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Abstract
Aim: This study aims to present amulti-criteria groupdecision-makingmodelwith intuitionistic reciprocal preference
relations that incorporates a new feedback mechanims adapting its operation to the decision-makers’ consistency.

Methods: A new adaptive feedback mechanism is developed within a multi-criteria group decision-making model.
Assuming different kinds of decision-makers classified according to their consistency, this feedback mechanism cus-
tomizes the recommendations given by adopting three strategies to identify the problematic assessments that the
decision-makers should change if they want to collaborate to increase the consensus.

Results: The performance of the proposed model is shown in a case study for the selection of an energy storage
technology. It shows that the decision-makers providing assessmentswith low consistencymustmodifymore assess-
ments, allowing the most consistent decision-makers to be the leaders of the negotiation and persuade the others to
adjust their assessments to improve the agreement achieved.
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Conclusion: In this study, a novel multi-criteria group decision-making model is developed. It includes an adaptive
feedback mechanism adjusting the advice provided by considering the decision-makers’ consistency. It allows that
the assessments of the most consistent decision-makers never be strongly modified during the decision process.

Keywords: Multi-criteria group decision-making, consensus, consistency, feedback mechanism, intuitionistic recip-
rocal preference relation, energy storage technology selection

INTRODUCTION
What way should I drive to work? What blouse or shirt to wear? Decision-making is a daily exercise done by
human beings without hesitation, without thought. It is also a process and a habit with regard to organization,
being the most critical process because successful and effective choices make a profit to the organization and
failed ones make losses [1]. As a consequence, here, hesitation, fear and self doubt, may come.

The complicated nature of organizational environments makes hard to consider, for an individual decision-
maker, all the features of a problem in order tomake the choice. In addition, research suggests that groupsmake
better decisions than individual decision-makers [2]. Many important decisions in society, such as governing
bodies, committees, business partners, juries, and so on, are made by group of decision-makers [3].

Moving from an individual decision-maker to a group of them adds complexity to the decision-making pro-
cess. For this reason, group decision-making models, such as voting-based models [4] or Delphi technique [5],
among others, have been developed. The problem is now longer choosing the appropriate course of action or
option among several alternative possibilities by considering an individual’s opinion [6], but rather the study
must be extended to consider the difference of opinion or level of dissatisfaction among several parties [7]. In
consequence, consensus processes are usually carried out [8,9].

Consensus is a process by which a group of decision-makers try to achieve an agreement. Here, the opinions
of all participants are collected and integrated to arrive at a final decision acceptable to all, even if it is not the
“favorite” of each decision-maker. That is, consensus requires that a majority accepts a given course of action,
but that the minority approves to go along with the course of action [7]. To do it, the decision-makers must
modify their initial opinions to align their positions.

Within the consensus process, a notable stage is the feedbackmechanism [10], in which the decision-makers are
advised to change their judgments to improve the agreement achieved. For this reason, a number of feedback
mechanisms have been developed. In the first feedback mechanisms proposed [8,11–13], the advice given to
the decision-makers was provided by a person, called moderator. The shortcoming of these feedback mecha-
nisms is the subjectivity that themoderator can introduce into the process. To avoid this subjectivity, automatic
feedback mechanisms simulating the moderator’s activity were developed [8,14–17], making more efficient and
effective the consensus process. Among them, those that adapt their operation to a given criterion, as, for
example, the decision makers’ knowledge [17] or the decision makers’ credibility [14], have shown better perfor-
mance [18]. However, the shortcoming of these approaches is that the values associated with the knowledge
and the credibility are assigned subjectively. Therefore, it presents a similar problem that the approaches based
on the moderator.

Given that feedback mechanisms are very relevant within the consensus process, this study aims to build a
group decision-making model incorporating a new feedback mechanism that adapts its behaviour according
to the decision-makers’ consistency [19–21]. In particular, it adjusts the amount of advice required by each
decision-maker depending on her/his consistency. Different from the existing adaptive feedback mechanisms,
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in this new one, the consistency related to each decision-maker is computed objectively instead of being as-
signed subjectively. This new feedback mechanism can also deal with decision-making problems in which
the decision-makers use intuitionistic reciprocal preference relations (preference relations in which the pair-
wise comparisons are made via a membership degree and a non-membership degree) to express their assess-
ments and it can manage multi-criteria contexts, i.e., decision-making problems in which different criteria
are considered. Here, instead of assuming that the decision-makers provide their assessments between pairs
of alternatives as a whole, different criteria are bare in mind [22]. For instance, let us suppose a project of re-
newable energy storage that, according to energy characteristics, energy demand, and local hydro geographic
characteristics, considers different renewable energy storage technology alternatives, namely, Li-ion battery,
supercapacitor, high temperature thermal energy storage and flywheels [23]. In a multi-criteria setting, the pref-
erence of an alternative over another one is evaluated according to different criteria such as storage capacity,
input cost, emissions, economic benefit, response time, social acceptance, and so on.

The content of this study is divided into five sections. In Section “Background”, we recall the basic concepts
and procedures related to the proposed model. The new model for group decision-making is elaborated on
in Section “A New Adaptive Multi-Criteria Group Decision-Making Model”. Strong attention is given to the
feedback mechanism. Section “Case Study: Selection of an energy Storage Technology” provides a case study
that helps understand the performance of the proposed model. Finally, Section “Concluding Remarks” pro-
vides some concluding remarks about the advantages and disadvantages of the proposed model along with
some further research directions.

BACKGROUND
This section recalls the definitions of the Atanassov’s intuitionistic fuzzy sets and the intuitionistic reciprocal
preference relations. Furthermore, a procedure to obtain the consistency associated with an intuitionistic
reciprocal preference relation and a procedure to compute the agreement achieved between the assessments
contained in a set of intuitionistic reciprocal preference relations are described.

Atanassov’s intuitionistic fuzzy sets
As an extension of the concept of fuzzy set, Krassimir Atanassov introduced the notion of intuitionistic fuzzy
set [24], which relaxes a fundamental assumption of the fuzzy set theory, i.e. the complement of a fuzzy set 𝐵
has a membership function defined exclusively in regards to the membership function 𝜇𝐵 (𝑦) as 1 − 𝜇𝐵 (𝑦).
Nevertheless, the Atanassov’s intuitionistic fuzzy set theory assumes the referred sum rests on the condition of
being equal or less than 1 [24]. Concretely:

Definition 1 [24] Let 𝐴 be a non-empty universe. An Atanassov’s intuitionistic fuzzy set (AIFS) 𝐼 on 𝐴 is defined
as 𝐼 = {(𝑎, 𝜇𝐼 (𝑎), 𝜈𝐼 (𝑎) | 𝑎 ∈ 𝐴} with 𝜇𝐼 (𝑎) ∈ [0, 1] being the membership degree of the element 𝑎 in 𝐼 and
𝜈𝐼 (𝑎) ∈ [0, 1] being the non-membership degree of the element 𝑎 in 𝐼 , subject to the constraint 0 ≤ 𝜇𝐼 (𝑎)+𝜈𝐼 (𝑎) ≤
1.

On the one hand, the AIFS 𝐼 becomes a fuzzy set whether, ∀𝑎 ∈ 𝐴, 𝜇𝐼 (𝑎) = 1−𝜈𝐼 (𝑎). On the other hand, an ad-
ditional criterion referred to as hesitancy index is neededwhether at least a value 𝑎 ∈ 𝐴 fulfills 𝜇𝐼 (𝑎) < 1−𝜈𝐼 (𝑎).
This hesitation index characterizes the amount of lacking of information in determining the membership de-
gree of 𝑎 to 𝐼 , being defined as 𝜏𝐼 (𝑎) = 1 − 𝜇𝐼 (𝑎) − 𝜈𝐼 (𝑎). The relationship between the membership degree
and the non-membership degree, which is reciprocal, makes the second one needless because it can be deter-
mined from the first one in the case that 𝜏𝐼 (𝑎) = 0. The hesitancy index gives us an additional possibility of
representing imperfect knowledge. This leads to describing many real problems in a more adequate way [25].
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Intuitionistic reciprocal preference relations
As generalizations of the reciprocal preference relations, Zeshui Xu introduced the intuitionistic reciprocal
preference relations [26]. They arise when AIFSs are used to make pairwise comparisons between the alterna-
tives.

Definition 2 [26] An intuitionistic reciprocal preference relation (IRPR) 𝑅 on the set 𝐴 is represented by a matrix
𝑅 = (𝑟𝑖 𝑗 )𝑛×𝑛 ⊂ 𝐴 × 𝐴 with 𝑟𝑖 𝑗 = ⟨(𝑎𝑖 , 𝑎 𝑗 ), 𝜇𝑅 (𝑎𝑖 , 𝑎 𝑗 ), 𝜈𝑅 (𝑎𝑖 , 𝑎 𝑗 )⟩ ∀𝑖, 𝑗 = 1, 2, . . . , 𝑛. For convenience, let
𝑟𝑖 𝑗 = ⟨𝜇𝑖 𝑗 , 𝜈𝑖 𝑗 ⟩ ∀𝑖, 𝑗 = 1, 2, . . . , 𝑛, where 𝑟𝑖 𝑗 is an intuitionistic fuzzy value composed by the certainty degree 𝜇𝑖 𝑗 to
which 𝑎𝑖 is preferred to 𝑎 𝑗 and the certainty degree 𝜈𝑖 𝑗 to which 𝑎𝑖 is non-preferred to 𝑎 𝑗 , and 𝜋𝑖 𝑗 = 1− 𝜇𝑖 𝑗 − 𝜈𝑖 𝑗 is
interpreted as the uncertainty degree to which 𝑎𝑖 is preferred to 𝑎 𝑗 . Furthermore, 𝜇𝑖 𝑗 and 𝜈𝑖 𝑗 satisfy the following
conditions:

0 ≤ 𝜇𝑖 𝑗 + 𝜈𝑖 𝑗 ≤ 1 ∀𝑖, 𝑗 = 1, 2, . . . , 𝑛
𝜇𝑖𝑖 = 𝜈𝑖𝑖 = 0.5 ∀𝑖 = 1, 2, . . . , 𝑛

𝜇 𝑗𝑖 = 𝜈𝑖 𝑗 ∀𝑖, 𝑗 = 1, 2, . . . , 𝑛 (1)

Consistency
On the one hand, consistency is associatedwith the property of transitivity [27]. On the other hand, rationality is
related to consistency [28]. The transitivity has been characterized in reciprocal preference relations in different
ways. However, Chiclana et al. [29] proved most of them are incorrect and concluded that the multiplicative
transitivity property is the most adequate. Formally, Wu and Chiclana [30] generalized this property to IRPR
by, first, applying the extension principle [31] to the case in which, instead of crisp values in the unit interval,
fuzzy sets are used as preference values. Second, they applied the representation theorem [32] to those fuzzy
sets in order to obtain the property of multiplicative transitivity related to the fuzzy preference values. Third,
they applied this result to the case when interval-valued fuzzy sets are used instead of fuzzy sets. It led to the
extension of the property of multiplicative transitivity from reciprocal preference relations to interval-valued
reciprocal preference relations. In the end, the property of multiplicative transitivity for IRPR was formulated
by using the mathematical isomorphims between the AIFSs and the interval-valued fuzzy sets [33].

Definition 3 [30] An IRPR 𝑅 is multiplicative transitive if and only if:

∀𝑖, 𝑗 , 𝑘 :

{
𝜇𝑖 𝑗 · 𝜇 𝑗 𝑘 · 𝜇𝑘𝑖 = 𝜇𝑖𝑘 · 𝜇𝑘 𝑗 · 𝜇 𝑗𝑖

(1 − 𝜈𝑖 𝑗 ) · (1 − 𝜈 𝑗 𝑘 ) · (1 − 𝜈𝑘𝑖) = (1 − 𝜈𝑖𝑘 ) · (1 − 𝜈𝑘 𝑗 ) · (1 − 𝜈 𝑗𝑖)
(2)

Given two alternatives, 𝑎𝑖 and 𝑎 𝑗 , 𝑖 < 𝑗 , its partially multiplicative transitivity based estimated intuitionistic
preference value, 𝑚𝑟 𝑘𝑖 𝑗 = ⟨𝑚𝑟 𝑘−𝑖 𝑗 , 𝑚𝑟 𝑘+𝑖 𝑗 ⟩, may be calculated by means of other one 𝑎𝑘 , 𝑘 ≠ 𝑖, 𝑗 , and Equation (2),
provided that the denominators are not zero, in the following way [30]:

𝑚𝑟 𝑘−𝑖 𝑗 =
𝜇𝑖𝑘 · 𝜇𝑘 𝑗 · 𝜇 𝑗𝑖

𝜇 𝑗 𝑘 · 𝜇𝑘𝑖
𝑚𝑟 𝑘+𝑖 𝑗 = 1 −

(1 − 𝜈𝑖𝑘 ) · (1 − 𝜈𝑘 𝑗 ) · (1 − 𝜈 𝑗𝑖)
(1 − 𝜈 𝑗 𝑘 ) · (1 − 𝜈𝑘𝑖)

(3)

In Equation (2), both expressions are always true whether two of the three sub-indexes are equal. Let 𝑖 = 𝑘 ,
𝑚𝑟 𝑖+𝑖 𝑗 = 𝜈𝑖 𝑗 if 𝜈𝑖 𝑗 ≠ 1, and 𝑚𝑟𝑖−𝑖 𝑗 = 𝜇𝑖 𝑗 if 𝜇𝑖 𝑗 ≠ 0. Due to 𝜈𝑖 𝑗 = 𝜇 𝑗𝑖 , then 𝜈 𝑗𝑖 ≠ 1 if and only if 𝜇𝑖 𝑗 ≠ 1,
and 𝜇 𝑗𝑖 ≠ 0 if and only if 𝜈𝑖 𝑗 ≠ 0. As a result, if (𝑟𝑖 𝑗 , 𝑟 𝑗𝑖) ≠ (⟨1, 0⟩, ⟨0, 1⟩) and 𝑖 = 𝑘 , then 𝑟𝑖 𝑗 = 𝑚𝑖

𝑖 𝑗 . In
addition, if (𝑟𝑖 𝑗 , 𝑟 𝑗𝑖) ≠ (⟨0, 1⟩, ⟨1, 0⟩) and 𝑖 = 𝑘 , then 𝑟𝑖 𝑗 = 𝑚

𝑗
𝑖 𝑗 . To be brief, we can compute the multiplicative

transitivity based estimated intuitionistic preference value of a pair of alternatives, 𝑎𝑖 and 𝑎 𝑗 , if (𝑟𝑖 𝑗 , 𝑟 𝑗𝑖) ≠
{(⟨1, 0⟩, ⟨0, 1⟩), (⟨0, 1⟩, ⟨1, 0⟩)} and 𝑘 ∈ {𝑖, 𝑗}. However, there not exists an indirect estimation process as
described above. At last, assuming that 𝑗 = 𝑖, then 𝑟𝑖𝑖 = ⟨0.5, 0.5⟩ by definition and 𝑟𝑖𝑖 = 𝑚𝑟 𝑘𝑖𝑖 whenever
𝑟𝑖𝑘 ∉ (⟨0, 1⟩, ⟨1, 0⟩).
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The global multiplicative transitivity based estimated value related to a particular pair of alternatives, 𝑎𝑖 and
𝑎 𝑗 , is calculated as the mean of all their partially multiplicative transitivity based estimated values:

𝑚𝑟−𝑖 𝑗 =

∑
𝑘∈𝑅01

𝑖 𝑗
𝑚𝑟 𝑘−𝑖 𝑗

#𝑅01
𝑖 𝑗

𝑚𝑟+𝑖 𝑗 =

∑
𝑘∈𝑅01

𝑖 𝑗
𝑚𝑟 𝑘+𝑖 𝑗

#𝑅01
𝑖 𝑗

(4)

being 𝑅01
𝑖 𝑗 = {𝑘 ≠ 𝑖, 𝑗 | (𝑟𝑖𝑘 , 𝑟𝑘 𝑗 ) ∉ 𝑅01}, 𝑅01 = {(⟨1, 0⟩, ⟨0, 1⟩), (⟨0, 1⟩, ⟨1, 0⟩)}, and #𝑅01

𝑖 𝑗 the cardinality of
𝑅01
𝑖 𝑗 .

As a result of this, given an IRPR 𝑅, the following multiplicative transitivity based IRPR, 𝑀𝑅 = (⟨𝑚𝑟−𝑖 𝑗 , 𝑚𝑟+𝑖 𝑗 ⟩),
may be computed [30]:

𝑚𝑟−𝑖 𝑗 =



∑
𝑘∈𝑅01

𝑖 𝑗
𝑚𝑟𝑘−𝑖 𝑗

#𝑅01
𝑖 𝑗

𝑖 < 𝑗

0.5 𝑖 = 𝑗∑
𝑘∈𝑅01

𝑗𝑖
𝑚𝑟𝑘+𝑗𝑖

#𝑅01
𝑗𝑖

𝑖 > 𝑗

𝑚𝑟+𝑖 𝑗 =



∑
𝑘∈𝑅01

𝑖 𝑗
𝑚𝑟𝑘+𝑖 𝑗

#𝑅01
𝑖 𝑗

𝑖 < 𝑗

0.5 𝑖 = 𝑗∑
𝑘∈𝑅01

𝑗𝑖
𝑚𝑟𝑘−𝑗𝑖

#𝑅01
𝑗𝑖

𝑖 > 𝑗

(5)

If an IRPR 𝑅 is multiplicative transitive then 𝑅 = 𝑀𝑅. Certainly, if 𝑅 is multiplicative transitive both expres-
sions in Equation (2) are true ∀𝑖, 𝑗 , 𝑘 . That is:

𝜇𝑖 𝑗 =
𝜇𝑖𝑘 · 𝜇𝑘 𝑗 · 𝜇 𝑗𝑖

𝜇 𝑗 𝑘 · 𝜇𝑘𝑖
𝜈𝑖 𝑗 = 1 −

(1 − 𝜈𝑖𝑘 ) · (1 − 𝜈𝑘 𝑗 ) · (1 − 𝜈 𝑗𝑖)
(1 − 𝜈 𝑗 𝑘 ) · (1 − 𝜈𝑘𝑖)

(6)

whenever 𝑘 ∈ 𝑅01
𝑖 𝑗 . As a result of this, 𝑚𝑟

𝑘+
𝑖 𝑗 = 𝜈𝑖 𝑗 and 𝑚𝑟 𝑘−𝑖 𝑗 = 𝜇𝑖 𝑗 , ∀𝑖, 𝑗 , 𝑘 ∈ 𝑅01

𝑖 𝑗 , proving that 𝑟𝑖 𝑗 = 𝑚𝑟𝑖 𝑗 , ∀𝑖, 𝑗 .
An IRPR 𝑅 is referred to as multiplicative consistent if 𝑅 = 𝑀𝑅 [30].

Based on these results, a procedure to compute the consistency level, called 𝑐𝑙, of an IRPR 𝑅 was built [30],
which is based on the similarity between 𝑅 and its multiplicative transitivity based IRPR, 𝑀𝑅, that is used to
compute a consistency measure, 𝑐𝑙𝑖 𝑗 , related to a pair of alternatives, 𝑎𝑖 and 𝑎 𝑗 , and a consistency measure, 𝑐𝑙𝑖 ,
related to an alternative 𝑎𝑖 . These two consistency measures are used to compute the consistency level 𝑐𝑙. It is
as follows:

𝑐𝑙𝑖 𝑗 = 1 − 𝑑 (𝑟𝑖 𝑗 , 𝑚𝑟𝑖 𝑗 ) (7)

𝑐𝑙𝑖 =

∑𝑛
𝑗=1; 𝑖≠ 𝑗 𝑐𝑙𝑖 𝑗

𝑛 − 1
(8)

𝑐𝑙 =

∑𝑛
𝑖=1 𝑐𝑙𝑖

𝑛
(9)

being 𝑑 ametric describing the distance between two AIFSs that is used to define a similarity function between
two AIFSs [34].

Consensus
Cabrerizo et al. [35] introduced a procedure tomeasure the consensus, called 𝑐𝑟 , achieved between the decision-
makers that participate in a multi-criteria group decision-making problem when they use IRPRs to provide
their assessments. This procedure is based on the coincidence concept [36], which has been used in many
approaches measuring the consensus in group decision-making problems. Assuming a group of 𝑚 decision-
makers, 𝐷𝑀 = {𝑑𝑚1, 𝑑𝑚2, . . . , 𝑑𝑚𝑚}, a collection of 𝑛 alternatives, 𝐴 = {𝑎1, 𝑎2, . . . , 𝑎𝑛}, and a set of 𝑞 criteria,
𝐶 = {𝑐1, 𝑐2, . . . , 𝑐𝑞}, which have associated a importance weight 𝑤𝑙 ∈ [0, 1] such that

∑𝑞
𝑙=1 𝑤𝑙 = 1, then the

description of the procedure to obtain the consensus is the following:
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• Calculation of a matrix for each pair of decision-makers, 𝑑𝑚𝑔 and 𝑑𝑚ℎ (𝑔 ≠ ℎ), and each criterion, 𝑐𝑙 ,
denoted as 𝑆𝑀𝑔ℎ𝑙 = (𝑠𝑚𝑔ℎ𝑙

𝑖 𝑗 ), characterizing the similarity between the IRPRs 𝑅𝑔𝑙 and 𝑅ℎ𝑙 given by these
decision-makers taking into account that criterion:

𝑠𝑚
𝑔ℎ𝑙
𝑖 𝑗 = 1 − 𝑑 (𝑟𝑔𝑙𝑖 𝑗 , 𝑟

ℎ𝑙
𝑖 𝑗 ) (10)

being 𝑑 a metric that determines the distance between two AIFSs [34].
• Calculation of a matrix for each criterion, 𝑐𝑙 , denoted as 𝐶𝑀 𝑙 = (𝑐𝑚𝑙

𝑖 𝑗 ), characterizing the agreement
achieved by the decision-makers on the criterion 𝑐𝑙 :

𝑐𝑚𝑙
𝑖 𝑗 =

2
𝑚 · (𝑚 − 1)

𝑚−1∑
𝑔=1

𝑚∑
ℎ=𝑔+1

𝑠𝑚
𝑔ℎ𝑙
𝑖 𝑗 (11)

• Calculation, for each matrix 𝐶𝑀 𝑙 , of three consensus measures, namely, a measure of consensus, 𝑐𝑝𝑙𝑖 𝑗 ,
related to a pair of alternatives, 𝑎𝑖 and 𝑎 𝑗 , a measure of consensus, 𝑐𝑎𝑙𝑖 , related to an alternative, 𝑎𝑖 , and a
measure of global consensus, 𝑐𝑟 𝑙 . They are calculated as:

𝑐𝑝𝑙𝑖 𝑗 = 𝑐𝑚𝑙
𝑖 𝑗 (12)

𝑐𝑎𝑙𝑖 =

∑𝑛
𝑗=1; 𝑗≠𝑖 𝑐𝑝

𝑙
𝑖 𝑗

𝑛 − 1
(13)

𝑐𝑟 𝑙 =

∑𝑛
𝑖=1 𝑐𝑎

𝑙
𝑖

𝑛
(14)

• Calculation of 𝑐𝑟 by means of the weighted mean of the 𝑐𝑟 𝑙 :

𝑐𝑟 =
𝑞∑
𝑙=1

𝑤𝑙 · 𝑐𝑟 𝑙 (15)

A NEW ADAPTIVE MULTI-CRITERIA GROUP DECISION-MAKING MODEL
We present a new adaptive group decision-making method that deal with multi-criteria contexts in which the
decision-makers make use of IRPRs to express their assessments. It is structured in the following five stages
(see Figure 1): (i) articulation of the IRPRs; (ii) analysis of consensus; (iii) feedbackmechanism; (iv) calculation
of the collective IRPR; and (v) ranking of the alternatives. Its main novelty is that it incorporates a feedback
mechanism that is able to deal with multi-criteria settings and it is based on the decision-makers’ consistency
in such a way that it provides more recommendations to the decision-makers with lower consistency levels
than to the decision-makers with higher consistency levels. Next, we elaborate on the above stages in detail.

Articulation of the IRPRs
The starting point is a group of 𝑚 decision-makers, 𝐷𝑀 = {𝑑𝑚1, 𝑑𝑚2, . . . , 𝑑𝑚𝑚}, a collection of 𝑛 alternatives,
𝐴 = {𝑎1, 𝑎2, . . . , 𝑎𝑛}, and a set of 𝑞 criteria, 𝐶 = {𝑐1, 𝑐2, . . . , 𝑐𝑞}, that are born in mind to evaluate the
alternatives. In addition, every criterion 𝑐𝑙 ∈ 𝐶 has associated a importance weight 𝑤𝑙 ∈ [0, 1] such that∑𝑞

𝑙=1 𝑤𝑙 = 1. Here, IRPRs are assumed to model the comparisons between alternatives given by the decision-
makers because the use of AIFSs allows an additional freedomdegreemodeling hesitancy of individuals related
to the exclusion and inclusion of an element to a set [25]. Therefore, once the decision-makers have expressed
their assessments, we get a set of 𝑚 · 𝑞 IRPRs, 𝑅𝑔𝑙 , 𝑔 = 1, . . . , 𝑚, 𝑙 = 1, . . . , 𝑞, of dimension 𝑛 × 𝑛.

Analysis of consensus
The second stage consists in analyzing the consensus achieved. When all the decision-makers have given
their IRPRs, the procedure described in Section Background is carried out to measure the consensus achieved.
Concretely, the value of 𝑐𝑟 determines the consensus achieved. Usually, a consensus threshold, 𝛼 ∈ [0, 1],
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Figure 1. Graphical scheme of the proposed model.

which is conditioned by the given decision-making problem [15], is compared with the value of 𝑐𝑟 . The next
stage, i.e. the feedback mechanism, is executed with the objective of supporting decision-makers in modifying
their assessments to increase the consensus achieved if 𝛼 is greater than 𝑐𝑟 . If not, the fourth stage, i.e. the
calculation of the collective IRPR, is conducted. Furthermore, as amean to avoid a state in which the consensus
reached does not converge to the consensus threshold, the negotiation rounds are limited to a maximum
number that is decided at the beginning of the decision-making process [15]. As a consequence, the fourth
stage is also executed if the current negotiation round exceeds the maximum number of negotiation rounds.

Feedback mechanism
We introduce a new feedback mechanism assuming that decision-makers with lower consistency levels need
more advice than those with higher consistency levels. That is, because a low consistency level means that the
decision-maker has provided contradictory assessments, it seems logical that the decision-makers providing
inconsistency assessments will require more advice on how tomodify their judgments. If a decision-maker has
expressed contradictory assessments, it couldmean that she or he does not have the enough level of knowledge
about the alternatives and the criteria. Therefore, more adjustments in their assessments should be needed to
lead a consensual decision. On the contrary, decision-makers with higher consistency levels will need low ad-
justments in their assessments to lead to consensus. Based on this assumption, this new feedback mechanism
adapts its operation according to the decision-makers’ consistency. This feedback mechanism, composed of
four stages: (i) classifying of the decision-makers; (ii) computing proximity measures; (iii) looking for prob-
lematic assessments; and (iv) giving advice, is presented in what follows.

Classifying of the decision-makers
This task is accomplished by including each decision-maker into one of these subsets according to her or his
consistency level: (i) very consistent, 𝐷𝑀𝑣𝑐 ; (ii) consistent, 𝐷𝑀𝑐 ; and (iii) hardly consistent, 𝐷𝑀ℎ𝑑 . The
consistency level is understood as a fuzzy subset with a membership function. In such manner, 𝑐𝑙𝑔 ∈ [0, 1]
denotes the consistency level of the decision-maker 𝑑𝑚𝑔 . Then, a fuzzy matching mechanism, whose parame-
ters depend on the problem at hand, is applied to done this classification. Each subset of decision-makers is a
fuzzy set characterized by a membership function and two membership thresholds, 𝛽1 and 𝛽2, are established
to differentiate the subsets. For a given decision-maker, 𝑑𝑚𝑔 , her or his consistency level, 𝑐𝑙𝑔 , is computed as:

𝑐𝑙𝑔 =
𝑞∑
𝑙=1

𝑤𝑙 · 𝑐𝑙𝑔𝑙 (16)

being 𝑐𝑙𝑔𝑙 the consistency level associated with the IRPR 𝑅𝑔𝑙 provided by the decision-maker 𝑑𝑚𝑔 on the
criterion 𝑐𝑙 , which is computed as described in Section Background.
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Computing proximity measures
Once the decision-makers have been classified into one of the subsets, some proximity measures, which com-
pute the agreement level between the individual IRPRs given by the decision-makers and the group one, are
computed. This is done as follows [8]:

• Computation of a collective IRPR, 𝑆𝑙 = (𝑠𝑙𝑖 𝑗 ), for each criterion 𝑐𝑙 , by means of the aggregation of all the
individual IRPRs given by the decision makers on that criterion:

𝑠𝑙𝑖 𝑗 =

∑𝑚
𝑔=1 𝑐𝑙

𝑔𝑙 · 𝑟𝑔𝑙𝑖 𝑗∑𝑚
𝑔=1 𝑐𝑙

𝑔𝑙
(17)

In the aggregation, we must bear in mind that the decision-makers have distinct consistency levels that
can act as weights of the aggregation. This is done by transforming the intuitionistic fuzzy value under the
weight to generate a new value [37], which is used in the aggregation. In Equation (17), this is done bymeans
of the weighted average.

• Once the collective IRPRs have been calculated, three proximity measures, namely, a measure of proximity,
𝑝𝑝

𝑔𝑙
𝑖 𝑗 , related to a pair of alternatives, 𝑎𝑖 and 𝑎 𝑗 , a measure of proximity, 𝑝𝑎𝑔𝑙𝑖 , related to an alternative,

𝑎𝑖 , and a measure of proximity on the relation, 𝑝𝑟𝑔𝑙 , are computed for each decision-maker, 𝑑𝑚𝑔 , in each
criterion, 𝑐𝑙 , as:

𝑝𝑝
𝑔𝑙
𝑖 𝑗 = 1 − 𝑑 (𝑟𝑔𝑙𝑖 𝑗 , 𝑠

𝑙
𝑖 𝑗 ) (18)

𝑝𝑎
𝑔𝑙
𝑖 =

∑𝑛
𝑗=1, 𝑗≠𝑖 𝑝𝑝

𝑔𝑙
𝑖 𝑗

𝑛 − 1
(19)

𝑝𝑟𝑔𝑙 =

∑𝑛
𝑖=1 𝑝𝑎

𝑔𝑙
𝑖

𝑛
(20)

being 𝑑 a metric that determines the distance between two AIFSs [34].

For each criterion, these three measures of proximity obtain the similarity between the assessment provided
by the decision-maker and the collective one on a pair of alternatives, the similarity between the assessments
provided by the decision-maker on an alternative and the collective one, and the similarity between the IRPR
provided by the decision-maker and the collective one, respectively.

Looking for problematic assessments
This task consists in determining the problematic assessments, that is, those that should be adjusted to improve
the consensus in the next round of negotiation. To identify these assessments, three strategies are applied
according to the subset in which the decision-maker is included.

1. Determining problematic assessments for hardly consistent decision-makers. According to the common
sense, the decision-makers included in this subset give less knowledgeable assessments. Consequently, more
modifications are needed here. Hence, in this subset, we apply an strategy trying to adjust the assessments
on all pair of alternatives having a low agreement. It is carried out as follows:
(a) Determining the pairs of alternatives, 𝑃𝐴𝑙

ℎ𝑐 , for each criterion 𝑐𝑙 whosemeasure of consensus is lower
than 𝑐𝑟 𝑙 , which acts as an threshold:

𝑃𝐴𝑙
ℎ𝑐 = {(𝑎𝑖 , 𝑎 𝑗 ) | 𝑐𝑝𝑙𝑖 𝑗 < 𝑐𝑟 𝑙} (21)

(b) Determining the problematic assessments, 𝑃𝐴𝑆𝑙ℎ𝑐 , for each criterion 𝑐𝑙 , that each decision-maker
𝑑𝑚𝑔 ∈ 𝐷𝑀ℎ𝑐 should modify:

𝑃𝐴𝑆𝑙ℎ𝑐 = 𝑃𝐴𝑙
ℎ𝑐 (22)

2. Determining problematic assessments for consistent decision-makers. This strategy tries to reduce the
number of changes suggested to the decision-makers. This is done by analyzing the agreement from the
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viewpoint of the alternatives, that is, it only takes into account the assessments of the alternatives in which
the agreement is not enough, rather than focusing on all the pairs of alternatives. Furthermore, different
from the previous strategy, in which all the decision-makers are required to adjust the determined assess-
ments, here, only the decision-makers whose measure of proximity at the level of alternatives is lower than
a threshold are required to modify their assessments. It is carried out as follows:
(a) Determining the alternatives, 𝐴𝑙

𝑐 , for each criterion 𝑐𝑙 to be adjusted:

𝐴𝑙
𝑐 = {𝑎𝑖 | 𝑐𝑎𝑙𝑖 < 𝑐𝑟 𝑙} (23)

(b) Determining the pairs of alternatives, 𝑃𝐴𝑙
𝑐 , for each criterion 𝑐𝑙 to be adjusted:

𝑃𝐴𝑙
𝑐 = {(𝑎𝑖 , 𝑎 𝑗 ) | 𝑎𝑖 ∈ 𝐴𝑙

𝑐 ∧ 𝑐𝑝𝑙𝑖 𝑗 < 𝑐𝑟 𝑙} (24)

(c) Determining a threshold, 𝛾𝑙𝑖 , for each alternative 𝑎𝑖 ∈ 𝐴𝑙
𝑐 , as follows:

𝛾𝑙𝑖 =
1
𝑚

𝑚∑
𝑔=1

𝑝𝑎
𝑔𝑙
𝑖 (25)

(d) Determining the problematic assessments, 𝑃𝐴𝑆𝑙𝑐 , for each criterion 𝑐𝑙 , that each decision-maker
𝑑𝑚𝑔 ∈ 𝐷𝑀𝑐 should change:

𝑃𝐴𝑆𝑙𝑐 = {(𝑎𝑖 , 𝑎 𝑗 ) ∈ 𝑃𝐴𝑙
𝑐 | 𝑝𝑎

𝑔𝑙
𝑖 < 𝛾𝑙𝑖 } (26)

3. Determining problematic assessments for very consistent decision-makers. Here, we deal with the decision-
makers included in 𝐷𝑀𝑣𝑐 , i.e. the decision-makers whose consistency is so high that they do not required
many adjustments in their assessments to get a well-considered assessments. As a result, fewer adjustments
than in the previous two strategies must be proposed. Particularly, for the pairs of alternatives determined
in disagreement, it only adjusts the decision-makers’ assessments whose measure of proximity is lower than
a threshold at the level of pair of alternatives. It is carried out as follows:
(a) Determining the alternatives, 𝐴𝑙

𝑣𝑐 , for each criterion 𝑐𝑙 to be adjusted:

𝐴𝑙
𝑣𝑐 = {𝑎𝑖 | 𝑐𝑎𝑙𝑖 < 𝑐𝑟𝑙} (27)

(b) Determining the pairs of alternatives, 𝑃𝐴𝑙
𝑣𝑐 , for each criterion 𝑐𝑙 to be adjusted:

𝑃𝐴𝑙
𝑣𝑐 = {(𝑎𝑖 , 𝑎 𝑗 ) | 𝑎𝑖 ∈ 𝐴𝑙

𝑣𝑐 ∧ 𝑐𝑝𝑙𝑖 𝑗 < 𝑐𝑟𝑙} (28)

(c) A threshold 𝛿𝑙𝑖 𝑗 , for each pair of alternatives (𝑎𝑖 , 𝑎 𝑗 ) ∈ 𝑃𝐴𝑙
𝑣𝑐 , is determined as follows:

𝛿𝑙𝑖 𝑗 =
1
𝑚

𝑚∑
𝑔=1

𝑝𝑝
𝑔𝑙
𝑖 𝑗 (29)

(d) Determining the problematic assessments, 𝑃𝐴𝑆𝑙𝑣𝑐 , for each criterion 𝑐𝑙 , that each decision-maker
𝑑𝑚𝑔 ∈ 𝐷𝑀𝑣𝑐 should change:

𝑃𝐴𝑆𝑙𝑣𝑐 = {(𝑎𝑖 , 𝑎 𝑗 ) ∈ 𝑃𝐴𝑙
𝑣𝑐 | 𝑝𝑎

𝑔𝑙
𝑖 < 𝛾𝑙𝑖 ∧ 𝑝𝑝

𝑔𝑙
𝑖 𝑗 < 𝛿𝑙𝑖 𝑗 } (30)

Giving advice
Once the problematic assessments have been recognized, the decision-makers need advice on how to modify
their assessments. Concretely, for each assessment recognized as problematic, its adjustment is suggested by
the feedback mechanism as follows:

• If 𝑟𝑔𝑙𝑖 𝑗 > 𝑠𝑙𝑖 𝑗 , the assessment expressed by the decision-maker 𝑑𝑚𝑔 on the pair 𝑎𝑖 and 𝑎 𝑗 must be decreased.
• If 𝑟𝑔𝑙𝑖 𝑗 < 𝑠𝑙𝑖 𝑗 , the assessment expressed by the decision-maker 𝑑𝑚𝑔 on the pair 𝑎𝑖 and 𝑎 𝑗 must be increased.
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Calculation of the collective IRPR
The collective IRPR is computed by fusing all the individual decision-makers’ IRPRs, which is performed by
using a given aggregation function [38]. In this study, because we take into account a number of criteria and
weights of importance associated with them, the weighted arithmetic mean is applied as aggregation function.
Concretely, the collective IRPR is obtaining by means of the following procedure:

• A collective IRPR, 𝑆𝑙 = (𝑠𝑙𝑖 𝑗 ), is computed for each criterion 𝑐𝑙 by means of Equation (17).
• Using the information contained in the collective IRPRs related to the criteria, the collective IRPR, 𝑆 = (𝑠𝑖 𝑗 ),
is calculated as follows:

𝑠𝑖 𝑗 =
𝑞∑
𝑙=1

𝑤𝑙 · 𝑠𝑙𝑖 𝑗 (31)

Ranking of the alternatives
To rank the alternatives solving themulti-criteria decision-making problem frombest toworst, the information
contained in the collective IRPRmust be exploited. Distinct functions could be applied to perform this task [39].
Among them, we use the quantifier-guided dominance degree, 𝑄𝐺𝐷𝐷𝑖 , that is computed as follows:

𝑄𝐺𝐷𝐷𝑖 =
1

𝑛 − 1

𝑛∑
𝑗=1; 𝑗≠𝑖

𝑠𝑖 𝑗 (32)

This choice degree of alternatives determines the dominance that the alternative 𝑎𝑖 has over the remaining
alternatives. The higher the value of 𝑄𝐺𝐷𝐷𝑖 , the best the alternative 𝑎𝑖 as solution to the decision-making
problem.

CASE STUDY: SELECTION OF AN ENERGY STORAGE TECHNOLOGY
For a project of renewable energy storage, a number of possible alternatives of renewable energy storage tech-
nologies are selected according to energy characteristics, energy demand, local hydro geographic characteris-
tics, and so on. These alternatives are: (i) Li-ion battery (𝑎1); (ii) supercapacitor (𝑎2); (iii) high temperature
thermal energy storage (𝑎3); and (iv) flywheels (𝑎4). To select the best technology, four decision-makers, 𝑑𝑚1,
𝑑𝑚2, 𝑑𝑚3 and 𝑑𝑚4, who are expert in related fields, are bring together. They have to provide their assessments
according to three criteria: (i) Storage capacity (𝑐1); (ii) input cost (𝑐2); and (iii) social acceptance (𝑐3). The
importance weights of these criteria are 𝑤1 = 0.2, 𝑤2 = 0.3, and 𝑤3 = 0.5.

In what follows, we illustrate the application of the proposed model to solve this multi-criteria group decision-
making problem. In the first negotiation round (we assume a maximum number of five rounds), all the stages
are described in detail. However, in the following negotiation rounds, only the most relevant information is
provided, namely, the IRPRs given by the decision-makers, the consensus achieved and the advice provided
by the feedback mechanism.

First negotiation round
Articulation of the IRPRs
The assessments, in the form of IRPRs, provided initially by the decision-makers are:

𝑅11 =


⟨0.50, 0.50⟩ ⟨0.70, 0.30⟩ ⟨0.60, 0.40⟩ ⟨0.30, 0.70⟩
⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.40⟩ ⟨0.30, 0.70⟩
⟨0.40, 0.60⟩ ⟨0.40, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.70, 0.30⟩ ⟨0.70, 0.30⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩

 𝑅12 =


⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.70, 0.30⟩ ⟨0.20, 0.70⟩
⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.20, 0.70⟩
⟨0.30, 0.70⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩
⟨0.70, 0.20⟩ ⟨0.70, 0.20⟩ ⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩


𝑅13 =


⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩
⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩ ⟨0.60, 0.30⟩
⟨0.50, 0.50⟩ ⟨0.70, 0.30⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩
⟨0.50, 0.50⟩ ⟨0.30, 0.60⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩

 𝑅21 =


⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩ ⟨0.70, 0.30⟩ ⟨0.60, 0.30⟩
⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩ ⟨0.90, 0.10⟩ ⟨0.30, 0.60⟩
⟨0.30, 0.70⟩ ⟨0.10, 0.90⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.30, 0.60⟩ ⟨0.60, 0.30⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩


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𝑅22 =


⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩
⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.80, 0.10⟩ ⟨0.70, 0.30⟩
⟨0.70, 0.30⟩ ⟨0.10, 0.80⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩
⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩

 𝑅23 =


⟨0.50, 0.50⟩ ⟨0.20, 0.80⟩ ⟨0.70, 0.20⟩ ⟨0.60, 0.40⟩
⟨0.80, 0.20⟩ ⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.70, 0.30⟩
⟨0.20, 0.70⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.40, 0.60⟩ ⟨0.30, 0.70⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩


𝑅31 =


⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.60, 0.40⟩ ⟨0.30, 0.70⟩
⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.30⟩ ⟨0.80, 0.10⟩
⟨0.40, 0.60⟩ ⟨0.30, 0.60⟩ ⟨0.50, 0.50⟩ ⟨0.90, 0.10⟩
⟨0.70, 0.30⟩ ⟨0.10, 0.80⟩ ⟨0.10, 0.90⟩ ⟨0.50, 0.50⟩

 𝑅32 =


⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩ ⟨0.40, 0.60⟩ ⟨0.20, 0.80⟩
⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.80, 0.20⟩
⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩
⟨0.80, 0.20⟩ ⟨0.20, 0.80⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩


𝑅33 =


⟨0.50, 0.50⟩ ⟨0.80, 0.20⟩ ⟨0.20, 0.80⟩ ⟨0.20, 0.70⟩
⟨0.20, 0.80⟩ ⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩
⟨0.80, 0.20⟩ ⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩
⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩

 𝑅41 =


⟨0.50, 0.50⟩ ⟨0.80, 0.10⟩ ⟨0.20, 0.70⟩ ⟨0.60, 0.30⟩
⟨0.10, 0.80⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩ ⟨0.20, 0.70⟩
⟨0.70, 0.20⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.30, 0.60⟩ ⟨0.70, 0.20⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩


𝑅42 =


⟨0.50, 0.50⟩ ⟨0.70, 0.30⟩ ⟨0.50, 0.50⟩ ⟨0.70, 0.30⟩
⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩ ⟨0.70, 0.20⟩
⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩
⟨0.30, 0.70⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩

 𝑅43 =


⟨0.50, 0.50⟩ ⟨0.70, 0.30⟩ ⟨0.10, 0.90⟩ ⟨0.10, 0.90⟩
⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩ ⟨0.20, 0.70⟩
⟨0.90, 0.10⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩
⟨0.90, 0.10⟩ ⟨0.70, 0.20⟩ ⟨0.70, 0.30⟩ ⟨0.50, 0.50⟩


Analysis of consensus
To analyse the consensus achieved, the procedure described in Section “Background” is applied, using the
Hamming distance between two AIFSs, 𝐼1 and 𝐼2, as 𝑑 in Equation (10), however, other distance metrics of
AIFSs could be used [34]. This distance is defined as [34]:

𝑑 (𝐼1, 𝐼2) =
1
2

𝑛∑
𝑖=1

[|𝜇𝐼1 (𝑎𝑖) − 𝜇𝐼2 (𝑎𝑖) | + |𝜈𝐼1 (𝑎𝑖) − 𝜈𝐼2 (𝑎𝑖) |] (33)

First, the similarity matrices for each pair of decision-makers, which are omitted, are calculated. Then, a
consensus matrix 𝐶𝑀 𝑙 for each criterion 𝑐𝑙 is computed, whose entries are used to obtain the three consensus
measures:

1. Measure of consensus related to pair of alternatives:

𝐶𝑀1 =


1.000 0.692 0.775 0.767
0.692 1.000 0.812 0.692
0.775 0.812 1.000 0.850
0.767 0.692 0.850 1.000

 𝐶𝑀2 =


1.000 0.792 0.783 0.708
0.792 1.000 0.733 0.717
0.783 0.733 1.000 0.850
0.708 0.717 0.850 1.000


𝐶𝑀3 =


1.000 0.666 0.625 0.708
0.666 1.000 0.733 0.750
0.625 0.733 1.000 0.700
0.708 0.750 0.700 1.000


2. Measure of consensus related to an alternative:

𝑐𝑎1
1 = 0.745 𝑐𝑎1

2 = 0.732 𝑐𝑎1
3 = 0.812 𝑐𝑎1

4 = 0.770
𝑐𝑎2

1 = 0.761 𝑐𝑎2
2 = 0.747 𝑐𝑎2

3 = 0.789 𝑐𝑎2
4 = 0.758

𝑐𝑎3
1 = 0.666 𝑐𝑎3

2 = 0.716 𝑐𝑎3
3 = 0.686 𝑐𝑎3

4 = 0.719

3. Measure of global consensus:

𝑐𝑟1 = 0.765 𝑐𝑟2 = 0.764 𝑐𝑟3 = 0.697

According to the values of the three measures of global consensus and the importance weights related to the
criteria, the consensus achieved, which is computed using Equation (15), is 𝑐𝑟 = 0.731. If the consensus
threshold 𝛼 assumed is 0.75, the consensus achieved is not enough and the feedback mechanism must be
activated.
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Feedback mechanism
First, the decision-makers are classified according to their consistency levels, which are obtained according to
the procedure described in Section “Background” (the Hamming distance is also used here as distance metric):

𝑐𝑙1 = 0.38 𝑐𝑙2 = 0.37 𝑐𝑙3 = 0.76 𝑐𝑙4 = 0.91

According to these consistency levels and assuming 𝛽1 = 0.50 and 𝛽2 = 0.80, the decision-makers are classified
as follows:

𝐷𝑀𝑣𝑐 = {𝑑𝑚4} 𝐷𝑀𝑐 = {𝑑𝑚3} 𝐷𝑀ℎ𝑐 = {𝑑𝑚1, 𝑑𝑚2}

Once the decision-makers have been included in their corresponding subsets, the proximity measures are
computed:

• Computation of the collective IRPRs for each criterion:

𝑆1 =


⟨0.50, 0.50⟩ ⟨0.67, 0.26⟩ ⟨0.46, 0.50⟩ ⟨0.46, 0.49⟩
⟨0.26, 0.67⟩ ⟨0.50, 0.50⟩ ⟨0.63, 0.32⟩ ⟨0.42, 0.50⟩
⟨0.50, 0.46⟩ ⟨0.32, 0.63⟩ ⟨0.50, 0.50⟩ ⟨0.69, 0.31⟩
⟨0.49, 0.46⟩ ⟨0.50, 0.42⟩ ⟨0.31, 0.69⟩ ⟨0.50, 0.50⟩

 𝑆2 =


⟨0.50, 0.50⟩ ⟨0.58, 0.41⟩ ⟨0.47, 0.53⟩ ⟨0.43, 0.55⟩
⟨0.41, 0.58⟩ ⟨0.50, 0.50⟩ ⟨0.54, 0.43⟩ ⟨0.65, 0.29⟩
⟨0.53, 0.47⟩ ⟨0.43, 0.54⟩ ⟨0.50, 0.50⟩ ⟨0.34, 0.61⟩
⟨0.55, 0.43⟩ ⟨0.29, 0.65⟩ ⟨0.61, 0.34⟩ ⟨0.50, 0.50⟩


𝑆3 =


⟨0.50, 0.50⟩ ⟨0.62, 0.38⟩ ⟨0.29, 0.70⟩ ⟨0.27, 0.70⟩
⟨0.38, 0.62⟩ ⟨0.50, 0.50⟩ ⟨0.35, 0.59⟩ ⟨0.43, 0.51⟩
⟨0.70, 0.29⟩ ⟨0.59, 0.35⟩ ⟨0.50, 0.50⟩ ⟨0.46, 0.50⟩
⟨0.70, 0.27⟩ ⟨0.51, 0.43⟩ ⟨0.50, 0.46⟩ ⟨0.50, 0.50⟩


• Computation of the measures of proximity related to a pair of alternatives:

𝑝𝑝11 =


1.000 0.965 0.880 0.815
0.965 1.000 0.895 0.840
0.880 0.895 1.000 0.910
0.815 0.840 0.910 1.000

 𝑝𝑝12 =


1.000 0.835 0.770 0.810
0.835 1.000 0.805 0.570
0.770 0.805 1.000 0.965
0.810 0.570 0.965 1.000


𝑝𝑝13 =


1.000 0.880 0.795 0.785
0.880 1.000 0.920 0.810
0.795 0.920 1.000 0.770
0.785 0.810 0.770 1.000

 𝑝𝑝21 =


1.000 0.545 0.780 0.835
0.545 1.000 0.755 0.890
0.780 0.755 1.000 0.910
0.835 0.890 0.910 1.000


𝑝𝑝22 =


1.000 0.915 0.830 0.940
0.915 1.000 0.705 0.970
0.830 0.705 1.000 0.885
0.940 0.970 0.885 1.000

 𝑝𝑝23 =


1.000 0.580 0.545 0.685
0.580 1.000 0.630 0.760
0.545 0.630 1.000 0.880
0.685 0.760 0.880 1.000


𝑝𝑝31 =


1.000 0.955 0.880 0.815
0.955 1.000 0.975 0.610
0.880 0.975 1.000 0.790
0.815 0.610 0.790 1.000

 𝑃𝑃32 =


1.000 0.815 0.930 0.760
0.815 1.000 0.945 0.880
0.930 0.945 1.000 0.885
0.760 0.880 0.885 1.000


𝑝𝑝33 =


1.000 0.820 0.905 0.965
0.820 1.000 0.970 0.960
0.905 0.970 1.000 0.730
0.965 0.960 0.730 1.000

 𝑝𝑝41 =


1.000 0.855 0.770 0.835
0.855 1.000 0.945 0.790
0.770 0.945 1.000 0.910
0.835 0.790 0.910 1.000


𝑝𝑝42 =


1.000 0.885 0.970 0.740
0.885 1.000 0.845 0.930
0.970 0.845 1.000 0.865
0.740 0.930 0.865 1.000

 𝑝𝑝43 =


1.000 0.920 0.805 0.815
0.920 1.000 0.870 0.790
0.805 0.870 1.000 0.820
0.815 0.790 0.820 1.000


• Computation of the measures of proximity related to an alternative:

𝑝𝑎11
1 = 0.887 𝑝𝑎11

2 = 0.900 𝑝𝑎11
3 = 0.895 𝑝𝑎11

4 = 0.855
𝑝𝑎12

1 = 0.805 𝑝𝑎12
2 = 0.737 𝑝𝑎12

3 = 0.847 𝑝𝑎12
4 = 0.782

𝑝𝑎13
1 = 0.820 𝑝𝑎13

2 = 0.870 𝑝𝑎13
3 = 0.830 𝑝𝑎13

4 = 0.788
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𝑝𝑎21
1 = 0.720 𝑝𝑎21

2 = 0.730 𝑝𝑎21
3 = 0.815 𝑝𝑎21

4 = 0.878
𝑝𝑎22

1 = 0.895 𝑝𝑎22
2 = 0.863 𝑝𝑎22

3 = 0.807 𝑝𝑎22
4 = 0.932

𝑝𝑎23
1 = 0.603 𝑝𝑎23

2 = 0.657 𝑝𝑎23
3 = 0.685 𝑝𝑎23

4 = 0.775

𝑝𝑎31
1 = 0.883 𝑝𝑎31

2 = 0.847 𝑝𝑎31
3 = 0.882 𝑝𝑎31

4 = 0.738
𝑝𝑎32

1 = 0.835 𝑝𝑎32
2 = 0.880 𝑝𝑎32

3 = 0.920 𝑝𝑎32
4 = 0.842

𝑝𝑎33
1 = 0.897 𝑝𝑎33

2 = 0.912 𝑝𝑎33
3 = 0.868 𝑝𝑎33

4 = 0.885

𝑝𝑎41
1 = 0.820 𝑝𝑎41

2 = 0.863 𝑝𝑎41
3 = 0.875 𝑝𝑎41

4 = 0.845
𝑝𝑎42

1 = 0.865 𝑝𝑎42
2 = 0.887 𝑝𝑎42

3 = 0.893 𝑝𝑎42
4 = 0.845

𝑝𝑎43
1 = 0.847 𝑝𝑎43

2 = 0.860 𝑝𝑎43
3 = 0.832 𝑝𝑎43

4 = 0.808

• Computation of the measure of proximity on the relation:

𝑝𝑟11 = 0.884 𝑝𝑟12 = 0.792 𝑝𝑟13 = 0.827
𝑝𝑟21 = 0.786 𝑝𝑟22 = 0.874 𝑝𝑟23 = 0.680
𝑝𝑟31 = 0.834 𝑝𝑟32 = 0.869 𝑝𝑟33 = 0.891
𝑝𝑟41 = 0.851 𝑝𝑟42 = 0.873 𝑝𝑟43 = 0.837

When the measures of proximity have been calculated, the problematic assessments can be obtained:

• Determining problematic assessments for hardly consistent decision-makers:
– Pair of alternatives for each criterion 𝑐𝑙 whose measure of consensus is lower than 𝑐𝑟 𝑙 :

𝑃𝐴1
ℎ𝑐 = {(𝑎1, 𝑎2), (𝑎2, 𝑎1), (𝑎2, 𝑎4), (𝑎4, 𝑎1)}

𝑃𝐴2
ℎ𝑐 = {(𝑎1, 𝑎4), (𝑎2, 𝑎3), (𝑎2, 𝑎4), (𝑎3, 𝑎2), (𝑎4, 𝑎1), (𝑎4, 𝑎2)}

𝑃𝐴3
ℎ𝑐 = {(𝑎1, 𝑎2), (𝑎1, 𝑎3), (𝑎2, 𝑎1), (𝑎3, 𝑎1)}

– Problematic assessments to be modified by the decision-makers 𝑑𝑚1 and 𝑑𝑚2:

𝑃𝐴𝑆1
ℎ𝑐 = 𝑃𝐴1

ℎ𝑐

𝑃𝐴𝑆2
ℎ𝑐 = 𝑃𝐴1

ℎ𝑐

𝑃𝐴𝑆3
ℎ𝑐 = 𝑃𝐴1

ℎ𝑐

• Determining problematic assessments for consistent decision-makers:
– Alternatives for each criterion 𝑐𝑙 to be adjusted:

𝐴1
𝑐 = {𝑎1, 𝑎2}

𝐴2
𝑐 = {𝑎1, 𝑎2, 𝑎4}

𝐴3
𝑐 = {𝑎1, 𝑎3}

– Pair of alternatives for each criterion 𝑐𝑙 whose measure of consensus is lower than 𝑐𝑟 𝑙 :

𝑃𝐴1
𝑐 = {(𝑎1, 𝑎2), (𝑎2, 𝑎1)}

𝑃𝐴2
𝑐 = {(𝑎1, 𝑎4), (𝑎2, 𝑎4), (𝑎4, 𝑎1), (𝑎4, 𝑎2)}

𝑃𝐴3
𝑐 = {(𝑎1, 𝑎3), (𝑎3, 𝑎1)}

– Problematic assessments to be modified by the decision-makers 𝑑𝑚3:

𝑃𝐴𝑆1
𝑐 = {∅}

𝑃𝐴𝑆2
𝑐 = {(𝑎1, 𝑎4), (𝑎4, 𝑎1)}

𝑃𝐴𝑆3
𝑐 = {∅}

• Determining problematic assessments for very consistent decision-makers:
– Alternatives for each criterion 𝑐𝑙 to be modified:

𝐴1
𝑣𝑐 = {𝑎1, 𝑎2}

𝐴2
𝑣𝑐 = {𝑎1, 𝑎2, 𝑎4}

𝐴3
𝑣𝑐 = {𝑎1, 𝑎3}
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– Pair of alternatives for each criterion 𝑐𝑙 to be adjusted:

𝑃𝐴1
𝑣𝑐 = {(𝑎1, 𝑎2), (𝑎2, 𝑎1)}

𝑃𝐴2
𝑣𝑐 = {(𝑎1, 𝑎4), (𝑎2, 𝑎4), (𝑎4, 𝑎1), (𝑎4, 𝑎2)}

𝑃𝐴3
𝑣𝑐 = {(𝑎1, 𝑎3), (𝑎3, 𝑎1)}

– Problematic assessments to be modified by the decision-makers 𝑑𝑚4:

𝑃𝐴𝑆1
𝑣𝑐 = {∅}

𝑃𝐴𝑆2
𝑣𝑐 = {(𝑎1, 𝑎4), (𝑎4, 𝑎1)}

𝑃𝐴𝑆3
𝑣𝑐 = {∅}

According to these results, the recommendations provided by the feedback mechanism are the following (+
means that the value associated with that assessment should be increased, whereas − means that the value
associated with that assessment should be decreased):

𝑅11 =


= − = =
+ = = =
= = = =
= = = =


𝑅12 =


= = = +
= = = +
= = = =
− − = =


𝑅13 =


= = − =
= = = =
+ = = =
= = = =


𝑅21 =


= + = =
− = = =
= = = =
= = = =


𝑅22 =


= = = −
= = = −
= = = =
+ + = =


𝑅23 =


= = − =
= = = =
+ = = =
= = = =


𝑅32 =


= = = +
= = = =
= = = =
− = = =


𝑅42 =


= = = −
= = = =
= = = =
+ = = =


Second negotiation round
Articulation of the IRPRs
We assume that the decision-makers agree with the recommendations given by the feedback mechanism. The
new IRPRs provided are:

𝑅11 =


⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩ ⟨0.40, 0.60⟩ ⟨0.30, 0.70⟩
⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.40⟩ ⟨0.30, 0.70⟩
⟨0.40, 0.60⟩ ⟨0.40, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.70, 0.30⟩ ⟨0.70, 0.30⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩

 𝑅12 =


⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.70, 0.30⟩ ⟨0.30, 0.60⟩
⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.30, 0.60⟩
⟨0.30, 0.70⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩
⟨0.60, 0.30⟩ ⟨0.60, 0.30⟩ ⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩


𝑅13 =


⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩
⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩ ⟨0.60, 0.30⟩
⟨0.70, 0.30⟩ ⟨0.70, 0.30⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩
⟨0.50, 0.50⟩ ⟨0.30, 0.60⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩

 𝑅21 =


⟨0.50, 0.50⟩ ⟨0.30, 0.60⟩ ⟨0.70, 0.30⟩ ⟨0.60, 0.30⟩
⟨0.60, 0.30⟩ ⟨0.50, 0.50⟩ ⟨0.90, 0.10⟩ ⟨0.30, 0.60⟩
⟨0.30, 0.70⟩ ⟨0.10, 0.90⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.30, 0.60⟩ ⟨0.60, 0.30⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩


𝑅22 =


⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩ ⟨0.40, 0.60⟩
⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.80, 0.10⟩ ⟨0.60, 0.40⟩
⟨0.70, 0.30⟩ ⟨0.10, 0.80⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩
⟨0.60, 0.40⟩ ⟨0.40, 0.60⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩

 𝑅23 =


⟨0.50, 0.50⟩ ⟨0.20, 0.80⟩ ⟨0.50, 0.40⟩ ⟨0.60, 0.40⟩
⟨0.80, 0.20⟩ ⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.70, 0.30⟩
⟨0.40, 0.50⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.40, 0.60⟩ ⟨0.30, 0.70⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩


𝑅31 =


⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩ ⟨0.60, 0.40⟩ ⟨0.30, 0.70⟩
⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.30⟩ ⟨0.80, 0.10⟩
⟨0.40, 0.60⟩ ⟨0.30, 0.60⟩ ⟨0.50, 0.50⟩ ⟨0.90, 0.10⟩
⟨0.70, 0.30⟩ ⟨0.10, 0.80⟩ ⟨0.10, 0.90⟩ ⟨0.50, 0.50⟩

 𝑅32 =


⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩ ⟨0.40, 0.60⟩ ⟨0.30, 0.70⟩
⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.80, 0.20⟩
⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩
⟨0.70, 0.30⟩ ⟨0.20, 0.80⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩


𝑅33 =


⟨0.50, 0.50⟩ ⟨0.80, 0.20⟩ ⟨0.20, 0.80⟩ ⟨0.20, 0.70⟩
⟨0.20, 0.80⟩ ⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩
⟨0.80, 0.20⟩ ⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.70, 0.20⟩
⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩

 𝑅41 =


⟨0.50, 0.50⟩ ⟨0.80, 0.10⟩ ⟨0.20, 0.70⟩ ⟨0.60, 0.30⟩
⟨0.10, 0.80⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩ ⟨0.20, 0.70⟩
⟨0.70, 0.20⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.30, 0.60⟩ ⟨0.70, 0.20⟩ ⟨0.40, 0.60⟩ ⟨0.50, 0.50⟩


𝑅42 =


⟨0.50, 0.50⟩ ⟨0.70, 0.30⟩ ⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩
⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.40, 0.60⟩ ⟨0.70, 0.20⟩
⟨0.50, 0.50⟩ ⟨0.60, 0.40⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩
⟨0.40, 0.60⟩ ⟨0.20, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.50, 0.50⟩

 𝑅43 =


⟨0.50, 0.50⟩ ⟨0.70, 0.30⟩ ⟨0.10, 0.90⟩ ⟨0.10, 0.90⟩
⟨0.30, 0.70⟩ ⟨0.50, 0.50⟩ ⟨0.20, 0.70⟩ ⟨0.20, 0.70⟩
⟨0.90, 0.10⟩ ⟨0.70, 0.20⟩ ⟨0.50, 0.50⟩ ⟨0.30, 0.70⟩
⟨0.90, 0.10⟩ ⟨0.70, 0.20⟩ ⟨0.70, 0.30⟩ ⟨0.50, 0.50⟩


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Analysis of consensus
After computing the measures of consensus using these new IRPRs, the 𝑐𝑟 is equal to 0.751. Now, it is higher
than in the first negotiation round and it is also higher than 𝛼 = 0.75.

Calculation of the collective IRPR
Once the consensus achieved is enough, the collective IRPR 𝑆 can be computed:

𝑆 =


⟨0.50, 0.50⟩ ⟨0.61, 0.36⟩ ⟨0.34, 0.64⟩ ⟨0.36, 0.62⟩
⟨0.36, 0.63⟩ ⟨0.50, 0.50⟩ ⟨0.46, 0.49⟩ ⟨0.49, 0.44⟩
⟨0.64, 0.34⟩ ⟨0.49, 0.46⟩ ⟨0.50, 0.50⟩ ⟨0.47, 0.50⟩
⟨0.36, 0.62⟩ ⟨0.44, 0.49⟩ ⟨0.50, 0.47⟩ ⟨0.50, 0.50⟩


Ranking the alternatives
Using the quantifier-guided dominance degree, the values associated to each alternative are:

𝑄𝐺𝐷𝐷1 = 0.437 𝑄𝐺𝐷𝐷2 = 0.437 𝑄𝐺𝐷𝐷3 = 0.533 𝑄𝐺𝐷𝐷4 = 0.433

It means that, according to the decision-makers involved in this decision-making problem, the energy storage
technology selected should be the high temperature thermal energy storage.

CONCLUDING REMARKS
In this study, we have presented a novel group decision-making model incorporating a feedback mechanism
that considers the decision-makers’ consistency. Assuming different kinds of decision-makers classified ac-
cording to their consistency, this feedback mechanism customizes the recommendations provided. This is
done by adopting three strategies to identify the problematic assessments that the decision-makers should
change whether they want to collaborate to improve the consensus. In each negotiation round, three strategies
are performed differently by taking into account the current measures of both consensus and proximity. The
objective is that the assessments of the most consistent decision-makers never be strongly adjusted during the
negotiation rounds. This leads to the most consistency decision-makers to be the leaders of the negotiation
and persuade the rest of the decision-makers to adjust their assessments to increase the consensus.

Whether the models for group decision-making deal with different aspects of the decision-making process, a
comparison of the results returned by a model with others is not a straightforward task. The characteristics
considered by themodels are different and, as a consequence, a quantitative comparisonwould not bemeaning-
ful. In any case, in the following, we analyze some advantages and shortcomings of the model proposed in this
study. First, unlike the models incorporating feedback mechanisms whose operation remains fixed through-
out the different negotiation rounds [8,11–13,15] (they considers all the decision-makers have equal importance),
the proposed model adapts its operation to the decision-makers’ consistency. If the decision-makers’ consis-
tency is not considered by the feedback mechanism (importance weight) to provide the advice, an undesirable
situation could happen, that is, decision-makers with a low consistency, but with similar assessments, could
be the leaders of the negotiation due to the similarity in their assessments. Consequently, to improve the
agreement, the most consistent decision-makers should adjust their assessments. Nevertheless, because the
proposed model provides advice according to the decision-makers’ consistency, the decision-makers with a
low consistency receive more advice to adjust their assessments, allowing for the consistent decision-makers
to be the leaders of the negotiation and convince the other decision-makers to change their assessments to in-
crease the consensus. Second, different adaptive feedback mechanisms have been developed [14,16,17], but they
still present drawbacks. The model developed by [16] adapts its operation to the level of agreement achieved
in every negotiation round, which allows to reduce the number of negotiation round an to converge faster
to the consensus. Nevertheless, because it does not consider the consistency to provide the advice, the same
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problem described in the above models is also presented here. The models introduces by [14,17] are the most
similar to the one developed here, but adapting the advice to the credibility and the importance, respectively,
of the decision-makers. However, these values are subjectively assigned to the decision-makers. In addition,
they are not able to deal with multi-criteria settings.

Finally, we point out that the research conducted in this study can be continued as follows. First, the situations
in which decision-making problems are carried out have changed due to social networks, which facilitate the
participation of decision-makers, increasing the number of them. It has caused a new field withing group
decision-making, known as large scale group decision-making [40], that is currently gaining a great attention.
Therefore, the proposed model could be adapted to deal with this new kind of decision-making problem.
Second, intuitionistic reciprocal preference relations have been assumed, but other type of preference relations
as, for example, fuzzy hesitant preference relations, which allow tomodel the decision-maker’s hesitancy, could
be used [41,42]. Hence, the proposed model could be extended to deal with this kind of preference relations.
Third, to facilitate the achievement of agreements and negotiate them, automatic argumentationmethods could
be incorporated into the proposed model [43–45]. And, fourth, it could be applied to other areas related to green
manufacturing [46].
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