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Abstract: In large-scale group decision making (GDM), non-cooperative behavior in the consensus reaching process
(CRP) is not unusual. For example, some individuals might form a small alliance with the aim to refuse attempts to modify their
preferences or even to move them against consensus to foster the alliance’s own interests. In this paper, we propose a novel
framework based on a self-management mechanism for non-cooperative behaviors in large-scale consensus reaching processes
(LCRPs). In the proposed consensus reaching framework, experts are classified into different subgroups using a clustering
method, and experts provide their evaluation information, i.e., the multi-criteria mutual evaluation matrices (MCMEMs),
regarding the subgroups based on subgroups’ performance (e.g., professional skills, cooperation, and fairness). The subgroups’
weights are dynamically generated from the MCMEMs, which are in turn employed to update the individual experts’ weights.
This self-management mechanism in the LCRP allows penalizing the weights of the experts with non-cooperative behaviors.
Detailed simulation experiments and comparison analysis are presented to verify the validity of the proposed framework for
managing non-cooperative behaviors in the LCRP.

Keywords: large-scale group decision making, consensus reaching process, self-management mechanism, non-cooperative
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I. INTRODUCTION

Group decision making (GDM) [18, 27] can be viewed as a process in which a group of experts express their opinions
regarding a decision problem and they aim at achieving a collective solution. Most existing GDM methods focus on how to
obtain a collective opinion to a decision problem without addressing whether the consensus level among experts can or cannot
be guaranteed. Thus, the consensus reaching process (CRP) is proposed and widely used to help experts improve the group
consensus level [19, 23, 70]. Traditionally, CRP focuses on how to obtain a collective opinion with a full consensus. However, to
obtain a full consensus is very time-consuming and difficult, and in many practical GDM problems it is unnecessary. Therefore,
the concept of “soft” consensus level [5, 6, 24, 28, 29, 40] has been proposed and used widely in a variety of proposed CRPs: (1)
with different preference representation formats [7, 9, 11, 26, 58]; (2) based on minimum adjustments or cost [3, 4, 12, 21, 22,
66]; (3) driven by consistency and consensus measures [17, 56, 57, 59]; (4) considering the attitudes of experts [39, 45, 61]; and
(5) within dynamic/Web context [13, 15, 31, 43, 69].

With the development of information technology and society, decision contexts become more and more complex as large
number of stakeholders are often involved. To provide support in large-scale GDM contexts, a number of decision models have
been reported: Zhu et al. [71] proposed a hierarchical clustering approach for large-scale GDM; Wu and Liu [53] proposed an
interval type-2 fuzzy clustering solution for large-scale multiple criteria GDM problems; Zhang et al. [68] proposed to manage
multi-granular linguistic distribution assessments in large-scale multi-attribute GDM; Palomares [37] proposed an attitude-based
consensus model for large-scale GDM in IT services management; Quesada et al. [44] proposed a large-scale consensus reaching
framework with uninorm aggregation operators; Zhang et al. [67] proposed to build a consensus for the heterogeneous
large-scale GDM; Wu et al. [54] proposed an interval type-2 fuzzy TOPSIS model for large-scale GDM problems with social
network information; while Wu et al. [55] reported a linguistic solution for double large-scale GDM in E-commerce.

In a large-scale consensus reaching process (LCRP), because experts usually come from different domains and have
different interests, they may adopt non-cooperative behaviors to further their own interests. For example, some individuals might
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form a small alliance and refuse to modify their preference or change their preference in a direction against consensus to further
their alliance’s own interests. Hence, managing experts’ non-cooperative behaviors is key to assure the quality of the GDM
outcome. In order to deal with non-cooperative behaviors in the GDM, two mainstream research approaches have been
developed in the literature:

(1) Managing non-cooperative behaviors in the aggregation process (or selection process) of the GDM, which focuses on
the influence of the non-cooperative behaviors on the aggregation outcome. For example, Pelta and Yager [42] investigated
non-cooperative behaviors in the aggregation process in mediated multiagent negotiations via an optimization approach.
Recently, Dong et al. [10] studied the non-cooperative behaviors, called strategic weight manipulation, in the aggregation
process of the multiple attribute GDM. They showed that the performance of the ordered weighted averaging (OWA) operator
[64] is better than the weighted averaging (WA) operator in defending against the strategic weight manipulation in the multiple
attribute GDM. Additional studies regarding this topic have been reported by Yager in [62, 63].

(2) Managing non-cooperative behaviors in the consensus process of the GDM, which mainly analyzes whether a consensus
solution can be achieved under the presence of non-cooperative behaviors in the CRP. For example, Palomares et al. [41]
investigated the non-cooperative behaviors in the CRP of GDM and they designed a mechanism that depends on a moderator to
manage non-cooperative behaviors. Moreover, simulation experiments reported by Palomares et al. [41] showed that their
mechanism could improve the probability to achieve a consensus solution. Following this research methodology, Quesada et al.
[44] suggested an approach to manage non-cooperative behaviors in the LCRP with uninorm aggregation operators, while Dong
et al. [14] proposed a self-management mechanism for managing non-cooperative behaviors with was justified with extensive
simulation experiments..

In the first mainstream research approach, theoretical analysis is often used to analyze non-cooperative behaviors in the
aggregation process, while in the second one simulation experiments are used as a tool to analyze non-cooperative behaviors
because the CRP is a complex and dynamic process, which makes the theoretical development challenging. By analyzing
existing non-cooperative behavior studies in GDM models, we find the following research issues that should be addressed:

(1) Non-cooperative behaviors often appear in the CRP, which presents more complex characteristics than the aggregation
process in GDM problems. However, models presented in [10, 42, 62, 63] only discuss the non-cooperative behaviors in the
aggregation process in GDM problems.

(2) Models to manage non-cooperative behaviors in the CRP, presented in [41, 44], depend on a moderator. However, in
practical decision situations, it is sometimes difficult for a moderator to effectively carry out such heavy and complicated task.

(3) The self-management mechanism in [14] manages non-cooperative behaviors based on mutual evaluation matrices in
the CRP. However, in the LCRP the self-management mechanism cannot work because it is very difficult to manage mutual
evaluation matrices among a large group of experts.

Motivated by the challenge to deal with non-cooperative behaviors in the LCRP, in this paper we continue the research line
of [14] and propose a novel framework based on a self-management mechanism for managing non-cooperative behaviors in the
LCRP. In the proposed framework, experts express their opinions, are classified into a number of subgroups using a clustering
technique, and then they provide multi-criteria mutual evaluation matrices (MCMEMs) regarding the subgroups, which are used
to derive subgroups’ weights. Experts’ weights will be updated dynamically using the obtained subgroups’ weights, and
integrated into the LCRP. In this way, the weights of the experts with non-cooperative behaviors will be penalized by the
self-management mechanism in the LCRP.

The rest of this paper is organized as follows: Section II introduces the preliminaries. Section III proposes the LCRP
framework based on a self-management mechanism. Section IV introduces several common non-cooperative behaviors. Also,
within this section, detailed simulation experiments and comparison analysis, as well as an illustrative example, are presented to
verify the validity of the proposed framework. Section V discusses the advantages and limitations of our proposal. Finally,
conclusion and future work are covered in Section VI.

II. PRELIMINARIES

This section introduces some basic knowledge regarding the consensus reaching process with preference relations and the
LCRP.

A. The consensus reaching process with preference relations

There are two basic elements in a GDM: a finite set of alternatives, X ={x,, x,,..., x,} (7 =2); and a finite set of experts,
E={e, e,,.., e} (m=2). Each expert can express his/her preference on X using different preference representation

structures, such as utility function [51], preference orderings [47], multiplicative preference relations [46, 48], additive
preference relations (or fuzzy preference relations) [25, 36, 51], and linguistic preference relations [50]. Additive preference
relations have been widely used in GDM. Without loss of generality, in this paper we assume that experts express their
preferences using additive preference relations.

Definition 1 (4dditive preference relation [36, 51]). An expert expresses his/her preferences on a set of alternatives X by a
matrix, P=(p;) in which p; €[0,1] denotes the preference degree of alternative X, over x,. It is assumed that the

nxn’

preference relation satisfies the additive reciprocity property, p, +p, =1, Vi, j.



For simplicity, we call additive preference relations simply preference relations in this paper.

Many CRP models based on preference relations have been proposed in the specialized literature, which normally comprise
a consensus process and a selection process.

(1) Consensus process that aims at improving the consensus level among experts [8, 52], and it consists of two parts:
consensus measure and feedback adjustment.

(a) Consensus measure is used to compute the level of consensus or agreement among experts. Different methods to
measure consensus are possible [8, 38, 40]. In general, the computation of the consensus level in GDM is done in two ways: (1)
measuring the similarity of preferences between pairs of experts; (2) measuring the similarity of preferences between individuals
and the group as a whole. Following (1), a novel consensus measure method was developed by Palomares et al. [41] that
implemented weights of experts. Without loss of generality, in this paper, we adopt this approach as described below.

For a pair of experts (e.,e) (k=1,...m-LI=k+1,..,m), a preference similarity matrix, SM = (Sm;‘.l) , is defined, with
element Sm;;l =1-| pil; - pili |. Let w, and @, be the weights associated to experts (e, ,e,), respectively. The following consensus
matrix, CM = (cm[/) , with element

E nxn
m-1 m il m-1 m
ey = Ek=1 El=k+1 Dy ST /Ek=l El=k+1 @y (1)

and @, =min{w,,w, }is computed [41]. The consensus can be measured at the following three different levels:

(i) Consensus level on a pair of alternatives (x,,x;),

ep, = cm, 2)
(i1) Consensus level on alternative x,,

ca =" em;/(n=1) 3)
(iii) Collective consensus level,

cl = E;cal. /n. “

It is obvious that ¢/€[0,1]. The higher ¢/ is the higher the consensus level among all experts is.
(b) Feedback adjustment is used to support experts modify their preferences to improve consensus level. Different feedback
adjustment methods have been proposed [26, 49]. In this paper, the adjustment method is used and described:

Let P* = ( p:) (k=1,2,...,m) be the preference relation of expert ¢,, P° = ( pZ) be the collective preference relation,

n nxn

and F = (p_l’/‘) be the adjusted preference relation of expert ¢, . The adjustment process obeys following rules:

p; Emin(p;, p§).max(p;, p)l, if i< o

Pl =1-p}, if Q>
(2) Selection process aims to help experts find a solution to a decision problem. It is usually applied in two stages [26].

(a) Aggregation phase to derive the collective preference relation, p‘ = ( p;) , where p; denotes the group’s preference

nxn

degree of alternative x; over x;. Usually, the WA operator is used in the aggregation phase, as it is the case in this paper:

c 1 2 k m m k
Dy =@p; +0,p; +..+ QP +...+ 0, p; = Ek=lwkp,.j. (6)
where @, €[0,1] is the weight associated to expert ¢, and 2:—1 w, =1.

(b) Exploitation phase to rank the alternatives. This is done by associating a collective preference value, U,, to each

alternative x,. Several methods have been suggested to generate U, , such as OWA operator and row averaging methods. In this

i

study we use row averaging method to calculate U, i.e.

i

U, = Ej_:lp; /n,i=12..,n (7)
The higher the value of U, is the better the alternative x, will be for the group of experts. According to Eq. (7), a ranking of
alternatives can be obtained.

B. Large-scale consensus reaching process

Compared with traditional GDM with small group of experts, the LCRP problem involves large number of experts. Several
methods have been proposed to cope with this type of problem in the existing literature, which usually obey the following
scheme (e.g., [61, 67]): first of all, a clustering method is used to classify the large number of experts into different subgroups;
then, a consensus process is utilized to improve the consensus level among experts; and finally, a selection method is used to



obtain a collective preference.

From this analysis, it can be seen that the most prominent feature of LCRP is the use of a clustering process, with many
clustering methods available to perform this task: K-means algorithm [35], Fuzzy clustering algorithm [2], Grey clustering
algorithm [34] and Fuzzy C-Means algorithm [32]. The proposed consensus reaching framework is a general framework for the
large-scale GDM, and the choice of the clustering algorithm will not change the essence of the framework. In this study we adopt
the Grey clustering algorithm, which is summarized below altough readers are referred to Liu et al. [34] for its detailed
description.

The Grey clustering algorithm is based on the similarity measure between experts, and the following two principles: given

two experts (e, ,e,), if their similarity degree s* defined as

ST sy (= n) (®)

is greater than a given threshold » (»&[0,1]), then they are considered neighbors; given a subgroup and an expert, if the
proportion of experts in the subgroup who are neighbors of the expert is greater than a given threshold ¢ (¢€[0,1]), then the

expert can be added to the subgroup. The value of r (or ¢) will have an effect on the number of clusters, with a higher value
leading to a higher number of clusters. Thus, setting different parameters r and ¢ values will not have an influence on the
proposed large-scale GDM framework other than the different numbers of clusters to deal with. In the simulation experiments
reported in this study, we set » =0.75 and ¢=0.7.

IIT. THE LARGE-SCALE CONSENSUS REACHING FRAMEWORK BASED ON A SELF-MANAGEMENT MECHANISM

This section proposes the LCRP problem, and formally presents its resolution framework based on a self-management
mechanism.

A. Large-scale consensus reaching process problem with non-cooperative behaviors

As mentioned in Section I, the consensus building among a large number of experts has become a trend and hot topic of
research. Non-cooperative behaviors exist in the LCRP, and therefore it is important to study it and to tackle it with appropriate
theoretically based models. This is the aim of this study, where a large-scale consensus reaching problem with non-cooperative
behaviors, which is described as below, is proposed:

Recall that X = {x,,x,,...,x,} is a finite set of alternatives; E = {e,,e,,...,e, } is a finite set of experts; P = (pf/‘) is the

y

preference relation provided by expert ¢, on X ; and w = (0, @, ,...,m,)" is a weight vector, where @, is the weight of the expert

e, and Ella)k =1.

In the decision process, experts may adopt non-cooperative behaviors to further their own goals. For example, some
individuals might form an alliance that refuse to modify its preference or move its preference against consensus to further its own
interests in the LCRP. Therefore, how to design a large-scale consensus reaching framework to cope with these non-cooperative
behaviors is essential.

B.  The large-scale consensus reaching framework

This section proposes a large-scale consensus reaching framework based on a self-management mechanism. The resolution
of LCRP problems usually follows a scheme consisting of three different parts: clustering process, consensus process and
selection process [41]. In the clustering process, an algorithm is applied to classify experts into different subgroups. The
consensus process aims to improve the consensus level among experts, while the selection process focuses on obtaining a
ranking of the alternatives.

By integrating experts’ weights generated dynamically into the LCRP, we propose a novel framework based on a
self-management mechanism. In the proposed framework, four parts are differentiated: clustering process, dynamically
generating weights process, consensus process and selection process. The details of the framework are presented in Fig. 1.



! |
1 | |
| r |
. Provide/Update
' Individual |
3. S > MCMEMs
: FXpim/ T 71 preferences S A 4 :
H A . . 1
: Express Clustering MCMEMs :
: preferences |
|
1 Subgroups’ Optimization |
1 . preferences model H
| Clustering process R v H
! Dynamically ! 1
I : Mutual evaluation !
! . generating weights 1
! Suggestions to - weights process !
H modify individual Aggregation :
1 Collective v :
1 preference |
| Experts” I
! weights !
! _ Feedback !
| - adjustment Consensus :
\ measure . |
Il Aggregation \
! 1
! A 4 |
! 1
! vy Subgroups’ 1
Il weights :
1 Is the 1
| sonsensus |
No No consensus Yes
: Maxrounds? <€ level :
! acceptable? 1
|
! v 1
| |
! Yes . |
: > Selection process |
|
! Consensus process !
| |
!

Fig.1. The large-scale consensus reaching framework

(1) Clustering process. Based on the similarity degree between experts, the Grey clustering algorithm is applied to classify
experts into different subgroups.

(2) Dynamically generating weights process. In generating weights process, experts provide the MCMEMs regarding
subgroups, and subgroups’ weights can be obtained from the MCMEMs. Then, experts’ weights can be updated dynamically by
the obtained subgroups’ weights. The details of the proposed dynamically generating weights process are presented in Section
I-C.

(3) Consensus process. Consensus measure is used to assess the consensus level among experts, and feedback adjustment
is applied to help them improve the consensus level when below a satisfactory threshold (i.e. the consensus level is unacceptable).
Based on the obtained experts’ dynamic weights, consensus level among experts can be computed according to Eq. (4). If the
consensus level is unacceptable, the feedback adjustment is adopted to help experts modify their preference relations. Details of
the consensus process have been introduced in Section II-A.

(4) Selection process. Aggregation phase and exploitation phases are carried out to obtain the ranking of alternatives. In the
aggregation phase the collective preference relation is obtained via Eq. (6). Based on the obtained collective preference relation,
the large group’s collective preference values regarding all alternatives can be computed according to Eq. (7), from which the
ranking of alternatives is derived.

C. Dynamically generating weights process

In the dynamically generating weights process, experts provide and update their MCMEMs regarding subgroups based on
some criteria. Subgroups’ weights can be obtained from the MCMEMs, and they are employed to update experts’ weights.
(1) MCMEMs. We assume that there are 4 subgroups G ={G,,G,,...,G,} as a result of the application of the clustering

process. Let 4 ={a,,a,,..,a,} (y=1)be a set of criteria of MCMEMs, and let JT=(.7[1,JT2,...,J[V)T be a weight vector of

criteria, in which s, €[0,1] and Eiy=1 o, =1. Experts provide and update their MCMEMs about these subgroups using the set of
criteria above in each consensus round.

Expert ¢* provides his’/her MCMEMs, V* = (vlj‘ )/1 , in which V; denotes the evaluation value that expert e, assigns to the
Xy

subgroup G; with respect to the criterion a,. If e, EG,, vil; = null ; otherwise, vl.]; €[0,100].

The MCMEM of subgroup G, (t=1,2,...,h), Vo = (vg’ )iy > is obtained by averaging the provided MCMEMs of the
subgroup members:
v = Y v/lIG | (€))

! .G,
where || G || denotes the cardinality of the subgroup. And the MCMEM of the large group, Ve =(v§)hxy, is obtained by
averaging all subgroups’ MCMEMs.

v =3 v/ (h=1) (10)



(2) Obtaining the individuals® weights. 7 is normalized VS as follows [65]:

G

v, =V /Ell > Jor the benefit criterion a,, j =1,2,...,y

! an
— l/v
vi,. 2 e 5 , for the cost criterion a;, j =1,2,...,y
Let u=(u",u®,...u") be the weight vector of G = {G,,G,,...,G,}, where u% =0 is the weight of the subgroup G,

and Ele ,uGI =1. The evaluation value that the large group assigns to the subgroup G, can be computed as A = E;lﬂj;?. A
large value of A indicates that the large group believes the subgroup G, is quite important. The deviation value between 4 and
[uG" can be computed as (A - ﬂG" )2 , with the total deviation value between A and ﬂGf for all subgroups being

El 1( which should be kept as small as possible. This can be assured by determining the solution

G”) to the following nonlinear programming model:

min 3 G- )
=1

u% =0,i=(1,2,..,h)
By solving model (12), we can obtain the optimal solution:

u’ = E;lﬂiv; (13)

Then, we use the obtained subgroups’ weights to update the experts’ weights. If the subgroup G, receives a large weight,

u=(u"

(12)

s.t.

weights of experts in G, will be increased accordingly, and vice versa. The updated weight associated to expert e, EG,, ;k,
can thus be defined as follows:
@, =1, +(1=n)u’ (14)
where 77 is a parameter used to control the amount of change in updating the experts’ weights, with smaller values of 7 leading
to a larger amount of update. In this paper, and for illustration purposes we set 77 = 0.5 .
Finally, experts’ updated weights are normalized:

o, =0,/ 3" 0 (15)

IV. APPLICATION OF THE PROPOSED NON-COOPERATIVE BEHAVIORS MANAGEMENT FRAMEWORK

This section introduces several common non-cooperative behaviors in large-scale GDM context, and applies the proposed
large-scale consensus reaching framework to manage them. Detailed simulation experiments and comparison analysis and an
illustrative example are presented to verify the validity of the proposed non-cooperative behaviors management framework.

A. Non-cooperative behaviors in large-scale GDM context

In LCRP, it is naturally that some individuals will form an alliance which may adopt non-cooperative behaviors. In this
paper, we study the non-cooperative behaviors of subgroups, thus, we introduce the concept of subgroup successive similarity:
for two subgroups in two successive consensus rounds, if the two subgroups share a large number of experts, then the two
subgroups are considered similar and can be regarded as same. The successive similarity degree is described as follows:

Let G, __, be a subgroup in consensus round z-1, G, _ be a subgroup in consensus round z , then

G, 1 G|

SD S 2 i - AL (16
GerCe G UG, | )

i,z-1
is considered as the degree of similarity between the two subgroups. The larger the value of SD, G the higher the number of

experts the two subgroups share and therefore the more similar G, __, and G, _ will be. In practice, in the consensus framework

-1
two subgroups in successive consensus rounds that share a large amount of experts (more than 50%) can be considered as the

same subgroup because subgroup G, . will derived mainly from previous subgroup G, .. Thus, let y (¥€[0,1]) be a given
threshold. If SD, G X the two successive consensus round subgroups are regarded the same. In this paper, as explained

above we set x =0.5.

Based on the concept of subgroup similarity, we consider the following three common large-scale group non-cooperative
behaviors.



1) Large-scale group non-cooperative behavior 1
In LCRP, experts’ opinions will reach a consensus if they modify their preference relations according to the advice of
adjustment. However, a subgroup’s preference relation may diverge from the large group, and the deviation between the
subgroup’s preference relation and the large group’s preference relation could be very large. In this paper, we call this type of
behavior large-scale group non-cooperative behavior I.
Let P'“<’ be the preference relation of the subgroup G, _ in consensus round z, and P“* be the large group’s preference

relation in that same consensus round z . The deviation between P'“+’ and P‘“* can be computed as follows:
G; . n n (G2 ¢z
NG =N NP =P (0 =) (17)
The larger the value of NClG’”’, the larger the deviation between the subgroup G, . and the large group in round z . Let

a (a€[0,1]) be a given threshold. If NCIG"‘ 2 @, then we say that the subgroup G,  features large-scale group non-cooperative

behavior L.
2) Large-scale group non-cooperative behavior 11
In the LCRP, the members of a subgroup may, to further their interests, modify their preference relations by a little or in the
opposite recommended direction. In this paper, we call this type of behavior large-scale group non-cooperative behavior II.

Let fl,j(k’z) be the adjustment amount of expert ¢, regarding the pair of alternatives (x,,x;) according to the advice of

adjustment:

i

(k.z koz-1 . k2 . koz-1 21 kyz-1 21
o _ 1287 =L if py? Elmin(p T, i), max(py 7, pf 1 (18)
0, otherwise

Let 7% be the total adjustment amount of experts in subgroup G, _, and F'“*) be the total adjustment amount of

,Z’

experts in subgroup G, . to achieve a complete consensus:

F(G,:) _ ’v’ n 2 f:(k.z)
E"‘Ef%e S (19)
F(G”') _ ELIE::I 2 |p;jk‘z—l) _pi(jc,z—l) |
=l

To assess whether a complete consensus over all of the pairs of alternatives (x;,x;) is achieved, we compute
NGy =1-F'%) | %) (20)
Clearly, the larger the value of F (G2) ) plGi) , the larger adjustment proportion is implemented for subgroup G, _. Let

S (BE[0,1]) be a given threshold. If NC2G”“' > 3, then we say that subgroup G, _ features large-scale group non-cooperative

behavior II.
3) Large-scale group non-cooperative behavior 111
In the process of feedback adjustment, a subgroup may systematically decrease the evaluation value of the collective most
preferred alternative to further its interests. In this paper, we call this type of behavior large-scale group non-cooperative
behavior III.
Let x==" be the collective most preferred alternative in consensus round z—1. Let
0% = (o(G’")(xl),o(G")(xz),...,o(G")(xn)) Q1)

be the preference ordering associated with subgroup G, . in consensus round z , where 0! "“)(xk) = j if x, is the jth biggest

element in U™ = {u S"Z,U XG,,US} derived from P'“<’ using Eq. (7). The following index, NCSG iz is defined to check

whether G, _ has large-scale group non-cooperative behavior III or not.

. (G;.) (0,z-1)
NC3G": _ L if o™ (x ) = round(y x n) 22)
0, otherwise

where y (y€[0,1]) is a given parameter and the round is the usual rounding operation. If NC3G”Z =1, then we say that
subgroup G, _ features large-scale group non-cooperative behavior 1L

Note 1: Parameters «, g and y are threshold values used to check whether subgroups feature large-scale group
non-cooperative behaviors I-II1, respectively. The larger the value of «, g and y the more unlikely they will reveal large-scale
group non-cooperative behaviors I-III, respectively. The values of o, g and y can be set according to the practical decision
situations to manage non-cooperative behaviors effectively.



B.  Simulation experiments

In this section, we design several simulation experiments to verify the validity of the proposed large-scale consensus
reaching framework for managing non-cooperative behaviors in LCRP. The details of simulation experiments are presented
below.

In the simulation experiments, we randomly generate the initial experts’ preference relations. After the clustering process,
experts provide their MCMEMs. The MCMEMs involve three criteria: professional skill, cooperation and fairness. In existing
literature, a number of methods are proposed to set the criterion weights in multiple criteria decision making (e.g., [1, 60, 65]). In
a practical large-scale GDM situation, we do not have much knowledge about which large-scale group non-cooperative behavior
subgroups will adopt. In our framework, each large-scale group non-cooperative behavior is managed by one or more criteria, so
we set that all criterion weights are equal to effectively manage non-cooperative behaviors. In the following, we design
simulation experiments I-III based on the following natural hypotheses 1-3, respectively.

Hypothesis 1: If a subgroup features large-scale group non-cooperative behavior I, then experts in other subgroups will
decrease the evaluation value of this subgroup regarding the criterion “professional skill”.

Hypothesis 2: If a subgroup features large-scale group non-cooperative behavior II, then experts in other subgroups will
decrease the evaluation value of this subgroup regarding the criterion “cooperation”.

Hypothesis 3: If a subgroup features large-scale group non-cooperative behavior III, then experts in other subgroups will
decrease the evaluation values of this subgroup regarding the criteria “fairness” and “professional skill”.

Simulation experiments I-III are included in Appendices A, B and C, respectively. In order to clarify the use of Simulation
experiments I-III, the following Notes are added.

Note 2: The uniform distribution and the normal distribution are widely used to generate random data in simulation
experiments. The normal distribution will result in a high consensus level, and thus in Simulation experiments I-III we follow the
research line of [14] and use the uniform distribution to randomly generate preference relations.

Note 3: In simulation experiments I-III, (1) the parameter z denotes the iteration number to achieve a consensus; (2) the
parameter s reflects whether the given consensus level can be achieved or not; (3) the parameter § (F€[0,1]) denotes the

penalty coefficient, with a larger # value denoting a larger penalty strength; (4) the parameter m * denotes the number of
experts adopting large-scale group non-cooperative behaviors; (5) step 6 is used to implement preference modifications, which
can guarantee that experts e, €G,, , have large-scale group non-cooperative behaviors I-III, respectively. The basic idea of step

6 is that: (a) experts e, €G,,

e, €G,, ., modify their preferences satisfying the characteristics of large-scale group non-cooperative behaviors I-I1T defined in

modify their preferences according to the advice of adjustment (i.e. Eq. (5)) and (b) experts

Section IV-A, respectively.
C. Simulation results

Let z_ =5 and ¢/ =0.85. We set different input parameters: m, n, &, m* (adopting large-scale group non-cooperative

max

behavior I) and @ for Simulation experiment I; m, n, f, m* (adopting large-scale group non-cooperative behavior II) and & for

Simulation experiment II; and m, n, y, m* (adopting large-scale group non-cooperative behavior III) and & for Simulation
experiment III.

We run these three simulation experiments 1000 times to obtain the average values of s and z , which reflect the success
ratio and iteration number of achieving the given consensus level in the simulation experiments, respectively. The average values
of s and z, under different input parameters for Simulation experiments I-III, are listed in Tables 1- 3, respectively.

Furthermore, the average z values in Simulation experiments I-III under different parameters are depicted in Figs. 2-4,
respectively.

Table 1: Average values of s and z in Simulation experiment I under different parameters

m* = m*=10
6=0.2 9=04 6=0.6 =02 0=04 6=0.6
m n a s z K z s z s z s z K z
30 4 020 0993 3.660 1 3366 1 3.069 0.945 3913 0.997 3.554 1 3.221
030 0965 4207 1 3773 1 3.195 0.847 4.425 0.980 4.003 1 3.417
7 020 1 3579 1 3222 1 3.001 0.991  3.900 1 3.480 1 3.037
0.30 0999 4.078 1 3788 1 3.011 0.931 4.442 1 4.012 1 3212
50 4 020 1 3158 1 3.032 1 3.000 1 3.300 1 3.105 1 3.001
0.30 3400 1 3.079 1 3.000 1 3.768 1 3284 1 3.013
7 020 1 3.000 1 3.000 1 3.194 1 3.003 1 3.000
1 1 1 1 1

e
=)
©°

0.30 3.844 3.047 3.000




Average value of z

Average valus of z

Average valus of z

Table 2: Average values of s and z in Simulation experiment II under different parameters

m*=8 m*=10

0=02 =04 0=0.6 0=02 =04 0=0.6

m n B s z s z s z s z s z K z
30 4 0.80 1 3.917 1 3.667 1 3.125 1 3.972 1 3.792 1 3.295
0.90 1 3.998 1 3.885 1 3.259 1 4.009 1 3.935 1 3.490
7 0.80 1 3.992 1 3.759 1 3.007 1 4.000 1 3.907 1 3.140
0.90 1 4.000 1 3.979 1 3.135 1 4.000 1 3.998 1 3.520
50 4 0.80 1 3.406 1 3.048 1 3.002 1 3.800 1 3.227 1 3.007
0.90 1 3.812 1 3.188 1 3.002 1 3.975 1 3.598 1 3.017
7 0.80 1 3.369 1 3.000 1 3.000 1 3.933 1 3.066 1 3.000
0.90 1 3.943 1 3.056 1 3.000 1 4.000 1 3.660 1 3.000

Table 3: Average values of s and z in Simulation experiment III under different parameters

m*=8 m*=10
=02 0=04 6=0.6 0=02 0=04 0=0.6
m n Y N z s z s z N z N z s z
30 4 050 0994 3711 1 3412 1 3.160 0.943 3919 099 3.632 1 3275
0.80 0992 3.724 1 3428 1 3177 0.931 3947 0994 3.641 1 3300
7 050 1 3.640 1 3265 1 3.024 0.987  3.967 1 3.558 1 3.092
0.80 1 3.657 1 3273 1 3.037 0.985  4.029 1 3563 1 3.094
50 4 0.0 1 3.176 1 3.059 1 3.043 1.000 3.351 1 3.157 1 3.064
0.80 1 3185 1 3.074 1 3.052 1.000 3.357 1 3.167 1 3.080
7 050 1 3.024 1 3.003 1 3.006 1.000 3.202 1 3.025 1 3.016
0.80 1 3.027 1 3.009 1 3.007 1.000 3.218 1 3.027 1 3.019
: e —8—n=40=02
—O—n=4,0=03

IS
&

=

@ n=7, m*=12

—W—n=7 o=02
——n=7 a=03

Average value of z

(b) m =50, m*=12 () m=30, n=7

Fig. 2. Average Z values in Simulation experiment I under different parameters
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Fig. 3. Average Z values in Simulation experiment II under different parameters
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From Tables 1-3 and Figs. 2-4, we can draw the following observations:

(1) The proposed large-scale consensus reaching framework can manage large-scale group non-cooperative behaviors I-111
effectively when setting different parameters. Generally, it needs an average of 3-4 rounds to achieve a consensus, and it has
high consensus success ratios (close to 1).

(2) When the proportion of the experts who adopt non-cooperative behaviors increases, the ability of the proposed
consensus reaching framework for managing non-cooperative behaviors decreases.

(3) When decreasing the values of «, g and y or increasing the values of &, the average values of z decreases, while the
average values of s increase, which means that adopting a relaxed criteria to detect the non-cooperative behaviors or using a
strong penalty will accelerate the speed to achieve a consensus and will improve the success ratio of achieving a consensus.

D. Comparative analysis

In this section, we compare the proposed large-scale group non-cooperative behaviors management framework against the
traditional LCRP to verify the validity of our framework.

In traditional CRPs, experts’ weights remain unchanged. The traditional methods can be also exported to manage
large-scale GDM after some minor modifications. In our simulation experiments, when deleting the dynamically generating
weights process, we obtain the traditional LCRP. In Simulation experiments I-III, we remove steps 3-5 to obtain Simulation
experiments I *-1I1*, which can be used to describe traditional LCRP.

Let n=6, Zp =3, ol = 0.9, #=0.2, and m*=10. When setting different input parameters m and ¢ for simulation
methods I* and I, we run these two simulation experiments 1000 times, obtaining the average values of s and z . The
simulation results are described in Fig. 5.

Let n=6, Zyo =3, ol =0.9, #=0.2, and m*=10. When setting different input parameters m and g for simulation
methods 11* and II, we run these two simulation experiments 1000 times, obtaining the average values of s and z. The
simulation results are described in Fig. 6.

Let n =38, Zow =5, ol =09, #=0.2, and m*=10. When setting different input parameters m and y for simulation
methods III* and III, we run these two simulation experiments 1000 times, obtaining the average values of s and z . The
simulation results are presented in Fig. 7.
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Fig. 6. Average s and z values in Simulation experiments II and 11 * under different parameters m and g
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Fig. 7. Average s and z values in Simulation experiments III and 11 * under different parameters m and y
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From Figs. 5-7, we draw the following observations:

(1) There are clearly fewer average consensus rounds in the proposed large-scale group non-cooperative behaviors
management framework than those in the traditional LCRP, which means that the proposed framework can accelerate the speed
to achieve a consensus.

(2) The consensus success ratios in the proposed large-scale group non-cooperative behaviors management framework are
obviously higher than those in the traditional LCRP, which means that the proposed framework can improve the success ratio of
achieving a consensus by managing the non-cooperative behaviors.

E. Illustrative example

In this section, we present an illustrative example to show how the consensus level and experts’ weights change in five
successive rounds in the traditional LCRP and in the proposed self-management mechanism-based large-scale consensus

reaching framework. In this example, we assume that there are 30 experts, E = {e,, e,,...,e;,}. They provide their preference
relations, P ={P', P*,..., P}, regarding a set of 6 alternatives X = {x,, x,,..., X, } . Meanwhile, we also assume that there are 10

experts, E*={e,, e,,..,e;,} , who have non-cooperative behaviors. Let E\E* be the experts without non-cooperative
behaviors.

In the following, we use the traditional LCRP and the self-management mechanism-based consensus reaching framework to
help the 30 experts to achieve a consensus. Because of the limited space, we omit the original and adjusted preference relations,
and MCMEMs in the LCRP. Besides, we only consider large-scale group non-cooperative behavior I in this example. If we
consider large-scale group non-cooperative behaviors II or III, we obtain similar results.

In the self-management mechanism-based consensus reaching framework, we set = 0.25 to reveal large-scale group
non-cooperative behavior I, and use 8 = 0.5 to penalize the subgroup with large-scale group non-cooperative behavior I. We can
respectively obtain the consensus level and the average weight of E* and the average weight of £\ E * in the traditional LCRP
and in the proposed self-management mechanism-based framework in five successive rounds as Fig. 8 illustrates.

0.045

0.0

e weight
I

2 0.025

Aver
o

0015

—8— tradional LORP
—9—the proposed framework

0 UDEW 2 3 4 1 2 3 4 5

Fig.8. The consensus level and the average weight of experts under traditional LCRP and our proposal

From Figs. 8, we observe that in the self-management mechanism-based large-scale consensus reaching framework the
average weight of experts with non-cooperative behaviors are obviously decreased in contrast with the traditional LCRP where
they remain unchanged. Furthermore, the speed to achieve a consensus under the proposed large-scale consensus reaching
framework is faster than that in the traditional LCRP. These findings imply that the proposed framework can manage
non-cooperative behaviors effectively in the LCRP.

V. DISCUSSION: ADVANTAGES AND LIMITATIONS

In this section, we point out some advantages and limitations of the proposed self-management mechanism to manage
non-cooperative behaviors in the LCRP.

(1) Advantages: We find the following advantages of our proposal.

(a) Compared with Pelta and Yager [42], Yager [62, 63], and Dong et al. [10], non-cooperative behaviors are considered not
only in the aggregation process but also in the CRP of GDM.

(b) In the works of Palomares et al. [41] and Quesada et al. [44], the management of the non-cooperative behaviors is
heavily dependent on a moderator and is occasionally excessively demanding for the moderator. Compared with [41, 44], the
mechanism presented in this paper does not rely on the moderator, and it depends on the mutual evaluations among subgroups.

(c) The mechanism presented in Dong et al. [14] is suitable for decision contexts that involve a small number of experts, but
not for large-scale GDM contexts because of the difficulty to manage mutual evaluation matrices among a large number of
experts. The proposed model in this paper is designed for large-scale GDM contexts to overcome this specific shortcoming of
Dong et al.’s model [14].

(d) Detailed simulation experiments are designed and reported to verify the validity of the proposed model for managing
non-cooperative behaviors in the LCRP. The simulation results show that our model can manage large-scale group
non-cooperative behaviors effectively.

(2) Limitations: We find the following limitations, which require of future research efforts in their addressing.

(a) In existing non-cooperative behavior studies in CRPs, simulation experiments have been used to show the effectiveness
of the proposed models [14, 41, 44, 61]. The simulation method is also adopted in this study. Inevitably, we make some basic
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assumptions and set several parameters values in the running of the simulation experiments. Thus, simulation experiments are
based on some assumptions and parameters setting, and do not cover all possible actual decision situations in real-world LCRPs,
which are more complex than those considered in simulation experiments. It could be interesting in future research to investigate
non-cooperative behaviors in the LCRP empirically.

(b) In this paper, we discuss the self-management mechanism to manage non-cooperative behaviors in the LCRP by
analyzing whether a consensual collective solution can be achieved. We argue that it will be interesting to investigate the
non-biased outcomes in the proposed LCRP framework based on the latest research results on CRP (e.g., Gotuniska and Hotda
[20], and Kacprzyk and Zadrozny [30]).

(c) To our knowledge, there is a lack of theoretical analysis of non-cooperative behaviors in CRPs in the existing literature
because the challenge posed of CRPs within a complex and dynamic process, although it is arguably a necessity to get
theoretical analysis regarding non-cooperative behaviors in the LCRP..

VI. CONCLUSION

In LCRP non-cooperative behaviors happen. In this paper we proposed a novel framework based on a self-management
mechanism to manage large-scale group non-cooperative behaviors. In this framework, experts not only provide preference
relations, but also provide and update MCMEMs based on subgroups’ performance from which subgroups’ weights are obtained.
Then, individuals’ weights can be dynamically updated by the obtained subgroups’ weights, and they are integrated into the
LCRP. We consider several common large-scale group non-cooperative behaviors in LCRP. If a subgroup is detected to use
large-scale group non-cooperative behaviors, experts in other subgroups will decrease the evaluation values of this subgroup
which eventually will decrease the weights of experts in this subgroup. We designed detailed simulation experiments and
comparison analysis to verify the validity of the proposed framework for managing these non-cooperative behaviors in LCRP.

In real-world, decision elements can be dynamically changed during the LCRP, examples of which are the experts’
participation rate, or the number and type of available alternatives [43]. Meanwhile, social relationships (such as social network
[16, 33, 54]) among experts may play a key role in the consensus building. We believe that it will be very interesting in future to
investigate and deal with the dynamic elements and social relations issues in the self-management mechanism-based framework
in the LCRP.

APPENDIX A. SIMULATION EXPERIMENT I

Input: m, n, m*, cl, z__, 0 and a .
Output: s, z.

Step 1: Let z =1. Initialize experts’ preference relations and weights. We randomly generate m nxn preference relations.

max ?

We set that m * experts, G = {€,),€,(2)»-+€x(mn } » have non-cooperative behavior I.
Step 2: Clustering. Compute similarity degree s*(k =1,....m -1,/ = k +1,...,m) between experts ¢ and ' by Eq. (8), and

then classify experts into a number of subgroups {G, _,G, _,...,G, .} by the Grey clustering algorithm.

PEXD

(k,

Step 3: Obtaining MCMEMs. If z =1, for e, EGt (t = 1, 2,,,.]’[) 5 v[(j/c,z) = null; for e, ¢Gl , generate vtj 2) random]y from

interval [80,100]. If z =2, according to hypothesis 1, experts in other subgroups will decrease the evaluation values of the

z

subgroup G regarding the criterion “professional skill”. The process is presented as follows:

v,.‘f'z' = null, ¢, €G,,
V) €[80,100], ¢ ¢G, &G, =G
v €[80,100], €, ¢G . &G . =G&;j=2,3

v €[max(80-1000,0), 10010061, ¢, ¢G, &G, =G& j=1
Step 4: Obtain experts’ weights and collective preference relation. Based on obtained MCMEMs, use Eqgs. (9)-(13) to
obtain subgroups’ weights, u = ( yG"Z , yG“ yeres yG’“ ). Then use the obtained subgroups weights to update experts’ initial weights
by Eq. (14) and obtain collective preference relation by Eq. (6).

Step 5: Consensus measure. Use Eq. (4) to obtain the consensus level ¢/ among experts. If ¢/ = clor z=z__, then go to

max ’

step 7; otherwise, continue with the next step.

Step 6: Feedback adjustment. For e, &G, Eq. (5) is used to modify their preference relations, and guarantee that they do
not have non-cooperative behavior I; for e, €G, generate experts’ preference relations, and guarantee that the deviation

between the subgroup G and the large group is larger than « .
Let z =z +1, then go to step 2.

Step 7: Output. If ¢/ = c_l, then s =1; otherwise, s =0. Output z and s.
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APPENDIX B. SIMULATION EXPERIMENT II
Output, Step 2, Step 4, Step 5 and Step 7 are the same as simulation experiment I, we omit them.
Input: m, n, m*, ch, z.,0and g.
Step 1: Let z =1. Initialize experts’ preference relations and weights. We randomly generate m nxn preference relations.

We set that m * experts, G = {€,),€,(3)»+++€x(u) » have non-cooperative behavior II.

Step 3: Obtaining MCMEMs. If z =1, for e, EGt (t = 1, 2,,,.]’[) 5 v[(j/c,z) = null; for e, ¢GI’Z , generate vt(jk’z) random]y from

interval [80,100]. If z =2, according to hypothesis 2, experts in other subgroups will decrease the evaluation values of the

subgroup G regarding the criterion “cooperation”. The process is presented as follows:

vl(/"'” = null, e, €G,,
v €[80,100], ¢, ¢G, &G, #G
v €180,100], ¢, ¢G_ &G =G&j=13

V-9 €[max(80-1006,0), 100-1000], ¢ &G, &G, =G&j=2
Step 6: Feedback adjustment. For ¢* %(_;, Eq. (5) is used to modify their preference relations, and guarantee that they do
not have non-cooperative behavior II; for ¢* €, use following rule to modify their preference relations.
(k,z+1) _  (c.2) (k,z) : =
Let p; " = p; " x fxT+ p;" x(1= fxT), where z€[0,1] is a random value. Let z = z+1, then go to step 2.
APPENDIX C. SIMULATION EXPERIMENT III
Output, Step 2, Step 4, Step 5 and Step 7 are the same as simulation experiment I, we omit them.
Input: m, n, m*, cl,z__, 6 and y.
Step 1: Let z =1. Initialize experts’ preference relations and weights. We randomly generate m nxn preference relations.

We set that m * experts, G ={€,),€, (s €y} » have non-cooperative behavior III.

Step 3: Obtaining MCMEMs. If z =1, for e, EGt (t = 1, 2,,,.]’[) 5 v[(j/c,z) = null; for e, ¢GI’Z , generate vt(jk’z) random]y from

interval [80,100]. If z =2, according to hypothesis 3, experts in other subgroups will decrease the evaluation values of the

subgroup G regarding the criteria “professional skill” and “fairness”. The process is presented as follows:

v = null, ¢, €G,.
v €[80,100], e &G &G, =G
v €[80,100], 626G, &G, =G&j=2

v E[max(80-1006,0), 100-1000], e, &G, &G, =G& j=173
Step 6: Feedback adjustment. For ¢, &G, Eq. (5) is used to modify their preference relations according, and guarantee that
they do not have non-cooperative behavior III; for e, €EG , use following rule to modify their preference relations.

Let x be the collective most preferred alternative in round z, O =(o(a"')(xl),o(a’z)(xz),...,o(a’z)(xn)) be the

(6,2

preference ordering associated with the subgroup G in round z , where 0% (x)=j if x, is the jth biggest element in

Ues ={U§’Z,Ug F.LU% Y 0 and U9 can be obtained according to P2 using Eq. (7). Guarantee that

0"V (x'*) = round(y xn) . Let z = z +1, then go to step 2.
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