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Abstract. Heterogeneous multi-attribute group decision-making (HMAGDM) is a
complex decision-making problem that widely exists in the real world. However,
there is relatively little research on the HMAGDM problems when the attribute set
and alternative set are both heterogeneous, and the existing studies still have some
limitations, such as the weight calculation is too simple, lacking objectivity and
comprehensiveness; the ranking methods does not consider the utility of both group
and individuals simultaneously, lacking flxibility and practicality. In order to obtain
more effective decision results, a HMAGDM method integrating multi-granulation
weighting model and improved VIKOR in uncertain linguistic environment is pro-
posed in this paper. Our contributions can be identified as follows: (1) On the ba-
sis of the uncertainty and closeness of uncertain linguistic terms (ULTs), a mea-
sure indicator for the effectiveness of experts’ opinions is proposed, and a finest-
granulation weight optimization model for experts is established by maximizing the
effectiveness; (2) Based on comprehensive consideration of effectiveness and devi-
ation, a bi-objective optimization model is proposed to obtain the multi-granulation
weights of attributes; (3) An improved VIKOR method combining the bounded-
ness of ULTs and the multi-granulation weights of attributes is proposed to obtain
more stable and effective ranking results. Finally, the case study and comparative
analysis illustrate the feasibility and characteristics of the proposed method.
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1. Introduction

Multi-attribute group decision-making (MAGDM) can be used to deal with many prac-
tical decision-making problems such as development of large project [1], urban waste
recycling partner selection[2], photovoltaic power station evaluation [3] and so on. In
the real decision-making environment, experts prefer to select some attributes they are
familiar with and the alternatives belonging to their professional fields for evaluation. In
addition, experts may use different types of evaluation information to express their opin-
ions. This type of MAGDM problem with different types and/or structures of evaluation
information is collectively referred to as heterogeneous MAGDM (HMAGDM). The ex-
isting research on HMAGDM can be classified into two frameworks: heterogeneous type
of evaluation information [4,5,6] and heterogeneous sets of attributes and/or alternatives.
The second framework can be subdivided into two cases: one is that only the attribute set
is heterogeneous[7,8,9,10,11,12]; The other is that the attribute set and alternative set are
both heterogeneous[13,14]. At present, research on HMAGDM with heterogeneous sets
of attributes and alternatives is relatively insufficient. This is mainly because the deci-
sion space structure of such problems has characteristics of diversity and personalization,
further increasing the difficulty of information aggregation and decision analysis. How
to effectively aggregate such complex heterogeneous information and obtain reasonable
and reliable decision results is one of the important challenges faced by current research.

In order to better solve the complex HMAGDM problems in uncertain linguistic
environment, a HMAGDM method integrating multi-granulation weighting model and
improved VIKOR will be proposed in this paper. The research motivation of this paper
is summarized as follows:

(1) ULTs can well reflect the uncertainty in the decision process [15] and the
HMAGDM problems in uncertain linguistic environment are widespread in the real
world. However, there are relatively few related studies.

(2) In existing HMAGDM research, weights are mostly subjectively given by ex-
perts and lack objectivity [7,8,9,10]. Moreover, the objective weighting methods cur-
rently used are too simple[11,12,13,14], and the obtained weights lack comprehensive-
ness, which is not conducive to obtaining reasonable decision results.

(3) Most HMAGDM methods use weighted aggregation [7,10,11,12,13] or TOPSIS
(Technique for Order Preference by Similarity to Ideal Solution) methods [8,9] to rank
the alternatives. However, both of them do not consider the utility of group and indi-
viduals simultaneously and cannot well reflect the decision-maker’s subjective prefer-
ences. Compared with them, VIKOR (VIsekriterijumska Optimizacija I Kompromisno
Resenje) method is more flexible and practical, which can obtain a compromise solution
finally accepted by experts [16,17]. However, the classical VIKOR method is prone to
encounter reverse ranking situations when adding, deleting, or replacing an alternative
[18], so it is necessary to develop an improved VIKOR method.

Our contributions can be mainly summarized in the following three aspects:

(1) On the basis of uncertainty and closeness of ULTs, an effectiveness measure is
proposed, which provides theoretical support for further analyzing the effectiveness of
decision results.

(2) Two multi-granulation weighting models with the goal of maximizing effective-
ness measures are established for experts and attributes respectively, which can obtain
more flexible and comprehensive weight and are more suitable for the aggregation of
heterogeneous decision matrices.
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(3) An improved VIKOR method combined with the boundedness of ULTs and the
multi-granulation weights of attributes is proposed to effectively improve the stability
and reliability of the ranking results.

The rest of the paper is organized as follows. Section 2 reviews some basic concepts.
Section 3 provides an introduction to the HMAGDM method proposed in this paper.
Section 4 demonstrates the feasibility of the method through a supplier selection case.
Section 5 conducts experimental analysis from three aspects: sensitivity, stability, and
effectiveness. Section 6 draws our conclusions and points out future research directions.

2. Preliminaries

Definition 1 [19] Let S = {sq|a = 0,1,--- I} be a finite and totally ordered discrete
linguistic term set, where l is an even value, sy, represents a linguistic term.

Xu [20] extended S into the continuous set S = {sq|o € [0,¢]}, where g(g > 1) isa
sufficiently large natural number. /(s ) denote the term index of sy in S, i.e., I(sq) = .

Definition 2 [20] Let § = [s1,sg], where s1,sg € S, s; and sg are the lower and upper
limits of §, respectively. We call § the uncertain linguistic term (ULT).

For two ULTS §| = [sz,,Sr,]. §2 = [s,,Sr,], the operational laws are [20]: (1) § &
52 = [sLl 7SR1] @D [SLzast} = [SL1+1127SR1+R2]; (2) p§1 = p[SL] 7SR1] = [Sle aspRl]’ P Z 0

Definition 3 Let §| = [sz,,sr,] and §) = [s1,,5r,] be two ULTSs, the Euclidean distance

1 /1
between §) and $, is given by d(§1,5,) = l\/z[(l(sL] )—1(s1,))>+ (I(sg,) —I(sr,))?].

Xu [21] also proposed the uncertain linguistic weighted averaging (ULWA) operator.

Definition 4 [21] The ULWA operator is defined as ULWA, (51,52, - ,8,) = M8 &
M§r @ -+ B Sy, where & = (A1, Az, -+, Ay) is the weighting vector of ULTs §;(j =
1,2,---,n), and Aj € [0,1], Z’J’.ZI)LJ- =1.

Definition 5 [22] A PULTS is defined as S(p) = {(&,p*)[p* > 0,k = 1,2, ,|S(p)|,

LSZ(II)N Pk < 13}, where §¢ = [s§  s&] is an ULT, sk and s& (s ,s& € S,s8 < s&) are the lower
and upper limits of §, respectively. |S(p)| is the cardinality of S(p), and p* is the prob-
ability of §.

PULTS is an effective tool to depict uncertain linguistic opinions [23], which pro-
vides a new means of modeling ULTs by computing their occurrence probabilities.

3. HMAGDM method integrating multi-granulation weighting model and
improved VIKOR in uncertain linguistic environment

3.1. Problem description

For a HMAGDM problem in uncertain linguistic environment, let X = {x1,x2,++ , X}
be an alternative set, A = {ay,a2, - ,a,} be an attribute set, E = {e,e,---,es} be an
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expert set, S = {sq|@ =0,1,--- 1} be a linguistic term set. X" = {x"|x € X} represents
a subset of the alternatives selected by e;,, A" = {a|a € A} represents a subset of the

attributes selected by e;,. The decision matrix of e;, can be expressed as R" = [§ ; j] x| AR

where |X"| is the number of alternatives in X", |A”| is the number of attributes in A”,
§i= [sf‘J L,SZ»R] represents the evaluation value of x; under a; given by ej,.

LetE;j = {eh|s”f‘»j # 0,e, € E} represent the set of experts who evaluate x; under ;.
The number of experts in E;; is denoted as |E;;|. The set of evaluation value given by the
experts in Ej; is denoted as V;; = {%!eh €Ej}= {[s?jL,sf:‘jR]\eh € E;j} N

In order to ensure the objectivity and comprehensiveness of decision results, a
HMAGDM method needs to meet the following conditions:(1) X! UX?U---UX/ = X;
(2)A'UAZU---UAT =A; B) |E;j| > 3(i= 1,2, ,m, j=1,2,--- ,n).

3.2. Multi-granulation weighting model for experts

In this subsection, the ULT evaluation values provided by different experts are first ag-
gregated into PULTS. Then, the finest-granulation weights of experts are calculated from
the perspectives of uncertainty and closeness. Finally, a bi-objective optimization model
is established to fuse the two kinds of weights together.

First, by counting the number of occurrences of each § §ijinVij = {s |en € Ejj}, the
set V;; can be transformed into a PULTS S;;(p), that is,

PR #gk ISi;(p)] .
Sl](p):{<sl]7pl]>|le: |V_"7S1]€Vlj7k_l 2, ‘Sl](p)|7 Z p :1} (D
1 k=1

& ok
where §; = [s5;;.,s};z], #3}; represents the number of occurrences of each §f; in V;j, |Vij]|

represents the cardinality of Vij, Sij(p)| is the cardinality of S;;(p).
Then, calculate the multi-granulation weights of experts.
(1) The expert weight based on uncertainty degree
Step 1. Calculate he uncertainty degree UND(&Z) of expert e, as follows

I(S?jR) - I(SthjL)

] (@)

UND(5;) =

Step 2. Calculate the uncertainty degree UND(S;;(p)) of subgroup E;; as follows

]
UND(S Z p;UND(S;) ©)

Step 3. Calculate the weight @y h of expert ej, in E;; based on uncertainty degree

o 1—UND(3},)

ijh = “)
|Eij| x (1=UND(Sij(p)))

(2) The expert weight based on closeness degree
Step 1. Calculate the closeness degree CLD(S; j,S i(p)) between expert ej, and the
subgroup E;; as follows
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Syl k. &
CLD( lj? Z Pij 1_ l]?sij)) ®)

Step 2. Calculate the weight a)f].h of expert e, in Ej; based on closeness degree

of — CLD(5;,Sij(p))
Y Yeyer,; CLD(SY,Si(p))

(6)

(3) Expert weight optimization model

Let @;j, be the multi-granulation weight of e, under a; w.r.t x;. Then the weighted
overall uncertainty of E;; under a; w.r.t x; is UND;; =}, €E;; a),jhUND( ) Using
ULWA operator and @, the weighted overall evaluation value of E;j can be obtained
and denoted by §;;. Then the consensus degree of E;; can be expressed as COD;; =
Yok (1 —d (st’j,s} ;). The effectiveness degree of subgroup E;;’s opinions can be
expressed as EFD;; = COD;; — UND;;. By solving the following model (M-1) with the
goal of maximizing EF D;;, the weight ®;;, of expert can be obtained.

maxEFD;;j =COD;; —UND;; = Z a),»jh(l—d(sf'j,fij))— Z COijhUND(f?j)
ehEE,-j ehEE,-j

;jn = min{w;djhv a)icjh}aeh € Ejj

ST = M-1)

ehEE[j
3.3. Multi-granulation weighting model for attributes

Through the above calculation, the effectiveness under each attribute can be expressed

1
as EFD; = —Y" | EFD;;. Let v; be the final weight of attribute, the total effectiveness
m

of group opinions can be expressed as EFD = Z?:1 v;EFD;. Next, we will give an
objective comprehensive weighting method for attributes.

(1) The attribute weight based on effectiveness degree

The weight v;; of a; based on effectiveness under x; can be calculated as follows:

;o EFDij
Vij = Z?:l EFD,'j (7

(2) The attribute weight based on maximizing deviation

By using the weights of experts and ULWA operator, the individual decision ma-
trices of experts can be aggregated into the group decision matrix R = [;;]uxn, Where
§ij= [s; Ly Si jR] represents the overall evaluation value of the subgroup under a; w.r.t x;.

The weight vj? of a; based on maximizing deviation can be calculated as follows[24]:

R Y SPVALICTICY) ®
! ;!:1):;'11):;":1d(5ijv5fj)

(3)Attribute weight optimization model
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Let v; denote the synthetic weight of attribute and DEV; = Y | Y7 | d(8ij,5;)
represent the deviation under a;. Then, the total deviation under all attributes can
be expressed as DEV = }i_, v;,DEV;. Combined with the total effectiveness EFD =
Z;le v;EFDj, abi-objective optimization model (M-2) with the goal of maximizing both
EFD and DEV can be establised to fuse the above two kinds of attribute weights.

maxEFD«DEV = (Y v;EFD;)« () v;DEV;)

j=1 j=1
v%v? . .
Vij = Sn - dal:1727"'7maJ:1727"'7n
j=1VijVj
s.t. min{rrlljnvfj,v?,nlljnvij} <vy; < max{mlaxv{i,v?,mlaxvij},j =1,2,---,n
n
Yvi=1
j=1
(M-2)

3.4. The improved VIKOR method

In order to effectively improve the stability of the ranking results, an improved VIKOR
method is proposed in this subsection, which replaces the maximum and minimum values
in the current alternative set with the upper and lower limits of the linguistic term set as
PIS and NIS, and uses the multi-granulation weights of attributes to calculate the group
utility and individual regret respectively. The specific ranking method is as follows:
Step 1. Let §T = [s;,5;] be the PIS and §~ = [s9, 5] be the NIS under all attributes.
Step 2. Calculate the group utility value S; = Y%, v;d(5", ;) and individual regret

value R; = max ;{v;d(5",5;;)} of alternative x; (i = 1,2,--- ,m).
Step 3. Calculate the overall evaluation value Q; of alternative x;(i = 1,2,--- ,m)
Si—8 R,—R™
— 1—pu)———— 9
Qi=po— T p—pm ©)

where ST = maxS$;, S~ =minS;, R" = maxR;, R~ =minR;. i € [0, 1] is the compromise
l 14 1 1
coefficient.
Step 4. Arrange the alternatives in ascending order according to the values of S;, R;
and Q;, respectively. Suppose the ranking result obtained from Q; is xM x@) o xm),

the determination process of the optimal alternative is as follows:

If x(1) satisfies condition 1: Q(x?)) — Q(x(1)) >

7'x<

and condition 2: x(1) is still

the optimal alternative according to the ascending order of S; or R;. Then x(!) is a stable
optimal alternative in the decision process.

If the above two conditions cannot be met at the same time, the compromise solution
can be generated according to the following two situations: if condition 2 is not met, xM
and x) are both compromise solutions; If condition 1 is not met, the compromise solu-
tion set is X = {x(l) x@ o xV >}, where J is the maximum positive integer calculated

by Q) — 0(xl1) < ——.

m—1
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4. An illustrative example

The following takes an e-commerce enterprise as an example to illustrate the feasibil-
ity of the method. X = {x,xz, -~ ,x¢} are six candidate suppliers, and the correspond-
ing evaluation indices are A = {ay,ay,- - ,as}, where aj—service quality, ay—logistics
cost, az—enterprise capability, as—informatization degree, as—enterprise development
prospect. Five experts are E = {ey,ep,---,es}. The linguistic term set adopted by the
experts is S = {so = extremely poor, s; = very poor, s, = poor, s3 = slightly poor, s4 =
fair, s5 = slightly good, s¢ = good, s7 = very good, sg = extrimly good}. The decision
matrices R”(h =1,2,---,5) provided by the experts are shown in Tables 1-3.

Table 1. The decision matrix R! provided by ¢;

X! Al

aj an as ay as
X1 [s7,87] [s6,87] [S6,87] [s4,54] [56,57]
x2  [s5,88] [s7,57] [s3,83] [s4,s5] [s2,55]
x5 [s6,58] [s4,85] [sa,56] [s5,55] [s6,57]
X6 [50,53] [s5,57] [s5,56] [s4,56] [s6,58]

Table 2. The decision matrices provided by e, and e3

2 3
x? 4 x3 4
az az ay as a a ay as
e x2  [s5,56) [s4,56] [s6,56) [s2,85] ez xi [ss,ss] [s7,s8] [s3,84] [s5,55]
x3  [ss,86] [s3,55] [sa,s5] [s3,55] X2 [ss,ss]  [s7,s8] [s6,56] [s52,55]
X4 [s5,5] [ss,87] [sa,54] [sa,s5] X3 [s1,83]  [%6,56] [s5,85] [s4,56)
x5 [s4,85] [s5,55] [s4,84] [s6,56] x4 [s1,8a]  [ss,s8] [sa,85] [s5,55]
%o [sass] [snse) [s.ss] D59 x5 [sesm) [ss.ss] [sese) [s5.5s)
Table 3. The decision matrices provided by e4 and es
4 5
x4 A b'g A
a az ay a as az as
es  x1 [s3,5] [s6,58] [sa,85] es x1 [s7,57] [s7,88] [ss,ss] [ss,s8]
X2 [s3,85]  [53,85]  [s,55] X3 [sa,87)  [s5,87]  [sa,ss]  [s4,5]
x3 [s1,83]  [sa,s5]  [s3,54] x4 [s1,84] [ss,s6] [s5,57]  [s4,57]
X4 [s1,84] [ss,s5]  [s4,s5) x5 [s3,83]  [s3,86] [s2,85] [s2,55]
X6 [s1,54] [s1,53] [sa,55] Xo [ss,s7] [sa,s5] [s5,55] [s3,56]

The specific supplier selection process is as follows:

Step 1. By using Eq.(1), the group PULTS matrix are obtained.

Step 2. By using Egs.(2)-(4), the weights a);‘jh of e, € E;; are obtained; By using
Egs.(5) and (6), the weights a)l.‘}h of e, € E;; are obtained. By solving model (M-1), the
weights @;j, of e, € E;; are obtained.



694  J. Pang et al. / HMAGDM Integrating Multi-Granulation Weighting Model and Improved VIKOR

Step 3. By using Egs.(7), the weights v;; of attributes under each alternative based
on effectiveness are obtained.
Step 4. By using the weights of experts @;;;, and ULWA operator, the group ULT
decision matrix R are obtained and shown in Table 4.

Table 4. Group ULT decision matrix R

X A

aj a as as as
X1 [55.848,57] [56.676557.676) [s6,573] [s3.682,54318]  [$5342,56.434]
X2 [s2.388,57.082]  [56.364,57] [3.3,525]  [55.068,55.534] [s2,55]
X3 [51.88,54.175]  [55.385,56.286] [54.808,55.888] [$4.046,54.682] [53.684555.316]
x4 [s1,54] [s5,56.526] [s5,56.2] [sa,54.636]  [sa.411,5855]
X5 [54211,55.632) [S4.116,55.185]  [$3.808,55.403] [$4.396554.942]  [54.539,55.824]
X6 [51872,54.576]  [543,556]  [53.918,55.051] [54381,55.86] [54.743,57.037]

Step 5. By using Eq.(8), the weights v? of each attribute based on maximizing devi-
ation in R are obtained, v{ = 0.326, v = 0.196, v§ = 0.193, v{ = 0.091, v¢ = 0.195.
Step 6. By solving model (M-2), the synthetic weights v; of attributes are obtained,

vy = 0.324, v, = 0.269, v3 = 0.155, v4 = 0.091, vs = 0.161.

Step 7. Let u = 0.5, §* = [ss,s3) and §~ = [s0,50]. By using the improved VIKOR
method, the values of S;, R; and Q; are obtained (see Table 5). The ranking result obtained
from Q; is x| > xp > X5 > x3 > Xx¢ > x4 and the optimal solution is x;.

Table 5. The values and rankings of the alternatives

X Values Rankings

Si R; O; Si R O;
X1 0.219 0.068 0 1 1 1
X3 0.359 0.107 0.406 2 2 2
X3 0.446 0.207 0.892 4 5 4
X4 0.463 0.231 1 6 6 6
X5 0.406 0.128 0.568 3 3 3
X6 0.460 0.201 0.902 5 4 5

5. Comparative analysis

5.1. Sensitivity analysis

The overall evaluation values Q;(1 < i < 6) and ranking results corresponding to different
compromise coefficient u are shown in Table 6.

It can be seen from Table 6 that different p will result in different ranking results.
However, no matter what value u takes, the optimal alternative is always x; and the order
of the first three alternatives has not changed. If weighted aggregation or TOPSIS is used
instead of the improved VIKOR method, only one ranking result can be obtained, i.e.,
X1 > X > X5 > X3 > Xg > X4. By contrast, the improved VIKOR method is more flexible

and practical.
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Table 6. The decision results under different compromise coefficient

Ot @ 03 O 05 O Ranking results aggiz?\ie

0 0 0238 0851 1 0368 0.817 x1>x2>2x5>X6>X3 > X4 X1
0.1 0 0272 0860 1 0.408 0.834 x;>x2>2x5> X6 > X3 > Xa X1
02 0 0305 0868 1 0.448 0.851 x1>x2>x5> X6 >=X3 > X4 X1
03 0 0339 0876 1 0.488 0.868 xj>x3>x5>X5>X3>Xa X1
04 0 0373 0884 1 0.528 0.885 x1>x2>=Xx5>X3 > X6 > X4 X1
05 0 0406 0892 1 0.568 0902 x;>x3>x5>X3> X6 > Xa X1
0.6 0 0440 0900 1 0.607 0919 xi>x2>x5>X3 > X6 > X4 X1
07 0 0473 0.909 1 0.647 0936 x;>xp > X5 > X3 > Xg > X4 X1
0.8 0 0507 0917 1 0.687 0.954 x;>x2>X5>X3 > X6 > X4 X1
09 0 0541 0925 1 0.727 0971 x;>x2>2x5> X3 > X > X4 X1
1.0 0 0574 0933 1 0.767 0988 x;>xp>Xx5> X3 > X6 > X4 X

5.2. Stability analysis

In this subsection, the stability of the proposed method will be verified through abla-
tion experiments. Table 7 lists the differences between the improved VIKOR method
(I-VIKOR) and three comparison methods M-VIKOR, D-VIKOR and MD-VIKOR.

Table 7. The improved VIKOR method and three comparison methods

Methods PIS NIS Attribute weights
I-VIKOR [s1,81] [50,50] multi-granulation weight
(ours) 51581 50,50 g g
M-VIKOR [max,- SijL,Mmax; S,‘_/'R] [min,- SijLs min; S[jR] multi-granulation weight
D-VIKOR Is1,51] [50,50] single-granulation weight based on

maximizing deviation
single-granulation weight based on
maximizing deviation

MD-VIKOR [maxisijL,maxisf/-R] [min,sijL,minisin]

Tables 8 show the ranking results of the four methods mentioned above. It can be
seen that the stability of the proposed I-VIKOR is the best, while the stability of MD-
VIKOR is the worst.

Table 8. Ranking results of four methods before and after deleting x;

Methods Before deleting x| After deleting x|

L-VIKOR X1 =X = x5 = X6 = x3 =x4 (0<u<0.3) Xp x5 >=xg >=x3 =x4 (0<u<04)

X1 =X = x5 >=x3 > X6 >~ x4 (04 <u<1) Xy = x5 = x3 = X6 = x4 (05<u<1)
X1 > X2 = Xg = X5 = x3 = x4 (U <0.1)

X] > X2 > X5 > Xg > X3 > X4 (O.ZS/J <0.5) X > X5 > X6 > X3 > X4 (OSI,L <0.6)

M-VIKOR X1 =X =x5 = x3 X6 X4 (0.6 < U <09 xp-x5>=-x3>=x6>=x4(0.7<u<1)
X1 =X = X5 = X3 > X4 > X6 (U=1)

D-VIKOR X1 =X = x5 > X6 = x3 = x4 (0 < u <0.6) X5 =X = xg >=x3 =x4 (0<u<0.2)

X| > X2 > X5 > X3 > Xg > X4 (0.7§[1§1) X > X5 > X6 > X3 > X4 (0.3S[J.S 1)

MD-VIKOR X1 =X x5 > X6 = x3 =x4 (0< u<0.9) X5 =X >=xg = x3 >=x4 (0<u<04)

X1 = X2 = X5 = X3 > X6 = X4 (W=1) Xo = x5 =X = x3 = x4 (0.5<u<1)
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5.3. Effectiveness analysis

In this subsection, the advantages of the multi-granulation weighting model for ex-
pert will be explained through comparative analysis of effectiveness. The proposed
HMAGDM method is called M-HMAGDM. The other three comparison methods are
U-HMAGDM using the uncertainty based expert weight (oi”jh, C-HMAGDM using the
closeness based expert weight a)i”jh, and E-HMAGDM with equal expert weight. The dif-
ference between them is only reflected in the calculation method of expert weights. Table
9 lists the effectiveness and ranking results corresponding to the above four methods.

Table 9. Comparison of effectiveness and ranking results of four HMAGDM methods

Mehtods EFDy EFD, EFD3 EFD4y EFDs EFD Ranking results
M-HMAGDM Xp =X > X5 > X6 = x3 x4 (0 < u <0.3)
(ours) 0.576 0.78 0.686 0.822 0.662 0.684 X1 = x2 - X5 - x3 = 16 = x4 (04 < 1< 1)

Xp =X = x5 > X6 > x3 > x4 (0< u <0.7)
Xp X2 = X5 - x3 > x6 = X4 (0.8 u<1)
Xp =X = x5 > X6 >=x3 x4 (0 < <0.3)
Xp =X = x5 = x3 = X6 x4 (04 < u<1)
X] > X5 = X2 =X - x3 > x4 (0< 1 <0.6)
Xp X5 =X = x3 = X6 x4 (0.7<u<1)

U-HMAGDM 0.572 0.78 0.686 0.822 0.66 0.683

C-HMAGDM 0.566 0.764 0.681 0.812 0.637 0.671

E-HMAGDM 0.559 0.705 0.679 0.811 0.633 0.644

From Table 9, it can be seen that the proposed method M-HMAGDM has the best
performance, while E-HMAGDM has the lowest performance. The other two methods
are between M-HMAGDM and E-HMAGDM.

6. Conclusions

The proposed HMAGDM method can effectively overcome the limitations of existing
methods in weight setting, information aggregation and alternative ranking, and ob-
tain more reasonable and high-quality decision results. The advantages of the proposed
method are demonstrated through comparative analysis of sensitivity, stability, and ef-
fectiveness. However, this study is limited to uncertain linguistic environment and can-
not be directly used to handle the HMAGDM problems with different forms and granu-
lations of fuzzy linguistic preference information in the open dynamic environment. In
the future, we will closely connect with practical decision-making problems and com-
bine factors such as trust relationships, self-confidence, attribute priority, and alternative
grade to study consensus analysis models and decision feedback mechanisms for com-
plex HMAGDM problems in different linguistic environments. On this basis, explore
more flexible and reliable group decision-making methods to provide decision-makers
with more scientific and practical decision support.
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