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Abstract. In our daily life, we could be confronted with numerous multiple attribute group decision
making (MAGDM) problems. For such problems we designed a model which employs probabilistic
linguistic MABAC (multi-attributive border approximation area comparison) based on the cumu-
lative prospect theory (CPT-PL-MABAC) method to solve the MAGDM. The CPT-PL-MABAC
method can take experts’ psychological behaviour and preferences into consideration. Furthermore,
we utilize the combined weight consisting of subjective weight and objective weight. The objective
weight is acquired by the entropy method. Additionally, the concrete calculating steps of CPT-PL-
MABAC method are proposed to solve the MAGDM for selecting the optimal location of express
distribution centre. Also, a numerical example for location selection of express distribution centre is
given as the justification of the usefulness of the designed method. Finally, we compare the designed
model with the other three existing models, and summarize the advantages and shortcomings.

Key words: multiple attribute group decision making (MAGDM), PLTSs, MABAC algorithm,
entropy method, cumulative prospect theory (CPT), location selection.

1. Introduction

Multiple attribute decision making (MADM) or multiple attribute group decision making
(MAGDM) is an effective approach to solve complex decision-making issues (Huang et
al.,2021; Lei et al., 2021; Liu et al., 2018; Zhang D. et al., 2021; Zhang et al., 2018). In
the decision-making process, decision makers are usually experts in their fields. There-
fore, decision makers (DMs) would like to use linguistic terms rather than utilize the exact
real numbers due to the complication of the socioeconomic setting and fuzziness of hu-
man beings’ thinking (Lei er al., 2021; Wei et al., 2021a). It means that the linguistic
terms given by experts contain uncertainty and preference. To solve the uncertainty of
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decision-making problems, a lot of effective work has been done. Wang and Garg (2021)
proposed new interaction Pythagorean operators and designed an algorithm to solve the
MADM issues with Pythagorean fuzzy uncertainties. Yazdi et al. (2020) proposed an
integrated method which combined BWM with Weighted Aggregated Sum-Product As-
sessment (WASPAS) on uncertain decision-making environments with Z-numbers. Xiao
et al. (2021) built Taxonomy method for MAGDM based on interval-valued intuitionistic
fuzzy information. Zhang H. et al. (2021) defined the CPT-MABAC method for spherical
fuzzy MAGDM. Zhang S. et al. (2021) defined the grey relational analysis method based
on cumulative prospect theory for intuitionistic fuzzy MAGDM.

The decision makers are more likely to choose ‘good’, ‘medium’, ‘a little good’ and
‘excellent’ to evaluate alternatives. Therefore, Rodriguez er al. (2012) defined hesitant
fuzzy linguistic term set (HFLTS) to use the hesitancy degree in the linguistic context.
Zeng et al. (2019) introduced several weighted operators to aggregate weighted hesitant
fuzzy linguistic information. Liu ef al. (2019) improved incomplete hesitant fuzzy linguis-
tic preference relations (IHFLPRs). These concepts can describe ambiguity and preference
in linguistic term sets, but ignored differences in the importance of evaluation information.
Thus, Pang et al. (2016) used probabilistic linguistic term sets (PLTSs) to depict fuzzi-
ness and uncertainty with certain probabilities. They proposed some rules of operation
and aggregation operators for PLTSs. We can find that PLTSs can more comprehensively
and precisely represent the attitude of decision makers. Furthermore, many improvements
have been made in decision-making issues on PLTSs. Yue ef al. (2020b) put forward the
group utility measure, the individual regret measure and the compromise measure under
PLTSs. Some studies discussed decision making methods under PLTSs. Wei ez al. (2021b)
built the DAS method for probabilistic linguistic MAGDM. Chen et al. (2020) combined
distillation algorithm with ELECTRE III method on PLTSs. He ef al. (2021) modified
the FMEA (the failure mode and effect analysis) model on the PLTSs. You et al. (2020)
designed PL-VIKOR method and modified the distance measure. Some studies have intro-
duced and defined some new distance formulas. Chang et al. (2021) introduced Hellinger
distance measure. Jiang and Liao (2021) defined Kolmogorov-Smirnov distance measure
on the PLTSs. Some studies have proposed effective tools to solve decision-making is-
sues under PLTSs. Du and Liu (2021) researched quality function deployment tool under
PLTSs. Lin et al. (2021) proposed score C-PLTSs and probability splitting algorithm. And
anovel PLTS correlation coefficient was put forward by Luo et al. (2020). Peng and Wang
(2020) introduced linguistic scale functions. Shen ef al. (2021) came up with a model to
reduce limitations of evaluation on the PLTSs. Teng et al. (2021) designed the Choquet
integral operator under PLTSs. Wang and Liang (2020) put away a preference degree for
g-granularity PLTS. Wang et al. (2021) extended the operational laws of PLTSs. Wang
et al. (2020) proposed probabilistic linguistic Z-numbers to describe related information.
Xie et al. (2020) defined the dual probabilistic linguistic correlation coefficient. Xu et
al. (2020) proposed a method to make probabilistic linguistic more complete in describ-
ing evaluation information. Yu et al. (2020) combined stochastic dominance degrees with
PLTSs. Yue et al. (2020a) introduced the projection formulas and Qu ez al. (2020) intro-
duced new utility functions on the PLTSs. Su et al. (20212a) built PT-TODIM method for
probabilistic linguistic MAGDM.
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Applying PLTSs and related methods to some practical cases can reflect advantages
and the applicability of PLTSs. Liang et al. (2020) improved customer satisfaction eval-
uation system on PLTSs. Mo (2020) proposed the D-PLTS method to settle emergency
decision-making issues. Pan ef al. (2021) designed a probabilistic linguistic data envelop-
ment analysis model. Xu C. et al. (2020) applied probabilistic linguistic preference rela-
tions to handle the healthcare insurance audits in China. Gao et al. (2021) proposed the
PLTSs to describe information and built the MCGDM framework for the risk assessment.
Luo et al. (2021) designed the IDOCRIW-COCOSO model to evaluate tourism attractions
on the PLTSs. Ming et al. (2020) structured a medical service evaluation criteria system
under PLTSs.

The MABAC method is an effective method to address some difficult decision mak-
ing issues. Xu et al. (2019) used the MABAC algorithm to select the optimal green sup-
plier. To select the optimal university, Gong et al. (2020) designed a new UTAE (under-
graduate teaching audit and evaluation) approach combined with the MABAC method.
Biswas (2020) selected the MABAC method to prepare a comparative analysis of supply
chain performances. In order to make better use of the MABAC method, experts put it
in different linguistic environments. Verma (2021) applied IFS (intuitionistic fuzzy set)
with the MABAC algorithm. Liang er al. (2019) came up with the MABAC approach
based on TFEN to evaluate the risk of rock-burst. Hu et al. (2019) combined the MABAC
method with the similarity of interval type-2 fuzzy numbers (IT2FNs). Sun et al. (2018)
extended the MABAC method to HFLTSs (hesitant fuzzy linguistic term sets) for pa-
tients’ prioritization. Aydin (2021) applied the MABAC method with Fermantean fuzzy
sets into decision-making process. Liu and Zhang (2021) integrated the MABAC model
with prospect theory (PT) on a normal wiggly hesitant fuzzy set NWHES). Additionally,
many studies combined MABAC with another algorithm to solve MADM or MAGDM
problems. Pamucar et al. (2018) defined the IR-AHP-MABAC (interval rough analytic
hierarchy process-MABAC) model to assess the quality of websites. Jiang et al. (2022)
built the picture fuzzy MABAC method based on prospect theory for MAGDM.

The above investigations described a particular assumption that DMs are perfectly ra-
tional. However, many studies show that people’s behaviour is affected by their emotions.
For example, people are inclined to be more sensitive to losses than to gains. That’s to say,
the perception of equal gains and losses are not the same for DMs. In general, people are
inclined to be risk-averse. Based on these assumptions of bounded rationality, the cumu-
lative prospect theory (CPT) (Tversky and Kahneman, 1992) broke through the classical
utility theory and defined the weight function and value function. Gong et al. (2018) builta
new model based on CPT to tackle portfolio selection. Zhao et al. (2021b) combined CPT
with TODIM method under several linguistic environments, such as pythagorean fuzzy
sets (2021), the 2-tuple linguistic pythagorean fuzzy sets (Zhao et al., 2021c). Addition-
ally, Zhao et al. (2021a) introduced the intuitionistic fuzzy MABAC method based on
CPT. Furthermore, picture fuzzy sets (Jiang ez al., 2021a, 2021b) were dealt with CPT. Su
et al. (2021b) built the probabilistic uncertain linguistic EDAS method based on prospect
theory for MAGDM.

In the original MABAC method, the psychological factor such as the DMs’ preference
towards risk will affect the distance between the border approximation area. Furthermore,
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there are relatively few researches on constructing the MABAC method for MAGDM de-
pending on the CPT under PLTSs. The main research significance of this paper is the
modified MABAC method with CPT which can reduce the affection. Therefore, the PL-
MABAC based on cumulative prospect theory (CPT-PL-MABAC) method in this paper
is defined to solve the location selection of express distribution centre, which is a classical
MAGDM issue. This article makes contributions as follows: (1) the concept of CPT is
integrated into the PL-MABAC method for MAGDM. This method not only has unam-
biguous logic and relatively simple calculation, but also expresses the DM’s psychological
state, which is closer to reality; (2) we improved the entropy method, which is character-
ized by the mean value of attributes as the reference point; (3) the combined attribute
weights are obtained through objective weight by the entropy method and by getting the
subjective weight given by decision makers; (4) the effectiveness and stability of this new
method is fully testified by taking advantage of a case about location selection of express
distribution centre and comparisons with the existing methods.

To sum up, the structure of this paper is built as follows. The second part mainly intro-
duces and reviews the basic knowledge, including the PLTSs and CPT. In Section 3, the
PL-MABAC based on cumulative prospect theory (CPT-PL-MABAC) method is defined
to solve the MAGDM. In Section 4, a case for location selection of express distribution
centre is given as the justification of the usefulness of the designed method. Also, we com-
pared our method with existing methods and demonstrated the stability and availability
of this method. Finally, the main contributions of this paper, the limitations of the new
method and future research directions are included.

2. Preliminaries
In order to illustrate the CPT-PL-MABAC model, some relevant knowledge is introduced.

2.1. PLTSs

Sometimes, decision makers give fuzzy evaluation information that cannot be expressed
exactly. Pang et al. (2016) came up with PLTS, which have different weights and proba-
bilities.

DEeriNiTION 1 (Gou ef al., 2017). Let L = {¢A = —0,...,-2,—1,0,1,2,...,0}
be an LTS, and the linguistic terms {3 can be denoted as the value information x by
transformation function «, and the formula is as follows:

Kk [¢-x, ¢x] — [0, 1],

A40 (1

k(Lx) = ETE
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x can also be translated into linguistic terms ¢ by the shifting function « ~!:

L0, 11 = [2os, Gl

-1 ()
(0 = Lex-na = &
DeFintTION 2 (Pang et al., 2016). Suppose L = {{3|A = —0,...,—2,—1,0,1,2, ..., 9}
is an LTS, then the PLTS could be defined as follows:
#L(p)
L(p) = {;(V)(p(}’))‘g-(}’) c L,p(y) >0,y =1,2,...,#L(p), Z p(V) < 1}'
y=I
3

In this formula, £ ¥ (p()) denotes yth linguistic term £ ) and its corresponding proba-
bility value p@. The linguistic terms ¢ ) are arranged in ascending order in the set L(p).
#L(p) represents the linguistic terms’ length in L(p).

To make the PLTSs easier to deal with, Pang et al. (2016) normalized the PLTS L(p)
as NL(P) = [¢P B¢ e L5V > 0.y = 1.2,... #L(p). TP 50 = 1),

where p") = p(V)/ZiL:({’) pW forally =1,2,...,#L(p).

DEerintTION 3 (Pang et al., 2016). Suppose L = {hz|le = —9,...,—1,0,1,...0}is an
LTS, NLi(5) = (¢ GO)]y = 1.2.... #NLi(5)} and NLa(5) = e 9y =
1,2,...,#NLy( ﬁ)} are two PLTSs, where #NL (p) represents the linguistic term length
of PLTS NL;(p). #NL,(p) reasonably represents the corresponding length of NL;(p).
To make the subscript of PLTS symmetric, we add #NL(p) — #NL(p) linguistic terms
to NLy(p) when #NL(p) > #NL(p). It should be noted that the added linguistic term
defaults to the minimum linguistic term in NL,(p) and its corresponding probability is
zero.

DerINtTION 4 (Pang et al., 2016). Suppose NL(p) = {¢ 7 (pY)|y = 1,2,... ,#NL(p)}
is a PLTS, then the score formula and deviation formula of the PLTS is as follows:

#NL(p #NL(p)

F(NL(p)) = Z (NLp)? [ Z ikt @)
#NL(p) #NL(p)

DF(NL(P) = | Y (k(NL(D)p» = SFNLE)) [ Y- 5. ®)
y=I y=I

We can obtain the order relation between two PLTSs by Eqgs. (4) and (5).

(1) If SF(NL1(p)) > SF(NLy(p)), then NL{(p) > NL>(p);
(2) If SF(NL1(p)) = SF(NLy(p)), then DF(NLi(p)) = DF(NLx(p)) and NLi(p) =
NLy(p); if DF(NL1(p)) < DF(NLy(p)), then NL{(p) > NL2(p).
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DerintTioN 5 (Lin ef al., 2019). Suppose L = {¢x|xA = —0,...,—1,0,1,...,0} is an
LTS. Calculate the distance from NL;(5) = {¢"'(3")|y = 1,2,....#NLi(p)} to
NLy(p) = {gz(y)(ﬁéy)) |y =12,..., #NLz(ﬁ)} by the Hamming distance as follows:

#NL1 (P) | ~ -
Zy:ll(P) pgy)K(gl(y)) _ ng)K(Cz(y))}

#NL(p) ©

d(NL(p), NL2(p)) =
2.2. Cumulative Prospect Theory

In the cumulative prospect theory (CPT) (Tversky and Kahneman, 1992), DMs will go
through two stages when they are faced with choices and make decisions: editing stage
and evaluation stage. In the editing stage, the decision-makers will collect information and
do some preprocessing to find out the reference point; in the evaluation stage, the decision
makers will evaluate the prospect which has been pretreated and choose the best prospect
based on a value function A(x ;) and a weight function w(p;). Therefore, the specific form
of the total value function of prospect theory is as follows Tversky and Kahneman (1992):

AGj) =Y 2Cepw(p;), )

J=1

where m is the number of attributes for alternatives; j expresses the jth attribute; A(x;)
reflects the DMs’ subjective feeling value according to the actual gains or the losses. The
formula of A(x;) is defined as follows Tversky and Kahneman (1992):

(Ax)T, if Ax >0,

CO(—Ax), ifAx <0, O0=TS<l ®)

Axj) = {
In this formula, x; signifies the value of the jth attribute. A > 0 signifies the gain,
Ax < 0 signifies the loss and Ax = 0 signifies no gain or loss. T and ¢ represent the
parameters of risk attitudes. These depict the sensitivity of decision makers to gains and
losses. 6 depicts the coefficient of loss aversion, and 6 > 1. The higher the value of 6, the
more risk averse the decision maker is. Tversky and the others obtained the parameters
of the value function in CPT with the method of linear regression when the parameters
were T = ¢ = 0.88, 6 = 2.25. It was more consistent with the empirical data. And it is
worth mentioning that we take the probabilistic linguistic border approximation area as
the reference point to gains and losses in this paper.

3. CPT-PL-MABAC Model for MAGDM Issues
We will introduce the MABAC method based on CPT and on the PLTS. We will also

give the following mathematical symbols which are used to express the relevant infor-
mation. We suppose that there is a collection of alternatives h = {1, o, ..., N, } and
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n qualitative attributes I = {J1, Iz, ..., J,}. Experts will evaluate every attribute and
use linguistics ;l.kj Gi=12,....m,j=12,....,nk =1,2,...,¢q) to express the
value of evaluation. @ = (w1, @2, ..., @y) represents the attribute weight vector, where

w; €[0,1], Z?:l wj=1and 8 = {R¥, Ry, ..., N,} is a collection of g experts.

We designed the new PL-MABAC method in which the CPT is introduced to address
MAGDM problems. A laconic frame diagram and the specific calculating procedure as
follows:

3.1. The CPT-PL-MABAC Frame Diagram

See Fig. 1.

Step 2.Shift the value of
evaluation information
mto PLTSs.Build the
evaluation matrix.

Step 3. Obtain the
normalized decision
matrix

Step 1. Transform cost
attributes into beneficial
ones

Step 6. Figure up the

Step 4. Figure up the
combined weight of
attributes

Step 5. Figure out the
probabilistic linguistic
border approximation
area (PLBAA) matrix

Hamming distance and
the cumulative prospect
distance matrix from
PLBAA

Step 7. Calculate the
probabilistic linguistic
total prospect value

Step 8. Rank the value
and get the optimum
alternative

Fig. 1. CPT-PL-MABAC frame diagram.

3.2. The CPT-PL-MABAC Calculating Procedure

Step 1. Transform cost attributes into beneficial ones.
Givenan LTS L = {¢x]A = —9,...,—1,0, 1, ... 9}, and transform the cost attribute
g5 into the beneficial attribute {_j.

Step 2. Shift the value of evaluation information L = {g’i’;.|k = 1,2,...,q,i =
1,2,...,m,j = 1,2,...,n} into PLTSs PL = {;ig?)(pg))yy = 1,2,...,#L;j(p)}.
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Build the evaluation matrix M = (PLij(p)lmxn: PLij(p) = (¢ (p)ly =
L2, #L () =1,2,...,m,j=1,2,...,n).

Step 3. Obtain the normalized decision matrix NM = (NPL;;(p))mxn With PLTSs,

~ #L,()~ .
NPLj(p) = {g,-(,y)<p/)>|y = L2 4Ly, D, Y = G o=
1,2,....m, j=1,2,...,n).

Step 4. Figure up the combined weight of attributes.

We acquire the objective weight by the entropy method and get the subjective weight
given by decision makers.

First, we introduce the specific procedure of the entropy method. It should be noted
that when calculating entropy, we use the mean value of the attribute as the reference point
to calculate its distance from the normalized attribute value.

1. Calculate the mean value of jth attribute, the formula is expressed below:
ML;(pj) = {c(”( g =1.2,....#L;;(p)}, ©)

é“;y) ) Zg_m( ZP(V))' (10)

2. Let p; be the entropy of the jth attribute, and calculate it by using Eq. (11):

B 1 m
®i= lnml "

x[ d(NL;ij(pj), ML;j(p;)) ln< d(NL;ij(pj), ML;j(p;)) >i|
Y d(NLij(pj), ML;(pj))  \>_it; d(NLij(p;).ML;j(pj)) ]|

Y
3. Compute the objective weights of the jth attribute by using Eq. (12):

I —p;
Yio—pp’

where w,; € [0, 1Tand 3, w,; = 1.

Wyj = j=12...,n, (12)

Then, we calculate the combined weights by using the following equation. The ad-
vantage of using combined weight is that the influence of subjective weight and objective
weight can be considered comprehensively.

Decision makers gave the subjective weights wy; = (wy1, w2, ..., Wsy), where wy; €
0,1, j =1,2,...,n, Z’}:l wy; = 1. The objective weight wy; = (Wo1, We2, - - . , Won)
is calculated by using Eq. (12) directly, where w,; € [0,1], j = 1,2,...,n
27:1 w,; = 1. Therefore, the combined weights of attributes w.; = (We1, We2, - - ., Wen)
could be defined:

R
wej = o (13)

n . . ’
Zj:l Woj * Wyj

where we; € (0,11, j =1,2,...,n, 27:1 wej = 1.
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Step 5. Figure out the probabilistic linguistic border approximation area (PLBAA) matrix
PLBAA = (PLBAA;)1xx. The PLBAA could be obtained according to Egs. (14)—(16).

PLBAA = (PLBAA;)|xn, (14)
PLBAA; = (£ (5)|y = 1.2.... . #NLi; ()}, (15)

‘E}V)(gj{)/)) ZK—1<m l—[ (V) >< l_[p(y)>. (16)
i=1

Step 6. Figure up the Hamming distance from PLBAA by Eq. (17) and the cumulative
prospect distance matrix by using Eq. (18).

#NL;; (p)
d(NLij (p). PLBAA ) = ( > k@GP - K(;}”)(ﬁ}”)\) J#NL (5,
- (17)
[d(NL;j(p), PLBAAj)]*wj,
. #NL;; (p < o
it (S0 7 (&) (pF) = . (€7)(BY)) /#NL (5) > 0,
07
Aij = (18)

o N () “(y)y (<

it (52 (&) (pi)) = k(&) (BY)) J#NLij (5) = 0,
—01d(NLj (§), PLBAA )1 w;,

(S0P (6 ) () — e E7) (50 s () <

We take PLBAA ; as reference point and the parameters in value functionare 1 = ¢ =
0.88,0 = 2.25.

Step 7. Calculate the probabilistic linguistic total prospect value.
n
f:ZA,-j, i=1,2...,m. (19)

Step 8. Rank the value of A (i = 1,2, ..., m) to obtain the best alternative.

4. An Example Analysis and Comparative Analysis
4.1. An Example Analysis

In the background of e-commerce, online shopping has become a very common way of
consumption in people’s lives. The recent epidemic situation also makes people more
accustomed to using online shopping for consumption. Therefore, express delivery has
become a matter of great concern. Reasonable and effective site selection can improve the
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Table 1
Linguistic decision matrix by the first DM.
Alternatives 31 Jn J3 4
Ny SA SI A M
Ny I DI SI I
N3 M I A DI
Naq I DI I I
Ns M I M M

service quality and win the favour of customers, so as to achieve the all-win goal of Ex-
press Distribution Centre, businesses and consumers. The express industry is the product
of rapid economic development. It means that the consumption capacity of a region has
a crucial impact on the express business volume. How to choose a proper express distri-
bution centre is of great importance to both express companies and consumers. Generally
speaking, the more developed the region is, the more its express business volume will be,
and the number of distribution centres will be more and more centralized. Additionally,
the site selection also needs to consider the local population and demand. For example,
the closer to the central business district, the denser the population, the more demand for
express delivery. Besides, for the areas where e-commerce self-employed households are
concentrated, the demand for express delivery is very large, which should be considered
as the key object. Moreover, to choose a reasonable address for the express delivery cen-
tre, we must consider the problem of cost minimization. And convenient transportation
can effectively ensure the timeliness of express delivery. Otherwise, in order to ensure
service quality, express enterprises can only add more outlets or send more vehicles, no
matter which way it will lead to increased costs. We know that choosing the best address
of Express Distribution Centre is a classic MADM or MAGDM problem. In this case, we
gave five alternative sites i; (i = 1, 2, 3,4, 5) to choose from. The experts selected four
attributes to consider five alternative addresses: (1) 3 is the degree of economic devel-
opment; (2) J» is the construction and transportation cost; (3) J3 is the population status
and demand; and (4) J4 is the degree of convenient transportation. These five potential
addresses N; (i = 1,2, 3, 4, 5) must be evaluated by using the LTSs:

{§_3 = deeply inapposite(DI), {2 = so inapposite(SI), {1 = inapposite(l)
¢o = middling(M), ¢ = apposite(A), {3 = so apposite(SA),
£3 = deeply apposite(DA)}.

by the five DMs within the above four beneficial attributes. The evaluation information by
using the LTSs is listed in Tables 1-5.

For the convenience of calculation, we first express the evaluation information given
by experts by using linguistic term sets (Tables 6—10).

Then, we choose the most appropriate site fot the logistics distribution centre by using
CPT-PL-MABAC method.

Step 1. Transform the cost attribute J; into a beneficial one. If the cost attribute value is
Z», then transform it into beneficial attribute value ¢_; (see Tables 11-15).
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Table 2
Linguistic decision matrix by the second DM.
Alternatives J1 RY) 33 34
Ny SI I DA DA
No A I DI M
N3 SA M SA A
Ny DI M DI M
Ns A A SI I
Table 3
Linguistic decison matrix by the third DM.
Alternatives J1 Jp 33 34
Ny A SI SA SA
No 1 I SI I
N3 M SI A DI
Ny SI DA SA I
Ns M DA M A
Table 4
Linguistic decision matrix by the fourth DM.
Alternatives R R J3 4
N SA I DA DA
No A DI A M
N3 M I A A
Ny SI DA DI A
Ns M DA SI 1
Table 5
Linguistic decision matrix by the fifth DM.
Alternatives I J2 J3 4
N SA M DA DA
Ny SA SI A SI
N3 I I A SI
Ny DI SA DI A
Ns A DA A 1

Step 2. Shift the evaluation information with LTSs into a decision matrix M =
(PL;j(p))mxn with PLTSs (see Table 16).

Step 3. Normalize the decision matrix with PLTSs. Transform the decision matrix M =
(PL;j(p))mxn into the normalized decision matrix NM = (NPLi;;(P))mxn, NPL;;(p)

- - #Lii(P) ~ . .
(PGl = 124y, 07 5 = 1) o= 12 m, ) =
1,2,...,n) (see Table 17).

Step 4. Figure out the combined weight.
Firstly, the objective weights are calculated by the entrophy method and the detailed
calculation steps are as follows:
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Table 6
Decision matrix with linguistic term sets by the first DM.
Alternatives J1 I 33 S4
Ny 9} {2 91 %0
o) {1 (-3 {2 {1
N3 %0 ‘-1 & {3
Ny {1 (-3 {1 {1
Ns o {-1 o 0

Table 7

Decision matrix with linguistic term sets by the second DM.

Alternatives

~

31 J2 33 RY1
Ry ) {1 &3 &}
o) & [ {-3 o
N3 9] %o %) |
Ny {3 o (-3 )
Rs 91 g1 {2 {1
Table 8
Decision matrix with linguistic term sets by the third DM.
Alternatives I I J3 4
Ny o] () 9] 9]
Ro [ {1 {2 .
N3 ) ) {1 {3
Ry [ 3 9] ¢
NRs o &} o 9|
Table 9

Decision matrix with linguistic term sets by the fourth DM.

~

Alternatives 1 RY) I3 4
Ry & {1 &3 €]
NRo 1 ‘-3 {1 )
N3 o {1 {1 ol
Ny ) &} {3 4]
Rs ) 3 -] {1

(1) The mean value of jth attribute is calculated by Eqs. (9)—(10) (see Table 18).

(2) The p; is the entropy of the jth attribute, it is calculated by Eq. (11) (see Table 19).

(3) The objective weight of the jth attribute is computed by Eq. (12), and the results are
as follows: w,1 = 0.515, wyy = 0.136, wyz = 0.215, weq = 0.134.

Secondly, the subjective weights are given by experts, which are: wy; = 0.1, wgo =
0.4, wgz = 0.3, wea = 0.2

Finally, the combined weight can be calculated by Eq. (13), and the results are as
follows: w.1 = 0.261, we = 0.276, wez = 0.326, we4 = 0.136.
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Decision matrix with linguistic term sets by the fifth DM.

Alternatives I I I3 4
Ny 9} %0 43 g3
ji5) o} {2 g1 )
N3 {1 {1 9| {2
Ry {3 19) ¢-3 41
Ns & 5] g1 {-1
Table 11
Linguistic evaluating value matrix by the first DM.
Alternatives 31 Ry 33 R
Ny 9} 9} 9l %0
o) {1 3 {2 -
N3 %0 9l 9l {3
Ny ¢—1 5] ¢-1 ¢-1
Ns 0 & 0 0
Table 12
Linguistic evaluating value matrix by the second DM.
Alternatives 1 RY) J3 4
Ny {2 o] g3 83
o) o] 9l {3 %0
N3 9} %o 9) &
Ny (-3 %o {3 %0
Ns 91 {-1 () {-1
Table 13
Linguistic evaluating value matrix by the third DM.
Alternatives I RY) J3 R
Ny 9l 9} %) 9
i) s-1 9l o) g1
N3 %0 o} 91 {3
Ny (-] {3 9} {-1
Ns %0 {3 %0 1
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Step 5. According to Eqgs. (14)—(16), the PLBAA = (PLBAA ;)14 for all attributes can be
obtained (see Table 20).

Step 6. The Hamming distance can be calculated by using Eq. (17) and the cumulative
prospect Hamming distance can be calculated by using Eq. (18) (see Tables 21-22).

Step 7. Figure up the probabilistic linguistic total prospect value, which is computed by
using Eq. (19) (see Table 23).

Step 8. According to the above calculation, the rank of alternatives is :t; > N3 > N5 >
Ny > N4, and the optimal location is Nj.
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Table 14
Linguistic evaluating value matrix by the fourth DM.
Alternatives 31 RY) J3 4
N ¢ &1 €] €]
No q] %] 9| %o
N3 ) & 9| o]
Ry 2 {3 {3 |
Ns %0 {3 {2 {-1
Table 15
Linguistic evaluating value matrix by the fifth DM.
Alternatives R RY) J3 S4
N ¢} %o €] €]
R 9} %) g1 {2
N3 {-1 o] 91 {2
Ny {3 {2 (-3 g1
N5 91 [ g1 {—1
Table 16
Decision matrix with PLTSs.
Alternatives I RY)
Ry {¢-2(0.2), £1(0.2), £2(0.6)} {£-2(0.4), £_1(0.4), £p(0.2)}
N {-1(0.4), £1(0.4), £2(0.2)} {¢-3(0.4),£2(0.2), £_1(0.4)}
N3 {¢-1(0.2), £0(0.6), £2(0.2)} {£-2(0.2), £_1(0.6), £p(0.2)}
Ny {¢-3(0.4),£2(0.4),5-1(0.2)}  {£0(0.2), £2(0.2), £3(0.6)}
Ns {£0(0.0), £0(0.6), £1(0.4)} {£-1(0.2), £1(0.6), £3(0.2)}
Alternatives I3 4
Ny {21(0.2), £2(0.2), £3(0.6)} {20(0.2), £2(0.2), £3(0.6)}
Hiv} {¢-3(0.2),£2(0.4), £1(0.4)}  {¢-2(0.2),¢-1(0.4), £ (0.4)}
N3 {£1(0.0), £1(0.8), £2(0.2)} {¢-3(0.4),£-2(0.2), 51 (0.4)}
Ny {¢-3(0.6),£-1(0.2), £2(0.2)}  {¢-1(0.4), §0(0.2), £1(0.4)}
Ns {¢-2(0.4), §p(0.4), £1(0.2)} {¢-1(0.6), £0(0.2), £1(0.2)}
Table 17
Normalized decision matrix with PLTSs.
Alternatives  3J )
Ny {¢-2(0.2), £1(0.2), £2(0.6)} {20(0.2), £1(0.4), £2(0.4)}
o) {-1(0.4), £1(0.4), £2(0.2)} {£1(0.4), £2(0.2), £3(0.4)}
N3 {¢-1(0.2), £0(0.6), £2(0.2)} {0(0.2), £1(0.6), £2(0.2)}
Ny {-3(0.4),2(0.4),-1(0.2)}  {£-1(0.6), £1(0.2), £2(0.2)}
Ns {£0(0.0), £0(0.6), £1(0.4)} {¢-3(0.2),£_1(0.6), 1 (0.2)}
Alternatives 33 4
9y {£1(0.2), £2(0.2), £3(0.6)} {€0(0.2), £2(0.2), £3(0.6)}
No {¢-3(0.2),£-2(0.4), 51 (0.4} {£-2(0.2),£-1(0.4), 5o(0.4)}
N3 {£1(0.0), £1(0.8), £2(0.2)} {¢-3(0.4),£2(0.2), {1 (0.4)}
Ny {¢-3(0.6),£-1(0.2), £2(0.2)}  {£-1(0.6), £1(0.2), £2(0.2)}
Ns {¢-2(0.4), §p(0.4), £1(0.2)} {£-1(0.6), £0(0.2), £1(0.2)}
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The mean value for all attributes.
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The mean value

{£0.2700(0.2400), £0.5000(0.5200), £0.7000 (0-2400)}
{0.3300(0.3200), £0.5300(0.4000), £9.7700(0.2800)}
{20.3000(0.2800), £0.5000(0-4000), £0.8000(0.3200)}
{£0.2700(0.4000), £o.5000(0.2400), £0.7300(0.3600)}

Table 19

Probabilistic linguistic total prospect value of the all alternatives.

Alternatives

31 37 33 34
©) 0.8689 0.9653 0.9453 0.9657
Table 20
PLBAA for all attributes.
PLBAA
3 {20.0000(0.0000), £0.4503(0.5102), £0.6635(0.2297)}
3, {20.0000(0.2862), £0.4599(0.3565), £0.7463 (0.2639)}
33 {20.0000(0.0000), £0.4342(0.3482), 507905 (0.2862)}
34 {£0.0000(0.3565), £0.4342(0.2297), £0.7137(0.3288)}
Table 21
The Hamming distance matrix.
Alternatives 31 Ry I3 4
Ny 0.0726 0.1130 0.2779 0.1774
Ry 0.0615 0.1575 —0.0417 0.0338
N3 0.0504 0.1221 0.1472 —0.0328
Ny —0.0830 —0.0759 —0.0480 0.1005
Ns 0.0615 —0.0332 0.0695 0.1005
Table 22
The cumulative prospect distance matrix.
Alternatives Ry 3o J3 4
Ny 0.0236 0.0419 0.0724 0.0307
Ny 0.0204 0.0561 —0.0462 0.0072
N3 0.0171 0.0448 0.0624 —0.0157
Ny —0.0596 —0.0664 —0.0524 0.0186
Rs 0.0204 —0.0321 0.0322 0.0186
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4.2. Comparative Analysis

We compared our proposed model with three existing methods, which are the PLWA op-
erator (Pang et al., 2016), the PL-TOPSIS method (Pang et al., 2016) and the PL-GRA
method (Liang et al., 2018) (let p = 0.5) (see Table 24).
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Table 23
Probabilistic linguistic total prospect value of the all alternatives.
Alternatives N Ny N3 Ny Ns
A} 0.1686 0.0374 0.1087 —0.1598 0.0391
Table 24
Order by using diverse methods.
Methods Order Optimal alternative  Bad alternative
PLWA operator (Pang et al., 2016) N > N3 >Ny >Ng >Ny Ny Ny
PL-TOPSIS method (Pang et al., 2016) R > Rz > Ry > N5 > Ny Ny Ny
PL-GRA method (Liang et al., 2018) R >Ny > N3 >NRs >Ny My Ny
PL-MABAC Ry >Ny > N3 > N5 >Ny My Ny
CPT-PL-MABAC method Ry > N3 >Ng >Ny >Ny Ny Ny

As you can see from the table above, all four methods obtain the same optimal site N
and the same nonoptimal site N4. It means that our method is stable and valid. We can
also find the other sites are ranked slightly differently because each method has different
emphases. The PL-GRA method emphasizes the shape similarity degree from the PIS,
the PL-TOPSIS method emphasizes the distance closeness degree from the PIS and NIS,
and the PLWA operator emphasizes the group influences degrees. Additionally, the PL-
MABAC emphasizes the distance from the border approximation area. The new CPT-PL-
MAC is not only an efficient and reliable decision-making tool with direct computation
algorithms and a steady solution, but also introduced the psychological factor of experts.

5. Conclusion

The location selection of the express distribution centre is of great significance in the de-
velopment of the express delivery industry. Therefore, a new PL-MAGDM method (CPT-
PL-MABAC) is established to be applied to this issue. The main contributions of this arti-
cle can be summarized as follows. Firstly, we introduce the CPT into the original MABAC
method under PLTSs. The psychological factors of experts are introduced in the evalua-
tion. Secondly, we improved the entropy method under PLTSs, which is characterized
by the mean value of attributes as the reference point. Thirdly, we improved the distance
formula between the evaluation values of the alternative and PLBBA. Finally, the new
method enriches the decision-making method based on PLTS and enriches the model of
location selection.

The CPT-PL-MABAC model is a stable decision-making tool with direct computation
algorithms. Also, it can get comprehensive final sorting results because it considers the
potential values of gains and losses. However, the method proposed is ineffective in the
face of some problems when attribute weights and evaluation information are not com-
pletely known. Moreover, we only refer to reference points and value functions in CPT.

In future studies, we plan to deal with the situation where the weights are not com-
pletely known. Additionally, this method can be applied to other specific decision-making
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problems and many other unpredictable and fuzzy environments, for example, green en-
ergy supplier issues and other location selection issues.
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