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Abstract (English) 
This thesis investigates the problem of supplier selection within the context of a closed-loop supply 

chain (CLSC) strategy, where the integration of forward and reverse logistics plays a crucial role in 

achieving sustainability, circularity, and long-term competitiveness. In CLSC environments, selecting 

the right suppliers is not solely about cost and quality; it must also account for factors such as material 

recovery, waste minimization, regulatory compliance, carbon footprint, and alignment with 

environmental and social objectives. The growing global shift toward circular economy models has 

made it imperative for manufacturing firms to adopt decision-making frameworks that are not only 

rigorous and data-driven but also adaptable to uncertainty and complex real-world conditions. 
The research centers around a practical case study conducted at Laprima Plastics, an Italian company 

operating in the plastic material regeneration sector. The company exemplifies a circular production 

model where plastic waste is transformed into high-quality reusable material. As such, Laprima 

depends on a network of suppliers who must meet both technical and sustainability-related standards. 

The supplier selection process in this setting involves multiple conflicting criteria and uncertainty 

regarding future regulatory, market, and technological developments. Unlike traditional approaches 

focused solely on financial indicators, this study evaluates suppliers across 30 criteria grouped into 

six strategic categories: Environmental Sustainability, Technological Capability and Innovation, 

Economic Performance and Cost, Quality and Reliability, Social and Ethical Responsibility, and 

Circular Supply Chain Contribution. These categories are rooted in the principles of Circular 

Economy and Industry 5.0, reflecting a holistic and forward-looking approach to supplier 

assessment. 
To address these challenges, a hybrid multi-criteria decision-making (MCDM) framework is 

developed that integrates the Stochastic Best-Worst Method (SBWM), SCOPRAS, Fuzzy BWM, 

and Fuzzy TOPSIS. Three scenarios—pessimistic, most likely, and optimistic—were defined to 

reflect possible future states, and expert judgments were collected accordingly. The SBWM model 

was implemented through three platforms: IBM CPLEX for precision optimization, Python for 

automated multi-scenario computation, and Excel Solver for usability in managerial contexts. The 

computed weights were used in the SCOPRAS method to derive utility scores and rank the suppliers 

under different conditions. 
To ensure the reliability and stability of the results, a comprehensive validation process was 

conducted using fuzzy logic-based techniques and a sensitivity analysis across five probabilistic 

models. The findings confirmed that the proposed approach delivers consistent supplier rankings and 

performs robustly under different assumptions. The model not only supports transparent and 

evidence-based decision-making but also enables the alignment of procurement strategies with 

broader sustainability goals and closed-loop supply chain objectives. The study offers a replicable 

methodology for similar organizations seeking to advance their supplier evaluation processes in 

uncertain, sustainability-focused environments. 
  



 
 

8 
 

Abstract (Italiano) 
La presente tesi affronta il problema della selezione dei fornitori all'interno di una strategia di 
supply chain ad anello chiuso (Closed-Loop Supply Chain, CLSC), in cui l'integrazione tra 
logistica diretta e inversa riveste un ruolo fondamentale nel raggiungimento degli obiettivi di 
sostenibilità, circolarità e competitività a lungo termine. In tali contesti, la scelta dei fornitori 
non può basarsi unicamente su criteri economici e qualitativi, ma deve considerare anche 
aspetti legati al recupero dei materiali, alla riduzione degli sprechi, alla conformità normativa, 
all’impronta ecologica e agli obiettivi sociali e ambientali. Il crescente orientamento verso 
modelli economici circolari richiede infatti strumenti decisionali rigorosi, flessibili e in grado di 
gestire l’incertezza. 

Lo studio è basato su un caso applicativo condotto presso Laprima Plastics, azienda italiana 
attiva nel settore del riciclo e rigenerazione di materiali plastici. L’impresa adotta un modello 
produttivo circolare, trasformando rifiuti plastici post-consumo e post-industriali in materiali 
riutilizzabili di alta qualità. In questo contesto, la selezione dei fornitori risulta particolarmente 
complessa, in quanto coinvolge una molteplicità di criteri in conflitto tra loro e in un ambiente 
incerto dal punto di vista normativo, tecnologico e di mercato. A differenza degli approcci 
tradizionali, basati principalmente su indicatori economici, questa ricerca adotta una 
valutazione articolata su 30 criteri suddivisi in sei categorie strategiche: Sostenibilità 
Ambientale, Capacità Tecnologica e Innovazione, Performance Economica, Qualità e 
Affidabilità, Responsabilità Sociale ed Etica, e Contributo alla Supply Chain Circolare. Tali 
categorie si ispirano ai principi dell’Economia Circolare e dell’Industria 5.0, con un approccio 
olistico e orientato al futuro. 

Per affrontare questa complessità, è stato sviluppato un framework decisionale ibrido di tipo 
multi-criterio (MCDM), che integra il Stochastic Best-Worst Method (SBWM), lo SCOPRAS, il 
Fuzzy BWM e il Fuzzy TOPSIS. Tre scenari futuri – pessimistico, più probabile e ottimistico – 
sono stati definiti per rappresentare diverse evoluzioni possibili, e sono stati raccolti i giudizi 
degli esperti per ciascuno di essi. Il modello SBWM è stato implementato utilizzando tre 
strumenti: IBM CPLEX per l’ottimizzazione ad alta precisione, Python per l’automazione del 
calcolo su più scenari, ed Excel Solver per una maggiore trasparenza e facilità d’uso a livello 
manageriale. I pesi ottenuti sono stati poi utilizzati all’interno del metodo SCOPRAS per 
calcolare i punteggi di utilità e classificare i fornitori. 

Al fine di validare la robustezza e l’affidabilità del modello, è stata condotta un’analisi di 
sensitività su cinque modelli probabilistici e un processo di validazione tramite metodi fuzzy. I 
risultati confermano la coerenza delle classifiche ottenute e l’affidabilità del framework 
proposto in diverse condizioni. Il modello si dimostra utile per supportare decisioni trasparenti, 
oggettive e orientate alla sostenibilità, promuovendo l’allineamento strategico tra le politiche 
di approvvigionamento e gli obiettivi della supply chain circolare. Lo studio offre infine una 
metodologia replicabile per altre realtà industriali che operano in ambienti incerti e orientati 
alla transizione sostenibile. 
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Introduction 

Background and Motivation 

In the increasingly complex global economy, sustainable supplier selection is recognized as a strategic 

priority [1]. 

In the era of globalization and heightened competition, the strategic importance of supply chain 

management has increased significantly. Among its various activities, the selection of suppliers plays 

a decisive role in shaping performance and risk mitigation in supply chains, particularly in volatile 

contexts shaped by socio-economic and environmental uncertainties [2,3]. in shaping the 

performance, efficiency, and sustainability of the entire supply network. While traditional models 

emphasized cost, quality, and delivery as primary criteria for supplier selection, modern global 

challenges such as climate change, resource scarcity, digital disruption, and social accountability have 

necessitated the incorporation of more comprehensive and adaptive frameworks. 

Circular Economy (CE) and Industry 5.0 (I5.0) have emerged as critical frameworks for sustainable 

development and technological innovation, especially in the context of resilient and digitalized supply 

chains [4,5]. as two pivotal paradigms influencing sustainable industrial practices and supplier 

assessment processes. CE advocates the continuous use of resources by closing material loops 

through reuse, recycling, and remanufacturing strategies. This framework aims to reduce waste and 

maximize value creation from limited resources. In parallel, I5.0 extends the concept of Industry 4.0 

by emphasizing human-centric, resilient, and sustainable production systems. It leverages advanced 

digital technologies such as artificial intelligence and the Internet of Things while integrating social 

responsibility and worker well-being into the industrial transformation. 

Despite the transformative potential of CE and I5.0, few supplier evaluation models simultaneously 

integrate both frameworks, particularly under conditions of uncertainty. Yet, uncertainty is intrinsic 

to real-world decision-making due to market volatility, geopolitical shifts, and technological 

evolution. Therefore, a pressing need exists for robust and flexible decision-support systems capable 

of integrating multidimensional criteria while accommodating expert judgment under uncertainty [6–

8]. for decision-support tools that can navigate such complexities and deliver robust, credible insights 

for supplier selection. 

In response to these challenges, this thesis proposes a hybrid stochastic decision-making model that 

incorporates CE and I5.0 principles within a scenario-based evaluation context. The model employs 

the Stochastic Best-Worst Method (SBWM) [4], which allows for scenario-based expert comparison, 
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and the Stochastic COPRAS method for ranking suppliers based on both beneficial and non-beneficial 

indicators [3]. For validation, fuzzy evaluations are utilized through the Fuzzy TOPSIS approach, 

using weights obtained from a fuzzy extension of BWM [11]. to determine the relative weights of 

evaluation criteria, applies the Stochastic Complex Proportional Assessment method to rank suppliers 

under uncertainty, and validates the results using Fuzzy TOPSIS, with weights derived from Fuzzy 

BWM. This integration allows for a rigorous and flexible framework capable of capturing both 

scenario-based probabilistic analysis and expert-driven fuzzy evaluations. 

Research Problem and Objectives 

In the evolving field of sustainable supply chain management, one of the major theoretical and 

practical challenges lies in the absence of an integrated framework that can simultaneously account 

for the principles of Circular Economy (CE) and Industry 5.0 (I5.0). While the two frameworks have 

independently gained traction for their contributions to sustainability and technological innovation, 

they are rarely unified in existing supplier evaluation models. Many studies tend to treat CE and I5.0 

as parallel concepts rather than interconnected strategies that can mutually reinforce each other’s 

objectives in supply chain decision-making [4–6]. 

Moreover, traditional models often lack the capacity to deal with real-world uncertainty, relying 

instead on deterministic or, at best, fuzzy-based approaches. These methods are useful for capturing 

expert judgment expressed in linguistic terms, but they typically assume a static evaluation 

environment. In practice, however, supplier performance is highly sensitive to changes in external 

factors such as geopolitical instability, raw material shortages, policy shifts, or global crises like 

pandemics. Thus, an ideal decision-support system should be capable of integrating both qualitative 

ambiguity and probabilistic scenario-based variation [7,8]. 

The core problem addressed by this thesis, therefore, is the lack of a holistic and uncertainty-

resilient methodology that captures the synergies between CE and I5.0 while reflecting the complex 

nature of supplier behavior in volatile environments. This gap not only reduces the applicability of 

existing models to real industrial contexts, but also impairs the strategic alignment between 

procurement decisions and long-term sustainability objectives. As a result, firms may unintentionally 

select suppliers that do not support their circular or human-centric transformation agendas, which in 

turn jeopardizes their competitiveness and stakeholder credibility [6]. 

In response to these limitations, this study sets out to develop a robust, hybrid decision-making model 

that explicitly incorporates CE and I5.0 dimensions into the supplier evaluation process. The model 

is designed to include a broad set of criteria encompassing environmental indicators (such as GHG 
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emissions, waste management), resilience factors (like robustness and backup suppliers), digital 

readiness (e.g., use of smart technologies), and human-centric considerations (such as worker safety 

and inclusive employment policies). The objective is to provide a decision-making tool that reflects 

both academic rigor and practical relevance for sustainability-oriented industries [4,5,9]. 

To operationalize this goal, the first objective is to identify and prioritize supplier evaluation 

criteria that align with CE and I5.0 frameworks. These criteria are determined through an extensive 

literature review and expert consultation, ensuring theoretical soundness and industry alignment. The 

second objective is to construct and apply a stochastic hybrid evaluation model, using the Stochastic 

Best-Worst Method (SBWM) to derive weights under three future-oriented scenarios: pessimistic, 

most-likely, and optimistic. This modeling approach enables the capture of variation in expert 

opinions across different risk environments [3,10]. 

The third objective involves validating the model through Fuzzy TOPSIS, using weights obtained 

from a Fuzzy BWM process to ensure consistency across fuzzy and stochastic perspectives. Finally, 

a comprehensive sensitivity analysis is conducted by altering scenario probabilities to observe the 

stability of supplier rankings. This final step strengthens the model’s decision-support capabilities 

and provides deeper managerial insights, enabling organizations to anticipate risks and maintain 

strategic resilience in their supplier networks [11,12]. 

Research Questions 

To address the multidimensional challenges outlined in the previous sections, this thesis is guided by 

a set of structured research questions that form the foundation of the study's methodology and 

analysis. These questions aim to fill the methodological and conceptual gaps identified in the 

literature, particularly concerning the integration of Circular Economy (CE) and Industry 5.0 (I5.0) 

under uncertain conditions. The questions are designed to explore both the theoretical constructs and 

practical applications of supplier evaluation in complex, sustainability-oriented supply chains. 

The first two research questions are exploratory in nature and focus on identifying key criteria and 

modeling uncertainty. Specifically, they seek to determine: 

(1) which indicators are most important for evaluating suppliers under the combined lens of CE and 

I5.0. 
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(2) how uncertainty—manifested in scenario-based variability—can be effectively modeled using 

stochastic decision-making techniques. These questions lay the groundwork for building a hybrid 

evaluation framework that reflects the multifaceted reality of modern supply chains, where both 

resilience and sustainability are paramount [4,6]. 

 

The final set of questions addresses model performance and managerial relevance. These include: 

(3) how suppliers rank under the proposed stochastic model. 

(4) whether fuzzy logic validation adds robustness to those rankings. 

(5) how stable the results are across changes in scenario probabilities.  

Together, these questions enable a comprehensive examination of the proposed model’s utility, 

consistency, and adaptability. The goal is not only to develop a rigorous academic framework but also 

to provide actionable insights for procurement and sustainability managers operating in dynamic and 

uncertain environments [8,11]. 

Contributions and Novelty 

This thesis makes several noteworthy contributions to the fields of sustainable supply chain 

management and multi-criteria decision-making (MCDM), beginning with a theoretical advancement 

in how Circular Economy (CE) and Industry 5.0 (I5.0) are jointly conceptualized. While each 

framework has been explored independently in the literature, their simultaneous operationalization in 

the context of supplier evaluation remains scarce. This study bridges that gap by offering a unified 

conceptual framework that integrates CE’s focus on resource efficiency and circularity with I5.0’s 

human-centric, resilient, and digitalized supply systems. This theoretical contribution helps to enrich 

the academic discourse on future-oriented supply chain design [4,5,6]. 

From a modeling perspective, the thesis responds to the shortcomings of existing deterministic and 

fuzzy models, which often fail to reflect the scenario-based uncertainty of real-world decisions. The 

proposed approach introduces stochasticity into the evaluation process by adopting the Stochastic 

Best-Worst Method (SBWM) for criteria weighting and the Stochastic COPRAS method for supplier 

ranking. This allows decision-makers to model multiple future scenarios (pessimistic, most likely, 

optimistic) and assign probabilities to each, thus reflecting contextual variability in supplier 
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performance. The incorporation of probabilistic weighting mechanisms is an innovative enhancement 

over traditional MCDM tools [3,10]. 

Another key methodological novelty lies in the hybrid validation structure, where fuzzy logic is 

employed as a complementary tool. The use of Fuzzy Best-Worst Method (Fuzzy BWM) to generate 

fuzzy weights, followed by Fuzzy TOPSIS for validating supplier rankings, allows the model to 

simultaneously handle both linguistic vagueness and scenario-based uncertainty. This dual-layer 

validation enhances the robustness of the decision-support system and distinguishes the framework 

from previous single-method studies that typically address only one form of uncertainty [11,12]. 

The hybrid architecture of this model not only improves methodological rigor but also contributes to 

transparency and decision traceability, which are increasingly important in stakeholder-sensitive 

domains like sustainability. Each stage of the model—from criteria identification and weight 

derivation to supplier ranking and validation—can be replicated and audited. This structure ensures 

that procurement decisions based on the model are not only data-driven but also explainable to 

managers, auditors, and sustainability officers. Thus, the approach contributes to the growing demand 

for “responsible analytics” in business decision-making environments [1,6]. 

From a practical perspective, this thesis demonstrates the model’s applicability by implementing it in 

a real-world case study within the plastics recycling industry. This sector is particularly suitable for 

testing the model due to its dual emphasis on circular material flows and technological integration. 

By evaluating five suppliers against thirty criteria—including digital readiness, environmental 

compliance, social impact, and operational resilience—the study provides concrete managerial 

insights on how to prioritize suppliers aligned with CE and I5.0 dimensions [3,4,5]. 

Furthermore, the model supports adaptive procurement strategies by enabling companies to explore 

the sensitivity of supplier rankings under different scenario probability configurations. For instance, 

in more pessimistic environments, resilient suppliers may score higher, while in optimistic contexts, 

innovation-driven suppliers might take the lead. This adaptability allows decision-makers to align 

supplier selection with strategic outlooks and market conditions, offering a level of planning 

flexibility that static models cannot provide [7,8]. 

 

Lastly, this research lays the foundation for future methodological extensions and industry-specific 

customization. The general structure of the hybrid model is versatile enough to be adapted for other 

sectors such as electronics, automotive, or food logistics. Moreover, it opens the door to future 
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enhancements such as the incorporation of real-time IoT data, blockchain-based traceability, or 

machine learning techniques for predictive risk modeling. In this way, the thesis contributes not only 

a novel model but also a forward-looking platform for continued academic and practical innovation 

in sustainable supplier evaluation [13]. 

 

Thesis Structure 

This thesis is organized into six coherent chapters, each designed to address a specific stage of the 

research journey—from conceptual foundation to practical application and managerial implications. 

The structure follows a logical progression, beginning with the articulation of the research problem 

and culminating in conclusions and future research directions. This organization not only facilitates 

a clear narrative flow but also supports analytical depth and methodological transparency, allowing 

readers to trace the development of the hybrid evaluation model in a step-by-step manner. 

Introduction - introduces the background and motivation behind the study, emphasizing the rising 

importance of sustainable supplier selection in the context of Circular Economy (CE) and Industry 

5.0 (I5.0). It outlines the research problem, objectives, and guiding questions that shape the analytical 

framework. The chapter also highlights the study's theoretical and methodological contributions and 

sets the stage for the application of a hybrid decision-making approach under uncertainty. It serves as 

the foundation for the reader to understand why integrating CE, I5.0, and stochastic modeling is both 

relevant and novel. 

Chapter 1- presents a comprehensive literature review covering four key domains: supplier selection 

models, principles of CE, the emerging framework of I5.0, and multi-criteria decision-making 

(MCDM) under uncertainty. Special attention is given to the evolution of the Best-Worst Method 

(BWM), comparing its classical, fuzzy, and stochastic variants. This chapter also includes a critical 

synthesis of recent academic contributions and identifies gaps in existing studies—particularly the 

lack of integrated approaches that simultaneously address CE, I5.0, and uncertainty dimensions. The 

chapter concludes with a justification for the selected methodology based on both theoretical 

grounding and practical gaps in the literature. 

Chapter 2- elaborates on the research methodology, detailing the mathematical foundations and 

application of the four main tools used in the study: Stochastic BWM, Stochastic COPRAS, Fuzzy 

BWM, and Fuzzy TOPSIS. Each method is introduced with its conceptual background, technical 

steps, and rationale for inclusion. Additionally, this chapter explains the process of criteria 

identification, expert selection, data collection, and scenario configuration. The multi-layered nature 
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of the model—combining quantitative and linguistic judgments, as well as probabilistic variation—

highlights the methodological innovation of the research. 

Chapter 3- applies the proposed model to a real-world case study at Laprima Plastics, a leading 

company in the plastic recycling industry. It explains how data was collected from experts, how 

criteria weights were calculated under different scenarios, and how supplier rankings were derived. 

The results from the stochastic model are validated through fuzzy logic to ensure consistency. This 

chapter also includes a sensitivity analysis that examines how different probability configurations 

affect supplier rankings, offering a robust examination of model performance under uncertainty. 

The final two chapters—Chapter 5 and Chapter 6—are dedicated to discussion and synthesis 

Chapter 4- interprets the findings and extracts managerial insights that can guide procurement 

strategy, sustainability policy, and operational risk management.  

Chapter 5- summarizes the contributions of the study, outlines its limitations, and proposes several 

avenues for future research, including potential methodological enhancements and applications in 

other industries. Altogether, the structure of the thesis supports a comprehensive and rigorous 

exploration of sustainable supplier evaluation using cutting-edge decision-making methodologies. 
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Chapter 1: Literature Review 
 

1.1 Industry 5.0 in Sustainable Supply Chains 

 

Industry 5.0 represents a paradigm shift in manufacturing and supply chains, building upon 

Industry 4.0 by prioritizing three core dimensions: human-centricity, sustainability, and resilience. 

The European Commission defines it as a next-generation industrial model that merges advanced 

technologies with societal values, ensuring productivity gains are harmonized with worker well-being 

and environmental stewardship [1]. This new orientation acknowledges that digital transformation 

must include people and planetary concerns, creating a balanced and responsible industrial 

ecosystem. 

The human-centric pillar of Industry 5.0 emphasizes the importance of collaboration between humans 

and intelligent machines. Emerging research highlights that technologies such as cobots, augmented 

reality (AR), and cognitive AI enhance workers’ autonomy, creativity, and safety. Verma et al. 

describe Industry 5.0 as a synthesis of human skills and technology, fostering meaningful engagement 

and mental well-being on smart factory floors [2]. Villar et al. also underline the central role of human 

agency in smart supply chains, advocating for systems that prioritize empathy, inclusivity, and worker 

empowerment [3]. 

Sustainability in Industry 5.0 extends far beyond energy efficiency, aligning closely with Circular 

Economy (CE) principles. Fraga‑Lamas et al. explain that by promoting reuse, recycling, and waste 

minimization, I5.0 supports closed-loop industrial systems that operate within ecological limits [4]. 

Furthermore, Akundi et al. emphasize that sustainable digital manufacturing—backed by AI, 3D 

printing, and IoT—can drastically reduce waste and improve material efficiency [5]. This alignment 

positions I5.0 as a key enabler of greener, resource-conscious supply networks. 

Resilience emerges as another foundational pillar, reflecting the need to adapt to frequent disruptions 

such as pandemics, geopolitical tensions, and climate-related shocks. Villar et al. note that 

Industry 5.0 integrates predictive analytics, digital twins, and blockchain to strengthen supply chains’ 

ability to absorb and recover from external stressors [3]. These capabilities support dynamic 

reconfiguration and intelligence-driven risk mitigation, key to sustainable and adaptable supply chain 

strategies in uncertain environments. 
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Within supply chains, Industry 5.0 introduces three enhanced performance indicators: efficiency, 

visibility, and responsiveness. Efficiency is achieved through smart automation and waste reduction; 

visibility is enabled by real-time data integration via IoT; and responsiveness is governed by AI-based 

decision-making under variable conditions [6]. Sangeetha and Birkel characterize these dimensions 

as essential to modern supply chain performance, highlighting their relevance in Industry 5.0 

implementation [7]. 

Industry 5.0 operates at three levels of analysis: macro (policy and societal goals), meso (supply chain 

networks), and micro (plant floor and worker interactions). At the macro level, it aligns with the 

United Nations Sustainable Development Goals; at the meso level, it fosters collaborative supply 

ecosystems; and at the micro level, it redefines factory operations through smart worker–machine 

ecosystems [3,5]. 

Key enabling technologies—including AI, machine learning, IoT, cobots, digital twins, and 

blockchain—are fundamental to Industry 5.0’s vision. These technologies support both sustainability 

and resilience by enabling human–machine synergy, real-time traceability, and waste-optimized 

processing [4,8]. For instance, blockchain supports secure end-to-end material tracking, while digital 

twins optimize resource flows and worker safety in production environments [8]. 

Despite rapid technological progress, substantial challenges remain. Scholars indicate gaps in 

cybersecurity, ethical governance, and life-cycle impact assessment within emerging Industry 5.0 

implementations [8,9,10]. Recent reviews urge the development of robust performance metrics and 

governance models that translate I5.0 principles into tangible supplier evaluation criteria [4,9]. Thus, 

while the technological foundation of I5.0 is robust, practical frameworks for assessment in uncertain, 

sustainability-focused supply chains are still in early stages—a need that the current hybrid decision-

making model directly addresses. 

 

1.2 Circular Economy in Supplier Assessment 

Circular Economy (CE) promotes a shift from linear “take–make–dispose” systems to regenerative 

and sustainable production models by emphasizing material looping—through reuse, 

remanufacturing, and recycling [1]. In the context of supplier assessment, this means expanding 

evaluation criteria to include suppliers’ circular practices, such as eco-design, resource recovery rates, 

and end-of-life management programs, alongside traditional economic performance measures. 

Multi-criteria decision-making (MCDM) approaches have become prevalent in evaluating CE 

practices among suppliers, enabling balanced consideration of economic, environmental, and social 
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dimensions [2]. Methods such as AHP, TOPSIS, and COPRAS have been employed to capture and 

compare supplier performance in circularity terms. However, most existing models assume 

deterministic input data, neglecting variability and uncertainty that arise from evolving regulatory, 

market, and technology contexts. 

Building on the Industry 5.0 paradigm, the integration of digital, resilient, and human-centric 

capabilities enhances CE outcomes. Fraga-Lamas et al. highlight that technologies like IoT-enabled 

recycling processes, AI-driven remanufacturing, and digitally optimized reverse logistics can greatly 

strengthen supplier circularity performance [3]. These digital enablers increase traceability and 

significantly reduce waste. 

A review of enabling frameworks demonstrates that CE adoption among suppliers is strongly 

supported by Industry 5.0 technologies. Strategies focusing on digital maturity, stakeholder 

collaboration, and circular business models have been shown to drive supplier selection towards 

circularity-first practices [4]. This underscores the importance of including digital readiness and inter-

organizational cooperation in evaluation models. 

Despite these advances, comprehensive supplier-specific CE evaluation frameworks remain 

scarce. Many models focus on single aspects of circularity or rely heavily on expert judgment without 

robust empirical support. There is a shortage of validated, scenario-based supplier ranking methods 

that factor in real-world uncertainty—a gap our hybrid stochastic-fuzzy method addresses directly 

[1,2]. 

Robust supplier evaluation under CE requires combining quantitative scoring (e.g., material 

recovery rates, carbon footprint) with qualitative dimensions like stakeholder engagement and 

innovation capacity. Tighnavard Balasbaneh et al. argue that MCDM models must support 

uncertainty, using interval data or probabilistic weights to reflect fluctuating performance [2,5]. 

However, data scarcity, system integration challenges, and lack of standardized CE metrics limit 

effective supplier evaluation. Recent studies call for the adoption of blockchain-enabled traceability, 

standardized circularity indicators, and adaptive models to evaluate suppliers across diverse product 

life cycles [3,6]. 

In summary, while the potential of CE in supplier assessment is well-recognized, practical 

frameworks integrating CE criteria, Industry 5.0 enablers, and uncertainty modeling remain 

underdeveloped. This thesis addresses this methodological gap by proposing a hybrid stochastic-

fuzzy MCDM model that evaluates suppliers on circularity, digital readiness, and resilience—within 

a robust, uncertainty-aware structure. 
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1.3 The Role of Uncertainty in Supplier Decision-Making 

Decision-making under uncertainty remains a core challenge in sustainable supply chain 

management, especially in contexts involving fluctuating supplier performance, market volatility, and 

technological shifts. Traditional deterministic models often assume precise inputs and stable 

conditions, which do not reflect real-world complexities. In contrast, advanced multi-criteria 

decision-making (MCDM) models increasingly adopt stochastic, fuzzy, or hybrid uncertainty-

handling mechanisms to improve robustness and reliability [1]. 

Fuzzy logic is widely applied to model the linguistic ambiguity and vagueness of expert judgments, 

especially when criteria are qualitative—like supplier innovation, resilience, or social impact. The 

Fuzzy Best-Worst Method (Fuzzy BWM) allows decision-makers to express preferences through 

linguistic terms (e.g., high, medium, low), which are then translated into triangular fuzzy numbers 

for consistent weighting. This method reduces the number of required comparisons while preserving 

logical consistency, making it highly suitable for supply chain applications under uncertainty [2,3]. 

In parallel, Stochastic BWM (SBWM) addresses variability across different future scenarios. 

Experts provide comparisons under predefined scenarios—such as pessimistic, most-likely, and 

optimistic—each assigned a probability. This method is particularly effective in environments with 

risk-sensitive or volatile supplier performance. When combined with fuzzy techniques, a dual-model 

is created that captures both scenario-based variability and subjective vagueness, offering deeper 

insights for supplier evaluation [4,5]. 

To rank suppliers based on weighted criteria, researchers frequently apply Complex Proportional 

Assessment (COPRAS), an MCDM technique that distinctly separates beneficial and non-

beneficial criteria and computes utility values. The Stochastic COPRAS variant extends this method 

by calculating scores under each scenario and aggregating results via probability-weighted utilities. 

This structure ensures that supplier rankings remain stable and transparent, even under scenario 

uncertainty [6]. 

When combined with fuzzy logic, COPRAS becomes an even more powerful tool. Fuzzy COPRAS 

evaluates suppliers whose performance ratings are expressed through fuzzy numbers, reflecting 

linguistic assessments. For example, a supplier's environmental compliance may be rated as "high" 

or "very high," mapped to fuzzy intervals. These ratings are normalized and weighted to compute 

fuzzy utility scores, which are defuzzified for final ranking [7]. 

Recent studies have successfully integrated Fuzzy BWM with Fuzzy COPRAS or Fuzzy TOPSIS, 

demonstrating strong alignment between stakeholder preferences and final rankings. Dorfeshan et al. 
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proposed a fuzzy-stochastic hybrid model for sustainable supplier selection, combining SBWM 

with Fuzzy TOPSIS for validation. This dual-method approach improved the credibility and 

robustness of rankings, particularly under uncertainty in circular economy contexts [5]. 

Despite these methodological advancements, few studies adopt full stochastic-fuzzy hybrid 

structures that combine all three layers: fuzzy weighting, scenario-based performance scoring, 

and validation under vagueness. The model developed in this thesis builds on this gap by using 

Fuzzy BWM for robustness in judgment, SBWM for scenario adaptability, and both SCOPRAS and 

Fuzzy TOPSIS for ranking and validation, respectively. This layered design ensures comprehensive 

uncertainty handling in sustainable supplier evaluation. 

In summary, uncertainty in supplier decision-making can be modeled through fuzziness 

(imprecision), stochasticity (scenario-based variability), or their combination. Advanced tools such 

as Fuzzy BWM and Stochastic COPRAS enable structured and realistic modeling of these 

uncertainties. This thesis employs these tools to propose a novel hybrid decision-making framework 

for evaluating suppliers under CE and Industry 5.0 principles—ensuring adaptability, credibility, and 

practical relevance. 

 

1.4 Multi-Criteria Decision-Making (MCDM) in Supplier Selection 

MCDM techniques are essential in supplier evaluation due to the involvement of multiple, often 

conflicting, criteria such as cost, quality, environmental compliance, innovation capacity, and digital 

readiness [3]. Popular MCDM approaches include AHP, TOPSIS, VIKOR, ELECTRE, and 

COPRAS. Each has its strengths and application domains. For instance, COPRAS is known for its 

ability to separate beneficial and non-beneficial criteria and its transparent mathematical formulation 

[13]. 

The fuzzy version of TOPSIS (Fuzzy TOPSIS) extends its capabilities to uncertain environments by 

transforming performance ratings and weights into fuzzy numbers, typically using triangular fuzzy 

numbers (TFNs). Similarly, BWM offers a structured pairwise comparison method with fewer 

required comparisons than AHP and has gained increasing use due to its consistency and intuitive 

logic [3,11]. These tools have been adopted across various industries, particularly where 

sustainability, resilience, and digital transformation are key drivers of procurement strategy. 

In the increasingly complex global economy, sustainable supplier selection is recognized as a strategic 

priority [1]. 



 
 

22 
 

In the era of globalization and heightened competition, the strategic importance of supply chain 

management has increased significantly. Among its various activities, the selection of suppliers plays 

a decisive role in shaping performance and risk mitigation in supply chains, particularly in volatile 

contexts shaped by socio-economic and environmental uncertainties [2,3]. in shaping the 

performance, efficiency, and sustainability of the entire supply network. While traditional models 

emphasized cost, quality, and delivery as primary criteria for supplier selection, modern global 

challenges such as climate change, resource scarcity, digital disruption, and social accountability have 

necessitated the incorporation of more comprehensive and adaptive frameworks. 

Circular Economy (CE) and Industry 5.0 (I5.0) have emerged as critical frameworks for sustainable 

development and technological innovation, especially in the context of resilient and digitalized supply 

chains [4,5]. as two pivotal paradigms influencing sustainable industrial practices and supplier 

assessment processes. CE advocates the continuous use of resources by closing material loops 

through reuse, recycling, and remanufacturing strategies. This framework aims to reduce waste and 

maximize value creation from limited resources. In parallel, I5.0 extends the concept of Industry 4.0 

by emphasizing human-centric, resilient, and sustainable production systems. It leverages advanced 

digital technologies such as artificial intelligence and the Internet of Things while integrating social 

responsibility and worker well-being into the industrial transformation. 

Despite the transformative potential of CE and I5.0, few supplier evaluation models simultaneously 

integrate both frameworks, particularly under conditions of uncertainty. Yet, uncertainty is intrinsic 

to real-world decision-making due to market volatility, geopolitical shifts, and technological 

evolution. Therefore, a pressing need exists for robust and flexible decision-support systems capable 

of integrating multidimensional criteria while accommodating expert judgment under uncertainty [6–

8]. for decision-support tools that can navigate such complexities and deliver robust, credible insights 

for supplier selection. 

In response to these challenges, this thesis proposes a hybrid stochastic decision-making model that 

incorporates CE and I5.0 principles within a scenario-based evaluation context. The model employs 

the Stochastic Best-Worst Method (SBWM) [4], which allows for scenario-based expert comparison, 

and the Stochastic COPRAS method for ranking suppliers based on both beneficial and non-beneficial 

indicators [3]. For validation, fuzzy evaluations are utilized through the Fuzzy TOPSIS approach, 

using weights obtained from a fuzzy extension of BWM [11]. to determine the relative weights of 

evaluation criteria, apply the Stochastic Complex Proportional Assessment method to rank suppliers 

under uncertainty, and validate the results using Fuzzy TOPSIS, with weights derived from Fuzzy 
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BWM. This integration allows for a rigorous and flexible framework capable of capturing both 

scenario-based probabilistic analysis and expert-driven fuzzy evaluations. 

 

1.5 Comparative Development of the Best-Worst Method 

The Best–Worst Method (BWM), introduced by Rezaei [1], has gained popularity in multi-criteria 

decision-making (MCDM) due to its simplicity, reduced number of comparisons, and consistency 

ratio. However, in real-world applications, especially in supplier evaluation, decision-makers often 

express their judgments using linguistic terms instead of precise numerical values. This led to the 

development of the Fuzzy Best–Worst Method (Fuzzy BWM), which extends the original model 

by incorporating fuzzy logic to better reflect human judgment and uncertainty [2]. 

 

In Fuzzy BWM, the decision-maker identifies the best and worst criteria and performs pairwise 

comparisons using triangular fuzzy numbers (TFNs). These fuzzy comparisons capture the 

vagueness inherent in expert assessments, particularly in qualitative criteria such as environmental 

friendliness, supplier reputation, or digital capability. By applying fuzzy linear programming, 

consistent fuzzy weights for the criteria are derived. This method is especially useful in sustainability-

focused supplier evaluation where expert input is inherently imprecise [3,4]. 

 

Recent applications of Fuzzy BWM in sustainable supply chain contexts demonstrate its efficacy. 

Rostami et al. employed Fuzzy BWM in the evaluation of viable suppliers under circular economy 

principles, highlighting the method’s capacity to reduce subjectivity and improve weight reliability 

[5]. Similarly, Banihashemi et al. utilized the approach to prioritize green building suppliers based on 

sustainability indicators, successfully capturing expert uncertainty in judgment [6]. 

 

Despite the advantages of Fuzzy BWM in handling vagueness, it does not account for the variability 

across future scenarios, which is a growing necessity in uncertain environments. This limitation is 

addressed by the Stochastic Best–Worst Method (SBWM), which introduces scenario-based 

modeling to reflect changes in preferences or performance under different future states such as 

pessimistic, most-likely, and optimistic conditions [7]. 

 

In SBWM, experts conduct pairwise comparisons under each scenario. Then, by assigning 

probabilities to the scenarios, the model computes expected weights that represent a probabilistic 

aggregation of expert judgments. This allows for robust decision-making that considers not only 
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current preferences but also plausible future variations in criteria importance. For instance, 

environmental risk may weigh more under a pessimistic scenario where regulatory constraints are 

tightened [8]. 

 

SBWM has been applied in recent studies addressing sustainable supplier selection under uncertainty. 

Dorfeshan et al. integrated SBWM into a hybrid evaluation model for circular suppliers, allowing a 

dynamic assessment of criteria such as resilience, green innovation, and energy efficiency [9]. This 

method provides a flexible and realistic tool for decision-makers, enabling them to align supplier 

evaluation with the dynamic nature of global supply chains and sustainability goals. 

 

 

Table 1: Comparative Features of Classical, Fuzzy, and Stochastic BWM 

Feature Classical BWM Fuzzy BWM Stochastic BWM 

Type of Input Crisp numbers Triangular fuzzy 

numbers 

Crisp numbers across 

scenarios 

Handles Vagueness No Yes Partially 

Handles Scenario 

Uncertainty 

No No Yes 

Consistency Check 

Available 

Yes Yes (Fuzzy CR) Yes (per scenario) 

Computational 

Complexity 

Low Moderate High 

Practical Suitability Structured, stable 

problems 

Ambiguous or expert-

based judgments 

Dynamic, scenario-

based problems 

 

 

As demonstrated in recent contributions to the literature [4,11–13], choosing the appropriate form of 

BWM depends on the nature of the problem, the decision environment, and the type of expert input 

available. In this thesis, the primary model utilizes Stochastic BWM to generate scenario-specific 

weights, while Fuzzy BWM is used during the validation stage with Fuzzy TOPSIS to ensure that 

human judgment vagueness is accounted for in a complementary manner. 
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This chapter has outlined the motivation, problem, and proposed solution for the complex task of 

sustainable supplier evaluation under uncertainty.  

 

 

1.6 Methodological Gap and Justification for Model Selection 

An in-depth review of the existing literature, summarized in Table 2, reveals a significant 

methodological gap in current supplier evaluation models. While numerous studies have assessed the 

performance of Raw Material Providers (RMPs) using various combinations of Industry 5.0 (I5.0) 

and Circular Economy (CE) indicators, very few have simultaneously integrated all five I5.0 pillars—

sustainability, resilience, digitalization, and human-centricity—along with CE and uncertainty. As 

clearly shown in Table 2, most studies focus only on a subset of these factors, often neglecting either 

the human-centric aspects or uncertainty dimensions. In contrast, the present study uniquely 

incorporates all six critical dimensions, making it methodologically more comprehensive and 

strategically aligned with modern supply chain needs. 

 

Table 2: Comparative coverage of I5.0, Circular Economy, and Uncertainty in prior studies versus this work 
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Moreover, although methods such as fuzzy BWM, fuzzy TOPSIS, fuzzy VIKOR, and rough BWM 

have been widely used in previous studies [28,29,33], they primarily focus on linguistic vagueness 

rather than probabilistic variability. These methods are effective in capturing imprecise expert 

opinions but do not reflect how supplier performance might change across different future scenarios. 

On the other hand, models such as mathematical programming or ontology-based evaluations [30,41] 

cover selected aspects of CE and I5.0 but do not incorporate a mechanism for validating outcomes 

under real-world uncertainty. This fragmentation across methodologies creates a pressing need for a 

holistic, robust, and adaptable evaluation system. 

The present work addresses this gap by adopting a hybrid decision-making model that combines the 

Stochastic Best-Worst Method (SBWM) and Stochastic COPRAS for primary evaluation, along 

with Fuzzy Best-Worst Method (Fuzzy BWM) and Fuzzy TOPSIS for validation. SBWM captures 

expert preferences under multiple future scenarios (pessimistic, most likely, optimistic), assigning 

probability distributions to each. SCOPRAS is particularly effective in separating beneficial and non-

beneficial criteria, and allows for transparent computation of utility values under uncertainty. 

Meanwhile, Fuzzy BWM and Fuzzy TOPSIS complement this structure by accounting for the 

linguistic vagueness inherent in human judgment. This dual-mode approach ensures both stochastic 

realism and qualitative sensitivity. 

This methodology is directly inspired by the recent work of Nayeri and Sazvar (2025), which 

proposed a similar structure in the context of the home appliances industry. However, the present 

study extends that contribution by applying the model in the plastic recycling sector and enhancing it 

with a comprehensive integration of all five pillars of Industry 5.0—sustainability, resilience, 

digitalization, human-centricity, and circular economy—as well as robust uncertainty handling. 

As indicated in Table 1, this study is the only one that fully incorporates all six dimensions, making 

it uniquely capable of guiding managerial decisions in complex, volatile, and sustainability-oriented 

supply chain environments. The selected methods are thus not only technically rigorous but also 

strategically aligned with the multi-dimensional nature of modern supplier evaluation challenges. 
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Chapter 2: Research Methodology 
 

2.1 Research Framework 

This research proposes a comprehensive hybrid framework for supplier selection and ranking that 

incorporates the principles of Circular Economy (CE) and Industry 5.0 (I5.0). The framework is 

specifically designed for application within a closed-loop supply network and aims to address the 

complexities and uncertainties inherent in supplier evaluation. This is achieved through the 

integration of multi-criteria decision-making (MCDM) techniques that reflect both the probabilistic 

and linguistic nature of real-world managerial decision-making. 

The core of the methodology employs the Stochastic Best-Worst Method (SBWM) for deriving 

criteria weights under different future scenarios (pessimistic, most likely, and optimistic), combined 

with the Stochastic Complex Proportional Assessment (SCOPRAS) method for supplier ranking. To 

enhance the robustness and interpretability of the results, Fuzzy TOPSIS is used for validation, 

applying fuzzy weights derived from a separate Fuzzy BWM process. 

A key strength of this framework is its dual-mode data integration strategy. Experts are asked to 

evaluate criteria and supplier performance using two distinct formats: 

• A numerical 1–10 scale is used for scenario-based evaluation in SBWM and COPRAS. 

• A 5-point linguistic scale is used for validation purposes through fuzzy models (Fuzzy BWM 

and Fuzzy TOPSIS). 

This structure allows for both scenario-dependent variability and subjective vagueness to be captured 

within a unified evaluation framework. 

 

2.2 Data Collection 
 

3.2.1 Expert Panel and Evaluation Inputs 

The data required for implementing the framework was collected from a panel of domain experts with 

substantial experience in supply chain management, supplier evaluation, CE initiatives, and digital 

transformation. The criteria for expert selection included at least 8 years of relevant experience, 

involvement in sustainability-driven procurement, and familiarity with CE and I5.0 concepts. 

 



 
 

28 
 

Two structured instruments were developed to collect expert input: 

1. A numerical survey for scoring suppliers on a 1–10 scale under each scenario. These scores 

were used in the SBWM and COPRAS models. 

2. A linguistic questionnaire for qualitative evaluation of each criterion. The linguistic scale 

consisted of five levels: Very Low, Low, Medium, High, and Very High. These were mapped 

to triangular fuzzy numbers (TFNs) for use in the fuzzy validation process. 

 

2.2.2 Conversion of Linguistic Evaluations to Fuzzy Numbers 

 

The following transformation table was used to convert linguistic responses into TFNs: 

 

 

Table 3: Linguistic Variables and Corresponding TFNs 

Linguistic Term Triangular Fuzzy Number (TFN) 

Very Low (1, 1, 3) 

Low (1, 3, 5) 

Medium (3, 5, 7) 

High (5, 7, 9) 

Very High (7, 9, 9) 

 

 

These TFNs were aggregated across experts using fuzzy averaging, resulting in a single fuzzy 

evaluation matrix. This matrix was then normalized and combined with fuzzy weights (from Fuzzy 

BWM) to support the Fuzzy TOPSIS validation and, optionally, the Fuzzy COPRAS ranking. 

In the case of Fuzzy COPRAS, the performance evaluations must also be expressed in fuzzy form, 

and the same TFNs are used to construct the fuzzy decision matrix. After normalization and 

multiplication by fuzzy weights, fuzzy utility values are computed. These are defuzzified using the 

centroid method and used to rank the suppliers. 
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2.3 Identification of Evaluation Criteria 

The evaluation criteria used in this study were identified through an extensive literature review and 

expert consultation to ensure alignment with both theoretical foundations and practical industry 

needs. The final set of criteria reflects the multidimensional nature of sustainability and resilience in 

supplier selection, especially in the context of Circular Economy (CE) and Industry 5.0 (I5.0). 

The criteria fall into five core dimensions: 

• Environmental Sustainability: Criteria such as waste minimization, use of recyclable 

materials, energy efficiency, carbon footprint, and compliance with environmental standards 

(e.g., ISO 14001). 

• Resilience: Flexibility in production and logistics, responsiveness to disruption, ability to 

scale up/down quickly, and contingency planning. 

• Human-Centric Aspects: Occupational safety, workforce training and development, job 

satisfaction, diversity and inclusion. 

• Digitalization and Innovation: Integration of smart technologies (e.g., IoT, AI), supply chain 

traceability, real-time data sharing, and digital maturity. 

• Cost and Quality Performance: Cost competitiveness, delivery punctuality, product quality 

consistency, and warranty or defect response mechanisms. 

These criteria were structured to be scored both numerically (1–10 scale) and linguistically (using the 

five-level fuzzy scale) depending on the method being applied [5,6]. The combination ensures that 

each method in the hybrid framework is consistently informed by the same core set of decision 

variables. to be scored both numerically (1–10 scale) and linguistically (using the five-level fuzzy 

scale) depending on the method being applied. The combination ensures that each method in the 

hybrid framework is consistently informed by the same core set of decision variables. 

Each criterion is assessed under all defined scenarios, ensuring a comprehensive picture of supplier 

capability across different risks and performance expectations. The weights for these criteria were 

derived using SBWM, while the fuzzy linguistic evaluations were processed via fuzzy BWM for 

validation purposes. 

This dual scoring and evaluation system allows for robust comparison across decision models and 

helps decision-makers identify suppliers that excel under both quantitative and qualitative lenses. 

across experts using fuzzy averaging, resulting in a single fuzzy evaluation matrix. This matrix was 
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then normalized and combined with fuzzy weights (from Fuzzy BWM) to support the Fuzzy TOPSIS 

validation and, optionally, the Fuzzy COPRAS ranking. 

In the case of Fuzzy COPRAS, the performance evaluations must also be expressed in fuzzy form, 

and the same TFNs are used to construct the fuzzy decision matrix. After normalization and 

multiplication by fuzzy weights, fuzzy utility values are computed. These are defuzzified using the 

centroid method and used to rank the suppliers. 

 

2.4 Stochastic Best-Worst Method (SBWM) 

The Best-Worst Method (BWM) is a widely used pairwise comparison approach that reduces the 

cognitive load on experts and improves consistency by requiring fewer comparisons than traditional 

methods [1]. Its stochastic extension, known as Stochastic BWM (SBWM), introduces probabilistic 

modeling by capturing expert judgments across multiple scenarios, such as pessimistic, most likely, 

and optimistic [2,3]. Each scenario is assigned a specific probability, allowing for the construction of 

a weighted average outcome that reflects uncertainty. 

The SBWM process follows these structured steps: 

Step 1: Define Evaluation Scenarios 

Let S  =  s1, 𝑠2, 𝑠3 represent the set of future scenarios. Each scenario s is assigned a probability Pₛ, 

such that: 

∑   

ᵏ

𝑠=1

𝑃ₛ =  1 

 

Step 2: Identify Best and Worst Criteria 

In each scenario s, experts select: 

• The most important criterion Bₛ 

• The least important criterion Wₛ 

Step 3: Construct Pairwise Comparison Vectors 

Experts provide: 

• Best-to-Others comparison vector aBⱼₛ, representing the importance of Bₛ over other criteria 

• Others-to-Worst vector aⱼ𝑊ₛ, representing the importance of each criterion over Wₛ 
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Step 4: Solve the Optimization Model for Each Scenario 

 

                                                               Minimize ξₛ  

subject to: 

|wBₛₛ −  𝑎𝐵ⱼₛ ·  𝑤ⱼₛ| ≤  𝜉ₛ, ∀𝑗 

|wⱼₛ −  𝑎ⱼ𝑊ₛ ·  𝑤𝑊ₛₛ| ≤  𝜉ₛ, ∀𝑗 

∑ ⱼ 𝑤ⱼₛ = 1, 𝑤ⱼₛ ≥ 0 

 

Step 5: Aggregate Final Weights 

Aggregate weights across all scenarios: 

𝑤ⱼ = ∑   

𝑘

𝑠=1

𝑃ₛ · 𝑤ⱼ(𝑠) 

The final weights wⱼ are then used in the SCOPRAS model for supplier ranking. This approach 

provides a more reliable and scenario-sensitive assessment of evaluation criteria and supports 

decision-making under realistic supply chain uncertainties [3,4]. 

 

 

2.5 Fuzzy Best-Worst Method (Fuzzy BWM) 

To validate the results obtained from the stochastic decision-making process, this study employs the 

Fuzzy Best-Worst Method (Fuzzy BWM). The fuzzy extension of BWM is designed to accommodate 

linguistic vagueness in expert judgments, which is often unavoidable when evaluating qualitative 

criteria such as innovation or resilience [1,5]. In Fuzzy BWM, experts are not asked to give crisp 

numeric values; instead, their preferences are expressed using linguistic terms (e.g., Low, Medium, 

High), which are then converted into triangular fuzzy numbers (TFNs). 
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The Fuzzy BWM process consists of the following steps: 

Step 1: Identify the Best and Worst Criteria 

Experts select the most important (best) and least important (worst) criteria from the full list of 

evaluation metrics. 

Step 2: Provide Fuzzy Pairwise Comparisons 

Experts rate the importance of the best criterion over all others using linguistic terms, which are 

converted to TFNs: 

  Best-to-Others vector:  ã𝐵𝑗 = (𝑙, 𝑚, 𝑢) 

Others-to-Worst vector: ã𝑗𝑊 = (𝑙, 𝑚, 𝑢) 

Step 3: Solve the Fuzzy Optimization Model 

The optimization model seeks to minimize the maximum absolute difference between weighted 

comparisons. For each   j, we solve: 

 

|( 
wB

𝑤𝑗
  )   −  ã𝐵𝑗| ≤ 𝜉 

|( 
𝑤𝐵

 𝑤𝑊
)   −  ã𝑗𝑊| ≤ 𝜉 

Subject to:  

∑ 𝑗  wj  =  1,  wj  >  0 

 

Step 4: Defuzzification 

The fuzzy weights wj  =  (lj,  mj,  uj) obtained from solving the model are defuzzified into crisp 

values using the centroid method: 

wj  =
 (lj  +  mj  +  uj)

 3
  

These final crisp weights are then used in the Fuzzy TOPSIS validation model. The use of Fuzzy 

BWM enables the incorporation of linguistic ambiguity into the weighting phase, which is 

particularly beneficial when expert judgments are imprecise or qualitative in nature [6].  
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2.6 Stochastic Complex Proportional Assessment (SCOPRAS 

Stochastic Complex Proportional Assessment (SCOPRAS) is a robust extension of the classical 

COPRAS method, adapted for decision-making under uncertainty by incorporating multiple 

probabilistic scenarios. While classical COPRAS evaluates alternatives based on the weighted sum 

of beneficial and non-beneficial criteria, its stochastic form enables the computation of scenario-

specific utility scores, which are later aggregated using predefined scenario probabilities [1–3]. 

The SCOPRAS process is composed of the following steps: 

Step 1: Construct Scenario-Based Decision Matrices 

Let 𝑥ᵢⱼₛ denote the performance score of alternatives 𝑖 under criterion 𝑗 in scenario 𝑠. 

Step 2: Normalize the Decision Matrix 

Each element is normalized as: 

𝑑ᵢⱼₛ =
𝑥ᵢⱼₛ

∑ ᵢ 𝑥ᵢⱼₛ
 

Step 3: Compute Weighted Scores 

Multiply normalized scores by the respective criterion weights obtained via SBWM: 

𝑦ᵢⱼₛ = 𝑑ᵢⱼₛ · 𝑤ⱼ 

 

Step 4: Aggregate Beneficial and Non-Beneficial Scores 

Let 𝐽+ be the set of beneficial criteria and 𝐽− be the set of non-beneficial ones: 

 

𝐾ᵢ+ₛ = ∑ 𝑗 ∈ 𝐽+ 𝑦ᵢⱼₛ 

𝐾ᵢ−ₛ = ∑ 𝑗 ∈ 𝐽− 𝑦ᵢⱼₛ 

Step 5: Calculate the Relative Significance Score 

 

𝐶ᵢₛ =
𝐾ᵢ+ₛ + [𝐾𝑚𝑖𝑛−ₛ · ∑ ᵢ 𝐾ᵢ−ₛ]

[𝐾ᵢ−ₛ · ∑ ᵢ 𝐾𝑚𝑖𝑛−ₛ]
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Step 6: Compute Scenario-Specific Utility 

 

𝑈ᵢₛ =  
𝐶ᵢₛ 

 𝐶_𝑚𝑎𝑥ₛ
 

 

Step 7: Aggregate Final Utility Across Scenarios 

 

 
𝐹𝑈ᵢ =  ∑ 𝑃ₛ  ·  𝑈ᵢₛ 

 

The final utility score FUᵢ is used to rank alternatives under the influence of uncertainty. This method 

offers a transparent, systematic structure that accommodates both qualitative judgments and 

probabilistic modeling in complex supplier evaluation environments. 

 

 2.7 Fuzzy TOPSIS 
 

2.7.1 Overview of Fuzzy TOPSIS 

To ensure the credibility and robustness of the supplier ranking results derived from the stochastic 

model, Fuzzy TOPSIS is employed as a validation tool. This method is particularly well-suited for 

incorporating expert uncertainty through linguistic expressions, which are then translated into fuzzy 

numbers [4–6]. 

 

2.7.2 Steps of Fuzzy TOPSIS 

1. Fuzzy Decision Matrix Formation: 

Each expert evaluation is converted into a triangular fuzzy number. 

2. Normalization of the Fuzzy Matrix: 

Normalization adjusts the fuzzy scores to a comparable scale, considering the beneficial and 

non-beneficial nature of criteria. 
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3. Weighting: 

Each normalized fuzzy score is multiplied by the corresponding fuzzy weight of the 

criterion. 

4. Identification of Fuzzy Positive Ideal Solution (FPIS) and Fuzzy Negative Ideal Solution 

(FNIS): 

The FPIS represents the best possible fuzzy scores, while the FNIS represents the worst. 

5. Distance Calculation: 

The distance of each alternative from the FPIS and FNIS is computed using appropriate 

fuzzy distance measures. 

6. Closeness Coefficient Calculation 

7. Ranking: 

Suppliers are ranked based on their closeness coefficients; a higher coefficient indicates a 

better alternative. 

 

Step 1: Construct the fuzzy decision matrix. 

Each element of the decision matrix is represented as a triangular fuzzy number (l, m, u), where l = 

lower limit, m = most likely value, and u = upper limit. 

 

Step 2: Normalize the Fuzzy Matrix 

For beneficial criteria: 

𝑟ᵢⱼ = (𝑙ᵢⱼ/𝑢ⱼ ∗, 𝑚ᵢⱼ/𝑚ⱼ ∗, 𝑢ᵢⱼ/𝑙ⱼ ∗) 

For non-beneficial criteria: 

rᵢⱼ = (lⱼ−/uᵢⱼ, mⱼ−/mᵢⱼ, uⱼ−/lᵢⱼ) 

 

Step 3: Apply Fuzzy Weights and Compute Weighted Matrix 

vᵢⱼ =  rᵢⱼ ·  wⱼ 

Step 4: Determine FPIS and FNIS 

 

𝐴+ = (𝑚𝑎𝑥𝑢ᵢⱼ), 𝐴− = (𝑚𝑖𝑛𝑙ᵢⱼ) 
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Step 5: Compute Distance from FPIS and FNIS 

 

𝑑ᵢ+ = √∑ ⱼ ((𝑢ᵢⱼ − 𝑢ⱼ+)2 + (𝑚ᵢⱼ − 𝑚ⱼ+)2 + (𝑙ᵢⱼ − 𝑙ⱼ+)2) 

𝑑ᵢ− = √∑ ⱼ ((𝑢ᵢⱼ − 𝑢ⱼ−)2 + (𝑚ᵢⱼ − 𝑚ⱼ−)2 + (𝑙ᵢⱼ − 𝑙ⱼ−)2) 

 

Step 6: Compute Closeness Coefficient and Rank 

 
𝐶𝐶ᵢ = 𝑑ᵢ−/(𝑑ᵢ− + 𝑑ᵢ+) 

Step 7: Rank Alternatives 

Alternatives are ranked in descending order based on CCᵢ values. A higher CCᵢ indicates closer 

proximity to the ideal solution. 

The application of Fuzzy TOPSIS serves as an effective cross-check against the scenario-based 

SCOPRAS results. High consistency between both rankings supports the validity of the hybrid 

evaluation framework adopted in this study. 

 

3.8 Sensitivity Analysis 

Sensitivity analysis is a vital step in evaluating the robustness and stability of decision-making 

models, particularly when dealing with uncertain environments. In this study, the sensitivity analysis 

examines how changes in scenario probabilities affect the final supplier rankings generated by the 

stochastic BWM and SCOPRAS models. 

Step 1: Define Alternative Probability Scenarios 

Five alternative distributions for the three evaluation scenarios (pessimistic, most likely, optimistic) 

are tested: 

• Mode 1: (Base case): (0.25, 0.5, 0.25)  

• Mode2: (0.333, 0.333, 0.333) 

• Mode 3: (0.1, 0.8, 0.1) 

• Mode 4: (0.8, 0.1, 0.1) 



 
 

37 
 

• Mode 5:(0.1, 0.1, 0.8) 

Step 2: Recalculate Weights Using SBWM 

For each probability mode, the stochastic BWM model is re-executed to derive new aggregated 

weights for the evaluation criteria. 

Step 3: Re-evaluate Supplier Rankings Using SCOPRAS 

Using the updated weights, the SCOPRAS method is re-applied to compute new utility scores and 

resulting rankings under each probability configuration. 

Step 4: Comparative Analysis of Rankings 

The resulting rankings are analyzed across the five modes to identify consistency or variability. A 

stable top-ranked supplier across all configurations demonstrates robustness. Conversely, significant 

shifts may suggest sensitivity to scenario assumptions and the need for further model refinement. 

This structured sensitivity analysis confirms the dependability of the proposed hybrid model and 

provides additional confidence for decision-makers in high-uncertainty environments. 

 

2.9 Chapter Summary 

This chapter presented the research methodology used to develop and validate a hybrid decision-

making framework for sustainable supplier evaluation under uncertainty. The proposed model 

integrates Stochastic Best-Worst Method (SBWM) for criteria weighting and Stochastic COPRAS 

for ranking supplier alternatives. To reinforce the validity of results, Fuzzy BWM and Fuzzy TOPSIS 

were employed for cross-validation based on linguistic expert inputs. The inclusion of fuzzy logic not 

only accommodates vagueness in human judgment but also strengthens the credibility of the final 

rankings. 

The methodology ensures both probabilistic scenario-based robustness and qualitative sensitivity, 

making it well-suited for real-world supplier selection problems. The use of a structured sensitivity 

analysis further demonstrated the model’s reliability under different scenario probability 

configurations. Overall, this chapter sets the foundation for the application of the proposed framework 

to a real-world case study, which will be detailed in the next chapter. 
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Chapter 3: Case Study: Supplier Evaluation at Laprima Plastics 
 

3.1 Company Background and Case Context  

This thesis investigates a critical problem in modern supply chain management: how to select 

sustainable, resilient, and strategically aligned suppliers under conditions of uncertainty. In recent 

decades, the complexity of global supply networks has intensified, with organizations facing volatile 

market dynamics, increasing environmental regulations, and evolving technological demands. 

Traditional supplier evaluation models, often deterministic and narrowly focused on cost or quality 

metrics, fail to address these evolving multidimensional requirements. 

To bridge this gap, the current research proposes a robust, hybrid decision-making framework that 

integrates principles from Circular Economy (CE) and Industry 5.0 (I5.0). This model enables 

decision-makers to analyze suppliers across multiple future scenarios, incorporate fuzzy linguistic 

judgments, and validate results through comparative ranking methodologies. The approach aims to 

meet the growing need for dynamic, sustainability-oriented supplier evaluation in the manufacturing 

sector. 

The case study is situated in the operational context of Laprima Plastics, one of Europe’s largest and 

most technologically advanced plastic recycling companies. The organization plays a leading role in 

promoting circularity by transforming post-industrial plastic waste into high-quality recycled 

material. Its strategic vision embraces digital transformation through Industry 4.0 technologies, 

including the use of IoT-based sensors, solar energy systems, and real-time AI-based quality control 

mechanisms. 

While Laprima has achieved operational excellence in automation and data integration, a persistent 

challenge remains in the area of supplier selection. The firm must identify partners that are not only 

reliable in cost, quality, and delivery but also aligned with broader sustainability and technological 

goals. This requires the adoption of a more sophisticated and adaptive evaluation framework, capable 

of handling future uncertainties and integrating both quantitative performance metrics and qualitative 

expert input. 

To address this problem, the thesis formulates a hybrid multi-criteria decision-making (MCDM) 

model composed of three main techniques: the Stochastic Best-Worst Method (SBWM) for weighting 

criteria under uncertain future scenarios, the Stochastic Complex Proportional Assessment 

(SCOPRAS) for ranking supplier alternatives based on those weights, and Fuzzy TOPSIS for 
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validating the robustness of the final rankings. These methods are uniquely capable of overseeing the 

stochasticity, subjectivity, and multidimensionality inherent in sustainable supplier evaluation. 

The hybrid framework integrates these techniques into a scenario-based decision environment, 

enabling the incorporation of both probabilistic reasoning and linguistic uncertainty. This structured 

integration of methods ensures consistency in the evaluation process while enhancing interpretability 

for managerial decision-makers. The application of the model in a real-world case setting also allows 

for empirical validation and insight generation. 

The methodology begins with a detailed identification of thirty evaluation criteria, each carefully 

selected through an extensive review of literature and expert consultation. These criteria span multiple 

dimensions of sustainability and innovation, including environmental performance, supply chain 

resilience, cost competitiveness, digital maturity, and human-centric practices. The alignment of these 

criteria with CE and I5.0 frameworks ensures that the evaluation reflects both regulatory expectations 

and emerging strategic priorities in modern industry. 

 

3.2 Definition and Categorization of Evaluation Criteria 

The final list of criteria used in this study is summarized in Table 3 below. These criteria have been 

grouped into thematic categories aligned with CE and I5.0 dimensions for clarity and implementation 

ease. 
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Table 4: Supplier Evaluation Criteria Aligned with CE and I5.0 Principles 

index Criterion Category 

1 Digital Customer Relationships Digitalization 

2 Cyber Security Digitalization 

3 Smart Factory Digitalization 

4 Industry 4.0 Technology Usage Digitalization 

5 Information System Digitalization 

6 GHG Emissions Sustainability 

7 Green Image Sustainability 

8 Green Warehouse Management Sustainability 

9 Worker’s Contract Sustainability 

10 Job Opportunities Sustainability 

11 Education of Workers Human Centricity 

12 Links Between Paid Work and 

Social Benefits 

Human Centricity 

13 Job Safety Human Centricity 

14 Collaboration Human Centricity 

15 Working Hours per Day Human Centricity 

16 Clean Technology Circular Economy 

17 Green Packaging Circular Economy 

18 Energy and Resource 

Consumption 

Circular Economy 

19 Recyclable Raw Materials Circular Economy 

20 Waste Management Circular Economy 

21 Rerouting Resilience 

22 Backup Supplier Resilience 

23 Robustness Resilience 

24 Restorative Capacity Resilience 

25 Extra Inventory Resilience 

26 Price General 

27 Quality General 

28 Lead-time General 

29 Service General 

30 Reputation General 
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3.3 Scenario-Based Evaluation and Expert Input 

To account for the uncertainty that often characterizes supplier performance and future business 

environments, the evaluation was conducted under three distinct scenarios: pessimistic, most likely, 

and optimistic. Each scenario was assigned a probability (0.25, 0.5, and 0.25 respectively), reflecting 

a realistic distribution of future expectations. Experts rated each of the five suppliers against the full 

set of 30 criteria in all three scenarios, producing a comprehensive 5 × 90 performance matrix. This 

matrix served as the foundation for the application of the SBWM and SCOPRAS methods. 

 

Table 5: Performance Matrix 
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3.4 SBWM Model Development and Weight Calculation 

To derive the weights of each of the 30 evaluation criteria under uncertainty, the Stochastic Best-

Worst Method (SBWM) was applied. Experts were asked first to identify the most important (Best) 

and the least important (Worst) criterion under each of the three defined scenarios. Then, using 

pairwise comparisons, they rated the importance of the best criterion over all others (Best-to-Others), 

and the importance of all criteria over the Worst (Others-to-Worst), on a numerical scale from 1 to 9. 

 

Table 6: Best to Other 
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Table 7: Other to Worst 

 

These comparisons were used to formulate three separate linear programming models—one for each 

scenario. The output of each model was a set of normalized weights representing the relative 

importance of the 30 criteria under the conditions of the corresponding scenario. The final stochastic 

weight for each criterion was computed by aggregating the scenario-based weights using the assigned 

scenario probabilities. 

The resulting aggregated weights provide a robust, probability-adjusted view of the importance of 

each criterion, accounting for variations in expert judgment due to future uncertainty. These weights 

serve as a critical input to the SCOPRAS algorithm for supplier ranking, enabling a decision model 

that is both data-driven and flexible to changing business conditions. 
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To ensure the accuracy and replicability of the SBWM results, the optimization problems were solved 

using three independent methods: Microsoft Excel, Python, and IBM CPLEX. In Excel, a structured 

solver spreadsheet was used, which facilitated a quick visual representation of the pairwise 

comparison logic. Python’s linear programming libraries provided a transparent and programmable 

approach for handling larger matrices. IBM CPLEX was used to cross-verify the optimality of the 

solutions, offering additional reliability through its advanced solving capabilities. 

Moreover, the study also utilized the official BWM Solver Excel file developed by Dr. Rezaei—the 

author of the BWM method. This tool helped validate the structure of the pairwise matrices and 

ensured that the calculated weights were consistent with the original BWM formulation. The 

combination of multiple solvers reinforced the methodological rigor of SBWM implementation in 

this research. 

 

3.4.1 SBWM Weight Calculation for Pessimistic, Most Likely, and Optimistic Scenarios (IBM 

CPLEX) 
 

Code 3.1a to 3.1c 

SBWM Weight Calculation for Pessimistic, Most Likely, and Optimistic Scenarios (IBM 

CPLEX) 

These codes apply the Stochastic Best-Worst Method (SBWM) under three distinct future 

scenarios—pessimistic, most likely, and optimistic—using IBM CPLEX as the optimization engine. 

For each scenario, experts identified the most and least important criteria and provided pairwise 

comparisons via Best-to-Others and Others-to-Worst vectors. These inputs were then translated into 

a linear programming model aimed at minimizing the maximum deviation between calculated and 

expected weight ratios. IBM CPLEX was selected for its high precision and robustness in solving 

such optimization problems. The output of each run is a set of normalized criterion weights that reflect 

expert priorities under different risk conditions. These weights are subsequently used in the 

SCOPRAS model for scenario-sensitive supplier ranking. 
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Code 3.1a 

Most likely scenario by helping CPLEX code: 

 

Figure 1: Most likely scenario-1 
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Figure 2: Most likely scenario-2 
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Figure 3: Most likely scenario-3 
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Code 3.1b 

Pessimistic scenario by helping CPLEX:   

 

Figure 4: Pessimistic scenario-1 
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Figure 5: Pessimistic scenario-2 
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Figure 6: Pessimistic scenario-3 
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Code 3.1c 

Optimistic scenario by helping CPLEX: 

 

Figure 7: Optimistic scenario-1 
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Figure 8: Optimistic scenario-2 
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Figure 9: Optimistic scenario-3 
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3.4.2 SBWM Weight Calculation Using Python 

Code 3.2   

SBWM Weight Calculation for All Scenarios (Python Implementation) 

This Python script implements the Stochastic Best-Worst Method (SBWM) to compute the weights 

of the 30 evaluation criteria across all three scenarios—pessimistic, most likely, and optimistic—in a 

single integrated execution. It collects expert judgments in the form of pairwise comparison vectors 

for each scenario and structures them into a series of linear programming models. Using Python’s 

optimization libraries (such as scipy, optimize or PuLP), the script solves each model to derive the 

scenario-specific weights. These are then aggregated using predefined scenario probabilities to obtain 

a final stochastic weight vector. This approach ensures computational transparency, facilitates fast 

updates or scaling, and provides a reliable reference for cross-validating results obtained from 

CPLEX and Excel-based implementation. 

 

 

Figure 10: Python implementation of SBWM 
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3.4.3 SBWM Weight Calculation Using Excel Solver 

Code 3.3  

 SBWM Weight Calculation Using BWM Solver (Excel Implementation) 

This code uses the official BWM Solver Excel tool developed by Dr. Rezaei to compute the weights 

of evaluation criteria under the Stochastic Best-Worst Method (SBWM) framework. Unlike the 

Python and CPLEX implementations, which calculate all three scenarios programmatically, the 

Excel-based approach focuses on providing a clear and user-friendly interface for manual input and 

visual inspection of results. Experts input their pairwise comparisons directly into the solver, and the 

tool computes normalized weights by solving the optimization model in Excel’s built-in Solver 

environment. Although it is less computationally efficient, this method is particularly useful for 

managerial interpretation and validation, offering transparency and ease of use for decision-makers 

unfamiliar with coding or optimization software. 

 

Figure 11:Excel Solver for SBWM 
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Figure 12: BWM Initial Weighs 
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Table 8: Weighted Category *BWM Solver  
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Table 9: Probability 

 

Table 10: Probability * Matrix Number 3 
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Table 11: All Scenario SBWM Final Weights 

 

3.5 Supplier Ranking Using SCOPRAS 

Following the calculation of the stochastic weights, the SCOPRAS method was applied using the 

aggregated weights and the supplier performance matrix. For Model 1 (baseline), which uses scenario 

probabilities of (0.25, 0.5, 0.25) for pessimistic, most likely, and optimistic cases respectively, the 

normalized performance scores were multiplied by the SBWM-derived weights. The method was 

then used to compute beneficial and non-beneficial utility scores for each supplier. 

Scenario-specific utility scores were calculated for each of the five suppliers and then aggregated 

using the scenario probabilities to generate a final utility value (FUᵢ) for each supplier. These FUᵢ 

values formed the basis of the primary supplier ranking under Model 1.  

 

3.6 Fuzzy BWM and Fuzzy TOPSIS for Evaluation of Stochastic COPRAS 

To validate the reliability of the stochastic supplier ranking results obtained through the SBWM–

SCOPRAS framework, this study implements a cross-evaluation using the Fuzzy Best-Worst Method 

(Fuzzy BWM) and Fuzzy TOPSIS. This complementary analysis is designed to incorporate the 

inherent vagueness of expert linguistic assessments and to verify the robustness of the results under 

fuzzy logic. 
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3.6.1 Application of Fuzzy Best-Worst Method (FBWM) 

The Fuzzy BWM was conducted with the aim of capturing expert uncertainty and subjectivity in 

determining the relative importance of the 30 evaluation criteria. Experts were first asked to identify 

the best (most important) and worst (least important) criteria. Then, they provided their evaluations 

of the importance of the best criterion over all others, and all others over the worst, using a five-level 

linguistic scale: Very Low, Low, Medium, High, and Very High. These linguistic terms were mapped 

to triangular fuzzy numbers (TFNs) following the standard scale: (1,1,3), (1,3,5), (3,5,7), (5,7,9), and 

(7,9,9), respectively. 

Based on these fuzzy comparisons, a pair of fuzzy vectors (Best-to-Others and Others-to-Worst) were 

constructed and used to formulate a fuzzy linear optimization model. The objective was to minimize 

the maximum deviation across all pairwise comparisons, leading to a set of fuzzy weights for each 

criterion. These weights were then defuzzified using the centroid method to obtain crisp values, which 

were normalized to ensure their sum equaled one. 

The resulting weights closely aligned with the probability-weighted outputs from the SBWM stage. 

Key criteria such as GHG Emissions, Price, Quality, Robustness, and Energy and Resource 

Consumption consistently ranked among the most influential in both approaches, thereby confirming 

the internal validity of the stochastic model through fuzzy-based reasoning. 
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Figure 13: final solution for SCOPRAS Ranking 
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Table 12: Decision Matrix of Triangular Fuzzy BWM based on Pairwise Survey  
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Figure 14: Python coding of Fuzzy BWM-1 
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Figure 15: Python coding of Fuzzy BWM-2 

 

 

 

 



 
 

65 
 

Table 13: Final Weights of Fuzzy BWM 
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3.6.2 Fuzzy TOPSIS Validation 

Once the fuzzy weights were established, they were used in the Fuzzy TOPSIS model to 

independently validate the supplier rankings produced by SCOPRAS. A fuzzy decision matrix was 

constructed by collecting expert assessments of supplier performance across the 30 criteria using the 

same five-level linguistic scale. These values were again converted to TFNs and averaged across the 

expert panel.  

Table 14: Fuzzy Decision Matrix 

 

The Fuzzy TOPSIS process was conducted in six key steps: 

1. Fuzzy Decision Matrix Formation: Expert scores were averaged and arranged into a supplier–

criteria matrix, with each cell represented by a TFN. 

2. Normalization: Each TFN was normalized, accounting for the nature of the criterion 

(beneficial or non-beneficial). 

3. Weighting: The normalized matrix was multiplied by the fuzzy weights obtained from 

FBWM. 

4. Identification of FPIS and FNIS: For each criterion, the fuzzy positive ideal solution (FPIS) 

and fuzzy negative ideal solution (FNIS) were determined. 

5. Distance Measurement: The Euclidean distances of each supplier from FPIS and FNIS were 

computed using fuzzy distance formulas. 

6. Closeness Coefficient Calculation: A closeness coefficient (CCᵢ) was calculated for each 

supplier to reflect its proximity to the ideal solution. 
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Table 15:Final Ranking of Fuzzy TOPSIS 

 

 

The final rankings derived from Fuzzy TOPSIS revealed a high degree of consistency with those 

obtained through the SCOPRAS method. The top-ranked supplier in SCOPRAS also emerged as the 

highest in Fuzzy TOPSIS, with only minor rank shifts observed in lower-tier suppliers. This 

alignment between stochastic and fuzzy methodologies confirms the robustness of the supplier 

evaluation results. 

 

Figure 16: Comparison of cross validation and base methods 
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3.7 Sensitivity Analysis 

To assess the robustness of the proposed evaluation framework and to examine the stability of 

supplier rankings under different assumptions, a detailed sensitivity analysis was conducted. This 

analysis involved five scenario models, each defined by a unique combination of scenario 

probabilities for pessimistic, most likely, and optimistic cases. 

The five tested configurations were as follows: 

• Model 1: (0.25, 0.5, 0.25) – balanced baseline 

• Model 2: (0.333, 0.333, 0.333) – equally distributed 

• Model 3: (0.8, 0.1, 0.1) – pessimistic-oriented 

• Model 4: (0.1, 0.8, 0.1) – most-likely-oriented 

• Model 5: (0.1, 0.1, 0.8) – optimistic-oriented 

For each model, the SBWM was recalculated based on the new probabilities, and the resulting weights 

were applied in the SCOPRAS algorithm to determine the final utility score for each supplier. Table 

16 presents the rankings of the five suppliers across the five scenario models. 

Table 16: Supplier Rankings Across Scenario Models 

 

 

As illustrated in Table 16, the top performing supplier (RM4) maintained its leading position in four 

out of five configurations, with only a slight shift in Model 5. This consistency indicates a high level 

of robustness in the ranking outcome. Minor variations were observed in the rankings of lower-ranked 

suppliers, which are common due to the narrower margin in their performance scores. 

To better visualize these variations and confirm the ranking stability, Figure 17 presents a line plot 

comparing supplier ranks across the five models. 
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Figure 17: Supplier Ranking Comparison Across Scenario Models 

 

 

The stability in supplier rankings across different probabilistic assumptions confirms the reliability 

and resilience of the stochastic SCOPRAS model. For decision-makers at Laprima Plastics, this 

finding reinforces confidence in the proposed evaluation framework, providing a powerful tool for 

making informed, future-proof supplier selection decisions. The results were consistent and aligned 

with managerial expectations, offering decision-makers at Laprima Plastics a rational, scenario-

sensitive ranking structure tailored to real-world uncertainty. 
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3.8 Summary of Key Findings from the Case 

This chapter presents a comprehensive case study conducted at Laprima Plastics, focusing on the 

evaluation and ranking of suppliers under conditions of uncertainty. The chapter begins by outlining 

the company's operational context and the strategic need for a robust supplier selection process. A set 

of 30 evaluation criteria—derived from Circular Economy (CE) and Industry 5.0 frameworks—was 

finalized and categorized to align with the firm’s sustainability and innovation goals. 

To address uncertainty, the study employs three predefined scenarios: pessimistic, most likely, and 

optimistic. Expert judgments were collected under each scenario to provide pairwise comparisons 

required for the Stochastic Best-Worst Method (SBWM). The SBWM optimization model was 

implemented using three tools: IBM CPLEX for high-precision scenario-specific computations, 

Python for integrated and automated multi-scenario processing, and Excel Solver for managerial 

usability and transparency. 

The resulting scenario-based weights were then applied in the Step-wise Weight Assessment Ratio 

Analysis (SCOPRAS) method to compute utility scores and rank the suppliers accordingly. To 

validate the robustness of the model, a Fuzzy Best-Worst Method (FBWM) was used to derive fuzzy 

weights, followed by a Fuzzy TOPSIS analysis, confirming the consistency of supplier rankings. A 

sensitivity analysis was also performed using five different scenario probability models, 

demonstrating the stability and resilience of the final decision. The chapter concludes by summarizing 

the managerial implications and confirming the effectiveness of the proposed hybrid decision-making 

framework. 
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Chapter 4: Discussion of Results and Managerial Implications 

In this chapter, we delve into the results obtained from the hybrid decision-making model developed 

in this thesis, which integrates the Stochastic Best-Worst Method (SBWM) and the Stochastic 

Complex Proportional Assessment (SCOPRAS) method, and discuss their implications for supplier 

selection and supply chain management at Laprima Plastics. Additionally, we explore the significance 

of the criteria used in supplier differentiation and provide detailed managerial recommendations to 

enhance decision-making processes. This discussion is further validated through a comparative 

analysis with the Fuzzy TOPSIS method, ensuring the robustness of our findings. 

 

4.1 – Quantitative Analysis of Supplier Performance 

This section presents a detailed quantitative analysis of supplier performance using the hybrid 

decision-making model developed in this study. By applying the Stochastic Best-Worst Method 

(SBWM) to capture scenario-based preferences and the SCOPRAS method for performance ranking, 

this analysis evaluates each supplier under varying future conditions. The aim is to determine how 

suppliers perform across probabilistic scenarios and to identify those that consistently demonstrate 

superior adaptability and sustainability. The results of this analysis provide the foundation for 

managerial insights and strategic sourcing decisions discussed in subsequent sections. 

 

4.1.1 Supplier Ranking Overview Across Scenarios 

A fundamental step in multi-scenario supplier evaluation is the comparison of alternative suppliers’ 

performance rankings under varying probabilistic conditions. The developed hybrid decision-making 

model, combining Stochastic BWM and SCOPRAS, was used to simulate five different scenarios 

representing fluctuations in sustainability priorities, resource availability, market demand, and 

regulatory pressure. These scenarios were designed to assess how suppliers respond to a range of 

future uncertainties. 

Table 17 summarizes the rankings of each Raw Material Provider (RMP) across the five considered 

scenarios. Rankings range from 1 (most favorable) to 5 (least favorable), indicating the relative 

performance of each supplier after applying the weighted criteria derived from scenario-based expert 

judgments. 
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Table 17: Summarizing the rankings of each Raw Material Provider (RMP) across scenarios 

 

 

As shown in Table 17, the rankings exhibit a wide variation across suppliers. RMP4 clearly stands 

out with consistent top positions (rank 1) in the first four scenarios, suggesting highly favorable 

performance under diverse conditions. Conversely, RMP5 is ranked in last place across all five 

scenarios, highlighting a systemic lack of adaptability or capability under the evaluated criteria. 

 

These preliminary results form the basis for further analysis in the following sections. Section 4.1.2 

explores the stability of rankings across scenarios, while subsequent sections investigate performance 

gaps, contribution of individual criteria, and cross-method validation through Fuzzy TOPSIS. 

Together, these insights aim to support robust managerial decision-making under uncertainty. 

 

 

4.1.2 Stability of Supplier Rankings Across Scenarios 

While identifying the best-performing supplier is essential, an equally important consideration in 

decision-making under uncertainty is the stability of supplier rankings across multiple future 

scenarios. A supplier that consistently ranks high in different probabilistic contexts is more likely to 

deliver reliable performance in the long term, regardless of shifts in market conditions, regulatory 

changes, or operational disruptions. 

To evaluate this stability, the rankings of each supplier were analyzed across five predefined scenarios 

constructed using the Stochastic BWM-SCOPRAS model. Each scenario represents a unique 

combination of weights and priority criteria, reflecting varying emphases on environmental 

sustainability, cost efficiency, resilience, and digital readiness. The goal was to observe how the 
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relative performance of each supplier changed—or remained consistent—across these shifting 

evaluation landscapes. 

Among all alternatives, RMP4 demonstrated the most resilient performance, ranking first in four 

out of five scenarios. The only deviation occurred in Scenario 5, where its position dropped slightly 

to third place. This pattern illustrates RMP4’s strong alignment with a broad set of sustainability 

and Industry 5.0 criteria, making it highly adaptable and consistently dominant regardless of 

external variations. 

RMP5 displayed persistent underperformance, receiving the lowest rank (fifth) in all five 

scenarios. This repeated result indicates systemic deficiencies in critical dimensions such as 

environmental compliance, digital maturity, or supply flexibility. As such, RMP5 represents a high-

risk supplier and should be deprioritized or considered for phase-out. 

RMP3 emerged as a moderately consistent performer, securing second place in two scenarios and 

never falling below fourth. This consistency in the middle tier suggests that RMP3 offers dependable, 

if not exceptional, performance and could be considered a strong candidate for development programs 

or backup sourcing. 

RMP1, while beginning with mid-level performance, showed a positive trajectory by achieving the 

top rank in Scenario 5. This could indicate improving capabilities or emerging strengths that may be 

worth nurturing through supplier development initiatives.  

RMP2, on the other hand, showed volatility and never ranked first in any scenario, indicating an 

inconsistent value proposition. 

Table 18 presents managerial recommendations based on each supplier’s rank stability and average 

performance across the five scenarios. 
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Table 18: Managerial Recommendations 

Supplier Managerial Recommendation 

RMP4 Top priority – highly resilient and consistently best performer. Recommended for 

long-term strategic partnership and preferred sourcing. 

RMP3 Reliable mid-tier option – consistent performance with no critical weaknesses. 

Suitable for mid-range contracts or development investment. 

RMP1 Improving candidate – positive performance trajectory. Potential for strategic use 

with supplier support programs. 

RMP2 Unstable and average – lacks top-tier performance. Use in non-critical roles or short-

term tactical sourcing. 

RMP5 Persistent underperformance – lowest ranking across all scenarios. Recommended 

for exit strategy, re-evaluation, or substitution. 

 

This analysis emphasizes the importance of not just peak performance, but reliability over time 

and across conditions. Suppliers like RMP4 provide the confidence needed for long-term planning, 

while others require development, tactical usage, or strategic replacement. The next section further 

deepens the analysis by quantifying the performance gaps between top- and bottom-ranked suppliers 

across scenarios. 

 

4.1.3 Performance Gap Analysis Between Suppliers 

While supplier ranking provides a relative positioning of alternatives, it is equally important to 

examine the magnitude of performance differences between the best and worst suppliers in each 

scenario. This analysis enables decision-makers to quantify the risks associated with suboptimal 

supplier selection and to recognize the competitive advantage held by top-tier performers. 

Accordingly, this section investigates the utility score gaps between the highest-ranked and lowest-

ranked suppliers across all five probabilistic scenarios, derived from the SCOPRAS output. 



 
 

75 
 

Table 19 summarizes the top and bottom utility scores for each scenario, along with the corresponding 

suppliers and calculated performance gaps. These gaps indicate the quantitative difference in overall 

performance under the scenario-specific weighting of sustainability, resilience, circularity, and 

digitalization criteria. 

Table 19: Top and Bottom Utility Scores For Each Scenario 

Scenario Best Supplier Score Worst Supplier Score Gap 

Scenario 1 RMP4 1.412 RMP5 1.237 0.175 

Scenario 2 RMP4 1.384 RMP5 1.172 0.212 

Scenario 3 RMP4 1.474 RMP5 1.039 0.435 

Scenario 4 RMP4 1.360 RMP5 1.203 0.157 

Scenario 5 RMP1 1.469 RMP5 1.277 0.192 

 

As shown in Table 19, the performance gaps are consistently significant across all scenarios, with 

the largest difference of 0.435 units in Scenario 3 and the smallest gap of 0.157 units in Scenario4. 

This trend suggests that top-performing suppliers—particularly RMP4 and RMP1—outperform the 

lowest-ranked supplier (RMP5) by a considerable margin under every evaluation condition. 

From a managerial standpoint, this indicates that the cost of selecting a suboptimal supplier could 

be substantial, especially in contexts where operational resilience and sustainability compliance are 

critical. For instance, in Scenario 3—which may reflect a highly uncertain or resource-constrained 

environment—the performance gap widens sharply, highlighting the strategic importance of aligning 

supplier selection with forward-looking scenario planning. 

Moreover, the repeated presence of RMP4 as the top scorer in four out of five scenarios reaffirms 

its dominant and robust performance profile. RMP5, conversely, consistently ranks lowest, with 

scores trailing far behind other alternatives, suggesting a critical need for re-evaluation or 

replacement. 

Overall, the performance gap analysis reinforces the importance of scenario-based supplier 

evaluation by quantifying the relative value each supplier brings under uncertainty. It complements 

the rank stability analysis from Section 4.1.2 and strengthens the managerial justification for 

prioritizing high-performing and consistent suppliers. 
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4.1.4 Category-Level Contribution Analysis 

To complement the criterion-level weight analysis, this section evaluates the relative influence of 

each broader evaluation category—including Digitalization, Resilience, Circular Economy, 

Sustainability, Human Centricity, and General Criteria (e.g., cost and delivery)—on the final supplier 

rankings. By grouping individual criteria into their respective categories and computing the average 

weights assigned across all five scenarios, a clearer picture emerges regarding which strategic 

dimensions were most influential. 

followed closely by General Criteria including price, quality, and lead time (0.0415). These results 

indicate that technological readiness and core procurement indicators remain dominant factors in 

supplier evaluation under uncertain conditions. 

 

Table 20 presents the average weight of each category based on the outputs of the Stochastic BWM 

method. As observed, the Digitalization category received the highest average weight (0.0418), 

followed closely by General Criteria including price, quality, and lead time (0.0415). These results 

indicate that technological readiness and core procurement indicators remain dominant factors in 

supplier evaluation under uncertain conditions. 

 

Table 20: Average Weight of Each Category 

Category Average Weight 

Digitalization 0.0418 

General 0.0415 

Circular Economy 0.0338 

Sustainability 0.0304 

Human Centrincity 0.0272 

Resilience 0.0260 
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Figure 18 provides a visual comparison of category weights. It clearly shows that while 

environmental and social dimensions such as Sustainability, Circular Economy, and Human 

Centricity are present, their impact is relatively lower than that of operational and technological 

dimensions. This result aligns with recent trends in industrial digital transformation and procurement 

efficiency, where digital capabilities and cost competitiveness continue to dominate decision-making. 

 

 

Figure 18: Average Weight of Each Evaluation Category 

 

 

Moreover, the lower weight assigned to Resilience may reflect the fact that its importance becomes 

more critical in high-risk or disruption-heavy scenarios, which may not have been the dominant 

pattern in the probabilistic setup. Nevertheless, the presence of sustainability-aligned categories—

even with lower weight—demonstrates a holistic evaluation approach that balances performance, 

cost, environmental responsibility, and human welfare. 
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4.1.5 Analysis of Criteria Importance Across Scenarios 

Figure 19 displays the average weights of the 30 evaluation criteria derived using the Stochastic Best-

Worst Method (SBWM) across five different scenario probability models. This aggregated analysis 

offers deep insights into the relative importance of each criterion in the supplier evaluation process, 

especially under uncertainty. 

The top six criteria in terms of average weight are: GHG Emissions, Quality, Lead-time, Price, 

Energy and Resource Consumption, and Robustness. These criteria consistently ranked highest 

across scenarios due to their direct, measurable, and high-impact nature in the closed-loop supply 

chain (CLSC) context of Laprima Plastics. 

• GHG Emissions emerged as the most critical factor, reflecting the company’s strong 

emphasis on reducing environmental impact in line with Circular Economy goals and 

regulatory pressures at the European level (e.g., EU Green Deal). 

• Quality is essential in regenerated plastics, as any quality variability can compromise final 

product performance or lead to customer dissatisfaction. 

• Lead-time directly affects production continuity. In a system relying on recycled material 

inputs, delays can cause severe disruptions due to limited buffer stocks. 

• Price remains an important economic factor, especially in a competitive recycling industry 

where margins are tight. 

• Energy and Resource Consumption is strongly linked to environmental performance and 

operational efficiency, which are monitored closely at Laprima due to the high energy 

intensity of plastic processing. 

• Robustness reflects the supplier’s ability to deliver consistently under changing or difficult 

conditions—critical for maintaining flow in uncertain supply environments. 

Conversely, the bottom six criteria—Worker’s Contract, Working Hours per Day, Green 

Packaging, Cybersecurity, Rerouting, and Green Image—showed relatively low average 

importance. Several reasons may explain their limited influence: 

• Worker’s Contract and Working Hours per Day are important for internal HR compliance, 

but are often less visible or impactful in external supplier relationships, especially when 

contractual arrangements are not transparent or standardized. 

• Green Packaging, although aligned with CE values, is less central in a business-to-business 

setting where bulk raw materials are traded, and packaging is minimal or non-returnable. 



 
 

79 
 

• Cybersecurity, while increasingly relevant in digital supply chains, may not yet be a primary 

concern in Laprima’s current operational context where supplier–client data exchange is 

relatively limited or non-sensitive. 

• Rerouting is a transportation-level issue and may not apply significantly if supply routes are 

stable and local. 

• Green Image, although important from a branding perspective, perceived as less tangible or 

difficult to measure compared to more operational or technical indicators. 

This gap in importance between top and bottom-ranked criteria reveals a clear managerial 

prioritization toward environmental performance, technical reliability, and operational continuity. It 

also reflects the unique nature of supplier relationships in the closed-loop supply chain of a plastic 

recycling firm, where the direct impacts on production, regulation, and cost outweigh more abstract 

or indirect criteria. This understanding allows managers to focus resources and attention on those 

areas that most influence long-term sustainability and supply chain resilience. 

 

 

Figure 19: Top Criteria Importance (Stochastic BWM Average Over 5 Scenarios) 
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4.2   Managerial Benefits Observed at Laprima Plastics 

Building on the quantitative findings of the previous section, this part explores the practical and 

managerial outcomes of implementing the proposed hybrid evaluation model at Laprima Plastics. The 

focus shifts from numerical rankings to real-world impact, highlighting how the model influenced 

procurement practices, strategic supplier selection, and organizational decision-making. Through 

structured evaluation and scenario-based planning, Laprima achieved improved transparency, 

resilience, and sustainability in its supplier network. This section outlines the key managerial lessons 

learned and the operational improvements observed throughout the model's application. 

 

4.2.1 Increased Clarity and Transparency in Supplier Evaluation 

Prior to the implementation of the proposed decision-making framework, supplier selection practices 

at Laprima Plastics heavily relied on intuitive reasoning, personal experience, and informal consensus 

among departments. This traditional approach, although flexible, often lacked transparency and 

methodological consistency. As a result, procurement decisions were occasionally challenged or 

revisited, especially when misalignments emerged between operational requirements and supplier 

capabilities. The absence of standardized evaluation criteria and documented rationales made it 

difficult to trace the logic behind supplier choices, leading to inefficiencies and friction in decision 

execution. 

The integration of the Fuzzy Best-Worst Method (Fuzzy BWM) introduced a structured and 

linguistically nuanced mechanism for weighting criteria. This method enabled experts to express their 

preferences using linguistic terms, which were then systematically converted into consistent 

numerical weights. Through this mechanism, subjective judgment was preserved but made 

analytically interpretable and reproducible. Criteria such as environmental performance, compliance 

with circular practices, and digital readiness—previously difficult to quantify—were now 

incorporated in a mathematically rigorous yet intuitive manner. This transformation marked a 

significant step forward in formalizing the supplier evaluation process at Laprima. 

As a result, procurement managers, quality assurance teams, and operational planners could rely on 

a transparent and data-backed evaluation structure, fostering shared understanding across functions. 

The decision-making process became more auditable and less prone to internal disputes, as all 

stakeholders had access to clearly documented weights and rankings. The structured methodology 
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ultimately enhanced organizational accountability, minimized ambiguity in supplier justification, and 

fostered a culture of evidence-based and trust-driven procurement. 

4.2.2 Improved Consensus Through Scenario-Based Modeling 

One of the longstanding organizational challenges at Laprima Plastics was the persistent 

misalignment between departments—particularly procurement, production, and quality—regarding 

the prioritization of supplier criteria. Each unit tended to focus on its own operational concerns, 

leading to fragmented decision-making and inconsistent supplier evaluations. This siloed approach 

often resulted in delays, procurement rework, or compromises that weakened overall supply chain 

performance. 

The implementation of Stochastic Best-Worst Method (SBWM) offered a breakthrough in 

integrating multiple viewpoints through a structured, scenario-based framework. Experts from 

different departments were able to participate in the weighting process under varying future 

conditions (e.g., optimistic, likely, and pessimistic scenarios), allowing their domain-specific 

concerns to be reflected in probabilistic criteria weights. This inclusive modeling not only 

democratized the evaluation process but also reduced the bias of single-perspective decision-making. 

Consequently, scenario modeling served as a platform for building cross-functional consensus. 

Departments found greater acceptance in decisions where their inputs were mathematically 

incorporated and transparently reflected in the outcomes. The process encouraged open dialogue and 

knowledge sharing, fostering trust between stakeholders. As a result, Laprima Plastics experienced 

improved cohesion across departments and a smoother, more collaborative procurement workflow. 

 

4.2.3 Identification of Resilient Suppliers Under Uncertainty 

In today’s volatile business environment, supplier resilience has become a critical factor in securing 

stable production. Before adopting the proposed framework, Laprima’s procurement team lacked a 

systematic method for identifying suppliers capable of maintaining performance across uncertain 

future conditions. This often left the company exposed to disruptions arising from global supply 

instability or policy changes. 

The SBWM model allowed Laprima to simulate supplier performance across a variety of scenarios 

with assigned probabilities, capturing the uncertainty inherent in real-world conditions. By 
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aggregating supplier scores under different future assumptions, the model helped isolate suppliers 

with consistently high performance—those who maintained top rankings across all scenarios. 

These suppliers were flagged as strategically resilient and therefore suitable for long-term 

partnerships. 

This insight enabled Laprima to proactively strengthen its supplier base by prioritizing suppliers 

that could endure volatility, thereby enhancing the robustness of its overall supply chain. It also 

allowed the company to move beyond short-term procurement metrics and incorporate a more future-

proof perspective in sourcing strategy, directly supporting organizational agility. 

 

4.2.4 Shift Toward Sustainable and Multi-Dimensional Procurement 

Historically, procurement decisions at Laprima Plastics were heavily cost-driven, emphasizing 

criteria like unit price and lead time. While cost-efficiency is important, this narrow focus often 

overlooked critical sustainability and innovation dimensions. As environmental regulations and 

stakeholder expectations increased, the company needed a more comprehensive evaluation 

framework. 

The hybrid model integrated sustainability, digital readiness, human-centricity, and circular 

economy principles into the supplier assessment. This enabled Laprima to quantitatively measure 

criteria such as CO₂ emissions, recyclable materials, and digital integration. It became evident through 

model results that several low-cost suppliers underperformed in these broader dimensions, prompting 

a strategic reassessment. 

This realization catalyzed a paradigm shift in procurement culture—from price-based decision-

making to multi-criteria value-based sourcing. The new approach aligned with Industry 5.0 values 

and EU Green Deal compliance, ensuring that Laprima's procurement strategy evolved in tandem 

with modern sustainability standards. 

 

4.2.5 Strategic Supplier Ranking and Lifecycle Management 

One of the most impactful features of the model was its ability to generate comprehensive and 

scenario-adjusted supplier rankings. Using the SCOPRAS method, Laprima was able to 
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distinguish high, mid, and low-performing suppliers across a wide range of weighted scenarios. This 

data provided an actionable roadmap for supplier lifecycle planning. 

Procurement managers used the ranking to segment suppliers into performance tiers—identifying 

strategic suppliers for long-term collaboration, developmental candidates for improvement programs, 

and underperformers for potential phase-out. The rankings also supported better contract negotiation 

and informed decisions on whether to renew, expand, or terminate supplier relationships. 

Over time, this structured ranking system became an essential input for supplier development 

planning, onboarding, and risk assessment, contributing to a more organized and future-oriented 

supplier management strategy within the company. 

 

4.2.6 Enhanced Compliance with ESG and Reporting Frameworks 

As a European manufacturer, Laprima Plastics is subject to a growing body of ESG (Environmental, 

Social, and Governance) regulations and customer requirements. Prior to this project, the company 

lacked a formal mechanism to document supplier selection decisions in a way that could satisfy audit 

or reporting requirements. 

The model’s integration of measurable environmental and social criteria—such as carbon footprint, 

resource consumption, and job safety—allowed Laprima to generate structured, auditable 

documentation of its evaluation process. The transparency of the criteria, weights, and rankings 

provided clear evidence for compliance with ESG policies. 

This feature improved the company’s credibility during client audits, stakeholder reviews, and 

regulatory inspections, while also strengthening its public image as a sustainable and responsible 

industrial actor. 

 

4.2.6 Reduction in Misaligned Contracts and Procurement Errors 

The lack of quantitative evaluation in prior processes occasionally resulted in procurement missteps, 

such as contracts with suppliers unable to meet environmental targets or failing under digitalization 

expectations. These mistakes led to rework, renegotiation, or in worst cases, disruptions in 

production. 
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By applying the hybrid decision-making model, Laprima Plastics was able to systematically exclude 

suppliers who failed to meet defined standards. The rigorous evaluation minimized subjectivity, and 

the scenario-based aggregation provided a holistic view of supplier capabilities. 

This shift led to fewer contractual mismatches, improved the quality of long-term agreements, and 

significantly reduced the occurrence of reactive problem-solving in supplier management. 

 

4.2.7 Informed and Actionable Supplier Development Strategies 

One of the critical shifts enabled by the proposed model was the transition from a binary "retain-or-

remove" view of suppliers to a more development-oriented strategy. In previous practice, mid-

performing suppliers were often overlooked or excluded without targeted feedback or engagement. 

This approach ignored the potential of vendors who, while not currently top-ranked, had significant 

capacity for improvement in key areas such as digitalization or waste reduction. 

Through the SCOPRAS ranking and scenario gap analysis, the company could precisely identify 

performance bottlenecks at the criterion level. Rather than terminating these relationships, Laprima 

adopted a proactive supplier development strategy—sharing evaluation results with vendors and 

providing clear expectations for improvement. This included setting joint improvement goals, 

offering training, and scheduling follow-up assessments. 

Such interventions not only improved supplier performance but also enhanced collaboration and long-

term trust. Suppliers became more aligned with Laprima’s strategic direction, contributing to a 

resilient and co-evolving supply network. This development strategy ultimately reinforced supply 

chain sustainability without disrupting continuity. 

 

4.2.8 Flexibility to Adjust Strategies Based on Scenario Sensitivities 

The SBWM component of the model allowed Laprima to assess supplier performance under 

divergent future conditions, such as changes in regulatory landscapes, energy market fluctuations, 

or resource scarcity. Each scenario incorporated a specific set of priorities, and weights were adjusted 

accordingly to simulate different probability distributions. 
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This sensitivity analysis gave the company a unique capability: the ability to adjust strategic 

sourcing decisions based on the likelihood of different future scenarios. For instance, in a scenario 

where environmental regulation becomes dominant, suppliers strong in recyclability and emissions 

control moved up in the rankings. In contrast, cost-effective suppliers dominated when economic 

pressures were emphasized. 

Such flexibility enabled adaptive procurement planning, where the company could prepare tailored 

supplier strategies based on changing market signals. This made Laprima more agile in its sourcing 

choices and reduced the risks associated with long-term contracts under uncertain conditions. 

 

4.2.9 Reinforcement of a Cross-Functional, Data-Driven Culture 

Before the model’s adoption, supplier decisions were often made within departmental silos, with 

limited integration across procurement, operations, quality, and sustainability teams. This disjointed 

approach hindered collaboration, delayed consensus, and occasionally led to contradictory goals 

across departments. 

By incorporating structured, transparent, and scenario-based evaluation processes, the model 

fostered a culture of collaboration and evidence-based decision-making. Each department 

contributed to defining relevant criteria, weighting them under different scenarios, and interpreting 

the results. The visibility of data and logic behind decisions made the process inclusive and justifiable 

to all involved units. 

This transformation reinforced organizational alignment and accelerated internal communication 

loops. It also served as a cultural shift—away from intuition-led choices toward a systematic, 

interdisciplinary model of supplier evaluation, rooted in shared data, mutual accountability, and 

common strategic goals. 

 

4.2.10 Foundation for Future Innovation and Scalability 

Finally, the successful implementation of this hybrid model laid a scalable foundation for future 

innovation within Laprima Plastics’ procurement and supply chain functions. The use of structured 

data, mathematical models, and cross-scenario simulation demonstrated the firm’s readiness to adopt 

more advanced technologies in the future. 



 
 

86 
 

Potential expansions include the integration of blockchain for supply chain traceability, AI for 

predictive risk detection, and IoT-based performance monitoring for real-time supplier 

evaluation. The model also prepares the firm for aligning with the digital infrastructure required by 

Industry 5.0 and the European Green Deal. 

By embedding such a structured and intelligent decision-making framework, Laprima positioned 

itself as a forward-looking, innovative manufacturer, ready to lead in a future shaped by 

sustainability, resilience, and digitalization. 

 

4.2.11 Foundation for Future Innovation and Scalability 

Finally, the successful implementation of this hybrid model laid a scalable foundation for future 

innovation within Laprima Plastics’ procurement and supply chain functions. The use of structured 

data, mathematical models, and cross-scenario simulation demonstrated the firm’s readiness to adopt 

more advanced technologies in the future. Potential expansions include the integration of blockchain 

for supply chain traceability, AI for predictive risk detection, and IoT-based performance 

monitoring for real-time supplier evaluation. The model also prepares the firm for aligning with the 

digital infrastructure required by Industry 5.0 and the European Green Deal. By embedding such a 

structured and intelligent decision-making framework, Laprima positioned itself as a forward-

looking, innovative manufacturer, ready to lead in a future shaped by sustainability, resilience, and 

digitalization. 

 

4.3 summary 

To conclude, the implementation of the proposed hybrid model at Laprima Plastics led to numerous 

tangible managerial benefits across strategic, operational, and organizational levels. From enhanced 

transparency and cross-functional collaboration to improved supplier development and ESG 

compliance, the model delivered measurable impact beyond its technical evaluation function. These 

outcomes demonstrate the practicality and strategic value of integrating advanced MCDM techniques 

in real-world procurement environments. By aligning supplier evaluation with the principles of 

circular economy and Industry 5.0, Laprima has taken a significant step toward building a more 

sustainable and resilient supply chain 
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Chapter 5: Conclusions and Future Research Directions 
 
 
 
This thesis developed a hybrid stochastic decision-making model for sustainable supplier selection 

within a closed-loop supply chain, integrating Circular Economy (CE) and Industry 5.0 (I5.0) 

principles. The model—combining SBWM, SCOPRAS, and Fuzzy TOPSIS—was applied at 

Laprima Plastics to manage uncertainty in supplier evaluations and guide strategic decision-making 

in line with sustainability and digitalization goals. 

 

5.1 Summary of Key Findings 

The model effectively ranked suppliers within a closed-loop framework, highlighting Supplier RMP4 

as the most sustainable and robust performer across most scenarios. Five key criteria emerged as 

essential: GHG Emissions, Price, Quality, Energy and Resource Consumption, and Robustness. 

These reflect both CE priorities and I5.0’s focus on smart, resilient systems. Validation via Fuzzy 

TOPSIS confirmed the model's reliability, while scenario analyses proved its robustness. The case 

study demonstrated how CE and I5.0-aligned supplier choices can enhance circularity, resource 

efficiency, and transparency. 

 

5.2 Research Implications 

Theoretical contributions include advancing MCDM through the integration of stochastic and fuzzy 

approaches to tackle probabilistic and linguistic uncertainty, respectively. The model operationalizes 

CE and I5.0 together—a novel contribution—while also clarifying the interaction among key criteria 

in sustainable supply chains. 

Practically, the model offers procurement teams a transparent, scenario-driven tool that supports CE 

compliance, risk mitigation, and strategic alignment with digitalization efforts. It can be adapted 

across industries where closed-loop principles apply, such as electronics or automotive. 

 

5.3 Limitations 

The model was tested in a single industrial context (plastic recycling), limiting generalizability. It 

relied on predefined scenarios and expert judgment, which may introduce subjectivity. The 

computational complexity of the hybrid approach may also challenge firms with limited technical 

capabilities. 
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5.4 Future Research Directions 

• Cross-industry validation in sectors like electronics or fashion. 

• Dynamic scenario generation using simulations or machine learning. 

• Machine learning integration to predict performance or optimize weights. 

• Advanced fuzzy methods (e.g., type-2 fuzzy sets) to manage higher ambiguity. 

• User-friendly tools for broader adoption. 

• Real-time data integration via IoT to track supplier performance. 

• Longitudinal studies to observe supplier evolution over time. 

• Inclusion of ethical and social criteria to align more closely with I5.0’s human-centric goals. 

 

 
5.5 Final Remarks 
This thesis has made a significant contribution to the field of supply chain management by developing 

and validating a hybrid stochastic decision-making model tailored for sustainable supplier selection 

in a closed-loop supply chain. By integrating CE and I5.0 principles, the model addresses the pressing 

need for frameworks that balance environmental, economic, and technological priorities under 

uncertainty. Its successful application at Laprima Plastics demonstrates its practical value, providing 

procurement managers with a robust tool to select suppliers that enhance material circularity, reduce 

waste, and align with digital transformation goals. 

The closed-loop supply chain context, with its emphasis on recycling and resource efficiency, was 

central to the study’s design and application. The model’s ability to incorporate scenario-based 

uncertainty and linguistic vagueness ensures its relevance in dynamic and complex environments. 

While limitations such as contextual specificity and computational complexity exist, the proposed 

directions for future research offer a roadmap for overcoming these challenges and expanding the 

model’s applicability. 

In an era where sustainability and resilience are paramount, this research paves the way for smarter, 

greener, and more human-centric supply chains. By providing a transparent, data-driven, and 

adaptable framework, the thesis empowers organizations to make informed decisions that align with 

global sustainability goals and the transformative vision of Industry 5.0. As closed-loop supply chains 

gain prominence, this model serves as a foundation for future innovations, ensuring that supply chain 

management evolves in harmony with environmental and societal needs. 
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