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Abstract
When a group of individuals try to collectively make a decision, it is important that
all of them accept the decision adopted. It
means, to improve consensus, some adjustments could be inevitably performed to the
initial assessments given by the individuals.
To do it, several models have been recently
developed from the viewpoint of the granular
computing paradigm. However, the models
dealing with intuitionistic reciprocal preference relations do not consider that the modified assessments could be very different from
the initial ones. The aim of this work is to develop a model based on the granular computing paradigm that tries to increase the consensus at the same time that tries to reduce
the dissimilarity between the original assessments and the adjusted ones. In addition
to it, this model is able to deal with multicriteria group decision making problems.
Keywords: Consensus, Granular computing, Intuitionistic reciprocal preference relations, Minimum adjustment, Multi-criteria
group decision making.

1

Introduction

Group decision making, otherwise called collaborative
decision making, characterizes a context in which a
number of individuals collectively arrive at a choice
from a collection of alternatives [26]. Instead of being
attributable to a single member of the group, the decision is now attributable to all the individuals as all of
them contribute to the outcome [6]. A decision made
by an individual is often different from that made by
a group. Due to it, group decision making is the most
popular model to produce buy-in from other people,
support creativity, and build consensus [20].

Consensus makes an effort to avoid “losers” and “winners”, it needs the major part of a group of individuals approves the decision made, but the other part also
agrees to it [16]. It means consensus is an iterative
way of reaching agreement between the individuals of
a group [13]. It ensures all individuals are attentively
listened. In such a way, as a result of keeping in mind
all ideas, concerns, and opinions, the group of individuals aims to make decisions that are useful for all.
To reach agreement, the members of the group must be
prepared for changing their initial positions, i.e., every member of the group has to allow a specific level
of adaptability in which her or his first position may
be changed. Within the recent past, a number of models developed from the viewpoint of the granular computing have been proposed to deal with group decision making problems defined in fuzzy environments
[9, 10, 21, 25]. Granular computing introduces a logical framework utilizing concepts, such as information granularity or information granules, for managing
knowledge gathered and handled at distinct levels of
abstraction [24]. In particular, the concept of information granularity has played an important role in this
kind of problems [23]. For instance, it has been used to
estimate missing information [7] and to improve consistency related to the assessments given by the individuals [10]. Related to the consensus, the topic studied in this work, information granularity has been also
used to support it. For instance, different models have
been developed in the context of the analytic hierarchy
process [21, 25] and in group decision making problems in which fuzzy preference relations [9, 11] and intuitionistic reciprocal preference relations [8] are used
to model the assessments given by the members of the
group.
Most models using the concept of information granularity that have been constructed to improve the consensus do not consider that the new assessments suggested could be to some extent different from the first
assessments provided by the individuals. By the defi-
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nition of consensus, it is assumed that individuals accept to change their initial viewpoints. However, if the
new assessments suggested are far from the first ones
provided, individuals could not accept the new ones.
For instance, let us suppose an individual thinks that a
car is travelling at an average speed of 100 kilometers
per hour. In this case, whether the adjusted average
speed suggested by the model is equal to 95 kilometers per hour, this individual could accept it in order to
contribute to the consensus. However, whether the adjusted average speed is equal to 50 kilometers per hour,
which is very different from the first opinion provided
by the individual, he or she could not accept it. Hence,
the model must minimize the dissimilarity between the
first assessment provided by the individual and the suggested one by reducing the adjustment [9, 32].
Another question that must be considered is that of
taking into account a number of criteria to assess the
alternatives. For instance, let us suppose we want to
drink wine and we must choose between four brands
of wines. With the aim of choosing the best wine, different criteria should be considered: color, appearance,
body of wine, odor of wine, taste, and so on. However,
most models using the concept of information granularity to improve the consensus assume that individuals
assess the alternatives as a whole instead of considering different criteria to evaluate them.
This work aims to build a new granular consensus
model for multi-criteria group decision making. First,
assuming intuitionistic reciprocal preference relations
[28] to model the assessments provided by the individuals of the group and being based on the concept of
information granularity, this new model improves the
consensus at the same time that reduces the dissimilarity between the original assessments and the suggested
ones. Second, it is able to deal with decision making
contexts in which a number of criteria are taken into
account to assess the collection of alternatives.
The rest of this work is organized as follows. Section 2
recalls both the definition of a group decision making
problem in a multi-criteria context and the definition
of an intuitionistic reciprocal preference relation. The
new granular consensus model proposed in this work
is fully described in Section 3. An experimental study
is carried out in Section 4. Its results are also analyzed
in this section. Finally, Section 5 concludes the work
and points out several future research directions.

2

Preliminaries

We recall the group decision making problems defined
in multi-criteria contexts and the intuitionistic reciprocal preference relations in this section.

2.1

Multi-criteria group decision making

According to the individuals’ assessments, the most
appropriate alternative is obtained between a collection of possible options by producing a ranking of them
[25]. Instead of considering an only one criterion, it
is frequent that individuals have multiple criteria in
mind when assessing the alternatives [18]. Then, we
face a multi-criteria group decision making problem,
which is characterized by a finite collection of alternatives, A = {a1 , a2 , . . . , an }; a finite group of individuals,
I = {i1 , i2 , . . . , iz }; a finite collection of criteria used to
assess the alternatives, C = {c1 , c2 , . . . , cq }; and every
criterion cl ∈ C has associated a weight of importance
wl ∈ [0, 1]. Usually, they are normalized: ∑ql=1 wl = 1.
The individuals’ assessments on the alternatives usually represent the preference degree of one alternative
over other one for a particular criterion or the degree up
to which an alternative satisfies a given criterion. Any
case, a particular representation domain must be chosen to characterize the assessments [17]. In particular,
fuzzy set theory has been used in the resolution of decision making processes as they are cognitive processes
in which participate individuals (humans) [4]. Actually, fuzzy set theory and its extensions have demonstrated to be helpful in representing decision information pervaded with human uncertainty [5].
2.2

Intuitionistic reciprocal preference relations

Fuzzy set theory assumes 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)
[31]. It means adding the membership degree of every
element y of a universal set Y to a fuzzy set B and its
complement Bc is equal to 1 in this theory. However,
the Atanassov’s intuitionistic fuzzy set theory [1, 2, 3],
one of the extensions of the fuzzy set theory, relaxes
this fundamental assumption. Concretely, it assumes
the referred sum rests on the condition of being equal
or less than 1. It means the membership degree of every element y of a universal set Y to the complement
fuzzy set of B is equal or smaller than 1 − µB (y).
Definition 1 [1] “Let Y be a non-empty universe. An
Atanassov’s intuitionistic fuzzy set (AIFS) B on Y is
defined as B = {(y, µB (y), νB (y)) | y ∈ Y } with µB (y) ∈
[0, 1] being the membership degree of the element y ∈ Y
in B and νB (y) ∈ [0, 1] being the non-membership degree of the element y ∈ Y in B, subject to the constraint
0 ≤ µB (y) + νB (y) ≤ 1.”
Related to every element y ∈ Y in the studied set B, a
hesitancy index is characterized as πB (y) = 1− µB (y)−
νB (y). This index determines an individual’s hesita-
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tion measure to give a numerical value to µB (y) and
νB (y). Its advantage is to allow another freedom degree, which can model hesitancy of individuals concerning the inclusion and exclusion of an element to
a given set [29]. It gives us an additional possibility
of representing imperfect knowledge what leads to describing many real problems in a more adequate way.
Whether an AIFS is used to represent the assessment
provided by an individual and this assessment is interpreted as the preference degree of one alternative
over other one, it leads to pairwise comparison assessments between the available alternatives. In particular,
it leads to intuitionistic reciprocal preference relations.
Definition 2 [28] “An intuitionistic reciprocal preference relation R on the set A is represented
by a matrix R = (ri j )n×n ⊂ A × A with ri j =
h(ai , a j ), µR (ai , a j ), νR (ai , a j )i ∀i, j = 1, 2, . . . , n. For
convenience, let ri j = hµi j , νi j i ∀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
µii = νii = 0.5
µ ji = νi j

3

∀i, j = 1, 2, . . . , n

(1)

∀i = 1, 2, . . . , n

(2)

∀i, j = 1, 2, . . . , n”

(3)

Granular consensus model based on
minimum adjustment

3.2

Improvement of consensus with minimum
adjustment

Once the individuals have provided their assessments
via intuitionistic reciprocal preference relations and
prior to make the decision, generally made by means of
a selection process [15], the consensus among the individuals must be measured. The idea is that whether
the measurement obtained is not enough (a threshold
value is generally established [11]) the group is required to discuss again. This usually leads to the modification of the initial assessments to bring positions
closer. To model it, the concept of information granularity serves as a suitable way of allowing the flexibility that is needed [23]. Concretely, it helps transforming the entries of the intuitionistic reciprocal preference relations, which are composed of two numerical
values representing an AIFS, into information granules
of higher abstraction level [22], leading to granular intuitionistic reciprocal preference relations [8, 10].
The notation G(R) is commonly used to call attention
to the use of a granular version of an intuitionistic reciprocal preference relation R. Concretely, and similar
like other proposals [11, 21, 25], we consider the information granulation framework assumed in this model
is based on intervals. It stands for G(R) = I(R), being I(·) a family of intervals. It brings out the concept
of information granularity plays a notable role as synonym for the flexibility inserted into the components of
the intuitionistic reciprocal preference relations. That
is, the length of the intervals, which are characterized
by an information granularity level α, may be utilized
to improve the consensus.

This section elaborates on the granular consensus
model for multi-criteria group decision making based
on intuitionistic reciprocal preference relations and
minimum adjustment that we propose in this work.
This new model, which is based on the concept of information granularity, aims to increase the consensus
among the individuals at the same time that reduces the
dissimilarity between the original assessments given
by them and the suggested ones. To do so, the consensus model is structured into two phases, which are
elaborated on next.

To sum up, we aim to improve the consensus by adjusting the assessments provided by the individuals,
which are in the form of AIFSs, within the limits that
the information granularity level α allows. In addition, we aim to reduce the dissimilarity between the assessments provided by the individuals and the adjusted
ones. This is done via the particle swarm optimization
(PSO) algorithm [19], which has been successfully applied in similar problems [10, 22, 23].

3.1

PSO starts with a swarm consisting of a number of
particles depicted as positions in a search-space of d
dimensions, i.e., the particles represent potential solutions of the optimization task. By moving to a new
position based on their previous positions and a new
velocity, the particles try to discover, in a iterative way,
a solution that optimizes a fitness function f .

Gathering assessments

The starting point of this model is a multi-criteria
group decision making defined as in Section 2.1 and
the use of intuitionistic reciprocal preference relations
to characterize the individuals’ assessments. In effect,
in this first phase of the model, every individual ih ,
h ∈ {1, . . . , z}, provides an (individual) intuitionistic
reciprocal preference relation Rhl for each criterion cl ,
l ∈ {1, . . . , q}.

3.2.1

Algorithm

In this work, we assume the generic form of this algorithm (refer to [27] for a number of variants, which
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could be also used here). Considering that every particle k is composed of three d-dimensional vectors,
vk = (vk,1 , vk,2 , . . . , vk,d ), xk = (xk,1 , xk,2 , . . . , xk,d ) and
xbk = (xbk,1 , xbk,2 , . . . , xbk,d ), representing its velocity,
current position and best position achieved so far, respectively, the following expressions control the next
velocity and position of the particle [19]:

3.2.3

Fitness function

vk,h (t + 1) = ω · vk,h (t) + c1 · rh · (xbk,h (t) − xk,h (t))

The particle’s objective is to optimize the return value
of the fitness function f at its position. In this work, by
adjusting the initial assessments communicated by the
individuals, first, we want to maximize the consensus
achieved and, second, we want to decrease the dissimilarity between the adjusted assessments and the initial
ones. According to these considerations:

+ c2 · sh · (xgh (t) − xk,h (t))

f = γ · cr + (1 − γ) · (1 − ds)

xk,h (t + 1) = xk,h (t) + vk,h (t + 1)

(4)

being t the current iteration and h the dimension of the
particle k ; ω, called inertia weight, serves to scale the
current velocity (a small value means local exploration
and a high value means global exploration); c1 and c2
denote two acceleration coefficients modeling the step
size the particle takes in the direction of its best position and in the direction of the best global position,
respectively; r = (r1 , r2 , . . . , rd ) and s = (s1 , s2 , . . . , sd )
are two vectors of values from two random sequences
in [0, 1]; and xg = (xg1 , xg2 , . . . , xgd ) is a vector characterizing the global best position achieved by a particle
of the swarm.
3.2.2

(10)

(5)
being γ ∈ [0, 1] a parameter establishing a tradeoff between the consensus reached, cr, and the dissimilarity, ds, between the intuitionistic reciprocal preference
relations provided by the individuals, Rhl , and the adhl
justed ones, R , h ∈ {1, . . . , z} and l ∈ {1, . . . , q}.
According to (10), we need to compute two values, i.e.
cr and ds, in order to get the value of the fitness function f . To compute cr, we introduce a new approach
based on the three levels of an intuitionistic reciprocal preference relation. Similar to other methodologies
computing the consensus achieved by the members of
a group, it is based on the concept of coincidence [14].
This new approach presents the following steps:

Particle’s representation

Based on the distinguishing features of the multicriteria group decision making problem modeled, every particle is characterized by a vector whose components belong to the closed interval [0, 1]. Concretely,
whether the problem is set up with q criteria, n alternatives and z individuals, every particle consists in a
vector of q · (n − 1) · n · z dimensions.
Let ri j = hµi j , νi j i be an element of an intuitionistic
reciprocal preference relation R. Whether α is the
information granularity level established, the components, µi j and νi j , can take values within the intervals
[Lµi j , Uµi j ] and [Lνi j , Uνi j ], respectively, in I(R):
α
α
), min(1, µi j + )] (6)
2
2
α
α
[Lνi j , Uνi j ] = [max(0, νi j − ), min(1, νi j + )] (7)
2
2

[Lµi j , Uµi j ] = [max(0, µi j −

For illustrative purposes, let r24 and α be h0.3, 0.6i and
0.3, respectively. Let xk,h = 0.4 and xk,h+1 = 0.2 be the
corresponding components of the particle k. According to (6) and (7), the corresponding intervals to µ24
and ν24 are [0.15, 0.45] and [0.45, 0.75], respectively.
Finally, using (8) and (9), we get that the adjusted values, µ 24 and ν 24 , of r24 are 0.27 and 0.51, respectively,
i.e., r24 = h0.27, 0.51i.
µ i j = Lµi j + (Uµi j − Lµi j ) · xk,h

(8)

ν i j = Lνi j + (Uνi j − Lνi j ) · xk,h+1

(9)

• Computation of a matrix for every pair of individuals, ig and ih , and every criterion, cl , denoted
as SM = (smghl
i j ), that characterizes the similarity
between the assessments communicated by these
pair of individuals according to that criterion:
gl hl
smghl
i j = 1 − d(ri j , ri j )

(11)

being d a metric that determines the distance between two AIFSs [30].
• Computation of a matrix for every criterion, cl ,
denoted as CM l = (cmli j ), that characterizes the
consensus achieved by the group on that criterion:
cmli j =

z−1
z
2
smghl
∑
∑
z · (z − 1) g=1 h=g+1 i j

(12)

• Computation, for every matrix CM l , of three consensus measures: a measure of consensus, cpli j ,
associated with a pair of alternatives, ai and a j , a
measure of consensus, cali , associated with an alternative, ai , and a measure of global consensus,
crl . These consensus measures are computed as:
cpli j = cmli j
cali =
crl =

1
2 · (n − 1)
1 n l
∑ cai
n i=1

(13)
n

∑

(cpli j + cplji )

(14)

j=1; j6=i

(15)
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• Computation of cr via the weighted average of the
measures of global consensus associated with the
criteria:
q

∑ wl · crl

cr =

(16)

l=1

To compute ds, we need to obtain the dissimilarity between the first assessments provided by the individuals
and the adjusted ones. It is done as:
• Computation of a dissimilarity index for every individual, ih , and every criterion, cl , denoted as
dshl , that characterizes the dissimilarity between
the assessments communicated by that individual
and the suggested ones on that criterion:
dshl =

n
n
1
d(rhl , rhl )
∑
∑
n · (n − 1) i=1 j=1; j6=i i j i j

(17)

being d a metric that determines the distance between two AIFSs [30].
• Computation of a dissimilarity index for every
criterion, cl , denoted as dsl , that characterizes the
dissimilarity between the assessments communicated by the group of individuals and the suggested ones on that criterion:
dsl =

1 z
∑ dshl
z h=1

(18)

• Computation of ds via the weighted average of
the dissimilarity indexes related to the criteria:
q

ds =

l

∑ wl · ds

(19)

l=1

4

Experimental study

This section carries out an experimental study illustrating this new granular consensus model and
analyzing its results.
Let I = {i1 , i2 , i3 , i4 } be
four estate agents evaluating four houses for sale,
A = {a1 , a2 , a3 , a4 }, according to these three criteria, C = {c1 = distance to center, c2 = age, c3 =
number of rooms}, being their importance weights:
w1 = 0.3, w2 = 0.2 and w3 = 0.5.
The first estate agent gives these intuitionistic reciprocal preference relations:

h0.50, 0.50i
h0.30, 0.70i
11
R =
h0.40, 0.60i
h0.70, 0.30i

h0.50, 0.50i
h0.20, 0.70i
R12 = 
h0.30, 0.70i
h0.70, 0.20i

h0.70, 0.30i
h0.50, 0.50i
h0.40, 0.50i
h0.70, 0.30i
h0.70, 0.20i
h0.50, 0.50i
h0.20, 0.70i
h0.70, 0.20i

h0.60, 0.40i
h0.50, 0.40i
h0.50, 0.50i
h0.40, 0.60i
h0.70, 0.30i
h0.70, 0.20i
h0.50, 0.50i
h0.60, 0.40i


h0.30, 0.70i
h0.30, 0.70i
h0.60, 0.40i
h0.50, 0.50i

h0.20, 0.70i
h0.20, 0.70i
h0.40, 0.60i
h0.50, 0.50i


h0.50, 0.50i
h0.50, 0.50i
13
R =
h0.50, 0.50i
h0.50, 0.50i

h0.50, 0.50i
h0.50, 0.50i
h0.70, 0.30i
h0.30, 0.60i

h0.50, 0.50i
h0.30, 0.70i
h0.50, 0.50i
h0.70, 0.20i


h0.50, 0.50i
h0.60, 0.30i
h0.20, 0.70i
h0.50, 0.50i

The second estate agent gives these intuitionistic reciprocal preference relations:

h0.50, 0.50i
h0.70, 0.20i
21
R =
h0.30, 0.70i
h0.30, 0.60i

h0.50, 0.50i
h0.50, 0.50i
R22 = 
h0.70, 0.30i
h0.50, 0.50i

h0.50, 0.50i
h0.80, 0.20i
23
R =
h0.20, 0.70i
h0.40, 0.60i

h0.20, 0.70i
h0.50, 0.50i
h0.10, 0.90i
h0.60, 0.30i
h0.50, 0.50i
h0.50, 0.50i
h0.10, 0.80i
h0.30, 0.70i
h0.20, 0.80i
h0.50, 0.50i
h0.20, 0.70i
h0.30, 0.70i

h0.70, 0.30i
h0.90, 0.10i
h0.50, 0.50i
h0.40, 0.60i
h0.30, 0.70i
h0.80, 0.10i
h0.50, 0.50i
h0.70, 0.20i
h0.70, 0.20i
h0.70, 0.20i
h0.50, 0.50i
h0.40, 0.60i


h0.60, 0.30i
h0.30, 0.60i
h0.60, 0.40i
h0.50, 0.50i

h0.50, 0.50i
h0.70, 0.30i
h0.20, 0.70i
h0.50, 0.50i

h0.60, 0.40i
h0.70, 0.30i
h0.60, 0.40i
h0.50, 0.50i

The third estate agent gives these intuitionistic reciprocal preference relations:

h0.50, 0.50i
h0.20, 0.70i
31
R =
h0.40, 0.60i
h0.70, 0.30i

h0.50, 0.50i
h0.60, 0.40i
R32 = 
h0.60, 0.40i
h0.80, 0.20i

h0.50, 0.50i
h0.20, 0.80i
33
R =
h0.80, 0.20i
h0.70, 0.20i

h0.70, 0.20i
h0.50, 0.50i
h0.30, 0.60i
h0.10, 0.80i
h0.40, 0.60i
h0.50, 0.50i
h0.50, 0.50i
h0.20, 0.80i
h0.80, 0.20i
h0.50, 0.50i
h0.60, 0.40i
h0.50, 0.50i

h0.60, 0.40i
h0.60, 0.30i
h0.50, 0.50i
h0.10, 0.90i
h0.40, 0.60i
h0.50, 0.50i
h0.50, 0.50i
h0.70, 0.20i
h0.20, 0.80i
h0.40, 0.60i
h0.50, 0.50i
h0.20, 0.70i


h0.30, 0.70i
h0.80, 0.10i
h0.90, 0.10i
h0.50, 0.50i

h0.20, 0.80i
h0.80, 0.20i
h0.20, 0.70i
h0.50, 0.50i

h0.20, 0.70i
h0.50, 0.50i
h0.70, 0.20i
h0.50, 0.50i

And the fourth estate agent gives these intuitionistic
reciprocal preference relations:

h0.50, 0.50i
h0.10, 0.80i
R41 = 
h0.70, 0.20i
h0.30, 0.60i

h0.50, 0.50i
h0.30, 0.70i
42
R =
h0.50, 0.50i
h0.30, 0.70i

h0.50, 0.50i
h0.30, 0.70i
43
R =
h0.90, 0.10i
h0.90, 0.10i

h0.80, 0.10i
h0.50, 0.50i
h0.40, 0.60i
h0.70, 0.20i
h0.70, 0.30i
h0.50, 0.50i
h0.60, 0.40i
h0.20, 0.70i
h0.70, 0.30i
h0.50, 0.50i
h0.70, 0.20i
h0.70, 0.20i

h0.20, 0.70i
h0.60, 0.40i
h0.50, 0.50i
h0.40, 0.60i
h0.50, 0.50i
h0.40, 0.60i
h0.50, 0.50i
h0.50, 0.50i
h0.10, 0.90i
h0.20, 0.70i
h0.50, 0.50i
h0.70, 0.30i


h0.60, 0.30i
h0.20, 0.70i
h0.60, 0.40i
h0.50, 0.50i

h0.70, 0.30i
h0.70, 0.20i
h0.50, 0.50i
h0.50, 0.50i

h0.10, 0.90i
h0.20, 0.70i
h0.30, 0.70i
h0.50, 0.50i

Considering these assessments, the consensus, cr,
among the group of estate agents is 0.731 according to
the approach presented in Section 3.2.3. This value has
been obtained by using the Hamming distance between
two AIFSs, B1 and B2 , as d in (11) and (17). However,
other distance metrics of AIFSs could be used [30].
This distance is defined as [30]:

d(B1 , B2 ) =

1 n 
∑ |µB1 (yi ) − µB2 (yi )|
2 i=1

+ |νB1 (yi ) − νB2 (yi )|

(20)
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If the consensus achieved must be greater than 0.75
before selecting the best house for sale, it means the
estate agents must modify their assessments to increase
the consensus and, here, our proposal comes into play.
Before showing the results generated by our proposal,
we note the values assigned to the parameters of the
PSO. Concretely, c1 and c2 were set to 2, ω were set to
0.2, the swarm consisted of 100 particles, and the number of iterations carried out were 300. These values
were assigned because of an intense experimentation.
However, depending on the number of individuals, criteria and alternatives, these values can vary.
The results provided by our proposal for chosen values of α and γ = 0.5 are shown in Table 1. It can
be observed that a higher value of α allows a higher
flexibility. Consequently, the consensus achieved, cr,
is greater. As an example, a consensus equal to 0.795
is reached whether α = 0.4, however, a greater value
is obtained, cr = 0.922, whether a higher granularity
level is assumed, α = 1.0, in this case. On the contrary, a higher flexibility means a greater probability of
producing adjusted assessments that could be very different from those initially given by the individuals. As
an example, a dissimilarity equal to 0.077 is achieved
whether α = 0.4, however, a greater value is reached,
ds = 0.152, whether a higher granularity level is considered, α = 1.0, in this case.
To analyze the impact of the parameter γ in the composite fitness function f , Table 2 shows the results
achieved by our proposal for chosen values of γ and
α = 0.5. These results reflect that a higher consensus
is reached whether γ = 1.0, which is logical as, in such
a case, the optimization only concerns the consensus.
On the contrary, whether γ takes values different from
1, the fitness function f incorporates the effect of the
dissimilarity, ds, and, therefore, the consensus reached
is lower because the optimization is not only focused
on maximizing the consensus, cr. It means lower values of γ imply a lower consensus, cr, and a lower dissimilarity, ds, because more importance is given to the
dissimilarity between the assessment provided by the
individuals and the adjusted ones.

α
α
α
α
α

= 0.2
= 0.4
= 0.6
= 0.8
= 1.0

f
0.858
0.859
0.863
0.871
0.885

cr
0.755
0.795
0.830
0.864
0.922

ds
0.040
0.077
0.104
0.123
0.152

Table 1: Values of f , cr and ds for γ = 0.5 and fixed
values of α.

γ
γ
γ
γ
γ
γ

= 0.0
= 0.2
= 0.4
= 0.6
= 0.8
= 1.0

f
0.919
0.888
0.865
0.842
0.822
0.807

cr
0.754
0.774
0.794
0.798
0.801
0.807

ds
0.081
0.083
0.087
0.093
0.096
0.103

Table 2: Values of f , cr and ds for α = 0.5 and fixed
values of γ.

Finally, as an example of the assessments generated by
the proposed granular consensus model, we show the
adjusted intuitionistic reciprocal preference relations
obtained when α = 0.2 and γ = 0.5:

h0.50, 0.50i
h0.23, 0.63i
11
R =
h0.33, 0.51i
h0.62, 0.22i

h0.50, 0.50i
h0.14, 0.61i
12
R =
h0.23, 0.62i
h0.62, 0.12i

h0.50, 0.50i
h0.42, 0.43i
13
R =
h0.40, 0.41i
h0.42, 0.42i

h0.50, 0.50i
h0.62, 0.12i
21
R =
h0.22, 0.62i
h0.22, 0.50i

h0.50, 0.50i
h0.42, 0.42i
22
R =
h0.61, 0.21i
h0.42, 0.42i

h0.50, 0.50i
h0.70, 0.30i
23
R =
h0.30, 0.60i
h0.33, 0.51i

h0.50, 0.50i
h0.13, 0.62i
31
R =
h0.32, 0.53i
h0.62, 0.22i

h0.50, 0.50i
h0.50, 0.31i
32
R =
h0.53, 0.31i
h0.72, 0.20i

h0.50, 0.50i
h0.13, 0.73i
33
R =
h0.70, 0.12i
h0.63, 0.14i

h0.50, 0.50i
h0.02, 0.70i
41
R =
h0.60, 0.13i
h0.23, 0.51i

h0.50, 0.50i
h0.21, 0.62i
42
R =
h0.44, 0.42i
h0.23, 0.62i

h0.63, 0.23i
h0.50, 0.50i
h0.32, 0.43i
h0.60, 0.20i
h0.61, 0.14i
h0.50, 0.50i
h0.12, 0.63i
h0.63, 0.13i
h0.43, 0.42i
h0.50, 0.50i
h0.63, 0.28i
h0.22, 0.53i
h0.12, 0.62i
h0.50, 0.50i
h0.01, 0.80i
h0.50, 0.23i
h0.42, 0.42i
h0.50, 0.50i
h0.02, 0.73i
h0.22, 0.63i
h0.30, 0.70i
h0.50, 0.50i
h0.12, 0.60i
h0.23, 0.60i
h0.62, 0.13i
h0.50, 0.50i
h0.23, 0.54i
h0.01, 0.70i
h0.31, 0.50i
h0.50, 0.50i
h0.40, 0.42i
h0.13, 0.72i
h0.73, 0.13i
h0.50, 0.50i
h0.53, 0.33i
h0.42, 0.41i
h0.70, 0.02i
h0.50, 0.50i
h0.30, 0.50i
h0.60, 0.13i
h0.62, 0.21i
h0.50, 0.50i
h0.52, 0.33i
h0.23, 0.62i

h0.51, 0.33i
h0.43, 0.32i
h0.50, 0.50i
h0.31, 0.53i
h0.62, 0.23i
h0.63, 0.12i
h0.50, 0.50i
h0.52, 0.32i
h0.41, 0.40i
h0.28, 0.63i
h0.50, 0.50i
h0.63, 0.30i
h0.62, 0.22i
h0.80, 0.01i
h0.50, 0.50i
h0.33, 0.52i
h0.21, 0.61i
h0.73, 0.02i
h0.50, 0.50i
h0.60, 0.11i
h0.60, 0.30i
h0.60, 0.12i
h0.50, 0.50i
h0.34, 0.53i
h0.53, 0.32i
h0.54, 0.23i
h0.50, 0.50i
h0.04, 0.80i
h0.31, 0.53i
h0.42, 0.40i
h0.50, 0.50i
h0.62, 0.12i
h0.12, 0.70i
h0.33, 0.53i
h0.50, 0.50i
h0.14, 0.60i
h0.13, 0.60i
h0.50, 0.30i
h0.50, 0.50i
h0.30, 0.54i
h0.42, 0.44i
h0.33, 0.52i
h0.50, 0.50i
h0.44, 0.40i


h0.22, 0.62i
h0.20, 0.60i
h0.53, 0.31i
h0.50, 0.50i

h0.12, 0.62i
h0.13, 0.63i
h0.32, 0.52i
h0.50, 0.50i

h0.42, 0.42i
h0.53, 0.22i
h0.30, 0.63i
h0.50, 0.50i

h0.50, 0.22i
h0.23, 0.50i
h0.52, 0.33i
h0.50, 0.50i

h0.42, 0.42i
h0.63, 0.22i
h0.11, 0.60i
h0.50, 0.50i

h0.51, 0.33i
h0.60, 0.23i
h0.53, 0.34i
h0.50, 0.50i

h0.22, 0.62i
h0.70, 0.01i
h0.80, 0.04i
h0.50, 0.50i

h0.20, 0.72i
h0.72, 0.13i
h0.12, 0.62i
h0.50, 0.50i

h0.14, 0.63i
h0.41, 0.42i
h0.60, 0.14i
h0.50, 0.50i

h0.51, 0.23i
h0.13, 0.60i
h0.54, 0.30i
h0.50, 0.50i

h0.62, 0.23i
h0.62, 0.23i
h0.40, 0.44i
h0.50, 0.50i
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h0.50, 0.50i
h0.23, 0.64i
43
R =
h0.80, 0.07i
h0.80, 0.20i

h0.64, 0.23i
h0.50, 0.50i
h0.62, 0.12i
h0.62, 0.30i

h0.07, 0.80i
h0.12, 0.62i
h0.50, 0.50i
h0.63, 0.23i


h0.20, 0.80i
h0.30, 0.62i
h0.23, 0.63i
h0.50, 0.50i

Considering these adjusted assessments, the consensus, cr, among the group of estate agents is now 0.755,
which is higher than 0.75 (threshold value). Therefore,
the best house for sale can be then selected by applying
a selection process like those developed in [15].

5

Conclusions and future work

In this work, we have introduced a new consensus
model based on the granular computing paradigm
for multi-criteria group decision making problems in
which the assessments given by the members of the
group are modeled via intuitionistic reciprocal preference relations. In contrast to the existing granular models dealing with intuitionistic reciprocal preference relations, first, it can handle decision making scenarios
where several criteria are considered to assess the alternatives, and, second, it improves the consensus at
the same time that reduces the dissimilarity between
the first assessments provided by the members of the
group and the suggested ones. Consequently, it allows
us to reach a notable balance between reduction of dissimilarity and improvement of consensus.
The research carried out in this work could be continued as follows:
• In decision making processes, coherence in pairwise comparisons is required to ensure consistent
decisions [12]. However, pairwise comparison
between the alternatives have traps, i.e., it is quite
possible to obtain cycles, especially when many
individuals consider many alternatives and many
criteria. In consequence, as an additional component to the fitness function, the consistency associated with the assessments provided by individual members could be incorporated.
• The new model focuses on suggesting assessments as close as possible to the initial assessments provided by the group members. In addition to this, the number of assessments adjusted
should be reduced. In consequence, the number
of assessments that should be modified could be
incorporated as component to the fitness function.
• The new model assumes that individuals can directly provide AIFSs. However, it is not always
easy at all unless the individuals are really familiar with them. Therefore, automatic procedures
transforming natural information from individuals into AIFSs should be used.
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