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Abstract: To address public participation-oriented, large group decision-making problems with
uncertain attribute weights, we propose a multi-attribute decision-making method considering public
satisfaction. Firstly, a large group is organized to provide their opinions in the form of linguistic
variables. Public opinions can be categorized into two types based on their content: one reflects the
effectiveness of an alternative implementation and the other reflects the public expectations. Secondly,
the two types of public opinions are sorted separately by linguistic variables. The evaluation of
alternatives and the evaluation of expectations in different attributes are determined, both of which
are expressed in the form of linguistic distributions. These two evaluations are then compared to
determine the public satisfaction of the attributes in different alternatives. Thirdly, based on the
deviation of public satisfaction in different attributes, a weight optimization model is constructed to
determine the attribute weights. Fourthly, leveraging the interval credibility of attribute satisfaction
for various alternatives, an evidential reasoning non-linear optimization model is established to
obtain the comprehensive utility evaluation value for each alternative, which is used for ranking.
Finally, a numerical example is employed to validate the feasibility and effectiveness of the proposed
approach. According to the results of the numerical example, it can be concluded that the proposed
approach can be effectively applied to large group decision-making problems that consider public
satisfaction. Based on the comparison of methods, the proposed approach has certain advantages
in reflecting public opinions and setting reference points, which can ensure the reliability of the
decision results.

Keywords: public satisfaction; multi-attribute decision-making; large group; evidential reasoning

MSC: 90B50

1. Introduction

In production and daily life, various decisions, such as the construction of livelihood
projects, governance of the community environment, and the establishment of settlement
policies, are related to public welfare. These decisions are widely influential and socially
significant. The occurrence of a decision-making error can have critical consequences,
potentially triggering a series of social issues [1,2]. The public is the primary stakeholder
affected by these decisions. Therefore, the extent to which their expectations and demands
are considered in the decision-making process, and their subsequent satisfaction with
these decisions directly determine the success or failure of such decision-making activities.
Some typical cases, such as the Flint water contamination crisis in the United States [3],
the sewage treatment of Fukushima nuclear power plant in Japan [4], and the Manila bay
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reclamation project [5], have all encountered widespread opposition and scrutiny from
the public before implementation. However, relevant departments failed to incorporate
public opinions to revise and improve the established plan, resulting in severe damage
to the ecological environment and the plan posing serious threats to public safety and
living environments. Consequently, the government’s credibility has also been called
into question. This highlights the need for extensively soliciting public opinions and
making decisions based on public satisfaction, making it an indispensable task for this type
of decision-making.

Public satisfaction primarily hinges on whether the public’s expectations and demands
are met during the formulation or implementation of plans. To comprehensively gauge
public opinions and assess satisfaction levels, a significant portion of the public is typically
invited to participate in decision-making processes. The extensive involvement of the
public has the characteristics of large group decision-making [6–9]. Conventionally, large
groups engaged in decision-making activities range from 20 to 100 people. In contrast, for
decisions related to livelihoods, the group size is in the thousands or tens of thousands.
This stark contrast amplifies the complexity of the decision-making process compared
to conventional large group decision-making scenarios. In addition to the abundance of
information, strong subjectivity and a high degree of dispersion are typical characteristics of
public opinion. To accommodate the subjective expression of the public’s needs, it is crucial
to choose a reasonable method for expressing public opinions. According to the existing
literature, linguistic evaluation possesses characteristics such as easy operation, strong
flexibility, and the ability to reflect subjective opinions, making it a common choice for
expressing public opinions [10,11]. The high dispersion of public opinion primarily stems
from differences between individuals, including variations in knowledge background,
level of attention, and degree of interest. Consequently, opinion information provided
by different individuals tends to be noticeably diverse. To effectively measure public
satisfaction, it is necessary to determine two types of evaluation based on public opinions:
one is the alternative evaluation of implementation effects, and the other is the public
expectation evaluation. Therefore, the key to achieving an effective identification of these
two types of evaluation information lies in sorting and analyzing large-scale public opinions
to understand their distribution.

The evaluation of alternatives primarily reflects the public’s genuine sentiments re-
garding the implementation effects of each alternative. Due to the complexity of livelihood
decision-making problems, multiple attributes are usually set to describe the implemen-
tation effects of alternatives from various perspectives, which also causes this type of
decision-making problem to be characterized by multi-attribute decision-making [12,13].
Introducing public satisfaction into multi-attribute decision-making activities is crucial
because it serves as an important judgment basis and standard. Existing literature on public
satisfaction primarily focuses on the mechanisms [14], assessment [15], identification of in-
fluencing factors [16] and enhancement strategies of public satisfaction [17], with relatively
few studies on its application in multi-attribute decisions. In the study of multi-attribute
decision-making methods, while current multi-attribute decision-making methods are
relatively mature, such as the prospect theory [18], VlseKriterijumska Optimizacija I Kom-
promisno Resenje (VIKOR) method [19], Technique for Order of Preference by Similarity
to Ideal Solution (TOPSIS) method [20], and Tomada de Decisão Interativa Multicritério
(TODIM) method [21], few methods explicitly incorporate public satisfaction. Further
exploration is needed to discuss how to integrate public satisfaction with multi-attribute
decision-making methods to meet the actual needs of livelihood decision-making.

Public expectation is the reference point for measuring public satisfaction. In the exist-
ing research, reference points of decision-making problems are selected based on the actual
context of these problems and the expected goals of each alternative, for instance, selecting
the dynamic decision reference points considering the evolution of public opinion [22,23],
establishing multiple reference points for decisions [24,25], and setting reference points
based on statistical methods [26]. When setting the reference points for decision-making
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based on public expectations, it is essential to consider both the actual situation of the
decision-making problem and ensure that the reference points accurately reflect the public’s
genuine expectations.

To ensure successful alternative implementation, maintaining public satisfaction with
each attribute of the alternatives is crucial. Consequently, it is necessary to establish the
public satisfaction eligibility standards for each attribute. This standardization makes each
attribute present the characteristics of grade evaluation, necessitating consideration of grade
evaluation requirements and characteristics when selecting decision-making methods. The
evidential reasoning method, which is grounded in graded reliability, has been widely
implemented in various complex multi-attribute decision-making problems [27,28]. This
method ranks the alternatives by integrating the reliability of alternatives under different
grades, so integrating the graded reliability of alternatives with public satisfaction is crucial
to ensure its applicability in livelihood decision-making problems.

Based on the above analysis, combined with the actual characteristics of livelihood
decision-making matters, this study introduces public satisfaction into decision-making
activities and proposes an evidential-reasoning-type large group multi-attribute decision-
making method based on public satisfaction. This study is structured as follows: Section 2
is the preliminaries, which mainly provides the description of the linguistic approach,
Section 3 describes the principles of the proposed method, Section 4 validates the feasibility
of the proposed method using a numerical example, Section 5 presents the sensitivity
analysis and method comparison to verify the effectiveness of the proposed method, and
Section 6 concludes the study.

2. Preliminaries

The linguistic approach is an estimation method that represents qualitative aspects as
linguistic values by linguistic variables [29,30]. Suppose that S = {sα|α = 0, 1, . . . , τ − 1}
is a finite and totally ordered discrete term set, where sα is the linguistic variable, α is the
linguistic level, and τ is the scaling coefficient such that τ > 0 [29,30].

For example, let τ = 7, a set of seven terms S could be

S = {s0 = extremely poor, s1 = very poor, s2 = poor, s3 = fair,
s4 = good, s5 = very good, s6 = extremely good}

In these cases, the following conditions are usually required [31]:

(1) The set is ordered: sα1 ≥ sα2 if α1 ≥ α2;
(2) Max operator: max(sα1 , sα2) = sα1 if sα1 ≥ sα2 ;
(3) Min operator: min(sα1 , sα2) = sα1 if sα1 ≤ sα2 .

3. Methodology
3.1. Problem Description

For a livelihood decision-making problem, suppose that the set of alternatives is
Z = {z1, z2, . . . , zP}, attribute set is G = {g1, g2, . . . , gD}, attribute weights are

ω = (ω1, ω2, . . . , ωD)
T, where

D
∑

j=1
ωj = 1 and attribute weights are partially known, ωj

is the weight of attribute j, j = 1, 2, . . . , D. Furthermore, assume V l
j public individuals

are organized to evaluate the performance of attribute j in alternative l using linguistic
variables, l = 1, 2, . . . , P, public individuals Fj are organized to provide their expectations
for attribute j in the form of linguistic variables, the set of linguistic variables used in
performance evaluations and public expectations are S = {sα|α = 0, 1, . . . , τ − 1}. Experts
Tj are invited to provide the public satisfaction eligibility standard for attribute j. The
eligibility standard of public satisfaction provided by the expert t for attribute j is denoted
as oj

t(t = 1, 2, . . . , Tj), whose value is expressed as a crisp number and oj
t ∈ [0, 1]. Public

and expert opinions can be obtained through questionnaires, on-site interviews, or online
voting, etc. We address the problem of obtaining the attribute satisfaction for various
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alternatives based on the above information. Consequently, we construct an evidential
reasoning model based on public satisfaction to determine the optimal alternative.

3.2. Satisfaction Measurement Based on Public Opinions

(1) We determine the linguistic distribution of attribute values for each alternative. We
know that the number of the public participants in the performance evaluation of
attribute j over alternative l is V l

j ; hence, V l
j linguistic variables form the set λl

j. The

number of linguistic variable sα in λl
j is vl

j(sα), 0 ≤ vl
j(sα) ≤ V l

j ,
τ−1
∑

α=0
vl

j(sα) = V l
j , where

j = 1, 2, . . . , D, l = 1, 2, . . . , P and sα ∈ S. Suppose the importance of performance
evaluation performed by each public individual for various alternatives is equal. Thus,
the public evaluation of λl

j is classified and quantified based on linguistic variables,
and the linguistic distribution evaluation of attribute j in alternative l is obtained
as follows:

rl
j =

{〈
sα, ξ l

j(sα)
〉
|α = 0, 1, . . . , τ − 1

}
(1)

where ξ l
j(sα) is the proportion of the evaluation value in λl

j over linguistic variable sα,

i.e., ξ l
j(sα) =

vl
j(sα)

Vl
j

for 0 ≤ ξ l
j(sα) ≤ 1 and

τ−1
∑

α=0
ξ l

j(sα) = 1.

(2) We determine the linguistic distribution of public expectations. The number of public
individuals providing expectations for attribute j is Fj; hence, Fj linguistic variables
form the set τj. The number of linguistic variables sα in τj is f j(sα), i.e., if the eval-
uation value of the attribute j in alternative l is not less than sα, then f j(sα) public
individuals are satisfied with the performance of attribute j in alternative l. Contrast-
ingly, f j(sα) public individuals are unsatisfied with the performance of attribute j in
alternative l. Suppose that the importance of the expectations provided by each public
individual is equal. Therefore, the public expectation in τj is classified and counted
based on linguistic variables, and the linguistic distribution of the public expectation
of attribute j is obtained as follows:

yj =
{〈

sα, ζ j(sα)
〉
|α = 0, 1, . . . , τ − 1

}
(2)

where ζ j(sα) is the proportion of expectation in τj over sα, i.e., ζ j(sα) =
f j(sα)

Fj
for

0 ≤ ζ j(sα) ≤ 1 and
τ−1
∑

α=0
ζ j(sα) = 1.

(3) We measure the attribute satisfaction of each alternative. According to the comparative
relationship between the attribute evaluation of alternative rl

j and public expectation
yj, the public satisfaction of attribute j in alternative l is determined as shown in
Equation (3):

bl
j = ζ j(s0)[

τ−1

∑
α=0

ξ l
j(sα)] + ζ j(s1)[

τ−1

∑
α=1

ξ l
j(sα)] + . . . + ζ j(sτ−2)[

τ−1

∑
α=τ−2

ξ l
j(sα)] + ζ j(sτ−1)ξ

l
j(sτ−1) (3)

where bl
j ∈ [0, 1]. The higher the value of bl

j, the greater the public satisfaction level of
attribute j in alternative l.

3.3. Determination of Attribute Weights

Suppose the attribute weights are partially known with the following specific rep-
resentation [32]: (1) Weak ranking: ωj1 ≥ ωj2 ; (2) Strict ranking: ωj1 − ωj2 ≥ ψj, ψj ≥ 0;
(3) Discrimination degree ranking: ωj1 − ωj2 ≥ ωj3 − ωj4 , j1 ̸= j2 ̸= j3 ̸= j4; (4) Multi-
ple ranking: ωj1 ≥ ϑjωj2 and 0 ≤ ϑj ≤ 1; (5) Interval form: ψj ≤ ωj1 < ψj + χj and
0 ≤ ψj < ψj + χj ≤ 1. The partially known attribute weights are used to formulate the
constraint condition ωj ∈ Λ.
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The attribute weights are determined based on the deviation of public satisfaction.
Specifically, the satisfaction deviation of attribute j in alternative l is calculated as shown in
Equation (4).

MRl
j =

∣∣∣∣∣bl
j −

1
P

P

∑
l=1

bl
j

∣∣∣∣∣ (4)

where, MRl
j ∈ [0, 1). For attribute j, the larger the value of MRl

j, the greater the satisfaction

deviation degree of bl
j.

The deviation value of all alternatives with respect to attribute j is calculated using
Equation (5).

MRj =
1
P

P

∑
l=1

MRl
j (5)

where, MRj ≥ 0. For attribute j, the larger the value of MRj, the greater the satisfaction
deviation degree over all alternatives.

According to Equations (4) and (5), it can be seen that the higher the level of satis-
faction deviation over attribute j, the greater the differentiation of satisfaction over all
alternatives in attribute j, so a larger weight of the attribute j should be given to improve
the differentiation of the decision results. Based on the above analysis, combined with the
attribute weight constraints, an optimization model is constructed to solve the attribute
weights, as shown in the model (6).

minη =
D
∑

j=1
(ωj −

MRj
D
∑

j=1
MRj

)
2

s.t.


D
∑

j=1
ωj = 1

ωj ∈ Λ

(6)

3.4. Construction of the Evidential Reasoning Model Based on Public Satisfaction

(1) Division of attribute evaluation grades

In order to ensure the effective implementation of alternatives, a public satisfaction
eligibility standard must be established for each attribute. As different attributes corre-
spond to different eligibility standards of satisfaction, to guarantee the effectiveness of
the eligibility standard division for each attribute’s satisfaction, the experts are enlisted
to provide evaluations for the public satisfaction eligibility standard. Based on the public
satisfaction eligibility standard provided by experts for each attribute, the “Eligibility”
grade over each attribute is determined and the attribute evaluation grade is divided into
the following three levels combined with the upper and lower limits of public satisfaction:
“Worst”, “Eligibility”, “Best”. The value range of public satisfaction for each attribute is
[0, 1]; the “Worst” and “Best” grade nodes of each attribute are set to H1 = 0 and H3 = 1, re-
spectively. The eligibility standard of public satisfaction provided by experts for attribute j
form the set Ωj which is statistically analyzed and their average and variance are expressed
by Equations (7) and (8), respectively.

oj =

Tj

∑
t=1,t∈Ωj

oj
t

Tj
(7)

σ2
j =

1
Tj

Tj

∑
t=1,t∈Ωj

(oj
t − oj)

2
(8)

To ensure its validity and rationality, the attribute “Eligibility” grade node H2 is
expressed as an interval based on the statistical analysis results of the values in Ωj, and let
this interval over attribute j be b̃j = [b̃L∗

j , b̃U∗
j ]. To satisfy the grade classification standard

of attribute evaluation without overlapping H2 with the other two grade nodes, the values
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of b̃L∗
j and b̃U∗

j must adhere to the constraint 0 < b̃L∗
j ≤ b̃U∗

j < 1. The expansion coefficient

of the attribute “Eligibility” grade node is denoted as A, where A > 0. The values of b̃L∗
j

and b̃U∗
j are selected by combining with those of oj and σ2

j , respectively, as follows:{
b̃L∗

j = max
{

x0
min, oj − Aσj

}
b̃U∗

j = min
{

x0
max, oj + Aσj

} (9)

where x0
min and x0

max are positive numbers approximately equal to 0 and 1, respectively,
and we set x0

min = 0.01 and x0
max = 0.99 in this paper.

(2) Reliability measurement of the attribute evaluation grade interval

Figure 1 shows the scenarios of the relationship between public satisfaction bl
j and

the three evaluation grades H = {H1, H2, H3}. The interval reliability of bl
j in each grade

is set as SE(bl
j) =

{
Hn, [βl−

n,j, βl+
n,j], n = 1, 2, 3

}
, and the relationship between bl

j and each
evaluation grade includes the following three scenarios:
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Figure 1. Relationship between public satisfaction bl
j and various evaluation grades.

Scenario 1: When bl
j lies between 0 and b̃L∗

j , the interval reliability conversion formulas

for bl
j in each evaluation grade are as follows:

βl−
1,j =

b̃L∗
j − bl

j

b̃L∗
j − 0

, βl+
1,j =

b̃U∗
j − bl

j

b̃U∗
j − 0

(10)

βl−
2,j =

bl
j − 0

b̃U∗
j − 0

, βl+
2,j =

bl
j − 0

b̃L∗
j − 0

(11)

βl−
3,j = βl+

3,j = 0 (12)

Scenario 2: When bl
j lies between b̃L∗

j and b̃U∗
j , the interval reliability conversion

formulas for bl
j in each evaluation grade are as follows:

βl−
1,j = 0, βl+

1,j =
b̃U∗

j − bl
j

b̃U∗
j − 0

(13)

βl−
2,j = min(

bl
j − 0

b̃U∗
j − 0

,
1 − bl

j

1 − b̃L∗
j

), βl+
2,j = 1 (14)

βl−
3,j = 0, βl+

3,j =
bl

j − b̃L∗
j

1 − b̃L∗
j

(15)

Scenario 3: When bl
j lies between b̃U∗

j and 1, the interval reliability conversion formulas

for bl
j in each evaluation grade are as follows:

βl−
1,j = βl+

1,j = 0 (16)
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βl−
2,j =

1 − bl
j

1 − b̃L∗
j

, βl+
2,j =

1 − bl
j

1 − b̃U∗
j

(17)

βl−
3,j =

bl
j − b̃U∗

j

1 − b̃U∗
j

, βl+
3,j =

bl
j − b̃L∗

j

1 − b̃L∗
j

(18)

Due to the need of independent confidence structure, βl
1,j, βl

2,j and βl
3,j should satisfy

the following normalization condition: βl
1,j + βl

2,j + βl
3,j = 1 [33].

3.5. Construction of Nonlinear Optimization Model Based on Evidence Reasoning

Based on the attribute weights and interval reliability of public satisfaction, the interval
mass function is obtained as follows:

ml
n,j = ml

j(Hn) ∈ [ml−
n,j, ml+

n,j] = [ωjβ
l−
n,j, ωjβ

l+
n,j]

ml
H,j = ml

j(H) = 1 − ωj, j = 1, 2, . . . , D
m̃l

H,j = m̃l
j(H) ∈ [m̃l−

H,j, m̃l+
H,j] = [ωjβ

l−
H,j, ωjβ

l+
H,j]

N
∑

n=1
ml

n,j+ml
H,j + m̃l

H,j = 1

D
∑

j=1
ωj = 1

l = 1, 2, . . . , P; n = 1, 2, 3; j = 1, 2, . . . , D; N = 3

(19)

According to its value principle, the reliability structure is complete and yields
βl−

H,j = βl+
H,j ≡ 0 [33].

The interval mass functions of attribute in alternative l are fused with the evidence
reasoning nonlinear optimization model (20), and the comprehensive interval reliability of
each alternative is obtained at different grades. Here, βl−

n and βl+
n are the objective function

values of the optimization model and the interval formed by them represents the possible
degree of alternative l at grade Hn as follows: SE(bl) =

{
Hn, [βl−

n , βl+
n ], n = 1, 2, 3

}
.

max/minβl
n =

ml
n

1 − ml
H

s.t.



ml
n = k[

D
∏
j=1

(ml
n,j + ml

H,j + m̃l
H,j)−

D
∏
j=1

(ml
H,j + m̃l

H,j)]

m̃l
H = k[

D
∏
j=1

(ml
H,j + m̃l

H,j)−
D
∏
j=1

ml
H,j]

ml
H = k[

D
∏
j=1

ml
H,j]

k = [
N
∑

n=1

D
∏
j=1

(ml
n,j + ml

H,j + m̃l
H,j)− (N − 1)

D
∏
j=1

(ml
H,j + m̃l

H,j)]
−1

ml−
n,j ≤ ml

n,j ≤ ml+
n,j; ml

H,j = 1 − ωj; m̃l−
H,j ≤ m̃l

H,j ≤ m̃l+
H,j

N
∑

n=1
ml

n,j+ml
H,j + m̃l

H,j = 1

l = 1, 2, . . . , P; n = 1, 2, 3; j = 1, 2, . . . , D; N = 3

(20)

In summary, the specific steps of the proposed method are as follows:
Step 1: Equation (1) determines the attribute evaluations for different alternatives,

which are expressed as linguistic distributions.
Step 2: Equation (2) determines the public expectations for different attributes, which

are also expressed as linguistic distributions.
Step 3: Equation (3) determines the public satisfaction of the attribute for various alternatives.
Step 4: The model (6) is used to determine attribute weights.
Step 5: Equations (7)–(9) determines the “Eligibility” grade interval of each attribute,

thereby classifying the attribute evaluation grades.
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Step 6: Equations (10)–(18) determines the interval reliability of bl
j at different

evaluation grades.
Step 7: The model (20) determines the overall interval reliability of each alternative at

different grades.
Step 8: The utility values of the three grades are selected as follows: u(H1) = 0;

u(H2) = 0.5; u(H3) = 1. Equation (21) yields the comprehensive utility values of various
alternatives and determines their sorting results [33].

uave
l =

umax
l + umin

l
2

(21)

In Equation (21), umax
l and umin

l represent the maximum and minimum values of com-
prehensive utility values of alternative l, respectively, as shown in Equations (22) and (23):

umax
l =

2

∑
n=1

u(Hn)βl
n + u(H3)(βl

3 + βl
H,j) (22)

umin
l = u(H1)(βl

1 + βl
H,j) +

3

∑
n=2

u(Hn)βl
n (23)

To determine the values of umax
l and umin

l , Equations (22) and (23) are taken into
model (20) as the unique objective functions, and the two optimization models are solved,
respectively, with the objectives of maximization and minimization, the value of umax

l
and umin

l are obtained. According to the study presented in [33], the obtained alternative
interval reliability is complete, therefore, βl

H,j = 0.

4. Analysis of Numerical Example

A specific numerical example is introduced to validate the reliability of the proposed
method. The background of the numerical example is as follows: A large-scale shed renova-
tion project is commencing in an old town, and the relocation households are approximately
10,000. Based on the available local land resources and future urban development plans,
four alternatives of resettlement are formed:

Alternative 1 (z1): The resettlement community will be constructed 10 km north of the
original address.
Alternative 2 (z2): The resettlement community will be constructed 12 km south of the
original address.
Alternative 3 (z3): The resettlement community will be constructed 8 km east of the
original address.
Alternative 4 (z4): The resettlement community will be constructed 9 km west of the
original address.

To comprehensively describe the effect of implementation for each alternative, the
alternatives are evaluated based on the following four attributes: completeness of the sup-
porting facilities (g1), degree of travel convenience (g2), quality of the living environment
(g3), and satisfaction of the school district (g4).

Based on the various attributes, the public evaluates the performance of the alterna-
tive as linguistic variables. Depending on the complexity of the decision object and the
characteristics of the decision scenario, the linguistic scale coefficient τ is set to 7. The
correspondence between linguistic variables and natural language is described in Section 2.
Five-thousand public individuals participate in attribute evaluation for each alternative, as
shown in Table 1 (partial data are omitted owing to length constraints).
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Table 1. Public attribute evaluation of various alternatives.

zl No. g1 g2 g3 g4 zl No. g1 g2 g3 g4

1

1 s6 s4 s3 s5

2

1 s6 s4 s5 s4
2 s4 s4 s4 s4 2 s5 s4 s6 s6

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4999 s5 s4 s4 s4 4999 s4 s5 s6 s4
5000 s4 s6 s6 s4 5000 s4 s6 s5 s5

zl No. g1 g2 g3 g4 zl No. g1 g2 g3 g4

3

1 s4 s4 s4 s4

4

1 s5 s6 s6 s4
2 s4 s6 s4 s6 2 s5 s6 s6 s4

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4999 s5 s5 s6 s5 4999 s5 s6 s6 s5
5000 s4 s5 s5 s5 5000 s4 s6 s5 s4

In order to obtain the expected values for each attribute, four-thousand people are
invited to provide their expectations for the four attributes, and the public expectations are
also represented as linguistic variables. In order to be consistent with the linguistic scale of
performance evaluation above, the linguistic scale coefficient of public expectations is also
set to 7, and the public expectation is shown in Table 2 (partial data are omitted owing to
length constraints).

Table 2. Public expectations for different attributes.

No. g1 g2 g3 g4

1 s4 s5 s2 s5
2 s4 s5 s2 s2

. . . . . . . . . . . . . . .
3999 s4 s5 s5 s2
4000 s3 s4 s2 s4

In order to obtain the eligibility standard for different attributes, one-hundred experts
are invited to provide the eligibility standard of public satisfaction for each attribute,
the evaluation value given by the expert is the crisp number in the interval [0, 1], and
the evaluation value of experts is shown in Table 3 (partial data are omitted owing to
length constraints).

Table 3. Eligibility standard for attribute satisfaction given by experts.

gj Eligibility Standard for Attribute Satisfaction

1 o1
1 = 0.77, o1

2 = 0.61, . . . , o1
99 = 0.68, o1

100 = 0.58
2 o2

1 = 0.66, o2
2 = 0.62, . . . , o2

99 = 0.56, o2
100 = 0.59

3 o3
1 = 0.52, o3

2 = 0.60, . . . , o3
99 = 0.60, o3

100 = 0.57
4 o4

1 = 0.58, o4
2 = 0.66, . . . , o4

99 = 0.71, o4
100 = 0.74

The specific decision-making steps are as follows:
Step 1: Based on the data in Table 1, the linguistically distributed attribute evaluation

value of various alternatives is determined by Equation (1), as shown in Table 4.
Step 2: Based on the data in Table 2, the linguistic distribution of public expectation

for each attribute is determined by Equation (2), as shown in Table 5.
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Table 4. Linguistically distributed attribute evaluation values of various alternatives.

zl g1 g2 g3 g4

1 ⟨s3, 0.4000⟩, ⟨s4, 0.1320⟩,
⟨s5, 0.3308⟩, ⟨s6, 0.1372⟩

⟨s3, 0.4886⟩, ⟨s4, 0.5052⟩,
⟨s5, 0.0032⟩, ⟨s6, 0.0030⟩

⟨s3, 0.5020⟩, ⟨s4, 0.4928⟩,
⟨s5, 0.0016⟩, ⟨s6, 0.0036⟩

⟨s2, 0.0876⟩, ⟨s3, 0.0906⟩,
⟨s4, 0.3036⟩, ⟨s5, 0.2988⟩,
⟨s6, 0.2194⟩

2 ⟨s1, 0.1778⟩, ⟨s2, 0.1822⟩,
⟨s3, 0.2666⟩, ⟨s4, 0.2390⟩,
⟨s5, 0.0668⟩, ⟨s6, 0.0676⟩

⟨s4, 0.3210⟩, ⟨s5, 0.3386⟩,
⟨s6, 0.3404⟩

⟨s1, 0.1798⟩, ⟨s2, 0.1822⟩,
⟨s3, 0.1928⟩, ⟨s4, 0.2768⟩,
⟨s5, 0.0854⟩, ⟨s6, 0.0830⟩

⟨s4, 0.3336⟩, ⟨s5, 0.3348⟩,
⟨s6, 0.3316⟩

3 ⟨s1, 0.1772⟩, ⟨s2, 0.1844⟩,
⟨s3, 0.1924⟩, ⟨s4, 0.2712⟩,
⟨s5, 0.0884⟩, ⟨s6, 0.0864⟩

⟨s3, 0.0222⟩, ⟨s4, 0.3270⟩,
⟨s5, 0.3464⟩, ⟨s6, 0.3044⟩

⟨s4, 0.3274⟩, ⟨s5, 0.3388⟩,
⟨s6, 0.3338⟩

⟨s4, 0.3404⟩, ⟨s5, 0.3250⟩,
⟨s6, 0.3346⟩

4 ⟨s1, 0.1820⟩, ⟨s2, 0.1894⟩,
⟨s3, 0.1788⟩, ⟨s4, 0.2812⟩,
⟨s5, 0.0890⟩, ⟨s6, 0.0796⟩

⟨s1, 0.1930⟩, ⟨s2, 0.1862⟩,
⟨s3, 0.1912⟩, ⟨s4, 0.2576⟩,
⟨s5, 0.0816⟩, ⟨s6, 0.0904⟩

⟨s4, 0.3194⟩, ⟨s5, 0.3438⟩,
⟨s6, 0.3368⟩

⟨s2, 0.1024⟩, ⟨s3, 0.1120⟩,
⟨s4, 0.2970⟩, ⟨s5, 0.2930⟩,
⟨s6, 0.1956⟩

Table 5. Linguistic distribution of public expectations for different attributes.

y1 y2 y3 y4

⟨s2, 0.2523⟩, ⟨s3, 0.2430⟩,
⟨s4, 0.2557⟩, ⟨s5, 0.2490⟩

⟨s2, 0.3565⟩, ⟨s3, 0.4547⟩,
⟨s4, 0.0958⟩, ⟨s5, 0.0930⟩

⟨s2, 0.2410⟩, ⟨s3, 0.2480⟩,
⟨s4, 0.2618⟩, ⟨s5, 0.2492⟩

⟨s2, 0.0332⟩, ⟨s3, 0.1560⟩,
⟨s4, 0.4088⟩, ⟨s5, 0.4020⟩

Step 3: Using the data in Tables 4 and 5, the public satisfaction of attributes in different
alternatives are determined by Equation (3), as shown in Table 6.

Table 6. Public satisfaction of attributes in different alternatives.

zl g1 g2 g3 g4

1 0.7652 0.8608 0.6207 0.7198
2 0.4919 0.9701 0.5144 0.8659
3 0.5203 0.9654 0.9184 0.8632
4 0.5161 0.6271 0.9204 0.6908

Step 4: The partially known attribute weights are as follows: ω2 − ω1 ≤ 0.05;
ω3 − ω1 ≥ ω4 − ω2; ω3 ≤ ω2; 0.2 ≤ ω1 ≤ 0.3; 0.3 ≤ ω4 ≤ 0.4. The model (6) is subjected
to the attribute weight constrains to yield the following attribute weights: ω1 = 0.20;
ω2 = 0.25; ω3 = 0.25; ω4 = 0.30.

Step 5: Equations (7) and (8) determine the mean and variance of the eligibility
standard for various attributes, as shown in Table 7.

Table 7. Statistical analysis of the eligibility standard for attribute satisfaction.

gj Mean Variance

1 o1 = 0.6463 σ1 = 0.0880
2 o2 = 0.6407 σ2 = 0.0874
3 o3 = 0.6473 σ3 = 0.0858
4 o4 = 0.6453 σ4 = 0.0790

The expansion coefficient of the “Eligibility” grade node is set as A = 0.5. Using
the mean and variance in Table 7, Equation (9) determines the “Eligibility” grade node
interval value of each attribute as follows: b̃1 = [0.6023, 0.6903], b̃2 = [0.5969, 0.6844],
b̃3 = [0.6044, 0.6902], b̃4 = [0.6058, 0.6848].

Step 6: Equations (10)–(18) determine the interval reliability of various grades for
different alternatives, as shown in Table 8.
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Table 8. Interval reliability of various grades for different alternatives.

zl
g1 g2

H1 H2 H3 H1 H2 H3

1 [0.0000,
0.0000]

[0.5904,
0.7582]

[0.2418,
0.4096]

[0.0000,
0.0000]

[0.3453,
0.4411]

[0.5589,
0.6547]

2 [0.1833,
0.2874]

[0.7126,
0.8167]

[0.0000,
0.0000]

[0.0000,
0.0000]

[0.0742,
0.0947]

[0.9053,
0.9258]

3 [0.1361,
0.2463]

[0.7537,
0.8639]

[0.0000,
0.0000]

[0.0000,
0.0000]

[0.0858,
0.1096]

[0.8904,
0.9142]

4 [0.1431,
0.2524]

[0.7476,
0.8569]

[0.0000,
0.0000]

[0.0000,
0.0837]

[0.9163,
1.0000]

[0.0000,
0.0749]

zl
g3 g4

H1 H2 H3 H1 H2 H3

1 [0.0000,
0.1007]

[0.8993,
1.0000]

[0.0000,
0.0412]

[0.0000,
0.0000]

[0.7108,
0.8890]

[0.1110,
0.2892]

2 [0.1489,
0.2547]

[0.7453,
0.8511]

[0.0000,
0.0000]

[0.0000,
0.0000]

[0.3402,
0.4254]

[0.5746,
0.6598]

3 [0.0000,
0.0000]

[0.2063,
0.2634]

[0.7366,
0.7937]

[0.0000,
0.0000]

[0.3470,
0.4340]

[0.5660,
0.6530]

4 [0.0000,
0.0000]

[0.2012,
0.2569]

[0.7431,
0.7988]

[0.0000,
0.0000]

[0.7844,
0.9810]

[0.0190,
0.2156]

Step 7: Using the data in Table 8 for modeling, the model (20) determines the overall
interval reliability of alternatives at different grades, as shown in Table 9.

Table 9. Sorting results of the alternatives.

zl
Grade Comprehensive

Utility Value
Alternative

SortH1 H2 H3

1 [0.0000,
0.0196]

[0.6802,
0.8263]

[0.1737,
0.3083] 0.6160 3

2 [0.0609,
0.1039]

[0.4634,
0.5515]

[0.3877,
0.4327] 0.6640 2

3 [0.0202,
0.0372]

[0.2992,
0.3755]

[0.6041,
0.6640] 0.8028 1

4 [0.0200,
0.0550]

[0.7141,
0.8360]

[0.1441,
0.2468] 0.5793 4

Step 8: The final sorting result is based on the comprehensive utility value of
each alternative obtained using Equations (21)–(23). The sorting result indicates that the
third alternative is optimal.

5. Sensitivity Analysis and Method Comparison
5.1. Sensitivity Analysis

To investigate the influence of the “Eligibility” grade H2 on the ranking results, the
expansion coefficients of its grade node are selected as A = 0.0, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0.
Table 10 shows the corresponding “Eligibility” grade scale interval of each attribute and
sorting results for various “Eligibility” grade scales.

Based on Table 10, the ranking results remain unchanged using different expansion
coefficients of the “Eligibility” grade; hence, the decision results are real and reliable. The
range of the “Eligibility” grade interval increases with the increasing expansion coefficient,
whereas the differentiation degree of the comprehensive utility value gradually decreases.
Therefore, to ensure the effectiveness of the alternative ranking, a suitable “Eligibility”
grade interval expansion coefficient should be selected to divide the attribute grades.
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Table 10. Ranking results for various “Eligibility” grades.

Expansion Coefficient Interval Scale of “Eligibility” Grade Composite Utility Value Sorting Results

0 b̃1 = [0.6463, 0.6463], b̃2 = [0.6407, 0.6407],
b̃3 = [0.6473, 0.6473], b̃4 = [0.6453, 0.6453]

uave
1 = 0.6161; uave

2 = 0.6646;
uave

3 = 0.7413; uave
4 = 0.5777

z3 > z2 > z1 > z4

0.5 b̃1 = [0.6023, 0.6903], b̃2 = [0.5969, 0.6844],
b̃3 = [0.6044, 0.6902], b̃4 = [0.6058, 0.6848]

uave
1 = 0.6160; uave

2 = 0.6640;
uave

3 = 0.8028; uave
4 = 0.5793

z3 > z2 > z1 > z4

1.0 b̃1 = [0.5582, 0.7343], b̃2 = [0.5532, 0.7281],
b̃3 = [0.5615, 0.7331], b̃4 = [0.5664, 0.7243]

uave
1 = 0.6146; uave

2 = 0.6621;
uave

3 = 0.7981; uave
4 = 0.5844

z3 > z2 > z1 > z4

1.5 b̃1 = [0.5142, 0.7784], b̃2 = [0.5095, 0.7718],
b̃3 = [0.5186, 0.7760], b̃4 = [0.5269, 0.7638]

uave
1 = 0.6157; uave

2 = 0.6584;
uave

3 = 0.7895; uave
4 = 0.5877

z3 > z2 > z1 > z4

2.0 b̃1 = [0.4702, 0.8224], b̃2 = [0.4658, 0.8155],
b̃3 = [0.4757, 0.8189], b̃4 = [0.4874, 0.8032]

uave
1 = 0.6165; uave

2 = 0.6557;
uave

3 = 0.7756; uave
4 = 0.5928

z3 > z2 > z1 > z4

2.5 b̃1 = [0.4262, 0.8664], b̃2 = [0.4221, 0.8592],
b̃3 = [0.4328, 0.8617], b̃4 = [0.4479, 0.8427]

uave
1 = 0.6122; uave

2 = 0.6472;
uave

3 = 0.7498; uave
4 = 0.5933

z3 > z2 > z1 > z4

3.0 b̃1 = [0.3821, 0.9104], b̃2 = [0.3784, 0.9029],
b̃3 = [0.3899, 0.9046], b̃4 = [0.4084, 0.8822]

uave
1 = 0.6127; uave

2 = 0.6360;
uave

3 = 0.7168; uave
4 = 0.5877

z3 > z2 > z1 > z4

5.2. Comparison of Methods

The prospect theory approach [34] and TOPSIS method [35] have been widely applied
in various decision-making activities, both methods involve setting reference points to
make decisions, which is similar to the method proposed in this paper. To further verify the
effectiveness of the proposed method, we compare it with the prospect theory approach
and TOPSIS method in the same numerical example.

Based on the example data, decision activities are performed in the following
two decision-making situations: (i) decisions based on public evaluations that are ex-
pressed as linguistic distributions; (ii) decisions based on public satisfaction with the
alternative expressed as crisp numbers. In (i), the prospect value of each alternative is
estimated using the attribute expectation in the form of a linguistic distribution as the
reference point. Furthermore, the TOPSIS value of each alternative is calculated using the
upper and lower limits of the linguistic scale as the positive and negative ideal solutions
of the attribute, respectively. In (ii), the prospect value of each alternative is calculated
using the eligibility standard average of public satisfaction over each attribute provided
by experts as the reference point. The TOPSIS value of each alternative is calculated using
the upper and lower limits of public satisfaction as the positive and negative ideal solu-
tions of attributes, respectively. Table 11 shows the decision results obtained using the
aforementioned methods in two decision-making situations.

Table 11. Result comparison of different methods.

Decision Situations Decision Methods
Evaluation Value of Alternative Sorting Results

z1 z2 z3 z4

Decision based on
the public evaluation

prospect theory 0.3951 0.2729 0.8956 0.3032 z3 > z1 > z4 > z2
TOPSIS 0.6566 0.6917 0.7695 0.6622 z3 > z2 > z4 > z1

Decision based on
the alternative public

satisfaction

prospect theory 0.1041 −0.0088 0.1780 0.0119 z3 > z1 > z4 > z2
TOPSIS 0.7394 0.7293 0.8340 0.6973 z3 > z1 > z2 > z4

The method proposed in this
paper 0.6160 0.6640 0.8028 0.5793 z3 > z2 > z1 > z4

Table 11 indicates that the decision results obtained by the prospect theory and TOPSIS
method in various situations are not completely consistent with those obtained using
the proposed method. This is because the proposed method makes decisions based on
public satisfaction, whereas the first situation is based on the evaluation value of the
alternative. Decision-making situations, along with the decision-making outcomes, are
different. Although the decision-making basis in the second situation is consistent with that
in the proposed method, the reference point settings are different for different methods. The
prospect theory considers the average value of the public satisfaction eligibility standard



Axioms 2024, 13, 276 13 of 15

provided by experts as the attribute reference point, which is represented as a crisp number.
TOPSIS considers the upper and lower limits of the public satisfaction for each attribute
as the reference point, and these limits are also represented as crisp numbers. In the
proposed method, based on the statistical analysis results, the eligibility grade node of
public satisfaction over each attribute is determined as interval numbers. Because the
reference points of the three methods differ in setting or expression, the decision-making
results are also different.

Compared to the above two methods, the proposed method has the following ad-
vantages: (1) It obtains public satisfaction, which is considered as the decision-making
basis, by comparing the alternative evaluation and public expectation in different attributes.
These decision-making results can better reflect the public opinion. The public satisfac-
tion of each attribute over the alternative is expressed as a crisp number. Compared to
the evaluation value of the alternative expressed as linguistic distribution, the degree of
information uncertainty is low, thereby reducing the complexity of subsequent decision-
making activities. (2) When setting the reference point, the proposed method considers
the eligibility standard of satisfaction as variability in different attributes. Simultaneously,
the “Eligibility” grade nodes are set as interval numbers based on the distribution of the
possible values of the eligibility standard of each attribute, ensuring scientific and effective
grade division. In the decision-making situation based on public satisfaction, the reference
point of the prospect theory is the average of the eligibility standards of each attribute
provided by experts without considering the possible interval range of “ Eligibility “ grades.
The reference point of the TOPSIS method is selected using the upper and lower limits of
the public satisfaction value of each attribute without considering the eligibility standards
and specific requirements of public satisfaction in different attributes. (3) Based on the clas-
sification of attribute evaluation grades, the proposed method combines public satisfaction
with the evidential reasoning model and makes decisions based on the interval reliability of
alternatives under different grades, thereby enhancing the reliability of the decision results.

6. Conclusions

This study investigated the decision-making activities of people concerning their liveli-
hoods and proposed an evidential-reasoning-type large group decision-making method
considering public satisfaction. The main contributions of this paper are as follows:
(1) Enabling the public to express their opinions as linguistic variables satisfies the need
for subjective expression. The alternative evaluation and expectation values in different
attributes are determined based on public opinions and are organized into the form of
a linguistic distribution. Compared to linguistic variables, the use of linguistic distribution
provides a clearer and more intuitive representation, which reduces the impact of the size
and discreteness of information on decision-making processes, facilitating the measurement
of public satisfaction with attribute in different alternatives. (2) The public satisfactions
with attributes in alternative are obtained by comparing the alternative evaluation value
and expected value in each attribute. This satisfaction measurement method can effectively
reduce the uncertainty in the degree of decision-making information, laying the ground-
work for subsequent decision-making activities. (3) Based on the specific requirements of
different attributes for the eligibility standard of public satisfaction in combination with
the data characteristics of the eligibility standard provided by experts, the “Eligibility”
grade is expressed as an interval number, ensuring scientific attribute evaluation level
division. (4) An evidential reasoning model considering public satisfaction is constructed
to determine the comprehensive utility evaluation value of each alternative. This process is
based on the interval reliability of various grades for different alternatives to ensure accu-
rate decision-making results. Practically, the decision-making environment of livelihood
matters is not static. To ensure effective decision-making, multi-stage decisions should be
made in accordance with the dynamic variations of the decision-making environment to
determine the final outcomes. The proposed method, which is primarily aimed at single-
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stage decision-making issues concerning livelihoods, can be further extended and applied
to such issues with dynamic multi-stage characteristics.
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