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Abstract

In an era of rapid change, complexity, and uncertainty, organizations must rely on | Keywords:
sustainable project portfolio management to achieve long-term objectives. In project- | Group Decision-
oriented environments, selecting the most suitable project portfolio remains a critical | Making, Interval-
challenge. To address this, advanced decision-making approaches, particularly multi- | Valued Fuzzy Sets,
criteria decision-making (MCDM) techniques, have been developed to support well- | LBWA, MAIRCA,
informed and dependable choices. This study develops a new synergistic integration of | Sustainable Project
Interval-Valued Fuzzy Level-Based Weight Assessment (IVF-LBWA) and Interval- | Selection.

Valued Fuzzy Multi-Attribute Ideal Real Comparative Analysis (IVF-MAIRCA), to
improve decision-making in uncertain environments. In contrast to traditional methods,
these approaches utilize interval-valued fuzzy numbers, thereby increasing the precision
of project ranking and selection. An application example involving five projects and six
evaluation criteria is provided to demonstrate the practical application of these methods.
The results indicate that IVF-LBWA and IVF-MAIRCA yield stable and consistent project
rankings, reinforcing their applicability in real-world scenarios. A sensitivity analysis was
performed across 40 different criteria weighting scenarios to evaluate the impact of weight
variations on project rankings. The results demonstrate that the proposed integrated
approach preserves ranking stability, reflecting decision-makers’ priorities and the relative
importance of each criterion. These findings validate its effectiveness in managing
uncertainty and supporting reliable decision-making. The findings confirm that this
approach provides a systematic and reliable framework for sustainable project portfolio
selection. By enhancing decision accuracy and strengthening resilience to uncertainty, it
enables decision-makers to align project selection with long-term sustainability, resource
efficiency, and strategic objectives.

Introduction

Organizations are increasingly situated within environments characterized by continuous and
rapid change, escalating complexity, and heightened uncertainty. Consequently, a significant
challenge is presented to most organizations, requiring them to adapt and advance at an
unprecedented pace to sustain readiness for future demands. An increasing number of
organizations are adopting a project-based approach to address the pressing demand for
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continual change. By utilizing projects, these organizations enhance their capacity for
flexibility, equipping them to effectively manage complex and uncertain conditions [1].

Strategic planning and management are essential for organizations to align with their mission
and long-term objectives, often manifesting through projects in the execution phase. In
projectized organizations, one of the most critical challenges is selecting the optimal portfolio
of projects [2]. Successfully navigating this challenge can provide a considerable competitive
edge in the marketplace [3]. Consequently, the process of selecting a project portfolio must
involve a comprehensive assessment of all pertinent criteria to achieve the most advantageous
outcomes.

The swift growth of the global population, combined with resource constraints and the
significant threats of climate change, has given rise to a broad spectrum of environmental and
societal challenges. As a result, sustainability has become more crucial than ever before.
Financial success alone is no longer sufficient for business growth, and sustainability is
increasingly recognized as a critical priority [4]. Organizations must, therefore, move beyond a
narrow focus on financial success and embrace sustainability factors such as social
responsibility and environmental impact in their long-term strategies to maintain a competitive
advantage. In projectized organizations, one of the key challenges is to integrate sustainability
into the core processes of project management.

Selecting a sustainable project portfolio represents a complex MCDM problem that involves
assessing numerous projects across various criteria to pinpoint those that best match an
organization’s sustainability goals, strategic vision, and resource constraints. MCDM methods
provide a rigorous, systematic framework for this process, enabling decision-makers to assess
and prioritize projects based on a diverse set of sustainability, financial, and operational criteria.
By following this systematic approach, organizations can guarantee that chosen projects not
only achieve financial goals and align with the organization’s overall strategic vision, but also
meet essential sustainability targets.

Extensive research has demonstrated the significant effectiveness of MCDM methods in
addressing challenges associated with project portfolio selection, including its sustainable
variants. As reviewed by Kandakoglu [5], a diverse array of MCDM techniques, such as AHP,
ANP, DEMATEL, and WASPAS, are frequently employed, both individually and in various
combinations, to effectively manage the complexities inherent in project portfolio selection
problems.

A significant share of the uncertainties in project portfolio selection stems from the intrinsic
vagueness in decision-makers' perceptions or from employing linguistic variables to evaluate
project performance, especially concerning sustainability criteria. Fuzzy theory provides a
suitable framework for addressing these uncertainties. By incorporating fuzzy sets, decision-
making processes are better equipped to handle vague and imprecise information, enabling
more accurate modeling of subjective judgments. This approach proves especially beneficial in
the context of sustainability, where evaluations often involve complex and uncertain criteria.

This research focuses on addressing the complexities of selecting an effective and
sustainable project portfolio, a process that involves the assessment of multiple, often
conflicting, criteria. To improve the decision-making process, the study proposes two
innovative modifications to the IVF-LBWA and IVF-MAIRCA methods. These adjustments
aim to enhance the methods' capability to handle uncertainty and imprecision, which are often
present in such evaluations. By incorporating fuzzy logic, the approach more effectively
addresses the inherent vagueness in the criteria and their respective weights. Ultimately, this
work aims to offer a more dependable and transparent framework for selecting a sustainable
portfolio of projects.

The structure of this paper is organized as follows: The next section presents a
comprehensive review of relevant literature. Section 3 offers a concise introduction to Interval-
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Valued Fuzzy Sets (IVFSs) and their associated operators. In Section 4, the integrated IVF-
LBWA and IVF-MAIRCA model is introduced and discussed in detail. Section 5 provides a
numerical example. The assessment of the results, along with sensitivity analysis and
managerial insights, is presented in Section 6. Finally, the paper concludes in Section 7,
summarizing the key findings and implications.

Literature Review

Existing Studies and Approaches

Project portfolio selection has received significant attention, particularly with the application
of single or hybrid MCDM methods to navigate complex sustainability objectives and select
appropriate projects [2, 6, 7]. Zhu et al. [8] provided a foundational approach by integrating
green supplier management into project portfolio selection, using the ANP to develop a
systematic three-step methodology. This approach evaluated suppliers by assessing their
influence, power, and performance, incorporating environmental factors into the decision-
making process. Subsequently, Aragonés-Beltran et al. [9] expanded on MCDM applications
by employing both the AHP and ANP to guide a Spanish solar investment firm in prioritizing
solar-thermal projects within its portfolio, facilitating informed investment decisions. In 2019,
Szilagyi et al. [10] advanced this research in the context of petroleum exploration, presenting a
structured framework for ranking projects that integrated industry-specific qualitative data.
More recently, Lee et al. [11] introduced an approach based on the AHP as an effective
decision-making tool for selecting projects within project management. Similarly, Alsanousi et
al. [12] proposed a hybrid MCDM approach that combined the BWM and the TOPSIS
technique for evaluating projects based on financial performance, further enhancing decision-
making methodologies in project selection.

In recent years, sustainability has emerged as a central priority within project portfolio
management, as financial performance alone is no longer deemed sufficient to ensure long-term
success [2]. Khalili-Damghani and Tavana [13] emphasized the role of sustainability in project
portfolio selection, highlighting its importance for balanced decision-making. Similarly, Siew
[14] underscored the need to embed sustainability principles into construction project portfolios
to foster more sustainable outcomes in the industry. RezaHoseini et al. [15] advanced this
perspective by developing a model that incorporated sustainability-oriented criteria alongside
time-sensitive factors, resource constraints, and budget limitations, employing a sustainability-
balanced scorecard to inform project selection and scheduling. More recently, Rahimi et al. [16]
reinforced the focus on sustainability in project portfolio selection, applying the Simultaneous
Evaluation of Criteria and Alternatives (SECA) method to calculate sustainability scores for
project alternatives, thereby strengthening sustainability's role in portfolio decision-making. In
this context, Parvaneh and Hammad [17] aimed to identify a set of sustainability criteria and
sub-criteria to support owners of power-generating plants in selecting the most sustainable
technology for new projects, further expanding the scope of sustainability considerations in
project evaluation.

Fuzzy sets have emerged as a highly valued tool in the MCDM field, owing to their
exceptional capability to handle uncertainty and imprecision inherent in decision-making
processes. As a result, they have found widespread application across diverse industries and
domains. One of the key strengths of fuzzy sets lies in their ability to represent intricate and
subjective relationships between variables. Unlike traditional binary logic, which confines
variables to a strict true or false state, fuzzy sets introduce the concept of partial truth, allowing
variables to exist with varying degrees of truth or falsity. This flexibility enables decision-
makers to capture the complexities and subtleties of real-world problems, facilitating more
nuanced and well-informed decisions.
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The integration of fuzzy logic with MCDM methods has become essential in managing
uncertainty, vagueness, and linguistic variables within project portfolio selection. This
approach enables more refined decision-making by accommodating the imprecision and
subjective judgments often in complex evaluation processes [18, 19]. Mohagheghi et al. [20]
introduced a novel framework that explicitly considers vagueness and knowledge gaps,
improving the selection of sustainable project portfolios under uncertain conditions. Similarly,
Wu et al. [21] proposed a model for optimizing renewable energy project portfolios by utilizing
a type-2 fuzzy environment, effectively addressing the uncertainties inherent in such projects.
In line with these advancements, Mohagheghi and Mousavi [22] introduced the D-WASPAS
method, integrating social cognition into decision-making to enhance sustainable project
selection in uncertain contexts.

In 2020, Ma et al. [23] developed a multi-criteria project portfolio selection model that
combines fuzzy logic with the TOPSIS method, facilitating the identification of optimal
projects under uncertainty. The model’s practical relevance was demonstrated through a case
study in the paper manufacturing industry, underscoring its applicability in real-world
scenarios. Jalilibal and Bozorgi-Amiri [24] introduced a hybrid MCDM framework for project
portfolio selection, focusing on sustainability criteria. They employed a fuzzy DEMATEL
technique in an uncertain environment to assess and classify the interrelationships among
criteria, thereby supporting more effective project selection. Furthermore, Mohagheghi et al.
[25] proposed a comprehensive framework within an interval type-2 fuzzy environment,
offering a holistic solution for optimizing sustainable project portfolios under uncertainty.

Expanding on these advancements, recent studies have applied fuzzy-based MCDM
techniques for financial portfolio selection. Huang [26] explored fuzzy portfolio selection to
balance economic fluctuations and security returns. Lakshmi and Kumara [27] integrated a
randomized weighted fuzzy AHP with TOPSIS for stock selection, while Jawad et al. [28]
developed an automatic spherical fuzzy AHP algorithm for investment evaluation. In 2025,
Lakshmi and Kumara [29] compared FAHP and entropy methods in the post-COVID Indian
mutual fund market, highlighting their effectiveness in managing volatility. Similarly, Sharma
[30] introduced a hybrid model combining Trapezoidal Bipolar Fuzzy VIKOR with Boruta-GA
for improved decision-making. These studies reinforce the growing role of fuzzy MCDM in
optimizing financial portfolio decisions under uncertainty.

The LBWA model, developed by Zizovi¢ and Pamucar [31], provides an efficient way to
determine criteria weights in MCDM by involving experts from various fields. What sets
LBWA apart from methods like the BWM and AHP is its simplicity and flexibility. It requires
only minimal comparisons, making it easy to use even when dealing with a large number of
criteria. Additionally, its straightforward mathematical framework ensures consistency in
expert judgments while allowing decision-makers to adjust weight coefficients through an
elasticity factor, offering both accuracy and adaptability in complex decision-making situations.

The LBWA method has demonstrated versatility across various fields, addressing complex
decision-making challenges. In 2020, Pamucar et al. [32] applied a fuzzy LBWA-WASPAS-H
model for selecting airport ground access modes, while BozZani¢ et al. [33] used a hybrid
LBWA-IR-MAIRCA model to determine the constructive elements of weapons. In 2021,
Torkayesh et al. [34] introduced a BWM-LBWA-CoCoSo framework to evaluate healthcare
sectors in Eastern Europe, and Joki¢ et al. [35] combined LBWA with fuzzy MABAC for
mortar unit position selection. Pamucar and Goérglin [36] evaluated European container ports
with a fuzzy LBWA-CoCoSo0'B approach. In 2023, Ogel et al. [37] applied Fuzzy LBWA to
identify food waste causes in perishable goods, and Bozani¢ et al. [38] developed an oil spill
response strategy tool using LBWA and Z-MABAC, also Ogundoyin and Kamil [39]
introduced a fuzzy-BWM, fuzzy-LBWA, and V-Fuzzy-CoCoSo-LD model for loT gateway
selection in this year. Most recently, Ozekenci et al. [40] applied LBWA with TOPSIS and
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GRA for personnel selection in a trading company. These studies highlight LBWA’s
adaptability and effectiveness in supporting decision-making across diverse domains.

The MAIRCA, developed by Pamucar et al. [41], is a powerful decision-making tool that
evaluates alternatives by comparing them against both ideal and real benchmarks. Over the
years, its versatility has been demonstrated across a range of applications. In 2020, Boral et al.
[42] combined fuzzy AHP with MAIRCA to enhance failure modes and effects analysis, while
Gul and Ak [43] applied it to flood susceptibility evaluation. Hadian et al. [44] further explored
its potential in flood risk assessment, emphasizing its applicability in environmental studies.
Occupational risk assessment was innovatively advanced through the integration of fuzzy
BWM and MAIRCA by Gul et al. [45]. During the COVID-19 pandemic, Ecer [46] extended
MAIRCA using intuitionistic fuzzy sets to aid vaccine selection. Nguyen et al. [47] utilized it
alongside MARCOS and TOPSIS in manufacturing decision-making processes, while Eti and
Bas [48] applied it to assess social exclusion among international students. Most recently, Tepe
etal. [49] leveraged MAIRCA to evaluate psychosocial risks faced by energy sector employees,
underscoring its adaptability in addressing diverse, complex decision-making challenges.

Table 1 provides an at-a-glance overview, showing how each category integrates various
MCDM methods, their applications, the contributions made by the cited studies, and where
further research (e.g., integrating IVFSs) is needed.

Research Gaps

Despite the demonstrated effectiveness of the LBWA and MAIRCA methods in various
decision-making contexts, significant gaps persist in their development and application. The
LBWA method, while proficient in clustering criteria based on relative importance, encounters
challenges related to vagueness, imprecision, and incomplete knowledge—particularly in the
second and third steps, where criteria are grouped into sets. A potential enhancement involves
integrating Interval-Valued Fuzzy Numbers (IVFNSs), which offer a more refined approach to
managing uncertainty. However, this integration has yet to be explored in existing studies,
leaving a critical gap in the methodological advancement of LBWA.

Similarly, while the MAIRCA method is effective in evaluating alternatives, its ability to
handle uncertainty remains underdeveloped. The application of IVFSs within MAIRCA could
enhance its capability to address imprecision in alternative assessments, yet this potential
remains largely unexamined. Furthermore, despite the individual strengths of LBWA and
MAIRCA, their combined use in sustainable project portfolio selection has not been
investigated. Given the complexity of sustainability-oriented decision-making under
uncertainty, the absence of such an integrated approach represents a crucial research gap that
warrants further exploration.

This study aims to present a novel integrated decision-making model that introduces two
enhanced versions of LBWA and MAIRCA methods, incorporating IVFSs to effectively
address uncertainty and imprecision. The model utilizes performance ratings and criteria
weights, expressed through linguistic terms and represented by IVFNs. By implementing this
innovative approach, the study seeks to provide a practical and reliable solution for sustainable
project portfolio selection. Both LBWA and MAIRCA methods are ideal for handling complex
MCDM challenges, as they account for the uncertainty and vagueness inherent in real-world
decision-making scenarios. This flexible framework allows decision-makers to articulate their
preferences more clearly, improving the overall accuracy and comprehensiveness of decisions
related to selecting sustainable project portfolios in uncertain conditions.
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Table 1. Selected relevant literature review
Category Methods/Techniques Applications/Contexts Key Contributions Stf?i/es
Develops
systematic
Project evaluation
Portfolio Single/hybrid MCDM, Solar investments, frameworks that 21, [6 -
Selection & ANP, AHP, BWM, petroleum exploration, integrate 1’2]
Sustainability TOPSIS general project portfolios environmental and
(MCDM) financial criteria for
complex project
selection
Emphasizes
S Sustainability-balanced Construction projects, sustalnab||_|ty asa
Sustainability . core decision-
. - scorecard, SECA, scheduling, power- . [13 -
in Portfolio : . : making factor
. comprehensive criteria generating technology . . 17]
Selection Lo . beyond financial
identification selection
performance for
balanced portfolios
Addresses
Fuzzy MCDM . . uncertainty and
. Fuzzy logic integration, .
Approaches in tvoe-2 fuzz Renewable energy, paper vagueness in [18—
Project P 4 manufacturing, sustainable | project evaluation,
. D-WASPAS, fuzzy . . . 25]
Portfolio project portfolios enabling more
. DEMATEL .
Selection nuanced decision-
making
Fuzzy portfolio selection, Sgg?gﬁfg;ﬁ}nc?l
Fuzzy MCDM fuzzy AHP (including . g g by
g - - - Stock selection, mutual balancing economic
in Financial spherical and randomized - ) : [26 —
; ) : funds, investment fluctuations, risk,
Portfolio weighted versions), ; . 30]
. : evaluation and security returns
Selection hybrid fuzzy VIKOR
through advanced
models .
fuzzy evaluations
Provides a simple
and flexible
LBWA and hybrid Transoortation. defense approach to criteria
LBWA Method LBWA models (e.g., healthcgre mari’time fodd weighting using [31-
and Its LBWA-IR-MAIRCA, waste I6T erson7ne| minimal 37],
Applications LBWA-CoCoSo, fuzzy 100, P comparisons and [39, 40]
: selection
adaptations) adaptable
frameworks across
diverse fields
Evaluates
Failure Modes and Effects ?)I(:ﬁ::ﬁ::;/relfir?y
MAIRCA often integrated Analysis (FMEA), flood L g
MAIRCA . . . . against ideal and
with fuzzy AHP, fuzzy risk, occupational risk, . [41 -
Method and Its . . - real scenarios,
s BWM, MARCOS, vaccine selection, social . 49]
Applications . . offering a robust
TOPSIS exclusion, psychosocial
; framework for
risks L
complex decision-
making
Aims to enhance
uncertainty
Proposed integration of Sustainable project ma;;(?;?;zt i
This Study LBWA and MAIRCA av'e proj g -
. portfolio selection vagueness and
with IVFSs . S
imprecision in
current
methodologies
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Interval-Valued Fuzzy Sets

Linguistic values play a crucial role in addressing situations characterized by complexity
and ambiguity, especially those resistant to precise quantification. Their primary strength is
facilitating the articulation of subjective judgments and qualitative uncertainties inherent in
decision-making. As highlighted by Zadeh and Zimmermann [50, 51], these values are
governed by linguistic variables—terms that allow for a richer, more detailed representation of
the conditions under evaluation, thereby enhancing interpretability and insight.

Several researchers contend that representing linguistic expressions solely through
traditional fuzzy sets may be insufficient. Notably, Grattan-Guinness [52] and Karnik and
Mendel [53] emphasized the advantages of IVFSs, which enhance the ability to handle vague
or uncertain information. By accommodating a broader spectrum of potential values, this
method enables decision-makers to articulate their judgments and preferences with greater
flexibility and precision.

Additionally, studies have shown that I\VFSs offer a clearer representation of linguistic
expressions, mainly when dealing with vague or imprecise information. These sets give
decision-makers a more precise way to handle uncertainty. According to Ashtiani et al. [54]
and Vahdani et al. [55], IVFSs prove to be an essential tool for those making decisions in
complex, ambiguous scenarios, enabling them to navigate uncertainty with greater accuracy
and confidence.

This study explores fuzzy demand through the lens of IVFSs. It builds on Gorzalczany's [56]
definition of 4, an IVFS that spans the entire range from negative to positive infinity (—oo, o).

A={x[pp),um) ]}, x€(—,0),  pupzm: (—0,0) - [0,1], (1)
up() = [pp@), ppm @], pal) <pmu(x),  Vx € (—oo,0), (2)

where, uz(x) and pzu (x) correspond to the lower and upper limits of the membership degree,
respectively.

Additionally, Yao and Lin's [57] definition of triangular IVFNs, as shown in Fig. 1, describes
a triangular IVFN as A = [4AL, A% = [(a}, ab, al; BY), (a¥, a¥, a¥; hY)]. This representation
captures both the lower and upper bounds of the triangular fuzzy numbers along with their
associated membership values.

In this context, A' and A* represent the lower and upper triangular IVFNs, respectively,
with A' € A%. The membership function p;(x) indicates the degree to which an event x belongs
to A. Specifically, pzu(x) = Eﬁi and pju(x) = flj{ represent the lower and upper membership
functions, respectively. Based on Fig. 1, the following relationships can be derived:

1. If At equals A%, the triangular IVFN A can be considered a generalized triangular fuzzy
number.

2. If the conditions a! = a¥ a} = a¥,a} = a¥ and h} = A} hold, the triangular IVFN A
represents a crisp value.

3. If A = h¥ =1 and a} = a¥, the triangular IVFN A can be expressed as A4 = [AL, A%] =

(ot ab), (ot = @), (at, )]

Using the third relation described above, two triangular IVFNs can be represented as A =
[(a¥,a}), ay (a}, a¥)] and B = [(b¥, bi), by, (b}, bY)]. Following this, the studies of Chen,
Hong and Lee, Chen and Chen, and Vahdani et al. [58-60], [55] proposed operations for
addition, subtraction, multiplication, and generalized division between A and B, which are
outlined below:

1. Addition of IVFNs :

A @ E = [(a:llll ai)! aZI (al3! ag)] @ [(b]l.l’ b:{)! bZI (bé! bg)] (3)
= [(at' + b, a3 + b1), az + by, (a3 + b3, a3 + b3)]
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2. Subtraction of IVFNs ©:

A 9 E = [(ajllll ai)! aZI (al3! ag)] e [(bil-l’ b]l_)! b2l (bé! bg)] (4)
= [(a‘il - bf’, ai - bi), a, — bZl (aé - b?l”aél - bg)]

3. Multiplication of IVFNs &:

A ® E = [(ajll_ll ai)! aZI (al3! ag)] ® [(bil-l’ b]l_)! b2l (bé! bg)] (5)
= [(a‘il X bil.’ ai X b{)’aZ X bZl (aé X béﬂa}": X bg)]

4. Generalized division of IVFNs @):

A Q@ B =[(af,a1), az, (a3, a$)] @ [(bY, b}), by, (b3, b})] ©)
= [(af + by, aj + bi),az + by, (a§ + bf, a¥ + b}")]

5. Scalar multiplication of the IVFN by k:
kx A =kx[(a¥ a),a, (ab a¥)] = [(ka¥, kal), kay, (kal, kal)] (7

Figure 1. An interval-valued triangular fuzzy number

Proposed Methodology

This study introduces a novel approach that presents two new developed decision-making
methods under uncertainty, IVF-LBWA and IVF-MAIRCA, to effectively address MCDM
challenges. The proposed methodology is specifically designed to manage uncertainty,
ambiguity, and imprecision by incorporating linguistic variables and addressing the inherent
subjectivity in decision-making. The approach unfolds in two distinct phases: in the first phase,
IVF-LBWA is presented to derive criteria weights, effectively capturing the relative importance
of each criterion. In the second phase, IVF-MAIRCA is developed to evaluate and rank
alternatives based on the weighted criteria. To ensure accurate and flexible representation of
preferences, the approach leverages IVFNs for both criteria weights and performance ratings,
with linguistic variables converted into IVFNSs as detailed in Table 2.

Managing the uncertainty and ambiguity inherent in real-world decision-making is effectively
achieved through the IVF-LBWA and IVF-MAIRCA methods. By leveraging linguistic
expressions, these methods enable a more detailed and meaningful articulation of subjective
judgments. This enriched representation ensures that decision problems are modeled
comprehensively, capturing the complexities and nuances of real-world scenarios. The process
emphasizes aligning both criteria weighting and alternative evaluations with the strategic
priorities of decision-makers. As a result, the approach facilitates informed, context-sensitive
choices that enhance decision quality and ensure consistency with long-term organizational
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goals.

The proposed method presents considerable practical advantages, particularly in the realm
of sustainable project portfolio selection. Given the complexity of this process, which involves
balancing multiple criteria and factors, the approach provides a structured and systematic
framework to guide decision-makers. It enables the comprehensive assessment and
prioritization of projects based on a wide array of sustainability-related criteria. By facilitating
this in-depth evaluation, the method ensures that project portfolios are not only selected
according to strategic objectives but also aligned with long-term sustainability goals, ultimately
supporting more informed, effective, and impactful decision-making.

Table 2. IVFNSs corresponding to linguistic variables

Linguistic variable Abbreviation IVEN

Extremely Unimportant / Extremely Bad ElI/EB [(0,0.25), 0.75, (1.5, 2)]
Very Unimportant / Very Bad VI/VB [(1, 1.25), 1.75, (2.5, 3)]
Unimportant / Bad 1/B [(2, 2.25), 2.75, (3.5, 4)]
Moderately Unimportant / Moderately Bad MI / MB [(3, 3.25), 3.75, (4.5, 5)]
Fair F [(4, 4.25), 4.75, (5.5, 6)]
Moderately Important / Moderately Good MU / MG [(5, 5.25), 5.75, (6.5, 7)]
Important / Good U/G [(6, 6.25), 6.75, (7.5, 8)]
Very Important / Very Good VU / VG [(7,7.25), 7.75, (8.5, 9)]
Extremely Important / Excellent EU/E [(8, 8.25), 8.75, (9.5, 10)]
The Most Important TMI [(10, 10), 10, (10, 10)]

Introduced IVF-LBWA Method

This section presents the IVF enhancement of the LBWA method. Within an MCDM
framework, where the criteria set is defined as S = {C;, C5, ..., C,}, the procedure for deriving
criteria weight coefficients using the IVF-LBWA model is outlined below:

Step 1: Decision makers D; to D,, share their perspectives on the importance of each
criterion using linguistic terms. Feedback can be gathered through various means, such as
interviews, questionnaires, or collaborative brainstorming sessions. While identifying a single
criterion as the most important can enhance the decision-making process, this is not strictly
required. A linguistic evaluation of the importance of each criterion by each decision-maker is
sufficient to proceed.

Step 2: The linguistic expressions provided by each decision-maker for each criterion are
converted into their corresponding IVFNSs, as outlined in Table 2. Now, for each of n criteria,
an IVFN Cj(k) = [(cj(k);‘, Cj(k):ll)’Cj(k)Z’ (Cj(k);'cj(k)Z)] is assigned according to the opinion
of v decision-makers. The criteria leveling process is then carried out using the following

equations:
Step 2.1: Calculate the Maximum Values 1\7(]-) for based on each decision maker's opinion:

Vi — l l
Mgy = [(m(k)’f' m(k)l) M), (m(k)3' m(k)Z)] : ®)

— l _ 1 _ [ L
where, mgq? = max Cj(k)r’ M), = Max cj(k)l, M, = max Cj(")z’ M), = Max Cj(k)3’
m b= m i uj= =

(k)3 - ]aX C](k)3 1 ] {1P 2) "'Pn}v and k {1, 2, ey 17}.

Step 2.2: Compute the difference from maximum value for each criterion based on each
decision maker's opinion:

D

Tk = M(k) © Cl'(k) (9)
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N . l u
Di(j) is an IVFN and can be represented as [( i), 'dl(,) )’di(j)z’ (di(j)3, di(].)3)].

Step 2.3: Assigning levels of criteria based on each decision maker's opinion:

Y€ Level S} if1<d <2

G, (1)

Y€ Level S,} if2<d “<3

Y00, T 1), (10)

Levels(k)’; =

“ e Level Slm voif lm(k) J ](k) lm(k) J+ 1

1
cj() ELevelS11 if1<d ]() <2

B, <3 (11)

C;i
T4

!
cj € Level S, if2<d
Levels(k)l1 = Tk, 21

l
%), ' € Level S|m zJ if lm(k)J =d J(R) lm(k)ll +1
( c](k)2 € Level S, ifl<sd;, . <2

]()
€ Level S,, if2< <3

¢ d;
@, @, 12)

Levels(k)2 =

Cj(k)z € Level Sl J if lm(")zj <d ](k) lm(")zj +1

!
€ Level 513 if1< d](k) <2
l l
€ Level 523 if 2< ](k) <3 (13)

,

%o,

c;
Levels(k)l3 = T ()3

c](k)3 € Level Sl ,J if lm(k)SJ <d ](k) lm(k)lgj +1

Y€ Level S;; if1<d <2

EION JON
¢ “E€lLevelS,; if2<d; "<3
Levels(k): =< (3 ’ )3 (14)

c](k)3 € Level Slm voif lm(k) J ](k) lm(k) J+ 1

Step 3: By following the outlined rules, the decision makers perform an initial classification
of the criteria, organizing them into groups based on their corresponding IVFNs. If the
significance of criterion C;, based on decision maker k’s opinion and the upper bound's first
character, is denoted by s(k)”(C-), where j € {1,2,...,n} and k € {1, 2, ..., v}, then we have

S(k) =5,US U..U S[m J , Where for every level e = {1 2,. [m(k)ﬂ}, the following

applies:

Seqo” ={Ce, . Ce,, o €M = {G € Sy e < s ™(C) < e+ 1} (15)

Additionally, for each p,qe{l,z, lm(") J} where p # q, the condition Sp(k)
1

Sq(k) = @ holds. Thus, this approach establishes a well-defined partition of the criteria
1

set S(k)’l‘. Within the formed subsets (levels) of criterion influence, criteria are compared based

on their significance. Each criterion Ce,,ZESe(k)u within the subset Se(k)“z
1 1

611 321

{C “e k.., G, ”} is assigned an integer I, “ € {0,1, s Ty ”}. The most important
S1 Pq (k)l
criterion C11 is assigned 1111‘ = 0. If criterion Cepll‘ IS more significant than Ceq’l‘, then Iep;‘ <
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qu;‘; if they are equivalent, Iepll‘ = qull‘. The maximum value for the comparison scale is
determined using the following expression:

b } (16)

Slmaot],

o = max {|s;;|, %),

Step 4: The maximum value re(k)“, determined by Eq. 16 for the criteria comparison scale,
1
is used to define an elasticity coefficient r’e(k)“ € N (where N represents the set of real
1

numbers). This coefficient must satisfy the condition r’e(k)“ > re(k)“.
1 1

Step 5: Computation of the criteria's influence function.

For each criterion Cep;‘ € Se(k)”, the influence function for that criterion can be calculated
1

as follows:

u
T'e(k)l

o0} (Ceny) = i )

u u*
E'T’e(k)1+lep1

The concept applied to the first character of the upper bound can also be extended to include
the first character of the lower bound, the middle character, the third character of the lower
bound, and the third character of the upper bound. As a result, the following relationships
emerge:

e l
i (6!) = e @
fao, (Cepz) = (m;;%: (19)
faors (Ce,,;) = W;’;% (20)
fo' (Cert) = e @
Fuo (€ IS an IVEN and can be represented as

(ot () i 60 )) o (). () (2]

Step 6: In this step, the criterion weights are calculated according to the opinion of decision
maker k:

Wi 4oy = Fo (6 @ Ejs Fo (G- o
77 Uy, . L w
where, W](k) is an IVFN and can be represented as [(W] (k)l,wj (")1) W 0, (W] o Wi )]

Step 7: In this step, the final weight of each criterion is obtained by computing the average
of the individual weights assigned to each criterion, which were derived from the assessments
of all decision makers in the previous step.

v 7
Zk=1 W](k)

4

W, = 23)
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where, W; is an IVFN and can be represented as [(Wj“,wjl ) W, (wjl,wj”)].
1 1 2 3 3

Introduced IVF-MAIRCA Method

The suggested approach employs IVFN to capture performance evaluations using linguistic
variables, facilitating a more precise and inclusive expression of preferences. As a result, the
IVE-MAIRCA framework is organized into the following stages:

Step 1: An initial linguistic decision matrix D; is constructed based on the linguistic
assessments of alternatives against the selected criteria. For generalization purposes, assume
that v decision makers evaluate m alternatives across n criteria. The resulting decision matrix
is formulated as shown in Eq. 24.

1 1 1 2 2 2 v o qv v
by bz o lin By Uiz 0 Ui 1 Bz s U
1 1 1 2 2 2 v v v
DL — l21, l22, ---,lzn : l21, lzz, ---,lzn . 121' 122: ...'lzn (24)
1 1 1 2 2 2 v v v
Lt Gnzs s bnn Unas linzs oo b L s o i

where, l{‘j signifies the linguistic assessment provided by the k™ expert for the i" alternative
relative to the j" criterion. Where i = {1,2, ...,m},j = {1,2, ...,n},and k = {1,2, ..., v}.

Step 2: Using Table 2, the linguistic expressions by each decision maker are transformed
into corresponding IVFNSs.

@, &y d%n\ / @ d*%n\
pr=| % b dn | p2=| B 5 G |,..., D" =
/ @, dzn\
dy, dj, s,
k&;’m diz &%m}

where, dﬁ‘j is an IVFN representing the performance of alternative i on criterion j as evaluated

by decision-maker k.
Step 3: The IVF aggregated decision matrix is constructed by consolidating the individual
evaluations provided by all decision-makers.

a;; Qagp Ain
- a a a
A — 21 22 2n (26)
aml amZ Amn

where, aijz[(aij;‘,aijll),aijz,(aij;,al-j;)] is IVFN representing the aggregated

performance of alternative i on criterion j, calculated as follows:

51,52 5V
4 = dj+dg++dy; 27)
L] v N

Step 4: At this stage, the decision-maker is assumed to maintain impartiality in the selection
process. Given that all alternatives are considered equally likely to be chosen, their preferences
are uniformly distributed and can be represented as:

Pa = — Xy Py = 1. (28)

L
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Step 5: The IVF theoretical evaluation matrix TPA is generated by multiplying the IVF
criteria weights, derived through the IVF-LBWA method, with the equal preference values
assigned to each alternative (Py,).

1 ~ 1 1 ~
— W — W — W, 7 ¥ ¥
m 1 m 2 ..o m tpll tp12 tpln
1 1 1 K % e
Tp =|m"W1 w2 | = tp21  tp22 toon (29)
A . . : . : ’

\l Wl lﬁ'/z l ~n/ tpml tme tpmn

m m m

7 — u l l ulli
where, tpij = [(tpile tpijl) ) tpijz' (tpij3i tpij3)] is IVEN.

Step 6: This step involves transforming the IVF aggregated decision matrix, obtained in Step
3, into the IVF normalized decision matrix N through a normalization process. Eqgs. 30-34 in
the IVF-MAIRCA method is applied to streamline computational complexity while enhancing
numerical precision. Additionally, this approach eliminates the need for the decision-maker to
account for the type of criteria—whether benefit-oriented or cost-oriented. This feature is
particularly advantageous in scenarios where decision-making involves numerous conflicting
criteria, a common challenge in complex evaluations.

u

ngy = L
1 ’ 30
[Pl et o, ot ot <0
1 _ %))
Mijy = m 2 2 2 2 21 (31)
S (a2) +(agt) +(aiz,) +(ait) +(a2) |
Mijy m 2 2 2 2 21 (32)
31 (a2) +(ait) +(aiz,) +(ait) +(a2) |
nijl — “iflg
3 ! (33)
2 st ot (e
b ' (34)

\/Zﬁl[(aifi‘)z+(aifi)z’f(aifz)z’f(aifé)Z*(“ifé‘)z]
where, 7i;; represents an element of the IVF normalized decision matrix N, and is defined as

(st ) mgy (o) |

Step 7: In this phase, the IVF elements of the actual weight matrix TrA are determined. This
is achieved by performing element-wise multiplication of the normalized decision matrix with
the corresponding elements of the theoretical evaluation matrix.

figr X tp11 Flaz X Lp1z flyn X tyin t1 i trin
- figg X T fipp X T Ty X L £ £ £
T, = 21 X tp21 : 22 X tp22 . 2n : p2n | — | br21 : tr22 . tr:2n . (35)
ﬁml X tpml ﬁmz X tpmz e T X fpmn trmi brmz " brmn

Here, trij = [(trl‘j;l, trij:ll) , trijz' (trij;’ trl]l;)] is IVFN.

Step 8: This step focuses on quantifying the difference between the theoretical and actual
evaluations of each alternative across all criteria. To simplify the process and directly obtain
the gap values, the calculation follows a streamlined approach. The distance measurement
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formula for IVFNSs, as introduced by Ashtiani et al. [61], is utilized. Accordingly, the total gap
matrix elements are computed using the Eq. 36:

9ij
1 2 2 2 2 2 (36)
= J gt = ) (o = 1)+ 2 (6, = 1)+ (o = 1)+ (b = 62 |
Step 9: In this step, the gap values for each alternative across all criteria are aggregated to

compute the final values of the criteria functions, following Eq. 37. These computed values are
then sorted in ascending order to establish the ranking of alternatives.

Q; = X}, gij, wherei =1,2,..,m. 37)
The research workflow for this study is visually represented in Fig. 2.

Numerical Example

A project-oriented organization is engaged in the task of selecting initiatives for its sustainable
project portfolio. This process involves four decision makers who have shortlisted six potential
projects based on their relevance to strategic objectives. Research in project portfolio
management highlights the importance of well-defined evaluation criteria. RezaHoseini et al.
[15] emphasize six key dimensions for project assessment: social impact, customer-oriented
outcomes, efficiency in internal processes, opportunities for growth and learning,
environmental sustainability, and financial feasibility. Guided by these factors, the organization
aims to determine the most suitable projects from the identified candidates.

In the initial phase, the weights of each criterion are determined using the methodology
detailed in Section 4.1. This process begins with collecting the linguistic evaluations provided
by the decision makers for each criterion, which are summarized in Table 3. These assessments
serve as the foundation for deriving the relative importance of the criteria.

( Collect linguistic evaluations for alternatives with
Identify and select the set of criteria respect to each criterion from decision-makers J
\ i }
Gather Decision Makers' Opinions Convert Linguistic Evaluations to [VFNs -
L ’7
:’ - ‘ r $
’7 o N 8 \
.g Convert linguistic Compute the maximum q>) . i @
B3] expressions into their values for each [VFN '43 — Compute the Fuzzy Aggregated Decision Matrix 2
= . . o 5l
S corresponding IVFNs | across all criteria E) § E
o0 : = - =
£ — < 4. & K
- S . W en &}
FOED _» | Group Criteria into Lev_els based on deviation from | |, & | Define Unbiased Preferences o — 5
) the maximum values -—‘é s )
3 5] ‘ 2 8
. { [~ $ = 2
— .. - S <
5 B & 8 4
= Rank criteria within cach level based on their @ — Calculate the Fuzzy Theoretical Evaluation Matrix 2
= significance =
L ¢ A~
L [ *
. . \ i
‘ Calculate Weight Coefficients for Each Decision q N lize th - . 1 .
Maker ormalize the Aggregated Decision Matrix
‘ Aggregate Final Weights > Compute the Actual Weight Matrix —

Figure 2. The proposed integrated IVF-LBWA and IVF-MAIRCA approach
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The process continues by converting the linguistic variables for each criterion into equivalent
IVENSs. This conversion relies on the reference values outlined in Table 2, and the resulting
IVFNs are summarized in Table 4.

Table 3. Linguistic variable of the importance of criterion

Criteria DM1 DM?2 DM3 DM4
Social (C1) F MU MU MI
Customer (C2) EU U VU F
Internal processes (C3) U U VU U
Growth and learning (C4) MI MI MU U
Environmental (C5) T™MI VI | T™MI
Financial (C6) El T™MI T™MI VI

Next, the differences between each criterion's value and the maximum value, based on the
opinions of the decision-makers, are computed using Egs. 8 and 9. Then, using the calculated
values and Eqgs. 10-14, the criteria are categorized into different levels, as can be seen in Table
5.

In the next step, Egs. 15 and 16 were applied to evaluate the relative importance of each
criterion within its respective level, as compared to others in the same level. These evaluations,
based on the opinions of individual decision-makers, are summarized in Table 6.

In the following step, Egs. 17-21 were employed to calculate the influence function of each
criterion for every decision-maker. The results of these calculations are comprehensively
presented in Table 7.

Table 4. Assigned IVFN to each criterion

Criteria DM1 DM2
C1 [(4, 4.25), 4.75, (5.5, 6)] [(3, 3.25), 3.75, (4.5, 5)]
C2 [(0, 0.25), 0.75, (1.5, 2)] [(2, 2.25), 2.75, (3.5, 4)]
C3 [(2, 2.25), 2.75, (3.5, 4)] [(2, 2.25), 2.75, (3.5, 4)]
C4 [(5,5.25), 5.75, (6.5, 7)] [(5, 5.25), 5.75, (6.5, 7)]
C5 [(10, 10), 10, (10, 10)] [(7,7.25), 7.75, (8.5, 9)]
C6 [(8, 8.25), 8.75, (9.5, 10)] [(10, 10), 10, (10, 10)]

Criteria DM3 DM4
C1 [(3, 3.25), 3.75, (4.5, 5)] [(5, 5.25), 5.75, (6.5, 7)]
C2 [(1,1.25), 1.75, (2.5, 3)] [(4, 4.25), 4.75, (5.5, 6)]
C3 [(1,1.25), 1.75, (2.5, 3)] [(2,2.25), 2.75, (3.5, 4)]
C4 [(3, 3.25), 3.75, (4.5, 5)] [(2,2.25), 2.75, (3.5, 4)]
C5 [(6, 6.25), 6.75, (7.5, 8)] [(10, 10), 10, (10, 10)]
C6 [(10, 10), 10, (10, 10)] [(7,7.25), 7.75, (8.5, 9)]

Table 5. Criteria classification into levels based on the opinions of decision makers

s® DML DM2 DM3 DM4 s! DML DM2 DM3 DM4 S, DML DM2 DM3 DMA4
5 T Cb, Cs, 5. | C6, cs, 5 | Cb, Cs,
19 s | | 6 1) 6| c5s 6 |t e o5 G0 o
2 5 2 c5 2 5
3| c4 | ca Ci (3| ¢4 | 4 Ci |3 c4 | ca c1
4 cl c2 4 c1 c2 4 a1 c2
C1, C1, C1,
5 a ¢ 5 a ¢ 5 a %
2, c3, 2, c3, 2, c3,
6 C3 | 3 ca 8] G 3 ca 8 C3 1 c3 c4
C2, C2, C2,
7 C3 7 c3 7 C3
8| C2 8| C2 8 C2
9 9 9
10 10 10
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st DM1 | DM2 | DM3 | DM4 | S%| DM1 | DM2 | DM3 | DM4
1 CC::56 C6 C6 C5 | 1| C5 C6 C6 C5
2 C5 C6 | 2| C6
3 C5 3 C5 C6
4| C4 C4 Cl | 4 C5
5| C1 C2 | 5] c4 C4 C1
C1,
6 C1 ca 6 | C1 C2
C2, C3, C1,
7| C3 C3 ca 7 C1 ca
C2, C2, C3,
8 c3 81 G | c3 c4
C2,
9| C2 9 3
1 1
0 0 C2
Table 6. Sorting criteria within each level based on their significance
su DM DM DM DM gl DM DM DM DM S DM DM DM DM
1 2 3 4 1 1 2 3 4 2 1 2 3 4
T 2 2 2 2 r 2 2 2 2 r 2 2 2 2
' 3 3 3 3 ' 3 3 3 3 r' 3 3 3 3
lc, 0 0 0 0 |l 0 0 0 0 lc, 0 0 0 0
lc, 0 0 0 0 |l 0 0 0 0 lc, 0 0 0 0
lc, 0 1 1 0 |l 0 1 1 0 lc, 0 1 1 0
le, 0 0 1 1 lc, 0 0 1 1 le, 0 0 1 1
le, 0 1 0 0 |l 0 1 0 0 le, 0 1 0 0
le, 1 0 0 1 le, 1 0 0 1 le, 1 0 0 1
st DM | DM | DM | DM «| DM | DM | DM | DM
3 1 2 3 4 3 1 2 3 4
T 2 2 2 2 r 1 2 2 2
' 3 3 3 3 r' 2 3 3 3
le, 0 0 0 0 |l 0 0 0 0
le, 0 0 0 0 |l 0 0 0 0
le, 0 2 2 0 |l 0 2 2 0
le, 0 0 2 2 lc, 0 0 2 2
le, 0 0 0 0 |l 0 0 0 0
le, 2 0 0 0 |l 0 0 0 0

Table 7. Influence function of each criterion for every decision maker

DM1 DM2 DM3 DM4
~ [017,02),025 | [(0.14,0.17),0.2, (0.2, | [(0.14,0.17),02, (02, |  [(02,0.25),0.33,
F(G) ™ 0.25,0.25)] 0.2)] 0.2)] (0.33,0.33)]
sy [0.1,011)013, [(0.13,0.14), 0.17, [(0.11,0.13), 0.14, [(0.17,02), 0.25,

(C2) 7 (013,0.13)] (0.17, 0.17)] (0.14,0.14)] (0.25, 0.25)]
~ [(0.13,0.14), 0.17, [(0.12,0.13), 0.16, [(0.1,0.12), 0.14, [(0.13,0.14), 0.17,
F(G) ™ 017,017 (0.16, 0.16)] (0.14,0.14)] (0.17, 0.17)]
~ [(0.2, 0.25), 0.33, [(0.2,0.25), 0.33, [(0.13, 0.15), 0.19, [(0.12,0.13), 0.16,
F(C) (0.33, 0.33)] (0.33, 0.33)] (0.19, 0.19)] (0.16, 0.16)]
FC) (1,1, 1) R A I I CIEVERCHY
G Rl I I NCEY (CRVENCIEY IR AT A

In the final step, Eq. 22 was applied to calculate the IVF weight of each criterion based on
the opinions of each decision maker. Following this, the aggregate 1\VF weights of the criteria
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were determined using Eq. 23. The results are summarized in Tables 8 and 9.

In the second phase, project evaluation is conducted using the method outlined in Section
4.2, which assesses the alignment of each project with the organization’s objectives. This
process culminates in the selection of the project that best supports the organization’s long-term
goals and sustainability initiatives. The first step involves compiling the decision makers'
linguistic evaluations of each project's performance across all criteria, as shown in Table 10,
providing a comprehensive overview of the assessment process.

Table 8. IVVF weight of each criterion based on the opinions of each decision maker

fos"g DM1 DM2 DMS3 DM4
— [(0.06, 0.08), 0.1, [(0.05, 0.06), 0.08, [(0.07, 0.08), 0.09, [(0.08, 0.09), 0.13,
Wy (0.11, 0.12)] (0.09, 0.1)] (0.11, 0.12)] (0.15, 0.17)]
W [(0.04, 0.04), 0.05, [(0.05, 0.05), 0.06, [(0.05, 0.06), 0.07, [(0.06, 0.08), 0.09,
z (0.05, 0.06)] (0.08, 0.09)] (0.08, 0.08)] (0.11, 0.13)]
W [(0.05, 0.05), 0.06, [(0.04, 0.05), 0.06, [(0.05, 0.05), 0.06, [(0.05, 0.05), 0.06,
3 (0.07, 0.08)] (0.07, 0.08)] (0.07, 0.08)] (0.07, 0.09)]
W [(0.08,0.1), 0.13, [(0.08,0.1), 0.13, [(0.06, 0.07), 0.09, [(0.04, 0.05), 0.06,
4 (0.14, 0.16)] (0.15, 0.17)] (0.1, 0.11)] (0.07, 0.08)]
W [(0.38, 0.38), 0.38, [(0.13, 0.19), 0.29, [(0.12, 0.15), 0.23, [(0.38, 0.38), 0.38,
5 (0.43, 0.48)] (0.34, 0.39)] (0.26, 0.29)] (0.45, 0.52)]
W [(0.19, 0.23), 0.29, [(0.38, 0.38), 0.38, [(0.46, 0.46), 0.46, [(0.13, 0.19), 0.28,
6 (0.33, 0.36)] (0.46, 0.52)] (0.53, 0.58)] (0.34, 0.39)]
Table 9. Aggregate IVF weights of the criteria
Final Weights
w, [(0.06, 0.08), 0.1, (0.11, 0.13)]
w, [(0.05, 0.06), 0.07, (0.08, 0.09)]
W, [(0.05, 0.05), 0.06, (0.07, 0.08)]
w, [(0.06, 0.08), 0.1, (0.12, 0.13)]
W [(0.25, 0.28), 0.32, (0.37, 0.42)]
W, [(0.29, 0.32), 0.35, (0.41, 0.46)]

In the subsequent step, the linguistic evaluations provided by each decision-maker are
systematically translated into their corresponding IVFNSs using the conversion process outlined
in Table 2. The translated results, reflecting the decision makers' assessments, are compiled and
presented in Table 11.

Then, the IVF aggregated decision matrix is constructed by applying Egs. 26 and 27, which
combine the individual decision makers' evaluations into a unified matrix. The resulting IVF
aggregated decision matrix is presented in Table 12.

In the next step, the IVF theoretical evaluation matrix is constructed by applying Egs. 28 and
27. Subsequently, the IVF normalized decision matrix is formed using Egs. 30-34, ensuring
that the data is adjusted for consistency and comparability across criteria. Finally, the IVF
elements of the actual weight matrix are determined through element-wise multiplication of the
normalized decision matrix with the corresponding elements of the theoretical evaluation
matrix in Tables 13 and 14.

In the next step, the elements of the total gap matrix are calculated using Eq. 36, and the
results are presented in Table 15.

In the final step, the gap values for each alternative across all criteria are aggregated using
Eq. 37 to calculate the final criteria function values. These values are then sorted in ascending
order to establish the ranking of alternatives, with the results summarized in Table 16.

Based on the evaluation process, the projects are ranked in descending order of preference
as follows: Project A4 is ranked the highest, followed by Project A2 in second place, Project
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A3 in third, Project Al in fourth, and finally, Project A5 in fifth place.

Table 10. Linguistic evaluations of each project's performance across all criteria

DM1
C1 C2 C3 C4 C5 C6
P1 G VG MG F B MB
P2 VG F B MG E MB
P3 F F MB VG G EB
P4 B E B G B E
P5 F G VG VB G EB
DM2
C1 C2 C3 C4 C5 C6
P1 MG VG F G B B
P2 G B MB F G F
P3 F G B G MG B
P4 VB G B VG MB E
P5 MG MG G B MG EB
DM3
C1 C2 C3 C4 Ch5 C6
P1 G E G F B B
P2 E B B MG G MB
P3 B G B G F B
P4 VB VG EB G MB G
P5 MG MG G VB MG VB
DM4
C1 C2 C3 C4 Ch5 C6
P1 MG G G F B B
P2 G F F G G F
P3 F MG F E MG B
P4 VB G VB E F VG
P5 MG G E EB F VB
Table 11. Corresponding IVFN of each project's performance across all criteria
C1 C2 C3 C4 C5 C6
A [(6, 6.25), [(7,7.25), 7.75, [(5, 5.25), [(4, 4.25), [(2, 2.25), 2.75, | [(3, 3.25), 3.75,
1| 6.75, (7.5, 8)] (8.5, 9)] 5.75, (6.5, 7)] | 4.75, (5.5, 6)] (3.5, 4)] (4.5,5)]
A [(7, 7.25), [(4, 4.25), 4.75, [(2, 2.25), [(5,5.25), [(8, 8.25), 8.75, | [(3, 3.25), 3.75,
2 | 7.75,(8.5,9)] (5.5, 6)] 2.75,(3.5,4)] | 5.75, (6.5, 7)] (9.5, 10)] (4.5,5)]
A [(4, 4.25), [(4, 4.25), 4.75, [(3, 3.25), [(7,7.25), [(6, 6.25), 6.75, | [(0, 0.25), 0.75,
3 | 4.75, (5.5, 6)] (5.5, 6)] 3.75,(4.5,5)] | 7.75, (8.5, 9)] (7.5, 8)] (1.5, 2)]
A [(2, 2.25), [(8, 8.25), 8.75, [(2, 2.25), [(6, 6.25), [(2, 2.25), 2.75, | [(8, 8.25), 8.75,
4 | 2.75,(3.5,4)] (9.5, 10)] 2.75,(3.5,4)] | 6.75, (7.5, 8)] (3.5, 4)] (9.5, 10)]
A [(4, 4.25), [(6, 6.25), 6.75, [(7, 7.25), [(1, 1.25), [(6, 6.25), 6.75, | [(0, 0.25), 0.75,
5 | 4.75, (5.5, 6)] (7.5, 8)] 7.75,(8.5,9)] | 1.75, (25, 3)] (7.5, 8)] (1.5, 2)]
DM?2
C1 C2 C3 C4 C5 C6
A [(5, 5.25), [(7,7.25), 7.75, [(4, 4.25), [(6, 6.25), [(2,2.25), 2.75, | [(2, 2.25), 2.75,
1 | 5.75,(6.5, 7)] (8.5, 9)] 4.75, (5.5,6)] | 6.75, (7.5, 8)] (3.5, 4)] (3.5, 4)]
A [(6, 6.25), [(2, 2.25), 2.75, [(3, 3.25), [(4, 4.25), [(6, 6.25), 6.75, | [(4, 4.25), 4.75,
2 | 6.75, (7.5, 8)] (3.5, 4)] 3.75,(4.5,5)] | 4.75,(5.5, 6)] (7.5, 8)] (5.5, 6)]
A [(4, 4.25), [(6, 6.25), 6.75, [(2, 2.25), [(6, 6.25), [(5,5.25), 5.75, | [(2, 2.25), 2.75,
3 | 4.75, (5.5, 6)] (7.5, 8)] 2.75,(3.5,4)] | 6.75, (7.5, 8)] (6.5, N (3.5, 4)]
A [(1, 1.25), [(6, 6.25), 6.75, [(2, 2.25), [(7,7.25), [(3,3.25), 3.75, | [(8, 8.25), 8.75,
4 | 1.75,(2.5, 3)] (7.5, 8)] 2.75,(3.5,4)] | 7.75, (8.5, 9)] (4.5, 5)] (9.5, 10)]
A [(5, 5.25), [(5, 5.25), 5.75, [(6, 6.25), [(2,2.25), [(5, 5.25), 5.75, | [(0, 0.25), 0.75,
5 | 5.75, (6.5, 7)] (6.5, 7] 6.75, (7.5,8)] | 2.75, (3.5, 4)] (6.5, N] (1.5, 2)]
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DM3
C1 Cc2 C3 C4 C5 C6
A | [(6, 6.25), 6.75, | [(8, 8.25), 8.75, | [(6, 6.25), 6.75, | [(4, 4.25), 4.75, [(2, 2.25), [(2,2.25),
1 (7.5, 8)] (9.5, 10)] (7.5, 8)] (5.5, 6)] 2.75,(3.5,4)] | 2.75, (3.5, 4)]
A | [(8,8.25),8.75, | [(2,2.25),2.75, | [(2, 2.25), 2.75, | [(5, 5.25), 5.75, [(6, 6.25), [(3, 3.25),
2 (9.5, 10)] (3.5, 4)] (3.5, 4)] (6.5, 7] 6.75, (7.5,8)] | 3.75, (4.5, 5)]
A | [(2,2.25),2.75, | [(6,6.25), 6.75, | [(2, 2.25), 2.75, | [(6, 6.25), 6.75, [(4, 4.25), [(2, 2.25),
3 (3.5,4)] (7.5, 8)] (3.5, 4)] (7.5, 8)] 4.75, (5.5,6)] | 2.75, (3.5, 4)]
A | [(1,1.25), 1.75, | [(7,7.25), 7.75, | [(0, 0.25), 0.75, | [(6, 6.25), 6.75, [(3, 3.25), [(6, 6.25),
4 (2.5, 3)] (8.5,9)] (1.5, 2)] (7.5, 8)] 3.75,(4.5,5)] | 6.75, (7.5, 8)]
A | [(5,5.25),5.75, | [(5,5.25),5.75, | [(6, 6.25), 6.75, | [(1, 1.25), 1.75, [(5, 5.25), [(1, 1.25),
5 (6.5, 7] (6.5, 7] (7.5, 8)] (2.5, 3)] 5.75,(6.5,7)] | 1.75,(2.5, 3)]
DMA4
C1 Cc2 C3 C4 C5 C6
A | [(5,5.25),5.75, | [(6, 6.25), 6.75, | [(6, 6.25), 6.75, | [(4, 4.25), 4.75, [(2, 2.25), [(2,2.25),
1 (6.5, 7)] (7.5, 8)] (7.5, 8)] (5.5, 6)] 2.75,(3.5,4)] | 2.75, (3.5, 4)]
A | [(6,6.25), 6.75, | [(4,4.25),4.75, | [(4,4.25),4.75, | [(6,6.25),6.75, | [(6, 6.25), [(4,4.25),
2 (7.5, 8)] (5.5, 6)] (5.5, 6)] (7.5, 8)] 6.75, (7.5, 8)] | 4.75, (5.5, 6)]
A | [(4,4.25),4.75, | [(5,5.25),5.75, | [(4,4.25),4.75, | [(8,8.25),8.75, | [(5,5.25), [(2, 2.25),
3 (5.5, 6)] (6.5, 7] (5.5, 6)] (9.5, 10)] 5.75,(6.5,7)] | 2.75,(3.5,4)]
A | [(1, 1.25), 1.75, | [(6, 6.25), 6.75, | [(1, 1.25), 1.75, | [(8, 8.25), 8.75, [(4, 4.25), [(7,7.25),
4 (2.5, 3)] (7.5, 8)] (2.5, 3)] (9.5, 10)] 4.75, (5.5,6)] | 7.75, (8.5, 9)]
A | [(5,5.25),5.75, | [(6, 6.25), 6.75, | [(8, 8.25), 8.75, | [(0, 0.25), 0.75, [(4, 4.25), [(1, 1.25),
5 (6.5, 7)] (7.5, 8)] (9.5, 10)] (1.5, 2)] 4.75, (5.5,6)] | 1.75, (2.5, 3)]
Table 12. The IVF aggregated decision matrix
Aggregated decision matrix
C1 C2 C3 C4 C5 C6
A [(5.5,5.75), [(7, 7.25), [(5.25,5.5), 6, [(4.5, 4.75), [(2, 2.25), [(2.25, 2.5), 3,
1| 6.25,(7,7.5)] 7.75, (8.5, 9)] (6.75, 7.25)] 5.25, (6, 6.5)] | 2.75, (3.5, 4)] (3.75, 4.25)]
A | [(6.75,7),7.5, [(3, 3.25), [(2.75, 3), 3.5, [(5, 5.25), [(6.5, 6.75), [(3.5, 3.75),
2 (8.25, 8.75)] 3.75, (4.5, 5)] (4.25, 4.75)] 5.75,(6.5,7)] | 7.25,(8,8.5)] | 4.25,(5,5.5)]
A [(3.5, 3.75), [(5.25,5.5),6, | [(2.75,3),3.5, | [(6.75,7), 7.5, [(5, 5.25), [(1.5,1.75),
3 | 4.25,(5,5.5)] (6.75, 7.25)] (4.25, 4.75)] (8.25, 8.75)] 5.75, (6.5, 7)] | 2.25, (3, 3.5)]
A | [(1.25,15),2, | [(6.757),7.5, | [(1.25,15),2, | [(6.75,7), 7.5, [(3, 3.25), [(7.25,7.5), 8,
4 (2.75, 3.25)] (8.25, 8.75)] (2.75, 3.25)] (8.25, 8.75)] 3.75, (4.5, 5)] (8.75, 9.25)]
A | [(4.75,5),5.5, [(5.5, 5.75), [(6.75,7), 7.5, [(1, 1.25), [(5, 5.25), [(0.5,0.75),
5| (6.256.75)] | 6.25,(7,7.5)] | (8.258.75)] | 1.75,(25,3)] | 5.75(6.5 7)] | 1.25,(2,2.5)]
Table 13. The IVF Normalized decision matrix
Normalized decision matrix
C1 Cc2 C3 C4 C5 C6
A [(0.196, [(0.212,0.22), [(0.2086, [(0.147, [(0.073, [(0.098,
1 0.204), 0.222, | 0.235, (0.258, 0.215),0.235, | 0.155),0.171, 0.082), 0.1, 0.108), 0.13,
(0.249, 0.267)] 0.273)] (0.264, 0.284)] | (0.196, 0.212)] | (0.127,0.146)] | (0.163, 0.184)]
A [(0.24, 0.249), [(0.091, [(0.108, [(0.163, [(0.237, [(0.152,
5 0.267, (0.293, | 0.098),0.114, 0.117),0.137, | 0.171),0.188, | 0.246),0.264, | 0.163),0.184,
0.311)] (0.136, 0.152)] | (0.166,0.186)] | (0.212,0.229)] | (0.291,0.31)] | (0.217,0.239)]
A [(0.124, [(0.159, [(0.108, [(0.22,0.229), [(0.182, [(0.065,
3 0.133),0.151, | 0.167), 0.182, 0.117),0.137, | 0.245,(0.269, | 0.191),0.209, | 0.076), 0.098,
(0.178,0.196)] | (0.205,0.22)] | (0.166, 0.186)] 0.286)] (0.237,0.255)] | (0.13, 0.152)]
A [(0.044, [(0.205, [(0.049, [(0.22, 0.229), [(0.109, [(0.315,
4 0.053), 0.071, | 0.212), 0.227, 0.059), 0.078, | 0.245,(0.269, | 0.118),0.137, | 0.325), 0.347,
(0.098, 0.116)] | (0.25,0.265)] | (0.108, 0.127)] 0.286)] (0.164, 0.182)] | (0.38, 0.401)]
A [(0.169, [(0.167, [(0.264, [(0.033, [(0.182, [(0.022,
5 0.178), 0.196, | 0.174),0.189, 0.274),0.294, | 0.041),0.057, | 0.191),0.209, | 0.033), 0.054,
(0.222,0.24)] | (0.212,0.227)] | (0.323,0.343)] | (0.082,0.098)] | (0.237,0.255)] | (0.087,0.108)]
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Table 14. The IVVF actual weight decision matrix

Actual weight decision matrix
C1 Cc2 C3 C4 C5 C6
A [(0.013, [(0.011, [(0.01, 0.011), [(0.009, [(0.018, [(0.028,
1 0.016), 0.022, 0.013), 0.016, 0.015, (0.019, 0.012), 0.017, 0.023), 0.032, 0.034), 0.046,
(0.028, 0.034)] | (0.021, 0.024)] 0.023)] (0.023, 0.028)] | (0.048, 0.061)] | (0.067, 0.085)]
A [(0.016, [(0.005, [(0.005, [(0.01, 0.013), [(0.059, [(0.044,
5 0.019), 0.026, 0.006), 0.008, 0.006), 0.009, 0.019, (0.025, 0.068), 0.084, 0.051), 0.065,
(0.033,0.04)] | (0.011, 0.014)] | (0.012,0.015)] 0.03)] (0.109, 0.129)] | (0.089, 0.11)]
A [(0.008, 0.01), | [(0.008, 0.01), [(0.005, [(0.014, [(0.046, [(0.019,
3 0.015, (0.02, 0.012, (0.016, 0.006), 0.009, 0.018), 0.025, 0.053), 0.067, 0.024), 0.034,
0.025)] 0.02)] (0.012, 0.015)] | (0.031,0.037)] | (0.088,0.107)] | (0.054, 0.07)]
A [(0.003, [(0.01, 0.012), [(0.002, [(0.014, [(0.027, [(0.091,
4 0.004), 0.007, 0.015, (0.02, 0.003), 0.005, 0.018), 0.025, 0.033), 0.044, 0.103), 0.123,
(0.011, 0.015)] 0.024)] (0.008, 0.01)] | (0.031,0.037)] | (0.061,0.076)] | (0.156, 0.185)]
A [(0.011, [(0.008, 0.01), [(0.012, [(0.002, [(0.046, [(0.006, 0.01),
5 0.014), 0.019, 0.013, (0.017, 0.014), 0.018, 0.003), 0.006, 0.053), 0.067, 0.019, (0.036,
(0.025, 0.031)] 0.02)] (0.024,0.028)] | (0.01,0.013)] | (0.088, 0.107)] 0.05)]
Table 15. The total gap matrix
Total gap matrix
C1 Cc2 C3 C4 C5 C6
Al 0.075407 0.052731 0.04821 0.082103 0.29322 0.315341
A2 0.071021 0.061208 0.054492 0.080459 0.239078 0.295364
A3 0.082426 0.056439 0.054492 0.074703 0.257124 0.327328
Ad 0.090322 0.05326 0.058262 0.074703 0.281188 0.235448
A5 0.078039 0.055909 0.044442 0.093615 0.257124 0.343311
Table 16. The final values of the criteria functions
Alternatives Final Criteria function value Ranks
Al 0.867012555 4
A2 0.80162179 2
A3 0.85251286 3
Ad 0.793184021 1
A5 0.872440225 5

Interpretation and Implications of Results

Result Discussion

The final ranking approach reveals that Project 4 delivered the best performance, achieving
the lowest overall criteria function value of 0.793184, which reflects its strong alignment with
the organization's strategic objectives (Fig. 3). The weight assigned to criteria played a crucial
role in the project evaluation, with financial and environmental factors being the primary
determinants in the assessment framework. Project 2 ranked second, particularly in
environmental and financial aspects, with a criteria function value of 0.80162179. On the other
hand, Project 5 had the highest criteria function value of 0.872440225, indicating the most
significant performance discrepancies across the assessed dimensions. A detailed analysis of
the total gap matrix shows distinct performance differences: Project 2 stood out for its
exceptional environmental performance (0.239078), far surpassing the other projects, while
Project 4 excelled in financial performance with the smallest financial gap of 0.235448 (Fig.
4).
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Figure 4. Total gaps of projects from each criterion

When analyzing the differences between project performance, the variation in scores
becomes particularly noteworthy. While Project 2 achieved the second-highest ranking with a
score of 0.80162179, the difference between its performance and Project 4's top-ranked score
is relatively small at approximately 0.008. However, the gap between Project 2 and Project 5
(the lowest-ranked project) is substantially larger, at about 0.071, indicating more significant
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performance discrepancies.

An examination of the detailed gap matrix presented in Table 15 reveals distinct patterns in
project performance across various strategic dimensions. While some projects exhibit
consistency across criteria, others demonstrate more pronounced variations. Notably, Project 4
maintains relatively low gaps across most criteria, particularly in C2, C3, and C4, with values
of 0.05326, 0.058262, and 0.074703, respectively. These consistently lower gaps contribute to
its top-ranking position, reflected in its final criteria function value of 0.793184, as indicated in
Table 16. In contrast, Project 5 displays more significant performance fluctuations, particularly
in C6, where the gap reaches 0.343311, the highest among the projects. This variability, coupled
with a higher overall criteria function value of 0.872440225, explains its lower rank at position
5. These performance discrepancies across the criteria provide a clear rationale for the rankings,
emphasizing the relative strengths and weaknesses of each project.

In the context of project portfolio selection, a critical aspect to consider is the effect of
outliers or extreme data points. When certain projects display performance scores that
significantly deviate from the others, these anomalies can skew the overall average and
potentially alter the final rankings. To ensure the integrity of the results, it is imperative to
carefully examine the data for any such outliers and address them appropriately, preventing
them from distorting the selection process.

Moreover, the results of the portfolio selection must be interpreted with attention to the
various contextual factors that may influence the evaluation. A key consideration is whether all
projects were evaluated under uniform conditions in terms of scope, resources, and timelines.
Discrepancies in these areas could create unfair comparisons between projects, leading to
invalid conclusions. Ensuring a consistent baseline for all projects is essential for an accurate
and equitable assessment.

Additionally, the selection criteria used to evaluate the projects should be scrutinized for
their adequacy and relevance. If the criteria do not comprehensively capture the full spectrum
of a project’s alignment with organizational objectives or miss critical success factors, the
resulting evaluation may be incomplete or biased. It is vital that the criteria encompass all
pertinent dimensions to ensure a well-rounded and objective assessment.

In summary, while average scores and rankings provide valuable insights into the relative
performance of projects, a more nuanced approach is required. By factoring in potential outliers,
ensuring consistent evaluation conditions, and using comprehensive criteria, the final selection
process can more accurately reflect the true value of each project within the portfolio.

Sensitivity Analysis

To evaluate the reliability of the decision-making process, a sensitivity analysis was
conducted. This method is critical for understanding how variations in the model's key
components can impact the overall outcomes, ensuring that decisions are based on sound and
stable foundations. In this study, the sensitivity analysis was performed using a randomly
generated weight replacement strategy, consisting of 40 tests where the weights of the criteria
were altered. The primary objective was to observe how these changes influenced the rankings
of the alternatives, allowing for an assessment of both the accuracy and variability of the
decision results. Ultimately, the analysis validated the outcomes, confirming their consistency
and ensuring the reliability of the decision-making approach.

As depicted in Fig. 5, the analysis indicates that Project 2 ranked first in 53% of the tests.
This suggests that project 2 consistently outperforms the other alternatives across most criteria.
Despite variations in the weights assigned to the six criteria, Project 2 was selected as the top-
ranked options in 68% of the tests. These findings provide decision-makers with a high degree
of confidence that Project 2 is the most aligned with the organization's strategic objectives for
the task at hand.
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The ranking of Project 4 demonstrates significant variability depending on the prioritization
of the evaluation criteria. Its position is highly influenced by the relative importance assigned
to each criterion. For instance, when the financial criterion is assigned the lowest priority,
Project 4 consistently ranks at the bottom. Nevertheless, Project 4 achieves a position within
the top two ranks in 63% of the conducted tests. However, it is also susceptible to being ranked
last when the priority of the criteria is altered, underscoring the sensitivity of its performance
to changes in the weighting structure.

Similarly, while Project 1 achieved the top rank in just 15% of the tests, it was ranked last
only once and demonstrated strong performance by securing a position among the top three
projects in 68% of the tests. In contrast, Project 5 has consistently failed to achieve the top rank,
irrespective of the prioritization or importance assigned to the criteria. Moreover, it has been
ranked last in over half of the conducted tests, highlighting its relatively weaker performance
compared to the other projects.

To conclude, this study's sensitivity analysis serves as a vital tool for enhancing decision-
making by providing a deeper understanding of the variability in n project portfolio selection.
By exploring alternative weight configurations, the analysis evaluates the consistency and
dependability of the decision-making framework. This process equips decision-makers with the
confidence to make informed choices, ensuring their decisions are based on a reliable and well-
structured evaluation.
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Figure 5. Distribution of ranks for each project across 40 tests
Managerial Insights

The evaluation process for selecting projects in the sustainable portfolio highlights several
critical insights that can guide strategic decision-making. First and foremost, the importance of
criteria weighting emerges as a central theme. The analysis shows that environmental
sustainability and financial feasibility play pivotal roles in determining project outcomes. This
finding underscores the need for managers to periodically review and validate the weighting
scheme to ensure it accurately reflects the organization’s evolving strategic priorities.
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Adjustments in these weights, if necessary, should be carefully managed to maintain alignment
with long-term sustainability and financial objectives.

A combined analysis of project rankings and strategic alignment reveals that, while the top
projects exhibit close overall performance, their detailed assessments vary notably across key
dimensions. Sensitivity analysis confirms that even slight adjustments in the criteria weights
can influence the rankings, underscoring the need to balance quantitative scores with qualitative
considerations such as strategic fit and long-term benefits.

Sensitivity testing further indicates that project performance is somewhat volatile under
different weight configurations. For example, one project consistently achieves top rankings in
many tests, while another shows significant variability—at times excelling and at other times
lagging behind. These findings enable decision-makers to gauge the stability and reliability of
the evaluation framework, identify potential risks, and appreciate the nuanced differences
among the projects.

Lastly, the iterative and adaptive nature of the decision-making process is essential in a
dynamic environment. The sensitivity analysis reveals that variations in criteria weights can
lead to shifts in project rankings. Therefore, an iterative evaluation approach, which includes
regular re-assessment of project performance under different scenarios, is crucial. This
adaptability allows organizations to respond to changing market conditions and evolving
internal priorities, ensuring that the selected project remains the most viable and strategically
aligned option.

Conclusion

To conclude, sustainable project portfolio selection is a significant challenge for project-based
organizations, as it is closely aligned with their long-term strategic goals. This study presents
the new integrated group decision approach as comprehensive framework specifically designed
to address the complexities of MCDM in this context; in this regard, two new IVF-LBWA and
IVF-MAIRCA are developed. Through the application of these methods to a practical case,
their effectiveness in evaluating and prioritizing projects has been clearly demonstrated. The
findings emphasize the potential of these methods to support project-based organization
managers in making well-informed, strategic decisions that are in line with both sustainability
objectives and organizational goals. Additionally, the sensitivity analysis conducted in this
study has provided valuable insights into how variations in criteria weights affect the final
project rankings. It highlights the flexibility and resilience of the proposed methods,
empowering decision-makers to adjust their criteria preferences and assess the resulting impact
on the sustainable project portfolio selection process. In summary, the integrated IVF-LBWA
and IVF-MAIRCA approach introduced in this study offers a comprehensive and methodical
framework for sustainable project portfolio selection. The application of these methods, along
with the outcomes and insights gained from the sensitivity analysis, demonstrate their reliability
and practical utility. By utilizing these approaches, managers in project-based organizations can
make informed decisions, thereby increasing the likelihood of achieving organizational success.

Looking ahead, several promising avenues for future research emerge to further refine
sustainable project portfolio selection. Expanding the range of evaluation criteria can
significantly enhance the framework's comprehensiveness and practical relevance, ensuring a
more holistic assessment of project sustainability. In addition, integrating advanced fuzzy set
methodologies, particularly interval type-2 fuzzy numbers (IT2FNs), offers a powerful means
to better capture and manage the inherent uncertainties in decision-making (e.g., [62-64]). By
incorporating IT2FNSs, researchers can achieve a more nuanced representation of imprecise and
vague data, leading to more robust and precise project evaluations. This refined approach is
expected to foster a deeper understanding of project performance across diverse criteria,
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ultimately supporting more resilient and informed decision-making in dynamic environments.
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