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Abstract: Financial Risk Management (FRM) is crucial for organizations navigating com-
plex and volatile economic conditions, as it aids in identifying and mitigating potential
losses. Conventional FRM approaches are inadequate because they do not incorporate
vagueness and variability in financial data. To overcome these challenges, this research
presents interval-valued picture fuzzy measurement alternatives and rankings accord-
ing to the Compromise Solution (IVPF-MARCOS) method. The IVPF-MARCOS method
ranks investment strategies under uncertainty by assessing ten distinct investment options
across seven key factors, including market risk and return on investment. It evidences its
usefulness in enhancing decision-making, increasing accuracy in FRM, and developing
Multi-Criteria Group Decision-Making (MCGDM) methodologies involving aggregation
operators that are symmetric in nature. Consequently, this research establishes a compelling
need to adopt improved fuzzy techniques in formulating the FRM to achieve more robust
financial strategies.

Keywords: financial risk management; interval-valued picture fuzzy set; MARCOS method;
decision-making; big data analysis

1. Introduction
In today’s complex and dynamic financial landscape, effective FRM [1] has become

increasingly critical for organizations striving to maintain stability and achieve sustain-
able growth. FRM entails the enumeration, evaluation, and categorization of financial
risks and then declaring the optimal use of funds to alter the chance of regrettable occur-
rences. The increasing complexity of financial markets and various risks, including market
risks, credit risks, liquidity risks, and regulatory risks, make the use of other traditional
risk measurement models less capable of addressing the uncertainties and vagueness of
financial data.

In the field of FRM, MCGDM [2] approaches have stepped forward because they
allow for more straightforward evaluations with multiple conflicting criteria. However,
there is a significant limitation for those current MCGDM techniques where deterministic
models are used in the assessment while financial information is normally associated with
fuzziness. Some of the decision outcomes would not be optimal, and the decision-makers
would also be unable to dictate the various facets of financial risk. The fuzzy set (FS)
theory, together with its concepts, was initiated by Zadeh [3] in 1965, where it addressed
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inherent vagueness by allowing elements to belong to a set at a degree between 0 and
1 rather than belonging or not belonging to a set. However, applying the concept of a
traditional FS fails to formulate the different aspects of decision-making conditions. To this
end, Intuitionistic Fuzzy Sets (IFS), developed by Atanassov [4], use both the membership
degree (MD) and non-membership degree (NMD), leading to a probabilistic approach to
uncertainty. However, IFS has problems describing hesitation and uncertainty; Yager [5]
proposed Pythagorean Fuzzy Sets (PyFS) and q-Rung Orthopair Fuzzy Sets (q-ROFS) [6],
where flexibility is attained with the freedom to have the MD and NMD vary across more
than one dimension. picture fuzzy sets (PFS) were introduced by Cuong [7], which include
abstinence degrees (ADs) that provide more flexibility. Finally, interval-valued picture fuzzy
sets (IV-PFS) [8] expand on PFS by incorporating interval values to represent uncertainty,
making them particularly useful for financial applications where precise information is
often unavailable.

This study uses the interval-valued picture fuzzy (IVPF) approach integrated with the
MARCOS approach to FRM. Thus, applying IVPF with MARCOS helps to provide a more
solid approach to managing uncertainty and imprecision, which characterizes addressing
critical financial decisions. IVPF is a more suitable method to depict uncertainty since it
combines MD and NMD with AD intervals, making it more ideal for decision-making than
conventional fuzzy systems. The IVPF-MARCOS methodology is superior to expert-based
and data-based approaches since it can incorporate accurate additional expert knowledge
and provide decision scheme flexibility without needing massive amounts of data, which
are often lacking in FRM. This combination is beneficial where instability and reliance on
the need for judgment are paramount. When combining IVPF for uncertainty modeling
and MARCOS for ranking and evaluating the alternatives, the proposed methodology is
superior for use in FRM in terms of efficiency and effectiveness.

1.1. Objectives

This research’s primary objective is to assess ten different investment options based
on seven essential factors, with the implementation of views of various decision-makers
for the analysis. Recognizing the strengths of the IVPF-MARCOS approach, this research
advances our understanding of FRM and offers practitioners the framework to make their
investments more resilient to uncertainties.

The following are the secondary objectives of this study.

(a) To involve multiple decision-makers and make financial decisions more secure.
(b) To enhance the capability of decision-makers under uncertainty through detecting

and managing the impacts of fuzzy information in FRM.
(c) To enhance advanced fuzzy techniques in the process of financial decision-making.

1.2. Contributions

This study has the following contributions:

(a) This research explores the use of IVPF information to improve the MARCOS applica-
tion for evaluating MCGDM methods of FRM.

(b) This study contributes an assessment framework that facilitates the structured analysis
of financial issues for practice application.

(c) The IVPF-MARCOS algorithm is an advanced instrument used in practice by financial
decision-makers. It allows them to make choices that consider the uncertainty of
financial data.

(d) This work responds to a gap in the literature emphasizing that new forms of fuzzy
techniques can be implemented in FRM and offers more research into new approaches
to managing financial risks.
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1.3. Research Gap and Motivations

While the interest and need for FRM are huge and ever-increasing, given the current
economic instability, there are still many shortcomings in how methodologies are developed
to address the issues and concerns that have become prominent in decision-making. The
quantitative approaches applied to risk management often involve computational methods
most suitable for deterministic environments and do not consider that the data involved
exhibit a certain level of imprecision. Moreover, although various MCGDM methods are
used when implementing FRM, most of these methodologies do not consider the issue of
fuzzy information and, therefore, provide low-quality decisions. However, there is a gap in
the literature regarding integrating IVPF information into MCGDM frameworks, which
restricts the applicability and impact of risk management approaches in today’s world.
Hence, developing efficient decision-making structures capable of handling uncertain data
has become increasingly important. Still, at the same time, more systematically structured
methods have arisen that evaluate these multiple competing factors in financial domains.
This gap underlines the need for new approaches that could increase the effectiveness and
relevance of FRM approaches and improve investment decisions’ efficiency.

The motivations for this study come from the inherent gap arising from the limitations
of existing FRM methodologies. In the capacity of providing basic information on risks and
returns, decision-makers need sharper tools that are capable of analyzing fuzzy markets.
Therefore, while implementing the MARCOS algorithm within an IVPF context, the present
investigation expects to devise a more efficient decision-making instrument to improve
the evaluation and ranking of investment options. In addition, an extension of IVPF in
MCGDM also solves the problem of vagueness that may exist in financial assessments. It
facilitates a more comprehensive analysis of trade-offs in the management of FRM. This
research will, therefore, aim to arm organizations with a strong framework of how they can
best manage investment opportunities to ensure their increased readiness in the face of any
uncertainty and, thus, increased financial stability. With this work, we would like to help
enhance our knowledge about fuzzy decision-making techniques, especially in the context
of the financial environment, and promote the development of the type of FRM used in
the literature.

1.4. Structure of the Study

This paper is arranged to ensure that the proposed IVPF-MARCOS framework and its
role in FRM are explained in detail. The literature review in Section 2 is a fitting starting
point because it discusses earlier work in FRM and the MARCOS approach. In Section 3,
preliminaries are introduced to the reader regarding the main mathematical concepts related
to IV-PFS. In Section 4, the methodology is described in detail, showing the integration
of IVPF information into the MARCOS algorithm and explaining step by step how the
IVPF-MARCOS framework works to demonstrate its ability to deal with uncertainty in
financial data. Section 5 illustrates a real-life application of the IVPF-MARCOS method,
evaluating ten investment alternatives against seven criteria based on decision-maker
evaluations; it further shows how this technique helps to make financial risk decisions. In
Section 6, sensitivity analysis is performed, and the research benefits are outlined. Lastly,
Section 7 provides a brief conclusion to the present study in addition to the limitations
encountered with real-time data integration and applications to broader areas of finance.

2. Literature Review
This section presents a comprehensive review of existing methodologies of FRM in

MCGDM and MARCOS techniques in MCGDM.
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2.1. Financial Risk Management (FRM) in MCGDM

FRM serves as part of the decision-making process under conditions of MCGDM in
today’s sophisticated financial environment. Taking full advantage of MCGDM approaches
involving symmetric aggregation operators, including fuzzy logic, EDAS, and TODIM,
makes it easier for organizations to review and manage financial risks by following a
systematic multiple-criterion perspective. These techniques help when dealing with the
uncertainties that are characteristic of financial data, making these techniques especially
useful for areas like credit risk assessment and supply chain finance, where data vagueness
and variability are relatively high [9–11]. The BWM-CRITIC and interval type-2 fuzzy
CPT-TODIM MCGDM models significantly improve FRM. As an example, BWM-CRITIC is
preferred in supply chain finance to evaluate risk factors such as the speed of logistics, the
degree of market fluctuation, and the credibility of suppliers while offering an integrated
picture of sustainable financial health [12]. On the other hand, interval type-2 fuzzy CPT-
TODIM has an enhanced credit risk evaluation capability by managing uncertainties in
credit scores, especially during unpredictable market situations [13]. In infrastructural
research areas, specifically in FRM, MCGDM approaches are described as vital as they
bring risk factors into analysis by utilizing experts’ input, which, in turn, improves the
aspect of prevention [14]. In addition, there has been an extension in the use of social media
data in MCGDM-based FRM frameworks to provide real-time market sentiments. That
is, along with historical data, organizations can use social media sentiment analysis to
obtain a more active evaluation of financial risks, including potential public sentiments that
can affect the assessment of financial assets [15,16]. In banking, government sectors, and
many organizations, MCGDM models have been core to FRM, where organizations can
make sustainable risk management decisions based on data gathered from the real-world
environment [17–20].

2.2. MARCOS Technique in MCGDM

Contemporary MCDM methods such as ESP-COMET and SESP-SPOTIS enhance
the ranking and preference accumulation processes but can be problematic regarding
variance present in financial information. Other methods, including TOPSIS, VIKOR,
WASPAS, and AHP, are equally inadequate for stochastic complexities. These methods
rely on the aggregation of information satisfying the properties of idempotency, symmetry,
boundedness, and monotonicity. When combined with IVPF data, MARCOS offers a robust
solution by capturing uncertainty and increasing the precision of decisions, thus making it
suitable for application in FRM. The MARCOS technique is ideal for MCGDM frameworks
in ranking and selecting alternatives, utilizing fuzzy, probabilistic, and intuitive decision-
making for different applications. It also has flexibility in multi-attribute decision-making
when used with complicated decision situations, including robot choice and waste disposal,
through computational extensions of fuzzy measures and entropy measures coupled with
MCGDM, as seen [21–23]. It has been successfully implemented in healthcare for MRI
device selection and for selecting coating material in tooling industries where BWM (Best
Worst Method) and hybrid fuzzy techniques have improved accurate decision-making
results [24,25]. Additional applications for technology selection for sustainability and IoT
risk priority demonstrate the versatility of this approach in dealing with qualitative and
quantitative decision factors [26,27]. The effectiveness of the MARCOS technique is further
substantiated in hydrogen fuel assessments and supplier decision-making processes, which
demonstrate the strength of integrating triangular and q-ROFS methods [28–30].
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3. Preliminaries
Zadeh [3] proposed the concept of FS, a mathematical framework for dealing with

uncertainty. However, it is effective on an MD under ambiguous conditions but ineffective
on an NMD or any ambiguity in ambiguous circumstances. To address these constraints,
Atanassov [4] presented a new method called IFS. Cuong [7] created the PFS to address
more complex scenarios involving abstinence and indeterminacy. PFS includes MD, NMD,
AD, and refusal degree (RD) to meet FS’s aims.

Definition 1 [7]. Consider a fixed universe U; then, a PFS is defined by F = {x, m(x ), p(x), n(x) :
x ∈ X}, where m(x) ∈ [0, 1] represents MD, p(x) ∈ [0, 1] represents AD, and n(x) ∈ [0, 1] rep-
resents NMD.

These degrees satisfy the following conditions:

0 ≤ m(x) + p(x) + n(x) ≤ 1

Additionally, the RD for each PFS F is defined as follows:

π(x) = 1 − m(x)− p(x)− n(x).

Definition 2 [8]. Consider a fixed universe U; then, an IV-PFS is defined by the following:

F =
{

x,
[
mL(x), mU(x)

]
,
[

pL(x), pU(x)
]
,
[
nL(x), nU(x)

]
: x ∈ X

}
.

where
[
mL(x), mU(x)

]
,
[
pL(x), pU(x)

]
and

[
nL(x), nU(x)

]
express the MD, AD, and NMD

with a rule:
0 ≤ mU(x) + pU(x) + nU(x) ≤ 1.

Additionally, the RD for each IV-PFS F is defined as follows:

π(x) = 1 −
[
mL(x), mU(x)

]
−
[

pL(x), pU(x)
]
−
[
nL(x), nU(x)

]
.

Also, the pair F =
([

mL(x), mU(x)
]
,
[
pL(x), pU(x)

]
,
[
nL(x), nU(x)

])
expresses an

interval-valued picture fuzzy value (IVPFV).

Definition 3 [8]. For any IVPFV F =
([

mL(x), mU(x)
]
,
[
pL(x), pU(x)

]
,
[
nL(x), nU(x)

])
, the

score function is elaborated through the following:

Sc(F) =

(
mL(x) + mU(x)−

pL(x)− pU(x)− nL(x)− nU(x)

)
3

Definition 4 [8]. Let Fi =
([

mL
i (x), mU

i (x)
]
,
[
pL

i (x), pU
i (x)

]
,
[
nL

i (x), nU
i (x)

])
and Fj =([

mL
j (x), mU

j (x)
]
,
[

pL
j (x), pU

j (x)
]
,
[
nL

j (x), nU
j (x)

])
be two IVPFVs and λ > 0, λ be any scalar

number; then, the following operations can be satisfied:

Fi ⊕ Fj =



[mL
i (x), mU

i (x)
]
+
[
mL

j (x), mU
j (x)

]
−
[
mL

i (x), mU
i (x)

]
.
[
mL

j (x), mU
j (x)

],([
pL

i (x), pU
i (x)

]
.
[

pL
j (x), pU

j (x)
])

,([
nL

i (x), nU
i (x)

]
.
[
nL

j (x), nU
j (x)

])





Symmetry 2025, 17, 144 6 of 23

Fi ⊗ Fj =



([
mL

i (x), mU
i (x)

]
.
[
mL

j (x), mU
j (x)

])
,[pL

i (x), pU
i (x)

]
+
[

pL
j (x), pU

j (x)
]

−
[
pL

i (x), pU
i (x)

]
.
[

pL
j (x), pU

j (x)
],[nL

i (x), nU
i (x)

]
+
[
nL

j (x), nU
j (x)

]
−
[
nL

i (x), nU
i (x)

]
.
[
nL

j (x), nU
j (x)

]



λ.Fi =

1 −
(
1 −

([
mL

i (x), mU
i (x)

]))λ,([
pL

i (x), pU
i (x)

])λ,([
nL

i (x), nU
i (x)

])λ



Fλ
i =


([

mL
i (x), mU

i (x)
])λ,

1 −
(
1 −

([
pL

i (x), pU
i (x)

]))λ,

1 −
(
1 −

([
nL

i (x), nU
i (x)

]))λ


Fc

i =

( [
nL

i (x), nU
i (x)

]
,[

pL
i (x), pU

i (x)
]
,
[
mL

i (x), mU
i (x)

])

4. Interval-Valued Picture Fuzzy-MARCOS Technique
In this study, we used the IVPF method and the interval-valued picture fuzzy weighted

averaging (IVPFWA) operator to compute the weights for each criterion using the MCGDM
methodology. In addition, linguistic parameters were converted into IVPFVs for further
analysis. The MARCOS approach is based on ranking and measuring choices to obtain a
compromise answer. Although the MARCOS approach can be an effective decision-making
tool, it cannot express confusing or uncertain facts. As a result, providing a fuzzy extension
to the approach is critical to increasing its capability. The IVPF-MARCOS technique is
described as follows:

(a)
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[𝜔ⱸ௅, 𝜔ⱸ௎] =
⎣⎢⎢
⎢⎢⎢
⎢⎡ ൭௠ⱸಽ ା ௣ⱸಽ .ቆ ೘ⱸಽ೘ⱸಽశ೙ⱸಽቇ൱

∑ ൭௠ⱸಽ ା ௣ⱸಽ .ቆ ೘ⱸಽ೘ⱸಽశ೙ⱸಽቇ൱೗ೖసభ ,
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⎥⎥⎥
⎥⎤
. (1)

(b) There are 𝐶௤ criteria, and each weight is  ₩ℭ = [ℭଵ, ℭଶ, . . . , ℭ௥] 
෍ ℭ௤ = 1,௥
௤ୀଵ  (𝑞 = 1, 2, . . . , 𝑟) 

Step 1. Experts evaluate criteria. 

Table 1 shows the linguistic assessments for the users and the criteria. 

Table 1. Linguistic expressions for evaluating criteria and decision-makers. 

Expression IVPFVs (𝐦, 𝐩, 𝐧) 
Very important (VI) ([0.80,0.85], [0.04,0.06], [0.06,0.09]) 

Important (I) ([0.68,0.75], [0.04,0.09], [0.06,0.12]) 
Medium (M) ([0.40,0.50], [0.14,0.26], [0.1,0.15]) 

Unimportant (UI) ([0.20,0.32], [0.24,0.31], [0.16,0.28]) 
Very unimportant (VU) ([0.05,0.09], [0.04,0.06], [0.80,0.85]) 

Step 2. Generate an aggregated IVPF decision matrix. 

The IVPF decision matrix for a given collection of users is  𝐷 = ൣ₽௤ⱸ൧௡∗௙(ⱸ = 1,2, … , 𝑓; 𝑞 = 1,2, … , 𝑟) .  ₽௤௘  signifies the evaluation of  𝑑𝑡ℎ  about 

users with the 𝑗௧௛ criteria. 𝑞 is an IVPFV. 

, denotes the collection of users with weights represented by ω =

[ω1, ω2, . . . , ωf] and
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Very important (VI) ([0.80,0.85], [0.04,0.06], [0.06,0.09]) 

Important (I) ([0.68,0.75], [0.04,0.09], [0.06,0.12]) 
Medium (M) ([0.40,0.50], [0.14,0.26], [0.1,0.15]) 

Unimportant (UI) ([0.20,0.32], [0.24,0.31], [0.16,0.28]) 
Very unimportant (VU) ([0.05,0.09], [0.04,0.06], [0.80,0.85]) 

Step 2. Generate an aggregated IVPF decision matrix. 

The IVPF decision matrix for a given collection of users is  𝐷 = ൣ₽௤ⱸ൧௡∗௙(ⱸ = 1,2, … , 𝑓; 𝑞 = 1,2, … , 𝑟) .  ₽௤௘  signifies the evaluation of  𝑑𝑡ℎ  about 

users with the 𝑗௧௛ criteria. 𝑞 is an IVPFV. 

.
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𝜆. 𝐹௜ = ⎝⎛
1 − ቀ1 − ([𝑚௜௅(𝑥), 𝑚௜௎(𝑥)])ቁఒ ,([𝑝௜௅(𝑥), 𝑝௜௎(𝑥)])ఒ,([𝑛௜௅(𝑥), 𝑛௜௎(𝑥)])ఒ ⎠⎞ 
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4. Interval-Valued Picture Fuzzy-MARCOS Technique 
In this study, we used the IVPF method and the interval-valued picture fuzzy 

weighted averaging (IVPFWA) operator to compute the weights for each criterion using 
the MCGDM methodology. In addition, linguistic parameters were converted into 
IVPFVs for further analysis. The MARCOS approach is based on ranking and measuring 
choices to obtain a compromise answer. Although the MARCOS approach can be an 
effective decision-making tool, it cannot express confusing or uncertain facts. As a result, 
providing a fuzzy extension to the approach is critical to increasing its capability. The 
IVPF-MARCOS technique is described as follows: 
(a) ⱸ =  {1,2, . . . , 𝘧 } , denotes the collection of users with weights represented by  𝜔 = [ 𝜔ଵ, 𝜔ଶ, . . . , 𝜔𝘧] and  ∑ 𝜔ⱸ 𝘧ⱸୀଵ =  1. 

[𝜔ⱸ௅, 𝜔ⱸ௎] =
⎣⎢⎢
⎢⎢⎢
⎢⎡ ൭௠ⱸಽ ା ௣ⱸಽ .ቆ ೘ⱸಽ೘ⱸಽశ೙ⱸಽቇ൱

∑ ൭௠ⱸಽ ା ௣ⱸಽ .ቆ ೘ⱸಽ೘ⱸಽశ೙ⱸಽቇ൱೗ೖసభ ,
ቆ௠ⱸೆ  ା ௣ⱸೆ  .( ೘ⱸೆ೘ⱸೆ శ೙ⱸೆ )ቇ∑ ቆ௠ⱸೆ  ା ௣ⱸೆ  .( ೘ⱸೆ೘ⱸೆ శ೙ⱸೆ )ቇ೗ೖసభ ⎦⎥⎥

⎥⎥⎥
⎥⎤
. (1)

(b) There are 𝐶௤ criteria, and each weight is  ₩ℭ = [ℭଵ, ℭଶ, . . . , ℭ௥] 
෍ ℭ௤ = 1,௥
௤ୀଵ  (𝑞 = 1, 2, . . . , 𝑟) 

Step 1. Experts evaluate criteria. 

Table 1 shows the linguistic assessments for the users and the criteria. 

Table 1. Linguistic expressions for evaluating criteria and decision-makers. 

Expression IVPFVs (𝐦, 𝐩, 𝐧) 
Very important (VI) ([0.80,0.85], [0.04,0.06], [0.06,0.09]) 

Important (I) ([0.68,0.75], [0.04,0.09], [0.06,0.12]) 
Medium (M) ([0.40,0.50], [0.14,0.26], [0.1,0.15]) 

Unimportant (UI) ([0.20,0.32], [0.24,0.31], [0.16,0.28]) 
Very unimportant (VU) ([0.05,0.09], [0.04,0.06], [0.80,0.85]) 

Step 2. Generate an aggregated IVPF decision matrix. 

The IVPF decision matrix for a given collection of users is  𝐷 = ൣ₽௤ⱸ൧௡∗௙(ⱸ = 1,2, … , 𝑓; 𝑞 = 1,2, … , 𝑟) .  ₽௤௘  signifies the evaluation of  𝑑𝑡ℎ  about 

users with the 𝑗௧௛ criteria. 𝑞 is an IVPFV. 

(1)

(b) There are Cq criteria, and each weight is C = [C1,C2, . . . ,Cr]

r

∑
q=1

Cq = 1,(q = 1, 2, . . . , r)

Step 1. Experts evaluate criteria.

Table 1 shows the linguistic assessments for the users and the criteria.
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Table 1. Linguistic expressions for evaluating criteria and decision-makers.

Expression IVPFVs (m,p,n)

Very important (VI) ([0.80, 0.85], [0.04, 0.06], [0.06, 0.09])
Important (I) ([0.68, 0.75], [0.04, 0.09], [0.06, 0.12])
Medium (M) ([0.40, 0.50], [0.14, 0.26], [0.1, 0.15])

Unimportant (UI) ([0.20, 0.32], [0.24, 0.31], [0.16, 0.28])
Very unimportant (VU) ([0.05, 0.09], [0.04, 0.06], [0.80, 0.85])

Step 2. Generate an aggregated IVPF decision matrix.

The IVPF decision matrix for a given collection of users is
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In this study, we used the IVPF method and the interval-valued picture fuzzy 

weighted averaging (IVPFWA) operator to compute the weights for each criterion using 
the MCGDM methodology. In addition, linguistic parameters were converted into 
IVPFVs for further analysis. The MARCOS approach is based on ranking and measuring 
choices to obtain a compromise answer. Although the MARCOS approach can be an 
effective decision-making tool, it cannot express confusing or uncertain facts. As a result, 
providing a fuzzy extension to the approach is critical to increasing its capability. The 
IVPF-MARCOS technique is described as follows: 
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⎥⎥⎥
⎥⎤
. (1)

(b) There are 𝐶௤ criteria, and each weight is  ₩ℭ = [ℭଵ, ℭଶ, . . . , ℭ௥] 
෍ ℭ௤ = 1,௥
௤ୀଵ  (𝑞 = 1, 2, . . . , 𝑟) 

Step 1. Experts evaluate criteria. 

Table 1 shows the linguistic assessments for the users and the criteria. 

Table 1. Linguistic expressions for evaluating criteria and decision-makers. 

Expression IVPFVs (𝐦, 𝐩, 𝐧) 
Very important (VI) ([0.80,0.85], [0.04,0.06], [0.06,0.09]) 

Important (I) ([0.68,0.75], [0.04,0.09], [0.06,0.12]) 
Medium (M) ([0.40,0.50], [0.14,0.26], [0.1,0.15]) 

Unimportant (UI) ([0.20,0.32], [0.24,0.31], [0.16,0.28]) 
Very unimportant (VU) ([0.05,0.09], [0.04,0.06], [0.80,0.85]) 

Step 2. Generate an aggregated IVPF decision matrix. 

The IVPF decision matrix for a given collection of users is  𝐷 = ൣ₽௤ⱸ൧௡∗௙(ⱸ = 1,2, … , 𝑓; 𝑞 = 1,2, … , 𝑟) .  ₽௤௘  signifies the evaluation of  𝑑𝑡ℎ  about 

users with the 𝑗௧௛ criteria. 𝑞 is an IVPFV. 
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Step 1. Experts evaluate criteria. 

Table 1 shows the linguistic assessments for the users and the criteria. 

Table 1. Linguistic expressions for evaluating criteria and decision-makers. 

Expression IVPFVs (𝐦, 𝐩, 𝐧) 
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users with the 𝑗௧௛ criteria. 𝑞 is an IVPFV. 
signifies the evaluation of dth about users with the jth criteria. q is an IVPFV.

The aggregated IVPF decision matrix is represented as follows:
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Table 2 is used to conduct linguistic assessments of the alternatives. 

Table 2. Linguistic components for an alternative ranking system. 

Expression IVPFVs (𝐦, 𝐩, 𝐧) 
Extremely good (EG) ([0.90,1], [0,0], [0,0]) 

Very very good (VVG) ([0.80,0.85], [0.04,0.1], [0.02,0.05]) 
Very good (VG) ([0.70,0.80], [0.04,0.1], [0.05,0.0.9]) 

Good (G) ([0.55,0.70], [0.07,0.14], [0.08,0.13]) 
Medium good (MG) ([0.49,0.60], [0.14,0.17], [0.1,0.18]) 

Fair (F) ([0.40,0.50], [0.10,0.20], [0.12,0.25]) 
Medium bad (MB) ([0.35,0.40], [0.15,0.30], [0.26,0.30]) 

Bad (B) ([0.10,0.25], [0.24,0.35], [0.26,0.50]) 
Very bad (VB) ([0.05,0.1], [0.04,0.15], [0.40,0.70]) 

Very very bad (VVB) ([0.01,0.05], [0.14,0.15], [0.60,0.80]) 

Step 3. Determine the best solutions for IVPF. 𝜏ା = ([1,1], [0,0], [0,0])  and  𝜏ି = ([0,0], [0,0], [1,1])  are the best solutions for the 
IVPF-positive ideal solution (IVPFPIS) and IVPF-negative ideal solution (IVPFNIS), re-
spectively. The results stated do not differ considerably from one another, even though 
the maximum operator and minimum operator define IVPFNIS and IVPFPIS. 

Step 4. Calculate the distance measurement. 

The distance measure is calculated using a fuzzy normalized Euclidean distance 
equation. The positive and negative distance measures in the following equations are de-
termined using ₰௤ା and  ₰௤ି , respectively. 

ቂ൫₰௤ା൯୐, ൫₰௤ା൯୙ቃ =
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⎢⎢⎢
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⎞
⎦⎥⎥
⎥⎥⎥
⎥⎥⎤
. (3)

(2)

where q̂ =

 [
mL

q̂
, mU

q̂

]
,[

pL
q̂

, pU
q̂

]
,
[
nL

q̂
, nU

q̂

].

Table 2 is used to conduct linguistic assessments of the alternatives.

Table 2. Linguistic components for an alternative ranking system.

Expression IVPFVs (m,p,n)

Extremely good (EG) ([0.90, 1], [0, 0], [0, 0])
Very very good (VVG) ([0.80, 0.85], [0.04, 0.1], [0.02, 0.05])

Very good (VG) ([0.70, 0.80], [0.04, 0.1], [0.05, 0.09])
Good (G) ([0.55, 0.70], [0.07, 0.14], [0.08, 0.13])

Medium good (MG) ([0.49, 0.60], [0.14, 0.17], [0.1, 0.18])
Fair (F) ([0.40, 0.50], [0.10, 0.20], [0.12, 0.25])

Medium bad (MB) ([0.35, 0.40], [0.15, 0.30], [0.26, 0.30])
Bad (B) ([0.10, 0.25], [0.24, 0.35], [0.26, 0.50])

Very bad (VB) ([0.05, 0.1], [0.04, 0.15], [0.40, 0.70])
Very very bad (VVB) ([0.01, 0.05], [0.14, 0.15], [0.60, 0.80])

Step 3. Determine the best solutions for IVPF.

τ+ = ([1, 1], [0, 0], [0, 0]) and τ− = ([0, 0], [0, 0], [1, 1]) are the best solutions for the
IVPF-positive ideal solution (IVPFPIS) and IVPF-negative ideal solution (IVPFNIS), respec-
tively. The results stated do not differ considerably from one another, even though the
maximum operator and minimum operator define IVPFNIS and IVPFPIS.
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Step 4. Calculate the distance measurement.

The distance measure is calculated using a fuzzy normalized Euclidean distance
equation. The positive and negative distance measures in the following equations are
determined using ¢+

q and ¢−
q , respectively.

[(
¢+

q

)L
,
(
¢+

q

)U
]
=




√√√√√√

((
mL

q̂
− τ+

)2
)
+(

pL
q̂
− τ+

)2
+
(

nL
q̂
− τ+

)2

,


√√√√√√

((
mU

m̂
− τ+

)2
)
+(

pU
q̂
− τ+

)2
+
(

nU
q̂
− τ+

)2




. (3)

[(
¢−

q

)L
,
(
¢−

q

)U
]
=




√√√√√√

((
mL

q̂
− τ−

)2
)
+(

pL
q̂
− τ−

)2
+
(

nL
q̂
− τ−

)2

,


√√√√√√

((
mU

q̂
− τ−

)2
)
+(

pU
q̂
− τ−

)2
+
(

nU
q̂
− τ−

)2




. (4)

Step 5. Determine the closeness coefficients’ (CCs’) values.

CCq denotes the CCs of the qth criterion, and it employs IVPFPIS ¢+
q and IVPFNIS

¢−
q as shown below.

CCq =

[(
¢−

q

)L
+
(
¢−

q

)U
]

[(
¢−

q

)L
+
(
¢−

q

)U
]
+

[(
¢+

q

)L
+
(
¢+

q

)U
] . (5)

Step 6. Calculate the weights of each criterion and alternative.

The CC values show the relative importance of each criterion. The concluded weights
are supposed to be calculated using normalization, and the weights’ sum should equal one.
A decision matrix, D, remains after steps 5 and 6.

[
C̆1 C̆2 . . . C̆n

]
D̆ =


ŭ11 ŭ12 . . . ŭ1r

ŭ21 ŭ22 . . . ŭ2r
...

...
. . .

...
ŭq1 ŭq2 . . . ŭqn

 (6)

Step 7. For IVPF, construct an expanded decision matrix.

By identifying the anti-ideal AI and ideal I solutions, an expanded decision matrix Ĕ
could be generated.

[
C̆1 C̆2 . . . C̆n

]
Ĕ =

Ă1

Ă2
...
Ăq

AI
I



ŭ11 ŭ12 . . . ŭ1r

ŭ21 ŭ22 . . . ŭ2r
...

...
. . .

...
ŭq1 ŭq2 . . . ŭqr

ŭai1 ŭai2 . . . ŭair

ŭid1 ŭid2 . . . ŭidr


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In this case, I performed the best, and AI performed the worst. Using Equations (7) and (8),
respectively, they can be determined.

AI = min
i

ŭij, if j ∈ B and max
i

ŭij, if j ∈ C. (7)

I = max
i

∼
u ij, if j ∈ B and min

i
ŭij, if j ∈ C. (8)

It is evident that B is made up of criteria of the benefit type, whereas C is made up of
criteria of the cost type.

Step 8. Construct the normalized IVPF decision matrix.

The procedure for determining the alternatives’ normalized value, ξ̆ij, is as follows.

ξ̆ij =


ŭaij
ûidj

, j ∈ B
ŭidj
ûaij

, j ∈ C
. (9)

Step 9. Construct the IVPF weighted decision matrix.

The weighted values for all options are calculated as follows.

C̆ij = ξ̆i j̆ j. (10)

C̆j in Equation (10) denotes the jth criterion’s relative relevance.

Step 10. Construct the matrix S̆i.

The values of the S̆i matrix are gained by applying Equation (11).

S̆i = ∑n
i=1 Cij. (11)

Step 11. Determine the various degrees of utility of the options. Equations (12) and (13),
when applied to alternatives, find the utility degrees of each alternative.

Ȳ−
i =

S̆i

S̆ai
. (12)

˘̄Y
+
i =

S̆i

S̆id
. (13)

Step 12. Determine the alternatives’ utility function.

By using Equation (14), the utility functions of alternatives can be calculated.

f(Ȳi) =
˘̄Y
+
i + ˘̄Y

−
i

1 +
1−f

(
˘̄Y
+
i

)
f
(

˘̄Y
+
i

) +
1−f

(
˘̄Y
−
i

)
f
(

˘̄Y
−
i

)
. (14)

In Equation (14), f
(
Ȳ +

i
)

represents the utility function of the ideal solution, whereas
f
(
Ȳ −

i
)

represents the utility function of the anti-ideal solution. Equations (15) and (16)
were used to determine f

(
Ȳ +

i
)

and f
(
Ȳ −

i
)
.

f
(

˘̄Y
+
i

)
=

˘̄Y
−
i

˘̄Y
−
i + ˘̄Y

+
i

. (15)
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f
(

˘̄Y
−
i

)
=

˘̄Y
+
i

˘̄Y
−
i + ˘̄Y

+
i

. (16)

Step 13. Rank the alternatives.

In the final stage, alternatives are ranked using the final values of the utility functions.
Stated differently, the most preferred alternative is the one with the highest utility value.

4.1. Assessment of Financial Risk Management

FRM recognizes, evaluates, and controls the risks affecting organizations investing
and operating in the financial markets and making business decisions. It encompasses
the methods applied in an organization to reduce the adverse effects of market, credit,
liquidity, and operational risks. These risks come from numerous areas, including exchange
rates, interest rates, stock prices, the credit risk of the borrowers, and operational risks.
Specifically, emphasizing how financial risk managers measure risks, several techniques
are applied, such as statistical analysis, stress tests, economic scenarios, and the application
of such instruments as options and futures. The aim is to try to maintain stability for the
long term, especially for banking institutions, investment houses, and companies engaged
in significant funds transactions.

MCGDM methods are essential because incorporating numerous factors when address-
ing risk management in FRM is a tremendous advantage. Financial risks have traditionally
contained dimensions where more than one criterion, which may sometimes be opposed,
forms the basis of decision-making, such as profitability, liquidity, market exposure, or
legal requirements. MCGDM assists financial managers in striking the above-competing
aims and selecting the best course of action based on several criteria. To summarize, the
application of MCGDM to FRM adheres to organized decision-making because it proposes
how criteria could be gauged, how trades-offs among them might be evaluated, and how
suitable options under conditions of uncertainty can be identified. More precisely, the
MARCOS method allows for the ranking and identification of the most preferable FRM
strategy. Thus, extending to an IVPF environment, MARCOS can adopt more uncertainty
and ambiguity in decision-making as the IVPF can offer a more liberal expression of fuzzy
data. This is particularly true where actual data may be imprecise or decision-maker
assessments more subjective.

The problem consists of applying the IVPF-MARCOS method to address a Financial
Risk Management decision regarding ten investment options assessed by seven criteria and
considering the opinions of five decision-makers. Each alternative may be an investment
or a financing plan, and each criterion defines a different dimension of financial risk. In
the context of FRM, the decision-makers are either experts or those who want to take
financial risks from another angle. They offer opinions on how well each of the alternatives
progresses in the seven criteria in the RFM model. Most may be from another department
or functional position within the financial institution or the organization.

(a) D1: Risk Management Officer;
(b) D2: Investment Analyst;
(c) D3: Compliance Officer;
(d) D4: Financial Controller;
(e) D5: External Financial Consultant.

4.1.1. Evaluation of Criteria

(a) Market Risk (C1): Short-term risks include the possibility of losses being realized due
to variations in factors such as stock prices and exchange rates.
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(b) Credit Risk (C2): Risks include the failure of debtors or counterparties to pay the
amount back in full on due dates.

(c) Liquidity Risk (C3): There is credit risk or inability to meet short-term liabilities.
(d) Operational Risk (C4): Internal variations risk association with corrupted internal

activities or programs (for instance, threats to cyber security).
(e) Legal/Regulatory Risk (C5): There are possible penalties for law violations or other

kinds of losses.
(f) Reputational Risk (C6): A counter risk may include damage to the company’s brand

or reputation.
(g) Return on Investment (C7): Projected returns on intended stocks are significant for

the best alternative investment.

These seven criteria have been chosen because they all cover the different aspects of
FRM. They include some fundamental factors of risk and return, which are quantitative
and qualitative, and form the basis for analyzing investment opportunities. These criteria
have been derived from a literature survey and consultation with financial management
experts, making them realistic and suitable for application in real-life financial decision-
making situations.

4.1.2. Evaluation of Alternatives

As stated in the FRM note, each alternative is a possible business or investment solution
that can be implemented or made in an organization. The alternatives should be varied
and consist of concepts of probable approaches to financial management regarding risk.

(a) A1: Conservative Stock Portfolio;
(b) A2: High-Yield Bond Investment;
(c) A3: Real Estate Investment Trust;
(d) A4: Venture Capital Investment;
(e) A5: International Market Diversification (IMD);
(f) A6: Commodities Investment;
(g) A7: Hedge Fund Investment;
(h) A8: Corporate Bonds Portfolio;
(i) A9: Government Securities, also known as Treasury Bonds;
(j) A10: Cryptocurrency Portfolio.

These alternatives are selected to represent as many possible scenarios concerning
financial investments as possible and, thus, check the proposed methodology’s efficiency
in the most practical cases possible. Their risks and returns are different, which allows
for a comparison of how the FRM algorithm is efficient. The diversity helps enhance the
generalization of the results, thus proving the efficiency of the methodological approach to
actual financial decision-making dilemmas. These ten alternatives used in the study ensure
good coverage while at the same time ensuring that the findings can be practically applied.
A detailed flowchart of the above-discussed methodology is given in Figure 1.

The alternatives are ranked using the MARCOS approach. This method determines
each platform’s utility by contrasting it with both ideal (best) and anti-ideal (worst) options.
The IVPF-MARCOS method’s ability to incorporate decision-maker hesitancies and various
levels of confidence by including the IVPFVs can result in a more accurate and consensus-
based option. In constructing the decision matrix in this research, five decision-makers, the
Risk Management Officer, Investment Analyst, Compliance Officer, Financial Controller,
and External Financial Consultant, assessed each criterion’s relevance and ranked the
alternatives. Predefined linguistic expressions representing evaluations included criteria
qualities such as “Very Important”, “Important”, and “Medium” and qualities of other
options such as “Extremely Good”, “Very Good”, and “Very Bad”. These linguistic terms
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were then translated into IVPFVs, as highlighted in Tables 1 and 2. For instance, a decision-
maker may assign an IVPF value to a particular criterion as “Very Important” with an IVPF
interval ([0.80, 0.85], [0.04, 0.06], [0.06, 0.09]). This ensures that a proven expert’s opinion
is understandable and can be replicated; the values capture the necessary vagueness of
decision-making. Incorporating these values enables the capturing of expert judgment so
that effective decision-making can be enhanced.
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Steps 1 and 2: Decision-makers evaluate the ten alternatives using the seven criteria
and the rating scales in Table 2 after completing linguistic assessments of the seven criteria
using the rating scales in Table 1. The linguistic assessments of the criteria and alternatives
are provided in Tables 3 and 4.

Table 3. Linguistic assessments for criteria rating.

E1 E2 E3 E4 E5

∁1 I M UI VI VU
∁2 M UI VI M I
∁3 M UI I M I
∁4 I M I M VI
∁5 VI VU M M UI
∁6 M I I UI I
∁7 M I UI M M
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Table 4. Linguistic assessments to rate the alternatives.

Alternatives Users
Criteria

∁1 ∁2 ∁3 ∁4 ∁5 ∁6 ∁7

A1

E1 MG G EG VVG MB G VB
E2 MG G VG F B MG G
E3 MG G VG F B MG G
E4 MG G VG F B MG G
E5 MG G VG F B MG G

A2

E1 G F MB EG MG EG VVB
E2 B MG MB G MB G F
E3 B MG MB G MB G F
E4 B MG MB G MB G F
E5 B MG G G MB G F

A3

E1 VVG F G VVG G MB VG
E2 G F G VG G MB MG
E3 G F G VG G MB MG
E4 G F G VG G MB MG
E5 G VB MG VG MG B MG

A4

E1 MB MG EG VVG MB B G
E2 MB MG VG VVG MB B G
E3 MB MG VG VVG MB B G
E4 MB MG VG VVG MB B G
E5 F G VG F MG B G

A5

E1 VVG F G VVG G MB MG
E2 G F G VG G MB MG
E3 G F G VG G MB MG
E4 G F G VG G MB MG
E5 G VB MG VG MG B MG

A6

E1 G F MB EG MG EG VVB
E2 B MG MB G MB G F
E3 B MG MB G MB G F
E4 B MG MB G MB G F
E5 B MG G G MB G F

A7

E1 MG G EG VVG MB G VB
E2 MG G VG F B MG G
E3 MG G VG F B MG G
E4 MG G VG F B MG G
E5 MG G VG F B MG G

A8

E1 F MG MG EG VVB G VVG
E2 F MG MG MB VVB G VVG
E3 F MG MG MB VVB G VVG
E4 F MG MG MB VVB F VVG
E5 F B VVG MB VB F B

A9

E1 MG G EG VVG MB G VB
E2 MG G VG F B MG G
E3 MG G VG F B MG G
E4 MG G VG F B MG G
E5 MG G VG F B MG G

A10

E1 F MG MG EG VVB G VVG
E2 F MG MG MB VVB G VVG
E3 F MG MG MB VVB G VVG
E4 F MG MG MB VVB F VVG
E5 F B VVG MB VB F B

Step 3: The committee determines the decision-maker’s ratings using Table 3. Next,
each decision-maker’s weight is extracted. Their weights are shown in Table 5.
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Table 5. Weights of decision-makers.

E1 E2 E3 E4 E5

Linguistic variables UI VUI M I UI
Weight (L) 0.155 0.155 0.218 0.218 0.254
Weight (U) 0.177 0.177 0.209 0.209 0.228

Step 4: Table 6 displays the aggregated IVPF decision matrix.

Table 6. IVPF decision matrix aggregated.

mL mU pL pU nL nU

∁1 0.487 0.579 0.072 0.118 0.155 0.219
∁2 0.579 0.650 0.084 0.155 0.085 0.143
∁3 0.534 0.610 0.084 0.169 0.085 0.152
∁4 0.641 0.709 0.064 0.124 0.073 0.122
∁5 0.353 0.518 0.109 0.161 0.144 0.215
∁6 0.569 0.652 0.072 0.141 0.080 0.149
∁7 0.421 0.528 0.130 0.224 0.102 0.164

Step 5: The results of calculating the IVPF weights, ¢+
q and ¢−

q for each criterion are
shown in Table 7.

Table 7. Weights of criteria.

¢+
q

L ¢+
q

U
¢−

q
L

¢−
q

U CC Normalized Weights

∁1 0.540442 0.488705 0.977849 0.979274 0.655374 0.137
∁2 0.437713 0.408946 1.086406 1.086444 0.719604 0.150
∁3 0.481489 0.451122 1.062941 1.058273 0.694609 0.145
∁4 0.371787 0.338754 1.129175 1.1351 0.761148 0.159
∁5 0.672038 0.551701 0.932336 0.954432 0.606579 0.127
∁6 0.44395 0.404112 1.083945 1.081025 0.718535 0.150
∁7 0.60237 0.547256 0.999808 1.013664 0.636551 0.133

Step 6: The variables m, p, and n are determined in the next step using Table 4, just like
in Step 4. Table A1 presents these values. Second, Table A1 is used to generate Table A2.

Step 7: Using the CC values from Table A2, we construct an extended decision matrix,
as shown in Table A3.

Step 8: Each criterion’s normalized values are computed. The normalized IVPF
decision matrix is shown in Table A4. Table A5 shows the weighted normalized IVPF
decision matrix.

Step 9: Applying Equations (11)–(16), we obtain Table 8.

Table 8. Utility functions of alternatives and utility degrees.

Si
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A1 0.793 1.233 0.793 0.392 0.608 0.634 6
A2 0.778 1.209 0.778 0.392 0.608 0.621 8
A3 0.891 1.385 0.891 0.392 0.608 0.712 3
A4 0.898 1.396 0.898 0.392 0.608 0.717 1
A5 0.896 1.392 0.896 0.392 0.608 0.715 2
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A6 0.788 1.225 0.788 0.392 0.608 0.630 7
A7 0.825 1.282 0.825 0.392 0.608 0.659 4
A8 0.721 1.120 0.721 0.392 0.608 0.576 10
A9 0.826 1.283 0.826 0.392 0.608 0.659 5
A10 0.776 1.206 0.776 0.392 0.608 0.620 9

Figure 2 shows the graphical representation of the ranking of alternatives.
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5. Result Discussion
The financial risk assessment further shows that A4 and A5 are the most advantageous

for venture capital investment due to their high growth factor but low risk. Real estate
investment trusts (A3) are also on the favorable side, giving stability with moderate gains.
(A9) Government securities and (A8 ) corporate bonds are ranked slightly down due to
their attractive risk–reward profile, essentially benefiting the conservatives. Nevertheless,
high-risk, low-return investments, like cryptocurrency (A10), and commodities (A 6), are
placed at the bottom of the pyramid since they tend to be relatively unstable compared to
more reliable investment forms. Thus, the presented rankings reflect the expanse regarding
risk–return constraints, which may suit conservative and large risk-taker investors. The
proposed IVPF-MARCOS methodology is further demonstrated to be strong conceptually
by the ability to accommodate various investment alternatives and possibilities, as well as
the required criteria under conditions of risk and fuzziness. Using the IVPF framework,
the methodology can minimize hesitation and incomplete information, which could be a
problem in managing financial risk. Furthermore, the repetitions in ranking and evaluating
the alternatives over a broad range of scenarios prove the reliability of the framework. The
current study does not compare the framework on large datasets to see how it performs in
different decision-making scenarios. Still, the results imply that the framework could be
extended to accommodate the differences. This robustness, in turn, is underpinned by the
diverse investment options and criteria captured by this model, making it well-suited for
various financial environments where investments might exist.
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6. Comparison Analysis
Table 9 compares the IVPF-MARCOS methodology and other modern decision-making

methodologies such as ESP-COMET [31], SESP-SPOTIS [32], TOPSIS [33], VIKOR [12],
WASPAS [34], and AHP [35]. When comparing these methods, the criteria considered
are the management of uncertainty, computational cost, the flexibility of the methods,
and their applicability in FRM. The IVPF-MARCOS approach is identified because of its
data conversion, where IVPF data are well handled and given the flexibility of capturing
uncertainties and impreciseness in financial decision-making. For compromise solutions,
the framework also helps maintain stability and objectivity while dealing with MCGDM.
Both ESP-COMET and SESP-SPOTIS offer more contemporary approaches; however, they
do not incorporate uncertainty and decision-maker preferences to the level that makes IVPF-
MARCOS possible. This comparison further supports the choice of IVPF-MARCOS for this
research as it affirms that this method is more appropriate and efficient than traditional
and other FRM approaches.

Table 9. Comparison analysis.

Methods Uncertainty
Handling

IVPF Data
Compatibility

Computational
Complexity

Decision-Making
Clarity

Methodological
Flexibility

Ease of
Implementation

Novelty of
Approach Robustness in FRM

IVPF-MARCOS Strong Fully compatible High High High High High High
ESP-COMET Moderate Limited High Moderate Moderate Low Moderate Moderate
SESP-SPOTIS Moderate Limited High Moderate Moderate Low Moderate Moderate

TOPSIS Weak Limited High Moderate Moderate High Moderate Moderate
VIKOR Moderate Limited High High Moderate High Moderate Moderate

WASPAS Strong Limited High High High Moderate Moderate High
AHP Weak Limited Low Low Low High Low Low

6.1. Sensitivity Analysis

This sensitivity analysis was performed to study the effects of variation in linguistic
terms on the weights affecting the decision-makers and, consequently, on the ranking of
alternatives. As for the position of each alternative, Figure 3 illustrates how changing the
values of the linguistic terms influences the ranking. The results also reveal that while
some alternatives have a relatively fixed ranking format when tested across all scenarios,
some experience a dramatic decline in ranking, suggesting possible sensitivity to shifts
in decision-maker preferences. Thus, this analysis enabled us to justify the selection of
the specified model and learn which alternatives are likely to be more influential when
decision-maker opinions are different. This is especially important for revealing consistent
activities that could be considered promising, no matter if one changes the weight the
decision-maker has and confirms the effectiveness of the proposed MARCOS technique.
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Sensitivity analysis was performed where the weights assigned to the criteria were
altered purposefully, and changes in the ranking of the alternatives were noted. As Figure 3
indicates, the rankings remained relatively stable under various conditions, showing
that the proposed method is robust. To see the reliability of the ranking, we used the
Spearman correlation coefficient proposed by Al-HameedKhawla [36] and found that
the ranking results are reliable. Such a method is applied in many studies, including by
Hussain et al. [37]. Other correlation coefficients can be used as well, such as Sałabun
& Urbaniak [30,38]. The Spearman correlation values demonstrated a high measure of
stability, indicating the reliability of the IVPF-MARCOS in comparing investment prospects
accurately [39].

6.2. Advantages of the Study

This study has the following advantages:

(a) In FRM decision-making, the IVPF-MARCOS algorithm enhances the incorporation
of fuzzy information; hence, better conclusions can be formulated compared to tradi-
tional methods.

(b) This research offers a framework for assessing multiple investment options based on
different metrics to select the best investment that will assist financial decision-makers
in achieving their objectives.

(c) Created by involving multiple stakeholders, the framework increases the solidity and
reliability of the assessments and guarantees that various opinions will be taken into
consideration during decision-making.

(d) The IVPF-MARCOS model is suited to addressing the issues of computational softness
and flexibility that arise due to the complexity and vagueness of financial data while
making it more viable in almost all the domains of finance and accounting.

(e) It is the first study that delivers a practical solution, applying enhanced fuzzy methods
within MCGDM for the evaluation of financial risks for stocks and stones for future
researchers and improvements.

(f) This research will be useful to organizations as it presents a reliable method of assess-
ing investment opportunities and their relation to long-term financial objectives as
organizations plan for their future.

(g) This research is useful in deepening the knowledge of financial risks and strengthening
financial decision-making, which will ultimately improve a firm’s ability to prepare
for and mitigate such risks.

7. Conclusions
This paper introduced a new framework for FRM with MARCOS combined with

IV-PFS, which constructs a powerful MCGDM method that is useful in the stochasticity of
financial data. Classical formulations of FRM do not encompass the capacity for modeling
and measuring financial risk in sufficient detail to address today’s actual conditions, which
are replete with probabilities and uncertainties. IVPF is integrated into the proposed IVPF-
MARCOS method, as it offers a more systematic way of handling fuzziness, such as ranging
from varying partial membership to complete non-membership and hesitation degrees;
thus, it should offer enhanced risk analysis precision. By analyzing ten investment options
against seven critical success factors elicited from five key decision-makers, this case study
revealed the practicability of the proposed IVPF-MARCOS framework and the way it
improves decision-making. Analysis shows that it not only addresses uncertainties arising
from big data well but also provides a means to make more informed decisions given a
variety of viewpoints. In conclusion, the IVPF-MARCOS framework greatly enhances the
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process of financial decision-making under uncertainty by providing a more flexible and
accurate way for the evaluation of risk in a vacillating environment.

7.1. Limitations

However, the following limitations can be identified in this study, which introduces
some improvements in applying the IVPF-MARCOS model to the FRM. First, objective
factors can also inform an expert’s opinion, thus narrowing down the decision-making
process. Second, although ten alternatives and seven criteria comprehensively helped
evaluate the methodology, the results of this research cannot be applied to all financial
contexts or environments. Third, potential issues arise from large-scale, dynamic, real-
world environments that this research has not directly investigated. Finally, the extent
to which the proposed framework holds across different and other financial situations
(external validity or heterogeneity) has to be examined, as its internal validity can be verified
through the accumulation of more research and possibly new datasets. It is suggested that
further research can assess how the presented approach will work under different and
changing economic environments.

7.2. Future Research

Further research could perhaps extend the use of the IVPF-MARCOS algorithm across
all financial domains, including banking and financial investment, to ensure that it is
constructive in other domains as well. Furthermore, exploring the applicability of IVPF-
MARCOS with other MCGDM models, such as TOPSIS [33], the fuzzy neural network [40],
and ordinary fuzzy differential equations [41], can establish this algorithm’s decision-
making strength. Adapting the option for real-time updated financial information and
analysis would also enhance the practical risk measurements. Additionally, exploring the
various fuzzy techniques regarding the solving process would enhance the decision-making
option. Potential areas of research and development of the IVPF-MARCOS approach
include longitudinal research to evaluate the effectiveness of the medical diagnosis [42],
the sliding mode control of discrete-time systems [43], switching systems [44], TS fuzzy
systems [45], and construction material selection [46].
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Appendix A

Table A1. The aggregated m, p, and n values for alternatives by criterion.

∁1 ∁2 ∁3

mL mU pL pU nL nU mL mU pL pU nL nU mL mU pL pU nL nU

A1 0.490 0.600 0.140 0.170 0.100 0.180 0.550 0.700 0.070 0.140 0.080 0.130 0.747 0.033 0.000 0.000 0.000 0.000
A2 0.192 0.329 0.198 0.298 0.216 0.394 0.477 0.511 0.133 0.175 0.103 0.191 0.408 0.343 0.124 0.252 0.193 0.248
A3 0.603 0.735 0.064 0.132 0.064 0.110 0.326 0.428 0.079 0.187 0.163 0.316 0.535 0.680 0.083 0.146 0.085 0.140
A4 0.363 0.424 0.135 0.273 0.214 0.288 0.506 0.625 0.117 0.163 0.094 0.167 0.747 0.739 0.000 0.000 0.000 0.000
A5 0.603 0.735 0.064 0.132 0.064 0.110 0.326 0.428 0.079 0.187 0.163 0.316 0.535 0.680 0.083 0.146 0.085 0.140
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Table A1. Cont.

∁1 ∁2 ∁3

mL mU pL pU nL nU mL mU pL pU nL nU mL mU pL pU nL nU

A6 0.192 0.362 0.198 0.298 0.216 0.394 0.477 0.584 0.133 0.175 0.103 0.191 0.408 0.488 0.124 0.252 0.193 0.248
A7 0.490 0.600 0.140 0.170 0.100 0.180 0.550 0.700 0.070 0.140 0.080 0.130 0.747 0.739 0.000 0.000 0.000 0.000
A8 0.400 0.500 0.100 0.200 0.120 0.250 0.411 0.538 0.161 0.200 0.127 0.227 0.598 0.680 0.102 0.151 0.066 0.134
A9 0.490 0.600 0.000 0.170 0.100 0.180 0.550 0.700 0.070 0.140 0.080 0.130 0.747 0.739 0.000 0.000 0.000 0.000
A10 0.400 0.500 0.100 0.200 0.120 0.250 0.411 0.735 0.161 0.200 0.127 0.227 0.598 0.735 0.102 0.151 0.066 0.134

∁4 ∁5 ∁6

mL mU pL pU nL nU mL mU pL pU nL nU mL mU pL pU nL nU

A1 0.494 0.596 0.087 0.177 0.091 0.188 0.144 0.279 0.223 0.341 0.260 0.457 0.500 0.620 0.126 0.164 0.097 0.170
A2 0.644 0.549 0.000 0.000 0.000 0.000 0.374 0.389 0.148 0.271 0.224 0.274 0.644 0.549 0.000 0.000 0.000 0.000
A3 0.718 0.810 0.040 0.100 0.043 0.081 0.535 0.680 0.083 0.146 0.085 0.140 0.294 0.369 0.169 0.311 0.260 0.337
A4 0.736 0.803 0.050 0.117 0.032 0.072 0.389 0.453 0.147 0.264 0.204 0.267 0.100 0.250 0.240 0.350 0.260 0.500
A5 0.718 0.810 0.040 0.100 0.043 0.081 0.535 0.680 0.083 0.146 0.085 0.140 0.294 0.369 0.169 0.311 0.260 0.337
A6 0.644 0.636 0.000 0.000 0.000 0.000 0.374 0.442 0.148 0.271 0.224 0.274 0.644 0.636 0.000 0.000 0.000 0.000
A7 0.494 0.596 0.087 0.177 0.091 0.188 0.144 0.279 0.223 0.341 0.260 0.457 0.500 0.620 0.126 0.164 0.097 0.170
A8 0.514 0.355 0.000 0.000 0.000 0.000 0.020 0.062 0.102 0.150 0.541 0.776 0.485 0.625 0.083 0.164 0.097 0.173
A9 0.494 0.596 0.087 0.177 0.091 0.188 0.144 0.279 0.223 0.341 0.260 0.457 0.500 0.620 0.126 0.164 0.097 0.170
A10 0.514 0.735 0.000 0.000 0.000 0.000 0.020 0.735 0.102 0.150 0.541 0.776 0.485 0.735 0.083 0.164 0.097 0.173

∁7

mL mU pL pU nL nU

A1 0.495 0.636 0.064 0.142 0.103 0.175
A2 0.351 0.367 0.105 0.190 0.154 0.307
A3 0.530 0.646 0.115 0.155 0.090 0.159
A4 0.550 0.700 0.070 0.140 0.080 0.130
A5 0.490 0.600 0.140 0.170 0.100 0.180
A6 0.351 0.440 0.105 0.190 0.154 0.307
A7 0.495 0.636 0.064 0.142 0.103 0.175
A8 0.707 0.783 0.063 0.133 0.038 0.085
A9 0.495 0.636 0.064 0.142 0.103 0.175
A10 0.707 0.735 0.063 0.133 0.038 0.085

Appendix B

Table A2. The aggregated IVPF decision matrix of alternatives.

∁1 ∁2 ∁3
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q
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q
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q
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q
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q
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¢−
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A1 0.54 0.47 1.03 1.03 0.67 0.46 0.36 1.07 1.13 0.73 0.25 0.97 1.25 1.00 0.65
A2 0.86 0.83 0.83 0.75 0.48 0.55 0.55 1.02 0.97 0.64 0.63 0.75 0.91 0.86 0.56
A3 0.41 0.32 1.12 1.16 0.76 0.70 0.68 0.90 0.83 0.56 0.48 0.38 1.06 1.11 0.72
A4 0.69 0.70 0.88 0.87 0.56 0.52 0.44 1.04 1.05 0.69 0.25 0.26 1.25 1.24 0.83
A5 0.41 0.32 1.12 1.16 0.76 0.70 0.68 0.90 0.83 0.56 0.48 0.38 1.06 1.11 0.72
A6 0.86 0.81 0.83 0.77 0.49 0.55 0.49 1.02 1.01 0.66 0.63 0.62 0.91 0.93 0.59
A7 0.54 0.47 1.03 1.03 0.67 0.46 0.36 1.07 1.13 0.73 0.25 0.26 1.25 1.24 0.83
A8 0.62 0.59 0.97 0.92 0.61 0.62 0.55 0.98 0.96 0.62 0.42 0.38 1.11 1.11 0.74
A9 0.52 0.47 1.02 1.03 0.67 0.46 0.36 1.07 1.13 0.73 0.25 0.26 1.25 1.24 0.83
A10 0.62 0.59 0.97 0.92 0.61 0.62 0.40 0.98 1.08 0.67 0.42 0.33 1.11 1.15 0.75
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Table A2. Cont.

∁4 ∁5 ∁6
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q
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q
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A1 0.52 0.48 1.04 1.02 0.67 0.92 0.92 0.79 0.70 0.45 0.52 0.45 1.04 1.05 0.68
A2 0.36 0.45 1.19 1.14 0.74 0.68 0.72 0.87 0.87 0.55 0.36 0.45 1.19 1.14 0.74
A3 0.29 0.23 1.20 1.23 0.82 0.48 0.38 1.06 1.11 0.72 0.77 0.78 0.81 0.82 0.51
A4 0.27 0.24 1.22 1.23 0.83 0.66 0.66 0.90 0.90 0.58 0.97 0.97 0.78 0.66 0.43
A5 0.29 0.23 1.20 1.23 0.82 0.48 0.38 1.06 1.11 0.72 0.77 0.78 0.81 0.82 0.51
A6 0.36 0.36 1.19 1.18 0.77 0.68 0.68 0.87 0.89 0.56 0.36 0.36 1.19 1.18 0.77
A7 0.52 0.48 1.04 1.02 0.67 0.92 0.92 0.79 0.70 0.45 0.52 0.45 1.04 1.05 0.68
A8 0.49 0.64 1.12 1.06 0.66 1.12 1.23 0.47 0.28 0.24 0.53 0.44 1.03 1.05 0.68
A9 0.52 0.48 1.04 1.02 0.67 0.92 0.92 0.79 0.70 0.45 0.52 0.45 1.04 1.05 0.68
A10 0.49 0.27 1.12 1.24 0.76 1.12 0.83 0.47 0.78 0.39 0.53 0.36 1.03 1.12 0.71

∁7

¢+
q

L ¢+
q

U
¢−

q
L

¢−
q

U ∁C

A1 0.52 0.43 1.03 1.05 0.69
A2 0.67 0.73 0.92 0.81 0.55
A3 0.49 0.42 1.06 1.07 0.70
A4 0.46 0.36 1.07 1.13 0.73
A5 0.54 0.47 1.03 1.03 0.67
A6 0.67 0.67 0.92 0.84 0.57
A7 0.52 0.43 1.03 1.05 0.69
A8 0.30 0.27 1.20 1.21 0.81
A9 0.52 0.43 1.03 1.05 0.69
A10 0.30 0.31 1.20 1.18 0.80

Appendix C

Table A3. IVPF decision matrix extended.

∁1 ∁2 ∁3 ∁4 ∁5 ∁6 ∁7

A1 0.672 0.729 0.648 0.673 0.447 0.682 0.687
A2 0.483 0.644 0.563 0.743 0.554 0.743 0.552
A3 0.759 0.557 0.716 0.824 0.716 0.513 0.701
A4 0.558 0.687 0.829 0.827 0.576 0.427 0.729
A5 0.759 0.557 0.716 0.824 0.716 0.513 0.672
A6 0.489 0.662 0.595 0.767 0.565 0.767 0.568
A7 0.672 0.729 0.829 0.673 0.447 0.682 0.687
A8 0.610 0.623 0.736 0.659 0.241 0.681 0.808
A9 0.675 0.729 0.829 0.673 0.447 0.682 0.687
A10 0.610 0.668 0.750 0.759 0.390 0.707 0.795

Appendix D

Table A4. IVPF decision matrix normalized.

∁1 ∁2 ∁3 ∁4 ∁5 ∁6 ∁7

A1 0.885 1.000 0.782 0.814 0.623 0.626 0.803717
A2 0.636 0.884 0.679 0.898 0.773 0.575 1
A3 1.000 0.764 0.864 0.996 1.000 0.833 0.787416
A4 0.736 0.942 1.000 1.000 0.804 1.000 0.757142
A5 1.000 0.764 0.864 0.996 1.000 0.833 0.821528
A6 0.645 0.909 0.717 0.927 0.788 0.557 0.9714
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Table A4. Cont.

∁1 ∁2 ∁3 ∁4 ∁5 ∁6 ∁7

A7 0.885 1.000 1.000 0.814 0.623 0.626 0.803717
A8 0.803 0.854 0.888 0.797 0.337 0.628 0.68261
A9 0.889 1.000 1.000 0.814 0.623 0.626 0.803717
A10 0.803 0.916 0.904 0.917 0.545 0.604 0.693778

I 1.000 1.000 1.000 1.000 1.000 1.000 1
AI 0.636 0.764 0.679 0.797 0.337 0.557 0.68261

Appendix E

Table A5. IVPF decision matrix weighted.

∁1 ∁2 ∁3 ∁4 ∁5 ∁6 ∁7

A1 0.121 0.150 0.113 0.129 0.079 0.094 0.107
A2 0.087 0.133 0.098 0.143 0.098 0.086 0.133
A3 0.137 0.115 0.125 0.158 0.127 0.125 0.105
A4 0.101 0.141 0.145 0.159 0.102 0.150 0.101
A5 0.137 0.115 0.125 0.158 0.127 0.125 0.109
A6 0.088 0.136 0.104 0.147 0.100 0.084 0.129
A7 0.121 0.150 0.145 0.129 0.079 0.094 0.107
A8 0.110 0.128 0.129 0.127 0.043 0.094 0.091
A9 0.122 0.150 0.145 0.129 0.079 0.094 0.107
A10 0.110 0.138 0.131 0.146 0.069 0.091 0.092

I 0.137 0.150 0.145 0.159 0.127 0.150 0.133
AI 0.087 0.115 0.098 0.127 0.043 0.084 0.091
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