credit,  market  liquidity,  operational,  and  regulatory  risks.  They  predict  fraud,  price 
anomalies,  and  customer  behavior.  In  trading,  machine  learning  helps  set  optimal 
investment  strategies,  trade  sizes,  and  entrust  this  strategy  to  automation.  Machine 
learning abilities are the centerpiece of the technological battle for full automation of 
trading, and yet its success has given delegates hope for partial outcomes in the field of 
derivatives pricing.

While the benefits of AI utilization in finance are well-documented, there are still several 
challenges to applying these solutions in practice. Various studies have documented the 
inability of "black-box" AI systems to produce explanations of a model's  predictions, 
hindering their application in finance. Other researchers have argued that AI systems 
capable of exceeding the performance of traditional risk management methods tend to 
overfit the data they are trained on. In response to this, risk management solutions must 
adapt to daily market changes, a distinct characteristic of financial markets.

2.2. Dynamic Risk Environments
Concept: dynamic risk environments Financial markets are complex organizations that 
are influenced by a range of different qualitative and quantitative factors. As such, most 
stock markets are said to be complex systems, making them inherently unpredictable in 
nature.  That  is  why  financial  markets  are  often  called  dynamic,  emerging  in  a 
spontaneous way, where a minor cause may have major effects, which can lead to rapid 
changes in market sentiment. The financial crisis of 2007–2008 serves as an illustrative 
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example in this regard. Real estate became the basis of many financial markets all over 
the  world.  Financial  risk  is  continuously  increasing  as  traditional  static  models  are 
proving inadequate  in  this  dynamic  environment.  Factors  such as  the  occurrence  of 
different  global  events,  terrorist  activities,  economic  recession,  and  recent  crises  are 
modifying the operational  risk very frequently.  All  the above-mentioned factors  can 
largely affect the operational risk and have a multiplier effect, in terms of affecting not 
only the price levels of assets as before, but also the contractual rates of finance. This 
type  of  effect  can  hardly  be  predicted  with  traditional  operational  risk  models,  but 
rather  needs  the  development  of  dynamic  "correlated-risk"  functionalities  of  AI 
approaches. In a complex system like a stock market, every event has both direct and 
indirect effects on the constituents of other events. In turn, they can exert an effect on the 
initial  event.  Hence,  all  the factors are interrelated.  Any change in the factors either 
affects the other factors or the underlying financial decision. The regime switch includes 
changing of the underlying ranges of a regulating entity,  often caused by essentially 
unforeseeable events. Hence, the changes in decision are very fast and very frequent. In 
such  cases,  the  modern  forecasting  models  must  be  able  to  shift  quickly  and make 
alternatives to cater to this requirement. In the fast travel industry, markings, prices, and 
sales can constantly change. The AI system, therefore, must be very dynamic, which was 
somewhat lacking in the traditional models.  In stock markets,  non-forecasted events, 
such as natural, social, or political disasters, strongly affect entries, passionately trading 
stop  loss.  Hence,  forecasting  basic  stock  prices  is  easy  in  comparison  with  the 
functioning of a total forecast system, which largely affects basic price, due to the mutual 
interaction of the independently treated events. Thus, a dynamic model is required for 
the system, which is totally lacking in traditional methods. The main characteristic of 
these types of systems is all-round event analysis, such as the stock loss in the case of a 
terrorist threat, hence not only a regulated financial system but also a social and political 
factional system. Hence, the traditional models are swiftly being replaced by the newer 
technologies. These are based on estimation or simulation of affected risk, where the 
above social, fundamental, and technical information is included.

3. Methodology
3.1. Financial Data Collection Risk analysis deals with the quantitative classification of 
samples, which have specific characteristics related to the level of risk. Usually, systems 
for this kind of analysis are based on internal processes and the results that are already 
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present  in  the  company’s  database.  In  our  case,  our  system  gathers,  in  real  time, 
different sources of publicly available financial information from high-frequency trading 
APIs. When an economic indicator is updated, a process of web scraping is started to get 
information about the indicator posted in the media. The first part of a dynamic system 
for tracking risk and creating automatic  alerts  of  possible high-risk situations is  risk 
tracking. This includes tracking internal indicators postulating a risk and verifying them 
with  financial  signals  from  the  market.  Financial  data  needs  interfacing  with 
information, as determined by a specific request, in order to detect and track risk in 
revenues and profits forecasting for a particular deal or customer. Observable data can 
be indicators directly concerning transactions, such as costs or profits, but could also be 
indicators of clients' or customers' behaviors or reputation or of the trustworthiness of 
the financial institution’s partners.

3.2. Preprocess Data preprocessing is a set of preparatory steps taken before the data can 
be fed into models. The main objective of data preprocessing is to enhance the quality of  
data to make it useful for learning algorithms. Data preprocessing reduces noise, cleans 
corrupted data, transforms data as required by the input of the AI/ML model to be 
applied, and standardizes and scales the data.

Feature Engineering Feature engineering is  the process of using domain expertise to 
extract features from raw data via data mining techniques. These features can be used to 
improve the performance of machine learning algorithms. Feature engineering is very 
important when the performance of the model or algorithm being used is not sufficient. 
Moreover, such techniques can also be used to improve the prediction quality of the 
algorithm or  model,  not  only  in  terms  of  performance  but  also  as  a  mechanism to 
provide additional information that will be very helpful to decision makers. However, 
feature engineering is unique to each problem and dataset that is being used. There is a 
considerable  amount  of  debate  in  the  research  community  as  to  how much  impact 
feature engineering has on the final model used. Model Selection Different predictive 
models can be tested, such as classifier algorithms to predict classes of output. Some 
examples of naïve to complex algorithms that  can be used are Decision Trees,  Deep 
Learning, Support Vector Machines, or K-Means model algorithms. Each of these creates 
an acute situation in the tech stack being used due to the amount of  computational 
resources they require for training and storage, and thus generate a cost. In the case of  

Journal of Artificial Intelligence & Research

Journal of Artificial Intelligence & Research

The Science Brigade Publishers

Semi Annual Edition | Jan - June 2026

https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en
https://jair.thesciencebrigade.com/?utm_source=ArticleHeader&utm_medium=PDF


Journal of Artificial Intelligence Research
By The Science Brigade (Publishing) Group 29

Journal of Artificial Intelligence Research 
Volume 6 Issue 1

Semi Annual Edition | Spring 2026
This work is licensed under CC BY-NC-SA 4.0. View complete license here

this research, the Random Forest algorithm is chosen because it provides a very high 
accuracy in terms of  recall  and precision.  Model Evaluation Model evaluation is  the 
most  important  part  of  using any machine  learning model.  Identifying how good a 
machine  learning  prediction  will  be  can  be  achieved  in  several  ways.  The  most 
successful methods utilize such algorithms as threshold or ROC analysis. Most research 
suggests  using  the  area  under  the  ROC  curve  as  a  performance  indicator  for  risk 
classifiers, and this research follows such advice.

3.1. Data Collection and Preprocessing
Nowadays, AI-powered financial  risk assessment deals with a plethora of challenges 
and problems. Given the significance of financial risk assessment, great consideration is 
given  to  determining  data  that  is  relevant  and  meets  certain  quality  criteria.  In 
intellectual systems based on machine learning, we cannot circumvent gathering and 
preprocessing data,  since quality  data is  necessary for  effective risk evaluation.  This 
subsection presents a cohesive representation of data collection and its preprocessing.

Data collection explores methodologies for obtaining data for financial risk assessment 
using  a  blend  of  quantitative  and  qualitative  instruments.  It  also  covers  challenges 
involved  in  data  gathering,  such  as  privacy  concerns  and  data  availability.  Data 
preprocessing  identifies  various  essential  phases  of  raw data  preprocessing  through 
work with machine learning systems, including previous data cleaning, filtering, and 
selection from the stream of data generated by sensors up to the data standardization 
stages for AI systems. Preprocessing has currently emerged as a fundamental phase in 
machine learning model development. The presentation of data preprocessing focuses 
on preparing data for use in machine learning models. Consideration is given to existing 
data preprocessing. Data collection examines multiple approaches to data identification 
for machine learning systems. Broadly speaking, data exploratory research is carried out 
to  mine  and  classify  data  that  machines  can  process.  Although  data  exploration  is 
significant,  ensuring the quality  of  data  reflects  the starting point  for  analyzing and 
developing machine learning systems. Overall, top-quality data is critical to the efficacy 
of machine learning models. In financial risk evaluation scenarios, more attention has to 
be  placed on identifying the  right  type of  data  logistics  properties  related to  states, 
levels, aims, and formulas appropriate for each data.
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3.2. Feature Engineering
Feature engineering is the core of the methodological approach since the performance of 
the  algorithms  heavily  depends  on  the  relevance  of  the  information  fed  into  them. 
Unlike  large  financial  institutions  that  can  afford  massive  data-driven  research 
departments and procurement of data from hundreds of sources, we are restricted to 
employing  readily  available  datasets  and  off-the-shelf  services  and  platforms. 
Consequently, we need to make further use of machine learning techniques and services 
offered by financial institutions. It is important to note that in order to answer whether 
the  machine  learning  applications  indeed  improve  the  firm’s  risk  assessment,  it  is 
essential to ensure the robustness of the model, including the stability of the variables. 
The variable selection and transformation with the aim to improve the prediction of 
financial risk are referred to as feature engineering. In fact, creating new features that 
enable  capturing  the  nonlinear  pattern  of  the  feature  in  relation  to  the  outcome, 
transforming the features into a linear form, and getting a better or different functional 
form of the existing features represent the main tasks of the feature engineering process. 
Introducing  features  that  are  highly  correlated  with  the  dependent  variable  can 
drastically improve the performance of a machine learning model in a similar way to 
incorporating noise. Another technique to improve the relevance of features involves 
creating additional features to account for time-invariant variables, which could help 
factor in variables that might be important irrespective of the financial conditions, such 
as the country of operation or a specific exchange on which the bond is traded. Case 
study  results  have  shown  that  including  time-invariant  information  in  a  dynamic 
default model could yield additional prediction power, as country-related differences in 
default propensity are indeed linked to a firm’s default risk.

3.3. Model Selection and Evaluation
For  model  selection,  we  resorted  to  a  comprehensive  search  of  machine  learning 
algorithms instead of relying on single models. The reasons are twofold. First, machine 
learning  algorithms  differ  in  terms  of  their  risk  modeling  capabilities,  and  their 
applicability depends on the modeling scenario.  The nature of  the bi-level  modeling 
allows  for  considering  tree-based  models,  support  vector  machines,  and  nearest 
neighbors.  Tree-based  models  offer  interpretability  at  the  price  of  relatively  low 
predictive accuracy, whereas support vector machines are less intuitive yet might yield 
higher out-of-sample accuracy in and of themselves.  The choice of algorithm should 
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therefore  be  guided  by  practical  considerations  or  explore  alternative  solutions  for 
classifier aggregation.

Model evaluation is performed on the basis of the accuracy, precision, and recall criteria. 
While all discussion below is centered on single machine learning models, the selection 
and evaluation process should ideally also be conducted in a pairwise manner between 
the contenders. Moreover, model evaluation validates the model applicability in real-
world financial scenarios. Model selection focuses on choosing the 'correct' model, i.e., 
the model that best captures the relevant financial relationships and corresponding risk 
profile. The risk for wrong conclusions depends on both modeling approach complexity 
and  the  corresponding  shift  in  reliability  and  risk  of  wrong  conclusions  when 
proceeding from a well-working regression model  or  a  machine-learned score-based 
model to the expressiveness of a model. Finally, model evaluation and risk assessment 
are  balanced to  avoid  model  underfitting  and overfitting.  It  provides  clues  on  how 
complex or interpretable a mathematical model should be, aiming at avoiding model 
overfitting  and  tailoring  the  mathematical  model  to  managerial  needs.  Model 
comparison is  relevant in addressing model alternatives.  It  helps model selection by 
gauging the pros and cons of the alternative modeling framework. Model comparison 
also fosters successful risk assessment due to the merits of a joint risk-return assessment 
and comparing different mathematical models to strengthen the risk assessment process.

4. Case Studies
Beneath,  we  introduce  a  few  case  studies  to  better  emphasize  the  preceding 
methodological sections and to demonstrate their practical relevance and implications. 
We examine the development of AI-driven systems in the banking sector and contribute 
to  optimizing  the  financial  craft.  An  important  part  of  financial  management  and 
oversight  has  been  selected:  risk  management  and  investment  decision 
recommendations. In the section 'Introduction to the Banking Concept' of this paper, we 
describe exactly  why a  dFRA system is  also  a  strategic  tool  for  evaluating financial 
enterprises,  presenting  both  generic  and  detailed  examples  of  artificial  intelligence 
solutions for this sector.

In the banking and corporate sectors, applications are well-established and frequently 
described. AI technologies can provide, for example, a range of services that encompass 
the acceleration of credit risk assessment and substantial improvement in its accuracy. In 
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addition,  new  technologies  can  improve  analysis,  forecasting  accuracy,  investment 
design,  and  asset  stock  risk,  thus  optimizing  the  quality  and  efficiency  of  financial 
services for clients. Such an approach will provide favorable circumstances and lead to 
the  efficient  use  and  more  extensive  development  of  sectors.  AI-based  systems 
contribute,  also in the long term, to the possibilities  of  increasingly optimizing their 
competitiveness in every financial market where shares are traded. AI technologies have 
already played a number of remarkable roles in financial markets and are expected to 
play an increasing role in finance. For example, portfolio managers have been able to use 
various  data-based  investment  strategies,  the  creation  of  which  required  the  use  of 
highly  advanced  computing  resources.  A  company  has  amassed  considerable  funds 
using  a  system in  which  the  investment  decision  to  buy or  sell  the  shares  of  large 
companies was based on a computational analysis of the entire stock exchange daily.

Many papers on the use of AI in finance and various applications have already reported 
valuable  applications,  discussing  essentially  their  impact  on  the  diversification  of 
investment portfolios, the best selection of assets, and the analysis and forecasting of 
financial  time  series.  Convincing  demonstrations  of  the  effectiveness  of  these 
applications are also clearly indicated. Research has shown that investment portfolios 
using financial and economic time series information associated with various industries 
can result in an annual return when recommended to change every quarter. They have 
faced  various  challenges,  particularly  due  to  the  complexity  of  the  phenomena  in 
question and related financial markets. In the financial literature and technical papers, 
moreover, such investment dynamics usually span across various historical periods and 
are  mostly  based  on  data  from  consecutive  years,  during  which  usually  no  global 
financial crisis or abrupt collapse occurred. This paper explicitly outlines its practical 
relevance, utilized data, research questions, and methodology. Then, it focuses on the 
outcomes,  interpretation,  and  discussion  regarding  the  use  of  the  FAEs  and  FEBs. 
Resulting  from  an  AI-CRA-driven  system,  a  number  of  touchstones  are  applied  to 
measure bank performance.

4.1. Application in Banking Sector
Considering the types of applications, the most general sector it  is  integrated into is 
finance,  and banking in particular.  Financial  companies widely use AI in their  daily 
operations. One of the most well-known applications of AI in the banking system is 
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dynamic  risk  assessment.  Realizing  that  existing  statistical  models  are  no  longer 
sufficient  to  reduce  the  error  rate  of  predictors  and  are  not  fast  enough  in  risk 
assessment,  financial  institutions  are  using  new  AI  technologies  such  as  predictive 
analytics  and machine  learning.  These  technologies  are  driven by machine  learning, 
particularly  supervised  learning  for  classification  problems,  but  also  involve 
unsupervised  learning  in  the  form  of  clustering  and  reinforcement,  which  are 
inappropriately used for tasks like policy formation and natural language processing for 
unstructured data.

Though precise implementation and accurate output depend on several factors like the 
problem  statements  or  specific  requirements  of  organizations,  the  applications  are 
designed to provide better decision-making by enhancing the classification capabilities 
of risk assessment. Banks consider AI to improve decision-making time and massive 
automation,  while  small-  and  medium-sized  companies  consider  it  for  resource 
management.  For  that  reason,  earlier  AI  was  designed  for  further  insight,  which 
increases human control over the machine. However, financial institutions recognized 
AI capabilities for improving operations and advanced risk assessment. Therefore, AI 
applications are widely related to the classification of several financial and economic 
problems  concerning  risk  assessment.  The  applications  of  AI  optimized  for  risk 
assessment  mainly concern fraud detection and credit  scoring,  which are  utilized in 
financial  institutions.  Banks  have used the  applications  to  improve credit  scoring to 
provide more precise outputs, eliminate human bias, and achieve faster decision times. 
Besides, the AI applications related to finance, specifically in the banking system, are 
most  likely  to  be  adopted intensively  for  image recognition and sentiment  analysis, 
including  natural  language  processing  models  to  serve  trading,  analyzing,  and 
prediction.

4.2. Impact on Investment Decisions
AI has started to have a significant impact in several steps of the investment process. 
One of the first AI systems developed for financial trading is high-frequency trading 
systems, which make informed decisions in the order of milliseconds. While the impact 
of HFT on the market is still under discussion, it is clear that real-time data processing 
allows for real-time decision-making at a competitive edge. Beyond trading research, the 
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major interest of AI in finance has been on portfolio optimization and optimal setting of 
the asset allocation of a portfolio.

Artificial intelligence and big data are simultaneously presented as opportunities and 
threats to the finance industry. On one side, AI is advertised as the silver bullet to extract 
relevant information from big data to craft better analysis, products, and services. On 
the other side, it is seen as a destabilizing force, potentially driving entire markets, if not 
entire  economies,  into  the  abyss,  as  prediction  algorithms  could  trigger  mass  panic 
selling or buying. AI has its limitations, and much of the work must be cross-validated 
using external financial models, historical linkages, etc. This perspective makes AI in 
finance just  one more piece of  a  complicated mosaic  on decision-making,  with clear 
limitations. The management of model risk has thus become as important as the models 
themselves.  Consequently,  overreliance  on  AI  in  finance  is  not  advisable.  The  basic 
approach must be to use AI as a supporting tool for decision-making in the financial 
sector, and not as a replacement.

5. Challenges and Future Directions
Compliance  with  regulation  and  AML  in  the  face  of  the  increased  adoption  of 
cryptocurrencies  is  another  unsolved issue.  In general,  regulation is  fragmented and 
depends on the adopting country,  raising the need for further technological  tools  to 
improve  compliance  procedures  with  the  law.  Additionally,  ethical  and  governance 
concerns also loom large in the present and future research activities. The fairness and 
transparency of machine learning tools for financial risk assessment have been pointed 
out  as  crucial  to  their  adoption.  Responsibility  assessment,  transparency,  and 
interpretability of algorithms are the focus of several research works, especially in the 
context  of  responsible innovation and trust.  However,  the application of  such broad 
principles to a specific taxonomy of risk applied in the financial domain is still missing. 
The  relevance  of  robust  data  governance  in  ensuring  fair  ML-based  lending  risk 
assessment tools is also emphasized.

One  exegetic  transformation  of  our  research  on  this  topic  is  the  proposal  of  an 
innovative computational risk model for managing credit and financial risk over time, 
which  will  be  adaptable  and  applicable  for  the  continually  self-improving  and self-
monitored AI system. These models go hand in hand with the current AI regulatory 
framework,  namely,  the  recent  regulatory act,  in  that  they strengthen the  consumer 
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advocacy aspect in the design and deployment of systems. The research avenues of AI 
and DL models focus on explainability,  uncertainty quantification, model robustness, 
and  out-of-distribution  detection,  more  generally,  model  confidence  and  risk 
quantification  to  assess  the  risk  in  deploying  these  models.  Doubling  down  on  the 
increasing adoption of distributed ledger technologies, the next step is to assess risk in 
decentralized  finance,  which  calls  for  a  holistic  framework  to  embed  trends, 
interpretability, and continuously increasing big data forecast models and AI to access 
decentralized finance risk. Alternatively, a visually interpretable risk attenuation model 
with technological innovation considering AI for insurance risk along the roadmap to 
interpret  heavily  protected  industrial  AI  models  for  financial  risk  and  integrated 
simulated  deep  learning  models  for  projections  in  crypto  finance  with  additional 
explanatory variables.  These research works are indeed representative of  the cutting 
edge  and  the  so-called  “next  big  thing”  in  AI-powered  dynamic  financial  risk 
assessment. The research roadmap to envision the future of AI-driven dynamic financial 
risk assessment has re-envisioned these research routes using newly materializing tools 
and  models  that  can  yield  maximum  profit  in  investment.  In  addition,  continuous 
societal dialogue and multi-stakeholder involvement in freely and openly discussing the 
implications of AI in the sectors towards ethical advancements are warranted. In line 
with the various data governance and ethical implications raised in our work together 
with other planned novel applications,  ideally,  a dedicated interdisciplinary research 
consortium would be formed to materialize the roadway and carry forward the research 
trajectories.

5.1. Ethical Considerations
Developing AI to assist with credit risk assessment involves treading on ethical grounds, 
such as ensuring fairness and objectivity in its decision-making, fostering transparency 
in the system, and creating effective checks and oversight of the system. In algorithmic 
decision-making,  fairness  means  that  individuals  who  are  in  similar  circumstances 
should  be  treated  similarly.  However,  real-world  data  can  still  contain  biases  and 
discrimination against certain groups of people. When such biases and discriminatory 
decisions  from  AI  and  machine  learning  models  get  into  financial  operations,  the 
consequences are serious.  Marginalized communities experience further alienation as 
amoral machines hardwire those inequities into our lives. Ensuring ethical AI systems is 
paramount. Also, the use in commercial practice as a financial service may raise various 
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other questions related to consumer vulnerability and fairness, overlapping with anti-
discrimination regulation. Thus, the governance of AI used for credit scoring must pay 
attention to the regulation and conduct supervisory oversight as well.  Banks and AI 
developers should robustly test their AI systems and implement a robust governance 
framework,  including  strong  oversight  by  senior  management  and  independent 
oversight. There will need to be clear internal guidelines to highlight the responsibilities 
and accountability lines. AI systems should ensure that the data used are from reputable 
sources  and  are  kept  secure.  AI  systems  designed  for  financial  services  must  be 
transparent and explain how decisions about consumer suitability or affordability have 
been made. Finally, AI developers should also consider the potential associated concerns 
relating to confidentiality, data privacy, and security of the data. Thus, the use of AI 
algorithms  together  with  the  data  obtained  from  credit  reference  agencies  must  be 
handled in compliance with relevant data protection legislation.

5.2. Regulatory Compliance
5.2. Regulatory Compliance

Financial  institutions  have to  comply with a  complex web of  laws,  regulations,  and 
supervisory  guidelines  and  standards  applicable  to  both  AI  systems  and  inherent 
financial services activities. These include dedicated legal frameworks for the use of AI 
by  organizations,  alongside  overarching  general  data  protection  laws,  as  well  as 
financial regulatory requirements applied to systemic and local retail banks, insurers, 
and investment firms in various jurisdictions globally.

Different jurisdictions give rise to multiple  legal  universes with varying approaches, 
scopes, guidelines, standards, and enforcement practices. Certain jurisdictions impose 
stringent obligations on organizations in shaping and using AI systems, including the 
necessity  of  impact  assessments.  Complicating  these  landscapes  further,  potential 
additional future lawgiving could place duties on some service providers with regard to 
AI and machine learning systems. Financial institutions that extend their digitalization 
and artificial intelligence plans will have to ensure that their new and existing systems 
continue  to  deliver  a  portfolio  of  important  regulatory  functions  such  as  financial 
stability,  market  integrity,  operational  resilience,  securities  service  provision,  and 
suitability and consumer protection.
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To  appropriately  address  these  mandates,  industry  participants  find  that  dialogue 
between financial  institutions using AI and financial  regulators is  essential to ensure 
compliance with a continually changing, technology-driven environment and to clarify 
differing global standards. Given the rapid pace of technological change in developing 
AI, financial institution strategies surrounding AI can require as many discussions about 
financial  regulatory procedures  and standards as  about  the  technologies  themselves. 
Some  companies  collaborate  in  industry  consortia  to  communicate  with  regulatory 
bodies at the national or supranational level. Compliance in some jurisdictions could be 
ensured  by  utilizing  strict  global  AI  standards  and  certifications.  Supranationally 
certified solutions could be utilized both in the offering of regulated financial services 
and,  in  some  instances,  by  market  watchdogs  to  secure  personal  or  system  risk. 
Regulatory cooperation,  where  operational  in  certain  markets,  can make compliance 
with sectoral AI norms smoother. Such partnerships often foster level-playing arenas for 
competition between businesses. Regulatory areas are thus places where there is a rapid 
pace of adaptation and change in this AI decade. Financial institutions, enabled to assess 
consumer  and  financial  risk  with  deep  customization  and  local  adaptation  of  their 
networks,  will  experiment  with  the  highest  regulatory  activities.  A  quid  pro  quo 
constraint of regulatory innovation, however, could be the extra compliance burden on 
invested operations.

5.3. Potential Innovations
While  the  presented  systems  are  able  to  ensure  a  trustworthy  risk  evaluation 
performance,  they  come  along  with  significant  computational  complexity.  System 
innovation is still ongoing but not extensively discussed in the literature. Yet, there exist 
some  groundbreaking  technological  advancements  and  innovations  from  which  the 
machine learning model could in the future benefit. Firstly, federated learning and edge 
AI describe the approach in which AI and machine learning are run on decentralized 
computing nodes. This technology could be used to reduce the data transfer load in 
sensor data analysis  presented in  this  contribution and to  ensure the privacy of  the 
considered data.  Moreover,  the  interpretability  and explanations  of  AI  and machine 
learning results are of growing interest in the AI community. Especially in the context of 
finance, explanations and a well-founded understanding of the significant influencing 
features are of utmost importance.
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Secondly, big data technologies offer a wealth of data sources that help machine learning 
models to get a larger picture and to explain events in a better manner. Especially for  
complex risk evaluations of the cohesion or destruction of complex systems, accounting 
standards, legislation, scientific publications, news, or even patents could be used for 
sentiment  analysis,  predictive  analytics,  and  outlier  detection.  Third,  the  use  of 
distributed and self-optimizing market agents could be used for fair and accountable 
market design. In addition, machine learning algorithms could also be used to monitor 
and offer an estimation of the risk of different agents. Finally, blockchain could be used 
to ensure data integrity and security, and smart contracts could be used to establish a 
trustworthy data highway. For each of these different innovations, it can be stated that a 
tailored,  efficient,  and effective  interplay between big  data  approaches  and machine 
learning techniques is  a cornerstone to innovate the state of  the art of real-time risk 
assessment methodologies. In consequence, the work presented in this contribution is 
the state of the art for dynamic portfolio performance evaluation but far from being a 
negative result. Collaborative approaches in research and development with academia, 
large industries, or start-ups could be used for further innovative improvements and 
transformations.  In  sum,  the  innovation  processes  of  all  contributions  strive  to  be 
adaptive in order to identify emergent threats as well as opportunities. All contributions 
aim to ensure that organizations are resilient to the constant flow of changes. The area is 
fundamentally a process of development. It encompasses and requires the drafting of 
responses to changes in tools, applications, policy, regulations, and strategies. The global 
financial crisis has highlighted the requirement for capable and informed responses. All 
the  contributions  in  this  publication  embrace  the  concept  of  being  prepared  and 
implemented.  Each  of  the  contributions  leads  to  effective  management,  accurate 
evaluation measures, and/or more informed responses. Upcoming future advancements 
are discussed in terms of potential innovation and improvement.

6. Conclusion
In  summary,  this  study  has  illustrated  how  AI-powered  systems  can  significantly 
improve  dynamic  financial  risk  assessment  to  better  manage  the  complexities  of 
dynamic  risk  environments.  AI-based  mechanisms  in  the  management  of  financial 
systems, as well as in bank-level or corporate-level finance, have become critical and 
strategic. Indeed, current risk management practices are largely being driven by the very 
recent  developments  in  AI.  The  AI  techniques  have  integrated  and  broadened  our 
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traditional approaches in state-of-the-art technologies. The power of AI, notably, lies in 
its  techniques  that  have  the  potential  to  solve  complex  and  yet-to-be-discovered 
problems. Furthermore, the findings of this study are critically important for financial 
researchers,  technology developers,  bankers,  and investors.  Through detailed critical 
examination, the study opined and demonstrated how these AI techniques address the 
innate imperfections and opacity of the real-time dynamic financial system. However, 
the integration of AI tools and technologies in the banking sector must be done ethically 
and in a way that satisfies regulatory institutions and frameworks.  Thus,  regulation, 
compliance, cyber, and operational risk issues must be properly handled. Our future 
research and innovation will  explore the potential use of these AI-based tools in the 
corporate  perspective  –  corporate  finance,  mergers  and  acquisitions,  and  innovation 
investments. The impactful innovation in AI must balance the dual nature of being more 
ethical and sustainable while also being responsible and innovative. Regulatory policies 
should take these two identities into consideration so that financial decision-making can 
be more sustainable.
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