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Chapter  1 

 

Introduction  

 

1.1 Motivation  

Group decision making (GDM) is a decision theory branch that has been widely 

applied in real world scenarios to solve important and complicated decision 

problems in a range of domains, such as public  health [5], water supply 

engineering projects [127], foreign policy [8] and so forth. In GDM problems, 

decision makers (DM s) usually evaluate alternatives based on multiple attributes, 

leading to multiple attribute group decision making (MAGDM)  problems [82]. 

However, because of the complexity of eliciting assessments and human beings 

bounded rationality , linguistic terms are easier elicited than crisp numbers for 

assessing attribute  in MAG DM. The concept of linguistic variable was introduced 

by Zadeh [206], it is a variable whose values are not numbers but words or 

sentences in natural or artificial language. It turned out to be a useful tool for 

handling MAGDM  problems with qualitative information. Since  then, MAGDM 

approaches dealing with linguistic variables have been widely investigated [53, 108, 

111, 117, 177]. 

When a problem is solved using linguistic information, it is necessary to carry 

out computing with words (CWW) processes [121, 208, 210] (see Figure 1.1), which 

is one of the most used methodologies.  
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Figure 1.1 Computing with words process  

In this process, linguistic outcomes are obtained from linguistic inputs, which 

are easily understandable and properly represented. Consequently, several 

linguistic computational models have been developed to accomplish the CW W 

processes [3, 60, 61, 118, 172, 197]. These models follow the computation scheme 

depicted by Yager [198, 199] that points out the importance  of the translation and 

retranslation processes in CWW (see Fig. 1.1). However, there are some limitations 

when fusion processes are performed on linguistic variables. They performed the 

retranslation  step as an approximation process to express the results in the original 

term set provoking a lack  of accuracy [63]. In these approaches, the results usually 

do not exactly match with any of the initial linguistic terms, then an approximation 

process must be developed to express the results in the initial expression  domain. 

This produces the consequent loss of information and hence the lack of precision. 

To avoid such an inaccuracy in the retranslation step, a 2-tuple linguistic 

model [60] was proposed. A 2-tuple linguistic representation is composed by a 

linguistic term and a numerical value called symbolic translation that represents 

the displacement of the linguistic term. The refore, it avoids the loss of information 

and obtains more precise and interpretable results. For this reason, the 2-tuple 

linguistic model stands out as one of the most widely used in decision making [119, 

142]. 

Furthermore, several 2-tuple linguistic exten ded models have been proposed 

within MAGDM problems , such as, the 2-tuple semantic model [1, 163, 164], multi -

granular 2-tuple linguistic model  [38, 62, 197], proportional 2 -tuple linguistic model  

[172, 173], numerical scale model [34, 36, 37], etc. Based on the extensive and 

successful research of the 2-tuple linguistic models, Martínez and  Herrera [120] 

provided an overview on these model. The previous 2-tuple linguistic models have 

been successfully used to elicit the assessments but, the reliability of the 
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Manipulation

Retranslation

Input

Linguistic Linguistic

Output



1. Introduction   5 

   

assessments is also important for DMs. The extant decision making models based 

on the 2-tuple linguistic information assume that all assessments have the same 

confidence level [112], which may be infeasible in practice. Hence, Zhu et al. [225] 

proposed the concept of two-dimension linguistic information, which includes the 

reliability information of the subjective assessments. Subsequently, two dimension 

2-tuple linguistic (TD2L) [224] was proposed by combing the two -dimension 

linguistic expression and 2-tuple linguistic information.  

Obviously, the information expres sed as TD2L is more accurate and 

reasonable, because the assessment and the reliability of the assessment are 

provided at the same time. Due to the advantages of eliciting  TD2L assessments, 

several results on MAGDM problems with two -dimension linguistic as sessment [98, 

99, 220] have been developed, such as: 

 Representation model of TD2L labels. Generally, the TD2L labels are presented 

as a binary linguistic term form  [223]. The two classes of linguistic 

information come from two different linguistic term sets respectively. The 

first term set represents the evaluation assessments provided by DMs. The 

second term set represents the reliability of the previous assessment, which 

is also the subjective information provided by DMs [202]. 

 Operational and comparison rules of TD2L labels. Different operators have 

been developed for different kinds of two -dimension linguistic expression, 

such as, two -dimension uncertain linguistic aggregation operators [106, 

110] used for aggregating the two-dimension linguistic labels under 

uncertainty, trapezoidal fuzzy two -dimension linguistic power 

generalized aggregation operators [99] used for aggregating the TD2L 

labels with the first class linguistic uncertain extended to trapezoidal fuzzy 

number, etc. Besides, the comparison rules between TD2Ls have been 

developed based on the traditional comparison rules of 2-tuple linguistic

model [60], such as, two -dimension linguistic lattice implication algebra 

(2DL-LIA) [224] used for expressing and comparing the TD2Ls, the 

notation of expectation of TD2Ls [110] was proposed  for comparing two -

dimension uncertain linguistic variables, etc.  

 GDM methods based on TD2L expression. Since TD2L has unique advantages 

in modelling information,  its research and application combined with 
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these classical GDM methods has attracted attention from scholars. Several 

GDM methods  have been extended under the TD2L environment , such as, 

PROMETHEE [220], extended TODIM [105], extended VIKOR-

QUALIFL EX [98], failure mode and effects analysis [104], extended 

prospect theory-VIKOR [33],etc.  

 Application of GDM methods based on TD2L labels in real life. In some real 

situation s, linguistic terms have been considered the most suitable 

modelling for assessing attributes, such as, emergency decision making [32, 

33], quality evaluation of community question answering [97] power plant 

site selection [185] and risk assessment [186], etc. 

Further research in GDM shows that consensus reaching processes (CRPs) 

have been required to assure the agreement on decision results in GDM problems. 

However, CRPs generally demand that the original assessments are adjusted if the 

expected consensus level is not satisfied. In such a situation, the reliability of the 

adjusted assessments is worth thinking. Obviously, original assessmentsõ reliability 

could be given by experts in advance, however, the reliability of the adjusted 

assessments should be derived from an objective measure way . 

Despite there are multiple models and approaches to deal with MAGDM and 

TD2L labels jointly , both theory and practice, it is remarkable that so far these 

models and approaches are not good enough when they are applied to real world 

MAGDM problems in which CRPs are applied to. Thus, new difficulties  and 

challenges described below are the main motivations of this research memory: 

ï The aggregation of the TD2Ls in MAGDM: Aggregating  the TD2Ls of DMs to 

rank or sort the alternatives, to select the best option is a necessary

process. In MAGDM problems based on TD2L labels, individual DMsõ 

preferences must be aggregated in a collective and well -structured way to 

make the final decision. The aggregation of the TD2Ls is of great 

importance in MAGDM because different aggregation operators could 

lead to different results. However, interpreting and analyzing the se DMsõ 

preferences is a complex task. And in the existing methods, no matter 

which aggregation operator is taken, the two -dimension information of the 

TD2L labels are taken separately for  computing [99, 107, 110, 167, 200]. In 

fact, when the assessments are not completely reliable, they become 
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random which means the assessment is uncertain. Therefore, an 

aggregation operator for dealing with the TD2L  labels from a stochastic 

perspective is promising to research. 

 Measuring reliability of the adjusted TD2L assessment: TD2L labels express the 

assessment and its reliability. With the advantage of the representation of 

the TD2L labels, they have been applied to many MAGDM problems  [32, 

185, 186]. However, by performing a CRP, the initial TD2L labels are 

modified and  the reliability of the adjusted assessment should be 

recomputed. The reliability of the initial assessment is subjective. However, 

an objective measurement to improve the use of the TD2L labels in 

MAGDM is necessary. 

 Determining DMsõ weights in MAGDM problems: The calculation of DMsõ 

weights in the literature can be divided into subjective methods, objective 

methods and methods combining the objective and subjective approaches 

[42, 178]. Subjective weight determination methods, such as the analytic 

hierarchy process (AHP) [146] and Delphi me thods [73], assign weights to 

DMs based on subjective characteristics such as their background, 

professional levels and experience with the decision making problems. 

Objective weight determination methods [85], such as the entropy weight 

[46], technique for order preference by similarity to an ideal solution 

(TOPSIS) [68] and projection methods [204], etc. Mixed subjective and 

objective methods for computing DMsõ weights combine the subjective 

and objective weights to obtain comprehensive DMsõ weights [116, 147, 

176]. When DMsõ weights are not given in advance, the objective way to

determine the reasonable weights information is important. Therefore, it  is 

a challenge to find  out a more effective and suitable way to determine the 

DMsõ weights for MAGDM  problems with linguistic assessments. 

 The clustering of large scale number of DMs: Clustering analysis can 

effectively simplify the CRP when a large scale number of DMs is 

involved in MAGDM. Therefore, the clustering analysis has become 

significant for sol ving MAGDM problems. Many scholars have focused 

their attention on clustering method, such as, k-means clustering 

algorithm [187], a fuzzy c-means based algorithm [151], a hierarchical 
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clustering algorithm [21], etc. Using the clustering method, the DMs can 

be divided into several small clusters, then DMsõ assessment information 

have higher consistency and a lower degree of conflict for each cluster. 

However, the existing clustering method s are complex for computing and 

they ignore the support degree on each alternative of different DMs. Thus, 

a new clustering method based on the support degree of each alternative 

of DMs need to be developed so that more information would be obtained 

during the CRP. 

 The consistency and consensus of DMsõ opinions: Consistency and consensus 

are other noteworthy challenges in the MAGDM process. Consistency is 

directly related to the credibility of the MAGDM results. Consensus, on 

the other hand, means that the agreement of DMs to accept the results of 

the process. During the CRP, some DMs do not modify at all their 

opinions , which could happen when there  is not enough time to persuade 

these DMs. DMs agree to modify their preferences to a value that is within 

their tolerance degree at most. Thus, it might be a challenge to coordinate 

the stubborn DMsõ assessments and the automatic feedback with the 

consideration of acceptance and tolerance degree of the adjusted opinion 

for stubborn DMs.  

In real world MAGDM problems, previous  challenges found  in existing 

MA GDM problems make that current  MA GDM approaches need to overcome them 

in order to  better satisfy the situations and needs in decision making. To deeply 

study the subjects regarding the challenges described above,  this research memory 

conducts comprehensive and deep researches to fill  those gaps. 

1.2  Objectives  

According to the challenges pointed out previously in existing MAGDM 

approaches based on TD2L labels, this research memory is focused on the 

improvements  of current MAGDM  approaches. 

Based on such a purpose, the following three research objectives are 

considered: 

1. To develop a novel TD2L computation model. It considers two dimensi onsõ 
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information of TD2L  labels from stochastic perspective and then compare 

the computation models from the general and stochastic perspective by a 

case study. Additionally , some new aggregation operators and 

comparison rules will be introduced to improve previous studies. 

2. To consider the reliability degree of the adjusted assessment during CRPs in 

MAGDM . Generally, original assessments provided by DMs are linguistic 

terms, and the adjusted assessments are still linguistic terms or the 

extension of a linguistic term, such as, 2-tuple linguistic value after the 

CRP. In such a case, the information of the reliability of the adjusted 

assessment is usually  missing. Thus, another dimension for linguistic 

information will be obtained for representing the reliability of the adjusted 

agreed assessment. In this objective it will be considered the minimum 

adjustment during the CRP, a two -stage minimum adjustment consensus 

model based on linguistic assessment information  will be  proposed to 

show the obtained adjusted assessment and its reliability. Besides, the 

relations between the reliability of the adjusted assessment and the 

distance from the original assessment to the adjusted assessment will be 

discussed. 

3. To define a MAGDM framework. It is used to solve the problems refer to a large 

number of DMs and consider the tolerance degree of DMs on changing 

their opinions.  A support degree (SD)-based clustering method is 

introduced  for classifying DM s into several subgroups to make more 

manageable the large number of DMs. Besides, the tolerance degree of 

DMs will be considered to improve the reliability of the adjusted opinions, 

and a minimum adjustment consensus model with two consensus rules 

will be presented to improve the consensus level (CL) gradually. 

Eventually, th e adjusted assessment will be modelled as TD2L labels. 

Using the proposed method for comparing TD2Ls, the alternatives 

ranking could be obtained . 

1.3  Structure  

To achieve the objectives presented in Section 1.2, and taking into account the 

article 23, point 3, of the current regulations for Doctoral Studies at the University 
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of Jaén, in accordance with  the program  established in the RD 99/2011, this research 

memory  will  be presented as a compendium  of published  articles by the PhD  student 

student during h er PhD  student period.  

Two articles have been published in international journals indexed by JCR 

database, produced by ISI and one International conference contribution was also 

accepted by IEEE International Conference on Fuzzy Systems 2021 (Ranking in the 

Core Ranking list of conferences 2020 as CORE A). In summary, the report  is 

composed of a total of two articles which  have been published in high quality 

international  journals and one CORE A conference contribution. 

The structure of this research memory is briefly described below: 

ü Chapter 2: Some basic concepts that are used across the research memory 

to achieve our research goals are revised such as, related concepts of 

decision making,  GDM , MAGDM,  MAGDM  under uncertainty, MAGDM  

based on linguistic information. And the methods and models that are 

used in our proposals, such as, fuzzy linguistic approach, 2-tuple linguistic 

model, two dimension 2 -tuple ling uistic label, consensus reaching process, 

minimum adjust ment cost model and so on will be revised in short . 

ü Chapter 3: The published  proposals that compose the research memory  are

briefly introduced, in addition, discussions of each result obtained is 

presented in short to clarify  the achievements reached in our research. 

ü Chapter 4: This chapter is the core of this doctoral  thesis, which  includes 

the publications obtained as the research results. For each publication, the 

information  about the journals in which  the proposals have been 

published is  further indicated . 

ü Chapter 5: Final conclusions regarding this research and possible

 promising future works are pointed out.  
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Chapter  2 

 

Basic Concepts and Methods  

 
This chapter establishes the framework  of concepts and tools related to our research 

memory. Due to the fact that, the different papers that composes this research 

memory  introduce  and revise the necessary background for  understanding our  

proposals, in this chapter we have provided  a detailed and structured  revision  of the 

main necessary concepts related to our proposals including some related concepts 

about decision making, GDM , MAGDM , CRP and the managing of consensus 

under uncertainty in GDM  by eliciting two dimension 2 -tuple linguistic labels. 

Besides, the methods used for solving MAGDM  problems under uncertainty, fuzzy 

sets, fuzzy linguistic approach, two dimension 2 -tuple representation model , linear 

programming method , are revised. All these concepts, tools and methods are 

further detailed in each specific paper of the compendium provided in this research 

memory (see Chapter 4 for further details ). 

2.1 Decision making  

In this section, a brief  introduction  and a classification of decision making  are 

revised as the basic knowledge  of this thesis, which  pave the way for  our coming 

researches.
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2.1.1 Introduction  

Decision making is a complex cognitive process proper of human beings . Within  

this process, individuals can decide actions based on either personal beliefs or the 

inference of various factors in various options, or decide the opinions that the 

individual wants to express. Every decision  making process aims at producing the 

final decision and selecting the final choice [140]. Before making a decision, DM s 

are often faced with different plans and choices, as well as a certain degree of 

uncertainty about the consequences of their decisions; DMs need to weigh the pros, 

cons, and risks of various choices in order to achieve the best decision result. 

The decision making process consists of an entire process from asking 

questions, determining goals, and going through program selection, decision 

making, and delivery to implementation. It  emphasizes the practical significance of 

decision-making. It is clear that the purpose of decision making is execution, which 

in turn checks whether the decision is correct and whether the environmental 

conditions have undergone major changes [115]. 

In general, decision making is the process of making choices by identifying a 

decision, gathering information, and assessing alternative resolutions [83]. Seven 

steps could be considered to help DMs to execute the decision making process as 

follows [43]: 

Step 1: To identify the decision problem : This step determines what the 

decision problem actually is.  

Step 2: To gather relevant information: DMsõ preference information is 

collected before decision making. 

Step 3: To identify the alternatives: To list all possible and desirable 

alternatives. 

Step 4: To weight the evidence: To place the alternatives in a priority order 

based on suitable decision methods. 

Step 5: To choose the best possible option: To select the alternative that seems 

to be the best or even choose a combination of alternatives. 

Step 6: To execute the action: The alternative derived from Step 5  is 

implemented . 

Step 7: To review the decision result: The decision result is evaluated and then

according to the performance of the alternative to improve next possible decision 
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problems. 

To better illustrate the decision making  process, a flow chart is shown in 

Figure 2.1. 

 

Figure 2.1: General decision making process  

2.1.2 Classification  

Decision making is a common mankind activity in daily life. Human beings usually  

face different  situations in which  there exist several options or alternatives, in some 

situations, they must choose one among them as the best option  or alternative. Such 

activities widely exist in various fields, such as engineering, technology, economy, 

management, military, etc. 

According  to the different  situations or contexts in which  the decision problem 

is conducted, decision problems can be classified into  different  types, such as based 

on preference  modelling[113], number of involved DM s [126], decision environment [84] 

and so on. 

(1) Preference modelling 

Considering DM s may choose different types of assessments according to 

different decision situation s, hence decision making could be divided into various 

types according to the way of modelling the preference assessment, such as: 

linguistic decision making [56, 129, 219], fuzzy decision making [6, 14, 144], 

decision making using numerical data [215, 221]. 

Some researchers deal with decision making  problems based on fuzzy sets 

[207], hesitant fuzzy sets [162], 2-tuple linguistic term sets [60], type-2 fuzzy sets 

[206], etc. They are frequently conducted in qualitative circumstan ces because of 

cognitive limitations and the lack of sufficient information.  

(2) Number of involved DM s 

According to the involved number of individuals, decision making can be 
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classified into two categories: 

 Individual decision making , which means there is only one DM 

participat ing in the decision making process and the decision results are 

completely according to his/her judgment. Individual decision making 

saves time and cost and usually makes prompt decisions. Moreover, 

individuals are accountable for their acts by various people. The decision 

making would be high -quality if the individual has ri ch experience and 

excellent professionalism. However, individual is limited in all expertise 

to some extent and there may not be so many creative solutions generated. 

 Group decision making . It is a type of decision making process in which 

multiple individuals acting collectively , analyze problems or situations, 

consider and evaluate alternative courses of action, and select from the 

different alternatives a solution. Group  decisions take into account a wider 

scope of information because each group member may contribute distinct 

information and expertise. Organization decisions are much more 

technically and politically complex ; hence they usually require GDM  [31, 

52]. Group members can identify more complete and robust solu tions and 

recommendations through discussing, questioning and collaborative 

approaches. The classical solving scheme to solve GDM problems is a 

selection process that consists of two phases (see Figure 2.2) [128]: (1) an 

aggregation phase, in which individual information is aggregated, and (2) 

an exploitation phase, in which  an alternative or a subset of alternatives is 

obtained as the solution  to the problem. 

 

Figure 2.2: Classical scheme of group decision making 

(3) Decision environment 

According to different decision environments in which the decision problem is 

carried out, it can be classified into three types of decision problems [13]:

Alternative Selection Process
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 Decision making  under  certain environment. It refers to DMs have a very 

definite comparison of what may happen in the future, such as the 

alternatives, the attributes, the weights information is definitely sure by 

DMs. In such a decision environment, the most commonly used decision 

making methods are linear programming decision making method [94], 

profit and loss sharing model  [131], etc. 

 Decision making under risk environment. It is a decision made by DMs 

based on the probabilities that various natural states may occur and the 

conditional benefit value of each alternative. The environment for risky 

decision making is not completely certain, but the probability of its 

occurrence is known. The commonly used methods for risky decision 

making are decision-making method based on expectations [182], 

decision-making method based on maximum probability  [109], decision 

tree method  [137], Markov decision process [2], etc. 

 Decision making under uncertainty environment. The uncertainty 

handling has been one of the main concerns of DMs for many years [4]. It 

refers to a decision in which DMs cannot determine the probability of the 

occurrence of various natural states in the future. Uncertainty comes from 

many aspects, such as, incomplete information about the state of the world, 

practical and theoretical limitations  of DMs [84], which means the future 

environment is unpredictable and everything is in a state of flux.  There are 

various uncertainty handing metho ds developed for dealing with the 

decision making under uncertainty environment  [155], such as, fuzzy  

approach [205], information gap decision theory  [50], robust optimization  

[156], interval analysis [124], etc. 

2.2 Group Decision Making  

In this section, it is revised the GDM problems and its classification according to the 

number of DMs involved, afterwards d ifferent processes and types of methods and 

models related to the GDM problem and its typology are briefly revised . Such a 

revision aims at introducing the necessary knowledge for understanding the 

proposals of this thesis, which pave the way for our novel  researches in GDM .
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2.2.1 Introduction  

Decision making made by a single DM is a process in which only an individual  is 

responsible for defining the problem , assessing the alternatives based on a set of 

attribute  or preference relations and make a final decision [138]. In the context of 

economics, politics, military, and management, the decision making process is 

becoming increasingly complex, forcing stakeholders and DMs rely on group 

wisdom instead of individual  judgements. Several DMs with the collective wisdom 

are more suitable for decision making.  

GDM  is a common phenomenon in real life, which refers to the selection of the 

best alternative from a set of feasible alternatives according to the opinions of 

different DMs.  Having more people invo lved in decision making is beneficial 

because each individual brings unique information or knowledge to the group, as 

well as different perspectives on the problem. However, with the increasing of the 

number of DMs, if the number is larger than 20, then the GDM problem could be 

large scale GDM [18]. According to the involved number of individuals, GDM  can 

be classified into two categories [126]: 

 Classical GDM : To obtain the most satisfactory alternative, a small group 

of DM s are invited to elicit  their preferences. Hence, such decisions are 

usually taken by a few number of DM s, which can gather collective 

wisdom compared to individual decision making, which made decision 

making more reliable and credible. DM s are working t ogether to find a 

solution for the specific problem. This turns GDM  into a more effective 

and fast process. Groups can take advantage of the GDM  to perform 

certain tasks, such as generating ideas and solutions through the group 

interaction. It is argued th at DM s can enhance their ability to learn and 

stimulate their cognitive level with the GDM process. The classical GDM 

solving process is shown in Figure 2.2. 

 Large scale group decision making (LSGDM): Unlike classical GDM, 

LSGDM refers to the selection of the best satisfactory alternative from a set 

of feasible alternatives, which is predicated on the preferences of a large 

number of DM s. Solving challenging problems can require a large group 

of DM s from different fields, the participating DM s are diverse and 

numerous [19], which has a wide range of applications in areas like 

earthquake shelter selection [193], urban resettlement [20], internet 

venture capital [45], financial inclusion [19], social networks [114], and 
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emergency decision-making [95]. The evolution of GDM problems to 

LSGDM problems, has brought many new challenges, not only regarding 

the group size but also with regards to other problems such as knowledge 

distribution, the increase of cost and complexi ty in the decision making 

processes. 

2.2.2  Consensus reaching process in GDM  

In general, at the beginning of the GDM problem, DMsõ opinions may differ 

substantially. The consensus reaching process (CRP) is often a necessity in GDM to 

achieve a general consensus regarding the selected alternatives [57, 58, 133]. 

Usually, consensus is defined as the full and unanimous agreement of all the DMs 

regarding all the feasible alternatives. However, a complete agreement is difficult 

to achieve in practice, thus òsoftó consensus is a common phenomenon in real 

decision making problems  [24, 59, 77]. Reaching consensus implies that DM s 

should modify thei r initial opinions throughou t different discussion rounds in 

order to bring them closer to the opinions  of the rest of the group.  

Consensus can be achieved with or without feedback. The CRPs without 

feedback achieve consensus by modifying the initial assessments without 

considering DMs, while CRPs with feedback involve discussions among DMs and 

they should modify their initial assessment s to reach a consensus. Particularly, the 

feedback process is often guided  by a moderator, then the moderator suggests to 

modif y the original assessments far from the collective agreement according to the 

identification and direction rules [54, 59]. Figure 2.3 shows the general process of 

consensus reaching. 

 

Figure 2.3: Consensus reaching process in group decision making 

However, the feedback mechanism has some limitations [217], such as, it is 
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time consuming, it will result in a huge cost consumption and even in deadlocks.  

Furthermore, i n GDM  problems, due to the existence of polarized opinions , the 

group consensus process is becoming more and more important and worthy of 

attention. Therefore, the core problems are the assessment adjustment and the 

consensus cost in CRP. Based on the consideration of consensus cost, the cost of 

reaching a non-strict consensus is smaller, more effective, and more feasible than 

strict consensus that is time-consuming and costly. Therefore, the acceptable level 

of consensus and the coordination cost of reaching a consensus are two very 

important factors  in GDM . Obviously, DM s will prefer a low -cost group consensus 

process, and the minimum adjustment cost consensus model to solve this problem 

well . 

Since the existing resources are limited, it is expected to spend the least 

adjustment cost to reach a consensus. The two most common minimum cost 

consensus models used in the specialized literature to deal with linguistic 

information are introduced below  [9, 35]. 

̂1̃ Minimum Adjustment Consensus Model (MACM)  

The minimum adjustment of this type of model [35] has two core points: one is 

based on the distance, which aims to minimize the distance between the initial 

assessment of the DM  and the adjusted assessment. The second is based on the 

number of assessments that need to be adjusted, that is, to minimize the number of 

changes in the process of reaching a consensus. 

Suppose that { 1,2,..., }kE e k m= =  is a set of DM s, 1 2{ , ,..., }mw w w w=  are the 

DM sõ weights with 
1

1
m

kk
w

=
=ä  and [0,1]kw Í . 

0 1{ , ,..., }gS s s s=  is the linguistic  

term set used for expressing the initial assessment. 1 2{ , ,..., }mO o o o=  and 

1 2{ , ,..., }mO o o o=  are the initial preferences and adjusted preferences of the DM s, 

respectively. Usually, ko  is a linguistic term belong to set S , ko  is a 2-tuple 

linguistic value. According to Dong et al. [35], the minimum adjustment cost  

consensus model in the group consensus process based on linguistic assessment is 

as follows 

1
min ( , )

m

k kk
d o o

=ä  

 
1 2
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. .

( ) ( ( ), ( ),..., ( ))

c

k

c

w m

d o o k m
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f o F f o f o f o

eë ¢ =î
ì

=îí

 (2.1) 

where f  represents the linguistic information conversion function, ( , )k kd o o  
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represents the distance between ko  and ko , e is the given distance threshold  and 

0 1e¢ ¢, ( )wF Ö is the aggregation function used to obtain the collective preferences 

of the DM s. 

For GDM  when the assessments are expressed, both by numerical or linguistic  

information, the DM sõ opinions  can be not only elicited in the form of evaluation 

values in utility vectors , but also in the form of preference relations [37, 54, 55]. Let 

( )ij

k k n nR r ³=  be the preference relation matrix provided by DM ke  and the 

preference relation ij

kr  belong to set S, then the MACM is as follows.  

1

1 1 1
min ( ) ( )

m n n ij ij

k kk j i i
f r f r

-

= = + =
-ä ä ä  

 . .s t CL s²  (2.2) 

where ij

kr represents the adjusted preference relation, CL  represents the overall 

consensus level obtained, s is the CL threshold given in advance, 0 1s¢ ¢. 

The consensus level can be considered from the following three aspects [189]: 

 The consensus level on each pair of alternatives ( , )i jx x : 
ijCL , where 

ijCL  

is measured by the similarity between the alternative ix  and jx . 

 The consensus level on each alternative ix : iCL , where 

1 ( 1)
n

ji ij
j i

CL CL n=
¸

= -ä . 

 The overall consensus level: CL , where 
1

n

ii
CL CL n

=
=ä , 0 1CL¢ ¢, the 

closer the CL  to 1, the closer the opinions between DMs. 

̂2̃ Minimum Cost Consensus Model (MCCM ) 

Compared with the previous model MACM, this type of model takes into account

the cost of persuading each DM  to change a unitõs point of view, that is, the unit 

adjustment cost, which was proposed by Ben-Arieh and Easton [9] and Ben-Arieh 

et al. [10]. In general, the adjustment cost is the unit adjustment cost multiplied by 

the adjustment distance. 

Suppose that { 1,2,..., }kE e k m= =  is a set of DM s, 1 2{ , ,..., }mw w w w=  is the 

DM sõ weights with 
1

1
m

kk
w

=
=ä  and [0,1]kw Í . The symbols involved have the 

same meaning as above. The adjustment cost of adjusting a unit opinion of the DM 

ke  is recorded as kc , the MCCM based on linguistic assessment is as follows. 

1
min ( ) ( )

m

k k kk
c f o f o

=
-ä  
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 . . ( ) ( ) , 1,2,...,c

ks t f o f o k me- ¢ =  (2.3) 

where f  represents the linguistic information conversion function, [0,1]eÍ  is the 

distance threshold , 
co  is the collective opinion of the optimal adjusted opinions.  

The solution of the previous  model is the optimal adjusted opinion , and then 

the collective opinion of the optimal adjusted opinion  can be obtained. However, 

there is no explanation in the collective opinion model (2 .3) of how to obtain the 

collective opinion of the optimal adjust ed opinions. Therefore, Zhang et al. [213] 

proposed an extended version of the model (2.3) by considering the operator that 

aggregates DM s opinions  as follows: 

1
min ( ) ( )

m

k k kk
c f o f o

=
-ä  
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c
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f o F f o f o f o

eë - ¢ =î
ì

=îí

 (2.4) 

where f  represents the linguistic informat ion conversion function, ( )wF Ö is the 

aggregation function that obtain s the collective opinion of DMs.  

The MACM and the MCCM model s obtain the adjusted opinions  

automatically . After achieving the consensus, the selection process is presented to 

obtain an optimal alternative  under agreement. Therefore, a GDM  process should 

including a CRP and a selection process [57, 76, 145].  

2.3  Multiple at t ribute group decision making  

To better evaluate a decision making problem, DMs tend to perform the evaluation 

process from different aspects, which is called multi -attribute group decision 

making (MAGDM) . With the advancement of society and the improvement of 

technology, more and more real world  group decision-making problems are 

actually  modelled as MAGDM  problems. Moving from GDM  setting to MAGDM  

setting introduces a great deal of new problems into the analysis, for example, the 

assessment of the attribute can be provided as different forms. 

According to the different expressions of information given by DM s, the 

decision making can be classified from two different points of view : 

 According to the opinions  assessment, where DMs considering multiple 

attributes and give their assessment values on each attribute on different 

alternatives. 
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MA GDM refers to selecting the best alternative or ranking the 

possible alternatives according to several attributes from di fferent DM sõ 

opinions . For a MA GDM problem, let 1 2{ , ,..., }( 2)nA A A A n= ²  be a finite 

set of alternatives, 1 2{ , ,..., }( 2)mC c c c m= ²  be a set of attributes and 

1 2{ , ,..., }( 2)gE e e e g= ²  be a set of DM s. Let 1 2{ , ,..., }mW w w w=  be the 

associated weighting vector of DM s, where 0( 1,2,..., )kw k g² =  and 

1
1

g

kk
w

=
=ä . Let ( ) ( 1,2,..., )k k

ij m nX x k g³= =  be the evaluation matrix given 

by DM  ke . The decision problem consists of ranking the alternatives and 

choosing the best one based on the evaluation matrices kX , where the 

assessments provided by DM s are presented as evaluation matrices as 

follows.  
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A  MAGDM  process refers to different opinions provided by several 

DMs. Owing to the complexity of the decision making problem, 

quantitative or qualitative information are both used to represent the DMsõ 

opinions on different attributes, such as, 2-tuple linguistic  values [60], 

hesitant fuzzy linguistic term sets [141], interval data [69], grey number 

[102], real number [152], etc. Usually, multi -attribute evaluation requires 

DMs to provide the relative importance o f the attribute with respect to the 

overall objective of the problem [30]. 

 According to the preference structure used to provide the assessments [65]. 

As each DM  has their own ideas, attitudes, motivations and expertise, it is 

common to see that the different DM s will give their preferences in a 

different way. Usually, it  can be presented in one of the following three 

ways. 

1. A preference ordering of the alternatives. In this case, DM  ke  gives his 

preferences on an alternative set A  as an individual preference 

ordering, { (1), (2),..., ( )}k k k kO o o o n= , where ( )ko Ö is a permutation 

function over the index set  {1,2,..., }n  [23, 149]. Therefore, an ordered 

vector of alternatives from best to worst is given. 
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2. A utility function . In this case, DM  ke  gives his preference on the 

alternative set A  as a set of n  utility values, { , 1,2,..., }k k

iU u i n= = , 

where k

iu  represents the utility evaluation given by the DM  ke  in 

terms of alternative ix  [160]. 

3. A multiplicative/additive preference relation. In this case, DM  ke  gives his 

preferences on the alternative set A  on the pair of alternatives. Let 

( ) ( 1,2,..., )k k

ij n nR r k g³= =  be the preference relations matrix given by 

DM s ke , where k

ijr  represents the preference relation of alternative ix  

in terms of jx . The decision problem is how to rank the alternatives 

and choose the best one based on the preference relations matrices kR , 

where the preference relations provided by DM s are presented as 

preference relations matrices as follows. 

1 2

1 11 12 1

2 21 22 2
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Preference relations are frequently -used structures to reflect DMsõ 

opinions by pairwise comparisons of alternatives. Many kinds of 

preference relations have been proposed, including fuzzy preference 

relations [55], intuitionistic fuzzy preference relations [158], hesitant fuzzy 

preference relations [222], linguistic preference relations [57] and hesitant 

fuzzy linguistic preference relations (HFL PRs) [168]. For MAGDM 

problems based on the expression form of preference relations, the 

consistency checking is the first priority before the selection process. 

Despite there are different kinds of MAGDM  problems, they share the 

following common features [68]: 

 Multiple  attributes: each problem has multiple  attributes, which  can be 

evaluated by DM s; 

 Assessment values: they are provided by DMs, which could be presented 

as various expressions and be expressed either as utility vectors or 

preference relations; 
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 Incommensurable units: attributes may have different units of  

measurement; 

 Selection: an alternative or subset of alternatives is obtained as the 

solution to the problem .  

 

2.4 Multiple attribute g roup decision making 
under uncertainty  

Most of real-world GDM  problems are defined under  uncertain contexts, this is 

particularly interesting for MA GDM problems in which fuzzy  information 

expressions have been commonly used for modelling preferences. Therefore, this 

subsection introduces a basic knowledge about GDM under uncertainty and 

afterwards  the methods for dealing with MAGDM problems under uncertainty are  

presented. 

Owing to the fact that in real-world it is often hard to describe something 

precisely or completely, uncertainty is very common in reality. The uncertainties in 

decision problems mainly come from three different aspects, including the 

uncertainty of assessment value, the uncertainty of weights informati on and the 

uncertainty of reliability of assessment. 

 The uncertainty of assessment value. An important phenomenon is that most 

of decision-making processes are dealing with  uncertain and imprecise 

data. If the vagueness of the mankind process of decision making is 

ignored, the outcomes could be misleading. Fuzzy set theory [226] can 

model ambiguity  and vagueness, additionally, it provides fo rmalized tools 

that deal with the imprecision of many problems.  

 The uncertainty of weights information. The weights information for 

MAGDM problems refer to the DM  weights information and the attribute  

weights information. The increasing complexity of the d ecision 

circumstances makes it hard for DM s to provide the attribute weights or 

the appropriate DM  weights in advance. The weights information just 

based on the DMsõ knowledge and capabilities is not usually enough, 

many factors should be considered when determine the weights 

information, such as the similarity of preferences among DM s [78], the 

incompatibility of attributes [25], the credibility of th e evaluations [135], 

etc. 
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 The uncertainty of reliability of assessment. Due to the complex decision 

situations and incomplete information  that appears in them, DM s tend to 

trust in the reliability on the original assessment [225], which are often 

provided as linguistic information given by DMs in advance  [224]. 

However, after the CRP, the original assessments have been usually

changed if the desired consensus level has not been achieved. In this 

situation, the reliability of the adjusted assessment is less than the 

reliability of the original assessment. Hence, the adjusted assessment 

implies a greater uncertainty, which is worth to be studied and measured.  

Since the process of MA GDM involves human intervention, uncertainty and 

vagueness are implicit factors. According  to different  decision environments  in 

which  the decision problem is carried out, it  can be classified into  three types [84]: 

MAGDM  under  certain environment  [94, 131], MAGDM  under risk environment  [2, 

109, 137, 182] and MAGDM  under uncertainty environment  [28, 40, 90]. 

Uncertainty includes randomness, fuzziness, random fuzzy mixing, interval, 

etc. Uncertain theory is the foundation and tools for studying uncertainty. The 

existing uncertain theories can be roughly divided into the following categories: 

random mathematical methods [26], interval mathematical methods [123], fuzzy 

mathematical methods [79], rough set theory [130], grey system theory [74], etc. 

MAGDM  under uncertainty is the main topic discussed in this research memory, 

common methods for dealing with MAGDM under uncertainty are : 

1. Random mathematical method. Random mathematical method is one of the 

earliest methods to deal with uncertainty in real life. It uses probability 

theory, mathematical statistics, random process and other models and 

methods in mathematical research to operate on data that follows a 

probability distribution.  

2. Interval mathematical method. Accurate values sometimes cannot fully 

summarize certain data characteristics. Therefore, some scholars use 

interval numbers to describe certain uncertainties. A variable is 

represented by an interval number, and the variable can take any value 

within the value interval [148]. In most cases, the value of a variable 

satisfies a certain probability distribution in the interval [183]. Probability  

distributions c ommonly used could be uniform distributions that include 

uniform  distribution and normal distribution.  
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3. Fuzzy mathematical method. It was developed on the basis of the fuzzy set 

theory introduced and developed by Prof. Zadeh [205]. According to the 

ambiguity of the type of set division and the extension of the boundary of 

the set, Zadeh uses fuzzy sets to expand the classic set. The ambiguity and 

uncertainty of data are described using the membership function. Fuzzy 

mathematics method has become one of the most effective methods to 

deal with uncertain information . 

In real life, we will encounter some difficulties in choices inevitably, such as 

choosing a career, buying a property, choosing a partner, choosing a university, etc. 

Most of these choices are decision making situations under uncertainty  in which 

multiple attributes describe the different actions of the problem . MAGDM under 

uncertainty includes five factors [82]: DM s, attributes set, alternatives set, attributes 

weight and decision making method. The general solving process is shown as 

Figure 2.4 as follows. 

 

Figure 2.4: The general scheme of MAGDM  under uncertainty

Besides, DMs can only predict the possible nature states of each alternative  

and their corresponding profit and loss values. Du e to the lack of decision making 

information and experience, the probability of each natural state is unknown, 

therefore the attitude of DMs towards risk should be  considered. There are five 

types of criteri a to deal with the decision making problems under uncertainty [66]: 

1. Maximum maximum criterion . Making decisions based on the best objective 

state, then find out the optimal alternative with the best expected effect. This 

criterion is actually based on the most optimistic estimation of alternative 
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chosen, which is also the riskiest criterion. Maximum minimum criterion . 

Looking for the best expected effect alternative based on the worst objective

state. The criterion is based on the most pessimistic estimation, thus the 

criterion is the most conservative criterion.  

2. Minimum maximum regret value criterion. Assume that any action taken is a 

state with the largest regret value, then find the optimal alternative with the 

smallest regret value. This criterion is based on the worst objective state, which 

is similar to the maximum and minimum criterion.  

3. Equal probability criterion. Assuming that the probability of the occurrence of 

each natural state is the same, then use a simple arithmetic average method to 

calculate the average return of each alternative in various natural states, and 

find the optimal alternative with the largest average return.  

4. Hurwice criterion. This is a kind between the maximum maximum criterion 

and the maximum minimum cr iterion. When applying this criterion, we must 

first determine an optimism coefficient indicating the optimism of the DM , 

then calculate the weighted average of the maximum and minimum benefits of 

each alternative. 

5. Minimize  regret criterion : This decision model focuses on the difference 

between the optimal  reward  and the actual reward  received. It determines the 

maximum  regret for  each alternative, and selects the alternative with the 

minimum  value. 

Under  the uncertainty environment, the informatio n about the problem is  vague 

and imprecise, and can be modelled by fuzzy information. In this situation  we talk 

about decision making  problems in a fuzzy context or fuzzy decision making  [96]. 

For MA GDM in which preferences are elicited as linguistic assessments, the 

classical mathematics cannot handle such uncertainty , then fuzzy linguistic  

approach  has been successfully applied but, there are still situations that cannot be 

properly managed [206]. Especially for TD2L information,  there are few literatures 

study on the CRP based on TD2L information and the analysis of the reliability of 

assessment for TD2L information is neglected . Therefore, the further studies on 

TD2L representation and computation model are necessary for MA GDM under 

uncertainty.  
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In this memory, the MA GDM problems are studied based on TD2L information , 

which are MA GDM under uncertainty, the assessment and the reliability of the 

assessment are both expressed by linguistic information. Different extensions of the 2-

tuple linguistic model and TD2L model will be proposed to overcome the difficulties 

and challenges pointed out in Section 1.1. 

2.5 Multiple attribute g roup decision making 
based on linguistic information: State of art and 
limitations  

In this section, fuzzy linguistic approach and its use to model the uncertainty in  

MA GDM problems are briefly revised, besides the limitations in current MA GDM 

approaches dealing with linguistic information are then pointed out to highlight 

the importance and necessity of our proposals. 

2.5.1 Fuzz y linguistic approach  

The fuzzy linguistic approach models the uncertainty by linguistic variables 

using words or sentences [206]. Most DM s cannot give exact numerical values to 

express their opinions, more appropriately , measurements are stated as linguistic 

assessments rather than numerical values. Linguistic  MAGDM problem s have 

provided very good results in many field s and applications [27, 117, 129, 188]. The 

use of linguistic information implies computing with words (CWW) processes [209]. 

There are different linguistic  models for accomplishing such computing processes, 

one of the most widely -used is the 2-tuple linguistic model  [60]. The 2-tuple 

linguistic model was  inspired by the symbolic models used in decision making. It s 

main application field has been decision analysis and decision making. 2-tuple 

linguistic  model has been widely used as basis for different models. For example, 

multi -attribute  decision making based on 2-tuple linguistic model  [134, 170, 175], 

consensus reaching process based on 2-tuple linguistic  model [37, 218], 2-tuple 

linguistic aggregation operators  [169, 171, 174], etc. 

Suppose that 0 1{ , ,..., }gS s s s=  is a pre-defined linguistic term set, and the 

cardinality of S is 1g+ . For any ,i js s SÍ , the following properties should satisfy 

[62, 64]: 

(1) The set is ordered : if i j> , then i js s> ; 
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(2) Maximum operator: if 
i js s> , then max( , )i j is s s= ; 

(3) Minimum operator: if 
i js s> , then min( , )i j js s s= ;

(4) Negation operator: ( )i g ineg s s-= . 

In general, the cardinality of a linguistic term set S is odd number, more than 

5 and less than 9. An example of a linguistic term set  S  could be: 

0 1 2 3 4{ , , , , }  S s very poor s poor s medium s good s very good= = = = = =  

In order to obtain more accurate results in CWW processes, Herrera and 

Mart ínez proposed the 2-tuple linguistic model ( , )is a , where is  is a linguistic 

label involved in the set S and a is a numerical value representing the symbolic 

translation from is . 

Definition  1 [60] Let 0 1{ , ,..., }gS s s s=  be a linguistic term set and S  the 2-tuple set 

associated with S defined as [ 0.5,0.5)S S= ³ - . The 2-tuple linguistic value ( , )is a  

is equivalent to b through the function D as follows. 

 :[0, ] [ 0.5,0.5)g SD ­ ³ -  (2.5) 

 { , ( )
( ) ( , ),

, [ 0.5,0.5)
 i

i

s i round
s with

i

b
b a

a b a

=
D =

= - Í -
 (2.6) 

where ( )roundÖ is the usual round operation that assigns to b the closet integer 

number {0,1,..., }i gÍ  to b. 

Definition  2 [60] Let 0 1{ , ,..., }gS s s s=  be a linguistic term set and ( , )is SaÍ  be a 2-

tuple linguistic value. [0, ]gbÍ  is equivalent to ( , )is a  through the function 1-D  

as follows. 

 1 : [ 0.5,0.5) [0, ]S g-D ³ - ­  (2.7) 

 1( , )is ia a b-D = + = (2.8) 

Remark  1 For any two 2-tuple linguistic values ( , )i is a  and ( , )j js a , the relations 

to compare them can be given as follows. 

(1) If i j> , then ( , ) ( , )i i j js sa a> ; 

(2) If i j= , then (a) ( , ) ( , )i i j js sa a>  for i ja a> ; 

(b) ( , ) ( , )i i j js sa a<  for i ja a< ; 

(c) ( , ) ( , )i i j js sa a=  for i ja a= . 

The 2-tuple linguistic values can represent the assessments in MA GDM. 

However, the real decision making problems may be more complex and uncertain, 

and it could happen that DMs have to provide not only their  evaluations on 

alternatives, but also elicit the self assessments on the given evaluation results. In 
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this situation, another dimension information is needed to present self-confidence 

or subjective evaluation on reliability of the given assessments, which is usually 

expressed as linguistic information. Thus, Zhu et al. [225] first proposed 2-

dimension linguistic information as follows.  

Definition  3 [225] Let 
0 1{ , ,..., }gS s s s=  and 

0 1{ , ,..., }hS s s s=  be two linguistic label 

sets, where 1g+  and 1h+  are the cardinality of the sets S  and S , respectively. 

Then a two-dimension linguistic expression is denoted as ( , )u vs s , where us SÍ  

represents the evaluation about the alternative given by the DM, 
vs SÍ  represents 

the self-assessment of DM.  

Inspired by the 2-tuple linguistic model [60], Zhu et al. [223] extended the two-

dimension linguistic expression to two -dimension 2-tuple linguistic label. It can be 

seen as an extension of the 2-tuple linguistic model from one dimension to two 

dimensions. 

Definition  4 [223] Let 0 1{ , ,..., }gS s s s=  and 
0 1{ , ,..., }hS s s s=  be two linguistic term 

sets. Let , [ 0.5,0.5)a aÍ -  be two numerical values. Then ( )Ĕ ( , ), ( , )u vS s sa a=  is a 

TD2L expression, where us SÍ , 
vs SÍ , ( , )us a  represents the assessment 

information about the alternative gi ven by DMs, ( , )vs a  represents the self-

assessment of the DM on reliability of the given assessment result. 

Remark  2 If 0a a= = , then ( )Ĕ ( , ), ( , )u vS s sa a=  is simplified as Ĕ ( , )u vS s s= , 

which is exactly the TD2L expression proposed by Zhu et al. [225]. 

Let 0 1{ , ,..., }gS s s s=  and 
0 1{ , ,..., }hS s s s=  be two linguistic term sets, 

[0, ]gbÍ  be a numerical value representing the aggregation result of the indexes 

of the linguistic labels in S, and [0, ]hbÍ  be the numerical value representing the 

aggregation result of the indexes of the linguistic labels in S . According to 

Definition 2, there exist two functions 1D and 2D  such that 

 1 1:[0, ] [ 0.5,0.5), ( ) ( , )ug S sb b aD ­ ³ - ­D =  (2.9) 

 2 1:[0, ] [ 0.5,0.5), ( ) ( , )vh S sb b aD ­ ³ - ­D =  (2.10) 

where ( )rounda b= , ( )rounda b= , ua b= - , va b= -, , [ 0.5,0.5)a aÍ - , 

( )roundÖ is the usual round operation.  

Definition  5 [223] Let 0 1{ , ,..., }gS s s s=  and 0 1{ , ,..., }hS s s s=  be two linguistic term 

sets. Let , [ 0.5,0.5)a aÍ -  be two numerical values, b and b be two numerical  

values representing the  aggregation result of the indexes of the linguistic labels in 

S and S , respectively. The function D, used to obtain a TD2L, is equivalent to a 
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binary numer ical array ( , )b b, and it is defined as  

 :[0, ] [0, ] ( [ 0.5,0.5), [ 0.5,0.5))g h S SD ³ ­ ³ - ³ -  (2.11)

 
1 2( , ) ( , ) ( ( ), ( )) (( , ), ( , ))u vs sb b b b b b a a­D = D D =  (2.12) 

Definition  6 [223] Let 
0 1{ , ,..., }gS s s s=  and 

0 1{ , ,..., }hS s s s=  be two linguistic label 

sets. Let , [ 0.5,0.5)a aÍ -  be two numerical values, there is a function 1-D , that 

maps a TD2L to its equivalent binary numerical number ( , )b b, which is defined 

as follows. 

 1 : ( [ 0.5,0.5), [ 0.5,0.5)) [0, ] [0, ]S S g h-D ³ - ³ - ­ ³ (2.13) 

 1 1 1

1 2(( , ), ( , )) ( ( , ), ( , )) ( , ) ( , )u v u vs s s s u va a a a a a b b- - -D = D D = + + = (2.14) 

Remark  3 The general two dimension linguistic label can be represented by two 

dimension 2-tuple linguistic expression by adding 0  in each linguistic label, that is 

( , ) (( ,0),( ,0))u v u vs s s s= . 

The linguistic term set [60], 2-tuple linguistic representation model  [60], and 

TD2L approach [223] are introduced because they are the main assessment 

expression way throughout the study.  

2.5.2 Multiple attribute g roup decision making dealing 

with  linguistic assessment s 

MAGDM  problems coping with linguistic information are quite common, because 

of the advantage of expressing preferences as linguistic information. Through a 

plenty collection of literature, reading and a comprehensive review, the following 

main topics related to MA GDM based on linguistic assessment have been 

discussed in current MA GDM studies. 

Using Web of Science Core Collection and Science Citation Index Expanded 

(SCIE) & Social Sciences Citation Index (SSCI) database, searching òlinguisticó and 

òmultiple attribute group decision makingó as the title keywords from January 

2005 to September 2021, all the publication results of each year are shown in Figure 

2.5. 
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Figure 2.5: Publications of each year on MA GDM based on linguistic assessment 

It can be seen clearly that the related studies on MA GDM  represents increasing 

tendency in recent years, and has become one of the active research topics in 

MA GDM . As the mainstream field in  the research of MA GDM  methods, the 

existing research has achieved relatively fruitful results.  

Face to multiple alternatives, the joint participation of group DMs is required 

to evaluate the attribute values under different alternatives. The evaluation 

presented as linguistic information is a common phenomenon. The solution to such 

problems is divided into at least two processes: the acquisition of decision making 

data and the ranking of alternatives . 

The acquisition of decision data also includes the acquisition of attribute 

evaluation values and the acquisition of weights information. Attribute values are 

the evaluation values directly given by the DMs in the initial stage. In view of 

different decision making needs and decision making situations, DMs hav e their 

own preferences when giving linguistic evaluation values. According to the 

different manifestations of linguistic information provided by DMs, MAGDM 

based on fuzzy linguistic assessment is divided into the following main categories : 

 Multi -attribute group decision making based on linguistic  terms. 

Due to the fact that linguistic expression is the standard representation of 

the concepts used by humans for communication and owing to simply  the 

MAGDM with linguistic information, some certain linguistic terms belong 

to a set given in advance, then DM s will choose one linguistic term from 

the certain set to express their preferences. Commonly 
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MAGDM problems based on linguistic information ass ess the attributes 

by linguistic terms  [67].  

 Multi -attribute group decision making based on linguistic 2-tuple 

model . 

Some authors pointed out that the use of single linguistic terms is not 

enough to represent the linguistic information because during the CWW 

processes there is loss of precision [142]. Hence the linguistic 2-tuple 

model includes a parameter to improve the accuracy of the linguistic 

computations and the inte rpretability of the results [60]. The 2-tuple 

linguistic information is able to represent the linguistic results that do not 

match with the i nitial terms of the linguistic term set.  

 Multi -attribute group decision making based on hesitant fuzzy  

linguistic  term sets. 

When DMs hesitate among different linguistic terms to elicit their 

opinions, the use of just one linguistic term is not enough to r epresent 

such opinions. In these situations, DMs can provide their opinions by 

using comparative linguistic expressions which are based on hesitant 

fuzzy linguistic term sets  [141].  

 Multi -attribute group decision making based on interval  linguistic 

information.  

When DMs cannot give specific linguistic  evaluation information, but the 

evaluation value is given in the form of interval  linguistic form  or the 

weight information cannot be completely determined, it is necessary to 

carry out research on multi -attribute group decision -making methods for 

such uncertain linguistic information . 

 Multi -attribute group decision making based on linguistic distribution 

evaluation information . 

When faced with group DM s expressing their opinions alone and 

unwilling to present them in the collective form, they often choose the 

expression form of l inguistic  distribution evaluation information, which 

can not only present the linguistic term  for evaluation, but also reflect the 

probability information of the evaluation value . 
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The previous review shows that various studies have examined the 

characteristic of MA GDM  based on linguistic assessment from different 

perspectives, and have achieved successful results, which has made a significant

contribution to the development of MA GDM . However, based on this review, there 

are still some unresolved problems in the current  research, and there are also some 

limitations. For sake of clarity, the following subsections describe such restrictions 

in further  detail. 

2.5.3 Limitations in current multiple attribute group 

decision making based on linguistic assessment  

As mentioned before, the current MA GDM research based on linguistic assessment 

has some limitations, as listed below: 

1. It was previously mentioned that in MAGDM problems could be necessary 

CRPs for smoothing out conflicts. In such situations, the reliability of the 

adjusted linguistic preferences after the CRP has not been either studied or 

evaluated. The reliability of the initial linguistic preferences given by DM s 

presented as a second term in the TD2L information as a whole [32, 185, 186] is 

clear because represent DMsõ preferences. However,  after the CRP, the initial 

linguistic preferences may be changed [159, 214]. In this situation, the adjusted 

linguistic preferences are not so reliable, because some automatic adjustments 

either might not represent or mi ght not be accepted by the DM s [45, 92, 136], 

thus the study of reliability is necessary for automatic CRP to assure the 

adjusted linguistic preferences are reliable. 

2. In terms of the aggregation of the TD2L labels, the correlation between the two 

dimensions information has not been considered yet. Existing approaches for 

dealing with the TD2L labels have considered the two dimensions as 

independent information without taking into account that the uncertainty of 

the assessment is related to the reliability degree. Besides, previous studies 

provided more importance to the assessment than the reliability degree but 

failed to consider the relative importance degree of the two dimensions [202, 

220, 223]. The general aggregation operators of TD2L labels do not reflect the 

reliability degree of the overall assessment, which may lead to the distortion of 
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information . 

3. For automatic CRP during decision making process, the minimum of the  

adjustment and the minimum of the consensus cost are also considered during 

CRP [22, 100, 181, 212]. However, how to make sure the number of the DMs 

keeping the original assessment as much as possible is an important problem, 

especially for large scale MA GDM. Besides, face to large scale number of DMs, 

the suitable way for clustering is the key for better obtain ing the collective 

opinion of the DMs and searching for the deviant opinions. The existing 

clustering methods [80, 165, 192] are mostly the expansion of fuzzy c-means 

[11]. These methods usually need to preset several subjective clustering 

coefficients, which may reduce the objectiveness of the clustering results.  

In view of the previous limitations, this research memory will conduct in - 

depth research on these limitations and related topics to fill these gaps and enrich 

the theoretical basis and methods of current  MA GDM based on linguistic 

assessment. 

2.6 Methods and models  

In this subsection, different methods and models used across this research memory 

are briefly revised, including linear programming , probability theory , stochastic 

approach and so on. All of them are relevant for the different proposals that will be 

developed in this research to achieve our goals. 

2.6.1 Linear programming  

Linear programming is an important branch of operations research that has been 

studied, developed rapidly  and widely used  in economic activities such as water 

supply system development [154], production scheduling [12], social networks [47], 

nurse rostering problem [157] and so on. It is an indispensable requirement for 

GDM , and improving economic effects generally tak ing two ways  [44]: 

1. The improvement in technology, such as improving the production process, 

using new equipment and new raw materials.  

2. The improvement of production organization and plan, that is, reasonable 

arrangement of human and material resources.  
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Generally, the linear programming consists of three elements: variables, 

objective function and constraints. The problem of finding the maximum or 

minimum value of a linear objective function under l inear constraints is collectively 

called a linear programming problem. Decision variables, constraints, and objective 

functions are the three elements of linear programming . 

In the process of GDM based on linguistic assessment, linear programming  is a 

common method. Specific applications are reflected in the following aspects . 

 Comput ing weights information. For MAGDM, the weights can be associated 

to DMs or attribute and they could be provided in advance or unknown . If the 

weights information is not given i n advance, the objective method is needed to 

obtain the weights information. To construct an optimal model is a common 

way for obtaining the weights information [7, 29, 203]. The objective function is 

usually the minimum of the distance among the DMsõ opinions or the balance 

of each alternative from the best or worst alternative.  

 Obtaining the adjusted opinions during CRP. The consensus of the DMsõ 

assessment is the prerequisite of further decision making. The adjustment of 

initial opinions is inevitable if the consensus level is not satisfied. The 

acquisition of the adjusted opinions is often through the build ing of a linear 

programming model [72, 93, 184, 216]. The objective function is usually the 

minimum adjustment between the original and adjusted opinions or minimum 

adjustment cost from the original opinion to the adjusted opinion.  

2.6.2 Stochastic Approach  

Probability theory  [39], as the basis of the stochastic approach, is a branch of 

mathematics that studies the quantitative laws of random phenomena. Since 

probability t heory involves extensive knowledge , here we only introduce the 

common knowledge often used in MAGDM. According to the category of the 

stochastic variable, the attribute value could be divided into th ree parts as:

1) Attribute value is discrete  [190, 201]. It is the general distribution of 

attribute  values. Usually, DM  gives the assessment of the attribute in 

advance, then the attribute value is the possible value with possibility 

value equal to 1. 
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2) Attribute value is continuous  [86]. Usually, the value range will be given

in advance. In this situation, the attribute value is presented with 

probability density function. For the uncertain attribute value, its value is 

usually views as a stochastic variable that belong to normal distribution or 

uniform distribution . 

 Normal stochastic variabl e 

Suppose that the probability density function of continuous 

stochastic variable X  is 
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Suppose that 1 2, ,..., nX X X  are n  mutually independent normal 

random variables, denoted as 2( , )i i iX N m s . If these stochastic 

variables are linearly added, which is 1 1 2 2 n nZ c X c X c X= + + + , 

where 1 2, ,..., nc c c  are real numbers that exist at least one 0ic ¸ , then 

according to the knowledge of probability theory and mathematical 

statistics [39], Z  is still a normal stochastic variable, its probability 

density function is as 
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Generally, the larger the expectation m and the smaller the 

variance 2s  of a normal stochastic variable X , the greater the X . If 
2 0s = , then X  is a real number m. The comparison rules between 

any two normal  stochastic variables 2

1 1 1( , )X N m s  and 

2

2 2 2( , )X N m s  are as [39]: 
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a) If 1 2m m>  and 2 2

1 2s s< , then 1 2X X> ;

b) If 1 2m m=  and 2 2

1 2s s< , then 1 2X X> ; 

c) If 1 2m m>  and 2 2

1 2s s= , then 1 2X X> . 

 Uniform stochastic variabl e 

Suppose that the probability density function of continuous 

stochastic variable X  is 
1

( ) ,f x a x b
b a
= < <
-

 and ( ) 0,f x else= , 

where a  and b  are the boundary values of x , then X  is a uniform 

stochastic variable, denoted as ( , )X U a b . 

3) Attribute value is non -discrete discontinuous [153]. DM can only make 

sure the attribute value under certain circumstances, however, in some 

cases, the attribute value is uncertain [49, 101, 195]. In this situation, the 

attribute values are the combination of continuous and discrete 

distribution, then they could be analyzed based on the above two cases. 

Stochastic perspective is a common way to deal with uncertainty  [41, 89, 91]. 

When the attribute values are not deterministic, the process of arriving at the 

weights of objects becomes more complicated [139]. As Honert [166] pointed out 

that the attributes can be interpreted as stochastic when it is required to deal with a 

number of values for the same assessment. Thus, stochastic approach can be 

defined as an approach to handle uncertainty that defines probability distribution 

for each input value or parameter in the MAGDM process [125]. For example, 

Tervonen et al. [161] proposed a stochastic method based on stochastic 

multicritieria acceptability analysis for assessing the stability of the parameters in 

sorting problems. Celik et al. [15] gave a comprehensive review on stochastic 

MAGDM applications and approaches. Therefore, the stochastic approach is very 

useful for the condition when a MAGDM is based on the stochastic initial 

informatio n.
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Chapter  3 

 

Research Results 

 
This chapter provides a summary of the main proposals developed in this research 

memory. Research findings and results will be discussed for each proposal in short. 

There are three proposals which are related with the different objectives presented 

in the Introduction chapter:  

 A new representation and computation model of TD2L  from  

stochastic perspective 

 The measurement of the reliability of the adjusted preferences 

modeled by TD2L information.  

 A CRP with minimum adjustment in GDM considering the tolerance 

of DMs for changing their opinions  

3.1 A stochastic perspective on a MAGDM method 

based on TD2L inform ation  

In order to achieve the first objective pointed out in Section 1.2, we highlight the 

operation rules between TD2L labels from the stochastic perspective, and then 

analyze the limitations in current computation model of TD2L. Afterwards, a 

MAGDM  method with the TD2Ls assessment from the stochastic perspective is

proposed and tested on a real life decision making problem .
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3.1.1 A new representation and computation model of 

TD2L  

As mentioned previously, TD2L label represents the assessment given by DM s 

with the reliability of the assessment presented at the same time. However, the 

reliability degree is a subjective evaluation on reliability of the given assessments 

and variables due to the limitations in cogniti ons and the complexity  of decision 

objects. All assessments without total reliability  degree are viewed as uncertain 

ones. Besides, the existing computation model of TD2L considers the two 

dimensions information as dependent information, in fact, the two dimensions are 

related to each other, thus the relations should be considered in the process of 

information transformation . 

To address such limitations about the representation and computation of TD2L 

labels, we have introduced a new proposal that aims to develop a new 

representation and computation model from a stochastic perspective, and then to 

propose the new rules for comparison and similarit y measure for TD2L labels 

associated with the relative importance of the two dimensions linguistic 

information.  

3.1.2 MAGDM method based on the new TD2L 

representation model  

This new MAGDM method is mainly based on the new aggregation function of 

TD2L labels, the new MAGDM method based on the proposed TD2L computation 

model is then developed accordingly, all of the contributions are enumerated and 

briefly explained below:  

1. This proposal aims at developing a corresponding rule from TD2L label to 

a stochastic variable and its inverse. Hence, the comparison and similarity 

measurement between two TD2L labels have been defined with the 

consideration of the relative importance degree of the two  dimensions of 

information.  

2. To deal with the uncertainty of the initial assessment, another dimension 

linguistic information is added to ensure the reliability of the initial 

assessment. To further deal with the TD2L information, a TD2L label is 
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viewed as a stochastic variable with corresponding expectation and 

variance. 

3. To reflect the reliability of the overall assessments accurately, a new 

aggregation function of TD2L labels is developed. If all DMs provide the 

same assessment about the object, then the aggregation result obtained by 

a general aggregation operator is the same with the assessment provided 

by all DMs, however, the reliability degree is improved by a new 

aggregation function of TD2Ls, which is more reasonable and 

interpretable in real life MAGDM.  

In addition, for carrying out fair comparisons wit h other studies, we have 

described an experimental process on a real world  decision making problem about  

a business angels (BAs) group with rich entrepreneurial experience which desires 

to select a suitable investment project from four small unlisted targe t companies. 

The article associated to this proposal is the following one: 

Z. L. Wang, Y. M. Wang, L. Martínez . A stochastic perspective on a group 

decision making method based on two -dimension 2-tuple linguistic  information. 

International Journal of Fuzzy Systems, 2022, https://doi.org/10.1007/s40815 -021-

01199-3. 

3.2  A GDM method based on two -stage MACM 

with the TD2L labels for reliability measure  

After apply ing a minimum cost CRP, the DMsõ adjusted opinions are usually 

different from the original ones. In spite of the original ones were initially reliable, 

the reliability of the adjusted opinions cannot be  guaranteed. Obviously, the 

reliability of the adjusted opinions is important during the decision process, 

adjusted opinions with high consensus level but low reliability would be 

meaningless. Therefore, the adjusted opinions and its reliability should be 

considered during the GDM solving process.  Nevertheless, it has been neglected so 

far when DMsõ opinions are automatically modified with out DMsõ supervision. 
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3.2.1 Analysis on the features of MACM and related 

limitations in current  studies  

According to the taxonomy presented in  [88], CRPs can be classified according to

their  feedback process into two types: Consensus with feedback and without 

feedback. Obviously, consensus with feedback improves the level of agreement 

among DMs, which also leads to increase the reliability on adjusted opinions. 

However, for some decision making  problems, like emergency decision making [33, 

191, 194], it is necessary a high -quality decision making within the limited time, 

and it  is not convenient to wait for the adjusted opinions af ter several rounds 

feedback, because time is crucial to be effective and successful. To balance the 

increased reliability of consensus with feedback and the low  cost of consensus 

without feedback, we try to develop an automatic CRP  with minimum adjustment 

considering the reliability of the adjusted  opinions.  The main results of the analysis 

and some related outcomes obtained are briefly enumerated: 

1. The use of the existing MACMs leads to agreed opinions, by modifying DMsõ 

original ones, very quickly. However, the reliability of the adjusted opinions 

obtained by these models is not guaranteed, which reduces the reliability of the 

decision solution. Therefore, an objective detection approach on reliability of 

adjusted opinions is necessary for GDM. 

2. Regarding the adjustment cost, the more DMsõ opinions needed to change, the 

higher the cost of the adjustment. Therefore, the number of the adjusted 

opinions should be considered. Especially for large scale GDM  problems, if too 

many DMs need to change their initial opinions, then the CRP would be with 

low execution. A two -stage MACM is proposed, which not only considers the 

minimum adjustment, but also minimizes the number of adjusted  preferences. 

It includes  the following two stages:  

Stage one: To maximize the improvement of consensus level for  each pair of 

alternatives within the minimum adjustment . 

Stage two: To obtain the adjusted preferences with a certain consensus level at 

the first stage within the minimum adjustment . 

3. The relations between the total preference adjustment and the reliability of the 
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adjusted preferences are discussed. Not only the adjustment distance and the 

number of the adjusted opinions are considered, but also the reliability of the 

adjusted opinions i s derived from the measure of the distance between the

original and adjusted opinions . 

3.2.2  A large scale GDM method considering the two -

stage MACM with the TD2L labels for reliability 

measure  

As previously mentioned , the decision method for dealing with large number of 

DMs and the reliability measure of the adjusted opinions after CRP  are challenges 

for large scale GDM, aiming at improve the existing methods, we have proposed a 

new large scale GDM method that deals wit h a large number of DMs and a 

reliabi lity measure of the adjusted opinions after CRP during the decision making 

process. At the same time, our proposal presents the alternatives ranking with 

reliability, which illustrate s the reliability of one alternative is better or worse than 

another alternative. The initial assessments provided by DMs are linguistic terms, 

2-tuple linguistic information will appear during calculation, while the final 

decision result is made based on TD2L information. In the process of linguistic 

transformation from lingui stic term to TD2L information , a large scale GDM 

method based on a two-stage MACM plays a key role. This proposed method has 

the following novelties.  

1. A new support degree (SD)-based clustering method is proposed to classify the 

large number of DMs into sev eral subgroups for large scale GDM. 

2. A novel two -stage minimum adjustment consensus model which is an 

automatic model is proposed. 

3. The relations between the adjustment and the reliability of the adjusted 

preferences are used to obtain a final reliable solution by using TD2L 

information . 

4. A new selection rule for choosing the best alternative is defined, the new 

selection rule not only considers the optimal alternative but also considers the 

reliability of the optimal alternative better than other alternatives . 
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To highlight the performance, feasibility and validity of our proposal, we have 

conducted several comparisons with the classical existing methods that are carried

out from diffe rent perspective.

The contribution  associated to this proposal is the following one: 

Zelin Wang, Rosa M. Rodríguez, Ying -Ming Wang, Luis Martínez. A two -stage 

minimum adjustment consensus model for large scale decision making based on 

reliability modeled by two -dimension 2-tuple linguistic informati on. Computers & 

Industrial Engineering, 2021, 151(3): 106973. 

3.3  A CRP  with MACM in GDM considering the 
tolerance of DMs for changing their opinions  

During our research related to CRP with MACM, it was detected that there are 

several issues that have not been successfully addressed yet, such as the following 

ones: 

1. Classically many CRPs consider that the minimum distance between original 

preferences and the adjusted preferences is the key rule for achieving the 

agreement, but in classical MACM the number of adjusted preferences should 

be also considered. Zhang et al. [211] proposed a MACM with these two 

consensus rules, however, they are separately used in the consensus 

mechanism, which complicates the consensus process. 

2. To reach an agreement among DMs, there will be a lot of consensus rules, like, 

minimize adjustment between the orig inal and adjusted opinions, minimize 

the number of the original opinions need to be changed, maximize the number 

of DMs that could stay their original opinions, etc. However, how  to balance 

these consensus rules is also an important factor, which will infl uence the 

decision results of GDM. 

3. There must be exist an upper and lower limit that DMs could accept or reject 

the adjusted opinions during the CRP. If the tolerance of DMs for changing 

their opinions is neglected, then the feedback mechanism is needed, which is 

contradict with the automatic CRP. Therefore, the tolerance of DMs for 

changing their opinions is necessary for CRP in GDM. 
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In order to address previous issues, a new consensus model based on the 

consideration of tolerance degree of DMs, and two consensus rules are considered: 

(i) minimum distance between the original  and adjusted preferences, and (ii)

minimum number of adjusted  preferences. Furthermore, the reliabilit y degree 

detection of adjusted preference is presented. Therefore, the third objective 

mentioned in Section 1.2 can be reached. 

3.3.1 Dealing with the tolerance of DMs on the adjusted 

opinions  

The proposed CRP considers the following two consensus rules: ( 1) minimize the 

distance between the original and adjusted preferences. (2) minimize the number of 

adjusted preferences. In order to balance these two consensus rules, a DM tolerance 

degree that defines how much is willing the DM to change his original opi nion will  

play an important role, which means DMs only accept the  adjusted preferences 

within tolerance interval . 

The adjustment for DMsõ preferences is necessary if the overall consensus level 

is less than the consensus threshold. Hence, DMsõ tolerance degree is proposed as 

the maximum change that DM willing to accept for the adjusted preferences, which 

need to be considered. The adjusted preferences to be accepted must satisfy the 

normalized distance between the original and the adjusted preferences less than 

the tolerance degree of DMs. The tolerance degree ranges from 0 to 1. 

If DM  does not accept any change of the original preferences, then he/she is a 

stubborn DM , which means the tolerance degree is 0. If tolerance degree is 1, then 

DM  could accept any change of the original preferences, where he/she is a 

benevolent DM.  

In fact, the consideration of tolerance degree of DMs is a strict  view for 

mini mizing the  number of the adjusted preferences. If the minimum number of 

adjusted preferences is the only condition to be considered, then the distance 

between the original and adjusted preferences may out of the tolerance interval of 

DMs. In such situation,  the minimum number of adjusted preferences is 

meaningless. 

Thus, it is important to consider both DMsõ tolerance degree of DMs and the 

minimum number of adjusted preferences . To simplify the CRP, a consensus 

mechanism with priority adjustment rule  is designed, then a linear programming 
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model with the minim um number of adjusted preferences is developed.

3.3 .2  A CRP in GDM based on the reliability 

measurement considering the tolerance of DMs  

It has been already pointed out the lack of considering of the tolerance of DMs for 

changing their opinions will lead to the unreliability of the adjusted opinions 

during  CRP. For better understanding, Algorithm  ɸ is designed to obtain the 

optimal adjusted preference with minimum number of adjusted preferences 

considering the tolerance interval of DMs . 

Algorithm  Ň 

Input:  The preference matrix provided by DM s, the tolerance degree of DMs, the 

consensus threshed. 

Output : The final adjusted preference. 

Step 1: Check the overall CL of DMsõ preferences based on three consensus levels 

as described in Section 2.4.2, if whole CL is larger than or equal to the consensus 

threshed, then the CRP is done, otherwise continue to the next step. 

Step 2: Set up consensus model with the first round , if it can be solved by software 

LINGO 11 and obtain the optimal preference relations. Then the output preferences 

are as the adjusted preference relations. If the model is unsolved, then go to the 

next step. 

Step 3: Set up consensus model with second round and repeat the process as 

described in Step 2, if it can be solved, then output the adjusted preferences as the 

obtained results. If the model is unsolved, then repeat the above steps until the 

consensus model can be solved. 

After using the Algorithm Ň, the adjusted opinions are derived, however, the 

reliability of the adjusted opinions are not guaranteed. Here we give a reliability 

model to compute the reliability degree of the adjusted preferences based on the 

proposed consensus model, where the reliability degree comes from the concept of 

stability degree of the original preferences. In this subsection, we introduce a 

concept: stability degree of original preferences. Then, a comparison measure for 

TD2L is provided in order to facilitate the selection  of the best alternative of the 

GDM problem . 

The reliability degree of the adjusted preferences derives from the  stability  

degree of original preferences, which describes the similarity between the origi nal 

and adjusted preferences after CRP. The more similar the original preference to 
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adjusted preference is, the higher the stability degree of adjusted preferences is. 

The larger the value of stability degree is, the more stable the original preference is, 

then the reliability degree of adjusted preference is more likely higher . 

With the introduction  of the new consensus model and the description of the 

relations between the reliability of the adjusted prefere nces and the adjustment, the 

steps to execute the decision making process are as follows. 

Step 1: To use Algorithm Ň to obtain the optimal adjusted opinions.  

Step 2: To compute the reliability of the adjusted preferences. 

Step 3: To obtain the final assessment information expressed as TD2L labels.  

Step 4: To compare the TD2L labels, then obtain the alternative ranking.  

Finally, an illustrative example is shown to certificate the effectiveness of the 

proposed method. 

The contribution associated to this proposal is the following one: 

Z. L. Wang, R. M. Rodríguez, Y. M. Wang, L. Martínez.  A Consensus Reaching 

Process with Minimum Adjustment in Group Decision Making with Two-

dimensional 2-tuple Linguistic Information based on Reliability Measurement . 2021 

IEEE International Conference on Fuzzy Systems, Luxembourg, 11th-14th July . 
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By virtue of the provisions of article 25, point 2, of the current regulations for 

Doctoral Studies at the University of Jaén, corresponding to the RD program. 

99/2011, this chapter presents the publications that make up the core of this 

doctoral thesis. 

These publications correspond to two scientific articles published in 

International Journals indexed by the JCR (Journal Citation Reports) database, 

produced by Clarivate Analytics and a conference paper indexed in Engineering 

Village . 
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