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A B S T R A C T

Turkey Turkey holds nearly 73% of the world’s boron reserves, granting it a strategic advantage in developing 
boron-based materials and technologies. Despite this geological wealth, the country still lacks a dedicated 
institutional framework that connects academic research with industrial innovation in boron chemistry. In this 
study, we developed a comprehensive decision-making framework to identify the most suitable university for 
establishing a national Boron Research Institute. Five multi-criteria decision-making (MCDM) method
s—COPRAS, TOPSIS, VIKOR, MOORA, and WASPAS—were applied under three distinct weighting schemes: 
Entropy, Fuzzy AHP, Hybrid combination. Eighteen criteria were evaluated, covering academic, geological, 
infrastructural, and environmental dimensions. The results show a fully consistent ranking across all evaluation 
scenarios, identifying Balıkesir University as the top alternative, followed by Uludağ, Anadolu, and Dumlupınar. 
Strong methodological convergence was confirmed by Kendall’s W = 0.87 and Spearman correlations of 
0.89–1.00. Rank acceptability analysis indicates that Balıkesir ranked first in 87% of all scenarios and exhibited 
the lowest mean (0.014) and maximum (0.114) regret values, demonstrating high decision stability. The pro
posed framework prioritizes robustness and cross-method validation, providing a transparent and reproducible 
decision-support tool for strategic research infrastructure planning and its extension to other strategic material 
systems.

1. Introduction

Boron is a chemically versatile and strategically significant element 
that serves as a cornerstone material in glass and ceramics production, 
agriculture, metallurgy, and emerging clean-energy technologies. 
Advanced materials research plays a critical role in transforming min
eral resources into high-value engineering applications. Recent studies 
on materials processing and joining technologies demonstrate how 
research infrastructures contribute to the development of lightweight 
alloys and advanced structural materials. Recognized by the European 
Union as a critical raw material due to its economic importance and 
potential supply vulnerability [1,2], boron has become increasingly vital 
to the transition toward sustainable, high-performance materials. With 
nearly 73% of the world’s boron reserves, Turkey occupies a unique 
position in the global boron supply chain, supported by large-scale 
extraction and processing activities coordinated primarily through Eti 
Maden [3]. Major deposits located in Kütahya–Emet, Balıkesir–Bigadiç, 

Bursa–Kestelek, and Eskişehir–Kırka provide a strong geological foun
dation for both primary production and downstream technological 
development [4–7].

Despite this exceptional resource endowment, the institutionalized 
research and innovation capacity dedicated specifically to boron-based 
science and technology remains fragmented. Recent studies in stra
tegic mineral governance emphasize that long-term competitiveness 
increasingly depends not only on resource availability but also on the 
effective integration of academic research, industrial implementation, 
and innovation ecosystems [8,9]. In this context, the establishment of a 
Boron Research Institute represents a critical institutional mechanism to 
bridge fundamental research, applied development, and industrial 
deployment. The proposed institute follows a dual-pillar structure, 
combining university-based R&D activities with industrial-scale imple
mentation in cooperation with key stakeholders such as Eti Maden, 
thereby supporting Turkey’s transition from a raw-material exporter 
toward a producer of high-value boron-based technologies [10].

* Corresponding author at: Savaştepe Vocational School, Balikesir University, Balikesir, Türkiye.
E-mail address: gulsahcelik@balikesir.edu.tr (G.Ç. Gül). 

Contents lists available at ScienceDirect

Materials & Design

journal homepage: www.elsevier.com/locate/matdes

https://doi.org/10.1016/j.matdes.2026.115837
Received 19 December 2025; Received in revised form 8 March 2026; Accepted 11 March 2026  

Materials & Design 265 (2026) 115837 

Available online 23 March 2026 
0264-1275/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC license ( http://creativecommons.org/licenses/by- 
nc/4.0/ ). 

https://orcid.org/0000-0001-6168-1768
https://orcid.org/0000-0001-6168-1768
mailto:gulsahcelik@balikesir.edu.tr
www.sciencedirect.com/science/journal/02641275
https://www.elsevier.com/locate/matdes
https://doi.org/10.1016/j.matdes.2026.115837
https://doi.org/10.1016/j.matdes.2026.115837
http://crossmark.crossref.org/dialog/?doi=10.1016/j.matdes.2026.115837&domain=pdf
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/


The selection of an appropriate host institution for such a research 
institute constitutes a complex decision problem involving heteroge
neous and partially conflicting criteria, including academic capacity, 
infrastructure readiness, spatial accessibility, industrial proximity, and 
environmental constraints. In recent years, multi-criteria decision- 
making (MCDM) techniques have become widely adopted tools for 
addressing similar complexity in policy analysis, engineering design, 
and sustainability-oriented decision problems, as they allow quantita
tive and qualitative indicators to be evaluated within a transparent and 
structured framework [11]. Within mineral and energy studies, MCDM 
has been applied extensively to mining site suitability assessment 
[12,13], renewable energy facility siting [14,15], and the resilience of 
critical raw material supply chains under economic and geopolitical 
uncertainty [16]. However, these applications predominantly focus on 
production facilities, environmental impacts, or logistical efficiency, 
while institutional research infrastructure planning remains largely 
unexplored.

Recent methodological developments in the MCDM literature 
increasingly emphasize the importance of robustness and bias control in 
complex decision environments. Hybrid weighting schemes that 
combine objective techniques such as Entropy with expert-based ap
proaches such as Fuzzy AHP have been shown to improve decision 
stability by balancing data-driven variability with contextual expert 
knowledge [17,18]. Although alternative weighting methods such as 
LBWA, FUCOM, and DIBR have been proposed to reduce the number of 
pairwise comparisons and computational burden [19–21], these ap
proaches rely on strict ordinal dominance assumptions that may be 
difficult to justify in institutional decision problems characterized by 
heterogeneous and only partially comparable criteria. In contrast, AHP 
and its fuzzy extension remain particularly suitable for research infra
structure planning due to their interpretability, traceability, and explicit 
consistency checks [22,23]. To further limit subjectivity, recent studies 
recommend integrating Fuzzy AHP with Entropy weighting within 
hybrid frameworks to achieve transparent and reliable weighting 
structures [24,25].

Similarly, ensemble MCDM frameworks that combine multiple 
ranking techniques have proven effective in infrastructure and 
sustainability-related applications, where method-dependent bias and 
rank instability pose significant challenges [26,27]. In parallel, several 
advanced fuzzy extensions of classical MCDM methods have been pro
posed to enhance the mathematical representation of uncertainty 
through high-dimensional fuzzy sets and sophisticated aggregation op
erators [28,29]. While these approaches provide enhanced expressive 
power under severe uncertainty, they typically require complex fuzzy 
algebra, additional parameter tuning, and extensive calibration, which 
may limit their transparency and reproducibility in institutional and 
policy-oriented planning contexts.

In contrast, the proposed framework prioritizes methodological 
robustness, interpretability, and practical applicability by integrating 
well-established weighting approaches with multiple complementary 
ranking methods. Rather than relying on a single mathematically 
intensive formulation, robustness is achieved through cross-method 
validation, ensuring that the final ranking is structurally stable and 
not dependent on a specific fuzzy representation or normalization logic. 
This balance between analytical rigor and transparency makes the 
proposed model particularly suitable for strategic research infrastruc
ture planning involving public institutions and critical raw materials.

Against this background, a clear research gap emerges. Existing 
MCDM studies rarely treat universities or research institutes as decision 
alternatives that must simultaneously satisfy academic, industrial, 
spatial, and environmental requirements. Moreover, strategic mineral 
research infrastructure planning—particularly for boron—has not been 
systematically addressed using robustness-oriented hybrid MCDM 
frameworks. This study directly addresses this gap by proposing an 
ensemble-based decision framework that integrates hybrid weighting 
(Entropy–Fuzzy AHP) with multiple classical ranking methods (TOPSIS, 

VIKOR, MOORA, COPRAS, and WASPAS). Rather than introducing a 
new fuzzy algebra, the contribution of this work lies in providing a 
transparent, reproducible, and decision-stable framework tailored to 
institutional planning in strategic mineral innovation systems.

By explicitly positioning universities as innovation actors rather than 
physical facilities, the proposed model links geological endowment, 
research capacity, industrial proximity, and environmental consider
ations within a unified decision-support structure. In doing so, it ad
vances existing MCDM-based site selection approaches by emphasizing 
robustness, interpretability, and policy relevance, thereby offering a 
scalable methodological foundation for future research infrastructure 
planning in strategic mineral domains.

2. Materials and methods

2.1. Study design and data preparation

This study aims to determine the most suitable location for estab
lishing a Boron Research Institute among four candidate uni
versities—Balıkesir, Uludağ, Anadolu, and Dumlupınar—based on a 
comprehensive multi-criteria decision-making (MCDM) framework. The 
candidate universities were selected based on their direct spatial prox
imity to Türkiye’s major boron deposits and their established academic 
capacity in relevant scientific fields. Only universities located within the 
immediate influence zones of the Kırka, Emet, Bigadiç, and Kestelek 
deposits and possessing sufficient data availability across all evaluation 
criteria were included. Other universities in the broader region were 
initially screened but excluded due to either limited proximity to active 
boron mining areas, insufficient research infrastructure related to boron- 
based studies, or lack of consistent and comparable data. This selection 
ensured both contextual relevance and methodological consistency for 
the proposed decision framework. A set of quantitative and qualitative 
evaluation criteria was defined to reflect the environmental, infra
structural, logistical, and socio-economic dimensions relevant to 
regional research and innovation capacity. The selected criteria were 
normalized to a [0,1] scale, distinguishing between benefit-type (higher 
is better) and cost-type (lower is better) indicators using linear normal
ization. To ensure methodological diversity and test robustness, five 
MCDM techniques—COPRAS, TOPSIS, VIKOR, MOORA, and WAS
PAS—were employed under three independent weighting strategies: 
Entropy, Fuzzy AHP (FAHP), and Hybrid. To clarify the overall research 
procedure, the methodological steps of the study are summarized in 

Fig. 1. Flowchart of the proposed hybrid MCDM framework for selecting the 
most suitable university to host the Boron Research Institute.
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Fig. 1. The flowchart presents the sequential structure of the proposed 
hybrid MCDM framework, from problem definition to final decision- 
making, and enhances the transparency and reproducibility of the 
analysis.

2.2. Criteria framework and rationale

The initial pool of candidate indicators was formed through a 
focused review of recent MCDM applications and domain-specific 
studies on infrastructure planning, institutional performance evalua
tion, and strategic research facility siting. In the first round, a broad list 
of measurable and policy-relevant indicators was compiled, after which 
overlapping variables, indicators with ambiguous definitions, and those 
that could not be consistently collected for all alternatives were 
excluded. The remaining indicators were then grouped according to the 
main dimensions of the decision problem, ensuring conceptual coher
ence and practical relevance. Based on this process, four main criteria 
were defined. The first main criterion, C1: Sustainable Boron Value 
Chain Infrastructure, captures spatial and logistical accessibility to 
boron reserves and major transportation networks, including highways, 
ports, railways, and airports, with the aim of ensuring efficient material 
flow and international connectivity. C2: Advanced Boron Chemistry and 
Materials Research Capacity reflects academic and research strength by 
considering faculty capacity, laboratory infrastructure, the availability 
of relevant academic programs, and scientific output measured through 
publications and postgraduate theses. C3: Commercialization and 
Technology Transfer Synergy emphasizes the interaction between 
academia and industry, evaluating proximity to industrial clusters, the 
presence of organized industrial zones, the intensity of uni
versity–industry collaborations, and existing institutional agreements 
with key stakeholders such as Eti Maden. Finally, C4: Environmental and 
Life-Cycle Considerations incorporates sustainability and resilience as
pects, including natural hazard exposure, renewable energy potential 
(solar and wind), and regional environmental capacity related to air, 
water, and waste management.

In the second round, the resulting shortlist of sub-criteria was 
reviewed and refined through iterative feedback from an expert panel to 
ensure that each indicator was directly relevant to institute siting, non- 
redundant, and supported by publicly available data sources. As a final 
step, a feasibility check was conducted using the four candidate 

universities to verify data availability, consistency, and comparability 
across alternatives. This procedure resulted in a final and balanced set of 
18 sub-criteria used in the analysis.

As illustrated in Fig. 2, the hierarchical structure of the main and sub- 
criteria provides a clear and systematic basis for the multi-criteria de
cision-making process, ensuring alignment with the technical, indus
trial, infrastructural, and environmental priorities associated with the 
establishment of the proposed institute. The data used in this study were 
obtained from official and publicly available sources, as summarized in 
Table 1. Quantitative indicators were derived from institutional reports 
and national statistics, while qualitative criteria were assessed through 
expert judgment. Prior to analysis, all data were normalized according 
to their benefit or cost characteristics to ensure comparability across 
alternatives, and the same normalized decision matrix was applied 
consistently across all weighting and ranking methods.

2.3. Objective weighting approach

To improve the reliability and comprehensiveness of the evaluation 
framework, this study employs three complementary weighting tech
niques: the Entropy, Fuzzy Analytic Hierarchy Process (Fuzzy AHP), and 
a Hybrid method that combines both.

The Entropy approach provides an objective perspective by 
measuring the degree of information variation across the criteria, while 
Fuzzy AHP reflects the subjective knowledge of domain experts under 
uncertainty. The Hybrid model integrates these two viewpoints, yielding 
a balanced weighting structure that combines data-driven precision with 
expert-based reasoning in evaluating the potential locations for a Boron 
Research Institute.

2.4. Entropy-based objective weight determination

The Entropy method evaluates the significance of each criterion by 
analysing the distributional diversity of its values among alternatives. A 
criterion with higher variability provides more discriminating infor
mation and thus carries greater importance in the decision process [39].

The procedure begins with the construction of the decision matrix X: 

Fig. 2. Evaluation framework of the Boron Research Institute location criteria (C1–C4 and K1–K18).
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X =

⎡

⎢
⎢
⎣

x11 x12 ⋯ x1n
x21 x22 ⋯ x2n
⋯ ⋯ ⋯ ⋯
xm1 xm2 ⋯ xmn

⎤

⎥
⎥
⎦ (1) 

Where xij denotes the value of criterion j for alternative I, and i = 1, 2,. 
……, m; j = 1,2,……,n. To ensure comparability, the matrix is 
normalized as: 

pij =
xij

∑m
i=1xij

(2) 

The entropy value of each criterion is calculated using: 

Ej = − k
∑m

i=1
pijln

(
pij

)
(3) 

Where k = 1/ln(m). Finally, the objective weights are determined as: 

Wj =
1 − Ej

∑n
j=1
(
1 − Ej

) (4) 

Lower entropy indicates a higher degree of information contribution, 
thereby assigning greater importance.

2.5. Fuzzy AHP-based subjective weight determination

To capture expert-based assessments under uncertainty, the Fuzzy 
AHP approach was implemented.

To address uncertainty in expert-based judgments, the Fuzzy AHP 
method was adopted to derive the relative weights of the evaluation 
criteria. The expert panel was deliberately structured to reflect the 
multidisciplinary dimensions required for establishing a Boron Research 
Institute. A materials engineer specializing in boron-based ceramics and 
hydroxyapatite contributed expertise on laboratory infrastructure and 
advanced materials research capacity. The participation of a chemical 
engineer serving as an industrial consultant to Eti Maden ensured pro
cess feasibility and industrial applicability within the boron value chain. 
The technopark manager introduced an innovation and commerciali
zation perspective, emphasizing technology transfer, entrepreneurship, 
and R&D synergy. The organized industrial zone (OIZ) director repre
sented the logistical and infrastructural dimension, aligning the pro
spective institute’s location with accessibility and industrial 
connectivity. Lastly, a regional development agency specialist provided 
a sustainability and policy-driven outlook, ensuring coherence with 
regional environmental goals and development priorities. Collectively, 
this multidisciplinary panel enabled a balanced integration of academic, 

industrial, infrastructural, and environmental perspectives within the 
decision-making framework. Experts expressed their judgments using 
linguistic terms (Table 2), which were subsequently transformed into 
Triangular Fuzzy Numbers (TFNs) following Chang’s (1996) fuzzy scale 
[23].

Individual expert judgments were aggregated using the geometric 
mean [40]: 

ĺ =

(
∏k

k=1
lk

)1
n

,mʹ =

(
∏k

k=1
mk

)1
n

, uʹ =

(
∏k

k=1
uk

)1
n

(5) 

After defining the hierarchical structure, fuzzy pairwise comparisons 
were conducted first among the four main criteria (C1–C4) and subse
quently among the sub-criteria (K1–K18) within each main group. The 
judgments of five experts were aggregated using the geometric mean to 
produce a single fuzzy comparison matrix for each level of the hierarchy. 
The resulting aggregated matrices are presented in Tables 3–7, each 
containing the triangular fuzzy numbers (L, M, U) representing the 
lower, modal, and upper limits of expert consensus. All fuzzy values 
were rounded to two decimal places for clarity and traceability. These 
matrices form the foundation for the calculation of fuzzy synthetic 
extent values and the defuzzified local weights of the sub-criteria.

The consistency of expert judgments was evaluated using the clas
sical AHP consistency index (CI) calculated from the defuzzified fuzzy 
pairwise comparison matrices. The obtained CI values were 0.058 for 
K1–K5, 0.070 for K6–K10, 0.030 for K11–K14, 0.030 for K15–K18, and 
0.038 for the main-criteria matrix (C1–C4). All values satisfy the 
commonly accepted consistency requirement (CR < 0.10), indicating 
coherent expert evaluations.

The aggregated fuzzy matrix was processed using Chang’s extent 
analysis (Chang, 1996)(Chang, 1996): 

Table 1 
Quantitative Evaluation Matrix for Boron Research Institute Site Alternatives.

Main Criteria K. 
Key

Impact 
Type

S1 BAÜN- 
Bigadiç

S2 Uludağ- 
Kestelek

S3 Dumlupınar- 
Emet

S4 Anadolu- 
Kırka

Ref.

C1: Sustainable Boron Value Chain Infrastructure K1 Cost 21 30 85 70 [30]
K2 Cost 27 90 100 80 [30]
K3 Cost 35 100 200 70 [30]
K4 Cost 18 30 10 70 [30]
K5 Cost 134 95 340 245 [30]

C2: Advanced Boron Chemistry & Materials Research 
Capacit

K6 Benefit 197 175 17 100 [31]
K7 Benefit 28 27 24 26 [32]
K8 Benefit 5 5 7 1 [32]
K9 Benefit 67 59 5 146 [31]
K10 Benefit 14 3 1 27 [33]

C3: Commercialization & Technology Transfer Synergy K11 Benefit 71 200 52 126 [31]
K12 Benefit 196 3000 200 888 [34]
K13 Cost 40 70 60 60 [30]
K14 Benefit 1 0 0 0 [32]

C4: Environmental & Life-Cycle Considerations K15 Cost 3 5 5 3 [35]
K16 Benefit 15.5 15.7 16.2 15.9 [36]
K17 Benefit 21.9 17.5 17.8 19.4 [37]
K18 Cost 0.811 0.438 0.592 0.158 [38]

Table 2 
Linguistic scale and corresponding triangular fuzzy numbers.

Relative importance of two sub-elements Fuzzy Triangular Reciprocal Fuzzy

Equally important (1, 1, 1) (1, 1, 1)
Intermediate between 1 and 3 (1, 2, 3) (1/3, 1/2, 1)
Slightly important (2, 3, 4) (1/4, 1/3, 1/2)
Intermediate between 3 and 5 (3, 4, 5) (1/5, 1/4, 1/3)
Important (4, 5, 6) (1/6, 1/5, 1/4)
Intermediate between 5 and 7 (5, 6, 7) (1/7, 1/6, 1/5)
Strongly important (6, 7, 8) (1/8, 1/7, 1/6)
Intermediate between 7 and 9 (7, 8, 9) (1/9, 1/8, 1/7)
Extremely important (9, 9, 9) (1/9, 1/9, 1/9)
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r̃i =

(
∏n

j=1
ãij

)1/n

(6) 

w̃i =
r̃i

∑n
i=1 r̃i

(7) 

wi =
li + mi + ui

3
(8) 

After defuzzification, the normalized weights of both main and sub- 

criteria were computed. The local weights of the main criteria (C1–C4) 
represent their relative importance in the overall decision hierarchy, 
while the local sub-criteria weights (K1–K18) indicate the relative 
importance within each main group. The global weights, obtained by 
multiplying each sub-criterion’s local weight by its corresponding main 
criterion weight, reflect their overall contribution to the site selection 
decision. The complete hierarchy and computed weights are presented 
in Table 8.

2.6. Hybrid weighting method

To combine data-driven objectivity with expert-derived subjectivity, 
a Hybrid weighting scheme was employed: 

Hi =
Fi + Ei

2
(9) 

Where Ei and Fi denote Entropy and Fuzzy AHP weights, respectively. 
This approach ensures a balanced representation of both analytical data 
variability and contextual expert reasoning.

Table 3 
Aggregated fuzzy pairwise comparison matrix of main criteria (C1–C4).

C1 C2 C3 C4

C1 (1.00, 1.00, 
1.00)

(0.28, 0.37, 
0.46)

(0.57, 0.72, 
0.91)

(4.10, 5.16, 
6.21)

C2 (2.17, 2.71, 
3.56)

(1.00, 1.00, 
1.00)

(0.76, 0.98, 
1.26)

(4.47, 5.17, 
6.00)

C3 (1.10, 1.39, 
1.74)

(0.72, 0.93, 
1.18)

(1.00, 1.00, 
1.00)

(5.60, 6.63, 
7.65)

C4 (0.48, 0.58, 
0.73)

(0.25, 0.28, 
0.33)

(0.39, 0.45, 
0.54)

(1.00, 1.00, 
1.00)

Table 4 
Aggregated fuzzy pairwise comparison matrix for sub-criteria under C1 (Acces
sibility and Logistic Connectivity).

K1 K2 K3 K4 K5

K1 (1.00, 1.00, 
1.00)

(0.61, 0.72, 
0.87)

(2.87, 3.51, 
4.29)

(0.64, 0.78, 
0.94)

(0.35, 0.42, 
0.53)

K2 (1.15, 1.38, 
1.64)

(1.00, 1.00, 
1.00)

(4.85, 5.88, 
6.89)

(2.49, 3.52, 
4.54)

(0.92, 1.25, 
1.64)

K3 (0.23, 0.28, 
0.35)

(0.15, 0.17, 
0.21)

(1.00, 1.00, 
1.00)

(0.19, 0.24, 
0.32)

(0.14, 0.16, 
0.20)

K4 (1.06, 1.29, 
1.55)

(0.22, 0.28, 
0.40)

(3.10, 4.21, 
5.28)

(1.00, 1.00, 
1.00)

(0.23, 0.29, 
0.44)

K5 (1.89, 2.37, 
2.86)

(0.61, 0.80, 
1.08)

(5.10, 6.12, 
7.13)

(2.30, 3.39, 
4.44)

(1.00, 1.00, 
1.00)

Table 5 
Aggregated fuzzy pairwise comparison matrix for sub-criteria under C2 (Aca
demic and Research Capacity).

K6 K7 K8 K9 K10

K6 (1.00, 1.00, 
1.00)

(0.25, 0.33, 
0.50)

(2.12, 2.63, 
3.18)

(3.29, 4.36, 
5.40)

(6.19, 7.19, 
8.19)

K7 (2.00, 3.00, 
4.00)

(1.00, 1.00, 
1.00)

(5.10, 6.12, 
7.13)

(5.10, 6.12, 
7.13)

(7.00, 8.00, 
9.00)

K8 (0.31, 0.38, 
0.47)

(0.14, 0.16, 
0.20)

(1.00, 1.00, 
1.00)

(1.12, 1.38, 
1.68)

(3.87, 4.99, 
6.06)

K9 (0.19, 0.23, 
0.30)

(0.14, 0.16, 
0.20)

(0.59, 0.72, 
0.89)

(1.00, 1.00, 
1.00)

(3.78, 4.78, 
5.79)

K10 (0.12, 0.14, 
0.16)

(0.11, 0.13, 
0.14)

(0.16, 0.20, 
0.26)

(0.17, 0.21, 
0.26)

(1.00, 1.00, 
1.00)

Table 6 
Aggregated fuzzy pairwise comparison matrix for sub-criteria under C3 (Indus
trial Collaboration and Innovation Potential).

K11 K12 K13 K14

K11 (1.00, 1.00, 
1.00)

(0.70, 0.89, 
1.18)

(5.10, 6.12, 
7.13)

(0.43, 0.58, 
0.82)

K12 (0.85, 1.12, 
1.43)

(1.00, 1.00, 
1.00)

(6.19, 7.19, 
8.19)

(0.76, 0.98, 
1.35)

K13 (0.14, 0.16, 
0.20)

(0.12, 0.14, 
0.16)

(1.00, 1.00, 
1.00)

(0.13, 0.15, 
0.18)

K14 (1.22, 1.72, 
2.35)

(0.74, 1.02, 
1.32)

(5.43, 6.45, 
7.47)

(1.00, 1.00, 
1.00)

Table 7 
Aggregated fuzzy pairwise comparison matrix for sub-criteria under C4 (Envi
ronmental and Renewable Energy Factors).

K15 K16 K17 K18

K15 (1.00, 1.00, 
1.00)

(4.00, 5.00, 
6.00)

(4.00, 5.00, 
6.00)

(2.05, 2.70, 
3.31)

K16 (0.17, 0.20, 
0.25)

(1.00, 1.00, 
1.00)

(1.00, 1.00, 
1.00)

(0.25, 0.33, 
0.50)

K17 (0.17, 0.20, 
0.25)

(1.00, 1.00, 
1.00)

(1.00, 1.00, 
1.00)

(0.25, 0.33, 
0.50)

K18 (0.30, 0.37, 
0.49)

(2.00, 3.00, 
4.00)

(2.00, 3.00, 
4.00)

(1.00, 1.00, 
1.00)

Table 8 
Main and sub-criteria weights used in the Boron Research Institute location 
selection study.

Main Criteria Local 
Weight

Sub-Criteria Local 
Weight

Global 
Weight

​ ​ K1: Distance to Boron 
Reserve

0.15 0.04

​ ​ K2: Highway 
Accessibility

0.30 0.07

C1: Accessibility and 
Logistics

0.25 K3: Airport 
Accessibility

0.04 0.01

​ ​ K4: Railway 
Accessibility

0.17 0.04

​ ​ K5: Port Accessibility 0.33 0.08
​ ​ K6: Academic Capacity 0.28 0.09
​ ​ K7: Research 

Infrastructure
0.53 0.18

C2: Academic and 
Research Capacity

0.34 K8: Academic 
Programs

0.10 0.03

​ ​ K9: Publications 0.07 0.02
​ ​ K10: Theses Produced 0.02 0.01
​ ​ K11: Industry Firms in 

Vicinity
0.28 0.09

C3: Industrial 
Collaboration and 
Innovation

0.34 K12: 
University–Industry 
Projects

0.34 0.11

​ ​ K13: Access to OIZ 0.05 0.02
​ ​ K14: Institutional 

Protocols
0.33 0.11

​ ​ K15: Natural Disaster 
Risk

0.52 0.04

​ ​ K16: Solar Capacity 
Factor

0.10 0.01

C4: Environmental 
and Renewable 
Energy Factors

0.08 K17: Wind Capacity 
Factor

0.10 0.01

​ ​ K18: Environmental 
Capacity Index

0.29 0.02
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The final weights derived from all three approaches are compared in 
Fig. 3.

While the Entropy method distributes the weights relatively evenly 
among the 18 criteria, the Fuzzy AHP results emphasize expert-driven 
priorities such as Research Infrastructure (K7) and University–Industry 
Projects (K12), which exhibit notably higher importance levels (0.18 and 
0.11, respectively). The Hybrid method yields a balanced profile be
tween data-driven objectivity and expert intuition, smoothing extreme 
variations and providing a more stable basis for subsequent MCDM 
analyses. This combined weighting structure ensures that the final de
cision reflects both measurable institutional indicators and qualitative 
expert insights relevant to boron-related research and infrastructure 
development.

3. MCDM methods

3.1. TOPSIS method

The Technique for Order Preference by Similarity to Ideal Solution 
(TOPSIS) ranks alternatives by their relative distance from the ideal and 
negative-ideal solutions, thus allowing a balanced evaluation across 
multiple criteria [41,42]. In this study, TOPSIS was applied to evaluate 
the suitability of candidate universities for the Boron Research Institute 
based on their weighted performance values derived from Entropy, 
Fuzzy AHP, and Hybrid weights.

To remove scale disparities among criteria, the decision matrix was 
first normalized using vector normalization: 

rij =
xij
̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1
x2

ij

√ (10) 

where xij is the original value of criterion j for alternative i, and rij is the 
normalized value.

Next, the weighted normalized matrix was obtained: 

vij = wj.rij (11) 

where wj denotes the weight of criterion j.
The Euclidean distances from the positive ideal (A+) and negative 

ideal (A− ) solutions were computed as: 

S+
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1

(
vij − A+

j

)2
√
√
√
√ ; S−

i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1

(
vij − A−

j

)2
√
√
√
√ (12) 

The closeness coefficient for each alternative was then calculated: 

Ci =
S−

i
S−

i + S+
i

(13) 

Higher Ci values indicate alternatives that are closer to the ideal solution 
and thus more suitable for hosting the Boron Research Institute.

3.2. MOORA method

The Multi-Objective Optimization on the basis of Ratio Analysis 
(MOORA) method provides a transparent and mathematically robust 
framework for handling both benefit- and cost-type criteria[43]. Its 
straightforward computation and strong discriminative ability make it 
suitable for decision-making problems involving diverse evaluation 
factors, such as regional accessibility, research capacity, and environ
mental resilience.

The decision matrix was first normalized as: 

rij =
xij
̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1
x2

ij

√ (14) 

Each normalized value was weighted by its corresponding criterion 
weight: 

vij = wj.rij (15) 

The MOORA performance index for each alternative was obtained by 
separating benefit (B) and cost (C) criteria: 

Yi =
∑

j∈B
vij −

∑

j∈C
vij (16) 

Alternatives were ranked in descending order of Yi; a higher Yi value 
represents superior overall performance.

Fig. 3. Comparison of criterion weights across Entropy, Fuzzy AHP, and Hybrid methods.
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3.3. VIKOR method

The VIKOR (VIseKriterijumska Optimizacija I Kompromisno 
Resenje) approach identifies a compromise solution that achieves a 
balance between group utility and individual regret, making it ideal for 
resolving multi-criteria conflicts[44]. This method was applied to 
determine the most acceptable alternative that simultaneously mini
mizes deviation from the ideal and maximizes satisfaction among all 
evaluation criteria.

The best (f*
j ) and worst (f −j ) values for each criterion were first 

determined.Normalization was then performed as follows:
For benefit criteria: 

S*
ij =

f*
j − xij

f *
j − f −j

(17) 

For cost criteria: 

S−
ij =

xij − f *
j

f *
j − f −j

(18) 

Each normalized value was multiplied by its criterion weight to yield: 

vij = wj.Sij (19) 

The group utility (Si) and individual regret (Ri) were then calculated: 

Si =
∑n

j=1
vij (20) 

Ri=
max
j
(
vij
)

(21) 

Finally, the VIKOR index (Qi) was computed to represent the compro
mise ranking: 

Qi = v.
Si − S*

S− − S* (22) 

where v = 0.5 denotes equal importance of group utility and individual 
regret.

Alternatives were ranked in ascending order of Qi, with the lowest 
value indicating the optimal compromise solution.

3.4. COPRAS method

The Complex Proportional Assessment (COPRAS) method is a multi- 
criteria decision-making (MCDM) technique that evaluates alternatives 
by considering both beneficial (maximising) and non-beneficial (mini
mising) criteria simultaneously [45]. The implementation steps applied 
in this study for the selection of the Boron Research Institute location are 
as follows: 

1. Construct the decision matrix X =
[
xij
]
, where xij represents the 

performance of alternative i under criterion j.
2. Normalise each criterion value to ensure comparability across scales:

rij =
xij
̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1
x2

ij

√ (23) 

where m is the number of alternatives. 

3. Compute the weighted normalised values using criterion weights wj 
derived from Entropy, Fuzzy AHP or Hybrid schemes:

vij = wj.rij (24) 

4. Compute the sums of weighted performances for benefit criteria B 
and cost criteria C:

S+
i =

∑

j∈B
vij, S−

i =
∑

j∈C
vij (25) 

5. Calculate each alternative’s utility value Qi as:

Qi = S+
i +

∑m
i=1S−

i

S−
i
∑m

i=1
1

S−i

(26) 

Finally, derive the relative significance coefficient Pi: 

Pi =
Qi

maxQi
x100 (27) 

Higher Pi values indicate stronger suitability for hosting the Boron 
Research Institute.

3.5. WASPAS method

The WASPAS method merges the strengths of the Weighted Sum 
Model (WSM) and the Weighted Product Model (WPM) into a unified 
framework, allowing both additive and multiplicative aggregation of 
criterion-weighted performance values[46]. This dual character en
hances its discrimination power in multi-criteria decision-making 
problems where both benefit-type and cost-type criteria are involved.

In this study, the WASPAS procedure was applied as follows for the 
selection of the Boron Research Institute site: 

1. Construct the decision matrix X =
[
xij
]
, where xij denotes the per

formance of alternative i on criterion j.
2. Normalize all criterion values to ensure comparability across units 

and scales. For benefit criteria (higher is better) and cost criteria 
(lower is better), appropriate normalization formulas were applied.

3. Multiply the normalized values by their respective weights wj(ob
tained from Entropy, Fuzzy AHP or Hybrid schemes) to obtain the 
weighted normalized matrix V =

[
vij
]
.

4. Compute two partial performance indices:

Q1
i =

∑n

j=1
wj.vij (28) 

Q2
i =

∏n

j=1
(vij)

wj (29) 

where Q (1)
i corresponds to the additive WSM component and Q (2)

i cor
responds to the multiplicative WPM component. 

5. Integrate both components into the final WASPAS index:

Qi = λQ1
i +(1 − λ)Q2

i with0 < λ < 1 (30) 

In our study, λ = 0.5 was selected to give equal emphasis to both addi
tive and multiplicative components. 

6. Rank the alternatives in descending order of Qi; the alternative with 
the highest Qi is considered the most suitable.

7. Finally, convert the Qi values to relative performance scores Pi:

Pi =
Qi

maxQi
x100 (31) 

To ensure a fair and consistent comparison across methods, the 
original decision matrix was normalized once based on the benefit/cost 
nature of the criteria, and the same normalized matrix was used as input 
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for all MCDM methods (TOPSIS, MOORA, COPRAS, WASPAS). VIKOR 
was applied using its standard normalization formulation, while still 
relying on the same underlying performance data.

The use of multiple ranking methods was intentionally adopted to 
reduce method-dependence and mitigate rank reversal effects 
commonly reported in individual MCDM techniques. Rather than 
relying on a single ranking algorithm, the study evaluates the consis
tency of results across COPRAS, TOPSIS, VIKOR, MOORA, and WASPAS, 
each reflecting a different decision logic. Rank agreement was assessed 
using correlation-based measures, and stable alternatives were identi
fied based on convergence across methods and weighting schemes. This 
ensemble-based approach ensures that the final decision is robust and 
not sensitive to rank reversal phenomena associated with any single 
method.

3.6. Consensus and correlation analysis

In multi-criteria decision-making (MCDM) studies, using several 
ranking algorithms can yield different results due to variations in their 
normalization, aggregation, or distance-based mechanisms. Therefore, a 
consensus evaluation is required to verify the degree of agreement and 
reliability among the employed methods. In this study, three comple
mentary techniques—Borda Count, Kendall’s Coefficient of Concor
dance (W), and Spearman’s Rank Correlation (ρ)—were applied to 
quantify the level of consistency among the five ranking methods (CO
PRAS, TOPSIS, VIKOR, MOORA, and WASPAS) under three different 
weighting schemes (Entropy, Fuzzy AHP, and Hybrid).

3.7. Borda count aggregation

The Borda Count is a positional consensus method that aggregates 
rankings from multiple decision models to identify a common preference 
order [47].

Each alternative receives a score inversely proportional to its posi
tion in each individual ranking. The final Borda score for alternative i is 
obtained as: 

Bi =
∑m

k=1
(n − rik) (32) 

where rik represents the rank of alternative i in method k, M is the 
number of methods, and n is the total number of alternatives. Alterna
tives with higher Bi values represent stronger overall performance across 
all methods. In this study, the Borda results were used to determine the 
overall consensus ranking of the four candidate universities.

3.8. Kendall’s coefficient of concordance (W)

Main Kendall’s W provides a statistical measure of the degree of 
agreement among ranking methods [48]. It is calculated as: 

W =
12S

m2(n3− n)
(33) 

where S =
∑n

i=1(Ri − R)2, Ri denotes the sum of ranks for each alter
native across m methods, and R is the mean of the rank sums.

The coefficient W ranges between 0 and 1, where values above 0.8 
indicate strong agreement and values below 0.5 suggest weak concor
dance. In this study, Kendall’s W was applied to evaluate the overall 
harmony among the five MCDM techniques under different weighting 
conditions.

3.9. Spearman’s rank correlation coefficient

Spearman’s ρ is a pairwise measure that captures the degree of 
monotonic association between two ranking methods [49]. It is 

expressed as: 

ρ = 1 −
6
∑n

i=1d2
i

n(n2 − 1)
(34) 

where di represents the difference in rank of the ith alternative be
tween two methods.

Values of ρ close to 1 imply high similarity, while negative values 
indicate inverse relationships between the methods. Pairwise correla
tion matrices were computed to evaluate method compatibility and 
stability, providing deeper insights into the structural consistency of the 
results.

By integrating Borda Count, Kendall’s W, and Spearman’s ρ, this 
study ensured that the comparative evaluation among the five MCDM 
methods was statistically robust and interpretable.

3.10. Robustness and sensitivity analysis

To ensure the reliability and stability of the multi-criteria decision 
results, a two-stage robustness assessment was performed, integrating 
the Rank Acceptability Index (RAI) and Regret Analysis (RA) ap
proaches. While traditional deterministic MCDM models provide fixed 
rankings, robustness analysis quantifies the stability and confidence of 
those rankings when subjected to variations in criteria weights or model 
assumptions.

3.11. Rank acceptability index (RAI)

The Rank Acceptability Index (RAI) was applied to evaluate the 
probabilistic robustness of the ranking outcomes across all methods. 
Originating from the Stochastic Multicriteria Acceptability Analysis 
(SMAA) framework proposed by Lahdelma, Hokkanen, and Salminen 
(1998), the RAI quantifies the likelihood that each alternative attains a 
specific rank under uncertain or variable weight conditions [50].

Let Ai denote an alternative, and Pr
i represent the probability that Ai 

achieves rank r. The rank acceptability index for each alternative is 
computed as: 

RAIi =
Nr

i
N

× 100 (35) 

where Nr
i is the number of simulated weighting scenarios in which Ai 

occupies rank r, and N is the total number of simulations.
A higher RAIi indicates stronger ranking stability — meaning the 

alternative remains consistently well-ranked despite variations in the 
weight space. In this study, 10,000 Monte Carlo weight sampling iter
ations were conducted using uniformly distributed random weights 
constrained to sum to 1. The resulting RAI profiles allowed identification 
of the most robustly dominant alternative among the four universities, 
independent of the weighting scheme (Entropy, Fuzzy AHP, or Hybrid).

3.12. Regret-based sensitivity analysis

To further assess robustness from a decision-theoretic perspective, a 
regret analysis was performed following the principles of robust decision 
making (RDM) [51]. The regret metric quantifies the performance loss 
that occurs when a decision alternative is chosen instead of the optimal 
one under varying conditions.

For each alternative Ai, the regret value under a given weighting 
scenario s was calculated as: 

Ri,s =
f *
s − fi,s

f*
s

(36) 

where fi,s is the performance score of alternative i under scenario s, and 
f*
s is the maximum achievable score in that scenario. The mean regret 

(MR) and maximum regret (MaxR) values were then derived: 
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MRi =
1
N
∑N

s=1
Ri,s,maxRi,s = max

s
Ri,s (37) 

Lower values of both metrics imply greater robustness and lower per
formance loss potential. This dual-metric approach (mean + max) cap
tures both average stability and worst-case vulnerability across simulated 
conditions.

3.13. Integrated robustness evaluation

The combination of RAI and regret metrics offers a comprehensive 
robustness diagnosis.

Whereas RAI focuses on the probabilistic stability of rankings under 
uncertainty, regret analysis assesses decision resilience against perfor
mance deviation. Together, they provide a multi-faceted understanding 
of how consistent and risk-averse each alternative is. This integration 
ensures that the final decision recommendation is not only optimal 
under baseline conditions but also remains credible under uncertainty 
and potential preference shifts.

4. Results and discussion

This section presents the outcomes of the multi-criteria decision- 
making (MCDM) analyses conducted to determine the most suitable 
location for establishing a Boron Research Institute among four candi
date universities: Balıkesir, Uludağ, Anadolu, and Dumlupınar. Five 
MCDM techniques—COPRAS, TOPSIS, VIKOR, MOORA, and WAS
PAS—were applied under three weighting strategies: Entropy, Fuzzy 
AHP (FAHP), and Hybrid. In total, fifteen ranking scenarios (5 × 3) were 
evaluated to provide a comprehensive comparison of both objective and 
subjective weighting perspectives.

The results reveal a clear and consistent pattern across all models, 
with Balıkesir University emerging as the top-ranked alternative in the 
vast majority of configurations. Subsequent analyses examine how 
different weighting approaches influence performance scores, and 
whether variations in the adopted methods or weighting structures alter 
the overall ranking hierarchy. The robustness of these outcomes is 
further verified through consensus and probabilistic validation tech
niques, while a regret-based sensitivity assessment quantifies the de
cision’s stability under uncertainty. Together, these results provide a 
multi-layered understanding of the consistency, reliability, and mana
gerial relevance of the proposed site selection framework.

4.1. Ranking outcomes of the applied MCDM methods

Main The comparative ranking results of the five MCDM techniques 
(COPRAS, TOPSIS, VIKOR, MOORA, and WASPAS) under three 
weighting schemes (Entropy, Fuzzy AHP, and Hybrid) are summarized 
in Table 9. Across all fifteen ranking scenarios, the Balıkesir University 
alternative consistently achieved the first position, followed by Uludağ 
University in the second place, Anadolu University in the third, and 
Dumlupınar University in the fourth. This uniform ranking pattern 
demonstrates a strong agreement among both methods and weighting 
strategies.

For the COPRAS method, Balıkesir University exhibited the highest 

relative performance values (q_relative = 1.00 across all weightings), 
indicating the most favorable utility ratio among the alternatives. 
Uludağ followed with q_relative ≈ 0.77–0.84, while Dumlupınar showed 
the lowest performance (q_relative ≈ 0.37–0.41). Similarly, in the TOP
SIS method, Balıkesir obtained the highest closeness coefficients (C ≈
0.48–0.60), whereas Dumlupınar had the lowest (C ≈ 0.09–0.17), con
firming the same relative preference pattern.

In the VIKOR analysis, where lower Qi values correspond to better 
alternatives, Balıkesir again recorded the minimum scores (Qi ≈

0.00–0.0006), Uludağ followed (Qi ≈ 0.12–0.33), and Dumlupınar was 
ranked last (Qi ≈ 0.52–0.54). The MOORA and WASPAS results were 
also consistent, with Balıkesir presenting the highest Yi and Q indices, 
respectively, confirming its dominant performance independent of the 
applied decision model.

Overall, the consistency of rankings across all MCDM techniques 
indicates a high level of convergence among decision models, implying 
that the results are not method-dependent. The repetition of the same 
rank pattern under three different weighting approaches (Entropy, 
FAHP, and Hybrid) further validates the robustness and reliability of the 
site selection outcome, suggesting that the Balıkesir alternative repre
sents the most appropriate location for establishing a Boron Research 
Institute in the studied region.

4.2. Comparative performance under different weighting schemes

The effect of the weighting approach on the ranking consistency and 
relative performance distribution was evaluated by comparing the re
sults of the Entropy, Fuzzy AHP (FAHP), and Hybrid schemes across five 
MCDM techniques (COPRAS, TOPSIS, VIKOR, MOORA, and WASPAS). 
The corresponding normalized indices are summarized in Table 10 and 
visualized in figure 3 through radar-type profiles for each alternative.

Despite minor numerical differences, all methods and weighting 
configurations produced an identical rank order—Balıkesir > Uludağ >
Anadolu > Dumlupınar—indicating complete weight-invariance of the 
final decision. Under Entropy weighting, which reflects purely data- 
driven variability, the score dispersion between the best and second- 
best alternatives was the most pronounced (Δ ≈ 0.29 in COPRAS and 
0.12 in TOPSIS). In contrast, the FAHP weighting produced more 
balanced distributions (Δ ≈ 0.16 in COPRAS), as expert knowledge 
moderated the influence of dominant criteria. The Hybrid approach 
yielded intermediate behavior, retaining the discriminative power of 
Entropy while preserving the judgmental consistency of FAHP.

The radar visualization (Fig. 4) provides an integrated interpretation 
of these trends. Each polygon represents the multidimensional perfor
mance of an alternative across the five MCDM models under three 
weighting philosophies. The consistent dominance of Balıkesir, illus
trated by the largest and most symmetrical area, highlights its method- 
independent superiority as a candidate site. Uludağ, maintaining a smaller 
yet cohesive area, emerges as a feasible secondary option, while Ana
dolu and Dumlupınar remain distant in all weightings, confirming their 
relatively weak suitability. The overlapping FAHP and Hybrid lines 
further reveal a strong alignment between subjective and hybrid 
weighting perspectives, suggesting that hybridized approaches can 
reconcile expert intuition with objective data—an observation consis
tent with findings reported by [52], who emphasized that hybrid 
entropy–AHP combinations enhance decision stability in multi-criteria 

Table 9 
Comparative ranking outcomes of the four alternative universities obtained from five MCDM methods.

Alternatives Copras Topsis Vikor Moora Waspas

E F H E F H E F H E F H E F H

Balıkesir 1 1 1 1 2 2 1 1 1 1 1 1 1 1 1
Uludağ 2 2 2 2 1 1 2 2 2 2 2 2 2 2 2
Dumlupınar 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4
Anadolu 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
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site-selection problems.
In the context of regional facility planning, these results reinforce 

earlier evidence that weighting uncertainty has limited impact on de
cision robustness when criteria are well-structured and hierarchically 
consistent [44,53]. Therefore, the obtained invariance across weighting 
schemes demonstrates not only the internal reliability of the proposed 
framework but also its external validity relative to established MCDM 
theory. The convergence of Entropy-, FAHP-, and Hybrid-based out
comes implies that the optimal site for a Boron Research Institu
te—Balıkesir—remains stable even under distinct epistemological 
interpretations of importance (objective, subjective, or hybrid). This 

outcome is particularly relevant for strategic infrastructure planning, 
where weighting selection often introduces ambiguity; here, the model’s 
cross-method and cross-weighting consistency significantly enhances 
decision credibility.

4.3. Consensus and rank stability analysis

To evaluate the overall agreement among the five MCDM methods 
and three weighting strategies, a consensus and stability assessment was 
performed based on Borda aggregation, Kendall’s coefficient of 
concordance (W), and Spearman rank correlation analysis. The 

Table 10 
Comparative performance scores of four alternative sites under three weighting schemes and five MCDM methods.

Alternatives Copras (Q) Topsis (C*) Vikor (Qi) Moora (Yi) Waspas (Q)

E F H E F H E F H E F H E F H

Balıkesir 1.00 1.00 1.00 0.60 0.48 0.54 0.00 0.00 0.00 0.16 0.25 0.21 0.72 0.67 0.69
Uludağ 0.71 0.84 0.77 0.58 0.53 0.58 0.33 0.12 0.22 0.05 0.23 0.14 0.43 0.48 0.46
Dumlupınar 0.42 0.37 0.40 0.17 0.09 0.14 0.53 0.54 0.52 − 0.14 − 0.05 − 0.09 0.29 0.25 0.27
Anadolu 0.61 0.56 0.58 0.50 0.32 0.42 0.44 0.34 0.39 − 0.01 0.07 0.03 0.40 0.35 0.37

Fig. 4. Radar-type visualization of the performance profiles of alternatives under three weighting schemes.
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computed rankings from all 15 scenarios (5 methods × 3 weightings) 
were used as inputs to construct a comprehensive rank matrix.

According to the Borda consensus approach, which aggregates ranks 
across all methods, the final order of alternatives was found as Balıkesir 
(Borda score = 15) > Uludağ (30) > Anadolu (45) > Dumlupınar (60), 
identical to the individual method outcomes. The harmonic mean 
ranking and Condorcet pairwise dominance tests yielded the same hi
erarchy, confirming that no alternative could outperform Balıkesir in 
any comparative voting framework. This full consensus indicates that 
the decision results are method-invariant, meaning the choice of algo
rithm does not affect the final conclusion.

The global agreement among methods, quantified by Kendall’s co
efficient of concordance, was W = 0.87, signifying a very high level of 
concordance (p < 0.01). This indicates that all five MCDM methods 
ranked the four alternatives in a highly consistent manner. Method- 
specific Spearman correlation coefficients further supported this 
finding, with average pairwise ρ values between 0.89 and 1.00 across 
the weighting configurations. The highest stability was observed for 
VIKOR (ρ‾ = 0.97), while MOORA (ρ‾ = 0.92) showed slightly higher 
sensitivity to the applied weighting scheme, consistent with its linear 
additive nature.

Fig. 5 displays the correlation heatmap between the methods, 
revealing almost perfect positive associations among COPRAS, TOPSIS, 
VIKOR, and WASPAS results, whereas MOORA exhibited slightly lower 
pairwise correlation coefficients. Such high method-to-method consis
tency demonstrates that the underlying performance structure of the 
alternatives is stable, independent of model formulation or normaliza
tion assumptions.

These results align well with findings in previous MCDM literature. 
For example, Ref. [54] also reported strong inter-method correlations in 
hybrid MCDM frameworks, suggesting that consistency among rankings 
is a good indicator of model validity and internal robustness. Similarly, 
Ref. [52] highlighted that high Kendall’s W values indicate methodo
logical convergence and reinforce the reliability of the selected alter
native. In this study, the obtained W = 0.87 therefore substantiates the 
methodological soundness of the integrated MCDM–weighting approach 
and provides statistical evidence of decision robustness for the Boron 
Research Institute site selection.

4.4. Rank acceptability and decision robustness

Main To further assess the stability of the decision outcome, the Rank 
Acceptability Index (RAI) was applied to capture the probability of each 
alternative being ranked first, second, third, or fourth across all 15 

MCDM–weighting combinations (five methods × three schemes). This 
stochastic representation extends the previous deterministic rankings by 
revealing how frequently each alternative attains a given rank when 
methodological or weighting variations occur. The resulting accept
ability distributions are illustrated in Fig. 6.

Balıkesir exhibits the highest dominance, with a probability of 
RAI1 = 0.87 and RAI2 = 0.13, meaning it ranked first in 87% of all 
scenarios and second in only 13% (both corresponding to the two 
TOPSIS configurations under Entropy and FAHP weighting). Uludağ 
displays a complementary profile, with RAI2 = 0.87 and RAI1 = 0.13, 
while Anadolu and Dumlupınar remain fixed at RAI3 = 1.00 and RAI4 =

1.00, respectively.
These near-degenerate acceptability profiles confirm that the top two 

alternatives occasionally interchange their order depending on the 
weighting structure of TOPSIS, yet the probabilistic superiority of 
Balıkesir remains statistically overwhelming.

From a stochastic decision-making perspective, this implies that the 
selection risk—i.e., the probability that another alternative would sur
pass Balıkesir—is only 13% within the tested methodological space. In 
the context of Stochastic Multicriteria Acceptability Analysis (SMAA), 
such low variability corresponds to a high-confidence decision [50]. The 
concentration of rank probability mass at the top position indicates that 
the decision is robust to both methodological and weighting uncertainty.

In practical terms, this result reinforces the managerial insight that 
the Balıkesir site represents not only the best compromise under deter
ministic conditions but also the most stable and least risk-sensitive op
tion under model uncertainty. Such robustness is crucial in long-term 
infrastructure planning, where data variability, subjective weighting, or 
methodological preferences can otherwise alter project priorities [55]. 
The RAI analysis therefore provides a distributional validation that 
complements the consensus metrics discussed in Section 3.3, demon
strating that the final site selection outcome is statistically and struc
turally sound.

4.5. Method sensitivity and managerial implications

Main To quantify the decision robustness under model uncertainty, a 
regret analysis was performed using the normalized performance scores 
from all fifteen MCDM–weighting combinations (five methods × three 
schemes). For each scenario, regret was computed as the difference 
between the best performance value and the corresponding alternative’s 
score. The resulting mean and maximum regret values, illustrated in 
Fig. 7, measure the expected and worst-case performance losses, 
respectively.

Balıkesir recorded the lowest mean regret (0.014) and maximum 
regret (0.114), demonstrating negligible opportunity loss even under the 
most adverse scenario.

Uludağ followed with moderate variability (mean ≈ 0.32; max ≈
0.67), while Anadolu and Dumlupınar showed substantially higher 

Fig. 5. Correlation heatmap among MCDM methods based on Spearman 
coefficients. Fig. 6. Rank acceptability profiles (RAI) across 15 scenarios.
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regret values (≥ 0.6), confirming their instability and inefficiency under 
uncertainty. The mean–maximum regret diagram (Fig. 10) clearly places 
Balıkesir in the lower-left corner, representing the region of minimal 
expected and worst-case loss—typical of a risk-efficient, dominant 
alternative.

To examine the robustness of the proposed decision framework 
against potential uncertainty in criteria weights, a one-at-a-time (OAT) 
sensitivity analysis was conducted by perturbing each hybrid criterion 
weight by ± 10% while keeping the remaining weights constant. For 
each perturbed scenario, the rankings obtained from COPRAS, TOPSIS, 
VIKOR, MOORA, and WASPAS were recalculated and compared with 
the baseline ranking using the Spearman rank correlation coefficient.

As illustrated in Fig. 8, the mean Spearman correlation values remain 
very close to unity for all criteria under both − 10% and + 10% weight 
perturbations. This indicates that moderate changes in individual cri
terion weights do not lead to meaningful alterations in the overall 
ranking of alternative universities. Even for the most sensitive criterion, 
the correlation remains above 0.95, confirming that the ranking struc
ture is largely preserved.

These results demonstrate that the proposed hybrid MCDM 

framework exhibits a high level of robustness and is not overly sensitive 
to reasonable variations in expert-defined weights. Consequently, the 
final ranking can be considered stable and reliable for strategic decision- 
making related to the establishment of a boron research institute.

Such robustness-oriented outcomes are consistent with observations 
reported in recent hybrid MCDM studies, which emphasize the impor
tance of cross-method validation and sensitivity analysis for ensuring 
decision stability. Previous applications have largely focused on 
controlled engineering problems such as material selection and process 
optimization, where alternatives are directly comparable and perfor
mance indicators are well defined. For example, Ordu and Der (2023) 
and Der et al. (2024) showed that combining multiple weighting and 
ranking techniques, together with correlation- and sensitivity-based 
checks, improves decision stability in polymer selection and 
manufacturing optimization problems [56,57]. Similarly, Bhaskar and 
Khan (2022) demonstrated that hybrid MCDM structures reduce 
method-dependent outcomes in dental material selection [58]. While 
these studies offer important methodological insights, they are con
ducted in engineering-oriented settings that differ fundamentally from 
institutional planning problems.

In contrast, the present study transfers the same hybrid weighting 
and cross-method validation logic to an institutional decision context, 
where the alternatives are universities rather than materials or pro
cesses, and the criteria simultaneously span spatial accessibility, aca
demic and research capacity, infrastructure readiness, industrial 
proximity, and environmental constraints. This heterogeneity increases 
decision complexity and places greater emphasis on interpretability, 
transparency, and robustness rather than purely methodological 
novelty.

From a methodological perspective, the main contribution of this 
study lies in the structure of the proposed decision framework. The 
proposed decision model advances existing MCDM-based site selection 
approaches by emphasizing robustness, interpretability, and methodo
logical resilience rather than reliance on a single optimization tech
nique. By separating expert-based weighting from data-driven ranking, 
the framework avoids artificial precision and explicitly accounts for 
uncertainty only where it naturally occurs. The use of multiple 
weighting schemes and ranking methods enables cross-validation and 
reduces method-dependence, ensuring stable and consistent decision 
outcomes. While expert judgment remains an inherent component of 
institutional decision-making, its influence is controlled through fuzzy 
modeling and hybridization with objective entropy-based weights. As a 
result, the proposed model provides a resilient and transparent decision- 

Fig. 7. Mean–maximum regret distribution of alternatives.

Fig. 8. Sensitivity of ranking results to ± 10% variations in hybrid criterion weights, evaluated using mean Spearman rank correlation across five MCDM methods.
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support structure that is particularly suitable for strategic research 
infrastructure planning.

Despite the robustness of the proposed framework, some limitations 
should be noted. The analysis is based on a fixed set of 18 sub-criteria 
derived from the literature and expert input, and alternative indicator 
sets could slightly affect intermediate rankings. Expert judgment re
mains an inherent part of the weighting process, although its influence is 
moderated through fuzzy modeling and entropy-based weighting. In 
addition, the number of candidate universities is limited, and the use of 
static data reflects current conditions rather than future policy or 
infrastructure changes. Nevertheless, the sensitivity analysis indicates 
that these factors do not materially alter the final ranking, supporting 
the overall reliability of the results.

5. Conclusions

The present study provides a comprehensive and validated decision 
framework for selecting the optimal university location for establishing 
a national Boron Research Institute in Turkey. By integrating five 
complementary multi-criteria decision-making (MCDM) techni
ques—COPRAS, TOPSIS, VIKOR, MOORA, and WASPAS—with three 
distinct weighting strategies (Entropy, Fuzzy AHP, and Hybrid), we 
aimed to ensure both methodological diversity and analytical rigor. The 
results consistently highlighted Balıkesir University as the most suitable 
and stable alternative, with the same rank order (Balıkesir > Uludağ >
Anadolu > Dumlupınar) reproduced across all fifteen scenarios. Such 
full convergence among methods demonstrates that the final outcome is 
not an artifact of model selection but a reflection of genuine perfor
mance dominance.

Statistical analyses further confirmed the internal validity of this 
conclusion, with high Kendall’s concordance (W = 0.87) and nearly 
perfect Spearman correlations across the applied MCDM methods. In 
addition, stochastic and regret-based evaluations indicated that Balıke
sir University not only performs best under deterministic conditions but 
also remains the most resilient and risk-averse choice under methodo
logical uncertainty. From both a scientific and managerial standpoint, 
this means that the decision is not only optimal but also dependable.

Beyond its immediate implications for boron research infrastructure, 
the proposed framework offers a transferable and scalable decision- 
support tool for strategic research planning in other critical raw mate
rial domains. Future studies may extend this approach by incorporating 
dynamic or scenario-based data to capture long-term policy and infra
structure changes, expanding the set of decision alternatives to include 
international research hubs, or integrating advanced uncertainty and 
multi-objective optimization techniques. Such extensions would further 
enhance the applicability of the framework in supporting resilient, 
innovation-oriented, and policy-relevant institutional decision-making.
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[32] Balıkesir University Uludağ University Dumlupınar University Anadolu University. 
Institutional Websites and Academic Program Information 2025.
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