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Abstract. Residential whole-decoration is an important initiative for housing industrialization in China. Selecting the
most suitable component supplier for housing development is of great significance for both property developers and buy-
ers in the implementation of such a strategy. To address such a problem, this study uses hesitant fuzzy linguistic term sets
to express the inaccurate judgments of individuals and then introduces a novel probability aggregation approach based on
interval rough boundaries to enable a realistic presentation of the collective evaluations of a group. Then, we propose a
hybrid multi-expert multiple criteria decision-making model by integrating the Best Worst Method (BWM) and Combined
Compromise Solution (CoCoSo) method based on the interval rough boundaries. A case study about the supplier selection
for housing development is carried out, which demonstrates the feasibility and applicability of our proposed hybrid model.
A comparison study is also performed to further validate the robustness of the model.

Keywords: multi-criteria decision making, supplier selection for housing development, interval rough boundaries, Combined
Compromise Solution method, Best-Worst method, hesitant fuzzy linguistic term set, probabilistic linguistic term set.

Introduction

As environmental protection in China is more and more
prominent, energy saving and environment friendly
housing development becomes one of the top priori-
ties for the Chinese government (Zhang et al.,, 2011; Shi
et al., 2012). For the conventional sale mode of Chinese
housing, most residential houses sold on the market are
unfurnished, which means that owners need to fit-out
their residences in the way of separate decoration. In this
situation, the supply of construction equipment and com-
ponents fails to form a supply chain system of scale pro-
duction and serialization, which results in low quality of
decoration, poor equipment versatility, and unreasonable
performance cost ratio of residential houses. Meanwhile,
it also brings problems such as the waste of fit-out ma-
terials and the difficulty in handling construction waste
(Ministry of Housing and Urban-Rural Development of
the People’s Republic of China [MOHURDY], 2008).

A residential house with whole-decoration is also
called a finished residence, which refers that all fixed sur-
faces of a functional space are completely paved or fin-
ished, and the basic equipment, such as the kitchen and
bathroom, are all installed before the property developer
turns the residence to the owner. In 1999, the concept of
whole-decoration was first proposed in China (Ministry
of Housing and Urban-Rural Development of the People’s
Republic of China [MOHURD], 1999). Until now, many
provinces in China, such as Shanghai!, Hainan?, and

! The promotion of residential whole-decoration strategy in
Shanghai, available at http://www.gov.cn/jrzg/2012-10/02/
content_2237316.htm

2 The promotion of residential whole-decoration strategy in
Hainan, available at http://www.gov.cn/xinwen/2017-05/23/
content_5196084.htm
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Zhejiang?®, have begun to promote whole-decoration
residential houses. The main reasons are as follows:

1) The advanced management system of real estate
enterprises can be used to effectively manage the
fit-out process, thus significantly reducing labor,
material waste, and realizing resource conservation;

2) Property developers can integrate their supplier
resources, shorten the circulation of fit-out materi-
als, and reduce the fit-out cost through large-scale
purchase, so as to develop high-quality residential
products with a relatively low cost;

3) The close integration of construction and fit-out
process is conducive to standardizing the residential
fit-out behavior and reducing damage to the struc-
ture of a building, which is helpful for extending the
operation life of a building, and further improving
the living environment level.

The residential whole-decoration is an initiative to de-
velop housing industrialization, and is also a mainstream
development trend of the Chinese real estate market
(Ministry of Housing and Urban-Rural Development of
the People’s Republic of China [MOHURD], 2013). Al-
though appropriate strategies and actions have been taken
by different levels of government in China to make fit-out
activities sustainable, there are still many problems in the
current implementation process, such as the high price
of furnished housing, the insufficient supply of fit-out
materials caused by short-term and large-scale purchas-
ing demands, and the negative effect on living comfort
caused by the quality problems of fit-out components (for
example, the marble cracking of kitchen operation table
and the expansion of cabinet door panel).

Components procurement for housing development
is an important process of the implementation of resi-
dential whole-decoration. Supplier selection, as the first
step of component procurement, is vital for the qual-
ity and cost control of residential houses. The selection
process is supported by multi-criteria decision making
(MCDM) methods, which consist of three major stages:
evaluation, prioritization and selection of alternatives
(Lam et al., 2010; Luo et al., 2016; Safa et al., 2014; Seth
et al., 2018). To the best of our knowledge, few literature
considered the MCDM methods on component supplier
selection for housing development, which motivates the
research question of this paper as how to use an appro-
priate MCDM model to select the optimal component
supplier for housing development.

In MCDM approaches for suppliers’ performance
evaluation, multiple factors should be taken into consid-
eration to obtain a comprehensive and robust result. One
of the new utility-based MCDM methods is the CoCo-
So (Combined Compromise Solution) method (Yazdani
et al., 2019a, b), which is characterized by three aggre-

3 The promotion of residential whole-decoration strategy in
Zhejiang, available at http://www.gov.cn/xinwen/2017-02/02/
content_5164705.htm

gation strategies to obtain the moderate performances of
alternatives. Due to the simple calculation process and the
robustness of decision results, the CoCoSo method has
been successfully applied in several fields like supply chain
finance (Wen et al., 2019) and engineering management
(Yazdani et al., 2019a). In addition, when applying MCDM
methods, several weight determining methods have been
proposed for criteria. Best worst method (BWM), initially
introduced by Rezaei (2015), is one of the most effective
criteria weighting approaches with less pairwise compari-
sons and a higher consistency ratio (Mi et al., 2019).

In the evaluation process, usually, a group of experts
are invited to give their evaluation information. The ex-
perts are not always knowledgeable enough to give precise
evaluations, especially in a complicated environment. In
this sense, fuzzy methods are flexible to express inaccurate
and fuzzy judgments. The hesitant fuzzy linguistic term
set (HFLTS) (Rodriguez et al., 2011), which received con-
siderable attention in recent years (Liao et al., 2018), is a
powerful qualitative information representation tool since
it can provides several linguistic terms in conjunction with
a context-free grammar. In addition, traditional aggrega-
tion methods of HFLTSs failed to reflect the preferences
of a group. It is observed that an interesting aggregation
approach named the probability aggregation method was
proposed by Wu and Liao (2018) to integrate individuals’
opinions. However, such an aggregation method failed to
take into account the vagueness of the judgments given by
a group. The rough number (Zhai et al., 2008) contains the
information that indicates not only the preference of an
individual expert but also the diversity of all other experts’
opinions. The better the agreements of individual expert’s
perceptions, the smaller the interval rough boundaries will
be. In this sense, to solve the shortcoming of the hesitant
fuzzy linguistic aggregation, we propose a novel probabil-
ity aggregation approach to integrate individuals’ evalua-
tion values based on the interval rough boundaries.

Based on the above analysis, this study dedicates to
proposing a hybrid MCDM model combining the BWM
and CoCoSo method based on interval rough boundaries.
The novelty of this study can be summarized as follows:

1) We propose a novel probabilistic aggregation ap-
proach based on interval rough boundaries, which
enables a realistic presentation of collective evalua-
tions by considering the vagueness of the evaluation
information given by multi-experts.

2) The BWM with interval rough boundaries is de-
veloped to determine the weights of criteria for
cognitive complex multi-expert decision-making
problems.

3) The CoCoSo method with interval rough bounda-
ries is proposed, and the calculation procedure of
the CoCoSo method under the probabilistic lin-
guistic environment is given.

4) A hybrid multi-expert multiple criteria decision-
making model by integrating the BWM and Co-
CoSo method based on interval rough boundaries
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is developed to help property developers select the
“best” construction component suppliers in the
cognitive complex decision-making environment,
which is conducive to the promotion of residential
whole-decoration, and further promoting resource
conservation utilization in the construction sector.
The rest of this paper is organized as follows: Sec-
tion 1 briefly reviews the supplier evaluation problems
in the construction industry. Section 2 introduces relat-
ed concepts and the probabilistic aggregation approach
with interval rough boundaries. Section 3 presents a
hybrid multi-expert multiple criteria decision-making
model to solve cognitive complex decision-making
problems. Section 4 provides a case study on a supplier
decision-making problem for housing development.
The study ends with conclusions in the last section.

1. Literature review

In this section, firstly, we review some literature about the
supplier evaluation model in the construction industry.
Then, we give a short overview of the MCDM methods
involved in this paper.

1.1. Brief review on supplier evaluation in
construction industry

To ensure the quality and reduce cost in an increasing-
ly compete construction industry, SCM (Supply Chain
Management) has proved to be an indispensable tool. The
first step to implement the SCM is supplier selection. An
effective and efficient supplier selection model can help
construction enterprises select the “best” supplier at the
right cost in the right quality (Lam et al., 2010). The exist-
ing studies of supplier evaluation in construction industry
mainly focused on two types: material or equipment sup-
plier selection, and service supplier selection.

For the supplier selection of construction materials,
Lam et al. (2010) constructed a selection model based
on the fuzzy PCA (Principal Component Analysis). Safa
et al. (2014) developed an integrated model for the ef-
ficient procurement of construction materials, primar-
ily through the use of the TOPSIS method. Under the
background of housing industrialization in China, Luo
et al. (2016) put forward an evaluation index system for
supplier selection regarding green housing components
by considering 47 indicators. In their evaluation, to re-
duce the influence of subjective factors, they applied a
model combining the Kent index method with the ca-
tastrophe theory. Wang et al. (2017) proposed a frame-
work by integrating the building information modeling
and geographic information system to select a resilient
construction component supplier. Seth et al. (2018)
demonstrated the impact of competitive conditions on
the supplier evaluation for construction supply chains.
For the selection of service suppliers, Eshtehardian et al.
(2013) investigated 23 most effective criteria for sup-
plier selection by a questionnaire survey, and integrated

the ANP (Analytic Network Process) with AHP (Ana-
lytic Hierarchy Process) to select appropriate suppliers
for construction and civil engineering companies. Yin
et al. (2017) established 17 criteria, and integrated the
interval-valued intuitionistic fuzzy geometric weighted
Heronian mean operator with a multi-target nonlinear
programming model to obtain a comprehensive evalu-
ation result by considering the influence of construc-
tors” subjective preferences and objective information
on criteria. Mati¢ et al. (2019) presented a combined
model for sustainable constructor selection through a
full consistency method and a rough COPRAS (Com-
plex Proportional Assessment) method. Yazdani et al.
(2019b) extended the CoCoSo method with grey num-
bers to measure the performances of suppliers, and to
achieve the importance of supplier criteria, a combina-
tion of two weighting methods, namely, the DEMATEL
(Decision Making Trial and Evaluation Laboratory) and
BWM, were used in their study.

From the above review of supplier selection in the con-
struction industry, we can find that the MCDM theory
is effective for supplier selection in the construction in-
dustry. In addition, supplier selection is valued by con-
struction enterprises since it is of great importance in
improving their competitiveness. However, the literature
that focused on comprehensive MCDM methods for sup-
plier selection in construction industry under the cogni-
tive complex decision-making environment, especially for
the construction component suppliers, is limited. Thus, it
is urgent to develop a comprehensive and effective MCDM
model to select an appropriate construction component
supplier for construction enterprises.

1.2. A short overview of MCDM methods

MCDM methods can be divided into two categories:
outranking-based methods and utility-based methods.
For massive alternatives, the outranking-based meth-
ods, such as the ELECTRE (Elimination Et Choice
Translating Reality) and PROMETHEE (Preference
Ranking Organization Method for Enrichment Evalua-
tion), are limited due to complicated calculations. The
utility-based methods, such as the TOPSIS (Technique
for Order Preference by Similarity to Ideal Solution),
VIKOR (Vlsekriterijumska Optimizacija I Kompromis-
no Resenje) and MULTIMOORA (Multiplicative Multi-
Objective Optimization by Ratio Analysis), are effective
due to their applicability and simplicity (Corrente et al.,
2013; Liao & Wu, 2020). The CoCoSo method (Yazda-
ni et al., 2019b), as a utility-based method, considers
the compensation effects among criteria by a unique
structure that presents the weighted average normal-
ized decision matrix and weighted geometric matrix
together. It can give a comprehensive ranking result by
using three aggregation strategies, and the calculation
process is relatively easy compared with other MCDM
methods. This method has been extended to solve prac-
tical problems within different cases. For instance, Wen
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et al. (2019) extended the CoCoSo method to hesitant
fuzzy linguistic context and applied the hesitant fuzzy
linguistic CoCoSo method to select third-party logis-
tics service providers for financial institutions; Yazdani
et al. (2019a) proposed a hybrid model by extending
the CoCoSo method with grey numbers to measure the
performance of suppliers in a construction company.

BWM (Rezaei, 2015) is a weighting approach based
on linear programming. Compared with the AHP meth-
od, it requires less pairwise comparisons, and the ob-
tained weights are more reliable since comparisons in
the BWM are carried out with a higher consistency ratio.
Due to its advantages, the BWM has received widespread
attention in various fields. For example, Pamucar et al.
(2018) modified the traditional BWM within the rough
set context, and presented the algorithm of the hybrid
BWM-MABAC (Multi-Attributive Border Approxima-
tion area Comparison) model based on interval-valued
fuzzy-rough numbers to evaluate firefighting helicopters;
Liao et al. (2019b) extended the BWM to the hesitant
fuzzy linguistic environment for hospital performance
evaluation; Liao et al. (2019¢) integrated the BWM and
ARAS method for digital supply chain finance supplier
selection; Yazdani et al. (2019a) proposed a structured
BWM-CoCoSo model for sustainable supplier selection.

Due to the complexity of numerous indicators and
ambiguity in human thinking, there are difficulties in
representing evaluation information in accurate values
(Pamucar et al., 2018). Since Rodriguez et al. (2011)
first proposed the HFLTS, it has been extended to vari-
ous MCDM methods to solve practical problems, such
as the HFL-AHP (Tiystiz & Simsgek, 2017), HFL-BWM
(Liao et al., 2019b), HFL-VIKOR (Liao et al., 2014),
and HFL-QFD (Quality Function Deployment) (Onar
et al., 2016). However, the HFLTS can express only in-
dividual evaluations. While some aggregation methods
of HFLTSs can be used to integrate hesitant fuzzy lin-
guistic (HFL) evaluations, the information loss is seri-
ous (Wu & Liao, 2018). Pang et al. (2016) extended the
HFLTS to the probabilistic linguistic term set (PLTS) by
assigning probability to each linguistic term. The PLTS
has gained many scholars™ attention (Liao et al., 2019a;
Zhang et al.,, 2017; Gou et al., 2017; Wu & Liao, 2019;
Liao et al., 2020; Mi et al., 2020). Wu and Liao (2018)
introduced an aggregation method called the probabil-
ity aggregation method to integrate the opinions of in-
dividuals. However, it failed to consider the vagueness
of information given by a group of experts.

Rough numbers were derived from the concept of ap-
proximation in the rough theory proposed by Zhai et al.
(2008). The boundaries of rough numbers can avoid the
subjectivity and measure the vagueness by providing an
overall view about the diversity of all experts’ opinions.
The more diverse of a group’s judgments are, the larger
the interval rough boundaries of the preferences classes
involved will be. Although little research has exploited the
interval rough boundaries, the applicability of rough num-

bers has been fully justified in practical decision-making
process. Song et al. (2013) proposed the rough group AHP
and rough group TOPSIS to optimize the design concept
evaluation under the subjective environment. Zhu et al.
(2015) developed a novel rough number-based VIKOR
to evaluate the design concept alternatives. Pamucar et al.
(2017) combined the rough interval DEMATEL with the
ANP to enable more objective expert evaluation of cri-
teria in a subjective environment than a crisp approach.
Pamucdar et al. (2018) modified the traditional BWM
and MABAC method by integrating the rough approach,
which eliminated the subjectivity that exists when defin-
ing the borders of fuzzy sets. For the application of suppli-
er selection in a construction company, Stevi¢ et al. (2017)
extended the COPRAS and MULTIMOORA method by
rough numbers.

Considering the limitation of the probability aggre-
gation method proposed by Wu and Liao (2018) and
the usefulness of the interval rough boundaries in repre-
senting vague information, this paper proposes a novel
probabilistic aggregation approach based on interval
rough boundaries. Then, based on the BWM and Co-
CoSo method, we construct an efficient hybrid MCDM
model to select the “best” construction component sup-
plier for construction enterprises under the cognitive
complex decision-making environment.

2. A probability aggregation approach based on
interval rough boundaries

In this section, we first introduce the concepts of HFLTS
and PLTS. After that, we develop a novel probabilistic ag-
gregation approach based on interval rough boundaries to
enable a realistic presentation of the collective evaluations.

2.1. Concepts of HFLTS and PLTS

Evaluating qualitative variables by linguistic terms is in-
tuitive and flexible for experts since linguistic terms are
in line with human way of thinking and reasoning (Za-
deh, 1975). To evaluate a linguistic variable, a linguistic
term set (LTS) should be defined first. A general LTS is
Sqy =15 [0 =0,1,---,21}, where 7 is a positive integer and
the subscripts are evenly distributed around the medium
one (Herrera et al., 1995). Considering the different think-
ing mode of experts, the unbalanced semantics for an or-
dered set of linguistic terms were initially discussed by
Torra (1996), and to facilitate understanding and calcu-
lation, Xu (2005) defined a subscript-symmetric LTS as
S@) =1s; [t=-1,---,-1,0,1,---,7}. Specific LTSs should be
chosen according to practical decision-making problems
so that the theoretical analyses of these models are not
affected by the differences of LT'Ss.

The HFLTS, which allows people to give more than
one linguistic term as the value of a linguistic vari-
able by assigning them with equal importance, has
been proved to be an effective tool to express indi-
viduals’ judgments. It was proposed by Rodriguez et al.
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(2011) and redefined in mathematical form by Liao
et al. (2015). Let S be an LTS. An HFLTS on X, Hg, is
in mathematical form of H ={< xi,hs(xi)>|xi e X},
where hs(x;) = {s(pl(x )| <P1( x;)€8,1=1,2,---,L;} with L; be-
ing the number of llngu1st1c terms in h (x) and S, (x;)
(I=12,---,L;) being the continuous terms in S. h(x;) de-
notes the possible degrees of the linguistic variable x; to
S and is termed as a hesitant fuzzy linguistic element
(HFLE).

As the HFLTS was widely used, people found that the
linguistic terms are associated with different probabilities
in some situations. For example, people might think that
the environmental level of an integral kitchen cabinet
supplier is “somewhat good” in 70% and “good” in 30%.
Here, the numbers “70%” and “30%” can be seen as the
probabilities of different linguistic terms. To cope with
probabilities, Pang et al. (2016) extended the HFLTS and
proposed the probabilistic linguistic term set (PLTS) as
hs(p) = {s® (p®)) | s®) e, p® e[0,1], > p® e[0,1],k=1,2,--,K},
where K is the number of different linguistic terms in A,(p),
and s (p®) is the k-th linguistic term s associated with
the probability p(k).

2.2. Rough numbers and interval rough boundaries

Rough set is an effective tool to represent knowledge.
In the rough set theory, an information system with de-
cision attributes is called a decision table, denoted by
§S=({U,Q=(A"nD),V,f), where U={x,,x,,--,x;} is
a nonempty, finite set of objects, A'={oy,0,, -0}
is a nonempty, finite set of condition attributes, and
D={d,,d,, -,d,} isanonempty, finite set of decision attrib-
utes. Without loss of generality, a system with a single deci-
sion attribute D ={d}, is considered in this study. In general,
it is assumed that A"\ D= and each attribute ac A’"UD
forms a mapping f:U —V,, where V, is the value do-
main of attribute o (Greco et al., 2001; Li et al., 2016). Each
nonempty subset B A’ determines an indiscernibility
relation Rp ={(x,,x,,)€UxU| f(x,,a) = f(x,,,4),a € B}.
Ry partitions U into a family of disjoint subsets given by
U|Rp={[x]|x €U}, where [x]z denotes the equivalence
class determined by x with respect to subset B. The equiva-
lence relation causes the vagueness of two classes. The rough
set theory offers a means to describe these vague classes
through the lower and upper approximations. For any class
C'cU and Bc A', the lower approximation of C is pre-
sented as RB(C ) =U{[x] B|[x] 5 < C'}, and the upper approx-
imation is presented as Rg(C')={[x]g|[x]z NC' = T}.
The lower approximation is called the positive region of C’
and can be denoted alternatively as POS;(C'). C' is called
a rough set with respect to B if and only if Rg(C") # R5(C'),
and the objects belonging only to the upper approximation
but not to the lower approximation compose the boundary
region RB5(C')=Rg(C)—Ry(C').

Approximations are important in the rough set theory
to deal with uncertainty and vagueness. They only rely on
the given data and no subjective information is needed.

To use the approximations to represent the vagueness
of human assessments, Zhai et al. (2008) defined rough
numbers and their corresponding lower and upper limits,
as well as rough boundaries. In the following, we define
rough number-related algorithms under the HFL environ-
ment for MCDM problems on the basis of the definitions
proposed by Zhai et al. (2008):
Let A={A |i=12,,m}
tives, C= {c |j=12,--,n} be a set of criteria, and
E= {eq|q—12 ,Q} be a set of experts. An expert’s
HFL judgment of alternative A; on criterion ¢; is
hg(‘f) = {s(q) sV @ }. Then, the collective evaluation
¢1 ©2 q)L(q)

values of alternative A; on criterion ¢ j can be expressed as
1 1

Wi gs0 5O @ @ @ @y

o 9 ) o 9 L) o % ?LQ)

Suppose that U¥= {(p(l) (p(zl) > ,(P(Ll)l) ,(qu),(P(zq))

(p(Lq()q), ,(ng),go(zQ), ,(p(%)g)} contains all the sub-

scripts of the terms in h

be a set of alterna-

and let y be an arbi-

trary object from UY. There 1s a set of Y classes
Gy =CP, €D, ) in UB. If the
classes satisfy C(1)<C(2) <C( ) -~<CF.YU), then
vy c Ul Cf ) €Gy, 1Yy <Y, The lower approximation

and upper approx1mat10n of C M) can be defined as:

Apr(C)V) = u{yeU|Gl](y)<C(Yﬁ)} (1)

(Yp) (Yp)
Apr(C Py = u{yeU|Gl](y)>C . (2)
The boundary region of Cij " s given by

RB(C, B))—u{yeU/GU(y);tC( Wy _ o
3
Y,
{yeU|Gi.(y)>Ci }u{yeU|G,](y)<C( p)

Then, C; P7 can be represented by a rough number

RN(C, ( B)) wh1ch consists of its corresponding lower limit

M(Cij ) ) and upper limit Lim (C.. i ), where

(Y
Lim(C\") = ZG,](y Jyeaprc)) @
T A [3) (Yp)
m (C; ZGg(y)IyeApr(C ); (5)
“P
RN(Cy V) =[Lim(C}"), Lim(C}")), ©)
with M;, and M,, being the numbers of objects in

(¥p)

Apr(C; ") and A_pr(ijYB)), respectively.

The interval between the lower limit and upper limit is
known as the rough boundary, denoted as:

(Yg)

RB(CI.], )= L'_( (Yp)

V) Li Lim(C, ™). (7)

Example 1. Let Sy =1s.3 =verybad,s ) =bad,s , =
somewhat bad, s, = normal,s; =somwhat good,s, =good,s; =
very good} be an LTS. Eight experts are invited to evaluate
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Table 1. Comparison of rough numbers and their interval rough boundaries (for Example 1)
Class Rough number Lower limit Upper limit Rough boundary Proportlora:tfaevaluatlon
c <0, 1.21> 0.00 1.21 1.21 3/14
c® <0.7, 1.55> 0.70 1.55 0.85 12
c® <0.92,2.5 > 0.92 2.50 1.58 1/7
c® <121, 3> 1.21 3.00 1.79 1/7

the environmental levels of an integral kitchen cabinet
suppliers. Suppose that three experts believe it is “some-
what good”, expressed as {s;}; two consider it is “between
normal and somewhat good”, expressed as{sy,s;}; two
think it is “at least somewhat good”, denoted as {s,s,,s;} ;
one holds it is “normal’, denoted as {s,} . Then, the collec-
tive HELE is hg = {s],5,5,,50>51550551551557>5351,55553,5) }»

and U={1,1,1,0,1,0,1,1,2,3,1,2,3,0}
classes G={C(1),C(2),C(3),C(4)}={0,1,2,3}. Take class

C® whose subscript is “2” to explain the defini-
tion of the rough number. According to Egs. (1)-(3):

Apr(2)=Uly eU|G(y) < 2}={1,1,1,0,1,0,1,1,2,1,2,0}, Apr(2) =

which has four

Uly eU|Gly) 2 2} = {2,3,2,3}, RB(2) = Uly <U|Gly) = C¥)) =
{1,1,1,0,1,0,1,1,3,1,3,0}. By Egs. (4)-(6), the rough number of

C® is calculated as: Lim(2)=) .G (y)|y € Apr(2)|M,,=

0.92, Lim (2)=Y.G (y)|y € Apr(2)| M,,=2.5, RN(2) =
[Lim(2),Lim(2)]= [0.92,2.5] . The corresponding rough
boundary is calculated by Eq. (7) as: RB(2) = Lim (2) -
Lim(2) =1.58. Similarly, the rough number related calcu-
lations of other classes can be obtained, which are shown
in Table 1.

According to the definition, we can see that each class
associated with unique subscript value of an evaluation can
be denoted by a unique rough number, whose lower and
upper limits are computed based on all experts’ evaluations
for an alternative under a criterion. This is because a rough
number contains the information indicating not only the
preference of an individual expert but also the diversity
of all other experts’ opinions. Also, we can find that bet-
ter agreements of experts’ evaluations will lead to smaller
rough boundaries of the involved preference classes. For
instance, in the given evaluation values, seven experts in-
volve class C1V, while only two experts involve classes C®
and C®. In Table 1, the figure for class C») accounts for half
of the total number of the given subscripts, while either
class C® or C® accounts for only one-seventh. Thus, class
CM has smaller rough boundary (0.85) compared with
classes C® and €™ (1.58 and 1.79, respectively), which im-
plies that the class with a larger rough boundary is vaguer
or less reliable.

2.3. A novel probability aggregated approach

Although the PLTS can express both the flexible qualita-
tive assessment and quantitative probabilistic information,

it is difficult in reality to assign the probabilities of the
linguistic terms in an expert’s evaluation since such as-
signments are determined based on experience, intuition
or subjective perception.

In most cases, experts prefer to use HFLTSs to express
their evaluations. Compared with the PLTS in which the
probability of each linguistic term depends on experts’
subjective judgments, the HFLTS is more objective. How-
ever, the HFLTS has some shortcomings in represent-
ing collective opinions of a group (Wu & Liao, 2018).
What’s more, in the collective decision-making matrix,
there indeed exists probability distributions of HFLEs
to reflect the different preferences of experts. To avoid
these defects, Wu & Liao (2018) introduced an aggrega-
tion method called the probability aggregation method
to calculate the weights of linguistic elements corre-
sponding to a group, which is reliable since the group
opinions and the preferences of a group can be presented.
The algorithm is shown as follows (Wu & Liao, 2018): let
E={eq|q=12,---,Q} be a set of experts whose weight
vector is {y(V,y®,....y(@} and Sbe an LTS. Suppose that
hs@ = {sz(q)(x) | Sq)l(q) eS,1=1,2,- ',Lq}(q =12,--,Q)
are Q HFLTs on S given by Q experts. Let
hs= |s o €S§,1=12,---,L} be the group HFLE. Then,
the welght of 5,7 in hs(‘i) is defined as:

(9)

) _ 1/ L9, lf ¢, €hy!
® o, ifg eh?
The weight of hs? given by expert eq is Y@, for

>l=1,2,"'an;q:1a2>"‘,Q (8)

q=1L2,---,Q. Then, the weight of So; in the group HFLE
is
(1) ZQ @,(q)
o) — —-1.2....
po = v(plyq ,1=1,2, ,Lq 9)

q=1
Thus, the group judgment can be expressed as the
PLTS

hs(p) ={s, (p("’l))‘ eSp(“’I)—Zv(‘iyq)l_

With Eq. (10), the Judgments given by individual ex-
perts in HFLEs can be aggregated into a PLTS. If the ex-
perts’ judgments are represented by PLTSs, with Eq. (10),
the collective PLTS can be obtalned when the original
probabilities are replaced by v(P If the weights of the
experts are not given, the weight vector can be supposed
as Y9=1/Q,q=1.2,-,Q.

Example 2. (Continued to Example 1) Suppose that
the weight of each expert is y(q)=1/ 8. Take s, as an exam-
ple. According to Egs. (8)-(10): we have p@=0.08, and

5L} (10)
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Linguistic
term
S3

Expected evaluation value

S2

S1 f— e

So [~

1 2 3 4 5 6 7 8  Expert

Figure 1. Experts’ evaluations in Example 1

then s,(p@)=s,(0.08). The aggregated PLTS of the group
is hs(p) =1{s(0.25),5,(0.58),5,(0.08),55(0.08)}.

However, we may not accept the above result. Based
on rational judgment without introducing interval
rough boundaries, it can be concluded that the expected
evaluation value of the group should be s; (as shown in
Figure 1) based on the subscripts’ arithmetic mean of
the eight experts’ evaluations. From Figure 1, we can
see that the covering range (number) of s, is the same
as that of s;, but the distance to the expected evaluation
value of s, is closer to s;. So, it is unreasonable that s, and
s3 are assigned with an equal probability in the aggregated
PLTS of the group.

As we discussed in Section 2.2, rough numbers depict
the preference information of a given expert. In addition,
all other experts’ opinions are also considered in the cal-
culation process. Generally, the smaller the boundary is,
the crisper the number will be. In Example 1, we calcu-
lated the interval rough boundaries of the evaluation val-
ues’ subscripts as: RB(1)=1.21, RB(1)=0.85, RB(2) =1.58,
RB(3)=1.79. According to the definition of interval rough
boundaries, class “2” is crispier than class “3”, so we can
conclude that the assigned probability of s, should be
greater than s; in the set of the aggregated PLTS. Here,
we define a concept named the accuracy degree to adjust
the original aggregated probability, which is expressed as:

(¥p)

1/ RB C
/ ) R 00
(e l/RB(C(YB)) (11)
YB
1, RB(C,")=0

where CD(C ) denotes the accuracy degree of C; )

C " refers to the YP-th subscript class of all experts’ HFL
evaluatlon values of alternative A; on criterion c;. Then, the
PLTS of the collective judgments can be adjusted as:

hs(p*) {S *((pz))‘ s, p*((Pz) _

(p®) xCD(C P2 Z( PO xCD(CTP)2, 121,013,
=
1 (12)

where: p(®) is the original probability of Sq, in the set of
the aggregated PLTS.

Example 3. (Continued to Example 2) According to
Eq. (11), we obtain the accuracy degree: CD(0)=0.26,
CD(1)=0.37, CD(2)=0.2, CD(3)=0.18. According to
Eq. (12), we can calculate the adjusted probabilities as:
p*0=0.26, p*V=0.48, p*@=0.13, p*¥=0.12. Thus, the
PLTS of the collective judgment of the group is adjusted
to hs(p*) ={s,(0.26),s,(0.48),s,(0.13),55(0.12)}.

With Eq. (12), the judgments given by multiple experts
in HFLEs can be aggregated into the adjusted PLTS. Since
class “2” is crispier than class “3”, from the results yield
by our proposed aggregation method, the assigned prob-
ability of s, is greater than s; (0.13 and 0.12, respectively).
So, the proposed aggregation method can better integrate
individuals’ opinions by taking into account the vague de-
gree of the judgments given by a group of experts.

If the rough boundaries of different linguistic terms’
subscripts are the same, then, the PLTS of the collective
judgments can be directly obtained through the method
proposed by Wu and Liao (2018).

Example 4. Let S;) = {s_; = very bad, s , = bad,s_; =
somewhat bad, s, = normal, s; = somewhat good, s, =
good, s; = very good} be an LTS. Eight experts are in-
vited to evaluate innovation capabilities of integral kitch-
en cabinet manufacturers. Suppose that two experts be-
lieve it is “somewhat good”, expressed as {s;}; four con-
sider it is “between somewhat good and good”, expressed
as {s;,s,}; two think it is “good”, denoted as {s,}. The
subscripts set of the evaluation values can be obtained
as U={1,1,1,2,1,2,1,2,1,2,2,2}, which has two classes
G={CW,C®}=11,2}. From Figure 2, we can see that the
distances of different linguistic terms to the expected
evaluation value are the same. By Eqs. (4)-(7), the interval
rough boundaries of the two subscript classes are calculat-
ed as RB(1)=0.5, RB(2)=0.5. Thus, the adjusted PLTS of
the collective judgment is hs(p*)=hs(p)={s,(0.5),s,(0.5)},
which is the same as that derived by the method of Wu
and Liao (2018).

Linguistic
term
S3 —

S2 —

o HH- 4

[ = Expected evaluation value

1 2 3 4 5 6 7 8 Expert

Figure 2. Experts’ evaluations in Example 4



276

3. A hybrid multi-expert MCDM method based
on the probability aggregation approach with
interval rough boundaries

In this section, the proposed new probabilistic aggregation
approach was tested by an MCDM model implemented
in two phases: (1) determining the weights of evalua-
tion criteria, and (2) ranking alternatives. To obtain the
weights of criteria, the best-worst method (BWM) (Rezaei,
2015) with the probabilistic aggregation approach based
on interval rough boundaries was used. After the criteria
weights are obtained, a modified combined compromise
solution (CoCoSo) method (Yazdani et al., 2019b) based
on the probabilistic aggregation approach is applied. The
framework of the proposed model is depicted in Figure 3.

3.1. A modified BWM with interval rough
boundaries to determine the weights of criteria

BWM is a weight determining approach based on linear
programming. It has received widespread attention in
various fields (Pamucar et al., 2018; Liao et al., 2019b; Mi
et al., 2019; Yazdani et al., 2019a). Motivated by the clas-
sical BWM and based on the interval rough boundaries,
below we present an algorithm to obtain the weights of
criteria.

Suppose that all experts select the best criterion and
the worst criterion as ¢z and ¢,,. To obtain a comparison,
each expert should determine the preference degree of
the best criterion cg over criterion ¢;(j=12,n) and
criterion ¢; in relation to criterion c,,. The judgment of
each pair takes the LTS S}y = {5 = equally important,
s = equally very important, s, = moderately imptorant,
s3 = moderately more imptorant, s, = strongly imp-

Identification of evaluation criteria |

Determining the best criterion and
the worst criterion

l

Constructing individual comparison
matrix in HFLEs

|

I

I

I

I

I

I

I

I Aggregating individual HFL matrix
| to a group PL matrix based on
: interval rough boundries

I
I
I
I
I
I

N

Obtaining calculating vector

l

Calculating weights of criteria

Phase 1: The novel probabilistic
aggregation-based BWM
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torant, s5 = strongly more imptorant, sq = very strongly
more important, s; = extremely strong important, sg =
extremely more important}. Each experts evaluation
is expressed using HFLEs. Subsequently, the evalua-
tion results of the Best-to-Others (BO) is obtained as

B ()= {5, ()| 5, (¥) € Sl =10, LD} g =1,2,-,Q
and the Others-to-Worst (OW) is obtained as the HFLEs

B () =8y, (0)] g, (x) €8y 1 =1, LD}g =1,2,,Q

Next, by the proposed probabilistic aggrega-

tion approach based on interval rough bounda-

ries, the aggregated sequences on the preference

of cp over ¢; can be expressed as the adjusted PLTS
Ly;

hgj(P*) _ {sgf(p*(cpz)) | Sﬂlf?{ < S(l))l = 1,...’LB],’ZP>«(£P1) =1

=1
according to Eqs. (8)-(12). Similarly, the collec-
tive evaluations of all experts on the preference of

¢j over ¢, can be expressed as the adjusted PLTS

Ly
iw iw iw

hi (p*):{sél (7 *((pl))|5(lpl €Sqypl =L L Ep*(wz) =1}

Then, the BO vector and OW vector can be obtained as:

Apo =(EM (p), E(hg* (p*)),- E(h" (p*))); (13)
Ay =(EMGY (p)), EBY (), EBEY (p*)), (14)

, Ly .
where: E(hfj (p*))zZ((p?] -p*@)) and E(héW(P*))=
=1

L.

W

Z ((p; w. p*(q’l )) are the expect values (Pang et al., 2016).
=1

Here, (p?j and (p{w are the subscripts of the PLTSs

hgj (p*) and héw (p*), respectively.

| Identification of alternatives

Constructing individual assessment
in HFLEs

I

I

I

| N2

| |Aggregating individual HFL matrix
[ to a group PL matrix based on
I

I

I

I

I

interval rough boundries
N

Developing the normalized matrix

Obtaining the weighted
comparability sequences F, and P,

|

I

| Using aggregation strategies to
: obtainZ ,Z, ,Z
I

I

Phase 2: The novel probabilistic
aggregation-based CoCoSo method

ib > “ic
N2
| Ranking the alternatives |

Figure 3. Framework of the proposed model
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On the basis of the linear model proposed by Rezaei
(2016), Model 1 is constructed as follows:

Model 1

min &

s.t.

|8 _ B (p*)) | <&, for all j
Wi
w . .
|—L— B (p*))
Wy
zj,le =1

w; 20,for all j

|<E, forall j

Solving Model 1, we can obtain the optimal values of
criteria weights (w*;,w*,,---,w*.,--,w*,)T and the cor-
responding minimum absolute difference &*, based on
which, we can check the cons1stency of the collective pref-
erences h ](p*) and h] (p*). When &*=0, the pairwise
comparisons are supposed to be consistent. In this sense,
&* can be regarded as a consistency measure. For more
detail about the consistency checking and repairing of the
BWM, please refer to Rezaei (2015).

3.2. A probabilistic aggregation-based CoCoSo
method with interval rough boundaries

The CoCoSo method has been utilized widely in appli-
cations. In the following, we develop an interval rough
boundaries-based probabilistic aggregation CoCoSo
method to rank alternatives.

To ensure the flexibility and objectivity of experts’
judgments, the HFLEs are used to express experts as-
sessments of alternatives with a subscript-symmetric LTS
S@) ={sq |a=-1,---,-1,0,1,---,7}. Then, an HFL judgment
matrix of expert e, can be constructed as:

_ y _
h;“q) . hSJ(q) h§”<‘1)
D@ =| pil@ ... pi@ hin(9)
_hgnl(q) . hg"f'(q) . hg«ﬂ(q)_

To express the group opinions completely, by Eqgs. (8)-
(12), the individual opinions can be aggregated into a de-
cision matrix D= (hlsj( PN sy through the probabilistic
aggregation approach based on interval rough boundaries,
which is expressed as:

BL(p*) - h{(p*) - BI(p*)
D=\ hi}(p*) hl(p*) hit (p*)
RENpY) e BT (pY) e T (p) |

Next, we establish a normalized matrix based on the
following compromise normalization equations:

E(hY (p*) - minE(hij (p*)

Yij = maxE(h’] (p)— mmE(h”(p*) for benefit crlterl(alS)

mlng(hgf (p*) - E(hI (p*)

maxE(hg (p*) —minE(hg(p*) , for cost criteria
i i

(16)
where: E(hgj(p*) is the expected value of
hgj(p*):{s(pl (p*(wz))|s o €Sl =12, L} with

L ]+’E

E(h](p)=> (-

o 2T

2w priaD)y,

(17)

where: 1, is the scale of the LTS S, and (p is the sub-
script of h’J (p*) (Wu & Liao, 2018).

Next, we compute the weighted average comparabil-
ity sequences and weighted geometric comparability se-
quences for each alternative as F; and P;, respectively, and
obtain two weak rankings through these two weighted
methods.

The weighted average operator is a complete compen-
satory aggregation method, through which the largest
comprehensive value with respect to all criteria can be ob-
tained, while the power aggregation operator is character-
ized by the incomplete compensation, through which the
small values cannot be compensated by the large values
completely (Liao & Wu, 2020):

E =Z;(wjy,-j); (18)
o

B=2 0" (19)
j=1

where: w; represents the weights of criteria calculated in
Section 3.1.

Three appraisal score strategies are used to generate
the moderate performances of alternatives, which are
presented as:

5 E+h
ST 20
3+ B) 20
, __F P
® " minF,  minP 21)
i i
_ AE+(1-M)(P)
e AmaxF, +(1-A)maxP, ' (22)
i i
In Eq. (22), A is determined by the preference of an

expert on the compensation of criteria values. If the
expert considers that the poor performances of an al-
ternative under some criteria can be completely com-
pensated by the good performances of the alternative
under other criteria, then F; should be assigned a big
coefficient, namely, A > 0.5; if the expert believes that
the good performances of an alternative under some
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criteria cannot fully compensate for the poor perfor-
mances under other criteria, P; should be assigned a big
coefficient, namely, A < 0.5 (Liao & Wu, 2020).

The final ranking of alternatives is determined based
on Z; in ascending order:

Z,=(ZiyZiyZi P +(Zi + Zyy + 2,) 3. (23)

4. Case study: application of the proposed model
for supplier evaluation in housing development

Selecting an appropriate construction component supplier
for property developers has a vital role in the success for
the implementation of the residential whole-decoration
strategy. This section presents a case study about supplier
selection for construction components in housing de-
velopment. The proposed multi-expert MCDM method
based on the probability aggregation approach with inter-
val rough boundaries is applied to solve the case.

4.1. Case description

Company A is one of the largest and most comprehensive
property developers in China. In 2009, the property devel-
oper announced its residential whole-decoration strategy,
and so far, more than 80% of its residential products de-
livering to customers have been achieved in whole-dec-
oration. To improve the quality of the delivered residen-
tial products and reduce the product fit-out cost through
supply chain management, the management committee of
the property developer conduct supplier decisions using
MCDM methods in their first step of building component
supply chain management. Integral kitchen cabinet is one
of the most important fit-out components as its expense
accounts high proportion in the overall fit-out spending
and its important role in quality guarantee of residential
products. Thus, this study takes the integral kitchen cabi-

net supplier selection for the property developer as an
example.

The proposed hybrid MCDM model is applied to se-
lect an optimal supplier from five construction component
suppliers {A;,A,,A;,A,,As}. The decision-making group
of A company consists of five members {e|,e,,e;,e,,€5}:
the chief executive e;, general manager e,, contract man-
agement manager e;, and two experts ey, e; with a mini-
mum of five-year-experience on supply chain manage-
ment in construction companies. According to the litera-
ture review, the fundamental criteria, such as quality, cost,
green development and enterprise capability are selected
(Luo et al., 2016; Yin et al., 2017). Moreover, since the
target company focuses on the long-term relationship
with the selected supplier so as to deliver the residential
products better, faster and smoother, the cooperation po-
tentiality is defined as strategy related criteria (Lam et al.,
2010). The weight of each expert is yzl/ 5. 12 evaluation
criteria {c,c,, **,¢;,} which are grouped into five clusters
are presented in Table 2. Among these criteria, the prod-
uct price, installation cost and environmental effect are
cost criteria, while the others are benefit criteria, and this
decision-making group agreed that c; is the best criteria,
and ¢, is the worst one.

4.2.Solving the case by the probabilistic
aggregation-based CoCoSo method with interval
rough boundaries

4.2.1. Determining criteria weights by the BWM with
interval rough boundaries

The proposed probabilistic aggregation-based BWM is
used here to obtain the weights of criteria for the in-
tegral kitchen cabinet supplier selection. Based on the
case information given in Section 4.1, each member of
the decision-making group is invited to make pairwise
comparisons in which the preferences of the criteria

Table 2. The criteria for evaluation over candidate integral kitchen cabinet suppliers

Criterion Sub-criterion Form Target value
Quality Product sample pass rate (c;) Benefit max
Level of after-sale service (c,) Benefit max
Product performance (c;) Benefit max
Cost Product price (c,) Cost min
Installation cost (c5) Cost min
Green development Environmental level (cg) Benefit max
Environmental effect (c;) Cost min
Enterprise capability Innovation capability (cg) Benefit max
Professional skill (cq) Benefit max
Market position (c;g) Benefit max
Cooperation potentiality Cooperation intention (c;;) Benefit max
Supply capability of emergency demand (c;,) Benefit max
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cg and ¢, were considered over the remaining criteria
from the defined set. The evaluations were represented
by HFLEs with the LTS S;), which are shown as follows:
i a ) G Cyq Cs C6 ¢ Cg 2% €10 ‘1 ‘12 |
€ {53:54:55} {52} {50} {51:52} {57} {52:53} {56’57} {53:54} {56’57} {34:55} {37’58} {54:55}
BO= &) {54’55} {32:53} {50} {50’51’52} {57} {52’53} {56’57} {53’54} {56} {54} {58} {54’55} ;
€3 {54>55} {52)53} {50} {5():51} {57:53} {53} {56} {53} {57} {54>55} {53} {53}
€4 {55} {52,53} {50} {51>52} {37} {53} {56’57} {53} {55>57} {54} {53} {53>54}
e\ {55} {52} {50} {50,51} {57’58} {51>52>53} {56} {53} {56} {54:55} {53} {54} ]
[ G ) %] Cy s S ¢ Cg 2% o ‘1 G2 ]
€ {54>55} {55} {57’58} {36’37} {51} {55>55} {52} {54>55} {51>32} {33>54} {50} {53)54}
OW= € {54} {36} {53} {57} {51} {56} {52} {54:55} {51} {54} {5()} {53,54} ]
€3 {54} {55>56} {58} {57} {50>51} {55»56} {52} {54»55} {51} {54>55} {3()} {53}
€y {54} {56} {58} {56’57} {50} {55>55} {52} {54)55} {52} {53>54} {50} {53>54}
€5 _{54>55} {55’56} {50} {57} {50>51>52} {55>55} {52>53} {35} {51’32} {55} {50} {54} i
Then, we aggregate the preferences of ';he decision-
making group on cp over ¢; to PLTSs (Y (p*), and
¢j over c,, to PLTSs {héw(p*‘)}lx12 by Egs. (8)-(12). The
results are shown as:
ot I c3 4
{s5(0.12),5,(0.30),55(0.59)} {s,(0.66),s5(0.34)} {s,()} {s,(0.28),5,(0.43),5,(0.28)}

{53(0.76)6,854(0.24)}

5,(0.66).55(0.30)} {5,(0.13).55(0.87)} {53(0.29),5,(0.47),55(0.24)}

C

BN =] 15(0.76),55(024))  {5,(0.34),55(0.66)} {s(0.66).5,(0.34)}
0 {s6(0.59),9$7(0.41)}
15,(0.76),5,(0.24)} (5:(0.24).5,(0.76)}
" (0 =1 150(022),5,(0.66),5,(0.12))  {55(0.42),55(0.58)}

15,(0.13),55(0.87)}

56(0.24),5, (0.76)}

C

(5,(0.59).5,(0.41)}

By Egs. (13) and (14), the BO vector and the OW vec-
tor are obtained as:

App =(4.47,2.34,0.00,1.00,7.24,2.66,6.34,3.24,6.41,4.34,7.87,3.95);

Ao =(4.24,5.76,7.87,6.76,0.90,5.58,2.13,4.58,1.41,3.91,0.00,3.50).

Then, according to Model 1 in Section 3.1, the optimal
weight vector can be obtained as:

w* = (0.066,0.102,0.208,0.131,0.035,0.096,0.041,0.108,
0.041,0.069,0.023,0.08) ™.

4.2.2. Ranking the suppliers by the probabilistic
aggregation-based CoCoSo method

Once the weights of criteria are determined, the proba-
bilistic aggregation-based CoCoSo method is applied to
evaluate the integral kitchen cabinet suppliers. The evalu-
ations were carried out by the decision-making group with
the predefined evaluation criteria in Table 2. The judg-
ments of each member take the LTS S,) = {s_3 = very bad,
s_, = bad,s_, = somewhat bad, s, = normal, s; = somewhat

53(0.24),5,(0.62),55(0.15)}

15,(0.87),5,(0.13)} {5,(042).5:(0.58)} | -

{sol(ll)} {s; (0.5)1254 (0.5)}

good, s, = good, s3 = very good}. The HFL judgments for
each expert are shown in Table 3.

Next, we aggregate all individuals’ evaluations to group
opinions expressed as PLTSs by Egs. (8)-(12). The results
are shown in Table 4.

Afterwards, based on the decision-making matrix, the

expected values of the suppliers and the normalized sup-
plier matrix can be obtained by Egs. (15)-(17), shown in
Tables 5 and 6. Then, two aggregation models are com-
puted by Eqs. (18) and (19), and the weak ranking of the
suppliers is acquired, listed in Tables 7 and 8.
The values of Z;,, Z; and Z,, are derived by Egs. (20)-
(22). Here, we suppose that the preference of the deci-
sion maker on the criteria compensation is neutral, that
is to say, A = 0.5. Finally, we calculate the values of Z; by
Eq. (23) for each supplier, which yields the comprehensive
performance scores for suppliers. Based on these scores,
we can determine the priorities of the suppliers, which are
listed in Table 9.
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Table 3. Individual evaluations of the suppliers

Alter. q ) c3 Cy Cs o c; Cg Cy 10 o s
e | {syssh | Ispsyk | {sh | fspsd | s) {s.} | {spsed | {spsod | fspsed {2} | {s_p>sob | {52583}
ey | fspspsst | {ssd | {spspd | dsyd {s1} {s_4} {so} {s1} {s,} {spsb | Asod | fspos3h

A les| sesit | Ispsak | {sd | fspsd | dsib o [ spsod | fsipsed | fsad {s1} s} | {so} {s,}
ey fso83} {s,} {sp} {s,} {s1} {s1} {sq} {s1} {s1,5,} {2} | {550 | {s2o85)
es| fsposib | {spsot | Ispsp) | {sy) {si} | {s_psod | fsopsod | fsyd {s1} {spsot | {spsod | {so)
e | {sposi} {2} | fsoosi}t | {spsa} | {sosy} | {spsod | seosih | {spsod {s,} {spst | {sh | {spos3)
e s} {3} | {sgosy} | sy} {s_4} {s,} {so>s1} {s;} {s1} {s2} {si} | {5283}

A, les| s} {2 | {sgosi} | Asy} {s_4} {s,} {so-s1t | {spsyt {s;} {ssa} | fsoosi} | {sy}
ey fspsi} {5} {so} | {spspb [{spsqd | sy} {so-s1} {s;} {s,} fspst | sk | fspossh
es| sy} {2} | sgosi} | sy} {s.t | fspsad | {sespsad | {spsod | spososa} | s} {s;} {s,}
e | {sppsp} {s1} {sp} {s1} {so} | fsposa} | fsoppsd | fsyd {s1,5,} sib | fseosit | dsy)
ey| fspspb [ {sopsod | Ispsod | fspsal | dsodb | {spsal | fsopsod | s_psso) {s,} st | fseosit | dsy)

Ay les| s} fso} | {sp>sa} | {soosi} | {so} {s} {so} {s_so} | {51585} sob | fsoosi} | {51585}

{
{
{
ey s} {s.4} {si} {s,} {s1} {s,} {s4} {so} {s,} {si} | {sosi} | s}
{
{
{

€5 {51»52} {5,1,50} {51} {51} {51} {51:52} {5,1)50} {571)50} {31,32} 50} {51} {52}
e | {spsy) {s:} {so} {spso} | L) | {58} {s1,5,} S5} {s_;} {555}
e, | {518} {s,5,} {so} {s} {so} {sppsy} | spsy) | {sphsy) {s;} s [ {50} {s,}
A4 €3 {52} {52} {571>50} {51} {50} {52} {571} {52} {51»52} {51,52} {50} {51)52}
€y {s1>5,} {5} {5951} {s:} {5_1,50} {s,} {s_5} {s,} {s1,5,} {s,} {s.} {s1,5,}
€g {51)52} {52} {50} {51} {50} {52} {572»971)50} {52} {50)51>52} {51>52} {571>50} {52}
€ {51’52} {5,1»50} {5()} {51)52} {S,2>5,1} {51)52} {5()’51} {51,52} {51»52} {52} {51,52} {52>53}
€ {51} {571,50} {5():51} {52} {571} {51:52} {50»51} {51»52} {51,52} {51} {30:51} {52}
A; |6 {51} {5_1:5()} {50:51} {51:52} {5_1} {52} {51} {52} {51:52} {51} {Sp 32} {52,53}
€y {51:32} {50} {So} {52} {5_2>5_1} {51,52} {51} {52} {51152)53} {52} {SO,SI} {52}
€5 {51} {5_1 >50} {51} {51} {5_1} {52} {50»51} {51,32} {51 >52} {51: 52} {51: 52} {52}
Table 4. The collective decision-making matrix
Alter. o ¢ c3 [N cs Cs
A {50(0.21),5,(0.26), {5,(0.34),5,(0.66)} {5,(0.24),5,(0.76)} {5,(0.24),5,(0.76)} {s,(1)} {5.,(0.76),5,(0.24)}
5,(0.26),55(0.27)}
A, {50(0.34), 5,(0.66)} {s,(1)} {50(0.58),5,(0.42)} {5,(0.76),5,(0.24)} {5_,(0.24),5_,(0.76)} {5,(0.24),5,(0.76)}
A {5,(0.42),5,(0.58)} {s_1(0.5),50(0.5)} {5,(0.59),5,(0.41)} {50(0.15),5,(0.54), {s5(0.6),5,(0.4)} {5,(0.5),5,(0.5)}
5,(0.3)}
Ay {5,(0.42),5,(0.58)} {5,(0.24),5,(0.76)} {s_1(0.14),50(0.71), {s;(1)} {5.1(0.13),50(0.87)} {5,(0.24),5,(0.76)}
5;(0.14)}
As | (5,(0.76),5,(024)) | {5,(0.42),5,(0.58)} |  {50(0.59),5,(0.41)} {5,(0.32),5,(0.68)} | {5.,(0.24),5 ,(0.76)} | {5,(0.34),5,(0.66)}
Alter. cy g g 19 n c1n
A, {5.1(0.5),50(0.5)} {5_,(0.87),5,(0.13)} {51(0.59),5,(0.41)} {51(0.34),5,(0.66)} {5_1(0.34),5,(0.66)} {5,(0.66),55(0.34)}
A, {50(0.51),5,(0.49)} {5,(0.66),5,(0.34)} {50(0.12),5,(0.43), {5,(0.5),52(0.5)} {50(0.13),5,(0.87)} {5,(0.66),55(0.34)}
5,(0.44)}
As {5.,(0.5),50(0.5)} {5.1(0.5),50(0.5)} {51(0.34),5,(0.66)} {50(0.4),5,(0.6)} {50(0.42),5,(0.58)} {51(0.68),5,(0.32)}
Ay {s.5(0.45),5_,(0.44), | {s5,(0.24),5,(0.76)} {50(0.12),5,(0.5), {5,(0.24),5,(0.76)} {5.1(0.59), 5,(0.41)} {51(0.34),5,(0.66)}
50(0.12)} 5,(0.38)}
As {50(0.34),5,(0.66)} {5,(0.34),5,(0.66)} {5,(0.45),5,(0.44), {5,(0.5),5,(0.5)} {50(0.23),5,(0.46), {5,(0.76),55(0.24)}
53(0.12)} 5,(0.31)}
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Table 5. The expected values of the suppliers
Supplier o , 3 N Cs Cs c; Ion Co 1o o 12
A, 0.764 0.777 0.793 0.793 0.667 0.373 0.417 0.355 0.736 0.777 0.444 0.889
A, 0.627 0.833 0.570 0.707 0.293 0.753 0.582 0.723 0.720 0.750 0.645 0.889
Aj 0.777 0.417 0.736 0.692 0.567 0.667 0.417 0.417 0.777 0.600 0.596 0.719
Ay 0.763 0.793 0.500 0.667 0.478 0.753 0.279 0.793 0.710 0.793 0.402 0.777
As 0.707 0.430 0.569 0.781 0.293 0.721 0.611 0.777 0.778 0.750 0.680 0.873
Table 6. The normalized decision matrix
Supplier o C c3 N Cs Cs cy Cg Co 1o i 12
Ay 0.912 0.865 1.000 0.000 0.000 0.000 0.585 0.000 0.378 0.917 0.150 1.000
A, 0.000 1.000 0.240 0.684 1.000 1.000 0.085 0.839 0.143 0.776 0.874 1.000
A 1.000 0.000 0.804 0.800 0.268 0.772 0.585 0.141 0.989 0.000 0.698 0.000
Ay 0.905 0.904 0.000 1.000 0.504 1.000 1.000 1.000 0.000 1.000 0.000 0.340
As 0.532 0.031 0.235 0.100 1.000 0.916 0.000 0.963 1.000 0.776 1.000 0.906
Table 7. The weighted average comparability sequence and the corresponding ranking results of the suppliers
Supplier | ¢ I I 4 Cs o (o g Cy €10 11 12 F; | Ranking
A 0.060 | 0.088 | 0.208 | 0.000 | 0.000 | 0.000 | 0.024 | 0.000 | 0.015 | 0.063 | 0.003 | 0.080 | 0.543 3
A, 0.000 | 0.102 | 0.050 | 0.090 | 0.035 | 0.096 | 0.003 | 0.091 | 0.006 | 0.054 | 0.020 | 0.080 | 0.626 2
Aj 0.066 | 0.000 | 0.167 | 0.105 | 0.009 | 0.074 | 0.024 | 0.015 | 0.041 | 0.000 | 0.016 | 0.000 | 0.517 5
Ay 0.060 | 0.092 | 0.000 | 0.131 | 0.018 | 0.096 | 0.041 | 0.108 | 0.000 | 0.069 | 0.000 | 0.027 | 0.642 1
As 0.035 | 0.003 | 0.049 | 0.013 | 0.035 | 0.088 | 0.000 | 0.104 | 0.041 | 0.054 | 0.023 | 0.072 | 0.517 4
Table 8. The weighted geometric comparability sequence and the corresponding ranking results of the suppliers
Supplier | ¢, I o 4 Cs o To g Cy €10 €y 12 P, Ranking
A 0.994 | 0.985 | 1.000 | 0.000 | 0.000 | 0.000 | 0.978 | 0.000 | 0.961 | 0.994 | 0.957 | 1.000 | 7.870 5
A, 0.000 | 1.000 | 0.743 | 0.951 | 1.000 | 1.000 | 0.904 | 0.981 | 0.923 | 0.983 | 0.997 | 1.000 | 10.482 1
A 1.000 | 0.000 | 0.956 | 0.920 | 0.955 | 0.975 | 0.978 | 0.809 | 1.000 | 0.000 | 0.992 | 0.000 | 8.585 4
Ay 0.993 | 0.990 | 0.000 | 1.000 | 0.976 | 1.000 | 1.000 | 1.000 | 0.000 | 1.000 | 0.000 | 0.917 | 8.877 3
As 0.959 | 0.702 | 0.740 | 0.740 | 1.000 | 0.992 | 0.000 | 0.996 | 1.000 | 0.983 | 1.000 | 0.992 | 10.104 2
Table 9. Final ranking results of the suppliers
Supplier Zi, Zy, Z;. Z; Final ranking
A 0.173 2.127 0.756 1.671 5
A, 0.228 2.632 0.999 2.129 1
Aj 0.186 2.091 0.815 1.713 4
Ay 0.195 2.460 0.856 1.914 3
As 0.218 2.358 0.955 1.966 2
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Table 10. Comparative analysis with the PL-VIKOR method

CoCoSo (New probability CoCoSo (Ref. probability VIKOR (New probability VIKOR (Ref. probability

Supplier aggregation method) aggregation method) aggregation method) aggregation method)

Z; Final ranking Z; Final ranking R; Final ranking R; Final ranking
A 1.671 5 1.679 5 0.446 2 0.384 3
A, 2.129 1 2.139 1 0.314 1 0.280 1
Ay 1.713 4 1.763 4 0.500 3 0.369 2
Ay 1.914 3 1.902 3 0.500 3 0.505 4
As 1.966 2 1.925 2 0.658 5 0.780 5

4.3. Results and discussions

From Tables 7 and 8, we can find that if the poor per-
formances of a component supplier under some criteria
can be completely compensated by the good performances
of the supplier under other criteria, the weak ranking of
the suppliers is A, > A, > A} > A5 > A;; while if the good
performances of an supplier under some criteria can-
not fully compensate for the poor performances under
other criteria, we get another weak ranking of the sup-
pliers as A, > A; > A, > A; > A. When the compensa-
tion among the criteria is considered neutral, according
to the aggregation strategies of the CoCoSo method, we
obtain the strong ranking of the component suppliers as
A, >A; > A, > Ay > A, Thus, we recommend supplier A,
as the optimum candidate.

To verify the effectiveness and robustness of the pro-
posed hybrid multi-expert MCDM model, a comparative
analysis is conducted. Since we have already analyzed the
advantages of our new probability aggregation approach
compared with the probability aggregation method pro-
posed by Wu and Liao (2018) in Section 2.2, we will not
repeat here but directly conduct a comparative analysis
by applying another classical utility value-based ranking
method, PL-VIKOR, in this part. The results are listed in
Table 10. From the yielded results, we can see that, al-
though the comprehensive scores of two probability ag-
gregation methods are not the same, the final ranking
results of the suppliers are the same. However, there are
relatively large fluctuations for the raking results of the
VIKOR-based model, which can show the robustness of
our proposed hybrid model.

Conclusions

The whole-decoration residential products success of
property developers depends on the reliability of a sup-
ply network and trustable suppliers. A suitable supplier
choosing not only can guarantee the quality of a residential
product, but also can reduce its developmental cost and
decrease the housing price accordingly. It is beneficial to
both property developers and buyers. This paper studied a
new multi-expert MCDM method for property developers
to select the most suitable construction component sup-
plier in the process of promoting their residential whole-

decoration strategy. Considering experts are not always
knowledgeable enough to present information about
the criteria in terms of precise values in a qualitative
evaluation process, the HFLTS was taken to express the
preferences of experts since it is closer to human cognition
and perceptions. In addition, to enable a realistic pres-
entation of the collective evaluations of a group, on the
basis of interval rough boundaries derived by the rough
set theory, we introduced a novel probabilistic aggrega-
tion approach. Then, the proposed novel probabilistic
aggregation approach was applied to the MCDM prob-
lem for property developers to construct a hybrid MCDM
model. The novel probabilistic aggregation-based BWM
was used to derive the weights of criteria while the novel
probabilistic aggregation-based CoCoSo method was de-
veloped to find the optimal supplier. The specific opera-
tion steps of the multi-expert MCDM model were given.

Considering the effectiveness and practicability of the
proposed hybrid MCDM model, our model can also be
applied to other group decision-making areas to deal with
the uncertainty and vagueness in the decision-making
process. In the proposed new probabilistic aggregation
approach, we used the geometric average operator to in-
tegrate the defined accuracy degree to the original aggre-
gated probability. Although the diversity of experts’ per-
ceptions were presented, the small probabilities of the
PLTS in the aggregated judgment was increased, which
seems with some defects. In the future, we shall research
a more suitable operator for integration.
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