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Theorem 1 — Consistency

If all K weight scenarios are identical, 𝐸[𝑊 ̃ⱼ] reduces to that scenario regardless of the 

probability distribution.

Theorem 2 — Boundedness

PFWA output always satisfies μ, ν ∈ [0,1] and the q-ROFS constraint 𝜇𝑞  +  𝜈𝑞  ≤  1.

Theorem 3 — Monotonicity

Improving performance on any criterion under positive weight does not decrease the 

overall score 𝑆 ̃(𝐴ᵢ).

  The Problem
Real-world decisions 

involve both vagueness 

(fuzzy ratings) and 

stochastic uncertainty 

(disagreement on 

importance). No single 

existing model handles 

both simultaneously.

  What Exists
Probabilistic methods 

model randomness but use 

crisp weights. Fuzzy MCDA 

captures vagueness but 

uses fixed deterministic 

weights. Weight uncertainty 

is ignored in all existing 

methods.

Our Solution
We assign an explicit 

probability distribution over 

q-ROFS fuzzy weight 

scenarios per criterion - 

the first framework to do 

so - with formal theoretical 

guarantees

Fuzzy Sets & q-ROFS

q-Rung Orthopair Fuzzy Sets (q-ROFS), introduced 

by Yager (2017), extend classical fuzzy theory by 

assigning each element both a membership degree 

μ and a non-membership degree ν satisfying:

 𝜇𝑞  +  𝜈𝑞  ≤  1, 𝑞 ≥  1

𝜋 = (1 − 𝜇𝑞  −  𝜈𝑞)
1
𝑞 [ℎ𝑒𝑠𝑖𝑡𝑎𝑛𝑐𝑦]

𝑊ℎ𝑒𝑛 𝑞 = 1:  𝐼𝑛𝑡𝑢𝑖𝑡𝑖𝑜𝑛𝑖𝑠𝑡𝑖𝑐 𝐹𝑢𝑧𝑧𝑦 𝑆𝑒𝑡𝑠.
𝑊ℎ𝑒𝑛 𝑞 = 2:  𝑃𝑦𝑡ℎ𝑎𝑔𝑜𝑟𝑒𝑎𝑛 𝐹𝑢𝑧𝑧𝑦 𝑆𝑒𝑡𝑠.
𝐺𝑒𝑛𝑒𝑟𝑎𝑙 𝑞:  𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑓𝑙𝑒𝑥𝑖𝑏𝑖𝑙𝑖𝑡𝑦 𝑖𝑛 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑖𝑛𝑔

𝑐𝑜𝑛𝑓𝑙𝑖𝑐𝑡𝑖𝑛𝑔 𝑒𝑥𝑝𝑒𝑟𝑡 𝑜𝑝𝑖𝑛𝑖𝑜𝑛𝑠 𝑎𝑠 𝑑𝑖𝑠𝑝𝑙𝑎𝑦𝑒𝑑 𝑖𝑛 𝐹𝑖𝑔𝑢𝑟𝑒 1

Figure 1: Feasible space under q-ROFS

*Probabilistic Fuzzy Weight Space

𝒲ⱼ = ෥𝑤ⱼₖ, 𝑝ⱼₖ :  𝑘 = 1, … , 𝐾 

Probabilities derived endogenously from 

hesitancy:

𝑝ⱼₖ =  (1 − 𝜋ⱼₖ) / Σₖ(1 − 𝜋ⱼₖ)

DMs who express more decisive weights 

receive higher probability automatically. No 

external calibration required.

*PFWA Aggregation Operator

Output spread encodes decision 

uncertainty:

wide triangle = high disagreement,

narrow triangle = robust consensus.

Proven properties: Consistency · 

Boundedness · Monotonicity

Seven-step Decision Pipeline

Step 1: Problem Setup

Step 2: Linguistic Ratings
Words → q-ROFS pairs

Step 3: DM Aggregation
q-ROFWA operator

*Step 4: Prob. Weight Space
𝒲ⱼ = 𝑤 ̃ⱼₖ, 𝑝ⱼₖ

*Step 5: PFWA Operator
𝐸 𝑊 ̃ⱼ × 𝑥 ̃ᵢⱼ

Step 6: Defuzzification
Score = 𝜇𝑞  −  𝜈𝑞

Step 7: Ranking
Best alternative

Literature Gap
All existing probabilistic q-ROFS papers (Ranjan 2023, Attaullah 2023, Ashraf 2023, 

Yiarayong 2025) place probability inside ratings -- not on criterion weights.

•  First framework to model probability distributions over q-ROFS criterion weight 

scenarios.

• PFWA operator: proven Consistency, Boundedness, and Monotonicity.

• Hesitancy-derived probabilities eliminate need for external weight calibration.

• Fixed-weight methods produce rank reversals; our method avoids them
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• Extend to interval-valued q-ROFS 

settings

• Apply to supply-chain MCDA and 

healthcare decisions

• Develop software toolkit for practitioners

The proposed PFWA framework was evaluated using an oil supplier selection problem 

involving four alternative supplier nations A1,A2,A3 and A4 assessed across six strategic 

criteria provided in Table 1 under a q-rung orthopair fuzzy environment (𝑞 = 2). The obtained 

results demonstrate the effectiveness of probabilistic fuzzy weighting in capturing 

stakeholder uncertainty and improving ranking reliability.

Criteria Evaluation Criterion Description

C1 Price Stability Consistency and predictability of crude oil pricing

C2 Supply Reliability
Ability to maintain uninterrupted supply under geopolitical 
uncertainty

C3 Transportation Cost
Logistics and shipping expenditure associated with import 
operations

C4 Environmental Compliance
Adherence to international environmental and sustainability 
standards

C5 Contract Flexibility Adaptability of trade agreements and procurement contracts

C6 Strategic Alliance Strength
Long-term diplomatic and strategic relationship with importing 
nation

TABLE 1. Evaluation Criteria for Oil Supplier Selection

Figure 2. Comparative Analysis of PFWA and Traditional q-

ROFWA Rankings

Figure 3. Radar Analysis of Criterion-Wise Performance of 

Supplier Alternatives

Figure 4. Sensitivity Analysis of PFWA Scores Under 

Probability Perturbation

Discussion

The final preference order obtained using 

the proposed PFWA framework is
𝐴2 ≻ 𝐴1 ≻ 𝐴3 ≻ 𝐴4

indicating that Country 2 is the most suitable 

oil supplier alternative under the probabilistic 

q-ROFS environment. Although both PFWA 

and traditional q-ROFWA methods produced 

the same ranking order, the proposed PFWA 

framework generated greater score 

differentiation among alternatives by 

incorporating probabilistic uncertainty in 

criterion weights. This demonstrates the 

capability of the proposed model to better 

represent stakeholder confidence and 

uncertainty during aggregation.
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