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Abstract: Sustainability is becoming the core theme of every organization to protect the planet from
the drastic effects of climate change. Many organizations have drastically changed their practices
to encourage green habits for sustainable operations. Practitioners have discussed the difficulties
in the literature owing to the adoption of sustainable aspects of environmental, economic and
social paradigms in the organization. One can identify diverse barriers, and ranking them would
help policy-makers plan their actions. Motivated by this claim, a new integrated approach with
nonlinear fuzzy data is put forward in this paper. The nonlinear mapping of fuzzy data provides
a better representation of uncertainty, which inspired the authors to use nonlinear data. Further,
the attitudinal variance method is proposed for a weight assessment of the criteria that can handle
hesitation effectively and consider each agent’s reliability. The Boran principle in the nonlinear
context is used to calculate the reliability values. Complex proportional assessment (COPRAS), a
popular ranking algorithm, is extended to nonlinear data for rationally ranking barriers that affect
sustainable operations. An illustrative example exemplifies the usability of the approach, and a
comparison/sensitivity analysis reveals the pros and cons of the framework.

Keywords: barrier ranking; complex proportional assessment; nonlinear fuzzy data; sustainable operations

1. Introduction

The concept of sustainability intends to satisfy present needs without harming future
resources. Organizations worldwide have started adopting sustainability in their action
plans to strike a balance between global growth and ecological safety. Organizations have
gained ISO-14000 and ISO-14001 certifications with the goal of achieving the 3Es, viz.,
economy, energy and the environment, by adopting lean, six sigma, social and green
practices [1,2]. During the Paris Accord, many countries came forward to help fight climate
change by reducing the carbon footprint from mother Earth [3]. Based on the survey
report from KPMG, it was observed that almost 80% of the top firms worldwide are
adopting sustainable strategies for growth and development. In a recent report by WBCSD
it was stated that India will play a crucial role towards sustainable development goals’
success/failure, impacting the whole world owing to its abundant population.

However, the implementation of sustainable paradigms is not straightforward in
such a highly populated country, which has an abundant scope for a global ranking
in business/supply chains. Recent works from scholars [4–7] showcased diverse bar-
riers/challenges that curtail the adoption of sustainability in business operations. The
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ranking of these barriers will help policy-makers plan their sequence of actions for promot-
ing sustainability within the business lineup. Sirisawat et al. [8] proposed an integrated
AHP/TOPSIS-based decision framework for ranking solutions that could mitigate the ef-
fects of the barriers in the reverse logistic field. Vishwakarma et al. [9] adopted a fuzzy AHP
approach to prioritize barriers that hinder the proper functioning of pharmaceutical supply
chains within India. Gardas et al. [10] introduced a novel framework with DEMATEL for
ordering the barriers that affect the textile/apparel firms adopting sustainability and green
practices. Singh and Sarkar [11] put forward an AHP/TOPSIS integrated approach for
ranking solutions to tackle barriers by using fuzzy rating data to promote eco-design in
small/medium enterprises.

Recently, Mahdiyar et al. [12] put forward a fuzzy BWM to assess diverse sets of
internal/external barriers to help Malayasia adopt green roof installations to promote
sustainability. Al-Asbahi et al. [13] came up with an AHP/TOPSIS-based framework for
ranking barriers—related to technology, economy, the market, and politics—that disturb
Yemen’s sustainability growth energy crisis. Song et al. [14] proposed an integrated model
with interpretive structural modeling and a DEMATEL approach with rating information
expressed as rough numbers to assess the barriers that impede sustainability in online
consumption. Namzam et al. [15] adopted a fuzzy AHP for ranking barriers that affect
the knowledge management process in sustainable supply chains within firms in Pakistan.
Jiskani et al. [16] identified diverse challenges and ranked them for sustainable mining
within Pakistan by adopting fuzzy synthetic data and probability impact measures to deter-
mine the challenges’ score values. Selerio et al. [17] adopted fuzzy DEMATEL with a fuzzy
C-means technique for barrier assessment for an effective and sustainable management
of underground water, by showcasing the causal relationship between sustainability and
barriers. Bui et al. [18] used the fuzzy Delphi method to identify the potential barriers
that hinder the management of solid wastes. Khandelwal et al. [19] provided a decision
model with fuzzy AHP for ranking diverse barriers that impede the adoption of the cir-
cular economy within supply chains by considering an example of an Indian plastic firm.
Chen et al. [20] presented the BWM method with TOPSIS by considering fuzzy rating
values to evaluate critical barriers affecting the e-waste management process in Ghana.

Farooque et al. [21] provided the DEMATEL approach with fuzzy rating information
to evaluate the inter-organizational barriers that affect the blockchain technology-driven
life cycle assessment, so as to better understand the environmental impact of processes and
products within China. Ozen et al. [22] put forward the fuzzy AHP method for ranking
barriers from the circular economy and industry 4.0 context by including both the concepts
and their corresponding barriers from the literature, to achieve a better transition towards
sustainability aspects. Kumar et al. [7] recently gave a framework with the analytical
hierarchy process (AHP) and “elimination et choix traduisant la realité” (ELECTRE) for
ranking barriers that affect the adoption of sustainability in the operations within industries
by considering circular economy criteria to rate the barriers in the classical fuzzy form.
Musaad et al. [23] combined fuzzy AHP and fuzzy TOPSIS methods to present a framework
that evalutes barriers and potential solutions to promote green innovations in small and
medium enterprises. Dahooie et al. [24] integrated approaches such as DEMATEL/Delphi
with correlation coefficients with standard deviation to calculate the weights of criteria and
rank sustainable practices, respectively based on their impact on barriers. Solangi et al. [25]
presented an integrated AHP/TOPSIS-based framework with fuzzy rating values for as-
sessing the barriers affecting renewable energy usage owing to sustainablity development
in Pakistan. Xu et al. [26] gave a mathematical model for evaluating the direct and indirect
impact of barriers in e-waste management in western China by using fuzzy rating infor-
mation. Khan et al. [27] developed a framework with hesitant fuzzy data for evaluating
barriers in the adoption of social sustainability aspects within multi-tier suply chains by
using prospect theory and the VIKOR method. Liu et al. [28] put forward a fuzzy-based
DEMATEL approach for prioritizing barriers in the food consumption/production sector
within China.
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Motivation and Research Contributions

Based on the review outlines above, the following inferences can be made concerning
the barrier prioritization: (i) AHP, TOPSIS and DEMATEL are prominent decision methods
adopted by researchers; (ii) fuzzy numbers play a crucial role in modeling uncertainty in
the decision problem; (iii) three main pillars of sustainability, viz., economy, environment
and social aspects, are either considered/focused on individually or cumulatively during
an assessment of the barriers that affect sustainable operations; and (iv) finally, criteria
pertaining to a circular economy are directly/indirectly adopted during barrier evaluation.
Furthermore, based on these inferences, some unexplored research lacunae can be identified
from the literature, such as:

Rating data are often considered to be linear, but the behavioral characteristics of
experts are dynamic, and the linear representation of data affects the rationality of the
decision process [29];

Data are collected from multiple experts/agents for barrier assessment, but the extant
models reviewed above do not consider the reliability of agents during the prioritization
of barriers;

Besides, though the extant models put forward criteria weight calculation methods,
the attitudinal characteristics of agents are not considered in the formulation; and

Finally, during the prioritization of barriers, the personal choices of the agents on
each barrier are not taken into consideration, which could be a potential information for
rational prioritization.

Motivated by the research lacunae, the authors put forward the following research
contributions, that would counter these lacunae:

Nonlinear mapping [29] of a fuzzified Likert scale value is adopted for effectively
handling uncertainty. A polynomial function is used for remapping the linear data obtained
from the agents;

Later, motivated by the claim from Koksalmis and Kabk [30], the reliability of agents
is methodically calculated by using the Boran principle in the nonlinear context;

Further, the values are used for determining the weights of factors by proposing
an attitudinal-variance method that can efficiently capture hesitation in the preference
distribution of the agents. The work from Kao [31] demonstrated the efficacy of variance
measures to understand hesitation during preference distribution, which motivated the
authors to adopt the nonlinear preference data; and

Finally, an interactive complex proportional assessment (COPRAS) algorithm is de-
veloped, taking advantage of the COPRAS formulation by considering the nature of the
factors and considering the personal views of the agents for rational decision-making.

The rest of the paper has the following structure: Section 2 reviews the existing models
for barrier selection and the COPRAS ranking used for diverse decision problems; Section 3
describes the research problem being focused on in the present study and the rationale
behind the authors’ contribution; the methodology proposed in this work is explained
stepwise in Section 4; a case example is presented in Section 5 to demonstrate the practicality
of the proposed model; later, Section 6 offers a comparative study with a sensitivity analysis
to describe the proposed framework’s benefits and shortcomings; finally, Section 7 presents
the conclusion and future research directions.

2. Literature Review
2.1. Summarized View of the Barrier Prioritization Model

Based on the review presented in Section 1, the authors could identify certain research
lacunae that motivated them to put forward research contributions that attempt to circum-
vent these lacunae. To set the supporting foundation for the claims, Table 1 summarizes the
inferences from the literature. It can be seen that the challenges mentioned in Section 1 are in
line with the summarized information presented in Table 1. A critical analysis reveals that
(i) the remapping of preference information yields a better representation of the behavioral
characteristics [29]; (ii) the reliability values of the agents are not methodically determined,
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which leads to subjectivity/bias in the decision process; (iii) further, the agents’ hesitation
during preference sharing, along with their attitudinal characteristics, are involved in rating
criteria and are not taken into consideration during to criteria’s weight estimation; (iv)
finally, the agents’ personal choices regarding each alternative (barrier) can be seen as
potential information that is ignored during ranking in the decision process.

Table 1. Summarized inferences from the recent and relevant literature.

Source Year Method Agents’
Reliability

The Hesitation of
Agents/Attitudinal

Characteristics of Agents
Personal Choices

[12] 2020 Fuzzy BMW Not calculated Not considered Not considered

[13] 2020 AHP/TOPSIS Not calculated Not considered Not considered

[14] 2020 ISM/DEMATEL Not calculated Considered Not considered

[15] 2020 Fuzzy AHP Not calculated Not considered Not considered

[16] 2020 Impact data Not calculated Not considered Not considered

[17] 2020 Fuzzy DEMATEL.
C-means Not calculated Considered Not considered

[18] 2020 Delphi method Not calculated Not considered Not considered

[19] 2020 Fuzzy AHP Not calculated Not considered Not considered

[20] 2020 BWM/TOPSIS Not calculated Not considered Not considered

[7] 2021 AHP/ELECTRE Not calculated Not considered Not considered

[24] 2021 Delphi/DEMATEL Not calculated Considered Not considered

[25] 2021 AHP/TOPSIS Not calculated Not considered Not considered

[26] 2021 Mathematical model Not calculated Not considered Not considered

[27] 2021 Prospect theory/VIKOR Not calculated Considered Not considered

[28] 2021 Fuzzy DEMATEL Not calculated Not considered Not considered

Proposed 2021
Nonlinear fuzzy Boran
rule, variance measure
and COPRAS method

Calculated Considered Considered

These points that can be inferred from Table 1, which lends support to the research
lacunae identified by the authors in this study. The aim is to fill these lacunae using the
decision framework with integrated approaches discussed stepwise in Section 4.

2.2. Review of the COPRAS Method

COPRAS [32] is a utility-based ranking approach that works with the idea of weighted
arithmetic operations by considering the nature of criteria. Driven by the simplicity and
elegance of COPRAS, many researchers used the approach for solving decision problems.
Stefano et al. [33] prepared a review on COPRAS to showcase its efficacy and usefulness
in decision-making. Chatterjee and Kar [34] determined the performance of suppliers in
the telecom industry by using grey-COPRAS and Rasch mechanisms in uncertain contexts.
Valipour et al. [35] performed a risk assessment in Iran’s deep foundation excavation
zones by integrating COPRAS with SWARA under uncertain environments. Krishanku-
mar et al. [36] achieved a ranking associated with the healthcare sector by considering
sustainable factors in the hesitant linguistic form and extending COPRAS and the weighted
geometric operator. Roy et al. [37] used web data for hotel assessment by incorporat-
ing interval rough numbers in weighted form and extending COPRAS for ranking hotels.
Sivagami et al. [38] offered an integrated cloud assessment model with data in the probabilis-
tic linguistic form by extending the COPRAS ranking approach. Krishankumar et al. [39]
built a ranking model for renewable energy evaluation within the Indian context by propos-
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ing a COPRAS-optimization model with generalized uncertain data. Recently, Dhiman
and Deb [40] came up with TOPSIS and COPRAS in the fuzzy environment for a hybrid
wind-farm evaluation. Mishra et al. [41] combined SWARA with COPRAS under an intu-
itionistic fuzzy environment for determining the sustainability of the biofuel production
mechanism. Alkan et al. [38] proposed a fuzzy entropy-COPRAS-MULTIMOORA frame-
work for clean energy evaluation in Turkey. Rani et al. evaluated sustainable suppliers
by adopting a SWARA-COPRAS combined method with hesitant fuzzy data. Krishanku-
mar et al. [42] proposed an integrated framework under the probabilistic version of hesitant
fuzzy data with Hamy mean and COPRAS for evaluating cloud vendors for suitable data
processing/migration. Lu et al. [43] extended the COPRAS ranking approach to picture
fuzzy setting and ranked suppliers who actively take up green strategies for gaining a
sustainable supply chain. Wei et al. [44] used a linguistic variant of single-valued neu-
trosophic numbers to assess the safety of construction projects with the help of COPRAS.
Narayanamoorthy et al. [45] put forward DEMATEL-COPRAS in an integrated fashion
with uncertain data to select an alternative fuel for handling sustainability issues.

3. Materials and Methods

This section provides the intuition behind the integrated approach to support the de-
veloped framework from a systematic point of view. It can be noted that these contributions
rationally mitigate the lacunae mentioned above. Certain intuitions behind using these
methods in the integrated framework are:

As discussed in [29], the nonlinear transformation of the rating data from experts
provides a better management of uncertainty by properly capturing the dynamic behavioral
characteristics of agents;

The Boran principle is put forward in the nonlinear context for determining the
reliability values of agents, which is inspired by the work by [30], and the method has the
following advantages, viz., (i) it is simple and elegant; (ii) it considers all three degrees of
uncertainty during the formulation; and (iii) it considers all preference values (decision
matrix) in determining the reliability of an agent, unlike the extreme measures that are
adopted in some statistical methods;

The variance method is used to determine the weights of the criteria, which are
straightforward and can capture the hesitation of the agents during preference articulation.
The method considers all data points for determing the variability in the preferences and
distributions. Moreover, in this work, an attitudinal variance that considers the weights of
the agents in the formulation of the criteria weights is put forward, which can be intuitively
considered as potential information in the process;

Finally, the popular COPRAS method is extended to the nonlinear context by consid-
ering the personal choices of the agents, to provide a sense of personalized prioritization
of the barriers. In the decision context, the agents may (or may not) have some a priori
opinion about an alternative (barrier), which must be considered in the ranking process for
obtaining a better ordering of alternatives (barriers).

These features of the methods motivated authors to propose an integrated framework
for the rational prioritization of barriers with nonlinear rating information.

Figure 1 shows the research path that the authors attempt to adopt for prioritizing
barriers that impede sustainable operations based on the CE criteria. The research problem
focussed on by the authors in this paper pertains to the prioritization of m barriers based
on n criteria by considering the rating data of m× n order along with a q× n matrix for the
criteria weight calculation and a p× q matrix for agents’ weight calculation by adopting
polynomial functions. The latter aim to remap the data to the nonlinear context for a
better understanding of the behavioral characteristics of the agents, as claimed in [29].
As mentioned earlier, nonlinear rating information is considered by the framework for
decision-making. Initially, a Likert scale rating is used for rating barriers based on the
criteria, and the criteria are rated by the agents. Further, the officials share their personal



Sustainability 2022, 14, 1093 6 of 18

opinion on the agents shortlisted for the decision process. The values in these matrices are
remapped to the nonlinear form by using the polynomial function [29].

Figure 1. Framework with nonlinear data for barrier prioritization.

Further, the agents’ reliability values are determined using the Boran principle, that
yields a vector. This vector’s values are considered along with agents’ opinions on the
criteria for determining the weights of each criterion by proposing an attitudinal-variance
measure. A weight vector is obtained by adopting the calculation procedure. As discussed
earlier, apart from the key features of variance, the consideration of the attitudinal charac-
teristics of the agents (weights) provide a rational weight determination procedure. This
vector is used along with the decision matrix by the ranking algorithm for prioritizing
barriers based on personal choices. This offers a sense of personalization and closely
resembles human-driven decision-making, adding value to the practical perspective of
decision-making.

4. Methodology
4.1. Preliminaries

Some basics of fuzzy sets in the linear and nonlinear context are presented here.
Definition 1 [46]: Let ZZ be a fixed set. Set ZA on ZZ is the fuzzy set given by

ZA =
(
zz, µZA(zz)

∣∣zz ∈ ZZ
)

(1)

where µZA(zz) = µ(zz) is the membership grade in the unit interval.
For ease of notation, we denote µi as the fuzzy number, and the fuzzy set has one or

more fuzzy numbers.
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Definition 2 [46]: µ1 and µ2 are two fuzzy numbers. Some operations are given by

µ1
c = 1− µ1 (2)

aµ1 = 1− (1− µ1)
a (3)

µ1 ⊕ µ2 = (µ1 + µ2 − µ1.µ2) (4)

µ1 ⊗ µ2 = (µ1.µ2) (5)

where a > 0, c is the complement.
Definition 3 [29]: Consider a function H : [0, 1]→ [0, 1] that satisfies the following

properties, viz.,
In the unit interval, H is automorphic;
H is a C1;
H is convex in the 1 neighborhood and concave in the 0 neighborhood;
H(z) = 1− H(1− z)·∀z in the unit interval;
H′(0) = H′(1) > 1, then H is the extreme value amplification.

4.2. Weight Calculation Procedure

Weights are considered an essential parameter for decision-making, as each expert/agent
poses a different level of importance/reliability during the decision process. As discussed
earlier, Koksalmis and Kabak [30] and Kao [31] strongly emphasized the need for calculat-
ing weights to mitigate subjectivity, biases and inaccuracies.

Broadly, weights are determined with partially known information or completely
unknown information. Programming models [47] are used for the former context, and the
latter context uses approaches like the analytical hierarchy process [48], entropies [49] and
the like. The present study assumes that the information about the factors is unknown, so
it closely resembles the latter context.

Though the methods in this context provide the weights of factors, (i) the hesitation of
the agents during opinion sharing is not appropriately captured, and (ii) the attitudinal
characteristics of the agents are not considered during the formulation. Variance mea-
sure [50] is a statistical approach extended to nonlinear data to determine the weights of
the factors. From [50] and [51], it is clear that (i) variance is a simple and elegant measure;
(ii) it considers all data points before determining the distributions, unlike the extreme
value measures; and (iii) finally, the variability of the agents’ opinions is properly modeled.
Inspired by these benefits and to tackle the issue, an attitudinal-variance measure is put
forward. A stepwise procedure is given below:

Step 1: Officials who constitute the panel for decision-making give their opinion on
each agent, transformed into a nonlinear rating using the polynomial mapping function
adapted from [29]. This is given to the Boran principle for determining the agents’ attitudi-
nal characteristics. p officials are rating q agents, consolidated to a 1× q weight vector.

ATWl =
∑

p
l=1 µlk + πlk

(
µlk

µlk+υlk

)
∑

q
k=1 ∑

p
l=1 µlk + πlk

(
µlk

µlk+υlk

) ≈ ∑
p
l=1 µlk

p

∑
q
k=1

∑
p
l=1 µlk

p

(6)

where ATWk is the weight of agent k, l is the index for an official, and k is the index for
an agent.

Step 2: Form factor rating matrix of q × n order with fuzzy data transformed to
nonlinear form. Here, q agents rate n factors.

Step 3: Apply Equation (3) by considering the attitudinal characteristic of agents from
Equation (6) and the factor rating matrix from Step 2.

WMlk = 1− (1− µlk)
ATWl (7)

where WMlk is the weighted matrix.
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Step 4: Apply Equation (8) to determine the variability in the distribution for each
factor. Normalize the vector to obtain the weights of the factors, that is eventually a
1 × n vector.

FWj =

∑
q
k=1(WMkj−WMkj)

2

q−1

∑n
j=1

∑
q
k=1(WMkj−WMkj)

2

q−1

(8)

where FWj is the weight associated with factor j.
The values from Equation (8) are in the unit interval and sum up to unity.

4.3. Interactive Nonlinear COPRAS Algorithm

The ranking is the process of ordering options based on diverse factors. COPRAS [32]
is a popular ranking approach that works based on utility functions. It considers the
nature of factors and ranks options from different angles by considering complex propor-
tional [52–57]. Based on the review presented above and the benefits of COPRAS, it is clear
that COPRAS is an attractive approach for decision-making, and a consideration of the
personal views of agents is lacking.

To tackle the issue, an interactive COPRAS algorithm is developed. Steps are given be-
low:

Step 1: A rating matrix of m× n with linear data is obtained. A polynomial function
from [29] is utilized for remapping data to the nonlinear space.

Step 2: Apply Equation (3) to obtain weighted preferences that consider the personal
opinion on each option and the preference vector. A matrix of m× n is obtained, which is
denoted as WD =

[
wdij

]
m×n.

Step 3: Vectors associated with the parameters of interactive COPRAS are calculated
by using Equations (9) and (10).

BTi =
bene f it

∑
j=1

FWj.wdij (9)

CTi =
cost

∑
j=1

FWj.wdij (10)

Step 4: The net rank vector is determined using Equation (11), which performs a linear
combination of the two parameters obtained from Step 3.

NVi = ξBTi + (1− ξ)
∑i CTi

CTi

(
1

∑i CTi

) (11)

where ξ is the strategy value in the unit interval.
Options are ranked in the increasing order of NVi values.

5. Case Example

The section provides a case example to demonstrate the usefulness of the developed
decision model. Potential barriers that slow down the pace of sustainability operations
in industries are analyzed in [7] based on the circular economy criteria, which is being
adopted in this paper for demonstrating the usefulness of the proposed work. Eight
potential barriers—viz., insufficient strategy, risk of management, insufficient legislation,
lack of waste management, poor resource, inefficient performance index, use of materials
as energy and lack of skilled workforce—are being rated over nine criteria, viz., technology
usage/management, sustainable transformation, process design, green practices/products,
resource circularity, job opportunity, integrity breach, total cost and the biased market. It
can be seen that the final three criteria are cost type and the others are benefit type.
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An explanation of each barrier and criterion can be found in [7]. The procedure for
ranking these barriers is given below:

Step 1: Rating information from the agents on the barriers with respect to the criteria is
obtained. Typically, eight vectors of order 1× 9 are obtained.

Table 2 shows the terms used by experts for rating and its associated fuzzy number
in its linear form. Table 3 shows the fuzzy rating of barriers rated based on CE criteria.
Further, Figure 2 shows the nonlinear structure of the data obtained using the polynomial
function [29,58], which can handle uncertainty more effectively than the linear form. This
data is further used for the ranking of barriers.

Table 2. Linguistic terms for rating and associated fuzzy values.

Barrier Rating Criteria Rating

Terms Fuzzy Value Terms Fuzzy Values

Extremely low 0.1 Extremely less
preferred 0.1

Very low 0.2 Very less preferred 0.2

Moderately low 0.3 Less preferred 0.3

Low 0.4 Somewhat preferred 0.4

Moderate 0.5 Preferred 0.5

High 0.6 Moderately preferred 0.6

Moderately high 0.7 Highly preferred 0.7

Very high 0.8 Very highly preferred 0.8

Extremely high 0.9 Most preferred 0.9

Table 3. Rating data pertaining to barriers.

Barriers
Criteria from the Circular Economy

CC1 CC2 CC3 CC4 CC5 CC6 CC7 CC8 CC9

BB1 0.4 0.9 0.5 0.7 0.9 0.9 0.4 0.7 0.8

BB2 0.8 0.8 0.7 0.8 0.4 0.5 0.9 0.5 0.5

BB3 0.7 0.3 0.8 0.8 0.3 0.8 0.6 0.4 0.4

BB4 0.3 0.8 0.9 0.7 0.7 0.7 0.9 0.5 0.7

BB5 0.4 0.4 0.7 0.6 0.6 0.4 0.4 0.5 0.4

BB6 0.8 0.8 0.7 0.5 0.4 0.7 0.9 0.9 0.7

BB7 0.7 0.8 0.4 0.4 0.6 0.6 0.3 0.4 0.4

BB8 0.4 0.3 0.4 0.7 0.5 0.4 0.8 0.3 0.5

Step 2: Another set of rating vectors is obtained for criteria weight estimation, which
eventually yields three vectors of 1× 9 order.

Table 4 provides the opinion vector on criteria from each DM in the linear form based
on the values depicted in Table 2. Figure 3 shows the polynomial variant [29,59] of the
linear data used for weight determination.

Step 3: The procedure proposed in Section 4.2 is applied to the data from Step 2 to
obtain a weight vector of 1× 9 order.

Transformed data (see Figure 3) are fed to Section 4.2 for a weight assessment of the
criteria. The attitude of DMs is embedded into the rating, which is later used by the variance
measure for the weight assessment of criteria. Experts’ attitude values are calculated as 0.36,
0.43 and 0.21, respectively, by adopting Equation (6). Four officials rated three experts as 0.5,
0.6, 0.2; 0.5, 0.7, 0.3; 0.5, 0.7, 0.2; and 0.4, 0.7, 0.2. The weights are determined as depicted
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above by converting the values to a nonlinear form and applying the Boran principle. The
weights of CE criteria are determined as 0.01, 0.30, 0.017, 0.015, 0.064, 0.24, 0.14, 0.038 and
0.18, respectively by adopting Equations (7) and (8).

Step 4: Use the vector from Step 3 and the matrix from Step 1 to determine the ordering
of barriers to support a proper planning for a better sustainability adoption.

Figure 2. Nonlinear mapping of data using a polynomial function—Barrier/Criteria.

Table 4. Rating data pertaining to the criteria.

DMs
Criteria from the Circular Economy

CC1 CC2 CC3 CC4 CC5 CC6 CC7 CC8 CC9

DD1 0.4 0.8 0.4 0.7 0.7 0.9 0.7 0.7 0.8

DD2 0.5 0.9 0.4 0.4 0.7 0.6 0.8 0.4 0.3

DD3 0.7 0.7 0.5 0.7 0.5 0.7 0.5 0.5 0.2

Figure 3. Nonlinear rating using a polynomial function—DMs/Criteria.
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Table 5 gives the values of the proposed interactive COPRAS parameters. Three
vectors of 1× 8 order are obtained, which depict the values from the benefit zone, cost zone
and net ranks. Specifically, the last column of Table 3 provides the rank values of barriers at
ξ = 0.5, and the ordering is given by BB3 � BB7 � BB1 � BB2 � BB5 � BB8 � BB6 � BB4
based on Equation (11).

Table 5. Parameters of the ranking algorithm.

Barriers BT1 CT1 NV1

BB1 0.333 0.122 4.278

BB2 0.233 0.145 3.553

BB3 0.171 0.087 5.862

BB4 0.306 0.215 2.484

BB5 0.265 0.148 3.514

BB6 0.313 0.207 2.566

BB7 0.251 0.103 4.976

BB8 0.234 0.168 3.099

6. Sensitivity and Comparative Analysis

This portion provides a sensitivity analysis of the weights and a comparative investi-
gation to realize the merits of the proposed work. By adopting the rotation concept, nine
new weights are formed as input to determine the rank values. Further, the ξ values are
varied stepwise from 0.1 to 0.9 to validate its effect on ordering. Figures 4 and 5 show that
the proposed algorithm is highly robust both in the inter and intra context of alteration
of values compared to its counterpart [40]. Further, a theoretical investigation reveals the
strength of the proposed work compared to its counterpart.

Figure 4. Cont.
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Figure 4. (a–i) Sensitivity analysis of criteria weights/strategy values.



Sustainability 2022, 14, 1093 13 of 18

Figure 5. Sensitivity analysis of strategy values with set 1 weights.

In Figure 4, there are nine bar graphs plotted as (a) to (i), and each chart is for one
weight set (set 1 to set 9) that is formed by rotating the values of nine criteria weights. Every
rotation provides a new weight set of the same order as that of the original weight vector,
which is 1× 9. In each bar graph, we alter the strategy values (ξ) in a stepwise manner
from 0.1 to 0.9. Rank values associated with all eight barriers are depicted based on both
the alterations of the criteria weights and the strategy values. Inter correlation deals with
criteria weight alteration, and intra correlation deals with strategy values. From Figure 4a–i,
it is inferred that the rank values change for barriers, but the ranking order remains intact,
indicating that the proposed framework can withstand an alteration of the parameters’
values. Similarly, Figure 5 is provided for method [40], depicting the rank values associated
with barriers for different strategy values, with the weight vector obtained from the case
example. It can be seen that the order changes for the barriers, and hence it is inferred that
the proposed model is more robust than its counterpart.

Table 6 summarizes the characteristics of the proposed framework and its counterpart
model from the method’s point of view. Table 1 shows the features of the proposed work
with respect to extant models from the application’s perspective. To further elaborate, some
innovative merits of the proposed work are:

Table 6. Comparison of the proposed framework versus other frameworks—Theoretical aspects.

Features
Frameworks

Proposed [40]

Data source Linguistic data Linguistic data

Transformation Yes, Nonlinear form Yes, Linear form

Uncertainty handling Effective Less effective

DMs’ hesitation Captured effectively -x-

Attitude of DM Considered -x-

Personal choice Considered -x-

A nonlinear data form [29] is used in the present study to manage uncertainty better
than the linear fuzzy variant.
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The importance of the criteria is methodically determined by effectively capturing the
hesitation and considering the attitude of DMs, which is lacking in the counterpart frame-
work.

A personal opinion on each barrier is considered potential information in formulating
a new interactive COPRAS algorithm, which is also lacking in the counterpart framework.

Figure 5 shows that the ordering produced by the counterpart framework changes
when the weights of the criteria are altered, indicating that the approach is sensitive to
weight alteration. On the other hand, Figure 4 clarifies the robustness of the proposed
framework even after adequate alterations are made to criteria weights and strategy values.

From an experimental study with 300 matrices of 8× 9 order and weights as calcu-
lated above, it is inferred that the proposed algorithm has an approximately 10% higher
discrimination strength than the counterpart. Figure 6 clarifies this claim by plotting the
variability values of the rank values of barriers produced by the proposed model and the
existing counterpart methods for all 300 matrices. Initially, in the experimental study, all
simulated matrices were given input to both the proposed model and the counterpart. Rank
values of 1× 8 order were obtained for all matrices from both models. Later, the variance
was calculated for these rank values, that yielded two vectors of order 1× 300, plotted in
Figure 6 to determine the discrimination strength of the models.

Figure 6. Test for the discrimination power of the proposed vs. the existing model.

7. Discussion

This section discusses the results obtained by adopting the newly proposed decision
framework. The framework attempts to prioritize barriers based on the CE criteria. Meth-
ods are put forward for calculating the weights of agents and criteria that are in turn used
for ordering barriers based on a ranking algorithm. From the results, it could be inferred
that the top four criteria are CC2, CC6, CC9 and CC7, that denote sustainable transformation,
job opportunity, integrity breach and biased market, respectively. The top three barriers
that affect sustainable operations are insufficient legislation, risk of materials as energy
and insufficient strategy. Table 6 shows the comparative summary of the proposed model
with a state-of-the-art model that provides the merits of the proposed model, such as:
(i) adoption of nonlinear remapping to better represent the behavioral characteristics of the
agents during the preference articulation; (ii) followed by a methodical calculation of the
agents’ reliability values to avoid subjectivity/biases; (iii) later, these values were used for
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determining the importance of each CE criterion, which not only captured the hesitation
of the agents during opinion/preference sharing but also considered the attitudinal char-
acteristics of the agents; and (iv) finally, a ranking of barriers was obtained based on the
personal choices of the agents that could provide a sense of the personalized ordering of
barriers. These inferences show, theoretically, the superiority of the proposed model over
its counterpart.

From the statistical viewpoint, the proposed model is unaffected by adequate alter-
ations to the criteria and strategy value weights, showing that the model is robust. Further,
a simulation experiment is conducted with 300 matrices to determine the discrimination
power of the model that supports agents to plan backups efficiently during critical sit-
uations. Figure 6 shows that the proposed model has broad and sensible rank values
compared to its counterpart. This efficacy in terms of robustness and broadness adds value
to the framework from the method point of view. Finally, the prioritization of barriers by
using the CE criteria gives the organizations clarity on which barriers to focus on primarily
to promote sustainable operations.

8. Conclusions

This paper puts forward a new framework with a nonlinear data form for ratio-
nal decision-making, which adds value to the field of multi-criteria decision-making.
Earlier studies on nonlinear data transformation clarify the fact that the remapping of
data/preferences from DMs to the nonlinear context by adopting a polynomial function
effectively captures the behavioral charateristics of the DMs. Specifically, novel approaches
are integrated in the present study to develop a framework whose usefulness is tested
by using a case example of barrier ranking that hinders the sustainable operations in the
firm by considering circular economy criteria. The reliability values of the agents are
methodically determined by adopting the Boran principle in the nonlinear context. Later,
the weights/importance of each criterion are methodically calculated by adopting a newly
proposed attitude-variance measure that captures the hesitation of DMs, considers the
reliability value associated with each DM and rationally calculates weights by mitigating
subjectivity/biases. Furthermore, we develop a novel ranking algorithm that considers
the nature of criteria during rank estimation and accepts personal views/opinions of DMs
on barriers to promote a sense of personalized decision-making. Certain theoretical impli-
cations that are infered from the study are: (i) the proposed framework reduces human
intervention, subjectivity and biases by considering a methodical estimation of parameters
that also reduces the inaccuracies that may arise due to the direct assignment of values;
(ii) the framework is robust enough to withstand parameter alterations, realized by con-
ducting a sensitivity analysis of the weights of the criteria and strategy values through an
inter/intra sensitivity analysis (refer Figure 4); and (iii) the framework produces broad and
sensible rank values that provide a better discrimination power to the proposed framework
compared to its counterparts, which favor backup management during critical situations
(see Figure 6).

The innovative merits discussed above clarify the framework’s ability, but the authors
present some shortcomings which may prevent further enhancement, such as (i) the non-
availability of preference information owing to stress and pressure on DMs may occur in
practical situations, and hence the assumption of a complete preference matrix may not be
reasonable at times; and (ii) the consistency of the articulated data/preferences from DMs
must be determined.

A few managerial implications that may be noted are (i) the framework is flexible,
simple, and elegant, and can be directly used in other fields for decision-making; (ii) DMs
must be trained with the nonlinear data form to understand the outcome better and take
rational actions; (iii) the adoption of a nonlinear transformation by using a polynomial
function effectively captures the behavioral characteristics of agents in the decision process;
and (iv) the ordering of barriers helps managers to plan their course of action towards a
successful sustainability operation within the firm.
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In the future, plans are made to tackle the shortcomings stated above. Moreover,
the proposed framework can be extended for group decisions and large-scale group deci-
sions by incorporating fusion operators and rating information from multiple stakehold-
ers [60,61]. Finally, machine learning concepts can be linked with decision frameworks for
solving problems from the business, engineering and medicine fields.
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