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Abstract

As an increasing number of consumers rely on Al-powered shopping assistants
for online purchase decisions, understanding consumer preferences has become
essential for improving the shopping experience and supporting personalized pur-
chase guidance. This task is particularly challenging for fresh produce because of
its inherent uncertainty. Taking fresh fruits as an illustrative case, this study col-
lects online reviews, extracts preference-related keywords, and constructs fuzzy
user preference sets. The study employs a large-scale group decision-making
approach to identify and reconcile preference heterogeneity among users, thereby
generating a representative group consensus. An intelligent decision-support sys-
tem focused specifically on decision-making problems was developed to provide
knowledge-grounded question answering and algorithmic support for decision
analysis. Firstly, to improve consensus efficiency, the double-restricted Louvain
model is proposed to divide user preference networks into multiple subgroups
based on social network analysis. Second, in the consensus reaching process, dis-
cordant subgroups and individuals are managed. A particle swarm optimization
algorithm with community relation is designed to achieve maximum consensus
at minimum cost. This process aims to complete large-scale group consensus.
Notably, this paper places greater emphasis on individual adjustment preferences.
Finally, the neighborhood-related fuzzy covering-based rough set models are
employed to determine decision-maker weights, and fuzzy TOPSIS is used to rank
the importance of UPs. The findings provide decision support for e-commerce
platforms in developing intelligent shopping assistants.
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1 Introduction

Driven by advances in artificial intelligence and natural language processing, e-
commerce platforms are increasingly introducing intelligent shopping assistants, and
consumers are becoming more dependent on these assistants to obtain product infor-
mation, receive personalized recommendations, and make purchase decisions through
interactive question answering [1]. However, in the online sales of fresh fruits, con-
sumers often face greater uncertainty than in other product categories. Due to taste
uncertainty, perishability, quality fluctuations, and logistics timeliness, fresh fruits
are more likely to cause consumer dissatisfaction and increase the difficulty of pur-
chase decision-making [2]. Therefore, accurately identifying consumers’ preferences
for fresh fruits is essential for improving the effectiveness of intelligent shopping
assistants. Online reviews contain rich information about consumers’ real purchase
experiences and preference perceptions, which can provide an important data basis
for preference analysis. In this context, it is necessary to develop an online reviews-
driven decision-making approach that can extract user preferences from massive review
data and transform them into usable decision support for intelligent recommenda-
tion. By embedding such an approach into intelligent shopping assistants, e-commerce
platforms can better match consumers’ personalized needs with suitable fresh fruit
products, support consumers’ purchase decision-making, and increase the likelihood
of purchase [3]. This may further improve online sales volume and sales revenue,
thereby benefiting multiple stakeholders, including farmers, suppliers, merchants, and
e-commerce platforms.

User satisfaction has been widely regarded as an important factor affecting the per-
formance of online stores [4]. In the B2C e-commerce model, user satisfaction is also
one of the priority concerns of online shops, as it directly influences consumer retention,
purchase intention, and the sustainable development of the platform [5]. For intelligent
shopping assistants, whether consumers’ preferences can be accurately identified and
satisfied is crucial for improving recommendation effectiveness and shopping experi-
ence. In the purchase process of fresh fruits, user preferences may involve freshness,
taste, price, packaging, logistics timeliness, and after-sales service. If these preferences
are not properly understood, the assistant may provide unsuitable recommendations,
which may reduce user satisfaction and weaken consumers’ trust in the platform.
Therefore, accurately obtaining user preferences (UPs) is a fundamental task for intel-
ligent shopping assistants to provide personalized purchase guidance. Online reviews
provide a natural and data-driven way to capture UPs. Compared with traditional
survey data, online reviews are generated from real consumption experiences and can
reflect consumers’ satisfaction, dissatisfaction, and preference perceptions after pur-
chase [6, 7]. Consumers often express their evaluations of fresh fruit products in online
reviews. These review texts can be transformed into structured preference informa-
tion and further used by intelligent shopping assistants to support interactive question



answering and personalized recommendation. More importantly, a data-driven method
based on online reviews can continuously update preference information in dynamic
e-commerce environments and help intelligent shopping assistants obtain UPs of fresh
fruits more efficiently and objectively. However, online reviews are usually large-
scale, unstructured, subjective, and fuzzy. Different consumers may express different
or even conflicting opinions toward the same product attribute. Therefore, how to
effectively extract, organize, and evaluate UPs from massive online reviews remains
a challenging problem. Large-scale group decision-making (LSGDM) provides a suit-
able framework for this problem. Online reviews are generated by a large number of
consumers, and each consumer can be regarded as a decision maker expressing pref-
erences toward fresh fruit products. Existing studies have widely demonstrated the
feasibility and effectiveness of using online reviews to analyze user preferences. In par-
ticular, review information has been applied to UPs importance evaluation, consumer
decision support, and product recommendation [8, 9].

However, according to our knowledge, few studies have developed a complete online
reviews-driven LSGDM method for analyzing UPs of fresh fruits on e-commerce plat-
forms. Moreover, existing studies have rarely transformed LSGDM-based preference
analysis results into decision support for platform-based intelligent shopping assistants.
To fill these gaps, this paper investigates an online reviews-driven LSGDM approach
for analyzing UPs of fresh fruits. Moreover, the weighting problem is an important
issue in LSGDM. Existing studies on weights mainly focus on two aspects: the weights
of experts or attributes and the weights of subgroups after clustering [10, 11]. In gen-
eral, LSGDM aims to cluster the evaluations of large-scale individuals, adjust group
consensus, and obtain reliable decision-making results, and it has been widely applied
in various fields [12, 13]. However, assigning the same weight to all objects or decision
makers is often unreasonable in practical decision-making problems, especially when
consumers differ in preference expression, review credibility, and subgroup influence.
Therefore, how to objectively determine weights in LSGDM is a vital issue. Fuzzy
covering-based rough set models have advantages in processing uncertain and impre-
cise information and have shown good performance in decision-making evaluation. By
using the evaluation coefficient obtained from fuzzy covering-based rough set mod-
els as the weight of decision makers, the equal-weight problem can be alleviated, and
the reliability of LSGDM results can be improved. Reliable preference weights and
ranking results are also essential for intelligent shopping assistants to generate explain-
able recommendations and provide effective purchase guidance. Based on the previous
analysis, the following two aspects serve as the primary motivation of this paper.

e Information representation process. In terms of LSGDM method in UPs of fresh
fruit reviews on e-commerce platform, (1) no previous study has used a complete
data-driven method to obtain preference scores of fresh fruit on e-commerce plat-
form. (2) The LSGDM method evaluates UPs of fresh fruit on e-commerce platform
is lacking.

e decision-making process. Fuzzy covering-based rough set models are generalized to
LSGDM problem to evaluate the importance scores of objects. Consistent object
weights may lead to unreasonable decision outcomes, so it is necessary to adopt
a reasonable way of assigning weights, the fuzzy covering-based rough set models



and their extended fuzzy (-covering-based rough set models are assigned weights
to individuals combined with their UP.

The present study aims to develop a general LSGDM model that can extract UPs

from online reviews and determine their importance. The obtained preference informa-
tion can be embedded into intelligent shopping assistants to improve recommendation
accuracy, support interactive purchase guidance, enhance user satisfaction, and fur-
ther promote the online sales of fresh fruits. The detailed study is developed from the
following aspects:

On the basis of UPs score information of fresh fruit, we develop the UP fuzzy set
by online reviews-driven instead of expert scoring. The small number of decision
makers studied is a limitation of questionnaire collection. We extract UP keywords
by TF-IDF algorithm from each product based on the reviews of fresh fruits on the
Jingdong (JD) e-commerce platform, and each product is regarded as a decision
maker or individual, which overcomes the disadvantage of fewer decision makers,
and the UPs degree of fresh fruit is structured which is mined from big data, making
the decision more objective.

For the LSGDM process, the double-restricted Louvain model is proposed to handle
the community clustering with a similarity relationship of individuals. Moreover,
we design a consensus reaching process (CRP) model to accelerate reaching large-
scale group (LSG) consensus with a feedback mechanism of minimizing consensus
and minimizing cost. At the same time, social network analysis (SNA) is used to
assign decision maker weights.

Consensus reaching process. The independence of individuals should not be ignored
by the average thinking, LSG consensus should be achieved more objectively which
is necessary to ensure a high level of group consensus. It is worth mentioning that
in CRP, this paper puts more emphasis on the adjustment of decision makers’
UPs, instead of only considering the adjustment of discordant subgroups. A particle
swarm optimization algorithm is designed to solve maximum consensus at mini-
mum cost in combination with adjusted weights assigned by similarity relationship
network.

The assignment of weights to objects directly affects the rationality of the LSGDM
outcomes. In this paper, we adopt four fuzzy neighborhood operators based on fuzzy
covering with three different ¢t-norms and R-implicators, and two fuzzy covering-
based rough set models, which are fuzzy g-neighborhood and fuzzy complementary
B-neighborhood as weighting methods in objects.

Fuzzy TOPSIS is applied to LSGDM problems combining fuzzy covering-based
rough set models for data that cannot be reasonably aggregated, which can deal
with multiple preference ambiguities. At the same time, VIKOR method is used as
a comparison to prove its effectiveness in LSGDM problem.

This paper is structured as follows. Section 2 conducts a brief literature review on

LSGDM and fuzzy covering-based rough set models. In Section 3, we recall some basic
definitions and conclusions used in this paper. This section introduces the concepts
of fuzzy coverings and fuzzy neighborhood operators. Section 4 provides the detailed



theoretical process of LSGDM, including the solution for maximum consensus at mini-
mum cost and decision-making with fuzzy covering-based rough set models. In Section
5, the proposed LSGDM method is implemented using online review data on fresh
fruit and managerial implications and marketing strategies are discussed. Moreover,
the intelligent decision-making platform is introduced. In Section 6, the comparative
experiments are carried out, verifying the validity and stability of the model. Finally,
Section 7 concludes and proposes future work plans. The nomenclature is presented
in Table 1.

Table 1 Nomenclature

Nomenclature

Abbreviations

CRP Consensus reaching process

CUP Consensual user preference

DM decision-making

LSG Large-scale group

LSGDM Large-scale group decision-making

PFS Preferences fuzzy set

PSO particle swarm optimization

SNA Social network analysis

SRN Similarity relationship network

TF-IDF Term frequency-inverse document frequency
TOPSIS Technique for order preference by similarity to ideal solution
UpP User preference

VIKOR VIse Kriterijumski Optimizacioni Racun

2 Literature review

This section briefly reviews the relevant literature on large-scale group decision-making
methods, fuzzy coverings, and fuzzy neighborhood operators.

2.1 A brief review of large-scale group decision-making method

Group decision-making (DM) refers to the process in which two or more decision mak-
ers jointly reach a consensus on a set of alternatives through DM, and the final DM
conclusion is required to be completed by the group through deliberation or negotia-
tion. With the complexity of DM environment and the increase of information involved,
it has become a trend for a large number of decision makers to participate in DM pro-
cess. When the number of decision makers involved in the decision problem is at least
20 [14], it can be regarded as LSGDM. The primary objective of LSGDM is to derive a
collective decision that achieves an acceptable level of consensus among a large number
of decision makers while accommodating heterogeneous preferences [15]. Compared
with conventional group decision-making approaches that are typically designed for
relatively small groups, LSGDM is better suited to handling large-scale heterogeneous



opinions and facilitating the efficient derivation of a broadly accepted collective solu-
tion through consensus-reaching processes [16]. With further study of LSGDM, it is
mainly divided into the following processes, preference information processing, group
clustering, consensus reaching process and decision-making process.

In DM problems, the outcome of the decision is usually represented by an exact
number. In fact, as DM environment becomes more and more complex, experts may
come from different fields and have different characteristics, which causes the results of
decision makers’ DM to be often uncertain. Therefore, in order to make the preference
information set contain more valuable and accurate communication, it is necessary
to adopt an appropriate information set expression method. The expression of prefer-
ence information uses various forms by expert questionnaire [17]. With the increasing
complexity of network relations, studies gradually pay attention to the credibility of
decision makers in network relations [18]. Making the DM results more reliable by
adding a trust function about decision makers in the preference relationship is more
reliable [19]. Based on the literature review, we observed two problems in the cur-
rent preference degree acquisition. First, researchers tend to focus on the construction
form of the preference set while ignoring the way to obtain the preference. This paper
focuses on how to obtain the DM preferences of LSG objectively and in large-scale.
At the same time, this paper constructs a general process system to extract the pref-
erences of decision makers based on online reviews. Secondly, the obtained reliability
of decision makers only serves the next stage of cluster analysis, which is also used
by this study as a decision maker’s adjustment weight in consensus reaching pro-
cess. Therefore, the present study aims to construct an objective large-scale decision
makers’ preference set.

As the number of DM participants increases, the DM process is more complex and
time-consuming. LSGDM divides large groups into several subgroup, according to the
similarity between interest preferences, geographical location, organization and other
characteristics, to speed up DM efficiency. Group clustering is based on decision infor-
mation, and various clustering algorithms are widely used. The main group clustering
methods at this stage are completely partitioned clustering methods, and overlapping
clustering methods [20]. Large group clustering based on subgroup detection algorithm
by social network is also a common implementation. For the evolution of consensus
network, Louvain algorithm can drive the community discovery algorithm to divide
the entire group into multiple subgroups, which ensures the independence and strong
cohesion of the subgroups [21], moreover, the dimension of LSGDM is reduced in com-
munity networks. In this paper, the Louvain algorithm combined with SNA is used to
complete LSG clustering and has been proven to be a suitable clustering method for
LSG preference set.

As conflicts among decision makers are common in LSGDM, a consensus-reaching
process (CRP) is typically required to reconcile divergent opinions and ensure the
acceptability of the final decision. Therefore, it is a necessary process for LSGDM to
measure the degree of consensus and achieve discordant adjustment of decision makers
to complete LSG consensus. CRP is an iterative process in which the group consen-
sus level is assessed at each round, and a feedback mechanism is activated when the
predefined consensus threshold is not met. As a key component of CRP, the feedback



mechanism guides the adjustment of divergent preferences, thereby reducing conflicts
and improving consensus efficiency. At this stage, effective feedback mechanisms are
often used. Wang et al. [22] proposed a three-way decision-based feedback mechanism
that classifies decision makers according to their conflict levels and social-network rela-
tionships, thereby providing targeted feedback strategies. Ding et al. [23] integrated
overlapping community clustering with a feedback mechanism to manage interdepen-
dent subgroups in social-network LSGDM. Li et al. [24] developed a dynamic feedback
mechanism that considers communication sequences to reduce redundant interactions
and improve consensus efficiency in multilevel LSGDM. However, scholars focus on
the adjustment of subgroups in the discordant adjustment of CRP, but often ignore
the decision makers in the discordant subgroups. A small amount of literature has
adjusted the preference of decision makers, still the proportion of preference adjust-
ment is based on the same weight. This phenomenon will cause injustice for decision
makers to modify the proportion on preference degree. Therefore, this paper pays
attention to decision makers’ preference adjustment and uses SNA to calculate their
adjustment. When the CRP is completed, the consensus of the LSG is reached. In
the following decision-making process, the decision result of LSG can be obtained by
weighted average according to subgroup preference scores, in which the ranking result
of the alternatives is the LSGDM solution with high consensus and high consistency
[20]. TOPSIS has been successfully applied in many industries and achieved satisfac-
tory results on LSGDM problem [25]. Nevertheless, as the composition of information
becomes more and more complex, the traditional TOPSIS method has limitations in
applying fuzzy environments. we propose a new TOPSIS method for data that can-
not be reasonably aggregated, which can deal with multiple preference ambiguities to
improve the effectiveness of decision-making outcomes.

2.2 A brief review of fuzzy covering-based rough set models

In this subsection, we briefly review the development and extension of fuzzy-covering
rough sets and fuzzy (-covering rough sets and their application to decision-making,
which will enable us to apply these methods to LSGDM properly.

Pawlak [26] put forward a new uncertain tool, rough set theory (RST), for dealing
with uncertain information in the real world. It proposes a systematic method for
object classification by using an indiscernibility relation. However, when this theory is
applied to practical problems, studies observe that the model based on the equivalence
relation proposed by Pawlak is used to characterize a partition formed by classes
of indiscernible objects which causes the limited applications [27]. By extending the
partition to a covering, Zakowski [28] firstly proposed the notion of covering-based
rough set (CRS). In subsequent studies, scholars also explored other forms of CRS
models. In particular, Pomykala [29, 30] defined two dual approximation operators
through the concepts of neighborhood and granularity. Yao [31] put forward a novel
concept named neighborhood-related CRS model.

To be able to handle a wider range of data types, Dubois and Prade [32] first
introduced the notion of fuzzy rough sets. Through the efforts of scholars, the orig-
inal definition of fuzzy covering was gradually summarized and proposed [33, 34].
By using fuzzy S-neighborhoods, Ma [35] put forward two kinds of coverings-based



fuzzy rough sets, named fuzzy [-covering-based rough sets, which are generalizations
of fuzzy covering-based rough sets when § is 1. Yang and Hu [36] explored the fuzzy
complementary (-neighborhood, and further put forward its related properties. Fur-
thermore, another critical generalization of the fuzzy rough set [37] is based on fuzzy
neighborhood operators. D’eer et al. [38] proposed the t-norm-based fuzzy neigh-
borhood operators on fuzzy coverings, their inspiration came from the four classical
neighborhood operators of Yao and Yao [39].

The advantages of fuzzy set theory are that it captures complex social phenomena
and retains more data information. And the success of rough set theory is that it can
analyze the facts hidden in data, does not require any prior knowledge beyond the data
sets, and can attain a minimal knowledge representation. And covering-based rough
set is an important extension of the classical rough set and an important theoretical
method for dealing with incomplete information system data. Fuzzy set and rough set
are complementary and closely related, and the fuzzy covering-based rough set models
generated by the combination have been proven to solve ambiguity and uncertainty
problems in DM problems effectively. However, in practical problems, the models have
limitations, that is often impossible to select the optimal DM result based on the
membership. Then the quoted parameter 8 replaces 1 in the fuzzy covering [35], and
the fuzzy [-covering-based rough set models are obtained, which can evaluate the
importance of all objects. And the notion of fuzzy B-coverings greatly expands the
application scopes of fuzzy rough set theory. Then lots of investigations about fuzzy
covering-based rough sets and their application to solve practical problems in the real
world are proposed have been proposed, which can be combined with models such as
TOPSIS to get the optimal solution in multi-criteria DM that proved to be effective,
and the application is more and more widely [25].

Inspired by fuzzy covering-based rough set models on multi-attribute decision-
making problems, this paper generalizes them to LSGDM. Thus, we research that
fuzzy covering-based rough set models to get the optimal preference according to
approximate precision, and use fuzzy TOPSIS for the importance score of preference
to decision-making.

3 Preliminaries

This section presents a concise retrospect to several fundamental notions and related
results.

3.1 Fuzzy set

In the following definition, we will introduce some basic definitions of fuzzy sets.

Definition 1 [40] Let U be a non-empty finite universe. A fuzzy set A, or rather a fuzzy
subset A of U, is defined by a function assigning to each element z of U a value A(z) € [0, 1].
We denote by Z(U) the family of all fuzzy subsets of U, i.e., the set of all functions from U
to [0,1], and call it the fuzzy power set of U.

For any A, B € .%(U), we say that A is contained in B, denoted by A C B, if A(z) < B(z)
for all z € U, and we say that A = B if and only if A C B and B C A.



Given A, B € .#(U), the union of A and B, denoted as AU B, is defined by (AU B)(z) =
A(z) V B(z) for all z € U. The intersection of A and B, denoted as A() B, is given by
(AN B)(z) = A(z) A B(z) for all z € U. The complement of A, denoted as A€, is defined by
A°(z)=1—A(z) forall z € U.

3.2 Fuzzy logical operator

Next, we recall some concepts related to fuzzy logical operator.

Definition 2 [41] A binary operator .7 : [0,1]> — [0,1] is called a t-norm, if it verifies
the property of commutative, associative and non-decreasing in each variable with a neutral
element 1.

There are three common types of continuous ¢-norm:

(1) Minimum t-norm: Js(u,v) = min(u, v);
(2) Product t-norm: Ip(u,v) = u X v;
(3) Lukasiewicz t-norm: 77, (u,v) = max(u +v — 1,0).

Definition 3 [41] A binary operator .# : [0,1]2> — [0, 1] is called a fuzzy implicator, if it
verifies .#(0,0) = #(0,1) = #(1,1) = 1, .#(1,0) = 0 and .# is monotonically decreasing
with respect to the first argument and monotonically increasing with respect to the second
argument.

One of the fuzzy implicator operators is the R-implicator, which can be induced
from continuous ¢t-norm by

Fr(u,v) =sup{z € [0,1] | 7 (u,2) < v}
Example 1 The common continuous t-norms and their R-implicators are as follows in table,

Table 2 The common continuous ¢-norms and their R-implicators

t-norms R-implicators
1, vw<w
I (u,v) = min(u, v) Im(u,v) =qv, u>v
1, u<w
v
Ip(u,v) =u X v Ip(u,v) =49 —, u>v
u
I (u,v) = max(u +v — 1,0) 21 (u,v) =min(l —u+v,1)




3.3 Fuzzy covering-based rough set

In this part, some basic concepts about fuzzy covering, fuzzy minimal description and
fuzzy maximal description are given.

Definition 4 [42] A collection C = {C1,Cq,...,Cn} with C; € F(U) (1 = 1,2,...,m) is
called a fuzzy covering, if there exists a C; € C such that C;(z) = 1 for each = € U. Here,
(U, C) is defined as a fuzzy covering approximation space (FCAS).

In what follows, if not otherwise specified, the universe U is always finite and
nonempty.

Definition 5 [38] Let (U, C) be an FCAS. For each = € U, we define the fuzzy neighborhood
system of x as
C¢(C,z) ={C; € C|Ci(z) >0, i=1,2,...,m}.

It can be easy to obtain that € (C, x) is not empty, since there always exists a set
C; € C such that C;(z) = 1.

Definition 6 [38] Let (U, C) be an FCAS. For each z € U,

md(C,z) ={C € ¢(C,z) | (VS € €(C,z)) AN (S(z) =C(z)) AN(SCC)=S=C},
is called the fuzzy minimal description of x;

MD(C,z) ={C € €(C,z) | (VS € €(C,z)) A(S(z) =C(x))A(SDC)= S =0C)},

is called the fuzzy maximal description of x.

It is worth reminding that €' (C, ), md(C, ) and MD(C, z) are composed of fuzzy
sets, in the meantime, both md(C, z) and MD(C, z) are subsets of €(C, ).

Definition 7 [38] Let (U, C) be an FCAS, .# an implicator and .7 a t-norm. Ny, N5, NY
Nflc : U — Z(U) are four types of fuzzy neighborhood operators, respectively. Further, the
fuzzy neighborhood Nz(»C (z) (i =1,2,3,4) are defined as follows:

NE(@)(y) = N\ #(Cx),Cy)).

CceC

Ni@) ()= \/ Z(C@).Cw),
Cemd(C,z)

Ny@) () = N\ “(C),Cy),
CeMD(C,x)

Ni(@)(y) = \/ Z(C(x),Cy).
CceC
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Definition 8 [35, 43] Let N,C(z = 1,2,3,4) be fuzzy neighborhood operators. For each
X € Z#(U), the lower approximation A;(X) and upper approximation A;(X) of X are defined
as follows:

A(X) (@) = N\I[Q-NE(@)@) Vv X@),zel,
yeU

A(X)(2) = \/ INC(@) () A X)),z €U,
yelU

3.4 Fuzzy (B-covering approximation space
Definition 9 [35] (1) Let U be a universe set and C = {C1,Cq,...,Cn}, where C e #(U)
and ¢ =1,2,...,m. For any 8 € (0, 1], then C is called a fuzzy -covering of U if ( U Ci)(z) >

B, for all z € U. And, (U,C) is an FCAS.
(2) Let (U,C) be an FCAS and C = {Cy,C2,...,Cm} be a fuzzy B-covering of U for

some S € (0,1]. Then Ng(m) = n{C; € C|Cj(x) > B,5 = 1,2,...,m} is called a fuzzy
B-neighborhood of  in U.

=1

Definition 10 [35] Let (U, C) be an FCAS and C = {C1,Cy,...,Cmn} be a fuzzy -covering
of U for some 8 € (0,1]. For any X € % (U), the lower and upper approximations of X w.r.t.
C are defined, respectively.

/\ {@ (C(r) W)V X(w},

yeU
(@) =\ ANZ oy W) A X W)}
yelU
for all z € U.

Definition 11 [36] Suppose that (U,C) is an FCAS and C = {C1,Cqo,...,Cn} is an
fuzzy B-covering of U for some 3 € (0,1]. For any = € U, define a fuzzy complementary
B-neighborhood of z,
B B
Mee) ) = Neg,) (@)
forally € U.

Definition 12 [36] Assume that (U, C) is an FCAS and C = {C1,Cy,...,Cn} is a fuzzy -
covering of U for some § € (0,1]. For any X € .#(U), the lower and upper approximations of
X based on a fuzzy complementary S-neighborhood Me(2) of z in U are defined, respectively,

/\{ (C( WY ) v Xu},

yeU

E(X)(@) = \/ {MZ,)®) A X ()}

yeU

Definition 13 [35] Assume that (U,C) is an FCAS and C = {C1,Cs,...,Cn} is a
fuzzy [-covering of U for some fuzzy [B-neighborhood and U = {z1,...,zn}. Suppose

11



that Ng = {Ng(m_)mi € U} is a fuzzy [-neighborhood system induced by C, where
B N — B e A
Nc(xi)(mj) = ,uNC(wi)(xz,x]), for all 4,7 = 1,2,...,n. For any I € #(U), the upper and

lower approximations of [ w.r.t. Ng , denoted by Ng (I) and Ng (I), respectively, are two FSs
defined as follows: o

N2 (D) = {uNﬁ (z1,2;) /\uz(%’j)}7

C(z4)
and

n
N2 = A s, ) Visten)
The operators Fg(f), Ng(]) : F(U) — Z(U) are called the upper and lower fuzzy rough
approximation operators (FRAOs) w.r.t. Ng, respectively.

Definition 14 [36] Suppose that (U,C) is an FCAS and C = {C1,Ca,...,Cn} is a
fuzzy B-covering of U for some fuzzy S-neighborhood and U = {z1,...,zn}. Suppose that
Mg = {Mg(m_)mi € U} is a fuzzy complementary S-neighborhood system induced by C,
where Mg(z,;)(mj) = M@C(mi)(mi,xj), for all i,57 = 1,2,...,n. For any I € .Z(U), where
I={{zj,pr(z;))lj =1,2,...,n}, the upper and lower approximations of I w.r.t. Mg, denoted

by Mg (I) and Mig , respectively, are two FSs defined as follows:

M) = {iygs @) At}

j=1

and

The operators Mg([), g(l) : F(U) = F(U) are called the upper and lower FRAOs

w.r.t. Mg, respectively.

4 LSGDM method with fuzzy covering-based rough
set models

This section will describe our LSGDM method and fuzzy covering-based rough set
models in detail. The framework of this paper is shown in Figure 1.

(1) Extraction of UP keywords. We collect user online review data and perform text
preprocessing to extract UP keywords based on keyword frequency and TF-IDF,
which detailed step is introduced in Section 5.

(2) Construct the preference fuzzy set (PFS). The PFS is constructed according to the
preference keywords and word frequency extracted from each product review that
is viewed as a decision maker, i.e., an individual, preference fuzzy relations. (See
Section 4.1)
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Clustering and measuring the cohesion degree of subgroup. The similarity degree
of decision makers is used to establish the similarity relationship network (SRN).
And multiple subgroups are clustered by double-restricted Louvain model and SNA,
meanwhile, the cohesion degree of subgroup is calculated to verify the clustering
effect. (See Section 4.2)

Consensus reaching process (CRP). The discordant subgroups and their discor-
dant preferences are identified. In feedback mechanism, PSO algorithm is designed
to solve maximum consensus at minimum cost in combination with decision mak-
ers’ weights assigned by community relation degree. And then, the LSG consensus
is reached, we obtain the consensual UP fuzzy set, and the adjustment cost is
calculated. (See Section 4.3)

decision-making. In Section 4.4, we use four fuzzy neighborhood operators based
on fuzzy covering with three different t-norms and R-implicators, and two fuzzy
covering-based rough set models which are fuzzy [-neighborhood and fuzzy com-
plementary [S-neighborhood to evaluate the weight of decision makers combined
with approximate precision. And then, the fuzzy TOPSIS is used to get the result
of LSGDM (see Section 4.5).

Structure CRN ' v
Online Text Fuzzy Covering- i
Reviews Preprocessing Double-restricted satisfied PFS B Value
Louvain Positive/Negative
Ideal Solution l
Subgroup UPs Cohesion Fuzzy Mini / Fuzzy B-
UPs Feature TDF-IDF I l
Extraction Verification [ ipti
\73// v

Stage 3:LSG Clustering neighborhood

Operators

1 Distance from
Fuzzy Positive/Negative

Neighborhood Ideal Solution Lower/Upper
o) Approximation

Decision Maker / Individual @ l l
! Lower/Upper Approximation

i A imati i» Closeness Coefficient ! Precision
i Weight
) Ce ] Ranking Coefficient
Stage 1: UPs Feature Extraction = Adjusted PFS ] Decision Maker
Weight L — "} | ExpandpValue
‘ Y a Construct ‘
() o Fuzzy Set C | PFS Matrix Fuzzy Covering TOPSIS Fuzzy B-covering
Stage 2: Preference Fuzzy Set Stage 4: Consensus Reaching Process Stage 5: Decision Making

Fig. 1 The LSGDM framework for evaluating user preference by online reviews

4

.1 Preference score and preference fuzzy set

In general, decision makers usually use real-valued data to represent preference scores,
i.e., object scores [44]. Suppose that LSGDM problems have n preferences and m
decision makers, the decision makers’ scoring table is V', where vy, denotes the score
assigned by O, to preference 7., that is, an object. And Table 3 represents the multi-
parameter information involved in the LSGDM in this paper.
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Table 3 LSGDM parameter information table

Designation Information
Index sets N ={1,2,...,n},

M = {1727""m}’ Q: {1727""q}
Preference set P={r.|ceN}

Decision maker set

Evaluation vector of Oy

Evaluation matrix

Preference membership degree matrix

0 ={0g|geMj}

79 — (vg1,v92,-.-,Vgn)

V = (vge)mxn, gE M, cEN
F = (fgc)mxn, g S M, (S N

Similarity degree SDI g.he M
Similarity threshold 0

Subgroup SGx SGr, k€ Q
Cohesion degree of subgroup SGy C(SGk)

Consensus degree of subgroup SGy, on preference 7. CDEG“, kEQ, ceN
Consensus threshold )

Discordant preference set of subgroup SGy NUP"

Discordant subgroup set NSG

Discordant decision maker O, he{1,2,...,1}
Decision maker weight w

Adjustment cost of discordant decision maker O}, Costfc*‘

of discordant subgroup SGx

Change value of discordant decision maker Oj,’s ATJQh

preference 7;

Then, real-valued data transformation method is as follows, which is a normaliza-

tion method to obtain dimensionless data,

Vge

fgc:

’
maXceN Vge

(1)

thus, the standardized decision makers’ scoring matrix is transformed into a preference
membership degree matrix, where fy. denotes the membership degree of preference 7.
assigned by decision maker O,. Now, we give an example to understand this problem.

Ezample 2 Suppose there have 4 user preferences (UPs) as alternatives, i.e., preferences,
P = {7c|lc = 1,2,3,4}, and let O = {Oylg = 1,2,3,4,5} be 5 decision makers to score
on preferences. In addition, Tég ¢ indicates score value of the decision maker Oy w.r.t. the
preference 7.. The UP scoring table is shown in Table 4. And the standardized UP scoring

table is shown in Table 5, representing the membership degree of UPs.
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Table 4 Table for user scoring on preferences

o/P 1 T2 T3 T4
01 12 4 10 15
O 7 9 2 7
O3 6 10 28 24
Oy 4 12 16 12
Os 10 6 14 23

Table 5 Table for membership degree of UPs

O/P 1 T T3 T4
O1 0.8000 0.2667 0.6667 1.0000
[ 0.7778 1.0000 0.2222 0.7778
O3 0.2143 0.3571 1.0000 0.8571
Oy 0.2500 0.7500 1.0000 0.7500
Os 0.4348 0.2609 0.6087 1.0000

4.2 Clustering and decision maker similarity

In this subsection, the similarity degree of preference score among decision mak-
ers is calculated combined with social network analysis (SNA). Then, we propose a
double-restricted Louvain algorithm that divides decision maker networks into mul-
tiple subgroup, and the definition of modularity is introduced. We use the cohesion
degree of subgroups to measure the clustering effect.

4.2.1 Similarity degree within decision makers

The similarity degree of decision makers is based on preference scores and represents
the relationship between them. The closer the preference score of decision makers,
the higher the similarity degree between them, and vice versa. We use Definition
15 to calculate the similarity degree of decision makers for preferences, which gets
the similarity relationship network (SRN), denoted as SD while satisfying SDI" =
SD" (g, h € M), that is, the similarity degree between decision maker O, and decision
maker Oy, is equal to that of Oy and O,.

And similarity degree is based on Hausdorfl distance [45], which measures the
degree of mismatch between two sets by measuring the distance of the point of O,
that is farthest from any point of Oj. If Hausdorff distance is d, then every point
of Oy must be within a distance d of some point of O. Thus, Hausdorff distance is
more suitable for measuring the similarity distance between two sets, compared with
distance summation.

Let 799 = (TCO NVixn, 79 is a one-dimensional matrix with n vectors, including all
preference scores of a decision maker. In Example 2, 70t = (0.8,0.2667,0.6667, 1).
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Definition 15 (Decision maker similarity degree) Decision maker similarity degree by
the Hausdorff distance is

SDI" =1 - W0y, 04),9,h € {1,2,...,m},

where  h(Og4, Op) = WO, Oy) = max min |a — b|, so that

aeT%9 ber%hn
max{h(Oy,04),h(O4,04)} = h(Oy,O), and a,b € 7% represent one preference
membership degree of individual O,.

When the similarity degree between O, and Oy, is higher than threshold 6, it
is considered that there is a similarity relationship among them. Correspondingly,
we mark the edge between O, and Oy, otherwise, it has no similarity relationship.
Therefore, a new SRN will be constructed. We can give an example to illustrate
Definition 15.

Ezample 8 (Continued from Example 2) According to Table 5, the decision maker similarity
degree is shown in Table 6. Set the similarity threshold # = 0.85, then a new decision maker
similarity relationship is shown in Table 7.

Table 6 Decision maker similarity degree

] 01 O O3 Oy Os

01 1.0000 0.8889 0.8096 0.9167 0.8087
O 0.8889 1.0000 0.8651 0.9722 0.7874
O3 0.8096 0.8651 1.0000 0.8929 0.7516
O4 0.9167 0.9722 0.8929 1.0000 0.8152
Os 0.8087 0.7874 0.7516 0.8152 1.0000

Table 7 Decision maker similarity relationship

@] 01 02 03 04 05
0, \ 1 0 1 0
02 1 \ 1 1 0
Os 0 1 \ 1 0
O4 1 1 1 \ 0
Os 0 0 0 0 \

4.2.2 Double-restricted Louvain clustering

The Louvain [46] is an algorithm for optimizing modularity that is a better community
detection method, which can perform network clustering analysis with vertices and
edges. The Louvain not only can eliminate the limitation of modular partition, but
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also has low time complexity, which is suitable for large-scale networks [47]. The first
iteration of Louvain takes a single node as the granularity of the community, avoiding
the difficulty of finding small communities when maximizing, which is easy to merge
small communities, because the modularity is the characteristic of the global indicator.
This advantage can make up for the shortcomings of ignoring the opinions of minority
groups, and will not integrate meaningful minority opinions into large groups. Minority
opinions are sometimes meaningful viewpoints that larger groups do not value [48].
Just like when multiple decision makers make decisions, most decision makers can find
common problems, but often a few decision makers raise sharp questions, which may
finally win the support of most of them. This is also the advantage of the Louvain in
clustering.

In this subsection, Louvain is selected to cluster community subgroups according to
the SRN. In Louvain, the group to which a point belongs is changed by the maximum
increment of modularity. However, the increment between two points is the largest,
but only a few points are associated with it in the group which will be joined, and there
is more relationship with another group at this time. For example, point o has the
largest modularity increment with point j, so point o will join the subgroup SG; where
point j is located. However, the associated points of point o in SG; only have point j,
but there are multiple relationship points with other subgroup SG,. If point o joins
SG;, grouping only according to the maximum increment index seems unreasonable.
Therefore, we propose a double-restricted Louvain algorithm based on the limitation
of maximum increment and relationship degree, and we aim to adjust the balance
between them.

In Definition 16, a new maximum increment of weighted modularization is pro-
posed, which added a relationship index compared with the classic Louvain algorithm,
it pays attention to the relationship degree in the joined group. As shown in Algorithm
1, the double-restricted Louvain algorithm is divided into three stages: initialization,
modularity optimization and network cohesion.

(1) Initial setting. Initially, each decision maker is regarded as a subgroup, and the
number of subgroups is the same as the number of decision makers.

(2) Modularity optimization phase. According to Definition 16, it needs to calculate the
gain in modularity AQ of each decision maker and the decision maker with whom
has a consensus relationship, i.e., neighboring node, and select the subgroup where
the neighboring node is located which has the largest of modularity gain. If the
modularity gain is greater than 0, the decision maker is put into the subgroup where
the decision maker has the largest modularity gain, otherwise it will not change.
Tterate the above calculation until the algorithm is stable, that is, all decision
makers belong no longer change.

(3) Subgroups coalescence phase. All decision makers in each subgroup are compressed
into a super node, the relationship of all nodes in the network is used as the rela-
tionship of super nodes, and the weights between subgroups are converted into the
weights of new node edges. Continue to iterate step (2) until the subgroups to which
all super nodes belong do not change.
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Definition 16 (Modularity increment) When node o moves from its subgroup to the
subgroup of its neighbor node j, the change of the incremental modularity is defined as
follows,

AQ = Wiimir x AQ'
2in tWo,in _ (Ztot two )2] _ [Zzn _ (Ztot)Q _ (&)2]

2v 2v 2v 2v 207 7
where Wi represents the relationship degree with the new subgroup, ", is the sum of
the weights of links in subgroup, Y, , is the sum of the weights of links associated to the
nodes which in the subgroup, wo is the sum of the weights of links associated to node o, wo in
is the sum of the weights of links from node o to nodes which in the subgroup, v is the sum
of the weights of all links in the group.

= Wo,in X [

4.2.3 Cohesion of subgroups

The subgroup cohesion degree can measure the clustering effect of clustering model. We
give the calculation of preference membership degree and cohesion degree of subgroups,
calculated by Definitions 17 and 18, respectively.

Definition 17 [8](Subgroup preference membership degree) The large-scale group
LG = {SG1,S5G3,...,S8Gq}, is divided into multiple subgroups, the xth subgroup is denoted
as SGx(k € Q). The membership degree of subgroup on preferences is TSG”,

SG. _  SGw
T - (TC )1 XNy
SG,. 1 d OQSGN

Tc = Te )

p =1

where O;SVG*‘ € SGx,k € Q,c € N, p" represents that the subgroup SG}; contains p decision
makers.

Definition 18 [8](Subgroup cohesion degree) The cohesion degree of subgroup is defined
as

n - pt

1 & 056
C(SGx) =1- SN~ [ ke QceN.
c=1g=1
The average cohesion degree C of the subgroup is defined as

k=1

SR

4.3 Consensus reaching process

In order to further realize LSGDM, it is necessary to complete the consensus reaching
process (CRP) which can effectively unify the opinions of large group and accelerate
LSGDM. Next, each subgroup will be regarded as a super decision maker for the next
step of CRP analysis. The CRP is divided into two stages.

18



Algorithm 1 Louvain clustering method

Input: consensus relationship list ST is consisted of consensus relationship pairs
(source, target).
Output: the clustering list S.

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:

1
2
3
4
5:
6
7
8
9

: Phase I: initialization
. for tuple in ST do
G[node;][node;] = Gnode;][node;] = edge =1
S[node;] = node;
end for
: return G, S
: Phase II: modularity optimization
: # can_stop marks the end of the iteration
. can_stop = True
while can_stop do
can_stop = False
for 7 in G do
for j in G[node;] do
compute: the modularity AQ;;
end for
if AQ;; > 0 and S[node;| != S[node;] then
can_stop = True

return j + Max(AQ)
end if
S[node;] = Snode;]
end for
end while

Phase III: subgroup network cohesion
# Repeat Phase |
for i, 7 in SG do
G[SGH][SG;] = GISG,][SCi] = =
S[SG;] = SG;
end for
return G, S
can_stop = True
while can_stop do
can_stop = False
Repeat Phase I1
if Sum(AQm) =0 then
can_stop = True
end if
end while
return S
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(1) Consensus measurement. The consensus degree of subgroups is calculated, which is
used to find discordant subgroups and the discordant preference of decision makers
in them.

(2) Feedback mechanism, which is based on low-cost and high-consensus strategy.
According to the cost minimization while consensus maximization, we pay atten-
tion to the adjustment of decision maker’s preference membership degree in the
discordant subgroup. To minimize costs, a high consensus is obtained at a low
cost. That is to say, we reach the minimum consensus threshold to obtain qualifica-
tion to continue large-scale group decision-making. Based on different adjustment
scales, we use the Particle Swarm Optimization (PSO) algorithm to complete the
feedback mechanism strategy optimization. When we reach the subgroup minimum
consensus threshold, then, CRP in LSG is completed.

4.3.1 Consensus measurement

The consensus degree of subgroup is measured via the membership consensus degree
of each subgroup with other subgroups by Definition 19. Afterward, the LSG consen-
sus degree, the average consensus degree of subgroup for each preference, denoted as
MCD is obtained. The discordant subgroup N.SG is identified by consensus threshold
according to Definition 20.

Definition 19 [8] (Subgroup consensus degree) The consensus degree of subgroup on
each preference is

q
1
Cchmzl—i E |T§G"—TCSG’9|,K,19€Q.

q-1 9=1,0%¢
The consensus degree of subgroup is
1 n
MmepSe — z;CDfG”. 2)
-

LSG consensus degree is,

q
MCD = é 3" MepSO-,

k=1

Definition 20 (Discordant measurement) The discordant subgroups are identified by
the minimum consensus threshold 4,

MCDY% < § = SG,. € NSG,

where the set of discordant subgroups is NSG.
Next, the discordant preference set denoted as NUP" in the discordant subgroup SGx
is found out,
CDE% < § = 759 € NUP",5G, € NSG,
SG,,

where ¢ is the cth preference of SGy.
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4.3.2 Feedback mechanism of maximum consensus at minimum
cost strategy

When there is discordant behavior in the LSG consensus, in order to obtain the
LSGDM result, it is necessary to encourage discordant subgroups to modify the pref-
erence score for achieving LSG consensus. We focus on the adjustment of preferences
of decision makers in discordant subgroups, instead of methods that only attention to
subgroup adjustment and ignore individuals.

In the feedback mechanism, we complete CRP by the optimization of low-cost and
high-consensus strategy based on the PSO algorithm. CRP has multiple rounds of con-
sensus testing. Smaller adjustment scales are allowed at the beginning. If consensus
cannot be reached, we will expand the scale. Under the permission of different adjust-
ment scale settings, the lowest adjustment cost is obtained through PSO, and then
particles that meet the consensus conditions will be selected. With different adjust-
ment scales and different adjustment plans, situations arise that have the same cost
but different consensus levels. The feedback mechanism is as follows.

Step 1: Adjustment cost of decision maker. In order to reach the consensus thresh-
old of the LSG, if all discordant decision makers are required to adjust the preference
score membership degree in the same proportion, which will inevitably cause some
decision makers to be dissatisfied. We use the status of decision makers in the LSG
community network to deal with this situation. In reality, decisionmakers with status
will have greater say. The adjustment cost is obtained according to Definition 22, where
similarity degree is used as the weight of decision makers’ adjustment cost. Decision
makers with a higher degree of SRN have greater adjustment costs. the discordant
preferences in the discordant subgroup are identified denoted as ¢(¢ € {1,2,...,a}).

Definition 21 (Decision makers’ adjustment weight)
1 m
- = hg
woy = — > SD",
g
where (’);L is the decision maker in the discordant subgroup.

Definition 22 (Adjustment cost) The adjustment cost C’ostic” of discordant decision
maker O;l of the discordant subgroup SGy is

a
Costy, " =" A& x woy , O € G,
¢=1

where a is the number of the discordant preferences of the discordant subgroup. The total
adjustment cost of discordant subgroup SGy is

l
Cost5% = Z CostiG”“. (3)
h=1

Step 2: Feedback mechanism. The low-cost and high-consensus feedback mecha-
nism Model 4 is established. We take cost minimization as the main problem. Given
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the upper and lower range of the adjustment of UP in the discordant subgroup’s dis-
cordant preferences, the lowest adjustment cost is obtained, when the consensus level
of discordant subgroup is guaranteed to reach the threshold. The pseudocode is shown
in Algorithm 2.

l a
. o',
min E E ATC wor

h=1¢=1
AT € 1L, ubl),c € NUP,
MCD5C > §
1 n
max MCD*“ = =% "CDJ ¢ € NUP,SG, € NSG,
s.t. n.3 (4)
1 q
CDfG“ =1- 1 Z \ TEG*‘” :I:ATCSG" — T§G0|,ﬁ,19 € Q,
47 4 91 o2k

Algorithm 2 The algorithm for consensus reaching process

Input: decision makers’ preference membership matrix, discordant subgroups and
corresponding discordant preferences, (b, ub”
Output: adjusted decision makers’ preference membership matrix, adjustment

cost, new consensus level of discordant subgroups.

1: for i in [Ib?, ub?] do

2 for x in NSG do

3 for cin NUP do

4 new_UP _matrix = TcSGﬁ + ATEGN
5: end for

6 end for

7 return newy P, atric

8 Calculate subgroup consensus level

9 if CD all > 6 then

10: Calculate adjustment cost

11: return A7 matrix, adjustment cost, subgroup consensus level
12: else

13: Continue

14: end if

15: end for

16: Minimum adjustment cost when reaching consensus level
17: return A7 matrix, adjustment cost, new consensus level
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4.3.3 Optimization of different adjustment scale strategy based on
the PSO algorithm

Finding the optimal solution of a bi-level programming model has been proved to be
a NP-hard problem, and even linear bi-level programming is strongly NP-hard [49].
Finding the optimal solution of a bi-level programming model has been proved to
be a NP-hard problem, and even linear bi-level programming is strongly NP-hard.
PSO is a group-based search method. This heuristic method makes PSO effective in
finding the global optimal solution [50], especially in high-dimensional and complex
search spaces. We use the PSO algorithm to solve the optimal solution for low-cost
and high-consensus under different adjustment scale strategy.

In PSO, the velocity v,(t) and position z,(t) of each particle are initialized to
produce a random solution. Then, in the evolutionary process, the particle updates
its velocity and position by the following rule,

where w is the inertia weight, cl and c2 are the acceleration constants, which are
suggested to set value 2.0 [51], rand() € [0,1] is random value, pbest,(t) represents
the best fitness at present particle, and gbest(t) represents the overall best position in
the tth generation. And, the inertia weight w adopts linearly decreasing weight,

(winit - wend)(T - t)
T

w =

+ Wend

where T is the maximum number of iterations, winit and wenq are usually set to 0.9
and 0.4, respectively [51]. The foundational setting based on PSO are shown in Table
8, and PSO algorithm is designed as Algorithm 3.

Table 8 Fundamental setting based on PSO

Fundamental setting

Particle swarm number
One particle dimension 1
One particle dimension 2

pop = particles number produced at one time
obj = discordant decision maker number
dim = discordant preference number

Particle dimension

D = [pop, obj, dim)]

w1; Tp1,1 --- Tpl,e --- Tpl,n
pth particle in rth generation Zpr = | Wh; Tph,1 .. Tph,c - - Tph,n
wy; Tpl,1 --- Tpl,e --- Tpl,n
Search space Zpr € [Ibpr, ubp,]
Fitness function cost = Eq. (3)
Consensus level CD = Eq. (2)
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Algorithm 3 PSO for minimum cost on different adjustment scale

Input: Particle dimension D, search space ub, [b, maximum number 7' of iterations,
default parameters cl, c2, w_max, w_min, specified parameter V_max, range_step.
Output: Particle and minimum cost value of different scale of adjustment range.

1: step 1: Initialize the particle swarm with random positions and velocities within
the defined search space. Calculate pbest,(t) and gbest(t)

2: step 2: Calculate the inertia weight w for the current iteration, and update the
velocities and positions of the particles.

: step 3: Perform boundary checking for the updated velocities and positions.

. if vy (t) > V_max then

vp(t) = rand() xV_mazx

end if

: step 4: Calculate the fitness function of each particle, and sort the particle swarm
according to the fitness value.

. pbest,(t) = particle x at position 1

9: step 5: Update the global best position.

10: if thenpbest,(t) > gbest

11: gbest = pbest,(t)

12: end if

13: Repeat Step 2 to Step 4 until the maximum number T of iterations is reached.

14: step 6: Change the different scale of adjustment range, repeat Step 1 to Step 5.

15: return Particle and minimum cost value of different scale of adjustment range.

[*3)

4.4 Fuzzy covering-based rough set models

In this subsection, in order to evaluate the weight of decision makers, we use four
fuzzy neighborhood operators based on fuzzy covering with three different ¢-norms
and R-implicators, and two fuzzy covering-based rough set models which are fuzzy
B-neighborhood and fuzzy complementary (S-neighborhood that construct the lower
approximation and upper approximation. Approximate precision is proposed via lower
and upper approximation of six types of neighborhood-related fuzzy covering-based
rough set models, which is as weight of decision makers. And in this paper, covering-
based fuzzy rough set carries UP information, so the weight of decision makers obtained
is based on UP. In multi-attribute decision-making, covering-based fuzzy rough set
models are often used to rank the importance of objects or alternatives, which have
been proven to be a good solution.

4.4.1 Fuzzy neighborhood operators based on fuzzy covering

The four fuzzy neighborhood operators based on fuzzy covering proposed by D’eer
with three different ¢-norms and R-implicators are discussed to construct the lower
approximation and upper approximation. The specific process steps are shown below.

(1) In order to satisfy the condition of fuzzy covering by Definition 4, standardize
consensual decision makers’ score fuzzy set according to the following equation [44],
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then we get new decision maker’s preference score fuzzy set.

fge

maxgem foe

()

Sgc =

(2) When taking the fuzzy neighborhood operators, the minimum and maximum
descriptions of each preference need to be calculated first, as shown in Algorithm
4.4.1.

Algorithm 4 Fuzzy minimal description md,, and fuzzy maximal description M D,

Input: decision makers’ preference fuzzy set K of fuzzy covering
O0={0;]j=1,2,...,m} about universe U = {7, | ¢ =1,2,...,n}.
Output: md,, and M D, of each preference 7;.

1: 7,c = K.shape;

2: # Compute the fuzzy neighborhood system of 7;

3: for j in ¢ do

4: KTj = []7 g=1

5: for ¢ in r do

6: if K|[i,j] > 0 then

7 K., lq,:] = K[i, ]

8: g=q+1

9: end if

10: end for

11: r; = K., [1].shape

12: Initialize: K;;Ld = K.; KﬂfD = K;;

13: for s in r; do

14: for t in r; do

15: if i # j and (K;’]Ld[s,j] == K;;Ld[t,j]) and (sum(Kﬁj‘d[, ] > K7t
]) == n then

16: sum(Kﬁ}d[s, )| = zeros(1,n)

17: else if 7 # j and (Kf_\;[D[s,j] == K%?D[t,j}) and (sum(Ki‘jJD[, ] <
K7 [t,:]) == n then

18: sum(KﬁfD[s, :] = zeros(1,n)

19: end if

20: end for

21: end for

22: Compute: md,; = Kf;d(any(K:jﬂ), })
23: Compute: MD,, = Kf.‘;[D(any(Kij ,2),:)
24: end for

(3) The fuzzy neighborhood operators N (z) to N{(z) are obtained by bringing the
fuzzy minimum (maximum) description into Algorithm 4.4.1.
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Algorithm 5 Fuzzy neighborhood operators

Input: The decision makers’ preference fuzzy set K, md.;, M D, of each object 7;.

Output: Four fuzzy neighborhood operators with three different t-norms and
R-implicators.

1: 7,c = K.shape

2: # Compute the fuzzy neighborhood operator N ,;C

3: if kK ==1 then

4: for i in ¢ do

5: for j in cdo

6: for ¢t in r do

7: D = 4#(K[t, =], K[t,7;])
8: end for

NE(7:)(r;) = min(D)

10: end for

11: end for

12: else if kK == 2 then

13: for i in ¢ do

14: Tm = md,,.shape[l]

15: for j in c do

16: for t in r,, do

17: D = F(md,[t,7;], md.,[t, T;])
18: end for

19: NE(7i)(15) = max(D)

20: end for

21: end for

22: else if k¥ == 3 then

23: for i in ¢ do

24: rv = MD;, .shapell]

25: for j in cdo

26: for ¢ in rj; do

27: D = #(MD.,[t, 7], MD,,[t,7;])
28: end for

29: NE(73)(75) = min(D)

30: end for

31: end for

32: else if £k == 4 then

33: for i in ¢ do

34: for j in cdo

35: for t in r do

36: D=9(K(t,n), K1)
37: end for

38: NE(73)(15) = max(D)

39: end for

40: end for

41: end if
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4.4.2 Fuzzy (B-neighborhood and complementary B-neighborhood
operators

In the calculation of fuzzy B-neighborhood operator and fuzzy complementary (-
neighborhood operator, we use consensual decision makers’ preference fuzzy set, and
the specific process steps are shown below.

(1) Set the value of 5.
(2) By Definitions 9 and 11, the fuzzy S-neighborhood operator and fuzzy complemen-
tary B-neighborhood operator are obtained, respectively.

4.4.3 Fuzzy covering-based lower approximation and upper
approximation

The lower approximation and upper approximation constitute the fuzzy covering-based
rough set model. We use four fuzzy neighborhood, fuzzy (B-neighborhood and com-
plementary S-neighborhood operators to construct lower and upper approximations
separately. And 14 upper (lower) approximation matrices will be obtained.

4.5 LSGDM on evaluation of preferences

In the subsection, approximate precision is used to obtain the weight score of pref-
erences. Then, we use the fuzzy TOPSIS method to get the importance ranking of
preferences, which is the result of LSGDM.

4.5.1 Approximate precision

We propose the concept of approximate precision combined with the fuzzy covering-
based rough set models. Approximate precision & is defined as the ratio of
lower approximation to upper approximation. The approximate precision of fuzzy
neighborhood operators is

. j
2] (Cy) = %J(ic’“)‘k €0,1,...,n,
|A; (C)l

where i = 1,2,3,4 and j = 1,2, 3 represent four fuzzy neighborhood operators and
three t-norms or R-implicators, and C = {C4,Cy, ..., Cy, } is an fuzzy S-covering of U.
Then, the decision makers weight vector # about approximate precision &2 is
defined as follows, .
- PC) 6
2] 7 7 : (6)
Zk:o z i (Ck)

4.5.2 Fuzzy TOPSIS model

The fuzzy TOPSIS method is used to calculate the ranking coefficient of preferences,
and finally we obtain the preference importance of LSG. The specific process steps are
shown below.
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(1) TOPSIS is used to confirm the order of preferences in virtue of the positive ideal
solution and the negative ideal solution [52]. Let 1™ and ¥~ be defined as,

er = [\/{w%ad}%aa’d]?}v\/{w%ad}%aawg}v 7\/{1/}3;” 121173’wrnn}]

= W’vag_, 717[)1—;]7
1/17 = [/\{w%ad}%aaw?}v/\{w%awgaawg}v ! 7/\{%1,” Enaawfn}]
= [wl_?w;a 51/]77_'7,]7

where n is the number of preferences, and m is the number of decision makers.
(2) The distances of each decision makers from the positive ideal solution and the
negative ideal solution are as follows,

{Di = |lp* — || =yt -y,
D =g =y || =9 -y,
where ¢ € {1,2,...,n}.

(3) Then, the closeness coefficient of preferences can be defined combined with the D+
and D™, as follows,

R — S WD _ S WDl '
max (X7, /D) min_ (2, /D7)
I<=c<=n - - 1<=c<=n - -

(4) Finally, we rank the importance of preferences according to the ranking closeness,
if Z. > %4, the importance of cth preferences is higher than the dth preferences
in LSG, recorded as C, > Cy. It means that the larger the value, the higher the
ranking.

5 An online reviews-driven LSGDM for evaluating
UP of fresh fruit on e-commerce platform

This section uses the LSGDM method with fuzzy covering-based rough set models
and fuzzy TOPSIS to evaluate the UPs on JD platform for purchasing fresh fruit.
In Section 5.1 describes the extraction process of UP feature keywords and the data
preprocessing process in detail. Section 5.2 introduces the construction of UP fuzzy
set and the clustering results. Section 5.3 is the consensus reaching process and uses
PSO to solve maximum consensus at minimum cost to adjust the discordant decision
makers and subgroups. The final decision-making process based on large-scale group
is presented in Section 5.4. Finally, Section 5.5 implements the resulting approach in
a platform-based intelligent decision-making, enabling interactive question answering
and decision-making support.

5.1 User preference feature

User online reviews effectively convey UPs and concerns that are characterized by
high volume and low value density, which prevent the preference information of most
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users from being quickly summarized. Moreover, unstructured text cannot be directly
applied to decision analysis. Therefore, when analyzing unstructured and massive
online text reviews, the most important process is to convert text into structured data
that is easy to analyze, to facilitate further analysis of user preference features. In this
section, empirical analysis is used to conduct information classification and preference
research on user online reviews on e-commerce platforms.

The JD e-commerce platform not only has its shop, but also many merchants
and suppliers of agricultural products have registered. New shopping methods such
as live streaming, group buying, etc., make the development of the platform more
diversified, which give play to increase sales volume for seller of fresh fruit. However, it
is found that the online reviews of the platform products can reflect the user’s purchase
experience, which effectively conveys users’ emotions. Compared with positive reviews,
negative reviews focus more on the outstanding problems [53], which better reflect
UPs and users’ unsatisfactory demands. Therefore, it is representative and practical
to analyze the negative reviews to explore the user needs of consumers to buy fresh
fruit on JD. The product information of fresh fruits is obtained based on JD, which
includes product id, user id, product title, comment time, negative review text, product
description information and store id.

From the data collected, there is a large amount of meaningless information. In
addition, the low volume products have the problem of too few reviews, which will
not be enough to extract UP features and will be eliminated. (1) Remove mean-
ingless data. Remove empty data, system default reviews, meaningless characters,
non-Chinese characters, and repeated reviews. (2) Filter data. Complete the intercept
according to the time. Reviews will be removed which is under two characters. Prod-
uct reviews greater than 100 will be retained. (3) Remove invalid characters. Invalid
comment content can be effectively removed, such as emoticons and so on. Finally, the
number of products retained is 181, and the effective reviews are 48,601. Next, user
preference feature keywords are extracted further.

The product review data can reflect the key points that users pay attention to
when buying fresh fruit online, such as logistics, service, etc., which are the UPs
characteristics. That user reviews are converted from unstructured text to structured
text is the primary task in text preprocessing. UP keywords are extracted and verified,
respectively.

First, feature extraction. The UP keywords and word frequency, denoted as a tuple
pair kf = (kw, fre), are extracted from the effective reviews filtered, where kw is the
keyword and fre is the word frequency. The extraction flow chart of UP keywords is
shown in Figure 2, and Algorithm 6 is the process of text preprocessing.

(1) Merge entries. Merge all user reviews C' into one entry information C*!.

(2) The Jieba splits words. Python Jieba package is used to split C! that gets C77¢be,

(3) Remove the stop words. The invalid words and characters are removed by referring
to the stop words dictionary (the sentiment analysis Chinese glossary on CNKI).

(4) Count word frequency. Word frequency statistics are performed for the selected
keywords and a list of kfs = {kf1,kf2,...,kf.} is got, where kfs is composed of
z tuple pair (kw, fre).

(5) Sort. These tuples z are sorted according to the number of keyword frequencies.
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An elntry 15. Remove stop Sort ?’y f.l'equency Obtain UPs
synthesized from words and intercept the Kevwords
reviews top 100 keywords yw

Count keyword Filter keywords
Jieba splits words and word that can represent
frequency UPs

Fig. 2 The extraction flow chart of UP keywords

We select the keywords which can represent UPs from the top 100 words by word
frequency, as a total of 25 UP keywords, i.e., P = {UP,,UPs,...,UPss;}. The pro-
portions of preference word frequency can be obtained in the total word frequency, as
shown in Table 9.

Algorithm 6 User preference keyword extraction method
Input: online review data C' after data preprocessing
Output: the tuples kfs of UP keywords and word frequency sorted by word

frequency

C —> String, C7%b* —> List, C¥°r4s —> List

for comment in C do

C . join(comment)

end for

return C%

for string in C* do

apply Jieba method

end for

return C7iebe

for word in C7%¢*® do

apply stop words dictionary

end for

return Cwords

for word in C*°"% do

compute: words frequency

end for

return user preference keywords and word frequency, kfs =

{{kwy, frer), (kwa, frea), ..., (kw,, fre,)}

sorted kfs with fre as the key value

return kfs

© ° 3 >N

e e e e e =
AN S S vl

= =

Second, feature verification. This subsection verifies whether the 25 UP features
are important concerns of users. TF-IDF model is used to verify the importance of
selected preference keywords in Table 9, and the process is shown in Algorithm 7.

(1) Split words by Jieba and remove the stop words. Each good review is split by Jieba
package, then the stop words are removed to obtain the list CP"°.
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(2)

Convert word to vector. The obtained keywords are processed by using
CountVectorizer method under Python’s scikit — learn library for text vectoriza-
tion, and the vectorization matrix word2vec is obtained. The primary purpose is to
convert the preference words into a series of vectors that machines can recognize,
which is the pretreatment process of TF-IDF.

TF-IDF model. The TfidfTransformer method under the same library is used for
TF-IDF modeling, and the weights of different word vectors in each entry are
calculated which makes the word vector weight matrix weight_matriz is obtained.
Calculate keyword weight. The weight of TF-IDF in each item by TF-IDF is added
to get the weight of the word vector as the keyword weight and construct tuple
pairs (kw,wgt) of keywords and weights.

Sort. The keywords are sorted to obtain kts composed of z tuple pairs by the
keyword weight. The cloud map of weighted words is generated according to the
top 100 keywords . Table 9 is shown the ranking number of keyword frequency and
TF-IDF weight, respectively.

It can be found that the ranking of keyword importance fluctuates little from the

ranking of the two groups of keywords. It is worth mentioning that the rankings of
keyword importance “too small” and “not ripe” increases significantly in TF-IDF. In
summary, the selected preference keywords are also highly important in the TF-IDF
algorithm, and all of them are in the top 100, indicating that the 25 keywords selected
in Table 9 have high credibility.

Algorithm 7 Preference keywords verification method

Input: online review data C' after data preprocessing
Output: TF-IDF’s preference keywords and weight ranking
k'tS - {<I€’Ujl, 'UJgt1>7 <k’UJ2, 'UJgt2>7 ey <kw27 w.gtz>}

1:
2
3
4
5:
6
7
8
9

10:
11:
12:

for comment in C do
apply Jieba and stop words method

. end for
: return CP"¢ —> List

for word in C?"¢ do
word2vec < word vector transformation
weight_matriz < TF-IDF algorithm

: end for
. return weight_matrix

sum the weight of keywords
sort by keyword weight
return the list kts included keyword and ranking of weight

5.2 User preference fuzzy set and Louvain clustering

This subsection is to construct user preference fuzzy set (PFS) based on user preference
keywords and word frequency, then complete Louvain clustering.
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Table 9 User preference information, keywords frequency and TF-IDF weight ranking

Ranking
UPs UP keywords Frequency  Proportion Frequency TF-IDF weight
U P bad fruit 1954 3.99% 33 26
UPy customer service 4514 11.12% 6 3
UPs3 after-sale 1448 2.96% 44 38
UPy flavor 2484 5.08% 24 18
UPs taste 1611 3.29% 41 31
UPs size 1172 2.40% 64 48
UP; arrival 940 1.92% 83 73
UPsg delivery 1182 5.05% 25 22
UPy very small 978 2.00% 79 59
UPio moisture 1345 2.75% 51 27
UP1,  quality 1415 2.89% 47 43
UPi> store 4703 9.23% 10 7
UP13 logistics 2471 2.42% 63 52
UPi4 JD 5437 9.61% 8 4
UP;5 return 882 1.80% 95 80
UPi¢  fresh 3107 6.35% 16 10
UPy7;  express 2816 5.76% 21 16
UP;gs  box 937 1.92% 85 62
UPi9 unpalatable 2629 5.37% 23 12
UP>y package 1705 3.49% 38 33
UP>; not sweet 1416 2.89% 46 30
UPs2  not ripe 895 1.83% 94 49
UPs3  refund 937 1.92% 84 7
U P2y level 1004 2.05% 76 58
UPs5  too small 933 1.91% 86 53

5.2.1 User preference fuzzy set

In Section 4, we get the review information of 181 fresh fruit products through data pre-
processing. We regard 181 products as independent individuals O = {01, O, ..., O},
i.e., decision makers. And the frequency of the preference keyword which is obtained
from the individual review information, is standardized as the membership degree of
the individual preference features. The selected preference features are recorded as
{re]le=1,2,...,n} € P. The steps of constructing PFS are as follows.

(1) Multiple reviews of the one product are integrated into one entry, thus 181 reviews
can be obtained, and text preprocessing (word segmentation and removal of stop
words ) is performed on each entry.

(2) Calculate the word frequency of the preference keyword contained in the 25
preference features.

(3) According to Eq. (1), the membership degree of each individual to each preference
feature is calculated.

(4) Construct the PFS matrix of individual preference features.
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The same as the method in Algorithm 6, carry out text preprocessing on each
individual reviews, realize word segmentation and remove stop words. Next, that indi-
vidual preference keywords kw and word frequency fre are counted is denoted as Og;
to Ogg in Table 10. And the PFS matrix is constructed, shown in Table 11.

Table 10 Keywords and word frequency of individuals

(o UP, UP; UPs UP, UP;s UPs UP; UPs
81 0 5 0 5 5 5 4 9
82 16 21 4 11 8 5 7 3
83 2 8 0 12 7 3 1 4
84 4 5 7 13 7 10 3 5
85 3 3 3 5 4 4 1 6
86 6 14 2 8 5 3 3 8
87 46 62 18 30 51 18 10 28
88 7 23 4 12 1 3 4 13
89 2 5 4 10 4 2 0 2
90 23 10 15 7 0 5 0 2

Table 11 The membership degree of preferences in individuals

o] UP UP; UPs3 UPy UPs UPs Up; UPs

81 0.0000 0.2381 0.0000 0.2381 0.2381 0.2381 0.1905 0.4286
82 0.2857 0.3750 0.0714 0.1964 0.1429 0.0893 0.1250 0.0536
83 0.0541 0.2162 0.0000 0.3243 0.1892 0.0811 0.0270 0.1081
84 0.1481 0.1852 0.2593 0.4815 0.2593 0.3704 0.1111 0.1852
85 0.1111 0.1111 0.1111 0.1852 0.1481 0.1481 0.0370 0.2222
86 0.3000 0.7000 0.1000 0.4000 0.2500 0.1500 0.1500 0.4000
87 0.4107 0.5536 0.1607 0.2679 0.4554 0.1607 0.0893 0.2500
88 0.3043 1.0000 0.1739 0.5217 0.0435 0.1304 0.1739 0.5652
89 0.1429 0.3571 0.2857 0.7143 0.2857 0.1429 0.0000 0.1429
90 0.7667 0.3333 0.5000 0.2333 0.0000 0.1667 0.0000 0.0667

5.2.2 Louvain clustering

The degree of preference consensus among individuals is calculated by social net-
work analysis (SNA). And Louvain algorithm cluster individuals with social network
similarity.

Definition 15 is used to calculate the consensus degree among 181 individuals,
which gets a similarity degree matrix SD with a size of 181 x 181, that is, the individual
similarity relationship network (SRN). It believes that when the similarity degree is
greater than threshold 6, there is a new SRN between individuals. Let the similarity
threshold 6 = 0.91 which is strictly required, and if the similarity degree (SD) is higher
than 0.91 among individual O, and O}, then it is considered that there is a preference
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relationship among them. Correspondingly, we mark the < g,h > with existence of
preference relationship that similarity degree as 1 in the SRN matrix, otherwise it is 0.
Therefore, a new SRN matrix denoted as SD" will be constructed, which is visualized
using Gephi software, as shown in Figure 3, lines between individuals represent they
have the similarity relationship. The cluster’s marks and the number of individuals
in the cluster are also indicated. And, individuals of the same color are the same
subgroup. By Louvain community clustering, the LSG is clustered into 4 subgroups,
and the number of individuals included is 78, 53, 46, and 4 respectively.

Fig. 3 Individual consensus relationship network

5.2.3 Cohesion of subgroups

According to Definition 17, the membership degree of four subgroups to 25 preference
features can be calculated, we get the subgroup preference matrix that the size is
4 x 25. And the degree of cohesion of the subgroups is obtained, as shown in Table
12. Then the average cohesion of subgroups C is cohesion of the LSG, which reaches
more than 0.85, which means that the clustering effect on preferences is better.

Table 12 Subgroup cohesion degree

SG1 SGa SGs SGy LSG
C 0.8443 0.8593 0.8699 0.8576 0.8578
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5.3 Consensus reaching process
5.3.1 Consensus measurement

By Definition 19, consensus degree of subgroups is measured, meanwhile, the
LSG consensus degree is obtained. Next, suppose the minimum consensus thresh-
old § is 0.92, the discordant subgroup and its discordant preference features of
it are identified by Definition 20, which is shown in Table 13. It can see SGg
did not reach the consensus threshold, and further analyzes the preferences con-
sensus degree of SGjs, as shown in Table 14, the discordant preferences are
{UP1,UP2,UP4,UP8,UP10,UP12,UP14,UP167UP17,UP197UP21} that is 10 totaL
which marked in bold in table.

Table 13 Subgroup consensus degree

SG1 SGa SGsa SG4 LSG
CD 0.9263 0.9444 0.9189 0.9223 0.9280

Table 14 The preference consensus degree of discordant subgroup

vp ¢p |UupP CD |UP CD |UP CD |UP CD

1 0.9117 2 0.8413 3 0.9645 4 0.8635 5 0.9334
6 0.9599 7 0.9422 8 0.9060 9 0.9809 10 0.8571
SG3 11 0.9511 12 0.8301 13 0.9523 14 0.8148 15 0.9574
16 0.9183 | 17 0.8564 18 0.9503 19 0.8510 | 20 0.9730
21 0.9085 | 22 0.9526 23 0.9613 24 0.9626 25 0.9722

5.3.2 Feedback mechanism

In feedback mechanism, we design PSO algorithm to solve maximum consensus at
minimum cost in combination with adjusted weights assigned by community relation
degree, and get the change value and after adjusted value of each discordant preference
of discordant subgroup SG3 according to Model 4, and calculate the cost of discordant
subgroup.

The results are shown in Table 15, ATJ-SG“" is the adjustment value of subgroup
preference, where the weight of individuals is shown in Table 16. And the subgroup’s
new consensus degree CD and the new cohesion degree C are calculated. Then, we find
that the cohesion degree of SG3 is a slight improvement, and the consensus degrees
of the adjusted subgroups all reached the consensus threshold. In the end, the LSG
reaches the consensus level, and we get the adjusted preference degree of individual,
named consensual UP (CUP) fuzzy set.
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Table 15 Adjustment value and cost of discordant preferences of discordant subgroup

Discordant subgroup

A5G

J

CD

C

Cost

SGs

3.2287

0.9201

0.8717

2.6981

Table 16 Social network association degree of individual

individual ‘

social network association degree

01-011
012-022
023-033
034-0O44
045-0Os55
O56-066
O67-O77
Ors-Oss
Og9-O99
0100-0O110
0111-0121
0122-0132
0133-0143
0144-0O154
O155-0165
0166-O176
O177-O181

0.8770
0.8534
0.8711
0.8716
0.8842
0.8768
0.8784
0.8689
0.8714
0.8754
0.8744
0.8782
0.8752
0.8709
0.8697
0.8647
0.8622

0.8834
0.8274
0.8791
0.8784
0.8710
0.8546
0.8759
0.8616
0.8732
0.8698
0.8674
0.8772
0.8673
0.8004
0.8576
0.8300
0.8665

0.8745
0.8733
0.8660
0.8615
0.8726
0.8806
0.8691
0.8792
0.8300
0.8715
0.8772
0.8553
0.8617
0.8760
0.8707
0.8738
0.8578

0.8656
0.8640
0.8611
0.7952
0.8669
0.8749
0.8755
0.7912
0.8157
0.8630
0.8734
0.8699
0.8668
0.8543
0.8787
0.8783
0.8756

0.8273
0.8692
0.8656
0.8575
0.8443
0.8771
0.8453
0.8719
0.8684
0.8761
0.8614
0.8792
0.8791
0.8776
0.7951
0.8396
0.8663

0.8689
0.7858
0.8823
0.8539
0.8770
0.8601
0.8661
0.8574
0.8789
0.8722
0.8702
0.8773
0.8772
0.7702
0.8454
0.8701

0.8598
0.8677
0.8422
0.8851
0.8579
0.8812
0.8627
0.8773
0.8652
0.8746
0.8684
0.8645
0.8847
0.8833
0.8595
0.8212

0.8525
0.7942
0.7570
0.7872
0.8337
0.8693
0.8106
0.7322
0.8784
0.8771
0.8799
0.874
0.8704
0.8682
0.8806
0.8638

0.8727
0.8523
0.8456
0.783
0.8705
0.8659
0.8736
0.8744
0.8572
0.8763
0.8662
0.8732
0.8555
0.8540
0.8849
0.8833

0.8596 0.8784
0.8294 0.8735
0.8754 0.8775
0.8415 0.8477
0.8645 0.8652
0.8778 0.8784
0.8786 0.8771
0.8787 0.8692
0.8703 0.8585
0.8646 0.8739
0.8694 0.8716
0.8378 0.8615
0.8834 0.8185
0.8730 0.8793
0.8556 0.8725
0.8741 0.8761

5.4 Large-scale group decision-making on evaluation
preference

of user

In this subsection, to evaluate the scores of UPs for decision-making, approximate
precision is proposed via six types of neighborhood-related fuzzy covering-based rough
set models. And the fuzzy TOPSIS method is used to calculate the ranking coefficient
to obtain the preference information that users value most in LSGDM.

5.4.1 Fuzzy covering-based rough set and fuzzy TOPSIS models

We get the fuzzy covering-based rough set models, the experimental steps are shown

below.

(1) Standardize CUP fuzzy set to satisfy the condition of fuzzy covering by Eq. (5).

(2) Fuzzy neighborhood operators. Fuzzy covering-based maximum and minimum
descriptions are calculated by Algorithm 4.4.1. Then, the fuzzy neighborhood oper-
ators N{(x) to Nf(z)) are obtained via Algorithm 4.4.1, a total of 12 fuzzy
neighborhood operators are attained.

(3) Fuzzy (-neighborhood and complementary -neighborhood operators. Let 3 value

be A (' CJ) = 0.4737, where n is the number of UPs, and m is the number
iEM jEN
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of individuals. The fuzzy B-neighborhood operator is shown in Table 17 and the
complementary S-neighborhood is calculated.

(4) The lower approximation and upper approximation are calculated by Defini-
tion 8. We obtain 14 upper approximation tables and corresponding 14 lower
approximation tables.

(5) Approximate precision of each fuzzy covering-based rough set model is calculated.

Table 17 The fuzzy B-neighborhood operator

3 1 5 G 7 B 9 10 11 12 13 14 15 16 17 18 19 21 22 23 24 25
1[0.4871 0.3333 0 0.0588 0 0.0455 0 0.0642 0 0 00417 0.1 0 0.27 0 0 0.1 0 0 0 0 0 0 0
2 0.5 0 00213 0 0 0 0.04 0 0 0 00227 0 01071 0 0 00052 0 0 0 0 0
3 0 0.3333 0.4783 0.0571 0 0 0 0.0667 0 0 0.0312 0.0769 0.0333 0.5143 0 0 0.0769 0 0 0 0 0.0286 0.0312 0
4] 0 00625 0 0.48 0 0 0 0 0 0 00357 0 0 01071 0 0 0 0 0.1613 0 0 0 0 0
50037 0.25 0.0455 0.1429 0.4783 0 0 0.0263 0.0455 0 00833 0 0 01667 0  0.087 0.0517 0 0.1739 00312 0 0 00714 0
6] 0.2 054 0082 04 01897 0.5 01429 0.4 03103 0 0.1143 0.72 0.1897 0.6571 0  0.0862 0.2571 0.14 0.3714 0.0571 0.0571 0 0.0857 0.3448
7(0.3333 0.5556 0  0.1111 0.1111 0  0.5789 0.6842 0 0 0 0.3333 0.2105 0.1111 0.1111 0.2222 0.3333 0 0 50 0 04444 01111 0
8] 0 0.12 0 0026 0 0 0 04762 0 0 0 0.0227 0.0435 0.1111 0.0455 0.0309 0 0 0 0 0 0 0
9] 058 054 012 048 03 05 016 042 052 022 014 072 02 08 022 04 064 014 042 1 0.16 0.06 0.6 0.38
10| 0 00159 0 01152 0 0 0 0 0 0.5 0 0066 0 0109 0 00454 0 0 0.1493 0 0 0 0 0
110.0679 0.3333 0 0.1455 0  0.1304 0 0 00417 0 05135 0 0.0035 0.1 0 0 0 0 00417 0 0
12| 0 02218 0 00056 0 0 0 0 0 0 o 0 0 0 0 0
13| 0 0.0689 0.0476 0.0764 0  0.0667 0.0513 0.1111 0.0667 0  0.1739 0 0.0667 0. 0.0714 0.119 01282 0 0 0 0
14| 0 00625 0 00213 0 0 0 0 62 0 0 0 0 0 0 0
15/0.3333 0.3333 0 04091 0  0.3182 0.1111 0  0.1111 0.1818 0.2727 0.9545 0.6364 0.1818 0.5455 0.3182 0.3636 0.0455 0.1364 0.2222 0.2273 0.3636 0.1364
16| 0 0054 0 00833 0 0 0 0028 0 0 00333 0 0 0.48 0 0 0 0 0 0 0
17| 0 03333 0 00213 0 0 0 0 0 0.0952 0 0 0.48 0 0 0 0 0 0
18/0.2069 0.6818 0  0.1818 0.125 0  0.0909 0.1765 0.0455 0  0.0417 0.7917 0.0455 0.5882 0.0588 0  0.3636 0.4828 0.0833 0.2273 0 0 0069 0 0
19 0 0.0741 0 0.1071 0 0 0 0 0 0 0.0323 0 0 0.1071 0 0.0513 0 0 0.475 0 0 0 0 0 0
20(0.027 0.2606 0 0.0938 0 0 0 0 0 0 00312 0.0787 0  0.4375 0.0357 0  0.0086 0.0435 0.045 0.4783 0 0 0 0 0
21| 0 01045 0  0.3453 0.0667 0 0 0023 0 0 0.0714 0.0299 0.0263 0.2 0 0.1613 0.0323 0  0.3077 0.0645 0.4865 0 0 0 0
22 0 02176 0 0.0056 0 0.0526 0 0.0665 0 0 0.0625 0.0598 0 0.1667 0 0 00572 0  0.1708 0.0455 0.0128 0.5 0 0 0
23| 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
24 016 012  0.08 03043 04 03125 0 025 012 0 016 0.0435 0 05 012 03125 0 0 0875 0.16 0 0 0.08 048 0
25[0.0679 0.3651 0.0476 0.1455 0.04  0.16 0.0476 0.16 0.1420 0  0.1143 0.5374 0 0.36 0 0.0035 0.2289 0.0541 0.08 0.0476 0.0295 0 0 0 0.52

we get the values of closeness coefficient of decision makers, add them to the
weight, and calculate the ranking coefficient of UPs via the fuzzy TOPSIS method.
According to 12 fuzzy neighbourhood operators based on fuzzy covering, (A, A), and
fuzzy B-neighborhood, (Q,Q), and complementary S-neighborhood operators, (E,E),
their rankings are shown in Table 18.

Table 18 UPs ranking of TOPSIS based on fuzzy neighborhood operators

MODEL THE RANKING OF UPs

(A} B;,) Co>Chu>Cra>Cig> Cig>Chy > Cy > Cg > Cry > Cg > Co > Cig > Cy > Cig > Cag > Cs > Cag > Cay > Cro > Cag > Gy > Cog > Cry > Oy > Cs
(A}L‘A,L) Cy>C1y>Cla>Clog>Cls>Cir >Cy>Cs>Cpy > Cp > Cy > Ci3 > Cp > Co > Crg > Cp > Cyp > Cop > Coy > Crg > C3 > Cp5 > Cos > Cag > C
(A}, A&},) C2>Cu>Ciz>Cig>Cie>Cir > Cy > Cs > Cy > Cs > Cy > Ci3 > Oy > Ca3 > Cis > Cs > Cag > Cay > Cig > Cag > C3 > Cas > Ci5 > O > Cr
(AQT,,,K,,,) Cy>Cly >Cr2 > Crg>Cr7 > Ci6 > Cy > Cs > Co > Cy > Crp > Crz > Crg > Cp > Cag > C5 > Cog > Cay > Coy > Crg > C3 > Cos > Cr5 > Co > Cr
(Afv‘_,A,,_) Cy>Cly > Cr2 > Cr9>Cr7 >Ci6 > Cy >0 >Cs > Cy > Crp > Cr3 > Crg > Cp > Oz > C5 > Cop > Cay > Coy > Crg > C3 > Chs > C15 > Cyo > Cy

Uy > Cy > Cra > Crg > C17 > Cr6 > Cy > Cy > Cg > Cy > C1y > Ci3 > Cig > C1 > Cog > Cs5 > Cyg > Oy > Cyy > Cpg > C3 > Coz > Cr5 > Cop > Cr
Cy>Cly>C12>Cr9>Ci5>Cr7>Cy>C3>Cp >Cs > Cy > C3>C > Crg > O > C5 > Cop > Cay > Crg > Cay > C3 > Chs > Cr5 > Chy > Cy
Cy>C1y>C1a>C19g>Cl5>Ci17 >Cy>Cs > Cpy > Cg > Cy > Ci3>Cp > Co3 > Cis > Cs > Cyy > Coy > Coy > Cig > C3 > Cis > Oy > Cap > Cy

75> Cly > Cla > Clg>Clg > Cir > Cy > Cs > Chy > Cp > Cy > Ch3 > C > Cag > Cig > Cy > Cog > Coy > Chg > Coy > C3 > Cas > Ch5 > Con > Cr

(A/%pvx},,) C2>Cly > C12>Chg > Ci7 > Ci > Cy > C3 > Cs > Cg > C1y > Ci3 > C13 > C1 > Ca3 > C5 > Cog > Ca1 > Cog > C19 > C3 > Ca5 > C15 > Oz > C7
(A%L,K?L) Cy>Cly>Cl2>Clg>Cr7 >Cr6 > Cy > Cs > Co > Cy > Crp > Ch3 > Crg > Cp > Cag > Cy > Cog > Coy > Coy > Chg > C3 > Cos > Ch5 > Co > Cr
(A}“,EM) Cy > Cry > Crp > Crg > Ci7 > Ci6 > Cy > Cs > Cp > Cy > Crp > Cr3 > Cig > C > Caz > C5 > Cop > Coy > Coy > Crg > C3 > Chs > C15 > Cy > Cy

(Q,Q) Uy > Cly > Cra > Cig > Ci > Cr7 > Cy > Cg > C) > C5 > Cop > Coy > Cy > Cro > C3 > C > Crz3 > Cog > Cay > Cos > Cg > Cig > C7 > C15 > Cag
(E,E) Cy > Cly > Cr2 > Cig > Cip > Ci7 > Cy > Cs > Cy > C5 > Cyp > Cyy > C1y > Chg > C3 > Cp > Chz > Cap > Cy > Cs > Cg > Cis > Cr > Ci5 > Cog

5.4.2 User preferences analysis on LSGDM

In this subsection, a brief analysis of UPs sorting results of 4 operators of D’eer and
fuzzy B-covering-based rough set models are carried out.

Among the 4 operators in D’eer, the experimental results of the first and third
operators are consistent, which shows that the fuzzy covering is close to the maxi-
mum description. As shown in Figure 4, the larger the value, the higher the ranking,
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where “IP” represents R-implicator induced by Jp, the meanings of “IL” and “IM”
can be obtained in a similar way. The experimental results of the second and second
operators are consistent, which is represented by scatter points. “Customer service”,
“JD” and “store” occupies the stable primary position, which is proof that people
choose the store and shopping platform, they often have high expectations for them.
This phenomenon shows that users pay high attention to the seller’s brand and shop-
ping platform. Many shopping groups choose JD because of the platform’s advantages,
which include JD’s self-operated stores and its own logistics chain. Therefore, when a
large group of shopping is dissatisfied, opinions and dissatisfaction with JD platform
will appear in the negative reviews. The ranking results of D’eer’s second and fourth
operators and the second and fourth operators are consistent. The top 4 rankings
remain unchanged, only the rankings of “express” and “fresh” are reversed. In practice,
when consumers have problems purchasing fruits, they will immediately ask customer
service to express their dissatisfaction. At this time, the importance of customer service
will be reflected. How to effectively appease consumers and solve consumer problems
to give consumers a better experiencein a timely manner is an important concern for
platforms and merchants. Then, in D’eer’s first and third operators and the second
and fourth operators, the second-ranked preference words are “unpalatable”, “fresh”
and “express”. It can reflect that users pay a lot of attention to the taste and quality
when buying fresh fruits in JD.

According to the UPs ranking obtained by fuzzy S-neighborhood and fuzzy com-
plementary (S-neighborhood operators, the preference ranking of these two models is
consistent, as shown in Figure 5, which the larger the value, the higher the ranking,
and the ranking of the first operator of D’eer is added in this figure for comparison.
Through the radar chart, it can be found that models based on fuzzy S-neighborhood
and fuzzy complementary S-neighborhood operators have a high similarity with the
model results of the first and third types of operators of D’eer. It is worth noting
that the “quality’ ranking dropped by 4 places in fuzzy [-covering-based rough set
models. At the same time, the rankings of “bad fruit”, “taste”, “package” and “not
sweet” have improved slightly. To summarize the experimental results, consumers pay
the most attention to “customer service”, followed by “JD” and “store” when pur-
chasing fresh fruit online, representing the store service and the protection of rights
and interests of e-commerce platforms. In order to improve the sales of fresh fruits in
agricultural products, there is an urgent need for:

(1) The JD e-commerce platform can enhance the user’s shopping experience by
improving the service level. Strict screening of settled merchants and selection of prod-
ucts can improve the quality of fresh fruits. At the same time, optimize logistics and
transportation routes to provide the best and fastest delivery, which not only reduces
time and increases user repurchase rate, but also greatly reduces the consumption of
fresh fruit. And improving after-sales service can also greatly enhance users’ loyalty
to the platform.

(2) Take preservation measures. Merchants generally have their warehouses for
fresh fruit storage, during this period, attention should be paid to the freshness of
the fruit. After a period of time in transit, consumers will receive the fruit. In this
regard, merchants can improve in two aspects. One is to take suitable fresh-keeping
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measures, such as adding ice packs, etc., and the other is to reasonably ship fresh fruits
according to the actual logistics and the experience of fruit ripening time. Improving
the quality of fresh fruit can enhance the user’s shopping experience and increase the
user’s repurchase rate.

(3) Improving customer service’s timely processing and rapid response capabilities.
When consumers are dissatisfied after shopping, they will look for customer service.
If customer service fails to respond in time and give a satisfactory answer, they will
often give negative reviews. In order to reduce negative reviews from users and increase
sales of fresh fruits, merchants should pay attention to the training of customer service
personnel so that they guide customers well. And then, merchants should improve the
after-sales mechanism. We know that fresh fruit has a high timeliness, and fruit rot is
often caused by reasons such as the transportation time process, such a phenomenon is
unavoidable. Therefore, merchants should improve the after-sales mechanism, provide
timely and good solutions to the purchase problems reported by consumers, which can
increase user repurchase rate. It can be refunded or reissued for lousy fruit. High store
sales often have high-standard after-sales service, and it is important to improve the
standard of the after-sales department.

Fig. 4 The UPs ranking of first and third operator of D’eer

5.5 Platform implementation and interaction

To facilitate the solution of decision-making problems, a platform-based intelligent
decision-support system was developed and deployed.! In this way, the proposed
method is transformed from a theoretical decision-making framework into an accessi-
ble application for practical decision support. Figure 6 presents the main interface of
the platform. The platform integrates the database and decision-making algorithmic
modules developed in this study. It provides two main functions. First, the plat-
form implements retrieval-augmented generation to provide more focused, reliable,

! The platform is available at: http://47.109.40.169.
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Fig. 5 The UPs ranking of fuzzy (complementary) Sbeta-neighborhood operator

and effective support for interactive question answering on decision-making problems.
Second, the decision process is organized into a standardized two-stage workflow: data
and algorithm upload or configuration, followed by decision execution. Based on the
domain-specific knowledge base and the proposed algorithmic model, the platform
executes the corresponding decision code and returns analytical results in a consistent
format. The platform can also be extended by incorporating additional domain-specific
databases or expert knowledge bases, enabling its application to decision-support tasks
involving other products or service scenarios. This design improves the accessibility
and reproducibility of the proposed method and enhances the efficiency of decision
analysis.
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Fig. 6 Intelligent decision-support platform homepage
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6 Discussion

In this section, firstly, we test the robustness of clustering effect of the Louvain model.
Then, multiple 5 values are taken for fuzzy [-covering to verify the experimental
results. Finally, different decision-making methods are compared, including classical
methods in LSGDM, and VIKOR model instead of TOPSIS.

6.1 Comparison of clustering models

In this section, to verify the clustering effect of our proposed double-restricted Louvain
model, we compare it with the model itself and other clustering models. We choose the
silhouette coefficient (SC) as the index of LSG clustering effect, including two factors,
cohesion and separation, which can well reflect the clustering effect. Its value range is
[-1, 1], and the larger the value, the better the clustering effect.

First, we compare the double-restricted Louvain model with the classic Louvain
model, and the Louvain model with an edge weight which is similarity relationship
degree between individuals. As shown in Table 19, the three models are clustered into
4 subgroups, the double-restricted Louvain model has the highest cohesion, followed
by Louvain with edge weight. The consensus degree of the three is basically close,
but the silhouette coefficient of the improved Louvain model is obviously higher than
that of the other two. And Dunn [54] evaluation value is consistent among the three,
compared with other clustering models, it is mostly higher than theirs, which shows
that we are wise to base it on Louvain clustering. Based on the above analysis and
comparison, we find that the double-restricted Louvain model proposed by us has a
better clustering effect compared with the classical model.

Then, four clustering models are compared, including k-means, fuzzy c-means,
hierarchical clustering and DBSCAN. Compared with Louvain, the k-means model
needs to specify the number of clusters during cluster analysis manually, and the
optimal number of clusters k can be obtained by using the elbow method. The core
idea of the elbow method is to use the core indicator SSFE (sum of the squared errors),

k
SSE=>"Y"|p—mil

i=1 peC;

where C; is the ith cluster, p is the sample point in C;, m; is the centroid of C;, which
is the mean of all samples in C;, and SSFE is all samples clustering error, which can
explain the quality of the clustering effect.

As the value of k increases, SSE will decrease rapidly and then level off. The rela-
tionship between SSE and k is an elbow shape, and the k value corresponding to the
elbow is optimal clustering number of the data. We iterate the clustering 100 times
to obtain the mean value of SSE. The result is shown in Figure 7, which shows that
the elbow is not particularly significant. We take 2 to 5 according to the figure as the
clustering number. And we set the number of clusters to 2 for clustering, according
to our practical experience, it is found that the number of subgroups 2 is not reason-
able, because too few subgroups will increase the difficulty of LSG consensus. Next,
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we compare experiments with other cluster numbers, which show that the silhouette
coefficient is around 0 and that the clustering effect is not good.

4 l T R A R A i ] ] 4 2

Fig. 7 SSFE and profile factor of k-means

The fuzzy c-means model clustering number is 2, the cohesion is too low, the
consensus between subgroups is too high, and the silhouette coefficient is close to
0, indicating that the clustering effect is not ideal. According to the results of the
hierarchical clustering method, it is found that the cohesion and consensus indicators
have good results, but the silhouette coefficient is low. About DBSCAN model, when
set the parameter that the maximum distance between two samples exceeds 0.5, there
will be many invalid values in the clustering results. In order to divide all individuals,
the parameter value can only be reduced, and at this time, LSG is clustered into one
class.

After overall evaluation, it is found that the double-restricted Louvain is a more
suitable clustering method that fully divides subgroups while ensuring a higher
silhouette coefficient.

Table 19 Comparison of clustering models

MODEL Number of Subgroup Cohesion Consensus Silhouette Coefficient Dunn

Double-restricted Louvain 4 0.8578 0.9280 0.2420 0.0714

Classic Louvain 4 0.8562 0.9275 0.2245 0.0714

Louvain with edge weights 4 0.8576 0.9273 0.2190 0.0714

2 0.8656 0.9588 0.0659 0.0714

Kemeans 3 0.8724 0.9151 0.0054 0.0675

4 0.8746 0.8748 -0.0527 0.0675

5 0.8811 0.8199 -0.0711 0.0675

Fuzzy c-means 2 0.8644 0.9593 0.0323 0.0714

Hierarchical clustering 4 0.8743 0.8724 -0.0707 0.0675
DBSCAN 1 - - - -

6.2 Convergence and comparison of consensus model

For the consensus Model 4, this section uses adjustment ranges of different scales for
non-consensus adjustments, as shown in the Figure 8 shown. As the adjustment scale
increases, the cost gradually increases, but the consensus gradually stabilizes. The
experimental result illustrates the effectiveness of the consensus model.
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The Change of Cost and Consensus
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Fig. 8 Consensus and cost with different adjustment scales

If we experiment with average thinking instead of the optimization strategy, at this
stage, we modify the preference scores of individuals of discordant subgroups by grad-
ually increasing the adjustment value of preference. When the LSG reaches consensus,
the iteration stops, which ensures that LSG consensus reaches the minimum thresh-
old and the adjustment cost is minimal. At this time, the decision maker’s adjustment
scale is 0.0073, the consensus level of the discordant subgroup SG3 is 0.9201, and the
adjustment cost is 3.0894, which is significantly higher than our optimization strategy,
thus proving the superiority of the consensus strategy proposed in this paper.

6.3 Comparison of 3-covering-based fuzzy rough sets models

In fuzzy S-covering, let 5 € (0,0.4737], we take multiple § values, [0.01, 0.4737], with
a step size of 0.03, and their final ranking results about fuzzy S-neighborhood and
fuzzy complementary S-neighborhood whose results number is 16 individually are the
same, as shown in Table 20, it is found that the rankings are consistent with those
in Table 18. This proves that fuzzy [-covering-based rough set models are stable in
experiment.

Table 20 Multiple S values of UPs ranking

MODEL THE RANKING OF PREFERENCES

(@.@) Co>C1y>C1a>Cg>C1>C17>C1>Cy >0 >C5 > Cop >0y >C11 >C19>C3>Ch > Cr3 > Cap > Coy > Cos >Co>Chg >Cr > Cr > Cay
(E,E) Cy>C1y>Cla>C19>Cr6>C17>Cy > Cs > Cp > C5 > Cyy > Cop >Cpy > Crog>C3>Cp > Chg > Cog > Coy > Cos >Co > Crg > Cr > Chs > Cay

6.4 Comparison of decision-making methods

In this subsection, the results of our LSGDM model will be compared with the classical
LSGDM models. Afterward, we will use the VIKOR model to verify the stability of
the TOPSIS model.
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6.4.1 Comparison of classic LSGDM methods

(1) The preference of LSGDM based on subgroup cardinality and adjustment cost as
subgroup weight by Ji et al. [8], as shown below,

3
7'CLG:Znum,.C X we X 729 (k€ Q,c € N),
k=0

let w, = [1,1,1/cost,1]. In Figure 3, num = [78,53,46, 4] is shown. We obtain the
results of LSGDM, and sort the results to get the importance of UPs, as shown in
Table 21.

Table 21 The UPs ranking of LSGDM in [§]

MODEL THE RANKING OF UPs
[8] Cy>Ci1y > Cra>Crg>Cis > Cr7 > Cy > Cg > C1 > C5 > Cyp > Coy > Chy > C3 > Cg > Cig > Crz > Coy > Cop > Cos > Cy > Cig > Cr > Cis > O

(2) Labella et al. [55] used subgroup cohesion C in Definition 18 as the importance
degree w® of subgroup,

C(SG,) < C(8G,) = wS < ws (k,0 € Q).

The preference of LSG is 75¢ = (7L¢)

C

Ixn by

3
TCLG:ZU’K x 190 (k€ Q,c € N).

k=0

We obtain the results of LSGDM, and sort the results to get the importance of
UPs, as shown in Table 22.

Table 22 The UPs ranking of LSGDM in [55]

MODEL THE RANKING OF UPs
[55] Cry>Cy>Cla>C9>Crp>Cy > 017> C8 >Coy >Co0>Cp >C5 >0 >Con>C03>Crp>Cp > 0oy >Cr3 >0y >Cr > Chs > Cig > Crs > Cog

After obtaining the results of the above two groups of classic LSGDM methods,
compared with our comprehensive experimental results, several UPs have small rank-
ing fluctuations, especially with fuzzy B-covering-based rough set models. In summary;,
it proves that the model of covering-based fuzzy rough sets and fuzzy p-covering-based
rough sets can objectively calculate the weight of objects, and have good applica-
bility in LSGDM. In addition, multiple operators in different forms in the model
cover multiple decision-making results, which can be comprehensively judged on the
decision-making results.
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6.4.2 Comparison of VIKOR model

In this subsection, VIKOR method, which is also a potential method for solving
decision-making problems in complex systems [56], is compared with the results of
TOPSIS in LSGDM. VIKOR method has two indicators, the benefit B; and the regret
value G;. The equations [56] are as follows,

WD (P, ")
Z D(pt,97)

. — max %jp(lbuw )
Gi=my [D(wtw ]

where # is the weight of UPs, which is got in Eq. (6). D(X;, X1) = Y |1 — ™|,
D(X*T,X7)=>"|tp~ —4T|. Then, the ranking score Z; of UPs by VIKOR is

w (B; — B7) n (1-w)(G;—G)
Bt — B- Gt -G~

Z =

where B = max; (B;), B~ = min; (B;), GT = max; (G;), G~ = min; (G;), w € [0,1]
is the weight of maximum group utility. The importance of UPs is sorted according
to Z;. The larger the Z; value, the more important the UPs.

In the VIKOR model, we conducted a total of 12 experiments according to different
operators. In each experiment, we selected 10 w in [0, 1], the step size is 0.1. It is
found in the experiment that different w are selected in each experiment, the ranking
of UPs fluctuates but is small, and the experimental results are basically the same.
We choose the experimental results of @ = 0.5 as shown in Table 23. In Figure 9,
the ranking results of three calculation methods of one operator are stacked, the more
important the greater the value. In the figure, each UP has four stacked columns. The
first two stacked columns are stacked graphs of the three ranking results of VIKOR'’s
first operators and TOPSIS’s. The latter two stacked columns are thinner, representing
the stacked graphs of the three ranking results of VIKOR’s second operators and
TOPSIS’s, respectively. The two line graphs respectively represent the average ranking
of all VIKOR operators and TOPSIS operators. In the legend, “V1IP” represents the
VIKOR with R-implicator induced by Jp of first operator, “T1IP” represents the
TOPSIS with that, and “V_AVE” and “T_AVE” represents the average of all rankings
in VIKOR and TOPSIS respectively. According to the comparison of the experimental
results of TOPSIS and VIKOR, it is found that under different forms of different
operators, the ranking of UPs fluctuates by a few places. At the same time, we use
Spearman correlation to test the similarity between VIKOR and TOPSIS for each
ranking. According to the results in Table 24, The p value is less than 0.01, passing
the significance test, the two have a high correlation, and the conclusions drawn by
the two models are consistent, which proves the effectiveness of the TOPSIS and its
good applicability in LSGDM.
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Table 23 UPs ranking of VIKOR

MODEL THE RANKING OF UPs
(A}P,K}P) Cy>C1y > Cr2>Ci7>Cy>Crg > Ci6>Cs > Ci3 > Crg > C5 > Cpy > Cy > Oy > Cop > Cy > O > Cg > Crg > Coz > C3 > COy5 > Coy > Co > Cr
(a,.Ep,) Cha > Cy > Cra > Chg > Ci > Chr > Cy > Gy > Oy > Cg > Cog > Ciz > Cy > Cag > Cig > C5 > Cag > Coy > Cag > Cig > Cy > Cas > Ci5 > Can > Cr
(A}M,K}M) Ciy > C2 > Cra > Ci7 > Ci5 > Cy > Crg > Cg > Cg > Cig > Cs5 > C13 > Cyg > Coy > C19 > C7 > Cy > Cg > Cog > C1 > Cp > Coy > Ci5 > C3 > Cos
(A}P,Ki) Ciy>Cy>Ci7 > Cia>Ci5>Clog>Cy>Cs > Co > C13 > Co5 > C5 >C1 > Cig > Cp > Cop > Cpy > Coy > C15 > Cig > Cag > Cop > Cop >Cr > Cs
(A%L,Kil_) C1y > Cy > C17>Ci2 > Cy > Ci > Crg>Cy > Cg > 013 > C5 > Cos > Cig >0y > Cy > Cp > Chy > Cy > C5 > Chrog > Oz > Cop > O > Cr > C3
(A;M,Kfn,) Ciy > Cy > Cr7 > Cra > Ci > Crg > 0y > Cg > Cy > C13 > Cas > C5 > Chig > C1 > O > Oy > C1y > Cag > Ci5 > Chrog > Cag > Cop > Cap > C7 > C
(A?vai,,) Cy > C1y > Cry > C1p > Cy > Crg > Cig > Cs > Ciz > Cig > C5 > Ciy > Cg > Oy > Czg > Cy > Cs > Cg > Crg > Cog > C3 > Ci5 > Cog > Cay > Cr
(A?L,Kfl_) C1y>Cy > C1p>Crg>Ci>Cr7 >Cy>Cs > Cpy > Cg > Cy > Ciz3 > Cp > Coz > Cig > Cs > Cog > Coy > Coy > Cg > C3 > O > Cr5 > Cp > Cr
(A?M,K?M) C1y>Cy > C1p>Ci7>Ci5>Cy > Crg>Cs > Cy > Cig > C5 > Ciz3 > Cy > Oy > Cro > C7 > Oy > Cp > Cag > Cy > Cop > Oy > Cr5 > C3 > O
(A#,,E,,) C1q > Cy > Cp7 > Cpz > Cig > Crg > Cy > Cs > Cg > Ci3 > Cog > C5 > €y > O > Cg > Coy > Chy > Coy > Ch5 > Chg > Cag > Cog > Cop > Cr > C
(A"TLYEL) Ci1a>Cy > Ci7 > Cry > Cy > Cip > Crg > Cy > Cg > Cr3 > C5 > Cas > Cig > Oy > C1 > Cg > Ciy > Cay > Ci5 > Crg > Coz > Cop > Cop > Cr > Cy
(A‘TM,K;M) Ciy>Cy>C17 > Cia>C15>Clog>Cy>Cs > Co > C13> Cos5 > C5 > Ciz > C1 > Cg > Coy > Cpy > Coy > Ci5 > Cig > Cag > Cop > Cop > Cr > Cs
Ve VI VIM TP T @ TIM VT VT VT @ TP T T O~ VAVE O TAVE
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Fig. 9 Comparison of VIKOR and TOPSIS

Table 24 Spearman correlation of VIKOR and TOPSIS

1 1 1 2 2 2 3 3 3 4 4 4
AIP AIL AIM ATp ATL ATM AIP AIL AIM ATP ATL ATM

Spearman correlation  0.9108 0.9985 0.8338 0.8738 0.8646 0.8746 0.9108 0.9985 0.8338 0.8738 0.8646 0.8746
P value < 0.01 True True True True True True True True True True True True

7 Conclusion and future work

The paper analyzes the online reviews of fresh fruit on e-commerce platform, studies
the user preferences of consumers for buying fresh fruit. We propose an LSGDM
based on consensus and fuzzy S-covering-based rough set models to determine large-
scale group preferences for fresh fruit purchases. The main advantages and differences
compared to existing methods are,

(1) Different from the traditional method of finding user demands based on decision
makers’ ratings, the text analysis technique is used to collect more decision mak-
ers’ opinions to obtain more objective user preferences instead of expert scoring, and
we form the user preference extraction and build user preference fuzzy set process
framework.
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(2) In the clustering stage of LSGDM, SNA is used to determine individual weights,
and the proposed double-restricted Louvain model has good clustering performance in
graph clustering, and its advantages and feasibility are proved. In consensus reaching
process, it is effective in improving consensus progress and consensus degree of LSG
that PSO algorithm with the strategy of maximizing consensus and minimizing cost
is used to get the optimal solution of subgroup and individual adjustment. Besides,
we define the adjustment cost.

(3) Fuzzy [-covering-based rough set models have been proven effective in objec-
tively obtaining objects’ weights and can be well applied in LSGDM. The score results
of UPs based on four types of fuzzy approximation operators, fuzzy S-neighborhood
and fuzzy complementary S-neighborhood operators are compared. Especially for the
latter, the decision results obtained are highly consistent with the classical LSGDM
method. And when making the decision, we propose a weighted fuzzy TOPSIS method
to obtain the preferences of LSG, which can objectively and clearly distinguish the
important scores of UPs.

(4) The analysis results of LSGDM can provide marketing references for platforms
and merchants to improve achievement of fresh fruits online. Merchants should improve
service level, the quality of fresh fruits, and the shopping experience of consumers
to increase the user purchase and repurchase rate. At the same time, the platform
should play a regulatory role and work together to jointly promote the development
of online sales model of agricultural products. Moreover, a platform-based intelligent
decision-support system is developed and deployed, which can also incorporate other
domain-specific expert databases as alternative data sources for decision support.

However, there are certain limitations here. For the sake of sales and profits, mer-
chants give discounts to users with bad reviews to reduce negative information about
products, and merchants often hire “water troops” to give positive reviews to hedge
against negative reviews of products. Therefore, how to reasonably process and choose
the review text of fresh fruit deserves our further study. In addition, the comment on
fresh fruit has a large number of user features, objectively and effectively screening
and classifying the characteristics will be our next step.
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