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Abstract

In group decision support systems, it is important on how to process and manage individual decision information. In the
paper, a sequential model is proposed to manage individual judgements with additively reciprocal property over paired
alternatives. The process of realizing additive complementary pairwise comparisons (ACPCs) is captured. A real-time
feedback mechanism is constructed to address the irrational behavior of individuals. An optimization model is established
and solved by using the particle swarm optimization (PSO) algorithm, such that the consistency of individual judgements can
be improved fast yet effectively. For the aggregation of individual decision information in group decision making (GDM), the
weighted averaging operator is used. It is found that when all individual judgements are acceptably additively consistent, the
collective matrix is with acceptable additive consistency. Under the control of individual consistency degrees, the approach
of reaching consensus in GDM is further proposed. By comparing with some existing models, the observations reveal that
the sequential model of originating additive complementary pairwise comparisons possesses the ability to rationally manage
individual decision information.

Keywords Group decision making (GDM) - Additive complementary pairwise comparisons (ACPCs) - Sequential model -
Particle swarm optimization (PSO) - Acceptable additive consistency - Consensus

1 Introduction

In decision support models and systems, the basic decision
information usually comes from the judgements of decision
makers (DMs) on alternatives [23]. For a finite set of
alternatives X = {x,xp,---,Xx,}, it is convenient to
express the DMs’ opinions as a matrix such as multiplicative
reciprocal matrices (MRMs) [30], additive complementary
judgement matrices (ACJMs) or fuzzy preference relations
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(FPRs) [25, 33], linguistic preference relations (LPRs) [6,
10], intuitionistic fuzzy preference relations (IFPRs) [16,
44] and others [34, 40]. The derived preference relations
are always used as the basic tools for analyzing a decision
making problem and reaching a finial solution. Here we
mainly focus on the consensus model where ACJMs are
used to express individual decision information in a GDM
problem.

It is noted that an ACJM is originated by applying the
sense of fuzzy sets to the binary relations of alternatives [33,
54]. That is, when defining a mapping as follows:

R:X x X+~ [0,1], (D

and writing R(x;, x;) = rjj fori, j € I, ={1,2,--- ,n},
a matrix R = (rij)uxn 18 determined. In general, it is
supposed that the additively reciprocal property is satisfied
with the relation of r;; +rj;; = 1 (Vi,j € I,) [33].
Therefore, the matrix R(x;,x;) = r; is called as an
ACJIM to distinguish the concept of MRMs. One can see
that the decision support models based on ACIMs have
attracted a great deal of attention [8, 29, 47]. As shown in
the above mentioned works, a completed ACJM is always
used to make a decision analysis. It means that only when


http://crossmark.crossref.org/dialog/?doi=10.1007/s10489-021-02248-y&domain=pdf
http://orcid.org/0000-0003-3691-6902
mailto: fang272@126.com
mailto: f_liu@gxu.edu.cn
mailto: 2511502519@qq.com
mailto: zhluo200@163.com

Group decision support model based on sequential...

7123

completing all pairwise comparisons of alternatives, the
obtained matrix is considered to be applicable. However, in
a practical case, the preference intensities r;; (i, j € 1)
are given by using a sequential pairwise comparisons of
alternatives. For example, a comparison sequence could be
chosen as follows:

X1 <> X2, X] < X3, -,

X1 < Xp,  cct, Xp—l € X )

The preference intensity r;; could be given by carefully
studying the relation of x; and x;. After repeated
comparisons, finally the DM could offer the values of the
preference intensities. It is seen that the comparison process
is complex and related to the knowledge, the experience,
and the psychology of DMs. When a completed ACIM is
used, the process of giving additive complementary pairwise
comparisons 7;; has been neglected. In order to capture the
complexity of a pairwise comparison process, it is worth
noting that a sequential model based on leading principal
submatrices of a reciprocal preference relation has been
proposed in [20, 21]. Based on the developed sequential
model [20, 21], the process of paired comparisons can be
simulated, then the evolutionary processes associated with
the inconsistency degrees of judgements and the priorities
of alternatives in pairwise comparisons can be captured.
Hence, the sequential model in [20, 21] has the advantages
that (i) the process of giving pairwise comparisons could be
described carefully; (ii) the irrational behavior of the DM
could be checked accurately; (iii) the DM could be reminded
timely to reconsider or modify her/his judgements. In the
present study, we follow the idea in [20, 21] to consider
the process of giving r;; and propose a sequential model
of ACPCs. It is an attempt to manage individual decision
information with rationality and efficiency in a consensus
reaching process of GDM.

Moreover, it is seen that two important issues are worth
to be investigated in a GDM model with ACJMs. One is
the consistency of decision information and the other is
the process of building consensus. For the consistency of
ACJMs, additive and multiplicative consistency definitions
have been proposed in [33]. A functional consistency
definition of ACJMs has been further developed in [11]
by considering the relationship among entries. In addition,
one can find that a consistent matrix corresponds to an
ideal case and an inconsistent one iS more common in a
practical situation [30]. Hence, the inconsistency degree
of an ACJM should be quantified and some indexes have
been proposed [12, 37, 46, 50]. In particular, it is noted
that the threshold of acceptable additive consistency for
ACJMs has been discussed in [50] by using the distance-
based method. When a comparison matrix is not acceptably
consistent, the method of improving consistency should
be proposed [42]. In order to improve the consistency of

an inconsistent ACJM, many methods have been proposed
[24, 37, 38, 41, 49]. For example, an iteration algorithm
was proposed in [24] to repair the consistency degree of
ACJMs by considering the distance to a consistent one. By
defining a deviation measure, an algorithm was proposed
in [37] to adjust an inconsistent ACJM to a new one with
acceptable consistency. The PSO algorithm was applied to
improve the consistency degree of ACIJMs by equipping
a granularity level in [1]. The ordinal consistency and
multiplicative consistency of ACJMs were improved by
proposing an ordinal consistency index in [51]. It is seen
that the above-mentioned consistency improving methods
are usually based on a completed ACIM. Here since
a sequential model of additive complementary pairwise
comparisons is utilized, the consistency improving method
should be developed correspondingly.

On the other hand, for reaching the consensus in GDM
with ACJMs, a great number of models have been proposed
[12, 13, 33]. For instance, a feedback-mechanism-based
iteration algorithm has been reported in [3, 12], where the
process of improving the consensus level in GDM has been
controlled. The group decision support model in [37] was
based on the improvement of the consensus level of experts.
With the knowledge of Abelian linearly ordered group,
the generalized GDM consensus model has been addressed
in [41], where the consensus index was used. Cabrerizo
et al. [2] have introduced the concept of the information
granularity and the consensus in GDM was reached by
using the PSO algorithm. A consensus reaching process
with individual consistency control has been proposed by Li
et al. [15]. Liu et al. [22] have proposed a consensus model
for GDM with ACJMs based on the technique for order
preference by similarity to an ideal solution (TOPSIS). In
addition, the social network analysis and the prospect theory
have been introduced into the process of reaching consensus
[7, 35, 39, 56]. The trust measures in the recommender
systems were incorporated into the process of reaching
consensus in GDM [4, 36, 55]. In this study, we further
develop the method of reaching consensus in GDM with
ACJMs by using the sequential model of ACPCs.

For the purpose of achieving the above objectives, the
remaining parts of this paper is organized as follows.
Section 2 briefly recalls the definitions of ACJMs and
additive consistency index in [50]. A sequential model
of ACPCs is proposed by comparing the existing one.
In Section 3, a novel method of improving the additive
consistency of ACJMs is proposed according to the
developed sequential model. A novel optimization model is
constructed to adjust an inconsistent ACJM to a new one
with acceptable additive consistency. The PSO algorithm
is adopted to effectively solve the constructed optimization
model. It is found that the initial decision information
can be kept as much as possible. Section 4 addresses a
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new method of building consensus based on individual
consistency control in GDM. A feedback mechanism is
established to remind DMs avoiding the irrational and
illogical judgements. The novel finding is attributed to the
fact that when individual ACJMs are acceptably additively
consistent, the collective matrix is acceptably additively
consistent by using the weighted averaging operator.
Conclusions are covered in the last section.

2 Modeling additive complementary
pairwise comparisons

Assume that there are a set of alternatives X =
{x1,x2, -+, x,}, and the binary relation is defined as (1). If
the alternative x; is preferred to x, the value of r;; satisfies
0.5 < rij < 1. 1If the alternative x; is preferred to x;, we
have 0 < r;; < 0.5. If the alternative x; is indifferent to x,
it gives r;; = 0.5. Moreover, when the preference intensity
of x; over x; is given, it is considered that the preference
intensity of x; over x; is determined simultaneously. Then
the additively reciprocal property is satisfied with r;; +r;; =
1 [33]. In addition, one can see that the process of creating
the preference intensities r;; (i, j € 1,) means that of
pairwisely comparing the alternatives. By considering the
property of r;; +7j; = 1, we call the process of giving r;;
(i, j € I,) as that of realizing ACPCs.

2.1 A completed model of ACPCs

When the ACPCs for all alternatives are completed, an
ACIM R = (rij)nxn is formed. In the known literature,
the completed ACJM is usually used as a basic tool for
decision analyzing and modelling [7, 12, 20, 33, 39]. For
convenience, the definition of an ACIM is given as follows:

Definition 1 [33] R = (rij)nxn is called an ACIM, where
rij € [0, 11and rjj +rj; = 1 for Vi, j € I,.

Furthermore, the ideal case of ACPCs is to keep
the perfect consistency. That is, we have the following
definition:

Definition 2 [33] An ACIM R = (rij)uxns is additively
consistent if

rij = Fik + Tj —05, Vi, jkel,. 3)

However, it is difficult to provide a consistent matrix R =
(rij)nxn due to the complexity of decision environments.
Hence, a consistency index is requisite to measure the
inconsistency degree of an ACJM [12, 37, 46, 50]. Here
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we recall the additive consistency index (ACI) proposed in
[50] as follows:

Definition 3 [50] Let R = (rij)uxn be an ACJM.
The matrix R = (Tij)nxn Wwith additive consistency is
determined from R = (7jj)nxn according to the following
relation:

_ 1
iy = > ik +1ij) — 0.5 4)
k=1

The additive consistency index (ACI) of R is defined as
follows:

n—1 n

2 -
nn—1) 2 D (=T 5)

i=1 j=i+l

ACI(R) =

Meanwhile, the threshold of ACI for an ACIM with
acceptable consistency is proposed as [50]

_ 2
ACT =0y |—— >,
Noum—n'

where Ay is the critical value of the x?2 distribution under
the significance level . The values of ACT for different n
are shown in Table 1 when setting « = 0.1 and op = 0.2.
If ACI(R) < ACI, the matrix R is considered to be with
acceptable additive consistency; otherwise, the matrix R is
not acceptably additively consistent.

2.2 A sequential model of ACPCs

It is seen that the completed model of ACPCs offers a
final ACIM R = (7ij)uxn. The other information of
comparing alternatives has been neglected. The complex
decision behavior of DMs in producing r;; (i, j € I,) has
been packaged as an unknown whole. With the requirement
of intensively managing individual decision information,
the packaged unknown behavior of DMs is worth to be
unpacked. It is seen that a sequential model of pairwise
comparison process within the framework of AHP has been
proposed in [20, 21]. Here we follow the idea in [20, 21] to
offer a sequential model of ACPCs and simulate the process
of comparing alternatives. That is, the process of ACPCs is
based on the following steps:

(1) The first alternative marked as x; is offered to DMs to
give the preference intensity r1; = 0.5; and the matrix is

obtained as
C | x1
R = <x1 0.5)'

Hereafter the symbol C stands for the criterion of DMs.
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Table 1 The values of AC! for different n when o = 0.1 and o9 = 0.2 [50]

n 3 4 5 6 7 8 9

ACI 0.0882 0.1212 0.1359 0.1530 0.1588 0.1645 0.1688

(2) The second alternative x; is considered to produce r1»
and 2 = 0.5. According to the additively reciprocal
property 131 = 1 — rq2, the matrix is determined as

(3) The alternatives x3, x4, -+, X, are used to form a
series of matrices written as R3, R4, --- , and R),.

When the full process of ACPCs is completed, the final
matrix R, is expressed as:

Clxi x2 - x
X1 0.5 r -+ rin
R, = (rij)nxn = | x2|r21 0.5 - 12

Xn |l rn2 -+ 0.5

In the above process, an ACIM R = (¥ij)uxn
is decomposed as the leading principal submatrices
R1, Ry, --- , R,. Moreover, the process of R| — R, —

— R, contains a great deal of individual decision
information. Some possible meanings according to the
sequential model are given as follows:

e The values of r;; (i,j € I,) could be with some
uncertainty such as fuzzy numbers and a possibility
distribution. Some other properties could be offered to
the term r;; (i, j € 1) such as the times of modifying
its values for DMs.

e The preference intensities r;; (i, j € 1I,) could
be provided by DMs under repetitive thought and
modification.

® The relationship between two adjacent submatrices R;
and R; could reflect the logic of decision information
fori=1,2,---,n—1.

® The complex decision behavior of DMs could exhibit
due to the complexity of decision environments.

In general, the sequential model of individual decision
information can be used to record the full decision behavior
of DMs in a decision support system. The typical model
with a completed matrix could be improved to possess the
ability of characterizing the complex decision behavior of
DMs.

3 An implication of sequential additive
complementary pairwise comparisons

In the following, the sequential model of ACPCs is used to
propose a novel method of improving additive consistency
of inconsistent ACJMs, which can be considered as its
implication to the reasonability of individual judgements.

3.1 The relationship between two adjacent
submatrices

It is seen that the consistency is one of the important
properties of a preference relation. By considering the
additive consistency of two adjacent submatrices, we obtain
the following result:

Theorem 1 Suppose that Ry, Ry, ---, and R, are the
leading principal submatrices of an ACIM R = (rij)nxn.
When Ry (k = 2, ---, n) is additively consistent, R; (1 <
t < k) is additively consistent.

Proof Let the matrix Ry be additively consistent. Based on
the relation (3), one has r;; = riy —r5; +05 (0, j, s =
1,2,---,k). When i, j, s < k, the relation (3) still holds,
implying that R, is additively consistent. The proof is
completed. O

According to Theorem 1, the inconsistency of Ry leads
to the inconsistency of Ry (s > k). Although the additive
consistency of Ry means the additive consistency of R;
(t < k), the additive consistency of Rj does not imply the
additive consistency of R; (s > k). Moreover, it is noted
that the additive consistency of ACJMs is only the ideal case
and acceptable additive consistency is more applicable in
a practical decision problem. However, acceptable additive
consistency of Ry and Rj4; does not exhibit a logical
relationship analogous to the observation in Theorem 1. For
example, we consider the following ACIM:

05030203
R, = 0.705 0.1 04
0.809 0509
0.7 0.6 0.1 0.5

It can be computed that ACI(R;) = 0.0913 < 0.1212. For
the leading principal submatrix:
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(050302

R=[070501],
0.8 0.9 0.5

we obtain ACI(R;) = 0.1 > 0.0882. Obviously, according
to the criterion in Table 1 [50], the matrix R; is of acceptable
additive consistency and Rj is not of acceptable additive
consistency. The above observation is in agreement with
the finding in [20] for the leading principal submatrices of
MRMs. Moreover, similar to the method in [20], the first
implication of the sequential model is to give an additive
consistency improving method for inconsistent ACJMs.
There are the following two situations:

e When Ry is with acceptable additive consistency and
Ryi+1 is not acceptably additively consistent, the entries
of rik+1) G = 1,2, -, k) are only adjusted to obtain
anew Ry, with acceptable additive consistency.

e When R; and Ry are all not acceptably additively
consistent, we can obtain a new Ry with acceptable
additive consistency by adjusting partial entries of Ry
such as rijx+1) (i = 1,2,---, k) and others belonging
to Ry.

It is obvious that the second situation is more generic
than the first one. As an example, we consider the following
matrix:

0.50 0.30 0.40 0.60
7. _ | 070050 0.20 0.60
3= 1 0.60 0.80 0.50 0.30 |’

0.40 0.40 0.70 0.50

and its submatrix:

050304
0.7 0.5 0.2
0.6 0.8 0.5

The values of additive consistency index can be computed as
ACI(R3) = 0.1732 > 0.1212 and ACI(R4) = 0.1333 >
0.0882, respectively. By adjusting the entries rj4 = 0.60,
ry4 = 0.60 and r43 = 0.70, it follows

0.5000 0.3000 0.4000 0.5000
s | 0.7000 0.5000 0.2000 0.5219
>~ | 0.6000 0.8000 0.5000 0.4500 |
0.5000 0.4781 0.5500 0.5000

Ry =

with ACI(Rs) = 0.1212 < 0.1212. In addition, when
adjusting the entries in R4, we have

0.5000 0.4468 0.4469 0.6000
5 | 0.5532 0.5000 0.3500 0.6000
®= 1 0.5531 0.6500 0.5000 0.3000 |
0.4000 0.4000 0.7000 0.5000

with ACI(Rg) = 0.1212 < 0.1212. The method of
improving the additive consistency of inconsistent ACJMs
will be used to propose a group decision support model,

@ Springer

where the feedback mechanism will be constructed from the
additive consistency of individual decision information to
the consensus reaching in GDM.

3.2 A method of improving additive consistency

In order to adjust an inconsistent ACIM to a new one
with acceptable additive consistency, a feasible approach
should be proposed. By considering the convenience and
high efficiency of decision support systems, it is suitable
to ask DMs to give as little information as possible
when improving the consistency of decision information.
Following the idea in [1, 21], the DM only need to offer
a flexibility degree such that the consistency degree of
ACJMs can be improved. For the purpose of achieving a
fast yet effective adjustment, we construct an algorithm
similar to that in [21]. There are two important situations
to be considered. One is the standard of acceptable ACJMs,
and the other is to keep the initial information as much as
possible. Hence, the first function is written as:

Q1 =ACI(R), (6)

where R stands for the adjusted ACJM. The less the value
of Qg is, the higher the additive consistency degree of the
matrix R. As shown in Table 1, the standard of acceptable
ACJMs can be used. The second function is defined as:

n lrii — Fiil
0= Y 45— )

i j=li#] B

where r;; belongs to R = (7ij Jnxn- Obviously, the less the
value of Q5 is, the more the initial decision information is
kept.

From the viewpoint of optimization, it seems that one
should minimize simultaneously the values of Q1 and Q>.
The simplest method is to address the following linear
combination [18, 19, 21]:

0 =p01+qQ>, (8

where p and ¢ are two nonnegative constants. When p = 0
or g = 0, then we have O = ¢gQ2 or O = p0QOj,
meaning that only one of the two situations is considered.
However, for a GDM problem, it is unnecessary to require
individual decision information to be perfectly consistent.
It is sufficient to make individual decision information
be acceptable additive consistency. Hence, by considering
the threshold of acceptable additive consistency, here we
construct the following optimization problem:

min Q> 9)
R

subject to the following condition:

Q1 = ACI. (10)
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On the other hand, the attitude of DMs towards the
adjustment of ACJMs should be considered. Similar to those
in [2, 21, 27], the flexibility degree 8 of DMs is equipped.
The other constraint conditions are given as follows [22]:

Case L:7;; € [max (0.5, r;j — B) ,min (1, r;; + B)], (1D
for0.5<r; <1, and
Case IL:7;; € [max (0, r;; — B), min(0.5,r;; + B)].  (12)

for 0 < r;; < 0.5. According to the additively reciprocal
property of R, it is sufficient to consider one of Cases I and
II. In order to solve the optimization problem (9) subject
to (10) and (11)/(12), The penalty function method [32] is
applied to rewrite the optimization problem as

IIII%HQC=Q2+M|Q1—A_C1, (13)
where M is a sufficiently large positive number. For
numerically computations, Case I is chosen and the PSO
algorithm [14, 28, 31] is performed to solve the nonlinear
optimization problem (13). Moreover, it is noted that
there are many methods to solve an optimization problem,
for example, the typical mathematical analysis and the
metaheuristic methods [5, 32]. In the present study, we
are motivated by the successful applications of the PSO
algorithm to various nonlinear optimization problems [27,
28, 55]. The PSO algorithm is still chosen to obtain the
optimal solution of the constructed one (13). The numerical
results in the next subsection reveal that the PSO algorithm
is effective in solving (13). In particular, we should point out
that the value of M is chosen in advance when performing
the PSO algorithm. The effects of the values of M on the
optimal solution have been investigated in the following
numerical computations.

In what follows, combining the sequential model of
ACPCs and the optimization model (13), we elaborate
on a new algorithm (Algorithm I) to improve additive
consistency of inconsistent ACIMs.

Step 1: Consider an ACIM R = (rij)axn Wwithout
acceptable additive consistency and write the submatrix
R,—1.

Step 2:  Check the acceptable additive consistency of
R,—1. When R,_; is acceptably additively consistent,
the entries r¢, (k = 1,2,---,n — 1) are chosen to
be adjusted. When R,_; is not acceptably additively
consistent, the entries in R, are chosen to be adjusted.

Step 3: Construct the optimization problem (13) by
considering (11) with the flexibility degree .

Step 4:  Run the PSO algorithm to solve the constructed
optimization problem.

Step 5:  Obtain an ACJM with acceptable additive consis-
tency.

The above algorithm can be used to derive an ACIM
with acceptable additive consistency by keeping the initial
decision information as much as possible. Except for the
given ACJM, the DM only needs to provide the value of
the flexibility degree . The adjustment process can be
completed with a fast yet effective way. Based on the above
algorithm, we have the following result:

Theorem 2 Under Algorithm I, there is a flexibility degree
B such that a matrix with acceptable additive consistency
can be obtained from an inconsistent ACIM R = (¥ij)nxn
by keeping the initial information as much as possible.

Proof According to (4), one can obtain a matrix with
additive consistency from any an ACIM R = (rij)nxn-
Acceptable additive consistency is a deviation from additive
consistency. Hence, there is a flexibility degree f such that
a matrix with acceptable additive consistency is determined
by using an inconsistent ACIM R = (r;j)nxn. Moreover,
the optimization model (13) and the PSO algorithm mean
that the obtained matrix can keep the initial information as
much as possible. O

3.3 Numerical examples and discussion

Now let us carry out some numerical computations for
verifying the algorithm to improve additive consistency
of ACJMs. The effects of the parameters § and M on
the optimal solutions of Q. and Q; are investigated
respectively. For example, an inconsistent ACJM is given as
follows [37]:

0.50 0.20 0.10 0.50 0.80 0.90
0.80 0.50 0.20 0.90 0.60 1.00
- 0.90 0.80 0.50 0.80 0.60 0.60
0.50 0.10 0.20 0.50 1.00 0.80
0.20 0.40 0.40 0.00 0.50 0.40
0.10 0.00 0.40 0.20 0.60 0.50

Based on the standard of acceptable additive consistency in
Table 1, it is easily found that the 5 x 5 and 6 x 6 leading
principle matrices are unacceptably consistent. According
to the above proposed algorithm, there are the following two
approaches to the additive consistency improvement of R7 :

(a) Adjusting the entries of the 5 x 5 leading principle
matrix;

Modifying the entries in the fifth and the sixth columns
and rows of R7.

(b)

Moreover, we consider all the entries bigger than 0.5
and the additively reciprocal property. The relation (11)
is used when running the PSO algorithm to solve the
optimization problem (13). The sizes of swarm and the
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maximal generation number are chosen as 100. Under each
step of B, the optimal solution of Q. is determined for a
fixed parameter M.

Figure 1 is drawn to show the variations of the optimal
solution of Q. versus B for the selected values of the
parameter M under the cases of (a) and (b), respectively. It
is seen from Fig. 1 that with the increasing of B, the values
of the optimal solution of Q. are decreasing, then tending
to a stable one for any parameter M. This means that for
a sufficiently large value of S, the inconsistent matrix Ry
can be adjusted to a new one with Q1 = ACI. For a small
value of B satisfying Q1 > AC1I, the parameter M has great
influences on the value of Q.. In addition, the variations of
Q1 versus M are shown in Fig. 2 for the selected values
of B under the cases of (a) and (b), respectively. With the

5 . .
—M=10
~==-M=30

4 LN O M=60 4
----M=100

3+ i

o
@]

2t i

1 L 4

O = - o OO O

0 0.04 0.0 0.12 0.16 0.2
B
5 T :
(b) —M=10
\\ - M=30
4+ \\ """ O M=60 |-
\\ ----M=100
\
\
3f \ 1
) o, \\
o o\
2f o N 1
\
0, \
\
. o, \
(N ]
~_ o\
S mN
NN
0 . — 800 o000
0 0.04 0.08 0.12 0.16 0.2

8

Fig. 1 Variations of the optimal solution of Q. versus 8 for the
selected values of the parameter M under the cases of (a) and (b),
respectively
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0.21 , :

(b) -==-(=0.04
....... ﬁ:007 |
—— =0.1

0.2t

0.19 ]

O 048 —m o )
\

0.17 fi ]
1

0.16 1 1

0.15
0 20 40 M 60 80 100

Fig. 2 Variations of Q1 versus M for the selected values of S under
the cases of (a) and (b), respectively

increasing of the values of M, the values of Q are tending
a constant for a fixed B, meaning that a sufficiently lager
value of M can be determined to obtain the optimal value of
Q1. Comparisons between the cases of (a) and (b) in Figs. 1
and 2 show that the two approaches exhibit the similar
effects on adjusting an inconsistent matrix to an acceptable
one.

On the other hand, it is noted that many other methods
have been proposed to improve the additive consistency
of ACIMs [24, 37, 38, 41, 4648, 50, 51]. One of the
important issues is how to determine the effectiveness of
the consistency improving method. Here, the departure of
the original matrix R = (7ij)nx, from the modified one
R = (Tij)nxn is measured by the following criteria [42]:

Crl: 8 = max {|r;; — 7ij |}, (14)
LJ
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n n =) 0.16 v . : :
Cr2:0 = \/Zi:1 2= iy = 7y) . (15) (a)
" 0.14
£6=0.1, M=10
The determined matrix is considered to be acceptable when 042l
8 <0.2ando < 0.1. Asshown in Figs. 1 and 2, it is feasible '
to obtain an acceptably consistent matrix by choosing 8 = o
0.1 and M = 10 to run the PSO algorithm under the cases 0.1
of (a) and (b), respectively. Figure 3 is depicted to show
the variations of Q. versus the generation number under 0.08
the cases of (a) and (b), respectively. One can see from
Fig. 3 that with the increasing of the generation number, 0.06 -
the values of Q. drop down to a stable one. This implies %
that the optimal solution of Q. is determined by choosing 0.04 : . ‘ ‘
a sufficiently large generation number. For example, when 0 20 40 60 80 100
the generation number is 100, the adjusted matrices with Generation number
additively acceptable consistency can be written as
0o (b)
0.5000 0.2870 0.0244 0.5870 0.7213 0.9000 ' 4=0.1, M=10
0.7130 0.5000 0.1348 0.8601 0.6072 1.0000
Rs = 0.9756 0.8652 0.5000 0.7325 0.5957 0.6000 0.16 H
0.4130 0.1399 0.2675 0.5000 0.9901 0.8000
0.2787 0.3928 0.4043 0.0099 0.5000 0.4000 o
0.1000 0.0000 0.4000 0.2000 0.6000 0.5000 0.12
for Case (a) and 0.08 -
0.5000 0.2000 0.1000 0.5000 0.7884 0.9497 K
0.8000 0.5000 0.2000 0.9000 0.5918 0.9370 0.04 : : : :
0 20 40 60 80 100

= 0.9000 0.8000 0.5000 0.8000 0.5818 0.5905
0.5000 0.1000 0.2000 0.5000 0.9616 0.7239
0.2116 0.4082 0.4182 0.0384 0.5000 0.3218
0.0503 0.0630 0.4095 0.2761 0.6782 0.5000

for Case (b). It is easy to compute that § (Rg) = 0.0870,
o(Rg) = 0.0457, §(R9) = 0.0761, and o (R9) = 0.0308.
The obtained results satisfy the criteria 6 < 0.2 and 0 <
0.1, meaning that the consistency improving method is
effective and convincing.

4 A novel group decision support model
with a feedback mechanism

The aim of the sequential model of ACPCs is to
finely managing individual decision information. A real-
time feedback mechanism can be established to remind
DMs avoiding the irrational and illogical behavior. Then
a consensus reaching process in GDM is proposed
by controlling individual consistency level of decision
information.

Generation number

Fig. 3 Variations of the fitness function Q. versus the generation
number with 8 = 0.1 and M = 10 under the cases of (a) and (b),
respectively

4.1 A real-time feedback mechanism of individual
decision information

Let us assume that there are a set of alternatives
X = {x1,x2,---,x,} and a group of experts E =
{e1,e2,---,e,} in a GDM problem. The process of
providing DMs’ opinions can be recorded in real time.
Based on the sequential model of ACPCs, the expert e
gives a series of ACIMs as R§k) = (ri(j].c))s” fors € I,
and k € I, = {1,2,---,m}. The decision behavior of the
expert ey can be captured by the process of providing R§k).
Moreover, we compute the priorities of alternatives by using
Rﬁk) = (r,(f))sxs and the simple formula in [9] is used for x;
with

2 s
k k
j=1
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Then the corresponding priority vector is o® =

(a)ik), a)ék), cee, wﬁk)) and it is normalized into [0, 1], then

s
> a)l.(k) = 1. In the following, the real-time feedback mech-
i=1

anism is established by offering two reference quantities to
DMs. One is the values of additive consistency index and
the other is the ranking of the compared alternatives. The
algorithm of the real-time feedback mechanism is shown in
Fig. 4 and elaborated on as follows:

Step 1: The expert e is asked to input her/his opinions
on a series of alternatives x; — x» — --- — x, ina
decision support system.

Step 2:  When the matrix R§k) is completed, the values of
additive consistency index of R,(k) (1 <t < s) and the
rankings of alternatives are output by using a figure.

Step 3: The values of additive consistency index and the
rankings of the compared alternatives can remind the DM
revise her/his opinions.

Step 4:  When the DM offers a flexibility degree B, the
adjustment procedure of improving the consistency starts
automatically.

Step 5:  When the DM does not want to adjust her/his
judgements, the final matrix is originated.

A series of
alterantives with

i The expert e, :
. Ai ....... a3

The completed
matrix R(Sk)

________ I

The values of ACI r
i Feedback and

and the rankings
of alternatives

>

|
. |
i consistency |
orrankings |

. |
! consistency >
i or rankings !
I—

Final matrix
provided by
the expert

Fig. 4 Real-time feedback mechanism of individual decision
information

@ Springer

Remark 1 The feedback mechanism is based on the
sequential model of ACPCs. The value of the additive
consistency index and the ranking of alternatives can be
offered with the process of giving the preference intensities
of alternatives. The DMs can be reminded in real time such
that their final opinions are rational enough.

The advantage of the feedback mechanism lies in the
reminding for DMs in real time such that the complexity of
decision process can be decomposed and captured. As an
example, we investigate the following final matrix:

X1 X2 X3 X4 X5

x1]0.50 0.10 0.60 0.60 0.30
x210.90 0.50 0.75 0.45 0.60
x310.40 0.25 0.50 0.55 0.70
x410.40 0.55 0.45 0.50 0.60
x5(0.70 0.40 0.30 0.40 0.50

The leading principal submatrices of Ry are analyzed
and the priority process of alternatives is illustrated. For
convenience, the normalized priority vector of alternatives is
determined according to (16) in the following computations.
By considering the comparison process of x; — x; —

. — x,, The leading principal submatrices of Rjo are

Rio =

written as R; (i = 1,2, ---,5), where
| X1 X2 |Priorities
Ry = X1 0.50 0.10] 0.30
b)) 0.90 0.50| 0.70 ’
Ranking X2 > X1
X1 X2 X3 |Pri0rities

X1 0.50 0.10 0.60| 0.2667
Rz = X2 0.90 0.50 0.75] 0.4778 ,
X3 0.40 0.25 0.50] 0.2556
Ranking Xy > X1 > X3
X1 x2 x3 x4 |Priorities
X1 0.50 0.10 0.60 0.60| 0.2250
X2 0.90 0.50 0.75 0.45] 0.3250

Ry = x3 040 0.25 0.50 0.55| 0.2125 |-
X4 0.40 0.55 0.45 0.50| 0.2375
Ranking X2 > X4 > X| > X3
X{ X2 X3 x4 Xxs |Priorities
X1 0.50 0.10 0.60 0.6 0.30| 0.1680
x2 10.90 0.50 0.75 0.45 0.60| 0.2560
Rs = x3 |0.40 0.25 0.50 0.55 0.70| 0.1920
x4 |0.40 0.55 0.45 0.50 0.60| 0.2000
x5 |0.70 0.40 0.30 0.40 0.50| 0.1840
Ranking X2 > X4 > X3 > X5 > X]|

It is easy to compute that ACI(R4) = 0.1429 > 0.1212
and ACI(Rs5) = 0.1440 > 0.1359, meaning that R4 and
R5 are of unacceptable additive consistency. In addition, one
can see that the ranking of xp > x4 > x1 > x3 for R4 is
changed to xp > x4 > x3 > x5 > x1 for Rs. The order of
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x3 and x1 has been changed due to the introduction of x5.
The information related to the additive consistency index
and the ranking of alternatives can be feedback to the DM.
When the DM wants to modify the judgements such that
the derived matrix is of acceptably additive consistency, two
approaches are provided. One is to adjust the entries in the
fourth and fifth columns and rows of R}, then the modified

matrix Ry; is obtained as follows:
X1 X2 X3 X4 X5
x1| 0.50 0.10 0.60 0.5624 0.3020( 0.1652

R | %2 090 050 075 04568 0.6009| 0.2566
W=1 x| 040 025 050 05513 0.6815| 0.1906 ’

x4(0.4376 0.5432 0.4487 0.5000 0.5937| 0.2019

x510.6980 0.3991 0.3185 0.4063 0.5000( 0.1858
with ACI(R11) = 0.1359. The ranking of alternatives is
determined as xp > x4 > x3 > x5 > x1. The other is to
modify the entries in the 4 x 4 leading principle matrix of
R10. The new matrix Ry7 is given as follows:

X X2 X3 X4 X5

x1[0.5000 0.1239 0.5973 0.5975 0.3000
5 | x2]0.8761 0.5000 0.7500 0.4870 0.6000
x3(0.4027 0.2500 0.5000 0.5500 0.7000
x4(0.4025 0.5130 0.4500 0.5000 0.6000| 0.1972
x510.7000 0.4000 0.3000 0.4000 0.5000( 0.1840
with ACI(R12) = 0.1359. The ranking of alternatives is
obtained x» > x4 > x3 > x5 > x1. Then following the idea
in [20], the priority processes of alternatives for Ry and Ry»
are drawn in Fig. 5. Regardless of Rj and R, there is an
intersection point of the lines for x; and x3. This implies
that the standard of acceptable additive consistency cannot
eliminate the phenomenon of rank reversal. The finding is
similar to the result about the acceptable consistency of
pairwise comparison matrices in the AHP [20].

Furthermore, when the DM wants to avoid the occurrence

of the rank reversal phenomenon, the standard of weak
transitivity should be used [24]. For example, applying the
method in [24], Ry; and R}, are readjusted to Rz and R4
with transitivity as follows:

|Pri0rities

| Priorities
0.1695
0.2570
0.1922 ’

X1 X2 X3 X4 x5 | Priorities
x110.5000 0.2199 0.4854 0.4545 0.4046| 0.1652
Rz = x210.7801 0.5000 0.6905 0.5829 0.6543| 0.2566
? x310.5146 0.3095 0.5000 0.4957 0.5630( 0.1906 ’
x410.5455 0.4171 0.5043 0.5000 0.5563| 0.2019
x510.5954 0.3457 0.4370 0.4437 0.5000( 0.1857
X1 X2 X3 X4 X5 Priorities
x110.5000 0.2340 0.4894 0.4807 0.4146| 0.1695
R = x210.7660 0.5000 0.6885 0.6008 0.6578| 0.2570
x310.5106 0.3115 0.5000 0.5062 0.5744| 0.1922
x410.5193 0.3992 0.4938 0.5000 0.5532| 0.1972
x510.5854 0.3422 0.4256 0.4468 0.5000( 0.1840
One can compute that ACI(R;3) = ACI(R14) =

0.0408 < 0.1359, meaning the two matrices are of
acceptable additive consistency. Figure 6 shows that the
priority processes of alternatives for Rz and Ry4. Tt is seen
from Fig. 6 that there is not any intersection point, meaning
that the phenomenon of rank reversal does not occur.

(a)

0.6 1

The priorities of alternatives

08r ]

0.4r ]

The priorities of alternatives

Fig.5 The priority processes of alternatives for Ry (a) and Ry (b)

In the proposed feedback mechanism, the values of
additively consistency index and the priority processes are
offered such that the DMs can adjust their opinions in real
times.

4.2 Building consensus based on individual
consistency control

Based on the feedback mechanism, the final matrices can be
considered as the optimal results derived from a sequence of
rational comparisons of DMs. The remaining issue is how
to build the consensus among the experts and reach the final
solution. It is assumed that the collective matrix is obtained
by using the weighted averaging operator [37, 51]. That is,
let R® = (rl.(j].() Ynxn be the kth ACIM provided by the expert
er and A; € [0, 1] be the corresponding weight for k € I,,,.
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0.8r ]

061

04r

The priorities of alternatives

0.8r 1 ]

The priorities of alternatives

0 1 1 1 1
1 2 3 4 5 6

Fig.6 The priority processes of alternatives for R|3 (a) and Ria (b)

Then the collective ACIM R€ is determined as:

m
= (r{nxn = »_ MR, 17

t=1

where

m
Zklr(l), Y =1
t=1

In addition, by considering the acceptable additive consis-
tency of R (k e I,,), we have the following result:

Theorem 3 When individual ACJMs R® (k € I,,) are with
acceptable additive consistency satisfying

ACI(RW) <ACI,

the collective one R® exhibits acceptable additive consis-
tency.

@ Springer

Proof With the knowledge (5) and (17), we have the
following equality:

n—1 n

ACI(R®) = (n 5 ——>

i=1 j=i+1

where
1 n
ficj = Z(rfk + r,fj) —0.5.
k=1
Then, it is computed that

— 2
1 n
=c\2
= F? = |l — = 2 Ch i+ 0'5}

L k=1

= Zx,r(” -= Z (Z Ay + ZA,#”) +0. 5}

Li=1 kl

2
- Zx, ( o_ - Z( ) +0.5)}

Li=1 kl

_ ZA((” -m)T

Lr=1
ZA ((z) —(t)) ’ (19)

where the relation 2ab < a”> + b”> and the equality
Z;":l X: = 1 have been used. Therefore, one has

IA

m -
ACI(RS) < Z n(n_l) Z Zl( () ',(,’))
i=1 i+
m
< Zktraz
\ =1
:A_Uo

This means that the matrix R® is acceptably additively
consistent and the proof is completed. 0

The observation in Theorem 3 shows that when the
consistency levels of individual matrices are controlled to
be acceptable, the collective matrix is also with acceptable
additive consistency. It is worth noting that the similar
result to Theorem 3 has been observed by Xu [43] for
the aggregation of MRMs using the geometric averaging
operator. Here we use the additive consistency index of
ACJMs in [51] to develop the interesting result. Moreover,
itis seen that the aggregation operators have been developed
widely to aggregate individual decision information [12,
43, 52, 53]. When the induced ordered weighted averaging
operator is used to aggregate R®) (k € I,,), the similar
result as Theorem 3 can be obtained. The detail procedure
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has been neglected due to the straight extension of the
finding in Theorem 3.

In what follows, similar to the existing works [37, 51], we
define the consensus level (CL) by using the distance-based
method as follows:

n

CL(RM)= "

iLj=li#]j

)
Irij —rij”|
n2—n ’

(20)

where R¢ = (ri(;))nxn and R® = (ri(]k))nxn represent
the collective and individual matrices, respectively. When
CL(RW) = 0, there is the greatest consensus between
R® and R¢. With the increasing of the values of CL, the
consensus level is decreasing. In addition, a threshold of the
consensus level can be set such as C L. When the consensus
level CL(R™) is bigger than CL, the adjustment formula
is suggested as follows [37]:

R® =y R® 4 (1 —y)RS, y e]0,1]. 2

When y = 0, one has R® = R¢. when y = 1, it gives
R% = R® _In other words, when the value of y is changed
from 1 to 0, the new matrix R®) approaches to R¢. Hence,
there is a value of y such that the consensus level of R®) is
smaller than C L. Furthermore, we have the following result:

Theorem 4 If the matrices RF and R€ are with acceptable
additive consistency, R* determined by (21) is acceptably
additively consistent.

Proof The proof can be obtained by assuming A; = y and
A2 = 1 — y in Theorem 3. O

At the end, it is convenient to show the consensus
reaching process in Fig. 7. Except for the method of
improving additive consistency of individual matrices, the
key step is the consensus reaching process. Under the
control of acceptable additive consistency, the final matrices
are all with acceptable additive consistency and acceptable
consensus level.

4.3 Case studies and comparison

In this subsection, let us carry out two examples to illustrate
the consensus model and compare with the other methods.

Example 1 1t is supposed that there are four alternatives
{x1, x2, x3, x4}. Four experts with the same weights w; =
0.25 (i =1, 2, 3, 4) evaluate their opinions as the following
ACJMs [3, 15, 37]:

0.50 0.20 0.60 0.40
0.80 0.50 0.90 0.70
0.40 0.10 0.50 0.30
0.60 0.30 0.70 0.50

0.50 0.70 0.90 0.50
0.30 0.50 0.60 0.70
0.10 0.40 0.50 0.80
0.50 0.30 0.20 0.50

RO — R® =

preferences

[ Decision makers' original ]

Consistency
improvig
method

Acceptable
consistency ?

Conensus
reaching
process

Acceptable
consensus ?

Adjusted preference with acceptable
consistency and consensus

Fig.7 Building consensus with individual consistency control

0.50 0.30 0.50 0.70
0.70 0.50 0.10 0.30
0.50 0.90 0.50 0.25
0.30 0.70 0.75 0.50

0.50 0.25 0.15 0.65
0.75 0.50 0.60 0.80
0.85 0.40 0.50 0.50
0.35 0.20 0.50 0.50

RO — , RW —

It is easy to compute that ACI(RV) = 0, ACI(R?) =
0.1707, ACI(R®) = 0.2165, and ACI(R®) = 0.1190.
Considering the threshold ACI = 0.1212, one can see
that the matrices R® and R® should be revised to those
with acceptable additive consistency. Based on the proposed
group decision support model, the following steps should be
completed.

In the first step, we improve the consistency levels of
R® and R® by using the proposed method for improving
additive consistency. The revised matrices of R® and R®
are given as follows:

0.5000 0.7000 0.9000 0.6000
0.3000 0.5000 0.6000 0.6792

2 _
k™= 0.1000 0.4000 0.5000 0.7000 |’
0.5000 0.3208 0.3000 0.5000
0.5000 0.3000 0.5000 0.5200
RO _ 0.7000 0.5000 0.2800 0.3378

" 0.5000 0.7200 0.5000 0.4178
0.4800 0.6622 0.5822 0.5000

Using RV, R?, R® and R™, the collective ACIM R€ is
obtained by considering (17) and A; =025 (i = 1,2,3,4)
as follows:
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0.5000 0.3837 0.5544 0.5495 Finally, it is seen that all the consensus levels are determined
R — 0.6163 0.5000 0.5669 0.6154 and smaller than the threshold. The consensus reaching

0.4456 0.4331 0.5000 0.4945
0.4505 0.3846 0.5055 0.5000

According to (20), the consensus levels are computed as
CL(RM) = 0.1101, CL(R®) = 0.1691, CL(R®) =
0.1348 and CL(R™) = 0.1130.

Second, the threshold of the consensus level should be
set such as CL = 0.1. Then, the matrices R(D, sz), RP)
and R® should be modified by using the formula (21).
For example, by choosing y; = 0.9050, y» = 0.5900,
y3 = 0.7400 and y4 = 0.8850, we have

0.5000 0.2704 0.5745 0.4619
0.7296 0.5000 0.7678 0.6743
0.4255 0.2322 0.5000 0.3774 |’
0.5381 0.3257 0.6226 0.5000

0.5000 0.5703 0.7583 0.5793
0.4297 0.5000 0.5864 0.6530
0.2417 0.4136 0.5000 0.6157 |’
0.4207 0.3470 0.3843 0.5000

0.5000 0.3218 0.5141 0.5277
0.6782 0.5000 0.3546 0.4100
0.4859 0.6454 0.5000 0.4377 |’
0.4723 0.5900 0.5623 0.5000

0.5000 0.2887 0.2771 0.6166
0.7113 0.5000 0.5951 0.7469
0.7229 0.4049 0.5000 0.4952
0.3834 0.2531 0.5048 0.5000

It is computed that CL(R\"”) = 0.0997, CL(R?) =
0.0998, CL(RY) = 0.0998 and CL(R\") = 0.1. Then,
the collective matrix Rf can be determined as follows:

0.5000 0.3628 0.5310 0.5464
0.6372 0.5000 0.5760 0.6210
0.4690 0.4240 0.5000 0.4815
0.4536 0.3790 0.5185 0.5000

In what follows, the consensus levels are recomputed as
CcLR") = 00949, CL(R?®) = 0.1074, CL(RY) =
0.0921 and C L(R§4)) = 0.0928. One can see that the matrix
Riz) should be adjusted. After some computations, it gives

0.5000 0.5509 0.7370 0.5762
RO _ 0.4491 0.5000 0.5855 0.6501

2 7| 0.2630 0.4145 0.5000 0.6032
0.4238 0.3499 0.3968 0.5000

I _
R, =

RY =

3 _
R™ =

@ _
R” =

RS =

Then the collective matrix Rg is determined as follows:

0.5000 0.3579 0.5257 0.5456
0.6421 0.5000 0.5757 0.6203
0.4743 0.4243 0.5000 0.4784
0.4544 0.3797 0.5216 0.5000

RS =

@ Springer

process is completed. Applying (16), one has w; = 0.2411,
wy = 0.2923, w3 = 0.2346, and w4 = 0.2320. So the
ranking of alternatives is x > x| > X3 > X4.

In order to make a comparison, some results are given
in Table 2 by using the existing methods. It is seen from
Table 2 that the optimal solution x; is in accordance with
the findings in [3, 15, 37]. Moreover, the ranking x > x1 >
X4 > x3 is in agreement with that in [37]. There exists a
small difference for the ranking of x3 and x4 as compared to
the results in [3, 15], which is attributed to the application
of different consensus reaching processes.

Example 2 1t is seen that the proposed consensus model
has been verified in Example 1. We further notice that an
application to a practical case should be considered [17,
26, 37, 45]. Now let us investigate the practical problem
about how to evaluate and select suitable locations for
a shopping center in Istanbul, Turkey [26, 37, 45]. It is
noted that the growth in population yields the spending
demand in Istanbul [26]. This means that attractive shopping
centers are requisite to match the requirements of people.
An investor company wants to locate an appropriate
shopping center by establishing strategies. Five experts
are invited to provide decision information to evaluate six
feasible locations x;(i = 1,2,---,6) [26]. By carefully
comparing the six locations in pairs, the ACJMs are given as
follows:

0.50 0.40 0.20 0.60 0.70 0.60
0.60 0.50 0.40 0.60 0.90 0.70
0.80 0.60 0.50 0.60 0.80 1.00
0.40 0.40 0.40 0.50 0.70 0.60 |’
0.30 0.10 0.20 0.30 0.50 0.30
0.40 0.30 0.00 0.40 0.70 0.50

G —

0.50 0.30 0.30 0.50 0.80 0.70
0.70 0.50 0.40 0.70 1.00 0.80
0.70 0.60 0.50 0.50 0.90 0.90
0.50 0.30 0.50 0.50 0.60 0.70 |’
0.20 0.00 0.10 0.40 0.50 0.40
0.30 0.20 0.10 0.30 0.60 0.50

G —

0.50 0.50 0.60 0.60 0.70 0.90
0.50 0.50 0.30 0.80 0.70 0.80
0.40 0.70 0.50 0.70 0.70 0.80
0.40 0.20 0.30 0.50 0.80 0.60 |’
0.30 0.30 0.30 0.20 0.50 0.20
0.10 0.20 0.20 0.40 0.80 0.50

GO —
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Table 2 Comparison with the other methods for Example 1

w1 w) w3 [on Rankings of alternatives
Chiclana et al [3] 0.2509 0.2869 0.2303 0.2319 X) = X| > X4 > X3
Lietal [15] 0.2597 0.2803 0.2297 0.2303 Xp = X| > X4 > X3
Wu et al [37] 0.2436 0.2869 0.2392 0.2303 X = X| > X3 > X4
The present result 0.2411 0.2923 0.2346 0.2320 X2 > X] > X3 > X4

0.50 0.20 0.10 0.50 0.80 0.90
0.80 0.50 0.20 0.90 0.60 1.00
0.90 0.80 0.50 0.80 0.60 0.60
0.50 0.10 0.20 0.50 1.00 0.80 |’
0.20 0.40 0.40 0.00 0.50 0.40
0.10 0.00 0.40 0.20 0.60 0.50

G@ —

0.50 0.30 0.30 0.70 0.80 0.50
0.70 0.50 0.20 0.70 0.80 0.60
0.70 0.80 0.50 0.70 0.70 0.80
0.30 0.30 0.30 0.50 0.90 0.70
0.20 0.20 0.30 0.10 0.50 0.40
0.50 0.40 0.20 0.30 0.60 0.50

GO —

The values of ACI are computed as ACI Gy =
0.0789, ACI(G?®) = 0.0730, ACI(G®) = 0.1193,
ACI(G™) = 0.2033 and ACI(G") = 0.1193. In terms
of the threshold ACT = 0.1530, it is found that G is
unacceptable and should be revised to G§4) with acceptable
additive consistency as:

0.5000 0.2870 0.0244 0.5870 0.7213 0.9000

0.7130 0.5000 0.1348 0.8601 0.6072 1.0000

G® — 0.9756 0.8652 0.5000 0.7325 0.5957 0.6000
" 0.4130 0.1399 0.2675 0.5000 0.9901 0.8000
0.2787 0.3928 0.4043 0.0099 0.5000 0.4000

0.1000 0.0000 0.4000 0.2000 0.6000 0.5000

Making use of G, G®, GO, G£4) and GO, the
collective ACIM G€ is obtained by using (17) and 1; = 0.2
(i=1,2,3,4,5) as follows:

0.5000 0.3574 0.2849 0.5974 0.7443 0.7200
0.6426 0.5000 0.2870 0.7320 0.8014 0.7800
0.7151 0.7130 0.5000 0.6465 0.7391 0.8200
0.4026 0.2680 0.3535 0.5000 0.7980 0.6800
0.2557 0.1986 0.2609 0.2020 0.5000 0.3400
0.2800 0.2200 0.1800 0.3200 0.6600 0.5000

G =

Then the consensus levels can be computed as C L(GD) =
0.0816, CL(G®) = 0.0850, CL(G®) = 0.0814,
CL(GY) = 0.1374 and CL(G®) = 0.0697, respectively.

In the following,_let us still set the threshold of the
consensus level as CL = 0.1. One can see that G£4) should
be adjusted by (21). When choosing y = 0.72, we obtain

0.5000 0.3064 0.0960 0.5899 0.7276 0.8505
0.6936 0.5000 0.1767 0.8249 0.6606 0.9395
0.9040 0.8233 0.5000 0.7088 0.6351 0.6605
0.4101 0.1751 0.2912 0.5000 0.9373 0.7670
0.2724 0.3394 0.3649 0.0627 0.5000 0.3835
0.1495 0.0605 0.3395 0.2330 0.6165 0.5000

@ _
G, =

The consensus level is calculated as C L(G(14)) = 0.0996.
Then, we determine the collective matrix Gi as follows:

0.5000 0.3613 0.2992 0.5980 0.7455 0.7101
0.6387 0.5000 0.2953 0.7250 0.8121 0.7679
0.7008 0.7047 0.5000 0.6418 0.7470 0.8321
0.4020 0.2750 0.3582 0.5000 0.7875 0.6734
0.2545 0.1879 0.2530 0.2125 0.5000 0.3367
0.2899 0.2321 0.1679 0.3266 0.6633 0.5000

Furthermore, we give CL(GV) = 0.0761, CL(G®) =
0.0810, CL(G®) = 0.0840, CL(G") = 0.1071, and
CL(G®) = 0.0712, respectively. It is noted that the matrix
GYD should be adjusted and a new matrix is obtained as:

0.5000 0.3110 0.1131 0.5906 0.7292 0.8387
0.6890 0.5000 0.1867 0.8165 0.6733 0.9251
0.8869 0.8133 0.5000 0.7032 0.6445 0.6749
0.4094 0.1835 0.2968 0.5000 0.9247 0.7591
0.2708 0.3267 0.3555 0.0753 0.5000 0.3795
0.1613 0.0749 0.3251 0.2409 0.6205 0.5000

G =

Hence, the collective matrix GE is determined as follows:

0.5000 0.3622 0.3026 0.5981 0.7458 0.7077
0.6378 0.5000 0.2973 0.7233 0.8147 0.7650
0.6974 0.7027 0.5000 0.6406 0.7489 0.8350
0.4019 0.2767 0.3594 0.5000 0.7849 0.6718
0.2542 0.1853 0.2511 0.2151 0.5000 0.3359
0.2923 0.2350 0.1650 0.3282 0.6641 0.5000

Now it is found that all the consensus levels are smaller
than the threshold and the consensus reaching process is
completed. Applying (16), one has w; = 0.1709, wr =
0.2255, w3 = 0.2775, wy = 0.1345, ws = 0.0871, and
we = 0.1045. For the sake of comparisons, some existing
results are shown in Table 3. One can see that the ranking of
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Table 3 Comparison with the other methods for Example 2

] w) w3 w4 w5 w6
Wu et al [37] 0.1772 0.2111 0.2289 0.1672 0.0956 0.1200
Xu et al [45] 0.1637 0.2355 0.2814 0.1337 0.0818 0.1038
The present result 0.1709 0.2255 0.2775 0.1345 0.0871 0.1045

Ranking of alternatives X3 > X2 > X| > X4 > Xg > X5

alternatives are the same with x3 > x2 > x| > x4 > x¢g >
Xs.

5 Conclusions

In group decision support systems, it is important to
finely manage individual decision information and reach
a fast yet effective consensus. We suppose that a group
of experts compare a set of alternatives in pairs and
evaluate their opinions as the preference intensities with
additively reciprocal property in this paper. The sequential
model of additively pairwise comparisons is proposed to
finely manage individual decision information. A novel
additive consistency improving method has been offered
by constructing a novel optimization model. A feedback
mechanism is established such that the irrational and
illogical individual decision behavior can be reminded.
Under the control of individual consistency degree, a
consensus model in GDM has been established. Some main
findings are shown as follows:

e The sequential model of ACPCs has been proposed to
record the decision information and behavior of experts.
The irrational and illogical judgements can be checked
such that the DMs can be reminded in real time to adjust
their opinions.

® When individual ACIMs are of acceptable additive
consistency, the collective one obtained by using the
weighted averaging operator is with acceptable additive
consistency.

® The consensus of a group of experts can be reached
under a fixed level by controlling the consistency
degrees of individual judgements.

One can find that the proposed method has the advantage
of reminding the DMs to give more rational judgements. It
is further seen that the particle swarm optimization (PSO) is
used to achieve a fast yet intelligent adjustment of individual
inconsistent decision information. The disadvantage of the
proposed method is that the consensus process should be
run repeatedly for many times. In the future, the proposed
model could be extended to solve large GDM problems
and propose some decision making models with incomplete
decision information.

@ Springer
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