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Abstract 
In social network group decision-making (SN-GDM), decision-makers usu-
ally employ probabilistic linguistic term sets (PLTSs) to express vague and hes-
itant evaluation information. However, owing to cognitive limitations, incom-
plete information, and the complexity of social trust relationships, the proba-
bilistic linguistic assessments provided by decision-makers are often incom-
plete, which reduces the reliability of group evaluation aggregation and in-
creases the difficulty and cost of consensus reaching. To address this issue, this 
paper proposes a social network group decision-making method for incom-
plete probabilistic linguistic information. First, a confidence level for each 
evaluation position is constructed by integrating social trust relationships and 
the certainty of evaluation information, and incomplete PLTSs are estimated 
on the basis of the DeGroot model so as to improve the completeness and re-
liability of individual decision matrices. Second, the comprehensive certainty 
of evaluation information and the individual-group average similarity are 
fused, and the Einstein t-norm is used to determine decision-maker weights; 
on this basis, a group decision matrix and multi-level consensus measures at 
the evaluation-position, decision-maker, and group levels are established. Fur-
thermore, when group consensus fails to reach a preset threshold, regret the-
ory is introduced to characterize the psychological adjustment pressure gen-
erated when decision-makers deviate from group opinion, and, together with 
confidence levels and information from trusted neighbors, a personalized con-
sensus reaching mechanism containing identification and modification rules 
is constructed. Finally, the proposed method is validated through a case study 
on the selection of investment directions for Guangxi’s low-altitude economy. 
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Incomplete Information, Consensus Reaching 

 

1. Introduction 

Against the backdrop of rapid digitalization, networking, and intelligent develop-
ment, complex decision problems have come to exhibit such characteristics as di-
versified participants, vague decision information, and networked opinion inter-
action. As an important tool for integrating the knowledge, experience, and pref-
erences of multiple actors, group decision-making has been widely applied in such 
fields as alternative selection [1], risk assessment [2], emergency management [3], 
and other fields. Compared with traditional individual decision making, group 
decision-making can synthesize the cognitive judgments and value orientations of 
different decision-makers and obtain more robust and reasonable decisions from 
multiple alternatives. Meanwhile, the widespread popularization of social media 
and network communication technologies means that relationships among deci-
sion-makers are no longer mutually independent; the formation and revision of 
individual judgments are often accompanied by trust dependence, opinion diffu-
sion, and social influence [4] [5]. In this context, how to characterize the interac-
tions among decision-makers in social networks and further analyze their effects 
on the process and outcomes of group decision-making has become an important 
issue worthy of attention in decision science. 

In practical decision-making, decision-makers usually tend to express their 
preferences in linguistic terms. To represent such information, scholars have pro-
posed various linguistic representation tools. Compared with traditional fuzzy sets 
[6], linguistic variables are more consistent with natural human expression, but a 
single linguistic term is insufficient to capture the hesitation involved in evalua-
tions. To address this issue, Rodríguez et al. proposed hesitant fuzzy linguistic 
term sets (HFLTSs) [7], and Chen et al. further developed proportional hesitant 
fuzzy linguistic term sets [8]. However, the former cannot reflect differences in 
the importance of linguistic terms, while the latter requires the sum of probabili-
ties to equal 1. Considering that information in real decision-making is often un-
certain and incomplete, Pang et al. proposed probabilistic linguistic term sets 
(PLTSs) [9]. Since PLTSs allow the sum of probabilities to be less than or equal to 
1, they can more flexibly characterize hesitation, uncertainty, and incompleteness. 
Therefore, this paper adopts PLTSs as the tool for representing decision-makers’ 
linguistic evaluation information. 

However, in practical decision-making, the evaluation information provided by 
decision-makers is often incomplete due to factors such as cognitive limitations 
and differences in information completeness [10]. This not only weakens the com-
pleteness and reliability of individual evaluation matrices, but also further affects 
the effectiveness of group evaluation aggregation, consensus measurement, and 
opinion feedback. Existing studies have explored missing-information comple-
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tion from various perspectives. For example, Zhan et al. [11] estimated missing 
values by integrating trust degree and preference similarity based on K-nearest-
neighbor information; Shen et al. [12] employed an improved DeGroot model to 
simulate the opinion formation process of decision-makers so as to obtain com-
plete evaluation information; Zhong et al. [13] constructed an optimization model 
that maximizes reliability to complete missing probabilities. However, most exist-
ing methods mainly focus on recovering missing information from the evaluation 
data itself or with the aid of external numerical information, while paying rela-
tively limited attention to social trust relationships among decision-makers, dif-
ferences in evaluation stances, and individuals’ acceptance of external information 
in a probabilistic linguistic term set environment. In fact, missing-information 
completion is not merely a data-repair problem, but should also comprehensively 
reflect the social relationship structure [11], the certainty of evaluation infor-
mation [1], and decision-makers’ self-maintenance tendencies [14]. Therefore, it 
is necessary to construct an integrated estimation mechanism for incomplete 
probabilistic linguistic term sets, so as to provide a more reliable information basis 
for subsequent group evaluation aggregation and consensus feedback. 

When the consensus level falls below a predetermined threshold, individual 
preferences need to be revised through a feedback mechanism. In recent years, the 
introduction of social network analysis and bounded rationality theory has pro-
moted the development of consensus reaching mechanisms. In the PLTS environ-
ment, some scholars have integrated prospect theory into the consensus reaching 
process and adjusted feedback on the basis of prospect values [15]. Meanwhile, 
regret theory, because of its ability to characterize the psychological feelings gen-
erated when decision-makers compare different choice outcomes, has gradually 
been introduced into the field of group decision-making. Zhu et al. [16] proposed 
a three-way consensus model based on regret theory within the PLTS framework, 
in which an adjustment optimization model was developed to balance consensus 
attainment and the preservation of individual independence. In social network 
contexts, Liu et al. [17] further combined social networks with regret theory and 
constructed a personalized consensus feedback strategy by analyzing decision-
makers’ regret psychology and social influence. In terms of optimizing consensus 
feedback mechanisms, both the social trust network consensus reaching process 
considering minimum adjustment cost [18] and the personalized consensus 
model based on dynamic trust and hesitancy [19] indicate that incorporating so-
cial networks can improve consensus efficiency. However, existing methods 
largely rely on homogeneous adjustment coefficients, failing to reflect differences 
among decision-makers in confidence levels, social trust, and psychological re-
sponses, while also overlooking the psychological motivation triggered by devia-
tion from group opinion. To address this issue, this paper introduces confidence 
levels and regret theory into the consensus reaching process, internalizes the re-
gret caused by deviation as the driving force for preference revision, and develops 
a differentiated adjustment model. 
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Although substantial achievements have been made in existing studies, several 
shortcomings remain to be further addressed in social network group decision-
making with incomplete probabilistic linguistic information.  

1) Many existing methods assume that decision information is complete and 
lack a systematic treatment of incomplete probabilistic linguistic evaluations that 
commonly arise in social-network environments, making it difficult to complete 
missing information reasonably and thereby affecting the accuracy of group eval-
uation aggregation and consensus measurement. 

2) Most consensus-feedback mechanisms still regard decision-makers as inde-
pendent and fully rational individuals and usually adopt uniform or preset adjust-
ment parameters, making it difficult to fully reflect the joint effects of individual 
differences, social interaction, and behavioral psychological factors. In reality, 
whether an individual is willing to adjust his or her opinion is affected not only 
by the social relationship structure, but also by the confidence of the individual’s 
evaluation and by psychological factors such as regret.  

3) With respect to decision-maker weighting, some studies mainly rely on en-
tropy indicators or network-structure information and have not simultaneously 
taken into account evaluation-information quality and the degree of coordination 
between individual opinions and the group, thereby limiting the rationality and 
explanatory power of weight allocation. 

To overcome the above shortcomings, this paper proposes a social network 
group decision-making method that considers incomplete PLTS estimation to-
gether with confidence level and regret psychology. Using PLTSs as the infor-
mation-expression tool, the method first constructs the confidence level of each 
evaluation position by combining social trust relationships with the certainty of 
evaluation information, and then completes incomplete probabilistic linguistic 
evaluations on the basis of the DeGroot model. Subsequently, it fuses the compre-
hensive certainty of evaluation information with the average similarity between 
the individual and the group and uses the Einstein t-norm to determine decision-
maker weights, thereby constructing a group decision matrix and a multi-level 
consensus measurement system. When the group consensus level fails to reach 
the preset threshold, regret theory is introduced to characterize the psychological 
adjustment pressure caused by deviations from the group opinion, and a person-
alized consensus reaching mechanism is established by combining confidence lev-
els with information from trusted neighbors, so as to improve the rationality and 
efficiency of consensus feedback as well as the reliability of the final decision re-
sults. 

The main innovations of this paper are reflected in the following three aspects. 
1) For incomplete probabilistic linguistic evaluation information, this paper 

constructs the confidence level of each evaluation position by integrating social 
trust relationships and the certainty of evaluation information, and estimates 
missing information on the basis of the DeGroot model, thereby enhancing the 
completeness and reliability of individual decision matrices. 
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2) The comprehensive certainty of evaluation information and the individual-
group average similarity are fused, and the Einstein t-norm is employed to deter-
mine decision-maker weights. A multi-level consensus measurement system is 
then established at the evaluation-position, decision-maker, and group levels to 
characterize group opinion consistency more comprehensively. 

3) Regret theory is incorporated into the consensus-feedback process in social 
networks, and a personalized consensus reaching mechanism that integrates con-
fidence levels, degrees of deviation from group opinion, and information from 
trusted neighbors is constructed, making opinion adjustment more consistent 
with the interaction and evolution patterns observed in real social networks. 

The remainder of this paper is organized as follows. Section 2 introduces the 
preliminary knowledge of probabilistic linguistic term sets, social networks, and 
regret theory. Section 3 proposes an estimation method for incomplete PLTSs 
based on the DeGroot model. Section 4 develops the group decision-making so-
lution method and the confidence-level-regret-psychology-based consensus 
reaching mechanism. Section 5 verifies the effectiveness of the proposed method 
through a case study on the selection of investment directions for Guangxi’s low-
altitude economy and comparative analyses. Finally, conclusions and future re-
search directions are presented. 

2. Preliminaries 

This section presents the preliminaries, including probabilistic linguistic term sets, 
social networks, and regret theory. 

2.1. Probabilistic Linguistic Term Sets 

Definition 1 [20]. Let { }| 0,1, ,S sα α τ= =   be a finite and ordered discrete 
linguistic term set, where sα  denotes a linguistic term used to represent one pos-
sible value of a linguistic variable; τ  is a positive integer; and the cardinality of 
S  is 1τ + . 

To improve computational efficiency and reduce information loss, Wang et al. 
[21] proposed the extended linguistic term set [ ]{ }| 0,S sα α τ= ∈ , and on this 
basis introduced the following two basic operational rules: 1) s s sα α α α′ ′+⊕ = ; 2) 

s sα ξαξ = , where ,s s Sα α′ ∈ , and [ ]0,1ξ ∈ . 
Definition 2 [22]. Let { }| 0,1, ,S sα α τ= =   be a linguistic term set. The lin-

guistic scale function ( )g ⋅  is used to establish an equivalence relation between 
the linguistic term sα  and the membership degree µ  on the interval [0, 1], and 
is defined as 

 [ ] [ ] ( ): 0, 0,1 ,g g sα
ατ µ
τ

→ = =  (1) 

Correspondingly, for a given membership degree [ ]0,1µ∈ , the corresponding 
discrete linguistic term sα  can be obtained through the inverse mapping of the 
linguistic scale function: 

 [ ] [ ] ( )1 1: 0,1 0, ,g g s sµτ ατ µ− −→ = =  (2) 
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Definition 3 [9]. Let { }| 0,1, ,S sα α τ= =   be a linguistic term set. A proba-
bilistic linguistic term set (PLTS) is defined as 

 ( ) ( ) ( )( ) ( ) ( ) ( ) ( )
( )#

1
| , 0, 1, 2, , # , 1

L p
k k k k k

k
L p L p L S p k L p p

=

  = ∈ ≥ = ≤ 
  

∑
 (3) 

where ( ) ( )( )k kL p  denotes a probabilistic linguistic element (PLE), representing 
the k-th linguistic term ( )kL  and its corresponding probability ( )kp ; and  

( )# L p  denotes the number of all distinct linguistic terms in ( )L p . 
Definition 4 [9]. Let ( ) ( ) ( )( ) ( ){ }1 1 1 1| 1, 2, , #k kL p L p k L p= =   and 
( ) ( ) ( )( ) ( ){ }2 2 2 2| 1, 2, , #k kL p L p k L p= =   be two normalized probabilistic lin-

guistic term sets. If ( ) ( )1 2# #L p L p> , then ( ) ( )1 2# #L p L p−  linguistic ele-
ments are added to ( )2L p . Each added element takes the smallest linguistic term 
in ( )2L p , and its corresponding probability is 0. 

Pang et al. [9] further proposed a method for ranking the elements in a proba-
bilistic linguistic term set ( ) ( ) ( )( ) ( ){ }| 1, 2, , #k kL p L p k L p= =  . This method 
sorts the elements in descending order according to the value of ( )( ) ( )k kr L p , 
where ( )( )kr L  denotes the subscript of the linguistic term ( )kL . 

Definition 5 [1]. Let { }| 0,1, ,S sα α τ= =   be a linguistic term set, and let
( ) ( ) ( )( ) ( ){ }1 1 1 1| 1, 2, , #k kL p L p k L p= =   and 
( ) ( ) ( )( ) ( ){ }2 2 2 2| 1, 2, , #k kL p L p k L p= =   be any two normalized probabilistic lin-

guistic term sets defined on S . Then, the distance measure between ( )1L p  and 
( )2L p  is 

 
( ) ( )( )

( ) ( ) ( )( ) ( )( )
( )

( )

( )
( )( ) ( )( )

#

1 2 1 2
1

1 2

1 2

,
#

1

L p
k k k k

k
CH

p p g L g L
d L p L p

L p

E L p E L p
τ

=

−
=

−
+ −

∑




 (4) 

where ( )g ⋅  is the scale function given in Definition 2, ( )# L p  is the number 
of linguistic terms (LTs) in the two normalized sets, ( )E ⋅  is the score function 
of the probabilistic linguistic term set defined in Equation (5), ( )( )kr L  denotes 
the subscript of ( )kL , and   is a preference parameter satisfying 0 1≤ ≤ . 

Definition 6 [23]. Let the linguistic term set be { }| 0,1, ,S sα α τ= =   and let
( ) ( ) ( )( ) ( ) ( ){ }1 1 1 1 1| , 1, 2, , #k k kL p L p L S k L p= ∈ =   and 
( ) ( ) ( )( ) ( ) ( ){ }2 2 2 2 2| , 1, 2, , #k k kL p L p L S k L p= ∈ =   be two normalized probabilistic 

linguistic term sets. Then, some operational laws of probabilistic linguistic term 
sets are defined as follows: 

1) ( ) ( ) ( ) ( )( ) ( ){ }( ) ( ) ( ) ( )
3 3

1 2
1 21 2

1 2 3 3 3 3,
| 1, 2, , #k k

k k
L L p L L p

L p L p L p k L p
∈ ∈

⊕ = = 



; 

2) ( ) ( ) ( )( ) ( ){ }1 1
1 1 1 1 1| 1, 2, , #k kL p L p k L pς ς= = 



; 

3) ( ) ( ) ( ){ }( )
1

k
k k

g L
L p g p

ςς
ϖ

ϖ−
∈

 =  
 

. 

where ( ) ( ) ( )3 1 2
3 1 2
k k kL L L= ⊕ , ( ) ( ) ( )3 1 2

3 1 2
k k kp p p= , ( )1,2, , #i ik L p=  ( )1,2i = ; ς  is 

a positive number, and ( )g ⋅  is the linguistic scale function given in Definition 
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2. According to the rule in Reference [24], when ( )3
3 0
kL s< , let ( )3

3 0
kL s= ; when 

( )3
3
kL sτ> , let ( )3

3
kL sτ= . 

Definition 7 [25]. Suppose the probabilistic linguistic term set is  
( ) ( ) ( )( ) ( ){ }| 1, 2, , #u k u ku

uL p L p k L p= =  , and its corresponding weight vector is 
( )1 2, , , Uw w w w=  , satisfying 0 1uw≤ ≤ , 1 1U

uu w
=

=∑ . Then the group proba-
bilistic linguistic term set can be expressed as  

( ) ( ) ( )( ) ( ) ( ) ( ) ( ){ }1| , , 1, 2, , #Uk k k k u k
uuL p L p L S p w k L pϑ

=
= ∈ = =∑  , 

where ( )
( ) ( ) ( )( ) ( )

( ) ( )( ) ( )

,

0,

u k k k u

u k

k k u

p L p L p

L p L p
ϑ

∈
=

∉






. 

Definition 8 [9]. Let ( ) ( ) ( )( ) ( ){ }| 1, 2, , #k kL p L p k L p= =   be a probabilistic 
linguistic term set (PLTS). Then the score function and deviation degree of ( )L p  
are defined as 

 ( )( ) ( )( ) ( )( )( ) ( )( )# #
1 1

L p L pk k k
k kE L p r L p p
= =

= ×∑ ∑  (5) 

 ( )( ) ( ) ( )( )( )( )( ) ( )( )
1

2 2# #
1 1

L p L pk k k
k kL p p r L pα
= =

 − 
 

∂ = ×∑ ∑  (6) 

where ( )( )kr L  denotes the subscript of the linguistic term ( )kL . 
The comparison rules for two probabilistic linguistic term sets ( )1L p  and 
( )2L p  are defined as follows: 
1) If ( )( ) ( )( )1 2E L p E L p> , then ( ) ( )1 2L p L p ; 
2) If ( )( ) ( )( )1 2E L p E L p= , then; 
a) if ( )( ) ( )( )1 2L p L p∂ > ∂ , then ( ) ( )1 2L p L p ; 
b) if ( )( ) ( )( )1 2L p L p∂ = ∂ , then ( ) ( )1 2~L p L p ; 
3) If ( )( ) ( )( )1 2E L p E L p< , then ( ) ( )1 2L p L p . 

2.2. Social Network 

In a social trust network environment, the relationships among individuals in a 
group decision-making problem do not exist in isolation; rather, they form a net-
work structure with directional and intensity differences through trust ties. To 
characterize the trust-transmission relationships among decision-makers, graph-
theoretic methods can be used to formally describe a social trust network. 

Definition 9 [26]. Let there be a directed weighted graph { }, ,G E R W= , where
{ }1 2, , , UE e e e=   is the set of nodes representing the decision-makers partici-

pating in the decision-making process; R  is the set of edges used to describe the 
trust relationships among decision-makers; and ( )uv U U

W W
×

=  is the adjacency 
matrix, whose element uvW  represents the degree of trust assigned by decision-
maker ue  to decision-maker ve .  

Usually, there are three representation schemes for trust networks, namely 
graphical representation, algebraic representation, and sociometric representa-
tion, as shown in Table 1. 
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Table 1. Examples of different representation methods for social networks. 

Graph representation Algebraic representation Sociometric representation 

 

1 2 1 4

2 3 2 4

3 4 3 5

4 1 4 2

5 1 5 4

, ;
, ;
, ;
, ;
, .

e Re e Re
e Re e Re
e Re e Re
e Re e Re
e Re e Re

 

0 1 0 1 0
0 0 1 1 0
0 0 0 1 1
0 0 0 1 0
1 0 0 1 0

F

 
 
 
 =
 
 
 
 

 

 
1) Graphical representation: This can intuitively reflect the directional structure 

of trust relationships in the network. That is, when there exists u ve e→ , it indi-
cates that ue  trusts ve . 

2) Algebraic representation: By listing the trust relationships among the sub-
jects, the network connection states are expressed symbolically, which facilitates 
the logical organization and structural analysis of trust relationships. 

3) Sociometric representation: This is usually expressed as an adjacency matrix. 
Let ( )uv U U

F f
×

=  { }0,1uvf ∈ . When 1uvf = , it indicates that there is a direct 
trust relationship from decision-maker ue  to decision-maker ve ; when 0uvf = , 
it indicates that no direct trust relationship exists between them. 

However, these representation methods can usually describe only explicit trust 
relationships, that is, complete trust or complete distrust. In real-world situations, 
the trust relationships among decision-making agents are often fuzzy in nature, 
and it is difficult to express them accurately using the above methods. To address 
this issue, Zhang et al. [27] proposed a fuzzy sociometric method. 

Definition 10 [27]. Let the fuzzy sociometric relationship defined on the deci-
sion-maker set { }1 2, , , UE e e e=   be ( )uv U U

ST st
×

= . Then it is a relation on the 
Cartesian product space E E× , and its membership function is [ ]: 0,1E Eν × → , 
with ( ),u v uve e stν = , where uvst  denotes the trust degree (TD) of decision-
maker ue  toward decision-maker ve . 

Example 1: The trust relationships among the five decision-makers in Table 1 
can be represented by the following fuzzy sociometric matrix: 

 

0.2 0.35 0.79 0.52 0
0.6 0.6 0.63 0.63 0
0.72 0.85 0.78 0.25 1
0.5 0.25 0.48 0.87 0

0.92 0.32 0.58 0.69 0

ST

 
 
 
 =
 
 
 
 

 

2.3. Regret Theory 

Regret Theory (RT) [28] considers the psychological factors of decision-makers 
during the decision-making process. Generally speaking, when the option chosen 
by a decision-maker is better than other alternatives, the decision-maker will feel 
rejoicing; otherwise, the decision-maker will feel regret. Regret theory character-
izes this psychological perception through the rejoicing-regret value. 
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Definition 11 [28]. Let J  denote the outcome generated by choosing alter-
native x . Then the direct utility value of alternative x  is usually defined as 

 ( ) ( )y J J β=  (7) 

where 0 1β< <  denotes the risk aversion coefficient of the decision-maker. Ac-
cording to experimental validation results in [29], this parameter is usually rec-
ommended to be set to 0.88. 

Definition 12 [28]. Let 1J  and 2J  denote the outcomes corresponding to 
choosing alternatives 1x  and 2x , respectively, and let ( )1y J  and ( )2y J  de-
note the direct utility values of alternatives 1x  and 2x , respectively. When the 
decision-maker chooses alternative 1x  instead of alternative 2x , the rejoicing-
regret value is expressed as 

 ( ) ( ) ( ) ( )( )1 2Δ
1 2, 1 e 1 e y J y JyR J J σσ − −−= − = −  (8) 

where 0σ >  denotes the regret aversion coefficient. Shen et al. [30] suggested 
setting 0.3σ = . If ( )1 2, 0R J J > , it indicates that the decision-maker experi-
ences rejoicing; conversely, if ( )1 2, 0R J J < , it indicates that the decision-maker 
experiences regret. 

3. An Estimation Method for Incomplete PLTSs Based on the  
DeGroot Model 

In practical group decision-making situations, decision-makers are often affected 
by factors such as limited cognition, insufficient information, and differences in 
evaluation burden, making it difficult for them to provide complete probabilistic 
linguistic evaluation information for all alternatives and attributes. As a result, 
missing items may appear in the individual decision-making matrix. If these in-
complete evaluations are directly ignored, this will not only damage the informa-
tional integrity of the individual decision-making matrix, but also affect the accu-
racy of subsequent determinations of decision-maker weights, group evaluation 
results, and consensus level measurement. Therefore, before conducting group 
aggregation and consensus feedback, it is necessary to reasonably complete the 
incomplete probabilistic linguistic evaluation information so as to improve the 
reliability and consistency of the subsequent analysis. 

Considering that, in a social network environment, there exist differentiated 
mutual trust relationships among decision-makers, and that different evaluation 
positions themselves also carry different degrees of information certainty, this pa-
per starts from two dimensions, namely social trust relationships and the certainty 
degree of evaluation information, to construct the confidence level of evaluation 
positions, and thereby realize the estimation of incomplete probabilistic linguistic 
evaluation information. The basic idea of this mechanism is as follows: for posi-
tions with a relatively high confidence level, more of the decision-maker’s original 
evaluation information should be retained; for positions with a relatively low-con-
fidence level, external reference information may be appropriately introduced so 
as to achieve a reasonable completion of the missing evaluations. 
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3.1. Acquisition of Confidence Levels Based on the Evaluation  
Information Dimension and the Trust Relationship  
Dimension 

In the completion process of incomplete PLTSs, a decision-maker’s degree of ab-
sorption of external reference information is not fixed, but is closely related to 
their own evaluation state and social network position. Generally speaking, if a 
decision-maker is confident in their own judgment, they are more inclined to ad-
here to their original evaluation, and their acceptance of external information will 
be lower. Therefore, this paper introduces confidence level to characterize the ac-
ceptance rate of decision-makers toward external reference opinions, and obtains 
it objectively from two aspects: the evaluation information dimension and the 
trust dimension. 

Under the trust relationship dimension, the average degree of trust from the 
other decision-makers toward decision-maker ue  is 

 1,

1
1

U
u vuv u vst st

U = ≠
=

− ∑  (9) 

where the larger ust  is, the more trusted the decision-maker tends to be by oth-
ers, and the more likely they are to possess stronger social influence and opinion 
stability. Therefore, in the feedback process, they are more likely to maintain their 
original judgment. 

Under the evaluation information dimension, this paper characterizes the cer-
tainty degree of a decision-maker’s evaluation based on the probability distribu-
tion of the probabilistic linguistic term set, the completeness degree of the proba-
bility sum, and the linguistic term set. 

First, from the perspective of probability distribution entropy, the more uni-
form the probability distribution is, the greater the information entropy is, indi-
cating that the evaluation is more uncertain, and the corresponding confidence 
level is lower. Therefore, we have 

 ( )( )
( )

( ) ( )( ) ( )
#

2 2
1

log log 1
L p

k k

k
HD L p p p τ

=

= − +∑  (10) 

Second, from the perspective of the completeness degree of the probability sum, 
if the given probability mass is closer to 1, then the evaluation is more sufficient, 
and the corresponding confidence level is higher. Therefore, we have 

 ( )( )
( )

( )
#

1

L p
k

k
AD L p p

=

= ∑  (11) 

Third, from the perspective of the linguistic term set, the more concentrated 
the terms in a PLTS are, the more concentrated the evaluation information is and 
the clearer the expression becomes. Therefore, the confidence level is higher [29]. 
Accordingly, we have 

 ( )( )
( )

( )
( )( )#

2
1

1 log 1
kL p

k

k

r L
CD L p p

α

τ=

 −
 = + −
 
 

∑  (12) 
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where ( )( ) ( )( )( ) ( )( )# #
1 1

L p L pk k k
k kr L p pα
= =

= ∑ ∑ , and ( )( )kr L  is the subscript of 
( )kL . Concentration measures the degree to which each linguistic term clusters 

around the expected position. 
Since the completeness degree of the probability sum, the probability distribu-

tion entropy, and the concentration respectively reflect the information charac-
teristics of the probabilistic linguistic term set from different perspectives, relying 
on only a single indicator is insufficient to comprehensively characterize the cer-
tainty degree of the evaluation. The information credibility of ( )L p  is 

 ( )( ) ( )( )( ) ( )( ) ( )( )1 2 31CCD L p HD L p AD L p CD L p= ∂ ⋅ − + ∂ ⋅ + ∂ ⋅  (13) 

where [ ]1 2 3, , 0,1∂ ∂ ∂ ∈ , and 1 2 3 1∂ + ∂ + ∂ = . In this paper, 1 2 3
1
3

∂ = ∂ = ∂ = . The  

larger ( )CCD ⋅  is, the clearer and more stable the evaluation information pro-
vided by the decision-maker is, and the lower the uncertainty of the judgment 
result. 

On this basis, by integrating the trust relationship dimension and the evaluation 
information dimension, the confidence level of decision-maker ue  for alterna-
tive ix  under attribute ja  is 

 ( )1 2
u u
ij u ijc st CCD qψ ψ= +  (14) 

where [ ]1 2, 0,1ψ ψ ∈ , and 1 2 1ψ ψ+ = . The larger the confidence level u
ijc , the 

more the decision-maker tends to retain the original judgment and exhibit 
stronger self-persistence in subsequent opinion updates; conversely, it indicates 
that the decision-maker is more easily influenced by external opinions and thus 
more likely to adjust. 

3.2. Estimation of Missing Information 

In a social network environment, decision-makers’ degrees of absorption of ex-
ternal opinions are not uniform; rather, they are directly affected by differences in 
trust relationships between themselves and other decision-makers. Generally 
speaking, decision-makers tend to refer more to the evaluation information pro-
vided by neighbors whom they highly trust, while they rely less on opinions from 
low-trust sources. Based on this understanding, this paper introduces relative 
trust degree to characterize the differentiated ability of decision-makers to absorb 
external reference information in the process of completing missing information. 

To avoid confusion between probabilistic linguistic term sets and their numer-
ical representations, this paper makes the following distinction in this section: let 

,u t
ijq  denote the probabilistic linguistic term set provided by decision-maker ue  

for alternative ix  under attribute ja  at time t ; let ( ),u t
ijE q  denote its score 

function value; and let , 1u t
ijϖ +  denote the aggregated numerical position con-

structed during the completion process. In this way, the probabilistic linguistic 
evaluation object, its scalar representation, and the intermediate mapped variable 
are kept strictly distinct at the symbolic level. 

Let uvst  denote the trust degree of decision-maker ue  toward ve . Then the 

https://doi.org/10.4236/sn.2026.152002


M. Q. Gan, G. L. Xu 
 

 

DOI: 10.4236/sn.2026.152002 22 Social Networking 
 

relative trust degree of ue  toward ve  is defined as 

 
1,

uv
uv

u
U
v v u v

st
st

ω
= ≠

=
∑

 (15) 

where uvω  is used to characterize the degree to which decision-maker ue  relies 
on the external reference evaluation of ve  during the missing-information com-
pletion process. 

Further, let ,u t
ijq  denote the probabilistic linguistic evaluation of decision-

maker ue  at position ( ),i j , and let [ ]0,1u
ijc ∈  denote the confidence level at 

this position determined by Equation (14). To avoid directly performing numeri-
cal addition on the PLTS itself, this paper first uses the score function to map the 
individual’s original evaluation and the reference evaluations of trusted neighbors 
into scalar space. Thus, the external reference score of decision-maker ue  at po-
sition ( ),i j  is defined as 

 ( ), ,

1,

U
u t v t
ij uv ij

v u v
E qϖ ω

= ≠

= ⋅∑  (16) 

On this basis, the aggregated numerical position at position ( ),i j  is con-
structed as 

 ( ) ( ), 1 , ,1u t u u t u u t
ij ij ij ij ijc E q cϖ ϖ+ = ⋅ + − ⋅  (17) 

It can be seen from Equation (17) that when u
ijc  is relatively large, the aggre-

gated numerical position is closer to the decision-maker’s own original evaluation; 
conversely, it is more inclined to absorb external reference opinions from trusted 
neighbors. 

Further, according to the inverse mapping of the linguistic scale function, the 
aggregated numerical position , 1u t

ijϖ +  can be transformed into a new linguistic 
term: 

 ( ), 1 1 , 1u t u t
ij ijs g ϖ+ − +=  (18) 

If position ( ),i j  is partially missing, that is, the original probabilistic linguis-
tic term set ,u t

ijq  already contains some linguistic terms and their corresponding 
probabilities, but the sum of probabilities satisfies ( ),# ,

10 1
u t
ijq u t k

ijk p
=

< <∑  then the 
remaining probability mass is defined as 

 ( )
,#

,, 1

1
1

u t
ijq

u t ku t
ij ij

k
p p+

=

= − ∑  (19) 

Accordingly, the completed probabilistic linguistic term set can be expressed as 

 ( ){ }, 1 , , 1 , 1ˆ ,u t u t u t u t
ij ij ij ijq q s p+ + +=  

  (20) 

If position ( ),i j  is completely missing, that is, ( ),# ,
1 0
u t
ijq u t k

ijk p
=

=∑  then it is di-
rectly defined as 

 ( ){ }, 1 , 1ˆ ,1u t u t
ij ijq s+ +=   (21) 

Accordingly, the completed individual decision matrix can be obtained as
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( ), 1 , 1ˆ ˆu t u t
ij ij n m

Q q+ +

×
= . 

In summary, the incomplete probabilistic linguistic evaluation information 
completion method proposed in this paper first constructs an aggregated numer-
ical position in scalar space, and then converts it into a newly added linguistic 
term through the inverse mapping of the linguistic scale function, thereby avoid-
ing improper direct numerical operations on the PLTS itself. Compared with sim-
ple mean substitution or fixed-value imputation methods, this method can, on the 
basis of preserving the decision-maker’s original judgment, make full use of the 
trust relationships in the social network and the certainty characteristics of the 
evaluation information itself, so as to achieve a more reasonable completion of 
missing probabilistic linguistic evaluations. For simplicity of subsequent presen-
tation, the completed individual decision matrix , 1ˆ u tQ +  is still denoted by uQ  
in the following text. 

4. A New Method for Solving Group Decision-Making  
Problems in an Incomplete Probabilistic Linguistic  
Environment 

This section proposes a new consensus measure and designs the corresponding 
consensus reaching mechanism. First, a consensus measure including both the 
decision-makers and the collective is constructed to quantify the current consen-
sus state. Then, when the confidence level does not reach the preset threshold, a 
personalized social-network consensus reaching mechanism based on confidence 
level and regret theory is further designed. 

4.1. Problem Description 

Let the set of decision-makers be { }1 2, , , UE e e e=  , the set of alternatives be
{ }1 2, , , nX x x x=  ( )2n ≥ , and the set of attributes be { }1 2, , , mA a a a=  . Under 

the linguistic term set { }| 0,1, ,S sα α τ= =  , the probabilistic linguistic evalua-
tion matrix given by decision-maker ue  is 

( ) ( ) ( )( ) ( ) ( ) ( )
( )

( )
#

1
| , 0, 1, 2, , # , 1

L p
k k k k ku

ij
k

q L p L p L S p k L p p
=

  = = ∈ ≥ = ≤ 
  

∑
, which 

represents the probabilistic linguistic evaluation of decision-maker ue  for alter-
native ix  under attribute ja . 

4.2. A Method for Determining Decision-Maker Weights Based on  
Certainty-Similarity 

As the complexity of decision-making problems continues to increase, it has be-
come more convenient for decision-makers to provide decision information in 
the form of probabilistic linguistic term sets when evaluating alternatives. Since a 
probabilistic linguistic term set is composed of multiple linguistic terms, and in-
complete information may also occur, uncertainty during the decision-making 
process is unavoidable. Therefore, decision-makers who provide probabilistic lin-
guistic term sets with higher certainty should be assigned greater weights. 
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According to the information credibility measure (see Equation (13)), the in-
formation credibility of the decision matrix ( )u u

ij n m
Q q

×
=  can be calculated as 

 ( ) ( )
1 1

11 , 1 ,
n m

u v u v
uv CH ij ij

i j
cs d Q Q d q q

n m = =

= − = −
× ∑∑  (22) 

where ( ),d ⋅ ⋅  denotes the distance between u
ijq  and v

ijq , which is calculated by 
Equation (4). 

The average similarity of decision-maker ue  can be expressed as 

 
1,

1
1u vu

v v u

U
sc c

U
s

= ≠

=
− ∑  (23) 

To simultaneously characterize the certainty of decision information and the 
coordination of opinions within the group, this paper employs the Einstein T-
norm to fuse the comprehensive certainty ( )uCCD Q  and the average similarity 

ucs . The Einstein T-norm can preserve the synergistic enhancement effect of the 
two indicators while avoiding the excessive compression of the fusion result under 
low-value conditions that may occur with a simple product operator. 

Therefore, the initial weight of decision-maker ue  is defined as 

 
( )
( )( ) ( )1 1 1

u
u

u u
u

CCD Q cs

CCD Q cs
δ

×
=

+ − × −
  (24) 

By further normalizing uδ , the weight is obtained as 

 
1

, 1, 2, ,u
u U

vv

v Uδδ
δ

=

= =
∑






 (25) 

Accordingly, the group decision matrix can be obtained and denoted by 
( )ij n m

O o
×

=  (calculated using Definition 7), where 

 
1

U
u
ijuij u qo δ

=
⋅= ⊕  (26) 

where the group evaluation ijo  is obtained by aggregating the probabilistic lin-
guistic evaluations of the decision-makers at position ( ),i j  according to the 
weight vector uδ . 

4.3. Consensus Level Measurement 

The consensus level is defined from three layers, namely the evaluation-position 
layer, the decision-maker layer, and the group layer, so as to achieve a progressive 
characterization of the consensus state. 

Definition 13 [31]. Let ( )u u
ij n m

Q q
×

=  be the decision matrix provided by de-
cision-maker ue , and let ( )ij n m

O o
×

=  be the group decision matrix. Then the 
consensus level of decision-maker ue  for each alternative ix  under attribute 

ja  can be defined as 

 ( )1 ,u u
ij ij ijCL d q o= −  (27) 

where ( ),u
ij ijd q o  denotes the distance between u

ijq  and ijo , calculated by 
Equation (4). 
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Further, the consensus level of decision-maker ue  can be expressed as 

 ( ) ( )
1 1

11 , 1 ,
n m

u u
u CH ij ij

i j
CL d Q O d q o

n m = =

= − = −
× ∑∑  (28) 

Therefore, the group consensus level can be defined as 

 
1

U

u u
u

CCL CLδ
=

= ⋅∑  (29) 

where uδ  denotes the weight of decision-maker ue , calculated by Equation (26). 
Let the consensus threshold be ϕ . If CCL ϕ≥ , then the group decision-mak-

ing problem is considered to have reached an acceptable consensus; otherwise, it 
is regarded as not having reached an acceptable consensus and further adjustment 
is required. A consensus reaching mechanism will be constructed below. 

4.4. A Social-Network Consensus Reaching Mechanism Based on  
Confidence Level and Regret Psychology 

In the consensus reaching process of group decision-making, when the group con-
sensus level is lower than the preset threshold, the decision-makers’ original pref-
erence information needs to be moderately revised through a feedback mecha-
nism so as to promote the gradual convergence of group opinions. However, ex-
isting opinion adjustment methods based on identification rules and modification 
rules often rely on subjectively preset adjustment coefficients and adopt homoge-
neous correction methods for different decision-makers. As a result, they have 
certain limitations in terms of interpretability, fairness, and behavioral realism. 
Because decision-makers differ in confidence level and trust in other decision-
makers, the same deviation does not necessarily lead to the same adjustment be-
havior. At the same time, such methods usually assume that decision-makers are 
fully rational and fail to adequately characterize the psychological responses that 
individuals generate when their opinions deviate from the group judgment. 

In view of this, it is necessary to introduce confidence level and regret theory 
into the social-network consensus feedback process, internalizing the regret psy-
chology triggered when decision-makers’ own evaluations deviate from the group 
opinion into the driving factor for opinion revision, and combining it with the 
individual’s current confidence level to construct a differentiated adjustment 
mechanism. Based on this idea, this paper further constructs an opinion adjust-
ment model integrating confidence level and regret psychology, so that the adjust-
ment intensity can be determined by both the deviation state and the confidence 
level. In this way, on the basis of preserving the original decision information as 
much as possible, the objectivity, rationality, and efficiency of the opinion revision 
process can be improved. The consensus feedback mechanism introduced below 
includes two main components: the identification rule and the modification rule. 

• Identification Rule 
Let the decision matrix of decision-maker ue  be ( )u u

ij n m
Q q

×
= , and let the 

group decision matrix be ( )ij n m
O o

×
= . Let [ ]0,1ϕ∈  be the preset consensus 
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threshold. First, identify the set of decision-makers who have not yet met the con-
sensus requirement: 

 { }| uNE u CL ϕ= <  (30) 

where uCL  denotes the consensus level between decision-maker ue  and the 
group decision matrix ( )ij n m

O o
×

= . 
For any u NE∈ , the set of low-consensus evaluation elements is defined as 

 ( ){ }, | u
ijNSE i j CL ϕ= <  (31) 

where u
ijCL  denotes the consensus level of decision-maker ue  for alternative 

ix  under attribute ja . 
• Modification Rule 

In a social network environment, the continuous interaction among decision-
makers drives their opinions to be continuously adjusted and evolved. Since indi-
viduals are more inclined to accept feedback and suggestions from highly trusted 
neighbors, this paper introduces a social-network-based reference opinion gener-
ation mechanism at the consensus feedback stage. Meanwhile, in order to charac-
terize the psychological adjustment pressure generated when a decision-maker’s 
own evaluation deviates from the group opinion, this paper combines regret the-
ory with confidence level to construct a personalized opinion modification rule. 

1) Characterization of Adjustment Intensity Based on Regret Theory 
Given that the degree to which an evaluation deviates from the group’s aggre-

gated opinion directly affects the decision-maker’s psychological perception and 
willingness to revise, this paper further introduces regret psychology to measure 
the adjustment intensity of evaluations. 

For any position to be adjusted, ( ), ,u i j NSE∈ , the utility value of the corre-
sponding element u

ijq  is expressed as 

 ( ) ( )u u
ij ijy q q

β
=  (32) 

where ( )0,1β ∈  is the risk aversion coefficient. 
At the same time, in the group evaluation matrix ( )ij n m

O o
×

=  (obtained from 
Equation (27)), the utility value of element ijo  is expressed as 

 ( ) ( )ij ijy o o
β

=  (33) 

The group consensus state can be regarded as an ideal reference in which deci-
sion-makers’ opinions tend toward consistency. Influenced by psychological fac-
tors, decision-makers often compare their original evaluations with this ideal con-
sensus state. When there is a relatively large deviation between their current eval-
uation and the group reference result, stronger psychological imbalance and revi-
sion pressure may arise. Based on this, during the adjustment process, the regret 
value of the decision-maker’s evaluation u

ijq  relative to the group consensus 
evaluation ijo  can be characterized as 

 Δ1 e uyu
ijR σ− ⋅= −  (34) 
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Considering that subtraction between PLTSs is difficult to define directly, this 
paper adopts a regret characterization method based on utility distance, namely,

( ) ( )( )Δ ,u
u ij ijy d y q y o= − . Thus, the regret value can be further rewritten as 

 ( ) ( )( ) ( ) ( ),,Δ1 e 1 e 1 e
uu ij ijij iju

d q od y q y oyu
ijR

β β
σσσ

 
⋅  ⋅− ⋅  = − = − = −  (35) 

where ( )0,1σ ∈  denotes the regret aversion coefficient. It can be seen from 
Equation (36) that when the individual evaluation is closer to the group evaluation, 
the sense of regret is weaker; conversely, the greater the deviation, the stronger 
the sense of regret. 

Accordingly, the corresponding regret retention coefficient is defined as 

 e
u
ijRu

ijR =  (36) 

Clearly, ( ]0,1u
ijR ∈ . When the individual evaluation is completely consistent 

with the group evaluation, 1u
ijR = , indicating that there is no revision pressure at 

this position caused by deviation from the group opinion; as the degree of devia-
tion increases, u

ijR  gradually decreases, indicating that the decision-maker’s will-
ingness to retain the original evaluation weakens. 

2) Modification Function 
On the basis of incorporating regret psychology, different decision-makers dif-

fer in information certainty, social trust relationships, and degree of self-persis-
tence, so their willingness to retain original opinions also differs significantly. The 
confidence level constructed in Section 3 reflects the decision-maker’s degree of 
self-persistence regarding the original judgment and the tendency to accept exter-
nal information. Therefore, this indicator is applicable not only to the process of 
completing missing information, but also to the feedback adjustment process un-
der low-consensus situations. 

Furthermore, by combining the confidence level u
ijc  constructed in Section 3 

with the regret retention coefficient u
ijR , the comprehensive retention coefficient 

at position ( ),i j  is defined as 

 u u u
ij ij ijc R= ⋅

  (37) 

where [ ]0,1u
ij ∈ . The larger u

ij  is, the more the decision-maker tends to retain 
the original evaluation; conversely, the more likely the decision-maker is to absorb 
feedback opinions from the social network and make revisions. 

To ensure that the opinion updating process is always carried out within the 
PLTS space, this paper first constructs the aggregated reference opinion obtained 
by decision-maker ue  from trusted neighbors at position ( ),i j : 

 , ,

1,

U
u t v t
ij uv ijv u v

B qω
= ≠

= ⊕ ⋅  (38) 

where uvω  is given by Equation (15), and  ⊕  denotes the probabilistic linguis-
tic term set aggregation operation based on Definition 6. 

Thus, for any identified position to be revised, ( ), ,u i j NSE∈ , the candidate 
updated result is defined as 
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 ( ), 1 , ,1u t u u t u u t
ij ij ij ij ijq q B+ = ⋅ ⊕ − ⋅   (39) 

For positions not belonging to the low-consensus set, ( ), ,u i j NSE∉ , keep 

 , 1 ,u t u t
ij ijq q+ =  (40) 

The modification rule constructed in this way enables the opinion adjustment 
process to be jointly influenced by individual confidence level, the degree of devi-
ation from the group, and social trust relationships, thereby more realistically re-
flecting the dynamic characteristics of group consensus evolution in a social net-
work environment. 

Convergence and stopping rule. The proposed feedback rule is designed to 
move low-consensus evaluations toward a convex combination of the decision-
maker’s original opinion and the trust-weighted reference opinion from neigh-
bors. Because the update is only applied to the identified low-consensus positions 
and the adjustment direction is aligned with reducing the deviation from the 
group opinion, the group consensus level is expected to be non-decreasing in most 
practical runs. 

Nevertheless, since the mechanism involves PLTS aggregation, regret-based re-
tention, and selective position-wise updates, strict analytical monotonicity is not 
claimed here. Therefore, the iterative process adopts the following stopping rule: 
the feedback procedure terminates when 1) CCL ϕ≥ , or 2) the maximum num-
ber of iterations maxT  is reached, or 3) the improvement in group consensus be-
tween two consecutive rounds is smaller than a preset tolerance ε . In this study,

max 20T = , and 410ε −= . 

4.5. Ranking of Alternatives 

Once the group consensus level reaches the preset threshold, the ranking process 
for alternatives can be carried out. Let the final group decision matrix be 

( )ij n m
GE ge

×
= , where each element ijge  is a probabilistic linguistic term set. Ac-

cording to the score function in Equation (5) and the deviation degree in Equation 
(6), the numerical group evaluation is defined as 

 ( )*
ij ijge E ge=  (41) 

where ( )ijE ge  denotes the score function value of the probabilistic linguistic 
evaluation ijge . It can be seen from this definition that, if an evaluation has a 
higher score, then its corresponding numerical evaluation is larger, which is more 
favorable for the subsequent ranking of alternatives. When two alternatives have 
the same score, they are ranked according to Definition 8. 

Therefore, the comprehensive score of each alternative can be calculated as 

 ( ) *

1
, 1, 2, ,

m

i j ij
j

ES x ge i nω
=

= ⋅ =∑   (42) 

where ( )T
1 2, , , mω ω ω ω=   is the attribute weight vector. Finally, all alternatives 

are ranked in descending order according to the magnitude of ( )iES x , and the 
alternative with the highest comprehensive score is regarded as the optimal alter-
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native. 

4.6. Group Decision-Making Solution Procedure Based on  
Probabilistic Linguistic Term Sets 

Based on the above analysis, the group decision-making process in a probabilistic 
linguistic term set environment can be summarized as follows: 

Input: the original probabilistic linguistic decision matrices of all decision-mak-
ers, ( ) ( )1,2, ,u

u ij n m
Q q u U

×
= =  , and the social network matrix ST. 

Step 1: Compute the confidence level u
ijc  of each decision-maker at each eval-

uation position according to Equations (9)-(14). 
Step 2: Estimate the incomplete probabilistic linguistic term sets according to 

Equations (15)-(21). 
Step 3: Compute the normalized weights uδ  of all decision-makers according 

to Equations (22)-(26). 
Step 4: Aggregate according to Equation (27) to obtain the initial group decision 

matrix ( )u
ij n m

O o
×

= . 
Step 5: Compute the local consensus level u

ijCL , the individual consensus level 

uCL , and the group consensus level CCL  according to Equations (28)-(30). 
Step 6: If CCL ϕ≥ , go to Step 9; otherwise, identify the set of decision-makers 

who have not yet reached the consensus requirement, NE , and the set of their 
low-consensus evaluation elements, NSE , according to Equations (31)-(32). 

Step 7: For any ( ), ,u i j NSE∈ , compute the regret perception, adjustment in-
tensity, and modification coefficient according to Equations (33)-(41), and update 
the corresponding evaluation value; for evaluation positions that do not belong to 
the low-consensus set, keep their original values unchanged. 

Step 8: Let 1t t= + . If CCL ϕ≥ , stop; otherwise, if maxt T≥  or  
1t tCCL CCL ε+− < , terminate the process and report the best feasible consensus 

result; else return to Step 5. 
Step 9: When the group consensus level reaches the preset threshold, record the 

final group decision matrix as GE, and calculate the comprehensive score of each 
alternative according to Equations (42)-(43), thereby obtaining the final ranking 
result. 

The above decision-making process is illustrated in Figure 1. 

5. Case Study on Low-Altitude Economy Investment  
Selection 

This section illustrates the practical application process of the proposed method 
through a case study. In addition, a comparative analysis is conducted to verify 
the effectiveness and advantages of the method. 

5.1. Problem Description 

With the deep integration of the digital economy, intelligent manufacturing, and 
the new-generation aviation transportation system, the low-altitude economy is 
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becoming an important direction for promoting regional industrial upgrading 
and fostering new quality productive forces. In recent years, application scenarios 
such as low-altitude logistics, low-altitude cultural tourism, agricultural and for-
estry operations, urban patrol, emergency rescue, and supporting infrastructure 
have continued to expand, indicating that the low-altitude economy has gradually 
moved from the conceptual cultivation stage to the stage of scenario implementa-
tion and industrial development. In this context, how to identify more valuable 
niche tracks among multiple potential development directions has become an im-
portant issue jointly concerned by government departments, industrial capital, 
and related enterprises. 

 

 
Figure 1. Framework of the decision-making process. 

 
Guangxi has complex terrain and landforms, abundant tourism resources, and 

diverse agricultural application scenarios. At the same time, it has considerable 
room for development in regional transportation connectivity, emergency sup-
port, and new low-altitude infrastructure construction. Therefore, the low-alti-
tude economy has strong application potential and investment value in Guangxi. 
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However, different niche tracks differ significantly in terms of technological ma-
turity, scenario adaptability, policy and regulatory requirements, and commercial 
realization capability. As a result, when making early-stage strategic arrangements, 
investors often find it difficult to directly judge which direction deserves priority 
entry. To this end, an investment institution intends to conduct a preliminary 
study around the Guangxi low-altitude economy sector, and has invited seven de-
cision-makers from the fields of technology, economics, industrial planning, and 
safety supervision to form an evaluation panel and comprehensively evaluate sev-
eral candidate niche tracks so as to determine the investment direction with 
greater potential. 

To improve the reproducibility of the case study, the expert panel was formed 
through purposive selection. The seven decision-makers were chosen from the 
fields of technology, economics, industrial planning, and safety supervision, with 
the aim of ensuring that the panel covered the major knowledge domains relevant 
to low-altitude economy investment assessment. Each participant was required to 
have practical familiarity with at least one of the candidate development tracks 
and to be capable of making comparative judgments on technological feasibility, 
regulatory adaptability, scenario implementation, and market-return potential. 
The questionnaire survey was conducted independently. Each expert was asked to 
complete two tasks. First, the expert provided probabilistic linguistic evaluations 
for the candidate alternatives under the four attributes. Second, the expert re-
ported his or her trust degree toward every other expert in the panel. To reduce 
mutual interference and anchoring effects, the questionnaires were completed 
separately before group aggregation. After collection, the responses were checked 
for completeness and consistency, and ambiguous or missing entries were only 
confirmed procedurally without altering the substantive judgments of the re-
spondents. The trust relationship data were elicited as continuous real-valued as-
sessments in the interval [0, 1], where 0 denotes complete distrust and 1 denotes 
complete trust. Each expert could assign any value in [0, 1] to indicate the extent 
to which he or she would rely on another expert’s professional opinion in the cur-
rent decision context. The resulting trust values were directly used to construct 
the fuzzy sociometric matrix reported in Table 2. 

Let the set of candidate niche tracks be { }1 2 3 4 5, , , ,X x x x x x= , where 1x  de-
notes low-altitude logistics distribution, 2x  denotes low-altitude cultural tour-
ism sightseeing, 3x  denotes agricultural and forestry planting protection services, 

4x  denotes urban patrol and emergency rescue, and 5x  denotes low-altitude in-
frastructure services. To comprehensively characterize the investment value of 
different niche tracks, let the evaluation attribute set be { }1 2 3 4, , ,A a a a a= , where 

1a  denotes technological maturity, 2a  denotes adaptability to safety regulation, 

3a  denotes feasibility of scenario implementation, and 4a  denotes market re-
turn potential. 

Technological maturity mainly reflects the development level of the relevant 
technology route, equipment support capability, and operational stability. Adapt-
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ability to safety regulation mainly measures the degree to which the track matches 
current regulatory requirements in terms of flight safety, low-altitude airspace 
management, and institutional norms. Feasibility of scenario implementation 
mainly examines whether the corresponding application scenarios have a clear 
demand foundation, relatively practical implementation conditions, and room for 
extension and promotion. Market return potential is used to measure the track’s 
future market expansion capability, prospects for commercial transformation, 
and investment return level. 

Since the problem of selecting investment directions in the low-altitude econ-
omy involves strong uncertainty and fuzziness, different decision-makers may 
hold hesitant and probabilistic judgments regarding the same niche track. There-
fore, this paper uses probabilistic linguistic term sets to represent evaluation in-
formation. Let the linguistic term set be { }0 1 2 3 4 5 6, , , , , ,S s s s s s s s= , where 0s , 1s ,

2s , 3s , 4s , 5s  and 6s  denote Extremely Low, Very Low, Low, Medium, High, 
Very High, and Extremely High, respectively. 

5.2. Decision-Making Process Based on the Proposed Method 

• Parameter settings 
Parameter settings. In the case study, the benchmark values were set as follows. 

The consensus threshold was fixed at 0.90ϕ = , which is a commonly used high-
consensus requirement in consensus reaching studies and reflects the need for 
sufficiently coordinated collective judgments before final ranking. The risk-aver-
sion coefficient and regret-aversion coefficient were set to 0.88β =  and  

0.3σ = , respectively, following the parameter recommendations in [29] [30]. 
For the confidence-level combination coefficients in Equation (14), the bench-

mark setting was 1 0.5ψ =  and 2 0.5ψ = , with 1 2 1ψ ψ+ = = . This setting was 
adopted to balance the effects of the trust-relationship dimension and the evalua-
tion-information-certainty dimension. In addition, the three subweights in Equa-
tion (13), namely 1θ , 2θ , 3θ  and 3θ , depending on your notation], were set to 
equal values ([1/3, 1/3, 1/3]) because probability completeness, entropy-based dis-
persion, and linguistic concentration were regarded as equally important compo-
nents of evaluation certainty in the absence of prior evidence supporting differen-
tial weighting. 

Finally, the attribute weights were set as ( )T0.25,0.25,0.25,0.25w = . Equal 
weights were used because the case study aims to illustrate the methodological 
process rather than to impose exogenous preference bias on any single attribute. 
This treatment is also appropriate when no validated prior importance ordering 
among attributes is available. 

Input: the trust relationship matrix ( )7 7uvST st
×

=  and the decision matrices 

( )
5 4

u u
ijQ q

×
= ( )1,2, ,7u =  .  

According to the questionnaire survey results, the social network among the 
decision-makers is shown in Table 2, and the decision matrices provided by some 
decision-makers are shown in Table 3. 
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Table 2. Social network among decision-makers. 

 1e  2e  3e  4e  5e  6e  7e  

1e  1 0.87 0.85 0.8 0.74 0.8 0.82 

2e  0.9 1 0.9 0.69 0.69 0.83 0.94 

3e  0.85 0.9 1 0.85 0.82 0.83 0.84 

4e  0.81 0.84 0.8 1 0.84 0.82 0.81 

5e  0.58 0.82 0.5 0.81 1 0.75 0.82 

6e  0.8 0.85 0.8 0.74 0.85 1 0.78 

7e  0.83 0.81 0.4 0.84 0.83 0.41 1 

 
Table 3. Decision matrices of decision-makers. 

  1a  2a  3a  4a  

1e  

1x  ( ){ }4 0.5s  ( ){ }3 ,0.4s  ( ){ }2 ,1s  ( ){ }2 ,1s  

2x  ( ) ( ){ }3 4,0.8 , ,0.2s s  ( ) ( ){ }3 4,0.5 , ,0.5s s  ( ){ }3 ,1s  ( ){ }1,1s  

3x  ( ) ( ){ }3 4,0.6 , ,0.4s s  ( ){ }3 ,1s  ( ){ }6 ,1s  ( ){ }1,1s  

4x  ( ){ }2 ,1s  ( ){ }1,1s  ( ) ( ){ }1 2,0.7 , ,0.3s s  ( ) ( ){ }2 3,0.3 , ,0.4s s  

5x  ( ){ }2 ,1s  ( ) ( ){ }1 2,0.3 , ,0.7s s  ( ) ( ){ }1 2,0.5 , ,0.5s s  ( ) ( ){ }2 3,0.8 , ,0.2s s  

2e  

1x  ( ){ }3 ,1s  ( ){ }2 ,1s  ( ){ }2 ,1s  ( ) ( ){ }2 3,0.7 , ,0.3s s  

2x  ( ){ }2 ,1s  ( ){ }3 ,1s  ( ) ( ){ }3 4,0.7 , ,0.3s s  ( ){ }4 ,1s  

3x  ( ) ( ){ }4 5,0.2 , ,0.8s s  ( ){ }2 ,1s  ( ){ }4 ,1s  ( ){ }2 ,1s  

4x  ( ) ( ){ }2 3,0.5 , ,0.5s s  ( ){ }2 ,1s  ( ) ( ){ }2 3,0.5 , ,0.2s s  ( ){ }3 ,1s  

5x  ( ){ }2 ,1s  ( ) ( ){ }1 2,0.5 , ,0.5s s  ( ) ( ){ }5 6,0.5 , ,0.2s s  ( ) ( ){ }4 5,0.4 , ,0.6s s  



      

7e  

1x  ( ){ }1,1.0s  ( ) ( ){ }1 2,0.2 , ,0.8s s  ( ){ }3 ,1s  ( ){ }5 ,1s  

2x  ( ){ }4 ,1.0s  ( ) ( ){ }1 2,0.4 , ,0.6s s  ( ){ }3 ,1.0s  ( ){ }4 ,1.0s  

3x  ( ) ( ){ }5 6,0.2 , ,0.8s s  ( ){ }2 ,1s  ( ){ }5 ,1.0s  ( ){ }1,1.0s  

4x  ( ){ }4 ,1s  ( ){ }3 ,1s  ( ){ }4 ,1s  ( ){ }3 ,1s  

5x  ( ){ }1,1.0s  ( ){ }6 ,1s  ( ){ }1,1s  ∅  

 
In the case analysis, the preset consensus threshold is taken as 0.90ϕ = , the 

risk aversion coefficient is set to 0.88β = , and the regret aversion coefficient is 
set to 0.3σ = . 

1) Estimation Stage 
Step 1: According to Equations (9)-(14), calculate the confidence levels u

ijc  of 
the decision-makers at the positions with missing information. The results are 
shown in Table 4. 

Step 2: According to Equations (15)-(21), estimate the incomplete probabilistic 
linguistic term sets. The completion results for the missing information are shown 
in Table 4. 
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Table 4. Completed evaluations of decision-makers. 

Decision-maker Incomplete PLTS 
Confidence 

level u
ijc  Completed PLTS 

1e  

( ){ }1
11 4 0.5q s=  

( ){ }1
12 3 0.4q s=  

( ) ( ){ }1
44 3 20.4 , 0.3q s s=  

1
11 0.784c =  

1
12 0.766c =  

1
44 0.771c =  

( ) ( ){ }1
11 4 3.5740.5 , 0.5q s s=  

( ) ( ){ }1
12 3 2.6740.4 , 0.6q s s=  

( ) ( ) ( ){ }1
44 3 2 2.7420.4 , 0.3 , 0.3q s s s=  

2e  
( ) ( ){ }2

43 2 30.5 , 0.2q s s=  

( ) ( ){ }2
53 5 60.5 , 0.2q s s=  

2
43 0.805c =  

2
53 0.805c =  

( ) ( ) ( ){ }2
43 2 3 2.6680.5 , 0.2 , 0.3q s s s=  

( ) ( ) ( ){ }2
53 5 6 4.7960.5 , 0.2 , 0.3q s s s=  

6e  6
51q =∅  6

51 0.537c =  ( ){ }6
51 2.515 1q s=  

7e  7
54q =∅  7

54 0.584c =  ( ){ }7
54 2.467 1q s=  

 
2) Evaluation Information Aggregation Stage 
Step 3: According to Equations (22)-(26), calculate the weights of the decision-

makers. The results are listed in Table 5. 
 

Table 5. Weights of decision-makers. 

Decision-maker Weight of decision-maker 

1e  0.132 

2e  0.140 

3e  0.143 

4e  0.148 

5e  0.149 

6e  0.144 

7e  0.144 

 
Step 4: According to Equation (27), the group decision matrix can be obtained, 

namely ( )5 4ijO o
×

= . Due to space limitations, the specific results are omitted in 
the text. 

3) Consensus reaching stage 

Step 5: Let the consensus threshold be set as 0.90ϕ = . By Equation (29), the 
consensus levels of the decision-makers are obtained as 1 0.846CL = , 2 0.882CL = , 

3 0.876CL = , 4 0.886CL = , 5 0.878CL = , 6 0.867CL =  and 7 0.855CL = . Ac-
cording to Equation (30), the group consensus level is 0.870CCL = . 

Step 6: Since 0.870 0.90CCL ϕ= < = , the group has not yet reached consensus. 
Therefore, according to Equations (31)-(32), the set of evaluation elements that 
fail to meet the consensus requirement, NSE , is identified, and the results are 
presented in Table 6. 

Furthermore, based on the proposed feedback mechanism, the elements in 
NSE  are adjusted, and the adjustment process is shown below. 
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Table 6. Consensus reaching process. 

Decision-maker 
Identified low-consensus positions 
( ),i j  

Corresponding comprehensive 

retention coefficients u
ij  

1e  
(1, 1), (1, 2), (1, 4), (2, 2),  
(2, 4), (3, 1), (3, 2), (3, 3), (3, 4), (4, 1),  
(4, 2), (4, 3), (5, 3) 

0.776, 0.798, 0.845, 0.763,  
0.796, 0.788, 0.854, 0.832, 0.864, 
0.852, 0.864, 0.744, 0.769 

2e  (1, 1), (1, 4), (2, 1), (2, 2),  
(3, 3), (4, 1), (4, 3), (5, 3), (5, 4) 

0.888, 0.815, 0.875, 0.876,  
0.882, 0.819, 0.770, 0.759, 0.774 

3e  
(1, 4), (2, 4), (3, 1), (3, 3),  
(3, 4), (4, 2), (4, 3), (5, 1), (5, 2), (5, 3),  
(5, 4) 

0.826, 0.805, 0.750, 0.822,  
0.823, 0.822, 0.763, 0.714, 0.753, 
0.734, 0.745 

4e  (1, 1), (1, 2), (1, 3), (3, 1),  
(3, 3), (3, 4), (4, 2), (4, 3), (5, 1), (5, 2) 

0.827, 0.827, 0.828, 0.859,  
0.854, 0.861, 0.861, 0.802, 0.784, 
0.851 

5e  
(1, 1), (1, 4), (2, 2), (2, 4),  
(3, 1), (3, 2), (3, 3), (3, 4), (4, 3), (4, 4),  
(5, 3) 

0.854, 0.868, 0.861, 0.846,  
0.817, 0.860, 0.857, 0.864, 0.789, 
0.863, 0.858 

6e  
(1, 1), (1, 3), (1, 4), (2, 1),  
(3, 3), (3, 4), (4, 1), (4, 2), (4, 3), (4, 4),  
(5, 3), (5, 4) 

0.827, 0.819, 0.841, 0.828,  
0.837, 0.724, 0.803, 0.763, 0.836, 
0.837, 0.833, 0.841 

7e  
(1, 1), (1, 3), (1, 4), (2, 1),  
(3, 1), (3, 3), (3, 4), (4, 1), (4, 2), (5, 1),  
(5, 2), (5, 3) 

0.873, 0.863, 0.855, 0.874,  
0.810, 0.883, 0.884, 0.879, 0.862, 
0.863, 0.773, 0.845 

 
Step 7: According to Equation (38), determine the comprehensive retention co-

efficient for each low-consensus position in NSE ; then further construct the ag-
gregated reference opinions from trusted neighbors according to Equation (39), 
and combine them with Equation (40) to obtain the adjusted evaluation values. 

Step 8: Recalculate the modified group consensus according to Equations (28)-
(30). It is obtained that, after the first round of adjustment, the group consensus 
level is 0.908CCL = , which reaches the consensus threshold, and the adjustment 
process ends. 

4) Ranking Stage 
Step 9: Rank the alternatives based on their comprehensive scores. Let the at-

tribute weight vector be ( )T0.25,0.25,0.25,0.25ω = . Then, according to Equa-
tions (42)-(43), the comprehensive scores of the alternatives are calculated as 
( )1 2.287E x = , ( )2 3.028E x = , ( )3 3.217E x = , ( )4 3.083E x = ,  
( )5 2.478E x = . Therefore, the ranking result of the alternatives is  

3 4 2 5 1x x x x x> > > > , and the optimal alternative is 3x . 

5.3. Parameter Sensitivity Analysis 

To examine the response characteristics of the proposed method to changes in key 
parameters, this paper further conducts a sensitivity analysis on the basis of com-
pleting missing information, assigning decision-maker weights, and performing 
consensus feedback. Considering that several key parameters in this method re-
spectively correspond to the fusion of trust relationships and evaluation infor-
mation, the characterization of behavioral psychology, and the control of feedback 
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intensity, the combined confidence-level parameter, the risk aversion coefficient, 
and the regret aversion coefficient are selected for one-factor perturbation analy-
sis. In each group of experiments, only one parameter is changed, while the re-
maining parameters are kept at their benchmark values, so as to investigate the 
influence of different parameter changes on the model output.  

To measure the influence of parameter changes on the consensus feedback pro-
cess, this paper selects the adjustment degree AD , the number of adjusted posi-
tions AP , and the number of iterations as evaluation indicators. Among them, 
AD  is used to measure the overall magnitude of opinion adjustment, AP  re-

flects the number of evaluation positions that are modified, and the number of 
iterations indicates the number of feedback rounds required to reach the preset 
consensus threshold. Generally speaking, the larger AD  is, the higher the ad-
justment cost paid to achieve consensus; the larger AP  is, the wider the scope 
involved in consensus revision; and the smaller the number of iterations is, the 
more advantageous the proposed method is in terms of consensus reaching effi-
ciency. Therefore, these three indicators can characterize, in a relatively compre-
hensive way, the impact of parameter changes on model behavior from the three 
dimensions of cost, scope, and efficiency. 

Definition 14 [16]. Let ( )u u
ij n m

Q q
×

=  be the initial decision matrix of deci-
sion-maker ue , and let ( )u u

ij n m
Q q

×
=

  be the adjusted decision matrix. Then the 
adjustment degree AD  is defined as 

 
( )

1 1 1

,u uU n m ij ij

u i j

d q q
AD

n m= = =

=
×∑∑∑


 (43) 

where ( ),d ⋅ ⋅  is the distance measure in Equation (4). 
Definition 15 [32]. Let ( )u u

ij n m
Q q

×
=  be the initial decision matrix of deci-

sion-maker ue , and let ( )u u
ij n m

Q q
×

=

  be the adjusted decision matrix. Then 
AP is defined as 

 
1 1 1

0,
,   where 

1,

u uU n m
ij iju u

ij ij u u
u i j ij ij

AP
q q
q q= = =

 == =  ≠
∑∑∑



 



 (44) 

In the experiments, Figures 2-4 present one-factor sensitivity analyses with re-
spect to the confidence-level combination coefficient 1ψ  (with 2 11ψ ψ= − ), the 
regret-theory parameter β , and σ , respectively. Specifically, in each experi-
ment only one parameter is changed, while the remaining parameters are kept at 
their benchmark values, and AD , AP , and the number of iterations are rec-
orded. 

Figure 2 shows the sensitivity results under changes in the comprehensive con-
fidence-level combination coefficient 1ψ . As 1ψ  increases from 0 to 1, the ad-
justment degree AD  increases from about 0.18 to about 0.30, while the number 
of adjusted positions AP  remains at 78 throughout. This result indicates that, 
in the current case, increasing the weight of the trust-relationship dimension in 
the comprehensive confidence level will enhance the dependence of the consensus 
feedback process on revised evaluations, thereby increasing the overall adjustment 
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amplitude. This also shows that the comprehensive confidence-level coefficient 
mainly affects the strength of opinion updating, while its effect on the identifica-
tion boundary of low-consensus positions is relatively limited. 

 

 

Figure 2. Changes in AD , AP , and the number of iterations under different confidence-level combination coefficients 1ψ . 
 

 

Figure 3. Changes in AD , AP , and the number of iterations under different parameter values of β . 
 

 

Figure 4. Changes in AD , AP , and the number of iterations under different parameter values of σ . 
 

Figure 3 presents the results under changes in the risk aversion coefficient β . 
It can be seen that, within the examined interval, β  has a relatively small influ-
ence on the model output. When β  increases from 0.70 to 0.94, the adjustment 
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degree AD  fluctuates only within approximately 0.20 to 0.23, AP  remains at 
78 throughout, and the number of iterations is basically stable. This indicates that, 
in the current case, the risk aversion coefficient has only a weak perturbation effect 
on the final consensus feedback result. In other words, the proposed method ex-
hibits good robustness with respect to β : whether in terms of adjustment cost or 
consensus reaching efficiency, no significant instability is observed. 

Figure 4 shows the results under changes in the regret aversion coefficient σ . 
As σ  increases from 0.10 to 0.50, the adjustment degree AD  rises from about 
0.20 to about 0.26, while the number of adjusted positions AP  remains at 78, 
and the number of iterations changes only slightly. This result indicates that an 
increase in σ  enhances the model’s correction intensity for low-consensus po-
sitions. That is, the stronger the regret psychology is, the more decision-makers 
tend to reduce the deviation between their own evaluations and the group opinion, 
thereby leading to a greater overall adjustment amplitude. At the same time, how-
ever, σ  has no significant influence on the adjustment scope or the number of 
feedback rounds. 

5.4. Comparative Analysis 

To further verify the effectiveness and advantages of the proposed method, this 
paper analyzes it from four aspects: comparison through ablation experiments, 
comparison of completion effects under different missing patterns, qualitative 
comparison with existing methods, and quantitative comparison with existing 
consensus models. It should be noted that, when evaluating the merits of a con-
sensus method, this paper does not take the final group consensus level alone as 
the sole criterion; rather, it comprehensively considers the adjustment cost, ad-
justment scope, ranking stability, and degree of retention of the original evalua-
tion information under the premise of reaching the preset consensus threshold. 
Based on this evaluation criterion, even if a certain method can achieve a higher 
final consensus level, if the cost is a significant increase in the magnitude of opin-
ion revision, it does not necessarily mean that it is more suitable as a consensus 
feedback mechanism in practical decision-making. 

• Comparison through Ablation Experiments 
To examine the roles of the differentiated social network mechanism, the dy-

namic confidence-level mechanism, and the missing-information completion 
mechanism in the proposed method, this paper compares the complete method 
with three control methods obtained by respectively removing social-network dif-
ferences, fixing the confidence level, and using simple mean imputation. The com-
parison results are shown in Table 7. 

According to the case data in Section 5.2, under the preset consensus threshold 
of 0.90, the initial group consensus level of the complete method is 0.870. After 
one round of feedback adjustment, the final group consensus level increases to 
0.908, the adjustment degree is 0.234, and the number of adjusted positions is 78. 
Compared with the method that removes social network differences, the complete 
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method achieves a slightly higher final consensus level while maintaining a lower 
adjustment degree, indicating that heterogeneous trust relationships help enhance 
the targeted use of feedback information, thereby achieving a better balance be-
tween consensus improvement and adjustment cost. 

 
Table 7. Quantitative comparison results between the proposed method and different com-
parison methods. 

Method 
Initial 
CCL 

Final 
CCL 

AD AP ( )1E x  ( )2E x  ( )3E x  ( )4E x  ( )5E x  

Coplete method 0.870 0.908 0.234 78 2.288 3.028 3.217 3.083 2.477 

Remoing social 
network 

differences 
0.870 0.907 0.243 78 2.288 3.028 3.219 3.085 2.473 

Fixed confdence 
level 

0.871 0.942 0.486 78 2.266 3.008 3.235 3.049 2.421 

Simple median 
imputtion 

0.869 0.907 0.309 77 2.287 3.028 3.217 3.086 2.502 

 
It is worth noting that the fixed-confidence-level method obtains a higher final 

consensus level in Table 7, but its adjustment degree is significantly higher than 
that of the proposed method. This indicates that, although ignoring differences 
among evaluation positions may further raise the final CCL through more inten-
sive opinion revision, it is also more likely to cause excessive intervention in orig-
inal preferences. In contrast, the proposed method does not seek to increase the 
final consensus level without limit; instead, it stops feedback once the preset group 
consensus threshold is reached, thereby preserving the original evaluation infor-
mation as much as possible while controlling the adjustment cost. Therefore, from 
the perspective of the “minimum adjustment under an acceptable consensus 
threshold” principle, the proposed method is more realistic. At the same time, 
compared with the simple median imputation method, the proposed method 
achieves a higher initial consensus level and a slightly higher final consensus level, 
indicating that the proposed completion mechanism can provide a more reliable 
initial information basis for subsequent group aggregation and feedback adjust-
ment. All four methods ultimately produce the same ranking of alternatives, 
showing that the proposed method maintains good ranking stability while im-
proving consensus. 

• Comparison of Completion Effects Under Different Missing Patterns 
Experimental protocol for missing-information tests. To evaluate the perfor-

mance of the proposed completion method under incomplete information, the 
complete case data in Section 5.2 were treated as the ground truth, and artificial 
missingness was introduced under two masking schemes. 

1) Random masking: for a given missing rate { }10%,30%,50%r∈ , evaluation 
positions were sampled uniformly at random from the complete entries of the 
individual decision matrices, and the selected entries were masked as missing. 

2) Low-confidence-priority masking: the confidence levels of all complete eval-
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uation positions were first computed by Equation (14), and the entries with the 
lowest confidence values were preferentially masked until the target missing rate 
was reached. This setting was used to simulate the practical situation in which 
uncertain or weakly supported evaluations are more likely to be incomplete. 

For each missing pattern and each missing rate, the experiment was repeated 
30 times. A fixed random seed 2026 was used for reproducibility in the random-
masking experiments. The reported results are the averages across repeated runs. 
To further verify the effectiveness of the proposed incomplete probabilistic lin-
guistic information completion mechanism under different missing intensities 
and missing patterns, this paper considers two scenarios, namely random missing 
and low-confidence-position-priority missing, and examines three missing rates, 
10%, 30%, and 50%, respectively. The proposed completion method is compared 
with the simple median imputation method. The comparison indicators include 
completion error CE, score error SE, and Top1 retention rate. The results are 
shown in Table 8.  

To assess the robustness of the completion results, each masking experiment 
was repeated N  times for every missing pattern and missing rate. For random 
missingness, a new mask was generated independently in each repetition. For low-
confidence missingness, the masking positions were determined according to the 
ascending order of confidence levels; when ties occurred, tied positions were ran-
domly selected. The reported values of CE, SE, and Top1 retention rate are the 
mean results over N  repetitions, and the corresponding standard deviations are 
also reported. In the random-masking experiments, a fixed random seed was used 
to ensure reproducibility. 

1) In terms of the two precision indicators, CE and SE, the proposed completion 
method is overall superior to simple median imputation. Whether under random 
missingness or low-confidence-position-priority missingness, and across all miss-
ing rates from 10% to 50%, the CE and SE of the proposed completion method are 
always lower than those of simple median imputation. Under random missingness, 
the CE of the proposed method increases from 0.107 to 0.124, whereas that of 
simple median imputation remains around 0.145 - 0.146. Under low-confidence 
missingness, the CE of the proposed method is 0.112 - 0.126, whereas that of sim-
ple median imputation is 0.146 - 0.157. This shows that the proposed completion 
mechanism is more accurate in recovering missing probabilistic linguistic evalu-
ation information. 

2) As the missing rate increases, the completion error of all methods generally 
rises, while ranking stability declines overall. Taking the proposed completion 
method as an example, under random missingness, CE increases from 0.107 at 
10% to 0.124 at 50%, and the Top1 retention rate drops from 93.33% to 66.67%; 
under low-confidence missingness, the Top1 retention rate also decreases from 
76.67% to 56.67%. This indicates that the higher the degree of missingness, the 
greater the impact on both information recovery and subsequent decision-mak-
ing stability. 

https://doi.org/10.4236/sn.2026.152002


M. Q. Gan, G. L. Xu 
 

 

DOI: 10.4236/sn.2026.152002 41 Social Networking 
 

Table 8. Comparison between the proposed completion method and simple median impu-
tation under different missing patterns. 

Missing  
pattern 

Missing 
rate 

Method 
CE  

(mean ± SD) 
SE  

(mean ± SD) 
Top1 retention 
(mean ± SD) 

Random 
missingness 

10% 
Proposed 

completion 
0.107 ± 0.006 0.526 ± 0.021 93.33% ± 4.71% 

Random 
missingness 

10% 
Simple median 

imputation 
0.146 ± 0.011 0.867 ± 0.034 90.00% ± 3.36% 

Random 
missingness 

30% 
Proposed 

completion 
0.115 ± 0.012 0.575 ± 0.025 63.33% ± 2.72% 

Random 
missingness 

30% 
Simple median 

imputation 
0.146 ± 0.09 0.857 ± 0.027 50.00% ± 4.42% 

Random 
missingness 

50% 
Proposed 

completion 
0.124 ± 0.013 0.648 ± 0.011 66.67% ± 6.35% 

Random 
missingness 

50% 
Simple median 

imputation 
0.146 ± 0.024 0.863 ± 0.016 50.00% ± 7.73% 

Low-confidence 
missingness 

10% 
Proposed 

completion 
0.117 ± 0.036 0.602 ± 0.025 86.67% ± 8.43% 

Low-confidence 
missingness 

10% 
Simple median 

imputation 
0.158 ± 0.025 0.944 ± 0.034 83.33% ± 5.84% 

Low-confidence 
missingness 

30% 
Proposed 

completion 
0.112 ± 0.021 0.572 ± 0.018 80.00% ± 3.73% 

Low-confidence 
missingness 

30% 
Simple median 

imputation 
0.146 ± 0.019 0.867 ± 0.027 76.67% ± 6.73% 

Low-confidence 
missingness 

50% 
Proposed 

completion 
0.126 ± 0.07 0.670 ± 0.025 56.67% ± 5.73% 

Low-confidence 
missingness 

50% 
Simple median 

imputation 
0.148 ± 0.05 0.879 ± 0.010 40.00% ± 5.43% 

Note: 
( )

( ),true

, ,

ˆ1CE ,u u
ij ij

u i j

d q q
∈Ω

=
Ω ∑  denotes the completion error, where Ω  is the set of po-

sitions to be completed. 
( )

( ) ( ),true

, ,

1SE ˆu u
ij ij

u i j

E q E q
∈Ω

= −
Ω ∑  denotes the score error. The Top1 

retention rate indicates the proportion for which the optimal alternative is consistent with 
that under the complete-data case. 

 
3) The proposed completion method maintains good robustness under high 

missing rates. Although performance declines as the missing rate rises, the in-
creases in CE and SE of the proposed method remain relatively mild. Moreover, 
at a 50% missing rate under both random missingness and low-confidence miss-
ingness, the Top1 retention rates of the proposed method still reach 66.67% and 
56.67%, respectively, which are clearly better than the 50.0% and 40.0% obtained 
by simple median imputation. This indicates that the proposed method can still 
maintain relatively stable recovery performance and ranking results under high 
missingness intensity. 

• Qualitative Comparison with Existing Group Decision-Making Methods 
To further clarify the characteristics of the proposed method, Table 9 compares 

the proposed method with existing consensus methods from the aspects of infor-
mation environment, incomplete-information processing, consideration of psy-
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chological behavior, consensus adjustment strategy, and decision-maker weighting 
strategy. 

 
Table 9. Comparison results among different consensus methods. 

Method 
Information 
environment 

Handles 
incomplete 
information 

Considers 
psychological 

behavior 

Consensus 
adjustment 

strategy 

Decision-maker 
weighting 
strategy 

Shen  
et al. [17] 

Real numbers × √ 

Personalized 
feedback based on 

social networks 
and regret theory 

Based on degree 
centrality in the 
social network 

Jin et al. 
[33] 

PLTSs × × 

Iterative 
adjustment based 
on entropy and 

similarity 

Based on the 
average fuzzy 

entropy of PLTSs 

Li et al. 
[34] 

PLTSs × × 

Two-stage 
feedback 

mechanism based 
on GRA 

Decision-maker 
weights are not 

explicitly 
calculated 

Xu et al. 
[35] 

PLTSs × × 

Dynamic-
threshold 

consensus based 
on SMAA 

Decision-maker 
weights are not 

explicitly 
calculated 

Shen  
et al. [12] 

Real numbers 
 

√ 
× 

DeGroot 
adjustment based 
on dynamic trust 

evolution 

Based on external 
trust and degree 
centrality in the 
social network 

Method 
proposed 

in this 
paper 

PLTSs 
 

√ 
√ 

Identification and 
modification rules; 

personalized 
feedback 

integrating 
confidence levels 

and regret 
psychology 

Decision-maker 
weights 

computed by 
fusing 

comprehensive 
certainty and 

average similarity 
through the 

Einstein t-norm 
 

The comparative results show that the method proposed in this paper has rela-
tively prominent comprehensive advantages in the following three aspects. 

1) In terms of missing-information estimation, this paper incorporates social 
trust relationships, the certainty of evaluation information, and differences across 
evaluation positions into the completion process, thereby enhancing both the se-
mantic interpretability and the personalized nature of missing-information recov-
ery. Although [12] considers missing-value estimation, its method still mainly re-
lies on initially incomplete information and is approximately closer to socially in-
fluenced numerical imputation, without explaining the generation mechanism of 
missing evaluations from the perspective of decision-makers’ cognitive uncer-
tainty [33]-[35], by contrast, generally assume that PLTS information is complete 
and thus do not adequately address the pervasive problem of missing evaluations 
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in real decision-making contexts. In comparison, this paper constructs a comple-
tion mechanism from the linguistic semantic characteristics, probability distribu-
tion features, and positional differences of PLTSs, so that missing-information es-
timation achieves both computational rationality and stronger interpretability 
and specificity. 

2) In terms of consensus feedback, this paper introduces regret psychology into 
the opinion adjustment process, so that the feedback mechanism is influenced not 
only by the network structure but also jointly by the confidence level of evalua-
tions and the degree to which an individual’s opinion deviates from the group 
opinion. In this way, the behavioral motivations underlying opinion revision are 
characterized more finely. Although [17] introduces regret theory, it does not suf-
ficiently consider individual differences in information certainty and self-persis-
tence tendency, and therefore its adjustment mechanism still exhibits strong ho-
mogeneity. Overall, most existing methods [12] [35] construct feedback rules 
mainly from the information level or the network-structure level, and their char-
acterization of behavioral mechanisms remains insufficient. By contrast, the pre-
sent study enhances the model’s practical explanatory power regarding decision-
makers’ revision behavior. 

3) In terms of social network modeling, this paper achieves a coordinated inte-
gration of trust relationships and individual difference factors. Although [17] con-
structs trust-based adjustment parameters, its calculation mainly depends on 
macroscopic indicators such as average trust between subgroups, making it diffi-
cult to fully reflect individual heterogeneity. [35] adopts a uniform adjustment 
rule and lacks a differentiated revision mechanism. [12] [34], although showing 
some degree of personalization, do not further integrate psychological factors with 
information certainty. In comparison, this paper simultaneously introduces indi-
vidual confidence levels into the determination of revision intensity, so that deci-
sion-makers’ adjustment behavior at different evaluation positions is jointly in-
fluenced by multiple factors, including neighbor relationships, self-confidence in 
evaluation, and the degree of deviation from group opinion. As a result, the pro-
posed mechanism is more consistent with the interaction and evolution charac-
teristics of opinions in real social networks. 

4) In terms of decision-maker weighting, this paper employs the Einstein T-
norm to fuse the comprehensive certainty of evaluation information with the av-
erage individual-group similarity, thereby jointly considering both information 
quality and group coordination. This makes the weighting mechanism more com-
plete and more interpretable. Existing methods [12] [17] [33] mostly rely on a 
single entropy indicator or social-network structural information, and thus fail to 
simultaneously account for the quality of PLTS evaluation information and the 
degree of individual-group coordination. Consequently, they remain insufficient 
in terms of the completeness, relevance, and interpretability of their weighting 
basis. 

• Quantitative Comparison with Existing Consensus Models 
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This section further conducts a quantitative comparative analysis between the 
proposed method and the existing consensus methods in [33]-[35] in order to 
verify the above advantages. Based on the dataset in Section 5.2 and the preset 
consensus threshold 0.90ϕ = , the comparison results are shown in Table 10. 

Fairness setting for comparison. To ensure a fair comparison, all baseline meth-
ods and the proposed method were run on the same case dataset from Section 5.2, 
under the same completed input information, the same consensus threshold

0.90ϕ = , and the same attribute-weight vector ( )T0.25,0.25,0.25,0.25w = . For 
methods that do not natively address incomplete information, the same com-
pleted decision matrices obtained in the preprocessing stage were used as inputs. 
No method was given additional prior information unavailable to the others. 

 
Table 10. Quantitative comparison results with existing consensus methods. 

Method Iterations AD AP Alternative ranking 

Jin’s method [33] 3 0.296 91 3 4 2 5 1x x x x x> > > >  

Li’s method [34] 2 0.268 84 3 4 2 5 1x x x x x> > > >  

Xu’s method [35] 2 0.251 80 3 4 2 5 1x x x x x> > > >  

The proposed consensus method 1 0.234 78 3 4 2 5 1x x x x x> > > >  

 
At the quantitative level, this paper further compares the proposed method with 

the existing consensus methods in [33]-[35], and the results are shown in Table 
10. As can be seen from Table 10, under the same initial decision information and 
the same preset consensus threshold, the proposed method performs better than 
the comparative methods in all three indicators: the number of iterations, the ad-
justment degree AD , and the number of adjusted positions AP . Specifically, 
the proposed method reaches the preset consensus threshold after only one round 
of feedback, whereas the comparative methods require two or three rounds of it-
eration. Meanwhile, the corresponding AD  and AP  values of the proposed 
method are 0.234 and 78, respectively, both of which are lower than those of the 
other methods, indicating that it can achieve consensus revision with a smaller 
adjustment distance and lower revision cost. 

At the same time, all methods obtain the same final ranking of alternatives, 
namely 3 4 2 5 1x x x x x> > > > , which indicates that the proposed method im-
proves the group consensus level without disrupting the original ranking structure. 
Instead, it achieves higher feedback efficiency and better ranking stability under a 
lower adjustment cost. Overall, the proposed method attains a better balance 
among consensus efficiency, adjustment cost control, and robustness of decision 
results. 

6. Conclusions 
This paper proposes a social network group decision-making method for incom-
plete probabilistic linguistic information by integrating confidence-based comple-
tion, certainty-similarity weighting, and regret-based consensus feedback. The 
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method first develops a position-specific confidence structure from social trust 
relationships and the certainty of evaluation information, and then uses this struc-
ture to estimate incomplete PLTSs through a DeGroot-based mechanism. On this 
basis, decision-maker weights are determined by combining information cer-
tainty with individual-group similarity, and a multi-level consensus measurement 
framework is established. When the preset consensus threshold is not satisfied, 
regret theory is incorporated into the feedback process to generate a personalized 
consensus reaching mechanism that accounts for social relationships, confidence 
levels, and deviations from group opinion.  

The empirical results provide three main findings. First, the proposed comple-
tion mechanism generally outperforms simple median imputation in terms of 
completion error and score error, indicating that the joint consideration of trust 
relationships and information certainty improves the recovery of incomplete 
probabilistic linguistic evaluations. Second, the weighting scheme enhances the 
interpretability of group aggregation by jointly considering the quality of evalua-
tion information and the coordination between individual and group opinions. 
Third, in the case study on investment selection in Guangxi’s low-altitude econ-
omy, the proposed feedback mechanism increases the group consensus level from 
0.870 to 0.908 after one round of adjustment, while keeping the adjustment degree 
at 0.234 and preserving the final ranking of alternatives. These results suggest that 
the proposed framework offers a promising way to balance consensus efficiency, 
adjustment cost, and ranking stability in socially connected decision environ-
ments.  

Several limitations should also be acknowledged. First, the trust network in the 
present study is treated as relatively stable, whereas in many real decision settings 
social trust evolves dynamically over repeated interactions. Second, although re-
gret theory is introduced to capture behavioral heterogeneity, other behavioral 
factors, such as loss aversion, conformity preference, and belief revision, remain 
unexplored. Third, the current validation is still mainly based on a single case sce-
nario, which limits the strength of the evidence for generalizability. Future re-
search may therefore extend the framework to dynamic trust networks, incorpo-
rate richer behavioral mechanisms, and test the method in additional industry-
specific and simulation-based decision settings. 
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