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Abstract
Healthcare Industry 4.0 refers to intelligent operation processes in the medical industry. With the development of informa-
tion technology, large-scale group decision making (GDM), which allows a larger number of decision makers (DMs) from 
different places or sectors to participate in decision making, has been rapidly developed and applied in Healthcare Industry 
4.0 to help to make decisions efficiently and smartly. To make full use of GDM methods to promote the developments of the 
medical industry, it is necessary to review the existing relevant achievements. Therefore, this paper conducts an overview to 
generate a comprehensive understanding of GDM in Healthcare Industry 4.0 and to identify future development directions. 
Bibliometric analyses are conducted in order to learn the development trends from published papers. The implementations of 
GDM methods in Healthcare Industry 4.0 are reviewed in accordance with the paradigm of the general GDM process, which 
includes information representation, dimension reduction, consensus reaching, and result elicitation. We also provide current 
research challenges and future directions regarding medical GDM. It is hoped that our study will be helpful for researchers 
in the field of GDM in Healthcare Industry 4.0.

Keywords Healthcare Industry 4.0 · Group decision making · Large-scale group decision making · Medical industry · 
Survey

1 Introduction

Industry 4.0, first proposed in 2011 [1], refers to intelligent 
production processes in manufacturing. With the develop-
ment of technologies regarding the Internet of Things, cloud 
computing, big data, and artificial intelligence, every aspect 
of people's lives are connected to smart technology, and the 
scope of Industry 4.0 has been spreading to other industries. 
After the basics of material life and survival are guaranteed, 
people begin to pay more and more attention to their health. 
Industry 4.0 has made an impact on the medical industry. 
The medical industry that includes smart technology such as 
big data and machine learning is called Healthcare Industry 
4.0 [2]. Decision science, which was defined as a science to 
identify uncertainty and methods to deduce optimal deci-
sions [3], is one of the important parts of smart technologies. 
Decision making, as an indispensable activity in people's 

lives, is also important in the medical industry. The tech-
niques and methods of decision science have been used in 
many fields of the healthcare industry [4, 5].

Group decision making (GDM) is one of the most critical 
parts in decision science [6]. Involving consensus measure-
ment and result elicitation, GDM produces a final solution 
based on the evaluation information of multiple decision 
makers. In a complex environment with a large amount 
of information, GDM methods can help make optimal or 
compromise decisions. Additionally, the democratisation of 
decision making is a demand of modern decision makers, 
which can be achieved through the use of GDM methods. By 
virtue of the above advantages, GDM methods have attracted 
the attention of many scholars, and have been applied to a 
variety of fields [7, 8]. With the prosperity of information 
technology, large-scale GDM (LSGDM), which allows a 
larger number of DMs (usually more than 20 [9]) to partici-
pate in decision making, has been rapidly developed. Based 
on LSGDM methods, the efficiency and quality of decision 
results can be greatly improved. The application of LSGDM 
methods promotes the intelligent operation of Healthcare 
Industry 4.0. Compared with industries like manufacturing, 
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decision making in medical industry is more important 
because it is related to life safety directly. How to improve 
the accuracy of decision making in medical industry is vital 
for each person. Since GDM contains opinions of multiple 
experts, it could avoid incorrect decisions resulted from per-
sonal limitation of knowledge and emotion. In order to make 
full use of GDM methods to promote the development of 
the medical industry, it is necessary to review the existing 
relevant studies.

Several papers have separately reviewed the literature 
about GDM and healthcare. Regarding the review of GDM 
methods, [10, 11] reviewed the Delphi method, while 
[12–14] have conducted surveys on multi-criteria decision 
making (MCDM) methods. [15] and [16] focussed on the 
decision-making technologies and applications regarding 
neutrosophic information and intuitionistic fuzzy informa-
tion, respectively. [17] reviewed the papers regarding family 
GDM. [18] studied the decision-making process of clinical 
competency committees. Although all of the above papers 
introduced some research areas or methods such as informa-
tion representation and multi-criteria group decision making 
(MCGDM) methods in detail, they did not conduct com-
prehensive studies on the field of medical GDM. Besides, 
bibliometric analysis, which can help us grasp the hot spots 
and development trends of a research field quickly, was not 
used in any of the above surveys.

The aim of this study is to review the studies of GDM 
in Healthcare Industry 4.0. After collecting and simply 
processing the data, we conduct bibliometric analyses on 
the retrieved papers, which allow us to clearly learn the 
development trends of GDM in Healthcare Industry 4.0, as 

well as the current research hot spots. In addition, it can 
help us explore innovation and future directions. In addi-
tion, we provide a comprehensive introduction to medical 
GDM compared with existing survey papers. In this paper, 
different types of information representations, expert and 
decision information clustering methods, consensus meas-
urement and reaching approaches, and result elicitation tech-
niques are presented in detail. LSGDM methods and various 
medical applications in reviewed papers are also specifically 
introduced. Based on the analyses above, we summarize the 
lessons learnt and propose some future research directions. 
Figure 1 presents the analysis procedure of this study.

The rest of this paper is organised as follows: Section 2.1 
conducts bibliometric analyses on the reviewed papers. In 
Section 4.1, we provide results about the implementation of 
GDM methods in healthcare Industry 4.0 in five parts. Sec-
tion 5.1 presents specific healthcare applications. Section 6.1 
discusses future directions. The paper ends with conclusions 
in the final section.

2  Bibliometrics

To collect publication related to our study, we searched 
papers in the Web of Science (WoS) Core Collection data-
base using the following retrieval strategy: TS = (‘group 
decision making’ OR ‘group decision-making’) AND 
TS = (‘healthcare’ OR ‘health-care’ OR ‘health care’ OR 
‘medical’) (here ‘TS’ means topics) on 16 April, 2021. The 
WoS retrieved papers with the title, keywords, or abstract 
containing the input words. However, some papers just 
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mentioned the terms of GDM and healthcare, but their top-
ics did not match our needs. By reading the abstract of each 
paper, we eliminated the publications that had nothing to 
do with GDM and the healthcare industry. There were 154 
relevant papers left to review after a manual filter. Biblio-
metric analysis is an effective method to learn the publica-
tion conditions of a research field using mathematical and 
statistical tools [19]. In this section, a bibliometric software 
program, VOSviewer [20], is used to analyse the research 
status and identify the development trends of GDM methods 
in healthcare Industry 4.0.

2.1  Publication and citation trends

The development trends of a research field can be foreseen 
according to the number of publications and citations. In 
Fig. 2, the publications and average citations per publication 
of reviewed papers are presented.

As can be seen in Fig. 2, the first paper about GDM in 
healthcare was published in 1991. Reagancirincione et al. 
[21] demonstrated the necessity of applying a multi-attribute 
utility model to assist a decision on resolving the medical-
malpractice crisis. From 1991 to 2009, the related pub-
lications were few without an evident trend. Since 2009, 
the number of publications has shown a growth trend and 
increased rapidly from 2014, which partly reflects the fast 
development of this research field in the last decade. The 
boom in smart medicine brought about by artificial intel-
ligence in recent years could be one of the reasons for the 
increase of healthcare related papers. Given that individuals 
and governments in many countries are paying more and 
more attention to the physical and mental health of people, 
we deduce that the number of papers in this field will con-
tinue to grow in the coming years.

By reviewing the publications of the last three years, we 
can summarize some popular research directions. First, digi-
tal and intelligent medical applications, such as telemedicine 
knowledge sharing [22] and mobile-based patient monitor-
ing systems [23], have received more attention. In addition, 
diagnosis problems remain the focus of most papers [24, 
25]. Traditional medical problems such as selecting medi-
cal device suppliers and dealing with medical waste have 
also been studied [26, 27] in recent years. In general, in the 
past three years, studies about ongoing and future medical 
applications such as healthcare application development 
[28], accounted for a small proportion of GDM research 
studies. To keep pace with the time, decision-making meth-
ods should be close to artificial intelligence and big data, 
and the corresponding applications should also change in 
future studies.

Compared with publications, the average citations per 
paper do not show an obvious trend over time. It is worth 
noting that the papers published in 1999 and 2010 are highly 
cited. Rowe and Wright [11] reviewed the research on study-
ing the efficiency of the Delphi technique in 1999, while [14] 
respectively looked back at the papers about analytic hier-
archy process (AHP) and analytical network process (ANP) 
in 2010. The outstanding quality reviews above led the large 
number of citations.

2.2  The most productive countries/regions 
and institutions

Studying the publications and citations of different coun-
tries/regions and institutions allows us to focus on the most 
creative places in a research field, which could guide future 
collaborations among scholars in the world. Table 1 shows 
the most productive countries/regions in the field of GDM 
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Fig. 2  Publication and citation trends from 1991 to 2021 (on 16 April, 2021)
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in the healthcare industry. There are 33 countries/regions 
publishing papers in this category. To simplify the statisti-
cal analysis, this paper focusses on countries/regions where 
there have been more than three publications.

From Table 1, we can see that Chinese scholars published 
the most papers (77), followed by India (12), USA (12), Tur-
key (11), and UK (8), thus demonstrating the activity of 
scholars from those countries/regions in this research field. 
As for citations, the papers from China were the most cited 
(1,380), followed by the UK (1,136), Turkey (406), USA 
(271), and Taiwan (211). Note that the citations of UK are 
so abundant because a review paper published in 1999 was 
cited 1,000 times [11]. With regard to the average citations 
per paper, the most cited countries/regions are UK (142), 
Taiwan (42.2), Turkey (36.91), and USA (22.58). Although 
the numbers of the publications and citations of China are 
large, average citations are less than other countries/regions, 
reflecting the fact that Chinese scholars need to improve 
the quality of their papers to gain the recognition of other 
scholars.

Table 2 presents the most productive institutions. Among 
the 215 institutions that published papers in this field, those 
with more than three publications are analysed in this paper. 
We could see that Sichuan University (17) is the largest pub-
lication source, accounting for 11.04%, followed by Cen-
tral South University (12), Tongji University (9), Nanjing 
University of Information Science and Technology (8,) and 
Shanghai University (8). It is worth noting that these insti-
tutions are all located in China. Furthermore, in the institu-
tions with a large number of publications, most of them are 
Chinese universities, which reflects the outstanding contri-
bution of China in this research field.

2.3  The top 10 most highly cited papers of reviewed 
publications

To some extent, we can learn the topics that scholars 
focussed on in a field by analysing highly cited papers. In 
addition, it is helpful for us to study high quality papers to 
improve our writing skills. Table 3 shows the top 10 most 
highly cited papers with their author(s), journal name, 
publication year, and citations.

Among the most cited papers, two [11, 29] were pub-
lished in 1999 and 2000, while the rest were published in 
2010 or later, which demonstrates that some papers pub-
lished in recent years are of high quality and have been 
recognised by many scholars. In terms of the contents of 
papers, [11, 14, 16] are review papers of GDM method-
ologies, including Delphi method, AHP, and intuition-
istic fuzzy information aggregation. [30–33] used fuzzy 
sets as the tool of information representation, while [34, 
35] adopted rough sets and linguistic terms, respectively, 
reflecting that the uncertainty which appeared in the pro-
cess of decision making has received great attention from 
scholars. [30, 31, 33] used different GDM methods to deal 
with healthcare problems, showing the popularity and 
practicability of these methods. [35] studied the consensus 
reaching process. Given that consensus reaching is one of 
the most critical issues of GDM, this aspect deserves more 
research. [30, 33, 34] applied GDM methods to medical 
diagnosis, while [29, 32] concentrated on the early and 
final stages of medical processes, such as determining a 
level standard of medical students and healthcare waste 
management. With regard to journals, there are eight 
papers published in journals in the field of management 
science, far more than those published in the medical cat-
egory, which suggests that the highly cited papers focussed 
more on decision-making method innovations, rather than 
healthcare applications. On the basis of efficient methods, 

Table 1  The most productive countries/regions

TP  total number of publications, TC  total number of citations. This 
paper combined England, Wales, and Scotland as the UK before sta-
tistical analysis

Country/Region TP TC TC/TP

China 77 1380 17.92
India 12 202 16.83
USA 12 271 22.58
Turkey 11 406 36.91
UK 8 1136 142.00
Canada 7 57 8.14
Iran 7 85 12.14
Pakistan 7 52 7.43
Saudi Arabia 5 71 14.20
Taiwan 5 211 42.20
Iraq 4 52 13.00
Malaysia 4 35 8.75
Spain 4 63 15.75

Table 2  The most productive institutions

Institution Country Publications Share (%)

Sichuan University China 17 11.04%
Central South University China 12 7.79%
Tongji University China 9 5.84%
Nanjing University of Informa-

tion Science and Technology
China 8 5.19%

Shanghai University China 8 5.19%
Galatasaray University Turkey 7 4.55%
Xidian University China 5 3.25%
National Institute of Technology India 4 2.60%
Southwestern University of 

Finance and Economics
China 4 2.60%

University of New Mexico USA 4 2.60%
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scholars could pay more attention to medical applications 
in the future.

2.4  Keywords co‑occurrence

Through keywords analyses, we could quickly learn the 
research scale and content included in the papers. In addi-
tion, the connection between different topics was clear, help-
ing us find innovative research directions. Figure 3 presents 
the keywords co-occurrence of papers reviewed.

First, the keywords with big circles indicate that they 
have been used with a high frequency. We could see that 
the circles of ‘group decision making’, ‘consensus’, ‘aggre-
gation operators’, and other decision-related keywords are 
bigger than those of the keywords in other categories. ‘Sup-
plier selection’, ‘healthcare management’, and other medical 
application related keywords also appeared frequently, but 
less than the keywords of decision making. In the future, 
scholars could conduct research according to these high 
frequency keywords to follow contemporary trends, or find 
original directions in the light of keywords appearing less 
frequently.

In terms of keywords co-occurrence, we observe that the 
lines around ‘group decision making’, ‘supplier selection’, 

‘decision making’, and ‘healthcare management’ are dense, 
which represents the core contents of this research field. In 
addition, ‘Delphi’, ‘fuzzy goal programming’, and other 
surrounding keywords are relatively independent, which 
demonstrate that these issues were studied less at that time. 
Scholars could find breakthroughs from the categories these 
keywords belong to.

2.5  Co‑citation analysis of the reviewed 
publications

From the co-citation figure of reviewed papers, we were able 
to learn which papers were cited in common. To make an 
appropriate illustration, we selected the papers with citations 
greater than six for co-citation analysis. Overall, 43 papers 
met the condition and are shown in Fig. 4.

As can be seen from Fig. 4, the papers around Zadeh 
[36], Atanassov [37], Torra [38] and Rodríguez [39] are 
most numerous, reflecting their core status. Fuzzy sets, intui-
tionistic fuzzy sets, hesitant fuzzy sets, and hesitant fuzzy 
linguistic term sets, which are all different forms of infor-
mation representation, were proposed in these core papers 
[36–39], respectively. The papers cited often with others are 
all related to the information expression, which demonstrates 

Table 3  The top 10 most highly cited papers of reviewed publications

Rank Reference Author(s) Journal Year Citations

1 The Delphi technique as a forecasting tool: 
issues and analysis

Rowe and Wright International Journal of Forecasting 1999 1000

2 The analytic hierarchy process and analytic 
network process: an overview of applica-
tions

Sipahi and Timor Management Decision 2010 247

3 The inclusion-based TOPSIS method with 
interval-valued intuitionistic fuzzy sets for 
multiple criteria group decision making

Chen Applied Soft Computing 2015 152

4 Recent advances in intuitionistic fuzzy infor-
mation aggregation

Xu and Cai Fuzzy Optimization and Decision Making 2010 116

5 Three-way group decision making based on 
multigranulation fuzzy decision-theoretic 
rough set over two universes

Sun, Ma and Xiao International Journal of Approximate 
Reasoning

2017 100

6 A consensus process for group decision 
making with probabilistic linguistic prefer-
ence relations

Zhang, Xu and Liao Information Sciences 2017 96

7 Evaluating the risk of failure modes with 
a hybrid MCDM model under interval-
valued intuitionistic fuzzy environments

Wang, Liu and Quan Computers & Industrial Engineering 2016 87

8 An accessible analytical approach for inves-
tigating what happens between the rounds 
of a Delphi study

Greatorex and Dexter Journal of Advanced Nursing 2000 83

9 A group decision making framework based 
on neutrosophic TOPSIS approach for 
smart medical device selection

Abdel-Basset, Manoga-
ran, Gamal and Sma-
randache

Journal of Medical Systems 2019 82

10 An intuitionistic fuzzy multiplicative best–
worst method for multi-criteria group 
decision making

Mou, Xu and Liao Information Sciences 2016 80
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that experts attached great importance to uncertainty in the 
field of GDM in Healthcare Industry 4.0. A variety of infor-
mation representation methods have been applied to solve 
medical GDM problems in order to reflect the vagueness of 
the decision environment.

3  The implementation of GDM methods 
in Healthcare Industry 4.0

This section reviews the collected papers from the perspec-
tive of specific GDM methods.

Fig. 3  Keywords co-occurrence

Fig. 4  Co-citation of the 
reviewed publications
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GDM is defined as a process in which a group of DMs are 
invited to select the most optimal object from a set of alter-
natives, considering the preferences and opinions of DMs 
[19]. The process of GDM can be divided into four parts: 
information representation, dimension reduction, consensus 
reaching, and result elicitation, which will be outlined in the 
following parts from Section 4.1.1 to Section 4.4.1, in order 
to demonstrate the implementation of GDM methods in 
healthcare Industry 4.0. LSGDM is a special case of GDM, 
where compared with general GDM more experts (usually 
in excess of 20 [9]) participate in the process of decision 
making. The papers on LSGDM are reviewed specifically 
in Section 5.

To facilitate the understanding, we define and explain the 
main elements of GDM as follows:

(1) A set of DMs E =
{
e1, e2, ..., eQ

}
(Q ≥ 2) who are the 

subjects of the decision-making process.
(2) A set of alternatives A =

{
a1, a2, ..., am

}
(m ≥ 2) which 

are the possible solutions to the problem.
(3) A set of criteria C =

{
c1, c2, ..., cn

}
(n ≥ 2) which are 

used to evaluate alternatives.

3.1  Information representation

DMs need to evaluate different alternatives in terms of dif-
ferent criteria when making decisions. Although crisp num-
bers could be used to represent some information, owing to 
the uncertainty of external conditions and the recognition 
limitation of individuals, it is hard for DMs to offer precise 
numerical evaluation information. To overcome this draw-
back, many scholars have suggested that DMs express their 
preferences and opinions in different forms [36–39], mainly 
including fuzzy sets, rough sets, linguistic terms, and others. 
Below we make a summary about these forms.

3.1.1  Fuzzy sets

Fuzzy set theory, first introduced by Zadeh [36], allows 
people to express their opinions in a flexible form. Let 
X be a nonempty set. The fuzzy set F is expressed by a 
membership function μF ∈[0,1]. The membership value 
�F(x) of x is named the fuzzy number, which denotes the 
membership degree of element x to the fuzzy set F. The 
fuzzy number is a kind of fuzzy set, which was defined 
by Dubois and Prade [40]. A real fuzzy number ñ is any 
fuzzy subset of the real line R, whose membership func-
tion �ñ  satisfies: 1) �ñ ∶ R → [0, 1] , 2) constant on (
−∞, c] ∶ �ñ(x) = 0, ∀x ∈ (−∞, c] , 3) strictly increas-

ing on [c,a], 4) constant on [a, b] ∶ �ñ(x) = 1, ∀x ∈ [a, b] , 
5) str ictly decreasing on [b,d], 6) Constant on (
d, +∞] ∶ �ñ(x) = 0, ∀x ∈ (d, +∞] , where a, b, c, and d 

are all real numbers. When using GDM methods to handle 

medical problems, many scholars applied fuzzy numbers to 
describe the opinions of DMs, in which triangular fuzzy 
numbers were the most popular. Generally, most scholars 
have used linguistic triangular fuzzy numbers, that is, the 
evaluation results in linguistic form were transformed by 
triangular fuzzy numbers [41–51]. For example, to compute 
conveniently, linguistic variable ‘poor’ was transformed 
to (0, 0.1, 0.3), ‘fair’ was expressed as (0.3, 0.5, 0.7), and 
‘good’ equalled (0.7, 0.9, 1.0) in [43]. Additionally, trapezoi-
dal fuzzy numbers and Z-numbers were also used widely 
when dealing with the fuzziness of decision evaluations 
[52–57].

On the basis of the original fuzzy set theory, many other 
forms of fuzzy sets were proposed, such as the intuitionistic 
fuzzy sets [37] and hesitant fuzzy sets [38], contributing to 
the solution of uncertainty problems in GDM. Each form 
has its own advantages and is favoured by different scholars.

Atanassov [37] proposed intuitionistic fuzzy sets 
which added non-membership and hesitancy degrees to 
the original fuzzy set theory, showing great superior-
ity to reflect the complexity of evaluated objects and the 
fuzziness of personal cognition. Let X be a nonempty set. 
A∗ =

{
< x,𝜇A(x), vA(x) > |x ∈ X

}
 is named as an intuition-

istic fuzzy set, where �A(x) and vA(x) denote the membership 
degree and non-membership degree of element x belonging 
to A⊂X, respectively. There is 0 ≤ �A(x) ≤1, 0 ≤ vA(x) ≤ 
1, 0 ≤ �A(x) + vA(x) ≤ 1, where  �A(x) = 1 − �A(x) − vA(x) 
denotes the hesitancy degree that element x belongs to A. 
[58–64] used classic intuitionistic fuzzy sets to make up the 
uncertainty appearing in the process of decision making. In 
addition, intuitionistic fuzzy preference relation – which was 
composed of intuitionistic fuzzy sets, as a decision-making 
tool via pairwise comparisons – was applied to deal with 
GDM problems in [33, 65, 66]. Given the strength of inter-
val-valued fuzzy sets which allow the membership degree 
that an element belongs to a set to vary within a certain 
range, to make the decision-making information representa-
tion more flexible, [30, 31, 67–69] combined interval-valued 
fuzzy sets and intuitionistic fuzzy sets to express the evalua-
tion results of DMs. Luo et al. [70] used intuitionistic multi-
plicative sets to describe asymmetric or unbalanced decision 
information.

Given that it is hard for people to determine a specific 
value of the membership degree to which an element 
belongs to a set, Torra [38] proposed hesitant fuzzy sets 
which included several values in a membership degree. Let 
X be a given set. A hesitant fuzzy set is a mapping function 
from X to a subset A of [0,1], which can be expressed as: 
H∗ =

{
< x, hA(x) > |x ∈ X

}
 where hA(x) is a set of several 

possible numbers in [0,1], indicating the extent to which x∈X 
belongs to A⊂X. Classic hesitant fuzzy sets were applied in 
some studies [71, 72], while the transformations of them 
were proposed and utilised by other scholars. Combining 
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with the interval-valued theory, the probabilistic interval-
valued hesitant fuzzy sets, complex interval-valued dual 
hesitant fuzzy sets, probabilistic interval-valued intuitionis-
tic hesitant fuzzy sets, and linguistic interval hesitant fuzzy 
sets were studied [73–75]. Besides, Garg and Kaur [76] used 
probabilistic dual hesitant fuzzy sets to represent imprecise 
information. Wu et al. [77] proposed some hesitant Pythago-
rean fuzzy sets, embedding the advantages of both hesitant 
fuzzy sets and Pythagorean fuzzy sets. Reflecting that DMs 
preferred qualitative information, Krishankumar et al. [78] 
adopted linguistic hesitant fuzzy sets to represent the prefer-
ence of DMs. Incomplete hesitant fuzzy preference relations 
were used to address the uncertainty and complexity of the 
GDM environment in [79].

In addition to the papers mentioned above, there are some 
studies adopting various transformations of fuzzy sets to 
elicit the preference information of DMs. Different kinds 
of interval-valued fuzzy sets were used in [80–83] to han-
dle uncertain and ambiguous decision information. [84–86] 
studied neutrosophic fuzzy multi-attribute GDM problems, 
while Rani et al. [87] and Riaz et al. [88] solved GDM prob-
lems under the Pythagorean fuzzy set context. Akram et al. 
[24] used bipolar fuzzy information to represent various 
symptoms. Yuan et al. [89] proposed a fuzzy logic expert 
system. Yang et al. [90] defined a variable named q-rung 
picture normal fuzzy set to describe healthcare evaluations. 
[91, 92] used group fuzzy preference relation matrices to 
represent opinions of different alternatives of DMs.

3.1.2  Rough sets

Rough sets theory, proposed by Pawlak [93], is an efficient 
mathematical tool to settle vague and imprecise data. Let A 
= (U,R) be an approximation space (the definition of approx-
imation space can be found in Pawlak [93]), and let :A, ;A, ≈A be 
equivalence relations on P(U) (P(U) denotes the powerset of U). 
Every approximation space A = (U,R) is defined by three approx-
imation spaces:  A∗ =

(
P(U), ∶

A

)
, A

∗
=
(
P(U), ;

A

)
, A∗ =

(
P(U),≈

A

) Which 
are subsets of U. :A, ;A, ≈A are the indiscernibility relations 
in the corresponding spaces A∗

, A
∗
, A∗ . The approximation 

space A∗

(
A∗

, A
∗
)
  is named the (lower, upper) extension of 

A. The equivalence classes of the relation ≈A (:A, ;A) is 
named rough (lower, upper) sets. Rough sets focus more on 
the inclusion relation of sets instead of the relation of num-
bers, and two definable sets named upper and lower approxi-
mations are important parts of them. Despite the fact that 
there are some overlaps between rough sets theory and other 
theories focussing on solving uncertainty problems (such as 
fuzzy set theory), it has been extended and applied by many 
scholars, and is still worth studying. The transformations of 
rough sets were used more than their original forms in the 
field of GDM in healthcare. The research group of Sun [34, 

94] studied the theories of multigranulation rough set and 
applied them to propose corresponding MCGDM methods. 
In addition, concerning multigranulation rough sets, Zhang 
et al. [95] proposed a rough set model named the dual hesi-
tant fuzzy multigranulation rough set to deal with abundant 
uncertain medical information. To improve the accuracy of 
results, Abdel-Basset et al. [96] applied rough numbers to 
address vagueness when evaluating suppliers in the medical 
industry. Jia et al. [97] proposed intuitionistic fuzzy rough 
numbers to solve MCGDM problems under uncertain envi-
ronment. Wang et al. [98] applied three-way decision rough 
sets to propose a MCGDM method.

3.1.3  Linguistic terms

Linguistic terms are variables whose values are words or 
sentences in a language [99]. For example, ‘height’ is a 
linguistic variable if it takes the form of language instead 
of numbers, such as short, medium, and tall, rather than 
160, 170, and 180. To evaluate a linguistic variable, lin-
guistic term sets were proposed by Herrera et al. [100]. 
A classic linguistic term set is usually represented 
as S =

{
si|i = 0, 1, ... , T

}
 where T is a positive integer and 

every si represents a possible value for a linguistic vari-
able. In the process of evaluating alternatives, qualitative 
variables as indispensable attributes need to be evaluated 
in linguistic terms [101]. Figure 5 shows the percentage of 
each linguistic term set. We can learn that other forms of lin-
guistic term sets account for a half approximately, reflecting 
the fact that scholars are inclined to use various innovative 
forms of language information expression methods.

Among the various forms of linguistic term sets, hesitant 
and probabilistic linguistic term sets were used most widely. 
LetS =

{
st|t = −�, ... ,−1, 0, 1, ... , �

}
 be a linguistic term 

set. The mathematical form of a hesitant fuzzy linguistic 
term set  HS is  [102]H

S
=
{
< x

i
, h

S

(
x
i

)
> ||xi ∈ X, i = 1, ... ,N

}  , 
where hS

(
xi
)
∶ X → S denotes the membership degree of 

element xi ∈ X mapped to A ⊂ X , and hS
(
xi
)
 is a column of 

possible linguistic terms from S. A probabilistic linguistic 
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where hl
kj

(
pl
kj

)
 is the lth linguistic term associated with its 

probability.
To express the hesitancy and preference of DMs clearly, 

classic probabilistic linguistic term sets (PLTSs) were 
applied to represent qualitative data such as the criteria of 
medical products suppliers, the condition of patients, and 
the healthcare situation of hospitals [26, 104–109]. Proba-
bilistic linguistic preference relation whose elements were 
PLTSs was used to collect the preference of individuals in 
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[35, 110–112]. In addition, the extension of PLTSs was pro-
posed to represent evaluation information [113]. As for hesi-
tant fuzzy linguistic term sets (HFLTSs), [114–118] took full 
advantage of classic HFLTSs to quantify linguistic evalua-
tion information in the healthcare industry, while [119, 120] 
enriched the content of hesitant fuzzy linguistic preference 
relation. Gou et al. [121] expressed the assessment infor-
mation of experts in the form of double hierarchy hesitant 
fuzzy linguistic term set. Zolfaghari and Mousavi [122] 
proposed progression in GDM where uncertain information 
was expressed in the form of interval-valued hesitant fuzzy 
linguistic sets. Krishankumar et al. [123] proposed a term set 
called intuitionistic fuzzy confidence hesitant fuzzy linguis-
tic term set to highlight the preference and non-preference of 
DMs for each linguistic term. Zhang et al. [124] used double 
hierarchy hesitant fuzzy linguistic term sets to represent the 
judgement of DMs on the inter-relations among criteria. Wei 
and Liao [125] studied the multigranularity hesitant fuzzy 
linguistic information.

Besides probabilistic and hesitant linguistic term sets 
mentioned above, diverse linguistic variables were used to 
evaluate vague data in GDM. [126, 127] used general lin-
guistic information to express the opinions of DMs. Various 
interval-valued linguistic information such as interval-val-
ued intuitionistic fuzzy linguistic sets and interval 2-tuple 
linguistic information were adopted to evaluate the dif-
ferent processes of healthcare [128–131]. He et al. [132] 
utilised Pythagorean 2-tuple linguistic sets to reflect fuzzy 
information when evaluating medical suppliers. [133, 134] 
applied two-dimensional uncertain linguistic variables to 
describe evaluation results. Liu et al. [135] proposed an 
MCGDM method based on intuitionistic uncertain linguis-
tic variables. DMs in [27, 83, 136] expressed opinions in 
multi-granular linguistic term sets. Li et al. [137] used a 
2-tuple linguistic model to manage the uncertain and fuzzy 
evaluation information in quality function deployment. Xie 
et al. [138] integrated 2-tuple linguistic with quantitative 
analysis when determining the indicator system of a disease 

selection model. Xian et al. [139] proposed intuitionistic 
Z-linguistic sets to deal with linguistic information. Li et al. 
[28] measured the preference of individuals employing 
uncertain multiplicative linguistic variables. Li et al. [140] 
built a framework to sort different hospitals where evalua-
tion results were expressed in q-rung orthopair fuzzy uncer-
tain linguistic variables. Nabeeh et al. [141] applied bipolar 
neutrosophic linguistic numbers to describe the evaluation 
values of criteria. A 2-Tuple linguistic decision matrix was 
used to represent the opinions of experts in [142].

3.1.4  Others

Fuzzy sets, rough sets, and linguistic terms were commonly 
used in GDM in the healthcare industry, while some papers 
applied other tools to represent decision information. Soft 
set theory is a method to model the uncertainty and fuzzi-
ness in diverse categories, which avoids some difficulties of 
theory of probability, fuzzy sets, and rough sets on account 
of inadequacy of the parameterisation [143]. [144, 145] 
proposed medical diagnosis methods based on intuitionis-
tic fuzzy soft sets. Dong et al. [25] employed neutrosophic 
soft sets to handle uncertain and inconsistent information. 
[146, 147] proposed two soft topologies respectively based 
on bipolar neutrosophic soft sets and Pythagorean fuzzy soft 
sets, and studied MCGDM problems under the conditions of 
those two topologies. Additionally, given that it is impossi-
ble for people to understand all the information and its inner 
quality, [148, 149] used a multi-valued extended logic pro-
gramming language to represent and reason with knowledge 
in the process of decision making. Tang et al. [150] utilised 
reciprocal preference relations to reflect preference inten-
sities among alternatives. To retain uncertain judgements 
in decision processes, Michnik and Grabowski [151] used 
interval values to express the different opinions of DMs.

When settling GDM problems, crisp numbers were 
also used to express the preferences and opinions of DMs. 
However, in view of various uncertain factors, most papers 

Fig. 5  The shares of linguistic 
term sets
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chose to represent evaluation information in a vague way. 
In brief, whatever forms of information representation were 
adopted, uncertainty was one of the most critical elements 
that scholars considered when studying GDM in the health-
care industry.

3.2  Dimension reduction

The results of GDM would be democratic if we endeavoured 
to satisfy the preferences of each DM, but it is unrealis-
tic to collect and process all the different opinions when 
there are too many DMs. In this regard, to improve the effi-
ciency of GDM, the dimension reduction of DMs is taken 
into account. Clustering analysis, aiming to simplify data, 
refers to the process of dividing a set of objects into differ-
ent groups composed of similar elements, which has been 
utilised in many fields [152, 153], and is applicable for the 
dimension reduction of DMs. Compared with general GDM, 
the clustering problem of DMs is more critical in LSGDM, 
owing to its larger numbers of DMs. Most GDM problems 
discussed in the papers reviewed involved a small number of 
DMs without paying much attention to dimension reduction. 
The proposed innovative methods of DMs clustering appear-
ing in the reviewed papers could be elaborated as follows:

• To classify experts, the partitioning around medoids 
(PAM) clustering algorithm was applied by Tang et al. 
[150]. In terms of the main steps of the PAM in the 
paper, K experts were selected first as initial subgroup 
medoids, where the max–min method [154] was applied 
by the authors to overcome the shortcoming of the classic 
PAM algorithm whereby it chooses K medoids too ran-
domly. Then the sum of Euclidean distances between all 
experts and the leader of their subgroup was computed. 
The leader that could minimise the sum of the distances 
was the optimal one. Finally, clustering results would be 
obtained by assigning each expert to the nearest subgroup 
leader. Note that the determination of K is a critical issue 
in K- medoids algorithm, which in this paper was settled 
by the method proposed by [155].

• Given that the current clustering algorithms pay lit-
tle attention to HFLTSs and the clustering results rely 
unduly on the selection of the number of clusters and 
initial centres, Li and Wei [114] proposed a clustering 
method based on an ideal point to reduce the dimensions 
of DMs. They first converted HFLTSs into possibility 
distributed HFLTS [156] which could describe all cases 
in which different linguistic terms are assigned different 
probabilities. Based on normalised decision matrices, the 
initial number of clusters and the cluster centres were 
determined. Then, the membership degree of each DM to 
each cluster was calculated and the cluster centres were 
updated according to the opinions of DMs in each cluster. 

In the clustering process, a threshold � ∈ [0, 1] was intro-
duced to judge if the clusters could reach a stable state.

• Kose et al. [157] used an expectation maximisation (EM) 
algorithm [158] to cluster similar DMs. Different from 
K- means clustering which supposes that all clusters are 
equal variances and covariance, and the EM algorithm 
allows clusters to have diverse scales and variances, 
which is closer to reality. There are two steps included 
in the EM. First, in the expectation step, predicted values 
of unobserved potential variable are calculated. Then, 
the objective function obtained according to the similar-
ity of latent processes is required to be maximised in 
the allowed parameter space. Note that only Euclidean 
distance can be applied to measure the distances between 
different observations in the EM.

In summary, different dimension reduction methods have 
different advantages and drawbacks, and are suitable to dif-
ferent situations. The future researchers should select and 
improve those clustering techniques according to the specific 
situations they are facing.

In the GDM problem, besides expert clustering, we need 
to reduce the dimensions of decision information if there 
are too many evaluated objects. Li et al. [158] proposed two 
algorithms to improve the classification accuracy of dynamic 
data. First, two distance functions – the Euclidean distance 
and the Jaccard distance – which were applicable to calculat-
ing the distance of numerical data and character or Boolean 
data respectively were integrated to measure the proximity 
of variables to each other, which could expand the applica-
tion range of the algorithm. Additionally, a dynamic sub-
group nearest neighbours method was proposed to classify 
medicine comparison samples varying with time.

3.3  Consensus reaching

There may be too many DMs and scattered opinions in 
GDM. To guarantee the final results meet the needs of 
majorities as much as possible, it is necessary to study con-
sensus. Focussing on the consensus problem, some scholars 
have studied the quality of decision making by consensus 
panels [159], but most papers focussed on consensus meas-
uring and reaching. As for how to measure and reach con-
sensus in GDM, there is no agreement among scholars. In 
the following section, innovative methods regarding consen-
sus measuring and reaching are reviewed.

• Various similarity and distance measures have been 
defined and applied [160, 161] to measure the devia-
tion and closeness degrees of the preference of experts. 
Through review, we were able to learn that scholars 
modified the measuring techniques according to differ-
ent forms of decision information, making the measure 
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method adapt to a different decision environment. Sub-
sequently, confronting the failure of consensus reaching, 
scholars have put forward diverse methods to promote 
agreement among experts, such as allowing experts to 
adjust their opinions or modifying the decision matrices 
of experts automatically based on some rules. Based on 
similarity and distance measures, some scholars pro-
posed original consensus reaching methods which are 
presented as follows:

• Wu, Ren, and Xu [120] proposed a consensus measure 
tool named hesitant fuzzy linguistic preference relation 
(HFLPR) satisfaction degree. First, they defined some 
operations of linguistic terms to overcome defects in 
measuring the consistency of linguistic preference rela-
tions, which contributed to constructing a perfectly 
consistent HFLPR. Then, the error matrix denoting the 
difference between the normalised HFLPR and the cor-
responding consistent HFLPR, and the consensus matrix 
measuring the distances between each expert and the 
unanimity, were defined. Finally, based on the consen-
sus matrix, the satisfaction degree was proposed to com-
pare with a threshold in order to judge if the experts had 
reached a consensus. To help reach the consensus and 
shorten the decision time, the authors proposed a model 
to recommend HFLPR to experts.

• Moreno-Rodriguez et al. [127] designed a consensus 
supporting model based on linguistic information for 
self-assessment in healthcare organisations. Linguis-
tic consensus degrees evaluating the consensus among 
the group members, and linguistic distance measuring 
the distance between the opinion of each member and 
the existing group consensus were used to describe the 
current consensus situation. The authors suggested that 
their consensus model was composed of four steps. (1) 
All members conduct a self-assessment in linguistic 
terms through a questionnaire. (2) Count the number of 
individuals who reach an agreement on each question. 
(3) Find the linguistic terms which were used most in 
the self-evaluation of group members and calculate the 
proportion of individuals whose responses are in agree-
ment. (4) Calculate the linguistic consensus degree and 
linguistic distance. If there was strong disagreement on 
some questions, a moderator would advise the members 
to change their opinions. Although the authors proposed 
an interesting method to measure consensuses, they did 
not discuss how to judge agreement between questions.

• Zhang, Xu, and Liao [35] first defined generalised Ham-
ming and Euclidean distance and similarity measure 
applicable to PLTSs environment. Then, to solve the 
problem of the consensus degree being less than the 
consensus threshold, the authors proposed a two-phase 
consensus improving process. (1) Find the experts with 
smallest similarity degrees and exclude the expert who 

caused the lowest consensus level. If there was more than 
one expert satisfying the conditions above, they were 
required to modify their opinions. (2) If the identified 
expert did not agree to change their opinion, the authors 
proposed an adjustment mechanism to modify the prefer-
ence matrices of the identified expert.

• Zhang, Wang, and Hu [136] defined a consensus degree 
based on multi-granular hesitant 2-tuple linguistic infor-
mation, which reflected how close the evaluation in the 
decision matrix of one group member was to those in the 
collective decision matrix. When the consensus degree 
was more than a consensus threshold � determined by 
all DMs, the individual and collective decision matrices 
would be re-evaluated according to proposed direction 
rules.

• Instead of improving the classical similarity and distance 
measures, Tang, Liao, and Kou [150] proposed different 
consensus measures called type � and type � consensus 
which were respectively applicable to two kinds of deci-
sion problems in their paper. The goal of the first type of 
decision problem was to select the optimal alternative. 
After defining the sequence support for an alternative 
pair and the best alternative support, the authors defined 
the best consensus support for an alternative which 
would be compared with a consensus threshold to judge 
if the group reached an agreement on the judged alterna-
tive. The second decision problems aimed to rank the 
alternatives. Similar to the first consensus measure, the 
authors defined the sequence support for a ranking and 
the consensus support for a sequence, then a consensus 
threshold was introduced to judge whether the sequence 
was optimal to group members. For those ranks that had 
not reached the consensus, the authors designed an algo-
rithm to generate another rank which would be executed 
until the final consensus appeared.

There are some papers applying other methods to reach 
consensus. NEMAWASHI is a normal process in Japan, 
emphasising that good interpersonal relationships are crucial 
to making a group decision efficiently. Fetters [162] intro-
duced NEMAWASHI as a consensus construction proce-
dure, through which a proposition need to get approval from 
everyone who is in an important position in an organization. 
Paik et al. [163] exploited a collaborative nursing practice 
system based on the Internet to promote the collaboration 
learning of nurse teams and to contribute to a satisfying 
nursing care regime. Das and Kar [144] proposed a disease 
diagnosis algorithm based on an intuitionistic fuzzy soft set 
which could reflect the consensus of all experts.

• Delphi, initially a trial carried out by an America com-
pany to gain the most reliable agreement of a group of 
experts [164], has been used in many research fields to 
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assist decision making. In short, the process of Delphi 
is to ask different experts for advice in private, to col-
lect and analyse those suggestions, and then give feed-
back to the experts for new advice. The process above 
can be repeated until a consensus is reached. To reach 
consensus in GDM about healthcare, the Delphi and its 
modifications have been utilised in many papers [165, 
166]. Connors et al. [167] applied a modified Delphi 
to make stakeholders prioritise the performance indi-
cators of comprehensive school mental health systems 
when setting performance measures. By conducting four 
rounds of Delphi, Shaw and Manwami [168] determined 
10 indicators measuring the electronic medical records 
usage level of primary care doctors. Smits et al. [169] 
advocated a GDM supporting system where the Delphi 
procedures were embedded. Given that the stability of 
the consensus obtained by Delphi and the convergence 
of agreement among rounds were of great research value 
and had not been studied, Greatorex and Dexter [29] pro-
posed an accessible analytical approach to explore what 
happened during the process of Delphi.

• In summary, to deal with the GDM consensus measuring 
problem in the healthcare industry, modified similarity 
and distance measures were frequently used. Besides 
the measures mentioned above, future researchers could 
apply other distances such as [170, 171] in the medical 
GDM. Although the Delphi method is an efficient tool to 
achieve agreement among experts, its limitations such as 
the reliability and stability of the consensus result need 
to be discussed before using it. Note that none of the 
reviewed papers combined distance measures and Del-

phi, which may be an innovative approach to solve medi-
cal GDM problems.

3.4  Result elicitation

In the context of one type of decision information, if neces-
sary, we need to classify the experts and help them reach a 
consensus. Then, to make a final decision, different methods 
were required in the process of ranking, sorting, or selecting 
alternatives. In this section, result elicitation methods uti-
lised in the reviewed papers – including various alternatives 
selection as well as sorting and ranking techniques – are 
presented.

3.4.1  MCDM methods

Thanks to their validity, classic MCDM techniques – such 
as technique for order preference by similarity to ideal solu-
tion (TOPSIS), and organísation, rangement et synthèse de 
données relarionnelles (ORESTE) – have been widely used 
to solve decision-making problems in various fields [172, 
173]. Scholars have improved these methods to adapt to dif-
ferent conditions. The share of MCDM techniques used in 
papers reviewed are shown in Fig. 6. We can learn from the 
figure that the AHP and TOPSIS were used most, followed 
by the vlsekriterijumska optimizacija I kompromisno resenje 
(VIKOR) (in Serbian), the best worst method (BWM), and 
the decision-making trail and evaluation laboratory (DEMA-
TEL), which reflected their applicability in the field of medi-
cal GDM. In terms of hybrid methods, AHP was also used in 
many papers [174–176]. Additionally, elimination et choix 

Fig. 6  The shares of MCDM 
techniques used in papers 
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traduisant la realité (ELECTRE) (in French) [26], prefer-
ence ranking organisation method for enrichment evaluation 
(PROMETHEE) [141], and ANP [31] were combined with 
other MCDM methods to solve GDM problems. Table 4 
presents the references using the classic MCDM techniques 
in detail.

Besides the methods mentioned above, there are many 
papers involving other MCDM-related techniques. Aggre-
gation operators are effective tools to integrate information, 
and reflect the decision-making results clearly, which have 

evolved in many forms and been applied in many kinds of 
areas [184]. Generally, in the process of MCDM, based on 
different decision information, some scholars would pro-
pose corresponding aggregation operators for information 
fusion, and then use score function, comparison laws, and 
other tools to get the final result. The details of proposed 
aggregation operators are shown in Table 5.

In addition, some researchers proposed MCDM methods 
based on improved rough sets theory [34, 85, 94]. Pramanik 
et al. [85] proposed a MCDM method after defining the 

Table 4  The references where classic MCDM techniques are used

MCDM technique(s) Reference(s)

AHP [45, 56, 64, 66, 110, 156, 177–180]
BWM [33, 41, 66, 96]
Complex proportional assessment (COPRAS) [87]
DEMATEL [53, 55, 105, 181]
Multi-attributive border approximation area comparison (MABAC) [97, 108, 116]
Multi multi-objective optimization by ratio analysis (MULTIMOORA) [22, 70, 122]
ORESTE [83]
Tomada de decisao interativa e multicritevio (TODIM) (in Portuguese) [52, 109, 138]
TOPSIS [30, 32, 42, 43, 46, 82, 83, 99, 115, 

134, 139, 146, 147, 182]
VIKOR [54, 67, 81, 143]
Hybrid methods [23, 24, 26, 31, 49, 51, 98, 117, 

124, 141, 174–176, 183]

Table 5  The aggregation operators proposed in reviewed papers

Reference Aggregation operator(s)

[132] Pythagorean 2-tuple linguistic weighted average operator; Pythagorean 2-tuple linguistic weighted geometric operator
[145] Weighted intuitionistic fuzzy soft Bonferroni mean operator
[140] Q-rung orthopair fuzzy uncertain linguistic Schweizer–Sklar dual Hamy mean operator
[111] Probabilistic linguistic weighted averaging operator
[135] Intuitionistic uncertain linguistic variables Hamy mean operator; Intuitionistic uncertain linguistic variables Hamy weighted average 

operator
[131] Generalised interval neutrosophic linguistic prioritised weighted harmonic mean operator; Generalised interval neutrosophic linguis-

tic prioritised hybrid harmonic mean operator
[68] Interval-valued intuitionistic fuzzy sets aggregation operator
[130] Interval 2-tuple weighted distance operator; Interval 2-tuple ordered weighted distance operator; Interval 2-tuple hybrid weighted 

distance operators
[57] Trapezoidal interval type-2 fuzzy Maclaurin symmetric mean operator; Weighted trapezoidal interval type-2 fuzzy Maclaurin sym-

metric mean operator
[69] Interval valued intuitionistic fuzzy definite integral operator
[118] Archimedean t-norms and s-norms based hesitant fuzzy linguistic aggregation operator
[86] Neutrosophic fuzzy preference relation induced ordered weighted averaging operator
[90] Q-rung picture normal fuzzy Heronian mean operator
[95] Dual hesitant fuzzy averaging operator
[35] Probabilistic linguistic term sets aggregation operator
[78] Simple linguistic hesitant fuzzy weighted geometry operator
[123] Intuitionistic fuzzy confidence linguistic simple weighted geometry aggregation operator
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correlation coefficient measure between two rough neutro-
sophic sets. The research group of Sun studied the multi-
granulation fuzzy decision-theoretic rough set and presented 
corresponding MCDM methods [34, 94]. Nabizadeh et al. 
[50] used the fuzzy MCDM method based on hierarchical 
distances, in which the weighted distances between ideal 
solution and anti-ideal solution and the proximity degrees 
between each solution and the ideal solution were calculated 
to rank alternatives. Given that the conventional MCGDM 
methods were not concerned with the affective cognition of 
experts, Su et al. [92] proposed a hierarchical group affective 
computing model which could acquire emotion changes and 
evaluate the results of MCGDM. Xu, Qian, and Wang [112] 
used a utility function based on aspiration to access health-
care insurance audits. Xu, Meng, and Wang [74] developed 
an MCDM approach with linguistic interval hesitant fuzzy 
sets. Zhou [63] proposed an intuitionistic fuzzy sets similar-
ity measure method and applied it to MCDM.

3.4.2  Other methods

Decision support system (DSS), a term which was first 
coined by Scott Morton, is a computer application system 
aimed at assisting the decision making of individuals [185]. 
It was a popular method which was used in [62, 120, 169] to 
deal with medical GDM problems. Smits et al. [169] advo-
cated a GDM method based on a group DSS considering the 
interaction among different actors. Wu, Ren, and Xu [120] 
established a hospital DSS under an uncertain environment 
to improve the efficiency of expert consultation. Yang et al. 
[62] proposed a DSS to help build a medical website which 
could recommend optimal doctors to each patient.

Reagancirincione et al. [21] developed a system dynamics 
simulation model to analyse medical malpractice crises and 
to provide suggestions, where a decision techtronics group 
was used to assist decision making. Sharma et al. [186] stud-
ied a case in which a group reasoning model named reason-
ing community was used to support multi-disciplinary meet-
ings. The authors stressed that group reasoning and decision 
making are most effective when information provided is 
comprehensive and corn members are presented. Shaw and 
Manwami [168] applied the Delphi technique to determine 
the indicators of evaluating the usage of electronic medi-
cal records. Sundberg, Garvare, and Nystrom [187] studied 
the decision-making process of national disease prevention 
guidelines development by a qualitative inductive longitudi-
nal case study. Wang and Wang [188] proposed an adaptive 
weighted integrated convolutional neural network to diag-
nose diseases. The authors first preprocessed the imaging of 
diseases, and then trained and recognised the image with a 
convolutional neural network, in which the weighted voting 
of GDM was used. Yuan et al. [89] developed a fuzzy logic 

expert system to allocate kidneys. After simulation experi-
ments with real data, the results obtained by that method 
were recognised by experts.

In summary, most of the papers mentioned above used 
computer-related methods to aid decision making. With the 
advent of the 5G era and the gradual maturity of artificial 
intelligence, computer-based decision-making methods are 
becoming more and more popular. Future researchers should 
pay more attention to computer-related techniques to keep 
pace with the times.

3.5  Large‑scale group decision making

Depending on big data-based technologies such as social 
networks [189] and public e-marketplaces [190], more and 
more experts in different fields can make decisions together 
at different times or places. In this way, LSGDM has devel-
oped quickly in recent years [19]. In the category of GDM 
in the healthcare industry, we find several papers written 
on the background of LSGDM, which are presented below.

• To make a hospital more competitive, Gao et al. [191] 
proposed an LSGDM method to evaluate the service 
quality of doctors. First, one hundred evaluators includ-
ing patients and their families were invited to assess doc-
tors according to different attributes in linguistic terms. 
After standardising the decision matrices, the probability 
of each doctor over others, the distance between the eval-
uation of each doctor and the ideal point, and the utilities 
of all doctors were calculated. The authors divided the 
attributes into two dimensions—ability and reputation. 
Then, the equilibrium results between two dimensions 
were calculated. Finally, based on a score function pro-
posed in the paper, the final ranking of doctors was deter-
mined.

• Gao and Sun [22] developed a method integrated with an 
evolutionary game to discuss the factors of knowledge 
sharing among hospitals in uncertain environments. A 
dynamic game with complete information theory was 
used to analyse the knowledge-sharing process in the 
context of telemedicine in several cases concerning 
whether the general and specialist hospitals select knowl-
edge sharing strategy. The game model showed there 
were two results whereby both the general hospitals and 
specialist hospitals chose to share knowledge, or neither 
of them shared information. Give that the final balance 
point of the evolution system relied on the game matrices 
and parameters, the authors analysed the game results 
and key parameters by MATLAB.

• Jiang et al. [55] proposed a large group linguistic Z-num-
bers DEMATEL method to evaluate the performance 
of healthcare organisations. First, they computed the 
degree of similarity of the experts’ decision matrices 
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which could be used to cluster experts into subgroups. 
Then, the clusters of experts were aggregated according 
to a maximising consensus approach. Last, an extended 
DEMATEL method was introduced and applied to iden-
tify key performance indicators of hospitals.

• Li and Wei [114] developed an LSGDM method to deter-
mine treatment options for patients. First, the DMs were 
clustered into several subgroups based on a clustering 
method which has been explained specifically in Sec-
tion 4.3. Considering that general clustering methods, 
such as using cluster centres to represent the opinions of 
subgroups, were likely to lose some decision informa-
tion, the authors applied possibility distributed extended 
HFLTSs to model the subgroup preference distribution. 
Then, the authors built a subgroup weighting optimisa-
tion model to get the final weights of subgroups, taking 
into account the distance between each positive and nega-
tive ideal point of each subgroup. Based on the weight 
vector of subgroup, the optimal alternatives can be found 
by calculating the relative closeness coefficient of each 
alternative and the ideal solution.

• The key point of the paper by Tang, Liao, and Kou 
[150] was to introduce two types of consensus measur-
ing, which have been presented in Section 4.4. The final 
alternative ranking was derived by mining consensus 
sequences. A case study on the location of an emergency 
medical rescue centre was used to demonstrate the reli-
ability of the proposed method.

Most of the above papers studied the common LSGDM 
process, namely, clustering experts, discussing consensus 
measurement, and then sorting and selecting solutions. 
Conflict management and cost management are also impor-
tant research contents of GDM, which have not received 

sufficient attention in the papers reviewed. Future research 
on LSGDM in the healthcare industry should be considered 
more comprehensively. Note that the numbers of experts 
included in the above papers were 100, 25, 20, and 12. 
LSGDM with a larger number of experts is worth studying.

4  The applications of GDM methods 
in Healthcare Industry 4.0

In this section, the applications of GDM methods in 
Healthcare Industry 4.0 are reviewed. These applications 
involve medical supplier selection, medical devices selec-
tion and location, medical human resource management, 
medical online platform establishment, medical and health 
system establishment and reform, medical diagnosis, 
medical treatment service matching, doctors and hospi-
tals evaluation, medical risk assessment, online healthcare 
services, patient prioritisation, medical waste management 
and others. We divide the applications mentioned above 
into three aspects—healthcare preparation, hospital man-
agement, and other applications. Figure 7 shows the num-
ber of papers on different medical applications and Table 6 
lists those papers in detail.

4.1  Healthcare preparation

As shown in the figure and table, in the category of health-
care preparation, many papers applied GDM methods to 
select medical suppliers and devices. For example, the group 
of Abdel-Basset proposed different MCGDM techniques to 
evaluate five medical suppliers for a hospital and estimate 
smart medical devices [32, 96]. From this perspective, we 
were able to learn that the supplier and devices selection 

Fig. 7  The number of papers on 
medical applications
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problems as classic operational research problems which are 
still of concern to many scholars. In addition, the problems 
of medical devices and healthcare systems are also studied 
in other papers such as [119]. For national health systems, 
[53, 119, 121, 142, 187] GDM methods are used to help 
establish and reform them.

4.2  Hospital management

Here, hospital management occupies a lot of content. Medi-
cal diagnosis is one of the foremost activities in hospitals, 
which has attracted the attention of many scholars. As far 
as treatment is concerned, medical diagnosis accounts for 
a considerable proportion, including determining the types 
of diseases [89], selecting optimal medicines [87], and 
selecting surgical treatments [106]. Given that information 
transfer and interaction are very important in the process 
of treatment, some papers studied how to capture the tacit 
knowledge of experts [195] and determine the requirement 
of patients [137]. Additionally, emergency diagnosis and 
treatment were included in the studies about treatment [98, 
150, 181].

We could see that the studies about online healthcare ser-
vices make up a large part. Those online platforms and sys-
tems mainly involve mobile patient monitoring systems [23, 
67], medical appointment registration systems [66], medical 
records [168], a national rare disease internet platform [179], 
the Internet of Things healthcare [43] and telemedicine ser-
vices [22]. To maintain the online healthcare service, [178] 
and [59] measured the safety and performance of health-
care facility websites. In this respect, we could conclude 
that online healthcare services were valued by scholars for 

their accuracy and convenience, and many GDM methods 
were applied to help establish and maintain online platforms 
and systems.

In addition to the treatment and online healthcare ser-
vices, many other processes in hospital management were 
studied. To improve the quality of hospital services, it is 
necessary to evaluate hospitals and doctors regularly. [120, 
163, 191] evaluated the healthcare service quality of doc-
tors and nurses, while [31, 41, 57, 78, 104, 141] assessed 
the performance of hospitals. Considering that it is crucial 
to determine the prioritisation of patients when there are 
lots of them, [51, 116, 174, 196] discussed the problem of 
patients' prioritisation systems. In terms of matching medi-
cal resources, matches between blood donors and patients 
[176], between elders and caregivers [107], between doctors 
and patients [62], and the allocation of kidneys [89] have 
been studied. Due to the potential infectiousness and dan-
ger of medical waste, its disposal should be taken seriously. 
[26, 27, 42, 46, 47, 50, 52, 68, 117, 118, 125, 135, 136] all 
studied healthcare waste management.

4.3  Other applications

Kahraman, Suder, and Bekar [49] proposed a fuzzy MCDM 
method combining the AHP and TOPSIS to select optimal 
health insurance. Wu and Xu [109] applied a hybrid TODIM 
method integrating crisp number and PLTSs to evaluate the 
severity of urban COVID-19 epidemic status. Yang et al. 
[86] presented a fuzzy information based MCGDM method-
ology to assess and rank medical tourism places.

In general, most papers studied the problems about hospi-
tal management, especially medical diagnosis. Even a year 

Table 6  The references on different medical applications

Category Application Reference(s)

Healthcare preparation Medical supplier selection [44, 45, 48, 81, 82, 90, 96, 97, 108, 110, 111, 130, 132]
Medical devices selection and location [32, 54, 58, 60, 70, 134]
Medical human resource management [29, 167, 169]
Medical and system establishment and reform [53, 119, 121, 142, 187]

Hospital management Treatment [24, 25, 30, 33, 34, 56, 61, 63, 65, 71–77, 79, 80, 83–85, 87, 88, 91, 
92, 94, 95, 98, 106, 114, 115, 123, 126, 128, 131, 137–140, 144–147, 
150, 159, 162, 181, 183, 186, 188, 192–195]

Medical service matching [62, 89, 105, 107, 176, 177]
Doctors and hospitals evaluation [31, 41, 55, 57, 69, 78, 104, 112, 120, 124, 127, 141, 151, 163, 175, 

182, 191]
Medical risk management [21, 122, 131, 133, 156]
Online healthcare services [22, 23, 28, 35, 43, 60, 64, 66, 67, 115, 148, 149, 158, 178–180]
Patient prioritisation [51, 116, 174, 196]
Medical waste management [26, 27, 42, 46, 47, 50, 52, 68, 117, 118, 125, 135, 136]

Other applications Health insurance option [49]
Urban epidemic assessment [109]
Medical tourism places evaluation [86]
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after the outbreak of COVID-19, its global spread is still 
significant. Of the papers we reviewed, only three [109, 174, 
176] studied decision-making problems in the environment 
of COVID-19. Considering that infectious diseases endanger 
the lives of people, scholars should devote more research to 
that aspect to help people cope with the difficulties.

5  Lessons learnt from the survey and future 
research directions

Healthcare Industry 4.0 has been a hot topic in recent years 
and GDM is one of the important research directions of 
healthcare. Innovations and contributions about GDM in 
the healthcare industry have been presented in the previous 
sections. In this section, we conclude the research challenges 
and discuss corresponding future directions related to GDM 
in the healthcare industry, based on the contents reviewed in 
Sections 2.1, 4.1, and 5.1.

5.1  Bibliometrics

Through bibliometric analyses, we were able to derive the 
following future research directions:

(1) The most productive country is China, and the top 
five most productive institutions are also from China, 
demonstrating that Chinese scholars have made an 
outstanding contribution in this research field. In the 
future, more cooperation could be conducted between 
researchers from China and other countries/regions to 
stimulate the development of medical GDM.

(2) According to the top 10 most highly cited papers, apart 
from three reviews, most papers applied diverse types 
of information representation including fuzzy sets [30], 
rough sets [34], and linguistic terms [35], which proves 
that uncertainty is one of the key elements that scholars 
focus on. Future research on GDM should also take the 
uncertainty into account to adapt to the reality. Only 
one paper [35] focussed on the consensus problem. 
Dimension reduction and consensus reaching are both 
the key steps of GDM. How to improve the efficiency 
of clustering and consensus reaching is worth further 
study.

(3) In addition to technical terms about GDM such as 
aggregation operators, consensus, and MCGDM, 
highlighted keywords mainly include supplier selec-
tion, healthcare management, key performance indica-
tor, and BWM, thus indicating current popular topics. 
Regarding the connection between each keyword, the 
lines around group decision making, supplier selection, 
and decision support systems are dense, reflecting their 

centrality. To find something creative, future research 
could concentrate on the topics that are sparsely con-
nected.

5.2  Implementation of GDM methods

Based on the reviewed results in Section 4.1, several sugges-
tions for future research are presented as follows:

(1) Similar to the situation reflected in highly cited papers, 
although some papers used crisp numbers, in terms of 
information expression, most papers expressed deci-
sion information in a different way. Fuzzy sets, rough 
sets, and linguistic term sets were used most com-
monly. Whatever the expression, it showed that schol-
ars attached great importance to the uncertainty of the 
environment. Reality is vague and uncertain, which 
should be noted by future researchers. Various theo-
ries related to fuzzy and rough sets such as evidential 
probability and dominance-based rough set approach 
can be used [197, 198]. It is also worth noting that we 
should not overemphasise the multiple forms of deci-
sion information presentation. Information representa-
tion above a certain degree of complexity could make it 
difficult for DMs to express their preferences and have 
a negative impact on obtaining the final decision result.

(2) Among the reviewed papers, few involved dimen-
sion reduction, because most of the papers consid-
ered a small number of decision makers and evalu-
ated objects. As for the papers providing innovative 
dimension reduction methods, the partitioning around 
medoids clustering algorithm, expectation maximisa-
tion algorithm, and a clustering method based on ideal 
point were used to cluster experts. Clustering is a rela-
tively mature research direction. K-means, possibilis-
tic c-means clustering algorithm and learning vector 
quantisation [199] are all popular clustering methods. 
Future research could improve the efficiency and qual-
ity of clustering by those clustering approaches.

(3) As one of the necessary steps of GDM, the consen-
sus problem was rarely studied in the papers reviewed. 
Common consensus measuring and reaching methods 
were based on similarity and distance measurement 
[35, 136, 150]. In addition, the Delphi method was 
also widely used [29, 167–169]. None of the papers in 
the field of medical GDM combined the two consensus 
reaching approaches mentioned above, which may be 
an innovative research direction.

(4) As mentioned in Section 4.4.1, AHP, TOPSIS, VIKOR, 
and other MCDM techniques were used widely in the 
field of medical GDM. There are many MCDM meth-
ods, and each of them has its advantages. Researchers 
could try to use other methods such as [200–202] to 
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solve the GDM problems in the healthcare industry. 
Although MCDM techniques are useful tools to help 
people select, rank, and sort alternatives, they are suit-
able for the case of small data volume. Big data has 
attracted the attention of scholars all over the world 
and information technology has matured gradually. 
Internet-related decision systems and methods such as 
[203, 204] could be used to solve decision problems 
quickly and accurately.

As for Healthcare Industry 4.0, the abilities of the tech-
niques of Industry 4.0 such as measuring various quantity as 
soon as possible, cloud platforms and fast communication, 
make medical systems run smoothly [205]. Popular tech-
nologies in Healthcare Industry 4.0 include the Internet of 
Things (IoT), big data analytics (BDA), blockchain and Arti-
ficial Intelligence (AI). These technologies could be applied 
to improve the accuracy and speed of decision making and 
lead to the implementation of solutions [206]. Several exam-
ples could be given to illustrate the role of Industry 4.0 tech-
nologies in healthcare decision making. The IoT refers to 
a variety of physical devices around the world connected 
over the Internet to collect and share data [207]. Wearable 
IoT devices such as smartwatches and non-wearable devices 
such as pressure and sound sensors let doctors monitor their 
patients in long distances [205]. Big Data has five features 
including volume, velocity, variety, veracity and value [208]. 
Collecting, processing and analyzing the data in healthcare 
industry requires decision makers to make decisions with a 
clear understanding of patients’ behaviors and the operation 
of healthcare organizations [209]. A blockchain is a shared 
database in which the data is unforgeable, traceable, trans-
parent, and collectively maintained [205]. The management 
of medical records and insurance claims could be greatly 
improved with a blockchain [210].

(5) Compared with general GDM, LSGDM problems 
involve more decision makers. In the reviewed papers 
[22, 55, 114, 150, 191], only 100 or fewer evaluators 
were involved in the decision process. Whether the cur-
rent approaches are appropriate to allow more DMs to 
participate in decision making remains an open ques-
tion. LSGDM methods suitable for thousands of DMs 
are also worth developing.

5.3  Applications

For the applications of GDM methods in healthcare indus-
try, future researches can refer to the following three 
suggestions:

(1) Based on the literature reviewed above, we know that 
every process in the medical industry, including the 
procurement of medical supplies, the diagnosis of dis-
eases, and the disposal of medical waste, is important. 
Among them, medical diagnosis is one of the most 
critical steps. According to the statistical results in Sec-
tion 5.1, we know that researchers have been focus-
sing on medical diagnosis. Future studies should also 
develop methods to improve the accuracy of the diag-
noses. In addition to hospital-related research fields, 
papers about medical insurance [49] and medical tour-
ism places evaluation [86] remind scholars to consider 
various medical applications.

(2) The particularity of the technologies of Industry 4.0 
leads to special applications in medical industry. 
In other words, medical applications become more 
personalized, digital and intelligent than ever 
before. Here are a few examples of current medical 
applications. First, customization is not only in 
shopping, but also in healthcare. Various medical 
establishments are trying to provide appropriate 
services for different patients. [211] and [212] 
proposed that different patients need different medical 
devices due to different conditions, and Industry 4.0 
has the function of customizing different medical 
facilities at low cost rapidly. With the prevalence 
of big data, information management in hospitals 
becomes particularly important. With the help of 
the technologies of Industry 4.0, the preservation 
and transmission of medical records become easy 
[206]. The remote monitoring on patients is popular 
because of the mismatch between supply and demand 
of medical services and the difficulty of reaching 
medical establishments. In this case, intelligent 
implant devices such as smartwatches, as one of the 
monitoring means, should be developed and utilized 
[213]. In addition to the contents mentioned above, 
there are many applications in Healthcare Industry 
4.0 such as image recognition and virtual reality [214, 
215]. In an age of intelligence, DMs should not only 
master a variety of decision-making methods, but 
apply them into appropriate situations. How to make 
the operation processes of medical establishments 
and the treatment of patients intelligent and 
convenient is the issue that DMs should focus on.

(3) COVID-19 is currently a hot topic around the world, 
which has claimed the lives of thousands of people and 
disrupted the normal life of people in all countries. 
Decisions about the prevention and diagnosis of infec-
tious diseases deserve to be studied by researchers, to 
help people through difficult times.
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6  Conclusions

Medical decision making is always given much attention 
owing to its close connection with life. In addition, GDM 
draws on the wisdoms of a larger number of experts, which 
would facilitate the accurate and rapid decision making. This 
review of literature about GDM in medical fields is timely 
and important in the context of the recent pandemic. We 
did extensive and thorough work to review GDM methods 
in Healthcare industry 4.0 and found out future directions. 
First, after filtering the retrieved papers, we performed bib-
liometric analyses. The publications and citations of papers, 
the most productive countries/regions and institutions, 
highly cited papers and keywords were analyzed, respec-
tively. Then, to learn how GDM methods were applied in 
the medical industry, we reviewed papers from four aspects: 
information representation, dimension reduction, consensus 
reaching, and result elicitation. Owing to the exceptionality 
of LSGDM, we took a section to introduce it specifically. 
The medical applications were then summarized. Finally, 
based on the review and analyses above, we provided future 
research directions. It is worth noting that most existing 
review papers were limited to traditional medical proce-
dures, such as material procurement and patient queuing. 
This paper proposed several applications of Healthcare 
Industry 4.0 with digitalization and intelligence, such as cus-
tomizing patients’ medical devices, which are cutting edge 
research directions of medical decision-making problems.

There are some limitations in this paper. First, we only 
introduced the methods and applications of each reviewed 
paper briefly while specific procedures were ignored. Addi-
tionally, there were few discussions about the combination 
of traditional GDM methods and emerging Internet tech-
nologies. Anyway, we hope this survey could help research-
ers have a comprehensive understanding on GDM methods 
in Healthcare Industry 4.0 and gain some enlightenment. In 
the section of future research directions, we mentioned the 
importance of classic group decision making methods, but 
the role of advanced high technologies such big data and 
virtual devices should be emphasized more. More attention 
should be paid to how to apply existing theories and meth-
odologies to a wider range of medical fields.
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