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Abstract—The financial risk evaluation process, which
includes the investigation of the risks related to loans, funding,
and trading activities in economic decisions, is greatly utilized in
advanced financial systems. However, nowadays in an
inconsistent, fast, and digitalized world, conventional risk
models are inadequate, particularly when there is ambiguity,
inconsistency, or incomplete information provided in the data.
In such scenarios, the interference of Artificial Intelligence (AI)
is playing a crucial role. Not only are the large data sets dealt
with by Al, but also the decision-making processes can be
enhanced. Conventional mathematical tools cannot analyze the
discipline whose limits are complex, ambiguous, and
indeterminate. In this research article, to recognize and analyze
these mathematical disciplines, Interval-Valued Fermatean
Neutrosophic Numbers (I-VFNNs) are used, an argumentation
of modern fuzzy logic. I-VFNNs are particularly mapped out for
such circumstances where the information in the data contains
uncertainty, ambiguity, or inconsistency. We have used
Interval-Valued Fermatean Neutrosophic Numbers (I-VFNNs),
an extension of modern fuzzy logic, to identify and analyze these
mathematical constraints. In this article, firstly, a list of essential
aspects is composed that are affected by Artificial Intelligence in
financial risk models, like fraud detection and prevention, stress
testing and scenario simulation, automation of regulatory
compliance, behavioral risk analysis, enhanced predictive
accuracy, dynamic risk modeling, and real-time risk
monitoring, etc. All these components we visualized as
mathematical disciplines, which are non-probabilistic,
irregular, and multifaceted in nature. With the help of I-VFNNs,
we portrayed these disciplines in the guise of numbers and
demonstrated their influence, intensity, and indeterminacy in
accordance with the impact of Artificial intelligence. The results
demonstrate that I-VFNNs not only composed ambiguity
superiorly, but also refined the disparity between various risk
factors. In general, not only are modern ways to constructively
assess financial risk models based on Artificial Intelligence (AI)
developed, but new approaches in the inspection of
indeterminate data using I-VFNNs are furnished in this study.
By virtue of this model, in financial organizations, better
decisions can be made, accelerate the recognition of risks, and
put down the right consideration even in uncertain conditions.
In the future, this model can also contribute to other innovative
research areas such as international financial policies, large
investments, and insurance institutions.

Keywords—Financial Risk Evaluation; Logical Fuzzy
Operators; Interval-Valued Fermatean Neutrosophic Numbers (I-
VFNNs); Multi-Criteria Decision-Making; Artificial Intelligence

L. INTRODUCTION

In a world full of rising technologies, where traditional
methods now look fragile, this modification is being made in
the global financial system. Specifically, financial risk
evaluation is a necessary pillar for financial establishments,
insurance companies, and banks [1]. In particular, there are
upgraded stimulations in financial risk assessment, which is
a fundamental pillar for financial institutions, banks,
insurance companies, and investors. A couple of the main
constituents are unpredictable changes in geography and
politics, fast digital transactions, increasing interrelationship
between economies, and changing consumers [2]. Now there
is more complexity, ambiguity, and uncertainty in financial
risk, as conventional analytical models often call upon
predetermined suppositions and static data; therefore, they
cannot be considered adequate to constructively address these
provocations. Pictorial representations of financial risk
assessment are given in the Fig. 1. In such circumstances, in
the field of financial risk assessment, Artificial Intelligence
(AI) has made remarkable progress [3].

Models powered by Artificial Intelligence, for instance,
in deep learning and machine learning, the complexity in
patterns and fashion is determined by assessing large data
sets, which cannot be done by conventional models. With the
assistance of Artificial Intelligence, fraud detection, and real-
time risk monitoring, forecast accuracy can be improved [4].
In the assessment of financial risk, numerous new defining
traits have been added by the implementation of Artificial
Intelligence (AI). For instance, potentiality of fraud can be
determined, surveillance of risk has become feasible, the
automated method is being used for administrative
conformity, forecast of fraud have become more precise and
dynamic, etc. as these factors have complexity, ambiguity
and uncertainty, it is not possible to grasp the complete
meaning through conventional models, this is the reason why
these components have been contemplated as “mathematical
restraint” [5]. With the assistance of an updated mathematical
structure named Interval-valued Fermatean Neutrosophic
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Numbers (I-VFNNs), one can diagnose, categorize, and
examine the efficiency of these restraints. An updated form
of corporal and neuroscience theory is I-VFNNs, which
divides any constituent into three algebraic elements
(membership, non-membership, and indeterminacy) [6].

In this research article, by the use of I-VFNNs, a
combined effort is made to indicate financial risk factors
induced by Al in an algebraic way. With the assistance of this
model, one can understand how Al components lead the way
to reduce financial risk, and by which components,
complexity, and ambiguity in risk are increased.
Furthermore, not only are the numerical applications of I-
VFNNs demonstrated, but also the aggregation of artificial
intelligence and fuzzy logic is demonstrated to sustain a new
distinguishing system in the world of finance. Through the
aid of this system, better decisions can be made, risks can be
identified in advance, and uncertain conditions can be
effectively responded to in financial institutions. This
introduction aims to introduce the observer to the
significance of this research, its motive, and the fundamental
frameworks that are used in it. This research may also
fascinate individuals who are concerned with implementing
fuzzy logic and artificial intelligence into the monetary
system and are looking forward to models in which
uncertainty, inconsistency, and arising financial factors can
be modeled numerically. The best substructure, in contrast to
conventional techniques, is provided by Modern fuzzy
mathematical models like I-VFNNs, by which not only
constituents affected by Artificial intelligence are designed.
Rather, they activate practical and effective decisions based
on them.
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Fig. 1. Financial risk assessment

Binary logic and conventional set theory use crisp
numbers, that is, an element either a part of a set or not.
However, in several real-world incidents, we cannot express
them as purely yes-no or true-false terms, such as uncertainty
in measurements, linguistic assessments, etc. To provide a
mathematical framework to handle imprecision, ambiguity,
and inconsistency, Zadeh [7] invented fuzzy sets in 1965.
Fuzzy theory reduces the disparity that occurs in crisp
numbers by allowing membership grades of each element in
the set. When data is uncertain or incomplete, the capability
of fuzzy theory makes it compulsory for dealing with
complex systems and the decision-making process. Fuzzy set
theory has wide applications across many fields, such as
image processing, decision analysis, control systems, medical
diagnosis, robotics, etc., where data is uncertain and

imprecise [8]-[17]. Fuzzy sets deal with vague concepts in a
more effective way than conventional sets by allowing the
membership grade for every member of the set. Regardless of
all these benefits, fuzzy sets can only handle the membership
grade to elements and do not deal with the non-membership
degree. This can be restrictive when the separate degrees have
to be chosen for support and opposition under the available
evidence.

In many real-world scenarios, experts may be partly
confident about an element belonging to a set and partly
confident about an element not belonging to a set, with
uncertainty left behind. To bridge this gap, in 1986,
Atanassov [18] created a more flexible and broad range
approach named Intuitionistic fuzzy sets (IFSs). An
Intuitionistic fuzzy set, which is actually an extended form of
a fuzzy set, is described by membership 9(x) and non-
membership ¢ (x) functions, taking values within the interval
[0,11 fulfilling the condition 0 <9(x)+ @(x) <1.
Atanassov also introduced the hesitancy grade for the IFS to
handle the hesitation factor arising in various real-life
challenges, allowing the decision makers to better assess the
situations and generate robust results. In comparison with
classical fuzzy sets, IFSs provide more informative and
resilient models [19], [20]. However, in decision-making
challenges in real-world issues, it can be considered overly
conservative to satisfy the condition that the sum of the
membership function and the non-membership function will
be less than 1. It bounds the range of acceptable membership
and non-membership functions and may not completely
handle the phenomena where both positive and negative
testimonies are of a high degree. To master this limitation,
Yager [21] and his colleagues proposed Pythagorean fuzzy
sets (PyFSs), replacing the linear condition of IFSs with the
quadratic one, that is, 0<(9(x))?+ (p(x))’<1. This
formulation extends the possible region of membership and
non-membership values, which provides more resilience and
effectiveness to model more complex decision-making
problems [22], [23].

Although PyFSs extend the domain of permissible values
as compared to IFSs, they are still bounded by the square-sum
condition. In scenarios where even stronger positive and
negative evidence are involved in expert assessments, it can
still be considered too restrictive while modeling flexibility.
To overcome this quadratic restriction of Pythagorean fuzzy
sets, a more flexible framework referred to as fermatean
fuzzy sets (FFSs) was created in 2019 by Senapati and Yager
[24]. They further generalized the quadratic condition of
PyFSs by a cubic one, that is, 0< (9(x))® + (¢ (x))3<1,
providing a larger hesitancy grade. This cubic order
framework deals with uncertainty that is more complex and
decision-making processes with more enormous support and
opposition [25], [26]. But still, FFSs only deal with
uncertainty using only two variables and a hesitancy grade.

However, in real-world problems, information is not
limited only to acceptance and rejection regions with a
hesitancy grade; we need to express truth grade, falsity grade,
and neutral (indeterminacy) grade. To deal with this,
Smarandache [27] expanded the fuzzy models by including
the three components (7" (x), J(x), F(x)) and introduced the
Neutrosophic set (NS). Where (T (x),J(x), F(x)) describe
the truth grade, neutral grade, and falsity grade, where each
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of these can take values in the interval [0,1]. A neutrosophic
set provides more flexibility to handle information that is
imprecise, inconsistent, and uncertain [28], [29]. Integrating
the comprehensive uncertainty modeling of neutrosophic sets
with a broader admissible domain of fermatean fuzzy sets,
neutrosophic fermatean sets (NFSs) are introduced [30]. This
framewor combines the three functions of truth, neutrality,
and falsity, along with the cubic fermatean condition that is,
0 < T3+ I(x)°® + Fx)* < 3.

To have a more refined tool to portray the uncertain data,
we have merged the traits of neutrosophic logic and
fermatean fuzzy sets, allowing researchers to deal with
inconsistency and varying information in complex
circumstances [31], [32]. A more extravagant way can be
offered by interval-valued fermatean neutrosophic sets, by
extending the idea of neutrosophic theory and interval-valued
fermatean fuzzy sets to deal with uncertainty in a better way
[6]. The representation of I-VFNSs in intervals makes the
model appropriate for decision-making and other scenarios
that contain data of high variance, and incorporates both the
researchers' assessments and hesitancy due to the varying
information. I-VFNSs provide researches with a more widely
applicable, flexible, and reliable approach to handle the
uncertainty present in real-life problems [33]-[37].

In this research article, the aim is to offer a novel approach
based on the incorporation of I-VFNS with logical operators.
A structured algorithm for MCDM is presented to better find
the solutions to different intricate challenges. The numerical
implementation of the proposed MCDM approach is also
given to validate its applicability. Also, a practical case study
on a significant and sensitive topic, namely financial risk
evaluation, is provided to show the implementation of the
presented technique in real-life problems.

A. Structure of the Research Paper

The structure of the research article is elaborated in
Section II where important concepts with their respective
operations are given. Section III gives a theoretical overview
of the impact of Al on financial risk dynamics. We developed
a novel MCDM approach based on logical operators in
Section IV. Numerical presentations of the proposed
approach are elaborated in Section V. A comparative study of
the proposed method with the previous approaches is
conducted in Section VI. A brief conclusion with future
directions and limitations of our research study presented in
Section VII. Also, a flow diagram of the research article is
illustrated in Fig. 2.

B. Key Findings

Our study provides the following noteworthy outcomes
regarding the advantages of implementing interval-valued
fermatean neutrosophic (I-VFN) methods to compliance
fraud detection, risk assessment, and automation.

e By implementing interval-valued fermatean neutrosophic
(I-VFN) sets, simultaneous truth, indeterminacy, and
falsity in financial data, such as dealing with incomplete
market data, conflicting fraud indicators can be captured
better than other fuzzy frameworks.

e By decomposing outcomes into truth, indeterminacy, and
falsity degrees, it provided a definable justification for
automated decisions.

o The I-VFN framework offered richer scenario analysis,
exposing hidden risks and reliance between financial
mechanisms.

e Similar strategies have been applied successfully in anti-
money laundering, specifying a wide financial relevance.
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Fig. 2. Structural flow of the paper

II. PREREQUISITES

o Definition 1: Fuzzy Set [7]
Take a universal set X, then a fuzzy set F is defined by a
mathematical pair of values as follows,

F = {(x,ﬁ(x)):x € X}, €))

where the degree of the membership function is defined by
9: X - [0,1], of the fuzzy set F, and the membership
value of x € X, is shown as J(x). The membership values
are real numbers in the interval [0,1]. So, a fuzzy number Fy
is shown as Fy = (x,9(x)).

o Definition 2: Interval-Valued Fuzzy Set [38]

Take a universal set X, then an interval-valued fuzzy set I is
defined by a mapping I: X — O[0,1], where O[0,1] shows the
collection of closed intervals present in [0,1] and,

1(x) = [1(), ()], 2

Hence, we can say that [ is described by two mappings that
are I(x),I(x): X - 0[0,1], such that I(x) < I(x) Vx € X.
These mappings I(x),I(x) are known as lower bound and
upper bound of the membership function, respectively.
o Definition 3: Intuitionistic Fuzzy Set [18]

Take a universal set X, an intuitionistic fuzzy set F; is
defined by the following mathematical formulation,

Fr={(x,9(x), p(x)): x € X}, 3)

where the mapping is known as the membership and non-
membership functions of F,; are defined by 9, ¢: X — [0,1].
In addition, the membership and non-membership values of
X € X, in F, is shown as 9(x) and ¢(x), respectively. These
membership and non-membership values are real numbers in
the interval [0,1]. Therefore, an intuitionistic fuzzy number
F,y is presented as F;y = (9(x), ¢(x)). But any pair of real
numbers lying between the interval [0,1] cannot be said as an
intuitionistic fuzzy number until they fulfill the following
condition for existence,

0 <9I9(x) + p(x) < 1.
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e Definition 4: Pythagorean Fuzzy Set [21]
Take a universal set X, a Pythagorean fuzzy set Fp has Fy ={{(x,T(x),7(x),F(x)): x € X}, @)

the mathematical formulation as follows,
Fp = {{x,9(x), p(x)): x € X} @)

where the mappings known as the membership and non-
membership functions of F are defined by 9, ¢: X — [0,1].
In addition, the membership and non-membership values of
x € X, in the pythagorean fuzzy set Fp is shown as 9(x) and
@(x), respectively. These membership and non-membership
values are real numbers in the interval [0,1]. Therefore, a
Pythagorean fuzzy number Fpy can be shown as Fpy =
(9(x), (x)). But any pair of real numbers lying between the
interval [0,1] cannot be said as Pythagorean fuzzy number
until they fulfill the following condition for existence,

0 < () + (p(x)?* < 1.

e Definition 5: Fermatean Fuzzy Set [24]
Take a universal set X, a fermatean fuzzy set Fr has the
mathematical formulation as follows,

Fr={{(x,9(x), p(x)): x € X}, Q)

where the mappings known as the membership and non-
membership functions of F are defined by 9, ¢: X — [0,1].
In addition, the membership and non-membership values of
x € X, in the fermatean fuzzy set Fr is shown as 9(x) and
@(x), respectively. These membership and non-membership
values are real numbers in the interval [0,1]. Therefore, a
fermatean fuzzy number Fpy can be shown as Fpy =
(9(x), (x)). But any pair of real numbers lying between the
interval [0,1] cannot be said as fermatean fuzzy number until
they fulfill the following condition for existence,

0 < (™)) + (p(x))® < 1.

e Definition 6: Neutrosophic Set [27]
Take a universal set X, a neutrosophic set V' has the
mathematical formulation as follows,

N ={x,T(x),I(x),F(x)):x € X}, (6)

In addition, the membership value and non-membership
value of truth, neutrality and falsity of x € X, in neutrosophic
set V' are shown as T (x), J(x), F(x), respectively. These
membership value and non-membership value are real
numbers in the interval [0,1]. Hence, a neutrosophic number
Ny, is represented by Ny = (T (x), I(x), F(x)). But any pair
of real numbers lying between the interval [0,1], cannot be
said as neutrosophic number until they fulfill the following
condition for existence,

0<TM)+I(x)+F(x) <3.

e Definition 7: Fermatean Neutrosophic Set [30]

Take a universal set X, then a fermatean neutrosophic
(FN) set Fy is defined by the following mathematical
formulation,

In addition, the membership value and non-membership
value of truth, neutrality and falsity of x € X, in the
fermatean  neutrosophic set Fy are shown as
T (x),J(x), F(x), respectively. These membership and non-
membership values are real numbers in the interval [0,1].
Therefore, a fermatean neutrosophic number Fyy, can be
shown as Fyy = (T(x),7(x),F(x)). But any pair of real
numbers lying between the interval [0,1] cannot be said as
fermatean neutrosophic number until they fulfill the
following condition for existence,

0 <T()? + I3 + F(x)® < 2.

o Definition 8: Interval-Valued Fermatean

Neutrosophic Set [6]

Take a universal set X, then an interval-valued fermatean
neutrosophic (I-VFN) set Fy is defined by the following
mathematical formulation,

Loy = {(x: (T, Ty (), (‘7M:‘7N)(x):>:x € X}, (8)

(Fu, Fy) (x)

In addition, the membership value and non-membership
value of truth, neutrality and falsity of x € X, in the
fermatean neutrosophic set Iry are shown as ordered pairs
(T, Tv) (x) € [0,1],(Ty, In) (x) € [0,1], and (Fpy, Fy) (%) €
[0,1], respectively. The first element of each pair is the
membership degree, and the second element is the non-
membership degree. The conditions for a number to be I-
VFNN are defined as;

0<Ty(x)?+ Fy(x)*<1,and 0 <7,(x)°<1.
also,
0< T3+ Fy(x)®*<1,and 0 <Ty(x)®<1.
alternatively, these conditions can be defined as;
0 < Ty(x)®+Ty(x)*+ Fy(x)® <2
and,
0<Tn()3+Iy(x)3+ Fy(x)®<2.

o Definition 9: Basic operations on Interval-Valued
Fermatean Neutrosophic Set [6]

IFNl = {(TMl’:TN1)(x)' (‘7M1“7N1)(x)' (?M1‘TN1)('X)}‘
and
IFNZ = {(TMZ‘TNz)(x)' (jMz‘sz)(x)' (fFMz‘ TNz)(x)}’

be two I-VFN numbers and { > 0.
The operation rules are explained below,
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1 ({.7M1}3’ {7N1}3) ’ ({TMJS, {TN1}3)

[ () 1)), |
[Ien,]* = | (3\/1 -[1- {7M1}3](,3\/1 |- {7N1}3]<>’|
(b o)

o Definition 10: Score function of Interval-Valued
Fermatean Neutrosophic Set [6]
The score function for a I-VFN number

Iy = {0, Tn) (), T, ) (), (F, F) (03,

was determined by Broumi et al. which is defined below,
T* + 57 + 02 + 9% + 7 + 7P

> )

Sx) =

III.  IMPACT OF ARTIFICIAL INTELLIGENCE ON
FINANCIAL RISK ASSESSMENT

The process of financial risk assessment has been
significantly altered by the evolution of artificial intelligence
(AI), which facilitates swifter, more precise, and dynamic
analysis of intricate data sets. Al has improved or replaced
the conventional risk models, which were often static and
rule-based, by continuously enhancing these systems using
factors like real-time financial, market, and behavioral data.
Al has simplified the process of identifying potential threats
early in the time frame, such as market volatility, loan
defaults, and account fraud. The main tools that Al employs
are market analysis, comprehension of human language, and
forecasting. In addition, by automating rules, Al reduces
errors and makes checks for money laundering and validating
customers more effective and efficient. Changes initiated by
Al are not only changing the entire process to make better
decisions, but are also allowing banks to be the first to

respond to new risks arising in a digital and interconnected
world. Al systems are changing the game for the assessment
of financial risk across the entire industry. Let’s review a few
of the areas in which Al is positively impacting financial risk.
Additionally, some Al-driven factors influencing financial
risk evaluation are given in Fig. 3.
A. Behavioral Risk Analysis

Artificial intelligence can observe and evaluate human
behavior, whether it is for an individual or for a group, when
conducting a financial assessment. Al considers things such
as spending patterns, online behavior, and sometimes
biometric data, for instance, fingerprints, simply to conduct a
risk assessment. For example, if someone suddenly makes a
large number of purchases or logs in at odd hours, it indicates
potential fraud. Al can also assess aspects like insider trading,
and so on, by simply observing and assessing, and relying on
the observed behavior. Also, the bank's fraud team is
supported by Al because there is always an Al machine (or
robots) that constantly observes the customers' stream of
transactions and accounts with the latest technologies. In this
manner, the company has a chance to identify risks that
would have otherwise gone unnoticed. Using Al for risk
management of financial products is very "human-natured"
and enhances the speed of decision-making, also rendering a
more customized overall risk management process, and
reduces the burden.

B. Real-Time Risk Management

Al is a technology that allows companies to monitor their
financial health in a more contemporary and efficient fashion
than was previously done with account monitoring. It
analyzes customer phone data not only to keep the business
aware of risks associated with the customer's accounts but to
notify the business as soon as possible by observing
something like changes in customer behaviors, deal-making,
and changes to business processes. Machines can discover
odd behaviors in trades or unexpected payments, which may
indicate that someone is doing something inappropriate, or
even illegal. The up-to-date use of Al allows the business to
alert or communicate that action as soon as possible to help
limit financial loss and damage to the brand. Financial
activities have historically been very complex and related;
thus, the use of Al and real-time checks has become a
significant asset for decision making and risk identification
in an ever-changing society.

C. Dynamic Risk Modeling

The risk model of Al represents the best way to assess
risks in the financial space. It is quicker and more accurate
than traditional static models. Rather than rely on historical
forecasts, it adapts and evolves through ongoing observation
of monetary markets, consumer behavior, and the economy.

This equates to regulatory compliance, reduced losses, and
better decision-making in corporate environments.

D. Fraud Detection and Prevention

Al tools have the ability to analyze thousands and
thousands of different transactions to identify anomalies and
patterns, which wusers tend to follow, helping detect
suspicious activity with ease. Al-empowered algorithms
adapt from historical fraud data, consistently enhancing their
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ability to detect new advanced fraudulent schemes. Identity
verification can be improved by integrating biometric
recognition with behavioral analysis by Al tools, reducing the
false positives. Al-powered tools allow the risk managers to
intervene before the transaction is completed by blocking or
alerting about the suspicious activity. Scalable fraud
detection is enabled without any significant increase in costs,
making it an optimal tool for digital platforms working in
large-volume environments and banks.

E. Risk Compliance Automation

Compliance can be modified by Artificial Intelligence by
automating repeated manual tasks like identity verification,
reporting, and document validation. By using Al tools, policy
upgrades can be interpreted, a large volume of administrative
texts can be examined, and designated for procedure very
easily. Using artificial intelligence to monitor transaction
data can help detect rule-breaking, leading to a more
straightforward process with little chance of error. Moreover,
the Al systems would prepare audit reports on demand, with
nothing being left unaccounted for, and everything being
easily traceable. Al-supported automation would also
enhance people's ability to monitor and anticipate risk, thus
creating a more compliant environment for financial
institutions, especially banks.

F. Improved Credit Scoring

Al is greatly enhancing credit scores. It is moving beyond
traditional credit histories and financial components to paint
a broader and clearer picture of the consumer. Traditional
credit scores cannot evaluate people with thin credit files. Al,
on the other hand, can examine other areas like employment
history, mobile phone bills, monthly rent payments, and even
social media activity, to name a few. This provides a broader

and deeper understanding of your financial management
skills.

G. Enhanced Predictive Accuracy

Conventional approaches rely on hypothecation and
processes that are very inefficient in volatile environments.
Al has the ability to analyze both structured data (e.g.,
financial statements, credit ratings) and unstructured data
(e.g., news articles, consumer behaviors) in order to identify
trends and alert you to potential problems. Al algorithms can
also update in the moment, which allows for a more precise
prediction of risks, such as defaults on loans, declines in the
stock market, and shortages of liquidity. In other words, the
system is always improving.

H. Stress Testing and Scenario Simulation

Artificial intelligence is changing the way we simulate
scenarios and stress test, especially when it comes to
evaluating financial risk. It offers a holistic, efficient service
to banks and other financial institutions by calculating how
hard they are going to be hit, if at all, when something like
the possible worst-case scenario ensues (but not entirely
unthinkable!). Where traditionally only single problems are
dealt with at one time, Al can take many problems and
permutations and muddle through them to see what comes out
on the other side, also providing a much more holistic,
realistic feel of the stress. Al can also respond to new risks,
current scenarios, and ensure compliance with what the

available regulations say the bank should be doing to consider
issues like the impact of a recession, the impact of global
issues, or even an epidemic on the bank’s liquidity and its
buffer. By meeting controlling expectations, making logical
decisions in a more efficient way, and optimizing eventual
plans, institutions are enabled to guarantee the financial
system remains durable

Under adverse circumstances a mathematical approach to
aggregate the impact of artificial intelligence on financial risk
assessment using [-VFN Numbers.

In this research article, our primary objective is to suggest
an advanced framework to assess the influence of Artificial
Intelligence on financial risk assessment by using Interval-
Valued Fermatean Neutrosophic Numbers (I-VFNNs). Here,
we are going to formulate the technique by representing the
key factors of Al impacting significantly on financial risk
evaluation as I-VFNNSs, which will enable us to minimize the
imprecision and inconsistency present in the data. Therefore,
we have elaborated various key factors in the Table 1 and
Fig. 4, which will be utilized as I-VFN constraints for our
research study, mathematical formulation, and numerical
interpretation.
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Fig. 3. Impact of Al on financial risk assessment

Table 1. Variables used in the mathematical model with dimensions

Dimension
Flag Abnormalities
Continuous Scan
Trigger Alerts or Automated

Constraint
Real-Time Risk Monitoring (*R)

Actions
Fraud Detection and Prevention Predictive Analytics
® Multi-Factor Validation

Behavioral Profiling
Risk Compliance Automation Anti-Money Laundering
© Regulatory Change Optimization
Know Your Customer (KYC)

| FINANCIAL RISK ASSESSMENT ‘

Riak Compliance

Fig. 4. Variables with their respective dimensions

As, we have previously discussed each of the key role
influencing the financial risk evaluation is shown as [-VFN
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constraints, so we can represent the constraint for real-time
risk monitoring as;

m = {(TE}%M' TE}%N)' (jil}\tllﬂjég)i (T%'Ti{ty)}

for fraud detection and prevention as;

§ ={(H" 7", (% 55), (75, 75)}

and for risk compliance automation as;
€ = {@M 7)), 38,1, (F¥, FH}

Suppose that we are taking into consideration ‘n’ number
of cases to examine the impact of Al on financial threat
evaluation, so we can denote these cases as “A;” where i =
1,2,3,...,n. Thereby, the notation for all these variables we
have taken will be changed respectively as, for real-time risk
monitoring, as;

R = {050 %), (95, 93,), (o, 7 )}

for fraud detection and prevention as;

& = {0 %)), (95, 95.). (%5, F5))

and for risk compliance automation as;

€ = {7, 7)), (963, 76), (F&, Fe)}

Now to examine this evaluation, we have gathered a team
of expert financial risk managers which will give us the
required information about the impact of Al on financial
threat assessment by aggregating the variables R, & and €.
We denote these experts by ‘j” with j = 1,2,3,...,m, who
provide the information in the allotted time and for each
expert the variable representation is changed as, for real-time
risk monitoring as;

— M N M N M N
Ry = {(T‘Rij’ T‘RU) ’ (79*:'1" gﬂ‘i}') ’ (Tm”: Tmi}')}
for fraud detection and prevention as;
- M TN M qN M N
i = {(Tﬁu' T‘f*ij) ’ (j‘f*ij’gﬁij)'(f?fii’fﬁii)}
and for risk compliance automation as;
— M N M N M N
¢ = {(%U’ TEU) ’ (7%" ‘7(%'1') ’ (T(iij' T%’)}
The rank of each expert financial risk manager is
measured through their level of expertise in the

corresponding field and shown as weight vectors w; where
j=1,2,3,...,m, as shown in Table 2.

Table 2. Expertise Level of Experts as Weights

Expert’s Rank  Weights (wj)

Very low 0.2
Low 0.36
Moderate 0.55
High 0.73
Very High 0.9

The grading of expertise level has been made purely on
the basis of experience, speed, knowledge, and proficiency of
the expert financial risk managers assessing the given
variables in a limited amount of time. To get the results as
precise, accurate, and effective as possible, we are going to
approach the experts with a higher level of comprehension in
the relevant fields or simply by having larger values of weight
vectors. Therefore, we can accumulate the following
weighted arithmetic means formulas for the variables R, &,
and € collected from the experts,

Gathering these weighted arithmetic means of each
variable in the table will enable us to perform further
evaluations on the data collected from the expert financial
risk managers. Additionally, we are going to define two
logical predicates based on I-VFN logic operators to further
simplify the results given in (13) and (14).

’-’llijm";’j }?leij’\lfj )
( jeiwy XL w )
R, = (ZJ lm’gm”,Z’ 1m’jm”>, (10)
=1 W; i, w;
1m]Tm” Z, 1m]Tm”
( Yiiwp XL )
( j= 1mJT&, hHyia 1mJTi§l,>
jew e, w; '
§i = ( = 1%%”, = 1mﬂ£">, (11
=10 XL w;
( 1‘”}7’&, Zj=1mj7’"§vi,->
jeawy XL
Z, 1mrT(zu Z] 1w17&
( Wy X W )
G = ( lm'%”,Z’ 1mﬂ@”>, (12)
=1 Wj XL, w;
(Zy;l mj:F@ij Zﬁlmig:gij>
DIy N ’ XL, w;

E=UviealRiNg €I AL RiALC >, FD)  (13)

H=0vica {RiNiCINL RiAsC -4 T} (14)

A brief explanation of the above equations can be
elaborated as both of these equations are formulated for the
constraints (key factors) in the set A, which play a crucial
role in impacting the financial threat evaluation. The (13)
enables us to prevent the actual values from being aggregated
too lowly while giving us a mathematical technique to
collectively assess the constraints and provide a single robust
value. Additionally, the (14) calculates the effectiveness of
all the constraints on financial risk assessment while
minimizing the error. Also, I-VFNNs will be employed to
reduce the ambiguity and imprecision from the evaluation of

Aiman Ishtiaq, Exploring Interval-Valued Fermatean Neutrosophic Tactics for Empowering Al-Driven Financial Risk Frameworks:
Compliance Automation, Fraud Detection, and Beyond



Journal of Fuzzy Systems and Control, Vol. 4, No 1, 2026

54

the impact of artificial intelligence in financial risk
assessment.

In addition, let us explain that A, is the I[-VFN
conjunction, — 4 is the I-VEN implication, Ly ;e 4T =
Ag; Tand Oy e g T =Vy,; T, where T is any [-VFNN.

Let us note that the I-VFN norm

@7, @, 3, A G5, (331, 9)),
GARGA SN HZD
((min(@, 71, min(7", 7).
= ! (max(?{"’,ﬂé”),max(?{v,?év)), !
(max(?-"lM,Té"’),max(T{V,Tév))J
the I-VFN co-norm
{(ﬂ“ﬁ”) (ﬁ”ﬂf“)}v {(TZM.TZN) (754.72”).}
A
7D 3 F)
((max(@M, 71, max (@, 7))
= ! (mln(71 , I, min(7VY ,72 L
|
(mm(ﬂ:1 ,FI), min(FN, F) )}
the I-VFN negation
N {(TM,TN), (7M,7N),} _ {(TM,TN).UM.?N),}
L G @avTy
and I-VFN implication

{(Tl SV, (@, 3y )} cﬂ{(Tz TN, (70, 7% )}
) Y, F)
==y {(Tf”,?lN) (g{",ﬂiv),} ’ {(TZM.TZN) (Jé”,ygv),\:
(5D FNFY)

are used.

IV. NUMERICAL STUDY

In the previous section, we have proposed a novel
mathematical model using I-VFNNSs to evaluate the impact of
artificial intelligence on financial risk assessment; therefore,
to prove its numerical and practical applicability, we are
going to solve a numerical example in this section of the

{X,,%,,%5,%,}, will given their judgements in the form of
numerical data. The cases are chosen randomly as A =
{Asg, Asq, Asp}, S0 we can show them in the form of an
ordered triple of the variables as

Aszg = Rz, T3 C38)

Ay = (9141, a1 (541)

Aso = Rso, Fs0, Cs0)

The proposed method can be applied to multiple cases at
a time, which shows its flexibility. We have taken each of the
expert financial threat managers with a high or very high level
of expertise to get a more accurate, robust, and precise
solution to the issue. The weights according to each of the
experts are given in Table 3.

Also, the numerical information given by all experts on
the cases under study is shown in the Table 4 where
constraints are represented in the form of interval-valued
Fermatean Neutrosophic Numbers (I-VFNNs) along with the
aggregated values using (10), (11), and (12).

Now we are going to find the mathematical components in
(13) and (14) for each of the constraints, as given in Table 5.
Therefore, we have our final results from (13) and (14) as,

= {(0.22,0.41), (0.65,0.64), (0.75,0.76)}

and

H = {(0.34,0.44), (0.53,0.40), (0.59,0.45)}
We can defuzzify these I-VFN values to real numerical
values using Definition 10. yielding us the results £ =

0.7386 and H = 0.3169.

Table 3. Weights Allotted to the Experts

research article Expert Expertise level Weights (mj)
Example 1: Consider that we are evaluating the impact of % High 0.73
Al on financial risk assessment while assuming the X, Ver}f high 0.9
constraints in Table 1 namely R;, &; and €;, also assume that X, High 0.73
we have taken three different cases from the set A to assess e Very high 0.9
the implacability and four experts, assume X =
Table 4. Initial Data Gathered from the Experts Along with the Evaluated Values
Expert/
Variable
(0.55,0.74),) (. 44064) (0.74,032),) ((0.16,0.79),) ((0.61 027) (. 16083) (. 43015) (. 72028) (0.88,0. 11)
EN (0.27,048),; {(0.12,0.66),; 1(0.74,0.64),7 1(0.71,0.17),} {(0.53,0.45),p {(0.38,0.50),p 1(0.91,0.35),p {(0.31,032),p {(0.41,0.02),
(0.82,0.16) (0.94,0.56) (0.63,0.32) (0.53,0.78) (0.72,0.87) (0.13,0.55) (0.78,0.16) (0.65,0.67) (0.44,0.08)
(0.61,0.45),) ((0.54,0.95)) ((0.72,0.18),) ((0.58,0.22),) ((0.83,0.26),) ((0.17,0.78),) ((0.16,0.66),) ((0.29,0.56),) ((0.27,0.86),
X, (0.47,0.86),p {(0.74,035),} {(0.34,0.76),} {(0.67,0.33),} {(0.850.86),; {(0.38,0.50),} {(0.77,0.64),} {(0.35,0.96),¢ {(0.36,0.68),
(0.49,0.53) (0.17,0.61) (0.39,0.37) (0.77,0.85) (0.59,0.62) (0.71,0.48) (0.96,0.66) (0.23,0.65) (0.82,0.57)
(0.01,047),) ((0.41,0.02)) ((0.50,0.38),) ((0.11,0.12),) ((0.75,0.56),) ((0.21,0.12),) ((0.10,0.70),) ((0.86,0.49),) ((0.58,0.91),
£ (0.55,0.33),p {(0550.22),} {(0.77,056),F {(0.350.11),} {(0.47,0.88),; {(0.78,0.44),} {(0.56,0.54),} {(0.54,0.76),; 1{(0.36,0.84),
(0.46,0.44) (0.02,0.41) (0.41,0.45) (0.69,0.96) (0.71,0.61) (0.83,0.81) (0.38,0.04) (0.68,0.94) (0.58,0.58)
(0.16,0.81),) ((0.74,047)) ((0.37,0.73),) ((0.83,0.63),) ((0.88,0.33),) ((0.70,049),) ((0.19,0.84),) ((0.30,0.37),) ((0.59,0.06),
£ (037,032),p {(0.19,0.23),} {(0.48,0.48),7 1(0.40,0.28),} 1(0.94,0.09),; {(0.16,0.19),} 1(0.39,0.73),; {(0.58,0.94),; {(0.18,0.95),
(0.61,0.63) (0.47,0.47) (0.63,0.49) (0.38,0.50) (0.50,0.02) (0.59,0.64) (0.81,0.32) (0.03,0.46) (0.09,0.25)
A (034,062),) ((0.54,054),) ((0.58,0.41),) ((0.45044),) ((0.77,035),) ((0.32,0.56),) ((0.22,0.60),) ((0.52,0.43),) ((0.56,0.48),
dg\g/riga‘? (0.42,0.51), (0.41,0.36), (0.56,0.61), (0.53,0.23), (0.72,0.56), (0.41,0.40), (0.65,0.58), (0.45,0.77), (0.32,0.64),
alues (0.59,0.45) (0.39,0.51) (0.51,0.41) (0.59,0.76) (0.62,0.51) (0.57,0.61) (0.75,0.32) (0.37,0.67) (0.48,0.37)
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Example 2: Consider that we are taking the data from
Example 1: Except the weights of experts. New weights of
experts for this example are given in Table 6.

Using (10), (11), and (12) on the information gathered by
the experts given in Table 4. We get the aggregated values in
Table 7.

Now we are going to find the mathematical components
in (13) and (14) for each of the constraints, as given in
Table 8.

Table 5. Evaluation of Components of (13) and (14) for Example 1

R AL € Ng

Variables R, A4 C; RiA.Ci -4 T R AL s o g &)
(0.34,0.41), (0.59,0.54), (0.34,0.41),
Asg (0.56,0.61), (0.41,0.36), (0.56,0.61),
(0.59,0.45) (0.34,0.41) (0.59,0.45)
(0.32,0.44), (0.77,0.76), (0.32,0.44),
Ay (0.53,0.40), (0.53,0.40), (0.53,0.40),
(0.59,0.76) (0.32,0.44) (0.59,0.76)
(0.22,0.48), (0.75,0.43), (0.22,0.43),
Aqgy (0.65,0.64), (0.45,0.64), (0.65,0.64),
(0.75,0.37) (0.22,0.48) (0.75,0.48)
Table 6. Weights Allotted to the Experts
Expert Expertise level Weights (w;)
X, High 0.73
X, Very low 0.2
X, Moderate 0.55
X, Low 0.36
Table 7. Aggregated Values for Example 2
Rag &g Css
(0.32,0.64), (0.50,0.46), (0.59,0.40),
(0.40,0.44), (0.33,0.41), (0.65,0.60),
(0.64,0.38) (0.49,0.50) (0.54,0.40)
Raa Ba1 €y
(0.32,0.50), (0.73,0.37), (0.28,0.54),
(0.54,0.19), (0.63,0.55), (0.46,0.42),
(0.57,0.79) (0.66,0.60) (0.49,0.64)
Rso Sso Cso
(0.26,0.50), (0.63,0.39), (0.67,0.42),
(0.69,0.51), (0.44,0.64), (0.34,0.52),
(0.68,0.21) (0.49,0.71) (0.45,0.32)

Table 8. Evaluation of Components of (13) and (14) for Example 2

Ri A4 €D Ag

Variables Ring C; RiAgaCi>4 & A

(0.32,0.40), (0.64,0.46), (0.32,0.40),

Asg {(0.65,0.60),} {(0.33,0.41),} {(0.65,0.60),}
(0.64,0.40) (0.32,0.40) (0.64,0.40)
(0.28,0.50), (0.73,0.79), (0.28,0.50),

c/l“ (0.54,0.42), (0.54,0.42), (0.54,0.42),
(0.57,0.79) (0.28,0.50) (0.57,0.79)
(0.26,0.42), (0.68,0.39), (0.26,0.39),

Agy (0.69,0.52), (0.44,0.52), (0.69,0.52),
(0.68,0.32) (0.26,0.42) (0.68,0.42)

Therefore, we have our final results from (13) and (14) as,
&€ = {(0.26,0.39), (0.69,0.60), (0.68,0.79)}

and

H = {(0.32,0.50), (0.54,0.42), (0.57,0.40)}

We can defuzzify these I-VFN values to real numerical
values using Definition 10. yielding us the results € =
0.7144 and ¥ = 0.3192.

A. Discussion

The results of both examples are not too high or too low,
and show that, according to the given information, the impact
of Al on financial risk evaluation is more or less moderate.
Although the study shows that artificial intelligence has
significant impacts on financial risk assessment while
preventing threats like fraudulent

all know, artificial intelligence is modernizing the world,
specifically in financial risk assessment, but in the end,
human intelligence and decision-making skills exceed its
revolution. All in all, Al should be used in different areas but
on a moderate level, to make its good use as much as we can,
and prevent any misconceptions and misconduct through full
control of the human mind.

V. COMPARATIVE STUDY

Here, we are going to make a comparison of the proposed
approach to the existing models to present the superiority of
the suggested technique. A similar technique has been used
previously using neutrosophic sets (NSs) for assessing the
impact of Al on civil liability [39]. But since the neutrosophic
sets only consider the membership factors of truth,
indeterminacy, and falsity grades, they neglect the factors of
non-membership of all of these grades. Hence, they lack the
ability to properly assess the intricate real-world situations.
The numerical comparison of our results with the results
presented in [33] is given in Table 9.

The results aggregated through neutrosophic sets are not
clear and do not show any proper difference between them,
presenting the average values. But the proposed technique
shows the proper variations and accurate assessment of the
at-hand situation. The pictorial comparison of these
techniques is given in Fig. 5 and Fig. 6.

Table 9. Comparison of the Aggregated Results

Parameters 13 H
NSs 0.503 0.583
I-VFNSs Example 1 0.7386 0.3169
I-VENSs Example 2 0.7144 0.3192
®tc oH
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
NSs I-VFN Ex 1 I-VFN Ex 2

Fig. 5. Bar chart of the comparisons
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Fig. 6. Line chart of the comparisons

VI. CONCLUSION

The stability and advancement of economies depend upon
financial risk assessment, which is a complicated, and
variable system. Conventional financial models no longer
have potentiality in the present fast-paced modern economy
due to simple presumptions and restricted potential.
Therefore, a new chapter is unlocked by Artificial
Intelligence (AI), which highlights a significant change in the
policies of recognizing, forecasting, and managing the
financial risks. In this research article, we also introduced a
scientific and cryptic analysis of the challenges presented by
Artificial Intelligence (Al), apart from the function and
influence of Al in financial risk assessment. Al is making
financial risk management more precise through automated
monitoring, flexible risk modeling, and actioning real-time
data. Al is useful for not just credit rating but also evaluating
risks related to customer behaviors, simulating scenarios, and
recognizing fraudulent activity. However, these models
periodically have to give up some ambiguity and uncertainty
that comes with being in the modern world. These challenges
can be addressed through interval-valued fuzzy neutrosophic
sets (I-VFNSs), because they view the truth, indeterminacy,
and falsity of the information as a spectrum, which can clarify
financial risk assessments. This process will also enable us to
identify very (extremely) subtle alterations in finance, so
more accurate forecasting and proper planning models will
be commonplace. I-VFN neural networks will classify, assess
worst-case scenarios, and, in realistic realm, evaluate the
composite effect of Al factors. Both I-VFNNs and Al provide
the extent of that threat, and its likelihood of occurrence, and
provide an early indication of the location. Financial
decisions relying on uncertain information from I-VFNNS
are now enhanced and prepared for the future. By detecting
fraud quickly and understanding the complex trends through
I-VFNNs and Al, we can lower the amount of money lost.
These automated systems, in addition to enabling us to
source, predict, and replicate threats, integrate the old
problem of obfuscation or uncertainty in a much greater way.
If the financial institutions embrace the recommendations in
this paper, they will gain value and protect their assets, and
long-last as a valuable institution in the financial markets. In

the future, the incorporation of advanced mathematics tools,
like I-VFNNs and Al, will provide us with ready, innovative,
and more stable financial strategies to improve the
sustainability and offerings for both companies and society.

Even though this study represents a significant step
forward, it is not without limitations, which are, the use of I-
VFNNs involves complex sensing processes that require
significant computational resources, there is an ongoing
requirement for the training, and updating of an Al model,
requiring continuous work, time and privacy of data, and
Biases or errors that exist in financial data may impact the
results of an Al model, and thus, the performance of an I-
VENN may also be affected.

In the future, more research may be done on how I-
VFNNS, can be integrated with hybrid neural networks, can
be incorporated into super fuzzy logic or nano-computing,
and can be part of automated response systems in real-time.
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