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Abstract: In order to obtain an optimal medical consumption product supplier, the integration of
combined weights and multi-attributive border approximation area comparison (MABAC) under
probabilistic linguistic sets (PLTSs) has offered a novel integrated model in which the CRiteria
Importance Through Intercriteria Correlation (CRITIC) method is employed for calculating the
objective weights of various attributes and the MABAC method with PLTSs is used to acquire the
final ranking result of a medical consumption product supplier. Additionally, so as to indicate
the applicability of the devised method, this model is confirmed by a numerical case for the
supplier selection of medical consumption products. Some comparative studies are made with some
existing methods. The proposed method can also successfully select suitable alternatives in other
selection problems.

Keywords: multiple attribute group decision making (MAGDM); probabilistic linguistic term sets
(PLTSs); MABAC method; CRITIC method; combined weights; medical consumption products;
supplier selection

1. Introduction

Along with ever growing complication and ambiguity of decision making issues and the fuzziness
of human subjective cognition, it is increasingly arduous for DMs (decision makers) to offer exact
judgments. Thus, to obtain an optimal choice of a qualitative MADM (Multiple attribute decision
making) that can be utilized to easily depict the qualitative assessment of information, Herrera
and Martinez [1] devised linguistic term sets (LTSs) for calculating with words. Herrera and
Martinez [2] utilized linguistic two-tuples algorithms to address multi-granular linguistic information.
Herrera-Viedma et al. [3] presented a novel information retrieval systems (IRSs) model under the
two-tuple linguistic environment. Li et al. [4] proposed and utilized two novel two-tuple linguistic
models that were distribution function models. Estrella et al. [5] proposed Flintstones, which tackled
linguistic MADM issues within a two-tuple linguistic environment; they also designed the Flintstones
website, which kept a helpful numerical example and dataset repository for diverse linguistic decision
making issues. In recent years, more and more studies have combined the two-tuple linguistic model
with interval numbers [6,7], intuitionistic fuzzy sets (IFSs) [8,9], Pythagorean fuzzy sets (PFSs), hesitant
fuzzy sets (HFSs) [10–13], and bipolar fuzzy sets (BFSs). Above all, Rodriguez et al. [14] put introduced
hesitant fuzzy linguistic term sets (HFLTSs) on the basis of HFSs [15] and LTSs [16]. The HFLTS
method is an extremely powerful tool for expressing DMs’ linguistic assessment in a more elastic way.
This tool permits DMs to employ some possible LTSs to estimate a linguistic variable. Wei et al. [17]

Int. J. Environ. Res. Public Health 2019, 16, 5082; doi:10.3390/ijerph16245082 www.mdpi.com/journal/ijerph

http://www.mdpi.com/journal/ijerph
http://www.mdpi.com
https://orcid.org/0000-0001-9074-2005
https://orcid.org/0000-0002-6195-8699
https://orcid.org/0000-0001-9286-4073
http://dx.doi.org/10.3390/ijerph16245082
http://www.mdpi.com/journal/ijerph
https://www.mdpi.com/1660-4601/16/24/5082?type=check_update&version=2


Int. J. Environ. Res. Public Health 2019, 16, 5082 2 of 15

worked out some operations of HFLTSs and possibility degree mathematical formulas for HFLTSs.
Wu et al. [18] defined compromised solutions for multiple attribute group decision making (MAGDM)
by using HFLTSs. Gou et al. [19] gave entropy measures for MADM under the HFLTSs, ultimately
getting over the hesitant fuzzy linguistic generalized dice similarity measures to tackle MADM
issues. Wang et al. [20] proposed likelihood-based TODIM algorithms with multi-hesitant linguistic
information to assess logistics outsourcing based on classical TODIM algorithms [21–23]. Liao et al. [24]
provided the VIKOR (VIseKriterijumska Optimizacija I KOmpromisno Resenje) method [25–28] for
qualitative MADM under HFLTSs. Zhang et al. [29] developed a new process of reaching a consensus
in MAGDM with HFLTSs.

However, current HFLTSs fail to take the significant of weight information of each possible
linguistic term into consideration, and then all the possible linguistic terms are treated under the
assumption that their weights are equivalent. Clearly, this is not a practical case. Though DMs could
hesitate among several possible linguistic terms, they may have some preferences in certain situations,
so these linguistic terms could be treated by using different weight information. In consideration of this
reality, Pang et al. [30] came up with the probabilistic linguistic term sets (PLTSs) to conquer these limits,
and they defined a framework for ranking PLTSs by score and deviation. Gou and Xu [31] put forward
operational laws for HFLEs (hesitant fuzzy linguistic elements) and PLTSs with two equivalent shifting
mathematical functions. Cheng et al. [32] investigated the group decision-making of venture capitalists
with interplay within a probabilistic linguistic environment. Xie et al. [33] researched an incomplete
hybrid PLTS. Lin et al. [34] developed the ELECTRE (ELimination Et Choix Traduisant la REalité) II
method to handle PLTSs for edge computing. Liao et al. [35] also researched the novel operations of
PLTSs and devised an ELECTRE III method with PLTSs. Feng et al. [36] constructed a probabilistic
linguistic QUALIFLEX method that can provide a comparison of possibility degree. Chen et al. [37]
used MULTIMOORA (Multi-Objective Optimization on the basis of Ratio Analysis plus the full
multiplicative form) for a cloud-based ERP (Enterprise Resource Planning) system selection with PLTSs.
Kobina et al. [38] defined some power operators with PLTSs to tackle the MAGDM with classical
power aggregation operators [39,40]. Liang et al. [41] designed a probabilistic linguistic grey relational
analysis (PL-GRA) for the MAGDM based on the geometric Bonferroni mean [42,43]. Liao et al. [44]
came up with a linear programming approach to tackle the MADM with PLTSs. Zhang et al. [45]
proposed a consensus algorithm to analyze the GDM with probabilistic linguistic preference relations.
Zhai et al. [46] developed probabilistic multi-granular linguistic vector-term sets. Song and Hu [47]
established preference relation with PLTSs in complex environments. Song and Li [48] proposed the
the consensus process, in which MGPFLPRs (multi-granular probabilistic fuzzy linguistic preference
relations) are utilized to express the preference information of sub-groups. To settle these issues,
Song and Li [49] proposed an LGDM method in which incomplete information is more relevant for
multi-stakeholders to stand for their evaluation; three normalizing algorithms were presented to obtain
the entire PLTSs based on three kinds of risk attitudes: optimistic, pessimistic and neutral. Lu et al. [50]
designed the TOPSIS (Technique for Order of Preference by Similarity to Ideal Solution) method for
the probabilistic linguistic MAGDM with entropy weight for the supplier selection of new agricultural
machinery products.

The MABAC (multi-attributive border approximation area comparison) approach was first put
forward by Pamucar and Cirovic [51], and it derives distance measures between every possible
alternative and bored approximation area (BAA). Pamucar et al. [52] combined the interval-rough AHP
(Analytical Hierarchy Process) with the MABAC methods to assess university website construction.
Pamucar et al. [53] modified the MABAC methods with uncertain fuzzy-rough numbers. Sharma
et al. [54] investigated the multiple criteria evaluation framework by using the rough AHP-MABAC
method. Xue et al. [55] studied the MABAC model to select material under interval-valued IFSs.
Peng and Dai [56] designed algorithms for an interval neutrosophic MADM on the basis of some
methods, including the MABAC, the similarity measure, and EDAS (Evaluation based on Distance
from Average Solution). Peng and Yang [57] devised the Pythagorean fuzzy MABAC approach
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in the MAGDM. Sun et al. [58] tackled the projection-based MABAC model under HFLTSs for
patients’ prioritization.

From our perspective, studies of the MABAC method have failed to explore MAGDM problems
under PLTSs. Thus, the employing MABAC method in the MAGDM is an attractive research topic
that can rank and acquire optimal alternatives under PLTSs. Meanwhile, while noting taking different
weights into account influences the sorting results, a novel method is proposed to decide the weights
through integrating subjective elements with objective ones. To obtain such goals, the major research
contribution can be described as follows: (1) The modified MABAC is extended by PLTSs. (2) The
probabilistic linguistic MABAC (PL-MABAC) method is developed to tackle MAGDM problems with
PLTSs. (3) Taking different weights into account influences the sorting results, a combined weight
method is devised by integrating subjective weights with objective weights that can be separated in two
aspects: The first one is the subjective weight and the other is the objective weight, which can be derived
by the CRiteria Importance Through Intercriteria Correlation (CRITIC) method. These subjective weight
calculating methods emphasize the DMs’ preference information, while the objective information is
neglected. The objective weight calculating methods fail to consider DMs’ preference information.
In other words, the DMs’ risk attitudes are ignored. The obvious highlight of this integrated weight
includes both subjective and objective weights. As a consequence, an integrated method is put forward
to derive attribute weights. (4) A simple case for the supplier selection of medical consumption
products is proposed to prove the developed approach. (5) Some comparative studies are given
with the PLWA (probabilistic linguistic weighted average) operator, the PL-TOPSIS method, and the
PL-GRA method to prove the legitimacy of the PL-MABAC method. In the meantime, the modified
PL-GRA method is devised to simultaneously emphasize the shape similarity degree from the PIS
(positive ideal solution) and NIS (negative ideal solution).

In order to reach these research goals, the other sections are arranged as follows. Section 2 presents
some fundamental concepts connected with PLTSs. In Section 3, the MABAC method is introduced
for MAGDM problems under PLTSs. In Section 4, a numerical example for the supplier selection of
medical consumption products is shown, and some comparative studies are devised. The study ends
with some conclusions in Section 5.

2. Preliminaries

The concept of PLTS [30] is indicated as below.

Definition 1 [59]. Let L = {lα|α = −θ, · · · ,−2,−1, 0, 1, 2, · · ·θ } be an LTS, and the linguistic terms lα can
convey equivalent information to β, which is represented with transformation function φ:

ϕ : [l−θ, lθ]→ [0, 1],ϕ(lα) =
α+ θ

2θ
= β (1)

β can also be expressed the equivalent one to the linguistic terms, lα, which is denoted with the shifting
function g−1:

ϕ−1 : [0, 1]→ [l−θ, lθ], ϕ−1(β) = l(2β−1)θ = lα (2)

Definition 2 [30]. Given an LTS L =
{
l j
∣∣∣ j = −θ, · · · ,−2,−1, 0, 1, 2, · · ·θ

}
, a PLTS is devised as:

L(p) =

l(φ)
(
p(φ)

)∣∣∣∣∣∣∣∣l(φ) ∈ L, p(φ) ≥ 0,φ = 1, 2, · · · , #L(p),
#L(p)∑
φ=1

p(φ) ≤ 1

 (3)

where l(φ)
(
p(φ)

)
is φth linguistic term l(φ) linked with corresponding probability value p(φ), and #L(p) is the

corresponding length of linguistic terms in L(p). The linguistic terms l(φ) in L(p) are listed in ascending order.
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In order to easy computation, Pang, Wang and Xu [30] normalized the PLTS L(p) as L̃(p) =l(φ)
(
p̃(φ)

)∣∣∣∣∣∣∣l(φ) ∈ L, p̃(φ) ≥ 0,φ = 1, 2, · · · , #L(p̃),
#L(p)∑
φ=1

p̃(φ) = 1

, where p̃(φ) = p(φ)/
#L(p)∑
φ=1

p(φ) for all

φ = 1, 2, · · · , #L(p̃).

Definition 3 [30]. Let L = {lα|α = −θ, · · · ,−1, 0, 1, · · ·θ } be an LTS and L̃1(p̃) ={
l1(φ)

(
p̃1

(φ)
)∣∣∣φ = 1, 2, · · · , #̃L1(p̃)

}
and L̃2(p̃) =

{
l2(φ)

(
p̃2

(φ)
)∣∣∣φ = 1, 2, · · · , #̃L2(p̃)

}
be two PLTSs,

where #̃L1(p̃) and #̃L2(p̃) are the corresponding numbers of PLTS #̃L1(p̃) and #̃L2(p̃), respectively.
If #̃L1(p̃) > #̃L2(p̃), then add #̃L1(p̃) − #̃L2(p̃) linguistic terms to L̃2(p̃). Furthermore, the newly added
linguistic terms should be the smallest linguistic term in L̃2(p̃), and the probabilities of newly added linguistic
terms should be zero.

Definition 4 [30]. For a PLTS L̃(p̃) =
{
l(φ)

(
p̃(φ)

)∣∣∣φ = 1, 2, · · · , #̃L(p̃)
}
, the score s

(̃
L(p̃)

)
and deviation

σ
(̃
L(p̃)

)
of L̃(p̃) is devised as:

s
(̃
L(p̃)

)
=

#̃L(p̃)∑
φ=1

ϕ
(̃
L(p̃)

)
p̃(φ)/

#̃L(p̃)∑
φ=1

p̃(φ) (4)

σ
(̃
L(p̃)

)
=

√√√√√√#̃L(p̃)∑
φ=1

(
ϕ
(̃
L(p̃)

)
p̃(φ) − s

(̃
L(p̃)

))2
/

#̃L(p̃)∑
φ=1

p̃(φ) (5)

By using the Equations (4) and (5), the order relation between two PLTSs is devised as follows. (1) If
s
(̃
L1(p̃)

)
> s

(̃
L2(p̃)

)
, then L̃1(p̃) > L̃2(p̃); (2) if s

(̃
L1(p̃)

)
= s

(̃
L2(p̃)

)
, then σ

(̃
L1(p̃)

)
= σ

(̃
L2(p̃)

)
and

L̃1(p̃) = L̃2(p̃); if σ
(̃
L1(p̃)

)
< σ

(̃
L2(p̃)

)
, then L̃1(p̃) > L̃2(p̃).

Definition 5 [34]. Let L = {lα|α = −θ, · · · ,−1, 0, 1, · · ·θ } be an LTS. Let L̃1(p̃) ={
l1(φ)

(
p̃1

(φ)
)∣∣∣φ = 1, 2, · · · , #̃L1(p̃)

}
and L̃2(p̃) =

{
l2(φ)

(
p̃2

(φ)
)∣∣∣φ = 1, 2, · · · , #̃L2(p̃)

}
be two PLTSs with

#̃L1(p̃) = #̃L2(p̃) = #̃L(p̃), so the Hamming distance d
(̃
L1(p̃), L̃2(p̃)

)
between L̃1(p̃) and L̃2(p̃) is devised as:

d
(̃
L1(p̃), L̃2(p̃)

)
=

#̃L1(p̃)∑
φ=1

∣∣∣∣̃p1
(φ) ϕ

(
l1(φ)

)
− p̃2

(φ) ϕ
(
l2(φ)

)∣∣∣∣
#̃L(p̃)

(6)

3. MABAC Method for Probabilistic Linguistic MAGDM Problems

In such section, we propose a novel probabilistic linguistic MABAC (PL-MABAC) method
for MAGDM problems. The following mathematical notations were utilized to solve the
probabilistic linguistic MAGDM issues. Assume that there is a collection of alternatives AL =

{AL1, AL2, · · · , ALm} and AT = {AT1, AT2, · · · , ATn}with a weight vector w = (w1, w2, · · · , wn), where

w j ∈ [0, 1],
n∑

j=1
w j = 1 and q exerts E =

{
E1, E2, · · · , Eq

}
. Suppose that there are n qualitative attribute

AT = {AT1, AT2, · · · , ATn} and their values are assessed by each expert and depicted as linguistic
expressions lki j(i = 1, 2, · · · , m, j = 1, 2, · · · , n, k = 1, 2, · · · , q).

Then, the PL-MABAC approach is designed to tackle MAGDM problems. The concrete calculating
procedure is involved in the following steps:

Step 1. Shift cost attributes into beneficial attributes. If L = {lα|α = −θ, · · · ,−1, 0, 1, · · ·θ } is an
LTS, then the cost attribute value is lα and the corresponding beneficial attribute value is l−α.
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Step 2. Shift linguistic assessing values lki j(i = 1, 2, · · · , m, j = 1, 2, · · · , n, k = 1, 2, · · · , q) into PLTSs

li j
(φ)

(
pi j

(φ)
)
,φ = 1, 2, · · · , #Li j(p) and build the assessing matrix L =

(
Li j(p)

)
m×n

with PLTSs, Li j(p) ={
li j

(φ)
(
pi j

(φ)
)∣∣∣∣φ = 1, 2, · · · , #Li j(p)

}
(i = 1, 2, · · · , m, j = 1, 2, · · · , n).

Step 3. Derive the normalized assessing matrix L̃ =
(̃
Li j(p̃)

)
m×n

with PLTSs, L̃i j(p̃) ={
li j

(φ)
(
p̃i j

(φ)
)∣∣∣∣φ = 1, 2, · · · , #Li j(p̃)

}
(i = 1, 2, · · · , m, j = 1, 2, · · · , n).

Step 4. Compute the combined weight information for attributes.
An essential method called CRiteria Importance Through Intercriteria Correlation (CRITIC) was

initially devised by [60], and it is introduced to decide the objective weights of attributes that take
the correlations between attributes into consideration. Then, a novel method is proposed to decide
the attribute weights by integrating subjective weights with objective weights; these weights can be
separated in two aspects: The first aspect is the subjective weights’ methods, and the other is the
objective weights’ methods that can be derived with the CRITIC method. Subsequently, the detailed
computing procedures of this combined weight method are given as follows.

1. Build the correlation coefficient matrix CCM =
(
cc jt

)
n×n

by computing the correlation coefficient
between attributes.

cc jt =

m∑
i=1


#̃L1(p̃)∑
φ=1

p̃i j
(φ) ϕ(li j

(φ))−p(φ)j ϕ
(
l(φ)j

)


#̃L1(p̃)∑
φ=1

p̃it
(φ) ϕ(lit(φ))−p(φ)t ϕ

(
l(φ)t

)
√√√√

m∑
i=1

#̃L1(p̃)∑
φ=1

p̃i j
(φ) ϕ(li j

(φ))−p(φ)j ϕ
(
l(φ)j

)
2
√√√√

m∑
i=1

#̃L1(p̃)∑
φ=1

p̃it
(φ) ϕ(lit(φ))−p(φ)t ϕ

(
l(φ)t

)
2
,

j, t = 1, 2, . . . , n

(7)

where l j
(φ)

(
p j

(φ)
)
=

m∑
i=1

l(φ)i j

m


m∑

i=1
p(φ)i j

m

 and lt
(φ)

(
pt

(φ)
)
=

m∑
i=1

l(φ)it

m


m∑

i=1
p(φ)it

m

.

2. Derive the standard deviation of attribute.

sd j =

√√√√√√√
1
m

m∑
i=1


#̃L1(p̃)∑
φ=1

p̃i j
(φ)ϕ

(
li j

(φ)
)
− p(φ)j ϕ

(
l(φ)j

)
2

, j = 1, 2, . . . , n, (8)

3. Compute the objective weights.

ow j =

sd j
n∑

t=1

(
1− cc jt

)
n∑

j=1

(
sd j

n∑
t=1

(
1− cc jt

)) , j = 1, 2 . . . , n, (9)

where ow j ∈ [0, 1] and
n∑

j=1
ow j = 1.

4. Determine the combined weights. Suppose that the subjective weight directly given by the DMs

is sw = (sw1, sw2, · · · , swn), where sw j ∈ [0, 1], j = 1, 2, · · · , n,
n∑

j=1
sw j = 1. The objective weight is

calculated by Equation (9) directly, is ow = (ow1, ow2, · · · , own), where ow j ∈ [0, 1], j = 1, 2, · · · , n,
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n∑
j=1

ow j = 1. Therefore, the combined weights of attributes cw = (cw1, cw2, · · · , cwn) could

be defined:

cw j =
ow j × sw j

n∑
j=1

ow j × sw j

(10)

where cw j ∈ [0, 1], j = 1, 2, · · · , n,
n∑

j=1
cw j = 1.

The objective and subjective weight values are merged by a nonlinear weighted comprehensive
approach. In accordance with the multiplier impact, the higher the values of the subjective and
objective weight are, the higher the combined weight are, or vice versa. In the meantime, we may
derive that Equation (10) overcomes the drawback of taking either subjective or objective impact
elements into account. The distinct merit of Equation (10) is that both objective and subjective weights
can be reflected by the attribute weights and alternatives ranks.

Step 5. Solve the probabilistic linguistic border approximation area (PLBAA) matrix PLBAA =(
PLBAA j

)
1×n

. The PLBAA for all attributes is derived according to Equations (11)–(13).

PLBAA =
(
PLBAA j

)
1×n

(11)

PLBAA j =
{
l
(φ)
j

(
p(φ)j

)∣∣∣∣φ = 1, 2, · · · , #̃Li j(p̃)
}

(12)

l
(φ)
j

(
p(φ)j

)
= ϕ−1

 m

√√ m∏
i=1

ϕ
(
li j

(φ)
)
 m

√√ m∏
i=1

p(φ)i j

 (13)

Step 6. Compute the probabilistic linguistic Hamming distance matrix PLHD =
(
PLHDi j

)
m×n

from PLBAA by using Equations (14) and (15).

PLHDi j =



d
(̃
Li j(p̃), PLBAA j

)
w j, i f

#Li j(p̃)∑
φ=1

ϕ
(
l(φ)i j

)(
p(φ)i j

)
−ϕ

(
l
(φ)
j

)(
p(φ)j

)/#̃Li j(p̃)> 0,

0, i f

#Li j(p̃)∑
φ=1

ϕ
(
l(φ)i j

)(
p(φ)i j

)
−ϕ

(
l
(φ)
j

)(
p(φ)j

)/#̃Li j(p̃)= 0,

−d
(̃
Li j(p̃), PLBAA j

)
w j, i f

#Li j(p̃)∑
φ=1

ϕ
(
l(φ)i j

)(
p(φ)i j

)
−ϕ

(
l
(φ)
j

)(
p(φ)j

)/#̃Li j(p̃)< 0.

(14)

d
(̃
Li j(p̃), LBAA j

)
=


#Li j(p̃)∑
φ=1

∣∣∣∣∣ϕ(
l(φ)i j

)(
p(φ)i j

)
−ϕ

(
l
(φ)
j

)(
p(φ)j

)∣∣∣∣∣
/#̃Li j(p̃) (15)

where the distance measure d is defined as Equation (6).
Now, if PLHDi j = 0 then the alternative ALi belongs to the border approximation area

PLBAA. If PLHDi j > 0, it belongs to the probabilistic linguistic upper approximation area (PLUAA).
If PLHDi j < 0, it belongs to the probabilistic linguistic lower approximation area (PLUAA). Clearly,
the PLUAA includes the best alternative AL+, and, on the contrary, the PLUAA includes the anti-ideal
alternative AL−.

Step 7. Compute the probabilistic linguistic score value (PLSV) of the alternatives.

PLSVi =
n∑

j=1

PLHDi j, i = 1, 2, . . . , m, (16)
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Step 8. Sort the alternatives according to PLSVi(i = 1, 2, . . . , m); the higher value of
PLSVi(i = 1, 2, . . . , m), the better the alternative is.

4. A Case Analysis and Comparative Analysis

4.1. A Case Analysis

The supplier terms of an enterprise are undoubtedly very important and will be an even more
important influence on the quality of a vendor’s business in the future. Thus, these terms will affect
the business of purchasing, production, inventory and sales, and so on. Additionally, the relationship
between suppliers and future enterprises is not a simple relationship between management and
managed—suppliers will become strategic partner companies, making it a win–win relationship.
Thus, the preliminary evaluation and selection of a supplier is quite important. Medical supply
products have their own characteristics to distinguish them from other types of products that can be
distinguished from their production, transportation, marketing, and other aspects. Therefore, medical
supply product supplier requirements, such as the degree of environmental cleaner and production
level, are different. If there is FDA (Food and Drug Administration) approval, the company-established
supplier evaluation system is selected according to the characteristics of the product itself with medical
supplies, a standard can be more adapted to the company’s development and enhance the company’s
core competitiveness [61–63]. The relationship between traditional companies and suppliers are not
simply trading relations, because corporate decision-makers think that suppliers cannot change, though
you can change the home cooperative attitude of suppliers who are not very friendly in a buyer’s market.
when With the progress of economic and social development, a simple buyer–seller relationship cannot
meet the needs of enterprise survival and development because some vendors already have their own
technology and core competencies. A buyer’s market gradually turns into a seller’s market, so this
time we need a new type of partnership—strategic partnerships with suppliers are mutually beneficial
and are common developments [64–67]. Corporate supplier evaluation and the management of late
selections is a gradual process that needs to be optimized in order to gradually phase out the bad,
to allow the good to join in, and to form a dynamic balance so as to enable enterprises to maintain
long-term competitiveness. It can be seen that the supplier selection of medical consumption products
is a classical MADM or MAGDM issue [68–74]. Consequently, a case study for the supplier selection of
medical consumption products is presented to illustrate the proposed method. There are five potential
medical consumption product suppliers ALi(i = 1, 2, 3, 4, 5) to choose. There are four attributes selected
by these experts to evaluate the five potential medical consumption product suppliers: (1) AT1 is the
environmental improvement quality; (2) AT2 is the transportation cost of suppliers; (3) AT3 is the
green image; and (4) AT4 is the environmental competencies. The transportation cost (AT2) is not a
beneficial attribute, but others are beneficial attributes. These five potential medical consumption
product suppliers ALi(i = 1, 2, 3, 4, 5) must be assessed by using the LTSs

L =
{
l−3 = extremely poor(EP), l−2 = very poor(VP),
l−1 = poor(P), l0 = medium(M), l1 = good(G),
l2 = very good(VG), l3 = extremely good(EG)

}
by the five DMs within the above four beneficial attributes, as listed in Tables 1–5.

Table 1. Linguistic assessing matrix by the first DM (decision maker).

Alternatives AT1 AT2 AT3 AT4

AL1 EG VP VP VP
AL2 VP VP G VG
AL3 EG VP P EG
AL4 VG G EG G
AL5 EG EP P P
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Table 2. Linguistic assessing matrix by the second DM.

Alternatives AT1 AT2 AT3 AT4

AL1 G EP VP EP
AL2 VP VP G EG
AL3 VG P P EG
AL4 VG VG VG EG
AL5 G EP P P

Table 3. Linguistic assessing matrix by the third DM.

Alternatives AT1 AT2 AT3 AT4

AL1 G EP VP P
AL2 P VP G G
AL3 EG P M EG
AL4 VG VG EG VG
AL5 G EP P VP

Table 4. Linguistic assessing matrix by the fourth DM.

Alternatives AT1 AT2 AT3 AT4

AL1 EG VP VP VP
AL2 VP VP EG EG
AL3 EG P P EG
AL4 VG VG VG VG
AL5 G EP P VP

Table 5. Linguistic assessing matrix by the fifth DM.

Alternatives AT1 AT2 AT3 AT4

AL1 EG EP VP EP
AL2 P VP EG VG
AL3 EG P P EG
AL4 VG G EG VG
AL5 G EP P VP

In the following, we make use of the PL-MABAC method developed for medical consumption
product supplier selection.

Step 1. Shift the cost attribute AT2 into a beneficial attribute. If the cost attribute value is lτ,
then the corresponding beneficial attribute value is l−τ(τ = −3,−2,−1, 0, 1, 2, 3) (See Tables 6–10).

Table 6. Linguistic assessing matrix by the first DM.

Alternatives AT1 AT2 AT3 AT4

AL1 EG VG VP VP
AL2 VP VG G VG
AL3 EG VG P EG
AL4 VG P EG G
AL5 EG EG P P
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Table 7. Linguistic assessing matrix by the second DM.

Alternatives AT1 AT2 AT3 AT4

AL1 G EG VP EP
AL2 VP VG G EG
AL3 VG G P EG
AL4 VG VP VG EG
AL5 G EG P P

Table 8. Linguistic assessing matrix by the third DM.

Alternatives AT1 AT2 AT3 AT4

AL1 G EG VP P
AL2 P VG G G
AL3 EG G M EG
AL4 VG VP EG VG
AL5 G EG P VP

Table 9. Linguistic assessing matrix by the fourth DM.

Alternatives AT1 AT2 AT3 AT4

AL1 EG VG VP VP
AL2 VP VG EG EG
AL3 EG G P EG
AL4 VG VP VG VG
AL5 G EG P VP

Table 10. Linguistic assessing matrix by the fifth DM.

Alternatives AT1 AT2 AT3 AT4

AL1 EG EG VP EP
AL2 P VG EG VG
AL3 EG G P EG
AL4 VG P EG VG
AL5 G EG P VP

Step 2. Shift the linguistic variables into an assessing matrix with PLTSs (Table 11).

Table 11. Assessing matrix with probabilistic linguistic sets (PLTSs).

Alternatives AT1 AT2

AL1
{
l1(0.4), l3(0.6)

} {
l−3(0.6), l−2(0.4)

}
AL2

{
l−2(0.6), l−1(0.4)

} {
l−2(1)

}
AL3

{
l2(0.2), l3(0.8)

} {
l−2(0.2), l−1(0.8)

}
AL4

{
l2(1)

} {
l1(0.4), l2(0.6)

}
AL5

{
l1(0.8), l3(0.2)

} {
l−3(1)

}
Alternatives AT3 AT4

AL1
{
l−2(1)

} {
l−3(0.4), l−2(0.4), l−1(0.2)

}
AL2

{
l1(0.6), l3(0.4)

} {
l1(0.2), l2(0.4), l3(0.4)

}
AL3

{
l−1(0.8), l0(0.2)

} {
l3(1)

}
AL4

{
l2(0.4), l3(0.6)

} {
l1(0.2), l2(0.6), l3(0.2)

}
AL5

{
l−1(1)

} {
l−2(0.6), l−1(0.4)

}
Step 3. Figure out the normalized assessing matrix with PLTSs (Table 12).
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Table 12. Normalized assessing matrix with PLTSs.

Alternatives AT1 AT2

AL1
{
l1(0), l1(0.4), l3(0.6)

} {
l2(0), l2(0.4), l3(0.6)

}
AL2

{
l−2(0), l−2(0.6), l−1(0.4)

} {
l2(0), l2(0), l2(1)

}
AL3

{
l2(0), l2(0.2), l3(0.8)

} {
l1(0), l1(0.8), l2(0.2)

}
AL4

{
l2(0), l2(0), l2(1)

} {
l−2(0), l−2(0.6), l−1(0.4)

}
AL5

{
l1(0), l1(0.8), l3(0.2)

} {
l3(0), l3(0), l3(1)

}
Alternatives AT3 AT4

AL1
{
l−2(0), l−2(0), l−2(1)

} {
l−3(0.4), l−2(0.4), l−1(0.2)

}
AL2

{
l1(0), l1(0.6), l3(0.4)

} {
l1(0.2), l2(0.4), l3(0.4)

}
AL3

{
l−1(0), l−1(0.8), l0(0.2)

} {
l3(0), l3(0), l3(1)

}
AL4

{
l2(0), l2(0.4), l3(0.6)

} {
l1(0.2), l2(0.6), l3(0.2)

}
AL5

{
l−1(0), l−1(0), l−1(1)

} {
l−2(0), l−2(0.6), l−1(0.4)

}
Step 4. Compute the combined weight values for the attributes. Firstly, as could be seen by using

Equation (9), the objective weights of attributes were: ow1 = 0.2269, ow2 = 0.2827, ow3 = 0.2375
and ow4 = 0.2529. From here, suppose that the subjective weights of the attributes were:
sw1 = 0.3, sw2 = 0.2, sw3 = 0.4 and sw4 = 0.1. Finally, through Equation (10), the combined weight
values for attributes were found to be: cw1 = 0.2779, cw2 = 0.2309, cw3 = 0.3879 and cw4 = 0.1033.

Step 5. Solve the PLBAA =
(
PLBAA j

)
1×4

for all attributes according to Equations (11)–(13)
(Table 13).

Table 13. Probabilistic linguistic border approximation area (PLBAA) for all attributes.

PLBAA

AT1
{
l0.3145(0.0000), l0.3145(0.0000), l1.6440(0.5210)

}
AT2

{
l0.5944(0.0000), l0.5944(0.0000), l1.4777(0.5448)

}
AT3

{
l−0.5978(0.0000), l−0.5978(0.0000), l−0.0698(0.5448)

}
AT4

{
l−3.0000(0.0000), l−0.2759(0.0000), l0.8664(0.3641)

}
Step 6. Compute the PLHD (probabilistic linguistic Hamming distance) from PLBAA by using

Equations (14) and (15), as displayed in Table 14.

Table 14. PLHD matrix.

Alternatives AT1 AT2 AT3 AT4

AL1 0.0429 0.0405 −0.0129 −0.0035
AL2 −0.0157 0.0328 0.0690 0.0218
AL3 0.0522 0.0226 0.0130 0.0263
AL4 0.0398 −0.0133 0.0863 0.0206
AL5 0.0306 0.0457 0.0087 0.0000

Step 7. Compute the PLSVi (i = 1,2,3,4,5) with Equation (16). The calculation results are shown in
Table 15.

Table 15. Probabilistic linguistic score value (PLSV) for all alternatives.

Alternatives AL1 AL2 AL3 AL4 AL5

PLSV 0.0671 0.1079 0.1141 0.1334 0.0849

Step 8. According to PLSVi (i = 1,2,3,4,5), we could sort all the medical consumption product
suppliers. Obviously, the order could be found to be: AL4 > AL3 > AL2 > AL5 > AL1, the optimal
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medical consumption product supplier is AL4, and the bad medical consumption product supplier
is AL1.

4.2. Comparative Analysis

Then, we made a comparison of our proposed approach with PLWA operator [30], the PL-TOPSIS
method [30] and the PL-GRA method [41] (let ρ = 0.5). The detailed computing results are shown in
Table 16.

Table 16. Order by using diverse methods.

Methods Order Optimal Alternative Bad Alternative

PLWA operator [30] AL4 > AL3 > AL2 > AL5 > AL1 AL4 AL1

PL-TOPSIS method [30] AL4 > AL3 > AL2 > AL5 > AL1 AL4 AL1

PL-GRA method [41] AL4 > AL3 > AL2 > AL5 > AL1 AL4 AL1

PL-MABAC method AL4 > AL3 > AL2 > AL5 > AL1 AL4 AL1

Based on the above studies and analysis, it can be observed that these four methods derived the
same optimal medical consumption product supplier AL4 and the same bad medical consumption
product supplier AL1. In the meantime, the sorting results in the proposed method are in complete
agreement with the sorting result in the two methods in reference [30]. The PL-MABAC method we
proposed in this paper was confirmed to be logical and valid. These four methods have their own
advantages: (1) The PL-TOPSIS method simultaneously emphasizes the distance closeness degree
from the PIS and NIS; (2) the PL-GRA method emphasizes the shape similarity degree from the PIS,
but it does not emphasize the shape similarity degree from the NIS, thus making the sorting results
in [41] slightly different from the other three methods; (3) the PLWA operator emphasizes the group
influences degrees; (4) our proposed PL-MABAC method is an efficient and reliable decision making
tool with direct computation algorithms and a steady solution.

For the PL-GRA approach proposed by Liang, Kobina and Quan [41], we modified the PL-GRA
method, which simultaneously emphasizes the shape similarity degree from the PIS and NIS;
the corresponding computing results are listed in Table 17. From the computing results in Table 17,
it can be seen that the sorting results in [41] were slightly in complete agreement with the sorting result
in the above four methods.

Table 17. The revised probabilistic linguistic grey relational analysis (PL-GRA) method.

Methods Order

Grey relational coefficient from the PIS ε+1 = 0.5239, ε+2 = 0.6055, ε+3 = 0.6502, ε+4 = 0.7316, ε+5 = 0.5913

Grey relational coefficient from the NIS ε−1 = 0.7348, ε−2 = 0.6172, ε−3 = 0.5128, ε−4 = 0.5727, ε−5 = 0.5987

Relative relational degree from the PIS ε1 = 0.4162, ε2 = 0.4952, ε3 = 0.5591, ε4 = 0.5548, ε5 = 0.4969

Ordering AL3 > AL4 > AL5 > AL2 > AL1

5. Conclusions

In this paper, we broadened the MABAC approach to the MAGDM with PLTSs. Firstly, the basic
definition, comparative formula, and Hamming distance of PLTSs were briefly reviewed. Then,
the modified MABAC method was explained to address probabilistic linguistic MAGDM problems
with combined weight information; this method’s crucial trait is that it only highlights the distance
closeness degree from the border approximation area for all attributes. In the end, a practical case study
about medical consumption product supplier selection was employed to prove the modified method,
and some comparative analyses were also designed to verify the method’s applicability in real-world
MAGDM problems. The method proposed in tis paper is a very efficient tool for exploiting novel
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decision-making software and novel decision support systems with PLTSs, and it can solve diverse
problems. At the same time, the proposed method can successfully contribute to the selection of suitable
alternatives in other selection issues. In this research, the MABAC method, which is also an efficient
MADM or MAGDM method, was designed to tackle uncertain decision-making issues. Someday,
the proposed models and algorithms with PLTSs could be applied in the other uncertain decision
making scenarios [75–79] and many other unpredictable and ambiguous environments [80–84].

Author Contributions: G.W., C.W., J.W. and H.W. conceived and worked together to achieve this work, G.W. and
C.W. compiled the computing program by Excel and analyzed the data, G.W. and C.W. wrote the paper. Finally,
all the authors have read and approved the final manuscript.

Funding: The work was supported by the National Natural Science Foundation of China under Grant No.
71571128 and the Humanities and Social Sciences Foundation of Ministry of Education of the People’s Republic
of China (15XJA630006). The APC was funded by Humanities and Social Sciences Foundation of Ministry of
Education of the People’s Republic of China (15XJA630006).

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Herrera, F.; Martinez, L. A 2-tuple fuzzy linguistic representation model for computing with words. IEEE
Trans. Fuzzy Syst. 2000, 8, 746–752.

2. Herrera, F.; Martinez, L. A model based on linguistic 2-tuples for dealing with multigranular hierarchical
linguistic contexts in multi-expert decision-making. IEEE Trans. Syst. Man Cybern. Part B 2001, 31, 227–234.
[CrossRef] [PubMed]

3. Herrera-Viedma, E.; Lopez-Herrera, A.G.; Luque, M.; Porcel, C. A fuzzy linguistic IRS model based on a
2-tuple fuzzy linguistic approach. Int. J. Uncertain. Fuzziness Knowl. Syst. 2007, 15, 225–250. [CrossRef]

4. Li, X.D.; Smarandache, F.; Dezert, J.; Dai, X.Z. Combination of Qualitative Information with 2-Tuple Linguistic
Representation in DSmT. J. Comput. Sci. Technol. 2009, 24, 786–797. [CrossRef]

5. Estrella, F.J.; Espinilla, M.; Herrera, F.; Martinez, L. FLINTSTONES: A fuzzy linguistic decision tools enhancement
suite based on the 2-tuple linguistic model and extensions. Inf. Sci. 2014, 280, 152–170. [CrossRef]

6. Shan, M.M.; Li, P.; Liu, H.C. Interval 2-Tuple Linguistic Distance Operators and Their Applications to
Supplier Evaluation and Selection. Math. Probl. Eng. 2016. [CrossRef]

7. Shan, M.M.; You, J.X.; Liu, H.C. Some Interval 2-Tuple Linguistic Harmonic Mean Operators and Their
Application in Material Selection. Adv. Mater. Sci. Eng. 2016. [CrossRef]

8. Beg, I.; Rashid, T. An Intuitionistic 2-Tuple Linguistic Information Model and Aggregation Operators. Int. J.
Intell. Syst. 2016, 31, 569–592. [CrossRef]

9. Faizi, S.; Rashid, T.; Zafar, S. A Multicriteria Decision-Making Approach Based on Fuzzy AHP with
Intuitionistic 2-Tuple Linguistic Sets. Adv. Fuzzy Syst. 2018. [CrossRef]

10. Truck, I.; Abchir, M.A. Toward a Classification of Hesitant Operators in the 2-Tuple Linguistic Model. Int. J.
Intell. Syst. 2014, 29, 560–578. [CrossRef]

11. Dong, Y.C.; Li, C.C.; Herrera, F. Connecting the linguistic hierarchy and the numerical scale for the 2-tuple
linguistic model and its use to deal with hesitant unbalanced linguistic information. Inf. Sci. 2016, 367,
259–278. [CrossRef]

12. Wei, C.P.; Liao, H.C. A Multigranularity Linguistic Group Decision-Making Method Based on Hesitant
2-Tuple Sets. Int. J. Intell. Syst. 2016, 31, 612–634. [CrossRef]

13. Si, G.S.; Liao, H.C.; Yu, D.J.; Llopis-Albert, C. Interval-valued 2-tuple hesitant fuzzy linguistic term set and
its application in multiple attribute decision making. J. Intell. Fuzzy Syst. 2018, 34, 4225–4236. [CrossRef]

14. Rodriguez, R.M.; Martinez, L.; Herrera, F. Hesitant Fuzzy Linguistic Term Sets for Decision Making.
IEEE Trans. Fuzzy Syst. 2012, 20, 109–119. [CrossRef]

15. Torra, V. Hesitant Fuzzy Sets. Int. J. Intell. Syst. 2010, 25, 529–539. [CrossRef]
16. Zadeh, L.A. The concept of a linguistic variable and its application to approximate reasoning. Inf. Sci. 1975,

8, 301–357. [CrossRef]
17. Wei, C.P.; Zhao, N.; Tang, X.J. Operators and Comparisons of Hesitant Fuzzy Linguistic Term Sets. IEEE Trans.

Fuzzy Syst. 2014, 22, 575–585. [CrossRef]

http://dx.doi.org/10.1109/3477.915345
http://www.ncbi.nlm.nih.gov/pubmed/18244784
http://dx.doi.org/10.1142/S0218488507004534
http://dx.doi.org/10.1007/s11390-009-9258-8
http://dx.doi.org/10.1016/j.ins.2014.04.049
http://dx.doi.org/10.1155/2016/9893214
http://dx.doi.org/10.1155/2016/7034938
http://dx.doi.org/10.1002/int.21795
http://dx.doi.org/10.1155/2018/5789192
http://dx.doi.org/10.1002/int.21657
http://dx.doi.org/10.1016/j.ins.2016.06.003
http://dx.doi.org/10.1002/int.21798
http://dx.doi.org/10.3233/JIFS-171967
http://dx.doi.org/10.1109/TFUZZ.2011.2170076
http://dx.doi.org/10.1002/int.20418
http://dx.doi.org/10.1016/0020-0255(75)90046-8
http://dx.doi.org/10.1109/TFUZZ.2013.2269144


Int. J. Environ. Res. Public Health 2019, 16, 5082 13 of 15

18. Wu, Z.B.; Xu, J.P.; Jiang, X.L.; Zhong, L. Two MAGDM models based on hesitant fuzzy linguistic term sets
with possibility distributions: VIKOR and TOPSIS. Inf. Sci. 2019, 473, 101–120. [CrossRef]

19. Gou, X.J.; Xu, Z.S.; Liao, H.C. Hesitant fuzzy linguistic entropy and cross-entropy measures and alternative
queuing method for multiple criteria decision making. Inf. Sci. 2017, 388, 225–246. [CrossRef]

20. Wang, J.; Wang, J.Q.; Zhang, H.Y. A likelihood-based TODIM approach based on multi-hesitant fuzzy
linguistic information for evaluation in logistics outsourcing. Comput. Ind. Eng. 2016, 99, 287–299. [CrossRef]

21. Gomes, L.; Lima, M. TODIM: basics and application to multicriteria ranking of projects with environmental
impacts. Found. Comput. Decis. Sci. 1979, 16, 113–127.

22. Tian, X.L.; Xu, Z.S.; Gu, J. An Extended TODIM Based on Cumulative Prospect Theory and Its Application in
Venture Capital. Informatica 2019, 30, 413–429. [CrossRef]

23. Wang, F.; Li, X.T.; Zhao, J.; Chen, S.H. A TODIM. SIR method for multiple attribute decision making with
interval grey uncertain linguistic based on a new distance measure. J. Intell. Fuzzy Syst. 2019, 37, 1569–1581.
[CrossRef]

24. Liao, H.C.; Xu, Z.S.; Zeng, X.J. Hesitant Fuzzy Linguistic VIKOR Method and Its Application in Qualitative
Multiple Criteria Decision Making. IEEE Trans. Fuzzy Syst. 2015, 23, 1343–1355. [CrossRef]

25. Opricovic, S.; Tzeng, G.H. Compromise solution by MCDM methods: A comparative analysis of VIKOR and
TOPSIS. Eur. J. Oper. Res. 2004, 156, 445–455. [CrossRef]

26. Tavana, M.; Di Caprio, D.; Santos-Arteaga, F.J. An extended stochastic VIKOR model with decision maker’s
attitude towards risk. Inf. Sci. 2018, 432, 301–318. [CrossRef]

27. Zhou, W.; Yin, W.Y.; Peng, X.Q.; Liu, F.M.; Yang, F. Comprehensive evaluation of land reclamation and
utilisation schemes based on a modified VIKOR method for surface mines. Int. J. Min. Reclam. Environ. 2018,
32, 93–108. [CrossRef]

28. Narayanamoorthy, S.; Geetha, S.; Rakkiyappan, R.; Joo, Y.H. Interval-valued intuitionistic hesitant fuzzy
entropy based VIKOR method for industrial robots selection. Expert Syst. Appl. 2019, 121, 28–37. [CrossRef]

29. Zhang, B.W.; Liang, H.M.; Zhang, G.Q. Reaching a consensus with minimum adjustment in MAGDM with
hesitant fuzzy linguistic term sets. Inf. Fusion 2018, 42, 12–23. [CrossRef]

30. Pang, Q.; Wang, H.; Xu, Z.S. Probabilistic linguistic term sets in multi-attribute group decision making.
Inf. Sci. 2016, 369, 128–143. [CrossRef]

31. Gou, X.J.; Xu, Z.S. Novel basic operational laws for linguistic terms, hesitant fuzzy linguistic term sets and
probabilistic linguistic term sets. Inf. Sci. 2016, 372, 407–427. [CrossRef]

32. Cheng, X.; Gu, J.; Xu, Z.S. Venture capital group decision-making with interaction under probabilistic
linguistic environment. Knowl. Syst. 2018, 140, 82–91. [CrossRef]

33. Xie, W.Y.; Xu, Z.S.; Ren, Z.L. An Analysis on the Influence of Chinese “New Four Inventions” Under the
Incomplete Hybrid Probabilistic Linguistic Environment. Int. J. Fuzzy Syst. 2019, 21, 1349–1366. [CrossRef]

34. Lin, M.W.; Chen, Z.Y.; Liao, H.C.; Xu, Z.S. ELECTRE II method to deal with probabilistic linguistic term sets
and its application to edge computing. Nonlinear Dyn. 2019, 96, 2125–2143. [CrossRef]

35. Liao, H.C.; Jiang, L.S.; Lev, B.; Fujitac, H. Novel operations of PLTSs based on the disparity degrees of
linguistic terms and their use in designing the probabilistic linguistic ELECTRE III method. Appl. Soft Comput.
2019, 80, 450–464. [CrossRef]

36. Feng, X.Q.; Liu, Q.; Wei, C.P. Probabilistic linguistic QUALIFLEX approach with possibility degree comparison.
J. Intell. Fuzzy Syst. 2019, 36, 719–730. [CrossRef]

37. Chen, S.X.; Wang, J.Q.; Wang, T.L. Cloud-based ERP system selection based on extended probabilistic
linguistic MULTIMOORA method and Choquet integral operator. Comput. Appl. Math. 2019, 38. [CrossRef]

38. Kobina, A.; Liang, D.C.; He, X. Probabilistic Linguistic Power Aggregation Operators for Multi-Criteria
Group Decision Making. Symmetry 2017, 9, 320. [CrossRef]

39. Yager, R.R. The power average operator. IEEE Trans. Syst. Man Cybern. Part A 2001, 31, 724–731. [CrossRef]
40. Xu, Z.S.; Yager, R.R. Power-Geometric operators and their use in group decision making. IEEE Trans.

Fuzzy Syst. 2010, 18, 94–105.
41. Liang, D.C.; Kobina, A.; Quan, W. Grey Relational Analysis Method for Probabilistic Linguistic Multi-criteria

Group Decision-Making Based on Geometric Bonferroni Mean. Int. J. Fuzzy Syst. 2018, 20, 2234–2244.
[CrossRef]

42. Zhu, B.; Xu, Z.S. Hesitant fuzzy Bonferroni means for multi-criteria decision making. J. Oper. Res. Soc. 2013,
64, 1831–1840. [CrossRef]

http://dx.doi.org/10.1016/j.ins.2018.09.038
http://dx.doi.org/10.1016/j.ins.2017.01.033
http://dx.doi.org/10.1016/j.cie.2016.07.023
http://dx.doi.org/10.15388/Informatica.2019.212
http://dx.doi.org/10.3233/JIFS-18654
http://dx.doi.org/10.1109/TFUZZ.2014.2360556
http://dx.doi.org/10.1016/S0377-2217(03)00020-1
http://dx.doi.org/10.1016/j.ins.2017.12.019
http://dx.doi.org/10.1080/17480930.2016.1228031
http://dx.doi.org/10.1016/j.eswa.2018.12.015
http://dx.doi.org/10.1016/j.inffus.2017.08.006
http://dx.doi.org/10.1016/j.ins.2016.06.021
http://dx.doi.org/10.1016/j.ins.2016.08.034
http://dx.doi.org/10.1016/j.knosys.2017.10.030
http://dx.doi.org/10.1007/s40815-019-00635-9
http://dx.doi.org/10.1007/s11071-019-04910-0
http://dx.doi.org/10.1016/j.asoc.2019.04.018
http://dx.doi.org/10.3233/JIFS-172112
http://dx.doi.org/10.1007/s40314-019-0839-z
http://dx.doi.org/10.3390/sym9120320
http://dx.doi.org/10.1109/3468.983429
http://dx.doi.org/10.1007/s40815-017-0374-2
http://dx.doi.org/10.1057/jors.2013.7


Int. J. Environ. Res. Public Health 2019, 16, 5082 14 of 15

43. Dutta, B.; Guha, D. Partitioned Bonferroni mean based on linguistic 2-tuple for dealing with multi-attribute
group decision making. Appl. Soft Comput. 2015, 37, 166–179. [CrossRef]

44. Liao, H.C.; Jiang, L.S.; Xu, Z.H.; Xu, J.P.; Herrera, F. A linear programming method for multiple criteria
decision making with probabilistic linguistic information. Inf. Sci. 2017, 415, 341–355. [CrossRef]

45. Zhang, Y.X.; Xu, Z.S.; Liao, H.C. A consensus process for group decision making with probabilistic linguistic
preference relations. Inf. Sci. 2017, 414, 260–275. [CrossRef]

46. Zhai, Y.L.; Xu, Z.S.; Liao, H.C. Probabilistic linguistic vector-term set and its application in group decision
making with multi-granular linguistic information. Appl. Soft Comput. 2016, 49, 801–816. [CrossRef]

47. Song, Y.M.; Hu, J. Large-scale group decision making with multiple stakeholders based on probabilistic
linguistic preference relation. Appl. Soft Comput. 2019, 80, 712–722. [CrossRef]

48. Song, Y.M.; Li, G.X. Consensus Constructing in Large-Scale Group Decision Making With Multi-Granular
Probabilistic 2-Tuple Fuzzy Linguistic Preference Relations. IEEE Access 2019, 7, 56947–56959. [CrossRef]

49. Song, Y.M.; Li, G.X. A large-scale group decision-making with incomplete multi-granular probabilistic
linguistic term sets and its application in sustainable supplier selection. J. Oper. Res. Soc. 2019, 70, 827–841.
[CrossRef]

50. Lu, J.P.; Wei, C.; Wu, J.; Wei, G.W. TOPSIS Method for Probabilistic Linguistic MAGDM with Entropy Weight
and Its Application to Supplier Selection of New Agricultural Machinery Products. Entropy 2019, 21, 953.
[CrossRef]

51. Pamucar, D.; Cirovic, G. The selection of transport and handling resources in logistics centers using
Multi-Attributive Border Approximation area Comparison (MABAC). Expert Syst. Appl. 2015, 42, 3016–3028.
[CrossRef]

52. Pamucar, D.; Stevic, Z.; Zavadskas, E.K. Integration of interval rough AHP and interval rough MABAC
methods for evaluating university web pages. Appl. Soft Comput. 2018, 67, 141–163. [CrossRef]

53. Pamucar, D.; Petrovic, I.; Cirovic, G. Modification of the Best-Worst and MABAC methods: A novel approach
based on interval-valued fuzzy-rough numbers. Expert Syst. Appl. 2018, 91, 89–106. [CrossRef]

54. Sharma, H.K.; Roy, J.; Kar, S.; Prentkovskis, O. Multi criteria evaluation framework for prioritizing indian railway
stations using modified rough AHP-MABAC method. Transp. Telecommun. J. 2018, 19, 113–127. [CrossRef]

55. Xue, Y.X.; You, J.X.; Lai, X.D.; Liu, H.C. An interval-valued intuitionistic fuzzy MABAC approach for material
selection with incomplete weight information. Appl. Soft Comput. 2016, 38, 703–713. [CrossRef]

56. Peng, X.D.; Dai, J.G. Algorithms for interval neutrosophic multiple attribute decision-making based on
MABAC, similarity measure, and EDAS. Int. J. Uncertain. Quantif. 2017, 7, 395–421. [CrossRef]

57. Peng, X.D.; Yang, Y. Pythagorean Fuzzy Choquet Integral Based MABAC Method for Multiple Attribute
Group Decision Making. Int. J. Intell. Syst. 2016, 31, 989–1020. [CrossRef]

58. Sun, R.X.; Hu, J.H.; Zhou, J.D.; Chen, X.H. A Hesitant Fuzzy Linguistic Projection-Based MABAC Method
for Patients’ Prioritization. Int. J. Fuzzy Syst. 2018, 20, 2144–2160. [CrossRef]

59. Gou, X.J.; Xu, Z.S.; Liao, H.C. Multiple criteria decision making based on Bonferroni means with hesitant
fuzzy linguistic information. Soft Comput. 2017, 21, 6515–6529. [CrossRef]

60. Diakoulaki, D.; Mavrotas, G.; Papayannakis, L. Determining objective weights in multiple criteria problems:
The critic method. Comput. Oper. Res. 1995, 22, 763–770. [CrossRef]

61. Nematollahi, M.; Hosseini-Motlagh, S.M.; Heydari, J. Economic and social collaborative decision-making
on visit interval and service level in a two-echelon pharmaceutical supply chain. J. Clean. Prod. 2017, 142,
3956–3969. [CrossRef]

62. Burger, C.; Kalverkamp, M.; Pehlken, A. Decision making and software solutions with regard to waste
management. J. Clean. Prod. 2018, 205, 210–225. [CrossRef]

63. Sawik, B. Application of multicriteria mathematical programming models for assignment of services in a
hospital. Appl. Manag. Sci. 2013, 16, 39–53.

64. Wei, G.W.; Wu, J.; Wei, C.; Wang, J.; Lu, J.P. Models for MADM With 2-Tuple Linguistic Neutrosophic Dombi
Bonferroni Mean Operators. IEEE Access 2019, 7, 108878–108905. [CrossRef]

65. Wei, G.W.; Zhang, S.Q.; Lu, J.P.; Wu, J.; Wei, C. An Extended Bidirectional Projection Method for Picture
Fuzzy MAGDM and Its Application to Safety Assessment of Construction Project. IEEE Access 2019, 7,
166138–166147. [CrossRef]

http://dx.doi.org/10.1016/j.asoc.2015.08.017
http://dx.doi.org/10.1016/j.ins.2017.06.035
http://dx.doi.org/10.1016/j.ins.2017.06.006
http://dx.doi.org/10.1016/j.asoc.2016.08.044
http://dx.doi.org/10.1016/j.asoc.2019.04.036
http://dx.doi.org/10.1109/ACCESS.2019.2913546
http://dx.doi.org/10.1080/01605682.2018.1458017
http://dx.doi.org/10.3390/e21100953
http://dx.doi.org/10.1016/j.eswa.2014.11.057
http://dx.doi.org/10.1016/j.asoc.2018.02.057
http://dx.doi.org/10.1016/j.eswa.2017.08.042
http://dx.doi.org/10.2478/ttj-2018-0010
http://dx.doi.org/10.1016/j.asoc.2015.10.010
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.2017020416
http://dx.doi.org/10.1002/int.21814
http://dx.doi.org/10.1007/s40815-017-0345-7
http://dx.doi.org/10.1007/s00500-016-2211-1
http://dx.doi.org/10.1016/0305-0548(94)00059-H
http://dx.doi.org/10.1016/j.jclepro.2016.10.062
http://dx.doi.org/10.1016/j.jclepro.2018.09.093
http://dx.doi.org/10.1109/ACCESS.2019.2930324
http://dx.doi.org/10.1109/ACCESS.2019.2953316


Int. J. Environ. Res. Public Health 2019, 16, 5082 15 of 15

66. Zhang, S.Q.; Wei, G.W.; Gao, H.; Wei, C.; Wei, Y. EDAS method for multiple criteria group decision making
with picture fuzzy information and its application to green suppliers selections. Technol. Econ. Dev. Econ.
2019, 26, 1123–1138. [CrossRef]

67. Wei, G.W.; Wang, J.; Wei, C.; Wei, Y.; Zhang, Y. Dual Hesitant Pythagorean Fuzzy Hamy Mean Operators in
Multiple Attribute Decision Making. IEEE Access 2019, 7, 86697–86716. [CrossRef]

68. Yan, Z.J.; Yang, W.T.; Huang, X.L.; Shi, X.R.; Zhang, W.Y.; Zhang, S. A Reputation-Enhanced Hybrid Approach
for Supplier Selection with Intuitionistic Fuzzy Evaluation Information. Mathematics 2019, 7, 298. [CrossRef]

69. Yu, C.X.; Shao, Y.F.; Wang, K.; Zhang, L.P. A group decision making sustainable supplier selection approach
using extended TOPSIS under interval-valued Pythagorean fuzzy environment. Expert Syst. Appl. 2019, 121,
1–17. [CrossRef]

70. Zavadskas, E.K.; Antucheviciene, J.; Chatterjee, P. Multiple-Criteria Decision-Making (MCDM) Techniques
for Business Processes Information Management. Information 2019, 10, 4. [CrossRef]

71. Zeng, S.Z.; Peng, X.M.; Balezentis, T.; Streimikiene, D. Prioritization of low-carbon suppliers based on
Pythagorean fuzzy group decision making with self-confidence level. Econ. Res. Ekon. Istraz. 2019, 32,
1073–1087. [CrossRef]

72. Zhou, F.L.; Wang, X.; Goh, M.; Zhou, L.; He, Y.D. Supplier portfolio of key outsourcing parts selection using
a two-stage decision making framework for Chinese domestic auto-maker. Comput. Ind. Eng. 2019, 128,
559–575. [CrossRef]

73. Zhang, S.Q.; Gao, H.; Wei, G.W.; Wei, Y.; Wei, C. Evaluation based on distance from average solution method
for multiple criteria group decision making under picture 2-tuple linguistic environment. Mathematics 2019,
7, 243. [CrossRef]

74. Hasan, M.M.; Jiang, D.Z.; Ullah, A.; Noor-E-Alam, M. Resilient supplier selection in logistics 4.0 with
heterogeneous information. Expert Syst. Appl. 2020, 139. [CrossRef]

75. Deng, X.M.; Gao, H. TODIM method for multiple attribute decision making with 2-tuple linguistic
Pythagorean fuzzy information. J. Intell. Fuzzy Syst. 2019, 37, 1769–1780. [CrossRef]

76. Gao, H.; Lu, M.; Wei, Y. Dual hesitant bipolar fuzzy hamacher aggregation operators and their applications
to multiple attribute decision making. J. Intell. Fuzzy Syst. 2019, 37, 5755–5766. [CrossRef]

77. Li, Z.X.; Lu, M. Some novel similarity and distance and measures of Pythagorean fuzzy sets and their
applications. J. Intell. Fuzzy Syst. 2019, 37, 1781–1799. [CrossRef]

78. Lu, J.P.; Wei, C. TODIM method for Performance Appraisal on Social-Integration-based Rural Reconstruction
with Interval-Valued Intuitionistic Fuzzy Information. J. Intell. Fuzzy Syst. 2019, 37, 1731–1740. [CrossRef]

79. Wang, J.; Gao, H.; Lu, M. Approaches to strategic supplier selection under interval neutrosophic environment.
J. Intell. Fuzzy Syst. 2019, 37, 1707–1730. [CrossRef]

80. Choudhary, A.; Nizamuddin, M.; Singh, M.K.; Sachan, V.K. Energy Budget Based Multiple Attribute Decision
Making (EB-MADM) Algorithm for Cooperative Clustering in Wireless Body Area Networks. J. Electr. Eng.
Technol. 2019, 14, 421–433. [CrossRef]

81. Qu, J.H.; Meng, X.L.; Jiang, X.Y.; You, H.; Wang, P.; Shoemaker, C.A. Effective aggregation of expert
opinions to inform environmental management: An integrated fuzzy group decision-making framework
with application to cadmium-contaminated water treatment alternatives evaluation. J. Clean. Prod. 2019, 209,
834–845. [CrossRef]

82. Wang, R. Research on the Application of the Financial Investment Risk Appraisal Models with Some Interval
Number Muirhead Mean Operators. J. Intell. Fuzzy Syst. 2019, 37, 1741–1752. [CrossRef]

83. Wu, L.P.; Gao, H.; Wei, C. VIKOR method for financing risk assessment of rural tourism projects under
interval-valued intuitionistic fuzzy environment. J. Intell. Fuzzy Syst. 2019, 37, 2001–2008. [CrossRef]

84. Wu, L.P.; Wang, J.; Gao, H. Models for competiveness evaluation of tourist destination with some
interval-valued intuitionistic fuzzy Hamy mean operators. J. Intell. Fuzzy Syst. 2019, 36, 5693–5709.
[CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.3846/tede.2019.10714
http://dx.doi.org/10.1109/ACCESS.2019.2924974
http://dx.doi.org/10.3390/math7030298
http://dx.doi.org/10.1016/j.eswa.2018.12.010
http://dx.doi.org/10.3390/info10010004
http://dx.doi.org/10.1080/1331677X.2019.1615971
http://dx.doi.org/10.1016/j.cie.2018.12.014
http://dx.doi.org/10.3390/math7030243
http://dx.doi.org/10.1016/j.eswa.2019.07.016
http://dx.doi.org/10.3233/JIFS-179240
http://dx.doi.org/10.3233/JIFS-18266
http://dx.doi.org/10.3233/JIFS-179241
http://dx.doi.org/10.3233/JIFS-179236
http://dx.doi.org/10.3233/JIFS-179235
http://dx.doi.org/10.1007/s42835-018-00006-8
http://dx.doi.org/10.1016/j.jclepro.2018.10.277
http://dx.doi.org/10.3233/JIFS-179237
http://dx.doi.org/10.3233/JIFS-179262
http://dx.doi.org/10.3233/JIFS-181545
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Preliminaries 
	MABAC Method for Probabilistic Linguistic MAGDM Problems 
	A Case Analysis and Comparative Analysis 
	A Case Analysis 
	Comparative Analysis 

	Conclusions 
	References

