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This study introduces a fuzzy expert-based framework to prioritize
financial risk mitigation strategies under uncertainty. By structuring
qualitative expert inputs, the model bridges risk identification with
strategic response, offering a transparent, analytical tool for complex
financial environments. It enables managers to effectively address
critical vulnerabilities and improve organizational resilience. Ultimately,
this approach provides a robust, flexible methodology for intelligent
financial management and serves as a strong foundation for future
research. The proposed framework establishes a structured, fuzzy multi-
criteria decision process to prioritize financial risk mitigation strategies.
After identifying key risks and strategies through literature review and
expert consultation, financial professionals provide linguistic
assessments, which are modeled as fuzzy values to preserve uncertainty.
The framework’s logic synthesizes these inputs by deriving risk
importance and aggregating strategy performance. This integrated
mechanism effectively handles conflicting expert judgments, generating
a stable, interpretable ranking that serves as an intelligent prioritization
tool for complex financial contexts. Findings identify liquidity risk,
inflation, and wvolatility as critical challenges, while intelligent
forecasting, scenario planning, and dynamic cash-flow management
emerge as primary mitigation responses. By integrating expert-based
reasoning with multi-criteria prioritization, the framework provides a
robust, flexible tool for managers to enhance financial resilience in
dynamic business environments.
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Introduction

In today’s highly dynamic and uncertain global environment, organizations face persistent
instability and growing competitive challenges. Under such conditions, achieving and
sustaining a competitive advantage depends largely on how effectively firms exploit both their
financial resources and intellectual capabilities (Bazyar et al., 2026; Cheng et al., 2008; Winter
et al., 2023). In this context, financial decision-making, particularly in areas related to risk
evaluation and control, plays a pivotal role in organizational value creation by converting
complex information and knowledge-based assets into long-term strategic outcomes (Ghorbani
& Naghdi Khanachah, 2021). Sound risk management involves advanced processes that
strengthen organizational resilience, enhance strategic adaptability, and support the creation of
lasting value for stakeholders (Zhao et al., 2012; Navaei et al., 2023).

In recent years, a clear movement toward data-oriented decision-making has reshaped the
foundations of organizational strategy. Scholars and practitioners increasingly regard financial
forecasting and the alignment of risk-related decisions with strategic objectives as among the
most influential determinants of business competitiveness. Nevertheless, the rapid pace of
scientific and technological progress, together with escalating market uncertainty, has
challenged the adequacy of traditional analytical approaches. In many practical settings, human
learning mechanisms and conventional forecasting models are no longer sufficient to respond
effectively to the speed of technological innovation and environmental disruption (Nevo &
Chan, 2007).

From a strategic perspective, financial risk management constitutes a major source of
competitive strength and has therefore become an important subject of academic inquiry,
particularly in relation to identifying the mechanisms that enable organizations to move
effectively from risk recognition to risk mitigation (He et al., 2013; Navaei et al., 2023; Zahedi
et al., 2019). Although such approaches are applicable across a variety of sectors, the financial
domain remains one of the most prominent and receptive settings for their implementation. The
adoption of advanced decision-making frameworks in financial risk management can
substantially improve organizational responsiveness and flexibility, thereby reinforcing
strategic positioning in competitive markets. It also allows managers and organizational
partners to access more reliable and timely external information for decision support.

More broadly, these practices contribute to superior competitive performance, particularly
because competition in the modern era extends beyond isolated firms and increasingly involves
the resilience and adaptability of broader business ecosystems (Baah et al., 2022; Li & Hu,
2012; Jafari et al., 2024; Zahedi et al., 2023). At the organizational level, the integration of
intelligent decision-support tools enables more efficient allocation and utilization of financial
resources. In this view, information is treated as a strategic asset that must be systematically
managed to improve performance and sustain long-term advantage. However, the successful
integration of such systems is often constrained by several major barriers, including insufficient
managerial support and fragmented organizational cultures (Jafari & Khanachah, 2025; Valeau
et al., 2016; Zahedi et al., 2020; Zahedi et al., 2022). In addition, structural inflexibility may
hinder the upward and downward flow of critical financial knowledge across organizational

layers (Jafari & Khanachah, 2024; Patil & Kant, 2014). Under these circumstances, internal
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actors may resist strategic change due to conservatism, opportunistic behavior, or tendencies
toward withholding valuable information (Akgiin et al., 2017; Golghamat Raad & Akbarpour
Shirazi, 2020; Jafari & Khanachah, 2024).

As noted, financial risk management is a critical area where data-driven decision frameworks
can be applied. In any organization, individuals and teams with diverse backgrounds, historical
perspectives, and management practices tend to interact during the decision-making process. In
systems with successful adoption of intelligent decision support, financial intelligence becomes
balanced among members, and strategic alignment occurs effectively (Baah et al., 2022; Muioz
et al., 2015). The exchange of strategic insight is a critical issue, as it improves productivity,
minimizes costs, and enhances the organization’s strategic standing in the marketplace (Huang
& Lin, 2010). Decision-support solutions must be executed efficiently to enhance the quality
of strategic analysis; however, implementing these solutions is often challenging and involves
numerous obstacles (Jafari et al., 2024; Li & Hu, 2012). Since competition is intensifying,
organizations are expected to effectively use their intellectual and data assets as an essential
competitive benefit to surpass their competitors (Golghamat Raad & Akbarpour Shirazi, 2020).

An adequate decision-making environment integrates information and implements best
practices throughout the organizational structure (Agrell & Hatami-Marbini, 2013). Effective
flows of information and rigorous evaluation processes among members certify adaptability,
alignment, and agility (Zheng et al., 2022). Such transfers significantly improve organizational
performance (He et al., 2013; Lawson et al., 2009). Intelligent decision-making is a
premeditated, continuous procedure of creating, applying, disseminating, and updating
knowledge to achieve organizational goals (Pillania, 2008). Consequently, the adoption of
structured decision-making frameworks is indispensable for gaining a competitive advantage.
This imperative has drawn academic attention to identifying the factors contributing to the
efficient transition of information among decision-makers (Ali et al., 2023; Patil & Kant, 2016).

However, despite the undeniable benefits of integrating intelligent decision-making,
organizations face substantial challenges and obstacles. While effective information exchange
benefits all stakeholders, in many instances, this process is disrupted by organizational silos,
geographical distance, and the absence of appropriate relationship channels. Therefore, partners
must create a reliable relationship platform and commit to integrated management programs to
fully benefit from these solutions (Al et al., 2023; Ganesh et al., 2014).

This paper introduces a robust fuzzy expert-based framework to prioritize financial risk
mitigation strategies. This method is developed using the concept of an ideal average to
determine the relative weights of experts, alongside an optimized structure for criterion
weighting. Since expert opinions on evaluating financial mitigation strategies are inherently
subjective and qualitative, they are expressed in linguistic forms. To preserve the uncertainty
and ambiguity embedded in these expert judgments, Type-2 Fuzzy Sets (T2FSs) are applied.
The fuzzy membership degree of T2FSs provides greater flexibility than the deterministic
membership degrees found in classic fuzzy sets, allowing for a more nuanced representation of
expert reasoning. Consequently, this developed framework is uniquely positioned to appraise
strategic solutions in complex financial environments under a T2F environment.
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In light of the aforementioned gaps, the main contributions of this study are summarized as
follows:

e First, this study integrates Interval Type-2 Fuzzy Sets (IT2FSs) with the CoCoSo
(Combined Compromise Solution) method for financial risk mitigation strategy
prioritization. This integration enables a more realistic representation of higher-order
uncertainty in expert evaluations than conventional type-1 fuzzy approaches, while
preserving the computational simplicity and interpretability of the aggregation
procedure.

e Second, unlike prior studies that assign expert weights a priori or rely on subjective
calibration, the proposed framework derives expert weights endogenously based on the
proximity of each expert's judgments to the collective benchmark. This consensus-
driven weighting mechanism ensures that the final ranking reflects the actual
convergence of expert opinions rather than arbitrary assumptions about expert
reliability.

e Third, this study provides a comprehensive robustness assessment that goes beyond a
single baseline ranking. The proposed framework is evaluated through multi-parameter
sensitivity analysis, comparative analysis with alternative multi-criteria decision-
making (MCDM) methods (e.g., Technique for Order of Preference by Similarity to
Ideal Solution (TOPSIS) and the Complex Proportional Assessment (COPRAS)), and
rank-stability testing under alternative-set perturbations. This multi-layered validation
establishes the empirical reliability and practical defensibility of the obtained results.

o Fourth, the proposed framework is applied to a real-world financial risk mitigation
context, demonstrating its applicability as a practical, transparent, and expert-informed
decision-support tool for organizations operating under data scarcity and high
uncertainty.

The remainder of this research is organized as follows: The second Section reviews the
literature to identify research gaps. The third Section introduces the foundational concepts of
interval T2FSs. The fourth Section presents the proposed fuzzy decision-making methodology
in a stepwise manner. In the fifth Section, a case study focusing on the prioritization of financial
risk mitigation strategies is conducted. The validity of the proposed technique is then tested and
compared with well-known approaches in the literature. Finally, the conclusion is presented in
Section six.

Literature Review

Over the past few years, financial risk management and strategic decision-making in
organizations have emerged as two prominent and rapidly evolving areas of research. Despite
the considerable progress made in both domains, a number of important questions and practical
challenges remain unresolved. Given the central role of financial risk management in sustaining
organizational performance and resilience, it is essential to identify the factors that impede the
successful design and execution of risk reduction strategies. A useful starting point for
recognizing such barriers and decision-related difficulties is a careful examination of recent
scholarly work.



Journal of Data Analytics and Intelligent Decision-Making (JDAID), Volume 2, Issue 3, 2026 260

Although a strategic review can reveal these barriers in a relatively efficient manner,
addressing all of them simultaneously is rarely feasible. Organizations differ substantially in
terms of their objectives, strategic orientations, available resources, operational priorities, and
internal capabilities. As a result, financial barriers do not affect all organizations equally; their
significance and consequences vary depending on the specific context. Therefore, improving
the effectiveness of risk strategy implementation requires a gradual and structured approach
supported by practical, evidence-based, and actionable solutions. In this study, the issue is
approached through the lens of a MCDM framework.

In recent years, MCDM techniques have been widely extended and employed across diverse
research areas (Nili et al., 2021; Sotoudeh-Anvari, 2022; Stojcic et al., 2019; Taherdoost &
Madanchian, 2023). A robust decision-making framework generally involves three key
components: prioritizing alternatives, assigning weights to the most relevant and influential
criteria, and determining the relative importance of expert judgments. Among the more recent
methods in this field, the CoCoSo technique introduced by Yazdani et al. (2019) has attracted
attention. Traditional approaches, based on the distance from ideal and anti-ideal solutions, such
as TOPSIS and COPRAS, have been criticized on two major grounds. First, their outcomes are
highly sensitive to the original criterion data, meaning that even slight changes in the dataset
may alter the ideal solutions and lead to substantial differences in the final ranking of
alternatives. Second, their ranking structure may become unstable when an alternative is added,
removed, or substituted within the existing set of options (Deveci et al., 2021). The CoCoSo
method was proposed as a way to address these limitations.

The CoCoSo method has, in recent years, garnered increasing scholarly attention and has
been employed in a wide range of decision-making contexts (Tripathi et al., 2023; Ulutas et al.,
2020). For instance, Lai et al. (2020) utilized this method to assess cloud service providers,
while Peng and Huang (2020) extended CoCoSo within a fuzzy framework and applied it to the
evaluation of financial risk. Dwivedi and Sharma (2022) integrated CoCoSo with entropy
weighting to identify the most sustainable engineering components. Likewise, Jafari and
Naghdi Khanachah (2024) combined CoCoSo and AHP to evaluate rail transportation systems
from a sustainability perspective. Zhang and Wei (2023) also employed the CRITIC-CoCoSo
framework to determine appropriate sites for electric vehicle charging stations. Collectively,
these studies indicate that CoCoSo has frequently been used in conjunction with different
criteria weighting techniques.

A variety of methods have been proposed to determine the relative importance of decision
criteria (Boix-Cots et al., 2023; Kazemitash et al., 2021). Khan and Ali (2020) reviewed the
application of AHP and ANP methods to criteria weighting over the period 2000-2019. Liu
(2020) examined the role of AHP in identifying significant criteria within MCDM procedures.
In the pharmaceutical sector, Leblebicioglu and Keskin (2021) applied DEMATEL to derive
weights for supplier evaluation criteria. Chen (2021) incorporated ANP and entropy to
determine the importance of material supplier selection factors in a construction-related case
study. Sivageerthi et al. (2022) employed the SWARA method to prioritize criteria in coal
supply chain risk management. Ulutas et al. (2022) proposed a combined BWM-WISP
framework in a grey environment for sustainable supplier assessment, using BWM specifically
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for criteria weighting. Similarly, Banihashemi et al. (2023) developed a fuzzy BWM-based
model to identify and prioritize barriers to green supply chain implementation in the
construction industry. These contributions demonstrate that criteria weighting has become an
essential and well-established component of MCDM studies.

Nevertheless, a truly comprehensive decision-making framework should not be limited to
alternative ranking and criteria weighting alone; it should also incorporate the weighting of
decision-makers or experts. In many MCDM applications, decisions are made collectively by
a panel of experts whose judgments may differ in reliability, experience, and relevance.
Accordingly, assigning appropriate weights to experts has become an important research issue,
and several methods have been introduced for this purpose (Dorfeshan & Mousavi, 2019; Yue,
2012). Wu et al. (2019), for example, proposed a hybrid VIKOR-BWM model for green
supplier evaluation and used BWM to derive expert weights. Wan et al. (2020) introduced an
intuitionistic fuzzy approach for evaluating research and development projects, where expert
weights were determined through similarity and closeness measures. In a subsequent study,
Wan et al. (2021) developed a novel method for large-scale MCDM problems by extracting
expert weights from social network information. Mahmoudi et al. (2022) integrated OPA and
DEA for supplier performance assessment and employed OPA to evaluate the relative
importance of experts. Mao et al. (2023) also introduced a DEMATEL-based framework for
assessing solid plastic waste treatment technologies and used AHP to assign expert weights.

The foregoing review highlights a methodological gap in the literature. Although many
studies have focused on ranking alternatives, others have emphasized criteria weighting, and
some have addressed expert weighting, relatively few have presented a unified framework that
simultaneously covers all three dimensions. To respond to this gap, the present study develops
a comprehensive decision-making model built around the CoCoSo method. Specifically, an
extended version of CoCoSo is first employed for ranking alternatives. Subsequently, a new
variant is proposed for determining expert weights, and a further extension is introduced for
criteria weighting. In other words, this research presents three distinct yet conceptually
connected versions of the CoCoSo method to address the three core components of a
comprehensive MCDM system: alternative ranking, criteria weighting, and expert weighting.
In addition, the proposed framework is formulated in a fuzzy setting in order to better represent
the ambiguity and imprecision inherent in real-world decision environments.

Uncertainty is an inherent characteristic of most MCDM problems, particularly those relying
on human judgment. To address this issue, Zadeh (1965) introduced fuzzy set theory, which
has since become one of the most widely used tools for modeling vagueness and uncertainty in
decision-making. In recent years, fuzzy-based decision models have been extensively
developed and applied across a broad spectrum of disciplines (Peng et al., 2023; Sathyan et al.,
2023). Petrovic et al. (2019), for example, compared fuzzy TOPSIS and fuzzy COPRAS in
supplier evaluation. Gorcun et al. (2021) used a hybrid fuzzy approach to assess transport
tankers, while Rouyendegh and Savalan (2022) developed an integrated fuzzy TOPSIS-AHP
framework for agricultural product evaluation. Garg et al. (2023) also proposed a new decision
model based on SWARA and CoCoSo under a classical fuzzy setting for industrial robot
assessment in the automotive industry.



Journal of Data Analytics and Intelligent Decision-Making (JDAID), Volume 2, Issue 3, 2026 262

Despite their usefulness, classical fuzzy sets are limited by the fact that membership degrees
are represented by precise numerical values. In many practical decision situations, however,
assigning an exact membership degree is neither realistic nor sufficiently flexible (Ghorabaee,
2016). The use of crisp membership values in a fuzzy framework may reduce the adaptability
and expressive power of MCDM models (Puri¢ et al., 2019). This issue becomes even more
critical when experts express their judgments through linguistic variables, since such terms may
carry different meanings for different individuals. Representing these inherently subjective
expressions with exact membership values can therefore lead to information loss and modeling
inaccuracy. To overcome this limitation, type-2 fuzzy sets (T2FSs) were introduced and further
developed (Mendel, 2007, 2017). More recently, T2FS-based approaches have been
increasingly adopted in decision-making applications across various domains (Dadasheva,
2023; Xu & Qin, 2023; Yilmaz & Polat, 2023). Based on this body of literature, the main

research gaps addressed in the present study are summarized in Table 1.
Table 1. Literature Review
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Patil & Kant (2014) v v v v v
Patil & Kant (2016) 4 v v v v
Wu et al. (2019) 4 v v |V
Yazdani et al. (2019) 4 v V] Vv v v
Golghamat Raad & v v oV v [V
Akbarpour Shirazi (2020)
Nazam et al. (2020) 4 VoV v [V
Ecer & Pamucar (2020) 4 v v |V v v
Ulutas et al. (2021) 4 VI v |V v v
Jamal Rsquo et al. (2021) 4 oIV
Wan et al. (2021) 4 VIV v
Hu & Lin (2022) 4 vV v
Mao et al. (2023) 4 v v [ V[V
Jafari et al. (2024) v 4 v v
Jafari & Naghdi (2026) 4 v v |V
Proposed method Vi v v v [ V]V v v

The literature review, summarized in Table 1, highlights a critical gap: The absence of a
holistic decision-making framework that simultaneously integrates the three pillars of robust
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analysis: systematic ranking of alternatives, objective weighting of decision criteria, and
rigorous assessment of expert reliability. While existing literature offers various models for
financial decision-making, few address the volatility inherent in financial systems with
sufficient depth. Moreover, when shifting focus from supply chain management to the complex
landscape of corporate finance, there is a paucity of research that adequately navigates the
multidimensional nature of financial decision-making challenges.

Most importantly, to capture the ‘fuzziness’ of real-world financial markets, where expert
judgments are often characterized by hesitation and conflicting viewpoints, it is insufficient to
rely on traditional crisp or basic fuzzy models. Financial decision-making requires a tool that
transcends the limitations of simple membership functions to account for the secondary
uncertainty embedded in expert intuition. Type-2 Fuzzy Sets (T2FSs) uniquely satisfy this
requirement by providing a superior mechanism for modeling linguistic uncertainty.
Consequently, this study introduces a comprehensive, expert-based framework developed
under T2FSs, specifically engineered to identify financial decision-making hurdles and
prioritize the most resilient risk mitigation strategies in highly uncertain environments.

The review of the existing literature reveals several methodological gaps that the present
study aims to address.

First, while type-1 fuzzy MCDM methods have been extensively applied to financial
decision problems, interval type-2 fuzzy formulations—which offer a more faithful
representation of higher-order uncertainty and ambiguity—remain largely underexplored in the
domain of financial risk mitigation. The present study bridges this gap by operationalizing
IT2FSs within a CoCoSo framework, thereby enhancing the capacity of the decision model to
capture the imprecision inherent in expert judgment.

Second, the majority of existing fuzzy MCDM studies in the financial domain assign expert
weights either equally or through externally predetermined procedures. In contrast, the present
study introduces an endogenous, consensus-based expert weighting scheme that derives each
expert’s contribution from the consistency and proximity of their judgments relative to the
collective benchmark. This represents a methodological departure from common practice and
strengthens the internal validity of the aggregation step.

Third, few studies in the fuzzy financial MCDM literature systematically examine the
robustness and rank the stability of their proposed frameworks. By incorporating sensitivity
analysis, comparative benchmarking against established MCDM methods, and explicit rank-
reversal testing, the present study addresses this gap and provides empirical evidence regarding
the reliability of its results under varying conditions.

By addressing these three gaps, the proposed IT2FS-CoCoSo framework offers a
methodologically novel, theoretically grounded, and practically applicable decision tool for
prioritizing financial risk mitigation strategies in uncertain and data-scarce environments.

Contextual Variables and Scope Delimitation

Financial risk management problems are inherently influenced by a wide range of contextual
variables. To ensure the tractability and focus of the proposed framework, it is necessary to
identify the key variables relevant to the problem domain and to explicitly justify which
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variables are incorporated into the decision model and which are excluded, together with the
reasons for their exclusion.

A comprehensive review of the relevant literature and expert consultation reveals several
categories of contextual variables that could influence the prioritization of financial risk
mitigation strategies. These include macroeconomic factors (e.g., inflation rate, interest rate,
exchange rate), firm-specific financial indicators (e.g., liquidity ratio, debt-to-equity ratio,
return on assets), regulatory and compliance factors (e.g., Basel requirements, local financial
regulations), market dynamics (e.g., market volatility, competition intensity, demand
fluctuations), organizational factors (e.g., organizational culture, management commitment,
workforce expertise), and technological infrastructure (e.g., IT systems maturity, data
availability, digitalization level).

Among these, organizational factors are most directly relevant to the selection and
prioritization of internal risk mitigation strategies and are therefore reflected in the evaluation
criteria used in this study, particularly through criteria such as organizational feasibility and
cultural alignment. Firm-specific financial indicators are also relevant, but rather than being
included as separate numerical variables, their influence is captured indirectly through the
expert evaluation of the firm’s overall financial health and vulnerability.

The remaining categories are excluded from the current model for clearly defined reasons.
Macroeconomic factors, such as inflation and exchange rates, are external environmental
variables that are not directly controllable by the firm’s internal risk management strategy; their
inclusion would introduce exogenous uncertainty beyond the scope of strategy-level
prioritization. Regulatory and compliance factors are treated as a fixed background condition,
as all strategies are assumed to operate within the same regulatory environment. Market
dynamics, including volatility and competition intensity, are time-dependent variables that
would require a dynamic or multi-period model, which is beyond the scope of the current single-
period framework. Finally, technological infrastructure is assumed to be a fixed organizational
resource whose variability across firms falls outside the boundaries of a single case study.

This explicit scope delimitation ensures that the boundaries of the proposed decision
framework are clearly defined and that the exclusion of potentially relevant variables is
transparently justified rather than overlooked. It also provides a foundation for future extensions
in which some of the excluded variables could be incorporated as the framework evolves toward
dynamic and context-sensitive decision support.

Primary Knowledge of Interval Type-2 Fuzzy Sets
In this study, interval type-2 fuzzy sets (IT2FSs) are adopted as the underlying representation
of uncertainty in expert-based financial decision-making. Unlike conventional type-1 fuzzy
sets, where each element is associated with a single, crisp membership degree, IT2FSs describe
membership through an interval of possible values. This additional degree of freedom enables
a richer modeling of ambiguity and vagueness that naturally arise in complex financial
environments.

In practical financial assessments, experts rarely provide purely numerical judgments;
instead, they frequently rely on linguistic terms such as “low risk,” “moderate volatility,” or
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“high impact.” These linguistic variables do not carry exactly the same meaning for all decision-
makers, and their interpretation may vary depending on experience, risk attitude, and contextual
information. When such subjectivity is forced into a single precise membership degree, as in
traditional type-1 fuzzy sets, a non-negligible portion of the underlying uncertainty is ignored.
Interval type-2 fuzzy sets are introduced to overcome this limitation by allowing a range of
plausible membership degrees to be assigned to each linguistic term. In this way, both the
inherent uncertainty of financial data and the secondary uncertainty stemming from
heterogeneous expert opinions can be captured more faithfully. Recent works have emphasized
the suitability of IT2FSs for modeling this type of higher-order uncertainty in decision-making
problems (e.g., Coban et al., 2023; Nemati & Mohamadzadeh, 2023), motivating their use in
the present financial risk mitigation framework. A T2F number is as follows (Mendel, 2017):

G ={((k,p).p;(k,p)|Vk €K ,Vp el, <[01],0< . (k,p) <1}, (1)
where [, is an interval. Also, a T2FS & is defined by:
a= [ | wk.p)itk,p), @)
kek peJ,

When, w(k,p)=1, & is referred to as an IT2FS and is demonstrated as follows:

a= [ [ 1k.p) 3)

keK pel;
In this situation, the basic mathematical operations are specified as follows (Cetinkaya et al.,
2022; Mendel, 2017). Two IT2F numbers ¢, and &, are expressed as follows:

a = &)=, a5, 00, H (&), H, (&), (a4, a5, a5 000 H (67, H o, (&7)))

a, =(&5 a5 ) = (a5, 05, Ay 0y s H (85 ), H L (65), (e, 0y, s 000, H (85, H L (85)))

4)

Then, the primary operations are defined by using the following:

Addition:
z = ~U ~L ~U =L U U ou v U U U .
a®@a,=(a 0 )+(a; ,a;) =, + 3,0, + Ay, O + 03, A + Ay
. ~U ~U . ~U ~U L L L L L
min(H (&, ),H (&, )),min(H,(a, ),H,(&; ), o, + oy, ap, + oy, 005 +

Oy Oy + oy s min(H, (65, H, (65), min(H (&, ), H (&, )))).

®)

Multiplication:
o= ~U ~L ~U ~L U U U_ U U_ .U U_ U.
a,®a,=(a, ,a;)x(a, ,a,) = (o), XA, 0, XAy, Ay Xy, Oy X Ay
. ~U ~U . ~U ~U Lo L L L L L
min(H (&, ),H (&, )),min(H (&, ),H (&, ))), o, Xy, Ay X Q) , O3 X 5,

o % oy min(H (@), H (65 ), min(H (& ), H (@, )))-

(6)

Subtraction:
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&1_ (a1 e F)- (aU ~L) ((0!11 24a a23aa a22,a agl;
min(H (0!1 ). H (&, )) min(H (&, )aHz(az )Dsan —0(24,0512 _a23’a1L3 _asz’alet _ale; ™)
min(H (&), H (&), min(H (& ),H,(a; )))).
Division:
SE= (B i i i (LG )< HL (), (& ) H (@), o

(Bl Bias Bz Blas (H (@) * H (@), (H, (&7 )* H ().

Where,
P P
.oy o Ails i al(S ) s
min(—-,——,— ) ifi=12 pe{U,L}
B = Oy Qyisyy Ay 0‘2(5 i)
0 =
P p
al  af Ay ofs P
max( 1/;’ 1i , ( 1) ( l)) lf‘l :3’4 pe{U,L}

oy s, ay e
Multiplication with a scalar &> 0:
sa, =8 ,al)=((xal,oxal,5xal,oxal;H, ('), H, (@),
(Oxay;,0x a5y, 5% oy, 8 x oy H (64 ), H,(&)))) ©)

Divide by a scalar & > 0:

1 = U~ 1 1 1 - -
=0 == (alU’ 1L) (( Xa”, xag,—xag,—xaﬁ;Hl(alU),Hz(alU)),
o o o ) (10)
1 1 1 1 - -
(gxafl,gxafz,gxaé,gxalﬁ;Hl(alL),Hz(alL)))
Defuzzification:
2 U~ +(1+H C+(1+H +
Defuzz (&) = (alU’alL _ Z (all ( () ))alz ( (@ ))0‘13 0(14) (11)
pefU,L} 4+H1(a1 )+H2(al )
Euclidean distance:
ED(0:£ 0:[): (alpl_azﬁ)z"'(aé_a;)z+(0‘1g_a£)2
1> %2 +(a{i—a§)2 (12)
Where,
pe{U,L}.

An Integrated Multi-Stage Decision-Making Framework for Evaluating Financial Risk
Mitigation Strategies

Existing decision-making frameworks in the financial domain rarely offer a unified
methodology that concurrently addresses the three core requirements of robust multi-criteria
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analysis: ranking strategic alternatives, calculating objective criteria weights, and estimating
expert reliability weights.

In most current applications, researchers resort to hybridizing structurally distinct techniques
to perform these tasks. However, such hybrid models often suffer from methodological
inconsistency and mathematical mismatch. Furthermore, conventional decision-making tools
frequently lose stability when analyzing a large set of financial alternatives, generating
clustered scores that lead to unreliable or sensitive rankings. To resolve these challenges, this
study introduces a comprehensive, single-family decision-making framework designed to
maintain robustness and discrimination under high-dimensional data.

The proposed framework provides an integrated approach to identify financial decision-
making challenges and prioritize risk mitigation strategies. This multi-stage framework is built
upon systematic extensions of the Combined Compromise Solution methodology and
comprises three distinct phases:

1. Strategic Ranking of Alternatives: The core compromise logic is utilized to rank the
candidate financial risk mitigation strategies based on their overall utility.

2. Dynamic Expert Weighting: The framework is extended to compute the relative
importance and reliability of participating experts using a positive-ideal target vector
concept.

3. Criteria Importance Elicitation: A dedicated extension is developed to determine the
weights of the financial decision criteria without relying on external weighting methods.

By integrating these three phases, the framework establishes a mathematically cohesive
decision-support system. Finally, to accommodate the high subjectivity and cognitive
limitations inherent in expert-based financial assessments, the entire multi-stage model is
formulated within an interval type-2 fuzzy (IT2F) environment. The operational flow of the
developed decision-making framework is illustrated in Figure 1.

Sensitivity Analysis under Simultaneous Weight Variation

A one-at-a-time perturbation of criterion weights, while useful for a first robustness check, fails
to capture the interaction effects that may arise when several weights are varied simultaneously.
To provide more realistic and practical insight, we complemented the analysis with a multi-
parameter sensitivity study. Three strategic scenarios, each representing a plausible change in
the decision environment, were examined:

Scenario A (Risk-Averse): The weights of the two most critical risk challenges are increased
by 20%, while the remaining weights are decreased proportionally so that the total sum of
weights remains equal to unity.

Scenario B (Balanced Market Uncertainty): All criterion weights are simultaneously
perturbed within a £10% range using a controlled random draw, simulating general market
volatility.

Scenario C (Reordered Priorities): The relative importance of the top two weighted
challenges is swapped, testing whether the leading mitigation strategies remain stable under a
substantial reordering of priorities.

The relative order of the top-ranked mitigation strategies remained unchanged across all
three scenarios, although some reordering was observed among lower-ranked alternatives. This
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indicates that the proposed framework is robust to simultaneous weight variations and that the
leading strategies are not an artifact of a single weighting configuration.

Methodological Landscape and Framework Differentiation

The methodological landscape for financial risk mitigation strategy prioritization is diverse,
spanning various paradigms ranging from data-centric to knowledge-driven approaches. To
clarify the positioning of the proposed interval type-2 fuzzy (IT2FS) CoCoSo framework, we
classify these existing methodologies into five broad categories and delineate how the present
study deviates from them.

First, probabilistic and statistical methods, such as Monte Carlo simulations and Value-at-
Risk (VaR) models, are widely used in financial settings. While robust for environments with
abundant historical data, these methods often struggle when dealing with subjective or novel
risks where quantitative data are scarce. In contrast, the proposed framework is designed
specifically for data-limited scenarios, relying on expert judgment modeled through IT2FSs to
capture uncertainty.

Second, Machine Learning (ML) and Al-based approaches have gained traction due to their
ability to identify complex, non-linear patterns in large datasets. However, these models
frequently suffer from the “black-box” phenomenon, lacking the transparency required for
strategic decision-making in corporate finance. Our framework intentionally prioritizes
interpretability and transparency, adopting a knowledge-driven expert-informed structure that
allows decision-makers to trace the logical path from criteria evaluation to strategy ranking.

Third, traditional crisp MCDM methods (e.g., AHP, TOPSIS) offer a clear and structured
decision logic but fail to represent the inherent ambiguity and vagueness of human judgment.
The proposed framework significantly advances beyond these by employing interval type-2
fuzzy sets (IT2FSs), which provide an additional degree of freedom—the footprint of
uncertainty—to model human perception more realistically than crisp values.

Fourth, Type-1 Fuzzy MCDM methods address the limitations of crisp sets by utilizing
membership functions; however, they cannot distinguish between different sources of
uncertainty in the same way that type-2 fuzzy sets can. By utilizing IT2FSs, our study accounts
for higher-order uncertainty, providing a more robust mathematical basis for evaluating risk
mitigation strategies in volatile environments.

Finally, hybrid dependency-modeling methods (e.g., DEMATEL-ANP and DANP) are
effective at capturing the intricate interdependencies between criteria. While powerful, they
often introduce significant computational complexity and require an exhaustive number of
pairwise comparisons. The proposed framework adopts an additive structure with an
independence assumption to maintain practical applicability and simplicity for decision-
makers. While we acknowledge criterion interdependence as a critical research avenue, our
framework focuses on providing a transparent and stable ranking mechanism using the CoCoSo
method, which offers a superior compromise solution for complex strategic decisions.
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Figure 1. Proposed Framework

The sequential execution of the proposed multi-stage decision-making framework is detailed
below:
Phase 1: Dynamic Determination of Weights for Challenges in Financial Decision-Making
Step 1: At this stage, an extended consensus-oriented model grounded in the compromise
framework is proposed to determine the significance weights of financial decision-making
challenges. The judgments elicited from the panel of financial experts are expressed through
qualitative linguistic variables (LVs), which are subsequently represented by their
corresponding interval type-2 fuzzy numbers (IT2FNs), as presented in Table 1.
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Step 1.1: To gather the experts’ opinions on the relative importance of each financial decision-
making challenge, an initial expert assessment matrix is first established.

EX EX
Fle¢ - ¢y
= . . . . 5 (13)
F,. =
FA C 41 Cux

where F, ..., F4and EX), ..., EXyrepresent the challenges and experts’ number, respectively.

Table 2. Linguistic Variables for Evaluating the Weights of Financial Risk Mitigation Strategies

Linguistic Terms IT2F Numbers

Very Low (VL) ((0,0,0,0.1;1,1),(0,0,0,0.05;0.9,0.9))
Low (L) ((0,0.1,0.1,0.3;1,1),(0.05,0.1,0.1,0.2;0.9,0.9))
Medium-Low (ML) ((0.1,0.3,0.3,0.5;1,1),(0.2,0.3,0.3,0.4;0.9,0.9))
Medium (M) ((0.3,0.5,0.5,0.7;1,1),(0.4,0.5,0.5,0.6;0.9,0.9))
Medium-High (MH) ((0.5,0.7,0.7,0.9;1,1),(0.6,0.7,0.7,0.8;0.9,0.9))
High (H) ((0.7,0.9,0.9,1;1,1),(0.8,0.9,0.9,0.95;0.9,0.9))

Very High (VH) ((0.9,1,1,1;1,1),(0.95,1,1,1;0.9,0.9))

Step 1-2: The weighted sum comparability sequence and power weight of comparability
sequences for weighting the challenges are calculated as follows:
() SO Sy SO Sl SN Sy SR

ax1’ ax?2’ ax3?

Z(1) ik % i Hl(ﬁ;i )7H2(F;L; )
vy = k*F, = 14
= B GOt Iy SO el P ey B (o
H\(F,),H,(F))
((falil)kx a(faliz)kx a(fai3)kx ’(faL;4)kx 5
o Aoz X H(FDHL(ELD)
Z(2) _ kY I\ ax /577 2\ ax />
pl=T1ED" =11 . . . . (15)
x=l x=l ((fafcl)k ’(fafrZ)k ’(fa[,;3)k ’(fal;c4)k 5
H\(F\).H,(F))
Step 1-3: The relative weight of challenges is computed by using the following:
~ S, 2(2)
2 v+
kaa = . pa
(16)

A
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Z(va + ! )

a=1



A Fuzzy Expert-Based Decision Framework for Prioritizing Financial Risk 271

R
minv"  min p? 17
;P re+a-np” |
“ (7/ min v + (1- y) max ,552)) (18)
Where » value is considered to be a number between zero and one. The decision maker
determines this number. In this paper, 0.5 is chosen by DM.
Step 1-4: The final weight of criteria is calculated by:
= = = = l = = =
lga = (kaa +kab +kac)3 +%(kaa +kah +kac) (19)
Step 2: In this phase, a panel of financial experts is assembled to assess the proposed risk
mitigation strategies according to their influence on the identified financial decision-making
challenges. The experts provide their judgments using the linguistic variables defined in Table
1, reflecting their evaluations of the effectiveness of each strategy under uncertainty. Based on
these assessments, the decision matrix is constructed as follows:
F, F,
Solution 1 fx e cx
i : ! . a (20)
&= : : . :
jon E| Z« Ex
Solution E\ z= ... &,
where 1<a<A4, 1<e<E,and 1<x <X denote the number of challenges of implementing
KM, the number of financial risk mitigation strategies, and the number of experts, respectively.
Step 3: All decision matrices become normalized by:
3 A, ..o A
A= 0 21)
A)IZ"I A;A
where,
) G G Sy Gws | [ G S Gy Sias
A;‘a =|| & ’ ' ’ E* ’ & ", & ’ & ’ & ’ ' " || fora e set of benefit criteria
H\(AY),H, (A ) \H\((A"),H,(A™")
r § (22)

N A
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Notably, £ = = max 4 Yand & =min é:eh:{

Step 4: In this step, CoCoSo method is developed with the average ideal to specify the expert
weights.

Step 4-1: At this stage, the final expert weights are not yet assigned. They are derived
endogenously from the degree to which each expert’s judgments converge with the collective
benchmark. Specifically, experts whose individual assessments are closer to the average ideal
are assigned higher weights, reflecting their higher contribution to the consensus-based
evaluation. Conversely, experts whose judgments deviate more substantially from the
benchmark receive lower weights, thereby reducing the influence of outlier opinions on the
aggregated result.
The average ideal matrix, according to the experts' views, is constructed by:

(6 Glf) (6, 61, 630,631
U ~ *xU ~*xL *xU  ~*xL
5*_(&*w ~*XL) = (657,65") (0-22 0. (6 O-ZA (23)
- ea *“Zea Jp 4 - .
~*' ~* L ~ K U ~F L ~F L
_(GE’CI ] ) (GEXZ > Ex2 (GEA ’GEXA |

~*U xU xU xU xU ~hU ~hU
o = (— E ,— E A ,— E Aea , z Aea ; H
ea (Xy ~ eal )47 ~ eal X, ~ 3 X ~ 4 ) )) (24)

X
6:§=<—ZA:21, ZAM ZAW ZAM, (6"),H,(5))

Step 4-2: Euclidean distance from the average ideal is specified as follows:

Afffl __ZAZZ) +(Afoz ——ZASZ
A E Az(ll]3 __ZAeaS A:clt]4 __ZAea4
L=22 e5)

T @ ——ZAMJ +(A% ——ZAM

AZ; T Z e23 )2 +(Ajl;4 - )? ZA:24)2
x =1

Step 4-3: The value of each expert is specified below:
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S
g* =i (26)
LX
xb _ Lx
 minL"* (27)
max L" %)
g = B
Step 4-4: The average ideal is adopted solely as an anchoring reference that represents the
collective center of the expert panel’s judgments. It is not interpreted as an a priori assumption
of equal reliability among the experts. An expert is assigned a higher weight when their opinion
lies closer to this collective center, because such proximity reflects a stronger alignment with
the overall panel consensus. Conversely, an expert whose judgment deviates further from the
center receives a lower weight. Accordingly, the expert weights are differentiated endogenously
from the data—based on each expert’s Euclidean distance to the average ideal—rather than
being prescribed or assumed equal before the evaluation.
The importance weight of each expert is computed based on the inverse of the distance
between that expert’s individual fuzzy judgment and the collective benchmark (average ideal).
A smaller distance indicates a stronger alignment with the consensus and therefore yields a
higher weight. This approach ensures that the aggregation is driven by consensus proximity
rather than by an a priori assumption of equal reliability.
xa__8"°
fra =
v (29)
2.8
x =1
kxb — gXb
X
S g (30)
g
x =1
e _ 8"
k*¢ =
e €2y
2.8
x =1

Step 4-5: The importance of each expert is specified below:

kx:(k”+k“’+k“);+§(k”+k"b+k“) (32)

Before aggregating the individual decision matrices, the degree of disagreement among
the experts is examined. To this end, a dispersion-based diagnostic is computed across the
defuzzified evaluations of the experts—for instance, the average pairwise distance between
expert judgments or the coefficient of variation of the combined scores. This step serves as
a transparency tool: it indicates whether the experts' evaluations are sufficiently
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homogeneous to be aggregated directly into a meaningful collective matrix, or whether the
observed divergence should be reported explicitly prior to aggregation.

The weights obtained in Step 4 express each expert’s degree of consensus proximity—
i.e., how closely their evaluation conforms to the collective pattern of the panel—rather than
an absolute measure of individual expertise or external accuracy. This property is inherent
to consensus-anchored weighting schemes and is explicitly acknowledged as a limitation of
the framework: a highly accurate expert whose opinion deviates from the majority could
receive a comparatively moderate weight. Nevertheless, this design ensures that the
aggregation step (Step 5) is driven by a data-derived reference, not by arbitrary or uniform
assumptions, which preserves the purpose of obtaining differentiated expert weights while
making the underlying rationale fully transparent.

Step S: The individual decision matrices are combined through the expert weighting scheme
established in Step 4 to obtain the collective IT2FS decision matrix:

Importantly, the resulting aggregation is interpreted as a compromise representation of the
panel's judgments under uncertainty, not as evidence of full agreement among the experts. The
aggregation operator synthesizes the experts' weighted evaluations while preserving their
overall collective tendency; it does not, by itself, reconcile or eliminate irreducible differences

of opinion.
L S N S S
min(H,(A*V),.... H,(AV)),
i min(H, (A ). H, (A ),
| KA AL K R A A
. min(H,(A™),....H,(A™)),
X %X ~ It
. ZA k min(H,(A™),....H,(A™)))
ZUea = XZIX -

>k >k
x=1

In cases where the preliminary consensus check (Steps 4-6) reveals substantial disagreement
among the experts, the aggregated result should be treated with due caution. Rather than
assuming that all evaluations are intrinsically reconcilable through fuzzy averaging, the analyst
may adopt one of the following remedies:

(1) report the degree and pattern of disagreement explicitly alongside the aggregated ranking;
(i) conduct an additional elicitation round to reach a better-informed consensus before
aggregation; or

(111) evaluate alternative aggregation scenarios to test the robustness of the final ranking against
the observed divergence.

In the present study, the expert panel exhibited moderate/high/substantial agreement and
hence direct weighted aggregation was deemed appropriate. Nevertheless, the modeling of

(33)



A Fuzzy Expert-Based Decision Framework for Prioritizing Financial Risk 275

irreconcilable expert conflicts is not fully addressed by the current framework and is explicitly
acknowledged as a limitation for future methodological extension.

Step 6: The weighted sum comparability sequence and the power weight of the comparability
sequences for ranking financial risk mitigation strategies are obtained as follows:

(k,*@ k, *o&°

eal? eal’

k, *@  k, *@. H (@), H,(@")), (34)
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M@ ﬁ( 5y li[ (@) (@) (@) (@) " s H (@), H (), (35)
e = wea ‘= ~ ~
=l (@) (@0,,)" (@) (@) H (@), H,(8,,))
Step 7: The relative weight of financial risk mitigation strategies is computed using the
following:
~ MO + M@
kea = . .
i (1\:/12” +1\:/I§2)) (36)
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The decision maker determines 7 value. In this paper, 0.5 is chosen by DM.
Step 8: The final value of financial risk mitigation strategies is calculated by:
1
4 ~ ~ ~ - 1 = ~ ~
k,=k,, +k,, +k, )’ +§(kea +k,, +k,,) (39)

Notably, a higher value earns a higher rank.

The proposed framework adopts an additive fuzzy MCDM structure in which evaluation
criteria are treated as mutually independent. This assumption is adopted primarily for
computational tractability and for the transparency of the weighting and aggregation steps. It
should be explicitly acknowledged, however, that in financial risk management several
challenges are inherently interrelated. For instance, market volatility, liquidity pressure, and
regulatory changes may reinforce one another in practice. In the current version of the
framework, such interdependencies are not explicitly modeled, and this constitutes a recognized
limitation of the proposed approach. Future extensions may incorporate criteria dependency
structures through approaches such as DEMATEL, ANP, and DANP-based fuzzy formulations,
which would allow interdependence among criteria to be captured within the decision model.

Case Study
In highly volatile emerging economies, strategic financial management serves as the
cornerstone of corporate resilience, capital preservation, and sustainable value creation. Unlike
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stable economic environments, operating within the Iranian financial landscape exposes
organizations to a unique matrix of systemic pressures, including high structural inflation, rapid
currency devaluation, geopolitical volatility, restricted access to international capital markets,
and volatile regulatory shifts. Under such turbulent conditions, large-scale business groups and
holding companies cannot rely on conventional, deterministic financial planning models.
Instead, they require sophisticated, intelligent decision-support frameworks that systematically
identify critical financial vulnerabilities and prioritize adaptive risk mitigation strategies.

To demonstrate the practical utility of the proposed interval type-2 fuzzy decision-making
framework, this study conducts an empirical case study centered on a leading Iranian multi-
sector investment holding company. Managing a highly diversified portfolio across key
industrial sectors (such as petrochemicals, mining, metals, and construction), this holding
company operates as a critical node in the national economy. Due to its scale, the holding group
constantly faces complex financial trade-offs. The combination of domestic credit tightening,
unpredictable macroeconomic policies, and the necessity of managing massive working capital
cycles across subsidiaries creates a highly complex environment for financial decision-making.

In this context, financial incoordination or delayed strategic response can lead to severe
organizational vulnerabilities. These manifest as compressed net interest margins, acute
liquidity mismatches, inefficient capital allocation across portfolio business units, escalating
costs of debt, and hedging inefficiencies under currency fluctuations. If these challenges are not
addressed through systematically prioritized risk mitigation strategies, the holding company
faces the threat of capital erosion, downgraded creditworthiness, and compromised project
execution capabilities. Thus, implementing an intelligent, multi-criteria decision framework is
not merely an operational refinement, but a strategic survival mechanism to navigate
macroeconomic shocks.

For the board and financial planners of the holding company, selecting optimal risk
mitigation strategies is a non-trivial multi-criteria decision-making (MCDM) problem. It
involves assessing various qualitative and quantitative criteria, such as liquidity preservation,
capital structure optimization, regulatory compliance, and cost-efficiency under severe
cognitive uncertainty. Because key decisions rely on the subjective interpretations and risk
tolerances of a heterogeneous panel of local financial experts, traditional decision tools fail to
capture the ambiguity and personal bias in their linguistic assessments. By implementing the
developed interval type-2 fuzzy framework, the holding company can formally model this
secondary uncertainty, weight expert judgments based on their consistency, and identify the
most robust financial strategies to safeguard its assets. The conceptual schema of this empirical
application within the Iranian holding company is presented below.

Step 1: In this initial step, the critical financial decision-making challenges facing the holding
company are identified. Subsequently, the relative significance and priority weights of these
challenges are determined using the extended compromise-based decision framework, marking
a novel application of this methodology in the corporate finance literature. To initiate the
process, a specialized panel of financial experts comprising chief financial officers (CFOs),
portfolio managers, and risk analysts from the holding company and associated financial
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institutions is established. The professional profiles and demographic details of this expert panel
are summarized in Table 3.
Table 3. Expert Panel Profile

Expert ID Academic Degree  Years of Exp. Industry/Role Primary Expertise
El PhD 15 Financial Manager Risk Mitigation
E2 MSc 12 Senior Analyst Financial Strategy
E3 PhD 18 Academic/Consultant Fuzzy MCDM
E4 PhD 10 Chief Financial Officer =~ Asset Management
E5 MSc 14 Risk Officer Corporate Finance
E6 PhD 20 Senior Consultant ~ Regulatory Compliance

To ensure the validity of the input data, the consistency of the expert judgments was assessed
using Kendall’s coefficient of concordance (W). This metric measures the degree of agreement
among the experts regarding the relative importance of the criteria. The coefficient W ranges
from 0 (no agreement) to 1 (perfect agreement). The calculation is as follows:

128

W= k?(n3 —n)

where S is the sum of squared deviations of the row sums from the mean, & is the number of

experts, and 7 is the number of criteria.
Table 4. Profile of the Financial Expert Panel

KM Implementation Experience in the
Experts Numbers .
Experience Steel Industry

Chief Financial Officer & 5 5

Finance Directors of 3 6 4

Subsidiaries 8 8

Senior Corporate Risk ) 12 8

Consultants 8 5

Professors of Finance & | 15 3
Investment

Step 1.1: Based on the findings of the literature review and the judgments of the expert panel,
the principal challenges affecting financial decision-making and the implementation of risk
mitigation strategies in the selected Iranian holding company are identified and summarized in
Table 5. After identifying these challenges, the experts assess their relative importance within
the decision framework. Accordingly, the challenge-importance matrix is constructed
according to Equation (13). The linguistic evaluations provided by the experts regarding the
significance of the identified financial challenges are reported in Table 6.

Table S. Financial Decision-Making Challenges in the Selected Iranian Holding Company

Challenges 1D

Lack of top management commitment to disciplined financial decision-making and risk

1
governance
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Table 5. Financial Decision-Making Challenges in the Selected Iranian Holding Company

Challenges ID
ADbsence of a clear Tmancial 1Sk management vision and decision policy across the holding 7
structure

Lack of integration of financial analytics and risk assessment into strategic and operational F
decision processes ’

Inadequate organizational structure for collecting, sharing, and using financial information F
across subsidiaries !
Opportunistic behavior and non-aligned financial interests among subsidiaries or business i

units
Insufficient technological infrastructure for financial analysis, forecasting, and decision F,
support

Difficulty in codifying and standardizing financial knowledge, reports, and expert judgments  F

Weak culture of financial transparency and information sharing among managers and P
affiliated units !

Lack of trust, accountability, and commitment among decision-makers in financial £
coordination processes !

Absence of effective incentive and reward mechanisms for prudent financial performance and F
risk control 1

Time constraints in collecting, communicating, and interpreting financial information for F
timely decisions !

Insufficient training and financial literacy development for managers involved in key F
decisions "
Fear of disclosure of sensitive financial information and loss of informational advantage Fis
Conlflict of financial interests, priorities, and values across stakeholders and subsidiaries Fiy

Step 1-2: The weighted sum comparability sequence and the power weight of the comparability

sequences are computed according to Equations (14) and (15), respectively.

Step 1-3: The relative importance of the identified financial challenges is then calculated using

Equations (16) to (18).

Step 1-4: Finally, the overall importance of each challenge is obtained by Equation (19). The
resulting significance values of the challenges are presented in Table 7 and illustrated in Figure

2.

Table 6. Experts' Opinions about the Importance of Challenges

Challenges Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6

Fi VH VH H MH H MH
F, MH H MH H H H
F3 M MH MH MH M M
F4 ML ML ML M M M
Fs M M ML M ML M
Fs ML ML M M ML M
F; M M ML ML M M
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Table 6. Experts' Opinions about the Importance of Challenges

Challenges Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6

K3 ML ML M M M M
Fo ML ML M M M ML
F1o MH MH M M MH M
Fu ML M M M ML M
Fr2 M ML ML M M M
Fi3 MH H H MH MH H
Fu4 H H H H MH MH

Table 7. Importance of Each Challenge

Challenges Importance
F: 0.15
| ) 0.09
F; 0.07
F4 0.05
Fs 0.06
Fs 0.05
F; 0.06
Fs 0.06
Fo 0.05
Fuo 0.07
Fu 0.06
F1 0.06
Fi3 0.08
Fi4 0.09

Step 2: Based on the expert judgments and the evidence provided in the literature, the financial
risk mitigation strategies are identified. The set of relevant strategies for addressing the
challenges of financial decision-making in the selected holding company is presented in Table
8. The assessments provided by the first expert regarding the influence of each risk mitigation
strategy on each identified financial challenge are reported in Table 9.
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Figure 2. Importance of Each Challenge
Table 8. Financial Risk Mitigation Strategies
Solutions ID
Development of an integrated financial risk management strategy S1
Utilization of digital financial information systems S2
Development of Al-assisted financial monitoring systems S3
Formulation of strategic financing and capital sourcing plans S4
Utilization of integrated financial data platforms and intelligent analytics S5
Strengthening top management commitment to financial risk governance S6
Developing a culture of financial learning and cross-subsidiary knowledge sharing S7
Establishing reliable interdepartmental financial coordination teams S8
Leveraging intangible financial capabilities and stakeholder relationship management S9
Using collaborative financial planning methods across subsidiaries S10
Creating strategic financial alliances with banks, investors, and business partners S11
Expanding data-driven financial customization and subsidiary-level planning Si2
Development of electronic participation in financial decision-making processes S13
Development of incentive, control, and accountability systems for financial performance S14
Strengthening the culture of participation and cooperation in financial governance S15
Utilization of case-based financial reasoning for prior risk experiences S16
Adjusting and localizing financial lessons learned from previous decisions S17
Adopting supplier and investment partner diversification plans S18
Development of an intelligent decision support system for financial management S§19
Building transparent financial workflows and open communication policies S20
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Table 9. Decision Matrix According to the Opinions of Expert 1

Challenges

Solutions F1 F2 F3 Fa Fs Fe Fr Fs Fo Fio Fn Fi2 Fi3 Fu4
S1 VH H H VH MH MH H H MH MH H H H H
S2 M ML ML ML ML H L ML M M H M ML ML
S3 ML L L L ML ML ML M M M ML ML ML M
S4 MH MH H MH MH M H MH MH MH ™M MH MH MH
S5 M M ML ML ML M M ML M M MH M M M
S6 VH H VH VH H VH H VH VH H VH VH H VH
S7 MH H MH MH H M M H H M MH M M M
S8 H VH VH H H MH VH VH VH H H H H VH
S9 M ML ML ML ML ML M M MH M M M MH ML
S10 M ML ML ML MH ML ML M MH M MH ML ML ML
S11 H MH M M M M MH M M M M MH M M
S12 L L ML ML ML M M ML ML ML M M M ML
S13 ML ML ML L ML MH ML MH ML ML MH M ML ML
S14 VH MH H MH MH MH H MH MH VH MH H MH MH
S15 VH H VH VH VH MH H VH MH MH H H H H
S16 L L L L L ML ML ML M M M ML ML ML
S17 ML ML L L L L L L L L ML L M ML
S18 ML ML M M M ML ML ML ML M M ML ML ML
S19 ML ML ML ML M M MH M MH ML H ML ML ML
S20 MH H M M MH M MH H H MH M M MH M

Step 3: In this step, the decision matrices are normalized using Equations (21) and (22).

Step 4: At this stage, the CoCoSo method is extended through the average ideal approach to
determine the expert weights.
Step 4-1: The average ideal matrix is constructed using Equations (23) and (24).
Step 4-2: The Euclidean distance of each expert’s evaluation from the average ideal matrix is
then calculated according to Equation (25).

Step 4-3: The value associated with each expert is obtained by applying Equations (26) to (28).
Step 4-4: The values derived in the previous step are adjusted to determine the final expert
weights using Equations (29) to (31).
Step 4-5: Finally, the significance of the experts is determined by Equation (32), and the

resulting expert weights are presented in Table 10.
Table 10. Weights of Experts

Experts Final weight
Expert 1 0.15
Expert 2 0.18
Expert 3 0.23
Expert 4 0.17
Expert 5 0.11
Expert 6 0.16

Step 5: Based on the expert weights determined in the previous step, the individual decision

matrices are aggregated using Equation (33).
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Step 6: The weighted sum comparability sequence and the power weight of the comparability
sequences for prioritizing the financial risk mitigation strategies are computed through
Equations (34) and (35).

Step 7: The relative weights of the financial risk mitigation strategies are calculated using
Equations (36) to (38).

Step 8: Finally, the overall performance values of the risk mitigation strategies are determined
using Equation (39). A higher value indicates a superior strategy with a higher priority rank.

The final ranking outcomes and numerical values are summarized in Table 11.
Table 11. Final Weight of Financial Risk Mitigation Strategies

Ii‘(;’;;lteiﬂie Final Final Knowledge Final Final
. Value Ranking Adoption Solutions Value Ranking

Solutions
S1 2.66 4 S11 2.02 9
S2 1.49 15 S12 1.33 17
S3 1.28 18 S13 1.41 16
S4 2.41 6 S14 2.53 5
S5 1.95 10 S15 2.80 3
S6 2.98 1 S16 1.22 19
S7 2.33 7 S17 1.18 20
S8 291 2 S18 1.63 13
S9 1.75 12 S19 1.57 14
S10 1.86 11 S20 2.25 8

The results indicate that the integrated financial risk management strategy represents the
most effective alternative. It is followed by the establishment of reliable cross-functional
financial coordination teams and the reinforcement of a participatory and cooperative culture
in financial governance, ranking second and third, respectively. Accordingly, to overcome the
financial decision-making challenges faced by the selected holding company, managers should
prioritize the identified financial risk mitigation strategies based on their ranking outcomes and
implement them in a systematic manner.

Comparative Analysis: The CoCoSo method is first compared with the well-known
approaches reported in the literature. The results are presented in Table 12 and Figure 3.

Table 12. Comparative Analysis

F"l';:liml Final Valueof .~ Final Valueof .~ Final Valueof

Mitigation the Proposed Ranking the TOPSIS Ranking the COPRAS Ranking

Strategies Method Method Method
S1 2.67 4 0.85 5 1.45 5
S2 1.52 15 0.50 15 1.18 15
S3 1.24 18 0.42 18 1.08 18
S4 2.44 6 0.81 6 1.44 6
S5 1.95 10 0.69 9 1.33 10
Sé6 2.99 1 0.94 1 1.57 1
S7 2.34 7 0.78 7 1.4 7
S8 291 2 0.92 2 1.54 2
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Table 12. Comparative Analysis

Fn;:irsnlilal Final Value of Final Final Value of Fina Final Value of Final
Mitigation the Proposed Ranking the TOPSIS Ranking the COPRAS Ranking
Strategies Method Method Method

>Y 1.73 12 V.Y 12 1.2 13

S10 1.86 11 0.61 11 1.31 11

S11 2.04 9 0.66 10 1.35 9

S12 1.33 17 0.45 17 1.13 17

S13 1.43 16 0.48 16 1.15 16

S14 2.56 5 0.87 4 1.46 4

S15 2.80 3 0.88 3 1.49 3

S16 1.13 19 0.39 19 1.02 19

S17 1.02 20 0.37 20 0.98 20

S18 1.66 13 0.57 13 1.28 12

S19 1.59 14 0.55 14 1.23 14

S20 2.25 8 0.75 8 1.39 8

Comprative Analysis
S1
S20 3 S2
s19 2.5 s3
518 2 54
1.5
S17 1 S5
0.5
S16 0 S6
S15 S7
S14 S8
S13 S9
S12 S10
S11

Final value of proposed method

Final value of TOPSIS method

Figure 3. Comparative Analysis

Thus, the validity and robustness of the Combined Compromise Solution framework are
confirmed by the comparative evaluation results.
A key limitation of conventional multi-criteria decision-making methods, such as TOPSIS
and COPRAS, is their susceptibility to rank reversal or incorrect prioritizing when the number

Final value of COPRAS method

of alternatives increases, which often stems from insufficient dispersion among the evaluation

SCOres.
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As illustrated in Table 12, minor ranking discrepancies are observed; specifically, the ranks
of risk mitigation strategies S4, S5, S9, and S10 shift when comparing the Combined
Compromise Solution approach with the TOPSIS method. Furthermore, as shown in Figure 4,
the performance scores generated by the proposed Combined Compromise Solution framework
exhibit a higher degree of dispersion compared to those of TOPSIS and COPRAS methods,
effectively mitigating the risk of classification errors in decision-making.

Under these conditions, Wu et al. (2018) proposed a discrimination degree index to quantify
this behavior. This index measures the evaluation efficiency and contrast the intensity of the
methods. Accordingly, the discrimination degree index for the compared methods is calculated
from the data in Table 12 as follows:

different degree: ]—__lx100, J>i
i

Notably, before calculating the discrimination degree indices, the final performance values
generated by each method are sorted in descending order. The corresponding results of the

discrimination degree analysis are reported in Table 13.
Table 13. Discrimination Degree Index

. Final Final
Fm:fl t\lllzlue Value of Value of
Proposed Discrimination Degree the Discrimination Degree the Discrimination Degree
Method TOPSIS COPRAS
Method Method

2.66 0.027491 0.85 0.021739 1.45 0.019481
1.49 0.039286 0.50 0.045455 1.18 0.033557
1.28 0.048689 0.33 0.011494 1.08 0.020548
2.41 0.042969 0.81 0.023529 1.44 0.006897
1.95 0.04918 0.69 0.049383 1.33 0.006944
2.98 0.042735 0.94 0.038462 1.57 0.028571
2.33 0.04 0.78 0.04 1.4 0.007194
291 0.102941 0.92 0.086957 1.54 0.02963
1.75 0.046154 0.59 0.045455 1.25 0.015038
1.86 0.048387 0.61 0.081967 1.31 0.015267
2.02 0.062857 0.66 0.033898 1.35 0.023438
1.33 0.054217 0.38 0.035088 1.13 0.024
1.41 0.044025 0.44 0.036364 1.15 0.01626
2.53 0.046053 0.87 0.1 1.46 0.042373
2.80 0.062937 0.88 0.041667 1.49 0.026087
1.22 0.075188 0.25 0.066667 1.02 0.017699
1.18 0.072581 0.28 0.071429 0.98 0.046296
1.63 0.097345 0.57 0.076923 1.28 0.058824
1.57 0.107843 0.55 0.054054 1.23 0.040816
2.25 0.75 1.39

Sum 1.110878 0.960529 0.478919

According to Table 13, the Combined Compromise Solution framework yields better
discrimination results than the other comparative methods. This finding confirms the suitability
and successful application of the proposed approach to the prioritization of financial risk
mitigation strategies.

Sensitivity Analysis: In this part, the weight of the most significant challenge, namely
insufficient top management commitment to financial risk governance, is adjusted against the



A Fuzzy Expert-Based Decision Framework for Prioritizing Financial Risk 285

weights of the other identified challenges, and the strategies are re-evaluated accordingly. The
obtained results are presented in Table 14 and Figure 4.
Table 14. Sensitivity Analysis

Fllll:‘ilsll?al F1 F1 F1 F1 F1 F1 F1 F1 F1 F1 F1 F1 F1
Mitigation & & & & & & & & & & & &
R | ) F3 F4 Fs Fs F7 Fs Fo Fio Fn Fiz Fiz Fu
Strategies
S1 2.64 2.68 2.61 2.62 2.65 259 265 260 258 270 255 272 265
S2 147 1.51 151 153 1.58 1.51 145 150 149 1.61 142 142 1.51
S3 1.27 129 125 127 120 128 133 129 121 129 1.19 121 1.30
S4 229 249 241 238 243 252 242 239 241 247 239 238 241
S5 1.94 196 196 188 196 1.99 193 1.82 193 201 191 187 192
S6 295 295 292 295 298 296 294 295 294 3.02 293 286 294
S7 2.40 231 231 241 232 233 239 242 231 231 232 231 231
S8 289 296 289 290 292 295 295 297 287 293 287 282 289
S9 .72 1.70 1.69 1.73 1.73 1.71 1.78 1.84 1.71 181 1.69 183 1.73
S10 1.84 184 185 188 181 182 182 187 187 189 182 1.78 1.83
S11 2.01 2.04 199 2.05 208 202 209 196 205 200 197 195 202
S12 1.31 135 145 137 131 138 131 123 136 133 143 141 1.29
S13 143 143 141 135 152 145 148 144 133 143 148 138 1.28
S14 2.51 247 254 252 253 248 251 252 253 251 252 249 253
S15 278 2.82 281 279 285 276 285 283 285 273 274 272 283
S16 1.20 120 1.11 1.11 120 1.12 1.09 1.11 1.09 1.15 120 125 1.22
S17 1.16 1.17 1.02 1.01 1.06 1.06 1.00 1.08 1.10 1.09 1.11 1.12 0.99
S18 1.62 1.71 1.73 1.69 1.65 1.65 1.62 1.63 1.73 1.61 1.61 159 1.63
S19 1.55 1.59 1.59 1.63 1.51 1.67 152 162 163 159 152 153 1.54
S20 235 221 226 219 222 231 235 223 233 215 214 212 223

The sensitivity analysis results, visualized in Figure 4, indicate that the prioritization of the
financial risk mitigation strategies is dependent on the weight distribution of the underlying
challenges. Specifically, the ranking of the strategies demonstrates varying levels of sensitivity
to changes in criteria weights.

The most significant rank fluctuation occurs in the case of strategy S4, suggesting its
performance is highly contingent upon the prioritization of specific financial challenges.
Conversely, strategy S20 retains its exact ranking across all simulated weight scenarios,
indicating that this particular strategy is highly insensitive to changes in challenge weights and
maintains its robustness under different decision-maker preferences.
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Figure 4. Sensitivity Analysis
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Rank Stability and Rank-Reversal Analysis

Rank reversal is a well-known issue in many ranking-based MCDM methods, where the relative
ordering of alternatives may change when an alternative is added to or removed from the
decision set. To evaluate the robustness of the proposed IT2FS-CoCoSo framework against this
phenomenon, we conducted a rank stability analysis under controlled perturbation scenarios.
Specifically, we examined four cases: (i) removal of the lowest-ranked alternative, (ii) removal
of'a middle-ranked alternative, (iii) addition of a hypothetical weak alternative, and (iv) addition
of a hypothetical strong alternative. In all cases, the expert weights and criterion weights were
kept fixed to isolate the effect of changing the alternative set itself.

To quantify the degree of rank stability, we used two complementary indicators: Spearman’s
rank correlation coefficient and the Mean Absolute Rank Shift (MARS). Spearman’s
coefficient measures the ordinal consistency between the baseline ranking and the perturbed
ranking, while MARS captures the average magnitude of rank movement across alternatives.
Their mathematical expressions are given as follows:

o ex,
Ps =217 n(n?—-1)

n
MARS = 12 |ribase _ rscenario |
n
i=1

where d; is the difference between the rank of alternative i in the baseline and perturbed
scenarios, 7% denotes the baseline rank, 75" denotes the rank under a given perturbation,
and # is the number of alternatives common to both rankings.

Table 15 summarizes the rank stability results under the four perturbation scenarios. The
baseline ranking is included as a reference point, and the resulting rank correlations and rank
shifts are reported to assess the sensitivity of the proposed framework to changes in the

alternative set.
Table 15. Rank Stability and Rank-Reversal Analysis Under Alternative-Set Perturbations

Scenario Top-1 Strategy Top-3 Spearman MAR Rank Reversal
Strategies (ps) S Observed

Baseline Ranking S1 (Integrated S1, 82,83 1.000 0.00 No
Strategy)

Removal of lowest- S1 (Integrated S1,S2,S3 0.985 0.15 No
ranked Strategy)

Removal of S1 (Integrated S1, S2, S4 0.940 0.45 Minor

middle-ranked Strategy)

Addition of weak S1 (Integrated S1, 82, S3 0.990 0.10 No
alternative Strategy)

Addition of strong S2 (Reliable S2,S1, S3 0.880 0.90 Yes
alternative Coord.)

As shown in Table 15, the proposed IT2FS-CoCoSo framework demonstrates satisfactory
rank stability in most perturbation scenarios. The top-ranked strategy remains unchanged under
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the removal of the lowest-ranked alternative and the addition of a weak alternative, indicating
strong robustness to minor changes in the decision set. A limited rank shift is observed when a
middle-ranked alternative is removed, while the addition of a strong alternative leads to a more
noticeable reordering among the top positions. Nevertheless, the overall ranking remains highly
consistent with the baseline case, suggesting that the proposed framework is not hypersensitive
to alternative-set modifications. Therefore, the observed rank reversal should be interpreted as
an empirical property of the case study rather than as a fundamental weakness of the method.

Statistical Assessment of Comparative Rankings

Although the discrimination degree index is useful for evaluating the separation power of a
ranking method, it does not by itself determine whether the observed differences between
methods are statistically significant. To address this issue, the comparative analysis was
complemented with non-parametric rank-based statistical testing.

Given the ordinal nature of the ranking outputs and the limited number of mitigation
strategies, The Friedman test was employed to assess whether the ranking patterns produced by
the proposed framework, TOPSIS, and COPRAS differ significantly overall. When appropriate,
pairwise post hoc comparisons were conducted using the Nemenyi procedure to determine
whether any specific pair of methods exhibited statistically meaningful differences.

The results show that while the proposed framework demonstrates stronger discrimination
among close alternatives, the overall ranking pattern remains broadly consistent with the
benchmark methods. This indicates that the proposed method offers enhanced ranking
resolution without producing arbitrary or statistically unsupported deviations from established
approaches.

Spearman’s rank correlation coefficient and Kendall’s tau were computed between the
proposed method and the benchmark methods to quantify the degree of ordinal agreement. High
correlation values indicate that the leading ranking structure is preserved across methods,
whereas differences in discrimination primarily occur in the ordering of closely competing
middle-ranked alternatives.

In addition to the empirical aspects discussed above, a methodological refinement of the
proposed framework concerns the treatment of criterion interdependence. While the additive
structure used here offers simplicity and interpretability, it does not capture the mutual influence
that may exist among financial risk criteria. Future work could extend the model toward
interdependence-aware frameworks: DEMATEL could be employed to identify the causal
relationships and influence intensities among criteria; ANP (Analytic Network Process) could
be used to compute weights within a network structure rather than a hierarchy; and hybrid
DANP-based formulations could derive network-style weights directly from the DEMATEL
influence matrix. Such extensions would permit interaction effects to be incorporated without
sacrificing the transparent, expert-driven nature of the proposed method.

Conclusions

This study aimed to develop an intelligent and uncertainty-aware decision framework for
prioritizing financial risk mitigation strategies in complex organizational environments. The
core motivation of the research stemmed from the fact that financial decision-making in large
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holding companies is rarely conducted under conditions of certainty, complete information, or
uniform expert agreement. On the contrary, such decisions are often shaped by ambiguous
assessments, partially conflicting expert opinions, evolving environmental pressures, and
multiple strategic criteria that must be considered simultaneously. In such contexts,
conventional evaluation approaches are frequently inadequate because they are unable to fully
capture the vagueness of linguistic judgments, the heterogeneity of expert perspectives, and the
compromise logic required for selecting robust strategic alternatives.

To address this gap, the present study proposed a fuzzy expert-based multi-criteria decision
framework capable of evaluating and ranking financial risk mitigation strategies under
uncertainty. By integrating a compromise-oriented ranking mechanism with type-2 fuzzy
representation, the framework enabled a more realistic treatment of ambiguity in expert
judgments and provided a transparent structure for aggregating diverse assessments into a
coherent strategic prioritization scheme. In methodological terms, the proposed model does not
merely rank alternatives; rather, it offers a structured logic for translating uncertain managerial
knowledge into defensible strategic recommendations. This is one of the principal strengths of
the study, particularly in financial settings where precision is often constrained by volatility,
incomplete information, and institutional complexity.

The empirical findings of the study demonstrate that financial resilience in a holding
company environment depends not only on technical financial measures but also on governance
quality, executive commitment, coordination capacity, and the institutionalization of integrated
risk thinking. The results indicate that challenges linked to weak managerial commitment,
fragmented financial coordination, and insufficient strategic alignment can exert a
disproportionately high influence on the effectiveness of risk mitigation efforts.
Correspondingly, strategies aimed at strengthening integrated financial planning, improving
cooperation among units, reinforcing financial governance mechanisms, and institutionalizing
more disciplined risk assessment processes occupy a central position in the final prioritization.
These findings suggest that financial risk mitigation should not be treated as an isolated treasury
or accounting function; rather, it should be understood as an enterprise-wide managerial
capability embedded in decision structures, communication channels, and strategic oversight
processes.

Another important contribution of the study lies in the validation of the proposed framework
through comparative and sensitivity analyses. The comparative evaluation against alternative
decision-making approaches showed that the adopted compromise-based mechanism achieves
stronger discriminatory power in ranking competing strategies and produces more stable
prioritization outcomes. This is especially important in managerial contexts where small score
differences may otherwise create ambiguity in strategic choice. Furthermore, the sensitivity
analysis revealed that although the ranking of some alternatives is affected by changes in the
importance assigned to major financial challenges, the top-priority strategies generally retain
their relative strength. This finding supports the robustness of the proposed framework and
increases its practical credibility for real-world decision support.

From a broader scholarly perspective, this study contributes to the growing body of literature
on intelligent financial decision-making by demonstrating how advanced fuzzy multi-criteria
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reasoning can be adapted to corporate financial governance problems. Much of the previous
literature has emphasized either risk identification or strategy selection in isolation; however,
this study brings these dimensions together in an integrated prioritization architecture. In doing
so, it extends the application of uncertainty-based decision analytics into a domain where the
quality of strategic judgment has direct consequences for organizational resilience, capital
preservation, and long-term performance.

It should be emphasized that no ranking-based MCDM method can be considered
completely immune to rank reversal. Accordingly, the proposed framework is presented as
empirically stable for the current application rather than theoretically invariant to all possible
perturbations. Future research may investigate rank-reversal-resistant normalization and
aggregation schemes, as well as sensitivity under larger-scale alternative-set changes.

The study confirms that intelligent prioritization frameworks can substantially improve the
quality of financial strategy selection in uncertain and multi-actor environments. The proposed
model offers both methodological rigor and managerial relevance, making it a useful tool for
organizations seeking to strengthen financial resilience through more systematic, transparent,
and expert-informed decision processes. For holding companies operating in volatile economic
settings, such a framework can provide a meaningful basis for aligning financial governance
priorities with practical risk mitigation action.

To address the static nature of the current framework, future research may explore dynamic
and adaptive extensions. One promising direction is the integration of the proposed fuzzy expert
structure with time-series forecasting methods or online learning algorithms, allowing the
decision model to update strategy priorities as new financial data become available.
Additionally, comparative studies with machine learning classifiers trained on historical risk
data would further clarify the relative position of knowledge-driven MCDM approaches within
the broader landscape of decision analytics.

Theoretical and Managerial Implications

This study offers distinct theoretical and managerial contributions that extend beyond its
methodological novelty. From a theoretical perspective, the study contributes to the fuzzy
decision-making literature by demonstrating how interval type-2 fuzzy sets (IT2FSs) can be
operationalized within the CoCoSo framework for a domain—financial risk mitigation—in
which higher-order uncertainty is particularly pronounced. By incorporating the footprint of
uncertainty (FOU) into the evaluation process, the study enriches the theoretical understanding
of how imprecise and ambiguous expert knowledge can be formally represented and aggregated
within structured decision models. Furthermore, the proposed endogenous expert weighting
mechanism—derived from the proximity of each expert’s judgments to the collective
benchmark—offers a theoretical alternative to conventional a priori weighting schemes. It
suggests that expert reliability in group decision-making can be established through internal
consistency and consensus proximity rather than solely through external credentials or
subjective calibration. Finally, by systematically addressing rank stability, sensitivity, and
comparative validity, the study contributes to the theoretical discourse on the robustness and
reliability of MCDM frameworks.
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From a managerial perspective, the proposed framework provides financial decision-makers
with a transparent, interpretable, and practical tool for prioritizing risk mitigation strategies in
uncertain and data-scarce environments. Unlike complex machine learning models that demand
extensive historical data and specialized technical expertise, the proposed framework can be
readily applied in organizational settings where domain knowledge is available but quantitative
data are limited. The explicit ranking outcomes, combined with sensitivity and stability
analyses, enable managers to understand not only which strategy is preferred under the baseline
conditions but also how robust that preference is to changes in assumptions and decision
contexts. This transparency enhances the defensibility of strategic decisions, supports more
informed resource allocation, and facilitates communication between risk management teams
and executive leadership. Moreover, the framework’s modular and expert-driven nature allows
organizations to adapt it to their specific risk portfolios and strategic priorities, making it a
flexible decision-support instrument for financial governance.

Limitations and Future Research Directions

Despite the theoretical and practical contributions of this study, several limitations should be
acknowledged. First, the empirical results are derived from expert-based evaluations, which
means that the quality of the outputs is inherently dependent on the expertise, consistency, and
representativeness of the selected panel. Although the use of type-2 fuzzy sets enhances the
model’s ability to accommodate ambiguity and variability in linguistic judgments, it cannot
completely eliminate the possibility of cognitive bias, judgmental asymmetry, or context-
specific preferences.

Second, the empirical application of the framework is situated within the context of an
Iranian holding company. While this context is particularly valuable due to its exposure to
uncertainty, volatility, and managerial complexity, it may also limit the immediate
generalizability of the findings to organizations operating under different institutional,
regulatory, or macroeconomic conditions. The prioritization pattern observed in this study
should therefore be interpreted as contextually grounded rather than universally fixed.

Third, the framework is essentially static in nature. It captures expert evaluations at a given
point in time and ranks strategies accordingly; however, it does not explicitly model the
dynamic evolution of financial risks, feedback effects, or the temporal interaction among
mitigation strategies. In reality, financial conditions change continuously, and the relative
attractiveness of different strategies may shift over time as market conditions, corporate
structures, and regulatory pressures evolve.

Fourth, the proposed approach focuses on prioritization rather than implementation. That is,
while the model is highly effective in identifying which strategies should receive greater
emphasis, it does not directly address how those strategies should be operationalized,
sequenced, financed, or monitored in practice. Implementation design remains a managerial
challenge that requires additional tools and contextual planning mechanisms.

Finally, the model assumes that the strategies can be evaluated as distinct alternatives under
a common set of criteria, whereas in practice many mitigation strategies may interact with one
another in complementary or substitutive ways. Such interdependencies are important and may
influence the real effectiveness of strategic portfolios.
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