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Abstract
As for large-scale group decision-making (LSGDM) in disaster management, the 
number of decision makers is so large-scale that decision-making is time consum-
ing, but sometimes disaster management is urgent for time. Inspired by multiplayer 
game theories, this paper proposes a two-stage optimization model that maximizes 
individual satisfaction at the first stage and minimizes group conflict at the second 
stage. Furthermore, the introduction of public social media data to determine deci-
sion criteria and weights greatly improves the objectivity of decision-making. The 
proposed method effectively saves the decision time while ensuring the quality of 
LSGDM. The case study verifies the feasibility of the method.
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1 Introduction

In recent years, various natural or man-made disasters occurred one after another 
with an uptrend in China, which have brought enormous economic loss and seri-
ous social problems (Xu et al. 2015b). Thus, the emergency management of these 
disasters has drawn great attention of Chinese government, the ministry of emer-
gency management was established in April 2018 to deal with emergency events. 
Emergency decision-making is a pivotal mode in disaster management and can 
be treated as a dynamic multicriteria group decision-making problem (Cosgrave 
1996; Hao et al. 2018). However, different from the general group decision-mak-
ing problems, the decision-making for disasters has characteristics of incomplete 
and unreliable decision-relevant information, the heterogeneity of decision mak-
ers, the complex and changeable decision-making environment, ill-defined goals, 
short-time period, etc. Among them, short-time period is one of the prominent 
features (Xu et al. 2015c, d; Hao et al. 2018). Taking “8.12 Tianjin Binhai New 
Area Explosion” accident as an example (Anjianzongju 2016), at 22:51:46 on 
August 12, one warehouse was on fire; at 23:34:06 at the same day, the first explo-
sion happened. The time between two sub-incidents was less than 18 minutes.

In actual disaster decision-making practice, large-scale group decision-making 
(LSGDM) is inevitable. The more serious the problem is, the more difficult it is to 
bear the losses caused by mistakes in decision-making, people are more inclined 
to choose to involve more decision makers in decision-making. As a result, many 
government departments and civil organizations, experts and managers in differ-
ent fields will participate in decision-making. LSGDM refers to the selection of 
the best satisfactory alternatives from a set of feasible alternatives, predicated on 
the preferences of a large numbers of decision makers (Liu et  al. 2019). When 
the number of decision makers exceeds 20, the traditional group decision-mak-
ing problems become LSGDM problems (Chen 2009; Liu et  al. 2014b; Zhang 
et  al. 2018). LSGDM problems solving method usually consists of four steps: 
(1) Normalize original individual decision matrices, (2) Cluster the normalized 
individual decision matrices, (3) Aggregate the clusters’ decision matrices, (4) 
Select the best alternatives (Xu et  al. 2015c). Recent years, LSGDM problems 
have attracted the sights of many scholars (Dong et al. 2018; Wang et al. 2019; 
Liu et al. 2019; Ding et al. 2019). According to the general decision-making pro-
cess, the existing research mainly innovates from four aspects: different decision 
maker preference information expressions (Xu et  al. 2015a; Zhang et  al. 2017; 
Zhou et  al. 2017; Liu et  al. 2018; Zuo et  al. 2019), attribute weight determina-
tion methods (Dong et al. 2016; Liu et al. 2017; Xu et al. 2017; Zhao et al. 2019), 
large-scale group clustering methods (Liu et al. 2014b; Zhu et al. 2016; Benítez 
et al. 2018; Ma et al. 2019), and large group preference information aggregation 
methods (Liu et al. 2014a, 2015; Xu et al. 2018). Among them, large-scale group 
preference information aggregation is a popular research direction.

As the number of decision makers increases, large-scale group preference 
information aggregation problem of LSGDM inevitably faces some problems, 
mainly focusing on two aspects: on one hand, more decision makers means more 
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heterogeneous preferences, it’s difficult to eliminate conflicts among decision 
makers and effectively aggregate large-scale group member’s preferences. On the 
other hand, more decision makers increase the complexity of decision-making 
and some times brawls caused by conflicts increase decision time of LSGDM. 
Current research regarding LSGDM focuses on how to achieve group consensus 
(Gou et al. 2018; Xu et al. 2019c; Liu et al. 2019). Labella et al. (2018) divided 
these methods of LSGDM into two classes based on consensus progress proce-
dures: LSGDM models with feedback mechanism (Herrera-Viedma et  al. 2002; 
Chiclana et al. 2008; Xu et al. 2015d, c; Li et al. 2019) and LSGDM models with-
out a feedback mechanism (Zhang et al. 2012; Wu and Xu 2012; Xu et al. 2013). 
LSGDM models without a feedback mechanism can quickly obtain the decision 
result, but the satisfaction of decision makers or decision quality are not so high. 
LSGDM models with feedback mechanism have the advantages of ensuring satis-
faction of decision makers and large-scale group’s decision quality, however, they 
need more time to achieve a final decision. Time cost of discussing and modifying 
opinions not only increase the decision time of LSGDM, but also lead to a result 
that some experts lose their motivation, abandon the discussion process and give 
up their valuable original preferences; the decision-making may be caught in end-
less quarrel and can’t achieve a group consensus in extreme cases. Furthermore, 
it should be noticed that people working in groups tend to expend less effort than 
working as individuals, with large groups exhibiting more “social loafing” (Karau 
and Williams 1993). There is “a problem of prevention” in that decision risk is 
increasing as a result of reduced care due to excessive decision makers (Benoit 
and Dubra 2013).

As for applying public social media data to disaster management, most of the 
research focuses on disaster early warning (Chatfield et al. 2013; Pohl et al. 2016; 
Wang et  al. 2016), real-time monitoring of disaster situation (Sakaki et  al. 2013; 
Choi and Bae 2015; Xiao et al. 2018), and public opinion analysis (Signorini et al. 
2011; Woo et al. 2015; Li et al. 2016). And a small part of the research focuses on 
decision-making criteria extraction, for example, Xu et al. (2019a, 2019b) take the 
public opinions related to emergency events into consideration during the decision 
process, the public opinions are regarded as a fundamental basis for criteria selec-
tion. Public comments are useful information when making decisions to determine 
the criteria set, because for major disasters, especially those are closely related to the 
interests of public, public like a shareholder who has the right to determine perfor-
mance indicators. But, Xu et al. (2019a, 2019b) did not consider the availability of 
public social media data. When a disaster event happens, the time element is crucial 
for the applicability of the model, public social data may not be available during the 
initial stage. Based on the idea of Xu et al using public social media data to extract 
decision criteria, we have considered the urgency of time, improved the decision 
process, and ensured the consistent applicability of decision method.

The two-stage optimization model proposed in this paper combines the advan-
tages of LSGDM models with feedback mechanism and without feedback mecha-
nism to meet the decision-making needs during a short-time period. Firstly, the 
model inspired by multiplayer game theories theoretically simulates the decision-
making process of multiple rounds of consultation and discussion with feedback 
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mechanism in real disaster management while it is a model without feedback mech-
anism, making sure group conflict is within a certain range and effectively saves 
decision-making time. Secondly, clustering was made before the optimization 
model. Clustering controls the number of players within a moderate scale to ensure 
the decision-making quality. Finally, the proposed method can fully consider the 
opinions of every decision maker including public, which makes the decision result 
a high degree of satisfaction.

The rest of this paper is arranged as follows: Sect. 2 presents some related pre-
liminaries for the proposed method. Section  3 indicates the main problems to be 
solved. In Sect. 4, we propose a two-stage optimization model for LSGDM in disas-
ter management. In Sect. 5, a case study illustrates the method’s application. Finally, 
conclusions are drawn in Sect. 6.

2  Preliminaries

In the following, we introduce some basic concepts and models related to our 
research.

2.1  The 2‑Tuple Fuzzy Linguistic Representation Model

Decision-making under disastrous situations is accompanied by uncertain informa-
tion and dynamic situations, most decision makers tend to express their preferences 
with linguistic variables or fuzzy values instead of crisp numbers (Hao et al. 2018). 
Herrera and Martinez (2001) proposed a 2-tuple linguistic representation model that 
can unify the information assessed in linguistic hierarchies term sets without loss of 
information.

Definition 1 Let S =
{
s0, s1,… , sg

}
 be a linguistic term set, ��

[
0, g

]
 be the result 

of an aggregation of the indices of a set of labels assessed in S, 
(
s� , �

)
 be linguistic 

2-tuples, s� ∈ S and � ∈ [−0.5, 0.5), s� represents the linguistic label of the informa-
tion; � is a numerical value expressing the value of the translation from the original 
result � to the closest index label � in S, i.e., the symbolic translation.

Follows are the functions to make transformations between linguistic 2-tuples and 
numerical values. Using Formula (1), we can translate a numerical number into a 
linguistic 2-tuple.

Using Formula (2), we can translate a linguistic term into a real number which is 
between 0 and g.

(1)
Δ ∶

[
0, g

]
→ s × [−0.5, 0.5)

Δ(�) =

{
s� � = round(�)

� = � − r � ∈ [−0.5, 0.5)
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Furthermore, if we want to unify the dimensions, we can map the linguistic terms to 
[0, 1] by using Formula (3).

2.2  TF‑IDF

TF-IDF (Salton and Buckley 1988) is a classical term-weighting approach in 
automatic text retrieval and data mining. TF (term frequency) is used as part of 
the term-weighting system to measure the frequency of occurrence of the terms 
in documents or query texts. IDF (inverse document frequency) is a measure of 
the universal importance of a word, varies inversely with the number of docu-
ments to which a term is assigned in a collection of documents.

Definition 2 Let tftd means the raw term frequency (number of times a term t 
occurs in a document d ), N is total number of documents in collection, and dft is 
number of documents to which a term is assigned. A classical term weight is defined 
as follow:

3  Problem Description

Suppose M experts from the emergency disaster decision-making large-scale 
group E =

{
e1, e2,… , eM

}
 , in which the ei is i th member. There are P emergency 

disaster response plans X =
{
x1, x2,… , xP

}
 in which xl is l th plan. After a disas-

ter event happens, the decision group need to quickly choose the best response 
plan to guide and support for response actions. At the same time, public are very 
concerned about the event, they express their thoughts about the event on social 
media.

To simplify the problem, we suppose that individuals give their preferences 
informatively (Austen-Smith and Banks 1996): all of their public or private infor-
mation is revealed through their preference values, and no conflict of interests 
among decision makers. The plan with the highest aggregated preference value 
given by the group E is the best choice.

(2)
Δ−1 ∶ s × [−0.5, 0.5) →

[
0, g

]
Δ

−1(
s� , �

)
= � + � = �

(3)
Δ−1 ∶ s × [−0.5, 0.5) → [0, 1]

Δ−1
(
s� , �

)
=

�+�

g

(4)�td = tftd × log

(
N

dft

)
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4  A Two‑Stage Optimization Model for LSGDM in Disaster 
Management

4.1  Outline of the Proposed Model

The members of LSGDM for disaster management are composed of two types. One 
type is the public, they are like shareholders, they care about the event, and the out-
come is related to their interests, but lack of expertise or experience in disaster res-
cue and disposal. Thus, if they participate in the decision, they are suitable for deter-
mining the decision-making criteria and weights. The other type is experts, they 
have related expertise and experience, can give the evaluation values under each cri-
terion to every alternative.

For calculating the criteria and weights, this paper proposes the idea that using 
TF-IDF approach to extract criteria and their weights from comments on social 
media. If the public comment data can be obtained in real time before decision-mak-
ing is started, then we can use the real-time crawling data. Otherwise, we should 
search data of similar past events to support the decision.

For aggregate the preferences of experts, this paper proposes a two-stage opti-
mization method inspired by multiplayer game theories. Due to the complexity of 
LSGDM for disaster management, experts come from different professional fields, 
have different values, different experiences. It’s better to seriously consider every-
one’ evaluations or opinions, meaning the aggregated result should be as satisfac-
tory to each expert as possible. At the same time, the decision is time pressure, the 
shorter the decision time, the better. However, the decision group is large-scale, 
existing heterogeneous preferences and conflicts. In order to reach the group consen-
sus, the conflicts should be controlled in a range. The discussing and bargaining pro-
cess is essential but time-consuming. Multiplayer game faces the similar situation 
but can directly calculate the solution, and it saves time. So, inspired by multiplayer 
game theories, this paper proposes a two-stage optimization model to aggregate pref-
erences of large-scale group. The proposed method saves time, improves decision 
efficiency while ensuring the satisfaction of decision makers. First, k-means cluster-
ing algorithm is used to analyze the preference structure of large-scale group. After 
clustering, the large-scale group is divided into several clusters, each cluster repre-
sents a different opinion and can be regarded as a player in next steps. Secondly, the 
negotiation process of different conflicting opinions is like a process of multiplayer 
negotiation games, and solution of the two-stage optimization model is the satisfac-
tory result that being accepted by group. Finally, the preference values of large-scale 
group are aggregated, and the reliability of the decision result is analyzed.

The main steps of the method are shown in Fig. 1.

4.2  The Calculation of Criteria and Their Weights

Decision criteria and their weights are obtained from public comment data. One rea-
son we consider this idea is that disastrous events often have a wide range of impacts 
and are closely related to the public interest. The public likes a shareholder who has 
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the right to determine performance indicators that are indicated by decision criteria 
and weights. The other reason is that getting more useful information can enhance 
the objectivity of decision-making.

For a specific disaster decision, we crawl related public comments from social 
media. Then, we use TF-IDF approach to extract keywords and their weights from 
the comments. To simplify the process, we choose the TOP 100 (or more, that 
depends on the situation) keywords and cluster them into N(j = 1, 2,… ,N) top-
ics, each topic represents a criterion. The sum of keywords’ weight in a topic is the 
weight of criterion. After normalizing the weights of topics, we get the weight of 
criteria W =

(
wj

)
1×N

.

4.3  Clustering Experts by Their Preferences

As we mentioned in Sect. 1, more decision makers do not always mean better deci-
sion results. Although, more decision makers can make up for the lack of knowledge 
and experience of individuals or small groups, as well as increase public satisfac-
tion with the decision-making results. But, the larger groups exhibiting more “social 
loafing” that people working in groups tend to expend less effort than people work-
ing as individuals, which in conversely may induce decision makers to lessen the 

Fig. 1  Outline of the propose method for LSGDM in disaster management
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effort they take, giving an offset effect on decision quality improvement (Karau and 
Williams 1993). On the issue of optimal group size, Thomas and Fink (1963) think 
that a moderate group size of 5 to 7 people is the most effective and can get a more 
correct opinion. Cummings et al. (1974) think that if the focus is on the quality of 
decision-making, it is more suitable for a group of 5 to 11 people.

For LSGDM, the number of decision makers is more than 20. To ensure the qual-
ity of decision-making, it is better to use clustering methods to make sure the play-
ers’ number in a moderate level. Even after clustering, not much preference informa-
tion is lost because the number of experts in large-scale group is so large that while 
there are different preferences, there are also similar opinions. Clustering brings 
similar preferences together to form a cluster, which greatly reduces the complexity 
of subsequent calculations, and controls the number of players at a moderate level to 
ensure the quality of decisions.

To simplify the aggregation, k-means clustering algorithm (MacQueen 1967) is 
used to cluster experts by their preference information. One can control the number 
of players by choosing the value of the parameter K to control the quality of the 
decision. We recommend K to be between 5 and 11.

For clustering, we need to give the definition of conflict degree between two 
experts. Suppose the preference of expert ei is recorded as Ai =

(
ai
lj

)
P×N

 after the 
conversion of Formula (3).

Definition 3 According to the weighted Hamming distance, the preference conflict 
degree between expert ei1 and expert ei2 is defined as follow:

As we known, the greater the difference in preferences between experts, the greater 
the value. Since after the conversion of Formula (3), ai1

lj
, a

i2
lj
∈ [0, 1] and after nor-

malized, 
∑

wj = 1 , then, D
(
ei1 , ei2

)
∈ [0, 1].

After clustering, the experts those owing similarity preferences are in a cluster. 
The large-scale group is divided into K clusters. Let the number of experts in the 
cluster Ck be nk(k = 1, 2… ,K) , then 

∑K

k=1
nk = M . Each cluster represents a class 

of preferences, each cluster is a player in a multiplayer game. The preference of the 
player (cluster) Ck is defined as follows:

Definition 4 The average preference values of all experts within Ck is defined as 
the preference of player Ck:

Then, based on the preference of player, we define the satisfaction function of player 
Ck to plan l.

(5)D
(
ei1 , ei2

)
=

N∑
j=1

|||a
i1
lj
− a

i2
lj

|||wj

(6)CAk =

�
cak

lj

�
P×N

=

�∑nk

i=1,ei∈C
k
ai
lj

nk

�

P×N
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Definition 5 The satisfaction function of player Ck to plan l is defined as follows:

Where tj ∈ [0, 1](j = 1, 2,… ,N) is the independent variable of the function Uk
l
 , rep-

resents the preference value under j th criterion; the range of Uk
l
 is [0, 1] . The greater 

the difference between the preference of final decision-making result and player Ck , 
the smaller the satisfaction of Ck.

4.4  The First Stage Optimization Mode of Maximizing Satisfaction of Players

The basic idea of the proposed model is to obtain a relatively satisfactory decision 
result within a proper conflict level among decision makers within a short time. To 
ensure the satisfactory level, every kind of reference should be respected whether it 
is a minority opinion or an uncooperative opinion (Xu et al. 2015c). That is the main 
purpose of the first stage.

In order to absorb preference of every player in the game, we propose an opti-
mization model with the maximum personal satisfaction of players as the objective 
function, and each player’s satisfaction is equal as constraints.

The solution of Formula (8) makes the satisfaction of each player in the game equal, 
and the individual satisfaction is maximized under the premise of equal satisfaction.

Formula (8) depicts an ideal state. Sometimes the model may have no optimal 
solution. Thus, we propose an approximated model as follows: try to make the satis-
faction of every player equal.

4.5  The Second Stage Optimization Mode of Minimizing Conflict Between Players

In real-life disaster management decision-making, it is impossible for the player to 
consider only his or her own preference, otherwise it will easily lead to the prison-
er’s dilemma. Therefore, in the process of LSGDM, the consideration of the whole 
large-scale group should take precedence over the consideration of personal player 
in the game. Based on this idea, an optimization model is established with the objec-
tive of minimizing the conflict of large-scale group and constraints that the satisfac-
tion of each player should not be lower than the satisfaction of the first stage.

(7)Uk
l

(
t1, t2,… tN

)
= 1 −

N∑
j=1

(
tj − cak

lj

)2

wj

(8)
max Uk

l

s.t.

{
U1

l
= U2

l
= … = UK

l

0 ≤ tj ≤ 1, j = 1, 2… ,N

(9)min
∑K

k1=1

∑K

k2=1

�
U

k1
l
− U

k2
l

�2

s.t.0 ≤ tj ≤ 1, j = 1, 2,… ,N.
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Definition 6 To depict the conflict of large-scale group of experts, the conflict 
function of large-scale group is defined as:

Since 0 ≤ tj ≤ 1 , 0 ≤ ai
lj
≤ 1 , 

∑N

j=1
wj = 1 then Confl ∈ [0, 1].The larger the conflict, 

the greater the value Confl.

The second stage optimization model is as follow:

Where T1∗ is the solution for the first stage optimization model. Let the solution of 
the second stage optimization model be T∗.

4.6  Aggregate Preferences of Large‑Scale Group

To rank the disaster response plans, we need to aggregate the preference value TAl 
for plan l by using Formula (12):

where T∗ is the aggregated preference of large-scale group.

4.7  Steps of the Two‑Stage Optimization Model for LSGDM in Disaster 
Management

Step 1 Determine if there are any comments related to the event on social media. 
If the answer is yes, crawl data related to the subject of the event before experts 
making decisions. If not, search relevant comment data of similar events for refer-
ence.
Step 2 Crawling public comments from social media, using TF-IDF approach to 
extract keywords and weights from public comments, then we get the set of crite-
ria N(j = 1, 2,… ,N) and the weight of criteria W =

(
wj

)
1×N

.
Step 3 Collect experts’ preferences from decision support system which are 
expressed by 2-Tuple Fuzzy Linguistic value. Using Formula (3) translate them 
into real numbers between 0 and 1. The preference of expert ei is recorded as 
Ai =

(
ai
lj

)
P×N

 . Steps 4-6 are used to aggregate the preference of experts for a dis-
aster response plan l.

(10)Confl
�
t1, t2,… , tN

�
=

∑M

i=1

∑N

j=1

�
tj−a

i
lj

�2

�j

M

(11)

min Confl

s.t.

⎧
⎪⎪⎨⎪⎪⎩

U1

l
≥ U1

l
(T1∗)

U2

l
≥ U2

l
(T1∗)

⋯

UK
l
≥ UK

l
(T1∗)

0 ≤ tj ≤ 1, j = 1, 2,… ,N

(12)TAl = T∗
⋅WT
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Step 4 Using Formula (5) to calculate the conflict degrees between two experts, 
then using K-means clustering algorithm to cluster experts into K clusters. Using 
Formula (6) to calculate the preferences of all clusters Ck(k = 1, 2,… ,K).
Step 5 Regard each cluster as a player in a multiplayer game. Using Formula (7)–
(11) to calculate the equilibrium solution T∗ , T∗ is the aggregate preference of all 
experts.
Step 6 Using Formula (12) to calculate the preference value TAl for plan Xl.
Step 7 Repeat steps 4-6 under the evaluation for all plans and we get all prefer-
ence values TAl(l = 1, 2,… ,P).
Step 8 Compare values of all TAl(l = 1, 2,… ,P) and choose the plan with the 
largest value.

4.8  Reliability Analysis of Decision Result

In general, it would be good to compare the properties of the decision method. Gutt-
man (1998) defined an optimal decision rule, and it maximizes the sum of the group 
members’ benefits, subject to the constraint that it be stable. A stable decision rule 
produces a well-defined preference ordering, given the preference orderings of the 
members of the decision-making. In our paper, the solution of two-stage optimi-
zation model is the preference value of large-scale group which can give a prefer-
ence ordering according to the value of solutions. Each player (cluster) represents a 
kind of opinion, satisfaction degree reflects the benefit of player, it’s better to have 
a greater total or average satisfactory degree. Additionally, to respect every opinion, 
the final decision result needs to maintain the balance of each kind of opinion as 
much as possible, so the deviation of satisfaction among players is as small as possi-
ble. As a result, it is suitable to compare the mean and standard deviation of players’ 
satisfactory degree to judge the reliability of decision result.

By substituting the equilibrium solution T∗ into the satisfaction func-
tion of Formula (7) , we can get each cluster’s satisfactory degree: U1

l

(
T∗

)
 , 

U2

l

(
T∗

)
,… ,UK

l

(
T∗

)
 . Then, we calculate their mean Ū and standard deviation U� 

of satisfactory degrees respectively. According to the value of Ū and U� , there is a 
basic judgment on the results of LSGDM. The larger Ū is, the higher satisfaction 
is, the better decision-making result is; the smaller U� is, the smaller divergence of 
opinions of large-scale group is. Table 1 shows the details.

5  Case Application

5.1  Case Background

On August 10, 2019, Super Typhoon Lekima landed in Zhejiang Province, China at 
a strong typhoon level. The maximum wind power of the landing center was 52m/s 
(super typhoon), which severely damaged coastal areas of eastern China. This is an 
natural disaster event, if not handled properly, it may cause greater losses. Thus, Xia-
men disaster management center had gathered 20 experts in meteorology, typhoon, 
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flooding, electricity, disaster relief and other fields. There existed three plans: plan 
X1 focuses on evacuation of personnel, plan X2 focuses on the guarantee of disas-
ter relief materials, plan X3 focuses on the prevention of secondary disasters. The 
large-scale group of experts needed to quickly select a typhoon response plan to deal 
with the incident. To determine the criteria set of decision, the management center 
searched the history database and found out that Typhoon Meranti on September 15, 
2016 are similar event, which landed in Xiamen City with the same 52m/s maxi-
mum wind force at the center.

5.2  Decision Making Process

Step 1 Before the typhoon is coming, there are seldomly people taking about the 
event on social media, the real time data are not enough to support the decision 
criteria set. As a result, the disaster management center decided to use histori-
cal data of similar intensity typhoon Meranti as a reference for decision criteria 
extraction.
Step 2 Using “ , (Typhoon Meranti)” as the hashtag to crawl related pub-
lic comments from Sina Weibo and Tencent Weibo , we get 19,498 comments, 
which ranges from September 15, 2016 to December 14, 2016, covering the 
emergency and post-disaster disposal related comments of typhoon Meranti. 
Using “ jieba.analyse.extract_tags ” function in Jieba liabrary in Python to extract 
keywords and weights from public comments. This paper selects the top 300 key-
words and clusters them into seven categories, just as shown in Table 2.  Ignore 
keywords of stop words, event description, emotional expressions, we get four 
decision criteria: Timeliness, Economic loss, Disaster relief, Casualties. The 
weights of TF-IDF corresponding to keywords are summed up and normalized as 
the weights of the criteria, as shown in Table 3. 
Step 3 Collect experts’ preference from decision support system which are in 
the form of linguistic values. The linguistic term set is S={s0 = extremely poor

, s1 = poor , s2 = lightly poor , s3 = general , s4 = slightly good , s5 = good

,s6 = extremely good }. The preferences given by experts are shown in Table  4 
(Due to the large volume of the data, Table 4 only lists the experts’ preferences 
for plan X1 ).  Using Formula (3) translate preferences in Table 4 into real num-

Table 2  Top 300 keywords Categories Number of key-
words

Sum of �
td

Stop words 117 1.2619
Event Description 85 1.7252
Emotional Expressions 30 0.2493
Timeliness 25 0.2299
Economic loss 23 0.2623
Disaster relief 17 0.1165
Casualties 3 0.0189
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bers. The preference values are recorded in Table 5.  The following steps 4-6 are 
the evaluation of response plan X1.
Step 4 Using Formula (5) to calculate the conflict degrees between two experts; let 
K = 5 , then using k-means clustering algorithm to cluster experts into 5 clusters; 

Table 3  The weights of criteria

Table 4  The preferences of 20 experts for plan X
1
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C
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C
3

C
4
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using Formula (6) to calculate the preferences of all clusters Ck(k = 1, 2,… ,K) . 
The clustering results are shown in Table 6. 
Step 5 Regard each cluster as a player. Using Formula (7)–(11) to cal-
culate the solution T1∗ = (0.2124, 0.0000, 0.8782, 0.0003) and 
T∗ = (0.5225, 0.5525, 0.4925, 0.6200).
Step 6 Using Formula (12) to calculate the preference value TA1 for plan X1 and 
TA1 = 0.5311.
Step 7 Repeat steps 4–6 under the evaluation for all plans and we get all preference 
values TA2 = 0.4674 , TA3 = 0.4873.
Step 8 Compare values of all TAl , since TA1 > TA3 > TA2 , plan X1 is the best 
choice.

5.3  Reliability Analysis of Decision Result

Taking the evaluation of plan 1 as an example. The solution

we substitute T∗ into the satisfaction function [Formula (7)], calculate each 
cluster’s satisfactory degree and the result is as follows: U1

1

(
T∗

)
= 0.9277 , 

T∗ = (0.5225, 0.5525, 0.4925, 0.6200)

Table 5  The preference values of 20 experts for plan X
1

Expert C
1

C
2

C
3

C
4

Expert C
1

C
2

C
3

C
4

1 0.9167 0.9333 0.2167 0.9167 11 0.0000 0.0167 0.4833 0.5667
2 0.7000 0.25 0.7167 0.0000 12 0.0667 0.6167 0.0000 0.8500
3 0.7167 0.7000 0.0000 0.3000 13 0.7667 0.1000 0.5500 0.6000
4 0.9000 0.3833 0.6000 0.8833 14 0.9333 0.4833 0.0333 0.4167
5 0.5333 0.2667 0.2833 0.7500 15 0.3167 0.3667 0.0333 0.2667
6 0.0500 0.7667 0.0000 0.8500 16 0.0500 0.6000 0.4833 0.8000
7 0.3000 0.0667 0.2833 0.9333 17 0.8167 0.2833 0.9833 0.2000
8 0.6667 0.2833 0.0167 0.7667 18 0.0500 0.6333 0.8167 0.4000
9 0.4833 0.3500 0.7833 0.2833 19 0.6333 0.5833 0.7333 0.15000
10 0.1333 0.4667 0.4500 0.9667 20 0.2833 0.0500 0.4333 0.6667

Table 6  The clustering result

Clusters Number of 
experts

Members Preferences of clusters
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1

1 e
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2
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, e

2
, e
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, e
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7
, e
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, e

9
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e
10
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, e
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20
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CL
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1 e
16

(0.0500, 0.6000, 0.4833, 0.8000)
CL

4
1 e

17
(0.8167, 0.2833, 0.9833, 0.2000)

CL
5

1 e
18

(0.0500, 0.6333, 0.8167, 0.4000)
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U2

1

(
T∗

)
= 0.9870 , U3

1

(
T∗

)
= 0.9044 , U4

1

(
T∗

)
= 0.8882 , U5

1

(
T∗

)
= 0.8834 . Then, 

the mean Ū and standard deviation U� of satisfactory degrees are calculated respec-
tively, Ū = 0.9181, U� = 0.0422 . As we can see, cluster CL2 who owns the largest 
number of experts has the highest satisfaction degree. The value of Ū is big and the 
value of U� is small, we can accept the decision result.

5.4  Comparison Analysis of Decision Result

To illustrate the effectiveness and superiority of the proposed method, we compared 
it with LSGDM methods with and without feedback mechanism, respectively.

5.4.1  Compare with a LSGDM Method that has Feedback Mechanism

Xu et  al. (2015c) proposed a LSGDM method that considered non-cooperative 
behaviors and minority opinions, and it is a method with a feedback mechanism. 
Minority opinion subgroups were identified, and several rounds of thorough discus-
sions and compromises were needed to make sure the consensus reaching a certain 
level. Applying the same original preference data of Xu’s paper, we calculated using 
Xu’s method and our method for LSGDM, respectively. Detail results can be seen in 
Table 7.

The length of decision time is composed of the time of giving original prefer-
ences, the time of discussion and the time of calculation. Both methods need time 
to give original preferences, and the time of calculation is much lower than time 
of discussion which can be ignored when calculating the time difference between 
two methods. So, time differences between two methods are reflected by the time 
of discussion. The result of Xu’s method in Table  7 is the decision result after 3 
rounds of negotiation and adjustment. Suppose each round of discussion and manual 
adjustment consumes 5 minutes, then our methods save at least 15 minutes to reach 
a group consensus. At the same time, the satisfaction of our decision-making result 

Table 7  Comparison result with Xu’s method

Categories Xu’s method Our method

Iterations 3 –
The ranking result x

5
> x

4
> x

2
> x

1
> x

3
x
1
> x

2
> x

5
> x

4
> x

3

The aggregated preference matrix ⎡
⎢⎢⎢⎢⎣

0.4561 0.5226 0.5055

0.5045 0.6544 0.5541

0.4895 0.4229 0.5148

0.6465 0.6444 0.5364

0.7088 0.7393 0.5023

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

0.8525 0.4833 0.5251

0.6006 0.4801 0.9741

0.3896 0.5661 0.4450

0.5112 0.5209 0.4830

1.0000 0.000 0.000

⎤
⎥⎥⎥⎥⎦

Ū and U� of alternative 1 Ū = 0.8247 , U� = 0.1313 Ū = 0.8807 , U� = 0.0286

Ū and U� of alternative 2 Ū = 0.8757 , U� = 0.0673 Ū = 0.9157 , U� = 0.0108

Ū and U� of alternative 3 Ū = 0.8954 , U� = 0.0728 Ū = 0.9292 , U� = 0.0402

Ū and U� of alternative 4 Ū = 0.8942 , U� = 0.1434 Ū = 0.9081 , U� = 0.0876

Ū and U� of alternative 5 Ū = 0.8318 , U� = 0.1260 Ū = 0.8643 , U� = 0.0640
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was not affected, values of Ū are higher, and values of U� are lower than those of 
Xu’s under all alternatives.

5.4.2  Compare with a LSGDM Method that has No Feedback Mechanism

Xu et al. (2018) proposed a two-stage method to reach group consensus for LSGDM 
problems, where iterative algorithm was built to process conflicts within sub-clusters 
and large-scale group. The preferences were modified using pre-defined formulas 
and rules until the conflict of group is below a pre-defined threshold. It is a method 
that has no feedback mechanism since no discussion and manual modification were 
committed before changing preferences. Applying the same original preference data 
of Xu’s paper, we use Xu’s method and our method to make decisions, respectively. 
The results are shown in Table 8, and we can see the satisfaction of our method was 
higher comparing with Xu’s method, since values of Ū are higher and values of U� 
are lower than those of Xu’s under all alternatives.

5.4.3  Compare with a LSGDM Method that Considering Public Opinion

Xu et al. (2019b) proposed a novel LSGDM method based on data mining of pub-
lic attribute preferences. Latent semantic analysis was applied to build an attribute-
keyword lexicon, and fuzzy association rule mining was applied to extract attrib-
utes information of public opinion. This method is quite useful when considering 
public preferences in a big data era. But when applying it to emergency decisions 
that considering decision time, the emergency decision was making while the public 
data was forming at the same time, and it may not be able to quickly obtain public 
data in a limited time. So, we improved the decision process while applying TF-IDF 
approach to extract attribute information to make sure the attribute information was 
available when making an emergency decision. A historical public data of similar 
emergency events could be applied to the early stage of decisions, and the public 
data could also be conserved to apply it to the next similar situation’s decision.

Table 8  Comparison result with Xu’s method

Categories Xu’s method Our method

The ranking result x
2
> x

1
> x

3
> x

4
x
4
> x

3
> x

2
> x

1

The aggregated preference matrix ⎡
⎢⎢⎢⎣

0.326 0.553 0.433

0.878 0.510 0.528

0.425 0.208 0.465

0.302 0.597 0.134

⎤
⎥⎥⎥⎦

⎡
⎢⎢⎢⎣

0.476 0.454 0.370

0.393 0.447 0.627

0.558 0.454 0.650

0.427 0.599 0.523

⎤
⎥⎥⎥⎦

Ū and U� of alternative 1 Ū = 0.8362 , U� = 0.0673 Ū = 0.8593 , U� = 0.0311

Ū and U� of alternative 2 Ū = 0.8393 , U� = 0.0984 Ū = 0.8480 , U� = 0.0396

Ū and U� of alternative 3 Ū = 0.8481 , U� = 0.1142 Ū = 0.8661 , U� = 0.0397

Ū and U� of alternative 4 Ū = 0.8159 , U� = 0.1103 Ū = 0.8631 , U� = 0.0327
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6  Conclusions

Considering the characteristic of time pressure in LSGDM for disaster manage-
ment, inspired by multiplayer game theory, this paper proposes the maximization 
of the player’s satisfaction and the minimization of the large-scale group’s con-
flict two-stage optimization model for LSGDM in disaster management. It com-
bines the advantages of LSGDM method with and without feedback mechanism.
The idea of regarding clusters as players, building two-stage optimal negotiation 
model, and directly calculating the final negotiating solution has the advantage 
of a feedback mechanism model and saves discuss and negotiation time. Com-
pare with Xu’s method (2018) that has no feedback mechanism, satisfaction of 
our methods was higher. Compared with Xu’s (2015c) method that has feedback 
mechanism, our methods save at least 15 minutes to reach a consensus while 
the satisfaction of decision result was not affected. Also, the proposed method 
improves the decision process of introducing public social media data to improve 
the objectivity and feasibility of the method.

Introducing public social media data into LSGDM has many advantages such 
as containing more amount of decision information, improving satisfaction of 
decision-making result and so on. However, how to efficiently use this kind of 
information is a problem worth long-term research. This paper provides a pos-
sible method. When the public decision makers were included, their role is like a 
shareholder, and expert group is like the professional agent. Experts reflect their 
professional opinions through preference values, and public embody their inter-
ests by determining criteria and weights. That is the relationship we considered in 
this paper between traditional expert group and public decision makers.

In big data era, collecting public data such as social media data and calcu-
lating mass data is feasible. For further study of LSGDM problems, on the one 
hand, starting with public data, how to extract useful decision-making informa-
tion from it, how to effectively integrate it with decision-making information of 
traditional expert large-scale group are directions that can be further improved; 
On the other hand, in terms of large-scale group information aggregation, com-
bining machine learning algorithms with traditional LSGDM methods to achieve 
large-scale group self-learning and intelligent optimization can greatly improve 
decision efficiency and quality.
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